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Abstract
Learning formulas in Linear Temporal Logic (LTLf ) from finite traces is a fundamental research
problem which has found applications in artificial intelligence, software engineering, programming
languages, formal methods, control of cyber-physical systems, and robotics. We implement a new
CPU tool called Bolt improving over the state of the art by learning formulas more than 100x faster
over 70% of the benchmarks, with smaller or equal formulas in 98% of the cases. Our key insight is
to leverage a problem called Boolean Set Cover as a subroutine to combine existing formulas using
Boolean connectives. Thanks to the Boolean Set Cover component, our approach offers a novel
trade-off between efficiency and formula size.
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1 Introduction

Linear Temporal Logic (LTL) [49] is a prominent logic for specifying temporal properties
over infinite traces; in this paper, we consider LTL on finite traces [30], abbreviated LTLf .
The fundamental problem we study is to learn LTLf formulas from traces: given a set
of positive and negative traces, find an LTLf formula separating positive from negative
ones. LTLf learning spans different research communities, each contributing applications,
approaches, and viewpoints on this problem. We give below a cursory cross-sectional survey
of motivations and applications of LTLf learning in three communities.

Software Engineering, Programming Languages, Formal Methods. LTLf learning is
an instantiation of specification mining, which is an active area of research devoted to
discovering formal specifications of code. Already back in the 1970s, Wegbreit [57] and
Caplain [15] propose frameworks to automatically generate properties of code. At this point,
it is important to distinguish between the dynamic and the static setting: in this paper,
we are interested in the dynamic setting where we observe program executions (also called
traces) to infer properties of the code. The term specification mining was coined by Ammons,
Bodík, and Larus [1] in a seminal paper where finite-state machines capture both temporal
and data dependencies. Zeller [61] contributed a roadmap to mining specifications in 2010,
highlighting its potential for software engineering. A few years later, Rozier [53] shaped
an entire research program revolving around LTL Genesis, motivating and introducing
the LTL learning problem as we study it here. Early works focused on mining simple
temporal properties [25]. In particular, Perracotta [60] and Javert [28] focus on patterns of
the form (ab)∗ and (ab∗c)∗. The first tool supporting all LTLf formulas is called Texada,
and was created in 2015 [41, 40]. Following Texada, a line of work focuses on scaling LTLf

learning to industrial sizes, conjuring different approaches. We mention here the state-of-the-
art LTLf learning tools: Scarlet, based on combinatorial search [50], and a GPU-accelerated
algorithm (later referred to as VFB algorithm given its authors Valizadeh, Fijalkow, and
Berger) [56]. Applications of mining specifications for software include detecting malicious
behaviors [18] or violations [43] and are already widely adopted in software engineering: for
instance, the ARSENAL and ARSENAL2 projects [29] have been successful in constructing
LTLf formulas inferred from natural language requirements, and the FRET project generates
LTLf from trace descriptions [31]. We refer to the textbook [44] and the PhD thesis of Li [42]
for comprehensive presentation of specification mining for software, and its relationship to
data mining.

Control of Cyber-Physical Systems and Robotics. LTLf learning is extensively studied
in a second area of research with different goals and very different methods: to capture
properties of trajectories in models and systems. Given its quantitative nature, Signal
Temporal Logic (STL) is preferred over LTLf since it involves numerical constants and can
thus capture real-valued and time-varying behaviors. In particular, temporal logics allow
reasoning about robustness [5] and anomaly detection [37, 39]. There is a vast body of
work on learning temporal logics in control and robotics, which can be divided into two:
techniques aiming at fitting parameters of a fixed assumed STL formula [4, 59, 36], and
approaches searching for both formulas and parameters [36, 8]. This led to many case studies:
automobile transmission controller and engine airpath control [59], assisted ventilation in
intensive care patients [11], dynamics of a biological circadian oscillator and discriminating
different types of cardiac malfunction from electro-cardiogram data [6], anomaly detection in
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Figure 1 Overview of LTLf Learning with Boolean Set Cover

a maritime environment [8], demonstrations in robotics [16], detection of attention loss in
pilots [45], and analysis of computer games [32].

Artificial Intelligence. The field of AI has contributed to LTLf learning a number of
applications, but also a wealth of techniques. The overarching philosophy of LTLf learning
in AI is that LTLf forms a natural and explainable formalism [14] for specifying objectives [33]
in various machine learning contexts. For instance, in the context of reinforcement learning,
LTLf formulas have been used to either guide [12, 10] or constrain policies [34, 13]. Another
recent application aims to speed up synthesis by separating data and control [47].

SOTA on LTLf Learning. Since learning temporal logics is computationally hard1, different
approaches have been explored. The state-of-the-art tool is Scarlet, which is based on
specifically tailored fragments of LTLf [50, 51]. A GPU-accelerated algorithm was published
in 2024 [56], yielding an improved state of the art in a different category. Scarlet cannot
reliably learn formulas of size greater than 15, which is less than ideal: we aim to change this.

Boolean Set Cover. Our key insight in this work, and what we believe is the key to scaling
LTLf learning to industrial sizes, is to treat Boolean operators differently from temporal
operators. To address the former, we leverage a novel solution to a problem we call Boolean
Set Cover [50, 52]. When enumerating LTLf formulas, we quickly hit a wall because of
the exponential number of formulas. Let us say that at this point, we have enumerated the
formulas φ1, . . . , φk but have not found a solution. Instead of giving up, Boolean Set Cover
looks for solutions in the form of Boolean combinations of the formulas φ1, . . . , φk, allowing
us to generate much larger and more expressive formulas. See Figure 1.

Boolean Set Cover is a fundamental problem which has been studied under different
names. In the 80s, when key concepts from learning theory emerged, it was known as Boolean
Concept learning [54, 2] (see also the textbook [3]). In logic, it has been extensively studied as
extending partially defined Boolean functions; see, e.g., [19]. The name Boolean Set Cover was
introduced in [50] in the context of LTLf learning, highlighting that it extends the classical
Set Cover problem. For consistency in this line of work, we adhere to this terminology.

The key finding of this work is that the Boolean Set Cover problem can be solved in an
approximate way very efficiently, which can then be leveraged to learn LTLf formulas of size

1 It is NP-complete, even for restricted fragments of LTLf [26, 46].
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way beyond the reach of existing tools. An overview of our general approach is depicted in
Figure 1.

Our Contributions:
We propose a framework for combining LTLf learning with Boolean Set Cover.
We implement our algorithms in a new tool called Bolt.
We consolidate a benchmark suite for LTLf learning with over 15,000 tasks.
We show through experiments that Bolt significantly improves over the state of the art,
both in terms of wall-clock time and size of learned formulas.

We believe Boolean Set Cover is a fundamental problem of independent interest, which
has a lot of potential applications beyond LTLf learning. We leave as future work to explore
them; we discuss perspectives in Section 6.

Code Availability. Bolt’s code is available at https://github.com/SynthesisLab/Bolt.
The benchmarks used for the evaluation of our tool are available at https://github.com/
SynthesisLab/LTLf_Learning_Benchmarks.

Conference Version. This article extends a conference version [7] in the proceedings of
TACAS 2026 with the complete proofs and additional examples and details.

2 LTLf Learning

2.1 Problem Definition
One of the reasons for the success of Linear Temporal Logic (LTLf ) as a logical formalism
for temporal reasoning on traces is that its semantics can be conveyed using a single picture:

The syntax of LTLf is particularly simple (no variables and no quantifiers), it uses only
the classical Boolean operators and two temporal operators: X!, called Strong Next, and U,
called Until.2 Informally, X!φ holds if φ holds starting from the next position, and φU ψ

holds if there exists a later position such that ψ holds, and φ holds in the meantime.
Formally, let us fix a finite set of atomic propositions AP. A (finite) trace is a (non-

empty) sequence where each position holds a subset of atomic propositions; for instance,
with AP = {p, q}:

We index traces from position 1 (not 0) and the letter at position i in the trace w is
written w(i), so w = w(1) . . . w(ℓ) where ℓ is the length of w, written |w| = ℓ. We write
w[k . . . ] = w(k) . . . w(ℓ). We only consider non-empty traces.

2 The temporal operators F and G will be derived from U.

https://github.com/SynthesisLab/Bolt
https://github.com/SynthesisLab/LTLf_Learning_Benchmarks
https://github.com/SynthesisLab/LTLf_Learning_Benchmarks
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The syntax of Linear Temporal Logic (LTLf ) includes atomic propositions c ∈ AP as
well as ⊤ and ⊥, the Boolean operators ¬, ∧, and ∨, and the temporal operators X! and U.
The semantics of LTLf are defined inductively, through the notation w |= φ where w is a
non-empty trace and φ is an LTLf formula. The definition is given below for the atomic
propositions and temporal operators X! and U, with Boolean operators interpreted as usual.
For w of length ℓ:

w |= ⊤ and w ̸|= ⊥.
w |= c, with c ∈ AP, if c ∈ w(1).
w |= X!φ if ℓ > 1 and w[2 . . . ] |= φ (strong next).
w |= φ U ψ if there is i ∈ [1, ℓ] such that for j ∈ [1, i − 1] we have w[j . . . ] |= φ, and
w[i . . . ] |= ψ (until).

We say that w satisfies φ if w |= φ. We define the size of an LTLf formula φ as the number
of nodes in its syntactic tree.

As customary, we include some additional temporal operators:
Xφ is “weak next φ”, it is a shortcut for ¬X!¬φ;
Fφ is “eventually φ”, it is a shortcut for ⊤U φ;
Gφ is “globally φ”, it is a shortcut for ¬F¬φ;
φR ψ is “release φ”, it is a shortcut for ¬ψ U ¬φ.

The LTLf learning problem is defined as follows:

INPUT: two disjoint finite sets of traces P and N

OUTPUT: an LTLf formula φ of minimal size such that all of P satisfies φ
and none of N satisfies φ

Note that the minimality of a formula depends on the set of operators considered (both
Boolean and temporal). The set of operators we consider is standard for LTLf .

2.2 The VFB Algorithm
Our first baseline for LTLf learning is an optimized enumerative algorithm from Valizadeh,
Fijalkow, and Berger [56]; we call it the VFB algorithm. Simply put:

VFB algorithm = combinatorial search + fast evaluation + observational equivalence.

Combinatorial Search. The core algorithm is a bottom-up enumeration of LTLf formulas
by size. First, the set of formulas of size 1 contains all atomic propositions. At step k, we
generate all formulas of size k + 1. In order to do this, for each operator, we take arguments
such that the sum of sizes of arguments is equal to k; this way, the generated formula will
have size k + 1 by combining it with the selected operator. A property of this algorithm is
that it is agnostic to the operators: it can be adapted to any fragment or be augmented
with other operators, as long as we can easily compute inductively whether a trace satisfies a
formula.

Fast Evaluation. The key idea is to represent the semantics of LTLf formulas on input
traces using so-called “characteristic tables”:

The characteristic sequence (CS) of a formula φ on a trace w is the bit vector v ∈ {0, 1}|w|

such that w[i . . .] |= φ if and only if v(i) = 1;
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The characteristic table (CT) of a formula φ over the positive traces P and the negative
traces N is a sequence t such that t(i) is the CS of φ on the ith trace of P ∪N .

We give an example of characteristic sequences and tables in Figure 2.

aabaa

baaa

abab

aab

1

1

0

1

0

1

1

0

1

1

0

0

1

0

0

0

Characteristic vector

Characteristic sequence

Characteristic table

Figure 2 Characteristic sequences and table of φ = X! a with P = {aabaa, baaa} and N =
{abab, aab}. We also use characteristic vector for the vector of all first bits of the characteristic
sequences. Looking at the characteristic vector suffices to check whether φ is a solution: it must
have 1’s at all positions of P and 0’s at all positions of N . However, we need to keep in memory the
whole characteristic table to check for observational equivalence.

The characteristic table is not a rectangular matrix when traces in P ∪N do not have
the same length.

With these objects, one can compute inductively the characteristic sequences and tables
of formulas with only a few bitwise operations. For instance, the semantic of the strong next
operator X! is simply a “left shift” on characteristic sequences. This idea originates from [56].
The brief Python code to compute efficiently the characteristic sequences of LTLf formulas
is recalled in Appendix A.

Observational Equivalence. A second idea to tackle the combinatorial explosion of the
number of formulas is to consider only “semantically unique” formulas. Observational equiva-
lence is an idea from program synthesis [27]; in our context, two formulas are observationally
equivalent on (P,N) if they generate the same characteristic table. When enumerating
formulas, we may keep a single representative for each equivalence class without losing
completeness.

Scaling Issues. Despite these improvements to a simple exhaustive search, the scaling of
the problem is enormous. We identified two problems limiting the depth of algorithms.

The first issue, of course, is the exponential blow-up due to the number of increasingly
large formulas. The second issue is the memory used to store the evaluation of LTLf formulas
in the form of characteristic tables, which is necessary to check for observational equivalence.
The more input traces there are, the larger the characteristic tables are; the longer the traces
are, the wider the tables are. When tables have more elements, observational equivalence is
also less likely to occur.

3 Boolean Set Cover

Let us start with defining Boolean Set Cover formally. We consider a finite set X partitioned
into positive and negative elements: X = P ∪N . We are given a (potentially large) set of
atomic formulas φ1, . . . , φk over X. The goal is to construct a formula separating P from N

using conjunctions and disjunctions of the atomic formulas.
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As an example, consider the following instance of Boolean Set Cover (adapted from [50,
Fig. 1]):

Here, P = {p1, p2, p3} and N = {n1, n2, n3}. The formulas φ1, φ2, and φ3 satisfy the points
encircled in the corresponding area. In this instance, φ1 ∨ (φ2 ∧ φ3) is a (minimal) solution.

Our idea to tackle these scaling issues is to use the VFB algorithm on the full LTLf

only up to a fixed formula size, chosen based on a memory or time threshold. Since the
exponential blow-up does not allow to go much further beyond size 8, we then restrict our
focus to the fragment of LTLf with only ∧ and ∨ to move forward. In other words, we keep
all formulas we have generated and then only combine them with ∧ or ∨. This restricted
problem is an instance of Boolean Set Cover, that is solved as a subroutine in our LTLf

learning algorithms.
A high-level view of the procedure is in Algorithm 1. In this algorithm, VFB-Bounded is

a variant of VFB which only computes LTLf formulas up to some fixed size using operators
from sets of unary and binary operators O1 and O2. This fixed size is a hyperparameter
called LTL2BS-switch. Algorithm VFB-Bounded returns two objects: a solution to the LTLf

learning instance (or ⊥ if it has not found a solution), and a set F containing all generated
formulas up to size LTL2BS-switch. If no solution was found, the generated formulas are fed
to a Boolean Set Cover solver called BS-Solver. From the point of view of the Boolean Set
Cover solver, the LTLf formulas are letters of a new alphabet, each being associated with a
positive integer called weight (which is in practice the size of the LTLf formula).

Algorithm 1 VFB algorithm with Boolean Set Cover solver
Hyperparameter: LTL2BS-switch (below, k), the maximal size of LTLf formulas to enumerate
before switching to Boolean Set Cover.
1: procedure Search(AP, O1, O2, P, N, k)
2: S,F ← VFB-Bounded(AP, O1, O2, k)
3: if S ̸= ⊥ then ▷ If the VFB algorithm found a solution
4: return S

5: else
6: F ′ ← Collapse(F)
7: return BS-Solver(F ′, P, N)

When we send the generated formulas to a Boolean Set Cover solver, two kinds of collapses
occur (represented in Algorithm 1 with function Collapse).

First, once we restrict our focus to operators ∧ and ∨, two formulas can be assumed
to be observationally equivalent if and only if they have the same first bit for each row of
their characteristic table. Indeed, as there is no more “temporal phenomenon”, this is a
sufficient information to determine whether a given trace satisfies a Boolean combination of
(already evaluated) LTLf formulas. In other words, we move from the computation of tables
to vectors (the vectors of first bits), which produces many collisions and reduces the number
of formulas to consider. We quantified this collapse in practice over a small set of tasks
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chosen randomly. Let F denote the set of observationally non-equivalent LTLf formulas
of size at most 8, and F ′ = Collapse(F) denote the set of formulas with a distinct first
column in the characteristic table. On average over 780 tasks, the ratio |F|/|F ′| is 3.54, with
a minimum of 1.09, a maximum of 48.22, and a standard deviation of 5.46.

Second, storing vectors instead of tables is a massive gain: space-wise, as storing the
evaluation of a formula is a bit vector of size |P |+ |N | instead of ℓ · (|P |+ |N |), where ℓ is
the total number of bits in an input trace, and time-wise, as new formulas can be evaluated
faster. This enables exploring much larger formulas (though in an incomplete way, as some
operators are missing) at a reduced space and time cost.

3.1 Definition and Properties of Boolean Set Cover
Let P and N be two disjoint finite sets. Let F be a family of sets with F ⊆ P ∪ N for
all F ∈ F . We assume that a weight weight(F ) ≥ 1 is associated with each set F ∈ F (which
is unrelated to the cardinality of F ).

We define positive Boolean formulas and their weights inductively:
∅ is a formula of weight 0;
F ∈ F is a formula of weight weight(F );
if θ1 and θ2 are positive Boolean formulas, then so are θ1 ∪ θ2 and θ1 ∩ θ2, both of weight
1 + weight(θ1) + weight(θ2).

The interpretation JθK of a positive Boolean formula θ is simply the set it describes. We
adjust observational equivalence: two formulas θ and θ′ are observationally equivalent if
JθK = Jθ′K.

The Boolean Set Cover problem is as follows:

INPUT: two disjoint finite sets P , N and a family F of weighted subsets
of P ∪N

OUTPUT: a positive Boolean formula θ of minimal weight such that JθK = P

(i.e., it contains all elements of P but none of N)

The Boolean Set Cover problem can be seen as a restriction of LTLf learning to a subset
of the operators, namely ∧ and ∨. The Boolean Set Cover problem was briefly considered
in [50] (under the name Boolean Subset Cover). We will compare our algorithm to theirs in
Section 5.

Polynomial Criterion for a Solution of Arbitrary Weight. We show that we can check
whether there exists a formula θ (of arbitrary weight) such that JθK = P in polynomial time,
just by evaluating a specific formula of length O(|P | · |F|). This allows to quickly decide the
nonexistence of a solution, and when a solution exists, it gives a polynomial upper bound on
the weight of formulas to consider.

▶ Lemma 1 (Existence of a solution). Let P , N , F be an instance of Boolean Set Cover.
There exists a positive Boolean formula θ such that JθK = P if and only if for all p ∈ P ,
n ∈ N , there is F ∈ F such that p ∈ F and n /∈ F . Moreover, when it exists, there is such a
formula of size O(|F| · |P |).

Proof. For the left-to-right implication, we show the contrapositive. Assume there is p ∈ P
and n ∈ N such that, for all F ∈ F , p ∈ F implies n ∈ F . One can then show by induction
that any formula θ′ with p ∈ Jθ′K also has n ∈ Jθ′K.
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For the right-to-left implication, we build a positive Boolean formula θ such that JθK = P .
This formula happens to be of size O(|F| · |P |), thereby also settling the claim about the size.
Assume that for all p ∈ P , n ∈ N , there is F ∈ F such that p ∈ F and n /∈ F . For p ∈ P , let
θp =

⋂
F ∈F,p∈F F and θ =

⋃
p∈P θp. Due to the hypothesis, for all p ∈ P , we have p ∈ JθpK

and N ∩ JθpK = ∅. Hence, JθK = P . ◀

Complexity. Boolean Set Cover is a generalization of the NP-complete set cover problem [38]:
an instance of the set cover problem corresponds to an instance of Boolean Set Cover
with N = ∅ (in which case using ∩ is futile, and minimal formulas can be obtained only
using ∪). This proves NP-hardness of the decision problem for Boolean Set Cover. Since
there are short solutions by Lemma 1, and since computing the set described by a Boolean
formula is polynomial in its length, Boolean Set Cover is NP-complete.

3.2 Domination for positive Boolean Formulas

In this section, we describe domination, a generalization of observational equivalence that
identifies even more redundant objects than observational equivalence.

Intuitively, we say that a formula θ1 dominates a formula θ2 if θ2 can be replaced with θ1 in
any formula without increasing its weight or decreasing its “quality”. More formally, let sat(θ)
be the subset of elements of P ∪N that θ classifies correctly, i.e., sat(θ) = (JθK∩P )∪(N \JθK).
The goal of Boolean Set Cover can then be rephrased as finding a formula θ such that
sat(θ) = P ∪N .

▶ Definition 2. A formula θ2 is dominated by a formula θ1, denoted θ2 ⪯ θ1, if weight(θ1) ≤
weight(θ2) and sat(θ2) ⊆ sat(θ1).

We claim that this notion corresponds to the above intuition. Formally, for a positive
Boolean formula θ, let θ[θ2 ← θ1] denote the formula obtained by replacing any occurrence
of θ2 in θ by θ1; this operation is defined inductively as follows:

Fi[θ2 ← θ1] =
{
θ1 if Fi = θ2

Fi otherwise,

θ2[θ2 ← θ1] = θ1,

(θ ∩ θ′)[θ2 ← θ1] = θ[θ2 ← θ1] ∩ θ′[θ2 ← θ1],
and (θ ∪ θ′)[θ2 ← θ1] = θ[θ2 ← θ1] ∪ θ′[θ2 ← θ1].

Any occurrence of a dominated formula can be replaced with its dominating formula:

▶ Lemma 3. Let θ, θ1, and θ2 be positive Boolean formulas. If θ2 ⪯ θ1, then θ ⪯ θ[θ2 ← θ1].

Proof. First, note that, as P and N are disjoint, then if sat(θ2) ⊆ sat(θ1) we have:

Jθ2K ∩ P ⊆ Jθ1K ∩ P and N \ Jθ2K ⊆ N \ Jθ1K. (1)

We now show that the sat(·) function is monotone with respect to the ∪ and ∩ operators:
if sat(θ2) ⊆ sat(θ1), then for any formula θ, we have sat(θ2∩θ) ⊆ sat(θ1∩θ) and sat(θ2∪θ) ⊆
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sat(θ1 ∪ θ). This can be shown through direct calculation using Equation (1):

sat(θ2 ∩ θ) = (Jθ2 ∩ θK ∩ P ) ∪ (N \ Jθ2 ∩ θK)
= (Jθ2K ∩ JθK ∩ P ) ∪ (N \ (Jθ2K ∩ JθK))
= ((Jθ2K ∩ P ) ∩ JθK) ∪ ((N \ Jθ2K) ∪ (N \ JθK))
⊆ ((Jθ1K ∩ P ) ∩ JθK) ∪ ((N \ Jθ1K) ∪ (N \ JθK)) (2)
= (Jθ1K ∩ JθK ∩ P ) ∪ (N \ (Jθ1K ∩ JθK))
= sat(θ1 ∩ θ).

The inclusion in eq. (2) follows from eq. (1). A similar calculation shows the inclusion for
the ∪ operator.

Similarly, the weight(·) function is also monotone: if weight(θ1) ≤ weight(θ2), then
weight(θ1 ∩ θ) ≤ weight(θ2 ∩ θ) (and similarly for ∪) for any formula θ.

We can now prove that if θ2 ⪯ θ1, then θ ⪯ θ[θ2 ← θ1] by structural induction over θ. The
base cases follow from the definition of domination, and the cases θ = θ′ ∩ θ′′ or θ = θ′ ∪ θ′′

are handled using the monotonicity of the sat(·) and weight(·) functions. ◀

Domination can be thought of as a variation on Property dependence (see Theorem 6
in [22]), used to prune LTLf formulas for efficient model-checking.

Further Reducing the Input Set. Lemma 3 implies that we can preprocess F to only keep
maximal elements for ⪯ (which means that we transform the input into an antichain for ⪯).
By encoding the characteristic vectors of formulas in bits of integers, testing whether θ1
dominates θ2 can be implemented efficiently using bitwise operations. All our algorithms for
Boolean Set Cover start by reducing F in this way.

The Need for a Heuristic. We argue that the existence of a subquadratic algorithm to
completely reduce a set F with domination is unlikely. The obvious algorithm to find whether
a given formula θ ∈ F is dominated by a formula θ′ ∈ F is to go through every formula
in F and check whether it dominates θ. This takes linear time, and when there are O(n)
formulas θ and θ′, this approach takes quadratic time. We do not expect a faster algorithm:
the Orthogonal Vectors problem [58] can be reduced to whether there exists a formula θ1 ∈ A
that dominates a formula θ2 ∈ B where A, B are sets of n formulas, and a strongly
subquadratic algorithm for Orthogonal Vectors would imply that the Strong Exponential
Time Hypothesis is false. The reduction between our problem and the Orthogonal Vectors
problem is presented in [9].

Fast Approximate Domination. Yet, a quadratic running time is prohibitive in our applica-
tion where we need to test domination for millions of Boolean formulas: we therefore propose
a heuristic that drastically speeds up the search of a dominating formula while allowing for
some false negatives.

Instead of searching through all of F for dominating formulas, we restrict the search to a
small subset of candidates with a high likelihood of dominating other formulas. For a given
weight value w and an integer k, let T (w, k) denote the k formulas θ that maximize |sat(θ)|
among formulas of weight w in F . Our heuristic searches for a formula θ that dominates θ′

in the sets T (w, k) for w ≤ weight(θ′). The value chosen for k controls the trade-off between
speed and accuracy of the technique. We illustrate the gain in practice over a small set
of tasks chosen randomly, which is substantial even for small values of k. Let F ′ be as in
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Algorithm 1, and F ′′ = FastNonDominated(F ′, k) be the result of the shrinkage of F ′ by
the above approximate algorithm. On average, over 780 tasks, the ratio |F ′|/|F ′′| is 3.45
for k = 3, 4.07 for k = 5, 4.97 for k = 10, 5.94 for k = 25, and 6.60 for k = 50.

3.3 Divide and Conquer

Before describing our algorithms, we show a general procedure to extend any solver for
Boolean Set Cover to mitigate its inability to find a valid solution (due to time, space, or
incompleteness of the algorithm). The general idea is part of the LTLf learning algorithm
from [56]. It is an application of divide and conquer : when a Boolean Set Cover solver fails
to find a solution, divide P or N in two smaller subsets, solve the two subproblems, and
combine them into a solution. We show the complete pseudocode for the divide-and-conquer
algorithm in Algorithm 2.

Algorithm 2 Divide and conquer (meta-algorithm for Boolean Set Cover)

1: procedure DivConq(F , P,N)
2: while |P | > 1 or |N | > 1 do
3: θ ← BS-Solver(F , P,N)
4: if JθK = P then ▷ Valid solution
5: return θ

6: if |P | ≥ |N | then
7: P1, P2 ← split P into two subsets of roughly equal cardinality
8: θ1 ← DivConq(F↾P1∪N , P1, N)
9: θ2 ← DivConq(F↾P2∪N , P2, N)

10: return θ1 ∪ θ2
11: else
12: N1, N2 ← split N into two subsets of roughly equal cardinality
13: θ1 ← DivConq(F↾P ∪N1 , P,N1)
14: θ2 ← DivConq(F↾P ∪N2 , P,N2)
15: return θ1 ∩ θ2

16: take p ∈ P , n ∈ N ▷ Here, P = {p} and N = {n}
17: return F ∈ F of minimal weight s.t. p ∈ F , n /∈ F

The meta-algorithm first calls a Boolean Set Cover solver; we assume that this algorithm
always returns a formula, but which may not be a valid solution. In case no solution is found,
the problem is broken into two subproblems. If |P | ≥ |N |, then P is randomly split into two
subsets P1, P2 of roughly equal cardinality. From this, we consider two smaller instances
of Boolean Set Cover: (P1, N,F↾P1∪N ) and (P2, N,F↾P2∪N ), where F↾U = {F ∩ U | F ∈ F}.
The two subproblems are solved recursively, yielding respectively solutions θ1 and θ2; observe
that θ = θ1 ∪ θ2 is a solution to the original problem. If |N | > |P |, we split N and the
arguments are symmetrical.

Importantly, this algorithm always finds a solution if there exists one, no matter how
the Boolean Set Cover solver is implemented. Indeed, if the Boolean Set Cover solver
never returns a valid solution, we end up in the base case for divide and conquer (line 17 in
Algorithm 2), where both P and N contain a single element — assume P = {p} and N = {n}.
Per Lemma 1, an F such that p ∈ F and n ∈ F necessarily exists if there is a solution, and
failure to exist immediately indicates that there is no solution to the Boolean Set Cover
problem. This shows that the algorithm always returns a valid solution if there exists one,
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no matter how the Boolean Set Cover solver is implemented. However, there is no guarantee
of minimality.

Although the idea of this algorithm originated from [56] for LTLf learning, we introduce
two optimizations.

The first is to use the solution from the first subproblems to simplify the second subprob-
lems further; if θ1 is the returned solution to the instance (P1, N,F↾P1∪N ), it may already
contain elements of P2. It therefore suffices to solve the instance (P2 \ Jθ1K, N,F↾(P2\Jθ1K)∪N )
for the second subproblem. This optimization means that the solution may depend on the
order in which we solve the two subproblems.

The second is related to Boolean Set Cover: the divide and conquer only combines
existing formulas with operators ∪ and ∩, and can therefore be seen as a Boolean Set
Cover algorithm. This means that once it is called, the other optimizations for Boolean Set
Cover (reducing evaluations from tables to vectors, stronger collapse due to observational
equivalence, domination reduction) can be applied.

4 Algorithm for Boolean Set Cover

To solve Boolean Set Cover, we propose a greedy algorithm based on beam search. The gist
is to enumerate formulas in order of their weight but only keep a fixed number of “best”
formulas of each weight. The notion of “best” is again based on the cardinality of sat(θ),
below called score. The number of formulas to keep for each weight is a hyperparameter
beam-width, and the parameter D&C-switch is the depth at which we stop exploring and
simplify the problem using divide-and-conquer.

We provide the full pseudocode of Beam Search in Algorithm 3. For each weight, a “min”
priority queue pq stores the (at most) beam-width formulas of this weight with the largest
score, where the priority queue allows for an efficient query of the stored formula with the
lowest score.

5 Experiments

We perform experiments to address the following questions:
1. What is Bolt’s performance against the state of the art?
2. How is Bolt’s performance impacted by the switch to the Boolean Set Cover problem?

Is it better than simply enumerating all LTL formulas?
For each question, there are two (independent) metrics: wall-clock time and formula size.

5.1 Benchmarks and State of the Art
As discussed in Section 1, many tools have been constructed recently for LTLf learning.
As an independent contribution, we propose a consolidated benchmark suite of over 15,000
LTLf learning tasks with difficulty ranging from very easy (solved by most existing tools) to
very hard (not solved by any tool). Our benchmark suite includes 10 families, encompassing
all publicly available benchmarks for LTLf learning we are aware of. All but one family are
inspired by existing benchmarks either directly for LTLf learning, or for related problems
on LTLf : in particular, we take advantage of SYNTCOMP’s extensive collection of LTLf

formulas [35]. The benchmark suite is available at https://github.com/SynthesisLab/
LTLf_Learning_Benchmarks.

Each of the 10 families consists of two scripts: (i) a formula-generating script for generating
LTLf formulas, and (ii) a task-generating script for generating positive and negative traces

https://github.com/SynthesisLab/LTLf_Learning_Benchmarks
https://github.com/SynthesisLab/LTLf_Learning_Benchmarks
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Algorithm 3 Beam search algorithm for Boolean Set Cover
Hyperparameters:

D&C-switch (not shown below), the weight up to which to enumerate before splitting
with DivConq;
beam-width (below, b), the maximal number of promising formulas to store for each
weight.

1: procedure AddBounded(θ, P,N, pq, b)
2: if size(pq) < b or score(θ) > score(min(pq)) then
3: Insert θ into pq
4: if size(pq) > b then
5: Pop minimal element from pq
6: procedure BeamSearch(P,N,F , b)
7: pq1, . . . , pqmaxF ∈F weight(F ) ← empty priority queues
8: for F ∈ F do
9: AddBounded(F, P,N, pqweight(F ), b)

10: k ← 2
11: M← pq1 ∪ pq2
12: while True do
13: for i, j ≥ 1, i+ j = k do
14: for θ1 ∈ pqi, θ2 ∈ pqj do
15: for op ∈ {∪,∩} do
16: θ ← θ1 op θ2 ▷ θ has weight k + 1
17: if there exists θ′ ∈M s.t. θ′ and θ are observationally equivalent then
18: continue
19: if there exists θ′ ∈M s.t. θ ⪯ θ′ then
20: continue
21: if JθK = P then
22: return θ

23: AddBounded(θ, P,N, pqk+1, b)
24: M←M∪ pqk+1
25: k ← k + 1
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solved tasks (TO 60 s) avg. time (s) avg. size ratio

Scarlet Bolt Scarlet Bolt Scarlet Bolt

All benchmarks 11468 / 15595 14374 / 15595 4.21 2.05 1.15 1.01

Fixed formulas 74 / 81 81 / 81 1.83 0.00 1.19 1.00
Ordered Sequence 1188 / 2160 2160 / 2160 7.16 0.28 1.70 1.00
Subword 532 / 1256 1182 / 1256 5.86 8.56 1.43 1.01
Subset 1304 / 1800 1082 / 1800 10.58 3.69 1.17 1.00
Hamming 3 / 500 304 / 500 42.90 5.93 1.65 1.16
Single counter 17 / 46 22 / 46 7.79 1.38 1.40 1.05
Double counter 7 / 18 7 / 18 0.39 0.00 1.09 1.00
Nim 23 / 63 22 / 63 2.16 0.00 1.15 1.00
Random conjuncts 7549 / 8172 8074 / 8172 2.13 0.35 1.06 1.00
Random Boolean combinations 771 / 1499 1440 / 1499 8.21 7.04 1.24 1.08

Table 1 Number of tasks solved by Bolt and Scarlet [51] per benchmark family. For each
algorithm and benchmark, we also report the average time (using arithmetic mean) and average
size ratio (using geometric mean) on tasks that do not time out. Bolt is faster and returns smaller
formulas on average, even as we average over the 2906 tasks for which Bolt returns a formula but
Scarlet does not.

for a formula in the family. Following [50], we implement a generic task-generating script
based on compiling the LTLf formulas into deterministic automata (using the tool Spot [23])
and sampling accepting and rejecting runs of a given length. For some families, dedicated
task-generating scripts yield finer and more challenging tasks.

Both scripts can be either deterministic or stochastic3, and use four parameters: trace
length, number of atomic propositions, number of positive traces, and number of negative
traces. For generating the benchmark suite, we fixed trace lengths to be in {16, 32, 64}, and
numbers of positive and negative traces to be in {5, 20, 100}. As we will see, this produces
challenging benchmarks — should future progress move so far as to solve them all efficiently,
changing these parameters will yield even harder benchmarks.

Let us briefly describe the 10 families.

Fixed formulas. The very first benchmarks were proposed in [48] and inspired by the
seminal paper [24], which identified a set of commonly used LTL formulas. The formulas
being rather small, the corresponding tasks are typically easy.

Hamming. A family of very hard tasks was created in [56]. It consists of a single positive
trace and many negative traces obtained by changing a few bits from the positive one.

Deterministic parametric families. The next three families are based on parametric families
of LTLf formulas:

OrderedSequence considers formulas a0 U (a1 U (a2 . . . )), called “Uright” in [35],
Subword [50] considers formulas F(a0 ∧X! F(a1 ∧ . . . )) that express the existence of a
fixed subword,
Subset [50] considers formulas F a0 ∧ F a1 ∧ F a2 ∧ . . . that express the presence of a
subset of atomic propositions.

3 In case of stochastic scripts, they are seeded for reproducibility.
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Figure 3 Comparison of running times (logarithmic axes) between Scarlet [51] and Bolt. The
diagonal lines represent ratios of time between the two tools: from bottom to top, Bolt is 100x
faster, 10x faster, equal, 10x slower, and 100x slower than Scarlet. Tasks that time out are assumed
to be 200 s so that they are apart in the plot. The timeout used in practice is 60 s. The color
represents the ratio of the size of the formula returned by Bolt against the size of the formula
returned by Scarlet.

SYNTCOMP families. The next three families were defined for the SYNTCOMP competi-
tion: SingleCounter and DoubleCounter reason on counter increments, and Nim encodes the
classical eponymous game.

Randomized families. The last two families are sampling methods for LTLf formulas:
RandomConjunctsFromBasis considers conjunctions of a fixed number of formulas (after
applying random permutations of the variables) [20],
RandomBooleanCombinationsofFactors considers random Boolean combinations of so-
called patterns. This is inspired by decompositions of LTLf formulas into patterns
introduced in [50, 26, 46]. A pattern is an LTLf formula in some normal form using F
and X!; for instance, F(p∧X!(q∧X! r)), where p, q, and r are atomic propositions. This
family is introduced in our paper.

5.2 Experiments
Comparison with Scarlet. Since Scarlet [50, 51] is a CPU algorithm which improved over
its competitors by a large margin, we take it as a reference point for the state of the art.
Scarlet is an “anytime” algorithm, meaning that it outputs a stream of formulas, each of
them solutions for the task but of decreasing size, and it guarantees that the final output
is minimal (within the targeted “directed fragment of LTLf ”) upon termination. When
reporting on time for Scarlet, we report how long it took to output the last formula, and not
termination time, which is typically a lot longer.
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solved tasks (TO 60 s) avg. time (s) avg. size ratio

GPU Bolt GPU Bolt GPU Bolt

All benchmarks 10948 / 11038 10259 / 11038 2.48 2.56 1.09 1.02

Fixed formulas 54 / 54 54 / 54 0.78 0.00 1.06 1.00
Ordered Sequence 1440 / 1440 1440 / 1440 0.84 0.40 1.04 1.00
Subword 1242 / 1256 1182 / 1256 8.91 8.56 1.29 1.01
Subset 1174 / 1200 710 / 1200 2.06 3.71 1.10 1.00
Hamming 308 / 320 284 / 320 12.83 6.15 1.16 1.17
Single counter 22 / 31 15 / 31 7.62 2.01 1.22 1.07
Double counter 12 / 12 5 / 12 5.47 0.00 1.03 1.00
Nim 28 / 42 15 / 42 1.67 0.00 1.06 1.00
Random conjuncts 5442 / 5448 5366 / 5448 0.80 0.42 1.04 1.00
Random Boolean combinations 1226 / 1235 1188 / 1235 3.14 7.47 1.17 1.09

Table 2 Number of tasks solved by Bolt and the GPU algorithm [56], per benchmark family.
We omit in this comparison the 4557 tasks that the GPU algorithm cannot handle due to technical
constraints (trace lengths of size 64 or more). See Table 1 for an explanation of the columns. The
GPU algorithm returns formulas for more tasks, but Bolt is competitive in terms of time and size
ratio over tasks solved by both algorithms.

Below, “Bolt” refers to our VFB algorithm implementation with beam search as a
Boolean Set Cover solver, with LTL2BS-switch = 8, beam-width = 100, and D&C-switch
= 70.4 The most critical hyperparameter is LTL2BS-switch, for which 8 appears to achieve
the best trade-off between running time and size ratio. Higher values of LTL2BS-switch lead
to more timeouts: more time is spent enumerating small LTLf formulas, but less time is
spent exploring large formulas with a Boolean Set Cover solver. With smaller values, about
the same number of benchmarks are solved, but the Boolean Set Cover phase has access to
fewer LTLf formulas, leading to longer solves and formulas of much larger sizes.

When comparing formula size, we use size ratio, which is the ratio between the size of the
returned formula and the shortest formula found by all our runs using Scarlet, Bolt, and the
GPU algorithm (with a few combinations of hyperparameters). We use size ratio instead of
formula size to have a uniform measure over all tasks, as different tasks may admit minimal
formulas of widely different sizes. No algorithm uses randomization and we observe negligible
performance shifts on runs over the same tasks.

Bolt has been implemented in Rust using standard libraries (in particular, no parallel
architectures). The implementation is available at https://github.com/SynthesisLab/
Bolt. Our implementation includes two other Boolean Set Cover solvers, but we do not
report on them here as they do not yield better results than the beam-search algorithm we
described. The experiments were conducted on identical nodes of the Grid’5000 cluster,
running Debian GNU/Linux 5.10.0-34-amd64. The hardware configuration includes an
Intel(R) Xeon(R) Gold 5320 CPU @ 2.20GHz and 384GB of RAM. Bolt is implemented in
the Rust programming language. Our code was compiled in release mode, using the rustc
Rust compiler, version 1.87.0 (17067e9ac, 2025-05-09).

We compare Bolt against Scarlet [50] in Table 1 and Figure 3. In Table 1, we see that,

4 We have performed experiments on a small training set (containing 20% of the data) to determine good
hyperparameters; we do not include these experiments here.

https://github.com/SynthesisLab/Bolt
https://github.com/SynthesisLab/Bolt
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Figure 4 Ablation study: removing Boolean Set Cover.

except for the Subset family (where one could argue that the formulas used to generate
traces correspond to the fragment of formulas manipulated by Scarlet) and the small Nim
family, Bolt performs better on all benchmarks families: it returns a solution for more tasks,
with a better average running time and smaller average size ratio. Figure 3 illustrates that
Bolt returns solutions more than 100x faster over 70% of the benchmarks, with formulas of
smaller or equal size in 98% of the cases (most of the formulas in the remaining 2% are in
the Subset family).

Comparison with the GPU algorithm. In 2024, article [56] targeted a new category: GPU-
based tools, meaning that the implementation specifically takes advantage of the specificities
of GPUs (mainly, massively parallel computations).

We provide a brief comparison with the GPU-based algorithm of [56] in Table 2. A
few details make this comparison difficult: (i) the GPU implementation is obviously highly
parallelized, which is not the case for our CPU implementation Bolt; (ii) the current version
of the GPU algorithm has technical limitations, such as not being able to handle tasks where
the trace length is ≥ 64, which prevents us from running it on 4557 of our new benchmark
tasks; (iii) the GPU algorithm always requires about 0.75 s to start, which means that Bolt
is much faster on small tasks (such as the Fixed formulas benchmarks); (iv) the set of LTLf

operators used by the GPU implementation is smaller than the one we use, which means
that comparing the size of formulas makes little sense.

Ablation Study. To evaluate the impact of Boolean Set Cover, we compare Bolt with
the raw VFB algorithm (i.e., Bolt without Boolean Set Cover) in Figure 4. The raw VFB
algorithm solves fewer tasks, which shows that switching to Boolean Set Cover helps solve
more hard tasks, while sacrificing little w.r.t. the size of the formulas. Observe in the right
plot that the raw VFB algorithm either finds a minimal formula or times out, as expected.
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6 Perspectives

The first contribution of this paper is a framework for combining LTLf learning with Boolean
Set Cover. We proposed a new algorithm for Boolean Set Cover and, through experimental
analyses, we showed that our new tool Bolt greatly improves over the state of the art for
CPU algorithms.

These results yield evidence toward our main thesis: Boolean Set Cover is a fundamental
problem of independent interest, which has a lot of potential applications beyond LTLf

learning. Our framework is generic; for instance, our tool (through the VFB algorithm)
can be adapted to any kind of temporal operators, and Boolean Set Cover can be used for
any logic or specification language with disjunctions and conjunctions. Natural candidates
include regular expressions [55], Boolean circuits [17], and Bit-vector programs [21].

Our paper provides a first step toward efficiently and approximately solving Boolean
Set Cover. We believe there are algorithms that achieve better trade-offs between compute
time and size of learned formulas. In particular, we expect our algorithms to be highly
parallelizable; we leave for future work an implementation of our framework for GPUs and
a comparison with the CPU implementation. We also contributed a large consolidated
benchmark suite, which is much needed to push further the theory and practice of LTLf

learning and Boolean Set Cover.
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A Pseudocode for the VFB algorithm (Section 2)

For completeness, we show in Algorithm 4 the complete pseudocode for the VFB algorithm
(Section 2.2). The way we enumerate all formulas of size k+1 is as follows: for a unary operator,
we take all formulas of size k in order to produce formulas of size k + 1 and, for a binary
operator, we iterate over all pairs of formulas whose sizes sum to k: (1, k − 1), (2, k − 2), . . .

Algorithm 4 VFB algorithm

1: procedure VFB(AP, O1, O2,CT) ▷ On is the set of n-ary operators, CT takes a formula
and computes its characteristic table

2: F1 ← AP
3: M ← {CT(a) | a ∈ AP} ▷ Compute initial characteristic tables
4: k ← 1
5: while True do
6: Fk+1 ← ∅
7: for op ∈ O1 do
8: for φ ∈ Fk do
9: φ′ ← op(φ) ▷ Size k + 1

10: if φ′ is a solution then
11: return φ′

12: else if there is no ψ such that ψ ∼ φ′ then
13: Fk+1 ← Fk+1 ∪ {φ′}
14: M ←M ∪ {CT(φ′)}
15: for op ∈ O2 do
16: for i, j ≥ 1, i+ j = k do
17: for φ1 ∈ Fi, φ2 ∈ Fj do
18: φ′ ← op(φ1, φ2) ▷ Size k + 1
19: if φ′ is a solution then
20: return φ′

21: else if there is no ψ s.t. ψ ∼ φ′ then
22: Fk+1 ← Fk+1 ∪ {φ′}
23: M ←M ∪ {CT(φ′)}
24: k ← k + 1 ▷ No solution of size k + 1

As discussed in Section 2.2, we show how to compute inductively the characteristic
sequences of LTLf formulas on traces with a few bitwise operations:
1. X!φ is just a (left) shift by 1 of the characteristic sequences of φ, padding it with a 0.
2. ¬φ is the bitwise negation of the characteristic sequences.
3. φ ∧ ψ is the bitwise “and” of the characteristic sequences of the two formulas; the same

can be done for φ ∨ ψ with “or”.
4. Fφ can be seen as φ∨X!φ∨X!2 φ∨ . . . Since we work with finite traces, this converges

to a fixed point in finite time. We can actually compute this efficiently with a logarithmic
number of shifts in the trace length: simply do shifts of powers of 2 up to the length of the
trace. For example, with the sequence 0000000100000001, first shift by 1 and do an “or”:
it gives us 0000001100000011. Shift by 2 and do an “or”, we get: 0000111100001111. Now
we shift by 4 and do an “or”, giving us only 1’s. If instead we have 0000000000000001,
we also need to shift by 8. The example shows that since 1’s propagate locally, we only
need to do this operation log ℓ times, where ℓ is the trace length.



24 LTLf Learning Meets Boolean Set Cover

5. Gφ is equivalent to ¬F¬φ.
6. φU ψ can be done similarly to Fφ since it is ψ ∨ (φ ∧X!ψ) ∨ (φ ∧X!(φ ∧X!ψ)) ∨ . . .

Intuitively, first compute φ∧X!ψ for all positions; it suffices to do an “and” on a shifted ψ.
Now, following the same protocol as Fφ, it suffices to do the same shifts and “or”, but
with the addition that before the “or”, as φ needs to be true at all positions before, we
must do an “and” with the shifted φ.

We include Python code for the fast inductive evaluation of LTLf formulas, based on
bitwise operations. These algorithms describe the general idea of how to compute iteratively
the characteristic sequences of formulas from existing ones.

def X(phi):
return phi << 1

def logic_not(phi):
return ~phi

def logic_and(phi, psi):
return phi & psi

def F(phi):
out = phi
# Assume trace lengths <= 64
for shift in [1, 2, 4, 8, 16, 32]:

out |= (out << shift)
return out

def U(phi, psi):
out = psi
# Assume trace lengths <= 64
for shift in [1, 2, 4, 8, 16, 32]:

out |= ((out << shift) & phi)
phi = (phi << shift)

return out
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