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Abstract

In this paper, we highlight the field of explainable sequen-
tial decision making. We discuss how the problem of explain-
ing sequential decisions gives rise to problems and challenges
that are absent from scenarios that focus on explaining single-
shot decision making. We provide a short survey of some of
the more prominent subareas within explainable sequential
decision-making and their unique focuses and blind spots.
Here, we argue that we need to go beyond simply focusing
on individual subareas like explainable planning, reinforce-
ment learning, or robotics, and move towards studying and
tackling the more general problem of explainable sequential
decision-making. Such a holistic approach will not only al-
low us to identify previously ignored problems, but also pro-
vide us with the ability to transfer ideas and intuitions from
one subarea of explainable sequential decision-making to an-
other. We end the paper with a discussion on future directions
and some of the most pressing open questions.

Introduction
The modern field of explainable AI (XAI) traces much of
its identity back to the DARPA XAI program (Gunning and
Aha 2019). Efforts to generate explanations for AI system
decisions had existed before; in fact, within the context of
expert systems, the capacity to explain and justify decisions
was long regarded as essential for successful deployment
(Swartout, Paris, and Moore 1991). Nonetheless, the prior-
ities and aims of XAI as a field were strongly shaped by
the DARPA initiative and by the types of AI systems it em-
phasized. In particular, many early advances in XAI focused
on single-shot decision-making systems such as neural-
network-based classifiers. While this emphasis yielded valu-
able methods, it also meant that research often overlooked a
broader and arguably more compelling class of problems:
namely. those involving sequential decision-making.

Sequential decision-making is not only significant be-
cause it generalizes single-shot decision-making; it also in-
troduces challenges that are entirely absent from the latter
setting. This becomes evident when trying to apply single-
shot explanation methods to sequential decision-making
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tasks. For instance, applying feature attribution techniques
to a reinforcement learning policy network (cf. (Huber,
Schiller, and André 2019)) may reveal the features influenc-
ing the selection of a specific action. However, such meth-
ods do not clarify how that action contributes to the agent’s
long-term objective, or how the agent expects to handle
its possible consequences. For researchers in this area, this
limitation is unsurprising, given the complexity inherent in
both the decisions themselves and the underlying decision-
making processes. Indeed, a rich body of work already ad-
dresses the problem of explaining the validity of action se-
quences, employing approaches such as validation structures
(Kambhampati and Hendler 1992) and causal link explana-
tions (Bercher et al. 2014) to justify the role of individual
actions.

Therefore, one of the central goals of this paper is to ad-
vocate for sequential decision-making as a productive level
of abstraction at which to frame a large class of XAI prob-
lems. This perspective stands in contrast to the current ten-
dency to divide efforts into narrower domains, such as ex-
plainable planning (Chakraborti, Sreedharan, and Kamb-
hampati 2020), explainable reinforcement learning (Milani
et al. 2024), or explainable robotics (Sakai and Nagai 2022).
While such fragmentation has driven progress within indi-
vidual subfields, it has also hindered the transfer of insights
and methods across contexts. By adopting a more abstract
stance, we aim to highlight commonalities across problems
and explore how techniques can be adapted to the distinct
needs of specific settings.

In line with this objective, this paper is structured
as follows. We first provide a general definition of se-
quential decision-making problems. We then describe key
explanation-generation challenges in this space, focusing on
the particular components of the decision-making process
that existing algorithms address. After that, we examine im-
portant subcategories of sequential decision-making prob-
lems and outline challenges unique to each. Finally, we con-
clude by identifying promising directions for future research
and offering broader reflections. Many of the insights pre-
sented here are based on discussions from the Dagstuhl sem-
inar on “Explainable AI for Sequential Decision Making”,
held in September 2024 (Baier et al. 2025). Readers inter-
ested in further detail are encouraged to consult the full sem-
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inar report.

Sequential Decision Making
Before we start describing the exact problem of generating
explanations, we will start by providing a sketch of what we
mean by sequential decision-making problems. Specifically,
in this paper, when we use the term sequential decision mak-
ing or SDM, it always involves an agent making a series of
related decision or actions over time, where each decision
may be influenced by earlier decisions, current observations
and/or projected future states, while trying to achieve some
goal, or optimizing for an objective, a total reward or a cost.

Trivially, any single-shot decision-making setting is an in-
stance of the more general sequential decision-making prob-
lem. However, we would argue that it is a less interesting
one from an explanation point of view. To start with, the fact
that SDMs deal with temporally-extended sequences of de-
cisions brings with it a number of novel challenges. Here,
each choice needs to account not only for the current state,
or even the history of observations it receives, but all future
states that action could lead to and how that affects its ability
to achieve its objectives. This decision-making context may
thus require new concepts, like trajectories and key events
(Dinu et al. 2020), to generate satisfying explanations. Mov-
ing on to objectives, we also see that the ones considered
in the SDM literature tend to be more diverse and varied
than those considered in single-shot decision-making. Just
to cite a few, popular objective mechanisms include goal
state specification, reward functions, and even temporally-
extended goals, which require the agent to generate particu-
lar types of trajectories. Explaining the objective of the cur-
rent task to an end user in itself could be a challenging prob-
lem. Finally, it is worth keeping in mind that for any single-
shot decision, one could always conceive of a more com-
plex sequential decision-making problem, where the origi-
nal single-shot problems are simply individual actions per-
formed in the context of this overall problem.

Furthermore, it is also worth keeping in mind how closely
related the notion of autonomy and agency is to sequential
decision-making. While all AI systems could in theory be
conceived of as agents (Russell and Norvig 2021), everyday
users are usually more open to assigning such attributes to
systems performing sequential decision-making. Addition-
ally, there are aspects of autonomy that are most evidently
seen in the sequential decision-making setting. For instance,
agents that have incomplete knowledge about the task and
environment, may have to autonomously explore the con-
text to make up for this missing knowledge. This closer as-
sociation between autonomy and agency, also brings with
it, additional explanatory challenges. For one, users may be
more open to anthropomorphizing such systems, and in turn
the explanation may need to be given in terms of the agent
intent, beliefs and capabilities.

Objects of Explanation in SDM
SDM is markedly more complex than traditional settings of
explainable machine learning in terms of the diversity and
complexity of the objects that may need to be explained. We

focus on explanations for three major facets of SDM, that
are elaborated in turn below:

• The decision sequence and the factors leading an agent
to this sequence;

• the actual operation of the decision-making algorithm
within the agent;

• and the environment in which the agent is making deci-
sions and executing actions.

Explaining the decision sequence and its influences Ev-
ery aspect of a decision sequence (or abstractions of those
aspects) can be the object of an explanation, whether it be
the decision outcomes, the actions taken or to be taken, the
states traversed or to be traversed, or the agent’s choices and
objectives with respect to the past, present, or future. Deci-
sion sequences may also need to be explained with respect to
beliefs about or comparisons to any aspects of other decision
sequences. An explanation of a decision sequence may also
address factors that influenced its generation, such as human
inputs, the agent’s history, its task, goals etc. Within each
of the relevant fields using sequential decision-making these
explanations can focus on different specific aspects: for ex-
ample, in the planning field, states, actions, plans, goals, and
failures may need to be explained, whereas in reinforcement
learning we may want to explain local decisions, global de-
cisions (e.g., involving policies) and various influences on
these decisions (e.g., influential training data).

Explaining the algorithm An explanation could also fo-
cus on the agent or learning method or decision-making al-
gorithm itself, to illuminate its operation to more technical
end-users. For instance, in planning we may require an ex-
planation of the the actual planning algorithm, and in rein-
forcement learning we may need insight into the algorithm
that generated the agent’s policy and behaviors, its methods
for exploration, credit assignment, etc.

Explaining the environment An explanation may also
consider the environment as the object to be explained, as
captured in the agent’s world model; it could explain the
agent’s perception and comprehension of the real world, the
process of forming its world model, and any discrepancies
that may arise between the world model and reality. Again,
in different research fields, this environment focus will have
somewhat different flavors. In the robotics field for exam-
ple, one may need to explain environmental constraints, fail-
ures that arise from the robots’ own physical limitations, and
other constraints of computation, memory, or power. In re-
inforcement learning, on the other hand, the focus might be
on explaining the formulation of the task as a Markov Deci-
sion Problem (MDP), including its state and action spaces,
transitions, rewards, and discount factor.

Flavors of SDM and Their Explanations
Next, we will look at some of the more important subfields
within SDM and some prominent explanation generation
methods related to those subfields. Please note that this sec-
tion isn’t meant to be an exhaustive summary of all the meth-
ods that exist in each field.
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Planning With planning, we refer to methods that are gen-
erally focused on techniques that generate decisions from
models of the task. This includes methods designed for clas-
sical planning problems (Geffner and Bonet 2013) and more
expressive formulations like those represented as Markov
Decision Processes (MDP) (Puterman 1990), and Partially
Observable Markov Decision Processes (POMDP) (Astrom
1965). We will also consider methods that support online
planning (Sutton and Barto 2018). Starting with classical
planning, there exists a pretty rich literature on generating
explanations. Many of them could be traced back to early
interests in case-based planning and plan adaptation (Kamb-
hampati 1990). As part of these systems, many of the plans
were associated with explanations as to why they consti-
tuted a valid plan. Some prominent examples include vali-
dation structure (Kambhampati and Hendler 1992). Causal
links, a mechanism used to represent the relationship be-
tween actions in a plan, have also been widely used as a
way to explain or justify the contributions made by an in-
dividual action to the success of the overall plan (Bercher
et al. 2014). Coming to more recent works, some of the more
popular approaches used in explanations for planning in-
clude contrastive explanations against counterfactual plans
(Cashmore et al. 2019), the use of abstractions to simplify
model information (Sreedharan, Srivastava, and Kambham-
pati 2021; Vasileiou and Yeoh 2023), and model reconcilia-
tion explanations (Sreedharan, Chakraborti, and Kambham-
pati 2021; Vasileiou et al. 2022). While rare, there have also
been works that have tried to present visualizations of the
decision-making process itself (Magnaguagno et al. 2017) or
of explanations (Kumar et al. 2022). There are also methods
that are focused on generating explanations for decisions de-
rived from specific planning methods like MCTS (Baier and
Kaisers 2021). For the readers interested in learning more,
we will point them to look at the position paper on explain-
able planning (Fox, Long, and Magazzeni 2017) and the sur-
vey by Chakraborti, Sreedharan, and Kambhampati (2020).

Reinforcement Learning Here, with Reinforcement
Learning (RL), we refer to SDM methods that learn from
experience, either by directly interacting with an environ-
ment or a simulator. We will consider both tabular RL
and those that use function approximators for representing
policies or value functions. The history of explanations
for reinforcement learning is relatively new, with some
exceptions for generating explanations for MDP policies
that could in theory be adapted to RL systems (cf. (Khan,
Poupart, and Black 2009)). A large focus on early RL
explanations includes the goal of helping users interpret
policies generated by RL algorithms. Here, the efforts have
included methods that leverage methods from single-shot
decision-making systems to make sense of action generated
via policy networks (cf. (Huber, Schiller, and André 2019)),
generating symbolic rules that summarize the overall policy
(cf. (Hayes and Shah 2017)), and learning other post-hoc
policy representations like finite-state machines (Danesh
et al. 2021). Other related approaches include the use of
programmatic RL, which aims to learn inherently inter-
pretable policies (cf. (Verma et al. 2018)), communicating

the overall policy by the use of demonstration of the policy
at some pre-identified states (cf. (Amir and Amir 2018)),
and even the use of state-abstraction to simplify the overall
policy (cf. (Topin and Veloso 2019)). Other prominent
methods include decomposition of the value function into
more interpretable reward sources (Erwig et al. 2018), and
the use of learned symbolic or causal models to generate ex-
planations (Madumal et al. 2020). More recently, there have
also been efforts to generate counterfactual explanations for
actions identified by RL methods (Sreedharan et al. 2020).
We point the readers to the survey by Milani et al. (2024)
for a more comprehensive treatment of the existing methods
within the space.

Robotics Here, we focus on methods that are designed
to generate explanations for behavior generated by phys-
ically embodied agents. Explanations for robotics have a
large overlap with those meant for planning and reinforce-
ment learning. This is not particularly surprising given the
fact that robotics relies on the earlier methods to generate
decisions. However, the specifics of the application setting,
including the fact that it is an embodied agent, and the in-
terplay of task-level and motion-level constraints, introduce
new opportunities and challenges not usually considered in
the more general settings. A significant outcome of the use
of an embodied agent is the possibility of using agent behav-
ior to communicate information about the decision-making
with a human observer implicitly. This includes the use of
legible behavior to communicate intent (Dragan, Lee, and
Srinivasa 2013), the use of predictable behavior to gener-
ate behavior that the user can predict (Fisac et al. 2020),
the use of explicable behavior to avoid human confusion
(Zhang et al. 2017), and even communicating robot incapa-
bility through behavior (Kwon, Huang, and Dragan 2018).
It has been shown that even robot morphology can be used
to communicate information about the robot’s intent and ca-
pabilities (Haring, Matsumoto, and Watanabe 2013). New
explanation communication paradigms, like augmented re-
ality, have also been considered in the context of explaining
robotics (Chakraborti et al. 2018). Other robotics-specific
explanation generation methods include explanation meth-
ods that can switch between task-level and motion-level ex-
planations (Sreedharan, Srivastava, and Kambhampati 2021)
and methods that are designed to verbalize robot experience
(Rosenthal, Selvaraj, and Veloso 2016). We point the read-
ers to the survey by Sakai and Nagai (2022) for more details
on existing works in this space.

Moving Towards Explainable SDM Finally, let’s go
from individual pieces to the larger picture of explanations
for sequential decision-making. Going through each individ-
ual explanation method discussed in earlier techniques, there
exists no method that, in principle, doesn’t apply to other
sub-areas. The choice for each subarea to focus on certain
subproblems results from the information available to the
system and what problems seem more pressing to the prac-
titioner. For example, the prevalence of methods to effec-
tively communicate decisions in RL isn’t shared by works
in explainable planning. Even though the solution concepts
used for MDPs and POMDPs are as complex, if not more
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complex, than the ones leveraged in traditional RL settings.
Even within classical planning, where the solutions are sim-
ply sequences of action called plans, communicating a plan
that contains hundreds, if not thousands, of steps is not triv-
ial. On the other hand, methods like model reconciliation,
where explanations that try to resolve the user’s misunder-
standing about the task and robot model, still remain rele-
vant in reinforcement learning settings. However, very little
work has been done to port those works over to RL settings.
Finally, apart from works that leverage simple visualization,
very little work has been done on relying on accounts as
a communication medium during explanation generation in
both planning and RL contexts. For example, methods like
augmented reality could be used for non-embodied decision-
making too. As mentioned, one of the problems we believe
is that very few people look at the entire landscape of expla-
nation for sequential decision-making.

Open Questions and Next Steps
We would like to close out this paper by considering im-
portant open questions that arise in explainable sequential
decision-making, ones that may not arise at all in single-shot
decision-making settings. Indeed, many of the questions that
one would imagine to be fundamental to explanations, in
general, take on new dimensions in the context of sequen-
tial decision making.

For instance, in single-shot decisions, the assumed ex-
planatory goals are often monolithic, unchanging and un-
questioned by system developers (e.g., the goal of explaining
a classification is to communicate the feature importances).
Yet, in sequential decision-making, an agent can have many
different explanatory goals (e.g., challenging an individual
user or promoting team cooperation), resulting in differ-
ent explanations to achieve some overall strategy. Similarly,
when we revisit a question like how to incorporate user
knowledge and background into generated explanations, we
see more examples of methods that leverage such consider-
ation within sequential decision-making than in single-shot
decision-making settings (cf. (Sreedharan, Chakraborti, and
Kambhampati 2021)).

As we move to questions that are more unique to se-
quential decision-making, a good starting point would be
that of how to communicate the identified solution itself.
In many cases, the policy or plan generated could be quite
complex, and communicating them to the user might re-
quire additional mechanisms (cf. (Sreedharan, Srivastava,
and Kambhampati 2020)). Such communication could be
further complicated by many factors, such as multiple ob-
jectives, constraints, partial observability, and model uncer-
tainty. In many cases, it might even be hard to communicate
what the solution is meant to accomplish. Furthermore, apart
from the issue of how to explain the decision, there is also
the question of when to communicate that explanation. The
very fact that the agent could treat the communication of
explanation as yet another action opens up many possibili-
ties that simply do not arise in single-shot decision-making
problems.

A core characteristic of many sequential decision-making
problems is the usual separation between the decision-

making stage and the execution phase. While one could
argue that such considerations are present in single-shot
decision-making, in such settings, it would not make sense
to talk about the agent reasoning about the consequences of
its actions in the environment. In relation to this separation,
one important question would be how one provides an ac-
count for events that the system’s model did not capture.
Here, the possibilities could range from events that arise due
to unmodeled side-effects of the agent’s actions or acting in a
dynamic environment. Another consequence of this separa-
tion between decision-making and execution is the possibil-
ity that the agent might choose to change its plan or policy.
A relevant question, then, is how one explains such changes
in behavior.

The main message we would like to send through this
paper is the need to look beyond just generating explana-
tions for specific instances of sequential decision-making
and look at the problem in a more holistic manner. One of the
critical next steps towards supporting such efforts would be
to create a unified taxonomy for explanations within sequen-
tial decision-making that can encompass all existing works
within the individual subfields. We hope that this write-up
will encourage more researchers to take this viewpoint and
work towards creating such general frameworks.
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