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ABSTRACT: Generative Pre-trained Transformers (GPTs), which are Large Language
Models (LLMs) primarily trained on datasets dominated by English texts, can incorporate
inaccuracies into their final outputs. The training data bias presents challenges for accurate
performance in non-Roman script languages, such as Russian. Challenges are specifically
expected with grammatical constructions in Russian which are colloquial, idiomatic, and
non-compositional. Although the empirical investigation reveals that, overall, GPT-4
performs well with the majority of Russian grammatical constructions, it still encounters
limitations with low-frequency constructions due to insufficient training data, a lack of
context, and the influence of the English language.
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Introduction

Artificial Intelligence (Al) chatbots, which represent practical applications of
LLMs, are seeing widespread use due to their advanced capabilities. These models
can perform a variety of language-specific tasks such as improving, translating,
interpreting text, responding to context, and engaging in meaningful conversations.
One of the types of LLMs is GPT, predominantly trained on a vast amount of English
data from the Internet (Brown et al., 2020; Lai et al., 2023; Ray, 2023; Wendler et al.,
2024). The most renowned Al chatbot, ChatGPT, which implements GPT-4 at the
moment, was launched in November 2022 and played a crucial role in advancing
research into human-LLM interaction.

While LLMs exhibit human-like capabilities, they are still prone to errors.

Assessing the accuracy of the responses from LLMs remains a complex and

' Special thanks for assistance with the Python coding and processing are dedicated to the
Department of Computer Science, UiT The Arctic University of Norway.
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insufficiently explored issue, especially in languages other than English
(Papadimitriou et al., 2022; Lai et al., 2023; Ray, 2023; Hendy et al., 2023; Wendler
et al., 2024; Liu, 2024). OpenAl (the company behind GPTs and ChatGPT) states?
that GPTs are proficient in working with the English language but can struggle with
other languages, especially those that use a non-Roman script. This is why
investigating Russian, which is not only one of the most spoken languages in the
world but also uses a Cyrillic script, is important for the human-LLM interaction
research.

The present study specifically focuses on analyzing the performance of GPT-

4, which is implemented in the Al chatbot ChatUiT (https://chat.uit.no/), on a dataset
that includes 2,277 Russian grammatical constructions collected from the Russian

Constructicon (https://constructicon.qgithub.io/russian/). The Russian Constructicon

is an open-access platform featuring a searchable database of Russian multiword
grammatical constructions designed specifically for researchers and second
language (L2) learners (Bast et al., 2021). Considering the potential of Al chatbots
that implement GPTs to assist researchers and L2 learners of Russian in language-
specific tasks, the following research questions arise: how well does GPT-4 interpret
Russian grammatical constructions? What are the factors contributing to GPT-4's
misinterpretations with certain Russian grammatical constructions?

In order to address the research questions, the primary objective of this study
is to conduct an experiment exploring language-specific issues that users can face
while using Al chatbots for tasks involving Russian. The final goal is to demonstrate
Al performance in languages other than English while acknowledging limitations,
thereby contributing to the future development of LLMs.

This article consists of 6 sections. Section 1 introduces the topic. Section 2
provides the reader with the theoretical foundation relevant to the research: an
overview of the performance of LLMs applicable to the current study, and an
introduction to grammatical constructions and Russian Constructicon. Section 3
describes the experimental setting. In Section 4, the obtained results are interpreted

and analyzed. Section 5 summarizes the entire investigation and suggests ideas

2 https://openai.com/index/chatgpt-can-now-see-hear-and-speak/ (21.03.2024).
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based on the findings. Section 6 highlights the limitations of the study and proposes

future areas of research.

1. Background
1.1. Previous research on GPTs and their performance

Generative pre-trained transformer is a type of large language models
developed by OpenAl, based on a deep learning architecture for handling natural
language processing (NLP) tasks, primarily for text generation (Zhu & Luo, 2022;
Yenduri et al., 2024). GPTs are initially pre-trained on a large dataset of diverse texts
and can perform a broad range of language-related tasks, enabling GPTs to
generate human-like texts based on a given input. The dataset includes a wide
variety of content sourced from a broad spectrum of internet platforms, notably
including materials from Wikipedia and Google Books (Brown et al., 2020). GPTs are
designed to discover statistical patterns between words and their contexts in the
training dataset using a technique called autoregressive language modeling, which
is a building block of GPTs (Yenduri et al., 2024). Autoregressive language modeling
attempts to predict the next word based exclusively on the previous words
sequentially processing the context from left to right (Brown et al., 2020; Zhu & Luo,
2022; Pannatier et al., 2024). This technique allows GPTs to generate accurate
responses based on statistical predictions. Statistical predictions rely on statistical
patterns learned from the training dataset and the frequent occurrence of words,
aiming to capture a broader context (Gong et al., 2019; Yenduri et al., 2024). GPTs
heavily depend on contextual information provided in the input, specifically on
semantically similar examples, where phrases and sentences, despite their
differences, share similar meanings within a single text (Liu et al., 2021). By providing
more context for GPT models, their performance will be more accurate, coherent,
and less biased (Yenduri et al., 2024). Without sufficient context, GPTs tend to
misinterpret users’ requests. This can lead to weak and untruthful performance and
predisposes GPTs to frequency/statistical bias, especially with non-frequent and rare

words (Brown et al., 2020; Dudy & Bedrick, 2020: 13).
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LLMs, including GPTs, are predominantly trained on massive corpora of
English text (Lai et al., 2023; Ray, 2023; Wendler et al., 2024). According to Brown et
al. (2020: 6), GPT-3 predominantly implements the Common Crawl| text corpus,
which is 93% English by word count and 7% non-English; Russian, one of the most
spoken languages in the world, comprises just 0.2% of this corpus. Beginning with
GPT-3.5, OpenAl has not disclosed the details of the datasets used to train the GPT
models. However, more advanced GPTs still retain a practical bias towards the
English language in their outputs (Lai et al., 2023). Since the training data in the text
corpus is heavily disproportionate, LLMs exhibit decreased performance in
languages other than English. This also results in English being employed as an
internal pivot language in LLMs; inputs in languages other than English are initially
translated into English, processed, and then translated back into the original
language, which leads to misinterpretations and failure to convey the intended
meaning accurately (Wendler et al.,, 2024). The English-language-biased data in
LLMs not only leads to grammatical inaccuracies by imposing English syntactic
patterns but also results in the inappropriate application of lexicon to other
languages, where it may be irrelevant or inapplicable (Papadimitriou et al., 2022).
Besides, the biased data may introduce unexpected elements in the output, such as
punctuation insertions, which result in an incorrect linguistic representation of other
languages (Hendy et al., 2023).

GPTs can also struggle with the interpretation of abstract concepts and non-
literal language, which includes idioms and sarcasm (Ray, 2023; Yenduri et al., 2024).
Responses from GPTs tend to be overly literal, leading to misunderstandings of the
original meaning and the desired tone. This limitation can result in incorrect
translations and interpretations of idiomatic expressions, which are deeply
embedded with cultural values. Johnson et al. (2022) report that translations from
Russian through GPTs often fail to convey cultural values due to the
underrepresentation of Russian in the training dataset. In contrast, GPTs tend to
reflect American values more effectively due to the dominance of data available
mostly in American and, to a lesser extent, British English (Dodge et al., 2021;
Johnson et al., 2022; Jackson, 2023: 21; Liu, 2024: 114); this reveals that GPTs are

primarily pre-trained to represent cultural-linguistic concepts within the
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Anglosphere. As a result, the prevalence of American English texts can sometimes
be visible in outputs generated in another language with a significant change in
embedded cultural values (Johnson et al., 2022). Therefore, it is important to note
that English serves as a pivot language not only lexically but also semantically
(Wendler et al., 2024), since the role of LLMs is not limited to straightforward
translation only. LLMs may fail to accurately convey cultural values in another
language, but the biased output can still appear somewhat grammatically correct
and acceptable to non-experts. Furthermore, the official blog? of OpenAl (the
company behind GPTs) cautions users that the model’s outputs may not always be
entirely accurate, since it is not an expert and does not take full responsibility for the
provided content - only human experts can determine the relevance and accuracy
of the output.

According to Tan et al. (2023), the GPT LLM family can struggle to generate
relevant and accurate outputs for more complex tasks. However, not only GPTs but
also many other LLMs exhibit significant challenges when compared on tasks of
varying complexity levels that require reasoning abilities such as causal
understanding, logical deduction, and counterfactual reasoning; these cognitive
processes are complex and often associated with human-like consciousness, which
LLMs do not possess (Gemini Team, 2023: 23; Lai et al., 2023). Even GPT-4, a more
advanced version of the GPT LLM family, does not consistently show improved
performance in tasks requiring high-level reasoning abilities. Consequently, the lack
of the reasoning abilities is critical for the precise interpretation of user inputs. This
limitation is evident when dealing with grammatical constructions in Russian, which
often include idiomatic expressions that are not amenable to a logical,
compositional analysis due to their complex pragmatic and cultural nuances (Janda
et al., 2018). This issue is compounded by the nature of Russian grammatical
constructions which often exhibit non-compositionality, i.e., the meaning of a
construction cannot be interpreted solely from its individual components (Janda et
al., 2020: 163; Rakhilina et al., 2022). Besides, some of these constructions are

primarily idiomatic and colloquial and cannot be successfully interpreted based on

3 https://help.openai.com/en/articles/6783457-what-is-chatapt (21.03.2024).
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statistical predictions alone. Therefore, the concept of grammatical constructions

and their components is being elaborated further in more detail.

1.2. The concept of grammatical constructions and a constructicon

Grammatical constructions are defined as “learned pairings of form and
function, including words and idioms as well as phrasal linguistic patterns”
(Goldberg & Suttle, 2010: 469). Learned pairings of form and function include
common and minor patterns. Examples of common patterns encompass passive,
topicalization, and relative clauses; minor patterns cover words and idioms. While
varying in their generality, size, and complexity, both patterns are still considered
grammatical constructions. The main aspects of constructions primarily include their
semantic attributes, information and discourse characteristics, as well as usage
conditions (e.g., register and genre) (Fillmore et al., 1988; Goldberg, 2006;
Goldberg & Suttle, 2010).

The linguistic theory that focuses on grammatical constructions is
Construction Grammar (CxG). One of the main products that CxG provides is a
constructicon as it supports the main idea of this theory that language is constructed
according to a set of grammatical rules to convey meaning (Fillmore et al., 1988;
Goldberg, 2006; Goldberg & Suttle, 2010; Hilpert, 2014; Lyngfelt et al., 2018; Janda
etal., 2024). A constructicon is a large network of various grammatical constructions
of a specific language, where the constructions are grouped into families, clusters,
and networks according to their semantic and syntactic characteristics; grammatical
constructions are typically demonstrated with examples from corpora and labeled
according to the CEFR levels of language proficiency (Hilpert, 2014; Lyngfelt et al.,
2018; Janda et al.,, 2020). In practice, a constructicon represents a distinctive
dictionary of grammatical constructions containing thorough annotations. The
annotations of constructions usually include definitions, valid lexical references from
phraseological/idiomatic dictionaries, and grammar references explaining the
syntactic/semantic types of the construction, as well as usage labels (Janda et al.,

2020: 163).
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The constructicon approach to constructions can be conceptualized as a
complex grammar network model in which, according to Diessel (2019), different
linguistic elements are linked and related. Within this theoretical model,
constructions exhibit taxonomic and horizontal relations. Taxonomic relations are
schemas in which components of constructions are generalized and categorized in
order to be reused for the production of novel instances, while horizontal relations
refer to how constructions are interconnected and used (Diessel, 2023). Thus, one
of the types of grammatical constructions that can be represented in a constructicon
contains a variable slot and a fixed part (anchor). The variable (open, non-fixed) slot
can be filled with a set of lexemes (fillers) which represent words and phrases that
are suitable for the grammatical construction (Janda et al., 2020). Meanwhile, the
fixed part, which is partially schematic, has a strict structure (e.g., word order and/or
specific words) that is duplicated precisely and remains unchanged due to lexical
and semantic constraints (Janda et al., 2018; Bast et al., 2021). Although the variable
slot is “open”, it can still be subjected to certain lexical and semantic constraints.
This idea is specifically implemented in Russian Constructicon (RusCon), a one-of-a-
kind searchable database of grammatical constructions with detailed annotations

(Bastetal., 2021):

ID1712 NP/VP za kompjuterom

Rabotat’  za komp juterom
[work.INF  behind computer.INS]

To work at the computer’ (Bast et al., 2021)

This example demonstrates that noun phrase/verb phrase (NP/VP) can vary
and instead of rabotat’ 'to work’, there are also various lexemes such as sidet’ 'to sit/,
provodit' vremja 'to spend time’, zasypat' 'to fall asleep’, Zizn' prohodit ‘life passes’,

prosiZivat''to sit out’, etc. that can fill the slot of NP/VP, while za komp juterom ‘at the

computer’ is the fixed part of the construction and cannot be changed.

The RusCon database, a collection of 2,227 entries, was created through a
collaboration between UiT The Arctic University of Norway, the University of
Gothenburg, and the National Research University Higher School of Economics by

professional linguists, researchers, BA, MA, and PhD students (Janda et al., 2018;
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Bast et al., 2021). Each entry includes one grammatical construction, featuring a
fixed part and a variable slot. Entries also include a unique ID number (Janda et al.,
2024) that ranges from 1 to 2,227, a definition, examples (usually five additional
examples featuring the same grammatical construction), CEFR levels (A1, A2, B1, B2,
C1, C2), equivalents in other languages (e.g., translations of the grammatical
construction into English), syntactic aspects (type, structure, function), dependency
structure (the illustration of grammatical relationships between different parts of a
sentence), communicative types, usage labels, extra comments, and scholarly
references.

The 2,227 grammatical constructions of the RusCon are predominantly
colloquial and underrepresented in written discourse, primarily manifesting
idiomatic rather than schematic, transparent meanings (Janda et al., 2020; Rakhilina
et al., 2022). Many of these constructions are not included in dictionaries or other
reference works and have never been documented in scholarly literature before.
The RusCon project attempted to primarily focus on high-frequency constructions.
Therefore, phrases that potentially represent constructions but had fewer than 27
attestations in the Russian National Corpus were considered infrequent and usually
excluded (Janda et al., 2018). However, since many of the constructions are non-
compositional, they typically had to be collected, translated, and described
manually, due to their opaque forms and meanings not yet being comprehensible
to computational systems. Additionally, there is an issue with the poor comparability
of phraseological units across languages (Rakhilina et al., 2022). Despite the
existence of many bilingual dictionaries for major languages, bilingual
phraseological dictionaries remain rare. Therefore, many items for RusCon were
collected from idiomatic and phraseological dictionaries intended for native
speakers; these dictionaries often lack detailed descriptions of the semantic and
syntactic components of non-transparent expressions (Janda et al., 2018). Such
descriptions are crucial for non-native speakers and L2 learners to fully grasp the
rich pragmatic and cultural implications of idiomatic constructions. Thereby,
accordingto Janda et al.(2018: 167), RusCon is an important resource in addressing

this need from the complementary perspectives of non-native language users.
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In light of the extensive scope, non-compositionality, and detailed
annotations of the RusCon database, the current investigation aims to utilize its
2,227 entries to provide insights into GPT-4's performance, considering that Al
chatbots are used for translation and interpretation in various languages. Thus, the
findings may be applicable to otherlanguages, particularly those that use the Cyrillic

script, and can potentially interest linguists, L2 learners, and NLP developers.

2. Data and methodology

In order to test how well GPT-4 interprets Russian grammatical constructions,
a dataset of 2,227 examples was gathered from Russian Constructicon. Each of the
2,227 entries in the resource includes a grammatical construction with its own ID
number followed by an illustrative phrase, e.g., ID3 (a) kak Ze NP-Nom? - A kak Ze
mama? 'And what about mom?’; (a) kak Ze is the fixed part, while NP-Nom? is the

variable slot. The fixed part of grammatical constructions is more critical for the focus
of this study, as it potentially indicates that similar issues could occur in other
examples featuring the same grammatical construction. Therefore, the results where
the issue was located elsewhere rather than in the fixed part are less relevant to this
investigation and are not examined in more detail.

All 2,227 illustrative phrases were subjected to testing through the Al chatbot
ChatUiT, which implements the most advanced model of the GPT LLM family at the
time the experiment was conducted: GPT-4. Prior to each example the question in
English “What do you think of the following sentence?” was asked, followed by
automated processing of the dataset using the Python programming language.
Although the phrasing of the question might seem informal and clumsy, it was
deliberately chosen to simulate a conversational manner similar to everyday human
interactions, representing how non-scientists potentially interact with Al chatbots.
Additionally, the task was assigned in English because RusCon is designed primarily
for non-native speakers with annotations for those who are proficient in English but
might not be fluent enough to understand linguistic descriptions in Russian. Thereby,
conducting the experiment in English helps to reveal the accuracy and depth of

GPT-4's translations and interpretations of Russian grammatical constructions.
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RusCon also provides CEFR levels of language proficiency (A1, A2, B1, B2, C1, C2)
for each entry, allowing the data to be divided across these six levels.

Most of the 2,227 illustrative phrases featuring a grammatical construction are
accompanied by five additional examples in RusCon. The five additional examples
of constructions that presented challenges for GPT-4 were also subjected to testing
(more details in Section 4). The identical task was assigned to GPT-4, where the
gathered data was automatically processed through Python, and the same question
“"What do you think of the following sentence?” was asked before each example.

Following the testing phase, | performed a manual evaluation of GPT-4
misinterpretations involving detailed comparative analyses with various elements of
the annotations from RusCon. Further, data from the largest web corpora of Russian:
the Russian Web 2011 corpus (ruTenTen 2011), the Russian National Corpus, and
Google Books, which are incorporated into the training dataset of GPTs, are being
employed in this investigation to ascertain whether low frequency contributes to the
misinterpretation of certain examples. Additional resources, such as dictionaries and
relevant scholarly articles, are also being employed, given that annotations from
RusCon sometimes do not provide sufficient information that is relevant to the

analysis of misinterpretations.

3. Results

GPT-4 responses are predominantly heterogeneous across all 2,277 outputs,
describing the meanings of illustrative phrases along with comments on their
grammatical structures and contextual usages. Below, Figure 1 provides a GPT-4
response with a correct interpretation, while Figure 2 provides one with an incorrect

interpretation.
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FIGURE 1 - The response with a correct interpretation by GPT-4 in ChatUiT of the
grammatical construction: ID1712 NP/VP za komp juterom - Rabotat' za komp juterom 'To
work at the computer’

2 What do you think of the following sentence?

PaboTaTbk 3a KOMNLOTEPOM

@ The sentence "PabotaTh 3a KomnbroTepoM” In Russian translates to "To work at the
computer” in English. It's a common phrase describing the action of using a computer
to perform work-related tasks. This phrase is grammatically correct in Russian. It uses
the infinitive form of the verb “pabortaTe” (to work) and the prepositional phrase “3a
KoMnbioTepoM,” which means "at the computer." The sentence might be part of a
larger context or conversation, such as someone describing their job duties or a daily

aclivity.,

(Source: ChatUiT (2024), https://chat.uit.no/)

FIGURE 2 - The response with an incorrect interpretation by GPT-4 in ChatUiT of the
grammatical construction: ID577 NP-Nom Cop NP-Nom VP-Inf - On master gotovit' 'He is a
master at cooking’

'9_‘ What do you think of the following sentence?
OH MacTep roToBUTb
@ The Russian sentence "OH macTep roToBuTk” is attempting to convey that someone Is

a master at cooking. However, the sentence is grammatically incorrect in Russian. It's

missing a preposition and the correct form of the verb "to cook.”

A more grammatically correct version of the sentence would be:

'OH macTep no rotoexe” (He is a master of cooking)

ar

'O macTep 8 npuroToBneHny eabi” (He is a master in food preparation)

These sentences correctly use the prepositional phrases "no rotosxke” or "8

npuroToBneHyK enbl” to indicate the area of expertise.

(Source: ChatUiT (2024), https://chat.uit.no/)

Out of 2,277 tested examples, GPT-4 generally performs well but struggles
with the correct interpretation of 18 examples (GPT-4 outputs in text file format for
all 2,277 inputs are available online?). All the 2,277 examples from RusCon adhere
to standard Russian language usage; therefore, the 18 outputs classified as

misinterpretations are deviations from these established norms due to various

4 Plotnikov, Timofei, 2024, "Replication Data for: Analyzing GPT-4 Misinterpretations of Russian
Grammatical Constructions", https://doi.org/10.18710/8CAPJM, DataverseNO, V1
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reasons, which are elaborated upon further. However, not all the 18 examples where
GPT-4 struggles are due to misinterpretation of the fixed part of grammatical
constructions. In some of the examples, there are other issues with the illustrative
phrase, e.g., glitches, typos, and errors within the variable slot (a brief explanation
of these misinterpretations is provided in Section 4.2.) While omitting the results that
do not have issues with the fixed part of grammatical constructions, GPT-4 struggles
with the correct interpretation of nine illustrative phrases across various language

reference levels.

TABLE 1 - Incorrect interpretations of all examples versus incorrect interpretations of the
examples with the fixed part of grammatical constructions assigned to the CEFR levels of
language proficiency in RusCon

Language Number of Overall Misinterpretation of the
reference grammatical misinterpretation of | examples with the fixed
level constructions in the examples part of grammatical

RusCon constructions
Al 86 0 0
A2 302 1 1
B1 654 5 1
B2 697 10 7
C1 428 1 0
C2 110 1 0
Percentage 0.8% 0.4%

(Source: Plotnikov, Timofei, 2024, "Replication Data for: Analyzing GPT-4
Misinterpretations of Russian Grammatical Constructions”,
https://doi.org/10.18710/8CAPJM, DataverseNO, V1)

While looking at the table, there were no issues with the interpretation of
grammatical constructions within A1 level, just one inaccuracy within A2, one within
B1, and seven within B2; there were additionally no issues within C1 and C2. Besides,
the C2 level provides 110 construction examples, while B2 provides 697, which is
nearly seven times more. Naturally, the larger dataset would also contain more
misinterpretations in GPT's outputs, and that is what is observed between the B2
and C2 levels.

Since there were issues with the fixed part in nine grammatical constructions,
five additional examples featuring the same grammatical construction were
subsequently examined. However, only seven out of the nine grammatical

constructions, where the issue occurred in the fixed part, included these five
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additional examples. The initial assumption was that testing these extra examples
could help draw more insightful conclusions regarding the misinterpretations of the
nine grammatical constructions. Yet, these 35 additional examples are typically
extensive and unambiguous, or they are a combination of two sentences, which
leads to almost always correct and accurate interpretations due to the sufficient
contextual information provided. Nevertheless, GPT-4 exhibits challenges in
accurately interpreting just one additional example of the grammatical construction

ID1652, which is discussed in more detail later

3.1. Misinterpretations of the fixed part

(1) D131 NP-Nom Cop zdorov VP-Inf

On zdorov  vrat'
[he.nom  healthy lie.nF]

‘He is good at lying’

GPT-4 states “the grammar and word choice are incorrect”*. However, GPT-4
identifies the meaning of the construction accurately but still insists that the word
zdorov would not be used in the context of lying in standard Russian. Upon
examination through Google Book Search, this example appears in eight
attestations, including books and dictionaries; in all eight attestations, the
construction is used in the context of lying. However, RusCon indicates that the
construction is colloquial, signifying its rarity in formal written language. This results
in insufficient training data with this grammatical construction in the context of lying,

which is why GPT-4 struggles.

(2) 1D217 neznamo Pronlint

Neznamo kak ja vernulsja domoj
[unknown how | return.pstv  homeward]

‘Without knowing how | came back home'’
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GPT-4 identifies the usage of the grammatical construction with the adverb
neznamo as an error, suggesting the substitution with neizvestno instead. According
to Bol'Soj tolkovyj slovar' russkogo jazyka (Kuznecov, 2000: 623), neznamo is
colloquial rather than formal, and thus, it is not commonly used in written discourse.
Furthermore, data from the Russian Web 2011 corpus reveals that neznamo appears
in 3,292 attestations, while neizvestno is found in 366,697 attestations. The
significantly lower frequency of neznamo explains why GPT-4 recognizes it as an

error, due to the scarcity of data involving this word, which is rare in written texts.

(3) 1D587 VP po NP-Dat.PI

Oni ljubili Casto ezdit' po znakomym
[they.Nom love.psTPL  often visitinNF by acquaintances.paT]

‘They often liked to visit their acquaintances’

Although GPT-4 interprets the meaning of the example correctly, it classifies
the example as “somewhat ambiguous”* due to the use of the preposition po
followed by the word znakomym, which can function as both a plural noun and an
adjective in varying contexts. Consequently, ambiguity arises, since GPT-4 interprets

znakomym as an adjective and thus it anticipates an additional word after it.

(4) 1D603 NP-Pl odin drugoj-Gen Adj-Cmp

Devocki odna drugoj strojnee
[girls.Nnom one.F another.pat slimmer.comp]

‘The girls are each slimmer than the other’

GPT-4 claims that the example is “grammatically incorrect and may cause
confusion as to what exactly is being compared”4. However, additional examples in
RusCon employing this grammatical construction incorporate either a dash or a
comma before odin drugoj. Therefore, introducing a punctuation mark (a dash in
this case in this particular example) could clarify the intended meaning by indicating
that devocki is the subject of the sentence and the rest are related elements.

Nevertheless, the absence of a dash is not a sufficient basis for GPT-4 to state the
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grammatical structure entirely incorrect. Additionally, GPT-4 mentions that it is

"“difficult understand the intended meaning without additional context.

(5) ID1275 VP vvidu NP-Gen

On ne  prisél widu  bolezni
[he.noM  not come.pstm due.to illness.Gen]

‘He did not come due to illness’

GPT-4 suggests that the usage of vwidu is outdated and a more common way
to use iz-za in this case, because vvidu is not used to indicate a cause or a reason in
modern Russian and overall is considered too formal. However, according to Slovar’
trudnostej russkogo jazyka (Rozental & Telenkova, 2005: 76-77) vvidu is used both
to indicate a reason expected in the future, and to designate reasons that are
timeless or related to the present or the past. Nevertheless, in the Russian Web 2011
corpus, widu can be found in 433,466 attestations, while iz-za appears in 3,987,006
attestations. The usage of iz-za is indeed more common, but vwidu is not outdated
and still widely used in formal and more nuanced contexts. GPT-4's
misinterpretation of this example stems from an overemphasis on the frequency of

usage, which oversimplifies language nuances.

(6) 1D1586 kogda XP, (a) kogda XP

Kogda vovremja pridét, kogda opozdaet
[when on.time comes3sc when late.arrive.3sc]

‘Sometimes he/she/it arrives on time, sometimes he/she/it arrives late’

GPT-4 states that the structure of the example is incorrect. In the revised
examples proposed by GPT-4, pronouns such as “someone” or "“you" are
incorporated, since grammatical patterns in English typically require a subject
before a verb, which is not always necessary in Russian. Furthermore, GPT-4
removes the fixed part of the grammatical construction, thereby altering the

intended meaning:
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e Kto-to pridét vovremja, a kto-to opozdaet ‘Someone will arrive on time, while
someone else will be late’
e Inogda prihodis'vovremja, inogda opazdyvaes''Sometimes you arrive on time,
sometimes you are late’
While attempting to convey the intended meaning, GPT-4 appears to impose an
English syntactic structure, since the absence of a subject makes interpretation more
confusing and complicated for GPT-4. In addition, GPT-4 once again indicates that

it requires more context for a more accurate interpretation.

(7) 1D1652 ne segodnja zavtra VP

Ne segodnja zavtra my  vsé uznaem
[not today tomorrow we  everything learn.iri]

‘One of the next few days we will found out everything’

GPT-4 claims that the example is incorrect. Upon examination, it appears that
a more prevalent usage of this construction involves inserting a dash between
segodnja and zavtra (i.e., ne segodnja-zavtra). For instance, the Russian Web 2011
corpus provides only 883 attestations for ne segodnja zavtra and 3,157 attestations
for ne segodnja-zavtra when the dash is employed. However, RusCon states that the
spelling employing a dash does not correspond to the modern spelling norm,
despite the higher frequency in the corpus. As a correct example, GPT-4
recommends separating ne segodnja and zavtra with a comma (i.e., ne segodnja,
zavtra), which can be accurate in some contexts but not in this specific case, as ne
segodnja zavtra is an idiomatic phrase with its own distinct pragmatic meaning.
According to RusCon, ne segodnja zavtra means that the action will take place in the
next few days without an exact indication of a specific day, while ne segodnja, zavtra
literally means ‘not today, but tomorrow’, which clearly indicates that the action will
take place tomorrow.

In one of the five additional examples featuring this grammatical construction
in RusCon (k s"emkam fil'ma Petrov nameren byl pristupit' ne segodnja zavtra), GPT-
4 also suggests employing a dash or a comma in ne segodnja zavtra, which indicates

that GPT-4's interpretation is influenced by frequency.
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(8) 1D1762 &to-to nezametno, ¢to Cl

Cto-to nezametno, cto ty toropis'sja
[something not.noticeable that you.nom hurry.2sc]

‘It is not noticeable that you're in a hurry’

GPT-4 suggests that the current example is nonsensical. One of the revised
examples proposed by GPT-4 is kaZetsja, ty nezametno toropis'sja, which removes
the fixed part of the grammatical construction; the literal translation ‘it seems you
are hurrying unnoticeably’ does not convey the intended meaning, indicating that
GPT-4 has misinterpreted it. However, GPT-4 states that the example is not used in
formal written discourse, and RusCon also indicates that the current construction’s
usage is colloquial. Additionally, the Russian National Corpus provides just three
attestations with the fixed part of this grammatical construction, i.e., c¢to-to
nezametno, ¢to, while ruTenTen 2011 does not provide any at all. Therefore, GPT-4

lacks sufficient data to more accurately interpret this grammatical construction.

(9) 1D2272 kakoj/kakoe (tam) Adv/Adj!

Kakoe tam  bystro!
[what.nom  there  fast]

‘Far from fast!’

According to RusCon, the grammatical construction in this example is
colloquial and expresses disagreement. However, GPT-4 completely misinterprets
it, claiming that this example is an attempt to express that something is fast, which is
incorrect. The construction with the same adjective appears in 18 attestations across
Google Books, which indicates insufficient frequency of usage. Besides, GPT-4

states that a better response is not possible without additional context or details.
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3.2. Misinterpretations of other results

GPT-4 does not seem to encounter challenges in properly interpreting the
fixed parts of the following grammatical constructions, as it predominantly struggles

with the variable slots:

(10) ID280 NP-Nom prinjat’NP-Acc za NP-Acc

On prinjal  togo muzciinu za svoego  otca
[he.nom took.psT that.acc man.acc  for own.cen  father.acc]

He mistook that man for his father

(11) ID1562 VP vo ves'opor/vo vsju pryt/vo ves'duh

On bezal vo ves' opor
[he.nom ran.psT in  all  strength]

‘He ran at full speed’

(12) 1D2040 ot NumCrd-Gen otnjat' NumCrd-Acc ravno/VP NumCrd-
Nom/NumCrd-Dat
Ot vos'mi otnjat’ tri budet pjat’

[from eight.cen subtract.nF three be.rut five]

‘Subtracting three from eight equals five’

In all three cases, GPT-4 identifies the sentence structure as a mistake, yet it

consistently generates identical outputs. This appears to be a glitch in GPT-4.

(13) 1D356 ¢em by VP-Inf, VP (by)

Cem by ucit'sia, on guljaet

[what would learn.nF he.nom  walk.3sG]

‘Instead of studying, he is walking around’

In this example, GPT-4 actually encounters difficulties with the grammatical

construction and claims that the example is incorrect because it is not standard
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Russian. However, according to RusCon, the construction is classified as obsolete,
indicating thatitis no longer prevalentin contemporary standard Russian. Therefore,
GPT-4's response can be considered partially correct, as it reflects contemporary

Russian language usage.

(14) ID577 NP-Nom Cop NP-Nom VP-Inf

On master gotovit'
[he.NoM master cook.INF]

‘He is a master at cooking’

GPT-4 states that this example is not correct, which is not the case. RusCon
characterizes this grammatical construction as colloquial, which again reassumes
infrequent occurrence in the training data. As a result, this particular example lacks
attestations in both the Russian Web 2011 corpus and the Russian National Corpus,
but there were ten attestations in Google Books, confirming the scarcity of data

available online for GPT-4 to more accurately interpret this example.

(15) ID609 PronPers-Dat NP-Dat Cop Pred

Mne usam holodno
[to.me ears.DaT cold]

‘My ears are cold’

GPT-4 claims that this example is grammatically incorrect and subsequently
suggests an alternative, mne holodno usi, which is also incorrect. Despite the
grammatical accuracy of the original example, it lacks attestations in corpora and
Google Books, indicating its low frequency. Considering the infrequent occurrence
of the example, GPT-4 proposes an incorrect version as an alternative, which

appears to be a phenomenon of Al hallucinations®.

° Al Hallucinations are false responses generated by an LLM that may seem correct but are actually
nonsensical at all (Rawte et al., 2023).
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(16) ID808 VP v rezul'tate NP-Gen

Neskol'’ko celovek postradalo v  rezul'tate  vzryva
[several persons sufferpstet  in result.cgen  explosion.Gen]

‘Several people were injured as a result of the explosion’

GPT-4 states that neskol’ko celovek is plural and that the verb should
correspond in number with the subject. However, in Russian, verb-subject
agreement in number can vary depending on the context and the speakers’

intentions (Nesset & Janda, 2023).

(17) ID1162 Adv-Cmp vsego VP

Eti busy podhodjat k  platju lu&se vsego
[these beads suit.3pL to dress better of.all]

‘These beads match the dress best'’

(18) 1D2084 bez NumCrd-Gen (minut) NumCrd-Nom

Prihodi  k bez pjatnadcati desjat’
[come.vp to without fifteen ten]

‘Come by fifteen to ten’

Even though GPT-4 misinterprets these examples, it does not claim that these
examples are entirely incorrect. It suggests that the incorporation of the preposition
k might be slightly ungrammatical, as this preposition is not typically required after

the verbs in these examples.

4. Discussion

The analysis indicates that GPT-4 demonstrates a high level of proficiency in
handling Russian grammatical constructions. Among 2,227 constructions, GPT-4
struggled with 18 constructions, representing less than 1% of the entire dataset

(0.4% referring to the misinterpretation of the fixed part of grammatical
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constructions). Consequently, the response to the first question in the introduction
is that GPT-4 demonstrates effective performance.

The additional inquiry concerned factors causing GPT-4 misinterpretations.
Overall, GPT-4 tends to struggle with grammatical constructions when there is
insufficient and infrequent data available (8 out of 18 examples), which evidences
the frequency bias mentioned in the studies by Dudy & Bedrick (2020) and Brown
et al. (2020). For other misinterpretations (4 out of 18), GPT-4 required more context
necessary for accurate input interpretation, since GPTs can struggle to perform
effectively due to contextual deficits (Gong et al., 2019; Liu et al., 2021; Yenduri et
al., 2024). Predominantly, the linguistic structures that challenge GPT-4 are those
that are colloquial and infrequently represented in formal written discourse, thereby
contributing to a scarcity of documented data available on the Internet.

Further, GPT-4 struggles with certain grammar patterns. It states that the
grammar is incorrect in examples (1), (5), (16) and produces “correct” suggestions
based on the frequency of the dataset rather than on grammatical accuracy. In
example (6), GPT-4 appears to incorporate English syntactic structure while
attempting to propose revised examples in Russian. GPT-4 also alters the original
lexicon of the example (6), removing the fixed part of the grammatical construction;
the same phenomenon is observed in example (8). This aligns with the findings of
Papadimitriou et al. (2022) and Wendler et al. (2024) regarding the influence of the
English language on the final output. In another example (7), GPT-4 inserts
unnecessary punctuation marks in the output, confirming that LLMs can introduce
irrelevant linguistic elements (Hendy et al., 2023).

Except for the incorrect punctuation insertion, the example (7) has an
idiomatic meaning, which GPT-4 cannot identify correctly. In example (9), GPT-4 also
interprets the meaning literally rather than figuratively. These findings show that
GPTs can exhibit limitations to interpret idiomatic expressions and non-literal
language (Ray, 2023; Yenduri et al., 2024). Furthermore, these examples
demonstrate that LLMs encounter difficulties in representing cultural values in
languages other than English (Johnson et al., 2022; Jackson, 2023; Liu, 2024),
considering that idiomatic expressions are not merely linguistics items but also

carries of cultural significance.
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In example (15), GPT-4 claims that the example is incorrect and attempts to
provide an alternative, which is neither sensible nor standard Russian. This indicates
that GPTs struggle to provide an adequate result when the initial input contains
infrequent and rare words (Brown et al., 2020; Dudy & Bedrick, 2020), potentially
leading to Al hallucinations (Rawte et al., 2023).

Some GPT-4 outputs with errors were not entirely wrong. GPT-4 claims that
example (13) is not correct, but the grammatical construction is indeed archaic and
not used in modern Russian anymore. Examples (17) and (18) were considered
slightly incorrect due to a preposition, which is rather misleading as these examples
are grammatically correct but are less frequently used in the Russian language.
Therefore, GPT-4 suggests avoiding the preposition in those examples prioritizing
word frequency over actual accuracy (Dudy & Bedrick, 2020).

Although GPT-4 demonstrates proficient performance across the majority of
the dataset, some challenges remain, indicating that Al chatbots are not yet capable
of completely substituting for human expertise. Researchers, teachers, and learners,
who are non-native speakers, cannot fully rely on LLMs, since biased and inaccurate
outputs can convey wrong linguistic ideas and might seem correct. To avoid such
issues, expertise from human professionals is still essential. However, one solution
for achieving better outputs is to provide more context. My experiment particularly
demonstrates this in the testing of five additional examples of grammatical
constructions where issues occurred in the fixed part. The results were mostly
appropriate due to the sufficient context provided.

Regarding LLM development, it might be hard to fix the frequency bias at the
present stage, but one of the solutions is to have more balanced training data. When
the data is predominantly in English and data in Russian, which is one of the most
widely spoken languages, represents only 0.2% in the main text corpus
implemented in GPTs, the situation is less than ideal and needs attention from LLM
developers. Although GPT-4 interprets Russian grammatical constructions quite well,
its performance might be significantly worse with less commonly spoken languages

that have structures vastly different from English.
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5. Limitations and future directions

In the present study, the experiment was conducted using the Al chatbot
ChatUiT, which functions similarly to ChatGPT but is not available to the general
public. However, the results are generalizable because ChatUiT implements the
foundational model GPT-4, the same one that is being employed in ChatGPT at the
time the experiment was conducted.

Additionally, a zero-shot experiment was conducted in this study. While
examples (10), (11), and (12) appear to be products of Al hallucinations, GPTs’
responses may potentially vary if semantically/syntactically similar examples are
provided in advance before conducting an analogous experiment. Thus, the
“problematic” dataset identified in this investigation can also be tested with such
examples.

There were also a few limitations when comparing GPT-4 interpretations with
annotations from RusCon. Some entries had minor errors, occasional typos, or
lacked sufficient information, since the RusCon project was completed manually
rather than computationally. Furthermore, the dataset in RusCon is not large;
additional constructions could potentially reveal more inaccuracies in areas other
than those already mentioned.

Overall, GPT models from OpenAl are not the only large language models
available on the market. There are other prominent ones, such as Gemini from
Google and Claude from Anthropic. The methods of data training and the settings
differ among these LLMs. Therefore, it could be interesting to see and compare how

various LLMs perform on the same task.
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