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Abstract

As reinforcement learning (RL) agents are deployed in in-
creasingly complex environments, ensuring that their behav-
ior complies with the user’s needs has become a central chal-
lenge in eXplainable RL (XRL). An agent’s policy may solve
a given problem, but some of its choices can seem counter-
intuitive or surprising to the user, who may have wished to
see the agent accomplish its goal in a different way, and may
wonder: what if the agent acted with a different intent in
mind? Scenarios that answer this question are called counter-
factual policies. In this work, we propose a framework that al-
lows the user to request these alternative policies by formulat-
ing preferences about the behavior of the agent. These prefer-
ences are expressed in Linear Temporal Logic on finite traces
(LTLf ), a formal yet intuitive language that allows reasoning
about deterministic sequences of actions. We synthesize the
corresponding counterfactual policies using a multi-objective
reinforcement learning algorithm, which produces a diverse
set of alternative strategies balancing the agent’s original pol-
icy with the one envisioned by the user. By comparing these
strategies, our framework sheds light on the rationale behind
the agent’s decisions. Experimental trials show that such a set
of policies can be synthesized in reasonable time.

1 Introduction
In the context of sequential decision-making, Reinforcement
Learning (RL) agents often achieve strong performance, yet
the objectives that shaped their learned policies may remain
opaque, especially when the underlying reward function is
unknown. In such cases, users may observe behaviors that
comply with the intended objective of the agent, but do not
fully match the users’ preferences. The resulting policy is
thus hard to understand, and the user has no clear way to
adapt the agent’s behavior to his or her needs. This chal-
lenge lies at the intersection of Reinforcement Learning and
eXplainable AI (XAI), and motivates the need for tools that
allow users to question and explore alternative behaviors of
an RL agent.

We address this limitation by proposing a framework for
generating counterfactual policies guided by user-specified
preferences, expressed in Linear Temporal Logic on finite
traces (LTLf ). LTLf is a modal logic that expresses prop-
erties about sequences of states and is more human-readable
than reward functions. This makes preference design less
error-prone, more likely to lead to a desired outcome, and

more interpretable. In this paper, we tackle the problem of
altering an input policy π so that it complies as well as pos-
sible with user preferences.

Producing a single modified policy may not be satisfying,
since that policy may turn out different from what the user
envisioned. Instead, we propose to produce a set of coun-
terfactual policies that trade off fidelity to π and satisfaction
of the user’s preferences, to varying degrees. This naturally
leads to a multi-objective formulation: learning a new pol-
icy that is as close as possible to the reference policy while
complying with temporal preferences.

Scalarizing the objectives into a single reward would re-
quire fixing arbitrary weights and would yield only one com-
promise, which gives the user few clues to understand π.
Instead, we formulate the problem as a multi-objective RL
task and adopt a multi-policy approach, allowing us to ap-
proximate the set of dominating policies and produce di-
verse counterfactual policies in a single training phase. In
addition, a strength of our approach is that it is completely
agnostic to the origin of the policy: we do not assume access
to any information used during training, such as Q-values.

To achieve this, we encode both the reference policy and
the temporal logic preferences as reward machines, which
are structured reward signals. We then employ a variant of
Pareto Q-Learning adapted to reward machines to learn poli-
cies among the most relevant ones, along the Pareto front.
We evaluate the proposed framework on two illustrative en-
vironments, demonstrating its ability to generate meaningful
and interpretable counterfactual behaviors.

The remainder of the paper is organized as follows. Sec-
tion 2 provides the necessary background. In Section 3, we
define the Counterfactual Policies through Temporal Pref-
erences problem. Section 4 presents our approach. Sec-
tion 5 reports experimental results. Section 6 discusses key
insights and limitations. Section 7 reviews related work. Fi-
nally, Section 8 concludes.

2 Background

We begin by introducing the formalism behind reinforce-
ment learning, the multi-objective context, its interactions
with reward machines, as well as LTLf .



Figure 1: A Cliffwalking problem. The agent wishes to
move to the bottom-right hand corner of the map. The short-
est path (the reference policy) is in blue, while the yellow
path also takes into account the user’s preference to collect
the treasure, and the purple path to stay away from cliffs.

2.1 Multi-Objective Reinforcement Learning
Labelled Transition System A transition system is a tuple
⟨S,A, succ⟩ where S is a set of symbols called states, and
A a set of symbols called actions. Each state s is associated
with A(s) ⊆ A, the set of actions that are applicable in s.
succ : S × A → S is the successor partial function, which
associates to each pair (s, a) of state and action such that
a ∈ A(s), its successor state s′ = succ(s, a). s′ is the result
of the application of a in s.

Given a set of propositional symbols P , a labelled tran-
sition system ⟨S,A, succ, L⟩ is a state space enriched with
a labelling function L : S → 2P . This function indicates
which propositions are true in each state. For p ∈ P , when
p ∈ L(s), we will often write, by a slight abuse of notation,
p ∈ s.

Intuitively, a transition system represents the environment
in which an agent evolves, as well as its dynamics. Con-
sider for example Figure 1. The states are the different po-
sitions of the agent, and the actions are UP, DOWN, LEFT,
and RIGHT. In a state, applicable actions are those that do
not move the agent out of the map. Applying an action in a
cell moves the agent in the direction indicated by that action,
except if the agent previously fell into a cliff, in which case
it is stuck. Some cells are states labelled with propositions,
such as treasure or cliff. Cells that are not next to a
cliff are labelled safe.

Markov Decision Process A Markov Decision Pro-
cess (MDP) (Sutton and Barto 2018) is a tuple M =
⟨S,A, R, p, γ⟩. S and A are the states and actions sets.
R : S × A × S → R denotes the reward function, and
R(s, a, s′) is the reward obtained by performing action a
from state s and reaching s′. γ ∈ (0, 1] is the discount fac-
tor. p : S × A × S → [0, 1] denotes the transition function:
p(s, a, s′) is the probability of reaching the state s′ by per-
forming action a from state s. In this paper, however, we
focus on deterministic MDPs, where p(s, a, s′) ∈ {0, 1}:
transitions are deterministic. Slightly abusing the nota-

tions, we will thus consider (labelled) MDPs of the form
M = ⟨S,A, R, succ, γ⟩, where ⟨S,A, succ, L⟩ is a labelled
transition system.

In general, solutions to an MDP take the form of poli-
cies. A policy π is a mapping π : S+ → A (where S+

are tuples of size at least 1 of states) that associates the his-
tory of visited states with the action that the agent chooses.
For a given state sequence s0, . . . , st, π(s0, . . . , st) = at
is the action chosen by the agent at step t, leading to state
succ(st, at) = st+1. In this paper, for a given initial state
s0 ∈ S, we will denote π∗[s0] = ⟨s0, s1, . . . , sn⟩ the trace
of states resulting from the unfolding of the policy π on that
state up to horizon n.

In general, the solution to an MDP is a policy that maxi-
mizes expected discounted return at horizon n. In the deter-
ministic setting, this is expressed as follows:

V π
n =

n∑
t=0

γtrπt+1

where rt is the reward obtained at step t, after unfolding the
policy π, i.e. rπt+1 = R(st, at, st+1). In our setting, we will
only consider bounded executions of policies with up to n
steps, i.e. n <∞.

A policy is stationary if it depends only on the current
state (Markov policy), i.e., there exists π̃ : S → A such
that for every reachable history ht ∈ S+ ending in state st,
π(ht) = π̃(st). Otherwise, it is non-stationary.

In Figure 1, a reward function that encourages reaching
the treasure can be defined as follows:

R(s, a, s′) =

{
1 if treasure ∈ L(s′),

0 otherwise.

A policy that solves the associated MDP is one that leads the
agent to the treasure through a shortest path.

Multi-Objective Reinforcement Learning A multi-
objective MDP (MOMDP) (Wiering and de Jong 2007)
is a tuple MMO = ⟨S,A,R, p, γ⟩ where S,A, p and γ
are similar to MDP, and R is a multi-objective reward
function. R : S × A × S → Rd is a function that returns a
vector composed of d scalars, each representing the reward
associated with an objective (for d ≥ 2). Since there is no
canonical order in Rd, solutions to the MOMDP are defined
by means of Pareto-optimal policies.

Let Π be the set of all policies for an MOMDP M . The
Pareto front of M is the non-dominated set (Roijers et al.
2013):

PF (Π) = {π ∈ Π| ∄π′ ∈ Π : Vπ′
≻P Vπ}

where Vπ ∈ Rd is the value function associated with policy
π, defined as Vπ =

∑∞
t=0 γ

trπt+1. rπt is the reward obtained
at time step t after unfolding π. The Pareto dominance rela-
tion ≻P is such that

Vπ ≻P Vπ′
iff (∀i : Vπ

i ≥ Vπ′

i ) ∧ (∃i : Vπ
i > Vπ′

i )

where Vπ
i is the i-th component of the value function of a

policy π. The Pareto front contains the set of Pareto-optimal



policies that are not Pareto dominated in the sense of ≻P ,
i.e., policies for which there is no other policy with equal or
greater value for all objectives.

Work in this field can be divided into two groups of al-
gorithms (Hayes et al. 2022) depending on whether or not
a clear hierarchy regarding the objectives to be achieved is
known: when they is known, single policy algorithms scalar-
ize the reward function to learn a unique policy aligned with
preferences, using techniques akin to single-objective rein-
forcement learning. When preferences cannot be quanti-
fied, multi-policy algorithms are used to obtain a set of poli-
cies that maximize the various objectives in different pro-
portions, in the sense that they are Pareto-optimal. An ex-
ample of such a multi-policy algorithm is Pareto-Q-learning
(PQL) (Moffaert and Nowé 2014) which is a multi-objective
adaptation of Q-learning (Watkins and Dayan 1992).

The hypervolume (Bader and Zitzler 2011) is a common
metric used to assess the quality and the convergence of a
Pareto front. It represents the volume of the region dom-
inated by the Pareto front, and must be computed with a
carefully chosen reference point, delimiting the region. In
practice, the point whose coordinates represent the lowest
(in a maximization context) possible values for each objec-
tive is considered (i.e., the nadir point).

2.2 Reward Machines
Deterministic Finite Automata A Deterministic Finite
Automaton (DFA) (Hopcroft, Motwani, and Ullman 2001)
over an alphabet Σ of input symbols is a tuple D =
⟨U, δ, u0, F ⟩ where U is the set of states, δ : U × Σ → U
is the deterministic transition function, u0 is the initial state,
and F is the set of accepting states. Given a finite word
x = σ1σ2 · · ·σn ∈ Σ∗, let δ∗ : U×Σ∗ → U be the extended
transition function defined by δ∗(u, ε) = u (where ε is the
empty word) and, for all σ ∈ Σ, δ∗(u, σx) = δ∗(δ(u, σ), x).
The word x is accepted by D iff δ∗(u0, x) ∈ F .

Reward Machine A Reward Machine (RM) is a finite
state machine that selects a reward function depending on
its current state (Icarte et al. 2018), and given a state and an
action, outputs a scalar reward. Given a set of propositional
symbols P , a set of states S and a set of actions A, an RM
is defined as a tuple R = ⟨U, u0, δs, δr⟩. U and u0 ∈ U
denote, respectively, a finite set of states and an initial state.
δs : U × 2P → U denotes the state-transition function;
δs(u, σ) is the state reached after receiving a set σ ∈ 2P of
propositions and being in u. δr : U×U → [S×A×S → R]
denotes the reward-transition function; δr(u, u′) is the re-
ward function to use when transitioning from state u to u′ of
the RM.

As an illustration, Figure 2 shows a reward machine that
encourages the agent to not linger next to a cliff for too long.

MORL with Reward Machines Extending reward ma-
chines to MORL requires considering one RM per objec-
tive. Thus, the Multi-Objective Reward Machine (MORM)
formalism (Aronis 2025; Lequen, Legrand-Lixon, and
Saulières 2026a) proposes representing a reward function
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safe, 0
¬safe, 0

safe, 0
¬safe, −1
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Figure 2: Reward machine that gives a reward of −1 the
first time the agent is in two consecutive states not labelled
safe.

R as a tuple of d reward machines. Formally, we have
R = ⟨U,u0, δs, δr⟩ where U = U1 × · · · × Ud is the
set of joint states of the d RMs, u0 is the joint initial state,
δs and δr are respectively the joint transition functions of
states and reward functions of the d RMs. In order to solve
MORM problems, we use a variant of PQL (Moffaert and
Nowé 2014) adapted to support reward machines.

2.3 Linear Temporal Logic on Finite Traces
(LTLf )

Linear Temporal Logic on finite traces (LTLf ) is a formal-
ism for expressing properties over finite sequences of states,
called traces.

Syntax Given a set P of propositional symbols, formulas
of LTLf are defined inductively as:

φ := ⊤ | p | ¬φ | φ ∧ φ | ⃝φ | φUφ

where p ∈ P is a propositional symbol, ⃝ is the next oper-
ator, and U is the until operator. We use the following stan-
dard abbreviations: ⊥ = ¬⊤ (false), φ ∨ ψ = ¬(¬φ ∧ ¬ψ)
(disjunction), φ⇒ ψ = ¬φ∨ψ (implication), ♢φ = ⊤Uφ
(eventually), and □φ = ¬♢¬φ (always/globally).

Intuitively, ⃝φ states that φ must hold at the next step,
♢φ states thatφmust hold at some future step, and □φ states
that φ must hold at every step of the trace. The until opera-
tor φUψ means that φ must keep holding until ψ becomes
true. As an example, □(¬safe ⇒ ♢safe) expresses that
whenever the agent is on a dangerous cell (¬safe), it must
come back eventually to a safe cell.

Semantics A world w over P is then represented as a set
w ⊆ P of the symbols that are true in w. If p ̸∈ w, then
p is false in w. LTLf (Giacomo and Vardi 2013) defines
semantics for finite world sequences. A trace t is a finite
sequence of worlds, with t = ⟨w1, . . . , wn⟩ ∈ (2P)∗.

t, i |= p iff p ∈ wi

t, i |= ¬φ iff t, i ̸|= φ

t, i |= φ1 ∧ φ2 iff t, i |= φ1 and t, i |= φ2

t, i |= ⃝φ iff i < n and t, (i+ 1) |= φ

t, i |= φ1Uφ2 iff ∃j ∈ Ji, nK s.t. t, j |= φ2

and ∀k ∈ Ji, j − 1K, we have t, k |= φ1

If t, 0 |= φ, we say that φ is true in t or that t satisfies φ,
written t |= φ. We use Ji, jK as a shorthand for the set of
integers {i, i+ 1, . . . , j}. In practice, in our setting, a world
is the labelling of a state.



Safety and Co-Safety Let u ⪯ t denote that u is a prefix
of a trace t. A formula φ is a safety property if every coun-
terexample has a finite bad prefix u, i.e., a prefix that can
never be extended into a trace t′ satisfying φ:

∀t ∈ (2P)∗, if t ̸|= φ, then ∃u ⪯ t ∀t′ ⪰ u, t′ ̸|= φ.

Intuitively, once a bad prefix has occurred, no continuation
can repair the violation. A typical example is □safe.

Dually, φ is co-safe if every satisfying trace has a finite
good prefix, i.e.,

∀t ∈ (2P)∗, if t |= φ, then ∃u ⪯ t ∀t′ ⪰ u, t′ |= φ.

Intuitively, once such a good prefix is observed, satisfaction
is guaranteed for any continuation. A typical example is
♢goal.

There exist efficient algorithms for checking whether an
LTLf formula is a safety (resp. co-safety) property or not
(Latvala 2003). They essentially consist in building the as-
sociated finite state automaton, and performing a reachabil-
ity analysis on (a variant of) it.

Not all properties are safety or co-safety properties. In the
rest of this paper, we will only consider LTLf formulas that
are safe or co-safe.

3 Counterfactual Policies through Temporal
Preferences

In this section, we introduce the problem that we address in
the rest of this paper.

Suppose that a policy π is available for a problem mod-
elled by an MDP, but where the reward function that led to its
acquisition is unknown. In other words, although the agent’s
behavior is observable, the exact objective it optimises re-
mains unclear. In this context, a user can write a formula φ
(or a set of formulas {φi}i≤N ) that expresses preferences:
what would happen if the agent also had to take into account
an additional objective, while maintaining its current behav-
ior as a reference point?

These preferences, expressed as temporal logic formulas,
are meant to perturb the original policy so that it deviates
from its original objective as little as possible, while com-
plying with the preferences expressed by the user. The aim is
then to generate counterfactual policies that reflect different
trade-offs between the original behavior and the satisfaction
of the desired properties.

Counterfactual Policies Let π1 and π2 be two policies
on T = ⟨S,A, succ, L⟩. The distance between them is
d(π1, π2) = |{s ∈ S | π1(s) ̸= π2(s)}|. Let Ψ =
{φ1, . . . , φN} be a set of LTL formulas on the set of propo-
sitions P underlying T . The set of policies that are coun-
terfactual to π with respect to Ψ are the ones which comply
with Ψ while deviating the least from π:

Cπ
Ψ = argminπc

{d(πc, π) | ∀φi ∈ Ψ,∀s ∈ S, π∗
c [s] |= φi}.

Given Ψ and π, in what follows, let us denote Π a set
of policies that are counterfactual to π w.r.t. a subset of the
formulas of Ψ:

Π ⊆
⋃
Φ⊆Ψ

Cπ
Φ

Π is consistent if, for π1, π2 ∈ Π, s. t. π1 ̸= π2, if
π1 ∈ Cπ

Φ1
and π2 ∈ Cπ

Φ2
with Φ1 ⊆ Φ2 ⊆ Ψ, then

d(π1, π) < d(π2, π). In other words, if some π1 complies
with fewer objectives than π2, then it must respect more
closely the original policy. Note that this forbids two poli-
cies from a single Cπ

Φ from belonging to Π simultaneously.
If Π is consistent, then it is saturated if there exists no

counterfactual policy π′ with respect to (a subset of) Ψ such
that adding π′ to Π makes it remain consistent.

Note that such a consistent, saturated set of counterfac-
tual policies is akin to a Pareto front: we exclude counter-
factual policies that are less interesting than others because
they comply with fewer objectives or do not comply as well
with the reference policy.

Problem Definition The Counterfactual Policies through
Temporal Logic preferences (CFP-TL) problem takes as in-
put a policy π and a set of N temporal logic formulas
Ψ = {φ1, . . . , φN} (with the assumption that they are in-
dividually either safe or co-safe), and outputs a set of coun-
terfactual policies ΠCFP that satisfy, to varying degrees, the
objectives expressed by these formulas, while remaining
grounded in the original behavior.
Problem 1. CFP-TL: Counterfactual Policies through Tem-
poral Logic preferences problem

Input: A labeled transition system T
π a policy on T
Ψ = {φi}i≤N a set of LTLf formulas

that are safe or co-safe
Output: ΠCFP a consistent, saturated set of policies that

are counterfactual to π w.r.t. the subsets of Ψ.

4 Method
In this section, we introduce our framework for learning
policies that comply as well as possible with the properties
that the user would like to see enforced, while still staying
as close as possible to the original policy provided in input.

We approximate a solution to the CFP-TL problem by
compiling it into a multi-objective MDP with reward ma-
chines, and then passing it to a MORL with RM algorithm.
In practice, our method consists of two steps:

1. Generate reward machines R = (Ri)i≤N+1 that model
the policy π and user preferences {φi}i≤N , and create an
MOMDP MC = ⟨S,A,R, succ, γ⟩.

2. Solve MC using a multi-policy algorithm.
This allows us to learn counterfactual policies that bal-

ance the various objectives represented by these reward ma-
chines. Since these policies are meant to deviate as little as
possible from the input policy, we also propose an extension
that summarizes the key differences with the original policy,
making the interpretation and comparison of these policies
clear to the user.

In this section, we show how to obtain the reward ma-
chines R, discuss our choice of MORL with RM algorithm,
and then show our method for summarizing policies.



4.1 Reward Machine Computation
Given a set {φi}i≤N of user-specified formulas, and the in-
put policy π, we build N reward machines (Rφi)i≤N , that
reward the agent for complying with the user’s specified
preferences. We also build a policy reward machine Rπ ,
that rewards the agent for following the original policy. In
the rest of this section, we show how to compute these re-
ward machines, depending on the properties expressed by
the formulas.

Converting Co-Safety Properties into Reward Machines
Given a co-safety property φ, it can be converted into a DFA
Dφ = ⟨U, δ, u0, F ⟩ that accepts exactly the finite traces that
satisfy φ (Giacomo and Vardi 2013), and is never blocked
(i.e. there is always a transition that can be taken). We start
by performing this step, such that the transitions of Dφ are
conjunctions of propositional symbols. All that is left now
is to allocate reward functions to each state.

Checking that φ is a co-safety property is done by com-
puting the set of states UR ⊆ U from which there exists
a path to a rejecting state. If the set Reach(u0) of states
reachable from the initial state u0 is such that (Reach(u0)∩
F ) \ (U \ UR) = ∅, then φ is a co-safety property. Indeed,
there is no non-accepting state that can be reached from a
(reachable) accepting state.

In other words, once an accepting state has been reached,
the run remains in an accepting state, and we know that the
input will be accepted. We use this property to preemptively
declare the co-safety property φ satisfied during the execu-
tion of a policy, without waiting for the end of the trace.

This means that we merge all accepting states into a single
one uf , and assign a reward of 1 to transitions to uf , and 0
to the others.

Converting Safety Properties into Reward Machines
Safety properties are the dual of co-safety properties, in the
sense that instead of detecting accepting states that cannot
be left (for a rejecting state), we detect rejecting states that
cannot be left (for an accepting state). We then merge these
states into a single one, creating a sink. Transitions leading
to this sink yields a reward of -1, all other transitions 0.

Figure 2 shows the reward machine generated by the
safety property □(¬safe ∧ ⃝¬safe). Accepting states
are states 0 and 1, and 2 is a sink. As a consequence, only
the transition from 1 to 2 has a non-zero reward.

Policy Reward The calculation of Rπ is straightforward
based on π. The objective is to propose a reward machine
that represents the agent’s behavior, i.e. π. As the policy is
deterministic, for each state s ∈ S, the agent returns a single
action, namely π(s). Having access to π, we simply propose
to provide a reward of 1 if the chosen action corresponds to
that of π, and of −c otherwise, where c ∈ N. Formally, we
have a reward machine with a single state, and thus a single
reward function:

∀s ∈ S, ∀a ∈ A Rπ(s, a) =

{
+1, if a = π(s).
−c, otherwise.

After this step, we are left with the multi-objective re-
ward machines R = {Rπ, Rφ1

, . . . , RφN
}, and a MOMDP

MC = ⟨S,A,R, succ, γ⟩.

4.2 Solving the MOMDP
The second step of the framework consists in learning a set
of policies that solve MOMDP MC , and that are solutions
to our initial problem. Here, the agent must balance two
different objectives: preserving the behavior induced by the
original policy π (via Rπ) and satisfying the preferences ex-
pressed by the temporal formula (via (Rφi

)i≤N ).

Single- and Multi-Policy Algorithms A single-policy al-
gorithm, based on the optimization of a single scalar reward
obtained by a linear combination of the rewards of the re-
wards machines, is not suitable in this context. Indeed, in
our problem, the weights that the user would like to attribute
to each preference are unknown, maybe even to the user
themselves, who is specifically seeking to explore different
counterfactual trade-offs. Imposing an arbitrary weighting
would therefore lead to learning a single policy, correspond-
ing to a particular trade-off which might not suit the user
well enough. This would lead to a phase of adjusting the
weights until a suitable policy is found.

This setting naturally fits within the Multi-Objective Re-
inforcement Learning (MORL) paradigm. Among exist-
ing approaches, multi-policy algorithms are particularly well
suited to our objective: they enable a single training ses-
sion to learn a set of policies approximating the Pareto front,
each corresponding to a different proportion of compliance
between Rπ and Rφ. Such an approach directly provides
a spectrum of counterfactual policies, which the user can
freely explore.

In this context, we use a variant of Pareto Q-Learning
(PQL) that was adapted to work with reward machines (Aro-
nis 2025). This multi-policy algorithm, based on Q-learning,
allows us to learn non-stationary policies located on the
Pareto front while exploiting the structure of RMs.

4.3 Summarizing and Comparing Policies
Our framework produces a set of counterfactual policies that
comply, in varying proportions, with both the agent’s origi-
nal policy and the preference(s) specified by the user. Since
these policies can be lengthy, they may be deemed hard to
interpret. However, we can exploit the fact that these poli-
cies are close to π, provided in input, which we assume is
known to the user.

It is easy to generate the set of actions of an output policy
π′ ∈ ΠCFP, since one only has to track the reward signal
of the RM Rπ to know where π′ deviated. Showing these
transitions to the user serves as a summary of the differences
between π and a candidate policy π′.

5 Experimental Results
Experimental Setup All experiments were conducted
with an AMD Ryzen 7 PRO 5850U processor. We con-
strained memory usage to at most 8 GB, and each run took a
maximum time of 2 minutes to complete.



(a) Results of experiment 1. (b) Results of experiment 2. (c) Results of experiment 4.

Figure 3: Three Cliffwalking maps used in experiments and their associated results. For each experiment, the blue trajec-
tory is the reference policy and all policies are Pareto optimal. For experiment 1 (left), a new policy satisfies the preference
♢ treasure (red). For experiment 2 (center), the policies satisfy the following preferences: ♢ treasure (yellow), □safe
(red), and ♢ treasure ∧ □ safe (purple). For experiment 4 (right), two new policies are generated using temporally-
extended preferences: φ1 = ♢(safe ∧⃝¬safe ∧⃝⃝ safe) (yellow) and φ2 = □(¬safe ⇒ ⃝safe) (red).

Our implementation was done in Python 3.10, relying on
the Gymnasium library (Towers et al. 2024). To compile in-
put LTLf formulas into the automata used by our pipeline,
we used Lydia (Zhu and Favorito 2025). Our code and
results are available online (Lequen, Legrand-Lixon, and
Saulières 2026b).

Set of Benchmarks Two deterministic domains are con-
sidered for our experiments. Cliffwalking, a classic grid-
world environment introduced by (Sutton and Barto 2018),
where an agent navigates to reach a defined goal on the map,
avoiding cliffs. We also consider the possibility of the agent
collecting a treasure, which is on some cells. Four maps
are considered, presented in Figure 1, Figure 3, Figure 3b,
and in Figure 3c. Each map is associated with its own user-
defined preferences, described in Section 5.1.

Restaurant is another gridworld environment we propose
to assess the performance of our algorithm. In this domain,
a waiter has to serve food to two tables. They become dirty
after 5 units of time, and the waiter has to clean them by
throwing leftovers in the trash. The map is shown in Fig-
ure 6, and we consider two user-defined preferences on this
map, presented in Section 5.2.

Baseline As a baseline, we use a standard Q-learning al-
gorithm (Watkins and Dayan 1992) to show that it is more
efficient to modify the policy on the fly using our method
than to retrain a new policy meeting the preference of the
user. Moreover, the MORL algorithm used by our method
is itself an adaptation of Q-learning to our specific setting.
For each domain, we compare the convergence rate of the
algorithms for each experiment, adapting the reward func-
tions (and environment if need be) passed to the Q-learning
algorithm.

Parameters We set c = 5 in Rπ , ensuring that the agent
stays as close as possible to the reference policy.

For Cliffwalking, the maps contain between 54 and 130
states, we thus allowed 2 × 104 steps for the training of the
agent, with γ = 0.95, an ϵ-greedy strategy to choose the ac-
tion to perform in the current state (ϵ = 1.0 in the beginning

to favor exploration then linearly decreases at each step until
it reaches 0.1 after 1200 steps, to favor exploitation). Each
episode was limited to 30 steps.

For Restaurant, since the map contains 576 states, we al-
lowed 4 × 104 timesteps, with γ = 0.99, with an ϵ-greedy
strategy starting at ϵ = 1 and reaching ϵ = 0.05 after 1000
(resp. 15×103) steps for experiment 1 (resp. experiment 2).
Again, each episode was limited to 30 steps.

5.1 Cliffwalking
Episode During an episode, the agent navigates on a rect-
angular grid, starting from the bottom-left corner and aim-
ing to reach a goal located at the bottom-right corner. The
grid contains cliff cells spread across the map, which end
the episode when the agent walks onto them. In addition,
we introduce a special cell, labeled with treasure. In the
original setting, the agent’s state is its position. At each step,
the agent can move in one of the four cardinal directions.

Reference Policy The reference policy is defined on every
cell and follows the shortest path to reach the goal, avoid-
ing cliffs without considering the treasure (e.g. blue path in
Figure 3a). When several actions lead to the same solution,
action RIGHT is preferred, then DOWN, then LEFT.

Experiment 1: The Other Side The first experiment is
performed on the map in Figure 3a, which also presents the
resulting policies. On this map, the reference policy follows
the upper path, ignoring the treasure. In this situation, the
preference expressed by the user is ♢ treasure, meaning
that the agent eventually reaches the treasure. In addition to
the reference policy (in blue), a policy satisfying the prefer-
ence of the user is learned by our approach, thus matching
our expectations. Note that the two policies are Pareto op-
timal, since any other trajectory would either deviate more
than once from the reference policy, or take more steps to
reach the treasure and/or the goal.

Experiment 2: Staying Safe We perform a second exper-
iment on the map of Figure 3b, where the reference policy
walks along cliffs at the bottom, disregarding the treasure
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Figure 4: Evolution of the hypervolume/reward per training step, for experiments 1 (left), 2 (center) and 4 (right) on Cliffwalk-
ing. Our method (MORL-RM) tracks the hypervolume of our set of policies, and Q-learning tracks the reward of the greedy
policy. Note that, when the convergence was faster, we cut the graphs short to make them easier to read.
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Figure 5: Evolution of the hypervolume/reward per train-
ing step for experiment 3 on Cliffwalking. For our method
(MORL-RM), we track the hypervolume of the set of poli-
cies found. The Q-learning is applied with different reward
functions: either rewarding safe behavior (QL-S), collecting
the treasure (QL-T), or both (QL-ST).

located at the top of the grid and only focused on the short-
est path. Here, two preferences are expressed by the user:
♢ treasure (same as experiment 1), and □ safe, mean-
ing that the agent is always on a safe cell (which are cells
that are at distance at least one from a cliff). Our algorithm
is able to produce four different policies: the reference one,
one for each preference of the user (in yellow and red), and
one satisfying both preferences of the user (in purple), but
deviating the most from the reference policy.

Experiment 3: Unsafe Treasure A third experiment is
performed on the map presented in Figure 1, where the trea-
sure is located at an unsafe cell. As in the previous experi-
ment, the user specifies two preferences ♢ treasure and
□ safe, however the treasure being unsafe, it will not be
possible to obtain a policy satisfying simultaneously both
preferences of the user. As expected, our algorithm returns
three policies (see Figure 1): the reference one (in blue), and
one for each preference specified by the user.

Experiment 4: Fear of the Void Our last experiment con-
cerns a map where cliffs are located at its center. The user
expresses the two following preferences for something that
they wish to see the agent perform:

φ1 = ♢(safe ∧⃝¬safe ∧⃝⃝ safe)

φ2 = □(¬safe ⇒ ⃝safe)

The preference φ1 specifies that at some point, the agent
will come close to a cliff, and immediately step away. Sim-
ilarly φ2 expresses that whenever the agent is unsafe, it will
be safe at the next step. The solutions found can be seen on
Figure 3c, where our algorithm returns three policies: the
reference one (in blue), a policy satisfying φ1 but not φ2

(in yellow), and a policy satisfying both φ1 and φ2 (in red).
Since this latter policy maximizes φ1 and also satisfies φ2,
we have one fewer policy, compared to the two-preferences
setting in Experiment 2. Both the yellow and red paths rep-
resent the shortest policies satisfying the properties.

Convergence Rates For experiments 1, 2 and 4, Fig-
ure 4 shows that our algorithm converges faster than the
Q-learning algorithm towards optimal policy, meaning that
it is more interesting to learn from an existing policy than
to retrain an agent from scratch. Sometimes, the prefer-
ences expressed by the user may be conflicting, like in ex-
periment 3 where the treasure is unsafe. Figure 5 shows
that our algorithm converges easily, but this is not the case



for the Q-learning algorithm when rewards for both prefer-
ences are given (QL-ST). Specifying only one preference,
either treasure (QL-T) or safe (QL-S), to the Q-learning al-
gorithm speeds up the convergence, but our algorithm con-
verges within as many steps; moreover, it even returns all
three optimal policies within the same run (see Figure 1),
removing the need for tuning the reward function. Indeed,
QL-ST takes longer to converge since it oscillates between
the two conflicting objectives, before settling for one.

To adapt the reward function passed to the Q-learning al-
gorithm, so that we can learn similar behaviors as the ones
that we expect with the temporal preferences expressed by
the user, we sometimes had to modify the environment.
For instance, to express the fact that the agent (previously)
stepped on a treasure cell, we added a boolean track-
ing this in the environment. This was required because of
a difference in expressivity of the reward languages of Q-
learning and our setting, but also makes the task harder for
our baseline, which can only learn stationary policies (and
thus rely on the state as their only memory).

5.2 Restaurant
Episode During an episode, the agent navigates on a
rectangular grid (cf. Figure 6), starting from the top-
left corner with the aim to serve two tables, then throw-
ing leftovers in the trash. The agent’s state is defined as
a tuple s = (p, f, d, τL, τR) where p is the server posi-
tion, f and d are respectively a boolean food-carrying flag
and dish-carrying flag, τL and τR are respectively the left
and right table states. A table state can take values in
{waiting, served, dirty, clear}.

At each step, the agent selects one action from one of the
cardinal directions, and PICKUP, DELIVER, CLEAR. Mo-
tion actions are deterministic and blocked by the walls. Ac-
tion PICKUP is enabled only at K, the kitchen in the top-
right corner, when food is not already carried and at least
one table remains waiting. Action DELIVER is enabled only
when the server is at a waiting table while carrying food, and
changes that table from waiting to served. Action CLEAR
has two context-dependent effects: at a dirty table it picks
up dishes and sets the table to clear; at the trash, if dishes
are carried, it disposes them. Served tables deterministically

Figure 6: The layout of the restaurant. Tables are located at
bottom-left and bottom-right corners, the server at top-left
corner, the kitchen K at top-right corner and the trash in the
bottom-mid cell of the map.

become dirty after a fixed delay (5 time steps), inducing a
temporal coupling between servicing orders and cleaning.

Reference Policy In the environment, the agent’s objec-
tive is to serve both tables and clean up when they become
dirty. Once all tables are in the clear state, the episode
ends. The reference policy that we consider navigates to the
kitchen to pick up food, serves the table on the right τR, re-
turns to the kitchen to pick up another food item, serves the
table on the left τL by going left from the kitchen, waits until
the two tables are dirty, and finally clears dirty tables, start-
ing with τR, by throwing leftovers in the trash. This takes
a total of 27 steps. Obviously, this policy cannot be con-
sidered efficient due to the waiting time, and the trajectory
could be optimized to take fewer steps.

Scenario 1: No Two Dirty Tables A first scenario is per-
formed where the user preference is □¬(⟨τL = dirty⟩ ∧
⟨τR = dirty⟩), meaning that the restaurant never has both
tables dirty at the same time. The algorithm outputs two
policies: the reference policy where two tables are dirty at
the same time and a policy where τR is cleaned before τL
is served, thus respecting the user preference. Note that the
policy found is able to perform better than the reference pol-
icy, by ending the episodes two steps earlier. The conver-
gence is achieved after 5 × 103 steps, taking about 10 sec-
onds.

Scenario 2: Left Table First For the second scenario, one
user preference is expressed via ♢(⟨τL = served⟩ ∧ ⟨τR =
waiting⟩), meaning that τL is prioritised by the server. As
with the first scenario, the algorithm outputs two policies:
the reference policy and a policy where τL is served first.
The convergence is achieved after 21 × 103 steps, taking
about 7 seconds.

In this section, we described a problem with more com-
plex temporal dynamics. Because of this, we could not train
through Q-learning, in reasonable time, an agent that com-
plies with the user’s preferences expressed in this section.

6 Discussion and Future Work
Preference Language Even though we only allow safe
or co-safe LTLf formulas, the language can still express a
wide range of desirable properties. Some non-decomposable
LTLf formulas can be handled approximately within our
framework. For example, a formula of the form □(x→ ♢y)
can be approximated by a formula □(x → (y ∨ ⃝y ∨
· · · ∨ ⃝ny)), which enforces eventual satisfaction within a
bounded horizon.

A limit of the language concerns the intended semantics
of temporal operators, especially □ and ♢. For instance,
users may wish to interpret □ φ in different ways: either as
a soft requirement that should be respected as often as pos-
sible, or as a strict requirement for which a single violation
already constitutes failure, and subsequent violations of the
properties are allowed. Distinguishing between these inter-
pretations is important for aligning the formal specification
with user intent, and making the policies returned as close



as possible to what the user envisioned. In future work, we
wish to introduce this distinction directly in the language,
and tailor the language to Problem 1, so that the user can
best specify the intended behavior of the agent.

Our language is also expressive enough to capture ex-
planation preferences often addressed by specialized meth-
ods. In particular, questions such as “why was this action
not taken in this state?”, which call for contrastive explana-
tions (Gajcin and Dusparic 2024), can be encoded directly
in our language. This can be done by introducing suitable
propositions at the relevant states.

More generally, our approach is compatible with alterna-
tive specification languages (Camacho et al. 2019), provided
that they can be compiled into reward machines. One may
even specify the reward machine directly, although this is
significantly less intuitive than languages such as LTLf .

It should also be noted that methods exists to synthe-
size LTL formulas from natural language (Fuggitti and
Chakraborti 2023), whose use renders our method even
more approachable to non-specialists.

Relationship with the Base Policy Our method requires a
full input policy and does not work when only provided with
a single plan (i.e. a single sequence of actions). The reason
is that, once the agent deviates from the nominal trajectory
to satisfy the user request, it must still be able to recover co-
herent behavior from newly reached states, and fall back to
its initial intent. A plan that is defined only along one tra-
jectory does not provide this recovery mechanism, whereas
a policy does.

In the same vein, note that we do not know the original
agent’s intent. More formally, in this setting, we do not as-
sume access to the original reward function. Instead, we rely
on the observed behavior encoded by the base policy, while
seeking policies that satisfy the temporal request and remain
close to the reference behavior. If the base policy is well-
defined on most reachable states, and effectively encodes a
robust strategy for accomplishing the original task, then the
agent can typically still achieve the underlying task, even
after temporary deviations induced by the user preference.

Modelling the Base Policy In the current framework, the
base policy is encoded through a dense reward signal, which
provides frequent feedback whenever the agent’s action
aligns with the base policy. However, such a reward remains
a proxy: it captures local action agreement rather than the
deeper, long-term structure of the objective that originally
shaped the policy. An interesting direction would therefore
be to leverage Inverse Reinforcement Learning (IRL) to in-
fer a more expressive reward representation from the ob-
served behavior of π. Instead of simply rewarding step-wise
agreement, IRL could recover a structured objective that en-
codes the policy at a trajectory level, revealing long-term
outcomes. While this approach would significantly increase
computational cost and introduce additional modeling com-
plexity, it could yield a more faithful representation of the
agent’s intent.

7 Related Work
LTL for Task Specification The use of LTL formulas for
task specification in stochastic (MDP) control and reinforce-
ment learning is a topic that has attracted significant interest
(e.g. (Ding et al. 2011; Wolff, Topcu, and Murray 2012;
Fu and Topcu 2014; Camacho, Bienvenu, and McIlraith
2019; Aksaray et al. 2016; Li, Vasile, and Belta 2017;
Camacho et al. 2019)). The general idea behind most of
this work is to transform an LTL formula into an automa-
ton, define an MDP that incorporates this automaton, and
then obtain a policy that best satisfies the underlying LTL
formula.

Early work in stochastic control (Ding et al. 2011; Wolff,
Topcu, and Murray 2012; Fu and Topcu 2014) considers the
LTL formula as a hard constraint, models this formula as a
deterministic Rabin automaton, and focuses on the proba-
bilistic guarantees of satisfaction. Relatedly, (Camacho, Bi-
envenu, and McIlraith 2019) proposes combining AI plan-
ning with LTL synthesis to exploit extended goals expressed
in LTL, compiled into an automaton structure.

More recent work in RL (Aksaray et al. 2016; Li, Vasile,
and Belta 2017; Camacho et al. 2019) uses an LTL formula
as an explicit reward function. (Aksaray et al. 2016) propose
a variant of Q-learning that allows a Signal Temporal Logic
formula to be used as a reward function. In the same vein,
(Li, Vasile, and Belta 2017) specify the task through a TLTL
formula, a more expressive variant of SLTL, and use the ro-
bustness degree as a reward. (Camacho et al. 2019) propose
translating an LTL (or other temporal logic) formula into a
structured reward function, a reward machine.

Shielding A complementary line of work uses temporal
logic specifications not as rewards, but as hard constraints on
the agent’s behavior. Shielding (Alshiekh et al. 2018) syn-
thesizes, from a safety specification (typically expressed in
LTL), a reactive component called the shield, that monitors
the agent at each step and overrides any action that would
lead to a violation of the specification. The shield guarantees
safety throughout training and/or deployment without other-
wise interfering with the underlying RL algorithm. While
shielding and our approach both leverage temporal logic to
shape RL agents, their end goals are orthogonal: shielding
enforces hard safety constraints on a single policy, whereas
we generate a diverse set of counterfactual policies satisfy-
ing user-provided LTLf preferences to varying degrees, as
these are viewed as soft constraints. Moreover, in addition
to safety constraints, we also allow co-safety properties to
be used as preferences.

Counterfactual Explanations With the taxonomy pro-
posed in (Saulières 2025), our framework fits into the expla-
nation of policies, more specifically into the group of works
focused on policy comparison (Amitai and Amir 2022;
Gajcin et al. 2021; Amitai, Septon, and Amir 2024). These
different approaches propose using two policies and collect-
ing trajectories starting from states where the action differs
between the policies. The k most important trajectories are
then proposed to the user (Amitai and Amir 2022; Amitai,



Septon, and Amir 2024) or the ones that are important up
to a specific threshold (Gajcin et al. 2021). This impor-
tance is evaluated by a metric requiring access to Q-values.
The metric can reflect importance in terms of the differ-
ence in performance of the agents (Amitai and Amir 2022;
Amitai, Septon, and Amir 2024) or in terms of the difference
in strategies adopted (Gajcin et al. 2021).

(van der Waa et al. 2018) fits into the explanation of se-
quences by comparing a counterfactual sequence inspired
by the user’s question in terms of outcomes. To generate
the counterfactual sequence, a policy is obtained by locally
modifying the agent’s Q-value, taking into account the user’s
question. The user’s input takes the form of one or more ac-
tions to be modified, whereas our approach proposes model-
ing a strategy using a rich language.

Our approach complements this group of studies by gen-
erating multiple policies for comparison. Furthermore, as
the main focus is on policy generation, the comparison is
carried out in a simple manner based on the general idea be-
hind this group’s work. We leave the potential integration of
these methods into our framework to future work.

RL as an Explanation Framework Some works consider
RL as a framework for providing explanations (Chen et al.
2022; Samoilescu, Looveren, and Klaise 2021; Nguyen et al.
2022; Lash 2024; Wang et al. 2018; Saulières, Cooper, and
de Saint-Cyr 2023). The underlying principle of this frame-
work is to model (at least in part) the problem of finding ex-
planations as an RL problem. This approach has been used
to generate counterfactual explanations of classification or
regression models (Chen et al. 2022; Samoilescu, Looveren,
and Klaise 2021; Nguyen et al. 2022; Lash 2024), explana-
tions of recommendation systems (Wang et al. 2018), and
even RL agents (Saulières, Cooper, and de Saint-Cyr 2023).
To illustrate, (Lash 2024) relies on user preferences for fea-
tures to obtain, via RL, an instance positioned on the de-
cision boundary, and (Saulières, Cooper, and de Saint-Cyr
2023) uses RL to approximate the worst and best trajecto-
ries that an agent can take when performing a certain action
from a state in a stochastic environment.

8 Conclusion
We introduced a framework for generating counterfactual
policies guided by temporal logic preferences in reinforce-
ment learning. Given a reference policy π, and without as-
suming any information about its training process, our ap-
proach enables users to explore counterfactual behaviors of
π by expressing preferences as LTLf formulas. By formu-
lating the problem as a multi-objective task, i.e. balancing
fidelity to the original policy and satisfaction of user prefer-
ences, we produce a diverse and rich set of policies.

To do so, we encode both the reference policy and tempo-
ral preferences as reward machines, then leverage a variant
of PQL tailored to reward machines to find multiple policies
on the Pareto front in a single training phase.

Future work includes integrating XRL methods for richer
policy comparison, and proposing a specific language for
CFP-TL to enhance the specification of user preferences.
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