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Abstract

The task of learning a reward function from expert demonstrations suffers from
high sample complexity as well as inherent limitations to what can be learned
from demonstrations in a given environment. As the samples used for reward
learning require human input, which is generally expensive, much effort has been
dedicated towards designing more sample-efficient algorithms. Moreover, even
with abundant data, current methods can still fail to learn insightful reward functions
that are robust to minor changes in the environment dynamics. We approach these
challenges differently than prior work by improving the sample-efficiency as well
as the robustness of learned rewards through adaptively designing a sequence of
demonstration environments for the expert to act in. We formalise a framework for
this environment design process in which learner and expert repeatedly interact, and
construct algorithms that actively seek information about the rewards by carefully
curating environments for the human to demonstrate the task in.

1 Introduction

Reinforcement Learning (RL) has proven to be a powerful framework for autonomous decision-
making in games [1], continuous control problems [2], and robotics [3]. However, the challenge of
specifying suitable reward functions remains one of the main barriers to the wider application of
reinforcement learning in real-world settings. To this end, methods that allow us to communicate
tasks without manually defining such reward functions could be of great practical value. One of
such approaches is Inverse Reinforcement Learning (IRL), which aims to find a reward function that
explains observed (human) behaviour [4, 5].

Much of the progress and recent efforts in IRL have been devoted to making existing methods more
sample-efficient as well as robust to changes in the environment dynamics [6, 7]. Sample-efficiency
is crucial for practical applications of IRL as the data used for learning requires human input, which
is typically expensive. Moreover, inferring robust estimates of the unknown reward function that
induce near-optimal policies across slight variations of the original environment is paramount for
ensuring the safeness and the success of autonomous agents in real-world scenarios.

However, recent work has found that IRL methods tend to overfit to the specific transition dynamics
under which the demonstration were provided, thereby failing to generalise even across minor changes
in the environment [8]. More generally, even with unlimited access to expert demonstrations, we may
still fail to learn suitable reward functions from a fixed environment. In particular, prior work has
explored the identifiability problem in IRL [9, 10], illustrating the inherent limitations of IRL when
learning from expert demonstrations in a single environment.

We address these challenges differently than prior work. Instead of trying to improve upon existing
IRL methods directly, we aim to improve the data generation process by actively seeking information
from the human expert by designing a sequence of demonstration environments. Our hypothesis is
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(a) 1st round (b) 2nd round (c) 3rd round

Figure 1: The expert navigates to three possible goal states while avoiding lava in adaptively designed
maze environments. For three consecutive rounds (a)-(c), we display the mazes constructed by
ED-BIRL as well as the estimated reward functions after observing an expert trajectory in the current
and past mazes. By adaptively designing environments and combining the expert demonstrations,
we can recover the locations of goal states and lava states. In contrast, from observations in a fixed
environment, e.g. repeatedly observing the expert in maze (a), it would be impossible to recover all
relevant aspects of the reward function, i.e. goal states, as only the closest goal state will be visited
by the expert (repeatedly). Observing the human expert’s actions in new and carefully constructed
environments can thus lead to a more precise and robust estimate of the unknown reward function.

that intelligently choosing such demo environments will allow us to improve the sample-efficiency of
IRL methods and the robustness of learned rewards against variations in the environment dynamics.

We consider the situation when there is a known set of demo environments in which the expert could
potentially demonstrate the task in. Often this set is given by variants of some base environment. For
example, when the task is to navigate to a goal state without crossing dangerous states, the set of
demo environments could be given by the original world layout with obstacles being added, moved, or
removed. We propose an environment design approach based on minimax Bayesian regret that aims
to select demo environment so as to discover all performance-relevant aspects of the unknown reward
function. An example of the environments generated by this approach is illustrated in Figure 1.

Outline. After discussing related work in Section 2, we will formally establish our framework of
Environment Design for Inverse Reinforcement Learning in Section 3. In Section 4 we then propose
an environment design approach based on a minimax Bayesian regret objective and explain how
to compute demo environments efficiently when the set of environments exhibits useful structure.
Section 5 extends Bayesian IRL methods to the setting of learning from demonstrations in multiple
environments. Finally, we perform a preliminary set of experiments in Section 6 with the goal of
evaluating the benefits of carefully curating the set of demo environments for reward learning.1

2 Related Work

(Active) IRL. The goal of IRL [4, 5] is to find a reward function that explains observed behaviour,
which is assumed to be approximately optimal. Two of the most popular approaches to the IRL
problem are Bayesian IRL [11–13] and Maximum Entropy IRL [14–16]. In this work, we focus on
extending the Bayesian IRL formulation to demonstrations in multiple environments as it provides a
principled way to reason under reward uncertainty. This is also the typical IRL formulation under
which Active IRL has been addressed in prior work.

In particular, the environment design problem that we consider can be viewed as one of active reward
elicitation [17]. Prior work on active reward learning has focused on querying the expert for additional
demonstrations in specific states [17–19], mainly with the goal of resolving the uncertainty that is
due to the expert’s policy not being specified accurately in these states. In contrast, we consider the
situation where we cannot directly query the expert for additional information in specific states, but
instead sequentially choose demo environments for the expert to act in. Importantly, in our setting,
the same state can be visited under different transition dynamics, which can be crucial to distinguish
between two plausible reward functions. Hereto related, [20] consider a repeated IRL setting in
which the learner can choose any task for the expert to complete (with full information of the expert
policy). Recently, [21] also introduced Interactive IRL in which the learner interacts with a human

1In this preliminary version of this work, we will focus on the Bayesian formulation of the problem. We will
briefly comment on how to extend this work to non-Bayesian IRL frameworks such as Maximum Entropy IRL
in the Appendix. However, we defer extensive discussion and evaluation of this to a future version of this work.
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in a collaborative Stackelberg game without knowledge of the joint reward function. This setting is
similar to the framework presented here in that the leader in a Stackelberg game can be viewed as
designing environments by committing to specific policies.

Environment Design for Reinforcement Learning. Environment Design and Curriculum Learn-
ing for RL aim to design a sequence of environments with increasing difficulty to improve the training
of an autonomous agent [22]. However, in contrast to our problem setup, observations in a generated
training environments are cheap, as this only involves actions from an autonomous agent, not a human
expert. As such, approaches like domain randomisation [23, 24] can be practical for RL, whereas
they can be extremely inefficient and wasteful in an IRL setting. Moreover, in IRL we typically work
with a handful of rounds only, so that slowly improving the environment generation process over
thousands of training episodes (i.e. rounds) is impractical [25, 26]. Finally, we also have to deal with
the additional challenge of not knowing the true reward function according to which the expert is
going to act, which makes reliably predicting the expert’s behaviour in an environment difficult.

3 Problem Formulation

We now formally introduce the Environment Design for Inverse Reinforcement Learning framework.
A Markov Decision Process (MDP) is a tuple (S,A, T,R, γ, ω), where S is a set of states, A is a
set of actions, T : S ×A× S → [0, 1] is a transition function, R : S → R is a reward function, γ a
discount factor, and ω an initial state distribution. We assume that there is a set transition functions T
from which T can be selected. Similar models have been considered for the RL problem under the
name of Underspecified MDPs [25] or Configurable MDPs [27, 28].

We assume that the true reward function, denoted R, is unknown to the learner and consider the
situation where the learning agent gets to interact with the human expert in a sequence of m rounds.2
More precisely, every round k ∈ [m], the learner gets to select a demo environment Tk ∈ T for
which an expert trajectory τk is observed. Our objective is to adaptively select a sequence of demo
environments T1, . . . , Tm so as to recover a robust estimate of the unknown reward function. We
describe the general framework for this interaction between learner and human expert in Algorithm 1.
To summarise, a problem-instance in our setting is given by (S,A, T ,R, γ, ω,m), where T is a set
of environments, R is the unknown reward function, and m the learner’s budget.

Algorithm 1 General Framework of Environment Design for Inverse Reinforcement Learning

1: input set of environments T , resources m ∈ N
2: for k = 1, . . . , m do
3: Choose an environment Tk ∈ T (Environment Design)
4: Observe expert trajectory τk in environment Tk
5: Estimate rewards from observations up to round k (Inverse Reinforcement Learning)

From Algorithm 1 we see that the Environment Design for IRL problem has two main ingredients:
a) choosing useful demo environments for the human to demonstrate the task in (Section 4), and
b) inferring the reward function from expert demonstration in multiple environments (Section 5).

3.1 Preliminaries and Notation

Throughout the paper, note that R denotes a generic reward function, whereas R refers to the true
(unknown) reward function. We let VπR,T (s) := E[

∑∞
t=0 γ

tR(st) | π, T, s0 = s] denote the expected
discounted return, i.e. value function, of a policy π under some reward function R and transition
function T in state s. For the value under the initial state distribution ω, we then merely write
VπR,T := Es∼ω[VπR,T (s)] and denote its maximum by V∗R,T := maxπ VπR,T . We accordingly refer
to the Q-values under a policy π by QπR,T (s, a) and their optimal values by Q∗R,T (s, a). In the
following, we let πR,T always denote the optimal policy w.r.t. R and T , i.e. the policy maximising
the expected discounted return in the MDP (S,A, T,R, γ, ω).

2Typically, expert demonstrations are a limited resource as they involve expensive human input. We thus
consider a limited budget of m expert trajectories that the learner is able to obtain.
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We generally write τ for expert trajectories. In particular, these expert trajectories are always
observed with respect to a specific transition function T . We therefore summarise the observation
of an expert trajectory τk in an environment Tk by Dk = (τk, Tk) and write D1:k = (D1, . . . ,Dk)
for all observations up to (and including) the k-th round. We let P(· | D1:k) denote the posterior
over reward functions given observations D1:k. For the prior P(·), we introduce the convention
that P(·) = P(· | D1:0). Out of convenience, we sometimes refer to transition functions T as
environments. In particular, when speaking of expert demonstrations in an environment T , we refer
to expert demonstrations in the MDP (S,A, T,R, ω, γ), where R denotes the true (unknown) reward
function that the expert is maximising.

4 Environment Design via Minimax Bayesian Regret

Our goal is to adaptively select demo environments for the expert based on our current belief about
the reward function. We consider the situation where at round k + 1 we have access to a posterior
belief P(· | D1:k) over reward functions, which in practice can be approximated using a Bayesian IRL
approach whose discussion we postpone to Section 5. In Section 4.1, we will introduce a minimax
Bayesian regret objective for the environment design process which aims to select demo environments
so as to ensure that our reward estimate is robust and risk-averse. Section 4.2 then deals with the
computation of such environments when the set of demo environments exhibits a useful structure.

4.1 Minimax Bayesian Regret

We begin by reflecting on the potential loss of an agent when deploying a policy π under transition
function T and the true reward function R, given by the difference

`R(T, π) := V∗R,T − VπR,T .

The reward function R is unknown to us, so that we can instead use our belief P over reward functions
and consider the Bayesian regret, i.e. loss, of a policy π under T and P, i.e.

BRP(T, π) := ER∼P
[
`R(T, π)

]
= ER∼P

[
V∗R,T − VπR,T

]
.

The concept of Bayesian regret is well-known from, e.g. online optimisation and online learning
[29] and has been utilised for IRL in a slightly different form by [18]. The idea is that given a (prior)
belief about some parameter, we evaluate our policy against an oracle that knows the true parameter.
Typically, under such uncertainty about the true parameter (here, reward function) we are interested
in risk-averse policies minimising the Bayesian regret, i.e.

min
π

BRP(T, π).

To derive an objective for the environment design problem, we then consider a minimax game where
one player selects the environment and the other the policy:3

max
T∈T

min
π∈Π

BRP(T, π). (1)

What this means is that we search for an environment T ∈ T such that the regret-minimising policy
w.r.t. P suffers maximal regret against the optimal policies w.r.t. reward candidates R ∼ P. Note
that this objective has the advantage of generally selecting environments that the expert can solve,
as the regret in degenerate or purely adversarial environments will be close to zero. Moreover, the
minimax Bayesian regret objective is performance-based and not purely uncertainty-based (such as
prior objectives based on entropy, e.g. [17]). This is typically desired as reducing our uncertainty
about the rewards in states that are not relevant under any transition function in T (e.g. states that
are not being visited by any optimal policy) is unnecessary and generally a wasteful use of our
budget. Finally, we also see that if the Bayesian regret objective becomes zero, the posterior mean is
guaranteed to be optimal in every demonstration environment.
Lemma 1. If for some posterior P(· | D) it holds that maxT∈T minπ∈Π BRP(T, π) = 0, then the
posterior mean R̄ = EP[R] is optimal for every T ∈ T , i.e. R̄ induces an optimal policy in every
environment in T .

3Note that we here consider maxT minπ and not the reverse, as we are interested in finding the maximin
demo environment (and not a minimax policy).
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Algorithm 2 ED-BIRL: Environment Design for Bayesian IRL

1: input environments T , prior distribution P, resources m ∈ N
2: for k = 1, . . . ,m do
3: Sample rewards from P(· | D1:k−1) using BIRL(D1:k−1) (see Section 4.2)
4: Construct empirical distribution P̂k−1 from sampled rewards
5: Find Tk ∈ arg maxT minπ BRP̂k−1

(T, π) (see Section 5.1)
6: Observe expert trajectory τk in Tk and let Dk = (τk, Tk)
7: return BIRL(D1:m)

In our algorithm ED-BIRL, we sample from the posterior to construct an empirical distribution for
which we then find the maximin transition function (1). To sample from the posterior, we use an
extension of Bayesian IRL methods to the case where we observe expert demonstrations in multiple
environments as described in Section 5. The algorithm ED-BIRL is detailed in Algorithm 2. In the
following, we will discuss how the maximin transition function arg maxT minπ BRP̂(T, π) can be
computed efficiently and consider the special case when the set of environments, T , has a useful
structure that we can exploit.

4.2 Environment Generation

Structured Environments. Often the set of environments has a useful structure that can be used
to search the space of environments T efficiently. We begin by recalling that the value function is
linear in the rewards, so that we can rewrite equation (1) as

max
T

min
π

BRP(T, π) = max
T

{
ER∼P[V∗R,T (s0]−max

π
VπR̄,T (s0)]

}
,

where R̄ = ER∼P[R] is the mean of P. We now consider the special case where each environment
T ∈ T is build from a collection of transition matrices Ts.

Let Ts ∈ RS×A denote a state-transition matrix dictating the transition probabilities in state s. Clearly,
we can identify any transition function T with a family of state-transition matrices {Ts}s∈S . We now
say that an environment set T allows us to make state-individual transition choices if there exist sets
Ts such that T = {{Ts}s∈S : Ts ∈ Ts}. In other words, we can construct a new environment T by
arbitrarily combining transition matrices for each state. Note that this of course allows for the case
when the transitions in some state s are fixed, i.e. we have the singleton Ts = {Ts}. When we can
make such state-individual transition choices, we can use an extended value iteration approach as
detailed in Algorithm 3 that takes as input an empirical distribution P̂ as in Line 4 in Algorithm 2.

Algorithm 3 Extended Value Iteration for Structured Environments

1: input environments T = {Ts}s∈S , empirical distribution P̂ with mean R̄ = ER∼P̂[R]
2: repeat until VR̄ and VR converge:
3: for s ∈ S do
4: Ts = arg max

Ts∈Ts

{
ER∼P̂

[
max
a∈A

T>s,aVR
]
−max

b∈A
T>s,bVR̄

}
5: VR(s) = max

a∈A
R(s) + γT>s,aVR for every R ∼ P̂

6: VR̄(s) = max
b∈A

R̄(s) + γT>s,bVR̄
7: return environment T = {Ts}s∈S

5 Inverse Reinforcement Learning with Multiple Environments

We now analyse how we can learn about the reward function from demonstrations that were provided
under multiple, different environment dynamics. Recall that we consider the situation where the
learner observes expert trajectories with respect to the same reward function under possibly different
transition dynamics. In the following, we explain how to extend Bayesian IRL methods to this setting.
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5.1 Bayesian IRL

The Bayesian perspective to the IRL problem provides a principled way to reason about reward
uncertainty [11]. Typically, the human is modelled by a Boltzmann-rational policy [30]. This means
that for a given reward function R and transition function T the expert is acting according to a policy

πsoftmax
R,T (a | s) =

exp(cQ∗R,T (s, a))∑
a′ exp(cQ∗R,T (s, a′))

, (2)

where the parameter c relates to our judgement of the expert’s optimality.4 Given a prior distribu-
tion P(·), the goal of Bayesian IRL is to recover the posterior distribution P(· | D) and to either
sample from the posterior using MCMC [11, 12] or perform MAP estimation [13]. In our case, the
data is given by the sequence D1:k = (D1, . . . ,Dk) with Dk = (τk, Tk). We see that this is no
obstacle as the likelihood factorises as

P(D1:k | R) =
∏
i≤k

P(τi | R, Ti),

since the expert trajectories (i.e. expert policies) are conditionally independent given the reward
function and transition function. The likelihood of each expert demonstration is then given by
P(τi | R, Ti) =

∏
(s,a)∈τi π

softmax
R,Ti

(a | s), where πsoftmax
R,Ti

is the Boltzmann-rational policy as defined
in (2). As a result, we can, for instance, sample from the posterior using the Policy-Walk algorithm
from [11] with minor modifications or the Metropolis-Hastings Simplex-Walk algorithm from [21].
Other Bayesian approaches, e.g. those that model the reward function as a Gaussian process [31] or
take a variational inference approach [32], can similarly be adapted to demonstrations from multiple
environments by using the factorisation of the likelihood. We generally denote any Bayesian IRL
algorithm that is capable of sampling from the posterior by BIRL.

6 Experiments

We perform a preliminary set of experiments on a maze task as well as randomly generated MDPs.
Our primary goal is to address the following two questions:

1. Can we recover the true reward function by adaptively designing demo environments?

2. Can we learn more robust reward functions by adaptively designing demo environments?

6.1 Recovering the True Reward Function

In this experiment, we consider a maze task in which the learner has the ability to add obstacles to
a base layout of the maze. We visualise the designed mazes and estimated rewards and evaluate
whether our approach can recover the true reward function by adaptively constructing these mazes.

Experimental Setup. We consider a maze task in which the goal is to reach one of three goal
states while avoiding lava. Here, the learner is able to add obstacles to cells and observes two expert
trajectories for each constructed maze, which is done to give a stronger learning signal to BIRL so as
to require fewer samples. The true reward function, which is unknown to the learner, yields reward 1
in goal states and reward −1 in lava states. We consider two different base layouts: a basic layout
with goal states and lava evenly spread out, Figure 2 (a)-(c), and a second layout with vertical strips
of lava which make it challenging to construct mazes so that the right side of the world is being
visited, Figure 2 (d)-(f). We compare our approach, ED-BIRL, with learning from a fixed maze, and
learning from mazes that were randomly created. We randomly generate these mazes by adding an
obstacle to a cell with probability 0.3.5 The inference for all three approaches is done using BIRL
and the computed reward estimates are scaled to [0, 1] and rounded.

4Note that when using MCMC Bayesian IRL methods we can also perform inference over the parameter c
and must not assume knowledge of the expert’s optimality.

5Naturally, such randomly generated mazes can be very different every iteration and we can only display
exemplary mazes for domain randomisation in Figure 2. However, the presented examples can nevertheless
serve as an illustration of the disadvantages of using domain randomisation for IRL.

6



Constructed Maze Estimated Rewards

(a) ED-BIRL

Fixed Maze Estimated Rewards

(b) Fixed Environment IRL

Random Maze Estimated Rewards

(c) Domain Randomisation

Constructed Maze Estimated Rewards

(d) ED-BIRL

Fixed Maze Estimated Rewards

(e) Fixed Environment IRL

Random Maze Estimated Rewards

(f) Domain Randomisation

Figure 2: Comparison of ED-BIRL, Fixed Environment IRL, and Domain Randomisation for
two versions of the maze problem: (a)-(c) and (d)-(f). In each case, we display three consecutive
rounds and the corresponding mazes and estimated rewards. We use the same colour scale as in
Figure 1, which ranges from black (0.0) to red (0.5) to white (1.0).

Results. In Figure 2, we observe that ED-BIRL recovers the location of all three goal states after
three rounds in both maze layouts. Moreover, the learner is able to identify the location of all lava
strips in Figure 2a, i.e. states with negative reward. In Figure 2d, ED-BIRL also recovered the rewards
of the upper lava region, whereas the estimates for the lower lava region are more imprecise (while
they are also less performance-relevant). By adaptively designing a sequence of demo environments,
ED-BIRL is thus capable of recovering (all performance-relevant aspects of) the unknown reward
function.

In contrast, learning from a fixed environment (Figure 2b, 2e) as well as domain randomisation
(Figure 2c, 2f) fail to recover the location of all goal states, let alone lava. In a fixed maze, any
near-optimal policy will visit the closest goal state only, which in this case is the top right corner in
both versions of the maze. We also see that using domain randomisation is impractical for IRL, as we
require carefully constructed mazes to recover the true reward function. Even worse, by obliviously
randomising the maze layout, we may create unsolvable environments for the human expert, which
yield no information at all (see e.g. Figure 2c).
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(a) Average utility loss of ED-BIRL, Domain
Randomisation, and Fixed Environment IRL
over 10 rounds. The learned rewards are evaluated
on a set of test environments that differ from the
base environment by at most ρtest = 0.5.

(b) Along the x-axis we increase ρtest, i.e. the
amount of variation in the test environments. We
evaluate the learned reward functions after 10
rounds of interaction with the expert, i.e. the fi-
nal reward estimate from Figure 3a.

Figure 3: On a randomly generated MDP task, we evaluate the robustness of reward estimates learned
by ED-BIRL, Domain Randomisation, and Fixed Environment IRL, respectively.

6.2 Learning Robust Reward Functions

In this experiment, we provide the learner with a set of demo environments they can select for a
demonstration. Afterwards, the agent is evaluated on a set of test environments. The performance in
the test set captures the generalisation ability of the learned rewards to new dynamics.

Experimental Setup. We first randomly generate a base MDP (S,A, Tbase,R, γ, ω) with base
transition function Tbase. We then construct the set of possible demo environments, here denoted
Tdemo instead of T to clearly distinguish between demo and test environments, by sampling state-
transition functions that differ from the base transitions Tbase by at most some value ρdemo in terms of
`∞-distance. In our experiments, we set the maximum amount of variation in the demo environments
to ρdemo = 0.5. Similarly, we create a set of test environments Ttest with a maximum amount of
perturbation ρtest on which we evaluate the learned reward functions. For all three approaches, we
evaluate the posterior mean, which is computed using BIRL. For all T ∈ Ttest, we optimise a policy
w.r.t. the posterior mean and T and evaluate the computed policy under the true reward function R
and transition function T . Finally, we average the results over all environments in Ttest. We want to
emphasise that the way we construct Tdemo and Ttest, these sets are completely disjunct except for
the base transition function, i.e. Tdemo ∩ Ttest = {Tbase}. We therefore do not observe the expert in
the environments that we evaluate our approaches on.

Results. In Figure 3a, we observe that ED-BIRL outperforms domain randomisation and learning
from a fixed environments over the course of all rounds. As expected, the loss of all three approaches
increases the more diverse the test environments are and the more they differ from the base environ-
ment, which can be seen in Figure 3b. Interestingly, even for ρtest = 0, i.e. evaluation on the base
environment only, ED-BIRL slightly outperforms learning directly from the fixed base environment
suggesting a superior sample-efficiency of ED-BIRL.

7 Discussion

The presented work gives a first glance into Environment Design for Inverse Reinforcement Learning.
In this paper, we focus on the Bayesian setting, where a belief about the reward function is computed
using Bayesian IRL (with observations from multiple environments). This allowed us to reason about
reward uncertainty in a principled way, guiding our environment design approach via a minimax
Bayesian regret objective. A future version of this work will consider non-Bayesian IRL frameworks
and explain how to perform environment design with point estimates of the reward function (instead
of Bayesian beliefs). In future work it will also be interesting to consider a batch version of this
setting, where the learner has to decide on a batch of demo environments every round.
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A Appendix

A.1 Proofs

Proof of Lemma 1. For simplicity of exposition, we assume here that the posterior P is discrete. Now,
as the value function is linear in rewards, we have

min
π

BRP(T, π) = BRP(T, πR̄,T ),

where πR̄,T is the optimal policy w.r.t. the posterior mean R̄ = ER∼P[R] and the transition function
T . If maxT∈T minπ∈Π BRP(T, π) = 0, it then follows that maxT∈T BRP(T, πR̄,T ) = 0, i.e.
V∗R,T = VπR̄,TR,T for all R ∈ supp(P) and T ∈ T . This must imply that V∗R,T = VπR̄,TR,T for all T ∈ T .
In other words, R̄ is optimal for all T ∈ T (under the initial state distribution ω).

A.2 More Experimental Details

The BIRL method we used for the experiments is a straightforward extension of Algorithm 1 in [12]
to multiple environments following our explanations in Section 5.1.

Recovering the True Reward Function. For the experiments in Section 6.1, we let the learner
observe two trajectories for each maze. This was done in order to speed up the inference of BIRL
and reduce the computational cost. The expert was modeled by a Boltzmann-rational policy and thus
uniformly selected an optimal action when there were several optimal ones in a given state.

Learning Robust Reward Functions. For the experiments in Section 6.2, we randomly generated
an MDP with 50 states and 4 actions using a Dirichlet distribution for the transitions and a Beta
distribution for the reward function. For each state we let the demo set of environments contain 15
choices. The size of the test environments was set to be |Ttest| = 500. Every round, the learner
got to select a demo environment and observe a single expert trajectory in that environment. We
limited the amount of deviation from the base transitions in our experiments according to ρdemo and
ρtest. In particular, note that any choice of ρdemo implies that ‖Tbase − T‖∞ = maxs,a‖Tbase(· |
s, a)− T (· | s, a)‖1 ≤ ρdemo for all T ∈ Tdemo. The results were averaged over 5 complete runs, i.e.
for 5 randomly generated problem instances.

A.3 Environment Design with Arbitrary Environments

In some situations, the set of demo environments T may not exhibit any useful structure. Moreover,
we may not even have explicit knowledge of the transition functions in T , but can only access a set of
corresponding simulators. In this case, we are left with approximating the maximin environment (1)
by sampling simulators from T and performing policy rollouts (see Algorithm 4).

Algorithm 4 Environment Design with Arbitrary Environments

1: input set of environments T , rewards {R1, . . . , Rk}, best guess R̄
2: // if necessary, sample a subset T⊂ from T
3: for T ∈ T do
4: calculate π∗ = π∗¯̄R,T (policy optimisation)
5: for R ∈ {R1, . . . , Rk} do
6: evaluate Vπ∗R,T (policy evaluation)
7: calculate V∗R,T = maxπ VπR,T (policy optimisation)
8: `(R) = maxπ V∗R,T − Vπ

∗

R,T

9: BR(T ) =
∑
R∈{R1,...,Rk} `(R)

10: return T ∗ = arg maxT∈T BR(T )
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A.4 Maximum Entropy IRL with Multiple Environments

In the following, we give a brief outline of how Maximum Entropy (MaxEnt) IRL methods can
be extended to multiple environments. For a practical algorithm we choose to extend the popular
Adversarial IRL algorithm [7].

In MaxEnt IRL, the reward function is assumed to be parameterised by some vector θ. While some
work has considered non-linear parameterisation of the reward function, e.g. [16], we can generally
think of the reward function being linear in some feature vector f , i.e. Rθ(s) = θ>fs. Under the
MaxEnt model, the probability of trajectories is exponentially dependent on their value:

P(τ | θ, T ) =
eRθ(τ)

Z(θ, T )

|τ |∏
t=1

T (st+1 | st, at), (3)

where Z(θ, T ) is the partition function given by

Z(θ, T ) =
∑
τ

eRθ(τ)

|τ |∏
t=1

T (st+1 | st, at). (4)

Note that here the sum over τ is over all possible trajectories. Our goal is then to solve the maximum
likelihood problem

arg max
θ

∑
(τ,T )∈D

logP(τ | θ, T ). (5)

We see that the only difference to the original MaxEnt IRL formulation is that we now sum over pairs
(τ, T ) instead of just τ . As a scalable solution to the MaxEnt IRL problem, Adversarial IRL [7] as
well as GAIL [15, 33] cast the optimisation of (5) as a generative adversarial network (with different
discriminators). To extend Adversarial IRL, we consider a set of policies π1, . . . , πk, used to generate
trajectories in environments T1, . . . , Tk, and discriminators D1,θ,φ, . . . Dk,θ,φ given by

Di,θ,φ(s, a, s′) =
exp(fθ,φ(s, a, s′))

exp(fθ,φ(s, a, s′)) + πi(a | s)
(6)

with
fθ,φ(s, a, s′) = gθ(s) + γhφ(s′)− hφ(s), (7)

where gθ(s) is the reward approximator and hφ a shaping term (see [7]).

Algorithm 5 Adversarial IRL with Multiple Environments

1: input Observations D = (D1, . . . ,Dk) with Di = (τi, Ti)
2: Initialise policies π1, . . . , πk and discriminators D1,θ,φ, . . . , Dk,θ,φ

3: for t = 0, 1, . . . do
4: Collect trajectories τGi,j = (s0, a0, . . . , sH , aH) by executing πi in Tk for i ∈ [k].
5: Train discriminators D1,θ,φ . . . , Dk,θ,φ to classify expert data τ1, . . . , τk from samples

{τG1,j}j , . . . , {τGk,j}j , respectively, via logistic regression with shared parameter θ.

6: Update reward Rθ,φ(s, a, s′)←
∑k
i=1

(
logDi,θ,φ(s, a, s′)− log(1−Di,θ,φ(s, a, s′))

)
.

7: Update π1, . . . , πk with respect to Rθ,φ using any policy optimisation method.

With minor modifications, a justification of Algorithm 5 can be done analogous to that in [7].
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