Large language models as assistants for the parametric comparison method
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The Parametric Comparison Method (PCM) offers a principled way to encode syntactic variation
across languages in terms of binary parameters that can subsequently be used for phylogenetic
reconstruction. Collecting the relevant data, however, requires trained linguists to elicit gram-
maticality judgements from native speakers—a process that is slow, expensive, and prone to
cross-linguistic inconsistency. We explore the use of large language models (LLMs) as prelim-
inary assistants in this workflow, generating examples or counter-examples for parameter ques-
tions. Early experiments have shown that such models have the potential to accelerate knowl-
edge elicitation but also to expose ambiguities in the definitions of parameter manifestations,
helping PCM evolve into a more explicit and replicable scientific framework. We introduce a
prototype software platform that automates this process, as illustrated on Eastern and Western
Armenian. This study is designed as a registered report aiming to quantify the potential benefits
of such automation by manually evaluating the LLM output accuracy and recording the propor-
tion of parameter manifestation definitions that required editing, if such were encountered.

1. Introduction

The Parametric Comparison Method (PCM) (Longobardi, 2003; Longobardi &
Guardiano, 2009) is a framework for analysing cross-linguistic syntactic varia-
tion through a fixed inventory of binary parameters. Each parameter captures dis-
crete settings representing cross-linguistically recurrent grammatical distinctions,
whose value, once set for a language, contributes to a vector of features compara-



ble across languages. These vectors serve as linguistic metadata for reconstructing
phylogenetic relationships, in much the same way that shared genetic or lexical
traits reveal historical connections among populations and languages.

Over the past two decades PCM has enabled the construction of a dataset that
has been used to infer family trees, measure linguistic distances, and test hypothe-
ses about population history and contact. However, obtaining parameter values
remains a time-consuming and expertise-heavy process. Setting each parameter
involves answering a certain number of carefully formulated yes/no diagnostic
questions and providing supporting examples. Linguists must elicit these exam-
ples from native speakers, often in languages they do not themselves speak, requir-
ing elaborate instructions and metalinguistic clarification (Schiitze, 1996; Gibson
& Fedorenko, 2013; Sprouse, Schiitze, & Almeida, 2013). These issues hinder
the scale and reproducibility of historical linguistics approaches based on compar-
ative syntax and motivate the search for more efficient, standardised methods of
data collection.

Recent research has studied how well large language models (LLMs) align
with human judgments of grammatical well-formedness (Hu, Mahowald, Lupyan,
Ivanova, & Levy, 2024). For instance, Qiu, Duan, and Cai (2024) compare judg-
ments of ChatGPT and Vicuna across 2,400 English sentences and find “substan-
tial alignment...albeit with LLMs often showing more conservative judgments.”
More recently, Ide et al. (2025) compare methods for extracting acceptability
judgments from LLMs—contrastive prompting, such as in-template probability
readout, and “Yes/No” probability computing. Tjuatja, Neubig, Linzen, and Hao
(2025) show LLM acceptability scores are more sensible to factors like sentence
length and unigram frequency when compared to human speakers.

These studies together illustrate both the promise and the caveats of using
LLMs as surrogates for human grammaticality judgements: they can accelerate
data generation and mirror human intuitions, but must be carefully calibrated and
validated when applied in comparative syntax workflows.

2. Background

The parametric theory underlying the PCM (Crisma, Guardiano, & Longobardi,
2020) attributes two key features to parameters. Firstly, each parameter is as-
sociated with at least one linguistic structure, its manifestation, that constitutes
positive evidence for that parameter. Certain parameters have more than one pos-
sible manifestation, but languages do not need to instantiate all of them in order
to set a parameter to [+]: encountering evidence for one manifestation is suffi-
cient. Secondly, parameters have a default value, coded as [-], that does not need
to be associated with overt evidence: the lack of overt evidence for all the possi-
ble manifestations for [+] for a given parameter results in its being set to [-]. For
some parameters, it is possible to construct overt evidence for the value [-] in the
form of structures that are incompatible with the value [+] of the parameter. Overt



evidence for [-] only exists for about half of the parameters in the dataset, and it
is arguably ignored by the language acquirer, see (Crisma, Fabbris, Guardiano, &
Longobardi, 2025).

3. Method
3.1. Workflow

Large Language Models trained on multilingual text offer a new source of lin-
guistic evidence that can be tapped for preliminary hypothesis generation in com-
parative syntax. Because LLMs have access to broad statistical evidence and can
handle technical terminology, they can be prompted to output examples illustrat-
ing the presence of specific syntactic features. In the PCM context, this means
that a model could answer the diagnostic questions associated with a parameter by
generating grammatical sentences in the language in question that correspond to
one of the two possible values.

Our proposed workflow is to keep expert linguists in the loop. For a given pa-
rameter and target language, the model will answer each canonical PCM question
corresponding to a given manifestation and backs up the answer with a pair of ex-
amples (see Table 3). The output will then be evaluated by a native speaker, who,
importantly, does not need to provide their own examples if they agree with the
ones provided by the model. This division of labour transfers much of the example
generation effort to the model while preserving the crucial human validation step.
The approach is fast, reproducible, and more easily scaled to multiple languages
due to its reduced demand on the interviewer’s time, and on the metalinguistic
competence of the native speaker.

An additional outcome of our preliminary investigations has been that interact-
ing with LLMs sometimes reveals ambiguities in the phrasing of PCM questions
themselves. In one instance, a diagnostic question that had long circulated within
the PCM framework turned out to admit two distinct readings. This observation
prompted a revision of the question wording to eliminate the ambiguity. There-
fore, our interviewers will also record any cases of such ambiguities with the aim
of computing their proportion within the full set of manifestations studied.

This data has highlighted a second advantage of using LLMs in this setup: the
models acting as sensitive probes of formulation precision. When an LLM’s output
diverges from the intended interpretation, the problem will not always lie with
the model. Identifying and correcting such weak points will enhance the internal
coherence of PCM and strengthens its status as an operationally replicable, data-
driven scientific method. Thus, using LLMs aims to turn them not only into data
generators but also catalysts for the methodological refinement of syntactic theory.



3.2. Tools

To operationalise this workflow we have developed a software platform that au-
tomates parameter setting and example generation. The system takes as input a
language name and a list of PCM parameters, each linked to a series of diagnostic
questions. It queries an LLM for each question, requesting examples, typically a
minimal contrasting pair, together with an explicit rationale. The results are stored
in a structured format that records both the model’s proposed parameter value and
the textual evidence supporting it.

In more detail, the LLM used is chatGPT5 to which we connect programmat-
ically, via the OpenAl API. The system prompt used to lay the background to
the following queries, and one of the user prompts, employed to elicit the actual
answers from the LLM are listed in Table 1. The platform includes a lightweight

Table 1: System prompt provides context, user prompt triggers the response

System prompt:

The Parametric Comparison Method (PCM) is a framework for representing
cross-linguistic syntactic variation through a fixed inventory of binary parame-
ters. Each parameter captures discrete settings representing cross-linguistically
recurrent grammatical distinctions, whose value, once set for a language, con-
tributes to a comparable vector of features across languages. These vectors
serve as linguistic metadata for reconstructing phylogenetic relationships, in
much the same way that shared genetic or lexical traits reveal historical con-
nections among populations. Every parameter is associated with one or more
manifestations expressed in the form of existential statements. Finding evi-
dence for one manifestation is sufficient to set the relevant parameter to [+]
even if the parameter has multiple manifestations. The same holds for the overt
evidence for [—], where available.

I want you to perform the following task: given (1) a reference to a specific
language or linguistic variety, (2) the name of a syntactic parameter, and (3) a
manifestation statement, state whether that statement is true or false, support
your statement by two examples where possible, and state how the veracity of
the manifestation statement affects the value of the parameter in question.

User prompt:

The language is Western Armenian. The parameter is FGP, “grammaticalised
person”. The manifestation is: “One finds morphological alternations on the
verb that depend on the speech-role of the subject”.

interface for human validation, enabling linguists to mark examples as correct, am-
biguous, or erroneous. The accumulated feedback can be used to fine-tune prompts



or to train smaller in-domain (specialised) models. A pilot run with Eastern and
Western Armenian showed that the LLM can indeed provide the required answers
and illustrative examples, shown unedited and without comments in Table 3.

3.3. Participants

A summer school with 20+ participants was held in the summer of 2025 with the
explicit goal of training graduate students and academics to use the PCM approach.
All participants were invited to take part in the experiments described here target-
ing the same five parameters (FGP, FGK, FGT, CGE and FSP) for a language
of their choice, with 14 providing feedback on the ChatGPT5.2 answers for 12
different languages.

4. Results and Evaluation

We have calculated the proportion of answers to the manifestation questions for
which chatGPT’s answers are accepted by the native speaker without any cor-
rections (see Table 2). Similarly, we report the proportion of examples provided
that have been deemed both grammatical and relevant to the manifestation ques-
tion. The summary of all results through its mean and standard deviation across
all studied languages is as follows: 75.95 £ 16.05% manifestation accuracy, and
66.02 + 17.48% example accuracy. The results suggest that the LLM may be
capable of answering some manifestation questions even when its own ability to
back its answers with accurate examples is limited. One possible explanation is
that the LLM has seen grammatical descriptions of those languages in its training
data, even if the training corpus of text in that language was limited.

All results are based on the work of evaluators who have close familiarity with
the language in question and underwent the two-week summer school training in
PCM. Not all of them have a background in linguistics. For example, the Chat-
GPT score for Indonesian by a PCM-trained linguist with previous experience and
access to native speakers was 77.27% (manifestations) and 75.00% (examples).

5. Limitations and Further Work

LLMs can produce large numbers of example pairs across multiple languages in
minutes, ensuring consistency of format and facilitating replication. Moreover,
their probabilistic nature may approximate frequency-based intuitions about nat-
uralness, offering a complementary perspective to binary grammaticality judge-
ments. Several caveats remain though. LLMs mirror the biases of their training
corpora, may over-fit standard written norms, and lack true linguistic competence
or semantic grounding. Their apparent fluency should not be mistaken for intro-
spective access to grammar, so rigorous validation by human experts is indispens-
able. In the longer term, integrating such tools with existing PCM databases may
enable large-scale comparative projects encompassing hundreds of languages. If
the resulting datasets prove richer and more consistent, it can open new opportu-



nities for quantitative research in historical syntax, typology, and language phy-
logeny. By treating LLMs as both assistants and diagnostic instruments, we can
strengthen PCM’s status as a reproducible, empirically grounded methodology.

Table 2: Accuracy per language. The number of Wikipedia articles in that
language are shown as a proxy for the language presence on the Internet.

Language (variety) Wiki number of Manifest.n Examples

code articles accuracy  accuracy
Spanish (European variety) es 2,094,806 77.27% 77.27%
Russian ru 2,086,328 54.55% 79.55%
Italian it 1,956,958 86.36% 63.64%
Mandarin (Chinese Wikipedia) zh 1,524,128 86.36% 65.91%
Modern Standard Arabic ar 1,299,611 81.82% 68.18%
Iranian Persian (aka Farsi) fa 1,068,196 45.45% 72.73%
Indonesian id 763,978 97.73% 94.32%
Norwegian Bokmal no 675,193 86.36% 77.27%
Croatian hr 229,418 72.73% 52.27%
Sanskrit sa 12,479 86.36% 63.64%
Old Church Slavonic cu 1,339 81.82% 25.00%
Yaathe - 0 54.55% 52.27%

Table 3: ChatGPT5.2 answers on Eastern and Western Armenian (sample)

FGP Language Answer Example
manifestation
One finds morpho-
logical alternations Eastern True 1) bu Jupnnud B ‘1 am reading’;
on the verb that de- Armenian 2) nnt Jupnmud ku “you are read-
pend on the speech- ing’
role of the subject
Western True 1) Gu Yp fuoupd ‘I speak’; 2) nmit
Armenian Un fuouhu ‘you speak’.
One finds speech- . ]
role-sensitive clitics  Eastern False 1) Upwdp upnnud £ Aram is
that double the sub- Armenian reading’ (no subject clitic); 2) Uklp
ject of the verb Jupymd Gp ‘we are reading’
agreement only)
Western False 1) Gu Yp uhpkd ‘Ilove’ (no subject
Armenian clitic); 2) Lanaip Yp fuouhtr ‘they

speak’ (agreement only).
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