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Online Pareto-Optimal Decision-Making for
Complex Tasks using Active Inference
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Abstract—When a robot autonomously performs a complex
task, it frequently must balance competing objectives while
maintaining safety. This becomes more difficult in uncertain
environments with stochastic outcomes. Enhancing transparency
in the robot’s behavior and aligning with user preferences are
also crucial. This paper introduces a novel framework for multi-
objective reinforcement learning that ensures safe task execution,
optimizes trade-offs between objectives, and adheres to user
preferences. The framework has two main layers: a multi-
objective task planner and a high-level selector. The planning
layer generates a set of optimal trade-off plans that guarantee
satisfaction of a temporal logic task. The selector uses active
inference to decide which generated plan best complies with
user preferences and aids learning. Operating iteratively, the
framework updates a parameterized learning model based on col-
lected data. Case studies and benchmarks on both manipulation
and mobile robots show that our framework outperforms other
methods and (i) learns multiple optimal trade-offs, (ii) adheres to
a user preference, and (iii) allows the user to adjust the balance
between (i) and (ii).

Index Terms—Multi-Objective Decision Making, Active Infer-
ence, Formal Synthesis

I. INTRODUCTION

THE demand for robots to autonomously perform haz-
ardous and repetitive tasks is steadily increasing [1, 2].

Such tasks often involve multiple, possibly competing, quanti-
tative objectives, e.g., time and energy, requiring optimization
for trade-offs between the objectives, known as Pareto opti-
mality. In unknown environments, like the Martian surface or
civilian households, however, such quantities are often stochas-
tic and unknown a priori. Fortunately, they are measurable and
can be learned online. The robot should make decisions to
learn multiple optimal trade-offs, as well as focus on learning
a single user-preferred trade-off. Although highly desirable,
accomplishing both simultaneously is challenging since the
trade-off selection must balance exploring unknown trade-offs
with exploiting preferred trade-offs. This paper focuses on this
challenge and develops a framework that simultaneously (i)
learns multiple optimal trade-offs, (ii) embeds an intuitive user
preference over a desired trade-off, and (iii) allows the user to
adjust the balance between (i) and (ii).

Example 1. Consider the robotic dishwashing scenario
in Figure 1. The robotic manipulator is equipped with a
sampling-based motion planner (e.g., RRT and PRM [3, 4])
that solves A-to-B planning queries. The robot must repeti-
tively complete a complex task of inserting the dishes into
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Fig. 1: Motivating robotic dishwashing scenario: a robotic
manipulator needs to compare execution time of a task and
inherent risks of dropping fragile dishes (the jar is more fragile
than the blue pitcher). The user’s preferred trade-off between
time and risk is incorporated for transparent behaviors.

the dishwasher, then properly drying them by either placing
directly up on the rack, or placing on the towel and moving
them to the floor. In such a scenario, the robot should be both
efficient (minimize the time of execution) and risk-aware when
carrying fragile dishes high above the ground. However, due
to the nature of sampling-based methods, the characteristics of
actions (time and path-height) are unknown a priori, and hence
the robot needs to construct accurate models of these quantities
during deployment. The robot can either quickly place dishes
up on a drying rack (low-time, high-risk for fragile objects),
or manually dry dishes on the ground (high-time, low-risk).
Considering a human user may prefer one trade-off over the
other, the robot must both learn the quantitative models, and
decide amongst optimal trade-off actions while adhering to
the user’s preference. In this work we generalize this scenario
using an information-theoretic approach to reasoning over such
cost functions that are unknown, multivariate, and stochastic.

Embedding the satisfaction of a task into the (multi-
objective) reward function often aims to capture both qual-
itative properties of the task (i.e., whether or not the robot
completed the task), as well as quantitative properties (i.e.,
how well the robot completed the task) [5]. However, properly
representing qualitative task completion through a reward
function is a challenging problem, often requiring the use of
methods such as inverse reinforcement learning (IRL) [6]. In
uncertain environments, it is not always possible to obtain
large amounts of human teaching data. Furthermore, these
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learning-based methods often fail to provide safety guaran-
tees on the qualitative behavior of the robot. Nevertheless,
in scenarios where qualitative aspects of the robotic model
and task are known beforehand, e.g., manipulation problems,
formal methods [7] provide alternative approaches to both
task representation and plan synthesis using temporal logic
specifications, such as Linear Temporal Logic (LTL) [8] and
LTL over finite traces (LTLf) [9]. These planning methods
can solve the qualitative portion of the learning problem and
provide guarantees on the completion of tasks and safety while
avoiding the need for IRL. Formal synthesis approaches have
also been used to solve multi-objective quantitative planning
problems [10]; however, those approaches assume a perfectly
accurate quantitative model, which is often unavailable.

Decision making problems involving competing objectives
can be formulated as multi-objective reinforcement learning
(MORL) [11, 12, 13, 14]. Unlike single-objective RL, MORL
agents must select among potentially many optimal trade-
offs. The numerical valuations of these optimal trade-offs are
referred to as the Pareto front. Learning all optimal trade-offs
yields valuable insight into the trade-off analysis of the learned
results. However, in some situations, only local preferred sub-
regions of the Pareto front may be of interest [15], allowing
the learner to avoid spending effort learning unpreferred trade-
offs. The Multi-Objective Multi-Armed Bandit (MOMAB)
community studies means of learning all optimal trade-off ac-
tions [16, 17, 18, 19]. Alternatively, one can use scalarization
to convert the multi-objective problem into a single objective
problem based on a preference trade-offs [11, 12, 13, 14].
Further description of these methods can be found in Sec. V.
To the best of our knowledge, no MORL selection methods
simultaneously propose mathematically sound adherence to a
preferred trade-off while learning and exploring portions of
the true Pareto front.

In light of these gaps, this study proposes a novel MORL
framework centered around viewing optimal trade-off selec-
tion as its own high-level decision making under uncertainty
problem. Specifically, we employ active inference (AIF), re-
cently explored as a sound approach for sequential decision-
making under uncertainty [20, 21, 22, 23] that minimizes
an information-theoretic quantity known as surprise. Loosely
speaking, surprise quantifies how well a probabilistic model
can describe an observed outcome. By viewing multi-objective
utility associated with completing the task (in our case a cost
vector) as the probabilistic outcome, we exploit the decision
making power of AIF to adhere to a user’s ideal trade-off while
exploring and learning localized portions of the whole Pareto
front. By encoding the aforementioned trade-off preference
as a prior belief over outcomes, choosing plans that minimize
surprise will not only learn the unknown costs, but also realize
the user’s desired trade-off. To harness the rigorous benefits
of surprise-minimization however, one must reason over the
statistics of the transition cost model. In turn, the simple
scenario in Example 1 may become very complex when little
is known about the transition cost model a priori.

Directly optimizing surprise, however, introduces intractable
computational complexity for finite-horizon tasks. Our frame-
work integrates multi-objective planning for a complex LTLf

specification with high-level selection of an optimal trade-
off by using a Bayesian approach to learning the quantita-
tive model. We extend AIF to reasoning over finite horizon
planning via upper-bounding the surprise with expected free
energy (EFE). We derive computationally tractable techniques
for optimizing EFE for LTLf tasks.

Using our framework, we illustrate the performance trade-
offs between biasing towards a user’s preferred trade-off versus
learning the entire Pareto front. Our information-theoretic
approach to MORL lays the foundation for rigorously planning
over a probabilistic cost-model while incorporating an intu-
itive formulation of the user’s preference. We showcase the
utility of our approach using robotic case studies, including
a hardware demonstration of the scenario in Example 1.
Additionally, we show that our inference-based formulation
can result in better sample efficiency for both achieving Pareto-
optimal behavior as well as learning portions of the Pareto
front.

The major contributions of this work are three-fold:

• A novel MORL framework that combines formally guar-
anteed task plan synthesis with efficient learning of
Pareto-optimal behavior,

• Derivation of a tractable approximation of a expected free
energy formulation for finite horizon planning over an
uncertain quantitative model,

• Benchmarking the efficacy of the proposed AIF-based
selection strategy against the state-of-the-art methods
[12, 14, 19], along with Mars surface exploration sim-
ulation and a robotic hardware dish-washing experiment.

A detailed discussion on related work along with an
overview of AIF are provided in Sec. V.

II. PRELIMINARIES AND PROBLEM FORMULATION

This paper studies a framework that enables a robot to (i)
repetitively complete a given high-level complex task, and (ii)
learn the most efficient and user-aligned means of completing
the task. These two goals separate nicely into qualitative
behavior, i.e., whether or not the robot completes the task, and
quantitative behavior, i.e., how well the robot completes the
task. We restrict our attention to problems where qualitative
aspects of the model (i.e. robotic states, state transitions, task
related observations, etc.) are known, but quantitative aspects
(i.e. costs of executing robotic actions) are unknown and must
be learned. Below, we first formally define a robot model and
LTLf task specifications. We then connect these definitions
with cost uncertainty and user preferences to be able to fully
formulate the problem.

A. Robot Model

We consider a robotic system modeled as a deterministic
transition system (DTS), an abstraction used in many formal
approaches to robotic systems, including both mobile robots
and robotic manipulators [7, 24, 25, 26, 27, 28, 29]. To capture
uncertainty in quantitative values, we augment classical DTS
with a stochastic cost function as defined below.
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Fig. 2: The DTS-sc T described in Example 2 is shown. Each
state-action transition is associated with an (example) unique
cost distribution shown in blue. A plan that satisfies the task
described in Example 3 is indicated by the red transitions.

Definition 1 (DTS-sc). A labeled Deterministic Transition
System with a stochastic cost function (DTS-sc) is a tuple
T = (S,A, δT , C, AP, L), where

• S is a finite set of states,
• A is a finite set of actions,
• δT : S ×A→S is a deterministic transition function,
• C : S×A→D(RN ) is a stochastic cost function that maps

each state-action pair to an N -dimensional probability
distribution, where N ∈ N and D(RN ) is the set of all
probability distributions over RN ,

• AP is a set of atomic propositions related to the robot
tasks, and

• L : S→2AP is a labeling function that assigns to each
state s ∈ S the subset of propositions in AP that are
true in s.

A robot plan π ∈ A∗ is a finite sequence of ac-
tions π = a0a1 . . . am that induces a trajectory τ(s0, π) =
s0s1 . . . smsm+1 from a current state s0 ∈ S, where sk ∈
S and, for all 0 ≤ k ≤ m + 1, sk+1 = δT (sk, ak).
The observation of τ(s0, π), denoted L(s0, π), is a trace
L(s0, π) = o0o1 . . . om+1 where ok = L(sk).

Example 2. Consider a simplified DTS-sc model in Fig. 2 of
the dishwashing scenario described in Fig. 1 with five states
capturing the locations of each dish (Jf : jar on floor, Pr:
pitcher on rack, etc.), and two actions load and unload.
Each state observes either {dry} or {wash}. Each action from
a state takes time and incurs some risk when transporting the
jar, modeled with a unique multivariate cost distribution for
each state-action pair.

When robot takes action a ∈ A at state s ∈ S, it endures
N distinct types of costs cs,a = (c1, . . . , cN ) ∈ RN , e.g.,
energy expenditure and time of execution. This cost vector
can generally be stochastic, i.e., the cost value of executing a
at s can differ at different instances due to, e.g., changes in the
environment or use of randomized algorithms (sampling-based
planners). Hence, cs,a is a random variable whose distribution
is given by C(s, a), i.e., cs,a ∼ C(s, a). With an abuse of
notation, we use c as the cost random variable for all state-
action pairs, and hence (c | s, a) = cs,a.

We treat C(s, a) as a conditional distribution of a proba-

bilistic transition-cost generative model, parameterized by the
set of parameters Θ, i.e.,

C(s, a) = p(c | s, a; Θ).

For ease of presentation, we denote (s, a) specific parameters
by θs,a ⊆ Θ such that Θ = ∪s∈S,a∈Aθs,a.

We assume robot model T is a Markov process. That is, c
for each state-action pair is independent, i.e., p(c |s, a; θs,a) is
independent from p(c | s′, a′; θs′,a′) for all (s, a) ̸= (s′, a′) ∈
S×A. Further, we assume each p(c |s, a; θs,a) is a multivariate
normal (MVN) distribution N (µs,a,Σs,a) parameterized by a
non-negative mean µs,a ∈ RN

≥0 and covariance Σs,a ∈ RN×N ,
i.e., θs,a = {µs,a,Σs,a}. Note that this assumption allows
for correlation between types of costs. For instance, if the
execution of a robotic action takes a long time, it is likely that
it also uses more energy.

In this work, we consider the realistic case where Θ are un-
known, i.e., both µs,a and Σs,a are unknown for every (s, a).
One of the goals of this work is to learn these parameters from
data collected on cs,a during execution.

Given a plan π and its induced trajectory τ , the cumulative
cost of executing π from state s0, denoted Cs0,π , is the sum
of the state-action costs along τ , i.e., Cs0,π =

∑m
k=0 csk,ak

.
Since each csk,ak

is a random variable, Cs0,π is also a random
variable, and its distribution is given by the convolution of the
csk,ak

distributions, i.e.,

p(C |s0,π; θs0,π)=p(c |s0, a0; Θ)∗. . .∗p(c |sm, am; Θ), (1)

where θs0,π parameterize the cost distribution of a plan,
constructed using Θ. Recall that p(c|sk, ak; Θ) is assumed to
be a MVN; p(C | s0, π; θs0,π) is also a MVN. Since true
Θ are unknown beforehand, we learn the parameters from
experience. We denote the learned parameters with the tilde
notation, i.e. θ̃, Θ̃.

B. Robotic Task

The robot is given a complex task that can be completed in
finite time. To specify such tasks in a formal manner, we use
Linear Temporal Logic over Finite Traces (LTLf) [9], which
combines propositional logic with temporal operators.

Definition 2 (LTLf Syntax). A Linear Temporal Logic over
Finite Traces (LTLf) formula over AP is recursively defined
as

ϕ := true | o | ¬ϕ | ϕ ∧ ϕ | ⃝ϕ | ϕU ϕ,

where o ∈ AP , ¬ (negation) and ∧ (conjunction) are Boolean
operators, and ⃝ (next) and U (until) are temporal operators.

The commonly-used temporal operators “eventually” (♢) and
“globally” (□) can be defined as ♢ϕ ≡ trueU ϕ and □ϕ ≡
¬♢¬ϕ, respectively.

The semantics of LTLf are defined over finite traces [9].
That is, an LTLf formula ϕ can be satisfied with a finite trace
w ∈ (2AP )∗ [9], denoted w |= ϕ. We define the language of
ϕ to be the set of finite traces that satisfy ϕ for the first time,
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i.e., let |w| be the length of w and w[k] for 1 ≤ k ≤ |w| be
the prefix of w with length k; the language of ϕ is defined as

Lϕ = {w ∈ (2AP )∗ | w |= ϕ ∧ w[k] ̸|= ϕ ∀k < |w|}.

We say plan π ∈ A∗ executed from s satisfies ϕ if the resulting
trace L(π, s) ∈ Lϕ.

Example 3. Following Example 2, we specify the task ϕ =
♢(wash ∧ ♢(dry)) stating “the robot should first wash the
dishes, and then dry the dishes.” An example plan that satisfies
this task is shown in red in Fig. 2.

We want the robot to execute task ϕ repeatedly. Specifically,
we are interested in synthesizing plans that episodically repeat
ϕ. That is, once a plan is complete (ϕ is satisfied), a new plan
has to be synthesized from the current state to satisfy ϕ again.
We assume that such a repetition is always physically possible
for the robot, i.e., the robot always ends in a state from which
there exists a plan that satisfies ϕ. For instance, in the above
example, after drying dishes, the robot always ends in a state
from which it can start washing a new pile of dirty dishes.
Thus, we focus on the set of satisfying plans from every state,
and refer to it as the ϕ-satisfying plan set.

Definition 3 (ϕ-Satisfying Plan Set). Given DTS-sc robot
model T , state s ∈ S, and LTLf task formula ϕ, ϕ-Satisfying
Plan Set Π(s, ϕ) is defined as

Π(s, ϕ) = {π ∈ A∗ | L(π, s) ∈ Lϕ}.

C. Optimization Objectives

At each planning (decision) episode from state s, we aim to
select a plan π⋆ ∈ Π(s, ϕ) that (in addition to completing task
ϕ) optimizes for the expected cumulative cost E[C | s, π; Θ].
Since Cs,π is N -dimensional, it is in fact an N -objective
optimization problem. Moreover, the cost objectives may be
competing, i.e., by optimizing one objective, another becomes
sub-optimal. Hence, we want to optimize for the trade-offs
between the objectives, which is known as Pareto optimal and
best defined by the notion of vector dominance.

Definition 4 (Vector Dominance). Let C,C ′ ∈ RN be two
vectors and C(i) be the i-th element of C. Vector C dominates
C ′, denoted by C ≺ C ′, iff C(i) ≤ C ′(i) for every 1 ≤ i ≤ N
and there exists an i such that C(i) < C ′(i).

Definition 5 (Pareto Optimal). For state s ∈ S and LTLf
formula ϕ, plan π ∈ Π(s, ϕ) is called Pareto optimal if π is
non-dominated among all plans in Π(s, ϕ), i.e.,

∄π′ ∈ Π(s, ϕ) s.t. E[C | s, π′; Θ] ≺ E[C | s, π; Θ].

The set of all Pareto optimal plans from s is denoted by
Π⋆(s, ϕ) ⊆ Π(s, ϕ). Then, for each π⋆ ∈ Π⋆(s, ϕ), E[C |
s, π⋆; Θ] is called a Pareto point, and the set of all Pareto
points is called the Pareto front, denoted Ω(s, ϕ).

At every planning episode, we desire to select a Pareto
optimal plan π⋆ ∈ Π∗(s, ϕ) which ensures that the expected
cost is not dominated by another plan. However, since Θ are

not available, it is impossible to compute for π⋆. Instead,
we can use Θ̃ to compute a learned set of ϕ-satisfying
Pareto optimal plans denoted Π̃⋆(s, ϕ) ⊆ Π(s, ϕ). Similarly,
let Ω̃(s, ϕ) denote the set of expected cost vectors of each
π ∈ Π̃⋆(s, ϕ).

D. User Preference

There are possibly many Pareto optimal plans that perform
ϕ. We are interested in picking a plan π⋆

pr that achieves the
user’s most-preferred Pareto point in every episode. Given that
our goal is autonomous operation, we require this preference
to be provided as an input before deployment. This poses
a challenge because the Pareto front is unknown a priori,
and the user cannot know the exact Pareto point they prefer.
Instead, as suggested in recent literature [23, 30], the user can
provide a probability density function (pdf) that serves as an
expressive way of capturing preferred observed outcomes. We
extend this notion to the multi-objective domain, and leverage
the expressive pdf preference as a tie-breaker between optimal
trade-off candidates.

We specifically focus on the user preference as a normal
distribution ppr(C) = N (µpr,Σpr) over the objectives since
it can be fully defined by only specifying a mean µpr ∈ RN

and covariance Σpr ∈ RN×N , respectively. Thus, by providing
µpr and Σpr, the user can not only express a desired trade-off
region in the objective space, but also specify the willingness
to explore alternative trade-offs (Pareto points) that allow the
robot to learn more quickly, offering means to address the
exploration-exploitation trade-off problem. From another per-
spective, if the user expresses a more precise preference (small
covariance), the learner can avoid exploring unprefferred trade-
offs, often resulting in higher sample efficiency (see Sec. IV).
This benefit achieved by eliciting a user’s preference a priori
is well known to multi-objective optimization [15].

Example 4. Suppose the dish-washing robot described in
Fig. 1 is being deployed in a restaurant. If the restaurant is
going to be busy, the user may define a preference distribution
with mean in a low-time high-risk part of the objective
space, whereas if the restaurant will be slow, the user may
opt for a high-time, low-risk alternative, both of which can
be informed by past observations of how humans wash the
dishes. The user may assign the mean based on the costs
they expect to receive if they were to perform the task. The
covariance can be specified based on their uncertainty given
the environment, e.g. a 2-σ estimate of each cost. Under an
alternative interpretation, the user can specify a 2-σ ellipse
in objective space such that trade-offs that align with the
region are prioritized in learning. This specification can be
alternatively viewed as outlining a region of interest for multi-
objective optimization [15].

To meet the user’s preference, we seek a Pareto point
that is not “suprising.” The information theoretic definition of
surprise is the negative log of model evidence [31]. Similarly,
we define the surprise of an observation obtained by following
a plan π as:

Surprise(π)=− log p(C | π). (2)
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This quantity can be derived by marginalizing the following
generative model:

(2) = − log

∫
s

∫
θ̃s,π

p(s, θ̃s,π,C | π)dθ̃s,πds,

= − log

∫
s

∫
θ̃s,π

p(s, θ̃s,π | C, π)p(C | π)dθ̃s,πds. (3)

In active inference (AIF), one can inject a bias towards
seeing certain outcomes by substituting the predictive outcome
distribution p(C | π) with the prior preference ppr(C) (a.k.a.
“evolutionary prior”) that is independent of any plan [22, 32].
We refer to the biased surprise as surprise w.r.t. ppr:

Surprise(π, ppr)=−log

∫
s

∫
θ̃s,π

p(s,θ̃s,π|C,π)ppr(C)dθ̃s,πds.

(4)

In essence, under AIF, an agent acts to see desired observa-
tions. An overview of AIF is provided in Sec. V-B.

E. Problem Statement

The problem we consider is as follows.

Problem 1. Consider a DTS-sc robot model T with unknown
cost distributions, an LTLf task specification ϕ that the robot
is to repeatedly complete, and a user preference distribution
ppr(C) over N cost objectives. Let K ∈ N denote the episode,
i.e. the number of times the robot has already completed task
ϕ, and sK ∈ S be the start state of the robot in the K-
th episode. Then, for each K, synthesize a ϕ-satisfying plan
πK ∈ Π(sK , ϕ) such that

(i) as K → ∞, πK becomes Pareto optimal, i.e., πK ∈
Π⋆(sK , ϕ), and

(ii) πK minimizes surprise in (4) among plans in Π̃⋆(sK , ϕ),
i.e., πK ∈ argminπ∈Π̃⋆(sK ,ϕ) Surprise(π, ppr),

(iii) as K → ∞, the resulting Pareto front Ω̃(sK , ϕ) con-
verges to the true Pareto front Ω(sK , ϕ).

Note that, in Problem 1, satisfaction of ϕ (qualitative objec-
tive) at each episode is a hard constraint, and the optimization
(quantitative) objectives in (i)-(iii) are soft constraints. Hence,
by incorporating safety requirements in ϕ, safety satisfaction is
guaranteed throughout the process. Objectives (ii) and (iii) can
be juxtaposed as exploitation and exploration respectively, i.e.,
the robot should converge to the preferred trade-off but must
explore the transition cost model to learn other alternatives
on the Pareto front. Achieving an intelligent balance between
exploitation and exploration is necessary in order to effectively
learn Pareto-optimal ways of satisfying the task in as few
episodes as possible.

In our approach, we address this challenge by using free
energy minimization to naturally balance exploitation and
exploration over the Pareto front.

III. APPROACH

Our approach to Problem 1 is an iterative MORL framework
with four phases: 1) planning Pareto optimal plans, 2) selection
of the preferred Pareto optimal plan, 3) execution of the

selected plan, and 4) update to the executed state-action cost
parameters, as illustrated in Fig. 3. Planning, selection, and
update are all dependent on the learning status of the robot.
Each episode, the planner computes an approximate set of
Pareto-optimal plans with respect to Θ̃, which is then passed
to the selection layer, responsible for choosing the preferred
optimal trade-off. The preferred trade-off is executed on the
robot, and finally, Θ̃ is updated with cost measurements col-
lected during execution. We start by formalizing our approach
to modeling Θ̃.

A. Learning the Transition Cost Model

Recall that the cost cs,a of each (s, a) is distributed as
p(c | s, a; θs,a) = N (µs,a,Σs,a). However, θs,a are unknown
and must be learned using experience. We take a Bayesian
approach to learning θs,a by modeling with random variable
θ̃s,a. Specifically, we assume that the robot collects a realized
sample ĉ drawn from p(c|s, a; θs,a) each time a is executed
from s. Let Ds,a= {ĉ1, . . . ĉl} be the set of l realizations of
cs,a. We maintain a belief over θ̃s,a using the Normal Inverse-
Wishart (NIW) distribution, i.e.,

p(θ̃s,a)=NIWs,a(λ0, κ0,Λ0, ν0).

Note that since θ̃s,a parameterize the cost distributions, p(θ̃s,a)
is effectively a distribution over a family of distributions.
The NIW prior is chosen based on two highly beneficial
properties: i) the posterior can be analytically represented as
a parameterized distribution, and ii) the posterior belongs to
the same distribution family as the prior (also NIW) [33].
Consequently, we can write the posterior as another NIW
distribution with updated parameters,

p(θ̃s,a |Ds,a)=NIWs,a(λ, κ,Λ, ν).

Since the prior and posterior beliefs share the same distri-
butional family, subsequent analysis of the statistics of θ̃s,a
does not depend on whether or not a prior or posterior
distribution is used, i.e. if data has been collected for that
state action distribution or not. Note that some works assume
the covariance is known a priori [34], limiting the fidelity of
the model. NIW strikes a balance between an over simplified
parametric model (known covariance) and a sample inefficient
non-parametric model [35]. We detail the the update procedure
in Sec. III-D. If the user has an informed guess about the mean
and covariance of a certain state-action distribution, they can
set λ0 and Λ0 respectively and increase the κ0 and ν0, reducing
the number of episodes required to learn Θ̃.

B. Planning

At the start of each planning episode, we employ a multi-
objective task planner to compute the set of approximate
Pareto-optimal plans Π̃⋆(sK , ϕ) described in Def. 5. To this
end, we formulate a correct-by-construction multi-objective
shortest-path graph search problem, similar to [10], which can
be solved with the following procedure.
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Fig. 3: Proposed multi-objective safe reinforcement learning architecture: Four phases are repeatedly executed. The robot
gradually learns the state-action cost parameters and selects the user preferred optimal task plan. Planning (1) computes a
set of Pareto-optimal plans. Selection (2) chooses the user’s preferred trade-off from the Pareto-optimal plans. The preferred
trade-off is executed (3), and the cost model is updated (4) with measurements collected during execution.

1) Product Graph Construction: An LTLf formula can be
translated into a deterministic finite automaton (DFA) [9], a
finite state-machine that precisely captures the language of ϕ.

Definition 6 (Deterministic Finite Automaton). A DFA
constructed from LTLf formula ϕ is a tuple Qϕ =
(Γ, γ0,W, δQϕ

,F) where Γ is a set of states, γ0 ∈ Γ is the
initial state, W = 2AP is the alphabet, δQϕ

: Γ×W→Γ is a
deterministic transition function, and F is a set of accepting
states.

A trace w = w0 . . . wm−1 ∈ (2AP )∗ induces a finite run
τQϕ = γ0γ1 . . . γm on Qϕ, where γk+1 = δQϕ

(γk, wk). Run
τQϕ is called accepting if γm ∈ F . If τQϕ is accepting, then
trace w is accepted by Qϕ and satisfies ϕ, i.e., w |= ϕ.

Using T to capture the physical capability of the robotic
system, along with Qϕ to capture the temporal attributes of
ϕ, we can construct a product automaton that intersects the
restrictions of both T and Qϕ.

Definition 7 (Product Automaton). Given a DTS-sc
T= (S,A, δT , C, AP, L), current state sK ∈ S, and DFA Qϕ,
a Product Automaton is a tuple P = (P, ρK , A, δP ,v,FP ),
where

• P = S × Γ is a set of states,
• ρK = (sK , γ′

0), where γ′
0 = δQϕ

(γ0, L(sK)), is the
starting state in the current episode,

• A is the same action set in T ,
• δP : P × A→P is a transition function, where for

states ρ = (s, γ) and ρ′ = (s′, γ′) and action a ∈ A,
transition ρ′ = δP (ρ, a) exists if s′ = δT (s, a) and
γ′ = δQϕ

(γ, L(s′)),
• v : P×A→RN

≥0, is a transition cost-vector function, and
• FP = S ×F is a set of accepting states.

Note that unlike stochastic cost function C in T , cost-vector
function v(ρ, a) ∈ RN

≥0 is not a distribution. We elaborate on
v further below.

Similar to T , a plan π induces a run τP = ρ0 . . . ρm+1 on
P where ρk+1 = δP (ρk, ak). Run τP is accepting iff ρm+1 ∈

FP . Therefore, by construction, the set of ϕ-satisfying plans
Π(sK , ϕ) is equal to the set of all plans that induce paths on
P from ρK to a ρ ∈ FP .

2) Transition Cost-Vector Function: We aim to define cost-
vector function v and accordingly formulate a multi-objective
graph search problem on P that enables the computation of the
set of Pareto optimal ϕ-satisfying plans Π∗(sK , ϕ). Consider
current state ρK = (sK , γ0), plan π ∈ Π(sK , ϕ), and induced
path τ(ρK , π) = ρK,0 . . . ρK,m+1. Ideally, for every ρ =
(s, γ) ∈ P and a ∈ A, we want v((s, γ), a) = E[c|s, a; Θ]
because the total cost of induced path τP (ρK , π) becomes

m+1∑
i=0

v(ρK,i, πi) =

m+1∑
i=0

E[c|sK,i, πi; Θ] = E[C|sK , π; θsK ,π].

Therefore, by assigning v(ρ, a) = E[c|s, a; Θ], the multi-
objective Pareto front of the graph search problem on P
is exactly equal to Ω(sK , ϕ) (see Def. 5). Then, existing
algorithms such as a multi-objective variant of Dijkstra’s
algorithm or A∗ [36] can be employed to compute Ω.

We note that, in this work, we consider deterministic
plans instead of stochastic policies, since the optimization
is performed for only the next task completion. Stochastic
policies would generate a continuous Pareto front, i.e., the
convex hull of Ω(sK , ϕ), however points on the continuous
Pareto front may only be achievable in expectation instead of
a single execution of the task. We recognize that for batch
task completion scenarios, extending our approach to using
a continuous Pareto front and stochastic policies may be a
valuable future direction.

Even though the Pareto front is guaranteed to be finite since
the plans are deterministic and the task is finite-time satisfi-
able, multi-objective graph search algorithms are exponential
in the worst case. However, the average branching factor for
a N -dimensional vector belonging to a set of size G, i.e.,
the set of all unique cost vector edge weights, is reduced to
O((log |G|)N−1), with certain conditions on the ordering [36].

Recall that Θ is unknown. A naive approach simply uses
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learned estimates E[Θ̃] for v instead, but that suffers from
biasing the solution towards taking transitions that have low
estimated cost, regardless of how accurate Θ̃ is. To address
this, we interweave exploration into the graph search problem,
as detailed below.

3) Pareto-Regret: The efficacy of learning can be analyzed
with the notion of cumulative “Pareto-regret”, quantifying how
sub-optimal each plan is with respect to the true Pareto front
Ω(sK , ϕ). Formally, given π with true mean cumulative cost
µsK ,π = E[C|sK , π; Θ], the Pareto regret for a given episode
is defined as

r(sK , π) =

min
ϵ
{µsK ,π−ϵ1 | µ⋆ ̸≺ µsK ,π−ϵ1 ∀µ⋆ ∈ Ω(sK , ϕ)}, (5)

where 1 is a vector of ones with appropriate dimension. Note
that if π ∈ Π⋆(sK , ϕ), then r(sK , π) = 0. The cumulative
regret up to episode K is simply the summed regret for every
episode, i.e. R =

∑K
i=0 r(si, πi). To minimize cumulative re-

gret, we augment the transition cost-vector with an exploration
strategy.

4) Pareto Cost-LCB: We adapt the well established Pareto-
UCB1 [16, 37] strategy for computing an estimate Pareto
front that balances the current best estimate cost model with
a bonus reduction in cost. The learned mean transition-cost is
calculated using the estimated parameters E[θ̃s,a]. To maintain
optimality guarantees of the aforementioned graph search
method, we rectify each element of v to be non-negative.
The cost-lower confidence bound (LCB) cost vector v(ρ, a)
is computed element-wise as:

vi(ρ, a)=max

{
0, E[c|s, a;E[θ̃s,a]]i − α

√
log(kg)/n(s, a)

}
where α is a “confidence” hyperparameter, kg is the current
global time step across all episodes, and n(s, a) is the number
of times action a has been executed from state s.

Note that many multi-objective multi-armed bandit con-
fidence bound approaches provide theoretical regret bounds
that are logarithmic with respect to the number of episodes.
It is not straight forward to extend these regret bounds to
this framework due to the exponential nature of the planning
space Π(sK , ϕ) which has size O(|A||P |). Hence, we leave
theoretical regret bounds to future research.

Using the techniques described above, we can now compute
the approximate set of Pareto optimal plans Π̃⋆(sK , ϕ) while
accounting for exploration of the environment. The exploration
in planning aids in the effort in addressing goals (ii) and (iii)
of Problem 1, however, to uphold proper learning of the Pareto
front (iii), the selection must also explore among trade-offs.

C. Pareto Point Selection

For the selection problem, one can think of candidate
plans π ∈ Π̃⋆(sK , ϕ) computed by the planner as abstract
macro-actions, such that high-level decision making can be
done sequentially for each episode. Fig. 4 provides a visual
representation of the abstracted selection problem with respect
to the evolution of the robotic system over each episode.

Jd, Pd

Jf , Pf

Jr, Pf Jr, Pr

Jf , Pr

π1 =load, unload_2
π2

π3

π4

π5π6

π7

π8 π9

π10

p(C|s, π; θs,π)

Fig. 4: By treating plans π as macro-actions, the selection
decision making problem becomes sequential. The example
plan seen in red in Fig. 2 can now be simply represented by
a single state-macro-action transition embedded into π1 (red)
as shown.

As described in Sec. II-D, ideally, the agent should select an
action minimizing the surprise of outcomes. However, since it
is analytically intractable to marginalize the joint distribution
to derive the surprise, its upper bound, (free energy) is
minimized. Yet, the outcomes C cannot be observed until a
plan π is actually executed, thus, the agents end up minimizing
the so-called expected variational free energy (EFE) in active
inference based decision-making. In this Pareto point selection
problem, the EFE is described as follows (see Appendix ??
for detailed derivation).

EFE(sK , π⋆, ppr)=−Eq(C|π⋆)

[
log ppr(C)

]
−Eq(C|π⋆)

[
DKL

(
q(sK |C, π⋆)||q(sK |π⋆)

)]
−Eq(C|π⋆)

[
DKL

(
q(θ̃sK ,π⋆ |C,sK ,π⋆)||q(θ̃sK ,π⋆ |sK ,π⋆)

)]
,

(6)

where q(·) represents a proposal distribution. EFE is a varia-
tional quantity [38], yielding freedom in the choice of proposal
distribution q(θ̃sK ,π|sK ,π⋆). As q(θ̃sK ,π|sK ,π⋆) more closely
resembles p(θ̃sK ,π|C, sK ,π⋆), the upper bound on (expected)
surprise decreases. The first term of EFE in (6) represents
how much the predicted cost distribution q(C|π⋆) aligns with
ppr(C) (i.e. exploitation), and the second and third terms
represent how much the uncertainties of sK and θ̃sK ,π⋆ can be
reduced by following π⋆ and measuring C (i.e. exploration).

Since the user does not know the true Pareto-optimal region
a priori, EFE cannot be used to scalarize any plan in Π,
as it may often be sub-optimal. Therefore, as described in
Sec. V-A, the preferred plan πpr=argminπ∈Π EFE(π, ppr) is
not guaranteed to also be an element in Π⋆ and vice versa.
Consequently, in order to ensure that the user’s preference
does not bias the system away from optimal behavior, this
preference is only expressed over Pareto-optimal candidates.
So, Π⋆(sK , ϕ) is scalarized via EFE in order to adhere to ppr
and reduce uncertainties in the belief over θ̃sK ,π⋆ . Since T
models deterministic transitions, the second term of (6) can
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be ignored. Expanding the third term of (6) yields

EFE(sK , π⋆, ppr) = −Eq(C|π⋆)

[
log ppr(C)

]
−H[q(θ̃sK ,π|sK ,π⋆)]+Eq(C|π⋆)

[
H[q(θ̃sK ,π⋆ |C,sK ,π⋆)]

]
,

(7)

where H[·] represents the entropy of a pdf. Then, the preferred
plan is

π⋆
pr = argmin

π⋆∈Π⋆(sK)

EFE(sK , π⋆, ppr). (8)

Due to the Markov property of DTS-sc and (1), µsK ,π⋆ and
ΣsK ,π⋆ of the convolved distribution p(C|sK , π⋆; θsK ,π⋆) are
parameterized by

∑
k µsk,ak

and
∑

k Σsk,ak
of each cost dis-

tribution respectively. According to the estimate transition cost
model, θ̃s,a = {µ̃s,a, Σ̃s,a} are random variables themselves;
therefore,

p(θ̃sK ,π⋆ |sK , π⋆) = p(θ̃s0,a0
) ∗ . . . ∗ p(θ̃sm,am

). (9)

As described in Section III-A, each p(θ̃s,a) is a unique NIW,
which makes (9) analytically intractable. To enable computa-
tion for π⋆

pr in (8), we leverage both the functional freedom in
choosing proposal distributions q(·) as well as three statistical
approximations of (7): 1) certainty equivalence of the predicted
observation distributions [39], 2) central limit theorem (CLT)
[40], 3) and Monte Carlo sampling [41].

1) Approximating the First Term of (7): Recall
p(θ̃sK ,π⋆ |sK , π⋆) is the belief over parameters of the
predicted observation distribution q(C|π⋆). To address the
intractability, we can extract the current estimate parameters
E[θ̃sK ,π⋆ ]. This certainty-equivalence approximation makes
q(C|π⋆) a simple multivariate normal distribution

q(C|π⋆) =

∫
θ̃sK,π⋆

q(C, θ̃sK ,π⋆ |π⋆)dθ̃sK ,π⋆

≈ q(C|π⋆;E[θ̃sK ,π⋆ ]). (10)

The first term can then be calculated as follows

− Eq(C|π⋆)

[
log ppr(C)

]
≈ log((2π)−k/2|Σpr|−1/2)

+
1

2

(
µT
prΣ

−1
pr µpr + tr(Σ−1

pr ΣsK ,π⋆) + µT
sK ,π⋆Σ−1

pr µsK ,π⋆

)
− µT

prΣ
−1
pr µsK ,π⋆ , (11)

where µpr and Σpr are the mean vector and the covariance
matrix of the user’s preference distribution (see Appendix ??
for detailed derivation).

2) Calculating the Second Term of (7): The convolved dis-
tribution p(θ̃sK ,π⋆ |sK , π⋆) is analytically intractable. However,
we can leverage the CLT to determine a suitable proposal
distribution q(·) that closely models p(·). Since each p(θ̃s,a) is
NIW-distributed, both the mean and variance are well-defined
when κ > 0 and ν > N + 1. Therefore, under the CLT,
p(θ̃sK ,π⋆ |sK , π⋆) tends towards a MVN distribution as the
plan length |π⋆| becomes large [42].

Consider the following vectorization of the parameters θs,a

vec(θs,a) = (µ1, . . . , µN , σ2
1,1, . . . , σ

2
N,N ), (12)

where µ1, . . . , µN represent the components of µs,a, and
σ2
1,1, . . . , σ

2
N,N are the unique upper triangular elements of

Σs,a. In total, the vectorization has dimension N(N + 3)/2.
Due to the linearity of expectation and independence between
state-action pairs,

E[θ̃sK ,π] =

m∑
k=0

E[θ̃sk,ak
], (13)

var[θ̃sK ,π] =

m∑
k=0

var[θ̃sk,ak
]. (14)

Therefore, the distribution p(θ̃sK ,π⋆ |sK , π⋆) can be approx-
imately represented by multivariate normal proposal distri-
bution parameterized by the vectorized cumulative mean and
variance

q(θ̃sK ,π⋆|sK ,π⋆)≡N
(∑

k

E[vec(θ̃sk,ak
)],
∑
k

var[vec(θ̃sk,ak
)]
)
.

(15)

Since q(θ̃sK ,π⋆ |sK , π⋆) is MVN, the entropy of the proposed
distribution (second term) can be represented analytically
rewritten as follows.

H[q(θ̃sK ,π|sK , π⋆)]=
1

2
log

(
det

(∑
k

var[vec(θ̃sk,ak
)]
))

+
N(N + 3)

4
(1 + log 2π). (16)

3) Approximating the Third Term of (7): Using both the
certainty equivalence approximation in (10) and the CLT
approximation in (15), the remaining third term can be ap-
proximated using Monte Carlo sampling of the expectation.
To sample the expectation, a cumulative cost vector must
be sampled from q(C|π⋆). Using (10), this sample (denoted
ĉ) can be drawn from the MVN Ĉ ∼ q(C|π⋆;E[θ̃sK ,π⋆ ]).
However, note that the posterior p(θ̃sK ,π⋆ |C, sK , π⋆) is itself
a convolved NIW conditioned on c. To construct an analytical
approximation of the posterior, we must instead expand the
sampling procedure to each state-action distribution. Instead
of sampling Ĉ directly from q(C|π⋆;E[θ̃sK ,π⋆ ]), ĉ can instead
be constructed from the observation distribution for each state
action pair

Ĉ =
∑
k

ĉsk,ak
, (17)

where ĉsk,ak
∼p(c|sk, ak;E[θ̃sk,ak

]). For each sample ĉsk,ak
,

the respective posterior p(θ̃sk,ak
|ĉsk,ak

) are computed us-
ing the equations found in Sec. III-D. The distribution
p(θ̃sk,ak

|ĉsk,ak
) is the conjugate NIW posterior. Therefore,

using the same process described in Sec. III-C2, an approx-
imation of H[q(θ̃sK ,π|Ĉ, sK , π⋆)] can be calculated. This
sampling procedure is repeated ns times to compute the third
term of (7). Using the aforementioned techniques, we can
optimize for π⋆

pr in (8). While this sampling procedure is
computationally burdensome, the selection procedure runs in
O(nsm|Π̃⋆|), linear in the size of number of candidate Pareto
optimal plans.

Note that unlike the prior distribution in the second term
of (7), the proposal posterior q(θ̃sK ,π⋆ |C,sK ,π⋆) is not a
variational proposal distribution. In fact, the approximation
of true posterior p(θ̃sK ,π⋆ |C,sK ,π⋆) with q(θ̃sK ,π⋆ |C,sK ,π⋆)
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is an approximation inherent to active inference [32], as
p(θ̃sK ,π⋆ |C,sK ,π⋆) is often not analytically tractable. This
approximation intuitively relies on the assumption that the in-
ternal model of the agent is accurate enough to well predict the
true posterior. Our empirical evaluations in Appendix ?? show
that the approximation of convolved NIW with convolved
MVN agrees with the CLT. That is, the approximation is fairly
accurate for the typical plan length seen in the experiments
in Sec. IV, and increases as the plan length increases (Fig.
??) and more data is collected (Fig. ??). Additionally, refer to
Appendix ?? for an error analysis of the Monte Carlo sampling
procedure described in Sec. III-C3 with respect to the number
of samples ns, plan length, and collected data.

D. Execution and Parameter Update

After obtaining the preferred optimal trade-off plan π⋆
pr,

it is executed on the robotic platform (or in simulation).
During the execution, measurements for the cost of each
state-action ĉ are collected. Recall, the cost parameters are
distributed as p(θ̃s,a|Ds,a) = NIWs,a(λ, κ,Λ, ν). Given a set
of measurements Ds,a = {ĉ0, . . . ĉl}, the conjugate posterior
is a NIW parameterized as follows.

λ =
κ0λ0 + lc̄

κ0 + l
, (18)

κ = κ0 + l, (19)

Λ = Λ0 +
κ0l

κ0 + l
(c̄− λ0)(c̄− λ0)

T+ (20)

l∑
j=0

(ĉj − c̄)(ĉj − c̄)T ,

ν = ν0 + l, (21)

By iteratively performing each described phase, the agent
can safely complete the task, guided by the user’s preference.
Through the iterative combination of exploratory planning,
surprised-based selection, execution, and Bayesian update of
cost distributions, the proposed MORL framework can achieve
all three goals described in Prob. 1. Now, we evaluate the
empirical efficacy through experiments.

IV. EXPERIMENTS

To evaluate the effectiveness of our MORL framework for
autonomous robotic decision making in unknown environ-
ments, we performed three case studies: (i) an illustrative sim-
ulation study, (ii) two numerical benchmarking experiments
for comparison against the state-of-the-art, and (iii) a hardware
experiment to demonstrate the real-world applicability of the
method1.

Numerically, we aim to assess (i) how close the selected
plan π⋆

pr is to being Pareto optimal, and (ii) how well Π⋆ is
represented by Π̃⋆. Metric cumulative Pareto-regret directly
evaluates (i). To properly evaluate (ii), we define Pareto-bias

1To see a video of the simulation and hardware experiments, visit https:
//youtu.be/tCRJwqeT-f4

metric for a true Pareto front Ω and an estimate Pareto front
Ω̃ as

B=
1

|Ω|
∑
Ci∈Ω

min
Cj∈Ω̃

(d(Ci,Cj))+
1

|Ω̃|

∑
Ci∈Ω̃

min
Cj∈Ω

(d(Cj ,Ci)),

(22)
where

d(Ci,Cj)=W2

(
p(Ci|sK ,πi;θsK ,πi),q(Cj |sK ,πj ;E[θ̃sK ,πj ])

)
is the Wasserstein-2 (W2) distance. The first term in (22)
quantifies the estimate Pareto front’s coverage of the true
Pareto front, and the second term penalizes outlier/excess
trade-offs in the estimate Pareto front. If each true Pareto point
is exactly similar to an estimate Pareto point, and visa versa,
then B=0, otherwise B>0.

A. Simulated Mars Surface Exploration Study

1) Motivation: Suppose a Mars rover is tasked to collect
scientifically interesting minerals from target sample sites
(orange region in Fig. 5), designated based on past mission
data [43]. Due to the limited number of sample tubes, it is
required to go back and forth between the deposit location
(green region) and the target site. Since the closer sampling
region is in the sun, the rover must trade-off between low-time,
high-radiation for efficient science data collection, or high-
time, low-radiation to avoid long-term damage. Therefore, to
protect itself while gaining sufficient amount of science, it
must strike a balance between the two. Moreover, although the
rover knows the qualitative information about the environment
(e.g., where sand, base, washing station, etc. are located), it is
still necessary to estimate online the time and radiation cost
of collecting a sample. Informed by past mission data and
scientific expertise, the user can tune an appropriate ppr.

2) Simulation Setup: For the sake of simplicity, the rover
can travel in cardinal directions, and may not move through
obstacles (black). The task specification is given as

ϕMR = ♢(sample ∧ ♢(deposit))∧
□(sand → (¬baseU wash));

in English, “collect a sample, then deposit it, and, if sand
is visited then wash before returning to base.” Each transition
takes time (objective 1) measured in minutes, and transitions in
the sun accumulate harmful radiation (objective 2) measured
in micrograys. The true mean costs for transitions in each
region are given as follows:

µsample(left) = (6, 16) (in the sun),
µsample(right) = (6, 0) (out of the sun),
µsand = (3, 7) (slows the rover in the sun),
µwash = (11, 31) (long duration of radiation exposure),

µsun = (1, 1), and all other transitions have µ = (1, 0).
Covariance values are omitted for brevity. The user informs
the prior transition cost for all transitions to be λ0 = (0.5, 0).
For the longevity of the rover, the user aims to endure a small
amount of radiation and prefers that the mission is completed
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Fig. 5: Simulated rover sample collection: A rover is tasked with repetitively collecting a sample and delivering it to deposit.
Moving takes time and collects radiation (in the sun). The user prefers that the sample is collected in roughly 90 minutes with
about 6 µGy of radiation, represented with ppr. Each computed plan (top row) corresponds to a Pareto point (bottom row)
showing the estimated cost distribution with 1 & 2-σ ellipses. The selected Pareto point and corresponding plan is shown in
purple, with a dotted line from the mean of the preference distribution to the chosen distribution. Top row figures show the
computed plans, and the bottom row figures show the estimated Pareto points. The true optimal trade-off plans are shown for
comparison in four episode snapshots. Video: https://youtu.be/tCRJwqeT-f4.
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Fig. 6: Specific environment benchmark: Within our framework, we benchmark our active inference (AIF) selection method
against other state-of-the-art methods with respect to cumulative Pareto-regret (top) and Pareto-bias (bottom) for three fixed
environments with varying numbers of true Pareto points. The mean is represented by the solid line, with 1-σ variance shown
by the shaded region. The dark shaded bar aids in distinguishing overlapping variance bands.
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in roughly one and a half hours. To express this, the chosen
preference distribution is

N (µpr,Σpr), µpr = (90, 6)

σ1,1 = 140, σ1,2 = σ2,1 = −2, σ2,2 = 70,

where σi,j is the i-j element of Σpr. Soon after deployment
(episode 3), the planner only finds candidate plans that go
through sand to collect the sample, and then must wash
off, seen in Fig. 5a. The robot quickly learns to avoid sand
as washing takes very long and collects lots of radiation,
incurring a regret of 33.1 units. The robot gradually discovers
more optimal behavior seen by episode 25 in Fig. 5b with
regret of only 7.89. However, with a bias of 237, the estimate
Pareto front does not yet accurately approximate the true
Pareto front. In episode 35, seen in Fig. 5c, the rover has
slightly improved the learned Pareto front with a bias of 197.
To further improve the learned Pareto front, the robot elects to
explore a less preferred, information rich trade-off (low time,
high radiation). Finally, after 150 episodes, seen in Fig. 5d,
the robot has obtained an accurate estimate of the true Pareto
front with a bias of only 14.0 and regret of 1.03, and has
converged to selecting the most preferred trade-off.

B. Benchmarks

We evaluate the performance of our framework against the
state-of-the-art in two benchmark problems.

We benchmarked our active inference (AIF) selection
method against other state-of-the-art selection methods: uni-
form random selection (fair selection), TOPSIS [14] (objective
preference), and linear scalarization, i.e. “weights” (subjective
preference). Refer to Sec. V for further description of the
compared methods.

1) Fixed Environment Case Study: Three grid world envi-
ronments were designed to challenge the learning of different
size Pareto fronts. All experiments were run for 300 episodes,
with a LCB confidence parameter α = 0.1, and ns = 300
Monte Carlo samples, selected via cross validation. See Ap-
pendix ?? for more details on the accuracy with respect to
the choice of ns. Fig. 6 shows benchmarks against each envi-
ronment. Generally, methods that accumulate less bias require
learning more of the transition cost model via exploration, and
hence accumulate more regret. When learning the small Pareto
front, seen in Fig. 6a, AIF performed better than both uniform
and the biased methods (weights and TOPSIS) in terms of
bias, with comparable regret to uniform. This is due to the
advantageous information-gain-based exploration. When the
number of Pareto points on the Pareto front increases, seen in
Fig. 6b, using small and no 2 variance selects for only a portion
of the true Pareto front, while the medium and large variance
still envelope the entire Pareto front. With the smaller variance
AIF methods, once a good estimate candidate is found, the first
term of (7) dominates the selection, and thus abandons the less
promising options that are beyond the variance. With an even
larger Pareto front seen in Fig. 6c, this effect is exacerbated.

2If the user only wants to specify a desired point in objective-space, they
can make the preference distribution covariance very small (no variance)
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Fig. 7: Randomized environment benchmark: We benchmark
our method against other selection methods for cumulative
Pareto-regret and Pareto-bias vs. number episodes for ran-
domly generated scenarios of varying complexity. The mean
is represented by the solid line with 1-σ variance shown by
the shaded region.

In this case, the no variance method sees a decrease in regret
due to the heavy myopic bias after finding a candidate solution
that agrees with the preference. Thus, from this experiment,
we can observe that AIF methods start becoming very selective
once the preferred region (which can be varied by the size of
variance) on the Pareto front is discovered.

2) Random Environment Case Study: The behavior of
our AIF selection method can vary widely across different
scenarios depending on the diversity of the Pareto front
relative to ppr. Therefore, we illustrate the general behavior
of our approach using randomized grid worlds. Each trial, a
20×20 grid world robot model is generated with randomized
proposition locations and true cost distribution parameters. The
data was analyzed across 750 randomized trials.

Fig. 7 demonstrates the general trade-off between bias
and regret. Note that the standard deviation in performance
among trials is very large, since each randomly generated
environment is diverse. When the variance of ppr is large,
active inference tends to perform similarly to random selection
(Uniform) in terms of both regret and bias. With a moderate
variance, active inference tends to have better regret and
bias performance than other methods due to the intelligent
information theoretic exploration when the estimate plans Π̃⋆

are uninformed. Uniform, AIF (large var), and AIF (medium
var) stabilize in cumulative bias, meaning they effectively learn
the entire Pareto front. The remaining methods converge to a
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Fig. 8: Hardware dishwashing experiment: A robotic manipulator must load both a durable pitcher and a fragile glass jar into a
dishwasher, then must unload each item by either placing it on the drying rack, or manually drying it on the ground. The robot
learns to minimize time and risk (holding the jar high above the ground). The user prefers a low-risk, higher-time trade-off.
After 500 episodes, the system performs optimally (left to right, top to bottom), and decides to quickly place the pitcher on
the rack, and spend time to manually dry the jar. Video: https://youtu.be/tCRJwqeT-f4.

non-constant slope cumulative bias, indicating that portions of
the Pareto front have not been properly learned. From this
experiment, we can observe that AIF methods outperform
other state-of-the-art methods in terms of both cumulative
regrets and biases as long as the size of variance is not too
large.

Akin to other expected free energy approaches, the en-
hanced reasoning power comes at a computational cost com-
pared to other methods [21, 32]. Uniform selection has com-
plexity O(1), weights has O(|Π̃⋆|), and TOPSIS has O(|Π̃⋆|2)
[44]. We benchmarked the aforementioned random environ-
ment case studies with respect to both planning time and
selection time per episode on a computer with AMD Ryzen 7
3800X 3.9 GHz 8-Core Processor. The average planning time
across 400 experiments with 100 episodes each is 483±443ms
(1-σ) with a median planning time of 369ms. The average
AIF selection time (across all four preference distribution
variances) is 610±1051ms (1-σ) with a median selection time
of 179ms. The compared selection procedures completed in
less than 1ms.

Remark 1. For larger-scale robotic models, the exact multi-
objective graph search can be replaced with approximate
multi-objective search, such as A∗pex [45], to admit a smaller
(approximate) Pareto front in less time. Additionally, a clus-
tering algorithm [46, 47] can further reduce the size of the
Pareto front. We expect both adaptations to our framework to
greatly enhance computation speed at the cost of Pareto-regret
and bias performance, however we leave this to future work.

C. Hardware Experiment
To demonstrate the efficacy and diversity of application of

our framework, we studied a complex dishwashing experiment

using a robotic manipulator described in Fig. 1. The robot must
repetitively load and unload the dishwasher with two items, a
durable pitcher, and a fragile glass jar. The LTLf specification
is

ϕ = ϕl ∧ ϕs,

where

ϕl =♢(Pdw ∧ Jdw ∧ lidon ∧ ♢(Prack ∨ (Pdry ∧ ♢Pfloor)∧
♢(Jrack ∨ (Jdry ∧ ♢Jfloor))),

ϕs =□(¬lidaside → ♢(Pdw ∧ Jdw)),

which can be interpreted as “put the pitcher and the jar in the
dishwasher, then put the lid on, then for both the pitcher and
jar, place on the drying rack, or dry the item and place it on
the ground”. The performance of the robot is evaluated by the
cumulative execution time (objective 1), as well as cumulative
risk (objective 2) measured for a given action primitive,

risk(s, a) =

{∫
t
h2
Jdt if holding jar,

0 otherwise,
(23)

where hJ is the height of the jar above the ground. A sampling
based motion planner (PRM∗ [48]) is used to realize motion
action primitives, inducing unknown and random time and risk
costs. Note that placing the jar on the drying rack is likely
to have high risk, whereas manually drying the jar on the
ground will likely take more time. We trained the transition
cost model in simulation for 500 episodes, using a preference
distribution of µpr = (350, 0.5) and σ2

1,1 = 400, σ2
2,2 = 2,

σ1σ2 = 0, which selects for a high-time, low-risk alternative.
The converged behavior is shown in Fig. 8. As can be seen, the
robot correctly loads the dishwasher, then unloads the pitcher
on the rack, and decides to manually dry the jar, all while not
performing any sub-optimal/unnecessary actions. The video of
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the execution is included in the supplementary material and
visually represents the applicability of our MORL framework
to a variety of robotic models with complex tasks.

V. RELATED WORK

A. Multi-Objective Reinforcement Learning

The goal of MORL is to maximize a multi-objective value
or utility function [13]. MORL extends single-objective RL
methods by selecting among Pareto-optimal candidate actions.
One method of selection is casting valuations of candidate
actions to a single-objective by scalarizing, in turn requiring
a sound and interpretable utility function.

Scalarization of utility functions can be classified as
preference-based, scalarizing based on an exogenous user’s
preferred trade-off [12], or non-preference-based, scalarizing
without external preferences [11, 14]. Linear scalarization is
a standard preference-based method that combines objectives
through a relative-importance weighted sum. On the con-
trary, non-preference-based methods such as TOPSIS [14] and
hyper-volume indicators [11] rely on Euclidian distance met-
rics in objective space. However, in many robotic applications
where objectives have different units of measurement (e.g.
time in seconds and energy in joules), these methods use
the addition of quantities with different units, which is gen-
erally mathematically ad-hoc and lacks interpretation. Linear
scalarization can potentially combat this issue by interpreting
weights as reciprocal measures (e.g. 1/second), at the cost of
requiring a user to have a rigorous understanding of how to
compare the importance of each objective and properly assign
weights. Furthermore, re-interpreting units of measurement
(e.g. seconds instead of milliseconds) alters Euclidian distance,
which can dramatically alter the selected solution, when no
fundamental aspects about the problem have changed. On the
contrary, our method avoids this issue by only describing
the scalarization through operations on probability density
functions.

Many MORL methods do not distinguish between opti-
mizing multi-objective value function and selecting the best
action from the Pareto-optimal candidate actions [12, 13].
Instead, these methods scalarize using a monotonic utility
function, which guarantees that an optimal (preferred) action
with respect to the single-objective utility function must also
be Pareto-optimal in objective space. The use of such a utility
function effectively optimizes a single objective, which casts a
complete order on the reward space and eliminates the need for
explicit computation of the Pareto front beforehand. However,
when a non-monotonic utility function is used, or the agent
is concerned with learning the set of all optimal trade-off
solutions [16], the Pareto front must be explicitly computed
before selection, as seen in many MOMAB approaches. Our
framework computes the Pareto front using a multi-objective
task-planner.

MOMAB problems are concerned with minimizing Pareto-
Regret [16], which uses ε-dominance to measure how “far” the
chosen action is from being Pareto-optimal with respect to the
true unknown reward distributions. Besides Pareto-regret, the
MOMAB performance can also be evaluated by unfairness,

which quantifies how evenly Pareto-optimal actions were
selected. Unfairness is used to compare MOMAB selection
by diversity in selection and learning of all actions on a
possibly non-convex Pareto-front. To learn the entire Pareto
front, work [16] extends the single-objective Upper Confidence
Bound (UCB) algorithm [37] to multiple objectives, then rely
on random selection among the Pareto front computed from
UCB scores. Furthermore, this work illustrates how random
selection of UCB-Pareto-Optimal candidates may still fail
to learn non-convex Pareto-fronts using linear scalarization.
While random selection effectively learns the entire Pareto
front, it cannot account for or converge to a preferred trade-off.
To address this shortcoming, our formulation of the high-level
active inference decision making agent naturally balances this
exploration vs. exploitation trade-off.

B. Active Inference and Expected Free Energy

Active inference is an uncertainty-based sequential decision
making scheme that applies the free energy principle (FEP)
[49] to the behavioral norms of physical agents [20, 21, 22].
According to the FEP, agents intend to minimize the surprise
(in our problem it is denoted as − log p(C|π)) to maintain
their homeostasis. However, calculating the surprise directly
requires to sum/integrate over all possible states/parameters
in their internal generative models. When these quantities
are continuous, depending on the prior and/or the likelihood
function, the integral does not have a closed-form solution.
Thus, some approximation methods are required to calculate
the surprise.

One of the approaches is to employ variational Bayesian
inference in statistical machine learning [41]. The core idea
of this methodology is to introduce a proposal/surrogate dis-
tribution, which is easily modeled, and optimize the functional
of this distribution to make it resemble a true intractable distri-
bution. More specifically, in our problem, the following free-
energy (FE, i.e. negative evidence lower bound) is minimized
such that the Kullback-Leibler Divergence (KLD) between
the proposal distribution q(s, θ̃|π) and the true distribution
p(s, θ̃|C, π) approaches zero (note that here we used the
simplified notations seen in Appendices ?? and ??),

FE =

∫
s,θ̃

q(s, θ̃|π) log q(s, θ̃|π)
p(s, θ̃,C|π)

dθ̃ds

=

∫
s,θ̃

q(s, θ̃|π) log q(s, θ̃|π)
p(s, θ̃|C, π)

dθ̃ds− log p(C|π)

= DKL

(
q(s, θ̃|π)||p(s, θ|C, π)

)
− log p(C|π)

≥ Surprise(π). (24)

As can be seen from this equation, since KLD is greater or
equal to zero, FE is the upper bound of the surprise, i.e.
minimizing FE leads to minimize the surprise.

Computation of FE is performed given an observed outcome
observation C, which is not known until the plan is executed.
Hence, in active inference, the expected free energy (EFE)
is instead minimized, and similar to FE, if the proposal and
the true hidden posterior distributions match, the EFE term
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reduces to the following,

EFE → −Eq(C|π)[log ppr(C)], (25)

which is “expected” surprise. In summary, FE allows to
make the surprise minimization tractable for continuous
state/parameter systems, and EFE allows for the minimization
FE without knowing the received observation a priori.

Additionally, as explained in (6), the EFE comprises of an
utility term governed by a prior agent’s desired observation
distribution, and an information gain term that evaluates how
much a candidate action would reduce the uncertainty of hid-
den states/parameters. Hence, by minimizing EFE, the agents
can naturally balance between two modes of behavior that are
essential for autonomous decision making under uncertainty;
exploitation (i.e. focusing on the current best action) and
exploration (i.e. trying less executed actions). Furthermore, the
degree of preference for either mode can be easily adjusted by
varying the prior preference distribution. For instance, using
a prior preference with a large variance will cause the agents
to provide more priority to exploration, and vice versa. These
characteristics are particularly useful when transparent agent
behavior is desired [50]. Using active inference for selection
marries the benefits of preferred versus fair selection described
in Sec. V-A through localized information-theoretic explo-
ration around the prior preference distribution. Additionally,
specifying a preference distribution over desired trade-offs
may be particularly intuitive, explainable, and even statistically
informed with past data. Throughout this work, we study the
benefits of using EFE in active inference for Pareto point
selection in MORL with two statistical techniques when an
intractable convolved NIW is used to represent the hidden
parameters.

C. Task and Motion Planning

Task and Motion Planning (TAMP) is concerned with inte-
grating high-level task planning over abstracted robotic action-
primitives with a low-level motion planner responsible for
computing feasible plans for each action-primitive in continu-
ous space [51]. TAMP methods are primarily concerned with
assessing both task and motion feasibility, however there do
exist works on informing high-level costs based on low-level
feasibility [28] as well as directly optimizing low-level cost
objectives [52]. Our work tackles a slightly different problem
than TAMP, differing in three main aspects: i) cost representa-
tions do not need to pertain to motion, ii) robotic actions need
not be motion based, and iii) cost simulations/models may not
be available at planning time. Nonetheless, our framework may
be used to solve TAMP problems if low-level motion feedback
at planning time is not a primary concern.

VI. CONCLUSION AND FUTURE WORK

In this work we study a systematic approach to learn-
ing Pareto-optimal behavior on an unknown multi-objective
stochastic cost model. In particular we examine an active
inference-based approach to multi-objective decision making
and we examine the resulting behavior through robotic simu-
lation and hardware experiments, and numerical benchmarks

that compare against other state-of-the-art selection methods.
Our approach marries the benefits of a user-provided preferred
optimal trade-off with exploration required to learn portions of
the entire Pareto front. We introduce a new Pareto-bias metric
that, coupled with traditional Pareto-regret, elucidates the
trade-off between accurately learning the diverse Pareto front
versus quickly learning a single optimal trade-off. Notably,
the balance between the aforementioned behaviors can be
controlled via the user’s preference.

This work gives rise to a few future directions of research
such as extension to stochastic transition models. Additionally,
integrating cost-bounds for certain objectives by embedding a
pruning procedure [10] into the multi-objective graph search
algorithm is an interesting extension. Since the costs are not
known a priori, we expect the Pareto cost upper confidence
bound to be an effective choice of pruning constraint. We
are also interested in generalizing the cost distribution to a
Gaussian mixture to account for multi-modality. Other future
directions may include convergence analysis and finite time
regret analysis, for example, adapting the Upper Credible
Limit algorithm [34] for Gaussian multi-armed bandits to the
multi-objective setting.
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Tomás Lozano-Pérez. Integrated task and motion plan-
ning. Annual review of control, robotics, and autonomous
systems, 4(1):265–293, 2021.

[52] Marco Faroni, Alessandro Umbrico, Manuel Beschi, An-
drea Orlandini, Amedeo Cesta, and Nicola Pedrocchi.
Optimal task and motion planning and execution for
multiagent systems in dynamic environments. IEEE
Transactions on Cybernetics, 54(6):3366–3377, 2023.

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.


