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Preface

As Al systems become widely employed this technology will profoundly impact society. To ensure
this impact is positive it is essential to align these systems with the values and intentions of the human
stakeholders. This presents a crucial open challenge in Al that needs to be solved before these systems
can be employed to act autonomously in the interests of humans.

| believe learning a reward function from a human represents a promising approach to this challenge.
However, when assessing the literature on reward learning and using these algorithms, it struck me
that we can not simply rely on these techniques, since they are often imperfect and have considerable
theoretical limitations. These problems need to be addressed before reward learning is a genuine
approach to safely developing Al systems that are aligned with human values.

To address this shortcoming, | imagined an iterative process of refining the alignment between humans
and Al through demonstrations and explanations. Specifically, assisting the human in finding the flaws
in the objective function of an Al could help the human understand misalignments and then provide the
Al agent with new demonstrations of desired behaviour. It struck me as especially fruitful to leverage
techniques from the field of eXplainable Al in this setting. So this thesis is an attempt to transfer
a technique from eXplainable Al, namely Counterfactual Explanations, to the setting of explaining a
reward function to a human.

This report is composed of a main scientific article and a set of Appendices. The scientific article
presents this research project’'s main motivation and results. The appendix presents a further set of
experiments that support the experiments in the paper and discusses the available literature, concrete
implementations and implications of the research in more depth.

This research was conducted with the Interactive Intelligence Group at the Delft University of Technol-
ogy under the supervision of Prof. Dr. Luciano Cavalcante Siebert and Prof. Dr. Frans Oliehoek.

Jan Wehner
Delft, October 2023
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Abbreviations

Nomenclature

Abbreviation  Definition

Context

CTE Counterfactual Trajectory Explanation Type of Explanations consisting of pair
of original and counterfactual trajectory
MCTS Monte Carlo Tree Search Method for generating CTEs
DaC Deviate and Continue Method for generating CTEs
RL Reinforcement Learning Area of Machine Learning
AIRL Adversarial Inverse Reinforcement Learning Reward Learning Algorithm
PPO Proximal Policy Optimization Reinforcement Learning Algorithm
NN Neural Network Type of Machine Learning Model
LM Linear Model Type of Machine Learning Model
Symbols
| Symbol  Definition

Ry Learned Reward Function

R* Ground truth Reward Function

T Policy trained on Ry

" Policy trained on R*

Texp Trajectories generated by 7*

Torg Trajectories generated by 7y

torg Partial original trajectory extracted from from t,,.; C 7,4

tef Partial counterfactual trajectory generated by a generation method

w Uniformly sampled set of weights for the quality criteria

wWeriterion  1he weight assigned to one quality criterion we,ierion € W

p quality values; the normalised, weighted sum of quality criteria

v
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Abstract:

Learning rewards from humans is a promising approach to aligning Al with human values. However,
methods are not able to consistently extract the correct reward functions from demonstrations or feed-
back. To allow humans to understand the limitations and misalignments of a learned reward function
we adopt the technique of counterfactual explanations from the field of eXplainable Al (XAl). Concretely,
we propose Counterfactual Trajectory Explanations (CTEs) as an approach to contrast an original with
a counterfactual partial trajectory and the rewards they receive. We devise and test 2 methods for gen-
erating CTEs of which a generation method based on Monte Carlo Tree Search proves to be the most
effective. The CTEs are optimised for 6 quality criteria that were derived from the literature and tested
experimentally. We found that most quality criteria are beneficial for creating more informative CTEs,
while Validity stands out as contributing especially much to making explanations informative. Finally,
we measure how informative the generated explanations are to a proxy-human model. While the model
is not able to capture all aspects of the reward function, it does learn a substantial amount of knowledge
that generalises to different trajectory distributions from the CTEs. These results present the use of
counterfactuals, and more generally XAl methods, on learned reward function as a promising avenue
for further inquiry.

1.1. Introduction

With the growing adoption of Reinforcement Learning (RL) models in real-world use cases like health-
care [89], autonomous driving [38] or recommender systems [2], and the increasing capabilities of these
models, it is more pressing than ever to consider how we can ensure that these models are safe and
aligned with human values [22, 91]. One core difficulty of achieving trustworthy [13] and controllable
Al [12, 63] is to accurately capture the intentions and preferences of the designers in the reward func-
tion on which the RL agent is trained [56]. For example, an autonomous driving system trained on a
misspecified reward function [39] could display undesired driving behaviour [87], cause dangerous situ-
ations [34] or make objectionable ethical trade-offs [24]. Looking further ahead, aligning the objectives
that powerful Al systems are trained on with human values is a key open problem [27, 4] for mitigating
catastrophic risks from Al [63].

For many tasks, it is hard to manually specify reward functions that accurately capture the intentions
of the human stakeholders, preferences of users or the values of society at large [57, 4]. Reward
Learning is a set of techniques that circumvent this problem by instead learning the reward function
from data. We specifically focus on Inverse Reinforcement Learning (IRL) [55] which aims to retrieve
the objective function of an expert from demonstrations they generate. When applied to human data
this makes reward learning a promising approach for aligning the reward functions of Al systems with
the intentions of humans [63, 42].

However, even if we assume the existence of one consistent expert reward function, IRL often learns
flawed reward functions that differ from the learning target. This could arise because IRL is an ill-posed
problem [1], wrong assumptions about the rationality of the expert [69, 5], or other failures in learning.
Furthermore, learning human values via IRL is made more complicated [81] by the diverse [77], dynamic
[53, 18, 61] and context-dependent [43] nature of human values. To avert this misalignment between
the true and learned reward function we aim to empower humans to evaluate and correct the learned
reward function [31]. To do this, humans need to be able to understand the reward function, which
allows them to identify general patterns or specific situations for which it diverges from their judgement.

Currently, itis hard for humans to understand the reward function learned by IRL. This especially applies
to Deep IRL [84], where a Neural Network represents the learned reward function. While Deep IRL
allows the method to learn more complex reward functions, it also makes the learned reward function an
uninterpretable black box, especially because the networks can be very large in scale. To address this
Sanneman and Shah propose the "Transparent Value Alignment” framework [65] in which eXplainable
Al (XAl) methods are applied to provide explanations of the learned values to the human. However,
many XAl methods have not yet been adapted to explain reward functions and there have been few
attempts [47, 30, 62] to develop methods for interpreting deep reward functions. Doing so requires to
reconceptualise the methods so they can uncover misalignments.

Counterfactual explanations are one promising XAl technique that can be applied to this setting. Coun-



Reward(counterfactual) = +2

Figure 1.1: A car has originally taken a straight line and received a reward of +4 from the reward function. By providing a
counterfactual that receives a lower reward of +2 we can make hypotheses about how the reward function assigns rewards.

terfactual Explanations are "if-then” statements that contrast reality with an alternative scenario. They
have been shown to enable users to better understand the decisions made by Al systems [52, 79].
These methods are also supported by a wealth of psychology research which shows how fundamental
counterfactuals are to human understanding and reasoning by allowing us to reason about alternative
scenarios [11, 60, 17, 46, 32, 48].

Figure 1.1 illustrates how a counterfactual trajectory can aid in understanding how a reward function
rates driving behaviour. If the explanation only shows the original trajectory with the reward +4 assigned
to it, it is hard to draw higher-level conclusions about the reward function that generalise to different
contexts. Adding the counterfactual trajectory, which got the reward +2 allows the human to form or
validate hypotheses about what behaviour the reward function (dis-)incentivises. For example, the
displayed explanation could support the hypothesis that the reward function disincentivises the driver
from swerving and getting close to the other lane. Instead of showing a set of independent trajectories,
counterfactual trajectories allow the user to learn more efficiently from them, because they allow the
user to make causal inferences [45] and thus efficiently interpret the underlying mechanism driving the
decision-making [80].

While there is work that aims to explain reward functions to users [66, 64, 8, 33, 35], there have been
few attempts to do this for deep reward functions [47, 70]. Furthermore, counterfactual explanations
have only recently been applied to RL [23, 44, 20, 71].

This study makes a novel connection between XAl and Reward Learning by, to the best of the author’s
knowledge, being the first to automatically generate counterfactual explanations about learned reward
functions. We hope that such counterfactual explanations about reward functions can be used in a
cyclical framework as displayed in Figure 1.2 to iteratively and interactively improve the alignment
between a human’s values and the learned reward functions.

The overarching question guiding this research is: How can we create counterfactual explanations
that serve as informative explanations about deep reward functions?

This requires us to answer several research sub-questions (RQs) that are connected to the contribu-
tions of this thesis:

RQ 1: How can counterfactual explanations be reframed to the reward learning setting? We
develop the notion of Counterfactual Trajectory Explanations (CTEs) that explain reward functions.
Furthermore, we survey criteria that counterfactual explanations should meet, and adapt and opera-
tionalise them in the setting of reward functions.

RQ 2: How to generate counterfactual trajectories for reward functions? Two methods that gen-
erate CTEs by optimising for the quality criteria are developed and tested.

RQ 3: How informative are the generated counterfactual explanations? We develop a novel mea-
sure for the informativeness of counterfactual explanations based on a proxy-human regression model
that learns from provided explanations. With this, we evaluate which quality criteria and generation
methods lead to more informative explanations.
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Figure 1.2: Humans provide data in the form of demonstrations or preferences, that contains information about their intentions
or values. From this a reward learning algorithm learns a reward function. Next, an explanation method generates
counterfactual explanations about the reward function and provides them to the human. Based on this the human can provide
new data that specifically corrects on the detected misalignments

The remaining article is structured as follows. We start by surveying previous work about explaining
reward functions and counterfactual explanations (Section 1.2) and set out clearly define the problem
and our approach to address it (Section 1.3). Next, we describe the methods developed for creating
counterfactual explanations (Section 1.4) and how they are evaluated (Section 1.5). Section 1.6 show
the results of three experiments and interpret them with regard to the research questions. Finally, we
conclude by laying out limitations and future work (Section 1.7).

1.2. Related Work

This section covers previous work on understanding and testing learned reward functions. Further, it
introduces and justifies the use of counterfactual explanations and points to some examples of previous
uses of this technique. A detailed discussion of the literature can be found in Appendix A.

1.2.1. Understanding Learned Reward Functions

To position this research project we survey previous work that has the goal of helping humans to un-
derstand reward functions. First, we survey different approaches for directly evaluating the quality
of a learned reward function and then survey approaches for helping humans in interpreting reward
functions.

Evaluating Learned Reward Function

Evaluations of the quality of a learned reward function Ry are often based on the true reward function
R* 92,14, 90, 74, 9]. Several researchers propose direct evaluation by comparing the learned reward
function with the true function, using methods like Equivalent-Policy Invariant Comparison (EPIC) [25] or
Dynamics-Aware Reward Distance (DARD) [82]. Testing how well reward learning algorithms generally
work can also be conducted through tools and benchmarks testing on specific algorithms [19, 73].
Furthermore, the policies trained on Ry and R* can be compared [86, 83, 85, 54].

The presented methods for evaluating learned reward function assume that there is access to the
ground truth reward function or conflate policy learning with reward comparisons. Assuming access to
a ground-truth reward function makes the method less applicable since reward learning is specifically
useful when we cannot specify the true reward function. Conflating policy learning and reward compar-
ison makes it is unclear whether differences are caused by misalignments of the reward function or by

"The full code for the project is available at: https://github.com/TheGermanCodeMachine/
Counterfactual-Trajectory-Explanations-for-Learned-Reward-Functions
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failures of an RL algorithm to retrieve the optimal policy. This necessitates the search for evaluation
methods that don’t rely on these assumptions.

Interpreting Reward Functions

Enabling the human to understand the reward function by making reward learning interpretable could
enable them to evaluate the reward function, without being able to write down a ground truth reward
function.

Intrinsically interpretable reward functions

Intrinsic Interpretability applies to Machine Learning models inherently designed for easy comprehen-
sion, albeit sometimes restricting predictive accuracy. Tree-based models are seen as intrinsically
interpretable, because due to explicit decision procedures. In the literature, binary [8] and differen-
tiable [33] decisions trees have been tested [7] and applied [70] as reward functions. Other methods,
such as learning a linear temporal logic formula [35] or conducting IRL in a relational domain [54], also
offer easier interpretation than deep reward function.

Our proposed method generates explanations without having to restrict the architecture of the learned
reward function and thus allows for the use of more capable models.

Post-hoc interpretability for reward functions

Post-hoc interpretability methods, applied after model training, illuminate the model’s decision-making
process. The closest work to ours comes from Michaud et al. [47] who apply gradient salience and
occlusion maps, as well as handcrafted counterfactual input to understand learned reward functions
that help them to identify flaws and misalignments. In contrast, our counterfactual inputs are partial
trajectories instead of single states and are automatically generated instead of handcrafted.

Jenner and Gleave [30] apply equivalence transformations that simplify the reward function. Similarly,
Russel and Santos [62] train a more interpretable decision tree to replicate a deep reward function.

Lastly, Lindsey and Shah conduct experiments that measure how different explanation techniques en-
hance human comprehension of the reward function, while also considering the cognitive workload this
places on the user [64, 66].

Our proposed method also generates Post-Hoc explanations about the reward function but does so by
automatically generating counterfactual examples of how the reward function judges behaviour.

1.2.2. Counterfactual Explanations

One popular type of explanation used in XAl to help humans understand and interpret predictions by
ML models is Counterfactual Explanations. After laying out a general definition for counterfactuals we
lay out their advantages and their previous applications to RL.

Definition of Counterfactual Explanations:

Counterfactual explanations are a popular tool in XAl to help humans understand and interpret predic-
tions by ML models. Counterfactuals are hypothetical scenarios that pose "what-if’ questions, offer-
ing alternative instances that would have led to a different outcome. For example, an applicant for a
loan might wonder why she was rejected and then receive the explanation: ”If your income would be
1500/year higher, you would have gotten the loan”. This gives users clear, actionable insight into why
the decision was made and how they would need to change the inputs to get a different decision.

More formally, Wachter et al. [79] define counterfactual explanation as statements:

“Score p was returned because variables V' had values (v, vs, ...) associated with them. If
V instead had values (v}, 4, ...), and all other variables had remained constant, score p’
would have been returned.”

Why use Counterfactual Explanations?

Humans use counterfactuals to reason about alternative scenarios to learn from their experience and
improve their behaviour in the future [11, 60, 17]. They also play a critical role in causal reasoning,
planning and blame assignment [46, 32, 48]. The fact that humans can so readily reason about and
learn from counterfactuals, makes them intuitive and easy to comprehend even for non-expert users
[52]. Further, counterfactuals provide users with local and actionable explanations, allowing them to



understand why a specific decision was made and what changes would be required to achieve the
desired outcome [79]. However, critics point out the risk of generating unjustified counterfactual expla-
nations [40] and call for caution when making counterfactuals about social categories such as race or
gender [36].

Previous use of and work on counterfactuals:

There is a large body of work on generating counterfactual explanations for ML models, of which the
majority focuses on supervised learning problems. Multiple surveys explore methods for generating
counterfactual explanations [76, 6, 26, 72] and their connection to human psychology [37, 10].

While most work on Counterfactual Explanation addresses Supervised Learning, adapting this method
to Reinforcement Learning requires adaptation. When making counterfactual explanations to explain
the behavior of RL agents, changes can be made to the Features, Goals, Objectives, Events, or Expec-
tations of the agent in order to change the pursued Actions, Plans, or Policies [23]. This can be done
to improve the users understanding of out-of-distribution behaviour [20], provide them with more infor-
mative demonstrations [41] or showcase how an agent’s environmental beliefs influence its planning
[71].

However, so far there has been no principled attempt to leverage counterfactual explanations in the
setting of Reward Learning. While the work described previously aims to explain a policy = we aim to
explain a reward function R.

1.3. Preliminaries

This section sets up some important methods, notations and definitions used throughout the paper. It
also gives an overview of the high-level approach we follow in this paper.

Adversarial Inverse Reinforcement Learning:

The goal in IRL is to infer the reward function from a set of expert demonstrations in a Markov Decision
Process (MDP). A deterministic Markov Decision Process (MDP) is represented as a tuple (S, A, R, ),
where S is the set of states, A is the set of actions, R : S x A — R is the reward function, and v € [0, 1)
is the discount factor. In the IRL problem, we have access to the S, A and ~, but have to infer the
reward function R* from a set of expert trajectories D = {r;}}, under the assumption that the expert
uses a policy 7* that is approximately optimal wrt. the reward function R*. This can be formulated as
the maximum likelihood problem:

m(?xRTND[logpg(T)] (1.1)

where 6 parameterizes the learned reward function Ry(s, a).

Adversarial IRL (AIRL) [21] poses the IRL problem as a two-player adversarial game between a reward
model and a policy optimizer. The discriminator aims to learn a reward function which can distinguish
between trajectories from the expert demonstrations D and trajectories generated by the generator.
The generator aims to learn a policy that creates trajectories that the discriminator misclassifies as
coming from the expert demonstrations. Herein, the policy and the reward function are modelled as a
Neural Network, which serves as a powerful function approximator. By using this adversarial training
approach AIRL is able to learn robust and generalisable rewards from expert demonstrations.

Reframing Counterfactual Explanations to Reward Learning:

To use counterfactual explanations in the setting of reward learning, the original definition (see 1.2.2)
needs to be adapted. In the setting of supervised learning, we manipulate the input features of the
model to change the outputs of the model. However, in the Reward Learning setting the variables to be
manipulated could be single states or (partial) trajectories. Correspondingly, the outputs to be targeted
can be seen as rewards assigned to single states or as the average reward assigned to the states in a
partial trajectory.

Only altering individual state-action pairs could overlook complex multi-step plans and runs the risk
of creating infeasible counterfactuals that cannot occur through any sequence of actions. In contrast,
modifying trajectories by choosing a different sequence of actions can provide the user with insights



about which longer-term behaviours are incentivised by the reward function. In this way, planning over
multiple steps is captured and the counterfactual is guaranteed to consist only of achievable states.
We choose to focus on the average reward over a partial trajectory since this allows fair comparisons
between trajectories of different lengths. Thus we define Counterfactual Trajectory Explanations (CTEs)
as follows:

Definition 1.3.1. CTEs consist of a pair {(torg,Torg), (tcs,7cy)} Of partial trajectories and their average
rewards assigned by a reward function Ry that start in the same state s,,, but then follow a different
sequence of actions resulting in different rewards.

From this we can argue that the reward function R, assigned the average reward 7,,, to the partial tra-
jectory t,,4 , because starting in state s,, actions leading to the sequence ((s,, dorg,, )s -+ (Sorgm s Gorg, )
were chosen. | instead actions leading to ((sy, acy, ), .-, (Scf,.s acr, ) had been chosen Ry would have
assigned the average reward 7 to the counterfactual trajectory ;. 2

Given a learned reward function Ry, a policy g trained on R, and a full original trajectory 7,,.;, generated
by 7y, the goal is to select a part of that trajectory t,,., C 7., and produce a counterfactual t.; to it
that starts in the same state s,,. Throughout the report, 7 denotes full trajectories generated by a policy,
while t describes partial trajectories that serve as a part of a CTE.

Overview of the Approach:

Figure 1.3 gives an overview of the process in which our methods are deployed. First, a policy 7*
trained on the ground-truth reward function R* provides demonstrations D = {7;}}4, of the desired
behaviour (1) from which a reward learning algorithm (in our case, AIRL) learns a reward function Ry
(2). In the targeted applications a human would provide these demonstrations based on its values and
preferences.

Next, the explanations are generated (3). A policy 7y is trained on Ry and is used to generate a set of
original trajectories T,y = {Torg, }f’:l, where 7,4, = {(50,a0), .-, (51, a;)}. Then the methods outlined
in section 1.4 generate CTEs that are optimised for the quality criteria described in section 1.4.1.
Lastly, we want to evaluate how informative the generated CTEs are for interpreting Ry. This is done
by training a proxy-human model M, on the CTEs to predict rewards over trajectories. Firstly, a set
of features fy, ..., f, and the average rewards 7 are extracted from the original and counterfactual tra-
jectories of the CTEs (4). These features represent plausible hypotheses a human might have about
which aspects of the environment could influence the reward function predictions. Next, M, is trained
to predict the separate rewards 7,,, and 7y, but also the difference between them 7, — 77, from the
extracted features f,.4, fo¢ (5). Importantly, humans learn from counterfactuals in a contrastive way by
comparing the differences in conditions and outcomes to arrive at causal conclusions [45]. However,
they also learn to predict the rewards for single examples without having to rely on a second data point.
Finally, the accuracy of the learned model is measured on an unseen dataset of CTEs (6). We measure
how close the outputs of My are to those of Ry through the correlation in the reward assigned to CTEs.
This gives us an indication of how informative the provided CTEs were to M, about Ry.

1.4. Method

This section illustrates the approach used to generate Counterfactual Trajectory Explanations (CTEs).
First, it describes the quality criteria that measure how good an explanation is and how they are com-
bined into a scalar quality value. Then it introduces two methods for generating CTEs that optimise for
the quality value.

1.4.1. Quality criteria for counterfactual explanations

The classic approach to creating counterfactuals is to define a loss function that determines how good
a counterfactual is and optimise for that loss function [6]. This loss function is made up of different
components we call "quality criteria”. To create explanations for reward functions we need to rethink
what makes a good counterfactual explanation in this setting and adapt existing quality criteria. From
the plethora of knowledge from psychology about counterfactual explanations and the best-use advice

2A number of examples of Counterfactual Trajectory Explanations in the Emergency Environment [58] can be found in: https:
//drive.google.com/drive/folders/1JMjwQM24BbDwL8vRnG3pST5hlvpzRfZM7usp=sharing
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Figure 1.3: Schematic that describes how rewards are learned (1&2), explanations are generated (3) and evaluated (4,5&6).

from XAIl, we derive six criteria for high-quality counterfactual explanations that are suitably adapted to
explain reward functions. Details about the implementation of these criteria can be found in Appendix
B.1.

Quality Criteria

1. Validity: Counterfactual examples should lead to the desired difference in the output of the model
[75, 23]. This difference in outputs makes it possible to causally reason about the changes in the inputs.
We calculate the Validity as the absolute difference in average rewards between t,,, and t..

2. Proximity: The counterfactual data point should be similar to the original data point [37, 50, 23].
Thus we implement a measure based on the Modified Hausdorff distance [16] that calculates the dis-
tance between state-action pairs and finds the closest match between the trajectories. The distance is
calculated through the Manhattan distance of the player positions, whether the same action was taken
and the edit distance between humans.

3. Diversity: Explanations should cover the space of possible variables as well as possible [29, 20].
Consequently, with each generation of new counterfactual trajectory explanations (CTEs), there should
be an incentive to establish novel information rather than repeating previously relayed data. New CTEs
are incentivised to be different compared to previously shown CTEs in the length of the trajectory,
starting times, starting states and counterfactual direction (upward or downward comparisons) [59].

4. State importance: In generating counterfactual explanations, it is important to focus on important
states that have a significant impact on the trajectory outcome [20]. We aim to start counterfactual
trajectories in critical states, where the policy strongly favours some actions over others. This can be
calculated as the negative entropy in the policy’s action distribution for the starting state [20, 28].

5. Realisticness: Counterfactuals should be realistic, in that their constellation of variables is likely to
happen [37, 23, 75]. Thus we prefer counterfactual trajectories that are likely to be generated by a policy
that was trained on the reward function that is being explained. Such a trajectory would likely score
high on the reward function. This is operationalised as the difference between the average reward of



the counterfactual and original trajectory. In this way, the criterion is normalised to differences in how
much reward could be achieved at a point in the environment.

6. Sparsity: Counterfactuals should only change a few features compared to the original to make it
cognitively easier for a human to process the differences [37, 75, 23, 50]. We interpret this as meaning
that the counterfactual and original trajectories should be shorter so that the human does not have to
compare many states and actions.

Combining quality criteria into a scalar quality value

These six quality criteria need to be scalarised into one quality value p to assign to a CTE. This is done
by normalising the values and combining them into a weighted sum. Given the scores of the quality
criteria in vectorised form QC, and the set of weights for quality criteria w the quality value is calculated
as p = w x NORM(QC), where NORM (z) = =" Thjs weighted sum serves as the target for
optimisation for the generation methods.

Normalisation: The criteria are normalised to a range of [0.1]. To calculate this we want to find the
maximum and minimum value for each criterion. We do this in an adaptive fashion, where we generate
CTEs using a set of normalisation values, record the maximum and minimum values and use them to
generate new CTEs until convergence (see Appendix B.1.2)

Quality Criteria Weights: The weights w assigned to the quality criterion correspond to their relative
importance. However, this opens the question of which combination of quality criteria and weights
assigned to them leads to the most informative explanations. Of course, the optimal weights to assign
to the criteria depend on the preferences of the user. To find them we suggest a calibration phase in
which N different sets of weights w = {wyatidity; - Wsparsity, }é\’zl are uniformly sampled w; ~ U(0,1)
and used to create CTEs. Their informativeness is tested and the set of weights that produces the most
informative CTEs to a specific user is chosen for further use.

1.4.2. Generating counterfactual trajectory explanations

In order to generate CTEs (see Definition 1.2.2) we propose two methods that optimise for the aforemen-
tioned quality criteria (see Section 1.4.1) along with a random baseline method. The design decisions
for the generation methods are justified by ablation studies that can be found in Appendix C.2.

Method 1 - Deviate and Continue:

The Deviate and Continue (DaC) method deviates from the original trajectory 7,,., at a starting state s,
for a number of steps. From there the counterfactual trajectory is continued using the policy my and
ends at a randomly determined point. This process is repeated with every state in 7,,, as a possible
starting state s,,, where n € {0, ..., |Torg| }. Finally, the CTE with the highest quality values is chosen.

The deviation is done by taking an action that leads to a different state. In s,, the original trajectory took

org

the action a2 resulting in the next state s;?,. Instead we sample a new action a</, according to the

org

policy 7y which has to lead to a different state sfj;l # s, 1. We do 3 consecutive deviation steps that

org

are required to not lead to the same state as the original (.sff+2 # s, 9, and sfbig # sy 0s).

After deviating the counterfactual trajectory is continued by following the policy my. While continuing
the counterfactual has a chance p(terminal) = 0.55 of ending both ¢,,., and t.; at every step. After
having generated many potential CTEs with a different starting point each, we measure their quality
criteria and choose the one with the highest quality value. Ablations and hyperparameter tuning of DaC
are shown in Appendix C.2.1.

A weakness of this method is that it does not do a guided exploration of the space of possible counter-
factuals.

Method 2 - Monte Carlo-based Trajectory Optimization (MCTO):

Monte Carlo Tree Search (MCTS) is a heuristic search algorithm for decision processes that has previ-
ously been used in Reinforcement Learning [68, 78]. It models the RL problem as a game tree, where
states are nodes and actions taken in these states are branches. from the nodes.

MCTS works by estimating the Q-value of states by running simulations until a terminal state and then



choosing further exploration based on this estimation. Initially, MCTS starts with the starting state s,
as its root node. It then performs iterations which consist of 4 steps that are repeated 3:

1. Selection: A state in the tree, where not all actions have been explored yet, is chosen according
to a multi-armed bandit algorithm. To determine the next action we employ Upper Confidence
Trees based on the estimated Q-value of the action in the state Q(s, a) and the number of times
this state V(s) and state action pair N (s, a) have already been visited:

UCT (s, A(s)) = argmax, ¢ (5 Q(s, a) + QCP(%I\?(Z,E:)) )05

2. Expansion: After we select a state we start expanding its node by choosing actions and creating
new nodes according to the states resulting from those actions.

3. Simulation: One full playout is completed by sampling actions randomly until the environment
terminates the trajectory. The resulting CTE is evaluated according to the quality criteria.

4. Back-propagation: The accumulated rewards are backpropagated using a discount factor ~ to
adjust the Q-values of previous nodes.

After a set number of iterations (n-iterations), the action with the highest Q-value is chosen. The chosen
next state becomes the new root node and MCTS is run again. This process is repeated until a leaf
node is chosen.

Inspired by this technique we devise Monte Carlo-based Trajectory Optimization (MCTO), which adapts
MCTS to the task of generating counterfactuals. The main difference is that nodes represent partial
trajectories instead of single states. Branches still represent the actions available from the last state
of that trajectory. In MCTS rewards can be received from the environment in every node. In MCTO
rewards are based on the quality value of a completed partial trajectory and are only given in leaf nodes.
Lastly, we do not want to favour shorter trajectories in our search, so we opt not to use a discount factor

(y=1).

Furthermore, we give MCTO access to an additional terminal action that leads to a leaf node. During
the simulation, this action gets chosen with likelihood p(terminal) = 0.35. As a heuristic, we only
consider branches of actions « that have a probability mg(a|s) > threshold, = 0.003 according to the
policy. To strike a balance between performance and efficiency we use MCTO to create a CTE starting
in each point s,, € 7,4, but only perform 10 iterations in every step. Ablations show that other heuristics
such as choosing actions in the simulation based on the policy 7y or basing the expansions on an early
estimate of the quality values did not improve performance. Hyperparameter tuning and ablations to
improve the performance of MCTO can be found in Appendix C.2.2.

Baseline Method - Random As a weak baseline, we will compare our methods to CTEs which are
randomly generated. A uniformly sampled state in the original trajectory 7,,, is chosen as a start state
sn, of the counterfactual. From there actions are uniformly sampled. Additionally, every state (except
the first one) has a p(terminal) = 0.325 (see Appendix C.2.3) chance of ending both the original and
counterfactual trajectory in that timestep.

1.5. Experimental Setup

This section describes the pipeline outlined in Figure 1.3 in detail by explaining how the reward function
is learned and how CTEs are generated for it. It further details a novel method for measuring the
informativeness of CTEs.

1.5.1. Environment

We employ the emergency environment developed by Peschl et al. [58] that represents a burning
building. An agent, as well as 7 humans, are randomly positioned onto a 6 x 6 grid. The humans
are lost and need to be escorted which is done by standing next to them and interacting with their cell.
Furthermore, the bottom right corner contains a state with a fire extinguisher, which the agent uses by
standing on its cell. At each step, the agent can either move in one of the four directions, interact with
an adjacent cell or stand still. Lastly, there are obstacles that block a cell which the agent cannot move

3We follow the implementation by Miller, 2022 [51]



through. In each run, the starting position of the player and the position of the humans and obstacles
are randomly initialised and the environment is run for 75 steps.

We choose this environment, since it is simple, but still requires generalisation and provides multiple
sources of reward. The fact that it is a deterministic, small Gridworld environment makes it computation-
ally cheaper to train PPO and AIRL and thus allows for faster iterations in the development cycle. Since
the starting positions of the agent, humans and obstacles are randomised the policy and reward func-
tion are required to have different initialisations. Lastly, providing multiple sources of rewards means
that the learned reward function needs to capture multiple aspects of the environment, which makes it
more interesting to provide explanations for it.

1.5.2. Learning, Training and Generation

To start, we define a ground truth reward function R* that assigns a reward of +10 for saving a human
and +1 for using the fire extinguisher for one step. We train a policy 7* via Proximal Policy Optimization
(PPO) [67]. This policy is used to generate 1000 expert trajectories Te,, = {Teup, } 1oy (1) Which serve
as demonstrations for Adversarial Inverse Reinforcement Learning (AIRL) [21]. Hyperparameters for
PPO and AIRL are detailed in Appendix B.3. AIRL gives us both a learned reward function Ry and
policy 7y learned alongside that reward function (2).

The aim is now to generate counterfactual explanations about Ry (3). Hence, we use the policy gy
to generate a set of original trajectories T, = {7org, }12%0 from a starting state until termination of
the environment. Lastly, we use the methods described in section 1.4.2 to make one counterfactual

trajectory for each original trajectory resulting in 1000 Counterfactual Trajectory Explanations CTEs =

1000
{tOT.(]k stefitr -

1.5.3. Evaluating the informativeness of CTEs

We now want to evaluate how informative the generated explanations are. We define an informative
trajectory as one that helps the explainee (the entity that consumes the explanations) better understand
the learned reward function. Understanding is here formalised as the ability to make predictions about
a system’s behaviour in unseen situations that are similar to the actual behaviour of the system. In
our setting, that means an explainee assigns similar rewards as the learned reward function Ry to an
unseen (partial) trajectory.

In the envisioned application scenario the explainee is a human user. However, in this study, we use
a Neural Network trained via regression as a proxy-human model to evaluate the informativeness of
explanations. While humans and Neural Networks learn very differently from data, this evaluation
method still gives us important insights into the functioning and effectiveness of CTEs. Testing how
well the trained models generalise shows us whether it is possible to extract some general knowledge
about the reward function from the provided CTEs. Furthermore, it allows us to compare different
methods and quality criteria by measuring and contrasting the informativeness of CTEs they generate.

This evaluation method consists of three steps: Firstly, features and labels are extracted from the
CTEs to form a dataset to train on. Secondly, a proxy-human model is trained to predict the rewards
of trajectories from these features. Lastly, the similarity between the predictions of the proxy-human
model and the rewards assigned by Ry is measured to indicate how informative the CTEs were to the
model.

1. Extracting features and labels:

The evaluation starts by extracting features and labels from the CTEs to serve as a dataset for later
training. We extract 46 handcrafted features F'(t) = {fo, ..., f15} about the partial trajectories. These
features are at the level of partial trajectories and not features for single states so it is possible to
compare trajectories of different lengths and have insights into multi-step behaviour. Examples of

features would be concepts such as "standing on the fire extinguisher”, “distance to the next human”
or “overall number of humans in danger”. Features are described in detail in the Appendix B.2.

Furthermore, the reward of a partial trajectory averaged over timesteps is recorded:

r= leng];‘,h(t) Zi:st(n‘t...end T(Sl)
This serves as the labels the proxy-human model is trained to predict. The rewards are averaged over



the trajectory to not bias the learning with the length of trajectories, which would make comparisons
between methods unfair and skew results.

2. Learning a proxy-human model

A proxy-human regression model M, is trained to predict the reward given to the CTE by Ry from the
extracted features F'(t). M, represents a human to learn from the explanations and test how informative
they are.

Our proxy-human model M, is defined as a 4-layer Neural Network that receives the features extracted
from both the original and the counterfactual as a concatenated input and is trained in a multi-task
fashion on two tasks. The body of the Neural Network is shared between both tasks and feeds into two
separate last layers that perform the two tasks:

Single task: Itis trained to separately predict the average reward for the original and the counterfactual.
Giving rewards to unseen trajectories shows how similar the judgements of M4 and the reward function
are for trajectories. The loss on this task is calculated via the sum of Mean Squared Errors on the
average rewards.

Contrastive task: Itis trained to predict the difference between the average original and counterfactual
reward. Humans learn from counterfactual explanations in a contrastive manner [50]. That means they
compare the difference between the original and the counterfactual data points and see how it leads
to differences in results. This allows them to draw conclusions about the causal connection between
inputs and outputs from counterfactuals. We want our model M, to learn from counterfactuals in a
similar way, instead of just seeing the data points as independent. To do this we adapt the MSE loss
to capture the contrast between original and counterfactual:

ContrastiveM SE(Tprg, T,f) = ! Z (My(F(Torg), F(Tes)) = (Ro(torg) — Rol(ter)))”

T
‘ O’l‘g| (tng7tcf)€(To7'gvch)

The losses for the two tasks are used separately to update the respective last layer. They are added
into a weighted sum, where the contrastive task receives a weight of 3 and the single a weight of 1, to
update the shared body of the network.

Notably, M, can also be based on a different architecture and we perform experiments using a Linear
Model (see Appendix C.5).

Before training, we split the 1000 samples into an 80% training set and a 20% test set. Furthermore,
hyperparameter tuning and architecture search are performed via 5-fold cross-validation. Multiple learn-
ing rates, regulations values and training epochs are tried with multiple Neural Network architectures
in a grid-search fashion. We use the same hyperparameters for the settings we compare.

The Neural Network is trained with the Adam optimiser and weight decay. We perform 30 training runs
with different initial seeds and average the results.

3. Measuring similarity to the reward function

To measure how similar the proxy-human model’s predictions are to the reward function’s outputs we
measure its performance on an unseen test set. We want to compare the informativeness of CTEs
generated with different settings, for example, different generation methods or quality criteria weights.
To do this we cannot simply compare the performance on a held-out test set of CTEs generated by
the same settings as the training set, since this would make for an unfair comparison. If we have two
sets of CTEs{L ., and CTEsE . and train the model M, on each of them respectively, it might turn
out that CTEs{l,, are inherently easier to predict than CTEsE,. This does not mean that one is more
informative than the other. Thus we need a fairer, more objective way of comparing CTEs.

To address this we use a "combined” test set which combines the test sets from all sets of CTEs
generated through different settings. Thus all models are tested on the same test set and we can
measure how well the patterns they learned about the reward function generalise to predicting CTEs
generated by other settings. Nevertheless, we still report on the performance on the "own” test set
generated by the same settings to show how well a model learned.

Our main measure of informativeness is the Pearson Correlation between the outputs of My and the
true labels on both tasks. The Pearson Correlation is well suited to comparing reward functions since



rewards are invariant under multiplication of positive numbers and addition [88]. If rewards are consis-
tently 10 too high or too low by a factor of 7 this does not change the optimal strategy. What matters is
how rewards compare relatively to the other rewards. This is well captured by the Pearson Correlation
because it is insensitive to constant additions or multiplications.

1.6. Experiments

To address the stated Research Questions 2 and 3, three experiments were devised, executed and
interpreted to test the generation methods, quality criteria and overall informativeness of the CTEs.
We start by investigating how well generation methods can optimise for the quality criteria. Next, the
quality criteria are tested on whether they lead to more informative CTEs. These experiments help us
answer how to best generate CTEs (RQ 2). Lastly, we put those results together and measure how
informative CTEs are for a proxy-human model to learn from (RQ 3). For each experiment we first
describe the precise setup, then present the results and finally draw conclusions.

1.6.1. Experiment 1: Quality of Generation Methods
This experiment answers the question: How good are the generation methods at optimising for the
quality criteria? To this end, we compare how well MCTO, DaC and Random score on the quality criteria.

Experimental Setup

This was tested by having each generation method produce 1000 CTEs and measuring the quality
value p (see Section 1.4.1) they achieved. Each of these CTEs was optimised for a different, uniformly
sampled set of weights: w = {wyatidity, -+ Wsparsity, } jor» Where w; ~ U(0,1). This made the test
independent of the set of any specific set of weights.

Furthermore, it was measured how efficiently (seconds/CTE) the methods generated CTEs, how long
the CTEs were and when in the trajectory they started. These additional measures should give indica-
tions of the inductive biases of the generation methods.

Results
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Figure 1.4: For each quality criterion (left figure) and the quality value p (right figure), the average normalised value and upper
& lower quartile achieved by the different generation methods are shown.

From Figure 1.4 we see that MCTO achieved a higher average quality value than DaC, which again
outperformed the random baseline (differences are significant with p < 1e~7). The good performance
of MCTO is largely attributed to its significantly higher scores on Realisticness, while DaC performed
slightly better on Validity and State importance. Across most criteria, MCTO and DaC scored higher
than Random.



MCTO DaC Random

quality value 1 1.44 1.32 1.1
Efficiency (s/CTE) | 4 14.86 5.46 0.04
Length (# steps) 2.76 4.96 7.41

Starting Points (# first step) | 20.96 20.45 42.58

Table 1.1: Shows the average quality value achieved by MCTO, DaC and Random, along with the efficiency of generating
CTEs, the length of the CTEs and at what step in the environment they started.

However, the higher performance came at a computational cost (see Table 1.1). MCTO needed much
longer to create one CTE than the other methods since it considers more potential counterfactuals.
Comparatively Random was very efficient.

On average the trajectories of Random were the longest and those of MCTO the shortest, which is
reflected in the scores for Sparsity. Lastly, both MCTO and DaC tended to choose starting points earlier
in the environment (20.96 and 20.45 out of 75 timesteps).

It is also notable that the average values and ranges of quality criteria differed. Sparsity has very high
averages but falls in a small range of values. Comparatively, Diversity has very low average values and
the scores of Validity have a large range.

Discussion

As expected, MCTO outperformed DaC since it conducts a more exhaustive search of the space of
possible counterfactuals. We can conclude that MCTO was better at optimising for the quality value.
However, it did not do so on every criterion, since it is not easily possible to score high on all criteria
(see Appendix C.1) simultaneously. Thus methods need to strike a good trade-off between the criteria,
which allows it to score a quality value.

It is likely the case that MCTO and DaC opted for earlier starting points because there had still been
more humans present in the simulation environment, which made the situation "higher stakes” and thus
led to larger differences in rewards. This benefits Validity and State importance.

As a byproduct of the normalisation procedure, the value for Sparsity is much higher than other criteria,
with Diversity being assigned much lower values. Appendix C.1 investigates whether this leads criteria
to unevenly impact the choice of CTE. We find that Diversity does indeed have a lower influence on
which CTE is chosen. Some criteria often get CTEs that they rank highly, while others often get CTEs
which have a value close to their best option. Thus it is unclear whether some criteria have a stronger
influence.

The difference in average values between the quality criteria can be explained by the normalisation.
Each criterion is normalised to a range of [0, 1] through the highest and lowest scores recorded for that
criterion. While most trajectories are very short, thus scoring high on Sparsity, the longest ones can
be very long. This causes most values to be very high for Sparsity. For the opposite reason, values
of Diversity are normalised to be very low. For most generated CTEs there are a lot of previous CTEs,
making it hard to be significantly different. However, there are some early CTEs which did score very
high on Diversity and thus stretched the normalised range upwards. Values for Validity do not fall in
such a big range. Thus they are left with a bigger deviation after being normalised.

We can conclude that MCTO is the most effective generation method for optimising the quality criteria.
DaC also handily beats the random baseline, implying that both methods achieve significant optimisa-
tion towards the quality criteria.

1.6.2. Experiment 2: Informativeness of quality criteria

Next, we want to test which quality criteria lead to more informative explanations. To determine the influ-
ence of a quality criterion on informativeness we analyzed the correlation between the weight assigned
to the criterion during the generation of CTEs and the informativeness of those CTEs.
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Figure 1.5: For each quality criterion the Spearman correlation between its weight used to generate CTEs via MCTO and the
performance of the regression model trained on the resulting CTEs on the contrastive and single task. The results are
averaged over 10 models with different initialisations and the upper and lower quartile for different models is displayed.

Experimental Setup

30 sets of weights w were used to generate 30 sets of 1000 CTEs with MCTO. These sets of CTEs were
used to train proxy-human Neural Networks (NN) (as described in Section 1.5.3) and the performance
of each resulting model was measured as the Pearson correlation of its outputs to the true labels of
the combined test. The combined test set is the combination of all the 30 test sets of 200 CTEs each.
By measuring the Spearman correlation between the weights assigned to a criterion and the model
performance we can infer the importance of a quality criterion for making CTEs informative.

Results

Figure 1.5 shows that for both contrastive and single learning, the weights of Validity (wyqiiaity) COrre-
lated the strongest with the performance of the proxy-human model. This is followed by w;cqiisticnesss
Wprozimitys Wdiversity aNd WstateImportance Which all show a moderate correlation with the task perfor-
mances. However, w,p.rsity Was barely or even negatively correlated with informativeness.

There were differences between the two tasks, with wyqiidity @aNd wprozimity beING relatively more cor-
related with the performance on contrastive learning and ws:atermportance @Nd Wsparsity DEING More cor-
related with the performance on single learning. However, overall the two tasks end up with a similar
ordering of the correlations of quality criteria with task performance.

Discussion

It can be concluded that Validity is the most important criterion for generating informative CTEs. High
weights for Validity will make the differences in rewards bigger and thus lead to a larger range of labels
for contrastive predictions. Possibly, a NN can learn more information from these larger differences
and is thus better informed by CTEs that are high in informativeness.

Proximity, Realisticness, Diversity and State importance are also beneficial for having the proxy-human
model learn from their CTEs. While we can hypothesise about reasons for this, we do not have solid
evidence for such speculations.

Sparsity is the only criterion which leads CTEs to be less informative on the contrastive task. It is also
not helpful for the single task. It can be hypothesised that Sparsity is not very important for a Neural
Network to learn, but would be crucial for a human. While humans can only hold a few features in their
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Figure 1.6: The informativeness of CTEs generated by MCTO, DaC and Random for a Neural Network. Performance for the
single and contrastive task are shown on the respective own (left graph) dataset and the combined dataset (right graph).

heads to draw inferences about [49], NNs can easily compute gradients for many different features at
once. Thus, in the absence of a user study, we should not conclude that Sparsity would not be important
when generating CTEs for a human.

The fact that the 2 tasks largely agreed on the importance of quality criteria indicates that they com-
plement each other. If instead, there was a trade-off between tasks we would expect to see a larger
difference in their correlations with weights. This synergy likely appears because the tasks are very
similar and the last layers of the network can thus benefit from the same representations developed
in the body of the network. This indicates that learning contrastively from a counterfactual can help
the learner to predict single examples as well. We can speculate that this would also hold for humans,
making CTEs more beneficial than showing single trajectories.

Further, this experiment allowed us to identify the set of weights w for DaC and MCTO which led them
to generate the most informative CTEs. These weights are further used in Experiment 3 and discussed
in detail in Appendix C.4.2.

1.6.3. Experiment 3: Informativeness of Explanations for proxy-human model
Lastly, we want to determine the success of our method in generating informative explanations for a
proxy-human model. At the same time, we compare the generation methods on the downstream task.

Experimental Setup

To measure how informative the CTEs are for a learner, it was tested how well a proxy-human model
based on a NN could generalise to unseen CTEs after being trained on 800 examples. Since different
generation methods carry different inductive biases, we compare them by taking CTEs generated by
MCTO, DaC and Random as training data for one model each. Each method generates 1000 CTEs.
For this, we made use of the most informative set of weights found for DaC and MCTO in Experiment
2. While this made the comparison less biased, it does mean that the methods did not optimise for the
same target.

Next, 10 models with different initialisations are trained on a set of 800 CTEs generated by one method.
They were then tested on a test set of 200 unseen CTEs generated by the same method (own) and
on a combined test set that has 600 examples from all three methods. We measured the Pearson
Correlation between model predictions and labels.



Results

For CTEs of all three methods, a NN trained on their CTEs achieved a Pearson correlation > 0.95 on
both tasks on CTEs generated by the same method. That means the models are consistently able to
assign rewards to trajectories as the reward function.

There were no significant differences in performances between the generation methods on the own
dataset. The fact that some average values of informativeness in Figure 1.6 lie under the 25th percentile
is explained by some very low outlier values.

However, on the combined test set, there were significant differences between the methods. Those
trained on CTEs from MCTO performed best on the single and contrastive tasks achieving a Pearson
Correlation of 0.59 (contrastive) and 0.60 (single) with the labels. Models trained on DaC CTEs were
slightly, but significantly (p < 0.001) worse, only reaching correlations of 0.53 and 0.51. The models
trained on randomly generated CTEs achieved a much lower Informativeness on the single (0.31), but
especially on the contrastive task (0.15).

Models resulting from all three methods performed much better on their own test set than on the com-
bined test set. While MCTO dropped by 0.38 (contrastive) and 0.33 (single), DaC dropped by 0.41 and
0.46, while Random even dropped by 0.64 and 0.79.

Discussion

MCTO generates the CTEs that allow the proxy-human model to learn the most amount of generalisable
knowledge about the reward function. While DaC also produces quite informative CTEs, the randomly
generated explanations do not allow the NN to learn a lot about the reward function.

The high performance on the own test set shows that the regression model accurately learned to predict
CTEs generated by the same method. However, there is a big drop in performance on the combined
test set which contains out-of-distribution examples. This indicates that CTEs generated by different
methods are quite distinct from each other, making generalisation harder.

Notably, the informativeness of CTEs between different methods was similar to the ability of the meth-
ods to optimise for the quality criteria. This indicates that the method which finds the highest-quality
CTEs (MCTO) also leads to the most informative CTEs and underlines that achieving high values on
the quality criteria leads to high informativeness.

A Neural Network trained on CTEs is much better than random guessing at predicting rewards or
judging the difference in rewards between unseen CTEs. When trained on CTEs that were appropriately
optimised for the quality criteria, the Neural Network also shows a capability to generalise to out-of-
distribution examples as shown by the performance on the combined test set. This indicates that
they learned some aspects of the reward function which hold generally across different distributions of
trajectories. However, the fact that the correlations of A,’s predictions with the true labels are < 0.60
clearly shows that there are aspects of the reward function, which M, did not pick up on. Else it would
be able to make more similar predictions. We can conclude that CTEs are informative to a Neural
Network about many aspects of the reward function, but do not enable the CTE to predict it perfecitly.

1.6.4. Overall Discussion

After having tested the effectiveness of generation methods, the importance of quality criteria and
the informativeness of CTEs we can draw conclusions about the best way to make CTEs and their
effectiveness as a method of explanations.

MCTO is the most effective method for generating informative CTEs. This is shown by Experi-
ment 1 which found that MCTO achieves a higher quality value than DaC and Random. Additionally,
Experiment 3 indicates that it also produces the CTEs which are most informative. This means that it
is the best choice for generating CTEs when efficiency is not of crucial importance.

Validity is the most important criterion for achieving informative CTEs. Furthermore, Experiment
2 shows that Realisticness, Proximity, Diversity and State importance also tend to contribute to having
more informative CTEs. However, Sparsity seems unimportant or even harmful for informativeness.
Thus, when generating CTEs for a NN to learn from, one should put the highest weight on Validity and
ignore the Sparsity criterion. However, the prioritisation of the quality criteria might differ when showing



CTEs to a human. Thus it is crucial to conduct the calibrations phases where the most informative
weights are found anew for a different learner. Furthermore, the fact that the methods which achieved
higher quality values in Experiment 1 also produced more informative CTEs in Experiment 3 indicates
that optimising well for the quality criteria is generally useful for making more informative CTEs.

CTEs are informative for the proxy-human model. Experiment 3 found that learning from CTEs
generated by MCTO and DaC allows a Neural Network to learn a significant amount of generalisable
knowledge, showing that CTEs can be a fruitful mode of explanation about reward functions. However,
we cannot straightforwardly extrapolate these results to humans and there are many aspects of the
reward function that the proxy-human does not learn. Furthermore, the learning was not very sample-
efficient, which could pose a bottleneck, since it’s not practically feasible to show a user 800 examples.
Still, the fact that humans are better few-shot learners than Neural Networks provides hope that they
could generalise their learnings better while needing fewer CTEs.

The fact that the best method only achieves a Pearson Correlation of 0.6 with the reward function
could be caused by multiple factors. Straightforward explanations include the possibility that the Neu-
ral Network does not learn perfectly or that more training samples are necessary. Furthermore, it is
the case that the reward function that is being explained is noisy, often outputting different rewards
for apparently similar situations. There might be a loss of information through the feature extraction,
where subtleties are lost and thus cannot be learned by the proxy-human model. Additionally, the way
CTEs are currently generated does not cause them to cover all situations that a reward function might
encounter, thus not enabling the proxy-human model to predict them. Finally, it might be the case that
CTEs are an inherently imperfect mode of explanations about reward functions that cannot capture all
it's complexity.

Although a user study remains to be performed, we can venture to say that Counterfactual Trajectory
Explanations that are generated by MCTO can serve as effective explanations about learned reward
functions. When optimising the CTEs for Validity, Realisticness, Proximity, Diversity and State importance
it allows a proxy-human model to derive non-trivial amounts of generalisable knowledge about the
reward function from them. This presents Counterfactual Trajectory Explanations as a promising tool
that can be employed for interpreting and improving learned reward functions.

1.7. Conclusion

1.7.1. Summary

The aim of this study was to bridge the gap between eXplainable Al and Reward Learning by leveraging
the well-proven approach of counterfactual as explanations to explain reward functions learned through
Inverse Reinforcement Learning (IRL). With regards to the initial research questions (see 1.1) we make
the following conclusions:

RQ 1: How can counterfactual explanations be reframed to the reward learning setting? Coun-
terfactual Explanations can be reframed into the setting of Reward Learning through the notion of
Counterfactual Trajectory Explanations (CTEs). This type of explanation is composed of an original
and counterfactual partial trajectory and their average rewards that contrast each other to provide in-
formation about the reward function. To be able to measure the quality of CTEs, a set of six quality
criteria, was derived from the literature and adapted to the setting.

RQ 2: How to generate counterfactual trajectories for reward functions? Two methods for gen-
erating CTEs were developed and compared to a random benchmark. Monte Carlo-based Trajectory
Optimisation proved to be more effective at achieving high scores on the quality criteria than a method
which deviates from the original and then continues using the same policy. Both methods handily
beat the random baseline. Furthermore, in our experiments Validity stood out as the criteria that was
most important for generating highly informative explanations, while Sparsity tended to be reduce the
informativeness of resulting CTEs.

RQ 3: How informative are the generated counterfactual explanations? Counterfactual Trajectory
Explanations enabled a Neural Network to learn a significant amount of generalisable knowledge about
the reward function from CTEs. This suggests that CTEs can be a useful technique for explaining
deep reward functions. However, there are many aspects of the reward function that the proxy-human



model does not learn. These finding were made through a novel evaluation method that measured the
informativeness of CTEs by training and testing a proxy-human regression model on them.

This research shows that CTEs can be helpful for a learner to better understand a reward function. This
better understanding can then be used to uncover some misalignments the learner which receives the
explanations and the reward function being explained. However, the learner does not develop a perfect
understanding of the reward functions and thus likely won’t be able to identify all misalignments. Nev-
ertheless, it is valuable to identify and address some mistakes in the reward function before employing
a system widely.

1.7.2. Limitations:

Ultimately, explanations are generated to be informative to users. While using a proxy-human Neural
Network gives an indication about the informativeness of CTEs and allows us to test the effectiveness
of our methods, a human user study is necessary to draw conclusions about the usefulness of this
technique. Suggestions for such a user study are given in the Appendix D.3. Importantly, only one
learned reward function in one environment was tested. Furthermore, it is unclear how well this method
scales to more complex environments and reward functions. Lastly, the specific implementations of
quality criteria can be debated and we encourage more experimentation with different methods for
generating counterfactuals.

1.7.3. Future Work

The necessary next step in this line of research is to conduct a user study [37] to test how effectively
the technique helps humans understand flaws in the reward function. Concrete proposals for such a
study are given in the Appendix D.3.

There are multiple possible improvements to the method. Firstly, the multi-objective optimisation prob-
lem of choosing CTEs according to multiple quality criteria could be solved with more principled ap-
proaches like Bayesian Optimization [3] or Evolutionary Algorithms [15]. Secondly, the measurement
of Proximity and Feature Extraction should be made environment-agnostic. Lastly, a better User Inter-
face would allow humans to learn more effectively from CTEs.

Research building on this study could leverage CTEs to investigate the differences in reward learning
algorithms, generate counterfactual state-action pairs instead of counterfactual trajectories or transfer
the framework to Natural Language Processing by providing counterfactual sentences about reward
functions learned via RLHF.

Ultimately, we hope that this work can serve as a part of a framework, where users receive explanations
about a learned reward function and provide new demonstrations or feedback on that basis [65]. To
close this cycle a system must be built, in which the human takes in the CTEs, which helps them to
identify flaws in the reward function, gives new demonstrations to the reward function and the reward
function is updated appropriately.
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Extended Background

This chapter provides a more thorough background on Reward Learning, details previous work on
Interpreting Reward Functions and provides examples of work using Counterfactual Explanations in
Reinforcemenet Learning.

A.l. Reward Learning

We describe Reward Learning as a set of techniques used to extract the reward function of an expert
from data produced by that expert, commonly in the form of demonstrations or preference judgements.
This set of techniques can be employed to learn the intentions and goals of humans from their be-
haviour or the feedback they give. The extracted reward function can then be used to train or fine-tune
another Al system. It thus presents a promising approach to align the goals of an Al with the objectives
of a human. While this technique originally comes from Reinforcement Learning it has also found re-
cent application in Natural Language Processing in the form of Reinforcement Learning from Human
Feedback [10].

This section describes multiple Reward Learning techniques with a focus on Inverse Reinforcement
Learning as one technique for Reward Learning. Furthermore, fundamental problems of IRL and com-
monly used methods for evaluating the learned reward functions are addressed.

A1l Inverse Reinforcement Learning

One prominent technique for learning reward functions is Inverse Reinforcement Learning (IRL). In
IRL the goal is to infer the reward function from demonstrations generated by a teacher in a Markov
Decision Process (MDP). We define a deterministic Markov Decision Process (MDP) represented as
a tuple (S, 4, R,v), where S is the set of states, A is the set of actions, R : S x A — R is the reward
function, and v € [0,1) is the discount factor. For a given MDP, an optimal policy 7* maximises the
expected sum of rewards in the MDP when followed.

In the IRL problem, we have access to the S, A and ~, but have to infer the reward function R* from a set
of expert trajectories D = {7;}},. We assume that each of the trajectories 7 = {(so, a, s1, a1, ..., sr,ar)}
is generated by an optimal policy 7* with regards to the true reward function R*. This can be formulated
as the maximum likelihood problem:

maxR-.plog py ()] (A1)

where 6 parameterizes the learned reward function Ry(s,a). In our setting, this learned reward function
is a Neural Network, which serves as a powerful function approximator.

IRL Algorithms
Deep IRL: Human goals and values in the real world are likely very complex, thus learning them will
require very expressive models. This has motivated researchers to employ Neural Networks as models
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for learning reward functions.

Deep Maximum Entropy IRL is a further popular IRL method [75], which extends Maximum Entropy
IRL [81] to employ a Neural Network as its reward function. It aims to maximise the log-likelihood of
the observed trajectories based on the concept of maximum entropy. The reward function, represented
as a neural network, is trained to predict rewards that enable the observed behaviour to have a higher
likelihood under the resultant policy.

Adversarial IRL [29] poses the IRL problem as a two-player adversarial game between a reward func-
tion and a policy optimizer. The discriminator aims to learn a reward function which can distinguish
between trajectories from the expert demonstrations D and trajectories generated by the generator.
The generator aims to learn a policy that creates trajectories that the discriminator misclassifies as
coming from the expert demonstrations. Hereby, the policy and the reward function are modelled as a
Neural Network. By using this adversarial training approach AIRL is able to learn robust and general-
isable rewards from expert demonstrations.

A.1.2. Problems of Inverse Reinforcement Learning

Aside from the clear strengths of IRL, there are many well-documented problems with this approach.
There are multiple causes of unidentifiability, which might make it impossible to identify the correct re-
ward function among multiple possible reward functions. Firstly, representational unidentifiability poses
that if a reward function has constant added or is multiplied by a positive scalar it does not change the
optimal policy [54]. Secondly, the observed behaviour could be optimal under multiple reward func-
tions [5]. Lastly, irrationality-based unidentifiability arises since the sub-optimality of the planner and
the reward function cannot be uniquely decomposed from demonstrations [7].

Furthermore, reward learning can also fall for causal confusion, where the algorithm mistakes some-
thing that is correlated with teacher actions with the causes of expert actions [21, 66]. Arnold and
Kasenberg [8] argue that IRL is insufficient to align Al with human values since it is inadequate to
evaluate ethical behaviour along its complex social and temporal dimensions.

A.1.3. Other Reward Learning Techniques

Aside from IRL, there are other algorithms for learning rewards or policies from human data. In preference-
based Reinforcement Learning (PbRL) [72, 19] the RL agent learns a policy from human preference
judgements instead of from a numerical reward. Thus it is not necessary to correctly specify the goal,
instead, a human only needs to be able to give feedback on behaviour, allowing one to learn hard-
to-specify objectives. This technique has recently found widespread application to Natural Language
processing by finetuning Large Language Models with Reinforcement Learning from Human Feedback
[10], which is based on PbRL. However, this method of learning rewards also faces many challenges
and limitations [16].

Inverse Optimal Control (IOC) [1] is similar to IRL in that it aims to infer an unknown objective function
from observed behaviour. IRL aims to learn a reward function for which the observed expert behaviour
in an MDP is optimal. In contrast, IOC, which comes from control theory, aims to learn a cost function
for which an optimal value function in a sequential control problem is stable [2].

A.l4. Evaluating and Testing Learned Reward Functions
These weaknesses shown in Section A.1.2 make clear that a reward function learned by IRL cannot
be simply trusted and thus should be evaluated before deploying it.

The most common approach for evaluating a learned reward function Ry is to train a policy w4 on it and
measure how much ground truth R* reward it achieves [17, 79, 68, 13]. Similarly, one can measure
success on other ground truth metrics such as task success rate or win rate or devise a proxy reward
[26, 68, 48].

Another approach is to compare the policies attained by training on the learned reward function and true
reward function respectively. One can measure how the negative log-likelihood of the expert trajectories
D on the learned policy 7y [77, 76, 31]. Similarly, one can take the Hausdorff Distance between the
original demonstration trajectories and new samples from the resulting policy [77, 76, 31]. Further, one
can measure the Expected Value Difference between the value function of the two policies [74, 76, 53].
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Papef Type | Method \
[32] Distance Measure Equivalent-Policy Invariant Comparison of Reward Functions

[73] Distance Measure Dynamics-Aware Reward Distance between Reward Functions
[37] Distance Measure General Framework for distance measures

[27] Benchmark Diagnostic environments for reward and imitation learning

[67] Benchmark Multitask Assessment of Generalisation in Imitative Control ALgo-

rithms Benchmark

[49] | Post-hoc Interpretability | Saliency based explanations

[36] | Post-hoc Interpretability | Transforming rewards via potential-shaping

[58] | Post-hoc Interpretability | Mimicking deep reward function with a decision tree
[61, | Post-hoc Interpretability | Empirical Investigations of Explanation types

59]
[12] Intrinsic Interpretability | Binary Decision Trees

[39] Intrinsic Interpretability | Differentiable Decision Trees

[11] Intrinsic Interpretability | Empirical Test of Binary Decision Trees
[62] Intrinsic Interpretability | Deep Neural Decision Trees

[40] Intrinsic Interpretability | Temporal Logic Formula

[53] Intrinsic Interpretability | IRL in relational domain

Table A.1: Methods for Evaluating or Interpreting Reward Functions

Recently, a set of where it is not necessary to train a policy to evaluate the reward have been pro-
posed and are shown in Table A.1. Using these one can determine the quality of the learned reward
function directly by measuring the distance to the true reward function. Gleave et al. [32] introduce
EPIC (Equivalent-Policy Invariant Comparison), which measures the distance between two reward
functions by canonically shaping rewards to be invariant to potential-shaping transformations which
lead to equivalent policies [78] and then measuring the Pearson correlation of the reward predictions
between those canonically shaped rewards. However, EPIC makes the unrealistic assumption of inde-
pendence between states in a transition. Wulfe et al. [73] improve upon this weakness by developing
DARD (Dynamics-Aware Reward Distance), which is also invariant to potential shaping, but only consid-
ering predictions about the rewards of transitions which are approximately physically realizable. Finally,
Jenner, Skalse and Gleave [37] formulate a general framework for measuring distances between re-
ward functions. A reward distance measure needs to provide a canonicalization of the rewards with
regards to an equivalence class, a normalisation of the canonicalized rewards and a distance measure.

An intuitive approach for auditing a learned reward function is to devise a suite of tests or a benchmark
to measure the quality of the reward. Freire et al. [27] develop a suite of diagnostic tools that can
test different algorithms for Learning from Humans to point out their strengths and weaknesses. These
diagnostic tasks should test a factor in isolation, be simple enough to compare many algorithms and
together cover a wider range of capabilities. Toyer et al. [67] introduce the Multitask Assessment of
Generalisation in Imitative Control ALgorithms (MAGICAL) Benchmark, which tests the ability of an Im-
itation Learning algorithm to generalise the demonstrator’s intent to substantially different deployment
settings. Both of these test suites can uncover common errors that can occur in learning from human
demonstrations. When auditing learned reward functions we can then specifically look out for these
common errors.

Importantly, all of the ways to evaluate learned reward functions named in this section rely on access
to the ground truth reward function or only compare policies instead of reward fucntions. However,
reward learning is especially useful in domains where it is hard for humans to define a good reward
function and we consequently do not have access to a ground truth reward function. Thus we should
strive towards ways of evaluating learned reward functions directly and without access to a ground truth
reward function.
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A.2. Interpreting Reward Functions

A promising avenue to help humans evaluate learned reward functions is to give them a better un-
derstanding of the reward function through interpretability tools. The proposed methods and tools for
the interpretability of reward functions can be split according to the time of information extraction into
"post-hoc” and "intrinsic” interpretability methods. Papers are also listed in Table A.1.

A.2.1. Post-hoc Interpretability

Post-hoc interpretability methods are applied to models after they are trained and aim to explain how
the model arrived at its predictions. They can help to understand which part of the input the model pays
attention to, how it reasons about inputs and how it comes to decisions.

Michaud et al. [49] attempt to apply the Interpretability methods gradient salience and occlusion maps,
as well as handcrafted counterfactual input to understand learned reward functions. They find that
learned reward functions can implement surprising algorithms that fall for spurious correlations. This
work showcases that interpretability tools can be used on deep, learned reward functions to identify
flaws and misalignments. After learning the reward function Jenner and Gleave [36] apply equivalence
transformations to it. This does not change the optimal policy resulting from the reward function but
makes it easier to understand. They find that transforming reward functions via potential-shaping [78] to
be more sparse and take on fewer different values does sometimes make them more understandable.

Russel and Santos [58] train an interpretable decision tree to mimic the reward function. From this,
they are able to derive global and local explanations about the behaviour of the reward function.

Lindsey and Shah set out to empirically investigate which explanation techniques about learned re-
ward function best help humans understand the reward function. They set up an experiment where
they compare different explanation techniques which use features and weights of the reward function
(feature space techniques) and demonstrations in the environment (policy space techniques) according
to multiple metrics that measure reward understanding. They further propose that the complexity of
understanding a reward in a domain can be split up into the complexity of reward functions, features,
environment and situations [61]. They then follow up with an experiment that tests how effective fea-
ture space and policy space techniques are for explaining reward functions of different complexities.
Their results show that more complex rewards are harder to understand and lead to a higher cogni-
tive workload. Furthermore, directly showing humans the reward function leads to the best reward
understanding while showing humans explanations with feature abstractions leads to lower cognitive
workload [59].

A.2.2. Intrinsic Interpretability

Intrinsic Interpretability refers to Machine Learning models which are designed or trained to be inher-
ently interpretable. These models are often more simple and transparent and thus easier to understand.
However, this can come at a trade-off to the capability of the model to make accurate predictions.

Decision Trees: Models based on trees are often seen as intrinsically interpretable because their deci-
sion procedures can be understood by looking at how the data is split in the nodes and because feature
importance can be easily extracted from them. Bewley and Lecue [12] learn the reward function as a
binary decision tree which splits the state-action space into buckets via binary decision rules and then
assigns rewards to these buckets. Kalra and Brown [39] extend this work by using a differentiable
decision tree as a reward model, which retains the interpretability advantages but allows to learn more
expressive reward functions. Later, Bewley et al. [11] show experimentally that such tree-based reward
functions are broadly competitive with Deep reward functions and should be favoured since they allow
analysis of the model, explaining its predictions and verify its alignment. Srinivasan and Finale [62]
employ a Deep Neural Decision Tree for learning rewards via IRL in a medical domain. This allows
them to learn rewards in terms of discrete concepts which domain experts can understand, allowing
experts to vet the learned reward function.

Other intrinsic interpretability methods: Kasenberg and Scheutz [40] learn a linear temporal logic for-
mula, which best explains observed behaviour. This way of specifying an agent’s intentions is easier
to explain than learning a reward function. Other approaches attempt to perform IRL in a relational
domain [53], leading to easier interpretation.
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A.3. Counterfactual Explanations

A.3.1. What are Counterfactual Explanations?

Counterfactual explanations are a popular tool in XAl to help humans understand and interpret predic-
tions by ML models. Counterfactuals are hypothetical scenarios that pose "what-if’ questions, offering
alternative instances that would have led to a different outcome. For example, an applicant for a loan
might wonder why she was rejected and then receive an explanation like: ”If your income would be
1500/year higher, you would have gotten the loan”. This gives users clear, actionable insight into why
the decision was made and how they would need to change the inputs to get a different decision.

More formally, Wachter et al. [71] define counterfactual explanation as statements:

“Score p was returned because variables V' had values (vy, vs, ...) associated with them. If
V instead had values (v}, v5,...), and all other variables had remained constant, score p’
would have been returned.”

A.3.2. Why use Counterfactual Explanations?

Counterfactuals are an important cognitive tool for humans and are well-studied in psychology. Humans
use counterfactuals to reason about alternative scenarios to learn from their experience and improve
their behaviour in the future [15, 57, 25]. They also play a critical role in causal reasoning, planning
and blame assignment [47, 38, 50].

The fact that humans can so readily reason about and learn from counterfactuals, makes them intuitive
and easy to comprehend even for non-expert users [52]. Further, counterfactuals provide users with
local and actionable explanations, allowing them to understand why a specific decision was made
and what changes would be required to achieve the desired outcome [71]. However, critics point out
the risk of generating unjustified counterfactual explanations [44] and call for caution when making
counterfactuals about social categories such as race or gender [41].

There is a large body of work on generating counterfactual explanations for ML models, of which the
maijority focuses on supervised learning problems. Multiple surveys explore methods for generating
counterfactual explanations [70, 9, 33, 64] and their connection to human psychology [42, 14].

A.3.3. Counterfactual Explanations for Reinforcement Learning
The examples of counterfactual explanations most relevant to this research come from their application
to explain RL agents.

Gaijcin and Dusparic [30] adapt the previously mentioned definition 1.2.2 of counterfactual explanations
to RL by giving multiple options on how the meaning of variable and score can be redefined. They argue
that in RL the variables to be changed could be Features, Goals, Objectives, Events or Expectations
and that the scores to be targeted could be Actions, Plans or Policies. Further, they make proposals
about how 7 quality criteria for counterfactual explanations can be reinterpreted and measured in an
RL setting.

Madumal et al. [46] learn a causal action-influence model along with the RL agent to then generate
counterfactual explanations from it.

To give a user an understanding of how an RL agent will generalise Frost et al. [28] generate coun-
terfactual trajectories that are out of the distribution of the policy. They do this by pausing a normal
trajectory at a random point, continuing with an exploration policy to a counterfactual state not typically
observed in the training data and then continuing with the original policy from there.

Stein [63] trains an RL agent in a partially revealed environment and generates counterfactual explana-
tions about how the agent’s beliefs about the environment would need to change to choose a different
plan.

Lee, Admoni and Simmons [45] aim to explain an agent’'s decision-making by providing maximally
informative demonstrations. By reasoning about counterfactual trajectories a human might consider,
they are able to provide the human with more informative trajectories.



Implementation Details

This chapter lays out important design decisions and implementations in detail to open up this work for
replication and criticism.

Firstly, we justify the choices for quality criteria and describe how they are measured (section B.1). Next,
the features that are extracted from the CTEs are detailed in Section B.2. We lay out the hyperparam-
eters used to train AIRL & PPO (Section B.3). Lastly, Section B.4 explains in detail how multi-task
learning is implemented in the proxy-human model.

B.1. Detailed Implementation and Justification of Quality Criteria
This section gives the motivation and idea behind each quality criterion and details how it was imple-
mented to measure the quality of CTEs. Furthermore, some quality criteria from the literature that were
not included in this research project are discussed and the process for normalising the values of qualtiy
criteria is described.

B.1.1. Implementation of quality criteria

Validity

Counterfactual examples should lead to the desired change in score [69, 30]. This difference in outputs
makes it possible to attribute causation to changes in the inputs. Here that means there should be
a significant amount of difference between the rewards assigned to the original and counterfactual
trajectory.

| calculate the difference in rewards between t,,., and t.; as the absolute difference in average rewards:
val(torg,tef) = |Torg — Tep|- The average reward attained is used to not bias the Validity with regards
to the differences in length between trajectories.

Proximity

The counterfactual data point should be similar to the original data point [42, 51, 30]. Otherwise, it is
simply a new unrelated data point. Furthermore, Proximity makes it cognitively easier for a human to
contrastively reason about counterfactuals.

We interpret Proximity as the similarity between trajecotries, which is measured using the the Modified
Hausdorff distance (MHD) [24]. MHD is a technique to calculate the similarity between two sets of points
and has been used in previous works in IRL to evaluate whether generated trajectories are similar to
each other. It calculates how large the distance of each point in A is to its closest point in B and vice
versa and then takes the higher of those two values as the distance between the trajectories:

f(d(A, B),d(B, A)) = maz(d(A, B),d(B, A)), where d(A, B) = 1= 3, , minye pdist(a, b)

The distance between state action pairs dist(a, b) takes into three factors:

30
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* Manhattan distance between the player coordinates in a and b to measure how far the player is
apart in these states distpiayer(a,b) = |Ta — Tp| + |Ya — Up]

0 if Aqction = baction

» Whether the action taken was the same distyction(a,b) = i
1 otherwise

+ The edit distance between humans distumans(a, b) = ||ahumans — Ohumans|| (Where ||.|| indicates
the edit distance operation).

These are then added into a weighted sum: dist(a,b) = 1.5 - distpiayer(a,b) + 0.5 - distaction(a,b) +
disthumans(a, b). The weight between the factors was determined by the researcher by trying out differ-
ent weights and judging how the weighted sum matched with their judgment of Proximity.

This method is not environment-agnostic, since we draw on our knowledge about the specific environ-
ment to determine which factors should go into the distance measurement of states.

Diversity

Explanations should cover the space of possible variables as well as possible [35, 28]. Thus, when
generating new CTE should be incentivised to be dissimilar to previous ones to give the user new in-
formation instead of repeating old ones.

We calculate Diversity as the sum of 4 aspects of trajectories: their length, starting time, starting state
and whether they are an upward or downward counterfactual. Diversity is calculated for each potential
new CTE in relation to CTEs that have already been shown to the user (added to the dataset). So for
the first CTE Diversity is ignored and for the 5th CTE, it considers the 4 previously generated CTEs.

To measure how similar the length of the counterfactual is to lengths of previous counterfactuals we
calculate the average difference to the 3 closest lengths in previous counterfactuals. In the same way,
we compare the starting time of a CTE to the starting times of previous CTEs by comparing the 3
most closest previous CTEs. We measure the similarity of the start state of the CTE to the start states
of previous CTEs and report on the most similar one according to the distance metric dist described
above.

Counterfactuals can be divided into upward and downward counterfactuals, depending on whether the
counterfactual leads to a better (up) or worse (down) outcome than the original [56]. Thus we add
a reward based on how often the type of counterfactual has already been shown previously. If the
currently considered CTE is an upward CTE we reward it if few of the previous CTEs were upwards

down PR . up
Towntip and if it is downwards we do the opposite TownTap

Finally, these criteria are added together to form one Diversity criterion.

State importance

When creating counterfactuals one should start the trajectory in especially important states. Previous
research has found that “critical states” are more informative for explaining RL policies to humans [28].
Critical states are those in which a policy (or human) greatly prefers a small set of possible actions
over all others. Intuitively these are more important because they matter for the final outcome of the
trajectory.

States can be considered critical if the variance in the Q-function for the actions or the entropy in the
policies distribution over actions could serve as heuristics for interesting states. Amir and Amir [6]
calculate the importance of a state as the difference in Q-values between the best and the worst action:
I(s) = maz,Qf; ,) — minaQf ,), While Huang et al. [34] take the difference between the best and

average action I(s) = maxaQ?&a) - ﬁ Y oacA Q?s,a)- Both Forst et al [28] and Huang et al. [34] use the
negative entropy in the probability distribution over actions in that state /(s) = — > . , w(als) log 7(als).
Since our method does not produce Q-values, we rely on the negative entropy version to measure how
critical the starting state of a CTE is and select CTEs that score high on this criterion.
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Realisticness

This should ensure that the generated counterfactuals are realistic. In supervised learning this is often
operationalised as "Data Manifold Closeness” [42, 30, 69]. This makes sure that the composition of
variables in the counterfactual could realistically appear. If this is not the case the counterfactual can
be less relevant.

We interpret Realisticness as meaning that a trajectory is likely to be generated by a policy trained on the
reward function that is being explained. Intuitively a trajectory is more likely if it achieves a high reward
on the reward function. To make this unbiased to the length of the trajectory we take the average reward
per step. Further, to not bias the criteria to parts of the environment where high rewards are easily
achieved we use the reward achieved by the original trajectory as a comparison: Ry(t.¢) — Ro(torg)

Sparsity:

This states that only a few features should be changed in the counterfactuals compared to the original
[42, 69, 30, 51]. We interpret this as meaning that the counterfactual and original trajectories should
be shorter so that the human does not have to compare many behaviours and states. Thus we sum
up the length of the original and counterfactual: sparsity(torg,ter) = len(torg) + len(ter)

Other criteria that are automatically fulfilled by the method:
Due to the nature of the Reward Learning setting and our approach to generating CTEs there some
quality criteria mentioned in the literature are automatically fulfilled.

Causality:

The causal connections between features need to be maintained [69, 30]. When features are altered
the causal relationship between the feature and others should not be violated. Since we create coun-
terfactuals by taking legal actions in the environment and do not alter state features, this criterion is
automatically fulfilled in our method since we do not generate new states but only take actions to legal
actions to get to new states.

Resource:

In RL environments counterfactual explanations should not be based on actions that do not obey the
environment’s rules [30]. When creating counterfactual trajectories this can simply be ensured by only
taking legal actions.

Actionable:

In supervised learning many methods allow specifying features that can be altered (e.g. income) and
features that can’t be altered (e.g. ethnicity) [42, 69, 30]. However, since we do not alter features, this
requirement does not suit our method.

Other criteria
Lastly, there are some criteria which were not implemented in this research project.

Relative Distance:

When creating a new counterfactual for a datapoint, the counterfactual should be closer to the original
datapoint, than other points in the dataset. This should capture whether counterfactuals are instance-
guided [42].

Depend on beliefs:

Good explanations are presented relative to the explainer’s beliefs about the eplainee’s beliefs [51, 35].
Ideally, the explainer tracks what the explainee might learn from the provided explanations and thus be
able to generate more informative explanations.

Furthermore, Verma et al. [69] note Efficiency, ability to work with Black-box access and model agnos-
ticity as desirable properties of algorithms for creating counterfactuals.
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B.1.2. Normalisation of quality criteria

After we have measured the quality criteria of a CTE, we want to combine them into a scalar by taking
the weighted sum. Before doing so we want to normalise each criterionto a range of [0, 1]. This requires
finding a maximum (norm¢ ) and minimum (norm¢ . ) possible value each criterion ¢ can take on. We

max min

do this approximately in an adaptive fashion, by

1. Starting with norm¢, ., = 1 and norm¢,,, =0

max min

. Using these normalisation values DaC and MCTO generate 20 CTEs for a random set of weights.

2
3. Finding the minimum normg ,../ = min and maximum norm¢, ../ = 1 values for c in the CTEs.
4. Updating the normalisation parameters if more extreme values were found

normg

c — C C
¢ and normg,;,, = max(norms,,, ,normé. . /).

— C c
= max(norms, ., norms, ../

5. If the normalisation values were adapted for any c¢: Repeat from Step 2.

Furthermore, hyperparameters and settings of the generation methods are altered between repeats to
account for the fact that some settings can lead to more extreme values.

B.2. Implementation of Feature and Label Extraction

After the CTEs were generated we extract features from them, which are then used to train the proxy-
human model. For both the original and counterfactual partial trajectory we extract 46 handcrafted
features F(t) = { fo, ..., f15} and the average rewards 7.

We only extract features on the level of partial trajectories, not for single states. One can expect that a
significant amount of detail gets lost when only considering features on the trajectory level since some
aspects which factor into the rewards for single states get lost. However, we want the proxy-human
model to make predictions about partial trajectories and not only single states so that it can evaluate
multi-step behaviour. Since trajectories can have different lengths we cannot simply feed it all single-
state features, but need to accumulate them into a feature vector of the same dimensionality.

The features are normalised across the set of CTEs to have a mean of 0 and a standard deviation of 1.

List of Features:
Features about humans:

1. Humans saved: How many humans did the agent save during the partial trajectory?
2. Unsaved humans: On average how many humans were still in danger

3. Final number of unsaved humans: At the end of the partial trajectory, how many humans are still
in danger?

4. Number of humans: In how many of the steps in the trajectory was there n € {0, ..., 7} humans
still in danger?

5. Average Distance between humans: How far are the humans apart in Euclidean distance aver-
aged over all pairs of humans?

Features about the fire extinguisher:

6. Standing on fire-extinguisher: For how many steps did the agent use the fire-extinguisher
7. Distance to fire-extinguisher: On average what is the Euclidean distance between the agent and
fire-extinguisher?
Features about the actions of the agent:

8. Could have saved: Sums up over the trajectory in how many states the agent stood next to a
human and could have saved them, but failed to do so

9. Moved towards closest citizen: How often did the agent move towards the closest citizen or save
a citizen?

10. Type of action: How often did the agent take a type of action walking, interacting or standing still?

Features about the distance of the agent to humans:
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11. Average Distance to human: On average how close was the agent to the closest robot?

12. Distances to humans: In how many steps in the trajectory was the agent d € {0, ..., 10} steps
away from the closest human

13. Direction of citizen: How often was the citizen right, left, down or up from the agent?
Features about the position of the agent?

14. Position of the agent: Average x and y position of the agent

15. Closeness to the middle: For how many steps was the agent in the middle, on the outside next
to the wall or in the space between the middle and wall?

16. Time spent in quadrant: For how many steps was the agent in the top-left, top-right, bottom-left
or bottom-right quadrant?

Other:
17. Length: Number of steps in the partial trajectory

Labels:

In this step, we also extract the rewards which serve as labels for the regression models to predict.
For the single task these are simply the average reward of the original and counterfactual trajectory:
Torg = lengt}i(to,,.g) Zi:start...endr(s‘”gi) and Tef = lengt}L(th) Zi:StaTtmendr(scfi)' For the contrastive
task we simply subtract the average rewards: 75,5 — Tcy.

B.3. Chosen hyperparameters for AIRL & RL
Table B.1 shows the hyperparameters that were used to train PPO on the ground-truth reward function
R* and generated the demonstrations which Ry was learned from.

Table B.2 displays the hyperparameters for Adversarial Inverse Reinforcement Learning that is used to
learn a reward function Ry from the demonstrations. Furthermore, it also learns a policy 7y alongside
the reward function, which is used to generate original trajectories and is sometimes referred to during
the generation of CTEs.

Hyperparameter Value
Hyperparameter Value .
- Environment Steps 3e6
Environment Steps 6e6 . Lo
. Learning Rate Discriminator | 5e-4
Learning Rate 1e-4 .
. Learning Rate PPO 1e-5
Batch Size 12 . L
epochs 5 Batch Size Discriminator 12
P Batch Size PPO 12
5 0.999
o PPO epochs 5
Entropy Regularization 0.1
cli 0.1 v 0.999
cclip : e-clip 0.1

Table B.1: Hyperparameters of PPO used to generate the

demonstrations Table B.2: Hyperparameters for Adversarial Inverse

Reinforcement Learning

B.4. Multi-task Learning in the Proxy-human regression model

The proxy-human regression model M4 makes predictions about the difference in rewards between the
original and contrastive trajectory (contrastive) and about the rewards of the original and counterfactual
trajectory separately (single) (see Section 1.5.3). To achieve this with one Neural Network we use Multi-
task learning [80]. The Neural Network has two heads h.o,(z) — y.,,, and hgn(x) — y.,,, (two separate
last layers) which make predictions for their respective tasks based on the output of the base model.
These layers are updated with the losses of their respective tasks. The base model B(z) — ' takes
the inputs and returns a multi-dimensional representation. It is shared between the two tasks and thus
the losses for both tasks need to be taken into account when updating the parameters. This is done by
taking a weighted sum of the two losses

LOSS(% y) = Wcon X LOSSCO” (ycona hcon (B(I))) + Weon X LOSSsm(ysm, hsm(B(x)))
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, where w,,,, and ws;,, denote the relative importance of the tasks. These task weights are ablated in
Appendix C.3.2

When using a Linear Model we simply train two separate Linear Models. The first has one output and
predicts the contrastive rewards, while the second one uses two outputs to predict single rewards.



Further Experiments

To extend and deepen the analysis provided in the Experiments of the Main Paper (see Section 1.6,
further experiments, their results and discussions are presented here. Section C.1 investigates the
trade-offs between quality criteria and draws conclusions about their influence on the chosen CTEs.
This sheds further light on the generation of CTEs and the results in Experiment 2 (see section 1.6.2).
Extensive Ablations for the Generation Methods are given in Experiment C.2. This provides us with
a deeper understanding of these methods and lends legitimacy to the results in Experiments 1 and
3 (see Sections 1.6.1 and 1.6.3). Furthermore, we validate the results from Experiment 2 (1.6.2) by
also considering CTEs generated by DaC (Section C.4.1. Section C.5 also shows experimental results
similar to Experiment 2 & 3 if a Linear Model is used as a proxy-human model instead of a Neural
Network.

C.1. Influence and Trade-offs in quality criteria

This section explores what trade-offs and synergies exist between the quality criteria and how this in-
fluences the choice of CTEs.

C.1.1. Trade-offs and Synergies between quality criteria

Maximising the quality value, which combines six quality criteria, is a multi-objective optimization prob-
lem, where the different aspects of the objective are combined into a decision by taking the normalised,
weighted sum of criteria. Thus we want to analyse the trade-offs and synergies between criteria. To
study this we want to investigate the correlations between quality criteria over all candidate CTEs.

Experimental Setup:

DaC is employed to generate 1 CTE for each of the 1000 sets of weights w,qndom. We record the
quality criteria for the created CTEs, but also for all candidate CTEs that were not chosen. Based on
this we record the correlations between quality criteria for candidate CTEs.

Results

There are significant negative correlations between Validity and Proximity, Diversity and Sparsity. Di-
versity is further negatively correlated with State Importance and Sparsity. Lastly, there is a positive
correlation between Validity and State Importance.

Discussion

We hypothesise that the trade-off of Validity with Sparsity and Proximity appears because Validity pushes
for longer and more dissimilar trajectories that can result in larger differences in rewards, while Sparsity
pushes for shorter and Proximity for more similar trajectories. However, Validity does synergise with
State Importance, likely because both criteria prefer phases in the environment, where differences in
rewards can be higher. Diversity trades off against State-importance and Sparsity, because these criteria

36
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Figure C.1: The correlations between quality criteria on a set of 1000 randomly generated CTEs.

prefer certain start points and lengths of trajectories, while Diversity pushes for different start points and
lengths. Furthermore, Diversity is negatively correlated with Validity.

Overall these results show that there are important trade-offs between quality criteria. To navigate
these trade-offs it is important to carefully assign priorities between weights, that are adapted to the
users’ preferences.

C.1.2. Influence of quality criteria on the choice of CTE

The previous section C.1.1 indicated that there are trade-offs between quality criteria which need to be
navigated in the multi-objective optimization problem of finding the CTE with the highest quality value.
We want to find out whether some quality criteria have a stronger influence on which CTE gets chosen
and which criteria are disadvantaged in the choice.

Experimental Setup:

Similarly to the previous Experiment, DaC is employed to generate 1 CTE for each of the 1000 sets of
weights w,qanqom. We record the quality criteria for the created CTEs, but also for all candidate CTEs
that were not chosen. Based on this we record 1) how high the chosen CTE ranks amongst candidates
according to that criterion (percentile ranking), 2) the value of the criterion compared to the criterion’s
highest candidate CTE (relative value) and 3) the average correlation over CTEs between the criterion
and the quality values p (p-correlation).

Results:

Looking at table C.1 it stands out that Validity and State Importance often get an option they rank very
highly (better than 79.6% and 82.7% respectively), but that has a much lower value relative to their
favourite options (0.61 and 0.6 times as high as their favourite). Their values do have the strongest
correlation with the quality values (0.34 and 0.32). On the other hand, Proximity, Realisticness and Sparsity
often have to content themselves with a CTE that they don’t rank highly (55.7%, 69.7% and 52.9%), but
get a value close to their highest rated CTE (0.9, 0.9 and 0.92 times as good as their favourite). Further,
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quality criteria percentile ranking 1 relative value 1+  p-correlation
mean | median mean | median
Validity 79.6% | 95.9% 0.61]0.68 0.34
Proximity 55.7% | 64.4% 0.9 0.91 0.25
Diversity 36.6% | 28.8% 0.37]0.27 -0.1
State Importance 82.7% | 91.8% 0.6]0.58 0.32
Realisticness 69.7% | 93.2% 0.910.93 0.12
Sparsity 52.9% | 56.2% 0.92 ] 0.96 0.18

Table C.1: Statistics that describe how influential quality criteria are for determining the CTE in DaC. 1000 chosen CTEs are
compared to their respective candidate CTEs and for each criterion we display on average how high the chosen CTE ranks, the
value of the chosen CTE compared to the criterion’s favorite and its correlation with the quality value.

they have lower correlations (0.25, 0.12 and 0.18) with the quality values. Lastly, Diversity scores lowest
on all three measurements.

Discussion:

Table C.1 shows us that criteria often did not get their most preferred outcome. This is shown by the
fact that criteria mostly didn’t get their top ranked CTE chosen. We can conclude are real trade-offs
between the criteria, which means there is no easy choice which satisfies all criteria.

It is interesting that Validity and State Importance score high on percentile ranking and qc-correlation,
but low on relative values, while Proximity, Realisticness and Sparsity show the opposite trend. This
phenomenon emerges because values decrease steeply when moving down the ranking of CTEs ac-
cording to Validity and State Importance. Thus, CTEs that rank relatively high are already much worse
than their highest rated option. This means these criteria often don’t achieve high absolute values.
However, the large differences in values mean they have “strong opinions” about the choice of CTEs.
Thus they have an outsized impact on the weighted sum of quality criteria and the final decision. On the
other hand Proximity, Realisticness and Sparsity have a less steep distribution of values, thus "weaker
opinions” about the choice of CTEs and end up influencing the weighted sum less.

It stands out that Diversity does not have a strong influence on the choice of CTE. This might be because
Diversity is negatively correlated with multiple other criteria and thus gets crowded out when calculating
the weighted sum. Furthermore, Experiment 1.6.1 showed that Diversity has a small range of values,
which might further contribute to its weak influence.

C.2. Ablations of Generation Methods

To confirm the design choices that were made for the generation methods and to find good hyperpa-
rameters, we perform ablations on DaC and MCTO. To make this analysis independent of the chosen
weights for the quality criteria, we uniformly sample 200 sets of weights W, andom = {Wvatidity,, ---
-+ WSparsity; }?201 that are uniformly sampled w; ~ U(0,1). We then use different settings for the gen-
eration methods to generate 200 CTEs, where each sample is based on a different original trajectory
and is optimised for a different set of weights. Finally, we measure and compare the quality criteria
achieved by the settings.

C.2.1. Ablations of Deviate and Continue
There are three key elements in DaC that we want to ablate since they represent key design decisions
influencing how the method operates:

1. Ending point: The point where the counterfactual and original methods meet can be determined
as the point where they cross paths ("end-meet”) or can be determined randomly by including
a probability p(terminate) after each step with which the original and counterfactual are ended
("end-random”).

2. Action selection: After deviating from the original trajectory the actions in the counterfactual tra-
jectory can either be chosen by following the policy 7y (“follow-policy”) or by uniformly sampling
random actions (“follow-random”).
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3. Number of deviations: The counterfactual trajectory can either perform one (”7-deviation”) or
multiple ("n-deviations”) deviations .

Experimental Setup:

200 CTEs each are generated using DaC for a uniformly sampled set of weights for multiple set-
tings. The possible combinations of action selection and ending point are tested using "1-deviation”
and p(terminal) = 0.5. Further, we test different combinations of "n-deviations” (n € {1, 2, 3}) with
p(terminal) € {0.05,0.1, ..., 1.0} against "end-meet”.

Results:
1-deviation 2vg. quallly ;/e;’lgg p-valu? follow_policy random_actions
2_deviations 1334 0.67 random_end 1.347 1.0 1.351]0.95
3-deviations 1 .346 0'52 ending_meeting 1.338|0.85  1.114]|4.22e-07

Table C.3: Average quality value and statistical significance
(compared to follow_policy + random_end) for the
combinations of options for action selection and ending points.

Table C.2: Average quality value achieved across all
p(terminal) for different numbers of deviations, along with
p-values indicating the significance of results.

Table C.2 describes the quality values achieved when performing different numbers of deviation steps
averaged across many values for p(terminal). The differences in results are small and don't allow for
significant conclusions. This leads to the assumption that the number of deviations is not essential.
However, from Figure C.2 we can make out that "3-deviations” outperforms methods with fewer steps
on most values for p(terminal).

In Table C.3 the combinations of options for choosing the ending point and selecting actions are shown
according to their achieved quality values. The only significant result shows that a combination of choos-
ing actions randomly and ending trajectories on meeting performs very poorly. This can be attributed
to especially low values in Validity and Proximity.

Figure C.2 shows a trend that high-quality values are achieved for low p(terminal) values. As p(terminal)
rises, quality values first drop until p(terminal) = 0.25 and then steadily increase to a maximum
of around 0.7, before dropping off again. As a result, the "end-random” method outperforms "end-
meeting” for low and moderately high (0.45-0.85) values of p(terminal). Moderately high values score
well because they produce short CTEs that are rated high on Sparsity. Lower values perform well on

"We use the same process for later deviations as for the first deviation. An action is chosen according to the policy, but actions
which would lead the counterfactual to meet the original trajectory are excluded.
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Diversity because they can lead to a wide range of lengths of CTEs. The extra degree of freedom for
“end-random” provided through choosing a value for p(terminal) allows us to find a better setup than
"end-meeting”.

From Figure C.2 it can also be concluded that "1-deviation” works similarly well to "2-deviations”, but is
outperformed by ”3-deviations” for most values. This is largely because "3-deviations” regularly achieve
higher values for Proximity compared to "1-deviation” (p = 0.001) and "2-deviations” (p = 0.02). The
highest values are achieved by "3-deviations” between 0.5 < p(terminal) < 0.75.

Design Decisions and Hyperparameters:

Performing ”3-deviations” is preferable to ”1-" or "2-deviations”, since it scores higher for most values
of p(terminal). This might be the case, because it allows for a wider exploration of the search space
or because it causes CTEs to have a length which tends to score high on the quality criteria. Using
“"end-random” achieves higher quality values than "end-meeting” for 0.5 < p(terminal) < 0.85. There
is no big difference between following the policy and choosing actions at random. Thus we choose to
conduct further experiments “follow-policy”, "3-deviation”, "end-random” and p(terminal) = 0.55.
C.2.2. Ablations of Monte Carlo-based Trajectory Optimisation

In MCTO there are multiple design decisions to be made and hyperparameters to be adjusted:

» Number of starting points: MCTO is started at a specific point of the original trajectory. MCTO can
be started multiple times from different points in the original trajectory. For each of the "n-starts”
starting points a CTE is generated and the best one is selected. The n-starts starting points are
selected as the n states which are rated highest by the State Importance criterion.

* Number of iterations: From a given state MCTO starts to explore the tree through selection,
expanding, simulation and back-propagating. “n-iterations” denotes the number of iteartions in a
state before a decision for the next action has to be made.

» Number of simulations: After expanding, the value of a node is determined through random*backpropagated
through the tree. During backpropagation a discount factor v can be employed to value far-away
rewards less. To switch discounting off the discount factor is setto v = 1.

Experimental Setup:

We test all different options by using MCTO to generate 100 CTEs each for a set of weights w =
{wvatidity; , - Wsparsity, 12 that is uniformly sampled w; ~ U(0,1). We measure the quality criteria
and report on their quality values to compare options. As a default the following values are used,
except for the parameters adapted in an experiment: threshold, = 0.003, p(terminal) = 0.2, v = 0.85,
n-iterations = 10, n-sims = 1, qc-expansion and policy-action and n-starts = 2. Aside from altering
the hyperparameters and measuring the resulting quality values, we also record the efficiency as the
average time needed to generate a CTE (%’gs).

Results:
Number of starting points: Figure C.3 shows how the quality value of CTEs increases when MCTO
gets to pick from a larger number of starting points.

It displays a clear trend that increasing the number of starting points increases the quality of the resulting
CTE. Further, the graph seems to be convex. This makes sense since having more different options
to select the best from is strictly better, but marginal returns are hit quickly. However, this comes at the
cost of efficiency, with the time needed to compute a CTE growing linearly with the number of starting
points.

Getting to choose from more starting point leads is strictly better for performance. However, there are
diminishing returns on investing more computing time into finding a better solution.

Number of iterations: We test multiple amounts of iterations per step for a setting using random-
expansion” and "gc-expansion”.

Figure C.4 shows a slight improvement in quality values with increasing n-iterations. This is backed by
the small correlation between n-iterations and quality values of 0.092 (p = 0.01) for random-expansion
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and 0.04 (p = 0.18) for heuristic-expansion. However, with every additional iteration new simulations
need to be run leading to a roughly linear decrease in efficiency for random-expansions. This presents
us with another trade-off between quality and computational efficiency.

Number of simulations: We test multiple amounts of simulations per extension with one setting sam-
pling actions randomly (random-simulation) and one sampling according to the policy (policy-simulation)
during the simulation.

Figure C.5 indicates that averaging estimates over more simulations does not improve the performance
of MCTO. Both settings don’t show a significant correlation between the n-sims and quality values.
However, increasing n-sims comes at an approximately linear increase in computational cost.

Likelihood to terminate: Values between [0.05, ..., 1.0] are used as the likelihood of the simulation to
terminate in a given step.

Figure C.6 shows no clear trend in quality values when increasing p(terminal). One can make out
an increase in the early values (0.05 — 0.2) and a dip around p(terminal) = 0.65. However, these
observations might be measurement inaccuracies rather than consistent trends. For low likelihoods
of ending (p(terminal) < 0.2) there are significant increases in the computational cost for generating
CTEs. This is because individual simulations become longer.

Action threshold: Multiple values for threshold,, which determine which actions are viable as branches
based on their likelihood according to the policy 7y (s, a).
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Figure C.7: Avg. Quality Value for CTEs generated by MCTO Figure C.8: Avg. Quality Value for CTEs generated by MCTO
using different numbers of simulations across a setting using  using different numbers of simulations across a setting using
the policy (policy-simulation) and without (random-simulation) the policy (policy-simulation) and without (random-simulation)
the expansion heuristic. At n-sims = 10 the increment of the  the expansion heuristic. At n-sims = 10 the increment of the

x-axis changes from 1 to 10. x-axis changes from 1 to 10.
threshold, ~  n-iterations
heuristic-expansion 1.307 1.314 1.315
random-expansion 1.310 1.320 1.323
p-value 0.912 0.793 0.640

Table C.4: The average quality value achieved by MCTO using heuristic-expansion or random-expansions across multiple
values from threshold,, v and n-iterations respectively, along with the p-value indicating the statistical significance in
differences between them.

There is no clearly best threshold, recognisable from Figure C.7. None of the differences between the
action thresholds is significant and it can be concluded that this hyperparameter is not important for the
functioning of MCTO.

Discount factor: We test values for the discount factor between [0.7, .., 1.0] applied to the result of a
simulation.

Figure C.8 does not show a significant impact of the discount factor on the quality value of resulting
CTEs. There is also no significant correlation between those values. We conclude that adding a
discount factor does not help or hinder MCTO in its search and we thus choose v = 1.0 for simplicity.

Expansion Heuristic: To understand how the method for choosing which branch to extend influences
the quality criteria of the resulting CTEs, we deploy heuristic-expansion and random-expansion across
different values for threshold,, v and n-iterations and average the results.

For all three test cases, random-expansion slightly outperforms heuristic-expansion. However, none
of the differences are statistically significant.

This indicates that an early estimation of the quality criteria is not a good heuristic to guide the expan-
sions in the search tree. This might be because the early estimations do not accurately reflect how
promising a branch is to extend. Furthermore, using the heuristic comes at a significant computational
cost. Across all n-iterations heuristic-expansion needs 61.3 -7, while random-expansion only takes

23.2 575 (see Figure C 4.

Action selection during simulation: We compare the two proposed methods for selection actions
during the simulation, policy-simulation and random-simulation, across different values for n-sims and
p(terminal) and average the quality values of the resulting CTEs.

Table C.5 shows that there is no significant difference between policy-simulation and random-simulation.
However, Figure C.6 shows us that following the policy is less efficient than choosing randomly.



C.3. Ablations of Informativeness Measure 43

n-sims  p(terminal)

policy-simulation 1.327 1.295
random-simulation | 1.312 1.302
p-value 0.251 0.657

Table C.5: The average quality value achieved by MCTO using policy-simulation or random-simulation across multiple values
from n-sims and p(terminal) respectively, along with the p-value indicating the statistical significance in differences between
them.
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Figure C.9: Average Quality Value achieved by Random with different likelihoods of termination

Design Decisions and Hyperparameters:

n-starts= 70 is selected, because the authors deem the increased quality values worth the lower ef-
ficiency in this setting. However, increasing the number of iterations per choice only leads to small
improvements and thus n-iterations= 10 is chosen. p(terminal) = 0.35 is chosen since it leads to the
best performance for random-simulation and is computationally efficient, despite acknowledging that
the high quality value is likely due to noise in the measurement. Expansion-random is clearly prefer-
able, since expansion-heuristic worsens performance and efficiency. Thus, in further experiments,
expansions should be chosen randomly instead. Additionally, random simulations are performed due
to their efficiency. Considering their negligible effect on the performance, we set threshold, = 0.003
and v = 1.0.

C.2.3. Ablations of Random CTE Generation
To make Random a stronger baseline comparison we perform a hyperparameter search to find the best
way of choosing when to end the random trajectory.

Experimental Setup:

Similarly to DaC and MCTO Random has a likelihood of p(terminal) ending the counterfactual and
original trajectory at every step. For multiple values of p(terminal) 1000 CTEs are generated and their
quality criteria are measured.

Results

Figure C.9 shows a clear trend where the average quality values achieved by Random first rise until
p(terminal) = 0.2 and then steadily fall. However, the performance of Random does not differ greatly
with quality values only differing in a range of < 0.04.

C.3. Ablations of Informativeness Measure

To validate that our Informativeness Measure using a proxy-human model works well we investigate
the feature extraction and the multi-task learning.
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Figure C.10: PCA of the extracted features

Number of features 10 20 30 40 46
Mean Squared Error | 0.469 0.360 0.237 0.216 0.217

Table C.6: Mean Squared Error on unseen CTEs when a Stepwise Linear Model is trained on CTEs, but can only use a set
number of the 46 available features.

C.3.1. Importance of Extracted Features

In order for the proxy-human model to learn from the CTEs, 46 handcrafted features are extracted from
the original and counterfactual trajectory (see Section B.2). We want to better understand the data and
make sure it does not cause problems when training.

Experimental Setup:

Firstly, in order to find out whether the extracted features contain much redundant information we per-
form Principal component analysis (PCA). By increasing the number of principal components from 1-46
and measuring how much of the variance in the data is explained by these principal components we
can get an understanding of how much redundant information is in the extracted features.

Secondly, the curse of dimensionality describes problems caused by high-dimensional spaces [43]
and relates to ML by stating that adding more features without adding more data points can hurt the
performance of an ML model [23]. To make sure the proxy-human regression model does not suffer
from having too many features we train a step-wise linear model on different amounts of features. This
tests whether all features are important for model performance or are better left out. To test this we
train a stepwise linear model on 800 CTEs to extract the most important features for the number of
features 10, 20, 30, 40, and 46 and measure its performance on the test set using Mean Squared Error
(MSE).

Results & Discussion:

Figure C.10 shows that almost all of the variance in the data is explained with 30 principal components.
This indicates that there is some redundant information in the features. However, this is unsurprising,
since many of the features will be correlated with each other, while still contributing some relevant
information.

Table C.6 showed that there was no improvement in the performance of a linear model when training
on fewer features. While the last remaining features do not add much performance, they also don’t
hurt it. Thus we use the full 46 features.

C.3.2. Task weights in Multi-Task Learning

The proxy-human model is trained in a multi-task fashion to achieve 2 tasks (see Section B.4. Itlearns to
predict the difference in rewards (contrastive) and the reward individually (single). The weight assigned
to each task indicates its importance.



C.4. Influence of Quality Criteria on DaC 45

Multi-task performance across task weights

0.9 - \ \/
5
= 0.81 —— contrastive own
g single own
; —— contrastive combined
? 0.7 1 —— single combined
©
(]
o
o W‘W
0.5 T T T T T

1/8 1/6 1/4 1/2 2 4 6 8 12 16 20 30 40

weightcontrastive

Figure C.11: Pearson correlation of model predictions with true labels on the own and combined test set for the tasks
contrastive and single along different relative weights between those 2 tasks.

Experimental Setup

In order to find a good trade-off between the two tasks we try different weights for them and record the
Pearson Correlation of the tasks on an unseen combined dataset. Notably, what matters here is the
relative weight between contrastive and single and not their absolute weight. Thus we use the relative
weights “ o toentrastive € (L1 45},

Results & Discussion:

Surprisingly, Figure C.11 does not show a trend of performance changing with different task weights.
For both tasks, the performance on the own test set and combined test set are steady with some noise.

Although it could have been expected that increasing the relative importance correlates with its perfor-
mance, this is not the case. It seems there is enough shared information between the tasks that they
benefit each other instead of trading off against each other. This makes sense since the tasks really
are quite similar. lllustratively, calculating the contrastive reward can simply be done by taking the dif-
ference of the single reward. This can raise our confidence that providing the contrastive perspective
really does help to predict rewards for single trajectories.

C.4. Influence of Quality Criteria on DaC

This section explores the correlations between criterion weights and informativeness using different
generation methods and regression models than Experiment 3 in the main paper.

C.4.1. Informativeness of quality criteria using DaC

Experimental Setup:

The same experimental setup as described in Experiment 2 of the main paper (see Section 1.6.2) is
used to evaluate the influence of the weights w of quality criteria for the informativeness of CTEs. In
contrast to section 1.6.2 the CTEs are generated by DaC instead of MCTO.

Results:

The weights for Validity wy 41:4ity COrrelate the strongest with contrastive performance and also strongly
with single performance. wgreaqiisticness Stands out as highly correlated with single, despite being only
slightly correlated with contrastive. Higher weights for Diversity also indicate higher performance on
both tasks. wstatermportance 1S NOt strongly correlated with both task performances.

For both contrastive and single learning Validity is the mostimportant criterion. wp,ozimity @Nd Wpiversity
also correlate with the performance of the regression model on both tasks. Interestingly, wgrcaiisticness
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Figure C.12: For each quality criterion the Spearman correlation between its weight used to generate CTEs via DaC and the
performance of the regression model trained on the resulting CTEs on the contrastive and single task. The results are
averaged over 10 models with different initialisations and the standard deviation for different models is displayed.

has a strong influence on single but is less important for contrastive learning. wsparsity do Not strongly
correlate with the performance of the model on the tasks, while wsiatermportance €v€N Negatively cor-
relate with the performance of the model on the contrastive task. The two tasks largely agree on how
important each criterion is to their performance. This is not the case for Realisticness and it's unclear
why, especially because this difference did not appear for CTEs generated by MCTO.

Discussions:

The results for DaC present notable differences from those for MCTO (see Experiment 2 in section
1.6.2). The importance of Realisticness on DaC is much higher than on MCTO. State Importance and
Proximity are generally less important for DaC, while Sparsity is more important for MCTO. However,
there are also similarities. Validity is very important for both tasks, and the correlations for Diversity are
similar for the two settings.

These results can increase our confidence that Validity and Diversity are generally important criteria for
a Neural Network to learn from. The results also show that the priority between quality criteria does
depend on the specific generation method that is used. Different generation methods have different
ways of navigating the trade-offs between quality criteria. Thus it is unsurprising that the correlation
between criteria weights and downstream performance differs between generation methods.

C.4.2. Most and Least informative set of weights

To provide further insight into which quality criteria are important to create informative CTEs, we show
the set of weights that lead to the most and least informative CTEs. The most informative weights
described here are also those used to generate CTEs in Experiment 3 (see Section 1.6.3).

Experimental Setup:

For experiment 2 (see Section 1.6.2) we collect the single best and worst performing set of weights
w € W = {Wyalidity, s - Wsparsity, } 1=1- We use both MCTO and Dac to generate CTEs and a Neural
Network and Linear Models to learn from them.
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Validity Proximity Diversity State Importance Realisticness Sparsity
best weight contrastive 0.982 0.98 0.576 0.528 0.303 0.851
worst weight contrastive | 0.126 0.213 0.492 0.943 0.052 0.752
best weight single 0.878 0.92 0.915 0.674 0.639 0.657
worst weight single 0.17 0.496 0.205 0.968 0.203 0.633

Table C.7: The sets of weights (out of 30) that lead to the most and least informative CTEs for a Neural Network when
optimised by MCTS for the contrastive and single task.

Validity Proximity Diversity State Importance Realisticness Sparsity
best weight contrastive 0.902 0.658 0.405 0.587 0.12 0.988
worst weight contrastive | 0.006 0.267 0.891 0.924 0.353 0.579
best weight single 0.878 0.92 0.915 0.674 0.639 0.657
worst weight single 0.412 0.836 0.38 0.087 0.042 0.748

Table C.8: The sets of weights (out of 30) that lead to the most and least informative CTEs for a Neural Network when
optimised by DaC for the contrastive and single task.

Results:

Table C.7 shows that the most informative CTEs generated by MCTO for a NN have high Validity
and Proximity, while the least informative ones have high State Importance and Sparsity. For the most
informative weights for contrastive wgpqrsity Was high, while wp;yersity, Was high for single.

When generating highly informative CTEs with DaC (see Table C.8) for the contrastive task wv gidity
and wgparsity Were high, while the least informative CTEs were generated with high wpiyersitiy @and
WStateImportance- 10 SCOre high on the single task, wy qiiditys WpProzimity 8Nd Wpiversity Were high, while
Wsparsity aNd Wprozimity Were high for the lowest scores.

While DaC and MCTO agree which set of weights leads to the most informative CTEs for the single
task, they disagree on the three other settings.

Discussion:

These results again highlight the importance of Validity for creating CTEs that are informative to a
Neural Network. Furthermore, they indicate that State Importance can be harmful. For MCTO Proximity
and Diversity are clearly helpful. On DaC there are less clear claims that can be made as Proximity,
Diversity and Sparsity appear with high weights when informativeness was high and when it was low.

The fact that MCTO and DaC agree on one out of four settings, reinforces the claim that different
generation methods do not converge to the same priorities between criteria. However, all results should
be taken lightly, since they are only based on 30 different options for weights.

C.5. Using a Linear Model as proxy-human model

In the main experiments, we use a Neural Network to learn from the CTEs. To test whether our results
are robust to using a different type of learner we rerun the experiments using a Linear Regression
Model (LM). If results are similar this can give us some indication that they are not only specific to a
Neural Network but might also be applicable to other learners. This could even possibly to humans
However, humans are not mathematical models optimised via Gradient Descent, which necessitates a
user study before making such conclusions (see Appendix D.3).

The multi-task learning of the proxy-human model is adopted by training two Linear Models. While they
receive the same input, the first has one output that predicts contrastive rewards, the other has two
outputs that predict the single rewards.

C.5.1. Importance of Quality Criteria for a Linear Model

This experiment aims to test whether the previous results about the importance of quality criteria hold
up when using Linear Regression Models (LMs) instead of a Neural Networks (NNs) as a proxy-human
model. It repeats the Experimental Setup described in Experiment 2 (see Section 1.6.2), except that
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Figure C.13: Spearman correlation between the weights of ~ Figure C.14: Spearman correlation between the weights of

quality criteria and the performance of the Linear Regression  quality criteria and the performance of the Linear Regression

Model trained on CTEs generated by MCTO on the contrastive Model trained on CTEs generated by DaC on the contrastive
and single task averaged over 10 seeds. and single task averaged over 10 seeds.

the proxy-human model is two LMs instead of a Neural Networks. Specifically, we use Simple Linear
Models with a bias term trained via regression.

Experimental Setup:

To determine the influence of quality criteria on the informativeness of the generated CTEs, 30 sets of
weights w = {Wvatidity, -+ Wsparsity; } 11 Were uniformly sampled w ~ U(0,1) and used to generate
30 sets of 800 CTEs per generation method. These sets of CTEs were used to train two Linear Models
and the performance of each resulting model was measured as the Pearson correlation of its outputs
to the true labels of the combined test. For each method, this allows us to approximately find the set
of weights which lead to the most and least informative CTEs. By analysing the correlations between
the weriterion @nd model performance we can derive the relative importance of each quality criterion.
A higher Spearman correlation between the weights and the informativeness indicates that the quality
criterion is more important.

The Linear Models was trained with learning rate= 0.1 and weight decay regularisation of 0.01.

Results:

For the Linear Model trained on CTEs generated by MCTO Realisticness was the most important criterion
for both tasks (see Figure C.13). Furthermore, it stands out that Diversity is especially important for
single, while Validity is important for both tasks. For all other criteria, their weights are slightly positively
correlated with the performance of the proxy-human Linear Model.

Figure C.13 also shows Realisticness as the most important criterion for single, while the weights for Va-
lidity wy q1idity COrrelate strongest with the Linear Models performance on contrastive. wpjyersity Proves
important for both tasks, while wgistermportance i N€gatively correlated with contrastive performance.

Discussion:
Overall the results for the importance of quality criteria for informativeness are similar when using a
Linear Model or Neural Network.

Notable differences for MCTO are that Realisticness is considerably more important for both tasks and
Diversity is more important for single. Furthermore, State Importance and Sparsity now have a slight
correlation with performance. Validity is relatively less important for the Linear Model than for the
Neural Network. For DaC the importance of quality criteria for informativeness is very similar for the
Linear Model and Neural Network.
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Figure C.15: The informativeness of CTEs generated by MCTO, DaC and random for a Linear Model. Performance for the
single and contrastive task are shown on the respective own (left graph) dataset and the combined dataset (right graph).

Overall there are some differences in importance when using MCTO and very few for DaC. This can give
us more confidence that the results are not extremely influenced by which model is used as a learner.
However, we should not simply extrapolate that results will be similar for all receivers to explanations,
this at least indicates some level of generality and robustness about our findings about the importance
of quality criteria.

C.5.2. Informativeness of Explanations for a Linear Model

I's unclear whether CTEs are especially informative when using a Neural Network as a proxy-human
model or whether less complex architectures benefit equally from CTEs. Thus we repeat Experiment
3 (see Section 1.6.3) with Linear Models as proxy-human models.

Experimental Setup:

10 pairs of Linear Models were trained on 800 CTEs generated by MCTO, DaC and Random. Each
of these methods was optimised for the set of weights found to lead to the most informative CTEs.
They were then tested on a test set of 200 unseen CTEs generated by the same method (own) and
on a combined test set that has 600 examples from all three methods. The main measurement is the
Pearson Correlation between model predictions and labels.

Results:

On the "own” test-set the LM learns best from the randomly generated CTEs for both tasks. For con-
trastive learning CTEs from MCTO are more informative for the LM than those from DaC. For the single
predictions, DaC outperforms MCTO. Overall the correlations to the true labels are between 0.65 — 0.9.

On the combined dataset average performances range between 0.6 —0.38. DaC performs best on both
tasks, while MCTO outperforms Random. Further, there is very little deviation between models with
different initialisations.

Discussion:

In contrast to the Experiment using a NN DaC generalises better than MCTO. Overall the LM achieves a
significantly lower performance on the own dataset and that on the combined dataset. Likely, the added
complexity of the Neural Network enables it to learn more complex functions that explain the rewards.
This also indicates that the Neural Network learned more complex knowledge about the reward function
which is not straightforwardly learned by a LM.
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The reason why Random performs best is likely because the dataset is easier to predict. While the LMs
trained on randomly generated CTEs perform well on-distribution, they are worse at generalising off-
distribution. This indicates that they learned less generalizable knowledge about the reward function.

It should be added that the Linear Model does not benefit from the same cross-task learning as the
Neural Network. While the NN trains the same body for the contrastive and single labels, thus making
use of the information in both tasks, the LMs are trained separately for the different tasks. Furthermore,
the fact that there is little deviation between model initialisations hints at the fact that these models
converge to the same local minimum.

The fact that DaC produces more informative CTEs for a Linear Model than MCTO, calls into question
the conclusion that MCTO is the most effective generation method. However, the generally bad per-
formance of the LMs makes it a relatively weak piece of evidence. While MCTO still achieves higher
quality values and produces CTEs that are more informative for a more complex model, we cannot
claim that MCTO is the best choice for any learner.

C.6. Summary of Further Experiments
This further set of experiments underlines our takeaways presented in the main article.

In section C.1 we explored the trade-offs between quality criteria and how much influence different
quality criteria have on the final CTE. There are clear trade-offs between some quality criteria making
this a hard Multi-objective optimization problem, which requires the generation methods to adjust ac-
cordingly. On different measures of influence. We discuss that this effect is caused by the fact that the
distribution of values are different between quality criteria.

We conduct rigorous ablations and hyperparameter searches for the generation methods MCTO, DaC
and Random. These ensure that the methods perform at their maximum capacity and are not held back
by a bad choice of hyperparameters. For MCTO we also explore the trade-offs between effectiveness
and efficiency across multiple parameters. Further, we test multiple heuristics for MCTO, which do not
lead to significant improvements in the method.

To validate our measure of informativeness we explore whether using too many related features could
reduce model performance. We find that although there is significant shared information between the
features, training on fewer features does not improve performance. This ensures that the experiments
are not using too many features, hampering the performance. Further, we explore the trade-offs be-
tween contrastive and single learning. We find that there are no significant trade-offs between these
tasks, indicating that they do synergise very well together.

Further, we validate the Experiments about the importance of quality criteria (1.6.2) by using DaC
instead of MCTO to create CTEs. Despite Realisticness being more important and State Importance
being the two settings give similar priorities to the quality criteria. This raises our confidence that the
findings presented in the main paper generalise to different methods.

Lastly, we validate our results in Experiments 2 and 3 (see section 1.6.2 and 1.6.3) by using Linear
Models instead of Neural Networks as proxy-human models. There are only a few differences in which
criteria are important to create CTEs that are informative to an LM and an NN. When comparing gener-
ation methods DaC stands out as slightly more informative than MCTO. This decreases our confidence
in the claim that MCTO is the most effective generation method. Overall the higher complexity of the
NN makes it much better at predicting the rewards.



Extended Challenges and Future
Directions

D.1. Limitations

There are a number of limitations to the design and execution of this study, which limit the conclusions
we can draw from it.

This report uses proxy-human models based on Neural Networks or Linear Models to learn from the
explanations. However, in the envisioned applications a human user would consume the CTEs. While
results are promising, esp. for the Neural Networks, we cannot simply extrapolate this to claim that
humans will also be able to learn well from CTEs. Human brains are not mathematical models trained
on handcrafted features via Gradient Descent. This will likely mean human users will prefer a different
prioritisation between quality criteria. Furthermore, this could mean that humans learn better or worse
from the CTEs than a Neural Network. Thus a user study will be necessary to prove the efficacy of this
method. In section D.3 we outline some considerations for a user study.

The experiments use a fairly simple 6x6 grid world environment with only 5 different types of cells.
Reinforcement Learning agents are often employed in highly complex environments. In a more complex
environment, there would be more complicated and interconnected aspects a reward function has to
consider and there would be more different possible situations the reward function could encounter.
Thus a more complex environment would likely require a more complex model as a reward function. It
is not clear how well the method of CTEs will scale to explain more complex reward functions in more
complex environments. One specific issue might be that a lot of different situations would need to be
covered to get a full picture of the reward function.

The quality criteria were identified by a literature search as criteria that are often emphasised as im-
portant when creating counterfactuals. While the justification for each criterion is solid, their specific
implementation was based on the researchers’ choice. When possible we tried to stay close to previous
interpretations but otherwise attempted to capture the idea behind the quality criterion faithfully. How-
ever, some of these design choices are subjective and can be debated. Thus, we would encourage
more exploration and empirical investigations into the design of quality criteria in the setting of Reward
Learning and Reinforcement Learning.

Compared to DaC or the random baseline, MCTO is the most effective generation method. MCTO
performs a much deeper exploration of the space of possible trajectories than DaC and Random making
it an unfair comparison. Other optimisation methods should be applied and tested against MCTO.

While the combined test set makes for a fair comparison between different settings for creating CTEs,
there might be more comprehensive test sets that could give more general insights. An ideal test set
would cover most possible situations the reward function could be in and thus give a comprehensive
overview of how well the proxy-human model learned to predict similarly in a wide range of situations.

51
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The features we extracted to then train the proxy-human model on are often averaged or summed over
the trajectory. This loses some details present in single states which are a cause of rewards. Thus this
method of extracting features inherently causes a loss of information about the reward function that the
proxy-human model will miss.

Lastly, the policy my which was trained on Ry plays a central role in generating CTEs. It creates the
trajectories 7,,, from which a partial trajectory is used as ¢, in the CTE. Furthermore, it aids in guiding
the generation of counterfactuals and rating the quality of CTEs. This has two problems. Firstly, it
biases the provided explanation to be similar to the policy and thus not cover a wider space of possible
situations. Secondly, this means it's necessary to first train a policy in the environment before we
can explain the reward function. In some safety-critical situations where misalignments of a policy
might cause harm, we would like to directly explain the reward function before using it to train a policy.
However, this is not possible if the policy is needed to generate the explanations.

D.2. Implications

This section contains speculations about the implications of this research for the ability to identify and
address misalignments between a learned reward function and the human’s objectives. Claims here
should not be taken as deeply justified research results but as loose thoughts on the applicability of
this method.

Our approach of generating Couterfactual Trajectory Explanations that help a user to interpret a reward
function fits into the Transparent Value Alignment Framework [60]. This presents Value Alignment as
an iterative process where the user provides information to an Al, from which the Al learns a reward
function and then provides the user with Explanations to aid them in identifying misalignments of the
reward function with their own objectives.

Our method learns some, but not all aspects of the reward function. While this can help uncover some
misalignments between the human values and the reward function, it cannot be expected to find all
such misalignments. Even if the misalignments found by this method are addressed we should not be
confident that the reward function is now fully aligned with the human’s intentions.

Anecdotally, the researchers and a few informal test subjects found it helpful to look at CTEs and see
examples where the reward functions were not making choices that were aligned with the ground-truth
objective function. For example, we found that there were situations where the reward function being
tested did not value using the fire extinguisher positively despite the ground-truth reward function giving
a reward of +1 for using it. Further, the reward function often assigned higher rewards if the player
was standing on a human, even in situations where this brought no apparent benefit. These insights
would be very valuable to fix the misalignments by providing new demonstrations. For example, the
demonstrator could show behaviour which makes the value of the fire extinguisher clear.

For a successful application of this method to humans, it would be necessary that humans are able to
learn in a more sample-efficient way from CTEs since it is not feasible to show a human 800 examples.
Likely humans do better at this than a Neural Network, since they are generally better at few-shot
learning.

D.3. Future Work

This section outlines concrete proposals for extensions to this study and points to some interesting
applications of the framework and method.

User study:

The obvious next step in this line of research is to test how informative the generated CTEs are for
humans. Ultimately, the purpose of such interpretability techniques is to help humans understand the
model. Research on counterfactual explanations has been criticised for neglecting to test methods with
user studies [42].

Concretely, a group of humans should be shown a set of CTEs generated via MCTO. This would be
contrasted to a group, which would be shown twice the amount of single trajectories [35] or state-action
pairs along with their rewards. Further, a comparison could be made to [49] by also providing a group
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of users with Feature Attributions.

The informativeness of the different techniques could be measured in multiple ways. The experiment
could test participants’ ability to predict the rewards the reward function would assign to an unseen
trajectory [4]. Additionally, the metrics of complexity and understanding developed by Sanneman and
Shah [59] should be considered. Alternatively, they could be asked to identify a deliberately introduced
flaw in the reward function [55] or to distinguish between a reward function they received explanations
about and other reward functions [28]. Further, subjective ratings about the informativeness, satis-
faction and mental effort required can be collected from the user [45, 46]. Lastly, improvements in a
downstream task like collaboration between the Al and a human [65] or the quality of further feedback
provided by the human can be taken as measures [63]. Lastly, it will be crucial to test how efficiently
humans can learn from CTEs.

Improvements to the method:

The current way CTEs are displayed in the Emergency environment makes them not easily digestible
to users and thus limits their effectiveness. Designing a User Interface which allows humans to easily
digest the provided information could improve the effectiveness of the method.

Improvements can be made when solving the multi-objective optimization problem of choosing the best
CTE based on multiple quality criteria. Future work could explore the use of Pareto-based techniques
methods to ensure that the chosen solution lies on the Pareto front and is not dominated by another.
Further, during the calibration phase, a more efficient way of sampling weights that takes into account
the results of previous sets of weights can be introduced. Candidates for this would be Bayesian
Optimization [3] or Evolutionary Algorithms [22].

The method could be made more environment-agnostic. Currently, the measurement of Proximity and
Feature Extraction rely on specific knowledge about the environment e.g. humans and obstacles are
important aspects of the environment. To make the method easily adaptable to other RL environments,
these aspects should be generalised to not rely on domain knowledge.

Alternative Framings: While this work chose to create counterfactuals for trajectories, future work
could opt to create counterfactuals for single state-action pairs. Although trajectories do give insight
into longer behaviour and multi-step planning, counterfactual state explanations might be easier to
understand and generate. This would require a new set of generation methods. In the initial exploration
of this research project, we implemented a method which introduced random permutations to a state-
action pair by adding or removing objects. Out of the generated permutations, the one which led to
the largest change was shown to the user. This provided explanations which were anecdotally useful
to the researchers but lacked Diversity. Further, it would require redefining the quality criteria, since
current criteria are specifically designed for rating counterfactual trajectories. As an advantage during
evaluation, it might be possible to skip the feature-extracting step and let a Neural Network learn directly
from state-action pairs.

The use of reward learning has recently become a key driver of progress in NLP through the use of
Reinforcement Learning from Human Feedback (RLHF) [10]. Using the framework presented in this
paper, the reward functions learned by RLHF could be explained with pairs of original and counterfactual
sentences. In this setting the original sentence generated by the Language Model that was trained
on the reward function receives a reward and is compared to a counterfactual sentence. This would
require the development of new generation methods and new implementations of the quality criteria.
While Validity could still refer to the difference in average rewards, Proximity could be measured as the
cosine similarity of the sentence embedding.

Applications of the explainability tool:

Lastly, it would be great to see the tools developed in this study to actually investigate learned reward
functions and find out more about their inner workings. For example, the tool could be used on multiple
reward learning algorithms to gain a more nuanced understanding of the differences in the reward
functions they produce. For example, AIRL[29], PbRL [18] and MaxEnt IRL [75] could all be trained
based on the same ground-truth reward function and policy and then be investigated deeply using
CTEs. This could produce insights into the workings and differences of these algorithms.

Furthermore, this method of generating counterfactual trajectories might have applications in Preferences-
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based Reinforcement Learning when deciding which queries should be shown to a user to collect their
preferences. While queries are currently often chosen to according to the uncertainty the reward func-
tion has about them [18, 20], it could prove beneficial to also consider the quality criteria derived in this
study to adapt the queries to a user.

Ultimately we hope this explainability technique can be employed in the larger framework of Transpar-
ent Value Alignment [60]. In this framework, a user provides information in the form of demonstrations
or feedback. from which a reward function is learned to capture the human’s values. Next, the Coun-
terfactual Trajectory Explanations about the learned reward function can be generated and shown to
the user. Based on these the user can identify differences between the values they hold and those
captured by the reward function and provide additional information to address these differences (see
Figure 1.2). To make this work, future research could:

1. Improve upon the explainability techniques presented in this paper to help humans identify flaws
in the reward function,

2. Help the human to effectively choose new information to provide to the reward function, which
addresses the identified flaws or

3. Update the reward function appropriately with the newly provided information.
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