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Stochastic sequential decision-making systems — such as Markov decision processes and their variants — are increasingly
used in areas such as transportation, healthcare, and communication. However, the ability to explain these systems’ outputs to
non-technical end users has not kept pace with their widespread adoption. This paper addresses that gap by extending prior
work and presenting a unified framework for generating causal explanations of agent behavior in sequential decision-making
settings, grounded in the structural causal model (SCM) paradigm. Our framework supports the generation of multiple,
semantically distinct explanations for agent actions — capabilities that were previously unattainable. In addition to introducing
a novel taxonomy of explanations for MDPs to guide empirical investigation, we develop both exact and approximate
causal inference methods within the SCM framework. We analyze their applicability and derive run-time bounds for each.
This leads to the proposed algorithm, MeanRESP, which operates flexibly across a spectrum of approximations tailored to
external constraints. We further analyze the sample complexity and error rates of approximate MeanRESP, and provide a
detailed comparison of its outputs—under varying definitions of responsibility—with popular Shapley-value-based methods.
Empirically, we performed a series of experiments to evaluate the practicality and effectiveness of the proposed system, focusing
on real-world computational demands and the validity and reliability of metrics for comparing approximate and exact causal
methods. Finally, we present two user studies that reveal user preferences for certain types of explanations and demonstrate
a strong preference for explanations generated by our framework compared to those from other state-of-the-art systems.
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1 Introduction

Systems for automated sequential decisionmaking are now used in a variety of applications, including autonomous
driving [159], healthcare [14], and communication networks [5], among many others. Moreover, their rate of
proliferation is predicted to increase [95, 136, 52]. Whether designed for the general public or as aids in specific
industries or applications, these systems often interface primarily with people who are not experts in the science
of decision making and AI, or even well-versed in the principles and concepts of automation more broadly. Thus
understanding, managing, and mitigating the risks of misuse, disuse, and abuse of autonomous systems in general
has been a topic of considerable interest for some time [121]. Among other findings, researchers have established
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that developing trust is required for the adoption and proficient use of AI systems [82, 143, 162, 66], and it is
widely accepted that autonomous agents that can explain their decisions help promote trust [23, 51, 101].

However, there are many challenges in generating such explanations. Consider, for example, an autonomous
vehicle (AV) that stopped behind a truck for a long time. The passenger may wonder whether the AV is waiting
for the truck to move, waiting for an opportunity to pass the truck, or is dealing with some technical problem.
Generating suitable explanations of such a system is hard due to the complexity of planning, which may involve
large state spaces, stochastic actions, imperfect observations, and complicated objectives. Furthermore, useful
explanations must somehow reduce the internal reasoning process to a form understandable by a user who
likely does not know all of the algorithmic details. Another challenging aspect is the heterogeneity of possible
operational contexts and interaction with users whose expectations and prior knowledge may vary substantially.
For example, in the above AV scenario, the explanation provided to a driver evaluating whether or not to intervene
and take control of the vehicle may differ from that given to a passenger. In addition, different planning, learning,
and decision-making algorithms may not provide universal mechanisms for explanation due to fundamental
differences in the available information.

The debate on the definition, taxonomy, and purpose of explanations has been well represented in the cognitive
science, psychology, and philosophy literature for a long time. While still active, there are several insights for
which there is a broad consensus [104, 105], and we use this knowledge to motivate our approach. Scholars
studying explanations largely agree that requests for explanations are often motivated by a mismatch between
the mental model of the requester and a logical conclusion based on observation [54, 55, 58, 57, 86, 157], which
creates a form of generalized model reconciliation problem [22]. Researchers also agree that explanations often
require counterfactual analysis [92, 83, 56, 85], which in turn requires causal determination [158, 130, 84].

There are several computational paradigms for causal analysis, including those based on conditional logic [80,
39], and statistics [36]. Among the most well-studied paradigms is the structural causal model (SCM), which has
been popularized in computer science by Halpern and Pearl [44, 45, 43]. SCMs, also known as structural equation
models (SEMs), are an object of study in their own right [13] as they form an important generalization of causal
Bayesian networks while retaining the critical benefit of producing interpretable directed graphs. Their expressive
power, relative simplicity in interpretation, and popularity in the broader community make them an attractive
tool for analyzing the output of sequential decision-making systems. In particular, we study one significant
class of decision-making models, the Markov decision process (MDP). MDPs and their derivatives have several
properties that make them a popular and effective method for tackling a variety of real-world decision-making
problems, most notably their ability to encode uncertainty in action outcomes as well as their generality and
modeling flexibility. Thus, there is an obvious desire to generate explanations for the output of these models.

This work extends previous work [114] in which we propose a framework, based on SCMs, for applying causal
analysis to the behavior of sequential decision-making agents that use MDPs as their decision-making models.
Our framework creates an SCM representation of the computation needed to derive an optimal policy for an
MDP and applies causal inference to identify variables whose current values cause certain agent behavior. These
variables can then be used to generate explanations, for example, by completing natural language templates. Our
framework provides two main benefits. First, it is theoretically sound, based on concepts and formalisms from
the causality literature, while many existing approaches use heuristics [31, 71, 154, 67]. Second, it is more flexible,
allowing us to identify multiple semantically distinct types of explanans, whereas existing approaches often
explain events in terms of a single set of variables in the decision-making model. For example, they may use only
state factors or only reward variables, whereas we may use any set, increasing our framework’s applicability.

Our analysis culminates in an algorithm, MeanRESP, and a process for translating MDP models into structures
that facilitate causal analysis. MeanRESP may be applied to settings beyond the analysis of MDPs, is compatible
with several definitions of cause and responsibility [24], and admits several approximate techniques for problems
where exact inference is not tractable. We also propose several measures for comparing approximate MeanRESP
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outputs to exact methods. These measures capture a range of differences and underscore the difficulty of devising
a single measure for evaluating objects as complicated, nuanced, and context-dependent as explanations.
We present both theoretical and empirical results covering a range of questions regarding our framework’s

applicability, efficiency, and efficacy. Theoretically, we determine the domain of problems for which our framework
is exact and provide some worst-case run-time bounds for the algorithms presented. We also include results on
the correctness and sampling error rates for causal and responsibility determination for approximate MeanRESP.
Empirically, we follow up on these theoretical results, measuring computation use, sampling error rates, and
convergence rates in practice, and testing the proposed measures. We also measure disagreement between
MeanRESP and Shapley-value-based methods when applied to neural networks representing both learned MDP
policies and classifiers. Furthermore, we present results from two user studies. The first compares the proposed
method to existing state-of-the-art heuristic methods and we find statistically significant preferences in favor of
explanations generated via causal reasoning. The second investigates if and how user preferences for different
explanations may change depending on their level of agency with respect to the agent providing the explanation
in an autonomous driving scenario. In all, these results establish important properties of the proposed framework,
highlight several of its benefits compared to existing approaches, and outline promising directions for future
research on explaining stochastic planning systems.

2 Related Work

Automatically generating explanations for different AI systems is a rapidly growing field of research, and at a
high level, there are two primary characteristics that create a natural taxonomy of these works: first, whether the
system is used for planning or prediction, either discrete or continuous, and second, whether the computation
is performed in an explicitly derived model or a learned, frequently black-box, model. Although not perfectly
correlated, the prevalence of model-based planning and the popularity of black-box regression models have given
rise to two distinct areas of focus, each with their own techniques and philosophies. Work on explaining the
output of black-box machine learning algorithms [108, 88, 70] often uses the terms explainable or interpretable
machine learning (XML). Many XML efforts focus on feature attribution, and these concepts have been applied
to a large number of specific applications, including the natural sciences [127, 163], finance [17], industry [40,
41], and healthcare [90, 124], with a common approach being to compute and analyze Shapley values1 [137,
128] and their approximations [2]. Many similar algorithms have been shown to be variations of Shapley value
algorithms [89], and this insight has both popularized the application of Shapley values to the generation of
explanations and encouraged many follow-up works, including modifying the original algorithm so that user goals
can inform and constrain the solution set [156] and newmethods for constructing the background dataset [3]. Due
to the black-box nature of state-of-the-art deep reinforcement learning techniques, there have also been several
applications of Shapley values to explain the policies learned by these systems [53]. Although the networks
ultimately represent MDP policies, elements of the decision-making model such as the reward, transition, and
value function are not explicitly represented and thus are not accessible to Shapley value analysis or any other
explanation generation system.

Recent work has highlighted additional shortcomings of these approaches for explanation generation. Notably,
these include the numerous plausible interpretations of how to apply these concepts to specific systems [145, 102],

1Named after their inventor, economist Lloyd Shapley, Shapley values assign a distribution of partial payoffs (or parts of the total surplus)
generated by a coalition of players in a cooperative game. They have since been adopted for explaining mostly black-box models in machine
learning by reinterpreting “surplus" or “payoff" as “model output" and substituting “players" for “input features", leading to a high-level
formalization of the form: Shapley value for feature 𝑥𝑖 in model 𝜋 = 1

𝑛

∑
𝑋 |𝑥𝑖∉𝑋

𝜋 (𝑋∪𝑥𝑖 )−𝜋 (𝑋 )
𝑁

, where 𝑛 is the total number of features and
𝑁 is the number of subsets of features that have size |𝑋 | and do not contain 𝑥𝑖 . Their popularity has been driven in part by the existence of
several nice properties, including efficiency, symmetry, linearity, and null player, which align with common intuitions regarding how Shapley
values should be interpreted under certain conditions.
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as well as challenges in handling conditional effects on the distribution of certain features, and potential ambiguity
in interpreting the output—particularly in the context of actionable recourse [75]. Moreover, systems like SHAP
assign values to single input variables, and do not capture the simultaneous effect of multiple counterfactual
variable assignments. Overall, Shapley-value-based methods may apply favorably to some machine learning
settings, which is why we include them in part of our analysis, but do not seem appropriate for understanding
and communicating the reasoning that occurs within stochastic sequential decision-making systems, such as
agents who use MDPs. While it is possible to apply MeanRESP to black-box systems, and we do compare the
approximation error of one of the original proponents of Shapley-value-based feature attribution [142] and
different versions of approximate MeanRESP, our primary focus is on the analysis of planning models.
Work on explainable planning (XAIP) has been somewhat more varied and generally aims to either explain

the outputs of planning models and algorithms or modify the planning algorithms so that they produce plans
that are inherently more explainable [35, 21, 7]. These concepts have been captured in a variety of metrics
and definitions [20], which measure different aspects of how a plan’s execution intuitively aligns with user
expectations. There has also been substantial work on observer-aware systems, where plans are constructed,
executed, or implicitly communicated with the explicit notion of the presence of an observer, typically in a
collaborative setting [28, 140, 106, 107, 42, 148]. While valuable, we view the philosophies motivating these
approaches to be largely orthogonal to, and potentially compatible with, our own. Thus, most XAIP research has
been devoted to deterministic planners, or analyzing plans while still planning or after they have been executed.

More closely aligned with the efforts described in this paper, there have been promising advances in incorpo-
rating counterfactual and contrastive reasoning into classical XAIP problems [74] and applying XAIP formalisms
to classification models [97]. Such methods, for example, may analyze plans with respect to higher-level prop-
erties, determining mutually exclusive properties or sets of properties that different plans could satisfy [29].
Other methods propose generating feature-based (or state-factor-based) explanations, but with respect to action
sequences in deterministic planning problems [135]. In general, these approaches have the potential to use more
interpretable planning models to produce more user-friendly explanations. However, many applications operate
in stochastic domains or require explanations in real time. On this front, research on explanations of stochastic
planners is relatively sparse; however, there are several notable existing efforts. Exact analysis or explanation,
regardless of the framework, is often prohibitively expensive. Generally speaking, there are three alternatives:
direct approximation of the underlying exact computation, use of heuristics, and explanation via summarization.
We spend most of this paper understanding and comparing the first two approaches, but we briefly cover some
summarization approaches for MDP policies first.
Summarization methods are typically more complex than their alternatives. These methods either simplify

(summarize) the original problem and then provide an exact explanation of the simplified reasoning problem, or
summarize the solution (e.g., policy) post-hoc and explain the simplified policy. For example, originally Brázdil
et al. [2015], and later Russell and Santos [2019], use decision trees to approximate a given policy and analyze the
decision nodes to determine which state factors are most influential for immediate reward. Panigutti et al. [2020]
used similar methods to explain classifiers. Bustin and Goldman [2024] summarize MCTS trees by estimating
the entropy of subtrees. Pouget et al. [2020] identify key state-action pairs via spectrum-based fault localization,
wherein they repeatedly compare trajectories from a given policy to trajectories given counterfactual policies
and try to summarize the initial policy in terms of a smaller number of key states or decision points that have
a disproportionate impact on the quality of the trajectories. Linear temporal logic [6] and the HIGHLIGHTS
approach [63] have also been used to create summaries of policies for explanation purposes. Other approaches
use the power of summarization implicitly, for example to create alternate (possibly smaller) MDPs in which the
expected and observed action are the same [33].

It is theoretically possible to combine summarization techniques with our framework by applying MeanRESP
to an abstract [81] version of an MDP, although we do not explore this in detail in this paper. Summarization
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methods are appealing because they parallel our intuitions about simplification in a number of other settings,
such as analogizing during an explanation [27], science communication [132], and even other AI tools, such
as automated text simplification [116, 141] or summarization [4]. However, these methods are often driven by
heuristics and may be hard to generalize to different planners and models.

Methods for deriving explanations of the behavior of MDP agents through a more direct application of heuris-
tics are better represented in the literature. Many of these methods apply the spirit of counterfactual reasoning
without performing any sort of formal causal analysis. For example, Elizalde et al. [2009] identify important state
factors by generating counterfactual states (state factors are assigned new values) and then analyzing how the
value function changes given perturbations to different state factors. State factor perturbations that result in
large changes in the value function are said to be more important, even if it is not possible to transition from
the current state to the counterfactual state in the MDP. Wang et al. [2016] try to explain policies of partially
observable MDPs (POMDPs) by communicating the relative likelihoods of different events or levels of belief.
However, research clearly indicates that humans are not good at using this kind of numerical information [104].
A more common heuristic approach is to analyze, and thus produce explanations that reference, the reward

function. Khan et al. [2009] present a technique to explain policies for factored MDPs by analyzing the expected
occupancy frequency of states with extreme reward values. Instead of looking at how the policy is affected by
the reward function overall, Juozapaitis et al. [2019] analyze how extreme reward values impact action selection
in decomposed-reward RL agents, and Bertram and Wei [2018] examine reward sources in deterministic MDPs.
Later, Sukkerd et al. [2020] proposed explaining factored MDPs by annotating them with “quality attributes" (QAs)
related to independent, measurable cost functions. The explanations describe the QA objectives, the expected
consequences of the QA values given a policy, and how those values contribute to the expected cost of the policy.
The system also explains whether the policy achieves the best possible QA values simultaneously, or if there are
competing objectives that required reconciliation, and proposes counterfactual alternatives. Thus, it explains
entire policies, not individual actions, using custom graphics and natural language templates, the latter of which
have become the de facto standard for automatic explanations. Overall, while they are computationally cheap
and easy to implement, heuristic methods have limited scope in the explanations they provide, as they typically
analyze only a single component of the MDP models, and do not have many theoretical advantages, if any.
Recently, Madumal et al. [2020] proposed the use of structural causal models for explaining MDPs, using

SCMs to encode the influence of particular actions available to the agent. This approach was used in a model-
free, reinforcement learning setting to learn the structural equations as multivariate regression models during
training. However, it requires several strong assumptions, including the prior availability of a graph representing
causal direction between variables, discrete actions, and the existence of sink states. Triantafyllou et al. [2022]
also construct SCMs representing decentralized partially observable MDPs during policy execution, using
variables that represent observations and rewards, among other things, that occur during deployment. The
counterfactual analysis then concerns alternative actions. Here, the focus is on extending the definitions of
cause and responsibility to the multi-agent setting in light of an agent’s own ability to manipulate its level of
responsibility. These concepts are loosely related to recent, more comprehensive work on causality in multi-agent
settings, and games in particular [48]. In contrast, our proposed framework focuses on allowing causal analysis of
all the components of MDPs using a single set of algorithms, is concentrated on the more applicable vanilla MDP
model, and establishes a more rigorous experimental justification for causal explanations of stochastic planners.
Moreover, it remains theoretically well-justified as it rests on a concrete theory of causality and can be easily
extended for cases where approximate reasoning is required, including model-free planners.

In summary, there has been a large body of work on explainable AI systems in general, but relatively little on
explainable stochastic planning. Moreover, most of those limited efforts use heuristics, making MeanRESP one
of the few causality-based methods for the automatic generation of explanations of stochastic planners. Those
who do propose using SCMs for explaining MDPs and their variants in both planning and learning scenarios
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Table 1. Important notations, summarized from Halpern and Pearl [2005].

Notation Meaning
𝑋 A set of decision variables, 𝑋 = {𝑋1, 𝑋2, 𝑋3}
𝑥 An assignment of values to the set 𝑋 , {𝑋1 = 𝑥1, 𝑋2 = 𝑥2, 𝑋3 = 𝑥3}
P(𝑋 ) Power set of 𝑋
D(𝑋 ) Domain of the joint assignments of all 𝑥 ∈ 𝑋

𝑥 ′ ← 𝑥 |𝑋 ′ 𝑥 ′ is the restriction of 𝑥 to 𝑋 ′, e.g. if 𝑋 ′ = {𝑋1} and
𝑥 = {𝑋1 = 𝑥1, 𝑋2 = 𝑥2, 𝑋3 = 𝑥3}, then 𝑥 ′ = {𝑋1 = 𝑥1}

𝑥 ← [𝑥 ⟨𝑥 ′] Replace values of 𝑥 with values from 𝑥 ′, e.g. if 𝑥 = {𝑋1 = 𝑥1, 𝑋2 = 𝑥2}
and 𝑥 ′ = {𝑋1 = 𝑏}, then 𝑥 = {𝑋1 = 𝑏,𝑋2 = 𝑥2}

have likewise based their analysis on formal definitions of causality and responsibility [46, 24]. However, our
method and its approximate variants offer an increased level of generality, simplicity, and efficiency by building
upon an existing responsibility attribution method called RESP, introduced by Bertossi et al. [2020] to explain
classification outcomes, making it a particularly compelling framework for generating explanations of stochastic
sequential decision-making systems.

3 Background

Here, we review some concepts and notation relevant to the three main formalisms this paper builds upon:
Markov decision processes, structural causal models, and our working definitions of weak and actual causes and
responsibility. Table 1 provides a reference for common notation.

3.1 Markov Decision Processes

A Markov decision process is a model for reasoning in fully observable, stochastic environments [9]. That is,
environments in which the agent knows precisely the current state of the world, but has some uncertainty over
the resulting state of the world conditioned on some action it may take. Formally, we define an MDP as a tuple
𝑀 = ⟨𝑆,𝐴,𝑇 , 𝑅, 𝑑,𝛾⟩, where

• 𝑆 is a finite set of states. 𝑠 ∈ 𝑆 may be expressed in terms of a set of state factors, ⟨𝑓1, 𝑓2, . . . , 𝑓𝑁 ⟩, such that 𝑠
indexes a unique assignment of values to the factors 𝑓 ;
• 𝐴 is a finite set of actions;
• 𝑇 : 𝑆 ×𝐴 × 𝑆 → [0, 1] is a transition function, representing the probability of reaching state 𝑠′ ∈ 𝑆 after
performing action 𝑎 ∈ 𝐴 in state 𝑠 ∈ 𝑆 ;
• 𝑅 : 𝑆 × 𝐴 × 𝑆 → R is a reward function, representing the expected immediate reward of reaching state
𝑠′ ∈ 𝑆 after performing action 𝑎 ∈ 𝐴 in state 𝑠 ∈ 𝑆 ;
• 𝑑 : 𝑆 → [0, 1] is a start state distribution, representing the probability of starting in state 𝑠 ∈ 𝑆 ;
• 𝛾 is a discount factor, representing the degree of preference for immediate rewards relative to future rewards.

0 ≤ 𝛾 < 1.

A solution to an MDP is a policy 𝜋 : 𝑆 → 𝐴 indicating that an action 𝜋 (𝑠) ∈ 𝐴 should be performed in a state
𝑠 ∈ 𝑆 . In some types of MDPs policies may be stochastic, and thus solutions may be written as 𝜋 (𝑎 |𝑠), which is
the probability of choosing action 𝑎 when in state 𝑠 . A policy 𝜋 induces a value function𝑉 𝜋 : 𝑆 → R representing
the expected discounted cumulative reward 𝑉 𝜋 (𝑠) ∈ R for each state 𝑠 ∈ 𝑆 .
The objective of an MDP solver is to find an optimal policy, 𝜋∗, that maximizes the expected discounted

cumulative reward for every state 𝑠 ∈ 𝑆 . This is equivalent to satisfying the Bellman optimality equation:
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𝑉 ∗ (𝑠) = max
𝑎∈𝐴

∑︁
𝑠′∈𝑆

𝑇 (𝑠, 𝑎, 𝑠′) [𝑅(𝑠, 𝑎, 𝑠′) + 𝛾𝑉 ∗ (𝑠′)] . (1)

There are several important properties of Equation (1). First, it is a recurrence relation, where the value of
state 𝑠 depends on the value of possible successor states 𝑠′. Second, given a value function, a policy may be
derived; if the value function is optimal, the resulting policy will also be optimal. For any given state, the process
of calculating 𝑉 ∗ (𝑠), and thus 𝜋∗ (𝑠), can be represented by a directed graph, which we will exploit later in the
construction of data structures to facilitate causal analysis.

3.2 Structural Causal Models

Structural causal models [45, 46] are a framework for describing systems in a way that captures the causal influence
of some variables on other variables. Like Bayesian networks, they offer a directed graphical representation of
these influences, breaking causality or attribution problems down into three components. Formally, SCMs model
scenarios, defined as tuples S = ⟨U,V,M⟩, where
• U is a set of exogenous variables, called the context, which are required to define the scenarios but should
not be identified as causal. These variables describe some condition of the world and are considered fixed
for a given scenario.
• V is a set of variables, known as the endogenous variables, which may be causes.
• M is a set of equations modeling how variables inU andV affect the variables inV .

All variables in the world are either elements of U or elements of V , and U ∩V = ∅. In our case, V are
variables internal to the MDP reasoning process of the agent, such as rewards or transitions, and thus represent
potential causes for the resultant policy—what we observe as agent behavior. The decision of which variables to
assign toU andV is a design choice that we discuss in detail later, and usually concerns application relevance and
computational cost. For example, though the presence of oxygen in the atmosphere is required for combustion,
and may be necessary for a complete model describing a house fire, we typically would not want to identify its
presence as one of the causes of the fire and thus may decide to assign this variable to the context.
In the above example, we would call the assignment of a value to the “is-there-a-house-fire” variable (say 𝐻 ),

an event. We use 𝜙 to denote an event. Thus, we could equally well describe, for a given point in time, either
the existence (𝜙 = [𝐻 = True]) or non-existence (𝜙 = [𝐻 = False]) of a house fire as an event. In general,
events may refer to assignments of more than one variable simultaneously, and the main focus of this paper is
identifying the causes of events given some scenario S. We now describe how to encode the components of an
SCM within a directed graph.
SCMs may represent directed graphs of arbitrary topology. However, most inference requires causal graphs

that are directed acyclic graphs, or DAGs, where nodes are variables and edges denote cause-effect relations.
Further improvements can be made if the causal graph is layered [30]. A layered causal graph (LCG) is defined
given an event 𝜙 , for which we want to determine the causes, and a set of variables 𝑋 ⊆ V , which we would like
to evaluate as causal or not (Fig. 1). An LCG is a DAG whose nodes are partitioned into non-intersecting layers
(𝑆𝑘 , . . . , 𝑆0), where for every edge 𝐴→ 𝐵 there exists some 𝑖 ∈ {1, . . . , 𝑘} such that 𝐴 ∈ 𝑆𝑖 and 𝐵 ∈ 𝑆𝑖−1. Further,
𝑋 ⊆ 𝑆𝑘 , and 𝜙 ∈ 𝑆0.

3.3 Weak Causes, Actual Causes, and Responsibility

Here, we review our working definitions of weak cause, actual cause, and responsibility. Note that setting values
for context variables 𝑈 = 𝑢 induces values for all endogenous variables V . That is, absent intervention, the
assignment𝑈 = 𝑢 completely determinesV = 𝑣 .
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Fig. 1. A layered causal graph.

Definition 1. Let 𝑋 ⊆ V be a subset of the endogenous variables, and let 𝑥 be a specific assignment of values

for those variables. Given an event 𝜙 , defined as a logical expression, for instance 𝜙 = (¬𝑎 ∧ 𝑏), a weak cause of 𝜙
satisfies the following conditions:

(1) Given the context𝑈 = 𝑢, 𝑋 = 𝑥 and 𝜙 hold.

(2) Some𝑊 ⊆ (V \ 𝑋 ),𝑊 = 𝑤 , and 𝑋 = 𝑥 ′ exist such that:

A) given𝑈 = 𝑢, 𝑋 = 𝑥 ′, and𝑊 = 𝑤 , ¬𝜙 holds.

B) for all𝑊 ′ ⊆𝑊 and 𝑍 ⊆ V \ (𝑋 ∪𝑊 ),
given𝑈 = 𝑢,𝑤 ′ = 𝑤 |𝑊 ′, and 𝑋 = 𝑥 , 𝜙 holds for any 𝑍 = 𝑧.

Here, 𝑥 ′ is simply any assignment of variables in 𝑋 that is not identical to 𝑥 . For a single, Boolean variable
this would be its negation; in general, as few as one element of 𝑋 may deviate from its original value. Thus, 𝑥 ′
represents some possible alternate or counterfactual state. Similarly, assignments to the ‘witness’ set𝑊 = 𝑤 ′

(sometimes also called the contingency set) can be interpreted similarly. The main distinction between𝑋 and𝑊 is
simply that we are testing for the causal strength of variables in 𝑋 specifically, and not𝑊 . The same is true for 𝑍 .
Condition 1) is asserting that, given some context 𝑈 = 𝑢, the variable assignment 𝑋 = 𝑥 and the event 𝜙

actually take place. Condition 2A) ensures that the variables in 𝑋 have influence on the event 𝜙 through their
ability to falsify the event in some setting, while Condition 2B) says that, given context 𝑈 = 𝑢, 𝑋 = 𝑥 alone is
sufficient to cause 𝜙 , independent of some other variables𝑊 . This and similar definitions of cause are often
called “but-for" definitions. There is a related definition [44] in which condition 2B) is replaced with the following,
simpler statement: for all 𝑍 ⊆ V \ (𝑋 ∪𝑊 ), where𝑊 = 𝑤 and 𝑍 = 𝑧 given𝑈 = 𝑢, 𝜙 holds when 𝑋 = 𝑥 . There is
also a more restrictive form of cause, the actual cause [45] (see Definition 2). For a more extensive treatment of
Definition 1, as well as a number of interesting examples, we recommend reading Halpern and Pearl [2005].

Definition 2. Let 𝑋 be a weak cause. 𝑋 is an actual cause if it is minimal. That is, if there is no such 𝑋 ′ such
that 𝑋 ′ ⊂ 𝑋 and 𝑋 ′ is also a weak cause.

In practice, we find restricting explanations to contain only actual causes a helpful, though not necessarily suf-
ficient, filtering mechanism. In addition to actual causality, we also use the following notion of responsibility [24].

Definition 3. The responsibility, 𝜌 , of a weak or actual cause 𝑋 with witness set𝑊 is 𝜌 = 1
1+|𝑊 | .

The responsibility score of the set of variables 𝑋 is a measure of their ability to affect an outcome and is
inversely proportional to the number of counterfactual variables required to achieve scenarios in which𝑋 satisfies
the definition of weak cause. Intuitively, as fewer contingency variables are required for 𝑋 to meet Definition 1,
the responsibility score increases. That is, variables in 𝑋 make up a large fraction of the counterfactual scenario.

4 A General Procedure for Automated Explanation Generation

Before explaining our system in detail, we present a general, abstract algorithm for automatically generating
explanations that is often implicitly acknowledged, or used in part, in the design of such systems, but which we

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



Causal Explanations for Sequential Decision Making • 17:9

have not seen explicitly described anywhere in the XAIP literature. Without such grounding, we feel it is easy for
different work to rather ambiguously be applied to potentially many sub-problems for which it may be unintended,
incomplete, or ill-suited. The following is inspired by a close reading of Miller [2019], although such steps are
never explicitly mentioned. In furnishing a high-quality, automatically generated explanation, a system must:
(1) Determine the user’s why-question. Specifically, determine the fact and the foil of a counterfactual scenario.

For example, a fact 𝑎 and foil 𝑎′ represent the why-question “Why was action 𝑎 taken and not action 𝑎′?”
(2) Given the fact and foil, the event in question may have many plausible or correct causes. We must find

them, possibly using multiple types of information or reasons.
(3) Select a subset of causal variables from Step 2 to communicate to the user.
(4) Produce human-interpretable output (e.g., speech, text, images) based on the selected variables from Step 3.
We emphasize here that all of these steps represent difficult open research questions, especially considering the

diversity of systems and scenarios for which we may want to generate explanations. This work focuses primarily
on Step 2 and provides some results of significance related to Step 3. We assume that Step 1 has been addressed
either through an external module or through system design. Although we use natural language templates to
perform Step 4, this is primarily done to facilitate user study participation. We make no claims as to their efficacy
relative to other potential modes of communication or even other possible text template designs.

MDPs, like other model-based planners, have a distinct advantage in explainability relative to their black-box
counterparts as the key variables in the decision-making processes are typically represented explicitly within the
model. The primary goal of the following sections is to understand how best to exploit this structure while 1)
remaining theoretically solid, 2) remaining general and flexible with respect to the components of the model
under analysis, and 3) not sacrificing the ability to apply this technique in some form to black box systems. We
first focus on the underlying theory behind modeling MDP decision making with SCMs (§5-6) before introducing
MeanRESP, the algorithm we use for most of our experiments, in §7. Readers seeking only an implementation
should skip directly there. Figure 2 provides an overview of all algorithms we discuss in this paper and their
respective roles in generating explanations for systems with different properties.

5 Structural Causal Models for MDPs

At a high level, we construct a causal model of the computation that solves for the policy of an MDP and then
use this model to determine causes for agent actions, which can later be used online for explanation. Our goal is
to explain agent behavior, which, if the agent is using an MDP for reasoning, is represented by partial policies
executed by the agent during deployment. Thus, the most natural choice of 𝜙 consistent with this goal is a set of
Boolean variables of the form 𝜋𝑠𝑎 = [𝜋 (𝑠) = 𝑎]. Here, we use Iverson brackets to denote the Boolean evaluation
for the statement 𝜋 (𝑠) = 𝑎. For example, if 𝜙 represents the event of taking action 𝑎 in state 𝑠 and not taking
action 𝑎′, we have

𝜙 = ⟨[𝜋 (𝑠) = 𝑎], [𝜋 (𝑠) = 𝑎′]⟩ = ⟨True, False⟩.

This representation is somewhat redundant for deterministic policies, which is what we focus on in this
paper. However, we note that it would in theory allow us to represent many types of queries on stochastic
policies cleanly, for example if given a constrained MDP, as action probabilities are not always mutually exclusive.
Collectively, the variables 𝜋𝑠𝑎 represent the policy of the MDP agent. Overall, there are |𝑆 | |𝐴| variables, one for
each state-action combination. We denote this set by Π. In the LCG representation, all such variables reside in
the 𝑆0 layer, although only a small fraction will be included in 𝜙 for any particular query.
In order to construct the LCG, we also need to determineU andV . Depending on our choices, layers 𝑆1-𝑆𝑘

will represent different parts of the MDP. In all variations below we can derive the agent’s action for some state 𝑠 ,
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Fig. 2. Process flow diagram for generating explanations of a sequential decision-making agent. Algorithms referenced here

are presented throughout the rest of the paper. Theoretically, all computation may be done offline, as the policy learned by a

network or through value iteration does not change. However, since the number of fact-foil combinations is typically very

large, at least some computation will likely occur online. When the causal structure of the problem is relatively simple and

known in advance (as is the case for an MDP) it may be possible to replace Algorithm 5 with a more efficient, customized

algorithm. The notion of a causal graph is presented as a useful abstraction which can be applied generally; as we will see, it

is not strictly necessary in all cases.

given the LCG for its MDP and the values of all nodes without incoming edges, by passing values along edges
and computing variables in subsequent layers of the graph until we reach layer 𝑆0.
In the general case, our causal analysis follows four steps. (1) A causal graph is generated from the relevant

MDP components. (2) The resulting graph is converted into a layered causal graph. (3) The layered graph is
pruned to remove any irrelevant nodes and edges, given 𝑋 and 𝜙 . (4) A recursive algorithm identifies sets of
causal variables in the pruned graph. This approach provides a principled, general framework for causal inference
on MDPs while simultaneously supporting several types of explanations. We first detail this process in layered
MDPs (§5) and then discuss approximate methods for MDPs of arbitrary topology (§6). Further approximation
and algorithms applicable to value function approximators such as neural networks are covered in §7.

5.1 Causal Models for Layered MDPs

We begin with the special case of layered MDPs, which contain both tree MDPs and finite-horizon MDPs, and for
which our methods are exact (when the state space is discrete, up to discretization). Tree MDPs2 are MDPs for
which a tree may be built to describe all possible trajectories from any given state. Layered MDPs are a class of
MDPs that we introduce subsequently in order to make our claims more precise. Although it is possible to create
a single, monolithic causal graph that simultaneously represents all components of the MDP tuple, this is not
helpful since it does not afford any additional types of inference, is less computationally efficient, and requires

2Not to be confused with a recent ‘Tree MDP’ description from reinforcement learning [131]
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Fig. 3. A layered causal graph generated from an MDP representing the influence of state factors on the action.

substantial bookkeeping to maintain the layered property. Thus, we analyze two causal models that, together,
can answer causal queries about all parts of MDPs considered in the previous literature.

Definition 4. A layered Markov decision process is an MDP where, for all states 𝑠 ∈ 𝑆 , the state transition
graph rooted at state 𝑠 of horizon ℎ is a layered graph ∀ℎ ∈ N.

State Factors. One of the most natural questions to ask about an action prescribed by an MDP policy is its
dependence on a particular state or state factors. Once the appropriate SCM is constructed, it represents a
fixed, possibly sub-optimal policy3. While we cannot change state factors to produce a different policy, we can
understand how state factors affect action selection for a given policy. We construct this SCM by lettingU consist
of all variables related to the reward function 𝑅, transition function 𝑇 , start distribution 𝑑 , and discount factor 𝛾 .
Then,V can be defined as 𝐹 ∪ 𝑆 ∪Π, where 𝐹 is the set of variables representing state factors, 𝐹 = {𝑓1, 𝑓2, . . . , 𝑓𝑁 }.
Formally, we have

V =
⋃

𝑠∈𝑆,𝑎∈𝐴
{𝜋𝑠,𝑎} ∪

⋃
𝑠∈𝑆
{𝑠} ∪

𝑛⋃
𝑖=1
{𝑓𝑖 }

where 𝑓𝑖 denotes the 𝑖th state factor. Finally,M is composed of the following three sets.

M𝐹 := {[𝑓𝑖 = 𝑓 𝑡𝑖 ]}, ∀𝑖 ∈ {1, . . . , 𝑛}.
Here 𝑓 𝑡𝑖 is the value of state factor 𝑖 at time 𝑡 . A given set of state factors ⟨𝑓1, . . . , 𝑓𝑛⟩ ∈ 𝑓 determines the state
𝑠 ∈ 𝑆 .

M𝑆 := {[𝑠 = 𝑠 𝑗 ]} = {[𝑓 𝑡1 ∈ 𝑠
𝑓1
𝑗
] ∧ . . . ∧ [𝑓 𝑡𝑛 ∈ 𝑠

𝑓𝑛
𝑗
]}, ∀𝑠 ∈ 𝑆,

where 𝑠 𝑓𝑖
𝑗
indicates the possible values for feature 𝑓𝑖 given state 𝑠 𝑗 . Finally, we have equations representing action

selection.
M𝐴 := {[𝜋 (𝑠) = 𝑎]} = {𝜋𝑠𝑎 ∧ 𝑠} ∀𝑠 ∈ 𝑆, 𝑎 ∈ 𝐴.

Thus we define M :=M𝐹 ∪M𝑆 ∪M𝐴.
Figure 3 shows the causal graph represented by this SCM. This definition of SCMs for state factors creates

layered graphs with exactly three layers, and when the state space is discrete, it permits exact inference regardless
of the underlying MDP topology. Importantly, while this representation has some redundancy when used for
3That is, we can only reason counterfactually about states with respect to one policy at a time. This SCM can represent any policy, as the
variables in 𝑆0 and their function of state may be set arbitrarily.
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vanilla MDPs, this is required for other models, for example, when there is uncertainty in state factor and state
values, leading to a lack of mutual exclusivity in variable values.

Rewards, Transitions, and Values. The second causal model that we present is used to analyze how reward,
transition, and value functions causally influence action selection. Here, we letU = {𝛾} since it is essential for
computing the effect of other variables in the system, but we are unlikely to consider this a direct cause of any
behavior we want to explain. Further, we let

V =
⋃

𝑠,𝑠′∈𝑆,𝑎∈𝐴
{𝑇 (𝑠, 𝑎, 𝑠′)} ∪

⋃
𝑠,𝑠′∈𝑆,𝑎∈𝐴

{𝑅(𝑠, 𝑎, 𝑠′)} ∪
⋃
𝑠∈𝑆
{𝑉 (𝑠)} ∪

⋃
𝑠∈𝑆,𝑎∈𝐴

{𝜋𝑠,𝑎}.

Finally, we letM be the set of equations needed to solve for a policy, for instance by value iteration. The first
two sets do not depend on other endogenous variables.

M𝑅 := 𝑅(𝑠, 𝑎, 𝑠′) = 𝑅𝑠𝑠
′

𝑎 , ∀𝑠, 𝑠′ ∈ 𝑆,∀𝑎 ∈ 𝐴;

M𝑇 := 𝑇 (𝑠, 𝑎, 𝑠′) = 𝑇 𝑠𝑠′
𝑎 , ∀𝑠, 𝑠′ ∈ 𝑆,∀𝑎 ∈ 𝐴.

The set of equations for the value at each state 𝑠 ∈ 𝑆 is

M𝑉 := 𝑉 (𝑠) = max
𝑎

∑︁
𝑠′∈𝑆

𝑇 𝑠𝑠′
𝑎 [𝑅𝑠𝑠

′
𝑎 + 𝛾𝑉 (𝑠′)], ∀𝑠 ∈ 𝑆.

Finally, we have the set of equations for action selection.

M𝐴 := (𝜋 (𝑠) =𝑎𝑘 ) =
[ ∑︁
𝑠′∈𝑆

𝑇 𝑠𝑠′
𝑎𝑘

𝑉 (𝑠′) = 𝐴𝑠
𝑚𝑎𝑥

]
, ∀𝑠 ∈ 𝑆.

Here,

𝐴𝑠
𝑚𝑎𝑥 = max

𝑎

(∑︁
𝑠′∈𝑆

𝑇 𝑠𝑠′
𝑎1 𝑉 (𝑠

′), . . . ,
∑︁
𝑠′∈𝑆

𝑇 𝑠𝑠′
𝑎𝑚

𝑉 (𝑠′)
)
.

Thus we define M :=M𝑅 ∪M𝑇 ∪M𝑉 ∪M𝐴.
The resultant LCG, shown in Figure 4, is built conditioned on the agent’s current state in order to focus

computations on the state of interest for the query. If the agent moves to a new state, a new graph is built, since
reward and transition variables associated with successor states may change. Here, we also see that some layers
contain value variables conditioned on particular actions (𝑉 𝑎 (𝑠𝑖 )). Though we do not do so in our experiments, it
is also possible to use this structure to ask questions like “Why does the agent take action 𝑎 in state 𝑠 given that it
is required to take action 𝑎′ in state 𝑠𝑖?” This is done by fixing values or collapsing subsets of the graph such that
𝜋𝑠𝑖 ,𝑎′ = True (or more generally, enforcing any arbitrary partial policy). In the extreme, all such variables can be
collapsed into the existing value variables (𝑉 (𝑠𝑖 )), effectively removing the max operation and reducing the graph
to reproduce policy evaluation at which point we can no longer generate counterfactual scenarios consistent
with the problem statement. Most importantly, it is also possible to move variables fromV to the contextU,
reducing complexity at the cost of eliminating variables from causal analysis. For example, as we show in our
experiments, we could move all reward variables to generate explanations using only transition variables.

Exactness Results. Layered MDPs are well-behaved since the SCMs formed by our construction naturally form
LCGs. GivenM and a state 𝑠0, we can construct an LCG using the layered structure of the MDP. The following
theorem and lemmas give a class of MDPs for which LCGs may be constructed and analyzed exactly.

Theorem 1. Let 𝑀 be a finite-horizon MDP. If 𝐺 is a layered causal graph representing 𝑀 at state 𝑠 , then 𝐺

preserves the cause-effect relationships in the reasoning process for action selection in𝑀 at 𝑠 .

Lemma 1.1. Given a finite-horizon MDP with horizon ℎ and start state 𝑠0, there exists an equivalent layered MDP.
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Fig. 4. A layered causal graph representing the effect of rewards, transitions, and values on action selection. 𝑉𝑎 (𝑠) is the
value of taking action 𝑎 at state 𝑠 . Depending on the type of analysis being done, zero-entries in the transition matrix may be

represented by node omissions from the graph. Here, for example, 𝑇 (𝑠, 𝑎′, 𝑠0) = 0 and 𝑇 (𝑠, 𝑎, 𝑠3) = 0. We have also written

reward nodes as 𝑅(𝑠, 𝑎) = ∑
𝑠′ 𝑇 (𝑠, 𝑎, 𝑠′)𝑅(𝑠, 𝑎, 𝑠′) for readability, but in general the graph could be expanded more explicitly.

Note also that this figure shows only 4 successor states in 𝑆2
, but in general there may be up to |𝑆 |.

Proof of Lemma 1.1: We prove this via an algorithm for constructing layered MDPs from finite-horizon MDPs.
For any start state 𝑠0, let Γ be the state transition graph rooted at 𝑠0 such that a directed edge from node 𝑠𝑖 to 𝑠 𝑗
exists if and only if ∃𝑎 ∈ 𝐴 s.t. 𝑇 (𝑠𝑖 , 𝑎, 𝑠 𝑗 ) > 0.

Next, we run Breadth First Search on Γ starting at 𝑠0 without an explored list until all paths of length ≤ ℎ have
been explored and recorded. From these recorded paths, create a tree with root node 𝑠0, appending “𝑘" to state
IDs at the 𝑘th level of the tree. After the tree is built, aggregate any duplicate nodes, preserving their edges. Such
nodes will only occur within the same layer of the tree. Thus, after aggregation, the resulting state transition
graph may not be a tree, but will be layered.
Finally, for all actions 𝑎 ∈ 𝐴, states 𝑠 ∈ 𝑆 , and layers 𝑘 = {0, . . . , ℎ} in the original MDP, set 𝑇Γ (𝑠𝑘𝑖 , 𝑎, 𝑠𝑘

′
𝑗 ) =

𝑇 (𝑠𝑖 , 𝑎, 𝑠 𝑗 ) iff 𝑘 + 1 = 𝑘 ′; set 𝑅Γ (𝑠𝑘𝑖 , 𝑎, 𝑠𝑘
′

𝑗 ) = 𝑅(𝑠𝑖 , 𝑎, 𝑠 𝑗 ) iff 𝑘 + 1 = 𝑘 ′. Construct the layered MDP 𝑀𝐿 =

⟨𝑆1:𝑘 , 𝐴,𝑇Γ, 𝑅Γ, 𝑑𝑆1:𝑘 , 𝛾⟩. □

Lemma 1.2. If 𝐺 and 𝐻 are causal graphs of finite Bayesian networks, and there exists a homomorphism 𝐺 → 𝐻 ,

then 𝐺 and 𝐻 preserve cause-effect relationships.

Proof of Lemma 1.2: This result follows from Jacobs et al. [2019] and Otsuka and Saigo [2022].
Proof of Theorem 1: Let 𝐻 be the causal graph representing action selection in 𝑀 (similar to Figure 4, but
with arbitrary cycles due to the topology of the state transition graph for𝑀). Since𝑀 is finite-horizon, then by
Lemma 1.1 we can create an equivalent layered MDP,𝑀𝐿 .𝑀𝐿 has a causal graph, 𝐺 (e.g., Figure 4), representing
how actions are selected for any state 𝑠 via policy derivation.
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We can construct a function𝜓 that induces a homomorphism𝜓 : 𝐺 → 𝐻 in the following way: map all nodes
for variables 𝑉 (𝑠𝑖 ) or 𝑇 (𝑠, 𝑎, 𝑠𝑖 ) in 𝐺 , to the node representing 𝑠𝑖 in 𝐻 . 4 Next, map all nodes in 𝐺 for variables
𝑅(𝑠, 𝑎, 𝑠′) to any node 𝑛 ∈ 𝐻 such that𝜓 (𝑇 (𝑠, 𝑎, 𝑠𝑖 )) = 𝑛. Since the homomorphism𝜓 : 𝐺 → 𝐻 exists, and since
MDPs may be represented as Bayesian networks, then by Lemma 1.2,𝐺 captures all cause-effect relationships for
action selection. □

5.2 Causal Inference for Layered MDPs

Given an LCG, we can perform causal inference to determine causal variables with respect to an event 𝜙 . Given
𝑋 ⊆ V and 𝜙 , such that 𝜙 ∩ 𝑋 = ∅, we would like to check if setting 𝑋 = 𝑥 causes 𝜙 . That is, we would like to
test whether 𝑋 = 𝑥 satisfies Definition 1.

We now develop a naive, exact algorithm to determine weak causality. At a high level, Algorithm 1 proceeds
up the causal chain in the LCG, recursively identifying causes one layer at a time. That is, sets of variables in 𝑆1

are identified as causes of events in 𝑆0. Those variables then assume the role of the event(s) and their causes are
identified in 𝑆2. This process repeats until the algorithm reaches layer 𝑆𝑘 , the last layer of the LCG.

This algorithm borrows mathematical structures and notation developed by Eiter and Lukasiewicz [2006] that
they use to establish a theorem (reproduced below) on identification of weak causes. We first introduce these
two additional constructs before proceeding to the algorithm description. Here, 𝜙𝑥𝑤 (𝑢) is the value of 𝜙 given
context𝑈 = 𝑢 and the assignments of variables 𝑋 = 𝑥 and𝑊 = 𝑤 . Loosely, elements 𝑝 ∈ p and 𝑞 ∈ q represent
satisfying assignments w.r.t. conditions 2A and 2B of Definition 1, respectively. The conditions placed on the
domains of 𝐹 and𝑤 also have analogs in Definition 1. These constructs are general and do not have particular
meaning with respect to MDPs, other than that the variables within 𝑝 , 𝑞, 𝐹 , or𝑤 will be parts of the transition
function, reward function, or state factors depending on the desired type of explanation. In the case of reward
or transition explanations, the relationship between variables in 𝑅𝑖 and those in 𝑅𝑖+1 is that those in 𝑅𝑖+1 are
relevant for calculating optimal actions one timestep farther into the future.

𝑅0 ={(p, q, 𝐹 ) |𝐹 ⊆ 𝑆0, p, q ⊆ D(𝐹 ),
∃𝑤 ∈ D(𝑆0 \ 𝐹 )∀𝑝, 𝑞 ∈ D(𝐹 ) :
𝑝 ∈ p iff ¬𝜙𝑝𝑤 (𝑢),
𝑞 ∈ q iff 𝜙 [𝑞⟨𝑍 (𝑢 ) ]𝑤′ (𝑢)
∀𝑊 ′ ⊆ 𝑆0 \ 𝐹,𝑤 ′ = 𝑤 |𝑊 ′, 𝑍 ⊆ 𝐹 \ 𝑆𝑘 },

and
𝑅𝑖 ={(p, q, 𝐹 ) |𝐹 ⊆ 𝑆𝑖 , p, q ⊆ D(𝐹 ),
∃𝑤 ∈ D(𝑆0 \ 𝐹 )∃(p′, q′, 𝐹 ′) ∈ 𝑅𝑖−1∀𝑝, 𝑞 ∈ D(𝐹 ) :
𝑝 ∈ p iff 𝐹 ′𝑝𝑤 (𝑢) ∈ p′,
𝑞 ∈ q iff 𝐹 ′[𝑞⟨𝑍 (𝑢 ) ]𝑤′ (𝑢) ∈ q

′

∀𝑊 ′ ⊆ 𝑆0 \ 𝐹,𝑤 ′ = 𝑤 |𝑊 ′, 𝑍 ⊆ 𝐹 \ 𝑆𝑘 , for 𝑖 > 0}.

Theorem 2. (From Eiter and Lukasiewicz [2006]) Let S = (U,V,M) be a causal model. Let 𝑋 ⊆ V , 𝑥 ∈ D(𝑋 ),
𝑢 ∈ D(𝑈 ), and let 𝜙 be an event. Let (𝑆0, . . . , 𝑆𝑘 ) be a layering of𝐺 (S) relative to 𝑋 and 𝜙 , and let 𝑅𝑘 be defined as

above. Then, 𝑋 = 𝑥 is a weak cause of 𝜙 under 𝑢 in S iff (1) given𝑈 = 𝑢, 𝑋 = 𝑥 and 𝜙 holds, and (2) ∃(p, q, 𝑋 ) ∈ 𝑅𝑘
such that p ≠ ∅ and 𝑥 ∈ q.

4Figure 4 is an expanded version of the graph𝐺 , where the odd layers (representing max(·) operations) have been explicitly factored out to
illustrate the possibility of modeling different policies.
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Algorithm 1 Determine Weak Causes
1: Input: Layered causal graph 𝐺 , context𝑈 = 𝑢, variables 𝑋 , event 𝜙
2: Output: Sets of weak causal variables CW ⊆ 𝑋 of 𝜙 .
3: 𝑅0 ← ∅, 𝑆0, 𝑆𝑘 ← layers of 𝐺 containing 𝜙,𝑋
4: for all 𝐹 ∈ P(𝑆0) do
5: p, q← ∅
6: for all𝑤 ∈ D(𝑆0 \ 𝐹 ) do
7: for all 𝑝 ∈ D(𝐹 ) do
8: if ¬𝜙 given 𝑝 and𝑤 then
9: p← 𝑝 ∪ p
10: for all 𝑞 ∈ D(𝐹 ) do
11: 𝑏 ← True
12: for all𝑊 ′ ∈ P(𝑆0 \ 𝐹 ) do
13: 𝑤 ′ ← 𝑤 |𝑊 ′
14: for all 𝑍 ∈ P(𝐹 \ 𝑆𝑘 ) do
15: 𝑧′ ← 𝑍 (𝑢)
16: if ¬𝜙 given 𝑞, 𝑧, and𝑤 ′ then
17: 𝑏 ← False
18: break
19: if ¬𝑏 then
20: break
21: if 𝑏 then
22: q← 𝑞 ∪ q
23: 𝑅0 ← (p, q, 𝐹 ) ∪ 𝑅0

24: 𝑅− ← 𝑅0, 𝑙 ← 1
25: while 𝑙 ≤ 𝑘 do
26: 𝑅 ← RecurrenceStep(𝑆𝑙 , 𝑆𝑘 , 𝑅−, 𝑢)
27: 𝑅− ← 𝑅, 𝑙 ← 𝑙 + 1
28: CW ← ∅
29: for all (p, q, 𝐹 ) ∈ 𝑅− do
30: if p ≠ ∅ and 𝑥 ∈ q then
31: CW ← 𝑥 ∪ CW
32: return CW

Algorithm 1 is split into an initial step and a recurrence step that together compute 𝑅0, . . . , 𝑅𝑘 . Lines 7-9
check condition 2A from Definition 1, while lines 10-22 check condition 2B. Condition 1 is always satisfied, as 𝜙
represents the agent’s actual policy.

The recurrence step (Algorithm 2) applies the same reasoning to the output of the initial step. Specifically, the
outer loop (line 4) looks at all possible subsets of variables, 𝐹 , in the 𝑖th layer. Variables not in 𝐹 are assigned
values𝑤 one at a time, eventually looping over all possible sets of values (line 6). Then, for every tuple 𝑅− from
layer 𝑖 − 1 (line 7), we check the conditions for 𝑝 ∈ p (lines 8-10) and 𝑞 ∈ q (lines 11-23). Finally, for a given set 𝐹 ,
we add all the qualifying 𝑝, 𝑞 to the tuple 𝑅 (line 24). The final result is a family of sets of causal variables CW ,
where C𝑖W ⊆ 𝑋 , each of which satisfies Definition 1 with respect to the original event 𝜙 . We direct interested
readers to Eiter and Lukasiewicz [2006] for a detailed treatment of Theorem 2 and the definitions of 𝑅0 and 𝑅𝑘 .
Thus, Algorithm 1 supports analysis of LCGs as in Figure 4 and, if we restrict 𝑋 to the state factors in the

MDP, LCGs as in Figure 3. However, it is not efficient and does not exploit any structure in MDPs. To increase
efficiency, we can often prune some irrelevant nodes and edges from the graph, based on the members of event 𝜙
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Algorithm 2 Recurrence Step

1: Input: Layers 𝑆𝑖 , 𝑆𝑘 , tuples 𝑅− , context𝑈 = 𝑢

2: Output: Set of tuples 𝑅.
3: 𝑅 ← ∅
4: for all 𝐹 ∈ P(𝑆𝑖 ) do
5: p← ∅; q← ∅
6: for all𝑤 ∈ D(𝑆𝑖 \ 𝐹 ) do
7: for all (p′, q′, 𝐹 ′) ∈ 𝑅− do
8: for all 𝑝 ∈ D(𝐹 ) do
9: if 𝐹 ′, given 𝑝 and𝑤 , is in p′ then
10: p← 𝑝 ∪ p
11: for all 𝑞 ∈ D(𝐹 ) do
12: 𝑏 ← True
13: for all𝑊 ′ ∈ P(𝑆𝑖 \ 𝐹 ) do
14: 𝑤 ′ ← 𝑤 |𝑊 ′
15: for all 𝑍 ∈ P(𝐹 \ 𝑆𝑘 ) do
16: 𝑧′ ← 𝑍 (𝑢)
17: if 𝐹 ′, given 𝑞, 𝑧′, and𝑤 ′, is not in 𝑞′ then
18: 𝑏 ← False
19: break
20: if ¬𝑏 then
21: break
22: if 𝑏 then
23: q← 𝑞 ∪ q
24: 𝑅 ← (p, q, 𝐹 ) ∪ 𝑅
25: return 𝑅

and variables 𝑋 . Graphs absent such variables are called strongly reduced. Eiter and Lukasiewicz [2006] provide
an inclusive disjunction over the following conditions for removing a variable 𝑋𝑖 from an LCG.

(1) 𝑋𝑖 ∈ 𝑋 is not connected via variables inV \ 𝑋 to 𝜙 .
(2) 𝑋𝑖 is neither a direct parent of a variable in 𝜙 nor part of a chain connecting 𝑋 to 𝜙 .

Algorithm 3 applies these criteria to an LCG 𝐺𝑠0 , producing a strongly reduced LCG 𝐺
𝜙𝑋
𝑠0 . Depending on the

structure of the MDP, such reductions may be substantial. In particular, as most MDPs have relatively sparse
transition functions, the number of states that may be reached within ℎ actions could be significantly below the
theoretical worst case of |𝑆 |, resulting in a much smaller strongly reduced LCG.
After generating the set of weak causes CW , we can determine actual causes by checking the minimality

condition (Definition 2), using Algorithm 4. Algorithm 4 iterates through weak causal sets from smallest to
largest, finding common subsets and eliminating supersets similar to basic prime-finding algorithms. In line 4,
the family of weak causal sets is sorted in ascending order of size. In lines 5 and 6, an indicator is set that is False
if a particular weak cause has not been checked and True if it has. In line 7, the family of causal sets is iterated
over from smallest to largest. Line 8 checks if we have already either processed the set or determined it to be
non-minimal. If neither of these is true, we proceed. In lines 9 and 10, we add the set to the family of actual causes
and mark it as having been checked. In line 11, we iterate over all strictly larger weak causal sets. If we find a
larger weak causal set containing the current actual cause as a subset, we know that it is not an actual cause and
eliminate it from the analysis by marking it as having already been checked.
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Algorithm 3 Reduce Causal Graph
1: Input: Layered causal graph 𝐺𝑠0 , explanans 𝑋 , event 𝜙
2: Output: Strongly reduced layered causal graph 𝐺𝜙𝑋

𝑠0

3: 𝐺𝜙𝑋
𝑠0 ← 𝐺𝑠0

4: for all 𝑥 ∈ 𝑋 do
5: if � path from 𝑥 to some 𝑦 ∈ 𝜙 then
6: remove 𝑥 and its edges from 𝐺

𝜙𝑋
𝑠0

7: if ∀ paths from 𝑥 to 𝜙 , ∃𝑥 ′ ∈ 𝑋 along the path then
8: remove 𝑥 and its edges from 𝐺

𝜙𝑋
𝑠0

9: for all 𝑣 ∈ V \ (𝑋 ∪ 𝜙) do
10: if �𝑦 ∈ 𝜙 such that 𝑣 is a direct parent and �𝑥 ∈ 𝑋,𝑦 ∈ 𝜙 such that 𝑣 ∈ 𝑥 → 𝑦 then
11: remove 𝑣 and its edges from 𝐺

𝜙𝑋
𝑠0

12: return 𝐺
𝜙𝑋
𝑠0

Algorithm 4 Determine Actual Causes from Weak Causes
1: Input: Set of weak causes CW
2: Output: Set of actual causes C𝐴 .
3: C𝐴 ← ∅
4: C′W ← Sort(CW ) ⊲ By size, in ascending order
5: ®𝐵 ← ®0 ⊲ ®𝐵 ∈ B | CW |
6: for all 𝐹 ∈ C′W do
7: if ¬𝐵(𝐹 ) then
8: C𝐴 ← 𝐹 ∪ C𝐴
9: 𝐵(𝐹 ) ← True
10: for all 𝐹 ′ ∈ C′W such that |𝐹 ′ | > |𝐹 | do
11: if 𝐹 ⊂ 𝐹 ′ then
12: 𝐵(𝐹 ′) ← True
13: return C𝐴

Overall, this collection of algorithms is powerful. However, real-valued variables such as rewards and transitions
must be converted to discrete variables. For this, we assume a discretization scheme. For example, reward variables
could have discrete domains bounded by the min and max of the original reward function. While this offers
an actionable speed versus accuracy tradeoff, it can be hard to know exactly how to set up such a scheme.
Furthermore, the variables in 𝑋 must be located in the same layer in the causal graph. Although this restriction
complicates the analysis somewhat, it does synergize well with the sequential nature of the decision-making
problem by naturally representing the flow of value from proximal rewarding states to the current state.

6 Generalization and Approximation

Although layered MDPs encompass a large class of MDPs, Algorithm 1 has two key limitations. (1) It cannot
represent infinite-horizon problems. (2) While the graph itself is straightforward to build for finite-horizon
problems, very large problems or problems with large horizons may still be prohibitively expensive to analyze. In
this section, we develop additional approximate algorithms to handle both finite- and infinite-horizon MDPs of
arbitrary size and topology, either by constructing smaller, approximate causal models or by approximating more
expensive inference processes.
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6.1 Approximate Causal Models for MDPs

Here, we address limitation (1). There are many methods for building approximate causal graphs of arbitrary
MDPs, depending on the available information. We assume the original graph is built using a generic, uninformed
algorithm, such as Algorithm 5, based on Iwasaki and Simon [1986]. Algorithm 5 generates a causal graph given
a structural causal model by first constructing a bipartite graph, where variables (V) and equations (M) are
nodes, and edges exist between variable nodes and equation nodes if the equation contains that variable. Given
the bipartite graph, Hopcroft-Karp is run to produce a perfect matching. Note that a perfect matching keeps the
vertex set and selects a subset of the edges such that each vertex has 1 incident edge. This perfect matching is
then used to build a directed (causal) graph containing only variables. Such an algorithm is not required if there
is prior information regarding the causal structure. The resulting causal graph may not be unique ifM contains
circular dependencies [64, 149]. Since the Bellman update equation (Equation (1)) is a recurrence relation between
MDP state values, non-layered structures are highly likely in general.

Algorithm 5 Construct Causal Graph
1: Input: Set of variablesV , set of equationsM
2: Output: Causal graph 𝐺
3: B ← ConstructBipartite(V,M)
4: 𝐸𝑃𝑀 ← Hopcroft-Karp(B)
5: 𝑉 ←V , 𝐸 ← ∅
6: for all 𝑣 ∈ V do
7: // 𝑄 is a node in B representing an equation.
8: for all 𝑒 (𝑣,𝑄) ∈ Edges(𝑣) do
9: if 𝑒 ∈ 𝐸𝑃𝑀 then
10: // 𝑉𝑄 is the set of variables in equation 𝑄 .
11: for all 𝑣 ′ ∈ 𝑉𝑄 , 𝑣 ′ ≠ 𝑣 do
12: 𝐸 ← 𝐸 ∪ Edge(𝑣 ′, 𝑣)
13: else
14: for all 𝑣 ′ ∈ 𝑉𝑄 , 𝑣 ′ ≠ 𝑣 do
15: 𝐸 ← 𝐸 ∪ Edge(𝑣, 𝑣 ′)
16: 𝐺 ← {𝐸,𝑉 }
17: return 𝐺

Thus, we develop Algorithm 6, which, given state 𝑠0 and causal graph 𝐺 , removes these structures to produce
an LCG 𝐺𝑠0 for causal analysis whenever the agent is in state 𝑠0. We consider a horizon ℎ and let variables
associated with states not reachable within ℎ actions form causal ‘leaves’ by removing their incoming causal
edges. Remaining non-layered structures are corrected by removing edges such that states farther from 𝑠0 causally
influence states nearer to 𝑠0, forming a simplified, finite-horizon version of the original MDP. These operations
are executed simultaneously in Algorithm 6. In a sense, the causal influence within the planner flows from the
horizon at time 𝑡 + ℎ back in time to the present time 𝑡 . Lines 4-8 label nodes, while lines 9-15 remove edges.
Once Algorithm 6 is run, the output is guaranteed to be an LCG. Thus, we can immediately run Algorithm 3

given some 𝑋 and 𝜙 followed by Algorithm 1. Algorithm 6 produces an approximate causal model because it
both disconnects some variables from the event entirely (to create an LCG with a finite number of layers) and
also removes some of the causal pathways between variables that remain in the graph (to maintain the layered
property). Figure 5 illustrates the transformation from an arbitrary causal graph to LCG.
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Algorithm 6 Construct Layered Causal Graph
1: Input: Causal graph 𝐺 , state transition graph 𝐻 , current state 𝑠0, horizon ℎ
2: Output: Layered causal graph 𝐺𝑠0
3: 𝐺𝑠0 (𝐸′,V′) ← 𝐺 (𝐸,V)
4: for all 𝑉𝑠𝑖 ⊂ V′ where 𝑉𝑠𝑖 represents variables for state 𝑠𝑖 do
5: if 𝑠𝑖 is reachable on 𝐻 in 𝜅 ≤ ℎ actions from 𝑠0 then
6: label all 𝑣 ∈ 𝑉𝑠𝑖 with 𝜅
7: else
8: label all 𝑣 ∈ 𝑉𝑠𝑖 with∞
9: for all 𝑣 ∈ V′ do
10: if label(𝑣) = ∞ then
11: 𝐸′ ← 𝐸′ \ { all edges to/from 𝑣}
12: V′ ←V′ \ 𝑣
13: continue
14: for all 𝑣 ′ ∈ V′ do
15: if label(𝑣) ≥ label(𝑣 ′) then
16: 𝐸′ ← 𝐸′\ { directed edges from 𝑣 ′ to 𝑣 }
17: return 𝐺𝑠0

Fig. 5. Algorithm 6 operating on a causal graph𝐺 with start state 𝑠0 and horizon ℎ = 2 (state transition graph 𝐻 not shown).

(Left) Arrows in 𝐺 denote causal influence flowing backwards in time, from distal states to proximal states, according to

their reachability. (Center) States are labeled corresponding to their distance from 𝑠0, and edges are pruned based on the

labels. (Right) The final LCG is constructed from variables associated with states and connections remaining in the graph.

6.2 Approximate Causal Inference for MDPs

Regardless of topology, many MDPs are simply too expensive to analyze exactly, either because of the density of
the transition function, the number of states, the length of the planning horizon, or the use of a high-fidelity
discretization scheme for transition probabilities, rewards, or continuous state factors. Depending on the root
cause of the complexity there are several strategies for simplification, some of which produce approximate results
while others maintain exactness.

In real-world problems individual reward and transition variables are often not independent, but instead depend
on a high-level rule. For example, reward may be proportional to the value of a state factor, or the transition
function may encode identical slipping probabilities regardless of location, as in classic grid-world domains.
These rules can constrain the transition and reward function to relatively low-dimensional manifolds, and we
can discretize these manifolds to gain efficiency without sacrificing important possible worlds.
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Formally, let Δ |𝑆 |
𝑖, 𝑗

be a simplex representing the space of possible transition functions for state 𝑖 and action 𝑗 ,
that is, the possible values for 𝑇 (𝑖, 𝑗, :). This space is infinite, so in order to enumerate counterfactual scenarios
we will apply a discretization represented by Ω, thus restricting possible values of𝑇 (𝑖, 𝑗, :) to a finite set of points
on Δ |𝑆 |

𝑖, 𝑗
. The space of possible transition functions for a given MDP is then 𝑇 (:, :, :) ∈ ΩΔ |𝑆 |1,1 × . . . × ΩΔ |𝑆 ||𝑆 |, |𝐴 | . Of

course, this is likely still an intractably large space. However, if the values of 𝑇 (𝑖, 𝑗, :) and 𝑇 (𝑚,𝑛, :), for example,
are not independent, then we can enumerate counterfactual scenarios conditioned on whatever rules relate the
two values, which we call R. In the classic grid-world domain, we can write

𝑇 (𝑠, 𝑎, 𝑠′) =


1 − 𝑃 (slip) if 𝑠′ is intended direction of 𝑎 given 𝑠,
1
2𝑃 (slip) if 𝑠′ is left or right of intended direction of 𝑎 given 𝑠,

0 otherwise.
(2)

Here, R represents the mapping 𝑃 (slip) → 𝑇 (:, :, :). Iterating over counterfactual versions of R is exponentially
cheaper, while still visiting all possible worlds under R, up to discretization, written RΩ . The same technique
can be applied to the reward function, which might naively be represented in R |𝑆 | |𝐴 | |𝑆 |Ω , but in practice is often
generated according to similar high-level rules. Given such a structure, we can replace loops over, for example,
all possible values of𝑇 (𝑠, 𝑎, 𝑠′), and instead loop over the domain of the parameters in R, discretized by Ω, which
is much, much smaller. Often, this may be done while retaining exact solutions. It may also be combined with
other methods to approximate this manifold representation and eliminate less interesting or less probable cases.
A more direct approach is to limit the sizes of𝑊 and 𝑍 , the benefit of which is a reduction in problem

complexity at the cost of omitting potential weak causes. These restrictions, of course, diverge from Definition 1,
but can be made in a principled way that preserves an order over the possible results. In particular, one may set
𝑍 = ∅ and/or |𝑊 | ≤ 𝛽 for some 𝛽 ≪ |V|. Limiting |𝑊 | roughly corresponds to filtering weak causes based on
their upper bound on responsibility from Definition 3. These strategies and their theoretical implications are
covered in greater detail during our presentation and discussion of MeanRESP in §7.
Finally, if we want to look far into the future, or the branching factor of the state transition graph is large,

the resulting LCG may be too large to analyze, even when limiting domains or |𝑊 | and |𝑍 |. Therefore, we may
choose to perform causal analysis on value function variables of future states, as these variables are very efficient
to analyze since they summarize the reward and transition dynamics. However, intervening directly on them
breaks their consistency with respect to the Bellman optimality equation (Equation (1)), and thus results in
inherently approximate inference. Instead of trying to fit this analysis to match Definition 1, we opt for a different
approximate algorithm altogether. We can use a form of beam search to limit the intermediate events represented
at each layer of the LCG. The idea is to measure the influence of variables on 𝜙 and then keep only the𝑚 most
influential variables as the search progresses, where a formal definition of influence has been replaced with a
heuristic. Beam search also requires the beam width𝑚 and the search depth limit ℎ.

Algorithm 7 presents an overview. Generally, there are many reasonable definitions for the influence function.
If the MDP has a strictly non-positive or non-negative value function, one straightforward definition for influence
𝐼 is 𝐼𝜋 (𝑠, 𝑠′) = |𝑉 𝜋 (𝑠′)𝑇 (𝑠, 𝜋 (𝑠), 𝑠′) |/|𝑉 𝜋 (𝑠) |, which captures the portion of the value function at the current state
𝑠 for which state 𝑠′ is responsible under policy 𝜋 . If the value function has both positive and negative values,
we can still use the above equation without the absolute values, but the interpretation becomes slightly more
complex. As written, influential future states are assumed to be at the same level of the planning graph, ℎ actions
away. This may be an issue if, for example, the policy prescribes an action which both serves to avoid a low-value
state 𝑠′ reachable in 𝑑 ′ actions and also reach a high-value state 𝑠′′ in 𝑑 ′′ actions, where 𝑑 ′ < 𝑑 ′′ < ℎ. Executing
Algorithm 7 as is may not identify 𝑠′ as being influential. However, saving the intermediate beams for each value
of 𝑑 ∈ {0, . . . , ℎ − 1} and analyzing this family of sets after beam search has terminated allows identification of
such scenarios and thus identification of influential future states within horizon ℎ rather than at exactly horizon ℎ.
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Algorithm 7 Determine Influential Future States
1: Input: State transition graph from current state 𝐺𝑠0 , current state 𝑠0, policy 𝜋 , beam width𝑚, horizon ℎ.
2: Output: Set of important future states 𝐵.
3: 𝐵 ← {𝑠0}, 𝑑 ← 0
4: while 𝑑 < ℎ do
5: 𝐵′ ← ∅
6: for all 𝑠 ∈ 𝐵 do
7: for all successors 𝑠′ of 𝑠 do
8: 𝐵′ [𝑠′] ←Influence(𝑠, 𝜋 (𝑠), 𝑠′)
9: 𝐵′ ← Sort(𝐵′)
10: 𝐵 ← 𝐵′ [1 : 𝑚]
11: return 𝐵

In practice, an effective way to generate explanations using this method is to find one or more highly influential
states and then use some of their common state factors as explanans. In our experiments, we differentiate
explanans generated using Algorithm 7 (state factors from future states) from those that use the state factors of
the current state by using a different text template that describes their relation to the current action differently.
More details can be found in §8.3 and Appendix A.

In domains which are much larger, this method may also be used as a pre-processing step to further prune the
LCG, although we do not provide empirical results using this technique. We should also note that there are many
reasonable definitions of influence beyond the expression we use. Furthermore, there may be ways to generate
counterfactual scenarios by altering the value variables directly that maintain some level of consistency with the
Bellman optimality equation, although we leave this for future exploration.

6.3 Metrics for Approximate Explanations

Explanations generated by exact methods are difficult to evaluate, and the same holds true for those generated
via approximate algorithms. While user studies and in situ evaluations unquestionably remain the gold standard
for evaluating explanations [62], these experiments are frequently expensive and time consuming. Given the
large volume of potential approximation strategies and the resulting explanations they produce, it is natural
to consider automated measures that, while imperfect, can nevertheless indicate large deviations from the
explanations produced by exact methods. That is, we hypothesize that, while we cannot know the ultimate quality
of an explanation, exact or approximate, via automated metrics alone, we can at least compare the similarity of
approximate results along several dimensions to their exact counterparts using automated techniques.
Often, there exist multiple weak (or actual) causal sets for a given event. Thus, it is natural to restrict the

output of, for example, Algorithm 1, to a maximum of 𝑘 sets, creating ‘top 𝑘’ causal queries. There are three
complementary pieces of potential information: 1) the existence or absence of a particular variable (or set) within
the top 𝑘 , 2) the rank of a particular set within the top 𝑘 , and 3) a real-valued responsibility score associated with
each set. Given (3), both (1) and (2) may be derived, and given (2), (1) may be derived, but not (3). Measuring
the quality and similarity of top 𝑘 results has been a topic of interest in databases and recommender systems
for some time, with a variety of conceptualizations and implementations [32, 103, 147, 151]. Here, we propose
several measures for comparing top 𝑘 results in the context of automatic explanations, depending on the available
information provided along with the top 𝑘 causal sets. Some measures have been represented in different forms in
the literature, and some may not be common in top 𝑘 comparisons. In practice, as we show in the later evaluation,
we expect a combination of these measures to yield the most insight.
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We denote a function computing the similarity between the exact top 𝑘 weak causal sets, 𝑘C∗W , and the
approximate top 𝑘 weak causal sets, 𝑘C𝛼W , as 𝜇 (𝑘C∗W , 𝑘C𝛼W). Similarly, we denote the exact and approximate
top 𝑘 rankings, or orderings, over weak causal sets as 𝑘O∗ and 𝑘O𝛼 , respectively. Last, the sets of exact and
approximate responsibility values are 𝑘𝜌∗ and 𝑘𝜌𝛼 , respectively. All measures 𝜇 are identical for actual causal sets.

6.3.1 Causal Set Contents Only.

The simplest Boolean comparison we can make is to check if 𝑘C∗W = 𝑘C𝛼W . Thus,

𝜇B (𝑘C∗W,𝑘C𝛼W) =
{

0 if 𝑖𝑥∗ = 𝑖𝑥𝛼 ∀ 𝑖𝑥∗ ∈ 𝑘C∗W , 𝑖𝑥𝛼 ∈ 𝑘C𝛼W , 𝑖 ∈ {1, . . . , 𝑘}
1 otherwise.

(3)

Obviously, 𝜇B misses out on significant nuance. However, we should note that, because this is a top 𝑘 result, it
does admit many results which are not completely identical, but whose discrepancies occur outside the top 𝑘
items, making it a weak but relevant baseline. Next, we consider the presence or absence of different variables
within the top 𝑘 causal sets, since in many cases the user will see only the causes and not their relative importance.
Let I∗ = ∪𝑘

𝑖𝑥∗∈𝑘 C∗W
𝑖𝑥∗ and I𝛼 = ∪𝑘

𝑖𝑥𝛼 ∈𝑘 C𝛼W
𝑖𝑥𝛼 , then we have

𝜇I (𝑘C∗W,𝑘C𝛼W) =
��|I𝛼 ∪ I∗ | − |I𝛼 ∩ I∗ |��. (4)

This measure represents a slightly generalized form of Hamming distance, equivalent to some definitions
of recall, providing a basis to understand what, if anything, has been erroneously included or omitted in an
approximate family of weak causal sets. 𝜇I will approach 0 as the number of samples increases, but not necessarily
monotonically.

6.3.2 Ranking.

Given 𝑘O∗ and 𝑘O𝛼 , where 𝑖𝑜 ∈ 𝑘O is the rank (1, . . . , 𝑘) of 𝑖𝑥 within 𝑘CW , we can calculate the rank correlation
coefficients between 𝑘O∗ and 𝑘O𝛼 . The two most obvious choices are Kendall’s 𝜏 and Spearman’s 𝜌 , the latter of
which we denote using the subscript 𝑆 , 𝜌𝑆 , to differentiate it from responsibility.

𝜇𝜏 (𝑘O∗,𝑘O𝛼 ) = 2
𝑘 (𝑘 − 1)

𝑘∑︁
𝑗=2

𝑗−1∑︁
𝑖=1

sgn(𝑖𝑜∗ − 𝑗𝑜∗) sgn(𝑖𝑜𝛼 − 𝑗𝑜𝛼 ), (5)

and

𝜇𝜌𝑆 (𝑘O∗,𝑘O𝛼 ) = 1 −
6
∑𝑘

𝑖=1 (𝑖𝑜∗ − 𝑖𝑜𝛼 )2
𝑘 (𝑘2 − 1) . (6)

In our system such rankings would be generated using responsibility scores, so the existence of 𝑘O∗ without
𝑘𝜌∗ does not occur naturally. However, this is likely not the case for systems in general. Both 𝜇𝜏 and 𝜇𝜌𝑆 will
converge to 1 as the number of samples increases, though again not monotonically. In both this section and the
next, since we do not know if the order (or the order of the responsibility scores) for exact and approximate
methods are identical, we need to ensure that, when analyzing ordinal positions 𝑖𝑜∗ and 𝑗𝑜𝛼 (or scores 𝑖𝜌∗ and
𝑗𝜌𝛼 ), they refer to the same underlying sets, that is, 𝑖𝑥∗ = 𝑗𝑥𝛼 .

6.3.3 Responsibility.

Having access to a score for each causal set, in our case the raw responsibility scores, provides an opportunity
for capturing additional nuance in our measures. Here, we present several options. The first and perhaps most

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



Causal Explanations for Sequential Decision Making • 17:23

basic option is to calculate the Euclidean distance between the vectors representing 𝑘𝜌∗ and 𝑘𝜌𝛼 ,

𝜇E (𝑘𝜌∗,𝑘𝜌𝛼 ) =
( 𝑘∑︁
𝑖=1, 𝑗 |𝑖𝑥∗=𝑗𝑥𝛼

(𝑖𝜌∗ − 𝑗𝜌𝛼 )2
) 1

2 . (7)

As the number of samples increases, 𝜇E approaches 0. However, this measure is not scale-invariant, either
with respect to the magnitude of the scores or the size of 𝑘 . So, depending on the application, quality judgments
using this measure may be too permissive or too restrictive. Second, similar to 𝜇𝜏 and 𝜇𝜌𝑆 , we can compute the
correlation between 𝑘𝜌∗ and 𝑘𝜌𝛼 using Pearson’s 𝑟 ,

𝜇𝑟 (𝑘𝜌∗,𝑘𝜌𝛼 ) =
𝑘
∑𝑘

𝑖=1, 𝑗 |𝑖𝑥∗=𝑗𝑥𝛼
(𝑖𝜌∗ 𝑗𝜌𝛼 ) −∑𝑘

𝑖=1
𝑖𝜌∗

∑𝑘
𝑖=1

𝑖𝜌𝛼√︃
𝑘
∑𝑘

𝑖=1 (𝑖𝜌∗)2 − (
∑𝑘

𝑖=1
𝑖𝜌∗)2

√︃
𝑘
∑𝑘

𝑖=1 (𝑖𝜌𝛼 )2 − (
∑𝑘

𝑖=1
𝑖𝜌𝛼 )2

. (8)

Here, as the number of samples increases, we expect 𝜇𝑟 to approach 1. This measure, as with others in this
section, will generally take much longer to converge completely than measures based on ranking alone, since it is
unlikely that approximate solutions will produce exactly the same scores as their exact counterparts, even if the
variables ultimately highlighted remain the same. Depending on how these potential explanans are processed,
differences in such scores could result in fundamentally different explanations being generated for users.

Similar in spirit to 𝜇𝑟 , we may understand the similarity between 𝑘𝜌∗ and 𝑘𝜌𝛼 in a more geometric manner. Let
𝜌∗ = 1

𝑘

∑𝑘
𝑖=1

𝑖𝜌∗ and 𝜌𝛼 = 1
𝑘

∑𝑘
𝑖=1

𝑖𝜌𝛼 be the mean scores for the exact and approximate causal sets, respectively.
We can find the slope of a least-squares line of best fit, where approximate values are plotted as functions of their
exact values, as

𝜇𝑚 (𝑘𝜌∗,𝑘𝜌𝛼 ) =
∑𝑘

𝑖=1, 𝑗 |𝑖𝑥∗=𝑗𝑥𝛼
(𝑖𝜌∗ − 𝜌∗) ( 𝑗𝜌𝛼 − 𝜌𝛼 )∑𝑘

𝑖=1 (𝑖𝜌∗ − 𝜌∗)2
. (9)

As the number of samples increases, 𝜇𝑚 will approach 1. This measure is very sensitive to errors at the extremes
(ranks 1 and 𝑘), but is less so to systematic errors that result in a more uniform ‘shift’ of approximate scores with
respect to their exact counterparts.

So far, we have focused the more informed measures primarily on how well the top 𝑘 approximate sets match
the exact solution in terms of order and, to a lesser degree, score scale. All of these measures converge more slowly
as 𝑘 grows larger. Moreover, many of them are particularly susceptible to localized discrepancies of one form
or another, including scale. Here, we present a final measure that offers an alternative emphasis. Let | |𝜌∗ | |1 and
| |𝜌𝛼 | |1 be the sum of all exact and approximate scores, respectively. Let | |𝑘𝜌∗ | |1 and | |𝑘𝜌𝛼 | |1 define this quantity
for the top 𝑘 items. Then, we have

𝜇𝑝 (𝜌∗, 𝜌𝛼 ) =
| |𝑘𝜌𝛼 | |1
| |𝜌𝛼 | |1

( | |𝑘𝜌∗ | |1
| |𝜌∗ | |1

)−1
. (10)

As the number of samples increases 𝜇𝑝 will approach 1. This measures the relative score mass in the top
𝑘 between the exact and approximate results, making it scale-invariant. Many scores rely either directly or
indirectly on the number of analyses performed in their calculation. Since one of the most common strategies for
approximation is to skip some of these analyses, this can decrease the effectiveness of scale-sensitive measures.
The measures presented here (evaluated further in §8.2.2) represent only a fraction of plausible choices, and

many avenues remain unexplored. What is clear is that providing scores alongside causal sets can be helpful in
determining what to show a user or even when to terminate anytime approximate computation. To this end,
we next present MeanRESP, an algorithm for causal analysis that operates on a continuum of approximation,
provides principled responsibility scores alongside identifying weak causes, and which may be applied to both
MDPs as well as black box models such as neural networks.
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7 MeanRESP

The previous sections outline a general pattern of analysis and a clear need for both approximate algorithms and
the provision of additional ranking or scoring information to supplement causal determination. Moreover, we
would like the scoring to be calculated as a by-product of causal determination and behave as follows:

(1) Property 1: A set of variables 𝑋 ⊆ 𝐹 that is not a cause of the event 𝜙 should have 𝜌 = 0. A set of variables
𝑋 ⊆ 𝐹 that is a cause of the event 𝜙 should have 𝜌 > 0.

(2) Property 2: As the cause allows a set of witness variables𝑊 , 𝜌 should divide the causal responsibility
among the cause 𝑋 and witness𝑊 in a principled manner. That is, the larger the witness set required to
identify 𝑋 as causal, the lower 𝜌 should be.

(3) Property 3: A relatively higher value of 𝜌 for a cause 𝑋 ⊆ 𝐹 should indicate the event 𝜙 is relatively more
affected by the assignment 𝑋 = 𝑥 .

To meet these criteria, we propose an algorithm similar to that presented by Bertossi et al. [2020], based on the
concepts of responsibility and blame from Chockler and Halpern [2004]. Algorithm 8, which we call MeanRESP as
it essentially computes amean responsibility score over sets of potential variables, iterates directly through possible
weak causal sets (line 4), and then progressively checks larger sets𝑊 for assignments𝑤 that satisfy Definition 1.
Lines 11-15 and 19-22 check conditions 2B and 2A, respectively. Finally, lines 23-27 compute the responsibility score
𝜌 , used to determine whether𝑋 is weakly causal. In addition to finding weak causal sets consistent with Definition
1, 𝜌 provides a ranking over causal sets. Note that MeanRESP returns a value greater than 0 whenever both 2A and
2B hold, ensuring Property 1. The first condition in Definition 1 always holds for a policy or classifier, and therefore
is not explicitly checked. Additionally, accumulating responsibility scores in line 23, where the size of the witness
set appears in the denominator, provides Property 2. Due to the accumulation in line 22, 𝜌 retains proportionality
to the fraction of assignments to 𝑋 that satisfy the definition of weak cause. This gives MeanRESP Property 3.

7.1 Monte Carlo MeanRESP

Often, models are too large for exact inference. Moreover, we may wish to apply more restrictive versions of
Definition 1, or extend the analysis to real-valued variables without applying discretization. We can address these
problems by modifying MeanRESP. If variable domains are real-valued or finite but very large, we can approx-
imate inference by sampling rather than iterating over the sets in lines 4, 5, 7, and 8, as shown in the pseudocode
comments in Algorithm 8. The condition that |𝑊 | = 𝛽 on line 7 is retained. Thus, sampling may be constrained
along several dimensions independently, based on the most expensive features of the problem. Counterfactual vari-
able assignment and event pairs are constructed and counted in the same way, and non-zero responsibility scores
still indicate weak causality. Monte Carlo MeanRESP recovers the exact solution in the limit, but the practical
challenge becomes determining sampling domains that efficiently cover important counterfactual scenarios.

This approach turns out to produce a scaled form of the Shapley value in expectation; however, we note that
the scores produced via MeanRESP are also applicable to sets of variables. If we assume witness set samples are
equally divided among all allowed 𝛽-values5, then we have the following general expression for the expected
responsibility score:

E𝛽∼U(0, |𝐹\𝑋 | ),𝑊 ∼P𝛽 (𝐹\𝑋 ),𝑤∼D(𝑊 ),𝑥 ′∼D(𝑋 ) [
𝜙 (𝑥𝑝 )
1 + 𝛽 (𝜙 (𝑥) − 𝜙 (𝑥𝑚))] . (11)

5This is often a valid assumption, given small enough (though still, practically speaking, large) values of 𝜅 and 𝜂. More generally, the
assumption of equiprobable𝑊 under different 𝛽 values does not hold, since most𝑊 ∈ P(𝐹 \𝑋 ) have size close to |𝐹 \𝑋 |/2.
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Algorithm 8 MeanRESP
1: Input: Potential causal variables 𝐹 , policy 𝜋 , initial setting 𝑠0
2: Output: Set of weak causes CW , responsibility scores R.
3: CW ,R ← ∅
4: for all 𝑋 ∈ P(𝐹 ) do ⊲ 1...𝜅 sample 𝑋 ∼ P(𝐹 )
5: for all 𝛽 = 0...|𝐹 \ 𝑋 | do ⊲ 𝛽 = 0...𝛽𝑈𝐵 < |𝐹 \ 𝑋 |
6: 𝜎, 𝑡 ← 0
7: for all𝑊 ∈ P(𝐹 \ 𝑋 ) such that |𝑊 | = 𝛽 do ⊲ 1...𝜂 sample𝑊 ∼ P(𝐹 \ 𝑋 )
8: for all𝑤 ∈ D(𝑊 ) do ⊲ 1...𝜐 sample𝑤 ∼ D(𝑊 )
9: 𝑏 ← True
10: 𝑡 ← 𝑡 + 1
11: for all𝑊 ′ ∈ P(𝑊 ) do
12: 𝑤 ′ ← 𝑤 |𝑊 ′
13: 𝑠′ ← [𝑠0⟨𝑤 ′]
14: if 𝜋 (𝑠′) ≠ 𝜋 (𝑠0) then
15: 𝑏 ← False
16: break
17: if ¬𝑏 then
18: continue
19: for all 𝑥 ′ ∈ D(𝑋 ) such that 𝑠0 |𝑋 ≠ 𝑥 ′ do ⊲ 1...𝜒 sample 𝑥 ′ ∼ D(𝑋 )
20: 𝑠′ ← [𝑠0⟨(𝑥 ′ ∪𝑤)]
21: if 𝜋 (𝑠′) ≠ 𝜋 (𝑠0) then
22: 𝜎 ← 𝜎 + 1

|D (𝑋 ) |
23: 𝜌 ← 𝜎/(𝑡 (1 + 𝛽))
24: if 𝜌 > 0 then
25: CW ← CW ∪ 𝑋
26: R.Append(𝜌)
27: break
28: return CW

Here, 𝑥𝑝 = 𝑠′ = [𝑠0⟨𝑤 ′] and 𝑥𝑚 = 𝑠′ = [𝑠0⟨(𝑥 ′ ∪𝑤)] from lines 13 and 20 in Algorithm 8, respectively6. 𝜙 (𝛼) = 1
if the event 𝜙 is true given 𝛼 (e.g. 𝜙 (𝑥𝑝 ) = 𝜙𝑥𝑤′ and 𝜙 (𝑥𝑚) = 𝜙𝑥 ′𝑤). Here, 𝜙 (𝑥𝑝 ) = 1 if 𝑋 satisfies condition 2B
from Definition 1, and 𝜙 (𝑥𝑚) = 0 if 𝑋 satisfies condition 2A from Definition 1. We can see in Equation (11) that,
whenever 𝜙 (𝑥𝑝 ) = 1, 𝜙 (𝑥) = 1, and when 𝜙 (𝑥𝑝 ) = 0, the entire expression will be zero, regardless of the value of
𝜙 (𝑥). Thus, we can replace 𝜙 (𝑥) with 𝜙 (𝑥𝑝 ), yielding

E𝛽∼U(0, |𝐹\𝑋 | ),𝑊 ∼P𝛽 (𝐹\𝑋 ),𝑤∼D(𝑊 ),𝑥 ′∼D(𝑋 ) [
𝜙 (𝑥𝑝 )
1 + 𝛽 (𝜙 (𝑥𝑝 ) − 𝜙 (𝑥𝑚))] . (12)

Removing the multiplicand, we recover a Monte Carlo approximation of the expected Shapley value:

E𝛽∼U(0, |𝐹\𝑋 | ),𝑊 ∼P𝛽 (𝐹\𝑋 ),𝑤∼D(𝑊 ),𝑥 ′∼D(𝑋 ) [(𝜙 (𝑥𝑝 ) − 𝜙 (𝑥𝑚))] . (13)

Intuitively, responsibility can be thought of as distance-weighted Shapley value, where 1 + 𝛽 captures the
difference between the original input 𝑥 and 𝑥𝑚 , and 𝜙 (𝑥𝑝 ) captures the difference in output between 𝜋 (𝑥) and
𝜋 (𝑥𝑝 ). The simplicity and efficiency of Monte Carlo MeanRESP make it an attractive option for many problems,
and in theory it may be applied to other, more complicated variants of MDPs, such as partially observable MDPs.

6We use the notation 𝑥𝑝 (for 𝑥+) and 𝑥𝑚 (for 𝑥−) to match notation commonly used in Shapley value calculations. The terms 𝜙 (𝑥𝑝 ) and
𝜙 (𝑥𝑚 ) are similar to 𝜋 (𝑋 ∪ 𝑥𝑖 ) and 𝜋 (𝑋 ) from footnote 1, respectively.
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In §8.1, we will further theoretically analyze this algorithm, and in §8.2 we show a variety of empirical results to
this effect. First, however, we give an overview of a generalized version of MeanRESP compatible with multiple
related but distinct versions of weak cause, essentially allowing us more flexibility beyond Definition 1.

7.2 Generalized MeanRESP

Although we have so far presented a relatively rigid framework for identifying causes of agent behavior, built on
Definitions 1—3, there are several plausible versions of MeanRESP which all detect sets of variables that satisfy
related definitions of weak cause. Before introducing a novel, generalized version of MeanRESP, we outline the
most important axes of variation over which we would like to generalize. First, there are at least three different
definitions of weak cause proposed by Halpern, and we show compatibility with both the updated definition
[45] (RESP-UC, Algorithm 10) and the original [44] (RESP-OC, Algorithm 11). We omit a more recent, modified
definition [43]. Not only will the choice of definition for weak cause affect the resultant responsibility scores, but
it will also change what is identified as a cause. Some sets of variables will have non-zero responsibility scores
under only one definition.
Second, the mean responsibility score can be calculated in two ways. It may be tallied over only the witness

sets of size 𝛽𝑚𝑖𝑛 , where 𝛽𝑚𝑖𝑛 is the smallest 𝛽 for which there exists a satisfying witness set (as in [114]). Or, it
may be tallied over all witness sets, regardless of 𝛽 , as in Algorithm 8. Actual causes with at least some small
witness sets will receive lower responsibility scores under the latter design.

Third, as responsibility incrementally accrues with respect to an actual causal set, these increments can either
be counted equally, or can be normalized by the size of the domain of the actual cause. We refer to this as the
option to perform domain normalization, and the theory behind it is that with a larger domain the chance that
some assignment 𝑋 = 𝑥 ′ will meet the conditions of Definition 1 increases, and thus the responsibility should
correspondingly decrease. This option is represented as a comment within the pseudocode.
None of these choices interfere with Properties 1—3 outlined earlier, but they may subtly alter the relative

responsibility assigned to different weak or actual causes. As there is no clear reason based on first principles to
prefer one choice over another, these decisions involve tradeoffs. For example, short circuiting after finding a
single witness set of size 𝛽 that satisfies Definition 1 will save compute time, but may give a slightly higher or lower
responsibility score depending on whether the variables of interest are important under many counterfactual
scenarios or only a few. Similarly, foregoing domain normalization may downplay the importance of singleton
causes relative to causes composed of multiple variables or other singleton variables with larger domains.

Algorithm 9 Generalized MeanRESP
1: Input: All variables 𝐹 , variables of interest (VoI) 𝑋 , event 𝜙 , initial variable settings 𝑠0, initial VoI assignment 𝑥 , responsi-

bility function RESP
2: Output: Mean responsibility scores 𝜌 .
3: 𝜌 ← 0
4: for all 𝛽 = 0...|𝐹 \ 𝑋 | do
5: 𝜎,𝑇 ← 0
6: for all𝑊 ∈ P(𝐹 \ 𝑋 ) such that |𝑊 | = 𝛽 do
7: for all𝑤 ∈ D(𝑊 ) do
8: 𝑇 ← 𝑇 + 1
9: 𝜎 ← 𝜎 + RESP(𝜙,𝑋,𝑊 ,𝑤, 𝑠0)
10: 𝜌 ← 𝜌 + 𝜎

𝑇

11: return 𝜌

|D (𝑋 ) |
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Algorithm 10 RESP-UC
1: Input: 𝜙,𝑋,𝑊 ,𝑤, 𝑠0
2: Output: Score 𝜎
3: 𝜎 ← 0
4: for all𝑊 ′ ∈ P(𝑊 ) do
5: 𝑤 ′ ← 𝑤 |𝑊 ′
6: 𝑥𝑝 ← [𝑠0⟨𝑤 ′]
7: if ¬𝜙 (𝑥𝑝 ) then
8: return 𝜎

9: for all 𝑥 ′ ∈ D(𝑋 ) such that 𝑠0 |𝑋 ≠ 𝑥 ′ do
10: 𝑥𝑚 ← [𝑠0⟨(𝑥 ′ ∪𝑤)]
11: if 𝜙 (𝑥𝑚) then
12: 𝜎 ← 𝜎 + 1
13: return 𝜎

1+|𝑊 |

Algorithm 11 RESP-OC
1: Input: 𝜙,𝑋,𝑊 ,𝑤, 𝑠0
2: Output: Score 𝜎
3: 𝜎 ← 0
4: 𝑥𝑝 ← [𝑠0⟨𝑤]
5: if ¬𝜙 (𝑥𝑝 ) then
6: return 𝜎

7: for all 𝑥 ′ ∈ D(𝑋 ) such that 𝑠0 |𝑋 ≠ 𝑥 ′ do
8: 𝑥𝑚 ← [𝑠0⟨(𝑥 ′ ∪𝑤)]
9: if 𝜙 (𝑥𝑚) then
10: 𝜎 ← 𝜎 + 1
11: return 𝜎

1+|𝑊 |

Algorithm 9 thus represents generalized MeanRESP. After fixing a witness𝑊 = 𝑤 (lines 7-8), the responsibility
score is calculated (line 10). Domain normalization on line 12 is optional, and in Monte Carlo MeanRESP the
divisor is the number of instances of 𝑥 ′ sampled, not the (potentially infinite) size of the domain. In RESP-UC
(Algorithm 10), if condition 2B holds from Definition 1 (lines 4-9), then we check for condition 2A (lines 10-12).

7.3 Semantics of Causal Variables as Explanans

We have presented several related methods for identifying causal variables given an event in the context of a
stochastic planner, policy approximator, or classifier. However, not all causal variables are equally well-suited
for use as explanans. This is not only due to individual and systemic human preferences, covered at length by
Miller [2019] and in depth with respect to our system in §8.3, but also due to the explanans and the counterfactual
scenarios themselves representing fundamentally different semantics. Most importantly, we need to highlight that
explanations generated using our framework, or any of the others we refer to or compare against, do not and cannot
explain action outcomes. That is, they cannot provide reasons for why an action with stochastic outcomes resulted
in a particular outcome. They can, however, provide reasons for why a particular action was or was not chosen.
When explaining the nature of such a partial policy, there are two broad classes of counterfactual scenarios.

The first references a fixed world model and a counterfactual scenario. In an MDP, this corresponds to fixed
transition and reward functions and thus a fixed policy, and the counterfactual scenario corresponds to the agent
being in a different state. Explanations generated in this way will be based on reasons related to the state factors
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Table 2. Comparison of method applicability

Method 𝐹 𝑅 𝑇 𝑉 Causal?
Elizalde et al. [2009] Yes - - - No

Russell and Santos [2019] Yes - - - No
Khan et al. [2009] - Yes - - No

Juozapaitis et al. [2019] - Yes - - No
Bertram and Wei [2018] - Yes - - No

Wang et al. [2016] - - Yes - No
Madumal et al. [2020] Yes Yes - - Yes

MeanRESP Yes Yes Yes Yes Yes

of the MDP and their possible alternate values. Generally, such explanations will rely on reasoning similar to “I
took action 𝑎 because 𝑋 is true in my current state.”
The second class references a fixed scenario and a counterfactual model of the world. In an MDP, this

corresponds to altering the transition or reward functions while fixing the state factors. Explanations generated
using this class of counterfactual scenarios will provide reasons for action selection based on alternate possible
worlds. Generally, they will rely on reasoning similar to “I took action 𝑎 because 𝑋 is true about my current
world.” When using a policy approximator such as a neural network, this type of counterfactual query is not
possible as agent’s world model is not exposed in an interpretable manner. Technically, the calculations can be
run, but it is unlikely that the results can be translated fruitfully back into terms a human user could understand.
Given these choices and the potential for further differentiation, such as between transition and reward

variables, it is not at all clear how to best define potential explanans, 𝑋 . Intuitively, all previous work defines 𝑋
as being, for example, the set of all state factors or the set of all reward variables. That is, we tend to define 𝑋
according to some semantic type. While many other methods implement forms of analysis specific to certain
subsets of variables, thus requiring such a definition, our framework does not. However, while it may be difficult
to justify from first principles, we still find it useful to follow this intuition, albeit with additional flexibility, as our
framework allows us to furnish explanations using many definitions for 𝑋 , as seen in Table 2. Broadly, we have
identified four types of explanation in the literature, each focusing on one component of the MDP tuple: state
factors (𝐹 ) (Elizalde et al. [2009]; Russell and Santos [2019]), rewards (𝑅) (Khan et al. [2009]; Juozapaitis et al. [2019];
Bertram and Wei [2018]), transitions (𝑇 ) (Wang et al. [2016]), and future states and values (𝑉 ) [125]. These papers
define metrics, algorithms, and definitions particular to their type, and lead us to define the following.

Definition 5. 𝑌-type explanations use explanans 𝑋 ⊂ 𝑌 . For example, 𝑅-type explanations use reward variables.

8 Results

In this section, we cover a range of results, both theoretical and empirical, that address questions regarding the
practical, effective use of our framework to generate explanations of AI reasoning systems. Theoretically, we
focus primarily on run-time bounds, convergence properties, and error rates of MeanRESP and Monte Carlo
MeanRESP. Empirically, we cover some comparisons with Shapley values, provide some insight into effective
measures of similarity between the top 𝑘 lists of explanans, and study an array of user preferences, as well as
more basic results that confirm earlier theoretical claims. Though our primary example is of an autonomous
vehicle, we also present some results on other types of domains, including both discrete and continuous planning
domains as well as some classification systems. This set of experiments represents a much more complete picture
of system performance than has previously been available for any other MDP explanation system, and overall, our
results suggest that MeanRESP and its variants are an extremely competitive option for automatic explanation
generation for a wide variety of AI systems, and especially model-based planners, such as MDPs.
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8.1 Theoretical Analysis

Here, we cover several properties of Monte Carlo MeanRESP, as well as provide some preliminary run-time
and memory bounds for some of the algorithms presented earlier. We also briefly discuss the tightness of these
bounds in practice.

8.1.1 On the Performance of Monte Carlo MeanRESP: Errors and Convergence.

We are most interested in the correctness, one-sidedness of errors, error rate, and sample efficiency, and below
we present several propositions exploring these topics. The first concerns the adherence of MeanRESP to the
definition of weak cause given in Definition 1.

Proposition 2.1. Given a set of variables 𝑋 and an event 𝜙 , 𝑋 is a weak cause of 𝜙 according to Definition 1 if

and only if the responsibility score, 𝜌 , output by MeanRESP (Algorithm 8) is greater than zero.

Proof: If 𝜌 > 0, the condition on line 21 in Algorithm 8 must be true. This condition is True when there exist
assignments 𝑋 = 𝑥 ′ and𝑊 = 𝑤 such that 𝜙 (𝑥 ′,𝑤) is False. The existence of such assignments satisfies condition
2A from Definition 1. Line 21 is only executed when 𝑏 is True, corresponding to the variable assignment 𝑋 = 𝑥

satisfying condition 2B from Definition 1 w.r.t. event 𝜙 and all alternative contingency sets𝑊 = 𝑤 ′. Condition 1
from Definition 1 is always trivially met as the event 𝜙 represents an existing partial policy. Thus, 𝜌 > 0 iff there
exist 𝑋 = 𝑥 ′ and𝑊 = 𝑤 that satisfy Definition 1. □

Proposition 2.2. The false positive rate of Monte Carlo MeanRESP is 0.

Proof: Estimates for 𝜌∗, denoted 𝜌 , are initialized to 0. As shown in the proof of Proposition 2.1, the only way to
increment 𝜌 is to satisfy Definition 1. Therefore, it is not possible to attain a positive 𝜌 estimate without being a
weak cause, and thus Monte Carlo MeanRESP has a false positive rate of 0. □

We also see that the error rate in Monte Carlo MeanRESP is bounded.

Proposition 2.3. Let 𝜌∗ be the true responsibility score for the set of potential causal variables 𝑋 . The expected

false negative rate of Monte Carlo MeanRESP, 𝜀, after 𝑛 samples is (1 − (𝜌∗ |𝐹 \ 𝑋 |))𝑛 ≤ 𝜀 ≤ (1 − 𝜌∗)𝑛 .

Proof: 𝜌∗ represents the number of times a contingency set𝑊 exists such that 𝑋 satisfies Definition 1, divided by
|𝑊 |. Thus, the probability of not classifying𝑋 as a weak cause (i.e., a false negative) given 1 sample will be at least
1 − (𝜌∗ |𝐹 \ 𝑋 |) and at most 1 − 𝜌∗ since 1 ≤ |𝑊 | ≤ |𝐹 \ 𝑋 |. If sample contingency sets are drawn independently,
then the false negative rate using 𝑛 samples is at least (1 − (𝜌∗ |𝐹 \ 𝑋 |))𝑛 and at most (1 − 𝜌∗)𝑛 . If using domain
normalization, as in Algorithm 8, then the same proof works with 𝜌∗ = 𝜌∗ |D|. □

This proposition essentially shows us that when responsibility is high, expected sample efficiency is high
(the expected error rate upper bound is low). This makes sense since we expect sets of variables with high
responsibility score to be more easily identifiable as weak causes. When |𝐹 \ 𝑋 | is large, the maximum size of
possible contingency sets |𝑊 | is relatively also large, and thus in some cases the probability of picking some
assignment𝑊 = 𝑤 that satisfies Definition 1 increases, decreasing the lower bound on the expected false negative
rate. Moreover, we may also establish probabilistic bounds on the error of our responsibility score estimates
themselves (rather than just the false negative rate) as a function of the number of samples.

Proposition 2.4. Let𝑛 be the number of samples examined byMonte CarloMeanRESP, 𝜌∗ be the true responsibility
score for the set of potential causal variables 𝑋 , and 𝑘 = |𝐹 \ 𝑋 |. Then the probability that the estimated 𝜌 deviates

by

√
𝜖𝜌∗ or more is at most 2𝑒−𝜖𝑛/3𝑘 . That is, 𝑃 ( |𝜌 − 𝜌∗ | ≥ √𝜖𝜌∗) ≤ 2𝑒−𝜖𝑛/3𝑘 .
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Proof: According to the Chernoff bound, we can write

𝑃 ( | 𝜌𝑛
𝑘
− 𝜌∗𝑛

𝑘
| ≥ 𝛿

𝜌∗𝑛

𝑘
) ≤ 2𝑒−𝛿

2𝜌∗𝑛/3𝑘 . (14)

Setting 𝛿 =
√︃

𝜖
𝜌∗ , we get

𝑃 ( | 𝜌𝑛
𝑘
− 𝜌∗𝑛

𝑘
| ≥
√
𝜖𝜌∗𝑛

𝑘
) ≤ 2𝑒−𝜖𝑛/3𝑘 . (15)

This is equivalent to

𝑃 ( |𝜌 − 𝜌∗ | ≥
√︁
𝜖𝜌∗) ≤ 2𝑒−𝜖𝑛/3𝑘 . (16)

□

Largely for similar reasons as outlined regarding Proposition 2.3, the accuracy of estimates for 𝜌∗ is sensitive to
the size of possible contingency sets, as the exact solution requires enumerating all such sets. Finally, we show a
simple relation between Shapley values and responsibility scores.

Proposition 2.5. The exact Shapley value for a singleton set always upper bounds the exact responsibility score

for the same set.

Proof: In Equation (12), 0 ≤ 𝜙 (𝑥𝑝 )
1+𝛽 ≤ 1. Thus, since the term (𝜙 (𝑥𝑝 ) − 𝜙 (𝑥𝑚)) is just the Shapley value, then 𝜌∗ is

always less than or equal to the Shapley value. □

8.1.2 Preliminary Run Time and Memory Bounds.

Table 3 shows some preliminary bounds on resource use. Here, |𝑆 | and |𝐴| are the sizes of the state and action
spaces, respectively. |𝑆0 | is the size of event layer of the LCG representing the MDP. |𝑆0 | ≤ |𝑆 | |𝐴|, and every
variable in |𝑆0 | represents a binary value of True or False indicating whether or not a policy may perform an
action in a particular state7. Thus, as 𝑆0 may represent any possible counterfactual, partial policy, including full
policies, |D(𝑆0) | ≤ 2 |𝑆 | |𝐴 | . Below, we also use the fact that a power set of 𝑄 , P(𝑄), contains 2 |𝑄 | elements, on
average a set drawn from P(𝑄) contains |𝑄 |/2 elements, and the average domain size of all elements of the
power set is upper bounded by |D (𝑄 ) |2|𝑄 |/2 , as each ground element 𝑞 has a 1

2 chance of existing in any given element
of the power set.
Intermediate layers of the LCG may have different structure depending on design choices, so our bounds for

Algorithm 2 compared to Algorithm 1 are much looser.V denotes all other endogenous variables, not including
those in layer 𝑆0. For an MDP, this may include up to the entire transition function |𝑇 | = |𝑆 |2 |𝐴| and the entire
reward function |𝑅 | = |𝑆 |2 |𝐴|, thus upper bounded 8 by |V| ≤ 2|𝑆 |2 |𝐴|.

We let |𝑋 | be the number of variables that are checked at any point for weak causality. All variables in an MDP
are tied to specific states. Thus, the path-finding-between-variables operation in Algorithm 3 can be converted to
a smaller, path-finding-between-states problem. Using BFS on a fully connected MDP results in |𝑆 |3 operations.

7This exact definition could change given a stochastic policy. For example, one may want to know whether actions have above or below some
probability of being selected rather than being strictly required or prohibited. The following results hold for any such binary categorization
of action probabilities.
8In this paper we use 𝑅 (𝑠, 𝑎) to denote the reward function’s dependence on both the current action and current state. Other popular
notations include 𝑅 (𝑠, 𝑎, 𝑠′ ) and 𝑅 (𝑠 ) , which offer more or less fine-grain control of the reward signal, but do not fundamentally affect the
conclusions of this paper. Here we write |𝑅 | = |𝑆 |2 |𝐴 | as it is the worst case.

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



Causal Explanations for Sequential Decision Making • 17:31

Table 3. Worst-case resource bounds. We assume nothing about the structure of the MDP, and thus the bounds appear

completely intractable. In practice, we find that simple approximations create tractable problems.

Alg. Res. Complexity Bottleneck
1 time 22 |𝑆 | |𝐴 | + 27 |𝑆 | |𝐴 |/2 + 𝑘 (Alg. 2) Enumerating causal / contingency sets

space 3|𝑆 | |𝐴|2 |𝑆 | |𝐴 | Storing 𝑅, 𝑅−

2 time |D(V)|2 (23 |V |/2 + 23 |V | ) Enumerating causal / contingency sets
space 3|V|2 |V | Storing 𝑅

3 time |𝑆 | ⌊𝑒 ( |𝑆 | − 2)!⌋ (|𝑋 | |𝑆 |3 + |𝑋 |2 + |V|) Finding / checking all paths
space |𝑆 | Storing one path in the LCG

4 time |CW | (log( |CW |) + |CW | |𝑋 |) Subset checks
space |CW | |V| Storing weak causal sets

6 time |𝑆 |2 (ℎ + 1) Connectivity checks + Label comparisons
space |𝑆 |2 Storine transition / reachability matrix

8 time 2 |V |/2 |D(V)|(23 |V |/4 + |D(V)|) Enumerating causal / contingency sets
space |V|2 |V |−1 Storing weak causal sets

8MC time 𝜅𝜂𝜐𝛽𝑈𝐵 (2𝛽𝑈𝐵 + 𝜒) Enumerating causal / contingency sets
space 𝜅 |V| Storing weak causal sets

Checking all ⌊𝑒 ( |𝑆 | − 2)!⌋ paths for all variables in 𝑋 takes |𝑋 | |𝑆 | ⌊𝑒 ( |𝑆 | − 2)!⌋ operations9 Also recall that CW is
the set of all weak causes, from which actual causes may be determined.

In practice, worst-case bounds are very loose. In Algorithms 1 and 2, we check all assignments of𝑋 , and𝑋 ⊆ V .
However, usually |𝑋 | ≪ |V|, especially after reducing the LCG. Bounds for Algorithm 8 are also poor estimates
of in-practice cost, since it uses short-circuiting. Some bounds’ tightness depends on the connectivity of the MDP.
For example, in Algorithm 6, the bounds assume fully-connected MDPs, but most MDPs are sparse and thus the
number of edges 𝐸 ≪ |𝑆 |2. Moreover, if ℎ is small compared to the width of the MDP, run time will decrease since
nodes labeled ∞ are handled in linear time. There are other possible improvements since theoretically every
explanation can be pre-computed, but this is impractical due to the number of possible explanations. Notably,
constructing LCGs for each state, regardless of how 𝜙 and 𝑋 are specified, and computing connectivity and
reachability allows reductions and causal model approximations to be applied quickly online, given 𝑋 and 𝜙 .
Empirical run-time results are presented in §8.2.4.

8.2 Empirical Analysis

Our empirical analysis covers several topics, including run-time, analysis of metrics, comparison of weak cause
definitions and Shapley values, and two user studies comparing our framework to state-of-the-artMDP explanation
methods. However, we begin with a case study highlighting the generality and flexibility of our framework.

8.2.1 Case Study: Explanation Diversity.

The purpose of this study is to show how (1) our approach can handle semantically different types of causal
queries, corresponding to different conceptions of MDP explanation in the literature, and (2) formal definitions of
causality identify sensible explanans. Here, we qualitatively examine the correctness of causal attribution in the
following simplified MDP domain. Consider a robot navigating the environment depicted in Figure 6. The agent
knows: its (𝑥,𝑦) location, time to failure, 𝑐 , and if its location is normal, ideal for repairs, or hazardous, 𝑡 . Thus,

9Given a complete graph (worst case) of size 𝑛 with vertices 𝑠 and 𝑡 , there are
∑

1≤𝑘≤𝑛−1
(𝑛−2) !
(𝑛−1−𝑘 ) ! total simple paths from 𝑠 to 𝑡 . Here, 𝑘

ranges over path lengths as measured in edges. This sum can be written as (𝑛 − 2)!(1 + 1
1! +

1
2! + . . . +

1
(𝑛−2) ! ) , which can ultimately be

simplified to ⌊ (𝑛 − 2)!𝑒 ⌋.
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1
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Goal

Agent

DangerService

(x,y) Location

(5,2)

(5,3)(4,3)

(5,1)

Fig. 6. Example domain.

Table 4. List of scenarios.

ID 𝑌 𝑠0 (𝑥,𝑦, 𝑡, 𝑐) 𝑅1 𝑅2 𝑅3 𝑅4 𝑅𝐶 𝐴𝑐𝑡𝑖𝑜𝑛

1 𝐹 (5,1), R, 5 80 -50 -40 100 2 Repair
2 𝐹 (5,2), N, 4 80 -50 -40 100 2 Up
3 𝐹 (5,3), N, 3 80 -50 -40 100 2 Left
4 𝐹 (4,3), N, 2 80 90 -40 100 -1 Left
5 𝑅 (5,3), N, 3 80 -50 -40 100 -1 Left
6 𝑅 (5,3), N, 3 80 -50 -40 100 2 Left
7 𝑇 (5,3), N, 3 80 80 70 100 -1 Left
8 𝑇 (5,3), N, 3 80 -50 -40 100 -1 Left
9 𝑉 (5,3), N, 3 80 -50 -40 100 -1 Left

the state factors are 𝑥 ∈ {1, . . . , 9}, 𝑦 ∈ {1, . . . , 6}, 𝑐 ∈ {0, . . . , 5}, 𝑡 ∈ {Normal(N), Repair(R),Danger(D)}. The
actions are 𝐴 = {Up, Left, Right, Repair}. If the agent breaks down and cannot be repaired or visits a hazardous
state, it gets a reward of −10. Repairing has a reward of 𝑅𝐶 , and reaching the 𝑖th goal state yields reward 𝑅𝑖 .
All other state-action pairs have a reward of −1. Last, transitions are deterministic with two exceptions. When
taking action Left at (5, 3), the agent transitions to (4, 3) (with probability 𝑇𝐿 = 0.6) or (4, 4) (with probability
1 −𝑇𝐿 = 0.4). When taking action Right at (5, 3), the agent transitions to (6, 3) (with probability 𝑇𝑅 = 0.01) or
(6, 4) (with probability 1 −𝑇𝑅 = 0.99). For all examples we considered event 𝜙 = 𝜋𝑠0 , and for explanation type 𝑌
we set 𝑋 = 𝑌 and apply MeanRESP. Table 4 shows the value of all state factors 𝑠0, rewards, and actions for each
scenario. Below, we contextualize MeanRESP’s output.

Scenario 1: The cause for action Repair is 𝑡 = R (𝜌 = 0.64). Since 𝑅𝐶 > 0, it is optimal to repair as it prevents
failure later and is better than the default reward of −1.

Scenarios 2 and 3: There are two causes of action Up in scenario 2: 𝑡 = N (𝜌 = 0.50) and (𝑥,𝑦) = (5,2) (𝜌 = 0.26).
Scenario 3 has the same causes, but 𝜋 (𝑠0) = Left and (𝑥,𝑦) has 𝜌 = 0.60. This is due to the topology at (5,3)
compared to (5,2). In both cases, 𝑡 is a cause since if 𝑡 = R, 𝜋 (𝑠0) = Repair.

Scenario 4: The causes for action Left are 𝑐 = 2 (𝜌 = 0.85), (𝑥,𝑦) = (4,3) (𝜌 = 0.68), and 𝑡 = N (𝜌 = 0.60). Note
that unlike in previous scenarios, time to failure is both a cause and has the highest responsibility score. If the
agent were to go directly to goal 2, it will break down at (4,5).
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Scenario 5: There are two causes of action Left: 𝑅1 (𝜌 = 0.30) and 𝑅3 (𝜌 = 0.55). Since we bound R =

[−100, 100], no values for 𝑅2 or 𝑅4 can change the outcome. 𝑅4 is already the maximum, and 𝑅2 alone is not a
cause due to its relatively weak effect on the expected value of that subtree (transition variables are inU, notV).

Scenario 6: Here, only 𝑅3 (𝜌 = 0.55) is causal. Since 𝑅𝐶 > 0, the agent exploits this by repeatedly taking service
at (3,3). Thus, 𝑅1 alone cannot affect the agent’s policy since goals 1 and 4 will never be visited. This is a good
example of the proposed approach identifying a possible poorly specified objective.

Scenarios 7 and 8: Since 𝑅1 = 𝑅2 in scenario 7, the only cause of the action Left is 𝑇𝑅 (𝜌 = 0.66). However, in
scenario 8, both 𝑇𝑅 (𝜌 = 0.66) and 𝑇𝐿 (𝜌 = 0.56) are causes.
Scenario 9: Using MeanRESP with beam search, we find that the most influential set of trajectories lead to

goal 1. That is, its value contributes most to the expected value, even though the most likely (𝑝=0.6) outcome of
taking action Left at (5,3) reaches goal 2.
Summary: These scenarios show how different sets of explanans provide semantically distinct insights into

variables’ effects on actions. This underscores the utility of flexibility in generating explanations since the ‘best’
explanans may be unknown pre-deployment. Because existing methods only analyze one component of the MDP,
they cannot produce most of these explanations (Table 2).

8.2.2 Evaluating Measures for Comparing Approximate Explanations.

To better understand how different measures of similarity between two top 𝑘 lists of explanans might capture
different qualitative judgements or distinctions from users, we compare their evolution over time as Monte Carlo
MeanRESP takes additional samples. In our experiments, 60 states are sampled from the Lunar Lander10 MDP,
from OpenAI Gym [16], and then both exact and Monte Carlo MeanRESP are run, the latter for a total of 5,000
samples. After each sample, the top 𝑘 explanans along with their rank and responsibility score are recorded. The
proposed measures are then run 5,000 times for each state, measuring the difference between the top 𝑘 explanans
after the 𝑖th sample in Monte Carlo MeanRESP and the top 𝑘 explanans according to exact MeanRESP.
In particular, we are not just interested in the behavior of individual measures, but rather, whether or not

any of them capture unique qualities of the top 𝑘 results that others do not, suggesting increased utility when
used in combination. To highlight this, we plot all metrics against each other, bilaterally across several plots.
Figure 7 illustrates some of these comparisons. In each sub-figure, two measures are plotted against each other,
each comparing the result of Monte Carlo MeanRESP after every sample to the result of exact MeanRESP. Each
point in the scatter plots represents a pair of measures comparing an approximate explanation from some state
against the exact explanation for that state. The colors correspond to sample order, with dark blue representing
samples near the beginning, and light yellow representing samples near 5,000. Because Monte Carlo MeanRESP
converges so quickly, the linear color map shown here actually operates on log(⌊ 𝑛20 ⌋), where 𝑛 is the sample
number, rather than a direct linear map.
We can see from these figures that some measures, such as the two popular rank correlation measures in

Figure 7a, are very similar, likely to the point of being redundant with respect to identifying meaningful changes
in explanation quality. However, this is not the case for the other two pairs of measures. For example, in Figure 7b,
Euclidean distance rapidly converges to 0, while Spearman’s 𝜌 remains well below 1 for some time. This suggests
that the exact responsibility scores are quite close in magnitude and thus their order can be changed by small
deviations. Depending on the model, this may indicate either an option to terminate earlier than expected if
responsibility values are more important, or a need to increase the number of samples if ordinal relationships
between causes are more important. Moreover, some pairs of metrics, such as those in Figure 7c, appear to
measure orthogonal, equally-scaled phenomena, converging at roughly the same rate but not necessarily in a
correlated manner. Using such a pair of metrics may offer a much more robust condition for control decisions

10https://gymnasium.farama.org/environments/box2d/lunar_lander/
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(a) Kendall’s 𝜏 v. Spearman’s 𝜌 (b) ℓ2
-norm v. Spearman’s 𝜌 (c) Pearson’s 𝑅 v. Top 𝑘 Resp.

Fig. 7. Selection of measure comparisons. Quantization in sub-figure (a) is due to Kendall’s 𝜏 operating on small lists.

like early termination. For additional experimental details and a comprehensive illustration of all comparisons,
please see Appendix B.
These qualitative results suggest that there do not exist single measures that concisely capture the evolution

of approximate top 𝑘 causal sets over time and open several new directions for research, which we propose
as interesting open problems. First, more research is needed to understand if and how these measures, others
proposed [26], or combinations thereof, might be used to automatically reject obviously bad approximation
settings that yield results “far” from ground truth. This would allow automated parameter tuning, and vastly
increase the efficiency and impact of user studies by reducing wasted user study resources on clearly flawed
systems. Second, such measures may also detect favorable conditions for early termination of Monte Carlo
MeanRESP or similar algorithms, creating a more flexible type of “anytime explanation" system. To the best of
our knowledge, no such system yet exists. Last, although some of these measures appear in other user-centric
applications, such as recommender systems, they are primarily used to analyze data already labeled by users.
Here, we propose understanding essentially the opposite direction: performing user evaluation of approximate
explanations to understand if, when, and how these measures capture differences that are important to humans.
That is, given the difference between two explanations according to one or more measure, can we understand if
they are satisfactory for a user?

8.2.3 MeanRESP and Shapley Values.

While our framework was originally conceived to explain agent behavior that was the result of planning using
MDPs, it may in principle also be applied to black box policy approximators and even function approximators
designed for prediction or classification. Given this potential application, it is important to understand how, if at
all, our framework differs from those built upon the concept of Shapley values, which is commonly applied in such
domains for the purpose of explanation. To this end, we design several experiments to compare the two approaches.
In these experiments, summarized in Figure 8, we find weak causal sets for 60 randomly selected states

in four environments: Lunar Lander, Taxi11, BlackJack12, and a version of HighwayEnv13 (highway-fast-v0;
KinematicObservation). To compare with a Shapley-value method we implement a representative method [142],
and focus on identifying causal variables from the set of state factors. Policies were learned via either value
iteration or deep Q-learning, please see Appendix B for more experimental details.
Given the Shapley values and responsibility scores generated for each method, we compare their similarity.

Figures 8a, 8b, and 8c show the average Pearson, Kendall, and Spearman correlations, respectively, between the
11https://gymnasium.farama.org/environments/toy_text/taxi/
12https://gymnasium.farama.org/environments/toy_text/blackjack/
13https://github.com/Farama-Foundation/HighwayEnv
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outputs of each method. Note that there is no “better” or “best” score. These graphs show only the correlation
between outputs of approximate attribution algorithms. Somewhat surprisingly, we can see that the results from
different responsibility methods are sometimes less similar than those from Shapley-value methods, and this is
true both for ordinal and real-valued correlation metrics.
However, if we look at Figure 8d, we can see that, predictably, OC and UC are more similar when a scale-

sensitive measure like Euclidean distance is used, which makes sense given expressions (12) and (13). Perhaps most
importantly, it is clear from Figure 8e that the set difference can be substantial even for relatively small, seemingly
simple domains. That is, choosing the top 𝑘 items as explanans, will, on average, yield substantially different
results. Here, some of the difference between domains can be explained by our need to set different values of 𝑘
due to the varying complexity of the domains. For example, the BlackJack domain has only three features, so we
use 𝑘 = 1, while 𝑘 = 2 for Taxi, 𝑘 = 4 for Lunar Lander, and 𝑘 = 7 for HighwayEnv. Nevertheless, these differences
are not small, suggesting an average difference in causal set contents of approximately 10-20% across all domains.
These results have mixed implications. On the one hand, it appears that there are likely many acceptable

technical solutions and definitions for establishing cause or attribution that remain relatively consistent across
many domains. On the other hand, when we consider the necessity in most cases of choosing a subset of causes
to present in an explanation (either setting 𝑘 or choosing explanans from within the top 𝑘 directly, corresponding
to Step 3 from the general procedure outlined in §4), these differences may make these choices more difficult in
that a larger number of tradeoffs must be considered. For more results on how different definitions of cause affect
potential similarity measures as functions of the number of samples taken, please see Appendix B.

8.2.4 Run-Time Analysis and Approximation.

A major concern for the practical application of any method based on causal or counterfactual analysis is
whether it remains tractable as the problem size increases. Here, we show that the exact versions of MeanRESP
indeed suffer from the curse of dimensionality in enumerating possible counterfactual scenarios. However, Monte
Carlo MeanRESP retains remarkable efficiency and accuracy even as problem size increases.
Figures 9a and 9b show how the running time of both methods scales as a function of the domain size of the

variables and the number of features present, respectively. Lines plotted represent mean run times over 60 trials,
and the 95% confidence interval falls within the width of the lines on the plots. All data was generated using
different versions of the Lunar Lander domain. For more details on the experimental setup, please see Appendix B.

8.3 User Studies

Explanations are inherently multi-agent and human-centered. That is, all explanations have the common purpose
of communicating information from one agent to another, and frequently the effectiveness of the explanation
depends on the internal or hidden states of both agents. Moreover, the recipient is nearly always a human.
Therefore, automated metrics alone, even those that consider information beyond purely an explanation’s
contents, are not sufficient for understanding whether explanations generated using our proposed framework, or
any other framework, will meet their deployment needs. Given the diversity of potential applications, it is natural
that there may be a variety of target effects of an explanation depending on the system. To understand whether
our system achieves these effects we ran two user studies, SOTA and CONTEXT. While not designed using
Hoffman et al. [2018] as a specific reference, our studies align primarily with two of the four main categories
of evaluation they outline: goodness and satisfaction, although our experiments also include some measures
beyond these criteria. There are many other possible studies measuring more specifically a user’s internal model
of the planning algorithm or their ability to perform tasks cooperatively with the agent being explained, where
appropriate, but we leave those for future work. To the best of our knowledge, we present the largest user studies
to-date measuring both absolute and relative performance of algorithms for explaining MDPs.
In particular, we investigate the following hypotheses:
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Fig. 8. Comparison of different weak cause (responsibility) definitions and Shapley value attribution. In sub-figures (a)-(c)

we show correlation measures, thus a higher value indicates more similarity. In sub-figures (d) and (e) we show difference

measures, thus a lower value indicates more similarity.

• H1: Users prefer explanations generated using causal reasoning to those generated using heuristics. (SOTA)
• H2: Users prefer explanations supported by explanans representing specific types of information. (SOTA)
• H3: User preferences for explanations composed of specific types of information depend on the context
within which they receive the explanation. (CONTEXT)
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Fig. 9. Timing results for exact and Monte Carlo MeanRESP for original (OC) and updated (UC) definitions. Note the log

scale on both vertical axes and 95% CI error bars.

• H4: Users differentiate meaningfully between concepts of trust, understanding, and necessity, in the context
of an explanation. (CONTEXT)
• H5: User preferences for explanation methods or explanan types correlate with demographic or lifestyle
indicators. (SOTA and CONTEXT)

8.3.1 Study Descriptions and Administration Overview.

Roughly 200 participants, recruited via the crowd-sourcing platform Prolific14, participated in each study.
Participants were fluent in English, aged between 18 and 65, and consisted of roughly 50% men and 50% women.
Both studies had a similar high-level structure: participants were asked for some basic demographic information,
followed by study-specific questions, and finally questions about their patterns of use and attitude towards
different forms of AI technologies, which we put at the end of the study to avoid biasing participants prior to their
evaluation of the explanations in the middle portion of the studies. Both studies were conducted using the same
virtual driving domain [79], see Figure 10. Participants were shown short clips of simulated driving scenarios in a
randomized order, where a car drives on a highway and changes speeds and lanes based on a policy from an MDP
solved offline. After watching each clip, participants are shown one or more automatically generated explanations
referring to the behavior of the vehicle shown in the clip, and asked questions about the explanation(s). Clip
order and explanation order (for questions involving multiple explanations) were randomized.
The predominant method for communicating automatically generated explanations to humans, Step 4 from

the procedure in §4, is via text. While we use natural language templates for conducting our studies, we make
no claims about the relative effectiveness of this method compared to other options. To present as little bias
towards different explanations as possible, every explanation was presented using the same basic template: “The
car <took action> because <explanan 1>, ..., <explanan N>.” Each action and explanan in the MDP was mapped
to a custom phrase, signifying both what the explanan represented and its value, or the nature of the action.
Although many of the explanans generated by other methods do not assert causality, at least not theoretically, we
still use the conjunction “because” in order to maintain consistency. For a more comprehensive description of
administration details, specific questions, and participant demographics for both studies, please see Appendix A.

14www.prolific.co
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Fig. 10. A screen capture from an example scenario in which the ego car (green) makes a left lane change.

8.3.2 The SOTA Study.

Design. Following demographic questions, participants were shown three clips, one at a time. After each clip,
showing the agent (car) taking a particular action, such as the left lane change shown in Fig. 10, participants were
shown 7 different explanations in a randomized order and asked to rank them relative to each other to produce
a strict preference ordering. Specifically, they were asked to “rank the following explanations according to how
well you feel they would help someone understand the behavior of the vehicle". Each explanation was generated
using a different method for automatic explanation, including three baselines15: (𝐹 -type) [31], (𝑅-type) [71], and
(𝑇 -type) [154], as well as all four types of explanation generated by our proposed method. We find remarkably
strong evidence in support of H1 and H2. Below we review the results in detail.

H1: Preferences for Causal Explanations. Figure 11 summarizes our findings on user preferences for explanation
methods. The most important observation is that, for every explanation type (𝐹 , 𝑅,𝑇 ), users prefer the explanations
generated via causal reasoning over those generated via heuristic methods. We applied the Mann-Whitney U-
test [96] to each pair of generation methods (21 in total), using an initial 𝛼-value of 0.5, and a Bonferroni corrected
𝛼-value of 0.0024 [12]. We detected the following preference ordering with p-values below 0.0001.

1) Prop-𝐹 ∼ Prop-𝑉 ≻ Elizalde ≻ Prop-𝑅 ∼ Prop-𝑇 ≻ Khan ≻Wang

Here, 𝐴 ≻ 𝐵 denotes a strict preference for 𝐴 over 𝐵, and ∼ denotes preference equality. We believe the overall
preference for causal explanations is due to their consistent relevance across all scenarios. For example, although
both heuristic and causal 𝐹 -type methods have access to the same potential explanans, and occasionally produce
the same explanations, there are some cases where the heuristic methods do not produce sensible explanations,
such as the following, where the heuristic method fails to provide both relevant and complete information to
explain the event in this case:

“The car changed lanes to the right because the car was in the left lane”.

In contrast, the method based on causal reasoning more reliably produces explanations that capture more
completely the underlying reasons for the observed behavior:

“The car changed lanes to the right because the car was in the left lane, the estimated time to collision in the left
lane was 2 seconds, and the right lane was empty”.

15Some of the state-of-the-art methods we compare against [71, 154] were originally designed to explain certain sub-types of MDPs or
POMDPs. In order to run our experiments, we modified these methods as little as possible from their original implementations.
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Fig. 11. Preference likelihoods for MDP explanation methods. The color of cell (𝑟𝑜𝑤, 𝑐𝑜𝑙𝑢𝑚𝑛) indicates the probability that

explanations generated using method 𝑟𝑜𝑤 are preferred to explanations generated from method 𝑐𝑜𝑙𝑢𝑚𝑛.
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Fig. 12. Preference likelihoods for MDP explanations based on explanan type.

H2: Preferences for Explanan Types. Figure 12 shows a similar analysis with respect to different explanan types
(𝐹 , 𝑅, 𝑇 , 𝑉 ), where we can see that 𝐹 -type explanations are, on average, preferred over 𝑅-type and 𝑇 -type. For
this analysis if there were multiple explanations based on the same explanans we used the most preferred rank.
For example, if a user preferred 𝐴 ≻ 𝐵 ≻ 𝐶 , where 𝐴 and 𝐶 were 𝐹 -type and 𝐵 was 𝑅-type, then we would record
𝐹 -type as being ranked highest, followed by 𝑅-type. We apply the same pair-wise Mann-Whitney analysis as
before, now with a total of 6 pairs and a Bonferroni corrected 𝛼-value of 0.0083. Following this analysis, we
obtain the following preference ordering: 𝐹 -type ≻ 𝑉 -type ≻ 𝑅-type ∼ 𝑇 -type with p-value 0.00001.
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8.3.3 The CONTEXT Study.

As is clear from the results of the previous study, given identical scenarios and identical methods for identifying
multiple explanans, humans may exhibit strong preferences over explanations supported by semantically different
explanans. This is not surprising given the number of different preferences for explanations already captured in
the literature [104]. However, one piece crucially missing from our understanding of these preferences is whether
or not they are context dependent [152], and if so, to what degree. Given the generality of our framework, which
allows us to pick explanans from virtually any set of variables within a model, we have in a sense bypassed
one of the typical gating or filtering mechanisms humans are theorized to use when simulating or constructing
hypothetical or counterfactual worlds [68]. This begets a new problem (Step 3 from the procedure outlined in §4)
which is to pick only the most preferred explanans for use in the explanation.

Given the possibility for context-dependence and the relatively wide scope of possible contextual variables, we
consider the following family of hypotheses. There are factors, such as inherent task risk, level of complexity,
power differential, amount of independence, amount of cooperation, etc. that affect relative preferences for types
of information (or reasons) referenced in an explanation. Here, we choose to focus on just one small subset of
such hypotheses, the context of an autonomous driving scenario.

Design. This study split participants into two groups. Group A were told that they were a passenger, with no
ability to change the behavior of the car, communicate with the car, or intervene in the navigation or driving
process in any way. Group B were told that they were to play the role of a driver. They were not currently in
control of the vehicle, but if they wished they could signal their intent to take over control from the autonomous
vehicle at any point by hitting a designated key. This design was intended to create two groups of users who
were (possibly) interested in different forms of information about the car’s operation and thus would exhibit
different evaluations of the explanations presented subsequently. For the exact prompts, please see Appendix A.
Following demographic questions, participants were shown several clips, one at a time. After each clip, they

were shown a single explanation and asked to rate on a 5-point Likert scale how the explanation affected their
trust of the system, understanding of the system, and the necessity of the explanation itself given what was
occurring in the simulated scenario. All explanations were generated using our proposed method, and were
equally distributed between different types of explanans (𝐹 -, 𝑅-, 𝑇 -, and 𝑉 -type). We find evidence in support of
H3 for 𝑉 -type explanations, and H4, but not H5. Below we review the results in detail.

H3: Context-dependent Preferences for Explanan Types. Figure 13 shows the distribution of Likert scores related
to trust, understanding, and necessity on all scenarios, conditioned on the type of explanation presented and on
whether the user was given the passenger prompt (passive user) or the driver prompt (active user). To each of
the four pairs of distributions, we applied the two-sample Kolmogorov-Smirnov test [73, 139], and thus have a
Bonferroni corrected 𝛼-value of 0.0125. With p-value 0.00530, we find that for 𝑉 -type explanations, passive and
active users exhibited a difference in their evaluations. We also saw some effect for 𝑅-type explanations (p-value
0.06026), but we cannot make additional conclusions at this time.

Interestingly, both 𝐹 -type and 𝑉 -type explanations make use of the same underlying types of variables (state
factors), but differ in how they present them. 𝐹 -type explanations reference state factor variables and values that
are currently true in the scenario, and𝑉 -type explanations reference state factor variable values that may or may
not be true at the current time. For more example explanations, please see Appendix A.
At a high-level, these results seem to parallel the psychological theory of agency. Identification of agentive

entities is theorized to be a key capability for both humans and some animals [38], and one of the primary ways
we identify other agents is through observing their actions [19]. Moreover, it has been shown that robots that do
not look human can still elicit agency attribution in humans [109]. Such agents are called instrumental agents [37].
So-called communicative agents have a further ability to express their intent via explicit communication [37].
An interesting hypothesis for future consideration is whether 𝑉 -type explanations elicit context-dependent
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Fig. 13. Aggregate Likert distributions for different explanan types.

preferences from users due to their increased ability to communicate intent and therefore signal agency. In this
case, the causal grounding of the explanations may serve to maintain rationality of the action with respect to
the goal, which we know to be another key factor in agency attribution [91].
Another notable psychological theory, prominence-interpretation theory [34], breaks trust-affecting events

into two stages, an observation stage, based on the prominence of the feature or event with respect to the user,
and an interpretation stage, where the user assesses the affect of their observation on their trust of the system.
Whether active users react differently to𝑉 -type explanations due to differences in prominence or interpretation is
thus an open question, although we hypothesize, given the focused nature of the study, that interpretation plays
a larger role. Other studies have looked at the impact of proactive explanations, but do not compare directly to
post-hoc explanations [164]. Thus, the utility of proactive explanations to positively affect trust in general is still
largely unexplored. We should note also that there is a large volume of existing work related to context-dependent
trust and the antecedents of trust under many different conditions. However, to the best of our knowledge, this is
the first such study to consider these phenomena with respect to different explanations.

H4: Trust, Necessity, and Understanding. Tables 5 and 6 summarize the results of our correlation tests. Our
primary finding is that ratings of increased understanding, increased trust, and the necessity of the explanation
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Table 5. Correlation of understanding, trust, and necessity across all user types.

Type Trust v. Und. Trust v. Nec. Und. v. Nec.
𝐹 0.6682 0.6643 0.7296
𝑅 0.6086 0.6084 0.6082
𝑇 0.7247 0.6985 0.7480
𝑉 0.6748 0.5256 0.6202
ALL 0.6796 0.6405 0.6931

Table 6. Correlation of understanding, trust, and necessity across all explanation types

User Type Trust v. Und. Trust v. Nec. Und. v. Nec.
Active 0.7000 0.6298 0.7128
Passive 0.6619 0.6497 0.6754

are highly correlated, with the minimum and maximum 𝑟 -values of 0.5034 and 0.7729 for all combinations of
user and explanation types, respectively (see Appendix B for Figures). Moreover, the mode response across all
questions was “somewhat agree”, indicating a positive effect on trust and understanding given the explanations,
and a modest desire (necessity) for the explanations provided. These results are expected, given the previously
established connections between desire for explanations and their typical effects on understanding and trust.

Our second and more interesting finding is that explanations that increase understanding may not always be
deemed necessary and may not always increase trust to the same degree that they do understanding. That is,
in Figure 14, we can see Figures 14a and 14b show strong correlation but have a slope that clearly differs from
1, indicating that response magnitudes frequently differed, while Figure 14c shows data representing the null
hypothesis, that measures of trust and necessity for different explanations scale equally.

We see these results as additional support for a number of conclusions established within a large body of work
on the antecedents of trust [69]. Principally, these include the importance of understanding, predictability, and
competence in the formation of trust [77, 99], and that these results hold for both passive and active users [160].
There have also been results suggesting that different types of explanations may impact different beliefs about
trust [155]. Trustor models of trustee motivations may also drive development of trust [49], and there is an
important distinction made between a decrease in trust due to lack of competence (forgiven more easily) versus a
lack of benevolence or honesty (not as easily forgiven) [117]. Although the types of explanations in these studies
do not match exactly with Definition 5, our framework and results offer a promising initial direction to study
more advanced hypotheses about the effect of explanations on trust under a variety of conditions, beyond the
established wisdom that they have a generally positive impact.

H5: Demographic and Lifestyle Non-Impact. We found no instance in which we could reject the null hypothesis
with respect toH5. That is, the results presented with respect toH1-H4 are consistent across genders, age groups,
and rates of technology use. We also, somewhat surprisingly, found these results to be consistent regardless of
the frequency with which participants operated motor vehicles. We also tried several unsupervised clustering
methods to check for more complex correlations between user demographics and preferences for different
types of explanations, including principal component analysis (PCA) [123] and t-distributed stochastic neighbor
embedding (TSNE) [59], but did not find anything significant. This should give practitioners confidence that
these results will hold in many settings.
These results primarily index particularized trust [133]. That is, trust established between specific entities.

This is generally accepted to be distinct from generalized trust [25], which is considered to be an individual’s
natural predisposition to trust, and which has been repeatedly established to be contingent on many demographic
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Fig. 14. Distributions of Likert responses on the effect of explanations.

factors including age [161], gender [153], religion [118], and socioeconomic class [47]. We should also note for
completeness that sociologists have developed many understandings and models of trust in addition to those
proposed by psychologists, and the particularized-generalized trust dichotomy is not universally accepted [133].

9 Discussion and Conclusion

9.1 Study Limitations

Overall, the results, especially for H1 and H2, are exceptionally strong. However, we should address some key
limitations of this study. First, self-reporting, and specifically self-reporting of trust, has known weaknesses as an
experimental practice [72]. Second, the simulations lacked significant realism. While more immersive driving
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simulators exist, recruiting a similar number of participants to do in-person studies was not feasible from a
cost perspective. It is possible some effects were not detectable in this study that would be under more realistic
autonomous driving conditions.

9.2 Inference and Conceptual Limitations

Because they do not encompass repeated interaction with our system, our experiments offer limited evidence for
or against popular models for the dynamics of trust formation between humans and automated systems from
psychology. While there are key differences among the most established, there is some level of consensus that 1)
trust is established over time, and 2) reasons for trust in a specific interaction can come from several qualitatively
different sources. For example, one model, advanced by Marsh and Dibben [2003] identifies dispositional, situa-
tional, and learned trust as distinct sources. These represent one’s natural propensity to trust, the context of an
interaction (including both environment variables and transient mood or attitude variables), and past experiences
with similar agents. See Hoff and Bashir [2015] for a more extensive discussion.

Others theorize that the underlying reasons for trust shift over time. In particular, it has been proposed that
between humans trust is initially justified by the predictability of the trustee, is later based on the trustee’s
dependability, and is finally based on faith in the trustee [126]. Zuboff [1988] and Muir, Muir [1987, 1994] have
proposed a similar evolution of trust between humans and technology, beginning with experience, followed by
understanding, and finally, faith. However, later studies have contended that this order is actually reversed for
some human-automation trust relationships [110, 115, 93].

Lee and Moray [1992] proposed reasons supported by performance, process, and purpose as the foundation of
trust, representing different types of information. For example, performance estimates may be established from
direct observation, process understanding can be developed through familiarity with the underlying mechanisms,
and purpose may be imputed from the system’s intended use. This may explain why users with no experience
but an understanding of the purpose of a system initially trust based on faith [60]. This model, although not
directly mapping onto the different types of explanations outlined in Definition 5, is a promising theoretical
meeting point.
These models are not mutually exclusive, and regardless of the specifics, they all suggest a complex set of

dynamics governing trust formation.While studies like the ones we present make some progress on understanding
the effectiveness of causal explanations on trust and understanding in an isolated interaction, to confidently
support or reject any of the theories summarized above, longitudinal studies are likely required. Fortunately,
embodied agents such as autonomous vehicles, or other robotic systems operating in the open world, afford a rich
experimental domain. Previous work has identified that automated information acquisition, information analysis,
decision selection, and action implementation play an important role in the dynamics of trust in automation
[122], and such systems perform all of these functions at different levels of natural transparency, in addition to
eliciting some of the strongest effects [69].

Moreover, there are many different definitions of trust [138], and it is likely that study participants will vary in
their theoretical construction of ‘trust’. To what extent this variance affects experimental results that rely on self
reporting is, to the best of our knowledge, unknown. In practice, it may be possible to avoid forming consensus
on abstract notions of trust by disentangling it from certain observable behavior that is more straightforward to
label. For example,Ajzen [1980] developed a framework in which beliefs and perceptions (available information)
inform attitudes, which, in turn, affect intentions and finally behaviors. As this framework distinguishes between
beliefs, attitudes, intentions, and behavior, it can model the influence of trust on reliance. In this model, trust
is used as a heuristic to aid in establishing an appropriate level of reliance on a system with which we may lack
experience. Given trust is the belief and reliance is the action, trust is thus an antecedent of reliance; additionally,
reliance as the behavior can sometimes be observed directly. However, in order to gain experience and grow
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trust, some form of reliance must initially exist. Lee and See [2004] discuss this apparent contradiction and many
other key central ideas relevant to trust in automation research in their excellent survey paper.

Others from philosophy have argued that trust and reliance may be distinguished since trust may be betrayed
while reliance may only be disappointed [8]. For example, reliance on a clock does not produce feelings of betrayal
should it break [100], and thus it is the violation of trust alone which elicits a feeling of betrayal [50]. This raises
a question for future research on trust in any form in automated systems. As many academic conceptions of trust
require competing objectives, without competing objectives, often captured as different theoretical constructions
of rational action, there is no need for trust. Moreover, trust requires that an agent may choose to prioritize
one objective (its own) over another. Robots occupy a strange middle ground: they clearly have objectives and
pursue them rationally to the extent they are capable, and thus are obviously agents. However, they are designed
specifically for their ability to aid people. Thus, their objectives are necessarily aligned with our own to the
extent that we can model and program accurately16. They have no ability to choose based on emotion or other
motivations. Their success or lack thereof in pursuit of their objective can be attributed purely to their level
of competence, and thus reliance seems to be the more appropriate construct to study, whether influenced by
attitudes of trust or not.

One might try to differentiate between a bug in the software due to programmer incompetence, a flaw in the
design or model due to developer oversight, or an aspect of the behavior that is intentionally malicious. In this
case, trust may be placed in the human agents responsible for designing, developing, and deploying the system,
but this distinction ought to be made clearly, and at the moment is often left implicit or unquestioned.

9.3 Conclusion and Future Work

We present a novel framework for causal analysis of MDPs using SCMs, motivated by generating explanations of
MDP agent behavior. Principally, this framework provides (1) a theoretical foundation for explainable sequential
decision making, and (2) simultaneous support for causal queries using different decision problem components,
which has previously not been possible. Beyond the proposed framework, this paper presented a set of theoretical
and empirical analyses regarding several important properties of approximate MeanRESP related to convergence
rates, error rates, similarity and distinction from other methods, and quality of approximation. We also presented
two different user studies investigating several hypotheses, the most striking of which is users’ overwhelming
preference for explanations generated using causal analysis compared to heuristic methods.

We see several promising directions for future work. These include extending this framework to other decision-
making models, running longer or more realistic studies of autonomous driving, and using metric information
online to produce anytime explanation systems for models which are much larger than the ones tested in this
paper. Additionally, further research is needed to understand context-dependent preferences for different types of
explanations — particularly by exploring additional contextual variables such as risk level, degree of cooperation,
and task complexity.
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A Additional User Study Details

A.1 Common Demographic and Lifestyle Questions

To begin both surveys, we asked three basic demographic questions, shown on the left in Figure 15. At the
conclusion of both surveys, we asked the participants about their general use of AI technologies, as well as their
overall level of trust in such systems in general, shown on the right in Figure 15.

Fig. 15. Demographic, technology use, and attitudes questions common to both surveys.

A.2 Study Demographics

In total, 189 (199) participants from the United States and Canada were recruited via the crowd-sourcing platform
Prolific (www.prolific.co) for the SOTA (CONTEXT) study. All participants were fluent in English. Figure 16
summarizes participant demographics by gender (16a), age (16b), driving frequency (16c), and rates of AI
technology use (16d) for both studies.

A.3 SOTA Details

For the SOTA study, after answering the basic demographic questions, every participant was shown the instruc-
tions at the top of Figure 17. The participants were then shown 3 clips of simulated driving behavior (not shown
here) in a random order. After each clip, participants were asked to rank the explanations using the prompt
shown at the bottom of Figure 17.

A.4 CONTEXT Details

For the CONTEXT study, after answering basic demographic questions, each participant was randomly shown
one of the two prompts in Figure 18. If they saw the top prompt, participants were placed in the ‘passive’ group.
If they saw the bottom prompt, they were placed in the ‘active’ group. After reading the prompt, the participants
were shown 8 different clips of simulated driving behavior in a random order and presented with an explanation

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



Causal Explanations for Sequential Decision Making • 17:53

(a) Gender (b) Age

(c) Driving frequency (d) Technology use

(e) Gender (f) Age

(g) Driving frequency (h) Technology use

Fig. 16. Demographic summary for the SOTA and CONTEXT surveys.
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Fig. 17. Instructions (top) and prompt (bottom) for the SOTA survey.

of the behavior shown in the clip which was generated using our framework, all of which are shown in Figure 19.
After each clip, the participants were asked the following 3 questions, shown in Figure 20.

In an effort to keep the survey short and thus participant attentiveness and data quality high, we showed each
participant a random subset (8) of all (12) possible scenario-explanation pairs. The survey software we used,
Qualtrics (www.qualtrics.com), allowed us to balance the questions shown so that all 12 scenario-explanation
pairs occurred equally frequently in the data set as a whole.

Last, for all participants in the active group, we asked an additional sequence of questions. For each scenario,
we asked whether they would initiate a transfer of control upon seeing different explanations, shown in Figure 22.

A.5 Additional Results

Figure 22 summarizes the results of the question asked in Figure 21. Here we can see that, regardless of the scenario,
𝐹 -type explanations cause the lowest percentage of transfer of control requests, and 𝑅-type explanations seem
to produce the highest. 𝑇 -type and 𝑉 -type explanations rates seem to vary depending on the specific scenario.
As an example, we also include the partitions of data that lead to the minimum and maximum correlation

values. Figure 23a, while still showing a relatively correlated relationship, depicts very uncontroversial 𝑉 -type
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Fig. 18. Passive (top) and active (bottom) prompts in the CONTEXT survey.

Fig. 19. Example clip, explanation, and prompt for the CONTEXT survey.

explanations, with almost all participants responding neutrally or mildly positive. Figure 23b on the other hand
shows a highly correlated and highly polarizing reaction to 𝑇 -type explanations, with roughly the same fraction
of participants reporting a strong agreement/disagreement with respect to the explanation’s effect on trust and
understanding. Moreover, almost no participants responded neutrally to these explanations.

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



17:56 • Nashed, Mahmud, Goldman & Zilberstein

Fig. 20. Questions regarding trust, necessity, and understanding.

Fig. 21. Transfer of control questions for active drivers only.

B Additional Experiments and Experimental Details

In this section we provide more extensive details regarding the setup of the empirical experiments. We also provide
some additional results on convergence rates and similarity measure behavior, and present an additional example.

Journal of Artificial Intelligence Research, Vol. 83, Article 17. Publication date: July 2025.



Causal Explanations for Sequential Decision Making • 17:57

F-Type R-Type T-Type V-Type
Explanan Type

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fr
eq

ue
nc

y

Effect of Explanan Type on Transfer of Control Rate in Scenario 1
ToC
No Toc

(a) Scenario 1

F-Type R-Type T-Type V-Type
Explanan Type

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Fr
eq

ue
nc

y

Effect of Explanan Type on Transfer of Control Rate in Scenario 2
ToC
No Toc

(b) Scenario 2

F-Type R-Type T-Type V-Type
Explanan Type

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Fr
eq

ue
nc

y

Effect of Explanan Type on Transfer of Control Rate in Scenario 3
ToC
No Toc

(c) Scenario 3

F-Type R-Type T-Type V-Type
Explanan Type

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Fr
eq

ue
nc

y

Effect of Explanan Type on Aggregate Transfer of Control Rate
ToC
No Toc

(d) Aggregate

Fig. 22. Transfer of control rates.

B.1 Timing Benchmarks

For timing experiments, we use the Lunar Lander domain, which has up to 8 state factors (features) and 4 actions.
To vary the feature size we simply consider a subset of the features as possibly causal. Features that are not
chosen stay static throughout the sampling process. Since the original domain is continuous with a minimum and
maximum bound on each feature, we discretize the domains linearly prior to sampling, and vary the discretization
fidelity from 2 to 20 in increments of 1. The policy being explained is a generated via deep Q-learning using a
multi-layer perceptron and stable baseline 3.
Sampling was performed, with replacement, using the occupancy statistics of the policy in order to get a

representative picture of explanations likely to be encountered or requested during operation. In this experiment,
we only generate singleton (|𝑋 | = 1) explanations, however we should note that this offers the most favorable
scaling for exactMeanRESP compared toMonte CarloMeanRESP. Because of the non-monotonic behavior of error
measures with respect to sample number in Monte Carlo MeanRESP, we run 10,000 samples for every problem,
and then find the last point (highest sample number) at which the sum of the absolute difference in responsibility
score between all the singletons of the sampled and exact explanation goes below 0.01. This corresponds to the
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Fig. 23. Minimum and maximum Pearson 𝑟 (correlation) values.

final, stable convergence point, and using this time as the completion time for Monte Carlo MeanRESP ensures
that it never gets ‘lucky’ by estimating very accurate responsibility score before it has truly converged.
All of our experiments were conducted on a Dell XPS 13 9310 Laptop with an 11th Gen Intel(R) Core(TM)

i7-1185G7 3.00GHz processor and 16GB 4267MHz LPDDR4x RAM.

B.2 Experimental Details for Shapley Comparison

Experiments comparing Monte Carlo MeanRESP to Shapley value methods are run on 4 domains: Lunar Lander,
Highway, BlackJack, and Taxi. For the Highway and Lunar Lander policies we use deep Q-learning using a
multi-layer perceptron and stable baseline 3. Policies for Taxi and Blackjack were computed with value iteration.
As in the timing experiments, 60 states were sampled with replacement from each domain proportional to the
states’s occupancy frequency under the given policies. Empirically, we found that after roughly 2000 samples,
there were very few significant changes. Thus, we capture results from Monte Carlo MeanRESP after 1000
samples. The Shapley-value-based method is also sample based, and we used 10,000 samples.

B.3 Error Rates versus Samples

We now show some additional results comparing the behavior of Monte Carlo MeanRESP under alternate
definitions of cause (Figures 24 and 25). In these experiments, we use the data from the Shapley comparison
experiments and evaluate some of the similarity measures. Mean values over all 60 explanations are shown in
bold, while 95% confidence intervals are represented by the shaded regions.
Here, we can see that convergence rates seem more dependent on problem than they do similarity measure,

which reinforces the idea that the original and updated definitions of cause may highlight very different explanans
and thus may be sensitive to different causal structures within problems. The exceptions to this seem to be
Euclidean distance, for which no real difference is observable, and correlation (Pearson’s 𝑟 ), which seems to
converge slower or relatively equally in the updated version across all the domains.
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Fig. 24. Error curves vs. sample numbers for the Taxi domain (top, (a)-(e)), and Lunar Lander domain (bottom, (f)-(j)).
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Fig. 25. Error curves vs. sample numbers for the Blackjack domain (top, (a)-(e)), and Highway domain (bottom, (f)-(j)).
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Fig. 26. Measure comparisons for the Lunar Lander domain as a function of sample number. All sub-figures share horizontal

and vertical axis labels with the corresponding label at the margin of the figure.

Table 7. The top 𝑘 = 5 causes determined by exact (ground truth) MeanRESP and Monte Carlo MeanRESP after 𝑁 = 10, 50, 95
samples. While responsibility score estimates fluctuate with additional samples, some highly influential variables are easily

identified (ranks 1 and 2). Moreover, other weakly influential variables appear frequently (anti-satellite test ban), although

not always at the correct rank. This table appears to show that the most influential variables stabilize first, which makes

sense given that a higher responsibility score indicates a larger fraction of samples will identify the variable as a cause.

Ground Truth N = 10 N = 50 N = 95
1. Adoption of the
budget resolution

1. Adoption of the
budget resolution

1. Adoption of the
budget resolution

1. Adoption of the
budget resolution

2. Duty-free exports 2. Duty-free exports 2. Duty-free exports 2. Duty-free exports
3. Education spending 3. Anti-satellite test ban 3. Education spending 3. Education spending
4. Anti-satellite test ban 4. Aid to Nicaraguan Contras 4. Superfund Right to Sue 4. Anti-satellite test ban
5. Export administration
act South Africa 5. Superfund Right to Sue 5. Anti-satellite test ban 5. Export administration

act South Africa
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(a) Spearman’s 𝜌 (b) Kendall’s 𝜏 (c) Euclidean Distance

(d) Pearson’s 𝑟 (e) LSRL Slope (f) Top 𝑘 ratio

Fig. 27. Traces of six measures over time as they compare exact and approximate responsibility estimates. The solid blue line

represents themean (10 runs total), and the blue shaded regions represent one standard deviation. All values were generated for

one particular input. Clearly, some measures are more sensitive than others. Moreover, some shifts appear to be detected uni-

versally, for example, near 45 samples, while at other points some measures respond to updated estimates while others do not.

B.4 Experimental Details for Metrics for Approximate Explanations

For the metrics experiments, we again use the Lunar Lander domain and a policy trained using deep Q-learning,
and we generate explanations for each of the 60 states up to 5000 samples. Here, we let 𝑘 = 4.
In this appendix, we present some additional results of our framework generating explanations of a random

forest classifier we trained on the Congressional Voting Records Data Set [134]. The number of instances in the
data set is 435. The number of input features is 16 and the number of labels is 2.

B.5 Additional Results for Metrics for Approximate Explanations

Figure 26 shows the complete set of bilateral metric comparisons. Table 7 shows several snapshots of the top 𝑘
most responsible variables for a given classification outcome in the Congressional Voting Records Data Set for
both exact MeanRESP and at several points during the sampling process of Monte Carlo MeanRESP. Figure 27
summarizes the behavior of these measures throughout the sampling process.
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