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ABSTRACT

Due to the complexity of linear temporal logic (LTL) trace gen-
eration (PSPACE-Complete), existing neural network-based ap-
proaches will fail as the formula sizes increase. Recently, large
language models (LLMs) have demonstrated remarkable reasoning
capabilities, benefiting from efficient training on hyper-scale data.
Inspired by this, we propose an iterative interaction framework
for applying LLMs, exemplified by ChatGPT, to generate a trace
satisfying a given LTL formula. The key insight behind it is to
transfer the powerful reasoning capabilities of LLM to LTL trace
generation via iterative interaction between LLM reasoning and
logical reasoning. Preliminary results show that compared with
the state-of-the-art approach, the accuracy is relatively improved
by 9.7%-23.4%. Besides, we show that our framework is able to
produce heuristics for new tasks, which provides a reference for
other reasoning-heavy tasks requiring heuristics.
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1 INTRODUCTION

Linear temporal logic (LTL) satisfiability checking aims to answer
whether a given LTL formula is satisfiable or unsatisfiable. It is a
basic theoretical problem of LTL, and its problem complexity is in
PSPACE-Complete [23]. Therefore, efficient LTL satisfiability check-
ing can improve the efficiency of the LTL-SAT-heavy tasks, e.g.,
specification repair [1, 2] and goal-conflict analysis [5, 15]. Recently,
well-designed neural networks [14, 16] have achieved excellent per-
formance and demonstrate promising potential in polynomial time.
Although neural network-based approaches have significant advan-
tages in time cost, they leave hidden dangers that are unverifiable,
i.e., the satisfiability results answered by neural networks cannot be
verified to be true. It is the main barrier to its application in safety-
critical systems. LTL trace generation aims to generate a trace to
satisfy the formula, which provides verifiability of satisfiable re-
sults [16]. Hahn et al. [10] demonstrated the potential of neural
networks for trace generation in polynomial time, which maintains
the performance advantages in time cost of neural networks. How-
ever, we empirically discover that their work only applies to toy
example, i.e., the formula with small sizes.

The core challenge of LTL trace generation is that, as the number
of variables and formula sizes increases, the search space of satisfi-
able traces can explode exponentially. It is necessary to design a
heuristic to guide the search direction to alleviate the search space
explosion. The existing heuristics for LTL trace generation are ei-
ther manually programmed [11-13] or automatically learned [10].
The former has the limitation that it is time-consuming and its qual-
ity relies on human intelligence, while the latter has the limitation
of high training overhead. Revolutionary advancements in artificial
general intelligence, especially large language models (LLMs), rep-
resented by ChatGPT [18], provide a turning point. LLMs perform
commendably in reasoning tasks, e.g., deduction reasoning [21],
code generation [6, 8, 24] and LTL translating [4, 9], which lays the
groundwork for generating traces.

To this end, we propose an iterative interactive framework (ITG)
between logical reasoning and LLM reasoning to guide LLMs to
heuristically search for satisfiable traces. The key insight behind
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LLM Reasoning

Logical Reasoning

Generate a satisfiable trace from input P
LTL formula. The possible operators are
&, |, L, X F,G,U.{. more..}

LTL:a U (X b).

Trace: [[a], [a]] FINISH

The trace you give does not satisfy the PN
LTL formula. There is a proof to guide
you to regenerate a satisfiable trace.
{... more ...}

I

satisfiability proof

Repaired_Trace: [[a], [a], [b]] FINISH

Figure 1: A overview of ITG.

it is to transfer the powerful reasoning capabilities of LLM to LTL
trace generation. To induce LLMs to generate satisfiable traces, we
introduce the satisfiability proof to construct prompts. Intuitively,
a satisfiability proof characterizes why a trace satisfies or does not
satisfy an LTL formula. It is able to prompt LLMs on how to con-
struct satisfiable traces step by step or to provide error feedback for
LLMs. ITG is divided into two parts: LLM query and trace check-
ing. The two parts are invoked iteratively to form a loop until a
satisfying trace is generated, as shown in Figure 1.

We conducted preliminary experiments on synthetic datasets!.
We discover that the state-of-the-art (SOTA) learned heuristic [10]
fails, i.e., approaching the results of random guessing, as the formula
sizes increases. Compared with the learned heuristic, the accuracy
of ITG is relatively improved by 9.7%-23.4%, reaching SOTA per-
formance. Besides, we evaluate the various frameworks of ITG and
show that ITG is able to combine the inherent knowledge of LLMs
to produce heuristics for new tasks, which provides a reference for
other reasoning-heavy tasks requiring heuristics.

2 BACKGROUND

The syntax of LTL for a finite set of atomic propositions P in-
cludes the fundamental operators disjunction (V), negation (),
next (O), and until (U), defined as follows: ¢ = p | =¢’ | ¢’ V
" 1O | ¢’ U ¢", where p e PU{T} and ¢’, ¢’ are LTL formu-
lae. For brevity, we only consider the above fundamental operators
in this paper. |@| represents the size of the formula ¢, i.e., the number
of operators and propositions in ¢ (repeatable). The sub-formula of
¢ is denoted by sub(¢).

LTL formulae are interpreted over traces of propositional states.
A trace is represented in the form 7 = sp...(sg ...sm)?, where
s; € 2F is a set at time t and (sg . . . ;n)® is a loop indicating that
Sk - - - Sm appears in order and infinitely. For every state s; of 7 and
every p € P, p holds if p € s; or —p holds otherwise. 7; denotes the
sub-trace of 7 beginning from the state s;, particularly, 7 = ;. The
satisfaction relation |= is defined as follows:

10ur code and datasets are publicly available at https://github.com/sysulic/ITG.
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7 Ep iff pess,

Tt = g’ iff @,

ml=¢' Ve iff m =@ ormy =@,
7 E O¢’ iff 71 =@

m = UP” if Tk >tstoa =@’ and
Vi<j<kom g,
where 7 is a trace, ¢’, ¢’” are LTL formulae, and p € PU{T}. |= and
[ are opposite. We define function opp(|=) =~ and opp(|¢) =|=.

3 SATISFIABILITY PROOF

To bridging logical reasoning and LLM reasoning, we define the
trace-formula relation and the satisfiability proof.

Definition 3.1. Let ¢ be an LTL formula,  a trace, and r be a
satisfaction relation. A trace-formula relation is a 3-tuple (7, r, §).

Definition 3.2. Let ¢ be an LTL formula,  a trace, r be a satis-
faction relation, and ¢ r & holds. The satisfiability proof IT of ¢ r &
is a graph (V, E), where V is a set of verticesand E C V x Vis a
set of edges. A vertex v € V is a trace-formula relation. An edge
e = (u, v) is directed from u to v, where v is a support of u. The root
vertex is («,r, ¢). If ¢; € PU{T}, (ns, 1, i) is leaf vertex, where
¢i € sub(¢). V and E are initialized as {(r, r, ¢)} and 0, respectively.
For each vertex (71;, 7, ¢;) € V, II is computed as follows.

(1) If ¢; = ~¢j, then V = V U {(n7,0pp(r), ¢;)} and E = E U

{2, 7, 1), (2, 00D(1), )}

(2) If ¢; = pj Vg andris |=, thenif 7; |= ¢; holds, then V = VU
{(m, = ¢])} and E = EU {((n’t, r, $i), (s, |=, ¢j))}; other-
wise, V- = VU{(rr1, |, §)} and E = EU{((7r, 7, i), (71, =, 1)) }-

(3) Ifp; = ¢pjVe andris |~ thenV = VU{(ﬁ.’t, E, $5), (72, =, ¢k)}
and E = EU{{(r, I, ¢1), (e, F, §))), (e, V. i), (e Vo, i) }-

4) If i = O¢j, then V = V U {(m+1,r, gﬁ})} and E = EU
{((ﬂt, r i), (Te41,7, ¢j)>}-

(5) If i = ¢j U ¢y and r is |5, then if 7; |= @i holds, then
V = VU{(ms, | ¢i)} and E = EU{((m, |, §i), (2, |2 1)) )
otherwise, V=V U {(n;, = i), (241, =, ¢i)} and E=EU
{(Cre. ), (re. ). (e ), (e, 00 ).

(6) If i = ¢; U ¢y and r is |, then if 7; | ¢; and 7 £
¢ holds, then V = V U {(nt, . ¢5), (72, =, ¢k)} and E =
EU {{(m2, [, $1). (e, | 7)), (e, Vo, 90, (e [, dx)) }s oth-
erwise, V.= V U {(zs, |E @), (me+1, 5 ¢i)} and E = E U
U Gres s @), (e Vo @), (s [, i), (e, J i) -

IT is a satisfiable satisfiability proof if the satisfaction relation of
the root vertex is |= and an unsatisfiable one otherwise.

Intuitively, a satisfiability proof explicitly reasons why a trace
satisfies (the satisfiable one) or does not satisfy (the unsatisfiable
one) a formula step by step based on the semantics of LTL. Figure 2
illustrates a satisfiable satisfiability proof and an unsatisfiable one.

4 ITERATIVE INTERACTIVE FRAMEWORK

In this section, we first introduce the two parts of ITG, and then give
an instance to demonstrate a workflow for iterative interactions.

4.1 LLM query

In the LLM query part, we expect that LLMs can leverage rich LTL
expertise to generate satisfiable traces heuristically. To this end,
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Figure 2: An example of satisfiability proof. The top is a sat-
isfiable one and the bottom is an unsatisfiable one. Traces
are interpreted with a closed-world assumption: any propo-
sition that is not in a state is assumed not to hold in the state.

Generate a satisfiable trace from input LTL formula. The possible atomic propositions
will be given. The possible operators are &, |, !, X, F, G, U. Trace should be less than
10 states. Each state should not contain dublicated atomic propositions. The output trace
should be a list of states. Do not use ... in output. For example: LTL: a U (X b) Trace:
[[a].[].[b]] FINISH LTL: F(a & X b) Trace: [[a],[b]] FINISH LTL: G(a | ! b) Trace:
[[1,[a]] FINISH LTL: a U (X b) Trace: [[a],[a]] FINISH

o oA~ wWwN P

Figure 3: An example of an initialization prompt, including
the inputs (‘LTL:...’) and outputs (‘“Trace:...’) of trace gener-
ation (line 1-2), constraints (line 2-4), and the few-shot ex-
amples (line 4-6).

The trace you give does not satisfy the LTL formula. There is a proof to guide you to
regenerate a satisfiable trace. For example: LTL: a U (X b) Trace: [[a],[a]] Proof:{[[a]]
not satisfies b; [[a]] not satisfies X b; [[a]] not satisfies a U (X b); [[a],[a]] not satisfies
X b} Repaired_Trace: [[a], [a], [b]] FINISH

AW N P

Figure 4: An example of an repair prompt, including the in-
puts (‘LTL:...’, ‘“Trace:...’, and ‘Proof:...’) and outputs (‘Re-
paired_Trace:...’) of updating traces (line 1-2) and one-shot
example (line 2-3).

we design prompts to control LLMs. Through prompts, we can
effectively situate LLMs within a specific domain, thereby eliciting
expertise in that domain. Although it is prevalent to control LLMs
using prompts [19-21, 25, 27], our contribution is to design iterative
interactive prompts for LTL trace generation.

The prompts of the LLM query include two types: initializa-
tion and repair. For the initialization prompt, we need to describe
LTL trace generation, including inputs, outputs, and constraints.
Besides, we adopt few-shot prompting to provide LLMs with exam-
ples of trace generation according to an LTL formula. We simulate
an extremely efficient trace generation process using a satisfiable
satisfiability proof. We expect that the efficient trace generation
process can give LLMs enough inspiration so that LLMs are able to
deal with larger and more complex formulae. Note that few-sample
prompting has another potential role, that is, constraining LLMs
to generate formal outputs, which provides a guarantee for the
interaction of LLM reasoning and logical reasoning. Figure 3 shows
an example of an initialization prompt. For the repair prompt, we
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also apply few-shot prompting to provide LLMs with examples of
updating traces. The repair prompt is designed based on an unsat-
isfiable satisfiability proof generated by the trace checking part,
introduced in Section 4.2. Figure 4 shows an example of a repair
prompt.

4.2 Trace Checking

Given an LTL formula and a trace, we can obtain the satisfiability
proof in polynomial time by modifying the trace checking algo-
rithm [17], so we omit details of the algorithm.

4.3 Overview of ITG

Given an LTL formula, ITG (Algorithm 1) performs iterative in-
teraction between the LLM query part (LLM reasoning) and the
trace checking part (logical reasoning). LLMQUERY(¢, promptini;)
(resp. LLMQUERY(, promptyepair)) returns the answer produced
by LLMs under the initialization prompt prompt;pi; (resp. repair
prompt promptyepair). PROOFGENERATE(7o, ¢, r) returns the satis-
fiability proof of 7 r ¢. TRACECHECK(7, ¢b), whose implementation
comes from the work [17], returns whether 7 |= ¢ holds. We set
the maximum number of iterations to 4.

Algorithm 1: ITG
Input: an LTL formula ¢.
Output: a trace 7.
1 promptini; < generate the initialization prompt of ¢
2 ans < LLMQUERY(¢), promptinit)
3 while not reach the maximum number of iterations do

4 7T« extract a trace based on patterns from ans

5 if TRACECHECK (7, @) is false then

6 II < PROOFGENERATE(T, ¢, £)

7 promptrepair < generate the repair prompt based on IT
8 ans < LLMQUERY(¢, promptrepair)

9 else

10 L return

11 return UNKNOWN

5 PRELIMINARY EXPERIMENT

Dataset. Following the work [10], we use randltl [7] to generate
random formulae, denoted by SPOT. The number of different atomic
propositions is 8. We generate satisfiable formulae and divide them
into 6 sets according to their sizes: [5, 20), [20, 40), [40, 60), [60, 80),
and [80, 100). For all datasets, we randomly choose 80K formulae
as a training set, 1K formulae as a validation set, and 1K formulae
as a test set. We use nuXmv [3] to generate a satisfiable trace.
Evaluation metrics. We use semantic accuracy to evaluate the
approaches. If the generated trace satisfies the formula, then it is
semantically accurate. Semantic accuracy is the percentage where
the generated traces are semantically accurate.

Setups. We train neural network-based approaches using the Adam
optimizer and use grid search to find optimal hyperparameters. We
use GPT4 [19] as the LLM query engine of ITG. We randomly
generate a trace in right syntactic, denoted by random.
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5.1 Are the SOTA neural network-based
approach efficient?

Transformer [10] is the SOTA neural network-based approach in
generating traces. We train and test Transformer on SPOT with
different formula sizes.

Table 1: Semantic accuracy (%) of Transformer.

| [5,20) [20,40) [40,60) [60,80) [80,100)

Transformer ‘ 93.30 76.21 58.66 58.32 56.35

Summary. Table 1 reports the evaluation results of Transformer
on datasets with various formula sizes. It can be observed that
Transformer exhibits performance degradation in tandem with
the increase of formula sizes. This implies that the SOTA neural
network-based approach fails to generalize in the reasoning sce-
narios with larger formula sizes.

5.2 What is the performance of ITG?

We compare ITG with Transformer and a variant of ITG (denoted
by ITG-init). In ITG-init, we only use the initialization prompt
to query LLMs, i.e., there is no logical reasoning. We only train
Transformer on SPOT-[5, 20) and test all approaches on larger
formulae to evaluate the generalization ability across formula sizes.

Table 2: Semantic accuracy (%) of approaches on datasets
with various formula sizes, where boldface numbers refer
to the better results.

‘ [5,20) [20,40) [40,60) [60,80) [80,100)
random 54.20 52.10 53.10 53.10 54.00
Transformer | 93.30 71.30 60.30 54.20 51.60
ITG-init 69.90 61.50 59.60 57.60 57.20
ITG 91.20 81.00 70.30 76.65 76.07

Summary. Table 2 reports the evaluation results on datasets with
various formula sizes. It can be seen that both ITG-init and ITG
significantly outperform random on all datasets. These results reveal
that LLMs are capable of providing heuristics for trace generation.
Additionally, it is evident that ITG outperforms Transformer by
a significant margin on datasets with formula sizes > 20, and the
performance degradation of ITG is relatively gentle. It confirms the
generalization ability of ITG. Furthermore, we can observe that ITG
obtains significant performance gains over ITG-init on all datasets.
This implies that the proposed iterative interaction is effective in
improving the trace generation performance.

5.3 Does ITG provide heuristics?

We compare ITG with a variant of random (denoted by random-ite).
It iteratively and randomly generates traces until a satisfying trace
is found or the maximum number of iterations is reached.

Summary. Figure 5 shows the changes in the average semantic
accuracy on all datasets as the maximum number of iterations
increases. As the maximum number of iterations increases, the
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Figure 5: Average semantic accuracy on all datasets.

advantage of ITG gradually becomes larger, which implies that ITG
is able to produce heuristics that are beneficial to trace generation.

6 DISCUSSION AND FUTURE WORK

There is a token limit (within 81922) for querying using ChatGPT’s
APL This results in ITG using ChatGPT as the query engine unable
to support large-scale formulae, such as the data reported in the
work [16]. In addition, since the query history is also counted
within the token limit, the token limit also affects the maximum
number of iterations. A larger maximum number of iterations can
trigger more updates to the generated trace and trial and error
opportunities, which is beneficial to improving the accuracy of ITG.
We will experiment with LLMs without token limit in future work
to support larger scale formulae.

Another threat is the query time of LLMs. Since ChatGPT cur-
rently cannot be invoked locally, ChatGPT queries need to access
the service through the Internet. It will encounter potential conges-
tion and instability of the internet, resulting in low query efficiency.
We can use LLMs that can be deployed locally, e.g., GLM [28] and
BLOOM [22], to mitigate this threat. We leave it to future work.

As the formula sizes increase, the number of tokens correspond-
ing to prompts will also increase. LLMs need to face reasoning
challenges with long texts. The advances in the reasoning capabili-
ties of LLMs on long texts are expected to offset this threat [26].

7 CONCLUSION

In this paper, we have empirically discovered that the SOTA neural
network-based approach to trace generation fails on large-scale for-
mulae. We have designed a framework ITG that iteratively interacts
with LLM reasoning and logical reasoning. Preliminary results show
that ITG outperforms the SOTA approach on synthetic datasets.
Moreover, it confirms that ITG has heuristics for trace generation.
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