Under review for RLC 2025, to be published in RLJ | Cover Page

PAC Apprenticeship Learning with Active IRL

Anonymous authors
Paper under double-blind review

Keywords: inverse reinforcement learning, active learning, imitation learning, Bayesian methods

Summary

As Al systems become increasingly autonomous, aligning their decision-making to human
preferences is essential. In domains like autonomous driving or robotics, it is impossible to
write down the reward function representing these preferences by hand. Inverse reinforcement
learning (IRL) offers a promising approach to infer the unknown reward from demonstrations.
However, obtaining human demonstrations can be costly. Active IRL addresses this challenge
by strategically selecting the most informative scenarios for human demonstration, reducing the
amount of required human effort. As a principled alternative to prior heuristic approaches, we
introduce two information-theoretic methods for Active IRL that aim to maximise information
about the reward, or alternatively regret, at every step, directly targeting either the reward
learning or the apprenticeship learning objective. We prove that our method yields a probably-
approximately-correct (PAC) policy — the first such guarantee for this task. We also illustrate
failure modes of prior methods and provide an experimental comparison.

Contribution(s)

1. We formulate two principled information theoretic acquisition functions for active inverse
reinforcement learning with Boltzmann rational demonstrations: Reward-EIG and Regret-
EIG.

Context: This gives a more principled alternative to previous, heuristic acquisition functions
of Lopes et al. (2009), Brown et al. (2018), and Kweon et al. (2023).

2. For RegretEIG, we prove a lower bound on the expected number of steps of active learning
needed to reach a probably-approximately-correct (PAC) apprentice policy.
Context: This a first such proof for active IRL with an expert that is not perfectly rational.
Metelli et al. (2021); Lindner et al. (2022) presented results for the, in many respects much
simpler, case of perfectly optimal expert, focusing especially on transfer of a learnt reward to
new environment dynamics.
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Abstract

As Al systems become increasingly autonomous, aligning their decision-making to
human preferences is essential. In domains like autonomous driving or robotics, it is
impossible to write down the reward function representing these preferences by hand.
Inverse reinforcement learning (IRL) offers a promising approach to infer the unknown
reward from demonstrations. However, obtaining human demonstrations can be costly.
Active IRL addresses this challenge by strategically selecting the most informative
scenarios for human demonstration, reducing the amount of required human effort. As
a principled alternative to prior heuristic approaches, we introduce two information-
theoretic methods for Active IRL that aim to maximise information about the reward,
or alternatively regret at every step, directly targeting either the reward learning or
the apprenticeship learning objective. We prove that our method yields a probably-
approximately-correct (PAC) policy — the first such guarantee for this task. We also
illustrate failure modes of prior methods and provide an experimental comparison.

1 Introduction

Stuart Russell suggested three principles for the development of beneficial artificial intelligence: its
only objective is realizing human preferences, it is initially uncertain about these preferences, and its
ultimate source of information about them is human behavior (Russell, 2019). Apprenticeship learning
via Bayesian inverse reinforcement learning (IRL) can be understood as a possible operationalization
of these principles: Bayesian IRL starts with a prior distribution over reward functions representing
initial uncertainty about human preferences. It then combines this prior with demonstration data from
a human expert acting approximately optimally with respect to the unknown reward, to produce a
posterior distribution over rewards. In apprenticeship learning, this posterior over rewards is then
used to produce a policy that should perform well with respect to the unknown reward function.

However, getting human demonstrations requires scarce human time. Also, many risky situations
where we would wish Al systems to behave especially reliably may be rare in these demonstration
data. Bayesian active learning can help with both by giving queries to a human demonstrator that are
likely to bring the most information about the reward.

Most prior methods for active IRL (Lopes et al., 2009; Brown et al., 2018; Metelli et al., 2021)
queried the expert for action annotations of particular isolated states. However, in domains such as
autonomous driving with a high frequency of actions, it can be much more natural for the human
to provide whole trajectories — say, to drive for a while in a simulator — than to annotate a large
collection of unrelated snapshots. There is one previous paper on active IRL with full trajectories
(Kweon et al., 2023) suggesting a heuristic acquisition function whose shortcomings can, however,
completely prevent learning, as we will demonstrate. We instead suggest using the principled tools of
Bayesian active learning for the task.

The article provides the following contributions:

1. We explain and demonstrate failure modes of existing heuristic methods for active IRL if the goal
is to produce a well-performing apprentice policy. In particular, most previous methods are limited



39
40
41

42
43

44

45
46
47

48

49

50
51
52
53

54
55
56
57

Under review for RLC 2025, to be published in RLJ

*
-70 -60 -50 -40 -30 -20 -10 0
Reward

(a) Ground-truth rewards. (b) Current belief over rewards.  (c) Reward EIG of each initial state.

Figure 1: Ilustration of the active IRL task. (a) shows a gridworld and its true rewards. The lower
left corner has a "jail" state with negative reward from which an agent cannot leave. The starred green
state is the terminal "goal" state with a large positive reward. The brown, blue, and red states are
"mud", "water", and "lava" type states respectively, whose rewards are unknown to the IRL agent.
The IRL agent tries to learn the rewards of these three state types from expert demonstrations. (b)
shows current distributions over the rewards of the "mud", "water", and "lava" state types respectively,
at some particular step of the active learning process. These learned reward distributions are used to
calculate an acquisition function (here the reward EIG) of obtaining another expert demonstration
starting from each given state, shown in (c). In this case, a demonstration starting in the bottom right
state gives the most information about the unknown reward parameters.

to querying for only a single state annotation, as opposed to whole trajectories. Furthermore, we
show that the only prior method for whole trajectories can result in repeatedly querying a single
uninformative state forever.

2. We propose two acquisition functions based on expected information gain (EIG) — one about the
reward, the other about the regret of the apprentice policy.

3. We examine and test 3 possible ways of operationalizing the latter.

4. We provide a theoretical result giving the number of steps in which we can expect regret-EIG to
produce a probably approximately correct (PAC) apprentice policy — a first such result for expert
demonstrations that are not perfectly optimal.

5. We illustrate the performance of our method in a set of gridworld experiments.

2 Task formulation

Let M = (S, A, p, 7,7, tmax, p) be a parameterized Markov decision process (MDP), where S and
A are finite state and action spaces respectively, p : S X A — P(S) is the transition function where
P(S) is a set of probability measures over S, 7 : S x A — R is an (expected) reward function,!
v € (0,1) is a discount rate, tyax € NU {00} is the time horizon, and p is the initial state distribution.

We assume we are initially uncertain about the reward r, and our initial knowledge is captured
by a prior distribution p(r) over rewards, which is a distribution over RIS/l — a space of vectors
representing the reward associated with each state-action pair. We also have access to an expert that,
given an initial state s of the MDP, can produce a trajectory 7; = ((s}, aj), ..., (s, ,al, )), where

Mg Ny

'Our formulation permits the reward to be stochastic. However, our expert model (1) depends on the rewards only via
the optimal Q-function, which in turn depends only on the expected reward. Thus, the demonstrations can only ever give us
information about the expectation. Throughout the paper, the learnt reward function can be interpreted either as modeling a
deterministic reward, or an expectation of a stochastic reward.
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s ~ Py se41 ~ P(-|s¢, 1), and

exp(BQ* (st, at))
> wea exp(BQ*(s¢,a’))
which is called a Boltzmann-rational policy, given the optimal Q-function Q* and a hyperparameter

B expressing how close to optimal the expert behaviour is (where 8 = 0 corresponds to fully random
behaviour and 5 — 400 would yield the optimal policy).

ey

TFE(at|St) =

The task of Bayesian active inverse reinforcement learning is to sequentially query the expert to
provide demonstrations from initial states £, ...,y € S to gain maximum information about the
unknown reward. We start with a (possibly empty) set of expert trajectories Dy and then, at each step
of active learning, we choose an initial state £; for the MDP, from which we get the corresponding
expert trajectory 7;. We then update our demonstration dataset to D; = D;_; U {r;}, and the
distribution over rewards to p(r|D;), which we again use to select the most informative environment
setup &;11 in the next step. We repeat until we exhaust our limited demonstration budget V.

This can be done with one of two possible objectives in mind.

The first, which we call the reward-learning objective, is relevant when our primary interest is in the
reward itself, e.g. when using IRL to understand the motivations of mice in a maze (Ashwood et al.,
2022) or the preferences of drivers (Huang et al., 2022). In the active setting, we operationalize this
objective as trying to minimize the entropy of the posterior distribution over rewards, once all expert
demonstrations have been observed. This is equivalent to maximizing the log likelihood of the true
parameter value in expectation, or to maximizing the mutual information between the demonstrations
and the reward.

The second objective, which we term the apprenticeship-learning objective, uses the final posterior
p(r|Dx) to produce an apprentice policy
Ty = argmax, K, p [E.| Z vir(se, ar)]] s

St,at €T

where 7 is a trajectory with sg ~ p, s¢41 ~ p(|s¢, a;) and a; = 7R (s¢). This approach directly
aims to produce a policy which maximises the expected return (and can thus also be understood as a
method for imitation learning).

When working with a fixed set of demonstrations in IRL, these objectives are generally closely
connected — learning the best possible reward function enables learning a good apprentice policy.
However, in the active setting, they can come apart — for instance, once we know a state s has lower
reward than s’, we may no longer need to make gather further information about rewards in these
states for the apprenticeship learning objective as we already know to choose the better one, while
the reward-learning objective may motivate further queries to further reduce the uncertainty.

Stemming from a common inspiration in Bayesian active learning, we will present an acquisition
function tailored to each of these objectives.

Notation By V™ we denote the state-value function of policy 7 with respect to reward r. V.* is then
the value function of the optimal policy. A lack of subscript indicates value with respect to the true
reward. By G,.(7) we denote the return of trajectory T with respect to r. By R7 (sg) we denote the
regret of policy  starting from state sg, i.e. R} (so) := V,*(s0) — V" (s0), and R} := Eg~,R7 (o).
We also call immediate regret the quantity R} ,.(s) = V*(s) — Q*(s,7(s)) and also denote by
Ry .(s,a) = max{0, Q*(s,a) — Q*(s,n(s))} the immediate regret relative to action a in state s.

3 Related work

IRL was first introduced by Russell (1998), preceded by the closely related problem of inverse
optimal control formulated by Kalman (1964). See Arora & Doshi (2021) and Adams et al. (2022)
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for recent reviews of the already extensive literature on IRL. In our work we build upon the Bayesian
formulation of the problem introduced by Ramachandran & Amir (2007).

We will now summarize prior work on active IRL in particular. We first describe a number of methods
which query for single state annotations (which can be cast into our framework from Section 2
as trajectories of length one), and then describe the one previous method which queries for whole
trajectories. Lastly, we review a few other works for setups not directly comparable to ours.

3.1 Active learning with single action annotations

The concept of active IRL was first introduced by Lopes et al. (2009). The authors propose an
acquisition function equal to the entropy of the posterior predictive distribution about the Boltzmann
expert policy, i.e. they query a state maximizing oy (s) = H (IL,|D,,) where I, is the vector of
expert action probabilities (according to the posterior predictive distribution).

An issue with this approach is that H (II;|D,,) does not take into account the effect of improved
knowledge on the apprentice policy. For example, we may know the optimal action in a particular
state, but with high uncertainty about the exact action probabilities, while another state may have
uncertainty about the optimal action, but lower entropy about exact probabilities of actions. Then,
P (s) would prioritize the latter, which may be suboptimal from the apprenticeship learning
perspective. See Appendix A for a full example.

Brown et al. (2018) query the expert by maximising the §-value-at-risk of the policy loss (i.e. regret)
of the current apprentice policy starting from the given initial state, computed as

agrown(s) — VaR; (Vﬂ—* (S) _ Vﬂ'A (3)|Dn> . 2)

This is a risk-aware approach: the states with a high risk of the apprentice action could being much
worse than the expert’s action are queried. A limitation of this approach is that regret attributed to
some initial state s may be due to a choice made further along the trajectory where an expert query
would be more informative as shown in Appendix A.

3.2 Active learning with full trajectories

Kweon et al. (2023) query full trajectories with a starting state chosen sy to maximise

KWe(’"(so) = ETNﬁ'gn [Z dn(st)|$0} , 3)

StET

where
Gn(s) := H(7D" (a]s)) := Z —7 D (als)log 70" (als),

a

is the entropy of 7%]73", the posterior predictive distribution over the expert actions at state s, estimated
from demonstration data D,,.

However, note that this action entropy can remain high even in states where we have perfect knowledge
but multiple actions are equally good so the Boltzmann rational policy chooses them with equal
probabilities, thus resulting in high action entropy. However, querying for extra demonstrations in
such states will bring no useful knowledge. In fact, this can result in learning getting completely
stuck, sometimes right at the beginning, preventing any learning from taking place. We give an
example of this in Section 6.

3.3 Other settings

Instead of querying at arbitrary states, Losey & O’Malley (2018) and Lindner et al. (2022) synthesize
a policy that explores the environment to produce a trajectory which subsequently gets annotated
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by the expert. We instead let the expert produce the trajectory. Buening et al. (2024) query full
trajectories in the context of IRL, where the active component arises in the choice of a transition
function from a set of transition functions at each step. Biining et al. (2022) also query full trajectories
in a different context involving two cooperating autonomous agents. In Sadigh et al. (2017), the
expert is asked to provide a relative preference between two sample trajectories synthesized by the
algorithm. While this generally provides less information per query than our formulation, it is a
useful alternative for situations where providing high-quality demonstrations is difficult for humans.

On the side of theoretical sample complexity of (active) IRL, all prior work assumes a perfectly
rational expert policy, which is a stronger assumption than our Boltzmann rationality. In particular,
seeing each state once is enough to determine the optimal policy. The first lower bound on the
complexity of IRL was given by Komanduru & Honorio (2021) for the case of a -separable finite
set of candidate rewards. Metelli et al. (2021); Lindner et al. (2022); Metelli et al. (2023) then focus
on recovering a feasible reward set in settings where also the transition dynamics are only estimated,
and address the problem of the transferrability of the learnt reward to environments with different
dynamics.

4 Method

Where prior work provided heuristic acquisition functions, we build on the principled approach of
Bayesian experimental design (Rainforth et al., 2023), in particular using the expected information
gain as our acquisition function. But this raises the question: information about what? The answer
depends on our objective and the associated loss function. In Section 2, we presented two such
objectives: firstly, learning the reward, which can be operationalized as minimizing the posterior
uncertainty represented by the entropy of the posterior; or, secondly, producing an apprentice policy
that performs well according to the unknown reward. Only by being clear about what our goal is can
we devise an optimal strategy for achieving it. Let us now address how EIG can be used for each of
these objectives.

4.1 Reward EIG

In some cases, learning the reward function that an agent is optimizing can be of intrinsic interest. In

that case, we can frame active IRL as trying to find a set of queries &1, . . ., x which minimize, in

expectation, our posterior uncertainty about the reward, which can be written as a loss
»Crew(gla“'?gN) = H[p(T|DN)} (4)

where Dy is a set of expert trajectories sampled from initial states &1, . . ., . This is equivalent to

trying to maximize the posterior probability density of the true reward.

As is usually the case in Bayesian experimental design and optimization, optimizing for the full
N-step lookahead is generally intractable, so as a starting point, we consider a greedy formulation
where in each step n, we try to optimize the acquisition function

Oé%eWEIG(SO) = ET\DH [ETlT;D7L [logp(r|7’; Dn) - logp(rﬂ)n)]] =
Er\Dn []ETlT,SO [1ng(7'|7", 50) - 10gp(7’|50; Dn)]]a

where the expectation over trajectories is taken with respect to p, p, and an expert policy that would
correspond to the reward r from the outer expectation, taken with respect to the current posterior.

4.2 Regret EIG

What if we are not interested in the reward for its own sake but instead in producing an apprentice
agent maximizing the expected posterior reward? While information about the reward is likely to be
useful for good apprentice performance, it is only an imperfect proxy.
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For example, knowing that certain states are associated with low reward might be sufficient for the
apprentice to avoid them. However, learning the exact magnitude of those low rewards would provide
no additional benefit to the performance of the apprentice. Despite this, the reward-based EIG would
continue to attempt to gather such unnecessary information.

Thus, let us now focus on constructing an acquisition function that tracks the apprenticeship learning
objective more closely. Maximizing the apprentice return can be framed as minimizing the loss

Lret(fla ce agN) SONpET\soGr(T) - *Esowa‘r\sU Z ’Ytr(sta at)-

St,at €T

Minimizing L. is equivalent to minimizing the regret loss

A
Lreg(€15--,€N) = BRI N = Eg Er o) xay [V*(so) — GT(T)} . 5)
However, optimizing for this loss directly is extremely challenging even in the greedy case, since
calculating the one-step improvement would involve maximizing

A
Al (sg) = —E,p,E Ry (©6)

Trnt+1|7,50
7_{,A
Calculating the regret R,-"** in next step would involve computing the hypothetical updated posterior
p(r|Dy, U {7}) and then finding an apprentice policy maximizing this posterior, which involves
running the Bayesian IRL for each hypothetical expert trajectory, which is extremely costly.

Thus, similar to information-theoretic methods in Bayesian optimization (Wang & Jegelka, 2017)
which maximize information about the maximum value rather than directly optimizing the difficult-
to-compute improvement in the expected global optimum (the knowledge gradient; Frazier & Powell
(2007)), we could instead try to maximize the information gain about the regret, resulting in the
acquisition function

RO (6) = s [E. | o log p(r| BT €) — log p(r€)]]. @

The intuition behind this acquisition function is that learning about the regret will reveal whether and
where the current apprentice policy is behaving suboptimally — information that can help us improve
the policy.

This seems to be a reasonable heuristic; however, there are situations where it can fail. Suppose that
in a particular state, the agent can take action ag which they know to yield O return. Alternatively,
they can take actions a; or as and know that one of them yields a reward of +50 and the other -100
but do not know which is which with equal probabilities. Then, the apprentice policy would choose
ag, since it yields higher expected return. They would know for sure that the regret of the policy is 50
when starting from this state. However, since the associated regret distribution is deterministic, the
acquisition function would see no information to be gained here and the state would never be queried!

Luckily, there is a way to fix the problem: the regret can be decomposed as R} _—
Erprr Dos,arer Y [V (s1) — Q*(st, 7™ (s¢))] where we call the inner term the immediate re-
gret and will henceforth denote it by 12 , (s). Further, we can write R}, (s) = max, R}, (s, a),
where R,  (s,a) = max{0, Q*(s,a) — Q*(s, 7 (s))} is the immediate regret of the apprentice pol-
icy relatlve to action a in state s. Then, learning about the values of R, (s, a) means learning how
good the apprentice action is relative to each other action. Lower- boundmg the value by zero means
that once we are certain that the apprentice action is optimal, there is no further useful information to
be gained.

A further advantage of estimating the expected information gain about R:A’T(s, a) is that its distribu-
tion in a given state (across all actions) fully determines the distribution of the expert actions, which
means that the information gain from observing an expert action in a particular state is fully captured
by the information gain about R;Avr(s, -) in that given state, which can be used to simplify the EIG
calculation.
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Thus to summarize, our main acquisition function optimizing for apprentice performance will be EIG
about R*, , the immediate regret across all states and actions

Ozg{_EIG(SO) = ER:A'JDW |:]ET|R:;A 50 [Ing(T|507 R;A7T; Dn) - Ing(T‘SO; Dn)” : (8)
S Producing a PAC Policy

We will now show that the regret EIG acquisition function leads to a probably-approximately-correct
(PAC) apprentice policy. In particular, we say that a policy is €, J-probably-approximately-correct
with respect to the current posterior, if, with probability at least 1 — 4, its regret is less than e.

We will derive the expected number of steps to reach this condition through the following three steps
(the corresponding formal results and their proofs can be found in Appendix B).

1. If the apprentice policy 7* is not satisfying the PAC condition, there must exist a state where
there is a significant chance that the apprentice policy is making a significantly suboptimal choice
relative to the optimal policy — in particular

o

Py, [V () = Qrls, () = (1= 9)d = 7

(Lemma B.2).

2. In such a state, there is both a chance that an appropriately constructed apprentice policy is close
to optimal and that it is significantly suboptimal (as defined in step 1). Since these two options
would result in a sufficiently different expert policies in this state, we can gain a lower-bounded
expected amount of information by observing the expert in that state.

3. Since we can keep gaining this minimal amount of information per step as long as the PAC
condition is not satisfied and we start with finite entropy about the regret of each policy, eventually,
we must satisfy the PAC condition, with an expected number of steps equal to the ratio of the
initial entropy and the lower bound on the information gain.

In particular, the last two points translate into the following two theorems:

Theorem 5.1. Fore > 0and § € (0, 3], assume that no policy 7 is (e, §)-probably-approximately-
correct, Le., PI[RT > €] > §, Vw. Then, there exists a state s € S such that observing a new expert
demonstration at s has an expected information gain of at least

5(1 — e=P=7)e)2

EIG® (¢.6) =
(€)= ~—5aps]

min

©))

Then, we can translate this into the following result on the expected number of steps to reach the PAC
criterion:

Theorem 5.2. Let hya > max, H(p(R}, ,.)) be an upper bound on the entropy (in the sense of a
limiting density of discrete points or a suitable discretization) of the joint prior distribution over the
state-action immediate regrets of all state-action pairs for any policy. Then, the expected number of
steps needed to reach the PAC condition is upper bounded by

8hmax A|?|S|

Fima/EGmin(e, 0) = 5(1 — e BU=me)2”

(10)

6 Experiments

We evaluated the performance of the two proposed acquisition functions in a set of gridworld
experiments with respect to both objectives introduced earlier: the reward learning objective, measured
by the entropy of the posterior distribution over rewards, and the apprenticeship learning objective,
measured by the regret. We also track the posterior distribution over regrets which directly relates to
the PAC criterion.

We evaluate across three types of environment:
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1. Structured gridworld: Features fewer reward parameters than states. It includes a known goal
state with a reward of +100, neutral states with a reward of -1, and three obstacle types with
unknown negative rewards with a uniform prior between -100 and O independently for each
obstacle type. This is was meant as an illustrative example (Figure 1) and a counterexample to the
only prior method designed for collecting full trajectories, action entropy (Kweon et al., 2023),
by including a jail state where all actions are equivalent and which always gets selected by this
baseline, thus preventing any useful learning.

2. 10x10 random gridworld with 2 initial states: Each state has a random reward drawn from the
prior, A/(0, 3), with only two possible initial states to test the ability of methods to recognize only
relevant parts of the state space. Here we use 5 = 4 so the expert behaves closely to optimal.

3. 8x8 random gridworld with fully uniform intial states: Each state has a random reward drawn
from the prior, N/ (0, 3), and the initial state distribution is uniform across all states. We use 5 = 2
so the expert is fairly stochastic.

We evaluate both the setting where each query results in a full expert trajectory, where we compare
against the only prior method (Kweon et al., 2023) as well as random sampling, and the setting where
each query results in a single state-action annotation, where we also evaluate against the methods by
Lopes et al. (2009) and Brown et al. (2018).

Building on the discussion in the section on regret EIG, we test three versions of computing this.
RegEIG - the initial suggestion computing the EIG with respect to the overall regret of the apprentice
policy RZfA (a scalar value, Eq. 6). IR-EIG is the information gain about the immediate regret relative
to each other action in each state (Eq. 8). We also tested PAC-EIG, a version of IR-EIG, which
instead of focusing on the information gain about the full scalar value, focuses only on a binary
random variable indicating whether the regret relative to each other action is < (1 — 7)e for e = 0.1,
which is a simplification of IR-EIG focusing on the satisfaction of the PAC criterion for a particular e.
The three methods yield roughly similar results so we omit them in some plot for easier legibility.

Each experiment type was run with with 16 different random reward functions, different terminal
states (except for the jail environment) and different 2 initial states in the 10x10 environment. The
plots display the mean and the standard error across these 16 random instances.

6.1 Results

Results on the simple environment from Figure 1 illustrate a crucial failure mode of the action entropy
(Kweon et al., 2023) acquisition function — it always queries the jail state and thus fails to learn
anything useful, while both reward and regret EIG learn an optimal policy within 10 steps in all 16
instances with similar posterior entropies.

Figure 3 shows the results on the 10x10 gridworld with 2 random initial states and single-state
annotations, Figure 4 shows the results for querying single-state annotations on the 8x8 gridworld
with a uniform initial state distribution, and Figure 5 results on the 8x8 environment when querying
trajectories of maximum length 5.

In the case of only 2 initial states on the 10x10 gridworld, we can see our regret-focused acquisition
functions to do much better in terms of both actual and posterior regret, reaching a zero true regret, as
well as 0.1-0.1-PAC apprentice policy, by step 50. ActiveVaR remains competitive with RewardEIG
in terms of the reward-learning objective (posterior entropy), but both fall behind in terms of true and
posterior regret.

On the gridworld with fully uniform initial states, we observe that all our information theoretic
acquisition functions result in lower posterior reward entropy and lower regret than prior methods
except for ActiveVaR, which seems to roughly match their performance. Interestingly, the reward-
based acquisition function and the regret-based ones seem to perform similarly well on both objectives,
suggesting that there is a strong correlation between learning about the reward and learning about the
apprentice regret.
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Figure 2: Results of the experiments on the environment with 3 cell types and a jail state with
full-trajectory demonstrations.
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Figure 3: Results of the experiments with single state annotations (i.e. |7| = 1) on the 10x10 fully
random gridworld with two initial states. In the barplot (b), results with zero regret are visualized
below the horizontal axis to make their presence clearer.

The action entropy acquisition function still stops yielding significant improvements after about step
50 — it again gets stuck querying states that have high action entropy due to multiple actions being
similarly good, even if these states do not yield any more information.

7 Discussion and conclusion

In this paper we have proposed new acquisition functions for active IRL, each geared toward one of
two possible objectives: learning about an unknown reward function, or producing a well-performing
apprentice policy. We have shown that across a set of gridworld experiments, our acquisition functions
outperform or at least match prior methods on their respective objective. Furthermore, our immediate-
regret EIG acquisition function is a first acquisition function with a regret bound in our setting.
While we have so far tested the methods only in finite state spaces, both of them were constructed to
generalize also to continuous spaces, which will be addressed in future work.

Impact statement

Through this paper, we hope to contribute to more effective and reliable learning of human preferences
and values by Al systems, which aims to improve their alignment and facilite their beneficial use.
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Figure 4: Results of the experiments with single state annotations (i.e. |7| = 1) on the 8x8 fully
random gridworld.
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Figure 5: Results of the experiments with expert trajectories of maximum length |7| = 5 on the 8x8
fully random gridworld.
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Figure 6: Two-state environment designed to illustrate failure more of Lopes et al. (2009)

A Failure modes of prior methods

For each of the three prior methods for active IRL, we will now present an example of a simple
environment where the method makes a clearly suboptimal choice with respect to at least one of the
two objectives.

Lopes et al. (2009): Consider an environment with two states s¢ 1 each with two actions a 2 as shown
in Figure 6. Suppose through prior knowledge we know that a; is optimal in s;, but we are uncertain
about the exact probabilities of ay, as in this state - and thus o*°P** (s, ) is high. Furthermore, suppose
that in sy we lack information about which action is optimal, but the entropy of the probabilities in
each state is lower a°P*(sy) < al°P*(s;). In this case, budget would be wasted on s rather than
learning the optimal action in sg.

Below we give a concrete example of this effect. We construct a discrete prior distribution over
rewards which induces a prior over the possible action probabilities in each state. Following the
notation of Lopes et al. (2009), denote by p; . (p) the probability that the policy in state s has
probability p of taking action a. We construct a prior:

/1,0’1(0.4) = 03, ,u071(0.6) = 07, (11)
and reciprocally
10,2(0.4) = 0.7, 110,2(0.6) = 0.3, (12)

Furthermore, in state s; we have

/1,1’1(0.7) =0.5 s ,ul’1(0.9) = 05,

,LL172(0.3) =0.5 s ,LLLQ(O.].) = 05,
With this posterior, the policy is uncertain about whether a; or a is optimal in state sg. In state sq,
although it is unsure of exact probabilities, there is no doubt that a4 is the optimal action.
The acquisition function a/-°P%
actions, in each state:

computes the entropy of these random variables, averaged across

oM (50) = 0.881, alP(sy) = 1.0. (13)

Concretely, this acquisition function would query s;, where the policy already knows which action is
optimal, rather than sy where there is key information to be gained.

(Brown et al., 2018): Consider an environment with two states labelled sy ; and two actions aq o as
shown in Figure 7. Both actions in state sg lead to s;, one with reward +2 and the second with —2
(but we do not know which is which). In s;, both actions lead to a terminal state, and give a reward
of —10 and +10. Since the potential downside of any policy is maximal at so (—12), the acquisition
function would query sg. On the other hand, querying state s; to distinguish the 10 rewards would
yield a greater reduction in regret.

Consider an intermediate policy which knows the absolute values of all the rewards, but not the relative
signs: (i.e. (+2,—2) and (—2, +2) are equally likely for r(a1|so), 7(az|so). as are (+10, —10) and
(=10, +10) for r(a1|s1), r(az|s1). We can easily compute

B (s0) =2 +410, PO (s) = 10, (14)
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Figure 7: Two state environment to demonstrate failure mode of Brown et al. (2018).

such that for sufficiently large discount factor, state so would be queried by this acquisition function
argmax , {aB¥"(s)}. We can compute the reduction in expected regret after querying each of these
states. The initial expected total regret for the apprentice policy, averaged over a uniform initial state
distribution

B[R] = 5 (V*(s0) — V7(50)) + 5 (V*(s1) = V(1)) = 224410 ~0) + 2(10-0). (I5)

The expected fotal regret after querying sg, 51 respectively:

1 1 1
E[R]|so] = 5(2+71072)+§(1070) = (v+1)5, E[R|s1] = (2+710—710)+§(10710) =1.
(16)
We therefore observe that whilst Brown et al. (2018) would query s, querying s; yields a greater

reduction in expected regret.

DO =

(Kweon et al., 2023): Consider a situation where there is perfect knowledge of the action values
in a particular state, but a subset of actions at this state are equivalent (result in the same reward
and next state distribution) and tied as optimal. Then the policy will assign uniform probabilities
among these actions and due to high action entropy this state will be repeatedly queried. We offer
an extreme example of this in Figure 1 which renders this acquisition function useless since it will
only ever query the jail cell without gaining any information. Similarly, if in any environment, we
allow querying terminal states, the method always queries these since actions have no effect and thus
a Boltzmann rational policy would be uniform and thus have maximum entropy.

Uniform random sampling: Consider the single action annotation version of uniform random sampling.
Consider a set of n x n gridworlds with a constant number of states that can yield useful information.
A uniform random sampling algorithm will need O(n?) steps to visit all of these (so a n grows large,
would become unlikely to find a good apprentice policy in any given finite number of step) whereas
a method that targets the useful states, such as our methods, would remain O(1) independently of
growing n.

B Theoretical Analysis

We will establish an upper bound on the expected number of expert demonstrations needed to find a
policy satisfying our PAC criterion. The proof strategy proceeds in three steps:

1. First, we show that if a policy has positive expected regret, there must exist a state where the
policy’s action is significantly suboptimal in terms of Q-values.

2. Building on this, we prove that if a policy is not (e, §)-PAC, then with probability at least J,
there exists a state where the difference between optimal and apprentice policy’s Q-values is
lower-bounded by a function of e.

3. Finally, we show that in such cases, observing an expert demonstration from an appropriately
chosen initial state provides a guaranteed minimum amount of information about the rewards.
Since we can only gain a finite amount of information (bounded by the entropy of our prior), this
leads to a bound on the number of demonstrations needed.
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We begin with our first lemma, which connects policy regret to Q-value differences:
Lemma B.1. Let 7 be any policy, r any reward function, and

R: - ESUNPO [V:(So) - Vrﬂ(so)] >0,
the regret of that policy. Then there exists a state s € S such that

Qr(s,m7(5)) — Qr(s,m(s)) = (1 = )R

Proof. Let us define
Aq = max [Q7(s, 7" (s)) — Qi (s, m(s))] -

We will prove the lemma by showing that RT < Ag/(1 — 7).

Since QT (s, 7(s)) < Q% (s,m(s)) (because Q) is the optimal Q-function), we have

Vii(s) = Vil (s) = Qr(s, 7" (s)) — Q7 (s, 7(s))
> Qr(s, 7 (s)) — Q7 (s, m(s))

>0.
Using the Bellman equation, for any state s € S we can write

Vi (s) = VT (s) = Qr(s,m"(s)) — Qr (s, m(s))
= Qr(s,7(s)) — Q7 (s, m(s)) + Qr(s,m(s)) — Qr (s, 7(s))
<Ag + (r(5,7(5) + 1B sm(s)[Vi (8)]) = (r(5,7(5)) + VB js,n(5) Vi (57)])
=AqQ + By 5o [V (s") = VT (5")]
< A +ymax[VI(s) = V7 ().

Here, the first equality just replaces state values by the corresponding Q-values, the second line adds
and subtracts the same term, the third line uses the definition of A for the first term and expands the
latter two Q-values using the Bellman equation, the third just cancels out the repeated reward term.
The final inequality follows because the expectation over next states is bounded by the maximum.

Since this inequality holds for all s € S, it holds also for the state maximizing the left-hand side, so
we get

max[V;"(s) — V,7(s)] < Aq +ymax[V;"(s') = V[7(s')] (17)
S ry
which can be readily rearranged into
A
max(V;' () = V7 ()] < 7=
Thus
R = Esgnpo [Vi7 (s0) = Vi (50)] < max[Vi*(s) = V,"(s)] (18)
Ag 1
< =« - _ - * * _ N* 1
< 1oL = o mas Q1 (5) — @1 s ()], (19)
which completes the proof. O

Lemma B.2. Let 7 be the apprentice policy at step n. For any § € (0, 1], let R, 5 be the (1 —0)-
quantile of the regret distribution with respect to the current posterior distribution over rewards, i.e.,
RY 5 satisfies

P.p,(Ry > Ry 5) = 0.

Then, there exists a state s € S such that

Pyip, (Qr(s, 7 (s)) — Qf(s,m(s)) > (1 — )R] 5) >
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Proof. Let us define the set of reward functions under which 7 has high regret:
H={r:Rl >R];}.
By definition of the quantile R, ;, we have

HDT’|D" (T S H) =J.

For each r € H, applying Lemma B.1, we know there exists a state s, € S such that
Qr(srymi(sr)) — Qr(sr,m(sr)) = (L =BT = (1 =) R7 5.

Now, consider the collection of states {s, : 7 € H}. Since the state space S is finite with cardinality
|S|, by the pigeonhole principle, there must exist at least one state s € S such that

Pip, (r € Hand s, = s) > é|

For this state s, whenever r € H and s, = s, we have
Qr(s,m(s)) — Qr(s,m(s)) = (L = )Ry 5.

Therefore,
Prip, (Qr(s, 7 (s)) — Qr(s,7(s)) > (1 = )R] 5) >

which completes the proof. O

This lemma extends our previous result to the probabilistic setting of Bayesian IRL. While Lemma B.1
showed that high regret implies the existence of a state with poor action choice, this lemma shows
that if our policy has a significant probability of high regret, there must be at least one state where it
has a significant probability of making a poor action choice.

Theorem 5.1. Fore > 0and ¢ € (0, %], assume that no policy w is (e, 0)-probably-approximately-
correct, i.e., P[RT > €| > &, V. Then, there exists a state s € S such that observing a new expert
demonstration at s has an expected information gain of at least

5(1 — e Al=7)e)2
EIGR (¢,8) =
mm(EV ) 8|A|3|S|

®

Proof. We will prove the theorem by showing that under its assumptions, there exists a state s and
an alternative action a* # 7 (s) that has a chance of being significantly better than the apprentice
action. If it is significantly better, it is significantly more likely to get selected by the expert than if it
is inferior to 77 (s). Since the observation distributions in the two cases are different, this allows us
to put a lower bound on the expected information gained by observing the expert.

Under the assumptions of this theorem and using Lemma B.2, there exists a state such that

P, [Q1(s, 71 (5)) — Q5. 7(5)) > (1— )] > f|

Let us denote by E the event {Q; (s, 77 (s)) — Qi (s, 7 (s)) > (1 — 7)e}. This event can be parti-
tioned into events £, = EN{a = 7}(s)} fora € A\ {n”(s)}. Let a* be the action whose partition
E* := E,~ has the highest probability under the posterior. Then P[E*] > m.

Let E 4 be the event of the apprentice action 72 (s) being optimal, i.e.,

Ea = {rM(s) = m2(s)} = {Q1(s.0) — Qi (s,7(5)) < 0, Va € A},
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Since 74 is defined as the policy maximizing the probability of being optimal, we have P[E 4] > ﬁ.
Note that this event is disjoint from E*. For completeness, we define E~ as the complement of
E*UEy,so E4, E*, and E¢ form a partition of the event space.

Now, if we denote by A the action taken by the expert in state s seen as a random variable, we can
decompose the mutual information between A and F as

I(AE) = > P[E] Dx(p(A|E)|Ip(A)).
Ec{E*,Es,Ec}

To finish the proof, we need to put a lower bound on this mutual information. We have already given
lower bounds on P[E*] and P[E 4]. We will now provide a lower bound on the corresponding KL
terms by first lower-bounding the total variation distance between p(A|E*) and p(A|E,).

In the event E 4, we have Q7 (s, 7(s)) > QZ(s,a*), so under the Boltzmann-rational policy, we
have p(m(s)|s; Ea) > p(a*|s; Ea).

On the other hand, in case of E™*, we have
1 x 1 g ok
p(mh(s)|s; E*) = EeﬁQr(SmA(S)) < EeB(QT(w )—(1=7)e)
= e PU=Vep(a*|s; E)
= p(a*|s; E*) — (1 — e A=) p(a*|s; EY).
Since under E*, a* is the optimal action, it is also the most likely action under the Boltzmann expert
policy, so we have p(a*|s; E*) > ﬁ, which gives us

p(a*[s: B*) — p(a™(s)]s: E*) > (1 — e*ﬂ“ﬂ)wﬁ. 20)

‘We can use this to bound the total variation distance:

DY = Drv(p(A|EA),p(A)) + Drv(p(A|E*), p(A))
> Drv(p(A|Ea), p(A|E™))

> l(p(T"A(SNEA) = p(r®(s)|E7) + p(a”|E*) — p(a”|Ea))

2
> Lo B - pir (9)1B)
- %(1 _ e—ﬁ(kv)e)ﬁ

where we used the triangle inequality in the first step, the definition of total variation distance in the
second step (omitting non-negative terms corresponding to actions other than 7* and a*), the fact
that p(72(s)|E4) > p(a*|E4) in the third step, and plugging in Equation (20) in the final step.

Since both TV terms on the left-hand side are non-negative, we have
max{Drv(p(A|E4),p(4)),
Drv(p(A[E™), p(A))}
> ﬁu — e A=Y,
Applying Pinsker’s inequality, this gives us
max{ D1 (p(A|Ea)([p(A)),

D (p(A[E")[[p(A))}

> (1-— e_ﬁ(l_”’)f)Q.

8| A2
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This finally allows us to establish that

(B = Y PEDQGAIE)pA)
Ec{E*,Ea,Ec}
> min{P[E4], P[E*]}
x max{Dxr(p(A[Ea)|[p(A)), Dk (p(A|E™)||p(A))}

> mln{l 6}
|A]” (|A] = 1DIS]
1
_ o B(1=7)e)2
X 8|A|2(1 e )
)

— (1 - B2
SRR )

The first inequality follows from the fact that all three terms in the sum are non-negative. The second
inequality just plugs in results previously derived in this proof. The final step resolves the minimum
as its second term using the assumption that § < % and |A| > 2.

Since the distribution over events F is fully defined in terms of the distribution over Q-values, this
mutual information between A and F, which is also the expected information gain about £ from
observing the expert action, is a lower bound on the information gain about the Q-values (and thus
also the rewards). This completes the proof. O

B.1 Information-Theoretic Bounds

To establish bounds on the number of steps needed, we first define suitable discrete random variables
that capture the information relevant to achieving the PAC criterion. For any state s € S and action
a € A, we define

RS = Qr(s, mi(s)) — Qr (s, a) 2D
to be the random variable capturing the immediate regret of action a in state s. We then define E ,
as a ternary random variable that categorizes this regret:

“zero” if R;, =0
Egq={ “small” if0 <RI, <e (22)
“large” if RS, > €

We aggregate this information across all actions in state s by defining
E, = (Es,a)aGAv
which is a vector of |.A| ternary variables. Finally, we define
E = (Es)ses (23)
to be a random variable composed of the variables E for all states.

These discrete random variables allow us to work with standard (non-differential) entropy, avoiding
some of the technical challenges of continuous distributions while still capturing the information
needed to establish PAC bounds. In particular, knowing F with certainty would tell us which actions
are optimal in each state.

limiting density of discrete points or a suitable discretization) of the joint prior distribution over the
state-action immediate regrets of all state-action pairs for any policy. Then, the expected number of
steps needed to reach the PAC condition is upper bounded by

8Rmax| A3 |S|
6(1 — 6_5(1_7)6)2 ’

Theorem 5.2. Let hy, > max, H(p(Ry ,.)) be an upper bound on the entropy (in the sense of a

hmux/EIGmin(ea 5) = (10)
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Proof. The minimal expected information gain guaranteed by Theorem 5.1 is fully derived from
components of the random variable E. Thus, at every step of active learning where we have not yet
achieved the PAC criterion, we can gain at least EIG i, (¢, 0) information about E.

Let H,, denote the entropy of E after n steps of active learning. By the properties of entropy and
information gain:

1. H, > 0 for all n (non-negativity of entropy)
2. Hy = hprior (initial entropy)
3. Hpy1 < H,, — EIGpin(€, 0) for all n where the PAC criterion is not met (guaranteed information
gain)
Let NV be the number of steps needed to reach the PAC criterion. Then:
0< Hyn

< Hy — N - EIGyn(€, 9)
== hprior - N- EIGmin(Ga 5)

Solving for N:
B
N< P 24
= ElGpi(c,0) 9
The result follows by substituting the expression for EIGy;, (€, §) from Theorem 5.1. O

Corollary B.3. For any prior distribution over rewards, the expected number of steps to reach the
PAC condition is at most

8log(3)|A[*[S|?
6(1 — 6_6(1_7’)6)2 ’

log(3)|S||A|/EIG in(e, ) = (25)

Proof. The random variable F aggregates |S||.A| ternary random variables, so it can take at most
3!8I values. Thus, its maximum entropy is — log(1/3!5I1) = |S||.4| log(3). The result follows
by plugging this maximum entropy into Theorem 5.2. O

While we do not claim this bound is tight, it provides a useful characterization of how the sample
complexity scales with the problem parameters. In particular, it shows polynomial dependence on the
size of the state and action spaces, and inverse dependence on both the allowed suboptimality € and
failure probability 4.

B.2 Notes on possible improvements
B.2.1 Tighter bound for large state spaces

Note that the bound from Lemma B.2 can be tightened if the state space is large and only a subset
is reachable within an effective horizon. In that case | S| can be replaced by the number of states
reachable from the initial states within 1/(1 — ) steps.

B.2.2 Static policy

The bound includes the entropy of each action in each state. In fact, it may be enough to focus on a
single action in each state, since we want to identify only a particular PAC policy, rather than reducing
entropy of all of the components of E(s) in every state. This should allow us to exclude a factor of
|A| from the bound on the expected number of steps to reach the PAC condition.
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B.2.3 Generalization of Theorem 5.1

Note that the proof of Theorem 5.1 can be adapted to work with any policy that has a high probability
of taking a low-regret action, e.g. policies with

P[R*(s,a) < <] >

5 (26)

In practice, the various notions of the "best" apprentice policy tend to correlate, so the lowest-
expected-regret policy is likely to satisfy this assumption, and if not, it can be adjusted by moving
additional necessary probability weight onto the most-likely-optimal action, in which case this active
learning strategy can guarantee the PAC condition for the lowest-expected-regret policy, which would
usually be the default one to use in practice.

C Resulting acquisition function and its computation

A practically useful acquisition function should account for one more important point: in order to
get a policy with low expected regret, we do not need to reduce the expected immediate regret of
all points, but just those that are likely to get visited by the apprentice policy 7. Let v4(s) :=
E[>,2 57" I[s; = s]]] be the discounted expected occupancy of state s. Then, we can set

a(s) :==va(s)I(As, Es). 27

to be the acquisition function for querying single states.

However, we also wish to have an acquisition function for collecting full trajectories. A naive
approach employed by some prior work (Kweon et al., 2023) would be summing the individual

ap,(s0) == Eyp, [Eﬂr > o?(s)]} (28)

SET

However, the sum in Eq. (28) neglects correlation between the regrets in different states (and, worse,
autocorrelation if a state is visited multiple times). We can instead estimate the full expected
information gain about our variable E' from the new expert trajectory. Then, dropping the weighing
for the moment,

EIGg(s0) = E- g [log p(T|E) — log p(7)]. (29)

We assume that the Bayesian IRL method we use to estimate this is able to give us samples from the
current posterior over Q-values. Given a Q-value and an initial state, we can sample the corresponding
hypothetical expert trajectories 7|Q. Also, F is a cheaply-computable function of Q, so we can also
easily convert the samples of Q into samples of E. Then, the only remaining challenge in computing
EIGg is estimating p(7|E).

If the state space is small and we have a lot of Q samples, we can estimate p(7|E) =
|971E| > -0co, P(T|Q). However, note that for a given policy, there are 3!S| possible values of
E™, so even for a moderate size of the state space, the number of Q corresponding to each E could be
small. At the same time, the components of E™ corresponding to states far away from the trajectory
are unlikely to share much mutual information with the trajectory. Thus we suggest using the bound

I(r,E) > I(r,ET) (30)
where ET := (Eb) scs, for S, being some neighbourhood of 7 in the state space, including all states
on the trajectory 7 plus states that can be quickly reached from the trajectory.

To again add the weighing, we can note that since the transition probabilities are the same for both
components,

logp(r|E) —logp(r) = Y logp(als; E) — log p(7]s) (31)

s,a€T
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which naturally allows us to re-introduce the weights as

> vals,a)(logp(als; E) —log p(r|s)) (32)

8,aET

resulting in an acquisition function

EIGg(so) = Er g Z vx(s,a)(logp(als; E-) —logp(|s))]. (33)

S,aET
D Experiment details

D.1 Basic parameter values

In the three environments (structured 6x6, random 8x8, and random 10x10) we used 8 = 4, 2,4
respectively, v = 0.9, and an infinite horizon (but all environments contained terminal states). We
started with an empty set of demonstrations (implemented as a single, uninformative observation of a
dummy sink state) and then ran active learning for 150 steps.

For ActiveVaR, we used § = 0.05 (same as the original paper). For policy entropy, we used the
entropy of the discretized distribution for each action (as proposed by the authors) with K=10 buckets.
For our regret-based acquisition functions, we use regret discretization with e = 0.1 for the full regret
and (1 — «)e = 0.01 for the immediate regret.

D.2 Environments

The gridworld environments have 5 actions, corresponding to staying in place and moving in the four
directions. Furthermore, there is a probability of 0.1 of random action being executed instead of the
intended one. If an action would result in crossing the edge, the agent instead remains in place. The
gridworlds use a state-only reward (awarded upon executing any action in the given state).

The 8x8, and 10x10 fully random environments were generated as follows:

1. Each state was assigned a random reward drawn independently from N(0, 3) (i.e. mostly yielding
rewards between -10 and 10).

2. Each state was then marked as terminal with an independent probability of 0.1.

3. The top 10% of states with highest reward were further marked as terminal (producing terminal
goal states, which may, however, sometimes be avoided by the optimal policy in favour of staying
forever in other positive states).

4. The initial state distribution is either uniform across the whole state space, or, in the case of the
10x10 gridworld, 2 non-terminal initial states were chosen randomly uniformly.?

D.3 Bayesian IRL methods

Our active learning uses a Bayesian IRL method as a key component. In our experiments, we used
two methods based on Markov chain Monte Carlo (MCMC) sampling: on the structured environment,
we used PolicyWalk (Ramachandran & Amir, 2007), while on the environment with a different
random reward in every state, we used the faster ValueWalk (Bajgar et al., 2024), which performs
the sampling primarily in the space of Q-functions before converting into rewards. We also tried a
method based on variational inference (Chan & van der Schaar, 2021), but we found its uncertainty
estimates unreliable for the purposes of active learning.

For MCMC sampling, we used Hamiltonian Monte Carlo (Duane et al., 1987) with the no-U-turns
(NUTS) sampler (Hoffman & Gelman, 2014) and automatic step size selection during warm-up

ZNote that the implementation allows the two initial states to collide, producing only a single initial state in 1/81 of the
cases, but this was not the case for any of our 16 random seeds.
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(starting with a step size of 0.1). At every step of active learning, we ran the MCMC sampling from
scratch using all demonstrations available up to that point. We ran for 100 warm-up steps and then
200, 500, and 1000 on the three environments respectively. For subsequent usage, we use every other
sample to reduce autocorrelation.

D.4 Metrics

On the first two environments, we use KNN entropy estimation to calculate posterior entropy with
K=5. This method is known to struggle in high dimensions, which we also observed in the case of
the 10x10 gridworld (which has a 100-dimensional reward space), so there, we estimate the entropy
by the entropy of a multivariate normal distribution with the mean and covariance matrix estimated
from the MCMC samples.

Regret was calculated relative to the expected return of the optimal policy, calculated using value
iteration with a tolerance of le-5. Posterior regret samples were similarly calculated relative to the
optimal return with respect to each of the posterior reward samples (which were calculated using the
optimal Q-value samples which get produced by the Bayesian IRL methods).

When aggregating true regret across environment instances, we also normalized the regret for each
random environment instance by the average regret across all methods across the first 32 steps of
active learning to account for the possibly different scales and different learning difficulties of the
random environments.

D.5 Implementation

The experiments were implemented using Python 3.10, PyTorch 2.5.1, and Pyro 1.8.6. We will
publish our full code for both the experiments and the associated result analysis on Github once the
anonymity requirement is lifted.

D.6 Timing

The computational time per step of active IRL is dominated by the time necessary to collect the
Bayesian IRL MCMC samples, which ranges between 5 seconds for the 100+200 samples on the
structured gridworld to about 5 minutes for the 100+1000 samples on the 10x10 gridworld in a single
CPU thread. The overhead of all acquisition functions on top of that is below 0.03 and can thus be
considered negligible.

Reproducing all our experiments thus takes less than a day on a CPU with 128 threads (we used
AMD Ryzen Threadripper 3990X at 2.2GHz).



