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Abstract. Applying formal methods to a system typically involves ex-
pressing the requirements in terms of the native formalism of the used
tool. In Runtime Verification (RV), this is often temporal logic. There
is a potential gap between requirements expressed in Natural Language
(NL), e.g., English, in which design and requirement documents are writ-
ten, and their translation to the formalism. Our focus is the translation
of descriptions written in NL to monitors. This poses several challenges.
First, an NL description may be far distant from the basic constructs of
the temporal logic, resulting in an unreliable translation. Second, the de-
scription may go beyond the expressiveness of the temporal logic. Finally,
the description may include ambiguities that may result in a mismatch
between the intended meaning and the formal specification. We present
an LLM based method and an interactive tool named LLMon for synthe-
sizing runtime monitors from natural language specifications. The tool
supports two stages. In the first stage, it helps the user define, in nat-
ural language, a collection of monitorable temporal operators. For each
operator, the tool assists the user in choosing among several possible in-
terpretations of the initial natural-language formulation. The result is a
monitoring procedure for each temporal operator. In this way, the user
defines a custom temporal logic together with a corresponding monitor
library. In the second stage, the user can again use natural language to
define application-specific monitors as compositions of the monitors in
the library. Because natural-language specifications can also be ambigu-
ous here, the tool translates the resulting temporal specifications into
automata and compares their languages, helping the user select the in-
tended interpretation. The two stages help increase the reliability of the
LLMon tool in synthesizing monitors from NL specifications.
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1 Introduction

We study the synthesis of monitors from Natural Language (NL) descriptions
with the help of Large Language Models (LLMs). Such a monitor can follow
the execution of a process, based on the captured events, and provide a verdict
w.r.t. given requirements. It can also be used within a control loop, predicting
some unwanted situations and averting them, or at least their escalation. This
kind of monitor is often the focus of Runtime Verification (RV) [5–7, 19, 22].
The requirement is often written using a fixed formalism such as temporal logic
or automata. RV tools typically synthesize monitoring code from such formal
specifications.

In typical scenarios, users who wish to utilize runtime verification technol-
ogy must be familiar with the native formalism supported by the tool that is
used. Often, the constructs of such formalisms may not directly align precisely
with the engineer’s needs, and the user must therefore engage in a complicated
encoding. This poses what we call the “specification gap”, common for many
formal methods. In this work, we instead focus on the reliability of translating
requirements formulated in natural language to formal specifications.

The natural language description may contain phrases that are far distant
from the constructs of the formalism. This may result in unreliable translations3.
Worse, some natural language descriptions may not even be expressible in the
formalism. Finally, a natural language description may contain some ambiguity.
Take, for example, the standard construct aS b, which reads “a since b”. One
may assign different interpretations to it. The standard interpretation is that b
happened in the past, and a happened ever since after that. However, it could
be interpreted as a must have happened at least once after b happened. Another
possible choice is whether the occurrence of b may refer to the most recent ap-
pearance, or alternatively the earliest one. All these interpretations are possible
from just the word since.

In the first part of this work, we investigate a method and an interac-
tive translation, based on using LLMs combined with RV synthesis algorithms
such as [20]. Accordingly, we name our tool LLMon [1]. It can be used to (a) de-
fine and implement a monitoring logic in a step-wise manner, and (b) act as
a corresponding monitor synthesizer from natural language requirements. This
approach differs from similar works that employ LLMs in a more direct man-
ner [11, 14, 17], translating requirements to an existing fixed temporal formal-
ism. New past-time temporal operators and their corresponding sub-monitors
can be defined and implemented through interactions with the tool. One can
consider dozens of such operators, to mention only a few of them: since, pre-
viously, historically, previous-time, every k steps, value alternation, all except
k times, stable-in-the-past, changes-only-once, initially, never, exactly-once, etc.
With such an extended arsenal of operators, it now becomes more reliable to au-
tomatically translate from natural language descriptions to formulas. This would
match natural language requirements more directly, and formulas can be more
intuitive to read than specifications using only a small set of existing temporal

3 The reliability of LLMs will increase over time, and such statements will have to be
subject to re-evaluation.
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modalities. This can be used by a programmer or a quality control engineer to
build a monitor synthesis application that has a rich collection of constructs,
which conform with the specification documents for a given (line of) product(s).
Ultimately, this is a step in the direction of allowing RV users to write the spec-
ification in natural language, as close as possible to the given requirement in a
design document.

Besides the advantages that LLMs have in automatically generating code,
they are ideal for our task for the following reason: the ambiguity that appears in
natural language, which is a main challenge in automatically translating natural
language descriptions into a formal notation, is also inherent in LLMs, which are
trained on human texts. This natural language ambiguity weakness, shared by
both humans and LLMs, is turned into a strength by letting the LLM suggest
different interpretations of a construct, which the user can then choose between.

We employ the following tactic for the selection of the correct interpretation
for a new construct. When the user wants to introduce a new temporal construct
together with its short natural language description, the LLM suggests several
alternative interpretations for the construct, and generates code for each of these.
Based on the user’s preferences, the tool compares the verdicts provided by
the alternative pieces of code that it synthesized on an exhaustive set of small
sequences. Since this involves a single temporal construct, the set of sequences
is typically limited to 3− 4 events. With distinguishing traces that demonstrate
different verdicts for the distinct (re)formulation of the semantics for the new
construct, the LLM explains to the user the difference between the definitions,
thus assisting the user in choosing between alternative interpretations. One can
consider this use of distinguishing sequences as micro separation.

Note that the user is not interacting directly with the LLM and does not
directly write prompts that are fed to the LLM; prompts are generated by the
implemented tool. These internal prompts also instruct the LLM to return re-
sponses in a format that can be processed by the tool, rather than as free text
that is displayed to the user.

We limit the target specification logic to past-time constructs. as e.g., in past
LTL. We allow user-defined constructs that are not directly expressive in this
logic (e.g., a past version of Wolper’s example in [31]). In fact, the tool can even
synthesize operators whose semantics require unbounded memory, and thus go
beyond first and second order monadic logic. However, our current operator-
level ambiguity handling is designed for constructs with finite characteristics.
We discuss the resulting limitations for such unbounded memory operators in
the final section.

In the second part of this work, once the user-defined constructs have
been acquired and integrated into the tool, we address the ambiguity that arises
when translating a complete natural-language requirement into a temporal for-
mula over this learned set of constructs. The LLM is invoked to produce such
translations, yielding either a single formula or multiple candidate interpreta-
tions. When multiple candidates are produced, the tool generates distinguishing
sequences that separate them by compiling the alternative formulas into au-
tomata and searching for (minimal) examples in the symmetric difference be-
tween each pair of candidates. These sequences are presented to the user, who
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can use them to reject unwanted translations suggested by the LLM. This use
of distinguishing sequences can be considered as macro separation.

Related work. The vast majority of works connecting LLMs and other deep
learning models with linear temporal logic adopt the direct approach, where nat-
ural language requirements are translated directly into LTL. The topic has been
explored even prior to the rise of deep learning. Earlier studies predominantly
dealt with structured sentences parsed according to specific grammars [9,13,15,
24]. In recent years, the translation of natural language into temporal logics has
been primarily driven by neural network-based methods.

In [17], the capability of fine-tuned language models to translate natural
language requirements into formal specifications is investigated, specifically us-
ing the language model T5 [27]. Other works focused on using neural mod-
els for translating natural language specifications of a specific domain, such as
robotics [25, 30]. Few-shot prompting techniques [8], which involve providing
LLMs with input-output examples, have also become prevalent in this domain.
The key idea is that, to translate natural language requirements into LTL for-
mulas, the LLM is shown a few examples, each illustrating a different temporal
operator, to convey their respective semantics. In [23], a sequence of few-shot
prompts was used to translate natural language specifications for robots into an
LTL specification.

The work in [11] presents a few-shot prompting system that derives LTL
formulas from unstructured natural language by decomposing input sentences
into sub-translations. Their work also addresses ambiguity in temporal natural
language descriptions. The LLM maps fragments of the natural language speci-
fication to subformulas of the final formal output. For each fragment, it proposes
several possible subformula translations, allowing the user to choose the most
appropriate one or provide a custom translation through a menu of the trans-
lated options. In our work, the ambiguity is managed in a different way, which is
assisted by the algorithmic generation of distinguishing sequences. This is done
first at the construct level: the different interpretations suggested by the LLM are
compared through code that exhaustively synthesizes short traces and compares
their verdicts; the LLM then analyzes any distinguishing traces and explains
the behavioral differences between interpretations, helping the user make an in-
formed decision. Then, when the LLM is instructed to translate natural language
specification into temporal formulas, we apply again an algorithmic approach to
find distinguishing sequences between alternative translations. This is achieved
through translating the obtained temporal formulas into finite automata and
comparing their languages.

In the former version of LLMon, presented in [10], the tool focused primar-
ily on construct acquisition: the user defines new temporal operators in natural
language, the LLM proposes alternative operator-level interpretations together
with update code, and ambiguity is resolved at the level of a single operator
using short distinguishing traces. The current paper extends that framework to
ambiguity in full specification translation. Here, the learned construct library
becomes the target formalism for translating complete natural language require-
ments, and the translation stage is explicitly ambiguity-aware and may return
multiple candidate formulas. Disambiguation is then carried out formally via
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automata-based analysis, which generates distinguishing traces between candi-
date interpretations.

2 Preliminaries

Our method uses LLMs to facilitate synthesizing monitors for temporal spec-
ification. It combines the abilities of LLMs with RV techniques. Specifically,
it generates a monitor in the style of the past-time LTL monitor in [20]. We
describe here the standard logic and the size of the RV algorithm.

2.1 Propositional Past-Time Linear Temporal Logic

Propositional past-time linear temporal logic (PLTL) is a specification formalism
that allows expressing safety properties [2]. The restriction to past time allows
interpreting the formulas on finite traces.

Syntax. The formulas of PLTL are defined using the following grammar:

φ ::= true | q | ¬φ | (φ ∨ ψ) | (φ S ψ) | ⊖ φ

The symbol q denotes a Boolean proposition over some finite set A of proposi-
tions. The temporal operators have the following informal meaning: the formula
(φ S ψ), which reads as φ since ψ, means that ψ holds in some past (on a prefix
of the execution observed so far) and φ has been holding since (on all prefixes
between that one and the current trace). The since operator is the past dual of
the future time until modality. The property ⊖φ (previous-time φ) means that
φ is true in the current trace that is obtained from the current one by omitting
the last event. This is the past dual of the future time next modality. We can
also define the following additional derived operators: (φ ∧ ψ) = ¬(¬φ ∨ ¬ψ),
(φ → ψ) = (¬φ ∨ ψ), xφ = (true S φ) (“past” or “once”), and ⊟φ = ¬x¬φ
(“always in the past” or “historically”).

Semantics A past-time LTL formula is interpreted over a nonempty finite or
infinite trace (or an observation) of events of the form e1e2e3 . . .. Each event e
is interpreted (labeled) with a finite set of propositions L(e) ⊆ A. This labeling
is obtained when the event is observed. Let ti denote the prefix trace e1e2 . . . ei.
The semantics of the logic is as follows:

– ti |= true is always true,
– ti |= q iff q ∈ L(ei),
– ti |= ¬φ iff it is not the case that ti |= φ,
– ti |= (φ ∨ ψ) iff ti |= φ or ti |= ψ,
– ti |= ⊖φ iff i > 1 and ti−1 |= φ,
– ti |= (φ S ψ) iff tj |= ψ for some 1 ≤ j ≤ i and tk |= φ for all j < k ≤ i.

In this work, we synthesize RV monitors for past temporal properties that
extend the above past-time LTL fragment with additional (possibly user-defined)
temporal operators.
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Fig. 1: Syntax tree and summary for ((a ∨ b)S c), given the trace ⟨a = 1, b =
0, c = 1⟩; ⟨a = 0, b = 1, c = 0⟩

2.2 The Synthesis Algorithm

The synthesis algorithm for past-time LTL translates the formula into a syntax
tree. It uses a summary with one bit per each node of the tree, corresponding to a
subformula. The summary keeps the truth value (0 or 1) of each subformula after
any sequence of observed events. It is called a summary because it summarizes
the information that the RV algorithm requires to keep after observing a trace;
for past-time LTL, the summary is linear in the size of the specification and
independent of the number of observed events in the trace. Upon intercepting
a new event, the summary is updated. Figure 1 depicts the syntax tree and
the summary generated for the formula φ = ((a ∨ b)S c). The left tree is the
summary after observing the event ⟨a = 1, b = 0, c = 1⟩, and the right tree is
summary after further observing the event ⟨a = 0, b = 1, c = 0⟩. The update of
the summary is according to the algorithm below, with η as its input formula. We
denote by pre(φ) the summary value corresponding to the subformula φ before
the update, and by now(φ) the value after the update. The order of updates is
bottom up, according to the syntax tree.

now(φ)← false for each subformula φ of η.
loop

Observe a new event s ⊆ A as input.
pre(φ)← now(φ) for each subformula φ.
for all subformulas φ of η do
# If φ is a subformula of ψ then update now(φ) before now(ψ).

now(true)← true
now(p)← (p ∈ s)
now(φ ∨ ψ)← now(φ) ∨ now(ψ)
now(¬φ)← ¬ now(φ)
now(φS ψ)← now(ψ) ∨

(
now(φ) ∧ pre(φS ψ)

)
now(⊖φ)← pre(φ)

end for
if now(η) = false then report violation; exit
end if

end loop

One way to increase the expressiveness of past-time LTL is by adding to the
temporal formula transition rules [18]. The rules use new propositions B, disjoint
from the set of propositions A, and a set of rules of the form b := L, where b ∈ B
and L is a Boolean expression that can include propositions from A ∪ B and
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the non-nested previous-time operator ⊖; when a proposition from B occurs, it
must appear within the scope of the operator ⊖. For example, consider the rule

s := (c ∨ (b ∧ ⊖s))

In fact, this example represents a redefinition for the since operator S : s has the
value of (bS c). Such rules can be translated directly into additional cases in the
“for all” loop of the above algorithm. Variables within the scope of ⊖ are taken
from the pre summary, and the others from the now summary. An additional bit,
for the current value of s is added to the summary.

For instance, the size of the example by Wolper [31] shows that one cannot
express that some (sub)property holds in every odd (even, depending also on
how we count the index of the first event) state. But this property becomes
expressive when adding the following simple rule to past-time LTL:

q := ¬⊖q

Then, one can express that p holds in every odd state as ⊟(q → p). Our approach
allows adding constructs that make use of such update rules. It is shown in [18]
that adding such rules increases the expressive power of past-time LTL to that
of regular expressions or finite automata.

2.3 Large Language Models

Large language models (LLMs) have become a fundamental part of natural lan-
guage processing (NLP), significantly enhancing the ability of computers to un-
derstand and mimic human language. These models, built on architectures such
as transformers [29], have shown remarkable capabilities in various applications,
from machine translation and question-answering systems to content generation
and sentiment analysis. The essence of LLMs lies in their ability to process and
generate text by training on vast datasets of human language. Their develop-
ment involves training on extensive corpora, often encompassing a vast number
of texts, sourced from books, articles, and the internet. LLMs are based on
the principles of completing text by appending words. This allows unsupervised
learning, since completing sentences and texts can be based on existing texts,
a resource that is available in huge quantities over the internet. This training
enables the models to grasp the nuances of language, including grammar, idioms,
and context. Notable LLM examples include OpenAI’s GPT [26], Google’s Gem-
ini [3], Anthropic’s Claude [4], and xAI’s Grok [32], as well as open-weight models
such as Meta’s Llama [28], Mistral [21], and DeepSeek [12].

3 An Overview of the Approach

We propose here a method that uses LLMs to assist in embedding additional
temporal constructs into a tool that synthesizes RV monitors. The use of an
LLM is ideal in bridging the gap between natural language and formal specifi-
cation. Ambiguity is typical to natural languages, which makes it a challenge to
translate natural language specifications into a monitor that has the intended
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meaning. The same ambiguity is inherent in LLMs, through their training on
natural language texts. We make use of their ability to reframe descriptions, as-
sociated in our case with temporal constructs, into alternative descriptions that
reflect ambiguity, each accompanied by the corresponding monitor code for that
construct.

Our method allows the user to introduce new temporal constructs to the
specification formalism that can be used for synthesizing the monitor. We an-
ticipate some possible ambiguity in the early definition of the construct, either
inherent in the colloquial use of the used term in natural language, or because
of some possible alternative interpretations that were unforeseen4. This is re-
solved in our approach by an interaction between the tool, the user and the
LLM. Based on this interaction, the suggested tool generates prompts to the
LLM; these prompts contain strict constraints, limiting the LLM responses to
have a structure that can be processed by the tool. The user is never interacting
directly with the LLM.

Extending the Classical RV Algorithm For each new temporal construct
added to the specification formalism by the user, the tool synthesizes a Python
function that implements an update rule in the style of the classical RV algo-
rithm, as presented in the “for all” loop of the algorithm in Section 2.2. In the
synthesized monitor, these functions will be combined together (including ones
preprogrammed for the standard constructs such as since and previous-time).
This seamless combination is partly facilitated by the compositionality property
of the classical RV algorithm.

While the classical algorithm represents the monitor state as a one-bit truth
value per subformula and uses the previously stored values pre to compute the
next values during the bottom-up update (e.g., pre(φS ψ) for φS ψ and pre(φ)
for ⊖φ), our extension does not explicitly store prior Boolean values for all
subformulas. Instead, each temporal operator occurrence is associated with a
Python update function that is responsible for maintaining exactly the infor-
mation it needs in order to compute its current truth value. This information
is captured by a finite collection of state variables local to the operator, which
are updated upon each new event and are not necessarily Boolean. In this sense,
the notion of a “summary” becomes operator-specific: rather than being fixed
to a single previous Boolean value, it is a flexible summary determined by the
semantics of the construct. When the tool synthesizes an update function, it also
synthesizes an appropriate initialization of these state variables, ensuring that
each construct starts from the correct initial summary.

An RV monitor that follows this extended algorithm activates the update
functions in a bottom-up order according to the formula’s syntax tree. Upon
observing a new event, suppose that a subformula ψ has already been updated
and thus has an updated Boolean value for the current timestep. This value is
then passed as an argument to the update function of ψ’s parent operator, which
is subsequently activated and updates its local state variables accordingly. These

4 Giving graduate and undergraduate level exams that involve translating require-
ments into temporal logic is an excellent source of gathering alternative interpreta-
tions for such constructs, as manifested by students’ questions during the exam.
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state variables constitute the operator-specific summary, capturing exactly the
information needed to compute the operator’s next verdict when the next event
arrives. We elaborate in the following sections on how the tool acquires such
operators and composes their update functions into a complete RV monitor.

Listing 1 illustrates this principle on a standard past-time operator, histor-
ically (“always in the past”). In the classical one-bit summary view, the mon-
itor would store the previous truth value of the subformula ⊟ψ and update it
accordingly. In our setting, the operator is implemented directly as a Python
update function whose state variable constitutes its local summary: the single
field truth value stores the finite memory needed to evaluate the operator on
the observed prefix. Each time a new event arrives, the update function is in-
voked by the RV monitor, with the current truth value of its operand, passed as
an argument. This operand is the truth value of the child subformula ψ after it
has already been updated for the newly observed event in the bottom-up traver-
sal. The function then updates truth value to record whether a violation has
occurred at any point so far. The required “past” information is encapsulated
within this state variable, which is carried across updates and composed with
the rest of the formula via the same bottom-up evaluation order.

class Historically:
def __init__(self):

self.truth_value = True

def update(self , operand):
if not operand:

self.truth_value = False
return self.truth_value

Listing 1: An example Python code that represents the update rule of the
“historically” operator (always in the past).

High Level Workflow As the user introduces a new temporal construct with
its utterance in English and a natural language description, the LLM is called
to generate alternative texts (“reframing”) that can describe the same construct
or have a slightly different interpretation. The user can also add such alternative
descriptions. The LLM is prompted by the tool to generate the code for the
new update rules for these interpretations. Next, the user selects a primary
interpretation from the available alternative descriptions - one that most closely
aligns with their original intent. The code of the primary interpretation is then
compared with the other interpretation codes in a pairwise fashion, by running
each pair over an exhaustive set of traces. Since we compare such constructs in
isolation with other constructs, it is often sufficient to generate traces of limited
length to capture all the differences in behaviors.

The traces for which the generated update functions assign different verdicts
are collected and displayed to the user. These are the distinguishing traces. Now,
for each compared pair of codes, the tool provides the LLM with all the distin-
guishing traces found. The LLM gives a verbal description that explains why it
is satisfied by one of the descriptions of the new construct and not by the other.
These verbal descriptions are more intuitive than inspecting the distinguishing
traces directly, enabling the user to understand how their primary interpretation
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compares to the alternatives and ultimately make an informed selection about
the desired version. This process of acquiring a new construct, which is the first
stage of our approach, is also presented in Figure 2.

A new construct in NL
(name, notation, and description)

Alternative interpretations in NL

Code versions for each alternative interpretation

Primary version selection for pairwise 
 comparisons with the other versions

Compares the code versions against all traces of a
short fixed length, and presents distinguishing

traces for each comparison

Reason about the differences between versions,
based on the distinguishing traces

Found an
acceptable
version?

Yes ✅

No ❌
- select another primary 
version for additional 
comparisons, OR
- refine the original 
description and start over

Tool action

User action

user:

user:

use
r:

tool:

tool:

tool:

tool:

Fig. 2: A high-level flowchart of the formalism translation stage.

After the new constructs are acquired, the tool proceeds to the NL specifica-
tion translation stage. Given a user-provided natural language specification and
the resulting library of supported constructs (including the newly acquired ones),
the tool prompts the LLM to assess whether the requirement is ambiguous with
respect to the available constructs, and to produce either a single structured for-
mula or a small set of candidate formulas. When multiple candidate translations
are produced, the tool further generates distinguishing traces between them and
presents these to the user (along with a visualization), enabling the user to select
the intended interpretation.

Finally, once a structured formula is chosen (either provided directly by the
user or selected from the translation candidates), the tool compiles the formula
into an executable RV monitor.

In the next following sections, we illustrate the stages involved in both adding
new constructs to the specification formalism, and the use of the tool for syn-
thesizing RV monitors from natural language specifications. We do that using
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a running example that showcases the interaction between a prospective user
and the tool. During this interaction, the tool formulates prompts that are sent
to the LLM without the direct intervention of the user. When presenting these
prompts, we display only their core content, with full versions available in the
Appendix.

4 Formalism Translation Stage

Assume the user intends to define a new construct that captures the fact that
“the occurrence of one event appears before another”. The tool asks the user to
provide a name, a notation, and a natural language description for the construct.
The construct information provided by the user does not need to follow a specific
format, as it will be embedded in a prompt generated from their response and
sent to the LLM, which can infer the user’s intent from the free-form text. An
interaction can look as follows.

Tool

Please provide a new temporal construct description (name, notation,
natural-language semantics), and I will suggest some interpretations for it.

User

Construct name: “happened before”.
Notation: q1 HB q2
Description: at any timestep, if q2 holds, q1 happened before that (or at the
same timestep).

Based on this information, the tool assembles a prompt of the following form,
which asks the LLM to create multiple (by default four) natural language inter-
pretations (“reframings”) that are slightly different from the original description.
In addition, a Python code is requested by the prompt for every natural language
interpretation. The full prompt is provided in Appendix, Listing 3.

Consider the following construct description: {user description }. Create
four different Python codes that calculate the truth value of the construct.
Each code should be based on a slightly different natural language
interpretation ...
Important: the code should update the truth value of the operator in an
efficient way , using variables with finite domains.

The emphasis on efficiency and finite domain variables in the prompt leads
the LLM to generate code that updates the construct truth value with minimal
memory overhead, aligned with the classical RV algorithm. According to this
prompt, the tool presents the LLM response. We show here only the first two
generated interpretations and their associated code snippets. By default, the
tool’s user interface displays code snippets in a collapsed state, but users can
expand them if they wish to view the code alongside the natural language inter-
pretations. However, viewing the code may also be useful in some subtle cases,
where ambiguity is not resolved using the different natural language descriptions.
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Tool

Interpretation #1: q1 can occur at the same timestep or before q2 for the
operator to be true.

def __init__(self):
self.q1_occurred = False
self.operator_truth = True

def update(self , q1, q2):
if q2:

if not self.q1_occurred and not q1:
self.operator_truth = False

if q1:
self.q1_occurred = True

return self.operator_truth

Interpretation #2: q1 must occur strictly before q2 for the operator to be
true.

def __init__(self):
self.q1_occurred = False
self.operator_truth = True

def update(self , q1, q2):
if q2:

if not self.q1_occurred:
self.operator_truth = False

if q1:
self.q1_occurred = True

return self.operator_truth

At this point, the user needs to select a primary interpretation, the one
whose natural language description most likely reflects their original intent. This
interpretation will be compared to the others. Since interpretations are compared
in pairs, choosing a primary interpretation reduces the number of comparisons
and allows the user to focus on the most relevant ones. Note that the user can
select as a primary interpretation a description that is not the one she suggested
originally for the new construct. The user may also choose to ignore some of the
provided versions at this step, or supply their own interpretation in addition to
the existing ones, though the presented example does not cover that case.

User

Set interpretation #1 as the primary version for comparison.

Next, in a separate prompt (see the full version in Appendix, Listing 4),
the LLM is instructed to generate code that compares the user-selected primary
version with the alternative versions that remained. Each pairwise comparison
should return all short traces of length k, where k is a user-configurable pa-
rameter set at execution time and should be at least 3, that may differentiate
between the two implementations. Concretely, the generated comparison code
exhaustively enumerates all possible traces of length k and simulates the update
functions of the two versions along each trace. It then prints exactly the traces
for which the resulting verdicts differ. This procedure is repeated independently
for each pairwise comparison. A shortened version of the prompt is shown below.

Generate Python code that compares the primary version to all the other
versions , based on all the possible traces of length <k>...
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Subsequently, the tool extracts the code from the LLM response, executes it,
and presents the resulting distinguishing traces to the user. Traces are displayed
using a compact visualization representing events as ellipses (inspired by [16]).
Each ellipse represents a timestep (event), and the propositions are shown in-
side it, where a gray token indicates that the proposition does not hold at that
timestep and a dark token indicates that it holds. For each candidate interpreta-
tion, the tool also indicates whether the shown trace is accepted or rejected. Only
the first trace is shown by default; the remaining traces are collapsed (appearing
in the tool’s response in a line that starts with a ▶) and can be expanded by the
user as needed. After observing this information, the user may proceed to the
next step, where the tool generates a verbal comparison between the primary
version and the alternatives based on the distinguishing traces.

Tool

Comparison: interpretation #1 vs. interpretation #2

▶ Expand for more traces

Comparison: interpretation #1 vs. interpretation #3
..

In the following step, the tool generates a prompt that directs the LLM
to examine the given distinguishing traces for each pairwise comparison and
identify the key differences between the versions. The prompt can be found in
the Appendix, Listing 5. Note that the tool uses all the distinguishing traces
generated per pair of interpretations (the primary one against the alternatives)
to generate the text explaining the key differences. In the listing below, we show
an example of such a generated text for a single pair of interpretations, based
on the distinguishing trace presented above.

Tool

Trace analysis:
– Version 1: the operator is true even if q1 occurs at the same timestep as
q2, allowing more flexibility in satisfying the condition.

– Version 2: the operator is false if q2 occurs without q1 having occurred
strictly before it. This means that even if q1 and q2 occur simultaneously,
the operator will be false.

Following this analysis, the user can either select a preferred version, choose
a new primary version for additional comparisons, or revise their original de-
scription and restart the stage. Let us assume that the user selects Version 1.

User

Select version #1 as the implementation of the new construct.
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Now, the tool prompts the LLM to return relevant details about the selected
construct version. The relevant details include the chosen interpretation descrip-
tion, construct arity (unary or binary), construct symbol (notation), and the
Python code implementing its update rule. To maintain compatibility with the
upcoming monitor synthesis stage, the LLM is instructed to adhere to specific
code design guidelines:

The construct class must define:
(1) An __init__ method that sets initial auxiliary variables , current
verdict and previous verdict.
(2) An update(arg) or update(arg1 , arg2) method that updates and returns the
verdict. Make sure to actively update the verdict after every new event ...

This function will have one argument for a unary operator and two for a
binary operator.

Once the LLM returns all these construct attributes, the new construct is
added to a file containing a JSON array of all constructs generated by the tool.
This array serves as the tool’s construct knowledge base. An example of such a
file is provided in the Appendix. At this point, the user may choose to define
another construct or continue to the next stage.

5 NL Specification Translation Stage

5.1 Candidate formulas generation

In this stage, LLMon begins using the previously defined constructs as the target
formalism for full specifications. It translates a user-provided natural language
specification into a structured formula over these constructs, which is then used
for monitor generation. To offer greater flexibility, the user may describe the
specification either in natural language or directly as a structured formula. If a
structured formula is provided, this stage is bypassed and the tool moves directly
to monitor synthesis. Otherwise, the tool asks the LLM not only to translate the
natural language specification, but also to assess whether it is ambiguous with
respect to the available constructs. When ambiguity is detected, the output
is a set of alternative candidate formulas rather than a single translation. In
that case, LLMon additionally applies automata-based techniques to generate
distinguishing traces that separate the candidate interpretations (i.e., traces that
satisfy one candidate while violating another), helping the user understand the
practical differences between translations before continuing to monitor synthesis.

LLMon uses a translation prompt to generate candidate formulas from the
user’s natural language specification. The notations and descriptions of the new
constructs supported by the tool are presented to the LLM. Given that the new
constructs are defined in natural language, the LLM can align fragments of the
specification with these definitions and produce structured formulas using the
corresponding constructs. However, as the number of custom constructs grows,
multiple constructs may match the same fragment, yielding multiple reason-
able translations. Therefore, the prompt instructs the LLM to explicitly assess
whether the specification is ambiguous with respect to the available constructs.
The LLM is expected to identify cases in which two or more constructs fit the
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same part of the text and, when ambiguity is detected, to return all plausible
formula interpretations (otherwise, it returns a single translation).

We demonstrate how the tool applies this translation prompt using the nat-
ural language specification shown below.

User

“Whenever a user writes to a file, it must have been created beforehand,
and since file creation, the user has stayed logged in.”

The tool appends the user specification, together with the JSON array de-
scribing the available constructs, to the translation prompt (see Appendix, List-
ing 7). The prompt guides the LLM through three steps:

1. Identify the events mentioned in the natural language specification and as-
sociate each event with a Boolean variable.

2. Assess whether the specification is ambiguous with respect to the available
constructs, and if so, articulate the source of ambiguity.

3. Translate the specification into a structured formula over the available con-
structs and the Boolean variables; when ambiguity is detected, the LLM
returns a set of alternative candidate formulas rather than a single transla-
tion. The prompt also includes a few NL-to-formula examples using standard
past-time LTL operators, to illustrate how these operators should be applied
in the translation and to reinforce the expected output notation.

Below we show the LLM output for the natural language specification entered
by the user.

Tool

The following events were identified and associated with Boolean variables:
q1 – file was created.
q2 – user writes to a file.
q3 – user is logged in.
——————————
The specification appears ambiguous. Possible translations:
1. ⊟((q1 HB q2) && (q3 S q1))
2. ⊟((q1 HB q2) && (q3 WS q1))

In this example, we assume that the tool’s construct knowledge base includes
not only the standard since operator (S), but also a weak-since operator (WS),
whose semantics is similar but differs in the boundary case where the right-hand
side never occurs. Intuitively, q1 WS q2 states that q1 has been true, at least
since the most recent time that q2 was true; if q2 was never true, then q1 must
hold for the entire observed sequence.

The tool flags the specification as ambiguous because the word “since” natu-
rally suggests a past-time dependency, and in the tool’s construct library it can
be formalized either as S or as WS.
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5.2 From formulas to monitor-automata

To support the distinguishing-traces analysis described next, each candidate
structured formula φ is compiled into a deterministic finite automaton (DFA)
Aφ that captures the monitor’s finite-trace verdicts. The alphabet of Aφ consists
of all possible truth assignments to the propositional events appearing in φ
(e.g., q1, q2, . . .). As in the classical monitoring algorithm, the tool maintains
a summary over the syntax tree of φ. Each temporal operator occurrence is
associated with a Python update function that maintains one or more finite-
domain state variables; the current valuation of these variables constitutes the
operator’s local summary. For standard logical operators, there is no persistent
memory to store; thus, their local summary is simply their current Boolean value
under the present event.

DFA states. A DFA state represents the monitor’s complete summary after read-
ing a finite prefix. Concretely, it is a tree-shaped assignment of local summaries
to the internal nodes of the parse tree of φ: for every temporal-operator node, the
state stores a tuple containing the current values of its state variables (i.e., the
values of the fields maintained by its update procedure), and for every Boolean-
connective node, the state stores its current Boolean value. For negation, there
is no need to store an explicit value, since it is always the Boolean complement
of its operand. This representation is finite because in the first stage we enforce
that all state variables range over finite domains. Therefore, only finitely many
trees are reachable, and the resulting DFA is finite. A state of Aφ is accepting
exactly when the local summary stored at the root indicates a positive verdict,
i.e., when executing the root node’s update yields True. In particular, the initial
state is non-accepting: in the runtime verification setting, the empty trace carries
no meaningful evidence, and we therefore represent it as a non-accepting state.

Automaton construction by state-space exploration. The tool constructs Aφ by
exploring the reachable summaries induced by the different update functions.
It starts from an initial state that records, for every temporal-operator node,
the initial values of its state variables, and for every Boolean-connective node,
an initial Boolean value. Then, for each discovered state and for each possible
truth assignment to the propositional events of φ, the tool computes a suc-
cessor state as follows. First, it loads the current state by assigning, for every
temporal-operator node, the stored tuple of local-summary values back into the
corresponding state variables of that operator update function. Next, it fixes the
truth values of the propositional leaves according to the current assignment and
evaluates the internal nodes bottom-up. At each temporal-operator node, the
tool executes exactly one update step, providing as input the current truth values
of the node’s child(ren) under the same assignment; at each Boolean-connective
node, it computes the connective’s Boolean value from its child values. The suc-
cessor state is obtained by collecting the updated state-variable tuples of all
temporal operators together with the Boolean values of the Boolean-connective
nodes. The transition relation is built by repeating this process via breadth-first
search, adding newly discovered states until no new summaries are reachable.
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5.3 Disambiguation using distinguishing traces

The tool now helps the user resolve the ambiguity between the natural language
specification and its associated candidate formulas. This step is implemented via
pairwise comparisons: for each pair of candidate formulas φ1, φ2, the tool aims
to generate short finite traces that satisfy φ1 but violate φ2, and vice versa. The
formulas φ1 and φ2 are constructed from the operators that LLMon has acquired,
according to the first stage.

For a specification formula φ, denote the construction that returns its monitor-
automaton (described in 5.2) by A(φ). To obtain a trace accepted by φ1 but
rejected by φ2, the tool constructs an automaton for A(φ1 ∧ ¬φ2). This pro-
vides a simple way to generate the language difference of L(A(φ1)) \ L(A(φ2)),
which avoids automata complementation and intersection (although for deter-
ministic automata, complementation does not incur an exponential blow-up).
Any accepting run of this automaton corresponds to a trace that distinguishes
φ1 from φ2 in the desired direction. We find the shortest distinguishing trace
by breadth-first search (BFS) over the automaton, returning the first accepting
path found. The symmetric construction is applied to obtain a trace accepted
by φ2 but rejected by φ1.

The resulting traces are then visualized and presented to the user, in the
same style as done in the temporal operator translation stage. Based on these
pairwise comparisons, the user selects the interpretation that best matches the
intended meaning, and the tool proceeds with monitor synthesis for the chosen
formula. We present below the tool’s pairwise comparison of the two candidate
translations produced by the LLM for the user-provided specification.

Tool

Comparison: Formula 1 vs. Formula 2.
- Every trace that satisfies formula 1 also satisfies formula 2.
- A trace that satisfies formula 2 and is rejected by formula 1:

In the non-ambiguous case, the tool presents the single inferred translation
and asks the user to confirm it; if the user rejects it, they may revise and resubmit
the natural language specification.

6 Monitor Synthesis Stage

Given a structured formula, the tool synthesizes a runtime-verification monitor
by extending the classical bottom-up monitoring algorithm with user-defined
constructs. A parser extracts from the tool’s knowledge base the construct sym-
bols and their arities (restricted to unary and binary operators) and uses them to
parse the formula and build an abstract syntax tree (AST). For each temporal-
operator occurrence in the AST, the synthesizer instantiates the corresponding
Python update function and allocates its associated state variables, which con-
stitute the operator’s local summary. During monitoring, the tool updates the
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AST bottom-up on each incoming event: propositional values are read from the
event, Boolean connectives are evaluated directly, and temporal operators up-
date their local summaries and return a truth value that is propagated to their
parents. In this way, the monitor follows the structure of the classical algorithm
while replacing the fixed one-bit pre summaries with operator-specific finite sum-
maries encoded by the update procedures. The resulting monitor takes a list of
events as input and returns a corresponding list of verdicts.

Note that once the tool obtains a structured formula for the specification,
the LLM is no longer involved in synthesizing the monitor code. From this point
on, parsing the formula, constructing the abstract syntax tree, and generating
update statements for each construct are performed entirely by deterministic
code. This design reflects our rationale to leverage the LLM only when it adds
the most value, while avoiding its use in stages where hallucinations could in-
troduce errors. In fact, in these stages, we used an algorithmic approach that
helps in reducing the effect of hallucinations and increases the reliability of the
translations.

The code generated from the formula ⊟((q1 HB q2) && (q3 S q1)) is presented
below.

Tool

Your RV monitor (mon.py) was generated successfully!

# Temporal -operator helper classes (from constructs.json)
class HBOperator:

def update(self , q1, q2): ...

class Since:
def update(self , q1, q2): ...

class Historically:
def update(self , q1): ...

def analyze_trace(trace):
# instantiate temporal operators
o_n3 = HBOperator ()
o_n6 = Since()
o_n8 = Historically ()
verdicts = []
for event in trace:

v_n1 = event.get(’q1’, False)
v_n2 = event.get(’q2’, False)
v_n3 = o_n3.update(v_n1 , v_n2)
v_n4 = event.get(’q3’, False)
v_n5 = event.get(’q1’, False)
v_n6 = o_n6.update(v_n4 , v_n5)
v_n7 = v_n3 and v_n6
v_n8 = o_n8.update(v_n7)
verdicts.append(v_n8)

return verdicts

7 Experiments

We used LLMon to define new temporal constructs based on natural language
descriptions. We report here on experiments with thirteen constructs that were
created, each with an associated name, notation and description. The first ten
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constructs, shown in Table 1, have a corresponding form in past-time LTL, pre-
sented in the rightmost column of the table. The latter three are beyond the
scope of past-time LTL, but can be expressed using the addition of transition
rules [18], as shown in Table 2.

For all the constructs that we experimented with, their natural language
description often reveals inherent ambiguity. We evaluated our tool using GPT-
4o as the underlying LLM (via calls to OpenAI’s API), setting the temperature to
0.1. Although we also tested with a temperature of 0, we found that introducing
slight randomness encouraged more useful interpretation suggestions compared
to fully deterministic outputs. While handling the construct descriptions with the
tool, we aimed at finding interpretations that align with the intended semantics
of their equivalent past-time LTL expressions. In the cases marked by ‘∗’ in
Table 1, through using the interactions with the tool, our given initial description
for a new construct turned out not to match our intended meaning of the new
construct; this required us to provide an alternative description.

After obtaining the desired update rules for each construct, we aimed at
verifying their correctness. We started with the verification of the first ten con-
structs that have past-time LTL equivalent representations. For each construct,
we randomly generated one hundred structured formulas composed of standard
logical connectives, the four standard past-time LTL temporal constructs, and
the new construct (identified by its user-defined notation). The formulas varied
in size, ranging from ten to twenty syntax tree nodes. We first used the tool’s syn-
thesizer component (introduced in Section 6) to generate RV monitors for each
formula. Then, for each random formula, we created an equivalent formula by
replacing any instance of a user-defined construct with its equivalent past-time
LTL expression. We utilized the tool’s synthesizer component again to generate
an additional RV monitor, this time when the given input was the equivalent
formula, which consisted only from the standard past-time LTL operators. We
compared the two generated monitors using 10,000 randomly generated traces
of 50 events each. In all the constructs tested, no discrepancies were detected in
any of the generated formulas.

The last three constructs cannot be expressed as past-time LTL formulas.
Consequently, we were unable to verify their correctness using the same ap-
proach applied to the other constructs. To properly verify these constructs, we
had to be able to synthesize RV monitors that support transition rules, as pre-
sented in Section 2.2. We extended the tool’s synthesizer component to support
auxiliary Boolean variables, each defined by a transition rule. The extended syn-
thesizer loads these variables and their rules from an external file. When one of
these variables appears in the input specification, the synthesizer integrates the
associated transition-rule-based update logic into the Python code of the mon-
itor. We verified the correctness of each construct as done with the previously
mentioned constructs, this time with the assistance of the extended synthesizer
component. Again, no discrepancies were observed across any of the formulas.
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Construct name Notation Natural language descrip-
tion

PLTL equivalence

weak since q1 WS q2 q1 has been true since the
last time q2 was true (one
step after that). If q2 never
became true, q1 must hold
for the entire sequence.

(q1 S q2) ∨ ⊟q1

previous-time
historically*

PTH(q1) q1 was true from the begin-
ning until one step before
the most recent event.

⊖⊟ q1

value alternation VA(q1) q1 should change its value at
every step.

⊟
(
⊖true → (q1 ↔

⊖(¬q1))
)

consistent
Boolean value

CBV(q1) true if q1 is the same across
all timesteps.

⊟q1 ∨ ⊟(¬q1)

never N(q1) q1 never holds. ⊟(¬q1)
happened before* q1 HB q2 at any given timestep, it is

true that if q2 holds, q1 hap-
pened before that (or at the
same timestep).

⊟ (q2 →x q1)

false since* q1 FS q2 since one step after the lat-
est occurrence of q2, q1 has
been false. If q2 was never
true, q1 FS q2 is true.

x q2 → (¬q1 S q2)

false before* q1 FB q2 Before the current q2, q1 was
always false.

q2 → ⊟(¬q1)

at least once from
start

OAS(q1) q1 has been true at least
once from start.

x

(
⊟q1

)
changes only once COO(q1) q1 changes its value once in

the sequence.
(q1∧ (q1 S ⊟¬q1)) ∨
(¬q1 ∧ (¬q1 S ⊟ q1))

Table 1: Temporal constructs with past-time LTL equivalent expressions.

Construct
name

Notation NL description Auxiliary
variables

Equivalent
formula

holds at
odd

ODD(q1) q1 holds at odd
timesteps.

a1 := ¬ ⊖ a1 ⊟(a1 → q1)

holds
at some
divisible
by 3

DIV3(q1) q1 holds at some
timestep divisible
by 3.

a1 := ¬(⊖2(true)
→ (⊖3(true) ∧
¬ ⊖3 (a1)))

x (a1 ∧ q1)

consistent
odd and
once even

COOE(q1) q1 has the same
value at all odd
timesteps, and
holds in at least
one even timestep.

a1 := ¬ ⊖ a1;
a2 := ¬(⊖(true)
→ ⊖a1)

(⊟(a1 → q1) ∨
⊟ (a1 → ¬q1)) ∧
(x (a2 ∧ q1))

Table 2: Temporal constructs beyond the scope of past-time LTL. (⊖true means
that there is a previous state)
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8 Unbounded Memory Constructs

In the previous sections, we have focused on user defined past-time constructs
whose monitoring semantics can be realized with finite summaries. This includes
constructs expressible in past-time LTL, as well as constructs that go beyond it
but can still be encoded via the addition of transition rules. In these cases, LLMon
can enforce that all operator state variables range over finite domains, which en-
ables (i) operator-level ambiguity resolution via short distinguishing traces, and
(ii) specification-level disambiguation, where alternative candidate formulas are
separated using automata-based analysis, as described in the previous sections.

A different class of constructs relies on unbounded memory. Such operators
cannot, in general, be represented by a deterministic finite automaton, and spec-
ifications that combine them go beyond the bounds of first and second-order
monadic logic. Importantly, LLMon is still capable of synthesizing update func-
tions for such operators from natural language descriptions. However, the finite-
state disambiguation mechanisms no longer apply in general.

Example: a FIFO-style operator. Listing 2 shows an operator that maintains an
integer counter buffer size and rejects whenever a “pop” event occurs while
the counter is zero. Intuitively, if q1 denotes a “push” operation and q2 denotes
a “pop” operation, the operator enforces the safety constraint that at every
point in the execution prefix, the number of observed q2 events does not exceed
the number of observed q1 events. This requires unbounded memory in general:
buffer size can grow arbitrarily with the trace length, so the operator’s local
summary cannot be captured by a finite number of bits.

class FIFOOperator:
def __init__(self):

self.buffer_size = 0
self.is_valid = True

def update(self , q1, q2):
if q1:

self.buffer_size += 1

if q2:
if self.buffer_size == 0:

self.is_valid = False
else:

self.buffer_size -= 1

return self.is_valid

Listing 2: An example of a user defined construct whose monitoring semantics
requires unbounded memory.

Limitations in ambiguity handling. For unbounded memory operators, the tool
can still generate plausible code implementations from natural language, but its
current ambiguity handling becomes inherently limited. First, operator level dis-
ambiguation based on short distinguishing traces may fail to expose differences
that manifest only on longer prefixes. Thus, selecting between alternative in-
terpretations becomes an approximation, and correctness cannot be guaranteed
solely from short counterexamples. Second, the specification level disambigua-
tion stage is not applicable because it relies on compiling candidate formulas into
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finite deterministic automata, which in turn requires that each operator’s state
variables range over finite domains. Consequently, when unbounded memory
operators are allowed, the tool may still translate and synthesize monitors, but
the automata-based distinguishing traces analysis used to separate alternative
specification translations is not feasible.

One may ask whether the automata-based analysis used in the bounded-
memory setting can be extended by compiling formulas with unbounded-memory
operators into pushdown automata. Even if we assume that two candidate for-
mulas can individually be represented by a pushdown automaton, generating
distinguishing traces between them requires reasoning about their symmetric dif-
ference. This, in turn, reduces to checking non-emptiness (and, when non-empty,
extracting a short witness) for the intersection of two pushdown automata. How-
ever, these non-emptiness and witness-finding tasks are undecidable in general
for such intersections, which prevents a general automata-based distinguishing-
trace procedure in the unbounded-memory setting.

Small-scale experiments. Despite these limitations, we experimented with a few
unbounded memory constructs in a small-scale setting, including equals-to,
greater-than, and FIFO (Table 3). To enable their generation, we removed
the finite domain variables restriction from the prompt described in Listing 3
(provided in the Appendix). Since we did not have a reference monitor library for
these constructs, we validated them by manually designing, for each operator,
two representative formulas together with traces that are known to satisfy and
violate each formula. We then synthesized monitors for these formulas using
the tool and evaluated them on these traces. Across these tests, the monitors
accepted and rejected exactly as expected, and no discrepancies were found.

Construct
name

Notation NL description

greater
than

q1 GT q2 The number of occurrences of q1 is greater than or equal
to the number of occurrences of q2 at this point.

equals-to q1 EQTO q2 The number of occurrences of q1 is equal to the number
of occurrences of q2 at this point.

FIFO q1 FIFO q2 q2 never occurs when the buffer is empty, where each q1
adds an item and each q2 removes an item.

Table 3: Examples of unbounded-memory constructs explored in our experi-
ments.

9 Conclusions

This work explored a step-wise, LLM-assisted workflow for building runtime veri-
fication monitors directly from natural language requirements. We presented our
approach that involves incremental human-in-the-loop construction that com-
bines LLM guidance with formal, trace-based disambiguation. The results show
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that the LLM can help to refine and implement new temporal constructs whose
semantics more closely match the intent expressed in natural language, and
extend the expressiveness of the underlying logic, without forcing the user to
master formal syntax.

By asking the LLM to propose multiple candidate interpretations, the work-
flow surfaces ambiguity rather than hiding it. In fact, ambiguity is resolved twice:
first at the operator level, where alternative meanings of a newly introduced con-
struct are validated and compared using distinguishing traces, and later at the
specification level, where complete natural language requirements may admit
multiple formalizations over the learned constructs. In both cases, automatically
generated distinguishing traces provide concrete evidence that helps the user re-
ject unintended interpretations and select the intended one, turning ambiguity
into a mechanism for surfacing subtle design alternatives that might otherwise
be overlooked. Note that all safety-critical tasks - formula parsing, monitor com-
position, and large-scale trace evaluation - remain deterministic. This division of
labour minimizes the risk of LLM hallucinations by keeping humans “in the loop”
for every semantic decision, and consequently allowing more reliable translation
of natural language requirements to monitors.

For further work, we want to extend the method presented in this paper to
first-order specifications that allow events with data [7, 19].
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A The user interface of LLMon

Fig. 3: A screenshot of the web-interface for LLMon.

B Prompts used by LLMon

The full prompts used by LLMon are shown below. Note that some of them
contain placeholders for user inputs.

Below is the name , notation , and natural language description of a temporal
operator , which is an extension of past -time LTL:
<user ’s construct input is inserted here >

We aim to calculate the boolean value of this operator , given a sequence of
assignments to the boolean variables , which are the operand/operands of this
operator. Every set of assignments for all operands is considered a single
"event". When a new event arrives , we want to update the truth value of the
entire operator based the content of that event and previous information.
The first received event is considered as the first in the event sequence ,
and the most recent event is considered as the last in the sequence.

Create four different python codes that calculate the truth value of the
operator , once a new event arrives. Each code should be based on a slightly
different natural language interpretation of the operator description.
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Important: The code should update the truth value of the operator in an
efficient way , using finite domain variables.

- You may store any additional values that may help to successfully
calculate the truth value. These variables should also have finite domains.

- Number the different codes and clearly explain the interpretation they
represent. The explanation should reliably reflect the related code.

Listing 3: Based on the new construct description that is provided by the user,
this prompt generates four different natural language interpretations that may
slightly differ from the original meaning. In addition, for each new interpretation,
the prompt requires generating a Python code that updates the truth value of
the construct upon the arrival of a new event. The codes are required to make an
efficient update. The different versions are also numbered for future reference.
One could also imagine asking the LLM to indicate a preferred interpretation,
but we do not adopt this design and instead leave the choice to the user.

Generate python code that compares the primary version to all the other
versions , based on all the possible traces of length <k>.

When you mention a version , do not forget to also mention its number. For
each pair , the code should print all the distinguishing traces in the order
of the comparisons (start with all the distinguishing traces of the first
comparison etc.), and for each such trace , print which code version accepts
its (final verdict is true) and which one rejects (final verdict is false).

The first line that the script should print is the version name. When a new
comparison begins , write a caption that corresponds the comparison.
Important: use the following format to display distinguishing sequences:
(replace variable_name , boolean values and formula numbers with the actual
names and values)
"Trace: <variable_name > = (T, T, T); <variable_name > = (T, F, T) => Version
1: True , Version 3: False ". If two versions have no distinguishing traces ,
clearly mention that the two versions are equivalent. Do not use pandas.

The code should be a fenced Python code block , e.g.:

‘‘‘python
<code here >
‘‘‘

Listing 4: The LLM here is instructed to generate a code that compares
the primary version selected by the user to the other versions. The pairwise
comparison should return all the short traces of length k (a configurable
parameter) that distinguish between the two code versions. Subsequently, the
tool will extract the code from the LLM response and execute it, presenting the
results to the user.

Consider the different trace comparisons: (primary code version vs. other
code versions)

<distinguishing traces that were found by the previous prompt >

Analyze these traces , and provide the key differences between the two codes
in each comparison. You can think it through , but eventually provide the
following information for each comparison that has at least one
distinguishing trace:
- key differences as a short description.
- what the key difference means for each code (briefly explain).
- choose one distinguishing trace that supports the key differences and
briefly explain.
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Important: if two versions are equivalent , just mention that the versions
are equivalent using the phrase "equivalent versions", and do not write
anything else.

When you show your analysis , clearly separate between the different
comparisons with hyphens (---).

Listing 5: This prompt contains a placeholder for the distinguishing traces that
were returned by the code generated in the previous prompt. The LLM is
required to analyze these short traces for each pairwise comparison and provide
the key difference between the versions in each pair. Note that the key difference
has to be based on the distinguishing traces.

The user chose version number <user input > as the correct version for the
operator. For the mentioned temporal operator , create a JSON object with
exactly these keys:

\"op_name \": string , # the operator name , as provided by the user.

\"op_notation \": string , # only the operator letter/word (for example "P")

\"op_description \": string , # according to the chosen operator version.

\"is_unary \": boolean , # True if unary , False otherwise

\"class_name \": string , # the name of the class (explained below)

\"class_content \": string # Python class implementing the operator

The class must define:
- An __init__ method that sets initial auxiliary variables , current verdict
and previous verdict.
- An update(arg) or update(arg1, arg2) method that updates the verdict. make
sure to actively update the verdict after every new event.

Preserve the code you generated earlier for this version. This function will
have one argument for unary operator and two for binary operators.

Return ONLY the JSON , no markdown fences.

Listing 6: After the user made a decision regarding the version that best
represents the construct description, this prompt asks the LLM to output all
the relevant information about the construct version. This also includes the
code itself in a structure that can be later used by the tool to generate RV
monitors. All information must be returned in a JSON format using predefined
keys, allowing the tool to efficiently integrate it into its construct knowledge
base.

Consider the following set of temporal operators:
<JSON array of constructs created by the tool >

Based on these operators and their symbols , translate the following
specification into a formula:
"<natural language specification inserted by the user >"

Guidelines:
- Detect the events in the specification , and turn each event into a boolean
variable (q1, q2 etc)
- Important: think if the specification is ambiguous or not. specifically ,
think if there are two or more similar operator that fits the natural
language description. if it is ambiguous , provide all the possible
translations. if it is not ambiguous , provide the single correct translation.
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- The formula (or formulas) should contain only previously mentioned
constructs , the common logical connectives (and , or , not ..) and boolean
variables.
- Important: when you write a formula , use the following notation for a
binary operator: ’q1 BINOP q2’ (replace BINOP with the relevant symbol), and
the following symbols for the logical connectives: !, &&, ||, ->, <->.
- You are provided with four simple examples:
1. natural language: "The robot was at the store at all times ."
temporal formula: H(q1)
2. natural language: "Whenever the robot is was at the garage , it is not at
home."
temporal formula: H(q1 -> !(q2))
3. natural language: "In the past , the robot was at home."
temporal formula: P(q1)
4. natural language: "the robot was previously at q2, but since then it was
always at q1."
temporal formula: q1 S q2

Your final response should contain a JSON file with a few keys keys:
First key - ’var_mapping ’ - its value is a string that explains the NL event
and their associated boolean variables.
Second key - ’is_ambiguous ’ - its value should be either True or False ,
depending on whether the specification is ambiguous or not.
Third key - ’formulas ’ - its value should be a list of the possible
translations (one or more formulas with boolean variables).

Listing 7: This prompt guides the LLM to extract Boolean events from the
natural language specification, assess whether the specification is ambiguous
with respect to the available constructs, and output either a single structured
translation or a set of alternative candidate formulas (illustrated via few-shot
examples over standard past-time LTL constructs).
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C Construct knowledge base example

[
{

"op_name": "weak since",
"op_notation": "WS",
"op_description": "q1 has been true since q2 was last true.

If q2 was never true , then ’a’ must be true for the entire sequence.",
"is_unary": false ,
"class_name": "WeakSinceStrict",
"class_content": "class WeakSinceStrict:

def __init__(self):
self.q2_last_true_index = -1
self.q1_since_q2 = True

def update(self , left , right):
q1 = left
q2 = right
if q2:

self.q2_last_true_index = 0
self.q1_since_q2 = True

elif self.q2_last_true_index != -1:
self.q1_since_q2 = self.q1_since_q2 and q1

else:
self.q1_since_q2 = self.q1_since_q2 and q1

return self.q1_since_q2"
},
{

"op_name": "holds -odd",
"op_notation": "ODD",
"op_description": "q1 holds at all odd timesteps.",
"is_unary": true ,
"class_name": "HoldsOddAll",
"class_content": "class HoldsOddAll:

def __init__(self):
self.truth_value = True
self.current_timestep = 0

def update(self , q1):
self.current_timestep += 1
if self.current_timestep % 2 == 1:

if not q1:
self.truth_value = False

return self.truth_value"
}

]

Listing 8: An example of a JSON array with two constructs that were generated
by the tool. An array of this format serves as the tool’s construct knowledge
base.
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