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Abstract

Language models (LMs) have profoundly re-
shaped the field of natural language process-
ing (NLP) in recent years. This paper presents
the first investigation of the implications of
LMs for linguistics, examining their role as
a source of linguistic data. Despite their limi-
tations, LMs have shown remarkable fluency
and proficiency in modeling human language,
suggesting their potential as linguistic artifacts.
By proposing approaches to uncover these en-
coded linguistic structures, the paper explores
how LMs provide opportunities for linguists.
Embracing LMs as linguistic artifacts reopens
the door for collaboration between NLP and
linguistics, overcoming limitations of previous
paradigms and providing new opportunities for
the field of linguistics research.

1 Introduction

Language models (LMs), especially large language
models (LLMs), have caused a revolution in the
natural language processing domain. Replacing the
previous linguistically-informed pipeline, they ush-
ered in a new paradigm for computational process-
ing of human language. While some may despair at
the decreasing importance of linguistics in modern
NLP, these developments provide an opportunity
for uncovering knowledge about human language
since, as shall be argued in this paper, language
models represent a linguistic artefact in their own
right.

Despite their shortcomings in real-world Al ap-
plications, such as hallucinations (OpenAl, 2024;
Dash et al., 2023), it is clear that LMs can accu-
rately model human language, as evidenced by their
surprisingly fluent conversational ability. Crucially
they can generate sentences never before seen in
training. The fluency of their text output has even
led some to claim that ChatGPT has passed the
Turing test (Biever, 2023), being indistinguishable

from a human in short conversations in a text for-
mat.

One of the main aims of (synchronic) linguistics
as a field is "to account for the potentially infi-
nite set of well-formed sentences in all languages"
(Rastall, 2010), that is, to uncover the structure and
productive rules of human language. And it just
so happens that language models, albeit covertly,
encode at least a large majority of these structures,
if not all, as evidenced by their conversational abil-
ity.! This provides an as of yet unused opportunity
to extract the embedded language structures for the
purpose of furthering linguistic knowledge.

In this paper I would therefore like to show the
great potential of language model analysis for the
field of linguistics and to propose some methods
of extracting linguistic knowledge from LMs, thus
showing that the benefits of collaboration between
linguistics and NLP are not a one-way street.

2  Some current computational
approaches to linguistics

Computational approaches to linguistics are noth-
ing new, and this section aims to outline some of
the relevant previous work in this field.

2.1 Corpus linguistics

The advent of the computer era in the 1960s
brought with it the appearance of digital text cor-
pora. This made it possible to study what Firth calls
"attested language" (Anderman and Rogers, 2007)
on a large scale for the first time. English corpora
such as the Brown Corpus (Francis and Kucera,
1979) or the British National Corpus (Leech, 1992),
consisting of millions of tokens from texts of dif-
ferent domains, were a valuable tool for theoretical
and computational linguists alike. This made it

'This is to say nothing about the question of their con-
sciousness, cf. Searle’s Chinese Room Argument (Searle,
1980).



possible to empirically test claims that are other-
wise hard to validate reliably through introspection
(Hunston, 2022). It also made linguistics more re-
producible and objective, abstracting away from
the linguistic bias of singular speakers or groups of
researchers.

Written and spoken corpora have contributed
enormously to linguistics, and despite Chomsky’s
misgivings their use has now become common-
place in the field. An adequate discussion of their
contribution to the field would go beyond the scope
of this paper, but some examples of using corpus
data to show hypotheses are O’Keeffe (2007) from
the ESOL domain, Kesebir and Kesebir (2012)
from psychology or Meurers (2005) in syntax. His-
torical linguistics also relies heavily on corpora,
since it is of course impossible to ask a native
speaker in many cases.

2.2 Word embeddings

Arguably a precursor to modern LMs, building on
the corpora discussed in 2.1, word embeddings
(Mikolov et al., 2013; Pennington et al., 2014)
aim to represent words (or tokens) as a real vec-
tor v € RY. These are usually calculated so that
words that often appear together in training corpora
have a high similarity. This real-world encoding of
Firth’s famous hypothesis that "a word is character-
ized by the company it keeps" (Firth, 1957) opened
the door to serious empirical linguistic research
with the formerly purely theoretical distributional
hypothesis of semantics.

Using vector word representations embedded
in time, Hamilton et al. (2016) showed how di-
achronic semantic changes in English terms could
be rediscovered through comparing their embed-
dings rooted in time. Their experiments also em-
pirically confirmed the hypothesis from diachronic
linguistics that polysemous words change at faster
rates.

Other examples are Basirat and Tang (2018),
who were also able to convincingly predict gram-
matical features of nouns in Swedish such as the
common/proper noun distinction and grammati-
cal gender using word embeddings, and, on the
sociolinguistic front, Caliskan et al. (2022), who
demonstrated how gender bias pervases GloVe
word-embeddings trained on internet corpora.

3 LMs in linguistics

Currently the two main approaches used to develop
and validate linguistic hypotheses are through cor-
pora and through introspection, the former be-
ing championed by empiricists and the latter by
the Chomskyan rationalist tradition (McEnery and
Wilson, 2001). It is clear that corpora, includ-
ing those used to train LLMs, can only contain
a fraction of the famously infinite set of possible
grammatical sentences in a language, and this has
led Chomsky to decry corpus linguistics as seek-
ing to model language performance rather than
competence (McEnery and Wilson, 2001). Native
speaker introspection, on the other hand, while
able to judge the grammaticality of any sentence,
is clearly highly subjective and biased. Language
models, however, are productive and are able to
generalize across their corpora to produce, with
some sophistication, sentences not seen before in
training, thus blurring the line between the tradi-
tional Chomskyan distinction between competence
and performance.

3.1 History and design of LMs

In order to analyze language models as a linguistic
object, it is necessary to look at what exactly an
LM is and where it has come from.

Statistical language modeling has its origins in
the 1990s with models such as the n-gram model
(Brown et al., 1992), which uses the chain rule to
calculate the probability of the next token w; based
off of the previous n tokens using the following
formula:

P(w;) = P(wi|wi—n+1, .-, wi—1) (D

In this case corpora were used to train these statis-
tical models and thus calculate the n-gram proba-
bilities which are used during generation.

The refinement of neural networks, however,
lead to the first neural training of vector represen-
tations of words, as described in 2.2, in order to
apply the geometric concept of (cosine) similarity
to the semantic space. This was further refined
by the idea of contextual word embeddings (Pe-
ters et al., 2018; Devlin et al., 2019), which allows
for polysemy in word tokens. This contextualiza-
tion allows the embeddings to take word order into
account and thus to be able to model sentences
much more accurately. BERT (Devlin et al., 2019)
uses an attention mechanism to embed information



from other tokens in a sentence in a word represen-
tation and was a breakthrough in the world of NLP,
ushering in the age of pre-trained language mod-
els (PLMs). Their popularity lies in the fact that
PLMs, which have been pre-trained on large text
corpora, can subsequently be fine-tuned on many
downstream NLP tasks such as sentiment classifi-
cation or question-answer systems, achieving state
of the art results in many of these tasks.

Increasing amounts of data and more efficient
hardware led to the development of large language
models (LLMs) (Brown et al., 2020; Chowdhery
et al., 2022; Touvron et al., 2023), consisting usu-
ally of at least 1 billion parameters. Together
with improvements on traditional NLP benchmarks,
these models seem to exhibit other "emergent abili-
ties" (Wei et al., 2022) such as logical reasoning or
performing simple arithmetic,? also including tasks
more relevant to linguistics such as POS tagging
(Chopra, 2024).

Therefore LLLMs, which are usually trained on
such trivial tasks as minimizing their error on next
word prediction on the training corpus, end up be-
ing able to produce fluent human-like text and can
be used for a variety of tasks.

3.2 LMs as a linguistic artefact

The performance of LMs, particularly LLMs, im-
plies that the linguistic structures underlying the
written language they were trained on are stored, al-
beit implicitly, within the parameters of the model.
This fact alone warrants their closer analysis by
linguists: the generative capabilities of LMs com-
bined with their lack of personal bias provides a
third way in the current methodological opposition
between rationalists and empiricists. Indeed Chat-
GPT can even be asked about the acceptability of a
particular sentence (see 4.3). The black-box nature
of neural networks (i.e. the arbitrary nature of their
parameters outside of the whole parameter system)
makes the task of examining their inner workings
more complex, however in the following section
I will propose some methods to extract linguistic
knowledge from LMs.

4 Methods for extraction of linguistic
knowledge from LMs

The use of LMs in linguistics research can be
grouped into two main approaches: internal and
external probing. Internal probing aims to find

2 Albeit with imperfect results (Liu et al., 2023).

structure in the model parameters through mathe-
matical or statistical techniques such as dimension
reduction or clustering. One notable example of
this is Tenney et al. (2019a), who used edge probing
(Tenney et al., 2019b) to show how the classic NLP
pipeline (starting with POS tagging and parsing,
and ending with semantic roles and coreference)
can be found in the layers of BERT.

External probing, on the other hand, utilizes the
model’s linguistic ability in order to analyze its
output from a linguistic perspective, such as using
it for annotation, to generate data or to query the
acceptability of certain sentences.

4.1 Latent space analysis

The latent space of an LM, i.e. the embedding
space Rd, is a d-dimensional space where the vec-
tor representations of components of the natural lan-
guage input reside. Analysis of this space through
internal probing can be fruitful, leading to a deeper
understanding of how LMs work the way they do
and, by extension, how the language system itself
is structured.

One minimal example of the use of this is the
following:? by fine-tuning a BERT model on an
English dataset annotated for one of five verbal as-
pect classes, it becomes possible to examine the
embedding space used by the model (for more de-
tails see B). Figure 1 provides a visualization of the
[CLS] token embedding of verb-sentence pairs in
the training set, together with their aspect label. It
is clear how this could be useful to, for example,
empirically motivate the hypothesis that habituals
inhabit an area of the semantic aspect space be-
tween activities and states, which also intuitively
makes sense.

4.2 LMs for annotation

Among the professed "emergent capabilities" of
LLMs (Wei et al., 2022) is a capacity for logical
reasoning. While not perfect, LLMs do seem to
have human-like abilities in many areas, which can
be utilized for annotation of linguistic data. While
of course to be used with caution, the performance
of LLMs as annotators has been shown to rival
or even surpass that of human annotators in some
cases (Gilardi et al., 2023). An example use-case
could be POS tagging of a large corpus in order to
study the relative frequency of different syntactic
structures, thus overcoming the difficulty of finding

3Code available here.
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Figure 1: [CLS] embedding space of a BERT model fine-tuned on English verbs annotated for aspect in context,

reduced to 2 dimensions by t-SNE.

and funding expert human annotators with systems
capable of near-human performance (Bohnet et al.,
2018).

This area also opens up possibilities for low-
resource languages, where finding annotators may
be more difficult, or where data is sparse. For exam-
ple, Kholodna et al. (2024) show how LLMs can be
used for named entity recognition (NER) in African
languages such as isiZulu and Bambara, reaching a
comparable (or better) performance compared to a
human annotator.

4.3 LMs for acceptability analysis

A special case of using LMs for annotation is using
them for acceptability analysis, a key feature of lin-
guistic research. While most studies in linguistics
use introspection to determine the acceptability of
a certain utterance (since, as already mentioned,
corpora are finite), this is a highly subjective and,
in essence, unscientific process due to its lack of
objectivity and observability.

This problem can be solved by querying LLMs
on the acceptability of a sentence (see A for an
example) or using an LM fine-tuned on a dataset
such as CoLA (Warstadt et al., 2018), a dataset
consisting of 10,657 sentences in English labeled
as grammatical or ungrammatical taken from pub-

lished linguistics literature. The sentences were
reannotated by five linguistics students leading to
an average annotator agreement of 86.2% with the
original judgement in the paper, signifying the prob-
lem with introspection as a source of linguistic data.
Taking this as a baseline, this has been surpassed
by several neural network systems (Cherniavskii
et al., 2022; Proskurina et al., 2023; Sileo, 2023),
showing their suitability for such tasks. Using a lan-
guage model for acceptability annotation increases
the objectivity and reproducibility of the results,
without sacrificing their validity.

5 Conclusion

In conclusion, LMs are a linguistic artefact and
should be seen as such by the linguistics commu-
nity. Acceptance of this assumption opens up a
world of possibilities for linguistics research and
could help overcome some of the drawbacks of
previous paradigms.

The techniques presented in this paper serve as
some examples for extracting linguistic knowledge
from LMs, and I hope that this paper will inspire
further interdisciplinary research leading to the de-
velopment and refinement of more sophisticated
methods.



6 Limitations

In light of the current hype surrounding deep learn-
ing it is important to highlight the limitations of
such techniques and what language models cannot
do.

It is well-known that training the LMs discussed
in this paper requires a large amount of data and
computing resources. While pre-trained models
mean that LMs trained on relatively large amounts
of data are now available for general use, for less
well-resourced languages this is a problem, and
their performance suffers drastically. While this
does not rule out the use of LMs on such languages
(see (Kholodna et al., 2024)), it certainly limits
the applicability of some of the uses highlighted in
this article, such as for annotation or acceptability
analysis.

Furthermore, it must also be noted that LMs take
on any biases present in the training data, meaning
the language they approximate should be treated
with caution. Examining these biases, as has often
been done before, can, however, be an area of study
in its own right and can produce valuable data for
sociolinguistics. However, it must also be noted
that it cannot be guaranteed that characteristics of
a model’s latent space can be transferred to a more
general linguistic space, since human linguistic
competence and LM competence differ in some
aspects. Further research is therefore needed in this
area.

Finally, since LMs are trained to minimize error
on one variety of a language, they are less well-
suited to study linguistic variation, whether geo-
graphical or temporal. This makes their use less
suitable for languages without an accepted stan-
dard variant, such as Swiss German. In these cases,
however, an approach using word embeddings such
as Hamilton et al. (2016) could still be useful.
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A ChatGPT and linguistic acceptability

The following is a script from an interaction with
ChatGPT 3.5 on 20/03/2023:

Prompt: Is the following sentence grammatically
and syntactically acceptable: "He not merely likes
her, he loves her."

ChatGPT: Yes, the sentence "He not merely likes
her, he loves her." is both grammatically and syntac-
tically acceptable. It follows a parallel structure,
presenting two related ideas in a balanced way.
However, it’s worth noting that the phrase "not
merely" is a bit formal and might sound slightly
old-fashioned in casual conversation. A more com-
mon way to express the same sentiment would be:
"He doesn’t just like her, he loves her.”

While Silvennoinen (2023) argues that the above
sentence is unacceptable, a search on Google n-
grams reveals that examples with the phrase "not
merely" followed by a finite verb construction can
be found, especially in earlier texts, validating Chat-
GPT’s response.

However, ChatGPT agreed with the author on
the inacceptability of the following case:

Prompt: Is the following sentence acceptable:
"He not only likes her."

ChatGPT: The sentence "He not only likes her"”
is grammatically incomplete. It lacks the second
part of the comparison, which is necessary for clar-
ity and grammatical correctness. You need to fol-
low up "not only" with "but also" or some other
comparative phrase to complete the structure. For
example:

"He not only likes her, but he also admires her."

"He not only likes her, but he also respects her."

Adding the "but also" or similar comparative
phrase makes the sentence grammatically accept-
able and conveys a clear comparison.

B Experiment details

In order to calculate the embeddings shown in
figure 1, a BERT-base-uncased model (110M pa-
rameters) was fine-tuned for 5 epochs on a selec-
tion of 4008 verbs together with the sentence they
appear in from the English part of the UMCO003
trilingual dataset (Klyueva and Bojar, 2008). The
verb-sentence pairs were annotated by a fine-tuned
Llama 2 model (Touvron et al., 2023), outputting
one of the 5 aspect classes in the Uniform Mean-
ing Representation (UMR) framework (Gysel et al.,
2021). The reason for the choice of this aspect clas-
sification was the availability of a small amount of
training data for fine-tuning the Llama 2 model.

Gysel et al. (2021) defines the UMR aspect
classes as follows:

* State - The State value corresponds to stative
events in Vendler (1957); no change occurs
during the event. It also includes predicate
nominals (be a doctor), predicate locations
(be in the forest), and thetic (presentational)
possession (have a cat).

* Habitual - The Habitual value is annotated
on events that occur regularly in the past or
present.

* Activity - The Activity value indicates an
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event has not necessarily ended and may be
ongoing at Document Creation Time (DCT).

* Endeavour - Endeavor is used for processes
that end without reaching completion (i.e., ter-
mination).

* Performance - Performance is used for pro-
cesses that reach a completed result state.

For a more in-depth description of the UMR
aspect classes, please see Gysel et al. (2021); Chen
et al. (2021).

The fine-tuned BERT model was then given dat-
apoints from the test set and the embedding of the
[CLS] classifier token was reduced to 2 dimensions
by t-SNE (van der Maaten and Hinton, 2008). This
was then plotted in figure 1 together with the as-
pect label to show the topology of the LM’s aspect
space.
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