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Abstract

Despite substantial recent advances in language models (LMs), their syntactic competence remains
largely unexplored in low-resource languages. Lithuanian presents a particularly interesting test case
due to its rich morphology and the scarcity of evaluation resources. The only existing benchmark covers
a limited range of syntactic phenomena, making it difficult to assess how well language models capture
the complexities of Lithuanian grammar.

To address this gap, this thesis introduces a new minimal-pair benchmark for Lithuanian syntax. The
dataset consists of grammatical and ungrammatical sentence pairs targeting 31 linguistic phenomena and
64 error types derived from attested language use. The benchmark is used to evaluate 78 monolingual
and multilingual language models. In addition, human acceptability judgments are collected to enable
comparisons between model predictions and native speaker intuitions.

The results reveal large variation in performance across models and syntactic constructions. Mono-
lingual Lithuanian models achieve the strongest results, and performance generally improves with model
size. Moreover, the proposed benchmark proves considerably more challenging than the existing multi-
lingual benchmark including Lithuanian, exposing weaknesses that remained undetected in previous
research. Overall, this work extends the available evaluation resources for Lithuanian and contributes to a

more comprehensive assessment of syntactic competence in low-resource, morphologically rich languages.

Keywords: language models, syntactic competence, low-resource languages, Lithuanian, morphol-

ogy, minimal-pair evaluation.



Acknowledgements

To me, this thesis represents more than the final step of my Master’s degree. Earlier in life, I was used
to travelling from A to Z along relatively straightforward paths. The journey toward completing this
degree, however, took a few zigzags that taught me to become highly adaptable. Along the way, I
completed another Master’s degree, presented my work at both the national and international levels,
and, most importantly, discovered where my true passions and strengths lie. Looking back, the journey
was challenging at times but ultimately truly rewarding.

Of course, none of this would have been the same without the people who accompanied me along the
way. Given the linguistic focus of this thesis, it feels fitting to borrow an expression from Lithuanian to
express my gratitude. In my native language, exceptional respect is sometimes conveyed by describing
someone as being with a capital letter (in Lithuanian, i§ didZiosios raidés), meaning they truly embody
the qualities associated with their role.

That is how I think of my supervisor, Raquel G. Alhama. To me, she is an Educator with a capital
E. Her expertise, kindness, and sincere enthusiasm for my research made this project enjoyable and
helped me overcome the self-doubt I often struggled with.

I would also like to thank Paul Dekker, another remarkable Educator, for his genuine care and
dedication to students.

My gratitude also goes to Tanja Kassenaar, the Study Advisor for the Master of Logic programme,
who helped me navigate my academic path and encouraged me to reflect on difficult questions, as well
as to Dick de Jongh, my Mentor, for his constant support.

I am grateful to my fellow student and friend, Elynn Weijland, whose friendship made this journey
much easier and more fun.

I want to thank my parents, my sister, and my partner: Remigijus, Daiva, Agné, and Adel. No
matter what I do, they are always rooting for me so strongly that I sometimes cannot believe how lucky
I am to be part of this family.

Finally, although I cannot mention everyone by name, I would like to thank all the staff members
of the ILLC and the fellow students I had the pleasure of meeting and working with. From my very
first day, I was captivated by the enthusiasm for learning within this community. I do not think I have
ever met so many people in one place who genuinely love what they do, and their passion continues to

inspire me.



Contents

1 Introduction 4
1.1 Motivation . . . . . . . . . 4
1.2 Research Aim, Questions and Hypotheses . . . . . . ... .. ... ... .. .. .... 4

1.2 Alm .o 4
1.2.2 Research Questions . . . . . . . . . . . . .. 5
1.2.3 Hypotheses . . . . . . . . . 5
1.3 Contributions . . . . . . . . . . e 6

2 Background and Literature Review 7
2.1 Language Models . . . . . . . . . 7
2.2 Language Model Characteristics . . . . . . . . . . . ... 8

2.2.1 Base, Instruct, and Reasoning Models . . . . . . .. ... ... ... ...... 8
2.2.2  Dense vs. Sparse (Mixture-of-Experts) Models . . . . . .. ... ... ... ... 9
2.2.3 Model Size . . . . .. 9
2.24 Context Length . . . . . . . .. . 9
2.2.5  Language Support . . . . . . . .. 9
2.3 Linguistic Evaluation of Language Models . . . . . . . .. . ... .. .. ... ..... 10
2.3.1 Grammaticality Judgments . . . . . .. ... L 10
2.3.2  Challenges in the Evaluation of Low-Resource and Morphologically Rich Languages 11
2.3.3 Evaluation of Lithuanian in Language Models . . . . . . .. ... .. ... ... 11
2.4 Human Acceptability Judgments . . . . . . . . ... L 14

3 Methodology Overview 15
3.1 Data . . . o e 15
3.2 Model Evaluation . . . . . . . . .. L 16
3.3 Human Acceptability Ratings . . . . . . . . ... 16
3.4 Results. . . .o o e 16
3.0 Discussion . . . . ..o e 16

4 Data Collection 17
4.1 Motivation and Design Principles . . . . . . . . . . ... oo 17
4.2 SOUTCES . v v v v e e e e e 17

4.2.1 Valstybiné lietuviy kalbos komisija . . . . . . .. .. ... L 0oL 17
4.2.2  Additional Websites . . . . . . ... 18
4.2.3 COrpuS . .« o i e 19



4.2.4 Semi-Automatically Generated Sentence Pairs . . . . . ... ... ... ..... 19

4.3 Dataset Creation ProCess . . . . . . . o o i i it e e 19
4.4 Dataset Structure . . . . . . . e e e 19
4.4.1 Linguistic Phenomena . . . . . . . . . . . ... e 20
4.4.2 Typesof Errors . . . . . . . . . e e 21
4.4.3 Sources Of Errors . . . . . . . . e 22
4.4.4 EXCEPtiONS . . . . . . . e e e e e 23
4.5 Sentence Length . . . . . . . e 24
4.6 Minimality in Sentence Pairs . . . . . . . . . . e 25
Model Evaluation 26
5.1 Language Model Families . . . . . . . . . . . . . . e 26
5.2 Model Characteristics . . . . . . . . . . e 27
5,21 Model Sizes . . . . . e 28
5.2.2 Model Versions . . . . . . .. e 28
5.2.3 ContextlLengths . . . . . . . . . . . .. .. e 29
5.2.4 Language Coverage . . . . . . .« o it i e e 29
5.3 Evaluation Process . . . . . . . . e 30
Human Acceptability Ratings 32
6.1 Experimental Design and Procedure . . . . . . . . . . . . . e 32
6.2 Participants . . . . . . .. e 33
6.3 Experimental Materials . . . . . . . . . . e e e e 34
6.4 ResUlts. . . . . . . e 35
6.4.1 Acceptability per Phenomenon . . . .. .. .. .. ... .. .. .. . 0o 35
6.4.2 Acceptability per Error Type . . . . . . . L 36
Results 41
7.1 Overview of Model Performance . . . . . . . . . . . . . . 41
7.2 Model Performance by Linguistic Phenomenon . . . . .. ... .. ... ........ 42
7.3 Model Performance by Error Type . . . . . . . . . . . e 45
7.3.1 Phenomenon Type 1: UseofCases . . . ... ... ... .. ... ..., 45
7.3.2 Phenomenon Type 2: Use of Prepositions . . . . . . ... ... ......... 46
7.3.3 Phenomenon Type 3: Useof Forms . . . . . . .. .. ... ... ... ...... 46
7.3.4 Phenomenon Type 4: Coordination of Sentence Elements and Clauses . . . . . a7
7.4 E ects of Model Characteristics on Decision Accuracy . . .. .. .. .. .. .. .... 51
7.5 Correlations Between Model and Human Judgments . . . . ... ... ... ...... 51
7.6 Correlations Between Model and Human Judgments by Phenomenon Type . . . . . . . 53
7.6.1 Phenomenon Type 1: Useof Cases . . . ... ... ... ... 54
7.6.2 Phenomenon Type 2: Use of Prepositions . . . . .. ... ... ......... 55
7.6.3 Phenomenon Type 3: Useof Forms . . . . . . . . . . ... ... ... ...... 55
7.6.4 Phenomenon Type 4. Coordination of Sentence Elements and Clauses . . . . . 55
7.7 Summary of Key Findings . . . . . . . . .. 55



8 Discussion 57

8.1 Interpretation of Results . . . . . . . . . . . . ... 57
8.1.1 Overall Syntactic Performance . . .. ... ... .. ... .. .. ... ... 57
8.1.2 Multilingual and Monolingual Models . . . . ... ... ... .. ........ 58
8.1.3 The Eectof Model Size . . . . . . . . . . ... . 58
8.1.4 Base and Instruct Models . . . . . .. . ... ... 58
8.1.5 Alignment with Human Judgments . . . . . . . .. ... ... ... ....... 59
8.2 Error Analysis . . . . . .. 59
8.2.1 Most Challenging Error Types . . . . . . . o i i i it it 59
8.2.2 Additional Observations on Model Performance . . . . .. ... ... ...... 68
8.2.3 Challenges in Human Acceptability Judgments . . . . .. ... ... ...... 74
8.24 Summary of Key Findings . . . . . . . .. ... ... 75
9 Conclusion 77
9.1 Limitations . . . . . . . . e e e e 77
9.2 Future Work . . . . L e 78
Bibliography 79
Appendices 86
A Data Collection 86
A.1l Additional Data SOUICES . . . . . . . . o i e e e 86
A.2 Data Generation Prompt . . . . . . . . . .. e 87
A.3 Dataset Construction Rounds . . . . . . . . . . .. . . ... e 88
A.4 List of Phenomena and Errors . . . . . . . . . e 89
B Models 92
B.1 Lithuanian Supportin Gemma 3 . . . . . . . . . . ... 92
B.2 Listof Models . . . . . . . . . . e 92
C Human Acceptability Ratings 95
C.1 Survey Construction . . . . . . . . e e e e e 95
C.2 Instructions to Participants . . . . . . . . . . . e 96
D Results 97
D.1 Model Results . . . . . . . . e e e 97
D.2 Condence Intervals . . . . . . . . . . . e 97
E Error Analysis 104
E.1 Error Type Diculty . . . . . . . . . e 104
E.2 Human Acceptability Ratings . . . . . . . . . . .. 105



1 Introduction

In this chapter, | present the study by outlining its motivation and aim, formulating the research
questions and hypotheses, providing an overview of the approach, and discussing the contributions to
the eld.

1.1 Motivation

Language models (LMs) continue to demonstrate increasingly impressive capabilities, including in the
domain of linguistic competence (Braga et al., 2025). To better understand the extent of these abilities,
researchers have developed targeted evaluation benchmarks. One such benchmark, BLIMP (Warstadt,
Parrish, et al., 2019), assesses models' syntactic knowledge using minimally di erent sentence pairs
that contrast in grammaticality. However, this and most other widely used benchmarks focus on major
world languages, particularly English, which remains predominant in global research (Rao et al., 2025;
X. Zhang et al., 2023). As a result, English bene ts from both extensive training data and abundant
evaluation resources.

In contrast, low-resource and less-studied languages face a scarcity of both data and evaluation
benchmarks. Lithuanian is one such language. With regard to syntactic evaluation, only one study
to date has addressed Lithuanian, namely MultiBLIMP (Jumelet et al., 2025). While MultiBLiMP
provides a multilingual syntactic benchmark for numerous underrepresented languages, it covers only a
limited set of linguistic phenomena, speci cally two types of subject verb agreement. In Lithuanian,
these phenomena are marked by strong morphological cues, which may allow models to achieve high
performance without demonstrating a deeper understanding of syntactic structure.

This limitation highlights the need for a more comprehensive and linguistically informed evaluation
of language models on Lithuanian syntax.

1.2 Research Aim, Questions and Hypotheses

121 Aim

The present study has two main aims: (i) to develop a dataset suitable for evaluating language models
on Lithuanian, and (ii) to assess the extent to which LMs capture the syntactic properties of Lithuanian
using this novel dataset. Speci cally, the study investigates whether LMs can reliably distinguish
between grammatical and ungrammatical sentences across a range of syntactic phenomena.



1.2.2 Research Questions

The following research questions (RQs) guide this study:

Con rmatory RQs

1. To what extent do large language models correctly distinguish between grammatical and ungram-
matical sentences in Lithuanian?

2. How does the performance of globally oriented multilingual models compare to that of European-
focused multilingual models? How do both compare to monolingual (Lithuanian) models?

3. How does model size a ect performance?

4. How do di erent model versions (base vs. instruct) compare in performance?

Exploratory RQs
5. To what extent do model judgments align with native speaker acceptability judgments?

6. Which syntactic phenomena and error types pose the greatest challenges for these models?

1.2.3 Hypotheses

The following hypotheses are formulated for the con rmatory research questions, whereas the exploratory
guestions are left open. The numbering corresponds to the research questions presented in Section 1.2.2.

1. Although accuracy for Lithuanian in MultiBLIMP (Jumelet et al., 2025) is relatively high (ranging
from 0.832 to 0.985 across models), it is expected that the dataset developed in this study, which
is speci cally designed to target syntactic phenomena that are challenging even for native speakers,
will yield a more realistic evaluation, resulting in lower model accuracy.

2. Following previous research on Dutch LMs (Vlantis & Bloem, 2025), language-speci ¢ models
tend to outperform multilingual models on various linguistic tasks. Therefore, it is expected that
monolingual Lithuanian models will outperform European-focused multilingual models, which in
turn will outperform globally oriented multilingual models.

3. The in uence of model size tends to depend on the task. While larger models often outperform
smaller ones on complex tasks (Luo et al., 2025), small language models (SLMs) can sometimes
achieve competitive or even superior performance on simpler tasks due to their e ciency (Subra-
manian et al., 2025). Therefore, for the relatively constrained task of grammaticality judgment on
short Lithuanian sentences, it is expected that larger and smaller models will perform similarly.

4. Finally, prior studies suggest that the relative performance of base versus instruct models also
depends on the task. For example, in domain-speci ¢ tasks such as mathematics, instruct models
do not always outperform base models (Munjal et al., 2026). Moreover, the authors claim that
instruct models tend to outperform base versions in few-shot settings. Given that the current
task is also domain-speci ¢ and does not require interactive capabilities, it is expected that base
models will either outperform instruct models or yield similar results.

5



1.3 Contributions

This thesis contributes to the elds of natural language processing (NLP) and Lithuanian language
technology in several ways:

1. The development of a novel syntactic evaluation dataset speci cally designed for Lithuanian,
grounded in linguistic evidence and native speaker error patterns. Unlike benchmarks based
on automatically extracted data, such as MultiBLIMP (Jumelet et al., 2025), this dataset is
manually constructed and carefully curated, thereby avoiding errors that may arise from automatic
extraction. Moreover, in comparison to MultiBLIMP, which focuses on two types of agreement
phenomena, this dataset includes 31 linguistic phenomena further divided into 64 error types,
thus providing a more comprehensive and challenging evaluation setting.

2. A systematic quantitative evaluation of a wide range of language models (LMs) on Lithuanian
syntax, including comparisons between multilingual and monolingual models, as well as across
di erent model sizes and versions.

3. A gualitative linguistic analysis of the resulting error patterns, identifying the syntactic phenomena
that are handled robustly by current models and those that continue to pose di culties.

4. The design and collection of human acceptability judgments for Lithuanian minimal sentence
pairs, alongside a comparison with model predictions. This contributes to the broader discussion
on whether large language models exhibit human-like linguistic competence.



2  Background and Literature Review

This chapter presents the theoretical background and related work relevant to this study. It begins
with an introduction to language models (LMs), followed by an overview of their key architectures and
characteristics. In particular, it discusses distinctions between base, instruction-tuned, and reasoning
models, as well as between dense and sparse architectures. It also covers additional aspects such as
model size, context length, and language coverage.

The chapter then examines the use of LMs in linguistic evaluation tasks, providing an overview of
grammaticality judgments, previous research in this area, and the challenges associated with evaluating
low-resource and morphologically rich languages. Next, it reviews prior work on the evaluation of
Lithuanian language processing and linguistic competence. Finally, the chapter discusses human
acceptability judgments and their importance as a benchmark for assessing language model performance
on linguistic tasks.

2.1 Language Models

Language models (LMs) are computational systems trained on large amounts of text data. By being
exposed to extensive linguistic input, they learn syntactic and semantic relationships that enable them
to perform various of natural language processing (NLP) tasks, such as sequence labeling, named entity
recognition, question answering, text summarization, and machine translation (Jurafsky & Martin,
2026).

Modern language models are typically based on Transformer architectures (Vaswani et al., 2017),
which represent a major milestone in arti cial intelligence (Ghaseminejad Raeini, 2025). One of the
most important properties of these architectures is the self-attention mechanism, which allows the
model to learn the relationships between all tokens in an input sequence. In this way, the model
can dynamically weigh the importance of di erent tokens when computing contextual representations
(Jurafsky & Martin, 2026).

Transformer models are commonly categorized into three main architectural families: encoder-
only, decoder-only, and encoder decoder models. These architectures di er in how they process text.
Encoder-only models, such as BERT (Devlin et al., 2018), are trained using the masked language
modeling (MLM) objective, where selected tokens in an input sequence are masked and the model learns
to predict them using both left and right context. This bidirectional modeling approach is particularly
e ective for token-level NLP tasks, such as sequence labeling and named entity recognition (Jurafsky &
Martin, 2026).

However, encoder-only models are less suitable for open-ended text generation tasks, such as text
generation, question answering, and text summarization, where the model must produce new sequences
rather than predict missing tokens within a xed input. This limitation is addressed by decoder-only
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models. Decoder-only models, such as GPT (Radford et al., 2018), are trained using the causal
language modeling (CLM) objective, where each token is predicted based only on preceding tokens in a
left-to-right manner (Jurafsky & Martin, 2026).

Finally, encoder decoder models combine two Transformer components: an encoder, which processes
the input sequence and produces contextual representations, and a decoder, which generates an
output sequence conditioned on these representations. Unlike encoder-only and decoder-only models,
encoder decoder architectures are designed for tasks in which the input and output sequences may di er
substantially in both content and length (Jurafsky & Martin, 2026). Consequently, encoder decoder
models, such as T5 (Rael et al., 2019), are particularly well suited for sequence-to-sequence tasks,
such as machine translation.

However, this study focuses on decoder-only models, as they have become the dominant architecture
in contemporary language modeling following the success of the GPT family of models (Radford
et al., 2018). Their simpler training procedure compared to encoder decoder architectures has further
contributed to their widespread adoption (B. Zhang et al., 2025).

2.2 Language Model Characteristics

Language models can be characterized by several key attributes, including their version, architecture, size,
context length, and language support. These characteristics are discussed in the following subsections.

2.2.1 Base, Instruct, and Reasoning Models

The rst step in developing a language model is a process known as pre-training, during which the
model is trained on large amounts of data (Jurafsky & Martin, 2026). The resulting models are referred
to as base models. While these models acquire general knowledge from the training data, they are not
speci cally optimized to follow user instructions or preferences.

To better align language models with human expectations, additional post-training techniques are
applied. Two common forms of alignment are instruction tuning and preference alignment (Jurafsky &
Martin, 2026). In instruction tuning, a base model is ne-tuned on a dataset consisting of instruction-
response pairs, enabling it to follow user instructions and perform a wide range of tasks more e ectively.
This process is typically carried out using Supervised Fine-Tuning (SFT) and results in an instruct
model (Jurafsky & Martin, 2026).

Preference alignment aims to make model outputs more consistent with human preferences. In this
approach, common methods include Reinforcement Learning from Human Feedback (RLHF) and Direct
Preference Optimization (DPO) (Jurafsky & Martin, 2026).

A third category of language models is reasoning models. These models are typically created
by applying SFT followed by additional Reinforcement Learning (RL) aimed at improving reasoning
capabilities. For example, this training pipeline was used in the development obeepSeek-RI1DeepSeek-
Al, 2025). Reasoning models are designed to perform complex multi-step reasoning and generally
achieve stronger performance on tasks involving mathematics, logic, coding, and problem solving.

However, this study employs only base and instruct models. The task considered in this work is
straightforward and does not require the advanced reasoning and problem-solving capabilities o ered
by reasoning models.



2.2.2 Dense vs. Sparse (Mixture-of-Experts) Models

Language models also di er in their underlying architectures. Two major architectural categories are
dense models and sparse models, more formally referred to as Mixture-of-Experts (MoE) models (Mu
& Lin, 2025). In dense models, all model parameters are involved in processing every input token. In
contrast, MOE models activate only a subset of their parameters for each token, thereby reducing the
amount of computation required during inference.

MoE models consist of multiple specialized expert networks and a routing mechanism that determines
which experts should process a given token. This architecture enables the model to increase its total
number of parameters and specialize in di erent domains while keeping the computational cost per
token relatively low.

This study includes both dense and sparse models.

2.2.3 Model Size

Another important characteristic of language models is the number of parameters. This quantity is
typically expressed in millions or billions, for example as 125M or 14B (Wu & Tang, 2024). As presented

in Section 2.2.2, dense models use all of their parameters when processing an input, whereas in sparse
models only a portion of parameters is activated for each input.

For MoE models, it is therefore common to distinguish between the total number of parameters and
the number of active parameters used during inference (Wu & Tang, 2024). For exampléLaMA 4 Scout
from the LLaMA 4model family (Meta Al, 2025) has a total of 109B parameters, while approximately
17B parameters are activated per token.

2.2.4 Context Length

When discussing language models, another important factor to consider is context length, sometimes
also referred to as the context window. This term refers to the maximum number of tokens that a
model can process at once (Jurafsky & Martin, 2026). Tokens are de ned by a tokenizer and represent
subword units of text (Jurafsky & Martin, 2026).

The size of the context window varies across language models and is often used as an indicator of
their ability to handle long input sequences. A longer context length allows a model to process longer
texts and capture long-range dependencies (An et al., 2024).

However, in this study, although context length is reported for each model to provide a broader
understanding of their general capabilities, this characteristic is not meaningful for the task at hand.
The task, namely evaluating grammaticality in minimal sentence pairs, involves very short sentences
and does not require modeling long-range dependencies.

2.2.5 Language Support

Language models also di er in the languages they support. While many language models are trained
primarily on English data, others are pre-trained on multilingual corpora and are therefore capable of
processing and generating text in multiple languages (Ozsoy, 2024).

However, even among multilingual models, the degree of language support varies (Ozsoy, 2024). For
example, a model may be trained on both a high-resource language, such as English, and a low-resource



language, such as Lithuanian. Because the amount of training data available for English is typically
much larger, the model may exhibit stronger capabilities in English than in Lithuanian.

In this study, language support is an important characteristic because the evaluated models represent
di erent language coverage strategies. This study includes monolingual Lithuanian models, which are
speci cally designed to perform well on Lithuanian data, as well as models with a European focus,
such asEuroLLM which is trained on all o cial languages of the European Union. Finally, the study
also includes models with a global language scope, meaning that they are trained on a diverse set of
languages from around the world.

2.3 Linguistic Evaluation of Language Models

2.3.1 Grammaticality Judgments

As language models (LMs) become increasingly capable of solving a wide range of NLP tasks, it is
crucial to develop methods to assess the extent of their linguistic knowledge. Grammaticality judgment
tasks serve this purpose: through either binary classi cation or comparative judgments using minimal
sentence pairs, they are designed to evaluate whether LMs can successfully distinguish ill-formed from
well-formed sentences in natural languages, based on syntactic and, in some cases, semantic criteria.

Several benchmarks have been proposed for grammaticality judgment tasks. One of themTiargeted
Syntactic Evaluation (TSE) (Marvin & Linzen, 2018). This work is notable for its use of minimal
sentence pairs to assess language models' understanding of speci c syntactic phenomena, thereby
enabling a more ne-grained analysis of their strengths and weaknesses. Minimal sentence pairs consist
of two sentences that di er only in a small, controlled linguistic property. In this evaluation setting,
models are presented with a grammatical and an ungrammatical version of an otherwise identical
sentence and must determine which one is more acceptable. However, TSE focuses on only three
linguistic phenomena: subject verb agreement, re exive anaphora, and negative polarity items.

Another in uential benchmark is the Corpus of Linguistic Acceptability (CoLA) (Warstadt, Singh,
& Bowman, 2019), which forms part of the General Language Understanding Evaluation(GLUE)
benchmark (A. Wang et al., 2018). CoLA is a binary classi cation task consisting of 10,657 grammatical
and ungrammatical English sentences, which are further categorized into 15 broad classes of syntactic and
semantic phenomena. Models are presented with each sentence in isolation and must determine whether
it is grammatically acceptable or unacceptable. Unlike minimal-pair benchmarks, CoLA evaluates
acceptability judgments at the level of individual sentences, allowing direct comparison between model
predictions, human acceptability judgments, and theoretical claims in generative linguistics.

A more comprehensive benchmark based on minimal sentence pairs is tBenchmark of Linguistic
Minimal Pairs (BLiMP) (Warstadt, Parrish, et al., 2019). BLIMP extends the minimal-pair methodology
of TSE by substantially increasing the coverage of linguistic phenomena while also adopting a di erent
evaluation setting than CoLA. Since CoLA is formulated as a supervised acceptability classi cation task,
evaluating language models on it typically requires training a classi er on labeled acceptability judgments.
Consequently, it can be di cult to determine whether a model's performance re ects grammatical
knowledge already encoded in its representations or information acquired during task-speci ¢ supervised
training. BLIMP avoids this issue by evaluating language models directly on minimal sentence pairs,
without requiring additional acceptability supervision. The benchmark covers 12 linguistic phenomena,
which are further divided into 67 paradigms (referred to in this study aserror types). Each paradigm
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contains 1,000 minimal sentence pairs that are automatically generated from handcrafted templates. As
in TSE, models are evaluated based on their ability to assign a higher probability to the grammatical
sentence in each pair (Marvin & Linzen, 2018).

Since the creation of BLIMP, such evaluation paradigms have become a standard method for
assessing the syntactic knowledge of LMs and have inspired numerous language-speci ¢ adaptations,
including Chinese (CBLIMP; (Xiang et al., 2021)), Japanese (JBLIMP; (Someya & Oseki, 2023)),
Russian (RuBLiMP; (Taktasheva et al., 2024)), Icelandic (Armannsson et al., 2025), Urdu (UrBLiMP;
(Adeeba et al., 2025)), Italian (BLIMP-IT; (Barbini et al., 2025)), Irish (Irish-BLiMP; (McGi et al.,
2025)), Turkish (TurBLiMP; (Ba3ar et al., 2025)), and Dutch (BLiIMP-NL; (Suijkerbuijk et al., 2025),
(Pestel et al., 2025)). In addition, the multilingual MultiBLIMP benchmark covers 101 languages
(Jumelet et al., 2025).

2.3.2 Challenges in the Evaluation of Low-Resource and Morphologically Rich
Languages

Nevertheless, while there has been a rise in BLIMP-style benchmarks (see Section 2.3.1) that have been
developed not only for widely spoken languages but also for low-resource languages such as Icelandic,
most well-known benchmarks remain English-centric. Consequently, underrepresented languages often
include both low-resource languages and languages that di er typologically from English, such as those
with rich morphological systems.

This underrepresentation is particularly important because evaluating language models only on high-
resource languages such as English provides a limited understanding of their true linguistic capabilities.
Even when models are multilingual and explicitly include low-resource languages, their performance on
English often exceeds that on other languages (Martinez et al., 2024), largely due to the substantially
larger amount of training data available (Nag et al., 2025).

Morevoer, morphologically rich languages often encode grammatical information through a wide
range of in ectional markings, such as case marking, agreement, and verbal in ections (Kondratyuk
et al., 2018). As a result, data available for training language models in these languages is typically
sparser, and models are required to generalize across a large number of surface forms that correspond
to the same underlying lexical items (Singh et al., 2023). Therefore, models that are primarily trained
on English may struggle to demonstrate linguistic competence when evaluated on morphologically rich
languages.

2.3.3 Evaluation of Lithuanian in Language Models

One such low-resource and morphologically rich language is Lithuanian, a Baltic language belonging to
the Indo-European language family. It is spoken by approximately three million speakers in Lithuania,
as well as by fewer than one million speakers outside the country. Interestingly, Lithuanian is considered
one of the most archaic living Indo-European languages (Hogan-Brun et al., 2005). For this reason,
studying it is of particular importance for linguists.

Lithuanian exhibits a rich in ectional system, including seven grammatical cases (nominative,
genitive, dative, accusative, instrumental, locative, and vocative) and an additional case, the illative,
which is still used in dialectal varieties (Ambrazas, 2026b). It has two grammatical genders (masculine
and feminine), while neuter forms are largely restricted to adjectives and participles used substantively
(Holvoet, 2026). The language also has two productive numbers (singular and plural), although remnants
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of the dual number are preserved in certain noun forms and dialects (Ambrazas, 2026d). In addition,
Lithuanian verbs exhibit extensive in ection, encoding categories such as person, number, tense, mood,
aspect, and re exivity (Ambrazas, 2026a).

Although Lithuanian has a preferred subject verb object (SVO) word order (Dryer, 2013), other
word orders are also fully grammatical, particularly when used for stylistic or pragmatic emphasis
(Ambrazas, 2026e). Consequently, morphological marking plays a crucial role in expressing grammatical
relations, in contrast to English, where such relations are largely encoded through relatively rigid word
order (Kahane et al., 2023). As a result, evaluation resources developed for English cannot be directly
transferred to Lithuanian without careful adaptation.

Evaluation of General NLP Tasks

As Lithuanian is a low-resource language, research on it remains somewhat limited. However, researchers
continuously work to address existing gaps, and studies covering various NLP tasks are steadily emerging.

For example, Kostiuk et al. (2025b) evaluates multilingual large language models (LLMs) on
multiple-choice question answering tasks, focusing on Lithuanian and general knowledge domains,
including history. Another study by Kostiuk et al. (2025a) evaluates LLMs on short-question answering
tasks in Lithuanian and Latvian, two languages belonging to the Baltic language family.

In his Master's thesis, Large Language Models for Lithuanian LanguagePlesevifius (2025) evaluates
LLMs on several widely used benchmarks: Truthful QA (Lin et al., 2021), which measures factual
accuracy; ARC (Clark et al., 2018), which assesses the ability to answer science-related questions;
WinoGrande (Sakaguchi et al., 2019), which evaluates commonsense reasoning and word-sense dis-
ambiguation; MMLU (Hendrycks et al., 2020), which measures performance across a broad range
of subjects, including mathematics and history; HellaSwag (Zellers et al., 2019), which evaluates
commonsense reasoning capabilities; and GSM8K (Cobbe et al., 2021), which assesses mathematical
problem-solving skills.

Mandravickaite et al. (2025) evaluates LLMs on a text summarization task in which models
are instructed to rewrite administrative texts containing domain-speci ¢ jargon into plain-language
summaries that are understandable to a broader audience. Similarly, Kuoraite and Gru®auskas (2025)
investigates the ability of LLMs to simplify Lithuanian texts, making them more accessible to individuals
with cognitive challenges as well as learners of the Lithuanian language.

Finally, Bryskina et al. (2025) evaluates how e ectively open-source LLMs can detect biases related
to race, gender, religion, and physical appearance.

Syntactic Evaluation Tasks

Although there is currently no BLIMP-style benchmark speci cally developed for Lithuanian, the
recently introduced MultiBLIMP benchmark (A Massively Multilingual Benchmark of Linguistic
Minimal Pairs; Jumelet et al., 2025) includes Lithuanian among its 101 evaluated languages, with 1,180
minimal sentence pairs. MultiBLIMP reports the performance of eleven language models, including the
multilingual models LLaMA 38B base, 70B base, and 70B instruct) (Llama Team, 2024)Aya-expanse
(32B instruct) (Dang et al., 2024), Gemma @7B base and instruct) (Gemma Team, 2025)0OLMo232B
base and instruct) (Team OLMo, 2024),Qwen314B instruct) (Qwen Team, 2025), and EuroLLM(9B
base) (Martins et al., 2024), as well as the monolingual Lithuanian modeGoldfish (Chang et al.,
2024).
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Despite its importance as a large-scale multilingual syntactic benchmark to include numerous
low-resource languages, MultiBLIMP has several limitations. First, the minimal sentence pairs used
in the benchmark are generated automatically from Universal Dependencies (UD) treebanksand
UniMorph (UM) resources’. Consequently, the resulting datasets are not manually validated and may
contain annotation errors and unnatural sentence constructions.

Second, the range of linguistic phenomena covered by the benchmark is relatively narrow. The
evaluation focuses exclusively on two types of subject-verb agreement: subject- nite-verb agreement
and subject-participle agreement, tested across the grammatical categories of humber, person, and
gender. These phenomena represent only a small subset of a grammar of any language. Moreover, in
morphologically rich languages, agreement relations are typically expressed through overt morphological
marking. As a result, language models can often rely on surface-level morphological cues when making
grammaticality judgments, reducing the need for deeper syntactic generalization.

Therefore, while MultiBLIMP (Jumelet et al., 2025) provides an important foundation for evaluating
the syntactic knowledge of language models in low-resource languages, its results should not be
interpreted as a comprehensive assessment of linguistic competence in Lithuanian. The evaluated models
achieved accuracies ranging from 83.2%_Mo2a model primarily trained on English-language data)
to 98.5% (EuroLLM a model speci cally designed for European languages) (see Table 2.1). Such high
scores suggest that the benchmark may not be su ciently challenging to reveal ner-grained di erences
in the models' grammatical knowledge. Nevertheless, all eleven models included in MultiBLIMP are
also evaluated in the present study, enabling direct comparison with previously reported results.

Model Family Version Accuracy
LLaMA 3 8B Base 93.6
70B Base 96.6
70B Instruct 96.1
Aya-expanse 32B Instruct 92.3
Gemma 3 27B Base 98.1
27B Instruct 95.5
OLMo2 32B Base 85.1
32B Instruct 83.2
Qwen3 14B Instruct 96.3
EuroLLM 9B Base 98.5
Gold sh 125M Base 97.9

Table 2.1: Accuracy of language models on Lithuanian in the MultiBLIMP
benchmark, reported as percentages in the original study. The lowest
and highest accuracies among the evaluated models are highlighted in
red and green, respectively.

To the best of my knowledge, research on the syntactic evaluation of language models for Lithuanian
remains scarce beyond MultiBLIMP (Jumelet et al., 2025). Related work includes syntactic role labeling
based on Universal Dependencies treebanks, which evaluates models' ability to recover argument
structure rather than their sensitivity to grammatical errors such as incorrect case marking (Temesgen

 https://universaldependencies.org
2https://unimorph.github.io
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et al., 2025). Consequently, there remains a substantial gap in the evaluation of Lithuanian language
models on a broader range of syntactic and morphosyntactic phenomena.

2.4 Human Acceptability Judgments

Human acceptability judgments play a crucial role in syntactic evaluation, as they provide a direct
measure of how native speakers perceive well-formed and ill-formed sentences in a given language
(Chomsky, 1965; Schitze, 1996). Such measures may reveal more than purely grammatical descriptions
and can therefore serve as a valuable benchmark when evaluating language models. In this way, human
acceptability judgments help provide a more grounded assessment of whether models actually possess
the linguistic knowledge in question. Moreover, this approach is of particular value for low-resource
languages (such as Lithuanian), which often have limited availability of high-quality linguistic resources.

For example, human acceptability judgments could be a valuable addition to benchmarks such as
MultiBLIMP. Due to its limited coverage of syntactic phenomena, it is important to verify whether the
tested constructions are genuinely challenging. Moreover, when using generated datasets, there is a
risk of including sentences that are grammatically correct but unnatural to native speakers, thereby
introducing bias into the evaluation.

For this reason, the present study also includes human acceptability ratings. However, this approach
is not novel; rather, it is inspired by prior work in the eld. For instance, the BLIMP benchmark
(Warstadt, Parrish, et al., 2019) employed 20 native English speakers to produce 6,700 judgments
in total, in order to verify whether sentence pairs reliably contrast grammatical and ungrammatical
constructions. In this setup, human participants were given a task similar to that performed by language
models: a forced-choice task in which they were presented with minimal sentence pairs and asked to
select the more acceptable sentence. Similar forced-choice paradigms have also been used in earlier
benchmarks, such as CoLA (Warstadt, Singh, & Bowman, 2019) and TSE (Marvin & Linzen, 2018).

Furthermore, the forced-choice format is also used in most BLIMP adaptations, with exceptions
such as BLiMP-NL (Suijkerbuijk et al., 2025) and TurBLiIMP (Ba3ar et al., 2025), which was inspired
by the Dutch benchmark. These studies adopt gradient grammaticality judgments due to evidence that
human judgments of grammaticality are often gradient rather than binary (Lau et al., 2017).

Therefore, the present study follows this latter approach as well, employing a 7-point Likert scale
(Likert, 1932) to collect human acceptability ratings. Joshi et al. (2015) argue that this scale is preferable
to a 5-point scale, as it provides participants with greater granularity rather than forcing them to round
their judgments to the nearest category.
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3 = Methodology Overview

In this chapter, | present the methodological approach used in this study. Speci cally, | describe the
processes of dataset creation, model evaluation, and the collection of acceptability ratings. | then
outline the approach used for discussing the results and conducting the error analysis (see Figure 3.1).

Figure 3.1: Flowchart depicting the methodological steps undertaken to address the research questions.

3.1 Data

To evaluate the syntactic knowledge of Lithuanian in language models (LMs), | present the models with
minimal sentence pairs. For this purpose, | construct a dataset of Lithuanian minimal pairs covering
four phenomenon types:Use of CasesUse of Prepositions Use of Forms and Coordination of Sentence
Elements and ClausesThese phenomenon types are further subdivided into individual phenomena and
error types (see Sections 4.4.1 and 4.4.2).

The dataset is constructed in three rounds. In each round, additional sentences from di erent
sources (see Section 4.2) are incorporated until the dataset reaches a nal size of 777 minimal pairs.
The dataset creation process is described in detail in Section 4.3.
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3.2 Model Evaluation

The next step in the study involves selecting models for evaluation (see Chapter 5). In total, the study
includes 13 language model (LM) families, covering di erent model sizes and versions, resulting in
78 models overall. The selection comprises both monolingual and multilingual models, with varying
language coverage, including models focused on European languages as well as more globally oriented
ones.

The selected models are evaluated using minimal sentence pairs (see Section 5.3). For each sentence,
negative log-likelihood (NLL) values are calculated. These values are then used to determine which
sentence in each pair is preferred by the model, as well as the model's con dence in its choice (certainty).
Finally, model performance is assessed by computing accuracy across di erent phenomena, error types,
and the dataset as a whole.

3.3 Human Acceptability Ratings

Another important component of the study is the design and collection of sentence acceptability ratings
from native speakers of Lithuanian (see Chapter 6). These ratings provide insight into whether the
selected phenomena and error types are su ciently challenging, and they serve as a human benchmark
for evaluating the models' performance. | collect these ratings through a survey conducted using
Qualtrics® (see Section 6.1).

| then present the results using both descriptive statistics and inferential analyses based on linear
mixed-e ects models (see Section 6.4). This approach allows me to test whether the observed e ects
hold while accounting for variability across participants and items.

3.4 Results

While human acceptability ratings are discussed in Chapter 6, the results of the model evaluation are
presented both separately and in comparison with human judgments in Chapter 7.

Here, | provide quantitative insights based on model accuracy (see Sections 7.1-7.3), followed by
logistic mixed-e ects models to analyse the in uence of model characteristics such as model size and
language support (see Section 7.4). Finally, model predictions are compared with human responses
using Spearman rank correlations (see Sections 7.5 and 7.6).

3.5 Discussion

The results are discussed in two parts. First of all, they are interpreted by a research question and the
corresponding hypothesis (see Section 8.1). Then, the qualitative error analysis focuses on identifying
systematic patterns in the errors made by both the models and human participants, as well as comparing
these patterns (see Section 8.2). It aims to determine which phenomena and error types are particularly
challenging for the models and whether similar di culties are observed among native speakers of
Lithuanian. In addition, this analysis provides insight into the quality of the dataset and highlights
potential directions for future work.

Lhitps:/iwww.qualtrics.com

16



4 Data Collection

This chapter presents the structure and content of the dataset used in the present study. It also
describes the steps taken during the dataset creation process.

4.1 Motivation and Design Principles

To achieve the goal of this thesis, namely, to evaluate the syntactic knowledge of language models on
Lithuanian, it was essential to construct an appropriate dataset. This proved to be one of the main
challenges at the outset of the research. To the best of my knowledge, such an evaluation has not
previously been conducted for Lithuanian, and therefore no suitable dataset was available.

Before creating the dataset, several considerations were established as guiding principles. First,
the dataset needed to be su ciently diverse and include more than only those errors that are highly
transparent due to explicit morphological marking, as such markings may serve as clear cues for the
models. Second, it was important to focus on relevant errors, namely, those that frequently occur in
native speakers' usage. Finally, the selected errors had to be su ciently challenging, meaning that they
should not be trivially easy even for native speakers.

4.2 Sources

The dataset consists of 777 sentence pairs. The most important source is tMalstybine lietuviu kalbos
komisija (VLKK) (Valstybine lietuvi u kalbos komisija (VLKK), 2023), which provided the largest
number of sentence pairs and also determined the dataset structure presented in Section 4.4. In addition,
four other sources (see Table 4.1), described in detail below, were used to expand the base dataset and
ensure a su cient number of sentence pairs for each error type.

4.2.1 Valstybine lietuviu kalbos komisija

Following the design principles outlined above (see Section 4.1), the primary source for the dataset was
selected to be theValstybine lietuviu kalbos komisija(VLKK; in English, The State Commission of
the Lithuanian Languagé (Valstybine lietuvi u kalbos komisija (VLKK), 2023). The VLKK is a state
institution that reports to the Seimas (the Lithuanian Parliament). It is composed of 17 members
appointed for ve-year terms and is tasked with safeguarding the o cial status of the Lithuanian
language. In addition, the Commission oversees language policy and standardization, and approves
authoritative linguistic resources, including dictionaries and textbooks.

The o cial VLKK website provides a list entitled Did° uju kalbos klaidi sjra2as (in English, List of
Major Language Errors), which documents some of the most frequent errors in Lithuanian language
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Figure 4.1: Number of sentence pairs by source.

use. The list was compiled on the basis of language norm violations attested in major daily newspapers
and other press outlets over several years (Urne®ute, 2014). It was rst published in 1997 and, for
more than twenty years, until 2019, had legal force. During that period, failure to comply with the
prescribed norms could result in administrative nes, although in practice these were typically replaced
by o cial warnings (Jafauskas, 2019).

Although the list no longer has legal authority, the errors described in it are still considered non-
normative. According to Aurelija Dvylyte, Head of the Consultation Group of the State Commission
of the Lithuanian Language, while some of the listed errors may be less salient today, they continue
to occur in everyday usage. This is particularly noticeable in the current sociolinguistic context of
Lithuania, where the number of non-native speakers has increased, especially among speakers whose
rst language is Russiart.

Therefore, this list aligns well with the design principles of the dataset: the errors it documents are
still attested in contemporary language use and remain su ciently challenging, even for native speakers.
The dataset includes 365 sentence pairs from this source.

4.2.2 Additional Websites

When expanding the dataset originally sourced from VLKK (Valstybine lietuviu kalbos komisija (VLKK),
2023), additional Lithuanian-language websites were used to ensure dataset variability and reduce
potential bias during the creation process. Whenever possible, sentences were collected from sources
such as municipal government websites and exam preparation resources, resulting in 112 sentence pairs.
The list of these websites is provided in Appendix A.1.

Furthermore, 12 sentence pairs were obtained from the o cial VLKK website, particularly from the
Konsultaciju bankas (in English, Consultation Bank).

!Personal communication with A. Dvylyte via email on 12th February, 2025.
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4.2.3 Corpus

The third source used for dataset construction was the Lithuanian language corpus, speci cally the
Corpus of Contemporary Lithuanian (Vytauto Did®iojo universitetas (VDU), 2013). When searching

for additional sentence pairs, words that are typically associated with errors were selected and used as
search queries in the corpus. The retrieved correct examples were then manually modi ed to produce
corresponding erroneous examples.

However, this source proved to be challenging to use. First, the selection of search words risked
introducing bias, as choosing speci ¢ query words could in uence the types of errors collected. Second,
despite the large size of the corpus (approximately 140.9 million words), the number of relevant search
results was often very limited, making it di cult to obtain high-quality examples. Therefore, only 20
examples were collected using corpus.

4.2.4 Semi-Automatically Generated Sentence Pairs

The nal resource used for dataset expansion involved generating sentence pairs usi@hatGPT-5.1
(OpenAl, 2025), followed by manual correction. This approach was employed to increase lexical
variability and reduce potential selection bias.

When generating sentence pairsChatGPTwas provided with an error description along with several
examples of correct and incorrect sentences. The model was then instructed to generate ten additional
sentence pairs similar to the provided examples, while maintaining lexical diversity (see Appendix A.2).

However, many of the examples generated bZhatGPTcontained errors, were repetitive, or were
otherwise unsuitable for inclusion in the dataset. Therefore, all generated examples were manually
reviewed, and only corrected and reliable sentence pairs were selected, adding additional 268 sentence
pairs to the dataset.

4.3 Dataset Creation Process

The dataset was created in three rounds. In the rst round, only examples from the VLKK List of
Major Language Errors (Valstybine lietuvi u kalbos komisija (VLKK), 2023) were collected, resulting in
365 sentence pairs. In the second round, the dataset was expanded to ensure that each error type was
represented by at least ve sentence pairs. After this stage, the dataset contained 445 sentence pairs.
In the nal, third round, the dataset was further expanded to include at least ten sentence pairs per
error type, resulting in a total of 777 sentence pairs. The distribution of sentence pairs across di erent
language phenomena after each round is presented in Appendix A.3: Figures A.1, A.2, and A.3.

4.4 Dataset Structure

The nal dataset consists of 777 sentence pairs, divided into four language phenomenon typddse of
Cases Use of Prepositions Use of Forms and Coordination of Sentence Elements and Clause&ee
Table 4.2).

Each phenomenon type is further subdivided into individual phenomena, 31 in total:Linksniu
vartojimas (in English, Use of Case¥ comprises 6 phenomenaPrielinksniu vartojimas (in English,
Use of Prepositiong 10, Formu vartojimas (in English, Use of Forms) 11, and Sakinio daliu ir sakiniu
jungimas (in English, Coordination of Sentence Elements and Clausgsl.
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At the most ne-grained level, these phenomena are further divided into speci c error types. In
total, the dataset includes 22 error types within Use of Cases20 within Use of Prepositions 18 within
Use of Forms and 4 within Coordination of Sentence Elements and Clause&ee Appendix A.4).

Finally, for error types that concern only speci c words, the dataset includes a separate column
identifying the source of the problem, namely the problematic word.
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Figure 4.2: Distribution of sentence pairs by phenomenon type.

4.4.1 Linguistic Phenomena

The dataset comprises 31 linguistic phenomena. WithirUse of Casessix phenomena are distinguished,
corresponding to the six core grammatical cases in Lithuanian, with the exception of the vocative. These
include the nominative, genitive, dative, accusative, instrumental, and locative cases. Therefore, the
vocative, the seventh grammatical case in Lithuanian, is not represented as a separate phenomenon. As
described on the o cial website of the Municipality of Marijampole (Marijampoles savivaldybe, 2017),
this case is relatively rare and its use is largely restricted to directly addressing people. Consequently,
native speakers rarely make errors involving the vocative, with exceptions occurring mainly in writing,
where incorrect case endings may be used, or in pronunciation, where stress may be placed on the
wrong syllable.

However, one speci c error type (3.1.2) under theNominative phenomenon concerns the incorrect
use of the nominative in contexts where the vocative should be used. Thus, although the vocative is
not treated as a separate phenomenon, it is indirectly represented in the dataset. Consequently, all
seven grammatical cases of Lithuanian are covered.

The Use of Prepositionscategory comprises ten linguistic phenomena corresponding to the prepo-
sitions ant (in English, on), apie (about), i (into/to ), iki (until/up to ), i# (from/out of ), pas (at/to
someone's placg po (after/under), prie (near/by), priez (before/against/in front of ), and u® (be-
hind/for ).

The third linguistic phenomenon type, Use of Forms comprises eleven linguistic phenomena. These
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include Gender Forms, abu, abi (the masculine and feminine forms corresponding to the Englishoth);
Ordinal numbers denoting decadesin nitive ; Negative predicate forms Simple forms of the subjunctive
mood; Re exive forms; Participles; Half-participles; Adverbial participles, and Adverbs Overall, this
category covers a broad range of challenging form-related phenomena in the language.

Finally, the smallest category Coordination of Sentence Elements and Clausesomprises four
phenomena:gi (a discourse particle used for emphasisjr (in English, and), syk (once), and vietoj to,
kad (instead of).

4.4.2 Types of Errors

Across the 31 linguistic phenomena included in the dataset, 64 distinct error types are identi ed. While
some phenomena involve only a single error type, such as all phenomena within ti@oordination of
Sentence Elements and Clausesategory, others comprise multiple error types. In some cases, the
number of errors reaches up to nine, as observed for ttapie phenomenon within the Use of Prepositions
category.

Below, | provide an example of each phenomenon type to illustrate the dataset. All examples are
glossed according to the Leipzig Glossing Rules (Max Planck Institute for Evolutionary Anthropology,
2015). Ungrammatical sentences are marked with an asterisk. Moreover, the minimal di erences
are colour-coded (green for grammatical and red for ungrammatical sentence parts). The list of
abbreviations is provided in Table 4.1.

Abbreviation Meaning

2 Second person
3 Third person
acc Accusative
dat Dative

f Feminine
gen Genitive

m Masculine
neg Negation
nom Nominative
pass Passive

pl Plural

pfv Perfective
prs Present

pst Past

ptcp Participle
refl Re exive

sg Singular

Table 4.1: Glossing abbreviation conventions.

Use of Cases - 3.3 Dative case - 3.3.4 Dative should not be used with verbs of motion to
express purpose.

(1) Su-si-rin-ko i posed-i.
pfv -refl -gather-pst.3pl to meetingm.acc.sg

“They gathered for a meeting.'
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(2) *Su-si-rink-o posed°-iui.
pfv -refl -gather-pst.3pl meeting-m.dat.sg

“They gathered for a meeting.'

Use of Prepositions - 4.3 | - 4.3.1 | should not be used to express the object of an action
with certain words.

(3) Vadov-as nu-rod-e kelet-j darb-o tukum-u.
managerm.nom.sg pfv -showpst.3sg severalacc.pl job-m.gen.sg shortcomingim.gen.pl

"The manager pointed out several shortcomings in the work.'

(4) *Vadov-as nu-rod-e i kelet-j darb-o tukum-u.
managerm.nom.sg pfv -showpst.3sg to severalacc.pl job-m.gen.sg shortcomingsm.gen.pl

"The manager pointed out several shortcomings in the work.'

Use of Forms - 5.7 Re exive forms - 5.7.1 Re exive forms of certain verbs should not to
be used with a passive meaning if the action cannot occur by itself.

(5) Nosin-e £ia ne-ra-om-a.
nosine-f.nom.sg here neg -write-prs.pass.ptcp -f.nom.sg

“The diacritic nosine is not used here.'

(6) *Nosin-e £ia ne-si-raz-o.
nosine-f.nom.sg here neg-refl -write-prs.3sg

“The diacritic nosine is not used here.'

Coordination of Sentence Elements and Clauses - 6.2 Ir -6.2.1 Ir should not be used to
link words in intensifying constructions with adjectives and adverbs.

(7) Buv-ome labai labai laiming-i.
to.bepst.2pl very very happy-m.nom.pl

"We were very, very happy.'

(8) *Buv-ome labai ir labai laiming-i.
to.bepst.2pl very and very happy-m.nom.pl

"We were very, very happy.'

4.4.3 Sources of Errors

Finally, some errors occur only in combination with speci ¢ words. In such cases, the dataset includes
a separate column problem_source, which speci es the particular word associated with the error.
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For example, error 3.1.1 Nominative cases should not be used to express an inde nite quantity of
things or a part of something (instead of the partitive genitive) with certain verbsapplies to specic
verbs. One such verb isvykti (in English, to happen. Accordingly, the ninth sentence pair in the
dataset contains this verb:

Use of Cases - 3.1 Nominative case - 3.1.1 Nominative cases should not be used to express
an inde nite quantity of things or a part of something (instead of the partitive genitive)
with certain verbs.

(9) Per laik-j i-vyk-0 ir nelaim-iu.
during that-acc time-m.acc.sg happenpst.3pl and accident{f.gen.pl

"During that time, accidents also happened.’

(10) *Per t-j laik-j i-vyk-0 ir nelaim-es.
during that-acc time-m.acc.sg happenpst.3pl and accidentf.nom.pl

"During that time, accidents also happened.'

4.4.4 Exceptions

Importantly, out of the 777 sentence pairs in the dataset, 20 represent exceptions. In these cases,
the sentences do not follow the general rule; therefore, sentences that would otherwise be considered
incorrect are treated as correct. For example, when referring to a person, the title should agree in
gender with the person being described. When referring to a woman, the feminine form should be used,
such asliteratiros kritike AmbraZkaite (see Example 11) instead ofiteratiros kritikas Ambrazkaite (see
Example 12). However, there are exceptions. In particular, masculine nouns are used when referring
to academic degrees. Therefore, it is more appropriate to writé\bsolventei Rutkuteiiteiktas chemijos
destytojo diplomas (see Example 13) rather thanAbsolventei Rutkuteiiteiktas chemijos destytojos
diplomas (see Example 14).

Use of Forms - 5.1 Gender forms - 5.1.1 Masculine-gender noun forms are not to be used
to refer to women when describing professions, positions, academic titles.

(11) Literaur-os kritik-e Ambrazkait-e pri-stat-e nauj-j
literature-f.gen.sg critic-f.nom.sg AmbraZkaite-f.nom.sg pfv -presentpst.3sg new-acc.sg
poezij-0s rinktin-| ir ap-tar-e 2juolaikin-iu
poetry-f.gen.sg anthology-f.acc.sg and pfv -discusspst.3sg contemporary-gen.pl

autor-iu tendencij-as.
author-gen.pl trend-f.nom.pl

“Literary critic Ambrazkaite presented a new poetry anthology and discussed trends among
contemporary authors.'
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(12) *Literaur-os kritik-as Ambrazkait-e pri-stat-e nauj-j
literature-f.gen.sg critic-m.nom.sg AmbraZkaite-f.nom.sg pfv -presentpst.3sg new-acc.sg
poezij-0s rinktin-| ir ap-tar-e 2juolaikin-iu
poetry-f.gen.sg anthology-f.acc.sg and pfv -discusspst.3sg contemporary-gen.pl
autor-iu tendencij-as.
author-gen.pl trend-f.nom.pl

“Literary critic AmbraZkaite presented a new poetry anthology and discussed trends among
contemporary authors.'

EXCEPTION: Use of Forms - 5.1 Gender forms - 5.1.1 Masculine-gender noun forms
are not to be used to refer to women when describing professions, positions, academic
titles; however, they are used when referring to academic degrees.

(13) Absolvent-ei Rutkut-ei i-teik-t-as chemij-os
graduatef.dat.sg Rutkute-f.dat.sg pfv -give{past.pass.ptcp -m.nom.sg chemistry-f.gen.sg
destytoj-0 diplom-as.
teacherm.gen.sg diploma-m.nom.sg

“Graduate Rutkute was awarded a chemistry teacher diploma.'

(14) *Absolvent-ei Rutkut-ei i-teik-t-as chemij-os
graduatef.dat.sg Rutkute-f.dat.sg pfv -give-past.pass.ptcp -m.nom.sg chemistry-f.gen.sg
destytoj-os diplom-as.
teacherf.gen.sg diploma-m.nom.sg

“Graduate Rutkute was awarded a chemistry teacher diploma.'

4.5 Sentence Length

It is worth noting that the sentences provided by VLKK (Valstybine lietuvi u kalbos komisija (VLKK),
2023) were generally relatively short, most often consisting of a single clause without additional
subordination. The average sentence length was 5.26 words per sentence, with a median sentence length
of 5 words. This was not considered a disadvantage. On the contrary, keeping sentences relatively short
helps limit the in uence of additional lexical material or syntactic structures that are unrelated to the
target error (Salhan, 2025).

Accordingly, when adding further sentence pairs in Rounds 2 and 3, preference was also given to
shorter sentences to maintain comparability across sources. As a result, the average sentence length
of sentences from additional sources was 6.53 words (median = 6), while the overall average sentence
length of the dataset was 5.93 words. Therefore, most sentences in the dataset contain approximately
4 8 words.
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4.6 Minimality in Sentence Pairs

An important notion when presenting the dataset is minimality. Although the dataset consists of
minimal sentence pairs, the type of minimal change between grammatical and ungrammatical sentences
varies depending on the linguistic phenomenon and the corresponding error type. The dataset creation
process started from the aforementioned VLKK (Valstybine lietuviu kalbos komisija (VLKK), 2023)
examples; therefore, in rounds 2 and 3, newly constructed sentences followed the structure of the original
ones.

In some cases, the di erence between sentence pairs is as small as a word part, such as a word
ending in phenomena related to case usage (see Examples 1 and 2). In other cases, the di erence
involves an entire lexical item, as illustrated in Examples 5 and 6. Sentence pairs may also di er in
the number of words. For instance, in Examples 7 and 8, the ungrammatical sentence contains an
additional conjunction ir (in English, and).

For some error types, correcting an ungrammatical sentence requires more than a single modi cation.
For example, in Examples 15 and 16, the sentences di er both in lexical choice and in the number
of words, as the ungrammatical sentence contains an additional word. In another sentence pair
(Examples 17 and 18), the correction involves replacingas j; with jos. Both constructions attempt to
express possession by (in English, she), in this case indicating that she has beautiful hairbut only
the latter is grammatical.

In all cases, however, the corrections are designed to involve the smallest possible change required
to make the sentence grammatical.

Use of Prepositions - 4.1 Ant - 4.1.8 Ant should not be used to express the nature/mode/condition
of an action or state.

(15) Nuomoj-u but-j.
rent-prs.1sg apartment-m.acc.sg

‘| am renting an apartment.’

16) *Gyven-u ant but-o.
( y
Iive-prs.lsg on apartment-m.gen.sg

‘| am renting an apartment.’

Use of Prepositions - 4.6 Pas - 4.6.1 Pas should not be used to indicate ownership,
belonging, or possession.

(17) J-os gralus plauk-ai.
shef.gen.sg beautiful-m.nom.pl hair-m.nom.pl
“She has beautiful hair.'

(18) *Pas j-j gralus plauk-ai.
at  shefacc.sg beautiful-m.nom.pl hair-m.nom.pl

“She has beautiful hair.'
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5 Model Evaluation

This chapter provides an overview of the models evaluated in this study, including a description of the
language model families and their main characteristics, as well as the corresponding evaluation process.

5.1 Language Model Families

This study involves 13 language model (LM) families: Aya-expanse (Dang et al., 2024), EuroLLM
(Martins et al., 2024), Phi 3 (Microsoft Team, 2024), Goldfish (Chang et al., 2024),Gemma &emma

Team, 2025),LLaMa 3 3.2 (Llama Team, 2024),LLaMa 4Meta Al, 2025), Neurotechnology (Nakvosas

et al., 2024), OLMo4Team OLMo, 2024), Qwen3Qwen Team, 2025),Salamandra (Gonzalez-Agirre

et al., 2025), Teuken(Ali et al., 2024), and TildeOpen (Bergmanis et al., 2026) (see Table 5.1). Notably,
the Neurotechnology family consists of continual pre-training adaptations of the LLaMa 2models

(Meta GenAl, 2023), speci cally the 7B and 13B parameter variants.

In selecting models for this study, priority was given to the most recently released families. Never-
theless, severalLLaMAnodels from the 3.1-3.3 versions were also included, &8aMA %nly provides
very large models, of which onlyLLaMA 4 Scoutvas included. TheLLaMA 4 Maverickvariant was
excluded due to computational constraints. Including these mid-sized predecessors allows for more
meaningful comparisons within the same model lineage.

Model Family Size Version Supported Languages LT
Aya-expanse 8B, 32B Instruct 23 languages No
EuroLLM 1.7B, 9B, 22B Base/Instruct European languages Yes
Phi 3 3.8B, 7B, 14B (Context: 4K/8K/128K) Instruct 23 languages No
Gold sh 39M (Data: 5MB/10MB) Base Monolingual (350 languages) Yes
125M (Data: 100MB/1GB)
Gemma 3 270M, 1B, 4B, 12B, 27B Base/Instruct > 140 languages Yes?
LLaMa 3.13.3 1B, 3B, 8B, 70B Base/Instruct 8 languages No
LLaMa 4 17B-16E Base/Instruct + MOE 12 languages No
Neurotechnology 7B, 13B Base/Instruct Monolingual (Lithuanian) Yes
OLMo2 1B, 7B, 13B, 32B Base/Instruct Primarily English No
Qwen3 0.6B, 1.7B, 4B, 8B, 14B, 32B, 30B, 235B Base/Instruct + MOE 119 languages Yes
Salamandra 2B, 7B, 40B Base/Instruct European languages Yes
Teuken 7B (Versions: 0.4/0.6) Base/Instruct European languages Yes
TildeOpen 30B Base 34 languages Yes

& Lithuanian is not o cially supported by this model (see Section 5.2.4).

Table 5.1: Language models (LMs) included in this study. The table presents the LM families, model
sizes, and available versions. It also lists the supported languages and indicates whether Lithuanian
(LT) is among them.

Each family includes one or more model sizesTeuken and TildeOpen have only a single size,
whereas some families, such &@wen3o er multiple sizes (Qwen3ncludes eight). In addition to size
variations, most LM families provide both base and instruct versions, while some o er only one of these
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options. Overall, this study evaluates 78 LMs.

These LM families also di er in terms of language support. When selecting models, | focused
primarily on those families that o cially support Lithuanian. However, | later included additional
model families that are frequently mentioned in evaluation contexts related to the Lithuanian language
or culture (see Section 2.3.3). Two modeld\eurotechnology and Goldfish , are monolingual, while
the others target European languages or have a global scope. Notably, seven out of the thirteen LM
families explicitly report support for Lithuanian, whereas the remaining models either do not support it
or do not specify whether it is supported.

Importantly, although all models from the Phi-3 family are advertised as small language models
(SLMs) rather than full-scale large language models (LLMs), in this study | adopt the common
convention of referring to models with  10B parameters as SLMs (Fu et al., 2023). While models
with more than 100B parameters are sometimes classi ed exclusively as LLMs (Fu et al., 2023), for
simplicity | treat all models larger than 10B parameters as LLMs. As a result, some model families
consist entirely of SLMs, others entirely of LLMs, and some include both SLM and LLM variants. For
example, following this categorization, the aforementionedPhi-3 family includes two SLMs (3.8B and
7B parameters) as well as one LLM (14B parameters).

5.2 Model Characteristics

This section describes the key characteristics of the models, including their size, versions, context
lengths, and language coverage (see Figure 5.1).

Figure 5.1: Presentation of model sizes and variants on a logarithmic scale. The darker background on
the left represents small language models ( 10B parameters), while the lighter background on the
right represents large language models.
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5.2.1 Model Sizes

The language models evaluated in this study cover a broad range of sizes in terms of total parameters
(see Figure 5.1). Of the 78 evaluated models, 47 have 10B parameters and are classi ed as small
language models (SLMs), while the remaining 31 exceed 10B parameters and are categorized as large
language models (LLMs). A complete overview of all models, including their sizes, versions, context
lengths, and supported languages, is provided in Appendix (see Table B.1). Among the SLMs, 14
models are extremely small, with 1B parameters. These include all four models from thé&oldfish
family (39M and 125M parameters), all of which are base models that di er in the amount of training
data. For Lithuanian, two 39M models are trained on 5MB and 10MB of data, while two 125M models
are trained on 100MB and 1GB. This variation allows for exploration of how training data scale may
in uence model behaviour. In addition, Gemma @rovides models with 270M and 1B parameters, both
available in base and instruct variants. Similarly, the LLaMa 3.2and OLMoZ2amilies each include a
1B-parameter model, whileQwen 3 ers a 0.6B-parameter model, again with both base and instruct
versions. Teuken another SLM family, is available in two versions,v0.4 and v0.6, which di er in the
amount of pre-training data: the older v0.4 was trained on 4T tokens, whilev0.6 was trained on 6T
tokens. v0.4 is available only as an instruct version, whilev0.6 has both base and instruct versions.
The remaining 33 SLMs have sizes between 1B and 10B parameters.

At the upper end of the spectrum, only three LM families include models with  100B parameters.
All of these models employ the Mixture-of-Experts (MOE) architecture (see Section 2.2.2). These
families include LLaMa 4which provides the Scout (109B parameters), available in base and instruct
versions, as well aQwen 3which includes two 235B-parameter instruct models released at di erent
times.

Although the largest models in this study are MoE modelsQwen 3lso provides a smaller MoE
model with 30B parameters. This model is available in a base version as well as two instruct versions,
one of which is a more recent release.

MoE models di er both in the number of activated parameters and in the number of experts.
LLaMa 4 Scouhas 17B activated parameters, while theQwen3 30Bnd 235B models have 3B and 22B
activated parameters, respectively. In terms of expertsL.LaMa 4 Scouthas 16 experts, whereaQwen3
30B and Qwen3 235BRave 128 experts each.

Overall, out of the 78 evaluated models, 71 are dense (see Section 2.2.2) language models. Among
these, 47 fall into the SLM category with  10B parameters, while 24 are LLMs with sizes between
10B and 100B parameters. The remaining seven models are MoE LMs, with total sizes ranging from
30B to 235B parameters.

5.2.2 Model Versions

All models evaluated in this research are causal language models (CLMs) (see Section 2.1). Among
them, 34 are base LMs, meaning that they are trained on large text datasets to learn linguistic patterns
but are not speci cally trained to follow instructions (see Section 2.2.1). The remaining 44 models are
instruct versions, meaning that they are ne-tuned variants of their original base models. These models
are designed to answer questions and follow prompts more e ectively (see Section 2.2.1). Figure 5.1
presents a visual overview of base and instruct models across families and sizes.

While some LM families o er only base versions of their models, such aSoldfish and TildeOpen,
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other families provide only instruct versions (for example,Aya-expanse and Phi 3). Moreover, the
Qwen 3amily, in addition to providing instruct versions for several models (the dense 4B model and the
MoE 30B-A3B and 235B-A22B models), has also released newer versions of these models. Consequently,
this study includes both earlier and more recent instruct model releases.

It is worth mentioning that a third category of LMs exists, namely reasoning versions. These
models are ne-tuned from the original base models to perform tasks that require logical, multi-step
problem-solving (see Section 2.2.1). However, this category is excluded from the study, as such complex
reasoning tasks are outside its scope.

5.2.3 Context Lengths

In the present study, the context length of the evaluated models is largely irrelevant (see Section 2.2.4),
as the minimal-pair sentences used as inputs are relatively short, typically comprising four to eight
words (see Section 4.5). Consequently, all inputs comfortably t within the context window of every
model.

Nevertheless, reviewing the models by context length provides a comprehensive overview of their
capabilities. The Goldfish family exhibits the shortest context window of 512 tokens across all four
variants. Several families, includingEuroLLM Phi 3, Neurotechnology, OLMozand Teuken feature
models with a 4K-token context window. Models fromAya-expanse, Salamandra/ALIA, and TildeOpen
support 8K tokens, whereasEuroLLM Gemma, Qwen 3and Salamandra/ALIA include models with
32K tokens. Context windows of 128K tokens are available in several families, notablya-expanse,
Phi 3, Gemma, &nd LLaMa 3.1 3.3.

The Mixture-of-Experts (MoE) models provide the longest context windows. Speci cally,Qwen 3
models accommodate 256K tokens, andlLaMa ScoutlOM tokens. For a complete overview of context
lengths across all individual models, refer to Table B.1 in the Appendix.

5.2.4 Language Coverage

The evaluated models di er in their scope of language support. As mentioned in Section 5.1, seven
LM families explicitly report Lithuanian among their supported languages. In addition, Gemma i3
described as covering more than 140 languages worldwide; however, the full list of supported languages
is not publicly available. In this study, Lithuanian is assumed to be included, based on an inspection of
the tokenizer, which shows that the charactere (unique to Lithuanian) exists as a single token (see
Appendix B.1). While this does not guarantee strong model performance on Lithuanian text, it suggests
that the character appeared in the training data.

Consequently, eight of the thirteen LM families are considered to include Lithuanian, corresponding
to 51 of the 80 evaluated models. A complete list of individual models and their reported language
coverage is provided in Appendix Table B.1.

Two families, Neurotechnology and Goldfish , consist of monolingual models, resulting in eight
monolingual systems overall. Several families, namelfguroLLM Salamandra/ALIA, Teuken and
TildeOpen, focus primarily on European languages, including Lithuanian, comprising a total of sixteen
models. In contrast, twenty-seven models that support Lithuanian have a broader, global scope,
belonging to the Gemma &nd Qwen JFamilies.

The remaining ve LM families do not o cially report Lithuanian support. They are included
due to their frequent use in related evaluation tasks or their popularity in the eld, aiming to provide
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a comprehensive comparison (see Sections 2.3.3 and 2.3.3). These familiesfara-expanse, Phi 3,
LLaMa 3.1 3.3, LLaMa 4and OLMo2

5.3 Evaluation Process

All evaluations were conducted on Snellius using NVIDIA H100 GPUs?. The models used in this study
are publicly available on Hugging Facé, although many are gated and require authentication. The
evaluation script therefore authenticates using a Hugging Face access token prior to loading the models.

The script takes as input a CSV le containing sentence pairs and allows selection of the compu-
tational device. During initial testing on a personal laptop, Apple MPS was prioritised. On Snellius,
however, the script prioritises CUDA-enabled GPUs, using the CPU only as a fallback. Although a
primary device is selected for tensor operations, the model itself is loaded witthevice _map="auto",
which automatically distributes its components across available GPU and CPU resources and helps
prevent memory over ow. After device selection, the tokenizer and the chosen causal language model
are loaded. Additionally, the script usestorch_dtype=torch.floatl6 , meaning that computations
are performed using 16-bit oating point precision. This reduces memory usage compared to 32-bit
precision and allows larger models to be processed.

The evaluation proceeds on a sentence-by-sentence basis rather than in batches to simplify the
evaluation procedure. For each sentence, the script computes the negative log-likelihood (NLL) under
a standard causal language modeling objective (Jurafsky & Martin, 2026). A causal language model
factorises the probability of a token sequencev;., as:

\'d
P(Win) = P(W1)P (W2 j Wi)P (W3 j Wi):iP(Wn jWin 1) = P(Wi ] wg):
i=1
The corresponding negative log-likelihood is de ned as:
I
\'d _ ' xXo _
NLL (w1:n) = log P(wijwg) = logP (wi j wg):

i=1 i=1

In practice, the model conditions on each preceding token in the sequence to predict the next
token, and the loss is computed internally by thetransformers library using the input sequence as
labels. The resulting loss re ects how unlikely the sentence is according to the model, with lower NLL
values corresponding to higher probabilities. To avoid bias due to di erences in sentence length, the
implementation uses the mean NLL per token rather than the total NLL:

1 X
mean NLL(wy.) = - logP (Wi j W< ):
i=1

For each sentence pair, the script computes the mean NLL for both the grammatical and ungram-
matical variants. It considers the model's decision correct if the grammatical sentence receives a lower

Lhitps:/iwww.surf.nl/en/services/compute/snellius-the-national-supercomputer
2https://www.nvidia.com/en-us/data-center/h100/
3https://huggingface.co
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mean NLL than the ungrammatical one:

8
< correct if mean NLL(Wgrammatical ) < mean NLL(Wungrammatical );

- incorrect otherwise

The script also computes a certainty score as the di erence between the mean NLL values of the
incorrect and correct sentences, indicating how strongly the model prefers one sentence over the other:

certainty = mean NLL(Wyngrammaticat ) mMean NLL(Wgrammatical )

Finally, the script appends the results (mean NLL scores, certainty, and the model's decision) to
new columns in the dataset and saves the updated data to a new CSV le. It also generates a summary
report that includes overall accuracy, the number of correct and incorrect decisions, and accuracy
broken down by linguistic phenomena and error types:

# correct decisions
# total sentence pairs

accuracy=

The script computes this summary both for the full dataset and for a Itered version excluding
rows marked as exceptions. As the two summaries show minimal variation, this thesis reports only the
full results (including exceptions), while the complete outputs are made available on GitHub.

4https://github.com/urtuteja/Evaluating- The- Syntactic-Knowledge-of- Language-Models-on- Lithuanian
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6 @ Human Acceptability Ratings

In this chapter, | describe in detail how the human acceptability ratings were collected, including
the experimental procedure and the characteristics of the survey, as well as how it was administered.
Moreover, | provide information about the participants and the experimental items. Finally, | present
the results obtained from the survey.

6.1 Experimental Design and Procedure

The survey was conducted using Qualtrics. Participants rst received an information sheet describing
the study and were asked to provide their informed consent. Those who declined were automatically
redirected to the end of the survey. Participants who consented then completed six background
guestions:

1. What is your age (in years)?

2. Do you currently reside in Lithuania? If not, how many years have you been living abroad?
3. Do you have any reading di culties?

4. Is Lithuanian your only native language? If not, please list all your native languages.

5. What is the highest level of education you have completed?

6. Have you studied linguistics or any related eld? If yes, please specify the eld(-s).

All questions were mandatory, so participants could not proceed to the survey without providing
responses.

After completing the background questions, participants were randomly assigned to one of two
survey groups corresponding to di erent sets of error types (see Section 6.3). Within each group,
participants were further randomly directed to one of six survey versions, resulting in a total of 12
possible surveys.

The Qualtrics randomization mechanism counted surveys as presented even if participants did not
nish them. To ensure that each survey version received an approximately equal number of completed
responses, survey counts were monitored and adjusted as needed during data collection.

Once in the survey, participants received brief instructions explaining the task. They were asked to
rate the grammatical acceptability of each sentence on a 7-point Likert scale (see Section 2.4), where 1
indicated a completely unacceptable sentence and 7 indicated a fully acceptable sentence. Participants

Lhttps://www.qualtrics.com
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were instructed to rely on their intuitive judgment, without considering word choice or style, and
without consulting any external sources. They were also informed that there were no right or wrong
answers. The complete instructions provided to participants are included in Appendix C.2.

All sliders had to be adjusted before proceeding, as th&lext button only appeared once every
sentence had been rated. The 32 sentences were presented in randomized order, and each slider was
initially light grey, turning dark grey when moved to indicate which sentences had been rated. These
interface features, including slider colors and next-button activation, were implemented using JavaScript.

Finally, participants had the option to leave optional comments. One participant reported the
Likert scale as redundant, rating all sentences as either 1 or 7. Otherwise, participants indicated that
the survey was clear and easy to complete.

6.2 Participants

To collect the human acceptability ratings, a total of 123 participants were recruited. Of these, 120
responses were considered valid and suitable for further analysis. Two participants were automatically
directed to the end of the survey because they did not agree to participate. Additionally, one participant
reported having reading di culties and was therefore excluded from the analysis.

The patrticipants vary in age, with the youngest being 18 years old and the oldest 81 years old (M
= 43.26, median = 42). The distribution of participant ages is shown in Figure 6.1.
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Figure 6.1: Number of participants by age.

Out of the 120 participants included in the analysis, 111 live in Lithuania, while the remaining nine
live abroad. The duration of residence abroad ranges from 1 to 19 years (1, 3, 5, 7, 12, 16, 16, 17, and
19 years; M = 10.67, median = 12).

Most participants reported Lithuanian as their only native language. Speci cally, 115 participants
identi ed as monolingual Lithuanian speakers, while ve participants reported having multiple native
languages, including English, Russian, and Polish.

Participants were also asked to indicate their level of education. The distribution is skewed toward
higher levels of education: 92 participants hold either an undergraduate or a graduate degree. The full
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distribution of education levels is presented in Figure 6.2. For an overview of the education system in
Lithuania, see Eurydice, which provides comprehensive information on European education systefns
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Figure 6.2: Number of participants by education level.

Finally, participants were asked whether they have studied linguistics or related elds. While 113
participants indicated that they have not, seven participants reported familiarity with elds related
to linguistics, including philology (Lithuanian, Italian, and English), journalism, and communication
science.

Participants were recruited through personal contacts and were encouraged to further distribute the
survey to others. Additional participants were recruited through Facebook groups dedicated to sharing
online surveys?

6.3 Experimental Materials

Testing all 777 minimal sentence pairs was not feasible, as it would have made the survey too long
or required a very large number of participants. The survey was designed to take approximately 10
minutes, since recent studies suggest that this is an optimal length for most types of surveys. Moreover,
surveys longer than 20 minutes can be exhausting for participants and may even lead them to skip
guestions (Revilla & Hohne, 2020; Revilla & Ochoa, 2017). If the survey had been kept short while still
testing all sentence pairs, it would have required 486 participants, which was considered too many to
recruit, particularly given the logistical constraints associated with conducting participant recruitment
between the Netherlands and Lithuania.

Therefore, for the survey, sentence pairs from the dataset were systematically sampled to obtain a
smaller but still representative subset. Three minimal sentence pairs were randomly selected for each
error type, resulting in a total of 192 sentence pairs, as the dataset contains 64 di erent error types
(see Section 4.4.2). Randomly selecting three pairs per error type ensured coverage of the full range of
errors in the dataset.

2https://eurydice.eacea.ec.europa.eu/eurypedia/lithuania/overview
3Three Facebook groups were used to recruit participants: https://www.facebook.com/groups/376071086148311/,
https://lwww.facebook.com/groups/apklausos/, and https://www.facebook.com/groups/339591789517219/.
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The 192 sentence pairs were distributed among participants to keep the survey relatively short
(approximately 10 minutes) and maintain participant engagement. To achieve this, the sentence pairs
were divided across several survey versions. This approach follows a design used in previous studies
with similar experimental setups (Pestel et al., 2025; Warstadt, Parrish, et al., 2019).

First, the sentence pairs were divided into two sets based on error type. Consequently, half of
the participants evaluated sentence pairs representing 32 error types, while the other half evaluated
sentence pairs representing the remaining 32 error types. Each set was then further divided into six
survey versions, resulting in a total of 12 survey versions in the experiment.

Each minimal pair consists of two sentences: a grammatical sentence and an ungrammatical sentence.
Within each survey, participants evaluated only one sentence from each minimal pair. The sentences
were distributed so that participants alternated between grammatical and ungrammatical examples
across error types. In addition, the three sentence pairs associated with each error type were rotated
across the di erent survey versions so that all pairs were eventually evaluated. A detailed overview of
the sentence distribution across survey versions is provided in Appendix E.2, Table C.1.

Since the experiment included 120 participants and 12 survey versions, each survey version was
completed by 10 participants. As a result, each minimal sentence pair was evaluated 20 times in total,
and each individual sentence (grammatical or ungrammatical) was evaluated 10 times.

6.4 Results

Overall, grammatical sentences received substantially higher acceptability ratings than ungrammatical
sentences based on 192 sentence pairs (M = 4.90, median = 5.20, SD = 1.72). In contrast, ungrammatical
sentences were rated lower (M = 2.84, median = 2.48, SD = 1.67). Despite these di erences, both
grammatical and ungrammatical sentences exhibited notable variability: some grammatical sentences
were rated as low as 1tptally unacceptablg, whereas some ungrammatical sentences were rated as
high as 7 ¢otally acceptablg.

To test whether this di erence holds statistically while accounting for variation across participants
and items, a linear mixed-e ects model was tted in R* using Posit Clouc®. The model included gram-
maticality as a xed e ect and random intercepts for both participants and items, with ungrammatical
sentences serving as the reference (baseline) category. The analysis con rmed a robust e ect of gram-
maticality: grammatical sentences received signi cantly higher ratings than ungrammatical sentences
( =2:07, SE = 0.13, p < 0:001). The estimated baseline rating was 2.84 (SE = 0.11p < 0:001).
Random e ects indicated substantial variability across sentences (SD = 1.12) and participants (SD =
0.70), as well as residual variability (SD = 1.64), suggesting that both sentence- and participant-level
di erences contributed meaningfully to rating variation.

6.4.1 Acceptability per Phenomenon

Figure 6.3 presents human acceptability ratings for each linguistic phenomenon. As shown in the
gure, for the majority of phenomena (17 out of 18), grammatical sentences were rated higher than
ungrammatical ones. An exception was phenomenof.2 Abu, abi where ungrammatical sentences

*https://www.r-project.org
Shttps://posit.cloud
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received higher ratings (M = 4.27) than grammatical sentences (M = 3.73), indicating that participants
found this phenomenon particularly challenging.

Figure 6.3: Mean acceptability ratings for each linguistic phenomenon. A horizontal dashed line at
3.5 indicates the neutral midpoint of the rating scale, and the darker grey vertical lines on each bar
represent 95% con dence intervals.

Although grammatical sentences were generally rated above the midpoint of the Likert scale, seven
of the 18 ungrammatical sentences also received mean ratings above the midpoint. This indicates
that, while grammatical sentences were typically preferred, participants were sometimes reluctant to
categorize certain ungrammatical sentences as clearly unacceptable.

These patterns are consistent with the 95% con dence intervals shown in Figure 6.3, which generally
overlap more when grammatical and ungrammatical mean ratings are close and show clearer separation
when larger di erences between conditions are observed. A similar pattern is observed in the subsequent
analysis by error type, where the overall trends remain consistent across conditions.

The highest rating for ungrammatical sentences occurred for phenomendn3 Ordinal numerals
that denote decadeswith an average score of 5.23, compared to 5.60 for grammatical sentences. This
indicates that both grammatical and ungrammatical versions were perceived as relatively acceptable. In
contrast, the phenomenon perceived as easiest by participants wds3 |, where the distinction between
grammatical and ungrammatical sentences was most pronounced: grammatical sentences received an
average rating of 5.97, while ungrammatical sentences received an average of 1.40.

6.4.2 Acceptability per Error Type

In this section, | present human acceptability ratings for each error type. As the dataset comprises 64
error types (see Section 4.4.2), the results are presented by grouping them into four broader categories
by phenomenon type: Use of CasesUse of Prepositions Use of Forms and Coordination of Sentence
Elements and Clauses
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Phenomenon Type 1: Use of Cases

Among the 22 error types associated with the phenomenon typelse of Casestwo stand out in that
ungrammatical sentences were rated higher than their grammatical counterparts. These ai@5.2
Instrumental case should not be used to express content of quality with adjectives denoting abundance
and 3.5.3 Instrumental case should not be used to express the agent or cause of a state (but not the
instrument) with passive participles (see Figure 6.4).

Figure 6.4: Mean acceptability ratings for each error type inUse of Casesphenomenon type. A
horizontal dashed line at 3.5 indicates the neutral midpoint of the rating scale, and the darker grey
vertical lines on each bar represent 95% con dence intervals.

Furthermore, for two additional error types, 3.4.3 Accusative case should not be used with verbs of
motion to express purpose or aim when the accusative cannot stand alone without the in nitivand
3.5.1 Instrumental case should not be used to express the object with verbs denoting fullness or increase
grammatical sentences were only slightly higher rated than ungrammatical ones (4.50 vs. 4.10 and 4.33
vs. 3.93, respectively).

The results also indicate that the instrumental case posed the greatest di culty for participants.

All ve error types associated with this case @3.5.1 3.5.5) have ungrammatical sentences with mean
ratings above the midpoint of 3.5, suggesting that these sentences were generally perceived as more
acceptable than unacceptable.

A similar pattern, though less pronounced, can be observed for two other error types3.1.1
Nominative cases should not be used to express an inde nite quantity of things or a part of something
(instead of the partitive genitive) with certain verbsand 3.4.1 Accusative case should not be used to
express an inde nite quantity of things or a part of something (instead of the partitive genitive)ln these
cases, ungrammatical sentences were also rated slightly above the midpoint (3.80 and 3.53, respectively).
However, their grammatical counterparts received substantially higher ratings (5.67 in both cases),
indicating a clearer distinction between the two sentence types.

Finally, it is noteworthy that two error types exhibit relatively low acceptability even for grammatical
sentences. Speci cally,3.2.1 Genitive case should not be used to denote the object of an action with
certain verbs received a mean rating of exactly 3.5, while3.6.5 Locative case should not be used to
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express the manner or timing of an actionreceived a mean rating of 3.47.

Phenomenon Type 2: Use of Prepositions

The 20 error types associated with the phenomenon typ&lse of Prepositionsappear to have been
less challenging for participants overall (see Figure 6.5). Only one error typet.8.2 Prie should not be
used to express exchange ratios or conversion rateshowed no distinction between grammatical and
ungrammatical sentences, with both receiving an identical mean rating of 2.87. This indicates that
participants perceived both sentence types as relatively unacceptable.

Figure 6.5: Mean acceptability ratings for each error type inUse of Prepositionsphenomenon type. A
horizontal dashed line at 3.5 indicates the neutral midpoint of the rating scale, and the darker grey
vertical lines on each bar represent 95% con dence intervals.

Another comparatively challenging error type was4.2.1 Apie should not be used to express the object
of an action with certain words where ungrammatical sentences were rated close to the midpoint of the
scale (3.47), suggesting some uncertainty in participants' judgments.

However, for several error types in this group, participants demonstrated a clear distinction between
grammatical and ungrammatical sentences. The most prominent example 4.3.1 | should not be used
to express the object of an action with certain wordsvhere grammatical sentences received a high mean
rating of 5.97, while ungrammatical sentences were rated much lower, at 1.40.

Phenomenon Type 3: Use of Forms

A total of 18 error types fall under the phenomenon typeUse of Forms Overall, these errors appear to
have been challenging for participants. In particular,5.2.1 The basic quantitative numeral forms from
2 to 9 and the pronoun abu, abi are not to be used with plural-only nouns (nouns that exist only in the
plural) (already discussed in Section 6.4.1) an8.8.1 Active present participle should not be used with
nouns that do not denote an agent (nouns that cannot perform an actiomeceived higher ratings for
ungrammatical sentences than for grammatical ones (see Figure 6.6).

In total, eight error types had mean ratings for ungrammatical sentences above the neutral midpoint
of 3.5, indicating that participants tended to perceive these sentences as relatively acceptable. Moreover,
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Figure 6.6: Mean acceptability ratings for each error type inUse of Forms phenomenon type. A
horizontal dashed line at 3.5 indicates the neutral midpoint of the rating scale, and the darker grey
vertical lines on each bar represent 95% con dence intervals.

two error types, 5.1.3 The masculine accusative and instrumental forms of adjectives and of participles
used with adjectival meaning are not to be used in the so-called inde nite gender meaniramd 5.3.1
The pronominal forms (the forms with possessive endings) of ordinal numerals that denote decades are
not to be used to indicate decadeshowed very similar ratings for grammatical and ungrammatical
sentences, suggesting di culty in distinguishing between the two.

While most problematic error types correspond to a single, distinct phenomenon (for exampl&.2.1
and 5.3.1), the three error types 5.8.1 5.8.3 all fall under the broader category of5.8 Participles. This
pattern highlights that not only individual error types, but the entire phenomenon of participles, poses
challenges for native speakers of Lithuanian.

Phenomenon Type 4: Coordination of Sentence Elements and Clauses

The nal phenomenon type, Coordination of Sentence Elements and Clausesomprises only four
error types, each corresponding to a distinct phenomenon (see Figure 6.7). Although, in all cases,
grammatical sentences were rated higher than ungrammatical ones, the primary challenge is re ected
in the relatively high ratings assigned to ungrammatical sentences, many of which cluster around the
midpoint of the Likert scale (3.5).
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Figure 6.7: Mean acceptability ratings for each error type inCoordination of Sentence Elements and
Clausesphenomenon type. A horizontal dashed line at 3.5 indicates the neutral midpoint of the rating
scale, and the darker grey vertical lines on each bar represent 95% con dence intervals.

In particular, ungrammatical sentences for6.1.1 Gi must not be used instead of a coordinating
conjunction expressing contrastand 6.4.1 Vietoj to, kad should not be used with an in nitive or participle
in place of u®uot both received a mean rating of 3.6. This suggests that participants perceived these
sentences as largely neutral, or even slightly acceptable.

The remaining two error types, 6.2.1 Ir should not be used to link words in intensifying constructions
with adjectives and adverbsand 6.3.1 Syk should not be used to introduce subordinate conditional
clauses received somewhat lower ratings for ungrammatical sentences (2.8 and 3.3, respectively). While
these scores fall below the midpoint, they are still relatively high, indicating that participants were not
consistently con dent in judging these sentences as unacceptable.
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7 Results

In this chapter, | present the results of the study. | begin by addressing the rst research question,
which investigates the extent to which language models (LMs) correctly discriminate between correct
and incorrect sentences. To do this, | examine the accuracies of the 78 evaluated models. | present the
overall accuracies, as well as accuracies by phenomenon and error type. These results are accompanied
by 95% con dence intervals. In addition, | rank the models from best-performing to worst-performing
based on their overall accuracies.

Next, | present the results related to the following three research questions: the e ects of
global/European/monolingual scope, model size, and model version. These questions are examined
using a logistic mixed-e ects model.

| then compare the results of the models and human participants, focusing speci cally on their
correlation. In this section, | present the results of the Spearman correlation test (Spearman, 1904)
overall, followed by separate results for each phenomenon type (1-4).

Finally, | provide a brief summary of the main ndings.

7.1 Overview of Model Performance

Overall, the evaluated models exhibited substantial variation in performance, with accuracies ranging
from 0.47 to 0.816 (see Figure 7.1). While the highest-performing models demonstrated a strong ability
to discriminate between correct and incorrect items, some models performed close to or slightly below
chance level, which, for this binary-choice task, was 50%.

The best-performing models overall were the foulNeurotechnology models (7B and 13B, base
and instruct variants), which are monolingual Lithuanian models ne-tuned on LLaMA ZMeta GenAl,
2023). These models achieved accuracies ranging from 0.773 to 0.816.

In contrast, the lowest-performing model was the European-scop@&ildeOpen model (30B parame-
ters), which achieved an accuracy below chance level (0.47). Two other low-ranked models were the
smallest instruct variants from the Gemma family, with 270M and 1B parameters, achieving accuracies
of 0.525 and 0.515, respectively.

The monolingual Goldfish model family, consisting of four small language models (with 39M and
125M parameters and training data ranging from 5MB to 1000MB), showed highly variable performance.
The model trained on the largest amount of data ranked seventh overall, placing behind the monolingual
Neurotechnology models and two large-scale MoE models from theLaMA 4nd QwenJamilies. In
contrast, the model trained on the smallest dataset ranked fourth from the bottom.

In addition to reporting accuracies, Wilson 95% con dence intervals (Cls) (Wilson, 1927) were
calculated to assess the precision and reliability of the observed accuracy scores. These results are also
presented in Figure 7.1, where the models are ranked by overall accuracy, with the best-performing
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models shown at the top. The dark purple lines represent the con dence intervals, while the dots at
their centres indicate the corresponding accuracy scores. The numbers to the left of each line show
the accuracy of each model, while the column to the right of the plot displays the CI widths, which
range from 0.054 to 0.07. Considering the sample size of 777 sentence pairs, these relatively narrow
con dence intervals suggest that the estimated accuracies are reasonably stable and only moderately
sensitive to sampling variability.

7.2 Model Performance by Linguistic Phenomenon

This study investigates 31 linguistic phenomena, and the results for all evaluated models are broken
down by phenomenon in Figure 7.2. The gure shows that the ve easiest phenomena for the models all
belong to Phenomenon Types 3 and 4, namelyse of Formsand Coordination of Sentence Elements and
Clauses with accuracies ranging from 0.743 to 0.944. In contrast, the ve most challenging phenomena
come from three Phenomenon Type groups: 2, 3, and 4, namelyse of Prepositions Use of Forms
and Coordination of Sentence Elements and Clausesvith accuracies ranging from 0.300 to 0.437, all
below chance level.

These ndings suggest that, unlike Phenomenon Type 1Use of Caseswhich contains phenomena
of moderate di culty relative to the other groups, phenomena from the Use of Prepositionsgroup tend
to range from moderately di cult to very di cult for the models. By contrast, the other two groups,

Use of Forms and Coordination of Sentence Elements and Clausesare less uniform, containing both
phenomena that the models handled relatively easily and others that proved extremely challenging. A
summary of the easiest and most di cult phenomena is provided in Table 7.1.

Moreover, after examining the con dence intervals (ClIs) per phenomenon, no outliers were observed.
The CI widths ranged from 0.104 for phenomena with the largest number of sentence pairs (110 items),
up to 0.527 for very small subsets containing as few as 10 items. As wider con dence intervals are
expected for small datasets, these results are consistent with statistical expectations and do not indicate
any anomalies. The full results can be found in Appendix D.2, Figure D.2.

Phenomenon Code Phenomenon Description Mean Accuracy
Easiest Phenomena

6.1. Gi 0.944
5.6. Simple forms of the subjunctive mood 0.902
5.9. Participles 0.841
5.1. Gender forms 0.777
6.3. Syki 0.743
Most Challenging Phenomena

6.2. Ir 0.300
4.9. Prie2 0.302
5.2. Abu, abi 0.319
4.3. I 0.398
4.5. 12 0.437

Table 7.1: Five easiest and ve most challenging phenomena for the
models based on mean accuracy across all 78 models.
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Figure 7.1: Overall accuracies across models, with accuracy scores marked by dots and corresponding
Wilson 95% con dence intervals shown as dark purple lines. The numbers to the left of the lines indicate
the accuracies, while the column on the right shows the widths of the con dence intervals. Models are

ranked by overall accuracy, and monolingual models are highlighted in bold.
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