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ABSTRACT

Linear temporal logic (LTL) satisfiability checking is a fundamental
and hard (PSPACE-complete) problem. In this paper, we explore
checking LTL satisfiability via end-to-end learning, so that we can
take only polynomial time to check LTL satisfiability. Existing ap-
proaches have shown that it is possible to leverage end-to-end
neural networks to predict the Boolean satisfiability problem with
performance considerably higher than random guessing. Inspired
by these approaches, we study two interesting questions: can end-
to-end neural networks check LTL satisfiability, and can neural
networks capture the semantics of LTL? To this end, we train dif-
ferent neural networks for keeping three logical properties of LTL,
i.e., recursive property, permutation invariance, and sequentiality.
We demonstrate that neural networks can indeed capture some
effective biases for checking LTL satisfiability. Besides, designing a
special neural network keeping the logical properties of LTL can
provide a better inductive bias. We also show the competitive re-
sults of neural networks compared with state-of-the-art approaches,
i.e., nuXmv and Aalta, on large scale datasets.
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1 INTRODUCTION

Linear temporal logic (LTL) [47] is one of the fundamental modal log-
ics widely used in software engineering. Checking LTL satisfiability
aims to answer whether a given LTL formula is satisfiable or unsat-
isfiable. It plays a core role in many problems, such as model check-
ing [17], goal-conflict analysis [16, 39], and business process [42].
However, LTL satisfiability checking is PSPACE-complete [61]. Due
to the high complexity challenge and wide applications, LTL satisfia-
bility checking has attracted a fair amount of attention over the past
few years. Developing new approaches over different paradigms
remains to be an interesting and necessary research direction.
Existing approaches are based on logical reasoning mechanisms,
such as model checking [50, 51], tableau [5, 29, 57, 66], temporal
resolution [21, 53], and anti-chain [67]. Li et al. (2013) reduced LTL
satisfiability checking to reachability analysis of a transition sys-
tem [35]. This allows them to check LTL satisfiability on-the-fly,
so that they can quickly find a satisfiable solution. Further, they
proposed a series of SAT-based approaches [32, 34, 36-38] (Boolean
satisfiability problem is denoted by SAT for short) to further im-
prove the performance. We refer to these approaches as logical
approaches, which are sound and complete, i.e., guarantee correctly
answering whether a given formula is satisfiable or not. However,
all of them still suffer from the efficiency problem. Especially for
LTL-SAT-heavy tasks such as goal-conflict identification [16, 39],
the efficiency of checking LTL satisfiability is the main bottleneck.
Recently, some work [11, 59] has attempted to train end-to-end
neural networks to solve SAT problem, so that it can take only
polynomial time to check the satisfiability. These methods achieve
much better accuracies than random guessing, thanks to the neural
networks that capture the permutation invariance of the Boolean
formulae, i.e., the satisfiability of formulae does not change for
reordered variables and clauses. Although they are not competitive
with state-of-the-art (SOTA) logical approaches, they have shown
the potential of neural networks in solving computationally hard
problems. Cameron et al. (2020) showed great progress with neu-
ral networks in solving random 3-SAT problems, a theoretically
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intractable class of SAT problem, demonstrating that neural net-
works can get a highly confident solution in a very short time [11].
This motivates us to explore end-to-end neural networks for LTL
satisfiability checking.

Although end-to-end neural networks cannot guarantee sound-
ness and completeness, they are so efficient that they have wide po-
tential applications. For example, in goal-conflict identification [16],
neural networks can pre-filter out obviously invalid boundary condi-
tions (BCs), which are LTL formulae satisfying multiple satisfiability
constraints. We can extract knowledge from a highly accurate and
confident neural network to guide the practice in LTL satisfiability
checking. Besides, it is possible to design an SAT-verifiable neural
network which gives a satisfiable trace as a proof if the formula
is satisfiable. Details will be introduced in Section 3. In summary,
all these applications benefit from the exploration of end-to-end
neural networks for LTL satisfiability checking.

We consider two interesting questions: can end-to-end neural
networks check LTL satisfiability, and can neural networks capture
the semantics of LTL? The primary intuition behind the motivation
for applying neural networks to the SAT problem is that aligning
the properties of a neural network and a task helps the neural net-
work learn the task [69]. Different from SAT checking of Boolean
formulae, checking LTL satisfiability requires to design neural net-
works that are able to model the recursively defined syntax and
semantics of LTL. The syntax of LTL is based on recursively build-
ing formulae from sub-formulae. For semantics, the satisfaction
relation between trace and formula is defined on the satisfaction
relation between sub-trace and sub-formula (Proposition 5.1). We
call the property as recursive property of LTL. In addition, neural
networks need to capture not only the permutation invariance of
LTL, but also the sequentiality. On one hand, some logical operators
of LTL are permutation invariant, i.e., the satisfiability of the for-
mula does not depend on the order of the sub-formulae connected
by the operators. On the other hand, some logical operators of LTL
are sequence-dependent. It is challenging for neural networks to
model the above three properties to fit the semantics of LTL.

To capture the semantics of LTL, we explore the potential of
three classes of neural networks for checking LTL satisfiability:
sequence model, graph neural network (GNN) [27], and recursive
neural network (TreeNN) [62, 63]. These three classes have varying
degrees for keeping the logical properties of LTL. Experimental
results on synthetic datasets show that TreeNN has clear advan-
tages. To bridge the gap between the symbolic reasoning of LTL
on discrete domains and neural network inference on continuous
domains, TreeNN recursively aggregates and combines sub-tree
features on the syntax tree, which naturally can characterize the
recursive property of LTL. At the same time, it models different
semantics of logical operators of LTL by learning independent com-
bination functions and leveraging certain aggregation functions to
satisfy the permutation invariance or sequentiality.

From the experimental results, we discover that neural networks
can capture some inductive biases that favor classification. Not
all neural networks perform well on tests of generalization ability
across formula distributions. Only the neural networks keeping the
logical properties of LTL can provide a better inductive bias.

We also evaluate the neural networks trained from synthetic
datasets in predicting the satisfiability on some large scale datasets.
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The results demonstrate that TreeNN generalizes well across for-
mula sizes and distributions and is competitive with SOTA log-
ical approaches, i.e, nuXmv and Aalta. In theory, the running
time of a logical approach tends to grow exponentially with the
size of the formula, while TreeNN keeps predicting the satisfi-
ability in polynomial time. Although TreeNN does not guaran-
tee correctness, it guarantees extremely short running time and
yields highly confident results, which are worthwhile for LTL-
SAT-heavy tasks. Our code and datasets are publicly available at
https://github.com/chenpolong/TLNet.

2 BACKGROUND

2.1 Linear Temporal Logic

Linear temporal logic (LTL) [47] has been widely used to describe
infinite behaviors. The syntax of LTL for a finite set of atomic
propositions P includes the standard logical operators (V and -)
and temporal modal operators (next (O) and until (U)), given below:

p=pl-ele’Ae” | Oplo'Up”,
where p € P U {T} and ¢, ¢’, and ¢"’ are LTL formulae. For
brevity, we only consider the above fundamental operators in
this paper. Operator or (V), release (R), eventually (¢ ), always (30),
and weak-until (W) are commonly used, and can be defined as
@'V Q" = (=" A=9"), "R = (=" U=g"), G = TUY,
Op = ~(TU-p), and ¢’ We" = ¢'U(p"" v O¢’), respectively.
The size of an LTL formula is defined by Definition 2.1.

Definition 2.1 (size of LTL formula). Let ¢ be an LTL formula. The
size of ¢, denoted by |@|, is recursively defined as follows: if ¢ = p,
then || = 1;if ¢ = 01 ¢, then || = |¢’| + 1;if ¢ = ¢' 03 ¢”’, then
|¢| = || +1¢”"| + 1, where p e PU{T}, 01 € {—=, O}, 02 € {A, U},
and ¢’, ¢’” are LTL formulae.

The sub-formulae of an LTL formula is defined by Definition 2.2.

Definition 2.2 (sub-formulae of LTL). Let ¢ be an LTL formula.
The set of sub-formulae of @, denoted by sub (¢), is recursively
defined as follows: if ¢ = p, then sub (¢) = {p}; if ¢ = 01 ¢’, then
sub(¢) = {¢} U sub(¢"); if ¢ = ¢ 02 ¢”, then sub(¢) = {$} U
sub (¢") U sub (¢”"), where p e PU{T}, 01 € {=~, O}, 02 € {A, U},
¢’,¢"" are LTL formulae.

LTL formulae are interpreted over infinite traces of propositional

states. A trace is represented in the form 7 = sq, . . ., Sk, (Ska1s - - - »Sm)“s

where s; € 2F is a state at time ¢ and (Sk41---Sm)“ is a loop and
means that sg,q ...s;, appears in order and infinitely. For every
state s; of 7 and every p € P, p holds if p € s; or —p holds other-
wise. The traces mentioned in this paper are infinite. 7; denotes
the sub-trace of & beginning from the state s;. For brevity, m is
denoted by 7. The satisfaction relation |= is defined as follows:

T l=p iff pesforp=T,

it = =g iff 7 | 4,

Y AP iff 1 =g and 1 | $7,

| O¢ it w1 4

m =’ UP” iff Tk >tst o |E ¢ and

Vi<j<kmlE¢,

where risatrace,t € N, ¢, ¢’, ¢’” are LTL formulae, and p € PU{T}.
An LTL formula ¢ is satisfiable if and only if there is a trace 7 such
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that 7 |= ¢. An LTL formula ¢ implies an LTL formula ¢, denoted by
¢ — ¢, if and only if 7 |= ¢ for every trace x such that 7 |= ¢. Two
LTL formulae ¢ and ¢ are said to be logically equivalent, denoted by
¢ = ¢, ifand only if § — ¢ and y — ¢. Checking LTL satisfiability
is to check whether an LTL formula is satisfiable or not, which is
PSPACE-complete [61].

2.2 Deep Neural Network

Before introducing related deep neural networks, we introduce
some common notations in deep neural networks. We use lowercase
bold letters to represent vectors. We use uppercase bold letters to
represent matrices. Let x; and X; be two vectors. [X,’,Xj] means
concatenating x; and x;. The LTL formula ¢ and the trace 7 can
be represented as a sequence of tokens. ¢[i] and x[i] represent the
i-th character of ¢ and 7, respectively.

2.2.1 Transformer. Transformer [65] is one of the most powerful
sequence models. It is a neural network with an encoder-decoder
architecture. The input vectors are first passed through the encoder
to obtain the encoded representation vectors; then the encoded
representation vectors is passed through the decoder to obtain the
output vectors. Note that each time for decoding, the Transformer
also needs to consider the output of the previous decoding. On the
basic encoder-decoder architecture, the Transformer equips with
the multi-head self-attention mechanism (Equation (1)), providing
powerful feature extraction capabilities.

MultiHead(Q,K, V) = Concat(heady, . .., heady),
head; = Attention(QW<, KWK, vwY), "
) QKT
Attention(Q,K, V) = softmax( )V,

Vi

where Q, K, V represent the query, key, and value vector respec-
tively, head; is one of the multi-heads. Attention(X, X, X) is the self-
attention mechanism. Let X = [x1, ..., Xy ] be a sequence, where x;
is the i-th element. Intuitively, multi-head self-attention mechanism
extracts features by building relationships among all x; in X.

2.2.2  Relational Graph Convolutional Network (R-GCN). R-GCN [52]
is a variant of GNN. R-GCN consists of a stack of neural network

layers, where each layer aggregates local neighborhood informa-

tion, i.e., the features of its neighbors, and then combines its own

features to generate the features of the next layer. R-GCN intro-
duces the concept of different types of edges on the graph. Based on

different types of edges, R-GCN iteratively updates the embedding

of vertex v, as shown in Equation (2).

t 1 £ (t-1

W=ol 2 Y wa W) @)
reR ueN(v,r) ’

where R is the set of edge types, N (v, r) represents the set of vertices

that point to the vertex v through the edge of type r, W(rt) are
trainable parameters.

2.2.3  Recursive Neural Network (TreeNN). TreeNN [62, 63] is a gen-
eral framework for encoding tree structures. Given a tree, TreeNN
learns an embedding for each vertex in the tree by recursively com-
bining the representations of its subtrees using a neural network.
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Algorithm 1 shows the framework of TreeNN, where 7, repre-
sents the type of vertex v. The combination function (COMBINE)
tends to have different definitions depending on the type of ver-
tex. TreeNN offers two instantiations, i.e., the implementation of
ONE-HOTEMBEDDING and COMBINE.

Algorithm 1: TreeNN
Input :Current vertex v.
Output : The embedding ry, of v.
1 if v is leaf then
2 L ry <« ONE-HOTEMBEDDINGU

3 else

4 get a set of child vertices Cy, of v

5 ry < CoMBINETreeNN (cy),. . ., TreeNN (ci),7, where
ci € Cy

6 returnr,

3 PRACTICAL APPLICATION

Our work is a practice in obtaining highly confident results for LTL
satisfiability checking in polynomial time. This makes it possible
to apply neural networks to some tasks.

One such application is for LTL-SAT-heavy tasks, e.g., goal-
conflict identification [16, 39]. Its purpose is to identify BCs in
the form of LTL. A valid BC fulfills many satisfiability constraints
which can be verified by multiple calls to LTL satisfiability check-
ing [3]. Neural networks can act as a highly confident and efficient
pre-identifier. Specifically, we first use the neural network to verify
the satisfiability conditions of a candidate one by one. If the possibil-
ity of satisfiability is lower than a certain threshold, we can directly
filter out these obviously invalid candidates. Then, we exploit the
logical approaches to verify the more likely candidates with high
possibility of satisfiability. The verification process can increase
the number of traversed candidate formulae because of polynomial
running time for one candidate. It also can pre-filter out obviously
invalid candidates to significantly reduce the number of calls to LTL
satisfiability solvers. Besides, it can guarantee soundness because
logical approaches used in the post-processing.

The second application is to extract knowledge from a highly
accurate and confident neural network for LTL satisfiability check-
ing using some explanation approaches to neural networks, such
as [25, 41, 49, 72]. The knowledge can be a concise satisfiable con-
dition, which can guide the practice of LTL satisfiability check-
ing for researchers. For example, the unsatisfiability of O(p —
(OgAO O gAOOO9) AB(g— (O=g) A Op is due to a part
of the formula, i.e, O(p — (OgA O O ) AO(qg — (O—q)) A Op.
As can be seen from the example, this application can also facilitate
the extraction of unsatisfiable core for LTL [54, 55].

The third application is to combine the problem of satisfiability
checking and satisfiable trace generation [26]. While checking sat-
isfiability, the combined approach can also give a satisfiable trace
as proof if the formula is satisfiable. We can efficiently verify the
soundness of satisfiability checking by path checking [43]. In this
way, the end-to-end neural network can be used as an efficient
SAT-verifiable satisfiability checker.
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4 RELATED WORK

4.1 Logical Approaches to Checking LTL
Satisfiability

Basic approaches to checking LTL satisfiability are based on model
checking. Checking satisfiability of an LTL formula ¢ can be re-
duced to model checking by checking whether the universal model
satisfies the negation of ¢ [50, 51]. These approaches can make full
use of the latest technology of model checking, such as bounded
model checking [6, 14, 15], interpolation [44], property directed
reachability [8, 18]. However, LTL satisfiability checking is merely
a special case of model checking where the input model is universal.
There may be some performance problem for solving a special case
using an approach to solving the general problem.

Some specialized LTL satisfiability checkers [5, 29, 57, 66] are
based on tableau, towards constructing a model to verify the sat-
isfiability of LTL formulae. Fisher et al. (2001) [21] examined how
clausal resolution can be applied to LTL (temporal resolution) by
translating arbitrary LTL formulae into the normal form. Based
on the temporal resolution, Schuppan (2009) [53] investigated the
notion of unsatisfiable cores of LTL. Wulf et al. (2008) [67] proposed
new efficient algorithms for both LTL satisfiability checking and
model checking. They work directly with alternating automata
using efficient exploration techniques based on antichains. Li et al.
(2013) [35] reduces LTL satisfiability checking to reachability anal-
ysis of a transition system. Their approach works on-the-fly by
inspecting the formula directly, thus enabling finding a satisfying
model quickly without constructing the full automaton. Further,
they have proposed a series of SAT-based techniques to improve
the search efficiency on the transition system and achieve the SOTA
performance. Li et al. (2014) [34] presented Aalta, a new LTL satis-
fiability checker over both infinite and finite traces, which lever-
aged the power of modern SAT solvers. Li et al. (2015) and Li et al.
(2019) [37, 38] improved Aalta by a new explicit reasoning frame-
work for LTL, which significantly outperformed all existing LTL
satisfiability solvers. Li et al. (2018a) [32] proposed a framework that
is based on the variant of the obligation-set method and accelerated
by leveraging the SOTA SAT techniques.

Although much work has been proposed to check LTL satisfi-
ability checking, given the inherent intractability of the problem,
developing new approaches over other paradigms still remains to
be an interesting and necessary research direction.

4.2 Neural Networks for Logical Reasoning

There have been some studies on exploiting neural networks to
logical reasoning, mainly based on capturing the logical properties.

Permutation invariance is a typical property in logical reasoning.
For example, the input of SAT is in conjunctive normal form (CNF).
Permuting the positions of any two variables or clauses, and the
result is unchanged. Zaheer et al. (2017) [70] designed a general ar-
chitecture to capture permutation invariance. They pointed out that
designing permutation-invariant functions to aggregate elemental
features in sets is the key. Simple permutation invariant functions
include summation function, maximum function, average function,
etc.. Lee et al. (2019) [31] proposed Set Transformer, an extension of
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Transformer, to represent sets. They exploited an attention mecha-
nism to design permutation-invariant functions. The advantage of
attention is in its strong ability to express individual characteristics
of the elements of a collection. But it has a high computational
complexity. Cameron et al. (2020) [11] studied the pros and cons of
the exchangeable matrix architecture [28] and GNN, based on the
message passing mechanism [59] in solving random 3-SAT. Their
conclusion is that the permutation invariance expression ability
of the two methods is comparable, but the generalization ability
of the exchangeable matrix architecture is slightly stronger than
that of the GNN. Other work [45, 73] proposed to exploit a special
pooling technique as a permutation-invariant function.

Some logical representations have tree structure, e.g., non-clausal
Boolean formulae [40] and higher-order logical formulae [46]. The
embedding of a tree often requires to express recursive induction,
because trees and sub-trees often have recursive relationships. Al-
lamanis et al. (2017) [2] proposed the neural equivalence network
to study the problem of semantic equivalence classification of non-
clausal Boolean formulae. It is based on TreeNN to represent the
syntactic tree of a formula in a high-dimensional space. The em-
beddings of semantically equivalent formulae are required to be
as close as possible. Evans et al. (2018) [19] further studied the po-
tential of neural networks in checking the implication relationship
between two non-clausal Boolean formulae. They designed a new
formula embedding model named PossibleWorldNet.

There are also some studies utilizing GNN for embedding log-
ical representations. They design a message passing mechanism
for vertices in a graph to simulate the logical reasoning. Selsam
et al. (2019) [59] modeled the input formulae of SAT as a graph
structure to express the relationship among clauses, positive literals
and negative literals. Such a structure has become a classic struc-
ture for modeling formulae in CNF, widely used in SAT solving
models [4, 9, 11, 58, 71]. Cai et al. (2017) [10] suggested a TreeNN-
like framework to enhance neural networks for program synthesis.
They demonstrated excellent generalization and interpretability
using a small amount of training data. Besides, their evaluation
shows that in order for neural networks to learn program semantics
robustly, it is necessary to incorporate some concepts from logical
reasoning such as recursion.

The above studies show that neural networks are expected to
capture logical semantics through training. Inspired by them, we
design end-to-end neural networks that can capture as many logical
semantics for checking LTL satisfiability as possible.

4.3 Embedding LTL Formulae

There are a few studies on embedding of LTL formulae. Hahn
et al. (2021) [26] studied whether neural networks can capture
the semantics of LTL. However, their work focuses on whether
neural networks can generate its satisfiable trace given a satisfiable
formula, instead of focusing on whether neural networks can check
the satisfiability, which is the focus of our work. In other words,
their approach does not classify the formula, but generates trace,
regardless of whether the formula is satisfiable or not. Obviously, if
the input formula is not satisfiable, the output trace is meaningless.
Vaezipoor et al. (2021) [64] used R-GCN to embed commands in
LTL to train an agent to make command-compliant decisions. Xie
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et al. (2021) [68] utilized GNN for information aggregation over
a deterministic finite-state automata (DFA) which is semantically
equivalent to LTL.

5 MODEL ARCHITECTURE

In this section, we first introduce three logical properties of LTL,
then present three classes of neural networks which are able to
embed a given LTL formula, and finally describe how to use the
embedding for binary classification (satisfiable or unsatisfiable).

5.1 Logical Properties of LTL

The recursive property in LTL formulae is obviously derived from
the definition of the LTL syntax. Proposition 5.1 shows the recursive
property of semantics. Intuitively, the satisfaction relation between
a sub-trace ; and an LTL formula ¢ recursively depends on the
satisfaction relation between the sub-trace (r; or 7;+1) of 7; and
the sub-formula (¢, ¢’, or ¢’’) of ¢.

PROPOSITION 5.1. Let ¢ be an LTL formula and 7 a trace. For any
sub-trace ; of 7, it fulfills following property:

if ¢ = p, then ; |= ¢ if and only if n; |= p;

ifp = —¢’, then m; |= ¢ if and only if m; |~ ¢';

ifp = Q¢’, then m; |= ¢ if and only if iv1 |E ¢';

ifp = ¢ A¢”, thenrm; |= ¢ ifand only if i |= ¢’ and

mi = ¢

o ifp=¢'UP", then n; |= ¢ if and only if it fulfills either the

condition where tj |= ¢’ or the condition where 7; |= ¢’ and
Ti+1 F @,

where §, ¢, ¢"" are LTL formulae, andp € PU {T}.

Proposition 5.2 and Proposition 5.3 demonstrate the permuta-
tion invariance of operators and atomic propositions, respectively.
Intuitively, the permutation invariance shows that by exchanging
the sub-formulae connected by the A operator, the satisfiability of
the formula keeps.

PROPOSITION 5.2. Let ¢ be an LTL formula in the form of ¢; A ¢j.
¢ = ¢j A $i holds.

PROPOSITION 5.3. Let P be a set of atomic propositions and ¢ an
LTL formula over P. For anyp,q € PU{T}, if ¢ is satisfiable, then

¢lp/°llq/pllo/q] is satisfiable, where o ¢ P U {T} and ¢[¢;/¢i]
means replacing the sub-formula ¢; of ¢ with ;.

Proposition 5.4 demonstrates the sequentiality of LTL. Intuitively,
the sequentiality shows that by exchanging two sub-formulae con-
nected by the U operator, the satisfiability may change.

PROPOSITION 5.4. Let ¢ be an LTL formula in the form of ¢; U ¢;.
¢ =¢; U ¢; ifand only if ¢; = ¢;.

We use Example 5.5 to illustrate the above properties.

Example 5.5. Let {p, g, r} be a set of atomic propositions. One of
the reasons (p A q) U r is satisfiable is that we can construct a trace
7 =A{p,q},({r})® suchthat 7 | pAgand m; |= (p Aq) U r where
71 = (p A q) U r holds because 1 |= r. It shows the recursively
defined semantics of LTL. Sincep Aq=qAp, pAq Ur =(qA
p) U r, which shows the permutation invariance of sub-formulae.
Both (p A7) U g and (p A q) U r are satisfiable, which shows
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the permutation invariance of atomic propositions. (r U q) A O-r
is satisfiable while (¢ U r) A O-r is unsatisfiable. The semantic
inequality of r U q and q U r leads to different satisfiability results,
which reflects the sequentiality.

5.2 Embedding Based on Transformer

AnLTL formula can be treated as a sequence of tokens. The simplest
embedding approach is to apply a sequence model, such as Trans-
former [65], to the input formula. In practice, Hahn et al. (2021) [26]
shows that it is possible to train a Transformer to generate LTL
satisfiable traces. Therefore, we explore whether Transformer can
check the satisfiability of LTL.

We modify the model of [26] and denote it as Transformer. We
use the Transformer encoder to embed a prefixed expression of LTL
as the following form:

[CLS] g[0] ¢[1]-- - ¢[|¢| — 1] [EOS],

where “[CLS]” and “[EOS]” are two special tokens that represent
the start and end of the sequence of tokens, respectively, ¢ is an LTL
formula in prefixed expression, @[i] is the i-th token of ¢. Neural net-
works need to distinguish atomic propositions in high-dimensional
space and the atomic propositions are only symbols, so we use one-
hot vectors x, € R% as the initial embedding for atomic proposi-
tions and set them to be non-trainable, where dy, is a hyperparame-
ter. Besides, we use trainable vectors X+, Xop, X[cLs]> X[EOS] € RYm
to represent T, logical operators, “[CLS]”, and “[EOS]”, respectively.

Since LTL satisfiability checking is a kind of binary classification,
instead of using the decoder of Transformer, we apply a one-layer
multi-layer perceptron (MLP) with softmax activation to transform
the embedding of “[CLS]” to a 2-dimensional vector indicating the
binary result. Similar processing is widely used in the field of natural
language processing to extract features from input sentences (a
sequence of tokens). We train Transformer by minimizing the
cross-entropy loss between ¢ and the ground truth yg, where if ¢
is satisfiable, then y4 = 1; otherwise, y4 = 0. We use Example 5.6
to show how to embed an LTL formula by Transformer.

Example 5.6. Let P = {p, q,r} be a set of atomic propositions
and ¢ = (p Aq) U O r anLTL formula. In order to embed atomic
propositions by the one-hot encoding, we set dy, to 3. Suppose
the embeddings of atomic propositions are Xp = [1,0,0]7, Xq =
[0,1,0]T, and x, = [0,0,1]T and the embeddings of other tokens
are trainable denoted by X[cr5], X[EOS]» X XA, and X(. Because
of the prefixed expression of ¢, the input of Transformer is Xy =
[X[CLS], XY XA, Xp, Xg, XO» Xrs X[Eos]]. We compute the new em-
bedding of “[CLS]” by Attention(Xg,Xg,X) in Equation (1) and
apply a one-layer MLP with softmax activation to it to obtain yj.

5.3 Embedding Based on GNN

While sequential models can learn the permutation invariance and
sequentiality, given the recursively defined syntactics and seman-
tics of LTL, GNN may provide better inductive bias. This choice is
consistent with recent work in programming languages and veri-
fication, where GNN is used to embed the abstract syntax tree of
input programs [1, 60]. Recently, Vaezipoor et al. (2021) [64] embed-
ded commands expressed in LTL formulae using relational graph
convolutional network (R-GCN). Therefore, we naturally wanted
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to explore whether R-GCN can check LTL satisfiability. To this end,
we modify the model [64] to check LTL satisfiability, denoted by
RGCN. For a given LTL formula ¢, we embed ¢ through its labeled

L _(yL gL pL L
graph G¢ (V¢ E¢,R¢, 1ab¢) formally defined below.

Definition 5.7 (labeled graph of LTL [64]). Let P be a set of atomic
propositions and ¢ a LTL formula over P. The labeled graph of

: L _ L pL pL L L
¢ is tuple G¢ = (V¢ E¢,R¢,1ab¢) defined as follows. V¢ is a
set of vertices. Specially, ry € V4 is root vertex. labk —

¢’ ¢
{T}UPU{~, A, O, U} is alabeled function. Ré = {SL,UN, BL, BR}
is a set of edge types, where SL indicates a self-loop from a vertex
to itself, UN indicates the edge pointing to the vertex labeled as
a unary operator, BL indicates the edge from a left child vertex to
the vertex labeled as a binocular operator, and BR indicates the
edge from a right child vertex to the vertex labeled as a binocular

L c yL y pL « VL - L
operator. E¢ c V¢ X R¢ X V¢ is a set of directed edges. Vg& and

E(IL& are initialized as {v¢} and 0, respectively. We set ry = vy.

@i € sub(¢), VL EL and lab% are computed as follows:

¢
o ifp; =p, then E(}LS = Eéu{<v¢i,SL, v¢i)} and lab{;5 (9i) =p;
e if ¢; = 01 ¢;, then qu = VQI; U {v¢j},
Eé‘) = EgI;S U {(Z)@., UN, U¢i>, <U¢j,SL, U¢i>, <U¢i,SL, U¢i>},

1ab{]§ ($i) = o1;
. if¢i = glsj' 09 ¢k, then Vé‘ = Vq{‘ U {Uqgj,vggk}, Eé = Eé U
{05, BLvg,). (0, BR 04, (0, SL.vg ) 1ab, (90) =

02,
where p € PU{T}, 01 € {=, O}, 02 € {A, U}, and ¢;, ¢y are LTL
formulae.

Figure 1 illustrates an example of labeled graph.

) @ ‘L¢<v¢s =

L¢(U¢>4) =q

SL{

L¢ (174)3) =p

Figure 1: The labeled graph of ¢ = (pAg) U Or. Vé =

{v¢0,v¢1,v¢2,v¢3,v¢4,v¢5} and rgy = Vg Edges marked by
dashed lines are of type SL, edges marked by are of
type UN, edges marked by blue are of type BL, and edges
marked by red are of type BR.

In addition, we add a global vertex and for every vertex v in
the labeled graph, add an edge labeled by the new type GV from
v pointing to the global vertex. We initialize vectors for vertices
in the labeled graph and the global vertex. Specifically, we use
one-hot vectors x, € R as the initial embedding of the ver-
tices labeled by atomic propositions and use the trainable vectors
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XT,Xop,Xg € R9m to initialize the vertices labeled by T, logical
operators, and the global vertex, respectively. We iteratively update
these vectors based on the type of the edges through message pass-

(t+1) C pd

ings. At iteration ¢ + 1, the embedding x, m of vertex v is

updated by Equation (3).

(t+1) _ 1 (f)
Xv =0 Z Z |N (U, r) |Wr ) (3)

reRéU{GV} ueN(v,r)

where N (v, r) represents the set of vertices that point to vertex v
through an edge of type r and ¢ is the ReLU activation function.
We set a trainable W, for each r € Ré U {GV} and share W, only
for edges of the same type per iteration.

After T € N iterations, we treat the embedding x(gT) of the global
vertex as the embedding of ¢. Then, we apply a one-layer MLP with
softmax activation to x(gT) to obtain the classification probability
Y. We train RGCN to minimize the cross-entropy loss between 1y
and the ground truth y.

5.4 Embedding Based on TreeNN

To capture the recursive property of LTL, the natural idea is to adopt
the general framework — TreeNN [62, 63] to embed the syntax tree
of LTL formulae. The syntax tree of LTL is defined below whereas
Figure 2 shows an example of it.

Definition 5.8 (syntax tree of LTL). Let ¢ be an LTL formula. The

syntax tree T¢ of ¢ is a tuple (V¢, E¢, rgs lab¢) defined as follows.
Vg is a set of vertices. ry € Vyis the root vertex. Ep CVyXVyisa
set of undirected edges. laby: Vg — {T}UPU{-,A,O, U} isa
labeled function. Ve and Ey are initialized as {v¢} and (). We set
ry = Vg @i € sub(¢), Vg, Eg. and laby are computed as follows:

e if ¢; = p, then laby (¢:) = p;

e if §; = 01 ¢}, then V¢ = V¢U {Uqﬁj}’EqS = E¢U {(vtﬁi’vrﬁj)}’
Labg (4i) = o1;

o if ¢i = ¢j 02 P, then Vy = V4 U {U%,vm}, Ey = EgU
{(%,%) , (%,-,%k)}» labg (i) = oz,

where, p € PU{T}, 01 € {=,O}, 02 € {A, U}, and ¢j, ¢ are LTL
formulae.

Ly(vp,) =a

Ly(ve,) =p

Figure 2: The syntax tree of ¢ = (p A q) U O, where Vy =
{v¢0,v¢1,v¢z,v¢3,v¢4,v¢5} and ry = vo.

Algorithm 2 shows the pseudo-code for embedding LTL formu-
lae based on TreeNN. We learn the embedding of a sub-formula for
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each vertex in a syntax tree by recursively aggregating and com-
bining the embeddings of the sub-formulae using neural networks.
We use a non-trainable one-hot vector v, € R to represent an
atomic proposition and use a trainable one-hot vector v+ € RYm
to represent T. If the sub-formula is an atomic proposition or T,
denoted by p, we project the v, € R9m to Ty € R by a trainable
projection matrix, where dy, is a hyperparameter (line 2 of Algo-
rithm 2). Otherwise, we perform a combination function (COMBINE)
with different trainable parameters for different logical operators
(line 6 and 12 of Algorithm 2). Algorithm 3 shows the pseudo-code
for CoMBINE. We use a two-layer MLP with a residual-like connec-
tion to compute the combined embedding of multiple sub-formulae,
which is the same as in the work [2]. This way can enable more
flexibility in modeling the semantics of LTL mapping of syntax
trees. The dimensions of Wo, op, W1,0p, W2, op are different, which
is related to the input embedding dimension of the operator.

Algorithm 2: LTLTREENN

Input :A syntax tree (V¢,E¢,, Tés 1ab¢) of panda
current vertex rg,.
Output : The embedding ry, of ¢;.

1 if laby (r¢i) =p, wherep € PU {T} then

2 L Iy, <~ ONE-HOTEMBEDDINGp

3 else if laby (r¢l.) = opi1, where op; € {—, O} then
4 get rg; € V¢ such that (r¢i, r¢j) € E¢

5 | 1y, <LTLTREENN(Vy, Eg, g, 1abg ).rg,

6 | Ty «—COMBINET 4 ,0p1

=
o

Ise /" 1aby (r()r,) e{AU}*
8 getry. rg, € Vy such that (r¢i, r¢j) , (r¢i, r¢k) €Ey
9 Iy, <—LTLTREENN(V¢, E¢, s lab¢),r¢j

w0 | 14, LTLTREENN(Vy, By, g, aby )1y,

11 T, b %AGGREGATEI'%_ The

12 Iy, (—COMBINEI’¢J_’¢k,1ab¢ (r¢

-

3 return ry

Algorithm 3: CoMBINE

Input :An aggregation r of the embeddings of
sub-formulae and a logical operator op.

Output : An embedding roy;.

' —o (W(),op . r) * ¢ is the ReLU activation function. *

[

[N}

Tout < Wi,0p -’ +Wyop T
return roy /||Tout |2

©w

Different aggregation functions lead to different variants of
TreeNN. We consider two basic aggregation functions as follows:
o we aggregate the embeddings of multiple sub-formulae by
performing an MP, denoted by TreeNN-MP;
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Algorithm 4: SUBEXPAE [2]

:A formula embedding ry of an LTL formula ¢, the
embedding r. by concatenating the embeddings
of all sub-formulae of ¢, and a logical operator op,
where ¢ = ¢; op ¢j or ¢ = op ¢;.

Output : A loss value.

r. « tanh (Wd - tanh (We,op . [r¢, rc] . n))

fe < re - [Irell2/lITe]l2
3 Ty < COMBINET¢,0p

Input

-

)

return — (r}TrC + r~¢Tr¢)

'S

o we aggregate the embeddings of multiple sub-formulae by
concatenating the embeddings of the sub-formulae in order,
denoted by TreeNN-con.

For a given LTL formula ¢, we compute the probability 3 by
applying a one-layer MLP with softmax activation to ry defined
below.

ry = LTLTREENN ((V¢,E¢, ro 1ab¢) ,¢) (4)

We train the variants of TreeNN to minimize the cross-entropy loss
between 1/ and the ground truth y.

We also study two variants of TreeNN.

The first is EQNET [2]. It adds a regularization in order to en-
courage the embeddings to become more close to the semantics,
reducing their dependence on surface-level syntactic information.
This method also applies to LTL satisfiability checking, since the
satisfiability of LTL formulae does not depend on their syntax. We
follow [2] to modify EQNET to check LTL satisfiability, denoted
by EQNET. We use Algorithm 2 and the concatenation function to
embed LTL formulae, like TreeNN-con, but EQNET adds a new loss
function (Algorithm 4) in training. Given any sub-formulae ¢, Algo-
rithm 4 aims to auto-encode the representation tuple [r¢, rc] into
a low-dimensional space with a de-noising auto-encoder (line 1
of Algorithm 4), where n is a binary noise vector with k percent
of elements setting to zero and W4, W, op are trainable parame-
ters. Then, Algorithm 4 computes the reconstruction error (line 4
of Algorithm 4). The motivation behind this is to remove irrele-
vant information from the representations by auto-encoding the
formula and its sub-formulae representations together. We train
EQNET to minimize not only the cross-entropy loss between y and
the ground truth y, but also the mean value of SuBexPAE for all
the sub-formulae of the input formula.

The second variant is TreeNN-inv, which is based on TreeNN-con
and adds a new loss function defined by Equation (5) in training.

Lino(¢) = (1= CStr 070
Pi=¢;NPi Esub(g)
Ty b = COMBINE([r¢j,r¢k], A), 5)
Ty = COMBINE([r¢k,r¢j], A),
__X1-Xp
CS0x) = o el

where x; and x are vectors. The primary intuition behind Equa-
tion (5) is that the embedding of ¢; A ¢y and that of ¢y A $; require
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to be as close as possible to keep the permutation invariance. We
use the cosine distance to measure the similarity between two em-
beddings. Similar to EQNET, we train TreeNN-inv to minimize not
only the cross-entropy loss between y and the ground truth y,
but also Lino(¢) defined in Equation (5).

5.5 Summary of Embedding Approaches

The reason for choosing Transformer and R-GCN for checking LTL
satisfiability is that their usage in embedding LTL has been verified:
Transformer has been used for generating LTL satisfiable trace [26]
and R-GCN has been used for embedding LTL commands [64]. The
reason why we compare TreeNN with Transformer and R-GCN is
that its architecture is in line with the recursive property of LTL.
We do not consider the model [68] because translating LTL to DFA
is in 2EXPTIME [30], which leads to a severe time overhead for
transforming complex formulae with more than 10* characters.

These three classes of neural networks have varying degrees for
keeping the logical properties of LTL.

Transformer does not keep any logical properties of LTL, but
it can learn to express permutation invariance and sequentiality
thanks to the powerful multi-head self-attention mechanism [11].
The primary intuition behind it is that Transformer builds a rela-
tionship between each element in the sequence to deduce which
elements are permutation invariant and which are sequential.

R-GCN expresses the sequentiality but cannot keep the permu-
tation invariance. Besides, R-GCN does not distinguish semantics
of different logical operators, but only the types of edges.

PROPOSITION 5.9. Let ¢ be an LTL formula and Wy and W gg

two trainable parameters of a R-GCN. If ¢; = $; op ¢ € sub(¢) and
t+1 t+1 . .
WgL # Wpgg, then X(U(;: ())p b = xﬁ,;k )op 4 if and only if ¢j = i,

where op is a binary operator.

It is straightforward to prove Proposition 5.9 because for each

t+1 t 4
$i = §j op Pi. € sub(¢), we have xg);; ()w b = WSLX;I,)“‘WBLX;]_)“‘

E;]z and X(Zf;kl)op #; = WSLXE;I_) +WBLX§;Z +WBRXE;]_).

PROPOSITION 5.10. Let ¢ be an LTL formula. If ¢; = ¢j op ¢y €
sub(¢), then COMBINE (MP(r¢j, Iy, ), 0p) = COMBINE (MP(r g, , r¢j), op),
where op is a binary operator and MP is a mean pooling function.

WpaRrx

We can straightforwardly prove Proposition 5.10 because MP(ry
rg,) = MP(r¢k,r¢j). The MP function of a set of input vectors
ensures that the order of vectors does not affect the output vector,
which keeps the permutation invariance of LTL.

PROPOSITION 5.11. Let ¢ be an LTL formula. If ¢; = ¢j op ¢y €
sub(¢), then COMBINE ([r¢j, 1y, ], 0p) = COMBINE ([rg,, r¢j],op) if
and only if ¢ = ¢y, where op is a binary operator.

Proposition 5.11 can also be proved because [r¢j, rg. ] =[rg,. r¢j]
ifand only if ry, = ry, . It shows that the concatenation function
keeps the sequentiality of LTL.

TreeNN can capture the recursive property of LTL thanks to its
recursive algorithmic structure (Algorithm 2). Because of using MP
as the aggregation function, TreeNN-MP keeps the permutation in-
variance, but it does not keep the sequentiality. TreeNN-con, EQNET,
and TreeNN-inv employ the concatenation function, so they can
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keep the sequentiality. Moreover, EQNET bridges semantic features
to syntactic features via Algorithm 4, whereas TreeNN-inv also
keeps the permutation invariance through Equation (5).

This summary enables us to analyze the impact of degrees for
keeping different logical properties of LTL on the performance of
checking LTL satisfiability.

6 DATA GENERATION

We automatically generate some synthetic datasets with differ-
ent formula sizes to train and test neural networks. The synthetic
datasets consist of random LTL formulae. We use the randltl tool
from SPOT [17]! to generate random formulae and label them (sat-
isfiable or unsatisfiable) using nuXmv [12]. randltl generates unique
formulae within a certain size range under a given symbolic (P,
T, and logical operators) distribution. We set the size of the set
of atomic propositions to 1024. Our symbolic distribution weights
are as follows: the weight of P is 2.5 (the atomic propositions in P
follow a uniform distribution) and that of T, =, A, O, U are all 1.
The first synthetic dataset consists of the formulae whose sizes
are in [100, 200), denoted by SPOT-[100, 200). There are 160K formu-
lae as training set, 20K formulae as validation set, and 20K formulae
as test set. Furthermore, we generate random formulae to con-
struct extra test sets and divide them into six datasets according
to their size: [200, 250), [250, 300), [300, 350), 350, 400), [400, 450),
and [450,500). Every extra test set consists of 2K formulae. For
each training, validation, and test set, we balance the numbers of
satisfiable and unsatisfiable formulae. Moreover, we ensure that
formulae in the training, validation and test set are not repeated.
Algorithm 5 summarizes the process of dataset generation.

Algorithm 5: Generating synthetic datasets.
Input :The size of dataset N.
Output : A synthetic dataset D.
1 D,D' « 0
2 while the number of satisfiable formulae or that of
unsatisfiable formulae is less than % do
3 ¢ «— generate a random formula via randltl

4 if ¢ is not in D’ then

5 st « compute whether it is satisfiable or
unsatisfiable via nuXmv

6 D’ « D" U{(¢,st)}

7 D « randomly select % satisfiable formulae and %
unsatisfiable formulae from D
8 return D

In all synthetic datasets, the formulae size is less than 500 and the
number of atomic propositions contained is no more than 1024. It
ensures us to generate a large amount of data in an acceptable time
to train and test neural networks. Since checking LTL satisfiability
is computationally intractable (PSPACE-complete), even current
SOTA approaches are too time-consuming to check long formulae
with a large number of atomic propositions. Experimental results
reported in Table 3 for nuXmv and Aalta on large scale datasets

1SPOT:https://spot.Irde.epita.fr/.
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confirm this. Besides, we discover that unsatisfiable formulae ran-
domly sampled by our method are sparse. Specifically, we sampled
50M formulae, of which only about 0.4M formulae are unsatisfiable.
It is costly to sample a sufficient number of unsatisfiable formulae
to maintain the balance of satisfiable and unsatisfiable examples in
the datasets and to avoid repeatedly sampling.

7 EXPERIMENT

We consider the following three research questions.

RQ 1. Can neural networks capture features for checking LTL
satisfiability?

RQ 2. How well do neural networks generalize across formula
sizes and distributions?

RQ 3. Are neural networks and SOTA logical approaches compa-
rable on large scale datasets?

7.1 Competitor

The competitors include 6 neural networks Transformer, RGCN,
TreeNN-MP, TreeNN-con, EQNET and TreeNN-inv, as well as two log-
ical approaches nuXmv and Aalta.

nuXmv [12]. It is one of the SOTA approaches for model checking.
Since LTL satisfiability checking can be reduced to model check-
ing [51], nuXmv is also an efficient approach for LTL satisfiability
checking thanks to the SOTA technologies of model checking.
Aalta [37, 38]. It is one of the SOTA approaches for checking LTL
satisfiability. Li et al. (2015) and Li et al. (2019) performed LTL
satisfiability checking by reducing the problem to the reachabil-
ity problem on a transition system. Therefore, they can solve the
problem efficiently with the help of SAT solvers.

7.2 Dataset

We use synthetic datasets introduced in Section 6 to train and
test neural networks. Since LTL shares the same syntax as linear
temporal logic over finite traces (LTL) [24], we also evaluate our
approaches using the large scale LTLy datasets [33]? for more
extensive experiments. The large scale datasets are also used to
evaluate nuXmv and Aalta in the work [33]. An overview of them
is given as follows.

LTL-as-LTL¢ [56]. It collects formulae from several prior work
and has a total of 7442 formulae including 3721 pattern formulae
and their negations. It consists of 6 different formula classes from
different scenarios, namely acacia, alaska, anzu, forobots, rozier,
and schuppan.

LTLy-Specific. It consists of 1700 formulae generated by common
LTL templates, summarized below. Random conjunction formu-
lae, in a similar way to the work [35], are generated by randomly
combining 19 common LTL formulae [23, 48]. Template formulae
include 7 extensible templates inspired by the work [13].
NASA-Boeing. It contains 63 specifications coming from industries:
49 specifications for the design of the Boeing AIR 6110 wheelbraking
system [7]; 14 specifications for the design of the NASA NextGen
air traffic control system [22].

2The datasets and the experimental results reported by [33] are available at https:
//drive.google.com/open?id=1eOYGvm3C8sQ- 9iyfZ8qx42K54hgrFNTC.
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Table 1: The quantitative statistics of datasets, where “|¢|”
means the average formula size and “|P|” means the average
number of atomic propositions.

SPOT

[100,200) [200,250) [250,300) [300,350) [350,400) [400,450) [450,500)

9] 151.09 22558 275.20 325.18 375.43 425.05 474.44
| 34.27 46.74 53.70 59.72 65.09 69.58 73.43

‘LTL-as-LTLf LTL¢-Specific NASA-Boeing DECLARE

] 449.18 992.86 2,973.13 7,878.93
|P| 25.86 228.74 96.40 41.81

DECLARE. It consists of a total of 112 LTLtemplate formulae
widely used in business process management [20].

Table 1 shows some quantitative statistics of datasets. Note
that the size of formulae in the four large scale datasets is usu-
ally much larger than that in synthetic datasets. Besides, the large
scale datasets are created in a way different from synthetic datasets
and therefore their formula distributions are different.

7.3 Setup

We train all neural networks on the training set of SPOT-[100, 200),
and then test all neural networks on the test set of SPOT-[100, 200) to
demonstrate their performance on the data with the similar formula
size and distribution as in the training set. Besides, we test all neural
networks on the SPOT with larger formulae to demonstrate their
generalization ability across formula sizes.

We also evaluate all approaches on the large scale datasets. Specif-
ically, we train all neural networks on synthetic datasets and then
directly test them on the large scale datasets. This is to evaluate the
generalization ability across formula sizes and formula distributions
of neural networks, which is useful for industrial instances where
the distribution is not clear and the amount of data is small. This
evaluation also makes a good comparison between neural networks
and the current SOTA logical approaches.

The evaluation metrics of performance include accuracy, preci-
sion, recall, and F1 score for binary classification, defined as Equa-
tion (6), where TP, TN, FP, and FN represent the number of true
positive, true negative, false positive, and false negative respectively.
In addition, we also compare the running time of each approach.
We set a time limit of 3600 seconds for computing each test case.
The running time of a timeout, out-of-memory, or running-error
test case is uniformly assigned 3600 seconds.

TP + TN
accuracy = —————————,
TP + TN + FP + FN
. TP
precision = ——,
TP + FP
TP (6)
recall = ——,
TP + FN
precision X recall
Fl=2X—F——F""—"—

precision + recall

Both training and testing of all neural networks are conducted
on a single GPU (NVIDIA A100). We train all neural networks using
the Adam optimizer. We use grid search to find optimal hyperpa-
rameters. The parameters common to all neural networks are as
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Table 2: Evaluation results on the test set of SPOT-[100, 200),
where “acc” means the accuracy (%), “pre.” means the preci-
sion (%), “rec” means the recall (%), “F1” means the F1 score
(%), and “time” indicates the sum of the running time for all
formulae (seconds). Bold numbers mark better results.

approach ‘ acc. pre. rec. F1 time

Transformer ‘ 70.60 71.02 69.61 70.31 57.09

RGCN ‘ 65.42 71.06 52.01 60.06 3,642.99
TreeNN-MP 86.15% 90.55% 80.73%  85.36% 1,792.11
TreeNN-con 93.76% 98.17% 89.19% 93.47% 1,814.88
EQNET 90.73%  94.87% 86.13%  90.29% 485.08

TreeNN-inv 91.79%  96.23% 87.00% 91.38% 416.96

X TreelN-MP

= ] O Treell-con
707 ->  EQNET —_——— v v
651 -+ TreeNN-inv
60{ A--maee__ Acmmmmmm A A Ar-mmemem A

[200,250)  [250,300)  [300,350)  [350,400)  [400,450)  [450,500)

formulae size interval

Figure 3: Evaluation results on the larger formulae. The ac-
curacy, precision, and recall for neural networks have the
same rankings and trends as F1 score.

follows: dp, = 1024; the maximum epoch is 256; The different pa-
rameters of Transformer are as follows: the number of network
layers is 3; the dimension of the hidden layer in the encoder layer
is 256; the number of self-attention heads is 4; the learning rate
is 2.5¢ — 5; the batch size is 512. The different parameters of RGCN
are as follows: the number of network layers is 5; the dimension of
the hidden layer is 32; the learning rate is 1le — 3; the batch size is
128. For all variants of TreeNN dj, = 256. The different parameters
of TreeNN-MP and TreeNN-con are as follows: the learning rate is
1e—3; the batch size is 256. The different parameters of EQNET are as
follows: the percentage of zero element in n is 0.61; the coefficient
for SUBEXPAE, denoted by a, is 1 — 10~%¢, where t stands for the
epoch number; the learning rate is 1e — 3; the batch size is 256. The
different parameters of TreeNN-inv are as follows: the coefficient
of Equation (5), denoted by f, is 0.25; the learning rate is le — 3;
the batch size is 128.

7.4 Comparison on Synthetic Dataset

Table 2 shows that all neural networks achieve much better per-
formance than random guessing (50%), which indicates that neural
networks indeed capture some inductive biases that are able to
distinguish satisfiable formulae from unsatisfiable ones. However,
different neural networks have different inductive biases, as re-
flected by their performance. Besides, Figure 3 shows that neural
networks can generalize learned biases to larger formulae.

Transformer. The input of Transformer does not explicitly de-
scribe the recursive property of LTL, but is just a sequence of
tokens. Although the multi-head self-attention mechanism is so
powerful that it potentially learns the permutation invariance, and
sequentiality, the learning cost of Transformer still affects its per-
formance, making it perform the worst in three classes of neural
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networks. Note that Transformer runs fast thanks to the efficient
parallel matrix operations of Transformer, and similar results are
shown in Table 3.

RGCN. RGCN not only fails to keep the recursive property and per-
mutation invariance but also cannot distinguish different operators.
The poor performance of RGCN confirms that only modeling the per-
mutation invariance is not sufficient for checking LTL satisfiability,
which is different from the SAT problem.

TreeNN. Table 2 and Figure 3 show that all variants of TreeNN
achieve the best performance. This may be due to the biggest differ-
ence between TreeNN and the other two classes of neural networks,
i.e., TreeNN keeps the recursive property of LTL. TreeNN-con is
better than EQNET, which shows that the syntactic features help to
check LTL satisfiability. TreeNN-con also outperforms TreeNN-MP.
Although TreeNN-MP keeps the permutation invariance through the
MP function, it compresses the information of sub-formulae, thus
losing some important features. In contrast, TreeNN-con preserves
complete information of sub-formulae via the concatenation func-
tion. TreeNN-inv performs slightly worse than TreeNN-con but is
more efficient. These results, together with the comparison results
between TreeNN-con and TreeNN-MP, demonstrate that the neural
networks keeping the permutation invariance is less effective than
keeping the sequentiality for checking LTL satisfiability.
Summary. Neural networks are capable to capture inductive biases
for more accurately checking LTL satisfiability. Our experimental
results demonstrate that the more a neural network keeps the logical
properties of LTL, the more effective it is to capture the inductive
biases that are beneficial to classification. These results answer the
research questions RQ 1 and RQ 2.

7.5 Comparison on Large Scale Dataset

For nuXmv and Aalta, we directly cite the results reported by the
work [33]. The neural networks mainly use GPUs for computing,
while the logical approaches use CPUs for computing. The ability
of using GPUs is an advantage of neural networks. Overall, Table 4
shows that the four large scale datasets are challenging for logical
approaches since there are still many formulae that nuXmv and
Aalta cannot solve within the time limit. For every test set in our
experiments, we directly remove formulae for which neither nuXmv
nor Aalta can solve within the time limit, instead of reporting 3600
seconds, since we do not know the ground truth of them.
Performance. The performance of neural networks is surprisingly
good but fluctuating. Overall, all variants of TreeNN achieve bet-
ter accuracy and F1 score than Transformer and RGCN on all four
large scale datasets. However, TreeNN-MP, TreeNN-con, and EQNET
perform poorly in some datasets. It implies that the inductive biases
captured by their different architectures vary in different datasets.
But TreeNN-inv achieves good and stable performance by leverag-
ing the inductive biases more properly. The above results imply
that keeping the recursive property, permutation invariance, and
sequentiality of LTL is effective for neural networks to generalize
across different formula distributions.

Running time. Overall, neural networks are much faster than log-
ical approaches in most datasets. In particular, the running time of
Aaltaon LTL-as-LTLg, LTL¢-Specific, and DECLARE is significantly
longer than that of neural networks. This is not only due to the



Checking LTL Satisfiability via End-to-end Learning

ASE ’22, October 10-14, 2022, Rochester, MI, USA

Table 3: Evaluation results on the large scale datasets.

LTL-as-LTLg LTLy-Specific NASA-Boeing DECLARE
approach acc. F1 time acc. F1 time acc. F1 time acc. F1 time
nuXmy 100.00 100.00  8,483.02 | 100.00 100.00 2,584.66 | 100.00 10000 9572 | 100.00 100.00  7,296.68
Aalta 100.00 100.00 352,224.95 | 100.00 100.00 1,148,839.93 | 100.00 10000 937 | 100.00 100.00 356,043.51
Transformer | 67.40  78.81 2872 | 67.00  40.63 608 | 3226 4878  195| 000  0.00 512
RGCN | 7339 8331 602131 | 9100 88.69 314500 | 37.10 5412 22010 | 000 000  5:250.53
TreeNN-MP 88.80  94.02 437.78 | 4482  6le62 14643 | 9839  99.19  27.93 | 100.00 100.00 437.78
TreeNN-con | 88.67 93.90 252440 | 99.53  99.47 137097 | 9677 9836 179.80 | 2385 3852  7,136.23
EQNET 8637 9258 248176 | 98.76  98.62 140496 | 53.23  69.47 193.44 | 9633 98.13  7,182.01
TreeNN-inv | 87.00 9292  1,99457 | 9482 9448 121401 | 8548 9217 15376 | 9358 96.68  5,630.03
Table 4: The results of nuXmv and Aalta on the large scale Y e
. . 93.00 93.( "
datasets, where “size” means the number of formulae in the 02.75 92,75 . 27 B R
) L A
S 905 <925014 B Tmea A
dataset, “# s” (resp. “# uns.”) means the number of solved (resp. & 9250 N & s [N
« » g 92251 =~ batch size = 64 \‘A g — batch size = 64 \
unsolved) formulae, and “both # uns.” means the number of % 02.00{ ~A- batch size — 128 R 2001 A batch size - 128
unsolved formulae that both nuXmv and Aalta failed to solve. . batch size = 206 9150 batch size = 230 A
" es 128 256 512 1024 0.01 01 05 1 10

. nuXmv Aalta both

dataset size #s.  #uns. | #s. #uns. | #uns.
LTL-as-L TLf 7,442 | 7,422 20 | 7,326 116 19
LTLg-Specific | 1,700 | 1,700 01381 319 0
NASA-Boeing 63 62 1 62 1 1
DECLARE 112 109 3 11 101 3

acceleration from GPUs, but also due to a theoretical guarantee
that the computational cost of a neural network is linear with the
size of the neural network.

Summary. The inductive biases captured by neural networks and
the semantics of LTL may be different, as not all neural networks
perform well on tests of generalization ability across different
formula distributions. Nonetheless, the advantages exhibited by
TreeNN still indicate that designing an architecture keeping logical
properties, especially the recursive property, has a positive effect in
improving the generalization ability. Besides, the results of TreeNN-
inv confirm that neural networks have the potential to achieve a
highly confident result for checking LTL satisfiability within a short
time limit. These results answer the questions RQ 2 and RQ 3.

8 THREAT TO VALIDITY

The primary threat to validity comes from different distributions of
datasets. We have reason to believe that those approaches achieving
generally higher accuracy on datasets with different distributions
have better performance in practice. From the results in Table 2, Fig-
ure 3, and Table 3, TreeNN-inv has generally better accuracy, and
it also has obvious speed advantages on large scale datasets. There-
fore, we suggest that TreeNN-inv should be prioritized in practice.
Although no neural network is guaranteed to work well on arbi-
trary datasets, we still show that it is promising to design a neural
network that fulfill logical properties to improve generalization.
Hyperparameter selection is also a threat to validity. For all neu-
ral networks, we use grid search to find optimal hyperparameters.
Due to limited space, we only analyze the hyperparameters of the
best neural network TreeNN-inv. The main hyperparameters are
dy, and B. We conduct experiments to show the impact of different
setting of dj, and § on the test set of SPOT-[100, 200), as illustrated
in Figure 4. It can be seen that the accuracy remains rather stable for

dy, B

(a) Hyperparameters follow the optimal (b) Hyperparameters follow the optimal
ones except dj,. ones except f.

Figure 4: Comparisons for different settings of dj, and f.

dp € [64,512] and f € [0.1,0.5], which suggests that TreeNN-inv
is rather robust on dj, but is probably sensitive to /.

9 CONCLUSION AND FUTURE WORK

LTL satisfiability checking is complex. Our main motivation is to
explore a new paradigm for checking LTL satisfiability to outper-
form SOTA approaches. Our work shows that, by designing neural
networks matching the recursive property, permutation invariance,
and sequentiality, the neural networks can check LTL satisfiability,
and can generalize across different sizes and different distributions
of LTL formulae. Moreover, results on large scale datasets show
that TreeNN is comparable with SOTA logical approaches in ac-
curacy but is much more efficient. Our work makes it possible to
obtain highly confident results for LTL satisfiability checking in
polynomial time, which will benefit LTL-SAT-heavy tasks a lot.

Future work will extend our approach to validate the effective-
ness of neural networks on intractable industrial instances and
design more highly confident and verifiable end-to-end neural net-
works for checking LTL satisfiability.
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