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Abstract

We study multi-task reinforcement learning (RL),
a setting in which an agent learns a single, uni-
versal policy capable of generalising to arbitrary,
possibly unseen tasks. We consider tasks specified
as linear temporal logic (LTL) formulae, which are
commonly used in formal methods to specify prop-
erties of systems, and have recently been success-
fully adopted in RL. In this setting, we present a
novel task embedding technique leveraging a new
generation of semantic LTL-to-automata transla-
tions, originally developed for temporal synthesis.
The resulting semantically labelled automata con-
tain rich, structured information in each state that
allow us to (i) compute the automaton efficiently
on-the-fly, (ii) extract expressive task embeddings
used to condition the policy, and (iii) naturally sup-
port full LTL. Experimental results in a variety
of domains demonstrate that our approach achieves
state-of-the-art performance and is able to scale to
complex specifications where existing methods fail.

1 Introduction

Developing reinforcement learning (RL) agents capable of
executing complex, temporally extended tasks, such as those
expressed in Linear Temporal Logic (LTL) [Pnueli, 19771,
is an active area of research in artificial intelligence. A
long line of existing research investigates training RL agents
to execute a single LTL instruction [Sadigh et al., 2014;
Brazdil et al., 2014; Hahn et al., 2019; Hasanbeig et al., 2022;
Voloshin et al., 2023]. Traditionally, the inherent memory
requirement of LTL specifications is addressed by construct-
ing an automaton (typically a variant of a Biichi automaton)
corresponding to the LTL specification. However, this cou-
ples the resulting policy to that specific LTL formula. Con-
sequently, even minor changes in the objective, e.g. altering
the items that a warehouse robot needs to collect, requires re-
training the agent. Thus, single-task approaches are ineffec-
tive at agent deployment time, where retraining is infeasible,
or when task specifications change frequently.

*For full version and appendicies see [Abate et al., 2026]

As a result, recent years have seen increased interest in the
multi-task RL setting [Oh er al., 2017]. Generally speaking,
multi-task RL focuses on training a single, generalist policy
capable of executing arbitrary tasks that may not be known
apriori. Intuitively, such apolicy learns a set of reusable be-
haviours and how to compose them in order to achieve new
tasks. This is particularly challenging for LTL tasks, as the
agent must additionally manage the required memory.

Recent approaches to tackle multi-task RL with LTL
specifications can be broadly categorised into decomposi-
tion-based methods [Ledn et al., 2022; Qiu et al., 2023;
Guo ef al., 2025], which break down the objective into sev-
eral subtasks, and holistic approaches that consider the full
specification [Vaezipoor et al., 2021; Xu and Fekri, 2024;
Jackermeier and Abate, 2025]. While decomposition into
subtasks facilitates generalisation by allowing the agent to
recombine learned subtask policies, it may lead to subop-
timal solutions due to missing context. For instance, given
the task “approach shelf, then pick up hammer”, a warehouse
robot focusing only on the first objective is unaware of which
shelf to approach. To avoid these kinds of problems, holis-
tic approaches seek policies that consider the full context of
the task. This, however, is significantly more challenging, as
the generalisation must be achieved solely through learning,
which necessitates an amenable task embedding. In particu-
lar, arbitrary tasks must be embedded in a finite-dimensional
feature space that preserves the semantic similarity of tasks,
while also effectively encoding the necessary memory.

Our contribution. In this paper, we propose novel task
embeddings based on a new generation of LTL-to-automata
translations [Esparza and Kietinsky, 2014; Esparza ef al.,
2020]. Unlike traditional translations, these approaches are
semantic: each automaton state is annotated with additional
information (so-called semantic labelling) that intuitively de-
scribes the semantic meaning of that state. Recent work al-
ready exploited semantic labelling successfully in challeng-
ing problems from formal methods such as parity game solv-
ing [Kfetinsky er al., 2019; Kfetinsky et al., 2023] and re-
active synthesis [Kfetinsky et al., 2025]. In this work, we
demonstrate that semantic labelling enables an effective em-
bedding of arbitrary LTL tasks, while naturally addressing
their memory requirements. In contrast to previous meth-
ods, our approach is both (i) applicable to full LTL and
(ii) lightweight, as it can be computed efficiently on the
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fly. Finally, we design a policy around these embeddings
and demonstrate that this enables successful generalisation to
specifications of previously infeasible complexity.

2 Preliminaries

Linear temporal logic. Let AP be a finite set of atomic
propositions. LTL formulas are generated by ¢ ::= tt | a |
o loeANe| Xp|eUp. where a € AP, and X (“Next”),
U (“Until”) are temporal operators. Further, we define the
common abbreviations , F' ¢ = ¢t U ¢ (“Finally/Eventually”)
and G ¢ = = F —p (“Globally/Always”) [Pnueli, 1977].

An w-word w is an infinite sequence of letters
wl0] w[l]w[2]... withw[i] € ¥ = 2AP. We denote the infi-
nite suffix w(i] w[i+1] ... by w; and present the full satisfac-
tion relation w = ¢ in Appendix A.l. The language of ¢, is
the set of all satisfying words, denoted by [¢]. LTL has sev-
eral fragments, most prominently Safety and Guarantee. In-
tuitively, they denote that something bad never happens and
that something good happens eventually, respectively. Fur-
ther, we consider recurrence (a guarantee holds infinitely of-
ten) and persistence (a safety formula holds eventually).

Limit-deterministic Biichi automata. We define a limit-
deterministic Biichi automaton (LDBA) as a tuple B =
(Q,%,0,&,qo, F), where @ is a finite set of states, ¥ := QAP
is an alphabet, 6 : @ X X — (@ is a transition function,
£ : Q — 29 are (non-deterministic) epsilon transitions,
qgo € @ the initial state, and F C (@ is a set of accepting
states, satisfying the following. There exists a partitioning
Q = Q¥ Q4 such that (i) the transition function never
changes the component, (ii) epsilon transitions only exist
from Qg to @ 4, (iii) every accepting state is in () 4, and (iv)
the initial state is in Q7.

A run on an w-word w = g0y - - - is an infinite sequence
of states qpq1 - - - that begins in the initial state and evolves
according to the transition function except for at most one
index where it may take an e-transition to )4 and remain in
Q@ 4 thereafter. Let j be the index of the epsilon transition.
Then, formally, for all ¢« > 0 with ¢ # j, ¢is1 = (¢, 04)
and ¢; € Q1,qj+1 € £(gj). A run is accepting if it visits F’
infinitely often and a word is accepted by the LDBA if there
exists at least one accepting run. For any LTL formula ¢ there
exists an LDBA that accepts [g], e.g. [Sickert er al., 2016].

Markov decision processes. = We define a Markov decision
process (MDP) as a tuple M = (S, A, P, u,r,7), where S
is the state space, «4 the action space, P : § x A — A(S)
the (unknown) transition kernel, p € A(S) the initial state
distribution, » : S x A x & — R the reward function, and
v € [0, 1) the discount factor. Here A(X) denotes the set of
probability distributions over set X and we write x ~  to de-
note that z is sampled from a distribution p. A (memoryless)
policy is amap 7 : S — A(A), from state s to a distri-
bution over actions. Rolling out 7 in M yields a trajectory
T = (80,00,70,81,01,71,...) With g ~ p, a; ~ 7(-|s¢),
St41 ~ P(st,at), and ry = r(s¢,at, Se+1). A policy con-
ditioned on task ¢ is denoted as 7 | ¢ or 7 (- | s¢, ¢) when ap-
plied to a concrete state s;. We interpret MDPs via a labelling
map £ : S — 2AP. Given a trajectory 7, £ induces an w-word
w = L(s0)L(s1) -+ € (2AP)¥, on which we evaluate LTL .

Reinforcement learning. Following [Sutton and Barto,
2018], the objective of reinforcement learning (RL) is to find
a policy n* that maximises the expected discounted return
J(m) = Erer[dioo ' re]. We write 7 ~ 7 to emphasise
that the trajectory distribution depends on 7. The state-value
function of apolicy mis V™ (s) = Erur[Y o077t | S0 = 5]
and corresponds to the expected discounted return starting
from state s and following policy 7. In addition, we also
consider a specification-driven objective, namely maximiz-
ing the probability of satisfying an LTL task (. For a policy
7, we define this satisfaction probability as Pr(m = ¢) =
Er[1[7 |= ¢]], where 1[7 = ¢] is 1 if the trace induced by
T satisfies ¢, and O otherwise.

3 Problem Definition

We study multi-task RL with LTL specifications, following
[Vaezipoor et al., 2021; Jackermeier and Abate, 2025]. In
contrast to single-task RL, we consider task-conditioned poli-
cies 7 | ¢ that receive a current task o as input. Such policies
can adapt to a new task (¢ without requiring any retraining.
In particular, the MDP is inacessible and solely ¢ itself may
be subject to any.computation before and during the execu-
tion. Formally, the goal is to learn a single universal policy
that maximises the overall satisfaction probability over some
distribution D over LTL tasks:

m* cargmax E_[1[7 E ¢]] (1)
s @~D1
Tmlp

The following two key challenges arise in this setting.

Memory requirements of LTL tasks. Notice that LTL
tasks are inherently non-Markovian: the agent needs to be
aware of already observed labels to decide its next action, as
exemplified by our running example F » A FG y. In the same
MDP state, the agent has to perform different actions depend-
ing on whether it has already seen r; if it has, it can focus on
continuously achieving y; otherwise, it needs to satisfy the
finite goal F r first. While it is in principle possible to learn a
non-Markovian policy 7 (- | so, - - -, $t, ¢) conditioned on the
entire trajectory history, this introduces significant complex-
ity in practice. Hence most RL approaches with LTL tasks
aim to recover a Markovian view by augmenting the MDP
state with memory (typically the states of an automaton for )
that keeps track of the current task’s “progress” (intuitively,
tracking the already achieved subgoals of ().

Universal progress interface. In single-task RL, track-
ing progress of subgoals and conditioning a policy on it is
straightforward. The common approach is to construct an au-
tomaton for the given LTL task, as by design, the automaton
states form sufficient memory for deciding what to do next
in the given task. We then retrieve a Markovian setting by
training a separate sub policy for each state. At test time, the
conditioning on task progress is achieved by tracking the cur-
rent automaton state and employing the respective sub-policy.

However, in multi-task RL, conditioning via state-
dependent sub-policies is no longer feasible, since the au-
tomaton is not fixed a priori, but changes with every new
task. Instead, a universal policy capable of being conditioned
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on any possible task needs to be capable of processing any
possible automaton. This necessitates a universal progress
interface (UPI) which is a finite-dimensional embedding of
arbitrary tasks, that the policy can be conditioned on. A UPI
should (i) reduce any tasks to a common, learnable represen-
tation (ii) update that representation depending on achieved
progress, and (iii) be computationally cheap, as at test time, it
needs to be computed online during interaction with the en-
vironment. To achieve the task-conditioned behaviour of the
policy, the UPI needs to be semantically meaningful: if two
different tasks require similar behaviour, they should have
similar embeddings. For instance, F r AFG y and F 7 should
have similar embeddings as both require an r to proceed.

4 Existing Approaches

We proceed to discuss two current approaches to constructing
a UPI which we build upon.

4.1 Formula Progression Approach

In LTL2ACTION [Vaezipoor ef al., 2021], the LTL formula
itself is embedded as the universal progress interface. Cru-
cially, task progress can be updated by so-called formula pro-
gression [Bacchus and Kabanza, 1996]. Intuitively, for a for-
mula ¢; and a letter o the progressed formula prog(o, )
captures what remains to be satisfied after seeing o. For ex-
ample, if o = F(rAFG y) and 0 = {r}, then prog(o, ¢:) =
FG y (see Appendix A.2 for a full definition).

LTL2ACTION then embeds the current (progressed) for-
mula via a graph neural network (GNN) [Scarselli et
al., 2009] g that operates on LTL syntax trees. The
GNN is trained end-to-end with the task-conditioned policy
(-] s¢, 9(¢)) via RL by issuing a reward of 1 exactly when
¢ progressed to tt, which denotes satisfaction of the task.

A benefit of this approach is that formula progression can
be computed efficiently and on the fly, i.e. each step is only
computed when it is actually required. However, its reliance
on eventually progressing to ¢ to give rewards limits this ap-
proach to the co-safety (guarantee) fragment of LTL. Giving
rewards for general LTL tasks requires tracking additional in-
formation which plain formula progression does not provide.

4.2 Automata-Theoretic Approach

The common approach to support full LTL is to convert the
current task to an automaton and keep track of the current
automaton state as a-UPL.__This is the approach taken by
DEEPLTL [Jackermeier and Abate, 2025], which employs
LDBAs as suitable automata. Formally, the task-conditioned
policy 7 | ¢ then operates over the product MDP M, whose
state space consists of the MDP state space S augmented with
the LDBA state space Q. Non-deterministic e-transitions are
handled by introducing special e-actions ¢, that update the
current LDBA state ¢ to ¢’ € £(q) without modifying the
MDP state. Assigning positive rewards of 1 to visiting ac-
cepting states F' in the LDBA then enables learning a task-
conditioned policy. Formally, the policy is optimised via the
following objective, where 1 is the indicator function of F":

o0
m(-|st,qt) € argmax E_ [Z vtllF(qﬂ)}] 2
fNﬂ"g; =0

The key question in the automata-theoretic approach is
how to obtain meaningful features of LDBA states from ar-
bitrary formulae that are not known apriori. DEEPLTL pro-
poses so-called reach-avoid sequences as a common repre-
sentation of automaton states. Intuitively, these are sequences
of letters to reach and avoid that would result in visiting ac-
cepting states infinitely often. They hence form a complete
plan on how to produce a satisfying trace from the current
state. To chose between the many sequences that could rep-
resent a state, DEEPLTL learns a critic network that judges
the feasibility of any sequence in the given MDP. For-
mally, DEEPLTL learns a policy 7 (-| s, e(s)) conditioned
on a reach-avoid sequence ¢ embedded via an embedding net-
work e. At test time, the agent tracks the current state of the
LDBA and continually searches for the optimal (according to
the critic) reach-avoid sequence ¢* for representing the cur-
rent state ¢;, and executes actions.given by 7 (- | s¢, e(¢*)).

While this approach works for full LTL, the search for
reach-avoid sequences is prohibitively expensive as (i) the en-
tire LDBA, needs to be constructed upfront and (ii) all of its
accepting paths need to be exhaustively enumerated to find
the optimal reach-avoid sequence (see Appendix B for an ex-
act derivation of the complexity). This limits DEEPLTL to
relatively simple tasks, where computing and enumerating se-
quences of the entire automaton is feasible.

Rationale for LDBAs. The choice of LDBA as automata
is important as they combine several useful properties. First,
their Biichi acceptance can be converted naturally to a reward
signal s.t. maximizing rewards coincides with optimising sat-
isfaction probability [Hahn et al., 2019]. Crucially, this is
not possible for other acceptance conditions like Rabin, and
impractical for parity [Hahn er al., 2022]. Note however,
that this requires slightly more sophisticated objectives than
the one we presented in Equation 2, in order to address the
bias introduced by the discount factor v [Hahn et al., 2019;
Bozkurt et al., 2020; Voloshin et al., 2023]. Further, while
some non-determinism is unavoidable when aiming for a
Biichi automaton that captures full LTL, the non-determinism
of LDBAs is very manageable. Specifically, their non-
determinism is good-for-MDP, meaning that it can be re-
solved by the agent (i.e. the epsilon transitions turn into new
actions) without sacrificing any optimality of the policy.!

4.3 Other Related Work

Several other works recently addressed the problem of multi-
task RL with LTL specifications. Many of these approaches
decompose the LTL specification into sub-tasks, which are
then completed one-by-one [Leén et al., 2022; Qiu et al.,
2023; Liu et al., 2024; Guo et al., 2025]. However, this gen-
erally still requires constructing the entire automaton upfront
and furthermore, can lead to myopic solutions due to miss-
ing context. In contrast, we specifically design our approach
to not suffer from such suboptimality. Xu and Fekri [2024]
propose a non-myopic approach based on the option frame-
work [Sutton et al., 1999], but this is limited to a small
fragment of LTL. Recently, Giuri ef al. [2025] investigated

!"Technically, not every LDBA is good-for-MDPs, but the ones
produced by [Sickert er al., 2016; Esparza ef al., 2020] are.
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Figure 1: Schematic overview of our approach for the ZoneEnv environment (a robot navigating a 2D plane with zones of different colours)
and the LTL task ¢ = F red A FG yellow. We first convert the task to an LDBA with semantic labelling (see Section 5.1). Note that initially
only qo is constructed. Then the semantic labelling of the current state go is embedded and passed to the policy (see Section 5.2). Together
with the current state of the MDP s, the policy yields action a in the MDP. The robot’s trajectory in the MDP(green line) enters a zone with
MDP label red which is used to update the automaton. Only then, the corresponding successor q; is constructed in the automaton.

GNNs to improve the representation learning capabilities of
DEEPLTL, but their approach suffers from the same funda-
mental drawbacks as DEEPLTL.

S Semantically Labelled Automata Approach

We start by giving an overview of our approach. We fol-
low the automata-theoretic approach in the sense that we con-
struct an LDBA for the current task, update its state to track
progress and condition our policy on the current state. The
crux is to compute a meaningful embedding of any possible
automaton state for any possible LTL formula (and ideally
just by looking at that state alone, without considering.the
entire automaton). Since there are infinitely many automa-
ton states and we can only observe finitely many in training,
the key question is how to embed the states into a structured
feature space amenable to learning, i.e. where semantically
similar states are close to each other. Traditionally, states
of (limit-)deterministic automata for LTL formulae bear no
logical structure and are simply identified with a numeric in-
dex produced by the translation algorithm; so this may seem
ambitious. However, we employ more modern, semantic
translations to construct the LDBA, which are the product
of a long line of research on constructing small automata
[Kietinsky and Esparza, 2012; Esparza and Kfetinsky, 2014;
Esparza er al., 2020]."The key property of these translations
is that each state is identified with a simple structure (e.g. a
pair or a vector) of LTL formulae. This so-called semantic la-
belling fully describes the semantics of a state (that is, which
subgoals remain to be achieved from here on) and thus, em-
bedding this information can inform the policy about progress
of the task and remaining obligations. Crucially, the seman-
tic labelling of a state is available without having to compute
the entire automaton. Instead, required parts of the automa-
ton can be computed on-demand, depending on the observed
MDP labels. See Figure 1 for an illustration of this approach.

5.1 Semantic Labelling

The semantic labelling of our automaton states originates
from the translation presented in [Esparza et al., 2020], which

is implemented in OWL [K¥etinsky ef al., 2018]. Their LD-
BAs require keeping track of only two LTL formulae, which
is achieved through upfront normalisation [Sickert and Es-
parza, 2020]. First, we have the Main formula, which is the
entire formula in the initial state and for every subsequent
state is derived using formula progression. Intuitively, the
main formula can be thought of as the “remaining language”
from the current state onwards. However, for a recurrence
formula like GF r (i.e. reach r infinitely often), the remain-
ing obligation will never change and thus, just tracking the
main formula cannot distinguish between words that satisfy
this property and ones that do not. Thus, a second formula,
the Breakpoint formula is required to track the inner formula
of recurring obligations (F' r in this case). Whenever this for-
mula progresses to tt, it resets and emits a Biichi acceptance
signal. That way, seeing a Biichi signal infinitely often corre-
sponds directly to satisfying the inner formula infinitely often.
As an example, consider the automaton of Figure 1. The
main formula of ¢q is the entire task and once we observe r,
the automaton updates to state g¢; in which the main formula
has progressed to FG y. The e-transition guesses when the
safety formula G y starts to hold and ¢o verifies that guess
through formula progression. This example has no break-
point formulae due to the lack of recurrence formulae; see
Appendix C for an example with a breakpoint formula.

5.2 Embedding the Semantic Labelling

Embedding the semantic labelling requires capturing the rele-
vant information of two LTL formulae, which we tackle indi-
vidually and concatenate the result. Recall that the embed-
ding space needs to create numerical proximity of seman-
tically similar states (or rather similar formulae) to enable
generalisation. Intuitively, the similarity of two formulae is
proportional to how much their languages overlap. Hence,
our features intuitively approximate a formula’s language by
probing the effects of letters when seen at the current- or sub-
sequent steps. Additionally, we employ simple complexity
measures of formulae (e.g. the height of the syntax tree as
suggested in [Kfetinsky et al., 2023]) to allow the agent to
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choose less complex states when resolving e-transitions.

Exploiting trueness. This feature approximates the imme-
diate effect of observing a letter by measuring how much each
letter progresses the formula towards or away from satisfac-
tion. We thus need a measure of proximity to satisfaction.
Intuitively, it is clear that FG y is closer to satisfaction than
Fr A FG y, since the former already achieved a subgoal. To
capture this, we resort to frueness which was first introduced
in [K¥etinsky et al., 2019]. Intuitively, trueness measures how
easy it is to satisfy an LTL formula, by propositional approx-
imation of the temporal behaviour. Formally, to compute the
trueness tr(y) of a formula ¢ we replace all temporal sub-
formulae v by new propositional variables x,, and compute
the ratio of satisfying assignments to total assignments in the
resulting propositional formula. For example for F r AFG y,
we replace all temporal subformulae, and get xg, A Trg y.
In the resulting conjunction, 1 out of 4 assignments satisfy
the formula and thus t/(Fr A FGy) = 0.25. Further, we
have t7(FG y) = 0.5, which indicates that the latter formula
is easier to satisfy and progressing to the latter is desirable.

We use trueness to compute a feature value for every MDP
label of £. As we are interested in the impact of a letter,
we compare the change in trueness before and after seeing
that letter, i.e. after progressing the formula using that letter.
Formally, for a formula ¢ and a letter o the trueness feature
fir 1s defined as:

fir(p,0) = tr(prog(p, o)) — ().

In the embedding vector of Figure 1, the first two red
numbers correspond to the feature values f;-(v, {r}) and
fir(p,{y}), where ¢ = Fr A FGy. By looking at these
two numbers, the agent can infer that an {r} would make
progress while seeing {y} currently has no effect. Symmetri-
cally to progress, this feature also captures violations. E.g. in
g2 where the main formula is G y we have the feature value
fir(Gy,{}) = —0.5, indicating that not seeing a y (termi-
nally) hurts the progress towards satisfying G y. We further
refine this feature be employing different normalisations (e.g.
among all letters, or among all positive/negative values) that
result in slightly different semantic meanings. For a full list
and explanation of these, we refer to Appendix D. Ultimately,
despite being unable to capture deep temporal relations (e.g.
F r A G —r having trueness 0.25 despite being unsatisfiable),
trueness yields a great propositional approximation of task-
progress, especially for formulae appearing in practice.

Propositional attention. Trueness alone yields a myopic
embedding, meaning that it only considers the immediate ef-
fect of seeing a letter while disregarding what happens after-
wards. For example, the trueness feature values of F r AFG y
alone, do not yield any indication that after seeing {r}, {y}
will be important, which can result in suboptimal behaviour
in certain environments. To combat this, we propose an
attention-like feature, where we relate pairs of propositions
by how reliant one is on the other for satisfying the formula.
Formally, for a formula ¢ and a pair of propositions (p, ¢),
we first compute the formula after seeing {p} denoted as ¢’.
Then, we compute the obligation sets [Li et al., 2013] of ¢/,
denoted by ob(i'). A single obligation set is a letter o € 247

that if seen infinitely often, satisfies the formula, i.e. 0% |= ¢'.
We provide the full definition of obligation sets in Appendix
A.3, but intuitively, the obligation sets approximate the infi-
nite behaviours of ¢’ on a propositional level. To compute
the feature value, we then count how often g appears in the
obligation set (treating ¢ and —q separately) and divide by the
total number of obligation sets. Putting it all together, the
positive propositional attention feature f;;t for a formula ¢
and a pair of propositions (p, ¢) is given by

+ _ o€ ob(¢) | g€ o}
fare (@0, q) = lob(¢')] )

where ¢’ = prog(p, {p}) (and when |ob(¢’)| = 0, the fea-
ture defaults to 0). Symmetrically, the negative propositional
attention feature f,,, counts the appearances of —q.

In the embedding vector from Figure 1, the two teal
numbers correspond to the feature values f.,(¢,7,7) and
fih. (0,7, y), where o = Fr AFGy. The first value being
0.0 indicates that after seeing {7} once, it is completely irrel-
evant. Further, the second value being 1.0 indicates that after
seeing {r}, seeing letters containing y is highly promising.
Crucially, this information is already present in the embed-
ding of gy, allowing the agent to consider its future obligation
of FG y while still primarily focussing on achieving F r.

5.3 Policy Architecture

Our approach is realised in a deep RL setting. We next de-
scribe our policy architecture. Our policies take the cur-
rent MDP state s and the semantic embedding of the current
LDBA state ¢ as input, and produce an action distribution
over the MDP action space A and possible e-actions. Recall
that e-actions €, (where ¢’ € £(q)) correspond to following
an e-transition to ¢’ while remaining in the same MDP state.

To handle this complex hybrid action space (note in partic-
ular that .4 may be continuous, and |£| is not known apriori),
we propose a multi-headed neural network architecture for
the policy. Given the current MDP state s and LDBA state g,
we first compute latent representations of all LDBA states u
in the e-closure £(q) U {q} as follows: first, the MDP state
s is encoded via a state encoder, which is either a multilayer
perceptron (MLP) or a convolutional neural network (CNN),
depending on the domain. Then, the semantic embedding of
each LDBA state u € £(q) U {q} is processed via a learn-
able linear projection layer. These feature vectors are con-
catenated and passed through a shared representation MLP
for each LDBA state, producing latent embeddings z, € R

The latent embeddings are then fed into a linear scoring
head \: R? — R that assigns logits to e-actions, and the em-
bedding of the current LDBA state ¢ is additionally processed
by an environment actor head m¢,, that outputs the parameters
of a distribution over the MDP action space A (e.g. the mean
and standard deviation of a Gaussian distribution). Intuitively,
the scores A(z,,) model the probability of taking the e-action
that transitions to u, and A(z,) corresponds to the probability
of executing an MDP action rather than an e-action. Formally,
the policy induces the hybrid action distribution

w(al.0) = {W")

)\(zq) “Tenv(@ | Zq)

ifa=c¢ey,uc&(Q)
ifae A,
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where ¢, is the e-action that transitions to « and

A(z) = A=)
vagg(q)u{q} exp(A(zv))
denotes the softmax-normalised score function. Note that if

no e-actions are available (i.e. £(¢) = (), then the action
distribution reduces to simply meny (@ | 74)-

Training procedure. We train the policy end-to-end via
goal-conditioned RL [Liu ef al., 2022]: at the beginning of
each episode, we sample a random LTL specification ¢ ~ D
and assign a reward of 1 to visits to accepting states. To make
training converge faster in practice, we follow the approach of
Jackermeier and Abate (2025) and design a training curricu-
lum consisting of different stages of increasingly challenging
formulae. For example, we generally first train the agent with
simple formulae of the form F a before sampling more com-
plex tasks. Once the agent performs sufficiently well on tasks
sampled from the current stage, we move on to the next stage.
Our approach is independent of the underlying RL algorithm.
Throughout our experiments, we use proximal policy optimi-
sation (PPO) [Schulman et al., 2017]. We provide further
details on training, including on curricula, in Appendix E.

6 Experiments

We evaluate our approach, named SEMLTL, across a variety
of domains and specifications.” We aim to answer the fol-
lowing research questions: (RQ1) Are our embeddings ex-
pressive enough to overcome the myopia of decomposition-
based methods? (RQ2) Can SEMLTL successfully learn gen-
eralist policies for zero-shot executing arbitrary LTL instruc-
tions? (RQ3) Does our approach successfully scale to com-
plex specifications, where previous methods fail?

RQ1. Consider the grid-world environment depicted in Fig-
ure 2 (left), inspired by [Vaezipoor et al., 2021]. The agent,
located on the left, receives one of the following two goals:
F(parcel A F hammer) or F(parcel A F wrench), requiring it
to enter the correct room via the one-way conveyor belts. For
decomposition based approaches, the first subtask is F' parcel
in both cases. The agent thus has to choose a room (in or-
der to pick up a parcel) without knowing the entire specifica-
tion. Since both specifications are equally likely, but the agent
has no way of differentiating between them, it can achieve a
maximum success rate of 50%. In contrast, we observe that
SEMLTL does not suffer from such myopia and quickly con-
verges to the optimal policy (Figure 2, right).

RQ2 and RQ3
We now proceed to conduct a large-scale experimental study
to investigate RQ2 and RQ3.

Environments. We rely on established benchmarks to eval-
vate SEMLTL: the LetterWorld environment [Vaezipoor et
al., 2021], which consists of a 7 x 7 grid with randomly
placed letters corresponding to atomic propositions, and
ZoneEnv [Vaezipoor et al., 2021], a high-dimensional robotic
navigation environment with a continuous action space,
where randomly placed zones of different colours form the

?Code available at: github.com/mathiasj33/semlt]
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Figure 2: Conveyor environment example. The task is either
F(parcel A F hammer) or F(parcel A F wrench). Once the agent
is on a conveyor belt, it cannot go back. Without our propositional
attention feature we can only achieve 50% (like other decomposi-
tion based approaches), whereas our full approach finds the optimal
solution.

atomic propositions. We consider a more difficult variant of
ZoneEnv with 8 colours (instead of 4) and a more complex
observation space based on an-RGB lidar sensor. For further
details, see Appendix F.1.

Baselines. 'We compare our approach to LTL2 ACTION, the
only other approach that does not have to compute the en-
tire automaton upfront, and DEEPLTL, the state-of-the-art,
automata-conditioned approach that does not suffer from my-
opia and is applicable to full LTL. See Appendix F for imple-
mentation details and hyperparameters of SEMLTL and the
baselines, including training curricula.

Tasks. We consider a wide range of tasks for our evalua-
tion. First, we compare to a set of established LTL tasks from
the literature [Jackermeier and Abate, 2025], which we ag-
gregate and refer to as SMALL in our results. Since these
tasks are of limited complexity, we furthermore introduce
several parameterised families of both finite- and infinite-
horizon tasks that enable us to systematically assess the scal-
ability of our approach. The LOCAL-SAFETY[k, m] family
(“avoidance” in [Vaezipoor et al., 2021]), consists of m dis-
junctions of reach-avoid specifications @[k] where p[k] =
—a1; U (r1 A (mag U (rg A -+ A (ma, U rg)))). Further,
we define the variant GLOBAL-SAFETY[k, m], which fixes
a single global proposition a to avoid throughout the entire
task. We also introduce the FINITE-REACTIVE[k, m] fam-
ily, where a simple finite-goal needs to be reached. However,
whenever a trigger variable ¢ is observed, the agent needs to
react by achieving specified response variables. The overall
task consists of k£ such reaction rules, where each permits m
response variables. An example is ((t — F(r1 V12)) Ug.
For infinite-horizon tasks, we first consider the COMPLEX-
PATROL[k, m] family. This consists of a disjunction of se-
quential reach tasks ¢[k] = F(r; AF(... A Fry)) that need
to be satisfied recurrently while avoiding a global safety con-
straint. We also investigate the REACH-STAY[k] family of the
form i [k] A FG a, where a is an eventual safety target. Note
that we do not consider this task family in LetterWorld, since
the agent has to move at every timestep, and hence cannot
stay continuously at the same proposition. These two families
cover complex tasks of the persistence and recurrence frag-
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Task Specification Type 19| 18] LTL2AcTtioON DEEPLTL SEMLTL (Ours)
SR/ Mace SR/ Mace SR/ Hacc Hstates
.. SMALL 9 23 0.67+0.12  0.98+0.01 0.98+0.01 4.12+0.02
g & LOCAL-SAFETY([3, 3] 233 1,372 0.57+0.07 TO 0.99+0.00 5.3840.00
B %  GLOBAL-SAFETY[4, 6] 1,072 6,414 0.12+0.03 TO 0.91+0.01 6.77+0.04
S FINITE-REACTIVE[S, 2] 300 2,115 0.74+0.04 TO 1.00+0.00 2.80+0.10
2 » SMALL 9 23 0.52+40.07  0.93+0.02 0.92+0.02  3.40+0.01
'E 2 LOCAL-SAFETY([3, 3] 83 379 0.66+0.11  0.98+0.01 0.93+0.06 5.09+0.14
3 GLOBAL-SAFETY/[4, 8] 1,162 6,510 0.39+0.05 TO 0.79+0.06 6.73+0.18
FINITE-REACTIVE([S, 2] 107 619 0.7440.11 TO 0.98+0.00 2.96+0.16
= 5 SMALL 7 16 nfa  6.15+1.97  7.13x051 4.76+0.09
& 8 COMPLEX-PATROL([5, 5] 49 227 n/a  1.78+026  1.83+0.10 6.44+0.03
‘g ~ ALWAYS-REACTIVE[5, 1] 38 204 n/a TO 3.06+0.07  7.06+0.02
£ SMmALL 4 10 n/a  14.50+6.71  18.65+6.02- 3.5940.04
E £ REACH-STAY[5] 34 116 n/a 914+862 2,503+497 7.29+0.15
S § COMPLEX-PATROL[5, 5] 45 201 n/a 213145  2.444044 6.33+0.10
ALWAYS-REACTIVE[), 1] 38 204 n/a TO 3.73+0.80 7.00+0.00

Table 1: Evaluation results of SEMLTL and the baselines. For each task family, | Q| denotes the average number of LDBA states, and |J| the
average number of transitions. We report success rate (SR) for finite tasks and number of visits to accepting states (ftacc) for infinite tasks, as
well as number of constructed LDBA states (fstates) for SEMLTL. “T'O” denotes failure to produce a single action within a time limit of 600s.
Results are averaged over 5 seeds and 500 episodes per seed. SEMLTL demonstrates strong performance and robust scalability across tasks.

ment, respectively. We furthermore introduce the ALWAYS-
REACTIVE[k, m] family, where tasks require maintaining re-
active responses over an infinite horizon. Concretely, a trig-
ger to must be seen infinitely often (GF ¢(), while responding
to a set of k global reaction rules with m response variables
each (e.g. G(tp — F(r1 V t1)), where in particular ¢; could
be another trigger). We choose suitable parameters to cover
a broad spectrum of automaton sizes, and randomly sample 5
tasks per family for our experiments.

Results. Table 1 lists evaluation results of SEMLTL and the
baselines on both evaluation environments. As is standard,
we report success rates (SR) for finite-horizon tasks and aver-
age Vvisits to accepting states (f,c) for infinite-horizon tasks.
Intuitively, pa.c captures how often the policy successfully
completes an accepting cycle in the LDBA. We also report
the number of LDBA states constructed by SEMLTL (tstates)-

We observe that SEMLTL in both environments suc-
cessfully learns a policy that is able to generalise to di-
verse LTL specifications, achieving strong results through-
out (RQ2). SEMLTL consistently performs much better than
LTL2AcCTION, which demonstrates the structure and learn-
ability of our semantic embeddings. For finite tasks, the se-
mantic labelling of LDBAs only consists of the main formula.
Both approaches thus only track one formula (using formula
progression) and differ solely in the way they embed that for-
mula. We clearly observe that SEMLTL is able to leverage the
same information much more effectively, and over a diverse
set of typical RL specifications. DEEPLTL also achieves
strong results on tasks where constructing the entire automa-
ton and enumerating reach-avoid sequences is feasible. This
is expected, since it exhaustively analyses the entire automa-
ton to form a complete and optimal plan to inform its policy.
However, for more complex specifications DEEPLTL fails to
compute even a single action within the 600s time limit (de-

noted by TO), due to the prohibitively expensive sequence
enumeration. In contrast, we observe that SEMLTL success-
fully scales to highly complex formulae and achieves strong
performance even on large task instances with hundreds of
automaton states (RQ3). Notably, SEMLTL often only con-
siders a small fraction of the overall LDBA (see figies cOM-
pared to |@|). This highlights the suitability of many common
RL tasks for on-the-fly automata construction, and demon-
strates that the theoretical benefits of SEMLTL lead to sig-
nificant advantages in practice. We provide full experimental
results, including on more parameters for the different task
families, per-specification results on SMALL tasks, and visu-
alisations of SEMLTL trajectories in Appendix F.

7 Conclusion

We presented SEMLTL, a novel approach to train general-
ist policies for satisfying arbitrary LTL specifications. Our
method is based on recent semantic LTL-to-automata transla-
tions that annotate each automaton state with rich, semantic
information. Not only does this naturally enable support for
full LTL, but it also allows automata states to be computed ef-
ficiently on the fly, without constructing the entire automaton
upfront. We introduced a structured way to embed the seman-
tic state information, and designed a suitable policy architec-
ture based on these embeddings. Experimental results on a
wide variety of specifications demonstrate that our approach
successfully learns policies that can zero-shot generalise to
novel LTL tasks, while being significantly more scalable and
constructing only a fraction of the automaton.

Future work will extend our approach to real-life robotics
settings with unknown labelling functions and enhance scala-
bility via the recently proposed LTLf+/PPLTL+ temporal log-
ics [Aminof et al., 2025; De Giacomo et al., 2025] and exploit
good-for-MDP reduction pipelines [Weinhuber er al., 2026].
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