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Abstract
Search-based AI agents are state of the art in many
challenging sequential decision-making domains.
However, contemporary approaches lack the ability
to explain, summarize, or visualize their plans and
decisions, and how they are derived from traversing
complex spaces of possible futures, contingencies,
and eventualities, spanned by the available actions
of the agent. This limits human trust in high-stakes
scenarios, as well as effective human-AI collaboration. In this paper, we propose and motivate the
new research direction of explainable search. We
discuss its differences to existing approaches in explainable AI, and outline important related research
challenges with concrete examples, focusing in particular on online interactions and the resulting understanding of explanations in an ongoing process
of mutual collaboration towards human goals.

1

Introduction

In recent years, AI has increasingly found its way from research labs into applications: from the recommendation systems used by online retailers to image recognition on social networks, from voice-controlled personal digital assistants to medical diagnosis systems, from service robots to
self-driving vehicles. As we work with AI and rely on AI
for more and more decision-making processes that influence
our daily lives, issues around user understanding of such processes have garnered attention. Aimed at goals such as supporting trust in AI, increasing user satisfaction with AI, enhancing collaboration with AI, and enabling transparency of
AI decision-making—and partly also motivated by new European Union regulations on a “right to explanation” [Goodman and Flaxman, 2017]—the research area of explainable
AI (XAI) has rapidly developed.
When the DARPA XAI program [Gunning, 2017] helped
kickstart explainable AI, the core focus of the field was on
explainable machine learning, as the “black-box” properties
of the suddenly ubiquitous deep neural networks were seen as
a central problem for understandability or interpretability of
AI systems. This is probably still the most well-developed
subfield of XAI, with a variety of surveys covering recent
progress [Samek et al., 2017; Adadi and Berrada, 2018;

Guidotti et al., 2019; Henin and Métayer, 2019]. While there
has been a strong focus on explaining single algorithmic decisions of data-driven systems such as neural networks, the
challenge of explaining complex behavior of goal-driven systems, i.e. agents autonomously acting in their environment
through sequences of decisions, has only recently come more
into view [Anjomshoae et al., 2019; Sado et al., 2020]. Multiple authors have observed that much of the existing XAI
literature is not suitable for explaining sequences of decisions [Topin and Veloso, 2019] and “studies addressing the
increasingly pervasive goal-driven agents and robots are still
missing” [Lage et al., 2019], even though “sequential environments offer a unique challenge for generating human understandable explanations” [Ehsan et al., 2019]. In such contexts, the decisions to be explained could for example be part
of both short- and long-term plans to achieve goals at different levels of granularity, and could require explanation both
in advance of execution to manage expectations, during execution to explain deviations or unforeseen problems, and after
execution for debriefing purposes [Gervasio et al., 2018].
Looking at the existing work on explaining goal-driven behavior, a large part of it falls into the emerging subfield of
explainable planning [Fox et al., 2017; Chakraborti et al.,
2019a; Chakraborti et al., 2020], which focuses on the classical planning setting. For reinforcement learning (RL)1 however, even though it is arguably at the heart of many recent
AI breakthroughs [Mnih et al., 2015; Silver et al., 2016;
Silver et al., 2017c; Silver et al., 2017b; Yang et al., 2019;
Berner et al., 2019; Vinyals et al., 2019], work towards explainability is just beginning, and remains one of the major
research challenges [Dulac-Arnold et al., 2019]. The existing work on explainable reinforcement learning (XRL) often
either attempts to explain an agent’s behavior in its entirety,
i.e. tries to simplify, characterize, or summarize a complete
and fully optimized agent policy [Hayes and Shah, 2017;
Verma et al., 2018; Amir and Amir, 2018; Roth et al., 2019];
1
We understand the term RL to also cover planning, as learning from simulated experience with the help of a model [Sutton and
Barto, 2018]. While this blurs the lines between RL and classical
planning problems, we consider the RL setting to be more relevant
for the purposes of this paper, as it typically focuses less on solvability of problems or optimality of plans found offline, and lends itself
more naturally to online decision-making, in particular in potentially
stochastic, partially observable, and/or multi-agent domains.

or it focuses on explaining a single agent decision instead, i.e.
tries to illustrate how and why a given policy maps a specific
state to a specific action [Khan et al., 2009; Iyer et al., 2018;
Ehsan et al., 2018; Erwig et al., 2018]. In many application scenarios however, a high-level explanation of an entire
policy is likely to be either too abstract or too verbose to be
helpful – imagine a chess tutor agent trying to explain to a
human student how it plays chess in general, instead of explaining its next move recommendation to increase pressure
on the opponent’s rook; or a search & rescue robot explaining
to a human mission supervisor the general structure of its decision making process, instead of outlining its plan for getting
access to the first floor of the partially collapsed building it is
in. A myopic explanation of a single decision, without explicitly discussing the future situations and further decisions
it might lead to, would not give the user enough relevant information for these settings either – imagine the chess tutor
simply highlighting that the upper left corner of the board
contained the most relevant input features for its move decision, or the search & rescue robot only stating that moving
left leads to an 11% higher probability of clearing the first
floor within the next ten minutes compared to moving right.
Humans would probably want to know: Why? What exactly
could happen next? Which possible outcomes were explored,
how were they interpreted, compared, and selected from?
Learning complete high-quality policies for the entire state
space in complex domains can be very challenging. In cases
where domain models are either available or can be learned,
the most promising RL approach is often online planning, or
the repeated search for the best next action, starting from the
current state in which a decision is needed, and exploring
possible futures in the immediate future of the agent [Silver et al., 2016; Silver et al., 2017c; Silver et al., 2017b;
Schrittwieser et al., 2019; Segler et al., 2017]. The outcomes
of these searches are neither complete plans to solve the entire
task, nor single actions in isolation. They are complex trees
of expected contingencies and eventualities, starting from the
here and now, together with the agent’s current best idea of
how to handle them, and finally motivating a most promising
next action to execute before replanning. In this paper, we
call for research on how to explain the decision-making of
such search algorithms, which is best framed neither as fullpolicy nor as single-action explanation, but as exploration of
possible futures, their evaluations, their relationships to
each other, and the available choices between them.
With explainable search, we therefore propose a direction
of XAI that is putting a different, so far underappreciated
“black box” into its center – not the large graphs of elements
such as neurons, layers, weights, and activation functions that
make up neural networks, but the large graphs of elements
such as actions, states, observations, and rewards that make
up search trees. While tree structures such as decision trees
have traditionally been seen as interpretable, this strongly depends on their complexity [Arrieta et al., 2020], and a typical
search tree “of possible futures is a large object with many potential branches that is difficult to understand even for sophisticated users” [Dodson et al., 2011]. Debugging tree or graph
structures with thousands of nodes and their connections, often annotated with various statistics collected and estimated,

aggregated and processed during search, is challenging even
for the search algorithm designer, and understanding them in
real time is impossible for end users such as the chess student or the search & rescue supervisor mentioned before. For
this reason, we believe that while the challenge of explainable
AI has long been understood to cover explaining both “why
AlphaGo selected a specific move at each turn, or on what
basis a neural network recognises an image as an ‘image of
a cat”’ [Fox et al., 2017], the former problem has long been
neglected in favor of the latter.
This paper poses and explores the research challenge of
explainable search. Section 2 discusses related work; Section
3 outlines some of the particular challenges and properties of
explainable search; and Section 4 summarizes and concludes.

2

Related Work

We envision research that is inspired by, but clearly distinct
from, the following two main strands of work on explainable
reinforcement learning.
Explainable search is distinct from existing work on explaining entire RL policies. This includes work aiming
at learning an interpretable secondary policy to approximate an uninterpretable primary policy [Verma et al., 2018;
Hein et al., 2018; Topin and Veloso, 2019; Lee, 2019;
Koul et al., 2019]; work aiming at learning an interpretable
primary policy from scratch [Roth et al., 2019]; work aiming
at explaining the inner workings of an uninterpretable policy [Zahavy et al., 2016; Sreedharan et al., 2020b]; and work
aiming at giving an overall impression of a policy by providing typical behavior examples, or identifying key moments
of its interactions [Huang et al., 2018; Amir and Amir, 2018;
Amir et al., 2018; Lage et al., 2019].
Explainable search does not take an entire policy into view,
but instead mainly an agent’s behavior in its current situation
and the currently possible, expected, or desired situations in
its near future, as represented in its search tree. We expect
this focus to result in more relevant content for many types of
explanations; and we expect these focused explanations to be
able to provide more detail, while still remaining more cognitively manageable for the human user – compare explaining
the preferred next chess move to explaining how to play chess.
Explainable search is also distinct from existing work on
explaining individual decisions of non-searching RL agents.
By this we mean research that aims at providing information
on how or why a given decision was made, but without referring explicitly to different possible futures and subsequent
decisions this decision can lead to, or its alternatives could
have led to, for the agent. This includes techniques that work
by highlighting the most relevant variable for the decision in
a factored MDP context [Elizalde et al., 2007; Elizalde et
al., 2008]; by identifying which high-reward or low-reward
states a decision could ultimately lead to, but without detailing how [Khan et al., 2008; Khan et al., 2009]; by learning a translation from agent decisions to a corpus of human
behavior explanations for the same domain [Ehsan et al.,
2018]; by decomposing expected rewards into multiple components that carry their own semantics [Erwig et al., 2018;
Pocius et al., 2019]; or by using saliency maps for the visual-

ization of deep neural network behavior [Iyer et al., 2018].
While these techniques can provide interesting insights in
summary form and at a relatively high level of abstraction,
due to not conducting any search none of them are able to
explicitly refer to the space of possible futures spanned by
the agent’s legal actions and their consequences. Explaining
this space to the user, and exploring it together with the user,
is something explainable search is uniquely tailored for.
Both previous work on explaining entire policies, and previous work on explaining individual decisions in isolation –
effectively taking snapshots of entire policies – suffers from
the fact that non-searching “RL agents do not need to plan
or reason about their future to select actions, which makes
it hard for them to explain their behavior — all they know
is that they should perform a particular action in a situation,
in the case of deterministic policies, or select an action according to a probability distribution, in the case of stochastic
policies. The ‘why’ behind decision-making is lost during the
learning process as the policy converges to an optimal actionselection mechanism. At most, agents know that choosing
one action is preferable over others, or that some actions are
associated with a higher value — but not why that is so or
how it came to be.” [Sequeira et al., 2019] Some explainable
RL approaches try to recover small parts of this “why behind
decision-making” with the help of extra bookkeeping during
learning, or during trajectories specifically simulated in order to derive policy explanations [van der Waa et al., 2018;
Sequeira et al., 2019; Cruz et al., 2019]. Compared to searchbased explanations however, their resulting explanations are
not very rich and flexible in content, and e.g. only represent
summary probabilities or frequencies of the specific events
tracked by the proposed bookkeeping, as expected under the
learned policy, or an alternative policy proposed by the user.
In contrast, explainable search can retain and use the entire
search tree of the underlying search algorithm for explanation purposes, and thus explicitly explain decisions by reasoning about different possible futures, the probabilities of
different future events, and the behavior currently estimated
to be most promising by the search in different possible scenarios deemed relevant for the user’s understanding.
Note that while the scope of explainable search lies in a
sense between that of previous work on explaining individual decisions in isolation, and previous work on explaining
entire policies, we argue that the research challenge of explainable search goes beyond both of these subfields. Most
previous work on explainable RL for example assumes that
the decision or policy to be explained has already been fully
optimized by a learning algorithm; the behavior is assumed
to be optimal, or at least final, before the explanation process
begins. Contrarily, the plans and the domain understanding
of an agent using search are always under construction – they
are not only changing and evolving during the search for the
next action, but also from search to search, from timestep to
timestep throughout any given episode, such as an ongoing
game of chess or an ongoing rescue mission (and potentially
from episode to episode as well, if learning is involved). This
means that explainable search has to be able to handle the online, sequential nature of the decision-making, ongoing tasks
as well as ongoing user interactions and ongoing needs for

communication and explanations; changes in plans, surprising events or obstacles, and its own (or the human’s) potential
mistakes and corresponding revelations or revisions will have
to be processed by an explainable search agent, as discussed
in more detail in Section 3 below.
Explainable search has connections to or overlap with a
number of other research areas. These include for example
visualizations of heuristic search [Magnaguagno et al., 2017],
which typically do not consider the online setting we are focusing on here, and only provide limited information such as
the overall shape of the search tree that was needed to fully
solve a problem, and the heuristic evaluations of states within.
The only work on explanations in an online RL setting to the
best of our knowledge, and the closest related work to ours,
is using a “bounded lookahead procedure” in every timestep,
instead of solving for a complete policy [Wang et al., 2016].
However, this lookahead procedure only covers the immediate next decision, not multiple timesteps into the future, and
is applied to a test domain with strongly limited numbers of
actions, beliefs, and possible outcomes. Its explanations are
therefore limited when compared to those envisioned here for
large search trees in complex domains, but it could be thought
of as a first stepping stone into the direction we propose.
Many recent contributions to explainable AI are general
enough to be relevant to explainable search as well: for example the notion of an interpretability-completeness tradeoff for
explanations [Gilpin et al., 2018], work on different modes
of interpretability evaluation [Doshi-Velez and Kim, 2017],
and insights from the social sciences on what constitutes a
good explanation [Miller, 2019], to name only a few. We
believe that there is great value in understanding explainable
search as an interdisciplinary effort as well, in order to integrate different perspectives on related concepts such as explanation, advice, argumentation, storytelling, visualization and
verbalization, multi-agent systems, and human-AI collaborative systems in general.

3

Challenges of Explainable Search

In this section, we highlight six research challenges that are of
particular importance to explainable search. We relate them
to and motivate them with the examples introduced in Section 1: the chess tutor agent interacting with its student, and
the search & rescue robot interacting with its supervisor.
Explanations as conversations. Several authors have
found that a successful explanation can require more than a
single transfer of information from the explainer to the explainee, and argued for the need to model explanation as
an interactive conversation instead of a static object [Miller
et al., 2017; Anjomshoae et al., 2019; Mittelstadt et al.,
2019]. “Explanation naturally occurs as a continuous interaction which gives the interacting party the ability to question
and interrogate the explanations.” [Madumal et al., 2018].
However, most contributions to explainable AI do not yet take
this aspect into account [Henin and Métayer, 2019].
For explainable search, maybe more than for other subfields of explainable AI, such interactivity is a must: Not
only is it unlikely that a single explanation of a search can answer all questions of a user (“You say that I should make this

bishop move to increase pressure on the opponent’s rook...
but wouldn’t it also work to use the knight in this way instead?
And what if I wait a little longer with the rook, and fix my
pawn structure first?”), but sequential decision-making environments with their potentially large numbers of timesteps
also demand prolonged interaction between agent and user
in order to discuss evolving plans as they succeed and/or fail
(“Wasn’t our plan to increase the pressure on the opponent’s
rook? Why have we now switched our attention to controlling
the center? And what does this unexpected opponent move
mean for our game plan?”). In such settings, explanations in
static form will not be sufficient, unlike when explaining the
output of a neural network, or even explaining a fixed optimal
solution to a classical planning problem. One possible approach could be modelling the conversation with the user as
a POMDP, where there is uncertainty about the user’s beliefs,
and the goal of the explainer is to modify those beliefs over
time [Rosenfeld and Kraus, 2016]. An explainable searcher
should be a collaborative intelligence (CI), and “a CI must
engage in dialogue with its human partner” [Epstein, 2015].
As argumentation models of explanation hint at [Madumal et al., 2018], explaining search interactively can mean
much more than receiving multiple questions and providing
multiple answers. It can also mean adapting the search and
decision-making itself in the light of the user’s questions; it
can mean influencing the user as well as being influenced by
the user, depending on the situation and the arguments made.
“Explaining is a co-adaptive process” [Hoffman et al., 2018],
leading to the following point that merits its own discussion.
Explanations as a two-way street. In previous work on
explainable agency in classical planning, the optimality of the
agent’s plan is generally assumed [Sreedharan et al., 2018;
Sreedharan et al., 2020a; Chakraborti et al., 2019a], which
reduces the purpose of explanations to e.g. “correcting
user’s misconceptions” [Sreedharan et al., 2020a] or bringing “the human’s mental model closer to the robot’s estimation of the ground truth” [Sreedharan et al., 2018]), eventually serving “to convince end users to implement the recommended actions” [Dodson et al., 2011]. Even when explanations around the potential need for re-planning are theoretically discussed, the agent is expected to know best when
to re-plan and when not to re-plan [Fox et al., 2017]. The
same assumption on one-sided explanations is also often
made in work on explainability in RL: Agent policies are
commonly assumed to be optimal [Elizalde et al., 2008;
Khan et al., 2008; Dodson et al., 2011; Khan et al., 2009;
Tabrez and Hayes, 2019], and explanations are deemed necessary for example because “the limited human planning horizon and human spatial efficiency can greatly affect task performance” [Lee et al., 2019], or “a human’s sub-optimal
decision-making could be attributable to a malformed policy
given an incorrect task model” [Tabrez and Hayes, 2019].
In some research on summarizing entire agent policies, on
the other hand [Huang et al., 2018; Amir and Amir, 2018;
Amir et al., 2018; Lage et al., 2019; Sequeira et al., 2019],
the opposite assumption seems to be made: namely that the
human explainee is generally more competent at the task than
the explaining agent. If the human was not more competent
and did not have a good idea of what strong policies look like,

how could she judge an agent’s strengths, weaknesses, and
general trustworthiness from a number of example behaviors
in “critical states” or otherwise “typical” situations? Despite
the seemingly opposite basic assumptions on relative skill,
the proposed explanations are still a one-way street however,
with information only flowing from the agent to the human.
In explainable search, facing a typical online setting of sequential decision-making, solving any given task to completion or to optimality is rarely possible, and thus neither the
searching agent nor the human interacting with it can generally be assumed to be omniscient. While a beginning student
of chess, for example, will mostly rely on the stronger chess
skill of an AI tutor, a grandmaster using the same AI for training might occasionally have good reasons to disagree with a
particular analysis, and might have relevant aspects to add
that the AI neglected; and the human supervisor in the search
& rescue scenario will have access to different streams of information, sensor readings, and mission updates than the supervised robots, implying complementary roles in the overall
task. This means that implicitly (through behavior in the task
at hand) and/or explicitly (through communicative actions),
explanatory knowledge has to flow both ways. While previous work assumed the ground truth to be on either the agent
or the human side, explainable search can be thought of as a
joint search for the ground truth: The best course of action
cannot always be found by the human or the AI agent alone.
In such settings of constant planning and re-planning, conversation [Hilton, 1991], argumentation [Zeng et al., 2018], contestability [Mulligan et al., 2019], and collaboration [Epstein,
2015] are key concepts for explainability. Explainable search
is the ideal application for these broader challenges, potentially enabling “explanations to respond to the expertise and
other context-specific needs of the user, yielding decisions
that leverage, and iteratively learn from, the situated knowledge and professional expertise of users” [Mulligan et al.,
2019]. In the ideal case of human-AI collaboration through
explainable search, “on the one hand, explanations improve
the cooperation, and, on the other hand, cooperation permits
to each agent to produce relevant explanations for the other”
[Brézillon and Pomerol, 1997].
Explanations in long-term interactions with users. It
has long been understood that “to collaborate effectively with
a person, a [collaborative intelligence] must be able to model
the human view of the world.” [Epstein, 2015] This is also
relevant for explainable AI, since “explanation naturally (...)
involves two processes: a cognitive process and a social process. Most prior work is focused on providing explanations
without sufficient attention to the needs of the explainee,
which reduces the usefulness of the explanation to the enduser.” [Madumal et al., 2018] Research into user-aware,
personalized explanations is still relatively uncommon [Anjomshoae et al., 2019], even if there is interesting work in the
classical planning setting on framing explanation as the reconciliation of the agent’s and the user’s model of a given task
[Chakraborti et al., 2020; Chakraborti et al., 2019a].
For explainable search, challenges around user-awareness
are front and center due to the envisioned long-term interactions with users – both within single sequential decisionmaking tasks or episodes, as well as potentially over many

such tasks during the lifetime of the agent. Long-term interactions for example mean that the user’s understanding of the
world cannot be assumed to be given and unchanging as in
the majority of user-focused related work [Chakraborti et al.,
2017], but has to be inferred online based on prior knowledge
of the user, on estimating the influence of newly incoming
information on the user, and on direct questions to the user.
Repeated interactions with the same user open research questions around the learning of user preferences and satisfaction
models over time, and also allow for explanations to aim at
long-term user satisfaction [Kraus et al., 2019].
Explainable search exposes the research gap that “all of the
work on the topic of interpretable behavior has, unfortunately,
revolved around single, and one-off, interactions and little attention has been given to impact of evolving expectations in
longer term interactions” [Chakraborti et al., 2019a]. Imagine for example the limited use of a chess tutor agent that is
only able to explain individual moves, rather than accompany
users through entire games, and entire lessons consisting of
multiple games, while tracking their learning progress and
understanding. As a positive example, consider a search &
rescue robot that does not repeat certain elements of explanations over and over again, because it is aware that the human
supervisor has already understood them when discussing a
previous decision just minutes ago, and knows that only conveying additional information is of value; moreover, imagine
the robot remembering from earlier interactions – maybe even
from past missions – the working style of the supervisor, and
what kind of information at what level of detail she prefers
when asking for explanations, so as not to put too many cognitive demands on her while supervising multiple robots simultaneously. We believe that explainable search can make
ideal use of its online setting to tackle the challenge that “intelligent agents and humans need to be able to mutually explain to each other what is happening (shared awareness),
what they want to achieve (shared goals), and what collaborative ways they see of achieving their goals (shared plans
and strategies)” [van Harmelen, 2020]. Through such adaptation over time, explainable search agents should be uniquely
suited to becoming a valued and trusted partner.
Explanation-aware search. The majority of works on explainable autonomous agents so far has considered explanations “after the fact”, i.e. as something that happens, possibly in response to user questions, after the decision-making
process is finished. Not only is this insufficient in the light
of explanation as a two-way street, as discussed before, but
it also removes the opportunity of folding “the possibility of
having to explain its decisions (...) into an agent’s reasoning
stage itself” [Chakraborti et al., 2020]. In some recent work
– in the explainable classical planning setting [Chakraborti
et al., 2019b; Sreedharan et al., 2020a], as well as in a reinforcement learning setting with users who have an incomplete
understanding of the rewards [Tabrez and Hayes, 2019] – the
idea was developed to treat explanations as “explanatory actions” instead. Added to the traditional “task-progressing actions”, these are actions with epistemic effects, actions that
can affect the user’s understanding of the task. Provided a
definition of suitable epistemic goals in additional to the traditional goals in the task at hand, these could be fully inte-

grated into the search process of an explainable search agent,
in order to explore context-specific and user-specific tradeoffs between task performance and explanation performance.
Imagine for example a search & rescue robot that is able
to proactively avoid surprises on the side of its human supervisor by using behaviors it expects to be more easily understandable, for example when the supervisor is currently too
busy with other tasks (see also [Gervasio et al., 2018]). In
other situations, when the robot knows that either itself or
the supervisor is missing multiple pieces of information to
fully collaborate in the ongoing mission, it could trade off the
amount of explanatory communication with its degree of performance in the task, or make the supervisor aware of such
trade-offs e.g. due to limited time. In this case, joint performance could increase by avoiding an explanation bottleneck.
Explainable search also opens up more research potential
in the adversarial setting of acting while hiding, instead of
explaining, plans or goals of the agent – a setting recently developed for the classical planning case as well [Keren et al.,
2016; Kulkarni et al., 2019]. Our chess tutor example even
yields possible non-adversarial applications for such obfuscation: The goal of an ideal teacher in any given lesson could
be aiming in between full (collaborative) explanation and full
(adversarial) obsfuscation of the teacher’s behavior. The goal
could be producing interesting decisions that introduce just
as much complexity to the student as that student is currently
able to handle – and ideally giving the student just enough
hints that she can figure out the core of the lesson by herself.
This kind of planning ahead would go far beyond current approaches of simply playing as well as possible, and only reacting to the user’s need for explanations when prodded.
Counterfactual explanations of search. Successful
search algorithms, such as those in the family of Monte
Carlo Tree Search approaches [Coulom, 2006; Kocsis and
Szepesvári, 2006], often handle large search spaces by
searching very selectively – by focusing on the most promising decisions and most likely states, and exploring the tree
mostly in their direction. This could lead to the following
challenge: What if the best explanation for a given behavior is grounded in actions or states that were never explored,
or only explored very little, because the search was intelligent enough to know that they would not matter for finding
a strong policy? Important reasons for a specific plan may
sometimes appear in the search that led to it, but they may
also sometimes be carefully avoided by that search.
Imagine a chess student asking, “Why is your move suggestion so timid in this position?” It could be that the position
at hand allows for the user to boldly capture the enemy queen,
but this greedy move would lead to such an obviously unfavorable exchange that the search, guided by advanced chess
knowledge, completely avoided wasting time exploring this
option. This example demonstrates that explainable search
entails far more than just explaining a search that just happened, for example by summarizing or visualizing the already
searched space. It also means interactively constructing the
searches that could have happened, and contrasting them to
the original choices the search algorithm made. In our example, the results of the previous move search could for example be compared to an additional search with stronger fo-

cus on greedy, short-term gains, or – maybe after a follow-up
question of the agent to confirm which move the user would
have preferred – to an additional search giving specific preference to queen-capturing moves. This example points to the
particular relevance of counterfactuals for explainable search
[Byrne, 2019], and could be compared to the foil policies constructed and used for contrastive explanations in prior work
in a non-search context [van der Waa et al., 2018]. The result in our case could be an explanation for the user that details the negative consequences of the greedy move option.
However, in a case of the two-way explanations outlined before, the result could also be the insight that after spending
additional time to search the queen capture more deeply, the
exchange actually seems to lead to a strong positional advantage, and the search agent ultimately agrees with the user’s
instincts. An important caveat is careful treatment of outcome
bias [Baron and Hershey, 1988] and hindsight bias [Fischhoff
and Beyth, 1975], since even if the user is right, the search
strategy itself may have still been well motivated and potentially optimal in expectation under limited resources.
Integrated explanations of search and evaluation. According to dual-process theory [Kahneman, 2003], humans
make use of two different modes of thought: System 1 refers
to thinking that is fast, automatic, heuristic, and unconscious, such as for example visually recognizing an object.
System 2 refers to thinking that is slow, effortful, calculating, and conscious, such as for example solving an algebraic equation. Connections have been drawn between this
theory and some of the most notable recent examples of
search-based AIs [Silver et al., 2017a; Silver et al., 2017b;
Schrittwieser et al., 2019], as they consist both of a search
algorithm which explicitly generates possible futures (System 2), and deep neural networks which heuristically evaluate
these futures and guide the overall search process (System 1)
[Anthony et al., 2017].
The aspects of explainable search we have outlined so far
are concerned with explaining plans and action decisions via
exploring the possible future scenarios that were generated
during search (System 2). However, in order to arrive at a decision, these possible futures have to be evaluated and compared as well, for which a neural network might be used (System 1). Neural networks might also be guiding the search
towards heuristically preferred action choices; in some cases
they can represent other types of knowledge as well, such
as the search algorithm’s understanding of its environment
[Schrittwieser et al., 2019]. It is therefore a natural aspiration to ultimately combine our growing understanding of
how to explain search with our growing understanding of how
to explain neural networks. Only by integrating research on
explaining data-driven systems into research on explaining
goal-driven systems can we meaningfully illustrate and explain state-of-the-art search agents.
As one example for the resulting hybrid or holistic explainable searches, imagine an agent able to draw attention to surprises found during the search: states or actions that were initially believed to have low (or high) value – accompanied by
an illustration of why the respective neural network gave this
heuristic evaluation – but which in-depth search eventually
found to be optimal (or disastrous) in the specific situation

at hand – accompanied by an explanation of what makes this
situation special. A related view of the two types of explanations involved here might be the distinction between process
accounts (which “address the detailed decisions made during heuristic search”) and preference accounts (which “clarify the ordering of alternatives independent of how they were
generated”) [Langley, 2019]. We see this distinction as complementary rather than identical to the distinction between
algorithm-focused and domain-focused explanations – both
a search tree (representing a process) and a neural network
(encoding preferences) can for example be explained in terms
of their internal processing, as well as in terms of what they
represent for the application domain at hand.

4

Conclusions

In this paper we presented the challenge of explainable
search. Search algorithms such as Monte Carlo Tree Search
are used for planning, scheduling, decision making and optimization in countless research and application domains: from
manufacturing to finance, from logistics and transportation
to hospital planning, from software engineering to security
modelling, from vehicle routing to materials design and discovery, from playing games to steering self-driving cars to
acting on energy markets. Explainable search is therefore not
only an interesting research challenge, but also potentially of
great practical and economic value.
Explainable search will share advances with other subfields of explainable AI on questions such as how to develop
domain-independent explanation techniques, how to best use
theory of mind for generating explanations, or how to integrate verbal and non-verbal modalities of presenting explanations [Sado et al., 2020]; how to produce explanations in real
time, how to best model user preferences, or how to explain
complex environments with many interacting agents [Kraus
et al., 2019]. At the same time, we believe that explainable
search holds unique challenges, and promises unique gains,
some of which we outlined in this paper.
In summary, we therefore propose to work towards the
challenge of search-based agents that are able to explain their
short-term decisions and long-term plans by explicitly reasoning about the complex spaces of possible futures which
are spanned by their actions; agents that are able to do so in an
online fashion in environments requiring sequential decisionmaking, continuously learning and adapting to the task and
given resource limitations, as well as to the human user, their
understanding, their needs, and their satisfaction with the task
at hand; agents that are able to provide integrated explanations through methods designed to shine a light on modern
machine learning as well as on state-of-the-art search; and
agents that are continuously planning, communicating, and
effectively collaborating with users through mutually understandable behavior. Through progress on the individual research questions outlined above, we envision such explainable search agents to become invaluable partners for humanmachine collaboration, “allowing each (...) to operate in
modes that utilize the strengths of both” [Crowder and Carbone, 2017], and establishing “a synergy between people and
computers to accomplish human goals” [Epstein, 2015].
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[Brézillon and Pomerol, 1997] P. Brézillon and J.-C.
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[Coulom, 2006] Rémi Coulom. Efficient Selectivity and
Backup Operators in Monte-Carlo Tree Search. In H. Jaap
van den Herik, Paolo Ciancarini, and H. H. L. M. Donkers,
editors, 5th International Conference on Computers and
Games (CG 2006), volume 4630 of Lecture Notes in Computer Science, pages 72–83, 2006.
[Crowder and Carbone, 2017] James Crowder and John Carbone. Human-AI Collaboration Concepts. In 19th International Conference on Artificial Intelligence (ICAI’17),
pages 171–178, 2017.
[Cruz et al., 2019] Francisco Cruz, Richard Dazeley, and Peter Vamplew. Memory-Based Explainable Reinforcement
Learning. In 32nd Australasian Joint Conference on Advances in Artificial Intelligence, volume 11919 of Lecture
Notes in Computer Science, pages 66–77, 2019.
[Dodson et al., 2011] Thomas Dodson, Nicholas Mattei, and
Judy Goldsmith. A Natural Language Argumentation Interface for Explanation Generation in Markov Decision
Processes. In 2011 IJCAI Workshop on Explanation-aware
Computing, pages 1–10, 2011.
[Doshi-Velez and Kim, 2017] Finale Doshi-Velez and Been
Kim. Towards A Rigorous Science of Interpretable Machine Learning. CoRR, abs/1702.08608, 2017.
[Dulac-Arnold et al., 2019] Gabriel Dulac-Arnold, Daniel J.
Mankowitz, and Todd Hester. Challenges of Real-World
Reinforcement Learning. CoRR, abs/1904.12901, 2019.
[Ehsan et al., 2018] Upol Ehsan, Brent Harrison, Larry
Chan, and Mark O. Riedl. Rationalization: A Neural Machine Translation Approach to Generating Natural Language Explanations. In 2018 AAAI/ACM Conference on
AI, Ethics, and Society, (AIES 2018), pages 81–87, 2018.
[Ehsan et al., 2019] Upol Ehsan, Pradyumna Tambwekar,
Larry Chan, Brent Harrison, and Mark O. Riedl. Automated rationale generation: a technique for explainable

AI and its effects on human perceptions. In 24th International Conference on Intelligent User Interfaces (IUI
2019), pages 263–274, 2019.
[Elizalde et al., 2007] Francisco Elizalde, Luis Enrique Sucar, Alberto Reyes, and Pablo deBuen. An MDP Approach for Explanation Generation. In 2007 AAAI Workshop on Explanation-Aware Computing, volume WS-0706 of AAAI Technical Report, pages 28–33, 2007.
[Elizalde et al., 2008] Francisco Elizalde, L. Enrique Sucar,
Manuel Luque, Francisco Javier Dı́ez, and Alberto Reyes.
Policy Explanation in Factored Markov Decision Processes. In 4th European Workshop on Probabilistic Graphical Models, pages 97–104, 2008.
[Epstein, 2015] Susan L. Epstein. Wanted: Collaborative Intelligence. Artif. Intell., 221:36–45, 2015.
[Erwig et al., 2018] M. Erwig, A. Fern, M. Murali, , and
A. Koul. Explaining Deep Adaptive Programs via Reward
Decomposition. In IJCAI 2018 Workshop on Explainable
Artificial Intelligence, pages 40–44, 2018.
[Fischhoff and Beyth, 1975] Baruch Fischhoff and Ruth
Beyth. I knew it would happen: Remembered probabilities of once—future things. Organizational Behavior and
Human Performance, 13(1):1–16, 1975.
[Fox et al., 2017] Maria Fox, Derek Long, and Daniele Magazzeni. Explainable Planning. CoRR, abs/1709.10256,
2017.
[Gervasio et al., 2018] Melinda T. Gervasio, Karen L. Myers, Eric Yeh, and Boone Adkins. Explanation to Avert
Surprise. In 2018 ACM IUI Workshops co-located with
the 23rd ACM Conference on Intelligent User Interfaces
(ACM IUI 2018), volume 2068 of CEUR Workshop Proceedings, 2018.
[Gilpin et al., 2018] Leilani H. Gilpin, David Bau, Ben Z.
Yuan, Ayesha Bajwa, Michael Specter, and Lalana Kagal.
Explaining Explanations: An Overview of Interpretability of Machine Learning. In 5th IEEE International Conference on Data Science and Advanced Analytics (DSAA
2018), pages 80–89, 2018.
[Goodman and Flaxman, 2017] Bryce Goodman and Seth R.
Flaxman. European Union Regulations on Algorithmic
Decision-Making and a ”Right to Explanation”. AI Magazine, 38(3):50–57, 2017.
[Guidotti et al., 2019] Riccardo Guidotti, Anna Monreale,
Salvatore Ruggieri, Franco Turini, Fosca Giannotti, and
Dino Pedreschi. A Survey of Methods for Explaining
Black Box Models. ACM Comput. Surv., 51(5):93:1–
93:42, 2019.
[Gunning, 2017] David Gunning. Explainable Artificial Intelligence (XAI). Defense Advanced Research Projects
Agency (DARPA), 2017.
[Hayes and Shah, 2017] Bradley Hayes and Julie A. Shah.
Improving Robot Controller Transparency Through Autonomous Policy Explanation. In 2017 ACM/IEEE International Conference on Human-Robot Interaction (HRI
2017), pages 303–312, 2017.

[Hein et al., 2018] Daniel Hein, Steffen Udluft, and
Thomas A. Runkler. Interpretable policies for reinforcement learning by genetic programming. Eng. Appl. Artif.
Intell., 76:158–169, 2018.
[Henin and Métayer, 2019] Clement Henin and Daniel Le
Métayer. Towards a generic framework for black-box explanations of algorithmic decision systems. In IJCAI 2019
Workshop on Explainable Artificial Intelligence, 2019.
[Hilton, 1991] Denis J. Hilton. A Conversational Model of
Causal Explanation. European Review of Social Psychology, 2(1):51–81, 1991.
[Hoffman et al., 2018] Robert Hoffman, Gary Klein, and
Shane Mueller. Explaining Explanation For “Explainable
AI”. Proceedings of the Human Factors and Ergonomics
Society Annual Meeting, 62:197–201, 2018.
[Huang et al., 2018] Sandy H. Huang, Kush Bhatia, Pieter
Abbeel, and Anca D. Dragan. Establishing Appropriate Trust via Critical States. In 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS 2018), pages 3929–3936, 2018.
[Iyer et al., 2018] Rahul Iyer, Yuezhang Li, Huao Li,
Michael Lewis, Ramitha Sundar, and Katia P. Sycara.
Transparency and Explanation in Deep Reinforcement
Learning Neural Networks. In 2018 AAAI/ACM Conference on AI, Ethics, and Society (AIES 2018), pages 144–
150, 2018.
[Kahneman, 2003] Daniel Kahneman. Maps of Bounded
Rationality: Psychology for Behavioral Economics. The
American Economic Review, 93(5):1449–1475, 2003.
[Keren et al., 2016] Sarah Keren, Avigdor Gal, and Erez
Karpas. Privacy Preserving Plans in Partially Observable Environments. In 25th International Joint Conference
on Artificial Intelligence (IJCAI 2016), pages 3170–3176,
2016.
[Khan et al., 2008] Omar Zia Khan, Pascal Poupart, and
James P. Black. Explaining recommendations generated
by MDPs. In 2008 ECAI Workshop on Explanation-aware
Computing, pages 13–24, 2008.
[Khan et al., 2009] Omar Zia Khan, Pascal Poupart, and
James P. Black. Minimal Sufficient Explanations for
Factored Markov Decision Processes. In 19th International Conference on Automated Planning and Scheduling
(ICAPS 2009), 2009.
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and Felipe Meneguzzi. WEB PLANNER: A tool to
develop classical planning domains and visualize heuristic
state-space search. In 2017 Workshop on User Interfaces
and Scheduling and Planning (UISP 2017), pages 32–38,
2017.
[Miller et al., 2017] Tim Miller, Piers Howe, and Liz Sonenberg. Explainable AI: Beware of Inmates Running the
Asylum Or: How I Learnt to Stop Worrying and Love the
Social and Behavioural Sciences. CoRR, abs/1712.00547,
2017.
[Miller, 2019] Tim Miller. Explanation in artificial intelligence: Insights from the social sciences. Artif. Intell.,
267:1–38, 2019.
[Mittelstadt et al., 2019] Brent D. Mittelstadt, Chris Russell,
and Sandra Wachter. Explaining Explanations in AI. In
2019 Conference on Fairness, Accountability, and Transparency (FAT* 2019), pages 279–288, 2019.
[Mnih et al., 2015] Volodymyr Mnih, Koray Kavukcuoglu,
David Silver, Andrei A. Rusu, Joel Veness, Marc G. Bellemare, Alex Graves, Martin Riedmiller, Andreas K. Fidjeland, Georg Ostrovski, Stig Petersen, Charles Beattie,
Amir Sadik, Ioannis Antonoglou, Helen King, Dharshan
Kumaran, Daan Wierstra, Shane Legg, and Demis Hassabis. Human-level control through deep reinforcement
learning. Nature, 518(7540):529–533, 2015.
[Mulligan et al., 2019] Deirdre K. Mulligan, Daniel Kluttz,
and Nitin Kohli. Shaping Our Tools: Contestability as

a Means to Promote Responsible Algorithmic Decision
Making in the Professions. SSRN, 3311894, 2019.
[Pocius et al., 2019] Rey Pocius, Lawrence Neal, and Alan
Fern. Strategic Tasks for Explainable Reinforcement
Learning. In 33rd AAAI Conference on Artificial Intelligence (AAAI 2019), pages 10007–10008, 2019.
[Rosenfeld and Kraus, 2016] Ariel Rosenfeld and Sarit
Kraus. Strategical Argumentative Agent for Human
Persuasion. In 22nd European Conference on Artificial
Intelligence (ECAI 2016), volume 285 of Frontiers in
Artificial Intelligence and Applications, pages 320–328,
2016.
[Roth et al., 2019] Aaron M. Roth, Nicholay Topin, Pooyan
Jamshidi, and Manuela Veloso.
Conservative QImprovement: Reinforcement Learning for an Interpretable Decision-Tree Policy. CoRR, abs/1907.01180,
2019.
[Sado et al., 2020] Fatai Sado, Chu Kiong Loo, Matthias
Kerzel, and Stefan Wermter. Explainable Goal-Driven
Agents and Robots - A Comprehensive Review and New
Framework. CoRR, abs/2004.09705, 2020.
[Samek et al., 2017] Wojciech Samek, Thomas Wiegand,
and Klaus-Robert Müller. Explainable Artificial Intelligence: Understanding, Visualizing and Interpreting Deep
Learning Models. CoRR, abs/1708.08296, 2017.
[Schrittwieser et al., 2019] Julian Schrittwieser, Ioannis
Antonoglou, Thomas Hubert, Karen Simonyan, Laurent
Sifre, Simon Schmitt, Arthur Guez, Edward Lockhart,
Demis Hassabis, Thore Graepel, Timothy P. Lillicrap, and
David Silver. Mastering Atari, Go, Chess and Shogi by
Planning with a Learned Model. CoRR, abs/1911.08265,
2019.
[Segler et al., 2017] Marwin H. S. Segler, Mike Preuss, and
Mark P. Waller. Learning to Plan Chemical Syntheses.
CoRR, abs/1708.04202, 2017.
[Sequeira et al., 2019] Pedro Sequeira, Eric Yeh, and
Melinda T. Gervasio. Interestingness Elements for Explainable Reinforcement Learning through Introspection.
In ACM IUI 2019 Workshops co-located with the 24th
ACM Conference on Intelligent User Interfaces (ACM IUI
2019), volume 2327, 2019.
[Silver et al., 2016] David Silver, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, George van den Driessche, Julian Schrittwieser, Ioannis Antonoglou, Veda Panneershelvam, Marc Lanctot, Sander Dieleman, Dominik
Grewe, John Nham, Nal Kalchbrenner, Ilya Sutskever,
Timothy Lillicrap, Madeleine Leach, Koray Kavukcuoglu,
Thore Graepel, and Demis Hassabis. Mastering the Game
of Go with Deep Neural Networks and Tree Search. Nature, 529(7587):484–489, 2016.
[Silver et al., 2017a] David Silver, Thomas Hubert, Julian
Schrittwieser, Ioannis Antonoglou, Matthew Lai, Arthur
Guez, Marc Lanctot, Laurent Sifre, Dharshan Kumaran,
Thore Graepel, et al. Mastering chess and shogi by
self-play with a general reinforcement learning algorithm.
arXiv preprint arXiv:1712.01815, 2017.

[Silver et al., 2017b] David Silver, Thomas Hubert, Julian
Schrittwieser, Ioannis Antonoglou, Matthew Lai, Arthur
Guez, Marc Lanctot, Laurent Sifre, Dharshan Kumaran,
Thore Graepel, Timothy P. Lillicrap, Karen Simonyan, and
Demis Hassabis. Mastering Chess and Shogi by Self-Play
with a General Reinforcement Learning Algorithm. CoRR,
abs/1712.01815, 2017.
[Silver et al., 2017c] David Silver, Julian Schrittwieser,
Karen Simonyan, Ioannis Antonoglou, Aja Huang, Arthur
Guez, Thomas Hubert, Lucas Baker, Matthew Lai, Adrian
Bolton, Yutian Chen, Timothy Lillicrap, Fan Hui, Laurent Sifre, George van den Driessche, Thore Graepel, and
Demis Hassabis. Mastering the game of Go without human knowledge. Nature, 550:354–359, 2017.
[Sreedharan et al., 2018] Sarath Sreedharan,
Tathagata
Chakraborti, and Subbarao Kambhampati. Handling
Model Uncertainty and Multiplicity in Explanations via
Model Reconciliation. In 28th International Conference
on Automated Planning and Scheduling (ICAPS 2018),
pages 518–526, 2018.
[Sreedharan et al., 2020a] Sarath Sreedharan, Tathagata
Chakraborti, Christian Muise, and Subbarao Kambhampati.
Expectation-Aware Planning: A Unifying
Framework for Synthesizing and Executing SelfExplaining Plans for Human-Aware Planning. In 34th
AAAI Conference on Artificial Intelligence (AAAI 2020),
2020.
[Sreedharan et al., 2020b] Sarath Sreedharan, Siddharth Srivastava, and Subbarao Kambhampati. TLdR: Policy Summarization for Factored SSP Problems Using Temporal
Abstractions. In 2020 International Conference on Automated Planning and Scheduling (ICAPS 2020), 2020.
[Sutton and Barto, 2018] Richard S. Sutton and Andrew G.
Barto. Reinforcement Learning: An Introduction. The
MIT Press, second edition, 2018.
[Tabrez and Hayes, 2019] Aaquib Tabrez and Bradley
Hayes. Improving Human-Robot Interaction Through
Explainable Reinforcement Learning. In 14th ACM/IEEE
International Conference on Human-Robot Interaction
(HRI 2019), pages 751–753, 2019.
[Topin and Veloso, 2019] Nicholay Topin and Manuela
Veloso. Generation of Policy-Level Explanations for
Reinforcement Learning. In 33rd AAAI Conference on
Artificial Intelligence (AAAI 2019), pages 2514–2521,
2019.
[van der Waa et al., 2018] Jasper van der Waa, Jurriaan van
Diggelen, Karel van den Bosch, and Mark A. Neerincx.
Contrastive Explanations for Reinforcement Learning in
terms of Expected Consequences. CoRR, abs/1807.08706,
2018.
[van Harmelen, 2020] F. A. H. van Harmelen.
Hybrid Intelligence (HI): augmenting human intellect
project.
https://www.nwo.nl/en/research-and-results/
research-projects/i/24/34524.html, 2020. Accessed: 202005-26.

[Verma et al., 2018] Abhinav Verma, Vijayaraghavan Murali, Rishabh Singh, Pushmeet Kohli, and Swarat Chaudhuri.
Programmatically Interpretable Reinforcement
Learning. In 35th International Conference on Machine
Learning (ICML 2018), volume 80 of Proceedings of Machine Learning Research, pages 5052–5061, 2018.
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