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Abstract: One of the most promising applications of large language models in the legal domain concerns the automated conversion
of natural language legal texts into logical formalisms, that is, automated formalization. Major challenges to these approaches emerge
from the semantic fuzziness of natural language, which leads to sentences that are particularly difficult to formalize—we call these
sentences “platypus sentences.” For example, the natural negation of a sentence in natural language may have different, context-
dependent meanings, which often do not correspond to the logical negation of a respective formalization of said sentence. In other
words, natural negations and formalized negations often diverge from one another. This problem is further intensified when natural
language conditionals (i.e., negated “if... then...” sentences) are negated. The paper at hand investigates how current large language
models (GPT-5, Llama, and LogicLinguist) deal with automated formalization of negated conditionals. Our results indicate that these

systems still cannot reliably deliver correct formalizations, although results can be enhanced, for example, by prompt engineering.
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1. Introduction

Many applications in the wide area of LegalTech—in partic-
ular those related to automated compliance—require an adequate
formal representation of legal norms, mostly by means of some
logical formalism like deontic logic, predicate logic, or directly
through programming languages (cf., e.g., [1, 2]). For example,
to comply with traffic rules—and to be able to reliably verify this
compliance—an autonomous vehicle should include some com-
pliance checking mechanism containing a formal representation
of the respective traffic rules. However, formalizing legal norms
can be a rather laborious task, involving many steps and requiring
cooperation among specialists of various disciplines [3]. Hence,
legal tech in general would enormously benefit from approaches
that could at least partially automate the process of formalizing
legal norms.

Large language models (LLMs) offer a convenient method
for translating natural language texts into logical formalisms,
that is, a method for automated formalization. With an ade-
quate prompt, entire arguments in natural language can be quickly
translated into a logical formalism. However, depending on the
specific scenario, the quality of these translations may vary
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substantially. For example, translations into more complicated
logical formalisms (e.g., systems of reified modal logic, that is,
systems combining modalities with quantification theory) tend to
be more prone to errors than translations into simpler formalisms
such as propositional logic. Furthermore, an at least equally chal-
lenging problem lies in the complexity of the input language, that
is, natural language.

The paper at hand introduces the notion of “platypus
sentences”—that is, sentences, which, due to the intrinsic ambi-
guity and context-dependence of natural language, might lead to
errors when formalizing them, especially when automated meth-
ods are employed—and investigates how LLMs perform when
given the task of formalizing dialogues containing a specific
kind of such sentences, namely, negated conditionals. The main
contributions of this paper are:

1) We introduce the problem of platypus sentences as a cause for
translation errors for natural language into logical formulae.

2) We devise four dialogues employing different kinds of platypus
sentences for research on the translation of platypus sentences.

3) We conduct a first exploratory analysis of the capabilities of
three state-of-the-art LLMs for translating these dialogues to
logical formulae.
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The remainder of this paper is structured as follows: Section 2
first briefly discusses related work on logical formalisms for
legal norms, on methodologies for formalizing legal norms, and
on machine translation from natural language into logical for-
malisms, in particular when LLMs are employed and especially
in the context of legal texts. Section 3 then presents the employed
methodology, including a brief discussion of platypus sentences
and a description of four dialogues developed to test how LLMs
fare when formalizing such sentences. Test results are presented
in Section 4 and discussed in Section 5. Section 6 concludes and
refers to future work. Overall, our results indicate that current
LLMs are unable to provide reliable formalizations of platypus
sentences.

2. Related Work

Logical formalisms for normative language in general and
for the law in particular have been developed based on mod-
ern mathematical logic and related approaches since the 1920s
(for systematic and historic overviews of these developments, cf.,
e.g., [4-6]). These rather theoretical knowledge representation
methods are sometimes also implemented, for example, within
programming languages, such as PROLOG [7] and PROLEG [§],
or within theorem provers [9-11].

Specific challenges for the formalization of natural language
emerging within the legal domain have been investigated since the
origins of modern logic of norms. This includes so-called para-
doxes of deontic logic (cf., e.g., [4]) and more general problems
related to the semantic ambiguity of legal language. Formaliza-
tion methodologies for dealing with these challenges have been
intensively investigated since the 1970s and 1980s by pioneers
of legal informatics, for example, by Ilmar Tammelo [12], Leo
Reisinger [13], and Laymen Allen [14]. The problems discussed in
the paper at hand are directly inspired by previous work by Ron
Klinger [15]. More recent approaches focus, for example, on com-
bining manual and automated methods to enhance the efficiency
of generated formalizations [16] and on using legal visualiza-
tion methods to improve interdisciplinary communication among
lawyers, logicians, computer scientists, and engineers [3].

Previous research has analyzed the general viability of
machine translation from natural language reasoning into logical
formalisms [17], including approaches based on LLMs [18, 19].
LogicLinguist, for example, is a specialized model for translating
natural language statements into first-order logic [20]. In partic-
ular, the capability of such systems to detect logical fallacies has
been analyzed, with some results indicating that LLMs gener-
ally perform rather poorly on these tasks [21], while better results
can be achieved by more streamlined systems adopting neurosym-
bolic approaches [22]. In the legal domain, machine translation
methodologies using LLMs have been developed for outputs in
PROLEG [23] and in PROLOG [24], the latter particularly stress-
ing the value of also employing controlled natural languages [25]
as an intermediary step between natural language and logic.

While considerable previous research on the translation of
natural language into logical formalisms is available, there is still
little work on translation paradoxes emerging from natural lan-
guage ambiguities. Even LOGIC [21], a dataset especially designed
for logical fallacy detection, mainly focuses on fallacies based
on logically incorrect inferences (e.g., ad populum fallacies like
“Everyone should like coffee: 95% of teachers do!”). Current
research is lacking an analysis of the translation of natural lan-
guage sentences, which are logically consistent but ambiguous in
their translation into logical formalisms.
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3. Methodology

In this section, we first introduce the notion of platypus
sentences, that is, natural language sentences, which are par-
ticularly difficult to formalize due to their semantic ambiguity
(Section 3.1). Then, we describe short natural language dialogues
containing platypus sentences consisting of negated natural lan-
guage conditionals. Although all these sentences have the same
syntactic structure, they have fundamentally different meanings,
so that their proper formalizations in propositional logic strongly
differ from one another. To test the capabilities of current LLMs
with respect to formalizing these sentences, we select different
models to prompt for translating these dialogues into logical
formulae (Section 3.3). Finally, since this task, as indicated by
previous related work [21], is to be considered as a challenging
task, we decided to use different prompts to thoroughly grasp the
models’ capabilities (Section 3.4).

3.1. Platypus sentences

Ideally, formal logic should correspond to Leibniz’s notion of
a characteristica universalis, that is, a universal system of symbols
capable of univocally representing every conceivable object, so
that concepts and relations among these objects could be mapped
to sets of ordered n-tuples among the respective symbols (for
details, cf,, e.g., [26]). As a characteristica universalis, formal logic
is generally not context-dependent: the meaning of logical sym-
bols does not change depending on the logical formulae in which
they occur. In this sense, semantics is embedded within syntax.
This is, of course, not the case with natural language, which is rich
in ambiguities, synonyms, homonyms, idioms, metaphors, figures
of speech, etc.

This semantic discrepancy between natural language and log-
ical formalisms is the source of many logical riddles, paradoxes,
paralogisms, and jokes. It is the root of odd deductions such as
“all thieves are people; therefore: all good thieves are good peo-
ple” and of “self-annihilating sentences™ like “I am a firm believer
in optimism; because if you don’t have optimism, what else is
there?” (for this and similar sentences cf., e.g., Saul Gorn’s famous
Compendium of Rarely Used Cliches [27]). Beyond serving as a
source for intellectual entertainment, this semantic ambiguity of
natural language can also lead to formalization errors, especially
when automated machine translation is employed. A proper for-
malization should, for example, distinguish between the property
of “being a cup of tea” in a sentence such as “this is a cup of
coffee, not a cup of tea” and in a sentence such as “as a lawyer,
formal logic is not my cup of tea.” This distinction, however, pre-
supposes an adequate consideration of the context in which these
sentences are employed—a consequence of the fact that natural
language is not context-independent and therefore not a lingua
characteristica in the sense of Leibniz.

Inspired by the egg-laying, duck-billed, beaver-tailed, ven-
omous, semiaquatic monotreme mammal, we call such context-
dependent natural language sentences, which, due to their
semantic ambiguity, could lead to formalization errors (in partic-
ular when machine translation is used), platypus sentences. The
class of platypus sentences is a wide and rather heterogeneous
class, which, as such, allows for several further sub-classifications.
It is nonetheless relevant to analyze these sentences as a whole.
Among them are not only sentences containing ambiguous
properties (e.g., “being a cup of tea” or being “good”) and
sentences based on figurative language but also sentences build-
ing on implicit assumptions derived from the specific context in
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which they appear (including, but not limited to, sentences with
pronouns or relative adverbs such as “yesterday” or “behind”).
Platypus sentences emerge not only from ambiguous names,
adjectives, adverbs, and other individually meaningful terms
(i.e., from so-called categorems) but also from connectors, con-
junctions, etc. (i.e., from so-called syncategorems), which are
meaningless on their own. For example, a particularly rich source
of platypus sentences is conditionals, that is, sentences with an
“if... then...” structure. These sentences encompass various dif-
ferent semantics, for example, the notion of material or strict
implication, of causality, of conditional norms (sometimes called
“commitment” [28]), etc. This semantic ambiguity is all the more
intensified when combining conditionals with negations, a fur-
ther good syncategorematic source of platypus sentences. In our
current investigation, we focus on syncategorematic platypus sen-
tences. For this reason, the dialogues we prepare for testing
include platypus sentences based on negated conditionals.

3.2. Dialogues

Drawing inspiration from previous related work, we develop
four different dialogues containing platypus sentences consisting
of negated conditionals, each leading to a different formaliza-
tion in propositional logic. The dialogue structure is important
because it provides the necessary context required to determine
the concrete meaning of the platypus sentences.

Dialogue 1: The unwanted poem
Bob: It is Eve’s birthday; do you think that if I write him a
poem, he will be happy?
Alice: No, of course not!
Bob: Why not?
Alice: Eve hates poems.

The first dialogue contains the natural language conditional ques-
tion of whether Eve will be happy (Q) if Bob writes Eve a poem
(P). As a general thesis, this conditional could, in principle, be for-
malized as a material implication, that is, by the formula P — Q.
However, in the particular discursive context of the dialogue,
Alice’s negative answer does not merely correspond to a logical
negation of this formula (i.e., to the formula =(P — Q)). Instead,
she claims that Bob writing Eve a poem would actually lead to the
opposite result from what Bob originally intended—that is, Eve
would not be happy; after all, he does not like poems. In other
words, Alice’s negative answer does not correspond to the nega-
tion of a material implication but to a material implication with
the same premise but a negated conclusion. The correct logical
formula should therefore be P — —Q.

Dialogue 2: The counsel’s dilemma
Attorney: 1 do recognize that my client was at the scene of the
crime. However, does being at the crime scene imply
guilt?
Judge: No, I do not think so.
Attorney: In other words, it is not the case that: ‘if my client
was at the crime scene, then he is guilty’?
Judge: I agree.
Attorney: Then, it follows logically that my client is innocent.

The second dialogue shows a hypothetical discussion between an
attorney and a judge. It traces back to a paper by Ron Klinger
[15] and is centered around a proposed conditional relationship
between a person being at the scene of a crime (P) and that per-
son being guilty of the crime committed at the crime scene (Q).
Again, as a general thesis, this could, in principle, be formalized

by the material implication P — Q. In the dialogue, the attorney
tries to exploit the fact that the negation of this material impli-
cation (i.e., 7(P — Q)) is logically equivalent to the conjunction
P A =Q to argue for the innocence of her client. However, in the
specific context of this dialogue, the judge’s denial of the natural
language conditional does not amount to stating the logical nega-
tion of the general thesis (i.e., to claiming the negated material
implication =(P — Q)). Instead, the judge is merely stating that
the general thesis is not being accepted, without committing to
any verifunctional relationship between P and Q. In other words,
the negation amounts to claiming that the propositions involved
are, ceteris paribus, logically independent from one another. Thus,
the most adequate formalization of the judge’s denial of the natu-
ral language conditional (if indeed any is required at all) would be
the tautological formula (PAQ)V(=PAQ)V(PA~Q)V(~PA-Q),!
which, as such, is irrelevant for the rest of the argument proposed
by the attorney.

Dialogue 3: Tweety, the penguin

Alice: My friend’s dog was barking at my bird Tweety
yesterday, and Tweety was very scared.

Bob: Oh, why did it not just fly away?

Alice: Tweety cannot fly!

Bob: Oh, I thought if Tweety is a bird, then it must be
able to fly?

Alice: No, this is not true! Tweety is a penguin!

The third dialogue picks up the classic example of Tweety, the
penguin (introduced by J. Pearl [29]), and is based on the natural
language conditional of whether Tweety’s “birdness” (its prop-
erty of being a bird (P)), implies it being able to fly (Q). Once
again, as a general thesis, this conditional could, in principle, be
formalized by the material implication P — Q. In this case, how-
ever, the negation of the natural language conditional is indeed
adequately represented by the negation of a material implication:
since Tweety is indeed both a flightless penguin and a bird at the
same time, Tweety is an adequate counterexample to the general
thesis expressed by P — Q. Thus, the proper formalization of
Alice’s negation of the natural language conditional is =(P — Q).
In theory, this dialogue should be easier to formalize than the
previous ones because, in this case, the negation of the natural
language conditional actually corresponds to the logical negation
of a material implication, that is, the formalization that syntacti-
cally most closely resembles the structure of the platypus sentence.
In this sense, this dialogue (and the next one, which, as described
below, is based on the same structure as this one) can be taken
as a control test.

Dialogue 4: The mysterious platypus
Alice: Yesterday at the zoo I saw a platypus! It is a mammal
that lays eggs!
Bob: But if it’s a mammal, it can’t lay eggs, can it?
Alice: No, that‘s not true!

The last dialogue is a variant of the previous dialogue and
addresses the conditional of whether a platypus, being a mammal
(P), is not able to lay eggs (—Q). Like in the previous dialogue,
the correct formalization for the negation of this conditional is
a negated material implication, albeit here with a negated conse-
quence, that is, =(P — = Q). We choose to include this variant of
the previous dialogue to assess whether the LLMs’ likely previous

! This formula basically states that any combination of truth-values for P and
Q is satisfiable; that is, they can be both true or both false, or one of them
can be true, while the other is false.
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Table 1
Overview of the employed dialogues

Dialogue Platypus sentence

Correct formalization

The unwanted poem
The counsel’s dilemma
Tweety, the penguin
The mysterious platypus

Denial of “you think if I write him a poem, he will be happy?”
Denial of “does being at the crime scene imply guilt?”
Denial of “if Tweety is a bird, then it must be able to fly?”

Denial of “But if it’s a mammal, it can’t lay eggs, can it?”

P—-0
(PAQ)V(=PAQ)V(PA=Q)V (~PA-Q)
~(P = Q)

(P = =Q)

Table 2
Employed prompts
Simple Extract logical formulae (propositional logic) from the following dialogue.
Extended Extract logical formulae (propositional logic) from the following dialogue. Pay special attention to the

negations of implications. Check their validity very carefully.

information on the famous Tweety problem would manifest itself
in the quality of the results delivered, the expectation being that,
if the results’ quality indeed diverges, the models should perform
better with Dialogue 3 than with Dialogue 4.

An overview of all four dialogues is provided in Table 1.

3.3. Models

To grasp the capabilities of current state-of-the-art LLMs
in translating these dialogues to propositional logic, we perform
tests on three different LLMs. As the most well-known and widely
used LLM, we chose ChatGPT for the first model. We use GPT-
5, which is a GPT version promoted to be especially well-suited
for reasoning tasks [30]. As the second model, we use Llama
3.3 [31]—another well-known, widely used model competing with
ChatGPT. The last model we use is LogicLinguist, which is spe-
cialized for translating natural language statements into first-order
logic [20]. Although it also employs GPT-40 for chat interactions,
it uses Z3 Theorem Prover for logic solving. We interacted with
all of these models via their online chat interfaces.

3.4. Prompts

We use two different prompts to evaluate the models’ capa-
bilities to translate the chosen dialogues to logical formulae. The
first prompt (“simple”) is a simple prompt only telling the mod-
els to extract logical formulae for propositional logic for the given
dialogue. This prompt is meant for evaluating a naive approach
users might take when trying to convert natural language to

logical formalisms. Users might want a swift reply without a lot
of prompt engineering to get results for their task.

The second prompt (“extended”) is devised to help the mod-
els find the possible pitfalls in translating the given dialogues. The
difficulty of translating a negated conditional is pointed out to
the models, so it can be taken into account. Additionally, the
models are tasked with checking the validity of the generated for-
mulae for these negated implications to test whether the models
can properly identify the specific difficulties in the dialogues.

The prompts are shown in Table 2.

4. Results

We now describe in detail how the models translated each
dialogue into logical formulae. Overall, the tested models returned
results of varying quality when prompted with the dialogues and
prompts described above. Furthermore, models tended to perform
better when the extended prompt was used. An overview of the
results is provided in Table 3.

4.1. Dialogue 1: The unwanted poem

For the simple prompt, none of the models was able to
generate the correct result (P — —Q). GPT-5 and LogicLinguist
both formalized the negated conditional as =(P — Q), while
Llama rather oddly translated it to the tautology =(Q A =Q).
When using the extended prompt, Llama still failed to correctly
formalize the platypus sentence in the dialogue, translating it to
-(P — Q). With the extended prompt, the other two models

Table 3
Formalization results for tested models; correct results in blue bold font

Prompt GPT-5 Llama LogicLinguist
Dialogue 1 simple -(P-Q) -(QA-Q) -(P->Q)

extended P - -Q -(P- Q) P -Q
Dialogue 2 simple -(P-Q) ~(P-Q) ~(P-Q)

extended =(P - Q) -(P->Q) -(P - Q)
Dialogue 3 simple (P> Q) -Q -P

extended -(P—-> Q) -(P - Q) -(P - Q)
Dialogue 4 simple =(P - =Q) =(P - -Q) (P - —Q)

extended -(P - -Q) -(P - -Q) -(P - -Q)
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correctly identified three possible formalizations for the negated
natural language conditional—including the correct solution.
Both also correctly concluded that, among the options, P — —~Q
is the most fitting translation for the platypus sentence in this
dialogue.

4.2. Dialogue 2: The counsel’s dilemma

The platypus sentence in the second dialogue was not formal-
ized correctly by any model for any prompt. All models derived
—(P — Q), which is not the correct translation. However, GPT-5
and LogicLinguist (which, we recall, employs GPT-40) noted that
the judge’s negation of the natural language conditional would
not, from a pragmatic point of view, amount to stating =(P — Q),
which would thus hinder the attorney from validly deducing = Q.
While this is indeed the proper reasoning that should lead to the
correct formalization, the systems were unable to deliver it. This
could be explained either by (1) the fact that the formalization is
trivial for the argument, (2) the fact that the formalization bears
almost no resemblance to the respective sentence, or (3) the fact
that the dialogue, through the attorney’s final claim, might be
taken as stressing the acceptance of =(P — Q) by the judge. Over-
all, the systems were unable to adequately grasp the absurdity of
the attorney’s argument.

4.3. Dialogue 3: Tweety, the penguin

For this dialogue, only GPT-5 returned the correct transla-
tion =(P — Q) when using the simple prompt. LogicLinguist
rather oddly negated only the premise (—P), while Llama negated
the consequence (—Q), which comes close to the correct answer
(we recall that =(P — Q) is equivalent to P A =Q). When using
the extended prompt, all three models translated the platypus
sentence in the dialogue correctly and gave a proper explanation
for this formalization. While all models derived the formula based
on the background knowledge that penguins are birds and that
penguins cannot fly, only GPT-5 rather briefly referred to the
problem as a known problem by calling it a “classic.”

4.4. Dialogue 4: The mysterious platypus

For the previous dialogue, which contains a more well-
known version of the same underlying problem, Llama and
LogicLinguist failed when using the simple prompt. In contrast,
for this dialogue, all models returned the correct result (i.e., 7(P —
=Q)) with all prompts. Only Llama showed a slight inaccuracy
when using the simple prompt by being inconsistent with its
usage of symbols. More precisely, it formalized “mammals cannot
lay eggs” sometimes as Q and sometimes as =Q and thus sug-
gested (P — Q) as a formalization for the negated conditional,
although it made clear that it had taken Q to mean “mammals
cannot lay eggs.” These results subvert our expectations, as we
had assumed that models would fare better when formalizing
Dialogue 3 because of it dealing with the widely known Tweety
problem.

5. Discussion

Overall, among the three models, GPT-5 and LogicLinguist
(which, we recall, employs GPT-40) performed noticeably better
than Llama, which was only able to deliver correct results for
Dialogues 3 and 4. As described above, these tasks can be seen as

easier tasks, since the correct formalization very closely resembles
the syntactical structure of the respective platypus sentence.

As expected, the extended prompt consistently leads to better
results. This is promising because the extended prompt is still gen-
eral in the sense that it does not contain any specific information
on the respective dialogues. This shows that it is possible to get
better results using more detailed prompts even without having to
address concrete details of specific cases.

The fact that no performance advantage could be observed
when comparing the results for Dialogues 3 and 4 is interest-
ing. It indicates that, for some reason, previous information on
the Tweety problem, which the systems are likely to have had
easy access to, did not play any significant role in the formaliza-
tion. Indeed, one can conjecture whether this information could
be counterproductive, as the Tweety problem is actually related
to a different formalization problem—namely, that of defeasible
reasoning—which, however, does not play any significant role in
the formalization of Dialogue 3. This can be observed in GPT-5s
results with the extended prompt, in which it is stated that this is a
“classic where a counterexample to a universal implication shows

2

up.

This issue is further highlighted by the fact that the reasoning
presented by the models, while often leading to the correct results,
was not, in its entirety, coherent. This is most clear in the results
delivered by LogicLinguist, which, for both Dialogues 1 and 4,
starts its answer by stressing that the dialogue illustrates that one
ought not to confuse the negation of an implication with another
implication. This is only true for Dialogue 4, not for Dialogue 1,
in which, in fact, the negation of the conditional does correspond
to a “different implication” (i.e., an implication with the same
premise but a different conclusion). Incidentally, this underlying
problem of confusing the negation of a conditional with another
conditional is at the core of the famous Barbershop Paradox, a
material implication paradox formulated by Lewis Carroll at the
end of the 19th century [32].

This incoherence in the underlying reasoning displayed by
the systems could be the cause of the odd results delivered by
Llama (Dialogues 1 and 3) and by LogicLinguist (Dialogue 3)
when using the simple prompt. Moreover, these results indicate
that merely providing more information to the systems might not
lead to better results, as the information may have the effect of
misleading the systems away from the right formalization.

Finally, another factor that might substantially influence the
quality of automated formalization methods is precisely the logi-
cal formalism underlying the respective outputs. In the examples
discussed here, we used classic propositional language as the output
formalism. While this formalism is usually seen as too simple to
adequately represent normativity (cf., e.g., the discussions in [6]),
most widely used logical formalisms for law and similar domains
are based on extensions of propositional logic (e.g., modal logic,
predicate logic; cf. [6]), which, however, generally retain the same
structure concerning the relationship among propositions (e.g.,
among conditions) within their semantics. In this sense, it seems
reasonable to expect that the challenges presented here should
also emerge in any other formalisms—even more complex ones—
as long as they expand classic propositional logic while retaining
its basic structure. This, however, does not necessarily apply to
formalisms that adopt a different basic structure, in particular con-
cerning the semantics of negation and of conditionals. A good
example would be the so-called logic of relevant implication, which
adopts different semantics for conditionals [33].

Thus, it seems reasonable to conjecture that improving the
formalization results for tasks like the ones discussed here would
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involve both (1) optimizing the underlying general reasoning of the
models, which is necessary to grasp the meaning of the natural
language sentences to be formalized, and (2) improving the strictly
logical reasoning, which is to be determined with respect to the
specific logical formalism to be employed. In particular, it would
seem desirable that models recognize the semantic limitations of
the formalisms they are employing if the respective sentences in
natural language are too complex to be adequately represented
within them.

6. Conclusion and Future Work

Translating natural language to logical formulae is a chal-
lenging task for LLMs. In this paper, we showed that there are
some kinds of sentences which may be especially hard to trans-
late to logical formulae (“platypus sentences”). Inspecting one
type of such difficult sentences—negated conditionals—we tested
current state-of-the-art LLMs’ capabilities in translating these
sentences to logical formulae in propositional logic. Our exper-
iments showed that using only a simple prompt often results in
incorrect translations, while even a more intricate prompt does
not guarantee a correct solution.

As platypus sentences are a legitimate difficulty when trans-
lating natural language to logical formulae, current and future
systems devised for such a purpose should be evaluated on such
sentences to gauge their capabilities. Further research is needed
to analyze the performance of state-of-the-art LLMs when con-
fronted with other types of platypus sentences. Additionally, given
the small number of examples addressed in this paper, more
examples that may vary in length or complexity need to be con-
sidered for further investigations. Other topics for future work
include investigating the formalization of platypus sentences in
formal argumentation models (e.g., so-called quantitative bipo-
lar argumentation frameworks or QBAFs [34-37]) and whether
visualization techniques (in particular legal visualization methods
[38-41]) could be employed to enable clearer representations of
the intrinsic ambiguity involved in these sentences.

Overall, the fact that the models largely failed to deliver
proper results in the most difficult cases of Dialogues 1 and 2—
with all three systems failing in the case of Dialogue 2 and Llama
and LogicLinguist failing even in the easier Dialogues 3 and 4
with the simple prompt—indicates that LLM-based machine for-
malization is still far from being a reliable source for adequate
formalizations of natural language, especially when ambiguous
sentences are involved. Hence, if they are to ever catch the platy-
pus, LLMs ought better to start putting their shoulder to the
wheel—ideally without losing time searching for a wheel or trying
to develop an actual shoulder.
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