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1 Background 

 

In recent years, the study of language has undergone a profound transformation 

driven by rapid advances in artificial intelligence (AI) and in particular by the 

emergence of large-scale neural language models. Systems based on deep learning 

architectures – most prominently transformer-based models – have achieved 

unprecedented performance across a wide range of language-related tasks, from text 

generation and translation to inference and dialogue. As a result, AI has moved 

from being primarily a tool for engineering applications to becoming a relevant 

object of inquiry within linguistic research itself. This shift has given rise to a 

rapidly expanding interdisciplinary field in which computational modeling and 

linguistic theory increasingly inform one another. 

At the core of these developments lies the question of how natural language 

can be represented in a form that is accessible to computational systems. Natural 

Language Processing (NLP), situated at the intersection of computer science and 

linguistics, addresses precisely this issue by developing formal and statistical 

methods for modeling linguistic structure and meaning. The overarching goal is 

often described as enabling human-like language processing (Young et al. 2018), 

that is, the extraction and interpretation of coherent information from textual data 

(Khan et al. 2010). This task is non-trivial, given the inherent properties of natural 

language, including cross-linguistic variation, synonymy and polysemy, as well as 

pragmatic phenomena such as negation, irony and implicature. 

Since computational systems cannot operate directly on linguistic input, 

language must be transformed into representations that are machine-readable. Early 

approaches relied on relatively simple vector-space models, in which texts are 

encoded as distributions over lexical items. Binary bag-of-words representations or 

frequency-based weighting schemes such as term frequency-inverse document 

frequency (TF-IDF) (Salton and Buckley 1988; Ramos 2003) provided the first 

widely used numerical encodings of textual data. While such models enabled basic 

forms of information retrieval and text classification, they remained limited in their 

ability to capture structural dependencies and contextual meaning. 

More recent approaches, in particular those based on neural networks and 

contextualized representations, aim to overcome these limitations by modeling 
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language as a highly structured and context-sensitive system. Transformer-based 

architectures, in particular, enable the processing of vast amounts of human-

generated textual data, allowing models to acquire statistical regularities of 

language use at an unprecedented scale (Ananthaswamy 2023). As a result, 

contemporary systems are capable of generating highly coherent and contextually 

appropriate text, often without relying on explicitly encoded rules or external 

knowledge sources. Notably, these models can generalize to previously unseen 

tasks or input types, a property commonly described as “zero-shot “ (Radford et al. 

2019). These models are designed to capture not only distributional regularities but 

also aspects of syntactic structure and semantic composition, thereby addressing 

long-standing challenges in computational modeling of language. Against this 

background, contemporary large language models (LLMs) can be understood as 

attempts to approximate aspects of linguistic competence through large-scale data-

driven learning, raising the question of what kinds of linguistic knowledge these 

systems encode and how this knowledge relates to theoretical models of language. 

At the same time, the nature of this apparent competence remains contested. While 

some authors argue that such systems merely simulate understanding on the basis 

of statistical pattern matching, variously described as “superficial” language 

processing (Chomsky et al. 2023), linguistic “simulation” (Berins 2023) or the 

behavior of “stochastic parrots” (Bender et al. 2021: 617), others interpret their 

performance as an emergent property of scale, pointing to the role of increasingly 

large datasets and parameter spaces in giving rise to qualitatively new capabilities 

(Bommasani et al. 2021; Ganguli et al. 2022; Tamkin et al. 2021; Wei et al. 2022). 

Within linguistics, interest in AI is no longer confined to NLP as an applied 

domain. Rather, it extends to fundamental theoretical questions concerning the 

nature of linguistic knowledge, representation and use. A growing body of research 

investigates the extent to which contemporary language models encode, 

approximate or simulate linguistic competence across different levels of analysis. 

Much of this research, however, remains strongly centered on English, reflecting 

both the predominance of English-language training data and the uneven 

availability of linguistic resources across languages. These developments raise both 

methodological and epistemological questions: Can AI systems serve as models of 

human linguistic cognition? To what extent do they capture structural 

generalizations as opposed to statistical regularities? And how can they be 

productively integrated into empirical linguistic research? 

Across core subfields of linguistics, recent work has begun to systematically 

explore these issues. In syntax, a substantial line of research has examined whether 

neural language models acquire abstract structural knowledge or rely on surface-

level heuristics. Early probing studies (e.g. Rogers et al. 2020; Wilcox et al. 2020; 

van Schijndel and Linzen 2021) and large-scale evaluations of syntactic 

generalization (Hu et al. 2020; Warstadt et al. 2020) have provided evidence that 

such models capture certain hierarchical dependencies, while also revealing 

persistent limitations. More recent work has framed these questions explicitly in the 
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context of LLMs, addressing issues of robustness, multilingual transfer and human-

like processing effects (Zhou et al. 2023; Hale and Stanojević 2024; Thomas and 

Joseph 2025). Dedicated evaluation platforms such as SyntaxGym (Gauthier et al. 

2020) and benchmark suites like BliMP (Warstadt et al. 2020) have further enabled 

fine-grained assessment of syntactic competence. 

In morphology, research has focused on the capacity of language models to 

generalize beyond memorized forms and to handle productive inflectional systems. 

Studies on systematic generalization (Ismayilzada et al. 2025; Xiong and Wu 2025) 

highlight persistent difficulties in capturing rule-like behavior, particularly in 

morphologically rich languages. At the same time, the role of subword tokenization 

has sparked an ongoing debate about whether morphological structure is genuinely 

learned or merely approximated through distributional patterns. Cross-linguistic 

investigations further demonstrate that performance varies significantly depending 

on typological properties, underscoring the importance of morphology as a testing 

ground for linguistic generalization in AI systems. 

In semantics, LLMs are increasingly treated as repositories of structured 

knowledge and as tools for semantic parsing. Building on established annotation 

frameworks such as AMR (Banarescu et al. 2013), UCCA (Abend and Rappoport 

2013) and FrameNet (Baker et al. 1998), recent work has shown that pretrained 

models can achieve strong performance in mapping text to formal meaning 

representations. At the same time, studies on knowledge extraction and inference 

(Marvin and Linzen 2018; Petroni et al. 2019) suggest that such models encode 

substantial amounts of relational and world knowledge. Benchmarks such as GLUE 

(Wang et al. 2018), SuperGLUE (Wang et al. 2019) and BIG-bench (Srivastava et 

al. 2022) have played a crucial role in evaluating semantic capabilities, including 

entailment, compositionality and reference resolution. More recent developments, 

such as chain-of-thought prompting and tool-augmented models, have further 

extended the scope of semantic reasoning in AI systems. Meanwhile, a number of 

studies have been focused on the quite intricate limitations of semantic competence 

in LLMs, in particular their lack of grounding, instability in interpretation and 

difficulties in relating linguistic form to real-world meaning (e.g. Bender and Koller 

2020; Ma 2024; Schüle 2025; Rondini 2026 and literature therein) 

Pragmatics has likewise emerged as a key domain in which AI systems are 

evaluated and conceptualized. A substantial body of recent work has focused on 

assessing the extent to which AI systems exhibit human-like performance in core 

pragmatic phenomena, e.g. irony and sarcasm detection, the interpretation of 

context-dependent meaning and the integration of background knowledge (Guo et 

al. 2023; Bommasani et al. 2023; Chang et al. 2024; Park et al. 2024; Kastrati et al. 

2025). Computational approaches grounded in frameworks such as Rational Speech 

Act theory (Degen 2023) have provided formal models of pragmatic inference, 

implicature and speaker-listener reasoning. In parallel, work on instruction tuning 

and alignment (Ouyang et al. 2022; Rafailov et al. 2023) has foregrounded the 

importance of communicative intent and cooperative principles in shaping language 

model behavior. Dialogue systems and conversational agents have become central 
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testbeds for pragmatic competence, encompassing turn-taking, contextual 

appropriateness and the resolution of underspecified meaning. At the same time, 

critical perspectives have emphasized the role of presupposition, bias and social 

meaning, highlighting the broader implications of AI-mediated communication (for 

an overview, cf. Ma et al. 2025). 

Beyond synchronic analysis, AI-based methods are increasingly being 

applied to questions in historical linguistics and language change. In particular, 

contextualized word representations and transformer-based models have enabled 

novel approaches to modeling diachronic semantic change, allowing researchers to 

trace shifts in meaning across time with a level of granularity that was previously 

unattainable. Recent work has also explored the adaptation of language models to 

historical corpora, addressing challenges such as orthographic variation and 

temporal contamination. The growing relevance of this line of research is reflected 

in the emergence of dedicated scholarly venues, including workshops and 

conferences specifically focused on the intersection of historical linguistics and AI 

(e.g., Historical Languages and AI, Humboldt-Universität zu Berlin, Germany, 

March 2026).At the same time, AI systems are increasingly being applied to tasks 

such as manuscript digitization and the translation of ancient languages (Moutsis et 

al. 2025), further expanding the empirical basis for diachronic research. Taken 

together, these developments open up new perspectives on long-standing questions 

concerning semantic change, grammatical evolution and the dynamics of linguistic 

systems. They also point to a rapidly evolving research landscape whose 

methodological and theoretical implications are likely to shape the field in the years 

to come. Finally, research on language variation has demonstrated that AI systems 

both reflect and amplify patterns of sociolinguistic diversity (among many others, 

Kelly-Holmes 2022, 2024; Székely, Miniota and Hejná 2025; Ocumpaugh, Liu and 

Zambrano 2025; Li and de Winter 2026). For example, recent work on dialect bias 

demonstrates that LLMs systematically disadvantage non-standard varieties: 

studies on African American English, as well as on a number of other non-national 

varieties show increased stereotyping, reduced comprehension and degraded 

response quality compared to standard varieties (Fleisig et al. 2024). These 

disparities extend beyond English, with evidence that models exhibit bias against 

regional dialect speakers, associating them with negative traits and making biased 

decisions based on linguistic variation (Bui et al. 2025; Platzgummer, McCrae and 

Ahmadi 2026). More broadly, recent evaluations of multilingual and cross-

linguistic performance show that LLMs tend to normalize toward dominant 

language standards, for instance exhibiting English-centric patterns even when 

generating other languages (Guo et al. 2025; Schut, Gal and Furquhar 2025). At the 

same time, emerging work in computational sociolinguistics argues that language 

models inherently model socially meaningful variation, including identity-linked 

linguistic features, but do so unevenly and often in ways that reproduce existing 

hierarchies (Grieve et al. 2025). These findings highlight both the capacity of AI 
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systems to capture linguistic variation at scale and the risks they pose in terms of 

bias, fairness and representational adequacy. 

These strands of research illustrate the extent to which AI has become 

deeply embedded in contemporary linguistic inquiry. AI systems are not only 

objects of evaluation but also tools for annotation, modeling and hypothesis testing. 

This includes not only theoretical and descriptive domains, but also applied 

linguistic research engaging with AI in contexts such as language learning, 

assessment and teacher education (Chapelle et al. 2024).  

The studies gathered here build on these developments and explore, from a 

range of perspectives, what AI can do for linguistics – and, conversely, what 

linguistic theory can contribute to the understanding and advancement of AI. 

 

2 Contributions in this special issue 

2.1 Overview of the contributions 

 

The contributions in this special issue collectively explore the linguistic capacities 

and limitations of LLMs across different domains, including discourse, grammar, 

pragmatics and language change. Taken together, they provide a multifaceted 

perspective on how AI systems engage with linguistic structure and variation. 

FRANZ MEIER’s paper investigates intersubjectivity in AI-generated and 

human-written editorials. The study shows that while language models can 

reproduce stance-taking strategies, they do so in systematically different ways. In 

particular, AI-generated texts rely more heavily on explicit stance markers, 

suggesting a compensatory strategy for their lack of contextual grounding and 

pragmatic awareness. Meier’s study highlights that LLMs can simulate discourse-

level phenomena, but often through surface-level approximation rather than deeply 

contextualized positioning. 

A complementary perspective is offered by NICHOLAS CATASSO’s paper, 

which examines grammaticality and acceptability judgments in German. The 

findings indicate a high degree of alignment between ChatGPT and human speakers 

overall, but also reveal systematic divergences in cases involving gradience, 

sociolinguistic markedness and contextual appropriateness. Importantly, the study 

demonstrates that LLMs do not merely encode grammatical rules, but rather reflect 

probabilistic patterns shaped by usage, exposure and social norms. 

Focusing on pragmatics, NICOLA BROCCA, ELENA NUZZO and JOSEPH 

WANG-KATHREIN evaluate the performance of different AI systems in speech act 

annotation. The results show that ChatGPT achieves near-human accuracy in 

annotating pragmatic categories, but raises concerns regarding reproducibility and 

consistency over time. This contribution underscores both the methodological 

potential of LLMs for corpus annotation and the challenges associated with their 

opacity and instability. 

The study by PETRA SLEEMAN explores the role of ChatGPT as a linguistic 

informant in translation tasks. The study finds that AI-generated translations closely 

approximate human outputs and can provide useful observational data for linguistic 
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analysis. However, the model’s limitations become evident when deeper analytical 

explanations are required, indicating a gap between surface performance and 

underlying linguistic competence. 

GOHAR RAHMAN examines the use of GPT-4 for semantic annotation in 

Urdu, a low-resource language. The study shows that, through instruction-based 

prompting, the model achieves strong performance across tasks such as named 

entity recognition, semantic similarity and sentiment analysis. At the same time, it 

identifies limitations in handling culturally specific expressions, idioms and 

sarcasm, highlighting the continued need for careful prompt design and human-AI 

collaboration. By focusing on a low-resource language, this study extends the scope 

of the special issue beyond high-resource settings and demonstrates that the 

opportunities and challenges of LLMs are equally pronounced in multilingual and 

underrepresented linguistic contexts. 

Finally, MARINUS WIEDNER and MATTHIAS SCHÖFFEL’s article adopts a 

computational modeling perspective on language change, demonstrating that 

machine learning approaches can capture systematic patterns in the evolution of 

grammatical gender. While not based on LLMs in the narrow sense, this study 

illustrates the broader potential of AI methods to model diachronic linguistic 

processes and uncover distributional regularities in language data. 

 

2.2 Overall observations 

 

The papers in this special issue bring together a set of empirically grounded studies 

that examine how contemporary AI and computational approaches engage with 

linguistic structure, use and variation across a range of domains. By focusing on 

areas such as discourse organization, grammaticality judgments, pragmatic 

annotation, semantic processing and language change, the papers offer a 

differentiated view of what these systems can and cannot do when confronted with 

the complexity of natural language. 

A consistent observation across these studies is that AI-based systems 

approximate human linguistic behavior through large-scale statistical patterning 

rather than through an underlying system of linguistic competence. This is evident, 

for example, in the way models reproduce discourse-level phenomena such as 

stance-taking, where they rely on overt and often repetitive markers, or in their 

handling of acceptability judgments, where high overall agreement with human 

speakers coexists with systematic deviations in gradient or context-sensitive cases. 

Similarly, in semantic annotation and translation tasks, models are able to produce 

outputs that closely resemble human performance, yet these outputs are best 

understood as the result of distributional alignment rather than of rule-based or 

conceptually grounded linguistic knowledge. 

At the same time, the results presented in these different lines of work make 

clear that model behavior is not uniform, but varies in systematic ways across 

dimensions of linguistic variation. Differences emerge with respect to register and 
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genre, for instance when models handle formal versus informal language, as well 

as in relation to pragmatic phenomena such as speech acts or implicatures, where 

performance depends on subtle contextual cues. Variation also becomes visible 

across linguistic systems and resource conditions. The study on Urdu demonstrates 

that, in low-resource settings, model performance is closely tied to the availability 

and distribution of training data, including differences between scripts and degrees 

of standardization. In this sense, linguistic variation is not simply captured by the 

models, but filtered through the uneven representation of languages, varieties and 

usage contexts in the data on which they are trained. 

Some of the investigations show that computational models encode socially 

and distributionally mediated norms of language use. Rather than operating with 

stable, context-sensitive representations of meaning, they reproduce patterns that 

reflect frequency, co-occurrence and conventionalization in the training data. This 

becomes particularly apparent in cases involving gradience, idiomatic expressions 

or culturally embedded meanings, where models tend to default to more literal, 

prototypical or statistically dominant interpretations. As a result, the linguistic 

behavior of these systems cannot be separated from the social and distributional 

structures that shape their input. 

In addition to these descriptive findings, the contributions raise a set of 

methodological issues that are directly relevant for the use of AI systems in 

linguistic research. Questions of reproducibility and consistency arise, for instance, 

when model outputs vary across prompts or over time. The use of LLMs as 

annotators or linguistic informants introduces further challenges, including the 

opacity of their decision processes and the difficulty of interpreting their outputs in 

theoretically meaningful terms. At the same time, the high level of performance 

observed in tasks such as semantic annotation or speech act classification highlights 

their practical usefulness, particularly in contexts where traditional resources are 

limited. 

What emerges from these studies is not a single, unified picture, but a set of 

converging insights into the nature of AI-based language processing. The analysis 

show that such systems are capable of capturing a wide range of linguistic patterns 

across tasks, domains and languages. At the same time, they make visible the extent 

to which this capacity is grounded in distributional learning, shaped by data 

availability and bias and constrained in cases that require deeper contextual, cultural 

or pragmatic interpretation. 

In this sense, the papers provide concrete empirical support for the broader 

claim that AI systems both reflect and amplify patterns of linguistic variation. They 

demonstrate that variation can be modeled at scale, but also that what is captured, 

how it is represented and where the limits lie depend crucially on the structure and 

composition of the underlying data. Rather than approximating a human-like 

linguistic system, these models instantiate a particular form of data-driven 

generalization, one that reproduces existing regularities while also making their 

unevenness more visible. 
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3 Outlook and future directions 

 

The studies in this special issue make clear that current AI-based approaches to 

language are already capable of modeling a wide range of linguistic phenomena. 

What is now at stake is less whether these systems can produce linguistically 

plausible output and more how their behavior can be understood, controlled and 

critically evaluated in relation to linguistic theory. 

One central direction concerns the systematic study of linguistic variation 

in AI systems. While variation is clearly present in model outputs, it is not yet well 

understood how it is internally represented, how stable it is across prompts and 

contexts or how it interacts with social and contextual factors such as register, 

identity and communicative setting. Future work needs to move beyond isolated 

case studies toward more controlled, comparative designs that make variation itself 

the object of investigation. 

A second key area lies in the relationship between data, representation and 

linguistic knowledge. Current models derive their behavior from large-scale, 

unevenly distributed data, which raises the question of how different types of input 

shape what is learned and what remains inaccessible. This is particularly relevant 

for low-resource languages and non-standard varieties, where gaps in data lead 

directly to gaps in model performance. More work is needed on data curation, 

controlled input manipulation and the development of evaluation frameworks that 

make such asymmetries visible. 

Third, the role of AI systems as tools in linguistic research requires closer 

methodological scrutiny. Using models as annotators, informants or generators of 

linguistic data opens new possibilities, but also introduces problems of 

reproducibility, stability and interpretability. Small changes in prompting can lead 

to different outputs and model updates can shift behavior over time. Establishing 

more transparent and standardized ways of working with these systems will be 

crucial if they are to become reliable instruments in empirical research. 

Another promising direction concerns the interaction between surface 

performance and underlying generalization. The empirical investigations in this 

special issue show that models perform well on tasks such as annotation, translation 

or classification, yet struggle with phenomena that require deeper contextual or 

culturally grounded interpretation. This raises the question of what exactly is being 

learned and whether current architectures can be pushed beyond distributional 

approximation toward more robust forms of generalization. 

Finally, there is growing scope for integrating computational approaches 

more closely with linguistic theory. Rather than treating AI systems as black-box 

tools, future work can use them to test hypotheses about language structure, 

variation and change, while at the same time using linguistic theory to better 

interpret model behavior. This two-way interaction has the potential to move the 

field beyond purely performance-driven evaluation toward a more explanatory 

understanding of language in AI. 
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What emerges from these directions is a shift in focus: from building ever 

more capable models to developing a clearer account of how these systems 

represent, reproduce and transform language. This includes not only their technical 

performance, but also the linguistic and social assumptions embedded in their 

design and training. In this sense, the study of AI and language is no longer only 

about improving systems, but about understanding what kind of language these 

systems make possible. 
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