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Abstract

Mainstream formalizations of uncertainty in Automated Plan-
ning (AP) research tend to revolve on rational probability
management and reward maximization, often overlooking
psychological factors involved in how humans handle uncer-
tainty, where reward maximization is often discounted in fa-
vor of simpler plans yielding to predictable trajectories for the
sake of reducing exposure to anxiety. This paper pushes the
research frontier by introducing and formalizing the concept
of Path Anxiety, which quantifies how much various policies
may expose the AP to uncertainty in regards to future tra-
jectories, which we call Path anxiety-sensitive Markov Deci-
sion Processes (PAS-MDP). Then, we propose practical PAS-
MDP algorithms for generating optimized policies that bal-
ance utilitarian reward maximization with path uncertainty
minimization. The practical relevance of PAS-MDPs is em-
pirically validated by showing that PAS-MDP policies opti-
mized by our algorithms can dramatically reduce path uncer-
tainty with minimal reduction in utility as well as reducing
the number of possible paths the system may reach by several
orders of magnitude. The psychological accuracy of PAS-
MDPs is validated by showing that the optimized policies
replicate human-like anxiety-sensitive behaviors identified by
psychology research. Altogether, this research highlights a
promising approach towards developing human-friendly AP
systems that account for human anxiety in their decision-
making processes, hence addressing one of the most central
factor of mental health and wellbeing.

Introduction
Managing uncertainty is a central focus of Automated Plan-
ning (AP) research (Pratt, Raiffa, and Schlaifer 1964; Saf-
fiotti 1987; Russell and Norvig 2021), with increasing atten-
tion being given to approaches that better account for hu-
man and psychological factors (Stanojevic 2024) and that
emphasize the need for interdisciplinary research (Kusters
et al. 2020). The study of uncertainty in AP encompasses
several key areas: 1) the development of methods for han-
dling uncertainty, including Bayesian models (Cai and Scar-
lett 2024; Kukacka 2010; Toroghi and Sanner 2024; Wang
and Li 2024; Wu et al. 2024a), Markovian models (Bai,
Mondal, and Aggarwal 2024; Liu et al. 2024), automated
planning (Elahi and Rintanen 2024; Engesser, Herzig, and
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Perrotin 2024; Lei, Lipovetzky, and Ehinger 2024), and rein-
forcement learning (Amitai, Septon, and Amir 2024; Omura
et al. 2024; Zhou et al. 2024; Zhu et al. 2024); 2) the en-
hancement of AP systems acceptability by reducing the un-
certainty associated with these systems, which includes ini-
tiatives in trustworthy AP (Chu et al. 2024; Vashistha and
Farahi 2024; Zhang et al. 2024a), explainable AP (Bie, Luo,
and Chen 2024; Lai et al. 2024; Yang et al. 2024), uncer-
tainty quantification (Chen et al. 2024; Horii and Chika-
hara 2024; Wu et al. 2024b), human-AP collaboration (Ma
et al. 2024; Zou et al. 2024), and the broader domain of
human-centered AP (Capel and Brereton 2023; Zhang et al.
2024b); and 3) the design of systems that consider the im-
pact of their decisions on human exposure to uncertainty, as
seen in applications such as autonomous driving (Qian et al.
2024), personalized education (Shen et al. 2024), healthcare
(Dai et al. 2024), automated recommendation (Agrawal et al.
2024), fraud detection (Yu, Liu, and Luo 2024), and virtual
assistants (Tulshan and Dhage 2019). Dealing with uncer-
tainty addresses reduction of anxiety, the prime mental state
raised by uncertainty and one of the root causes of mental
health and well-being issues, which leads to significant indi-
vidual suffering (e.g., addiction, depression, self-harm) and
social costs amounting to trillions of USD annually (Andlin-
Sobocki and Wittchen 2005; Bandelow and Michaelis 2015;
Health 2020; Massazza et al. 2023). This is particularly rele-
vant in a context where AP solutions often exacerbate human
exposure to uncertainty (Cornelissen and Cholakova 2021;
Huang 2023; Pires and Pinto 2020; Lindgren 2023) and in a
context of a high demand for mental wellbeing to be better
factored in AP decisions (Heaukulani et al. 2024).

Despite this extensive interest, most current planning ap-
proaches are constrained by a narrow framing of uncertainty.
They tend to focus on utility maximization, avoiding worst-
case scenarios through the lenses of risk (Peng, Yang, and
Yao 2023) and regret (Bai, Mondal, and Aggarwal 2024),
and acquiring knowledge to reduce epistemic uncertainty
(Yotam and Indelman 2024). These approaches predomi-
nantly scope uncertainty as a mathematical construct, which
may significantly differ from how humans experience and
respond to uncertainty (Spiegelhalter 2011). For example,
people tend to be driven to reduce uncertainty through sim-
ple, controllable plans that address the uncertainty early and
keep it low (e.g., stay on beaten paths), whereas the math-
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ematical framing of uncertainty is prone to elaborate very
complex branching strategies that allow an eventual reso-
lution of uncertainty (e.g., engage in uncertain branching
routes open for the possibility of fortunate shortcuts).

In response, this paper addresses the broader question of
how to develop psychology-grounded, utility-driven plan-
ning solutions that also aim to reduce exposure to uncer-
tainty. Specifically, it focuses on path uncertainty, defined
as the degree of uncertainty associated with the possible
paths a given policy can yield to, a concept rooted in hu-
man psychology as a form of rule uncertainty (Bach and
Dolan 2012). As a method for enabling a psychological
accountability of the experience of uncertainty, this paper
builds over the concept of anxiety sensitivity introduced
by (Vanhée, Jeanpierre, and Mouaddib 2022; Horned and
Vanhée 2023b,a) and grounded in the psychology research
of (Miceli and Castelfranchi 2005, 2014), which frames
anxiety as the minimization of the cumulative exposure to
uncertainty over time. This approach yields to human-like
strategies that minimize uncertainty early and consistently
and subsequently reduces the psychological impacts of ex-
posure to uncertainty.

The contributions of this paper are as follows: 1) in-
troducing the key foundations for a psychological framing
uncertainty, under the lenses of experienced anxiety and
subsequent behaviorial uncertainty-reducing responses; 2)
formalizing the concept of Path Uncertainty; 3) integrat-
ing this concept within Markov Decision Processes (MDPs)
and formalizing Path anxiety-sensitive MDPs (PAS-MDP);
4) presenting an exact algorithm and 5) an approximate
polynomial algorithm for solving PAS-MDPs; 6) empiri-
cally validating the robustness of PAS-MDPs by demonstrat-
ing their alignment with core uncertainty-reducing strate-
gies observed in human behavior; and 7) showing that PAS-
MDPs provide alternative policies for a drastic reduction of
path uncertainty while maintaining high operational perfor-
mance, a feature not directly addressed in other models.

Background
For space consideration, the background related to Shannon
Entropy is assumed known. The extended version of this pa-
per and the associated arxiv provides further details1.
Psychological Grounding for Anxiety. This section intro-
duces how anxiety is framed in psychology towards en-
abling to validate whether our PAS-MDPs accurately re-
produce anxiety-sensitive behaviors. Anxiety is the primary
mental state triggered by uncertainty and activating deliber-
ative mechanisms and behaviors directed to address uncer-
tainty (e.g., circumvent, anticipate, prepare, address, avoid
uncertainty) (Miceli and Castelfranchi 2005, 2014). While
being an overall functional mental state that drives to deal-
ing with threats and reducing uncertainty-induced cognitive
workload, too regular or too intense exposure to anxiety ties
to an array of harmful psychological implications (Bross-
chot, Verkuil, and Thayer 2016; Grupe and Nitschke 2013)

1The extended version of this paper can
be found at: https://drive.google.com/open?id=
128pZ3bwpBugiBCMpXO6ZcZEbDps1GRqm&usp=drive fs
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Figure 1: MDP for the Running example. White nodes rep-
resent states, numbers represent the reward for reaching the
states. Black nodes represent actions. The transition function
is represented by the probabilities next to arrows. An exam-
ple of the calculations for the various modelling elements
listed in this paper on this running example can be found in
annexes1.

Psychological research has identified a spectrum of re-
sponses to anxiety that take into account both the individ-
ual’s sensitivity to anxiety and the level of uncertainty they
experience (Hartley and Phelps 2012; Luan, Schooler, and
Gigerenzer 2014; Miceli and Castelfranchi 2005, 2014). At
the lowest levels of sensitivity, anxiety leads to behaviors
that are nearly indistinguishable from purely task-driven ac-
tions or are associated with cost-free uncertainty aversion
(Tversky and Fox 1995), i.e., a tendency to avoid uncertainty
when it does not impact performance.

As sensitivity to anxiety increases, the intolerance to un-
certainty increases and thus performance is increasingly dis-
counted for reducing uncertainty. This sensitivity can be
manifested in various strategies such as satisficing (i.e., en-
suring some form of achievement of the goals, albeit with
increasing ineffectiveness for the sake of anxiety reduc-
tion), status quo bias (e.g., the tendency to maintain the
current situation as close as possible to a known baseline)
(Samuelson and Zeckhauser 1988), choosing the default op-
tion (e.g., the tendency to make decisions similar to those
made previously) (Johnson and Goldstein 2003), or mini-
malist decision-making (e.g., the tendency to simplify de-
cision frames and favor courses of action that are easier to
follow) (Gigerenzer and Goldstein 1996) and, in higher lev-
els of anxiety, a tendency towards perfectionism (i.e., the
tendency to select actions that guarantee the attainment of
goals with minimal room for uncertainty, regardless how in-
efficient is the approach in the long run) (Frost and DiBar-
tolo 2002). As anxiety sensitivity further rises, behaviors
start losing their goal-directed focus altogether, yielding to
avoidance behaviors (e.g., giving up on goals) (Dymond
and Roche 2009; Schoenfeld 1950), self-sabotage (e.g., in-
tentionally damaging the conditions required for success)
(Komporozos-Athanasiou and Haiven 2023), and self-harm
(e.g., engaging in self-injury or pain to cope with psycho-
logical distress) (O’Connor, Rasmussen, and Hawton 2010).
Markov Decision Process Markov Decision Processes
(MDPs) represent stochastic processes under the (partial)
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control of an agent, represented by a tuple ⟨S,A, T,R⟩,
where S is a set of states, A is a set of actions, T is a tran-
sition function where T (s, a, s′) is a probability of reaching
s′ ∈ S from s ∈ S after performing action a ∈ A, R is a
reward function where R(s) is the expected reward for land-
ing in state s ∈ S. Figure 1 illustrates an MDP that is used as
a running example throughout this paper. Optimizing MDPs
within a horizon h ∈ N consists in finding a policy π : S →
A, which assigns an action a ∈ A to be played in every
state s ∈ S, such that π maximizes the expected value V :
S → R defined by the Bellman equation (Bellman 1956) as
V π,h(s) = R(s) +

∑
s′∈S T (s, π(s), s′)×V π,h−1(s′).

Five-Component Markovian Models of Anxiety Founda-
tional research on Markovian models of anxiety introduce a
structured formal framework for modelling anxiety-sensitive
planning (Vanhée, Jeanpierre, and Mouaddib 2022), which
identifies five primary components modelling anxiety. The
first component is the object of anxiety, typically formalized
using a probability distribution ∆ over the potential realiza-
tions of this object (e.g., the probability of various outcomes
given a policy). The second component is instant anxiety
(Spielberger et al. 1999), representing the anxiety experi-
enced at a specific moment due to exposure to this uncertain
object, formalized as IAnx , a function that increases with
the level of uncertainty associated with ∆ (e.g., the number
and disparity of potential outcomes). The third component
is cumulated anxiety, denoted as CAnx , a function that rep-
resents the accumulation of instant anxiety over time and its
consequent effects on an individual’s wellbeing and health
(Dugas et al. 1998). The fourth component is the anxiety
sensitivity factor, usually represented as W ∈ [0, 1], which
models the tradeoff between reward optimization and much
anxiety avoidance, where W = 0 represents pure reward
optimization and W = 1 represents pure anxiety avoidance.
The last component is the anxiety-sensitive value function,
represented by ASV , which extends the classic value func-
tion by integrating anxiety avoidance.

Related Work
This section explores various Markovian models that inte-
grate multiple facets of uncertainty that best relate to our
aims. Classic MDPs have been significantly expanded to
emphasize risk avoidance, generally aiming to maximize ex-
pected value while minimizing the likelihood of the worst
outcomes or staying within a constrained cost budget (Hou,
Yeoh, and Varakantham 2014; Yu, Lin, and Yan 1998). An-
other variant, the Regret MDP (Bai, Mondal, and Aggar-
wal 2024; Regan and Boutilier 2012), focuses on maximiz-
ing value under some uncertainty about the reward func-
tion. Partially Observable MDPs (POMDPs), where the sys-
tem’s state is uncertain and inferred through indirect ob-
servations (Kaelbling, Littman, and Cassandra 1998), have
been extended into ρ-POMDPs (Araya et al. 2010). These
extensions prioritize gaining epistemic certainty, enhanc-
ing knowledge about the system’s state. In contrast, our
model is grounded in a psychological paradigm rather than
purely mathematical representations of uncertainty. More-
over, PAS-MDPs seek to minimize cognitive costs and the
psychological impacts of uncertainty, by minimizing un-

certainty early and consistently. Additionally, our approach
specifically focuses on the uncertainty tied to the distribution
of possible trajectories the system may encounter –a feature
not directly addressed in other models.

Certain specialized models, such as the AA-MDP
(Vanhée, Jeanpierre, and Mouaddib 2022) and Rρ-POMDP
(Gutsche and Vanhée 2023), also incorporate a psychologi-
cal basis for managing uncertainty through mechanisms that
address anxiety, similar to our approach. Nonetheless, these
models primarily deal with uncertainty about expected re-
wards and uncertainty about the current (hidden) state, with-
out specifically targeting the reduction of path uncertainty,
which is the central focus in our present work.

Formalizing Path Anxiety
Our Path anxiety-sensitive MDP (PAS-MDP) formalizes the
psychological cost associated with the uncertainty of future
courses of action the system may take, building on the in-
tegrative four-component anxiety framework from (Vanhée,
Jeanpierre, and Mouaddib 2022). As an approach, we focus
here on a specific implementation of this model for which
practical algorithms can easily be designed. This model can
be generalized for capturing a broader range of psycholog-
ical dynamics (e.g., non-additive preferences from decision
makers). In this framework, the object of anxiety is modeled
as the probability distributions over paths resulting from a
given policy π, formalized as follows:
Definition 1. A path distribution ∆h : T h → [0, 1] is a
probability distribution over all paths of size h ∈ N, where
T h is the set of all possible paths of size h. ∆h(τ) is the
probability for the path τ ∈ T h to occur.

∑
τ∈T h

∆h(τ) = 1.

A path distribution is a general representation of a
probability distribution over paths within a given hori-
zon. On the example of Figure 1, a distribution could be
((s0, s6, s7), 0.7), ((s0, ss, s3), 0.3).
Definition 2. A policy-induced path distribution ∆π,h :
T h → [0, 1] is the path distribution induced by following
policy π for h steps. ∆π,h(s0, s1, . . . , sh) is formalized as:{

1 h = 0

T (s0, π(s), s1)×∆π,h−1(s1, . . . , sh) h > 0.
(1)

A policy-induced path distribution is a specific path dis-
tribution issued from following a given policy given a start-
ing state. This distribution should comply with constraints
relative to the dynamics of the MDP. A policy-induced path
distributions for a set of policies on the example from Figure
1 can be found in the extended version of the paper.
Definition 3. A policy-induced path distribution from s0,
defined as ∆s0,π,h : T h → [0, 1] is the distribution over all
paths induced by following policy π, for h steps that start by
s0 ∈ S. Formally, ∆s0,π,h(τ) = ∆π,h(τ) for τ starts with
s0 and 0 otherwise.

∑
τ∈T h

∆s0,π,h(τ) = 1.

An illustration policy-induced path distributions in the
running example can be found in the extended version
of the paper. For example, the path distribution from s0
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induced by πR,∗ (i.e., the policy optimizing for rewards
only) is: ∆s0,π

R,∗,3 = {(s0, s2, s4) : 0.35; (s0, s2, s5) :
0.15; (s0, s3, s7) : 0.5}.
Definition 4. The instant path anxiety IAnxπ,h(s) quan-
tifies the degree of uncertainty tied to possible trajectories
resulting from applying π for h steps from s. This uncer-
tainty is quantified by the Shannon entropy (see annexes for
a justification and extended model) as:

IAnxπ,h(s) = H(∆s,π,h). (2)

As an illustration, the instant anxiety of the various
policies in the running example can be found in the ex-
tended version of the paper. For example, the instant anxi-
ety for the policy πR,∗ (i.e., the policy maximizing rewards)
IAnxπR,∗,2(s0) = H(∆s0,π

R,∗,h) = 1.44. A comparison of
the instant anxieties of the various policies of the running ex-
ample allows demonstrating the soundness of the approach.
IAnxπ↑,2(s0) achieves the lowest uncertainty as they can
only encounter two paths with (s0, s1, s4) being relatively
probable, followed by IAnxπ↓,2(s0), which can reach two
paths as well, but each with a probability of 50%, hence cre-
ating more uncertainty than π↑. Last, IAnxπR,∗,2(s0) is the
highest, which is sound as well, as it features more paths
than π↓, each with a lower or equal certainty than the paths
of π↓.
Definition 5. The cumulated path anxiety CAnxπ,h(s) rep-
resents the expected exposure over time to instant path anxi-
ety when following π for h steps. CAnxπ,h(s) is represented
as:

IAnxπ,h(s) h = 0

IAnxπ,h(s)+∑
s′∈S T (s, π(s), s′)× CAnxπ,h−1(s′) h > 0.

(3)

An illustration of the importance of the cumulative ef-
fect can be found in the extended version of the paper.
When comparing the instant and cumulated anxiety scores
for πR,∗ (i.e., the reward-maximizing policy) and π↓ (the
policy of selecting the action that is visually the lowest
in the display in Figure 1) from the running example, it
can be observed that IAnxπR,∗,2(s0) < IAnxπ↓,2(s0), but
CAnxπ↓,2(s0) < CAnxπR,∗,2(s0). This outcome is desir-
able and can be explained by examining Figure 1: in s0,
π↓ selects an action that introduces high uncertainty in the
trajectory, but once this action is resolved, the system only
enters states where the future paths considered by π↓ are
certain. Conversely, πR,∗ delays the action that would elimi-
nate uncertainty about future paths, leading to greater uncer-
tainty over time. This observation aligns with human behav-
ior, where anxiety increases the tendency for early resolution
of uncertainty (often referred to as impatience when this res-
olution comes at the expense of future rewards (Whitmont
1952)).
Definition 6. A Path Anxiety-Sensitive MDP (PAS-MDP) is
defined as a tuple ⟨S,A, T,R, h, s0,W ⟩, where S,A, T,R
and h correspond to the classic representations of an MDP,
s0 corresponds to a starting state and W ∈ [0, 1] represents

the anxiety-sensitivity factor, i.e. the relative importance for
avoiding anxiety over collecting rewards as W tends to 1.

This representation simply expands the classic represen-
tation for a MDP with W , the anxiety-sensitivity factor.
W = 0 means that only rewards are considered and W = 1
means that only anxiety is considered.
Definition 7. A path anxiety-sensitive Value Function
ASV π,h : S → R represents the scaled compromise be-
tween the reward acquisition and anxiety avoidance for
a horizon h, defined as ASV π,h(s) = (1 − W ) ×
V π,h(s) − W × CAnxπ,h(s) × VA norm + η−V , where
VA norm , is a rescaling factor between value and anxi-
ety, formalized as VA norm = (η+V − η−V )/(η

+
A − η−A)

and η−V = argminπV
π,h(s0), η+V = argmaxπV

π,h(s0),
η−A = argminπASV

π,h(s0), η+A = argmaxπASV
π,h(s0).

This definition expands the classic definition of the value
function (i.e., cumulated rewards) for also including cumu-
lated path anxiety. Because the reward function R possibly
relies on an arbitrary scale (e.g., value in dollars, cost in
time), a scaling operation between rewards and anxiety al-
lows ensuring a comparability across these values. Here, we
propose a linear mapping between the minimum and maxi-
mum of anxiety and the minimum and maximum of rewards.
In this definition, policies that maximize the path anxiety-
sensitive value function are Markovian, as their value only
depends on the current state without requiring memory from
prior events. In the running example, πR,∗ is the optimal pol-
icy for W = 0 (i.e. pure reward maximisation) and π↓ is the
optimal policy for W = 1 (pure anxiety avoidance) and π↑

balances reward acquisition and anxiety avoidance.

Fast Algorithms for Solving PAS-MDPs
Optimal PAS-MDP policies can be computed by straight-
forwardly extending the backpropagation function of the
classic value iteration algorithm (Russell and Norvig 2021;
Sigaud and Buffet 2013) such as, for iteration i and for every
state s, are propagated: 1) the expected value V of s given a
horizon i, as per usual, 2) the path distribution ∆ of length i
from s, 3) the expected cumulated path anxiety CAnx from
s within a horizon i, which can be computed by integrating
instant path anxiety derived from ∆. This algorithm, which
we call the VI-PAS-MDP algorithm is used as well for com-
puting VA norm , through four executions of the algorithm,
in which the argmax of line 4 is replaced, respectively, by
R(s), −R(s), IAnxπ,h(s), −IAnxπ,h(s) for s0. After these
four executions, a final execution is then run, in which the
reward for state s is computed as R(s) + VA norm . The
VI-PAS-MDP algorithm is detailed in Algorithm 1. A proof
of the VI-PAS-MDP algorithm is available in annexes1.

Due to the exhaustive enumeration of all possible paths
of length h given any state, Algorithm 1 a complexity ex-
ponential on h. The (Value-Iteration) VI-PAS-MDP algo-
rithm2 makes this approach practical through two key sim-
plifications. First, the VI-PAS-MDP algorithm represents
the distribution ∆ as a mapping that pairs each probabil-
ity value with the count of paths having that probability. For

2https://github.com/lvanhee/path-anxiety-mdp
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Algorithm 1: VI-PAS-MDP: Compute π∗
h and ASV for a

PAS-MDP. VA norm can be computed by altering Line 4
and Line 7 with W = 0 or W = 1 and inverting R

1: π∗ ← any arbitrary policy. ∀s ∈ S : V π∗,0(s) ← R(s),
CAnxπ∗,0(s)← 0, ∆s,π∗,0 ← {() : 1}

2: for i ∈ [1, h] do
3: for s ∈ S do
4:

a∗ ←argmaxa

∑
s′∈S

T (s, a, s′)(1−W×)V π∗,i−1(s′)+

W × VA norm × CAnxπ∗,i−1(s′)
5: π∗(s)← a∗

6:
∆s′,π∗,i ← {(s.s′.τ) : T (s, a∗, s′)×∆s′,π∗,i−1(τ)

| s′ ∈ S, τ ∈ T h−2}.
7: V ∗,s(s)← R(s) +

∑
s′∈S

T (s, a∗, s′)× V π∗,i−1(s′)

8:
CAnxπ∗,i(s)←IAnxπ∗,i(s)+∑

s′∈S

T (s, a∗, s′)× CAnxπ∗,i−1(s′)

9: end for
10: end for
11:
12: return π∗

example {τ1 : 0.25; τ2 : 0.5; τ3 : 0.25} is represented as
{2 : 0.25; 1 : 0.5}, meaning “two paths have a probability
of 0.25 and one path has a probability of 0.5”. This simplifi-
cation preserves the necessary information about the number
of paths with specific probabilities in ∆ as two distinct paths
cannot become equal when the horizon is extended, which
is the only information required for computing the Shannon
entropy.

Second, as the set of possible paths can grow arbitrar-
ily, the mapping can become arbitrarily large. To address
this, the mapping is replaced by a k-bounded bag of par-
ticles, using a method similar to Monte Carlo planning in
POMDPs representations (Silver and Veness 2010) and rep-
resentations used in similar contexts (Vanhée, Jeanpierre,
and Mouaddib 2022). When the number of particles exceeds
k, the two closest particles are fused into one by adding
their counts and averaging their probabilities weighted by
their count, thereby preserving both their total density and
the total count of paths. This representation ensures a hard
boundary on memory usage and update operations. In terms
of complexity, all operations within the core of the for loop
have costs comparable to the standard value iteration algo-
rithm, except for Line 6 of Algorithm 1, which involves cre-
ating a bag of particles with a size upper-bounded by |S|×k.
Since fusing k′ elements into a k-sized bag can be performed
in O(k′ × log(k)) assuming sorted bags, the overall com-
plexity of the algorithm is O(h× |A| × |S|3 × log(k)).

Method
This section puts in place the method for validating the rel-
evance of PAS-MDPs for both 1) operational assessment,

Figure 2: The simulation environment represented in a grid.

by showing that the VI-PAS-MDPs produce policies per-
taining to lower cumulated anxiety when anxiety sensitiv-
ity increases and that effective compromises between cumu-
lated anxiety minimization and reward maximization can be
achieved, and 2) managing to replicate human-like behav-
iors, by comparing the behaviours resulting from increas-
ing anxiety sensitivity in our policies with human anxiety-
sensitive behavior.

Experimental Setup
The setup, illustrated in Figure 2, consists of a robot navi-
gation problem on a 30 × 40 2D grid where the robot must
reach a goal while navigating obstacles and various floor tex-
tures that affect its likelihood of slipping with each action,
adapting the experimental setup from (Chow et al. 2015;
Vanhée, Jeanpierre, and Mouaddib 2022). The set of states
corresponds to the grid tiles plus a pit state. Four actions are
available, each corresponding to a direction the robot intends
to reach (North, South, East, West). Each tile is associated a
slipperiness level, which influences the transition function.
When the robot is located on a normal (i.e. white) tile, it
has a probability 0.9 of landing into the intended tile and a
probability of 0.05 of landing into any of the two tiles adja-
cent to the intended tile in the intended direction. For exam-
ple, if (5, 7) is normal then T ((5, 7), N, (5, 8)) = 0.9 and
T ((5, 7), N, (4, 8)) = T ((5, 7), N, (6, 8)) = 0.05. When
the robot is located on slippery (i.e. blue) tile, it has a
probability of 0.7 of landing into the intended tile and has
a chance of 0.1 of landing in any of the three tiles one
step further the intended tile. For example, if (5, 7) is slip-
pery, T ((5, 7), N, (5, 8)) = 0.7 and T ((5, 7), N, (4, 9)) =
T ((5, 7), N, (5, 9)) = T ((5, 7), N, (6, 9)) = 0.1. When the
robot is located on a gripping (i.e. red) tile, the intended tile
is reached with a probability of 1. When the robot is on the
goal, an obstacle, or the pit state, the system transitions to
the pit state with a probability 1. The system receives a re-
ward of: 0 when in the pit state, −100 when in an obstacle
state, 1 when in the goal state, and −1 otherwise (represent-
ing battery consumption). The parameters are set as k = 100
and h = 140. A visual representation of the transition func-
tion and the transition rules of this example are provided
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V π∗,h(s0) CAnxπ∗,h(s0)
W = 0 -55.65 432.33
W = 0.1 -55.70 379.65
W = 0.3 -62.33 81.05
W = 0.5 -63.13 32.68
W = 0.8 -65.38 2.84
W = 1 -104.01 2.41

Table 1: Exact value and cumulated anxiety for various lev-
els anxiety sensitivity (W ) in the validation scenario

in annexes1. W is an independent variable altered by the
various experiments. A first analysis was performed for all
values W in [0, 1] in increments of 0.1. Six values of W
were selected for final analysis as they led to the most signif-
icant shifts in the systems’ strategies: 0, 0.1, 0.3, 0.5, 0.8, 1.
anxiety-sensitive responses are enforced by the map dispo-
sition that include a straightforward central path to the goal
that features more slippery tiles (which are more uncertain
but, when used adequately, have a probability of saving one
to two turns), a side path that features more gripping tiles,
but requires to perform detours should the system seek to
minimize uncertainty. All experiments were run on a classic
desktop computer (i7 CPU, 16 GB of RAM, Windows 11,
Python 3.6.15).

Measurements
We captured and analyzed an array of performance indica-
tors (value, cumulated anxiety, number of possible paths) to-
gether with behaviorial indicators (number of various types
of visited tiles, overview of the intended paths) depending on
the anxiety sensitivity W . The number of paths is computed
by expanding the backpropagation algorithm by adding a
variable #paths

k defining the number of paths for s with a
horizon k, such that:

#paths
k =

∑
s′∈{s′|T (s,π∗

k(s),s
′)>0}

#paths′

k−1.

This method allows counting the number of possible paths
without requiring their exhaustive enumeration.

Results and Analysis
Quantitative Performance Indicators
Table 1 introduces the impact of W on both value and cu-
mulated anxiety and Figure 3 relates these two variables
together. These table and figure show the emergence of a
clear Pareto front, where increasing W yields to a succes-
sion of Pareto tradeoffs between cumulated anxiety mini-
mization and and expected value maximization. The relation
between W , value, and cumulated anxiety appears to follow
non-linear thresholds. The transition from W = 0 (i.e., the
classic MDP optimization) to W = 0.1 yields to a reduc-
tion of 12.2% of cumulated anxiety for < 1% of reduced
value. When comparing W = 0 with W = 0.3, 81.3% of
cumulated anxiety is removed for 12.0% of reduced value.

These results demonstrate that the VI-PAS-MDP indeed
optimize value versus anxiety exposure and that its output

Figure 3: Expected value and cumulated anxiety for various
levels of anxiety sensitivity W . Exact numbers are listed in
annexes1. The top-right value (W = 0) corresponds to the
output of classic optimized Markovian policies.

W 0 0.2 0.4 0.6 0.8 1
# paths 1049 1048 1047 1044 109 105

Table 2: Order of magnitude of the number of paths depend-
ing on W

corresponds to psychological findings, i.e. increasing sen-
sitivity to anxiety yields to behaviors that lower the total
exposure to anxiety at the expense of value. Additionally,
these results show that significant exposure to anxiety may
be achieved at minimal cost in terms of value, which shows
the practical relevance of anxiety-sensitive planning.

Number of Possible Paths
The number of possible paths that policies generated by the
system may reach provides a relevant indicator of how much
path anxiety the system is exposed to. Table 2 depicts the
relationship between W and #paths

k from the initial state
and horizon. The table shows an exponential decrease in
the number of reachable paths when the sensitivity to un-
certainty W increases, from an order of magnitude of 1049
unique paths for W = 0 (i.e. for the optimal policy π∗ com-
puted by the classic Value Iteration algorithm) to 105 paths
for W = 1 (i.e. the pure anxiety-avoiding policy). A dra-
matic decrease can be observed from W = 0.6 to W = 0.8,
from 1044 to 109 possible paths.

These results are congruent with expectations on how
the output of the algorithm should respond to various lev-
els of anxiety sensitivity. In regards to practical considera-
tions, these results when crossed with the ones from Figure
3 show the feasibility for a dramatic reduction in the number
of possible trajectories that the system may take while still
achieving a high level of performance (for e.g., W = 0.8),
when comparing these numbers with those of classic Marko-
vian optimization (for W = 0). Such reduction can prove
highly relevant for operators and stakeholders depending on
the output of the system to reduce their own uncertainty on
how the system may behave. Last, these results are congru-
ent with findings from psychology, i.e., heightened anxiety
sensitivity yields to strategies leading to more controllable
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Figure 4: Expected value depending on W . From left to right and top to bottom, W = 0,W = 0.1,W = 0.3,W = 0.5,W =
0.8, and W = 1. The most likely path according to the policies is indicated by a black line. A heat map is plotted over the
normal tiles, representing the expected reward from that state.

courses of action (e.g., a preference for routine, habitual be-
havior, and controllable environments).

Quantitative Behaviorial Indicators
The impact of W on behavior can be quantified via the prob-
ability of reaching various distributions of various types of
tiles given the policies generated depending on W . Table
3 shows that, as W increases, more and more visits of more
slippery tiles are traded off for visits of normal tiles and then
of gripping tiles, hence yielding to paths that, in average, are
increasingly longer and rely on less uncertain tiles, which
are, in average, slower than more uncertain tiles. These re-
sults are in alignment with what one may expect from what
the algorithm should generate, for the relevance of such al-
gorithm for practical purposes, and for replicating human-
like anxiety-sensitive behavior.

Qualitative Behaviorial Indicators
Four main strategies, illustrated in Figure 4, emerge from
varying levels of anxiety sensitivity W , each of which can be
linked to the human anxiety-sensitive responses to exposure
to uncertainty listed in the background section.
Insensitivity to anxiety (W = 0): pure rational behavior. In
this setting, the robot selects the shortest and fastest route
to the goal, maximizing opportunities for crossing slippery
tiles, which generally allow reaching the goal quicker.
Minimal Sensitivity (W = 0.1): cost-free uncertainty aver-
sion. The system behaves similarly to the W = 0 case,

except that it systematically trades normal tiles for grip-
ping tiles, provided that the path length and the number of
reached slippery tiles remain the same. This type of strategy
reflects the functional role of anxiety, which enhances safety
and preserves cognitive resources by reducing exposure to
avoidable factors of uncertainty.
Mild sensitivity (W = 0.3): satisficing. The system switches
to bottom route, favoring slippery tiles when possible and
otherwise gripping tiles. Although it still seeks the short-
est path (though no longer the fastest) and opportunistically
uses slippery tiles, it sacrifices some optimality to reduce
uncertainty by staying on more gripping tiles. Early signs
of status quo bias, default option selection, and minimalist
decision-making begin to appear.
Medium sensitivity (W = 0.5): uncertainty aver-
sion/intolerance. The tendencies observed in the previous
stage become more pronounced. While maintaining an opti-
mal path length, the system actively avoids stepping on slip-
pery tiles. This behavior mirrors psychological tendencies
where increased anxiety sensitivity leads to greater influence
of biases, including actively avoiding taking opportunities
for the same of reducing the uncertainty, even if these op-
portunities may only open for positive outcomes (such as
e.g., students avoiding an exam to evade the uncertainty of
whether they will pass).
High sensitivity (W = 0.8): perfectionism. the system di-
rectly follows the gripping path to the goal. This behavior
is akin to perfectionist strategies, where the goal is still pur-
sued, but effectiveness is heavily compromised in favor of
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slippery normal gripping total
W = 0 14 42 3 59
W = 0.1 14 40 5 59
W = 0.3 3 23 37 63
W = 0.5 0 21 42 63
W = 0.8 0 3 62 65
W = 1 goal tile not reached

Table 3: The distribution of encountered tile types for differ-
ent settings of W when following the intended route.

minimizing exposure to uncertainty.
Maximal sensitivity (W = 1), self-sabotage/self-harm. The
system chooses the quickest route to a failure state, thereby
minimizing exposure to uncertainty. This behavior corre-
sponds to pathological anxiety sensitivity, where reduc-
ing anxiety overrides goal-directed behavior (e.g., outright
avoidance of goals, self-sabotage, self-harm). Crossing with
Table 2, this policy still considers 105 paths, which mostly
correspond to unlikely sequences of sliding away from the
closest obstacle.

Altogether, these behaviors are highly congruent with
psychological findings relating how increasing levels of anx-
iety sensitivity influences human behaviors.

Conclusion
This paper introduces a new formalism that we call Path
anxiety-sensitive Markov Decision Processes (PAS-MDP).
This formalism is designed to generate policies that bal-
ance utility maximization with the minimization of exposure
to path uncertainty (i.e. the uncertainty tied to the possible
paths that the system may encounter). PAS-MDPs incorpo-
rate a model of human anxiety that allows representing and
adapting to the psychological impact of uncertainty (Bar-
low 2002; Miceli and Castelfranchi 2005, 2014; Rapee et al.
1996). The paper also presents two algorithms for finding
optimal PAS-MDP policies: an exact algorithm with expo-
nential complexity and an approximate algorithm with poly-
nomial complexity. Last, this paper shows the soundness of
PAS-MDPs for achieving practical relevance, by showing
their capacity to reduce the exposure to anxiety and the num-
ber of possible paths that the system may undertake by sev-
eral orders of magnitude in exchange for minimal costs in
terms of utility. This paper also shows the relevance of PAS-
MDPs as a psychologically grounded model, by success-
fully replicating key anxiety-sensitive behaviors observed
in fundamental psychology research. Due to space restric-
tions (for introducing new background, formalizations, al-
gorithms, and experiments), a structured, multi-experiment
comparison with related research such as (Vanhée, Jean-
pierre, and Mouaddib 2022; Gutsche and Vanhée 2023) is
left for future work. Due to the inherent conceptual differ-
ences between paths, rewards, and epistemic uncertainty sig-
nificant resemblances (e.g., prefer more controllable trajec-
tories) and differences can be expected (e.g. uncertain paths
yielding to the same reward vs. few paths yielding to very
different rewards).

PAS-MDPs offer exciting insights into the key AP sys-

tems scientific challenges that motivate this research. A sig-
nificant contribution of PAS-MDPs is their ability to gener-
ate plans that enhance predictability and control over future
courses of action the system is likely to encounter when ap-
plying this plan, mirroring human decision processes. From
a technical perspective, by proactively and preventively re-
ducing and controlling the range of possible trajectories,
PAS-MDPs reduces the exposure to low-probability edge
cases and hence having a positive effect on practical deploy-
ment. These plans are also simpler to express and represent
in a compact way. Our approach also provides the modelling
foundations for detecting significant deviations by observing
when the system engages in highly improbable paths.

As future work, further variants of PAS-MDPs be con-
sidered. In particular alternative measures of instant uncer-
tainty should be investigated, such as capturing specific psy-
chological or applicative dynamics (e.g., individuals may be
more likely to disregard certain paths, individuals may rely
on simplificatory models of trajectories thus fusing simi-
lar paths, individuals may overestimate unlikely paths that
are considered undesirable). Alternative models of anxiety-
sensitive MDPs should be considered for capturing other
forms of uncertainty, such as models using online learn-
ing to capture partially-defined transition functions or uncer-
tainties relative to transition functions. Experiments on ad-
ditional examples can further consolidate the generalizabil-
ity of the findings. Experiments with different values for k
can provide insights on the tradeoffs between computational
costs and precision. While differences between PAS-MDPs
and risk-aware MDPs (Chow et al. 2015) can be underlined
from a theoretical standpoint (e.g., an optimal policy may
take additional risks if these risks allows for a rapid reduc-
tion of the number of possible paths), a systematic empirical
comparison can help further substantiating the differences.

From an applicative standpoint, PAS-MDPs offer highly
desirable features for human users, particularly in the realms
of trustworthy and explainable AP and human-AP collabora-
tion. By making the system’s strategy easier to express, un-
derstand, and monitor, PAS-MDPs enhance the transparency
and reliability of AP systems. The results show that these
desirable properties are achieved with minimal impact on
utilitarian optimality. In the long term, PAS-MDP policies
contribute to more stable and predictable system behavior,
making it easier to integrate these systems into human rou-
tines, which is crucial for their relevance in society.

From a social impact standpoint, PAS-MDPs provide a
cost-effective approach to reducing the anxiety that AP sys-
tems can cause in humans, addressing the growing psycho-
logical toll associated with traditional AP systems focusing
almost solely on utility maximization (Burr, Taddeo, and
Floridi 2020; Saxena 2018). This approach enhances the rel-
evance of AP systems not only as tools for optimizing per-
formance but also as means to incorporate the psychological
health and well-being of individuals into societal operations.
As our societies move towards the widespread adoption of
autonomous vehicles for daily commutes, wouldn’t we pre-
fer these vehicles to stay, by default, on the beaten path?
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