
1Tartu 2026

ISSN 2613-5906
ISBN 978-9908-57-151-5

DISSERTATIONES 
INFORMATICAE  
UNIVERSITATIS 

TARTUENSIS
78

H
ELE-A

N
D

R
A

 K
U

U
LM

ETS	
C

ross-Lingual Transfer Learning and Evaluation in Low
-R

esource Settings

HELE-ANDRA KUULMETS

Cross-Lingual Transfer Learning and
Evaluation in Low-Resource Settings



DISSERTATIONES INFORMATICAE UNIVERSITATIS TARTUENSIS 

78 

 

 

 

 



DISSERTATIONES INFORMATICAE UNIVERSITATIS TARTUENSIS 

78 

 

 

 

 

HELE-ANDRA KUULMETS 
 

Cross-Lingual Transfer Learning and 
Evaluation in Low-Resource Settings  



Institute of Computer Science, Faculty of Science and Technology, University of
Tartu, Estonia.

Dissertation has been accepted for the commencement of the degree of Doctor of
Philosophy (PhD) in Computer Science on February 3, 2026 by the Council of the
Institute of Computer Science, University of Tartu.

Supervisor

Prof. Mark Fišel
University of Tartu
Estonia

Opponents

Prof. Barbara Plank
Ludwig-Maximilians-Universität München
Germany

Dr. Jindřich Helcl
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ABSTRACT

Modern AI applications rely on language models trained on massive datasets,
leaving many languages with limited resources underrepresented in these systems.
This gap reduces the usability of AI tools in local, native languages, discourag-
ing their everyday use and reinforcing technological inequality across linguistic
communities.

A common strategy to address this issue is cross-lingual transfer learning,
where a model is trained on multiple languages, enabling knowledge learned
from high-resource languages such as English to improve performance in lower-
resource ones. Specifically, the transfer occurs because multilingual training en-
courages the model to align internal representations across languages. It has
shown to be especially beneficial for improving performance of low-resource lan-
guages included in the training set.

This thesis investigates methods to strengthen cross-lingual knowledge trans-
fer from English to Estonian by leveraging various resources, including textual
data in Estonian, existing multilingual base models, large language models, and
machine translation. Estonian is a Finnic language belonging to the Finno-Ugric
branch of the Uralic language family and is most closely related to Finnish. It
is natively spoken by around 1.1 million people and is the official language of
Estonia. With 14 grammatical cases for nouns, an extensive verb inflection sys-
tem, and relatively free word order, Estonian is considered a morphologically rich
language, contrasting with many typologically different, high-resource languages
(e.g., English) that have been the primary focus of NLP research.

The work is presented in two parts. The first focuses on pre-LLM settings, op-
timising Estonian performance on a commonsense reasoning task through multi-
lingual training and synthetic data, and analysing the impact of translation quality.
The second part focuses on adapting an English-centric large language model to
Estonian by combining continued pretraining with multilingual instruction tuning
and leveraging synthetic Estonian and English instructions alongside high-quality
human-written English instructions.

This work also contributes insights into the evaluation of cross-lingual transfer
learning methods. We show that translated test datasets can overestimate model
performance compared to native test sets, and introduce a multilingual, multi-turn
conversational benchmark for Estonian and other Finno-Ugric languages to enable
more reliable assessment of conversational language models.

Across the experiments presented in this work, incorporating multilingual data
consistently improves Estonian results, even when using only synthetic resources,
suggesting that cost-effective cross-lingual strategies can significantly expand the
reach of AI to low-resource languages. Based on these findings, we believe that
approaches leveraging cross-lingual transfer offer a viable path to closing the per-
formance gap between high- and low-resource languages, making advanced lan-
guage technologies available to a wider range of linguistic communities.
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1. INTRODUCTION

Recent times have brought rapid progress in natural language processing (NLP),
driven by advances in language modeling. These models have evolved from sim-
ple generative models that extend input text, to large language models capable
of assisting with everyday tasks, and even to agents with the potential to auto-
mate complex workflows. Central to this progress is the Transformer architecture
(Vaswani et al., 2017)—a type of neural network that has led to major improve-
ments in capturing the meaning of natural language. While model architecture
has played a crucial role in the progress, the availability of large datasets that are
needed to teach models both human language and the knowledge encoded in writ-
ten texts has been equally crucial. Yet, it is the scarcity of high-quality training
data that has become one of the main obstacles to build even larger (and poten-
tially smarter) language models.

The vast majority of available training data is in English. Consequently, most
NLP research and development efforts have focused on English, resulting in much
stronger models for English than for other languages. Even if there is interest in
replicating the same level of progress in other languages, it is much harder to
reach that as many of those languages suffer from significant resource scarcity
which limits the achievable performance.

Fortunately, low-resource languages are not without options. Specifically,
these languages can benefit from cross-lingual knowledge transfer, which hap-
pens when a model is trained on multiple languages at once. As a result, the
model develops universal inner representations that allows knowledge to be trans-
ferred from high-resource languages (like English) to lower-resource ones (like
Estonian). Thanks to this effect, a model that is trained partially on English can
potentially improve its performance on other languages without requiring vast
amounts of data for each language individually.

Estonian is one of such language that is considered low-resource in the context
of language modeling. That means that it lacks sufficient data to train a lan-
guage model from scratch, but it has enough resources to support in-depth study
of cross-lingual knowledge transfer. The largest Estonian text corpus, the Esto-
nian National Corpus (Koppel et al., 2023), prior to any cleaning or filtering,
contains around 3.8 billion words. While this is only a fraction of what is used
to train modern large-scale models, it can still be included in a larger multilin-
gual dataset to help improve a model’s understanding of Estonian. In addition,
several machine translation systems can translate between English and Estonian
with reasonable quality, including Neurotõlge (Tättar et al., 2022; Yankovskaya
et al., 2023), a neural machine translation system developed at the University of
Tartu that currently supports 26 Finno-Ugric languages, many of which are low-
or extremely low-resource. Such systems enable the creation of synthetic Esto-
nian training data via machine translation at substantially lower cost than human
annotation, facilitating the creation of fine-tuning datasets.
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Research Questions

Advances in language modeling have not only made language models better in
reasoning and richer in world knowledge, but have also significantly improved
their ability to understand and generate non-English languages. The fact that these
gains are evident even in low-resource languages such as Estonian, Latvian, and
Icelandic (Holtermann et al., 2024; OpenAI et al., 2024) suggests that at least
some of this progress can be attributed to improved cross-lingual alignment within
the models. However, the understanding of how cross-lingual alignment emerges
and manifests across diverse data settings remain insufficiently studied for many
languages.

This thesis contributes to research on cross-lingual transfer learning with a
particular focus on Estonian, while the methods explored are language-agnostic
and applicable to other languages with similar resource profiles. Specifically, we
investigate how to best leverage the modest amount of raw Estonian textual data
available, together with different types of synthetic Estonian datasets, to enhance
knowledge transfer from English.

We study cross-lingual transfer in both the pre-training and fine-tuning stages
of language model training. First, we examine how cross-lingual knowledge trans-
fer can be strengthened during the computationally less expensive fine-tuning
phase. Our experimental setup assumes a constrained scenario in which no na-
tive, task-specific fine-tuning data in Estonian is available. We therefore rely
on synthetic Estonian data, obtained either through machine translation or gen-
erated by stronger language models. These types of data are attractive because
they are extremely inexpensive to produce, which helps to address data scarcity
in many cases. However, their quality may be lower, potentially limiting model
performance. Therefore, whenever possible, we compare synthetic-data-based ap-
proaches with alternatives that rely on higher-quality data to better understand the
limitations of fine-tuning on synthetic data.

Second, we investigate cross-lingual transfer during the pre-training phase.
Specifically, we study whether knowledge transfer can be improved through con-
tinued pre-training, that is, by taking an existing language model trained on other
language(s) and further pre-training it on data with an increased proportion of Es-
tonian. We are particularly interested in whether a small amount of additional data
would already be sufficient to improve cross-lingual alignment to Estonian from
other training languages, especially from English. In addition, we study the role
of scale, considering both the scale of the original pre-training and the scale of
continued pre-training.

Finally, we compare the cross-lingual transfer learning methods, that essen-
tially rely on multilingual training, to monolingual approaches in understanding
Estonian. We compare these approaches at different stages of training to identify
the most advantageous setup for every stage.

Our experiments cannot be carried out without reliable model evaluation; how-

14



ever, Estonian lacks high-quality evaluation datasets. As collecting and annotat-
ing native datasets is expensive, synthetic translated datasets are often used as a
substitute. As part of this work, we examine the potential implications of using
synthetic data for evaluating language models.

Another challenge is evaluating conversational language models. Since evalu-
ating natural language generation with automatic metrics is difficult, human eval-
uation is necessary. In low-resource languages, however, the limited availability
of domain-expert human annotators makes reliable evaluation of conversational
models particularly difficult. As part of this work, we identify key challenges in
evaluating conversational models in low-resource settings and use these insights
to guide the design of a conversational evaluation dataset, which we then use to
conduct a human evaluation of language models.

Our research questions are as follows:
• To what extent can synthetic data be used in adapting language models to

Estonian?
• How does multilingual training compare to monolingual training for Esto-

nian language understanding across training stages?
• How does (continued) pre-training contribute to the establishment of cross-

lingual knowledge transfer?
• How should native datasets and human evaluation be positioned relative to

synthetic data and automatic metrics in the evaluation of language models
for low-resource languages?

Contributions

This thesis consists of five main contributions, each corresponding to a publication
included in the thesis. The contributions are summarized as follows.
Contribution I. We compare different fine-tuning and prompting strategies for
strengthening cross-lingual knowledge transfer to Estonian in encoder-only and
decoder-only models. By using an Estonian commonsense reasoning task as the
evaluation setting, we show that multilingual fine-tuning and multilingual prompt-
ing of multilingual base models are superior to monolingual methods.
Contribution II. We compare translated and native test datasets in TRANSLATE-
TEST settings, where Estonian inputs are translated into English at inference time
and the outputs are translated back into Estonian. The results suggest that evalua-
tion on translated test datasets may overestimate model performance.
Contribution III. We conduct a series of continued pre-training experiments on
the English-centric decoder-only Llama 2 model to strengthen its ability to under-
stand and generate Estonian. The results show that even a relatively small amount
of continued pre-training data can substantially improve performance in the tar-
get language. In addition, by leveraging stronger language models for synthetic
Estonian data generation, we introduce the first instruction-following model for
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Estonian.
Contribution IV. Using available benchmark datasets, we evaluate a set of open
language models on five Finno-Ugric languages, including Estonian, and provide
an overview of their performance. We observe that massively scaling pre-training
data improves performance in these languages, outperforming language-specific
adaptation of models trained with smaller data scales.
Contribution V. We formulate a set of requirements for conversational bench-
marks in low-resource settings. Based on these requirements, we introduce a new
multi-turn conversational benchmark covering four Finno-Ugric languages and
use it for human evaluation of language models adapted to these languages.

Structure of the Thesis

This thesis is organized into six chapters. Chapter 1, the chapter that you are
currently reading, is an introduction to this thesis. It describes the motivation, for-
mulates the research questions, and briefly described the contributions and struc-
ture of the work. Chapter 2 provides background and context for the work, while
Chapters 3–5 present the core contributions and Chapter 6 concludes the thesis.
During the course of the PhD research, cross-lingual transfer learning underwent a
paradigm shift driven by the emergence of large language models (LLMs), which
by default exhibit substantially improved performance in non-English language
understanding. Chapter 3 focuses on methods and experiments conducted prior to
the introduction of LLMs and bases on contributions I and II. Chapter 4 examines
how to strengthen Estonian language understanding and generation capabilities
in LLMs and investigates the role of scale in this process. It is based on con-
tributions III and IV. Chapter 5 introduces a conversational benchmark for four
low- or extremely low-resource Finno-Ugric languages and demonstrates its prac-
tical value. It is based on contribution V. Chapter 6 concludes the dissertation by
summarizing the main findings.

The detailed structure of Chapters 2-6 is as follows:
• Chapter 2. Sections 2.1 and 2.2 provide a brief overview of how the de-

velopment of the Transformer architecture enabled the rise of large lan-
guage models. Section 2.3 introduces cross-lingual transfer learning, out-
lines common experimental setups, and discusses typical baselines. Section
2.4 focuses on evaluation, covering methods for creating synthetic evalua-
tion datasets and approaches for evaluating instruction-following models.

• Chapter 3. Section 3.1 introduces a new Estonian commonsense dataset
that will be used in subsequent transfer learning experiments. Section 3.2
presents the experiments, which compare different types of synthetic train-
ing data under various training setups, followed by a comparison of syn-
thetic test datasets. Section 3.3 addresses a common but often overlooked
problem in evaluating cross-lingual transfer learning. The chapter con-
cludes with a short summary (Section 3.4).
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• Chapter 4. Section 4.1 presents experiments aimed at eliciting knowl-
edge transfer from English to Estonian in large language models. These
experiments separately evaluate the effects of continued pretraining, syn-
thetic Estonian instruction-tuning data, and parallel data on Estonian natu-
ral language understanding and generation. Section 4.2 provides a broader
overview of the state of open LLMs in understanding Finno-Ugric lan-
guages, contextualizing the results presented in Section 4.1.

• Chapter 5. Section 5.1 formulates requirements for conversational bench-
marks in low-resource languages. Section 5.2 describes the development of
the novel benchmark, and Section 5.3 presents the design and results of a
human evaluation of language models.

• Chapter 6. The final chapter synthesizes the key findings and outlines fu-
ture research directions.
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2. BACKGROUND

2.1. Fundamentals of NLP

The first step of any application processing text is to convert the text into a format
that can be processed by a mathematical model. This is done by splitting the text
into a predefined set of chunks, i.e subwords or tokens. Several different algo-
rithms have been introduced to perform subword tokenization, the most common
being Byte-Pair Encoding (Sennrich et al., 2016), WordPiece (Wu et al., 2016),
and SentencePiece (Kudo and Richardson, 2018).

The tokenization process is followed by a data transformation step, during
which the tokens are processed by a deep neural network to produce the desired
output. This begins with mapping the tokens to learned continuous vectors, fol-
lowed by their transformation through various layers of the deep neural network.
The specific architecture of this neural network can vary greatly based on the par-
ticular task at hand. However, the field of natural language processing (NLP)
nowadays generally recognizes two primary model architectures: encoders and
decoders.

In current practice, both encoders and decoders are usually implemented us-
ing the transformer model architecture (Vaswani et al., 2017). It has become by
far the most dominant neural network type used in NLP because it utilizes the
computational hardware more effectively than the other types of neural networks.
This efficiency enables the training of larger language models on bigger datasets,
resulting in improved natural language understanding abilities of the models (Liu
et al., 2019; Brown et al., 2020; Shoeybi et al., 2020; Hoffmann et al., 2022).

Transformer-based language models are typically trained in two stages. First,
to make use of the vast amounts of unlabeled text, the models are pre-trained
on massive text corpora using an unsupervised training objective, i.e. predicting
a masked token. This helps the model to learn general language patterns, e.g.
syntactic structure and semantics of the words. However, the model still would
not know how to solve a specific task. Thus, the models are then fine-tuned on
the desired end task, typically using a small labelled dataset.

2.1.1. The Transformer Architecture

The original Transformer was designed to solve a machine translation task, which
involves converting an input sequence of tokens into an output sequence of tokens.
Following the typical architecture of a translation model, it consists of an encoder
and a decoder, where the encoder’s output serves as the input to the decoder. How-
ever, the Transformer encoder soon became popular as a standalone model, as it
was better suited for sentence-level tasks. The decoder, initially offering no ad-
vantage over the encoder-decoder architecture when used alone, gained research
attention after it was discovered that, with sufficient scaling, such models could
solve tasks on which they had not been explicitly trained (Brown et al., 2020).
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Both the Transformer encoder and decoder consist of a stack of N identical
Transformer blocks. Each block takes as input the output of the previous block.
For the first block, the input is the sum of token embeddings (We) and positional
encodings (Wp):

h0 =UWe +Wp

hi = transformer_block(hi−1)∀i ∈ [1,N]

In decoder-based models, the input U = (um−k, . . . ,um) is a sequence of to-
kens. The output of the final Transformer block is used to predict the probability
distribution of the next token um+1:

P(um+1) = softmax(hm
NW T

e )

In encoder-based models, the input U = (u1, . . . ,um) is a sequence in which
some token u j is replaced with a special [MASK] token. The output of the fi-
nal Transformer block is then used to predict the probability distribution of the
masked token:

P(u j) = softmax(h j
NW T

e )

The novelty of the Transformer architecture—and a key reason for its im-
proved performance in natural language understanding—is its exclusive reliance
on the self-attention mechanism, eliminating the need for RNNs or convolutions.
While the idea of self-attention was not new (e.g., Lin et al. (2017)), Vaswani et al.
(2017) was the first to implement a sequence-to-sequence neural model without
RNNs or convolutions, relying entirely on self-attention.

Each transformer_block hence includes a self-attention function, defined
as:

Attention(Q,K,V ) = softmax
(

QKT
√

dk

)
V

where Q, K, and V are linear projections of the output from the previous layer.
Essentially, the self-attention function is a mechanism that relates each token

to all other tokens in a sequence to compute a representation for each token. This
means the token representations are contextualized, depending on the other tokens
in a sequence, helping to resolve semantic ambiguity.

In practice, each transformer_block proposed by Vaswani et al. (2017) uses
MultiHeadAttention, which computes multiple independent sequence repre-
sentations in parallel. Compared to RNNs, this allows the model to capture richer
token-level information with significantly lower computation time through paral-
lel execution. Additionally, each transformer_block employs residual connec-
tions to prevent vanishing gradients.
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2.1.2. Transformer Encoders and Decoders

Encoders are models that map an input sequence of vectors (token embeddings) to
a single fixed-length vector or to a sequence of vectors of the same length as the in-
put. The latter is, for example, the output format of pre-trained transformer-based
encoders, first introduced by Devlin et al. (2019), who referred to this model ar-
chitecture as BERT, short for Bidirectional Encoder Representations from Trans-
formers.

As the name suggests, these models are bidirectional, meaning that in order to
create the final embedding the model is allowed to use information on both the left
and right sides of the input text. During pre-training, the token to be predicted is
masked using a special [MASK] token to prevent the model from seeing the correct
output token.

Encoders are typically used for sentence and sequence classification tasks such
as named entity recognition or textual entailment.

Decoders, by contrast, map an input sequence of tokens of arbitrary length
to an output sequence of tokens of arbitrary length. Transformer-based decoders
were first introduced by Vaswani et al. (2017).

These models are unidirectional, meaning that the model is only allowed to see
tokens to the left of the current position when predicting the next token. Decoders
are autoregressive, meaning that they produce one token at a time, using the pre-
viously generated tokens as context. Thus, the output text of arbitrary length is
achieved by performing the next token prediction several times, each time incor-
porating the previously predicted tokens.

Decoders are used for open-ended text generation tasks such as machine trans-
lation or text summarization where the output sequence length is not fixed in ad-
vance.

Note that models that follow the architecture of a decoder or an encoder are
commonly referred to as decoder-only and encoder-only models, respectively. In
contrast, the original Transformer architecture proposed by Vaswani et al. (2017)
combines both components into an encoder–decoder model.

2.1.3. Pre-Training

The advancements that the Transformer architecture has brought to NLP largely
come from the fact that it is better at leveraging raw, unlabeled data. As task-
specific labeled datasets are typically small and costly to create, models that can
effectively learn from unlabeled data provide a cheaper alternative to the expen-
sive manual creation of large labeled datasets.

Training the model on raw unlabeled data is called pre-training. Pre-training
is the first phase of training language models during which the model learns the
initial parameters using some unsupervised optimization objective (masked token
prediction or next token prediction; see Section 2.1.2 for further details). Pre-
training is typically done with whatever document-level data is available and does
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not have to be from the same domain as the end task. On the contrary, diverse data
is preferable as it prevents overfitting and leads to more generally applicable base
model.

It has been shown (Brown et al., 2020; Kaplan et al., 2020; Hoffmann et al.,
2022) that massively scaling model parameters and the number of pre-training
tokens results in stronger base models. However, this makes this phase com-
putationally very expensive (not to mention the efforts it takes to curate a high-
quality pre-training dataset) and thus has become unavailable to many with more
restricted budgets.

2.1.4. Fine-Tuning

The ability of language models to gain language understanding from raw, un-
labeled data during the pre-training has significantly reduced the need to create
large-scale annotated datasets for effective task-solving, while at the same in-
creasing accuracy in solving the end task (Radford et al., 2019; Brown et al.,
2020).

Training the model on an annotated dataset using a task-specific optimization
objective is called fine-tuning. To adapt pre-trained encoders and decoders to a
specific problem, a special layer is added on top of the base model. For example,
to use an encoder-type model for sentence classification, a classification layer is
simply added on top of a specific output token representation. Concretely, that
specific output token representation is the embedding corresponding to a special
input token [CLS], which is specifically added to the input for sentence classi-
fication tasks during pre-training. To solve a sentence classification task, this
embedding is projected to a vector of length K where K is the number of classes,
and where the parameters are optimized using the standard classification loss, log-
softmax.

Another type of tasks that encoder-type models are well-suited for are token
classification tasks such as POS tagging or NER, but also more unconventional
tasks such as extractive question answering (QA), where the goal is to extract the
excerpt from the given paragraph that answers the given question. For example, to
solve an extractive QA task, one can fine-tune the model to predict, for each output
embedding, whether the corresponding token starts the answer, ends the answer,
or is neither (Devlin et al., 2019). The score for the i-th token being the beginning
of an answer is computed as the dot product between the i-th embedding and a
trainable vector S. A similar calculation is performed to find the ending token of
the span, using a trainable vector E, and the predicted answer span is the one that
maximizes

S ·Ti +E ·Tj, where i ≤ j.

During fine-tuning, the scores are softmaxed over all tokens, and the training ob-
jective is the sum of the log-likelihoods of the correct start and end tokens.

When adapting a model to a specific task, one can either update all parameters,
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including those of the base model, or update only a subset, such as task-specific
layers, while freezing the rest.

Decoders can also be fine-tuned, similarly to encoders, for example by project-
ing the last hidden embedding of the decoder to a vector of class scores. However,
in practice, decoders are rarely fine-tuned on sentence-level tasks, as bidirectional
encoder representations are generally more effective in such cases. A more typical
use case for fine-tuning decoders would be tasks that require generating text of ar-
bitrary length, such as machine translation or text summarization. However, such
single-task setups have traditionally been addressed with encoder-decoder mod-
els. Fine-tuning decoder-only models, on the other hand, has been more focused
on improving generalization to unseen tasks (see Section 2.2.2).

2.2. Large Language Models

Experiments with scaling both the number of parameters and the amount of pre-
training data led to the observation that sufficiently large language models can
learn to perform various downstream tasks without explicit supervision (Radford
et al., 2019). In particular, it was found that by conditioning a pre-trained decoder-
type model on natural language instructions, such as concatenating a task descrip-
tion (e.g., "translate to French") with a source sentence in English, the model is
able to produce the correct output, such as generating the corresponding transla-
tion in French. This phenomenon, later termed in-context learning (Brown et al.,
2020) was shown to continue improving as the model scale increased, with per-
formance continuing to rise even when models became 10 times larger than any
previously trained systems (Brown et al., 2020). It was at this stage of language
modeling research that the term large language model (LLM) was introduced,
to highlight capabilities that had not been observed in weaker language models.

2.2.1. Model Scaling

The ability to solve downstream tasks without explicit supervision had already
been demonstrated by the 1.5 billion-parameter GPT-2 model (Radford et al.,
2019), which was trained on 8 million documents totaling 40GB of text. For
example, GPT-2 achieved non-trivial performance in French-to-English transla-
tion (BLEU 11.5) despite having only 10MB of French text in its training data.1

Its successor, the 175B-parameter GPT-3 model (Brown et al., 2020), trained on
300 billion tokens, notably achieved zero-shot BLEU scores of 25.2 for English-
to-French and 21.2 for French-to-English on the same WMT’14 dataset, despite
only 7% of its training data consisting of non-English text.

Based on the scaling law analysis by Kaplan et al. (2020), which suggested a
power-law relationship between model size and performance, most subsequent ef-

1That said, it could not translate in the reverse direction, English-to-French, scoring a much
lower BLEU of 5.
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forts to improve language models focused on increasing model size when scaling
computing power. This led to the development of extremely large models, such
as Gopher (280B) (Rae et al., 2022), PaLM (540B) (Chowdhery et al., 2022),
LaMDA (137B) (Thoppilan et al., 2022), and MT-NLG (530B) (Smith et al.,
2022), while the number of training tokens remained constant at around 300 bil-
lion tokens (Hoffmann et al., 2022).

The question of training a compute-optimal model was revisited by Hoffmann
et al. (2022) whose analysis led to a different conclusion from what was reported
by Kaplan et al. (2020). Specifically the analysis by Hoffmann et al. (2022) pre-
dicted that when increasing the compute budget, training data size should also
scale, and specifically it should scale at roughly the same rate as model size. They
validated this hypothesis by training Chinchilla, a 70B-parameter model using
four times as much data than previous models, which turned out significantly out-
perform much larger models across a wide range of downstream evaluation tasks.

Following these findings, new releases of language models were smaller in
terms of parameters. More effort now put into scaling the pre-training data, and,
as a side effect of reducing parameter size and thus hardware requirements, they
became accessible to a larger audience for inference, increasing the interest in
such models. Some of the early examples of models following the new training
principles are Falcon models (with 7B to 180B parameters) trained on 3.5T tokens
(Almazrouei et al., 2023), Qwen models (7B to 14B) trained on up to 3T tokens
(Bai et al., 2023), LLaMA models (from 7B to 65B) trained on 1.4T tokens, (Tou-
vron et al., 2023a) and their successors, Llama 2 models (7B to 70B) trained on
2T tokens (Touvron et al., 2023b).

2.2.2. Instruction Tuning

Although sufficiently pre-trained language models such as GPT-3 (Brown et al.,
2020) showed strong performance on a wide range of tasks given only a few input-
output examples, their results still did not match those of the best task-specific
models. Moreover, in the zero-shot setting, performance remained fragile, with
output quality varying considerably across tasks. Thus, in parallel with explor-
ing model scaling, substantial research attention shifted towards improving the
robustness of language models on diverse NLP tasks under both zero-shot and
few-shot conditions.

To this end, several studies demonstrated that further training of base models
on a mixture of NLP tasks—each accompanied by natural language instructions
specifying the desired output—substantially improves generalization to unseen
tasks (Mishra et al., 2022; Sanh et al., 2022; Wei et al., 2022). Further, Ouyang et
al. (2022) fine-tuned GPT-3 on human-written queries and answer demonstrations,
further aligning the model with user preferences through reinforcement learning
from human feedback (RLHF). The authors observe that this model was signif-
icantly preferred over versions fine-tuned solely on instruction-augmented NLP
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datasets.
This line of fine-tuning methodologies, referred to as instruction tuning, has

since played a crucial role in enhancing language models’ ability to understand
and follow user prompts, ultimately transforming them into conversational assis-
tants capable of addressing a various user needs.

One of the key requirements for aligning model outputs with user expectations
is the availability of high-quality instruction-tuning data that reflects real-life us-
age. To reduce the cost of creating such data, which traditionally requires hu-
man annotators, research has explored cheaper alternatives. Wang et al. (2023)
demonstrated that generating instructions, inputs, and outputs from a language
model and using this synthetic data to instruction-tune a base model can achieve
performance on par with InstructGPT (Ouyang et al., 2022), but at a significantly
lower cost. Building on this idea, Taori et al. (2023) generated 52K instruction-
following demonstrations using text-davinci-003 (a version of InstructGPT)
and used this data to fine-tune LLaMA 7B. According to their preliminary evalua-
tions, the resulting Alpaca model performed comparably to text-davinci-003
despite being substantially smaller.

2.3. Cross-Lingual Transfer Learning

Cross-lingual transfer learning refers to a type of machine learning that leverages
large datasets available in high-resource languages to improve language under-
standing in lower-resource languages. Since several very different methods that fit
under this definition (see more at Section 2.3.2), in this work, we narrow the defi-
nition to methods that establish cross-lingual transfer through universal language-
independent representations (Lample and Conneau, 2019). These representations
are learned by training a (transformer-based) language model on multiple lan-
guages. This way, the model has to learn to project inputs in different languages
into a shared embedding space, forcing it to create abstractions for language struc-
tures and semantics that are similar across languages.

Before the emergence of large language models, the primary objective in cross-
lingual transfer learning research was to achieve zero-shot model transfer, that
is, to develop a model capable of performing a task in a target language without
relying on task-specific annotated data in that language, but only on shared mul-
tilingual representations (Pires et al., 2019). This line of research attracted broad
interest (Conneau et al., 2020; Liu et al., 2020; Xue et al., 2021) and led to the
development of numerous cross-lingual evaluation datasets (Conneau et al., 2018;
Artetxe et al., 2020c; Ponti et al., 2020), in which training data is available only
in English, while test data covers various target languages.

With the emergence of LLMs, both the goals and methods of cross-lingual
transfer have changed. The focus is no longer on transferring a single task but
rather on transferring the entire set of capabilities acquired during pretraining.
However, training strong LLMs from scratch remains inaccessible to most re-
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searchers. As a result, much of the current work in cross-lingual transfer learn-
ing centers on enhancing the multilingual capabilities of existing LLMs, which
are predominantly trained on English data. This is typically pursued by contin-
ued pre-training on a corpus with increased representation of the target language,
incorporating the target language during instruction tuning, or combining both
strategies (Csaki et al., 2024; Cui et al., 2024; Etxaniz et al., 2024a; Rodríguez
et al., 2025). Consequently, zero-shot model transfer is no longer considered a
goal on its own. Instead, the focus has shifted to more flexible methods that may
still rely on (potentially limited) target language data.

2.3.1. Multilingual Pre-Training

The foundation of cross-lingual knowledge transfer lies in pre-training on mul-
tiple languages. Prior to the dominance of large language models, multilingual
pre-training deliberately included a high proportion of non-English data to induce
multilingual capabilities. However, as noted by Conneau et al. (2020), increasing
the number of languages for a fixed-size model reduces the per-language capacity,
a phenomenon they refer to as the curse of multilinguality. This trade-off lowers
the overall performance, though low-resource languages still benefit from posi-
tive transfer from typologically related languages. As a result, multilingual mod-
els tended to deliver state-of-the-art performance for medium- and low-resource
languages, while high-resource languages were better served by language-specific
models.

Model scaling (see Section 2.2.1) has since shifted this dynamic. Larger mod-
els demonstrate improved performance on non-English tasks despite being trained
on only a small fraction of non-English data. This suggests that scale enhances a
model’s ability to learn useful representations even from limited data in a given
language (Shi et al., 2023; Holtermann et al., 2024). This insight has redefined the
requirements for supporting low-resource languages — while more data remains
beneficial, significant improvements can be achieved even with relatively small
datasets (e.g., Etxaniz et al., 2024b).

2.3.2. Zero-Shot Model Transfer

More formally, in zero-shot model transfer, a model is fine-tuned on task data in a
subset of languages and is expected to perform the same task in a target language
that was not included in the training subset. This approach requires extensive mul-
tilingual pre-training to enable the model to learn shared representations across
languages. The multilingual model is then fine-tuned on task-specific annotations
in one or more source languages (typically English) and ideally, the learned skill
is expected to transfer to the target language through the shared multilingual em-
bedding space established during pre-training.

The motivation for zero-shot model transfer is the extremely high cost of creat-
ing task-specific datasets for every target language. Additionally, many languages
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lack sufficient pre-training data to train a separate base model for that language.
Finally, in multilingual scenarios, using a single model for all languages helps
reduce both training and inference costs.

In addition to zero-shot transfer, there exist two other methods to tackle a
task in the target language without requiring task-specific annotations in that lan-
guage: TRANSLATE-TEST and TRANSLATE-TRAIN. Both rely on the availabil-
ity of a machine translation system capable of translating to and from the target
language. In the TRANSLATE-TEST approach, the test data is translated during
inference from the target language into English, after which a model fine-tuned
on English task-specific data is used to generate predictions that, depending on
the task, might need to be translated back into the target language. In contrast, the
TRANSLATE-TRAIN method involves translating the English training data into the
target language and then fine-tuning a multilingual or monolingual base model on
this translated data. These two approaches are often employed as baselines for
ZERO-SHOT transfer, with TRANSLATE-TEST in particular being a difficult base-
line to outperform, as it allows the reuse of well-performing English models.

Note that at the introduction of this section, we stated that cross-lingual trans-
fer methods leverage large datasets in one language to improve performance in a
lower-resourced target language. By this definition, both TRANSLATE-TEST and
TRANSLATE-TRAIN can be considered and are sometimes referred to as cross-
lingual transfer methods. However, if we define cross-lingual transfer learning
more narrowly as learning a shared representation space within the model, then
these methods do not fall under that category.

That said, both TRANSLATE-TEST and TRANSLATE-TRAIN can still benefit
from shared representations. For example, TRANSLATE-TRAIN is typically more
effective when used with multilingual language models that can leverage these
shared spaces. Likewise, TRANSLATE-TEST can also be used with multilingual
models, although it is less likely to yield improvements, since English language
understanding tends not to benefit significantly from multilingual representations
(Conneau et al., 2020).

2.3.3. Multilingual Fine-Tuning

Achieving zero-shot model transfer is desirable in scenarios where fine-tuning
data in the target language is expensive to obtain. However, this motivation is
weakened in the era of LLMs, as creating fine-tuning data has become substan-
tially cheaper for many languages. As a result, zero-shot model transfer is often
no longer a goal in itself.

One specific reason for the reduced interest in zero-shot model transfer is that
LLMs can be used to generate synthetic fine-tuning data across a wide range of
languages, increasing the likelihood that at least some fine-tuning data in the target
language is available. In addition, when instruction tuning is desired — as it often
is — existing task-specific NLP datasets can be reformulated as instruction-tuning
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data (see Section 2.2.2). Together, these factors make multilingual fine-tuning
more readily available than before the emergence of LLMs.

A further consideration is that most pre-trained LLMs achieving state-of-the-
art performance are predominantly trained on English. Consequently, fine-tuning
on target data is often necessary to introduce or strengthen capabilities in the target
language. Moreover, it is computationally significantly cheaper than pre-training
the model from scratch.

2.3.4. English as a Pivot

Many lesser-resourced languages lack sufficient data to train strong models. Yet,
it has been shown that LLMs can still exhibit understanding of such languages
(Holtermann et al., 2024), suggesting effective knowledge transfer from high-
resource languages during pre-training. Although the exact compositions of pre-
training data for these models is often undisclosed, prior work suggests that im-
proved multilingual performance may arise from a more effective integration of
lesser-resourced languages into the training corpus.

For example, Briakou et al. (2023) argue that the surprisingly strong translation
performance of the PaLM model can be attributed to the unintentional inclusion
of bilingual signals, including translation examples, in its pre-training data. Their
analysis shows that 1.4% of PaLM’s training instances are bilingual, while 0.34%
contain at least one translated sentence pair, amounting to approximately 30 mil-
lion unintended translation examples. To support this claim, they train several
scaled-down versions of PaLM using different training data configurations. They
observe that ablating bilingual and translation instances from the training data has
a clear negative effect to the translation capabilities.

In contrast, PaLM 2 (Anil et al., 2023) intentionally includes parallel data dur-
ing pretraining. While its impact is not directly measured, the model achieves
77.4% accuracy on an Estonian subset of the commonsense reasoning benchmark
XCOPA in a few-shot setting, and 91.0% when using chain-of-thought prompt-
ing where intermediate steps involve translating the input into English to perform
reasoning in English (Shi et al., 2023).

Cross-lingual transfer specifically from English has received growing attention.
Zhang et al. (2023) observe that ChatGPT exhibits a mixture of coordinate and
subordinate multilingualism, suggesting that it either maintains concept represen-
tations separately across languages or internally translates the input into English
before connecting it to the shared space. Wendler et al. (2024) apply mechanistic
interpretability methods to Llama 2 (Touvron et al., 2023b) and find that token
embeddings in the middle layers are closer to English representations, only shift-
ing toward the target language in the final layers, which they interpret as evidence
that the model’s "concept space" is anchored in English.
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2.4. Evaluation

Evaluating and comparing language models has become increasingly challenging
as their capabilities now extend beyond the tasks they were explicitly trained on
(Mishra et al., 2022; Sanh et al., 2022). This challenge is even more pronounced
for lesser-resourced languages, which have significantly benefited from stronger
cross-lingual knowledge transfer arising from scaling model parameters and train-
ing data. However, as evaluation still depends heavily on human input, whether
for curating, validating, or annotating data, it has not been able to keep pace with
the rapid progress in model performance in these languages. Moreover, as the
manual effort required for evaluation is very costly, it may not even be available
for certain low-resource languages.

Another challenge lies in evaluating instruction-tuned models, which must
generate adequate response to a wide range of user inputs. Beyond simply follow-
ing user instructions, these models are expected to solve diverse problems, reason
about the world, and maintain factual accuracy to be genuinely useful. There are
all capabilities that are difficult to evaluate with automatic metrics. As a result,
human annotators remain unavoidable.

A recent trend in model evaluation is to use stronger conversational language
models to assess the output of weaker ones. This approach, known as LLM-as-a-
Judge, offers a cost-effective alternative to human annotation, but it also has its
limitations (further discussed in Section 2.4.3).

2.4.1. Creating Evaluation Datasets

Several methods can be used to create evaluation datasets for new languages,
which is often necessary to assess cross-lingual transfer to lesser-resourced lan-
guages that have fewer evaluation datasets available. A popular approach is to
translate datasets originally created for English, either fully or partially, into the
target language. Unlike training datasets, evaluation datasets are usually translated
manually by professional translators to ensure high data quality. Alternatively,
data can be translated using a machine translation (MT) followed by optional
post-editing. However, these approaches are less common for lesser-resourced
languages, where MT systems lack sufficient quality. Moreover, MT systems of-
ten struggle with multi-sentence and document-level data, resulting in inconsistent
translations.

A well-known issue with all translated datasets, including those translated by
humans, is the presence of translationese (Koppel and Ordan, 2011; Artetxe et
al., 2020a), that it, language artifacts that differ from natural, real-life data. An-
other problem is that translated datasets often contain source-language-specific
content unfamiliar to native speakers of the target language, further contributing to
the difference between the dataset and real-world data. Despite these drawbacks,
translated datasets provide a straightforward way to compare model performance
across different languages.
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An alternative to translation is to create datasets from scratch in the target lan-
guage. While this approach is more expensive, it eliminates problems related to
translationese and unfamiliar content. However, building datasets from scratch
also makes comparing models across languages more difficult—unlike translated
benchmarks, newly created datasets usually do not come with parallel instances
in other languages. Another problem of creating datasets from scratch arises for
low-resource languages. For such languages, it is more difficult to find human
annotators. Moreover, as the capabilities of language models get better, more
challenging evaluation benchmarks must be created. However, constructing such
benchmarks requires often expert-level knowledge, raising the bar for human an-
notators. For many low-resource languages, finding annotators with the required
expertise can be prohibitively challenging.

2.4.2. Evaluating Instruction-Following Language Models

Instruction tuning allows language models to handle arbitrary tasks and problems
through natural language input and output, effectively turning them into conver-
sational assistants that users can interact with. However, evaluating these mod-
els with traditional task-specific NLP benchmarks gives only a limited overview
of their capabilities and does not capture their conversational and instruction-
following skills. Although benchmarks exist for automatically evaluating instruc-
tion-following capabilities (Zhou et al., 2023b), ultimately, instruction-tuned mod-
els must provide useful and accurate answers to user queries, and evaluation
should reflect this as well.

In practice, the usefulness and accuracy of answers are measured by helpful-
ness (e.g., Touvron et al., 2023b). To do this, human evaluators are presented with
a pre-written prompt and responses from two different anonymous models, and
must choose which answer is more helpful. While pairwise comparison provides
valuable insights into how models compare according to actual human prefer-
ences, it has some disadvantages. For example, the number of pairs to be eval-
uated increases rapidly with every new model introduced. Another issue is that
a model preferred over another might not be objectively good, although this risk
can be mitigated by choosing a strong baseline model for comparison.

A sufficiently large set of pairwise comparisons allows the creation of leader-
boards where models are ranked according to some rating system. One notable
example is LMArena (Chiang et al., 2024), where votes are crowdsourced via an
online platform that invites users to submit their own prompts to randomly paired
models. The platform generates traffic by regularly updating the list of models
and displaying live leaderboards based on user votes and model performance on
various task-specific prompts such as math, coding, and creative writing.
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2.4.3. LLM-as-a-Judge

A recent trend in language model evaluation is to use stronger models to assess the
outputs of weaker ones. This method, known as LLM-as-a-Judge (Zheng et al.,
2023), has gained popularity as a cost-effective alternative to human annotators,
who are needed to evaluate conversational models.

However, LLM-based judges have been shown to exhibit various biases that
make them fragile evaluators. Such biases include, for example, position bias,
where the model favors answers at certain position over others (Zheng et al.,
2023); verbosity bias, where the model favors longer answers even when they
are less accurate (Zheng et al., 2023); self-enhancement bias where the model fa-
vors the answer generated by itself (Zheng et al., 2023; Panickssery et al., 2024);
authority bias where the models assign greater credibility to statements associ-
ated with authority (Chen et al., 2024); fallacy-oversight bias, where the model
ignores logical errors in reasoning steps (Chen et al., 2024); compassion-fade bias
where the model prefers well-known model’s name over the other (Koo et al.,
2024); bandwagon-effect bias, where the model gives stronger preference to the
majority’s belief (Koo et al., 2024) and distraction-bias where irrelevant details
influence judgements (Koo et al., 2024).

Beyond biases, it is necessary to verify that LLM-as-a-Judge correlates well
with human evaluations, before it can be reliably used in practice. While the
strongest models have demonstrated high correlation with human judgments in
English pairwise comparisons (Zheng et al., 2023), they show substantial vari-
ability in correlating with human evaluators when studied across a broader range
of tasks (Bavaresco et al., 2025).

For non-English languages, LLMs-as-Judges have not yet been extensively
studied. The few existing works in this area suggest that LLM-based judges
struggle with consistency in its judgements across languages with particularly
poor performance in low-resource settings (Fu and Liu, 2025). Moreover, even
the strongest LLMs require calibration with human annotators before they can be
reliably used as judges for non-English languages (Hada et al., 2024).
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3. CROSS-LINGUAL TRANSFER LEARNING FOR
ESTONIAN NLU

In this chapter we examine the strategies and challenges associated with cross-
lingual knowledge transfer, with a focus on advancing Estonian natural language
understanding (NLU). It is further divided into three sections.

In Section 3.1, we introduce the motivation behind creating EstCOPA, an Esto-
nian commonsense reasoning benchmark. The dataset is constructed by translat-
ing the commonsense reasoning dataset COPA from English to Estonian using two
different translation methods: machine translation and post-editing. The section
concludes with a comparison between EstCOPA and the closely related dataset
XCOPA.

In Section 3.2, we conduct a series of experiments using the training sets of the
newly created EstCOPA dataset. We approach the problem by examining cross-
lingual transfer over different phases of training. This is different from a typical
comparison of ZERO-SHOT, TRANSLATE-TRAIN and TRANSLATE-TEST, which
do not necessarily rely on multilingual training. Specifically, we compare a setup
in which transfer occurs only during pretraining to one where it also occurs during
fine-tuning. In other words, we investigate whether multilingual fine-tuning on
top of multilingual pretraining has any additional effect on knowledge transfer.
We find that it can significantly improve target task performance, but only if the
underlying base model is sufficiently strong.

In Section 3.3, we focus on the evaluation of cross-lingual transfer methods.
Specifically, we investigate the common practice of using translated test datasets
for evaluating transfer learning strategies, especially the TRANSLATE-TEST strat-
egy. We find that using such datasets might lead to an overestimation of the
model’s performance on native datasets, exemplified by the results on the Estonian
question-answering task.

3.1. EstCOPA: An Estonian Commonsense Reasoning
Benchmark

Transformer-based language models have redefined the expected capabilities of
systems performing natural language understanding. As a result, the need for
stronger benchmarks to measure understanding of complex and nuanced aspects
of language has become evident. Truly understanding natural language requires
more than surface-level processing—it involves the ability to reason about various
aspects of the world. One frequent everyday reasoning task is determining a causal
relation between two events. However, to establish a causal relation between two
everyday events, one usually needs to possess commonsense knowledge about the
world. For example, to recognize the causal relation between the event my body
cast a shadow over the grass and the event the sun was rising, one needs to know
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Premise: The woman repaired her faucet. Question: What was the cause of this?
(1) The faucet was leaky. (2) The faucet was turned off.

Premise: My favorite song came on the radio. Question: What happened as a result?
(1) I covered my ears. (2) I sang along to it.

Figure 1. Two examples from the COPA dataset.

that the rising sun creates shadows. Because the knowledge needed to connect
the events is not stated directly, such reasoning problems are excellent for testing
whether models can infer unstated, commonsense information.

3.1.1. The COPA Dataset

The Choice of Plausible Alternatives (COPA) dataset (Roemmele et al., 2011) is
designed to evaluate English commonsense causal reasoning and contains 1,000
instances in total. Each instance in the dataset (see Figure 1 for example instances)
consists of a premise and two choices, each of which could plausibly be causally
related to the premise. The choices represent either plausible effects or plausible
causes of the premise. The correct answer is the alternative that is more plausible.
The dataset is split into 400 training, 500 testing, and 100 validation examples.
With the rise of transformer-based models, COPA has become widely used in
the NLP community and, for instance, is included in the general-purpose natural
language understanding benchmark SuperGLUE (Wang et al., 2019).

3.1.2. Building the Estonian Dataset

We call our Estonian version of the dataset EstCOPA as it is based on the En-
glish COPA dataset. Specifically, we created two translated versions of the origi-
nal COPA: a machine-translated version (EstCOPAMT) generated using the MTee
machine translation system (Bergmanis et al., 2022), and a post-edited version
(EstCOPAPE) where the machine translated output was further refined by a hu-
man. While post-editing is more costly, it results in translations that are more
natural, take into account the context of other sentences (since MTee operates
at the sentence level), and are more consistent in grammatical tense and gender
agreement. Having these two versions allows us to investigate how translation
quality affects performance in cross-lingual transfer learning setups that utilize a
translation proxy (e.g. TRANSLATE-TRAIN).

To get a better understanding of the quality of the translations, we calculated
the translation error rate (or TER; Snover et al., 2006) between machine-translated
and post-edited data. TER is defined as the minimum number of edits needed to
change a translation so that it exactly matches one of the reference translations,
normalized by the length of the reference. We obtained a TER of 0.26, which
indicates that the initial translations were already acceptable but required moder-
ate edits when compared to the post-edited data. This is not surprising, as COPA
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COPA
Premise: I pricked myself with the pin. Question: What happened as a result?
(1) A bead of sweat dripped from my face. (2) A drop of blood formed on my finger.

EstCOPAMT
Premise: Ma torkasin end pinaliga. Question: Mis oli selle tagajärg?
(1) Mu näolt tilkus higihelmes. (2) Tilk verd moodustus mu sõrmes.

EstCOPAPE
Premise: Ma torkasin end nõelaga. Question: Mis oli selle tagajärg?
(1) Mu näolt tilkus higi. (2) Mu sõrmele tekkis veretilk.

XCOPA
Premise: Ma torkasin ennast oraga. Question: Mis oli selle tagajärg?
(1) Mu näolt tilkus higipiisk. (2) Mu sõrmel moodustus veretilk.

Figure 2. An example from the COPA dataset and its translations to Estonian, illustrat-
ing differences in translation quality. The EstCOPAMT version contains a lexical error,
translating pin as pinal (‘pencil case’), which makes the premise loose its meaning. Both
EstCOPAPE and XCOPA translations preserve the intendend meaning, although translat-
ing pin as ora (‘thorn’) introduces a minor semantic deviation.

consists of very short sentences.
During post-editing, editors were shown the question but not the label. To

verify that the original labeling was preserved, we asked an editor to re-annotate
the translated validation set. The re-annotations agreed with the original labels in
99% of cases which is comparable to prior work (Ponti et al., 2020). We assume
a similar agreement rate for the training and test sets.

3.1.3. Comparison with the XCOPA Dataset

A related line of work is XCOPA (Ponti et al., 2020), the multilingual extension of
COPA. XCOPA extends the COPA dataset to 11 typologically diverse languages,
including Estonian, to advance research on cross-lingual generalization of lan-
guage models. It consists of professionally translated validation and test sets from
COPA. The training dataset of COPA is left untranslated as the goal is to encour-
age researchers to focus on methods that can generalize to new languages without
requiring language-specific fine-tuning data (i.e., ZERO-SHOT model transfer).

EstCOPA, on the other hand, additionally includes translations of the full train-
ing set, promoting research on cross-lingual transfer learning strategies that uti-
lize synthetic target data during fine-tuning. Moreover, the machine translated
and post-edited translations in EstCOPA are less costly to create than the profes-
sionally translated XCOPA dataset, allowing researchers to explore cost-efficient
alternatives to human translations for both training and testing. An example trans-
lation from each dataset is shown in Figure 2.
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3.2. Cross-Lingual Transfer Learning Experiments with
EstCOPA

Our experimental setup departs from conventional approaches as we distinguish
between cross-lingual abstractions learned solely during multilingual pre-training
and those learned during both multilingual pre-training and fine-tuning. This sep-
aration differs from the typical approach, in which comparisons are limited to
ZERO-SHOT, TRANSLATE-TEST, and TRANSLATE-TRAIN, none of which make
use of multilingual fine-tuning.

3.2.1. Experimental Setup

Our experimental setup studies cross-lingual transfer learning across two dimen-
sions. First, we conduct experiments using both multilingual and monolingual
(that is, trained only on Estonian) language models. Secondly, we compare both
encoder-only and decoder-only models in our experiments. Finally, note that
whenever possible, we will not re-run experiments for models and setups that
has already been done by others (mostly ZERO-SHOT and TRANSLATE-TEST ex-
periments) but will instead use the existing results.

Encoder-only models. The experiments conducted with encoder-only models
are summarized in Table 1. The first three rows in the table present training se-
tups that leverage multilingual training (during pre-training, fine-tuning or both)
to solve a commonsense reasoning task in Estonian. The last three rows list the
baseline configurations against which our methods are compared. Note that the
baselines either do not employ multilingual training or do not directly process Es-
tonian (e.g., TRANSLATE-TEST) and therefore do not constitute methods for Esto-
nian NLU. Nevertheless, they serve as an upper bound on performance, indicating
what can be achieved with the given base models when fine-tuning is performed in
a language that the models understand best. The multilingual encoder-only model
that we use in our experiments is XLM-R (Conneau et al., 2020). We conduct
experiments with both the base (XLM-R) and large (XLM-R-L) variants of the
model. The Estonian encoder-only model used in our experiments is EstBERT
(Tanvir et al., 2021), which is available in two versions that differ in their maxi-
mum sequence length (128 or 512 tokens).

Our fine-tuning is conducted by formulating the task as a multiple-choice clas-
sification problem, where the classification token is transformed into a probability
vector ŷi = [ŷ1, ŷ2], with each element representing the predicted probability of a
class. The model is trained by minimizing the cross-entropy loss of that vector. To
account for potential instability in results due to random initializations, we fine-
tune the models using 10 random initializations, and the reported results are based
on an ensemble of the 5 best-performing models based on validation accuracy.

Decoder-only models. Decoder-only models are typically not fine-tuned via
gradient updates. Instead, they are prompted with an input text and the contin-
uation that has the higher summed log-probability is treated as the model’s pre-
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Pre-training
language(s)

Fine-tuning
language(s) Model Method Knowledge

transfer
Measures

Estonian NLU

multilingual Estonian XML-R TRANSLATE-TRAIN during PT yes
multilingual English XML-R ZERO-SHOT during PT yes
multilingual multilingual XML-R multilingual during PT and FT yes

Baselines

multilingual English XML-R TRANSLATE-TEST during PT no
Estonian Estonian EstBERT TRANSLATE-TRAIN - yes
English English RoBERTa TRANSLATE-TEST - no

Table 1. Overview of training setups used in our experiments for encoder-only models.
The first three rows show multilingual training configurations for improving Estonian
natural language understanding and the last three rows shows the baselines. PT stands for
pre-training and FT for fine-tuning.

diction. To better guide the model toward the desired output, the prompt may
include a small number of question–answer examples. We follow this practice
and prompt decoder-only models with zero, one, or two question–answer pairs,
which may be provided in English, Estonian, or combine both languages. The
multilingual decoder-only model that we use in our experiments is XGLM (Lin
et al., 2022b) that is trained on 30 languages, including Estonian, and comes in
five different sizes. The Estonian decoder-only model we use is gpt-for-est1 that
bases on GPT-2 architecture an comes in two different sizes (119M and 724M
parameters) and is trained on 2.2 billion words.

3.2.2. English Data Drives Estonian NLU

The results of fine-tuning encoder models with different setups are presented in
Table 2. We observe that in the majority of the experiments, the task accuracy
remains below 60%, often remaining close to the random baseline of 50%. How-
ever, there are two notable outliers to this pattern. The first is a ZERO-SHOT result
reported by Ponti et al. (2020), in which a large auxiliary dataset, SIQA (Sap et al.,
2019), containing 33k training instances, was used during fine-tuning. The sec-
ond is our TRANSLATE-TRAIN result, where EstCOPAMT was augmented with
the COPA training split. This setup slightly outperforms the SIQA + COPA ap-
proach while using over 40 times less training data.

These results suggest that with a sufficiently strong multilingual base model,
fine-tuning solely on English can yield representations that are generalizable across
languages. However, a 40 times smaller combination of of Estonian and English
data slightly outperforms this method. Notably, the Estonian data in this setup
is fully synthetic (i.e., machine translated from English), making the approach
more cost-effective in terms of data collection (the comparison of machine trans-
lated and post-edited training data is presented in Section 3.2.2). In contrast, the

1https://huggingface.co/tartuNLP/gpt-for-est-base and https://huggingface.co/tartuNLP/gpt-for-
est-large
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Method Dataset Size XLM-R XLM-R-L EstBERT128 EstBERT512

ZERO-SHOT COPA 400 57.8† 49.4† – –
ZERO-SHOT SIQA+COPA 33,810 59.4† 71.4† – –
TRANSLATE-TRAIN EstCOPAMT 400 53.4 57.4 52.2 55.8
multilingual EstCOPAMT + COPA 800 56.6 73.8 – –

Table 2. Performance of encoder-only models on Estonian commonsense reasoning
(XCOPAET). Best results per column are shown in bold. Scores from Ponti et al. (2020)
are denoted with symbol †.

ZERO-SHOT method requires significantly more training data and engineering,
such as identifying suitable auxiliary datasets.

Interestingly, in both cases, the model being fine-tuned was XLM-R large. This
suggests that the base model possesses superior multilingual capabilities com-
pared to the other models evaluated. On the other hand, it also highlights the
importance of selecting the right base model for the downstream task, as task-
specific data engineering seems to have less impact on the task performance than
the choice of base model.

Method Dataset Size XLM-R-L RoBERTa-L

TRANSLATE-TEST COPA 400 76.8 81.0

Table 3. TRANSLATE-TEST performance on XCOPAET. Both results are from Ponti et
al. (2020). Best result is shown in bold.

Although our best result (73.8%) is slightly below the 76.8% achieved with
XLM-R large and TRANSLATE-TEST strategy (see Table 3), it remains close,
suggesting that our approach is close to the upper performance bound achievable
with this model and dataset on English.

Experiments with decoder-only language models are presented in Table 4. The
results indicate that for the multilingual XGLM, combining Estonian and English
examples is more effective for solving the Estonian commonsense reasoning task
than using examples only in one language. However, prompting the models with
Estonian-only examples outperforms prompting with English-only examples. Yet,
when comparing our best results with TRANSLATE-TEST reported by Lin et al.
(2022b) we can see that there remains a notable gap between state-of-the-art au-
toregressive models on English and Estonian.

In all our experiments with decoder-only models, we achieved the best results
with the largest 7.5B-parameter XGLM model. However, it also appears that a
larger model does not always guarantee better performance. For instance, XGLM-
4.5B is almost always outperformed by the smaller XGLM-1.7B and XGLM-2.9B
models. Among the gpt-for-est models, the larger version is slightly stronger, out-
performing both XGLM-564M and the XGLM-1.7B models, despite the latter
being over twice its size. These Estonian-only models do not benefit from mix-
ing Estonian and English examples, which is expected given their monolingual
training.
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Setting gpt-for-est
119M

gpt-for-est
724M

xglm
564M

xglm
1.7B

xglm
2.9B

xglm
4.5B

xglm
7.5B

XGLM-6.7
en-only

0-shot 54.2 59.2 55.4 57.4 60.0 52.0 60.6 –
1-shot (et) 57.2 57.4 55.0 56.4 59.4 55.8 61.6 –
2-shot (et) 56.0 57.6 55.0 56.8 59.6 56.8 62.6 –
2-shot (mixed) 55.4 58.0 56.2 56.2 60.6 57.0 63.8 –
1-shot (en) 56.0 57.6 53.2 54.2 55.8 51.8 59.2 –
2-shot (en) 53.6 57.6 53.2 55.2 54.8 51.2 59.6 –

Results from Lin et al. (2022)

0-shot – – – – – – 61.6 –
4-shot (et) – – – – – – 65.9 –
0-shot (TRTE) – – – – – – – 72.4
4-shot (TRTE) – – – – – – – 73.6

Table 4. Performance of decoder-only models on XCOPAET under zero-shot and few-
shot prompting. The top block reports our experiments with few-shot examples only in
Estonian (et), only in English (en), or both in English and Estonian (mixed). The bottom
block shows results reported by Lin et al. (2022b). TRTE stands for TRANSLATE-TEST.

3.2.3. Supplementary Study: The Impact of Translation Quality

Having multiple translation versions of the same dataset provides an opportu-
nity to investigate the impact of training data translation quality on model perfor-
mance. Table 5 compares the accuracies of models trained on machine-translated
EstCOPAMT and post-edited EstCOPAPE. Notably, higher quality training data
does not lead to improved accuracy on the human-translated test dataset. This
insight, combined with the previous finding that improvements in accuracy stem
mostly from enabling knowledge transfer from high-resource languages, suggests
reconsidering the need for expensive human-created training datasets.

Method Dataset Size XLM-R XLM-R-L EstBERT128 EstBERT512

TRANSLATE-TRAIN EstCOPAMT 400 53.4 57.4 52.2 55.8
TRANSLATE-TRAIN EstCOPAPE 400 53.6 55.4 57.2 55.0

Table 5. Comparison of TRANSLATE-TRAIN performance using EstCOPAMT and
EstCOPAPE training datasets.

Using the XCOPA test data allows us to assess whether expensive human-
translated test sets can be replaced by more cost-efficient alternatives. Specifically,
we evaluate whether the human-translated XCOPA test set could be substituted
with the post-edited EstCOPAPE test set by comparing model accuracies on both
datasets. If the results are comparable, this would suggest that EstCOPAPE is a
viable, lower-cost alternative to XCOPA for evaluation purposes.

Table 6 reports the accuracies of models trained on EstCOPAMT+COPA on
both XCOPA and EstCOPAPE test sets. The accuracy on the EstCOPAPE test
dataset is consistently higher, though by a small margin, than on the XCOPA test
set, indicating that the lower-quality test set is easier for the models. One possible
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Test dataset EstBERT128 EstBERT512 XLM-R XLM-R-L

XCOPA 58.6 57.0 56.6 73.8
EstCOPAPE 59.0 59.0 57.2 75.6

Table 6. Comparison of model accuracies on the XCOPA and EstCOPAPE test datasets
when trained on EstCOPAMT+COPA.

explanation is that EstCOPAMT and EstCOPAPE may contain more translationese
than human-translated XCOPA. Since the models were trained on machine-trans-
lated data likely containing translationese, they may have learned to exploit these
patterns, potentially at the expense of performance on higher-quality Estonian
text.

Ideally, this comparison should also include native Estonian data to provide a
more reliable assessment of the suitability of translated test datasets. However, no
such benchmark currently exists for Estonian.

3.3. The Problem with Translated Test Datasets

Coss-lingual transfer learning methods are designed to address the data scarcity
that prevents low-resource languages from benefiting from data-hungry language
technology tools. The goal of these methods is to solve NLU problems in a tar-
get language without requiring language-specific training data. And indeed, such
training data is typically unavailable.

However, test data in the target language is still needed. Usually, the test set
is created specifically for evaluating cross-lingual transfer methods. If it were not
created for that purpose, it means that it would have been a byproduct of a larger
dataset that also includes training data in the target language but in that scenario,
cross-lingual transfer learning methods would not be necessary.

Unfortunately, creating datasets from scratch, even test datasets, is expensive,
as it involves hiring annotators and conducting extensive verification of data qual-
ity. By contrast, translating existing English datasets into other languages is much
cheaper, even when done manually. Additionally, using widely recognized En-
glish datasets allows for better comparability with prior work. Another benefit of
translated datasets is that they enable direct comparisons across languages, since
the underlying content is identical.

For the reasons described above, evaluations of cross-lingual transfer learning
methods are often conducted on test sets translated from English into the target
language (Artetxe et al., 2020b; Ponti et al., 2020). However, these test sets are
often part of a larger dataset that also includes training and validation sets, as they
were originally created to advance English NLU. As as results, a common and
convenient approach is to use the same training set, either the original English
version (as in ZERO-SHOT and TRANSLATE-TEST), or a machine translated ver-
sion (TRANSLATE-TRAIN) establish cross-lingual transfer. But this also means
that the test and training sets come from the same source.
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We argue that it is an issue, because during training, models may learn to
exploit linguistic patterns or references to cultural context that are specific to En-
glish. As these patterns would persist in the translated test data, it might lead to
inflated performance on the translated test sets compared to the native test sets,
which may contain language- and culture-specific nuances absent from the En-
glish source.

3.3.1. Experiment with a Reading Comprehension Task

To compare native and translated test datasets, both must exist in the target lan-
guage, which is an uncommon situation. Therefore, we select a task with an
existing native Estonian dataset and create the translated dataset ourselves, as
this is less expensive to produce. We opt for EstQA (Käver, 2021a), a reading
comprehension dataset created to be an Estonian equivalent for English SQuAD
(Rajpurkar et al., 2016).

English SQuAD itself is a popular benchmark for evaluating encoder-only
models. Each instance in the dataset consists of a paragraph of text and a ques-
tion based on this paragraph. To solve the task, the model has to correctly detect
the span that contains the answer to the given question. With encoders, this is
approached as a token classification task where the model has to predict the start
and end tokens of the span. Artetxe et al. (2020b) translate 1190 instances from
SQuAD into ten languages (not including Estonian), resulting in a cross-lingual
version called XQuAD.

We create a machine-translated alternative to EstQA using XQuAD. The data
from XQuAD are translated to Estonian with the Google Translation API. We
first align the spans with SimAlign (Jalili Sabet et al., 2020) and then correct them
manually. We call this dataset XQuADET.

We train a QA model by fine-tuning XLM-Roberta-base on the SQuAD train-
ing dataset. We decide not to use existing QA models (although reusability is one
of the main benefits of TRANSLATE-TEST) because XQuAD is a subset of the
validation set of SQuAD and would give an unfair advantage to XQuAD in our
experiments.

We use TRANSLATE-TEST to obtain predictions both on EstQA and XQuADET.
This means that the input is first machine-translated to English and then fed to the
model. The predicted span in English is then automatically aligned with the Esto-
nian input to get the final prediction in Estonian.

Train data Test data EM F1

SQuAD
XQuADET 58.74 72.26
EstQA 57.04 70.35

Table 7. Performance of the TRANSLATE-TEST method on native EstQA and translated
XQuADET test datasets.

The results in Table 7 support the hypothesis that evaluating TRANSLATE-

39



TEST with a translated test dataset might lead to an overestimation of perfor-
mance on the native target data. Note that in order to obtain the predictions for
XQuADETthe data was machine translated twice (first into Estonian and then back
into English during inference) but is still easier for the model to solve, despite the
potentially accumulating translation errors that can distort the meaning of the text.

3.4. Conclusion

In this chapter, we examined methods that leverage multilingual data to enable
language models to perform commonsense reasoning in Estonian. For both encoder-
only and decoder-only models, the most effective approaches consistently re-
lied on multilingual data during pre-training, fine-tuning, and few-shot prompt-
ing. Notably, we found that even when the target-language data used in multilin-
gual fine-tuning is fully synthetic, it can still yield substantial performance gains,
whereas the impact of improving the quality of this data remained unclear in our
experiments. However, we noted that performance was strongly dependent on the
base model, with larger models consistently achieving higher accuracy.

We also investigated the use of translated test datasets for model evaluation and
the effect of translation quality. Models fine-tuned on mixed data, including only
synthetic Estonian, achieved slightly higher accuracy on post-edited test dataset
than on professionally translated test dataset. We hypothesize that this may be due
to the models learning to exploit translationese. Similarly, we compared machine
translated test dataset with native test dataset in TRANSLATE-TEST setting where
the training split for fine-tuning comes from the same dataset as the machine-
translated test split. We observed slightly higher accuracy on machine-translated
test sets when compared to native test set, despite multiple additional automatic
processing steps in translating the test data, that may introduce noise. Together,
these findings highlight the sensitivity of evaluation results to translation choices.
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4. CROSS-LINGUAL TRANSFER LEARNING WITH
LLMS

With LLMs, the goal of cross-lingual transfer has shifted from improving task-
specific performance in the target language to teach models to utilize arbitrary
knowledge and skills it has learned in the primary language (i.e., English) during
the pre-training, also in the target language. In turn, that enables general-purpose
conversational assistants also for languages with very limited training data avail-
able. In this chapter, we aim to use this method build a conversational assistant
for Estonian. The chapter is further divided into three sections.

In Section 4.1, we systematically study various cross-lingual transfer learning
strategies for transferring the arbitrary knowledge that the English-centric base
model has learned to Estonian. For that purpose, we conduct an exhaustive series
of experiments on the 7B-parameter Llama 2 model, combining continued pre-
training with various instruction tuning setups. To make instruction tuning in
Estonian possible at all, we also create a novel Estonian general task instruction
dataset, Alpaca-est, as Estonian lacks instruction tuning datasets.

We evaluate our strategies on a set of standard NLP benchmarks and find that
even a relatively small amount of monolingual Estonian pretraining data, com-
plemented with cross-lingual instruction-tuning data, remarkably improves the
performance of the Llama 2 model on various Estonian NLP tasks. We further
showcase knowledge transfer from an additional set of high-quality English in-
structions and conversations, reflected in improved commonsense reasoning and
the ability to engage in multi-turn conversations.

In Section 4.2, we place our findings in a broader context by conducting a
comprehensive evaluation of six state-of-the-art open-source base language mod-
els across five Finno-Ugric languages, including Estonian. We observe substantial
improvements in understanding Finno-Ugric languages, including extremely low-
resource languages, such as Livonian, when compared to earlier ones. This indi-
cates that newer base models are much better at transferring knowledge from high-
resource languages to low-resource languages without further language-specific
training, making us re-evaluate some of the previously held assumptions.

4.1. Experiments on Eliciting Knowledge Transfer to Estonian

Our goal is to enable an English-centric language model to apply its knowledge
when responding to prompts in Estonian. We use the Llama 2 7B as the base
model for our experiments. In general, our strategy of converting it into a con-
versational Estonian language model follows a two-step process. The first step is
continued pre-training of the base model on Estonian data to improve the model’s
familiarity with the target language. The second step is instruction-tuning to
elicit instruction-following and conversational behavior. While continued pre-
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training is relatively straightforward, instruction-tuning can be approached in var-
ious ways, especially under data constraints, where high-quality instructions in
the target language are scarce.

4.1.1. Alpaca-est Dataset

The motivation to create Alpaca-est is the lack of instruction-tuning datasets in
Estonian. Alpaca-est is generated following the methodology of Taori et al. (2023)
and is purely synthetic. To create the dataset, we first create a set of Estonian seed
instructions that consists of 90 translated examples from the Alpaca seed set and
17 new instructions written by the authors. We then randomly sample from a set of
seed instructions and use an gpt-3.5-turbo-0613 to generate new instructions
based on the examples. We generate a total of 52,006 instructions for Estonian.

examples

instruction Nimeta kolm kuulsat Eesti muusikut. (Name three famous Estonian musicians.)
input -
output Mõned kuulsad Eesti muusikud on Tanel Padar, Kerli ja Ewert and The Two

Dragons. (Some of the famous Estonian musicians are Tanel Padar, Kerli and
Ewert and The Two Dragons.)

instruction Antud loendis tuvastage kõik numbrid, mis on suuremad kui 10. (From the given
list, identify all numbers that are greater than 10.)

input Loend: [5, 12, 8, 15, 3, 9, 10] (List: [5, 12, 8, 15, 3, 9, 10])
output Suuremad kui 10: [12, 15] (Greater than 10: [12, 15])

instruction Looge lõbus ja kutsuv ürituse pealkiri. (Create a fun and inviting event title.)
input -
output Tantsiöö tähtede all: hullamiseks ja liugu laskmiseks! (Dance night under the

stars: for fooling around and sliding!)

instruction Leia tekstist viis nimisõna. (Find five nouns from the text.)
input Kohtumine oli äärmiselt meeldejääv. (The meeting was extremely memorable.)
output kohtumine,äärmiselt, meeldejääv. (meeting, extremely, memorable.)

Table 8. Examples from Alpaca-est. These examples illustrate unstable quality of the
synthetic data generated with gpt-3.5-turbo-0613. While the first two examples con-
tain well-formed instructions and correct outputs, last two exhibit odd or problematic
content.

We observe that the resulting dataset exhibits uneven quality. While some
examples are of high quality, others guide the model toward incorrect outputs,
contain odd or problematic content, or display unnatural Estonian. Examples of
the generated instruction are shown in Table 8.

4.1.2. Experimental Setup

In addition to the newly introduced Alpaca-est dataset, the data mixtures used
in our experiments incorporate several existing datasets. This section provides a
detailed overview of the data sources used for training and evaluation.

Continued pre-training data. For continued pre-training, we use a subset of
English and Estonian data from CulturaX (Nguyen et al., 2024) that contains 8.8B
tokens of cleaned and deduplicated Estonian data. After manually observing the
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data, we decided to further limit the Estonian subset to documents that come from
.ee, .org or .net domains to reduce the proportion of machine translated and other
lower-quality documents.

Synthetic general task instructions. The synthetic general task instruction data-
set is combined from the Stanford Alpaca dataset (Taori et al., 2023) and our
own Alpaca-est dataset (see Section 4.1.1). We call the combination of these two
datasets Alpacas.

High-quality general task instructions. We use human-generated OpenAssis-
tant 1 (Köpf et al., 2023) multi-turn conversations, taking the top-scoring English-
only path from each conversation tree. We also take 10,000 examples of both
Chain-of-Thought and FLAN-2 mixtures (Longpre et al., 2023; Chung et al.,
2024). We call this high-quality mixture of data, consisting of 22,363 examples
in short as HQI.

Translation task instructions. This set of instructions is created from relatively
low-quality bitexts: CCMatrix (Schwenk et al., 2019), WikiMatrix (Schwenk et
al., 2021), OpenSubtitles (Lison and Tiedemann, 2016), and Europarl (Tiede-
mann, 2012). We filter the data with OpusFilter (Aulamo et al., 2020) using
long word, sentence length, source-target length-ratio, character score, language-
ID, terminal punctuation, and non-zero numerals filters. The final dataset con-
sists of 1 million instructions among which 75% prompt the model to translate
from English to Estonian and 25% the opposite direction. We call this relatively
low-quality translation task instructions dataset TRTASK. Additionally, we cre-
ate a high-quality translation task instruction dataset, called HQTRTASK from
WMT18 dev set (Bojar et al., 2018) consisting of 245 documents and MTee (Tät-
tar et al., 2022) held-out validation dataset consisting of 1,528 sentences.

Evaluation. We evaluate the models on five downstream tasks which are ex-
tractive question answering (QA), commonsense reasoning (CSR), grammatical
error correction (GEC) and machine translation between English and Estonian
(MT). Performance on question answering is measured using the EstQA dataset
(Käver, 2021b), while commonsense reasoning is evaluated with EstCOPA using
post-edited translations (see Chapter 3). Grammatical error correction is evalu-
ated using the EstGEC-L2 dataset1. Translation performance is reported on the
FLORES-200 devtest (Team et al., 2022).

We report accuracy for commonsense reasoning, accuracy and F1 for ques-
tion answering, BLEU (Papineni et al., 2002) for machine translation, and F0.5
(Bryant et al., 2017) for grammatical error correction.

4.1.3. Knowledge Transfer with Continued Pre-Training

The goal of continued pretraining is to make the model more familiar with the
target language. Although it can be done with arbitrary amounts of data, in prac-
tice, due to data constraints, it is often done with relatively small datasets when

1https://github.com/tlu-dt-nlp/EstGEC-L2-Corpus
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compared to data that is used for full pretraining. For example, we estimate that
there exists only around 12B tokens of raw monolingual data for Estonian.2 This
is approximately 167 times smaller than the size of the entire Llama 2 pretraining
dataset (2 trillion tokens).3
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Figure 3. Effect of continued pre-training dataset size on Estonian downstream tasks.
The colors of the bars indicate the size of the pretraining dataset. The models are fine-
tuned on cross-lingual general task instruction dataset Alpacas.

We therefore design our pretraining experiments to follow a data-constrained
scenario in which little or no monolingual data is available. Specifically, we per-
form continued pretraining of the Llama 2 7B model on 0B, 1B, and 5B tokens of
data, 75% of which is in Estonian and 25% in English. The models are trained us-
ing bf16 precision with DeepSpeed (Rasley et al., 2020), with a context length of
1024 and a batch size of 256, using 4 AMD MI250x GPUs (acting as 8 GPUs) on
the LUMI supercomputer. The pre-training on 5B tokens took 1184 GPU-hours.

To evaluate the impact of continued pre-training on Estonian capabilities, we
instruction-tune all three models on the same cross-lingual general task instruction-
tuning dataset, Alpacas. This allows us to quantify how much continued pre-
training additionally contributes to knowledge transfer elicited with cross-lingual
instruction-tuning.

Figure 3 shows the effect of pretraining dataset size on model performance for
Estonian tasks. The results reveal a positive correlation between the continued
pretraining dataset size and downstream performance on most of the tasks (the
only exception is the accuracy on commonsense reasoning after continued pre-
training on 1B tokens). Notably, even 1B tokens yield a substantial improvement,
with the exception of commonsense reasoning. Using 5B tokens leads to further
gains, although the improvement is smaller than that achieved with the initial 1B.
We call the best performing model, the one with continued pre-training on 5B
tokens, LLAMMAS-BASE.

2This approximation is calculated by multiplying the size of Estonian National Corpus 2023
(Koppel et al., 2023) in words (3.8B) with the average number of tokens per Estonian word (3.28)
according to Llama 2 tokenizer.

3Note that in this scale, most of the languages would be considered low-resource.
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4.1.4. Knowledge Transfer with Translation Task Instructions

While general task instructions are typically difficult to obtain for the target lan-
guage, creating translation task instructions requires minimal effort, given that
some parallel data is available for the target language. On one hand, teaching the
model to translate between languages helps to strengthen cross-lingual alignment
inside the model (Chowdhery et al., 2022) and is computationally less expensive
than continued pretraining. On the other hand, the significantly larger volume of
translation task instructions may adversely affect the model’s ability to generalize
to new tasks. Moreover, it remains unclear how additional monolingual pretrain-
ing combines with translation task instruction tuning.

To answer these questions, we conduct a follow-up experiment where, after
continued pre-training on 0B, 1B, or 5B tokens, the model is sequentially fine-
tuned first on translation task instructions and then on cross-lingual general task
instructions.
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Figure 4. Effect of sequential fine-tuning, first on translation task instructions (TRTASK)
and then on general task instructions (Alpacas), compared to fine-tuning without the trans-
lation task stage (Figure 3). Results are shown across different amounts of continued pre-
training tokens; bar colors indicate the size of the pre-training dataset.

Figure 4 shows the performance gained or lost for each base model and task
when sequential fine-tuning is applied, compared to using only general task in-
struction tuning. We observe that translation task instructions significantly im-
prove results for QA, machine translation, and GEC when no additional pre-
training is done. However, these benefits diminish considerably when a pre-
training step is introduced. In fact, pretraining followed by translation task fine-
tuning negatively affects performance on QA and commonsense reasoning tasks,
suggesting that this setup reduces the model’s ability to generalize to out-of-
distribution tasks. (It should be noted that since the model is both trained and
evaluated on the machine translation task, and GEC is, in a sense, a closely related
task — they may not be entirely appropriate tasks for measuring generalization.)
Therefore, while sequential fine-tuning with translation tasks offers advantages in
the complete absence of monolingual data, it does not replace continued pretrain-
ing and may negatively affect effective cross-lingual knowledge transfer.
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4.1.5. Knowledge Transfer with High-Quality English Instructions

In the previous sections, we compared models trained on Alpacas with those
trained sequentially on translation task instructions (TRTASK) and general task
instructions (Alpacas). In this section, we use the best-performing base model
from the previous experiments (LLAMMAS-BASE which was pre-trained on addi-
tional 5B tokens of data) to further investigate instruction-tuning strategies beyond
synthetic instruction-tuning data.

There are two main motivations for this. On one hand, Alpacas is a synthetic
dataset generated with Self-Instruct (Wang et al., 2023), which may suffer from
various issues that lower the overall quality of the dataset. On the other hand,
prior work has shown that it is possible to achieve remarkably strong instruction-
following capabilities with just 1,000 high-quality training examples (Zhou et al.,
2023a). We therefore hypothesize that supplementing Alpacas with a set of high-
quality instructions could improve the model’s performance. However, as no high-
quality instruction datasets exist for Estonian, we instead use high-quality English
instructions.

Specifically, we include two additional instruction sets in our experiments:
high-quality English general task instructions (HQI) and a high-quality translation
task instructions (HQTRTASK)) (see Section 4.1.1 for the composition details).
We the effect of combining HQI and HQTRTASK in several ways with Alpacas
and TRTASK), as specified below:

• Alpacas + HQI
• Alpacas + HQI + HQTRTASK

• 1) TRTASK 2) Alpacas + HQI + HQTRTASK

Specifically, we build on the setups from the previous experiments: fine-tuning
on Alpacas and sequentially fine-tuning on TRTASK and Alpacas. We now aug-
ment Alpacas with high-quality general task instructions (HQI) and high-quality
translation task instructions (HQTRTASK) creating a composite instruction-tuning
dataset. Using this dataset, we evaluate two strategies: (1) fine-tuning only on the
composite dataset, and (2) sequential fine-tuning—first on TRTASK, then on the
composite dataset.

We also train the model on Alpacas + HQI to isolate the effect of high-quality
translation task instructions on model performance. Note that all these strategies
include Estonian and English instruction, ensuring that the model benefits from
English knowledge and maintains its English capabilities. We use Alpacas and
sequential training setups from earlier experiments as baselines, as well as the
proprietary GPT-3.5-Turbo and GPT-4 models.

The results are summarized in Table 9. Compared to the baseline model fine-
tuned solely on Alpacas (model 1), we observe consistent performance improve-
ments across all tasks when high-quality English general instructions (HQI) and
translation task instructions (HQTRTASK) are added (model 4). This indicates
positive cross-lingual knowledge transfer from the additional English datasets to
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Model CSR QA MTEN-ET MTET-EN GEC

acc. F1 acc. BLEU BLEU F0.5

LLAMMAS-BASE fine-tuned

(1) Alpacas 63.6 46.5 81 22.5 32.3 56.6
(2) 1) TRTASK 2) Alpacas 59.2 46.1 73 25.0 34.5 59.4

(3) Alpacas + HQI 66.4 52.9 82 23.1 32.4 59.4
(4) Alpacas + HQI + HQTRTASK 66.4 54.8 84 22.6 34.6 60.3
(5) 1) TRTASK 2) (4) 62.2 43.5 76 26.9 36.9 61.2

Commercial baselines

GPT-3.5-Turbo 86.0 34.2 93 26.0 37.5 63.4
GPT-4 98.4 35.1 97 28.5 37.7 67.4

Table 9. Performance of various instruction-tuning strategies on Estonian NLP tasks.
Adding high-quality English task instructions (HQI) and translation task instructions
(HQTRTASK) improves zero-shot performance. We call (4) LLAMMAS and (5)
LLAMMAS-MT.

Estonian. We refer to this model (model 4) as LLAMMAS, as it achieves the best
overall performance on zero-shot tasks.

Although one might attribute the improvements over the baseline primarily to
HQTRTASK, which teaches the model to translate between English and Estonian,
our results suggest that this explanation is incomplete. Notably, model 3 (Al-
pacas + HQI) also outperforms the baseline, indicating that high-quality English
instructions alone contribute to cross-lingual knowledge transfer.

Finally, the best results on EN→ET, ET→EN, and GEC are obtained with the
sequentially fine-tuned model 5, which we therefore refer to as LLAMMAS-MT.
This model is first fine-tuned on TRTASK, followed by fine-tuning on the com-
bined Alpacas + HQI + HQTRTASK dataset. The positive effect of sequential
fine-tuning on translation and grammatical error correction tasks aligns with our
earlier findings that sequential fine-tuning can be more effective for translation-
related tasks (see Section 4.1.3). However, we observe that, even with the addition
of high-quality instructions, sequential fine-tuning degrades performance on com-
monsense reasoning and question answering tasks.

4.1.6. Will the Model Still Understand English?

In the previous sections, we demonstrated that continued pre-training on the target
language, combined with the right instruction-tuning setup, can teach an English-
centric language model to understand and generate a new language—Estonian, in
our case. However, we are not only interested in teaching the model Estonian but
also maintaining its skills and capabilities in English. If the model was no longer
able to perform well on English tasks, it would suggest that our training has led
to catastrophic forgetting of its previously learned skills. This would mean that
the model is not leveraging its English knowledge when responding to Estonian
prompts.

To verify that our models still perform well in English, we evaluate our best-
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performing models on the English equivalents of the datasets that we used for Es-
tonian evaluation. Specifically, we use COPA and the English subset of XQuAD.

The results on English question answering and commonsense reasoning are
shown in Table 10. On the QA task, LLAMMAS reaches a comparable level of
accuracy in both languages (83% in English vs. 84% in Estonian). However, it
tends to be more verbose in English, producing longer answers and leading to
a lower F1 score compared to Estonian (41% vs. 55%). On the commonsense
reasoning task, LLAMMAS performs significantly better in English (80.6%) than
in Estonian (66.4%), indicating that it has not learned to utilize all the reasoning
capabilities it has in English when the input is given in Estonian.

Model CSR QA

acc. F1 acc.

Alpacas 63.4 30.4 85
1) TRTASK 2) Alpacas 70.2 29.5 81

Alpacas + HQI 78.6 33.3 87
LLAMMAS 80.6 41.0 83
LLAMMAS-MT 73.6 31.4 82

GPT-3.5 95.2 30.7 95
GPT-4 99.8 33.2 96

Table 10. Comparison of English QA and commonsense reasoning (COPA) performance
across all instruction-tuned models.

Additionally, we compare Llama 2 7B and LLAMMAS-BASE on 5 popular
English benchmarks: MMLU (Hendrycks et al., 2021), which covers 57 tasks
with different levels of difficulty; TruthfulQA (Lin et al., 2022a) which measures
truthfulness with questions designed to cause imitative falsehoods; WinoGrande
(Sakaguchi et al., 2021), a pronoun resolution challenge; TriviaQA (Joshi et al.,
2017), a question answering dataset; and HellaSwag (Zellers et al., 2019), a com-
monsense reasoning task.

Model MMLU TruthfulQA WinoGrande TriviaQA HellaSwag

Llama 2 7B 45.8 32.1 68.8 52.4 76.0
LLAMMAS-BASE 42.6 31.9 70.0 49.8 74.8

difference -3.1 -0.2 1.2 -2.6 -1.2

Table 11. Performance comparison of Llama 2 7B and LLAMMAS-BASE on five English
benchmarks. Results show a minor average performance drop (-1.2%) for LLAMMAS-
BASE, primarily due to MMLU.

The results in Table 11 show that LLAMMAS-BASE shows only a slight drop
in performance on 4 out of 5 English benchmarks. On average, the difference
is -1.2%, with MMLU contributing the most to this drop. These results show
that the continued pre-training on 5B tokens of data, which is still hundreds of
times less than the total seen during full pre-training, has only slightly affected
English capabilities. Nevertheless, further continued pre-training would likely
affect English results more.
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4.2. State of Open LLMs in Understanding Finno-Ugric
Languages

Ever since LLMs were first introduced, they have continued to improve rapidly
with each iteration, both in terms of reasoning and complex problem solving
skills but also in a multilingual setting. For example, while the early versions
of ChatGPT produced awkward and translation-like Estonian, the best proprietary
models are currently able to generate near fluent Estonian. However, for some
time, strong multilingual capabilities were limited to proprietary models, while
open-weight models such as the Llama 2 model family were struggling with most
non-English languages. Fortunately, this gap is narrowing with each new iteration
of open LLMs although the list of officially supported languages of these models
remains limited. Additionally, the primary focus is on those with significantly
more data available than for Finno-Ugric (FiU) languages.

On the other hand, it has been observed that even models optimized solely
for English, such as the Llama 2 model family (Touvron et al., 2023b), demon-
strate some understanding of a wide range of languages beyond their intended use
(Holtermann et al., 2024). Yet, the exact level of proficiency of these models re-
mains unclear for many languages. Moreover, comparative performance across
models remains largely unexplored.

Motivated by these observations, we conduct a systematic evaluation of a set of
open LLMs on five FiU languages: Finnish, Estonian, Livonian, Võro, and Komi.

4.2.1. Experimental Setup

Models. We include all Llama 2 and Llama 3.1 family models (except Llama
3.1 405B) in our experiments as they have demonstrated state-of-the-art perfor-
mance and competitiveness with proprietary models. Additionally, they have been
widely used in non-English adaptation. For further insights, we compare Llama
models with Mistral NeMo (Jiang et al., 2024), another natively multilingual open
model shown to be competitive with the Llama 3.1 model of the same size. Fi-
nally, we evaluate LLAMMAS and compare it to Llama 2 7B and Llama 3.1 8B.

Tasks and Datasets. Since we want results to be comparable across models and
languages, we aim to use multilingual datasets that contain our target languages.
Unfortunately, the availability of datasets in these languages is limited, especially
for Komi, Võro and, Livonian. In total, we evaluate the models on five tasks using
nine datasets. A summary of the tasks, datasets, and their language coverage is
provided in Table 12.

Evaluation. We report 5-shot results on all tasks using log likelihoods of an-
swer choices whenever possible and greedy decoding otherwise (machine trans-
lation and reading comprehension tasks). We use lm-eval-harness framework
(Gao et al., 2024) to implement the evaluation.
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Task Datasets est fin vro kpv liv

machine translation FLORES-200 (Team et al., 2022),
SMUGRI-FLORES (Yankovskaya et al., 2023)

✓ ✓ ✓ ✓ ✓

multiple choice QA Belebele (Bandarkar et al., 2024),
Belebele-smugri (Purason et al., 2025b)

✓ ✓ ✓ ✓ ✓

text classification SIB-200 (Adelani et al., 2024),
SIB-smugri (Purason et al., 2025b)

✓ ✓ ✓ ✓ ✓

extractive QA EstQA (Käver, 2021a),
TyDiQA Clark et al., 2020

✓ ✓

commonsense reasoning XCOPA (Ponti et al., 2020) ✓

Table 12. Summary of evaluation tasks, datasets, and their language coverage for the five
target Finno-Ugric languages.

4.2.2. Knowledge Transfer from Pre-Training

The results across all tasks and Llama models are shown in Table 13. In general,
Llama 2 7B and Llama 2 13B perform significantly worse on the FiU languages in
our evaluation than the Llama 3.1 family models. The exception is Finnish, where
the Llama 2 models perform notably better than on the other FiU languages. This
may be due to the greater amount of Finnish data in the Llama 2 training dataset
(Touvron et al., 2023b) when compared to data in other FiU languages. However,
both Llama 2 7B and Llama 2 13B still appear weak on Finnish when compared
to other models.

Llama 2 70B shows notable improvements over the smaller Llama 2 model
on Estonian and Finnish across all tasks. The results for Belebele and SIB also
indicate an improvement for Võro, though the improvement in machine transla-
tion (FLORES) is less pronounced. Additionally, SIB appears to be generally too
easy benchmark for the models, as Llama 2 7B already achieves 86% accuracy
for Finnish. For other languages, the benchmark saturates with Llama 2 70B.

We observe that on Estonian and Finnish, LLaMA 2 70B performs compet-
itively with LLaMA 3.1 8B, despite the latter being nearly nine times smaller.
However, LLaMA 3.1 8B slightly underperforms on Finnish, as indicated by the
results on Belebele and FLORES. This is somewhat surprising, given that Finnish
is one of the most well-resourced Finno-Ugric languages. Without access to de-
tailed information about the pre-training data distributions, it is difficult to pin-
point the cause of this behavior. Nevertheless, we note that Finnish was among
the most represented non-English languages in the LLaMA 2 training data, ac-
counting for approximately 0.03% of the training corpus.

When comparing Llama 3.1 8B to Llama 3.1 70B, the larger model clearly
outperforms the smaller one on Belebele, FLORES, and XCOPA. For Estonian
and Finnish, the Llama 3.1 70B achieves nearly 90% accuracy on Belebele and
XCOPA, along with very strong BLEU scores on the FLORES dataset. The im-
provements are also notable for extremely low-resource languages Võro, Komi,
and Livonian.

The exact amount of Finno-Ugric data in the pretraining corpora of Llama
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L2-7B L2-13B L2-70B L3.1-8B L3.1-70B

SIB

liv 64.8 61.6 83.2 74.4 77.6
kpv 68.0 59.2 83.2 77.6 87.2
vro 64.8 59.2 85.6 86.4 86.4
est 69.6 68.0 88.8 89.6 89.6
fin 85.6 81.6 91.2 87.2 89.6

Belebele

liv 26.23 35.25 36.89 37.70 42.62
kpv 27.87 31.15 34.43 52.46 73.77
vro 27.05 32.79 44.26 50.82 73.77
est 28.69 36.07 66.39 68.03 88.52
fin 44.26 54.92 86.89 74.59 91.80

XCOPA

est 49.2 51.8 67.6 69.2 92.6

FLORES (FiU → En)

liv 6.8 9.3 12.0 10.5 16.1
kpv 5.4 6.0 7.3 10.3 21.9
vro 7.8 9.1 12.9 16.7 30.3
est 12.6 17.8 26.9 35.3 41.0
fin 29.6 31.9 34.6 32.0 37.1

Extractive QA

exact match

est 21.89 34.33 49.25 50.75 52.74
fin 51.66 48.34 53.45 58.31 47.06

F1

est 35.35 51.39 66.72 70.87 73.76
fin 70.63 70.36 74.65 75.44 72.98

BERTScore F1 (Zhang* et al., 2020)

est 76.88 82.95 88.86 91.76 93.02
fin 88.50 87.95 89.60 90.63 88.67

Table 13. Performance of Llama 2 and Llama 3.1 models across all tasks for five Finno-
Ugric languages. Results show that Llama 3.1 models generally outperform Llama 2
models, with the exception of Finnish, where Llama 2 performs comparatively better.
The results are obtained with 5-shot prompting. Accuracy is reported for SIB, Belebele,
and XCOPA; BLEU is reported for FLORES; and BERTScore F1 is calculated using
bert-base-multilingual-cased.
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models is unknown, but is likely very limited. For example, Purason et al. (2025b)
presented experiments on adapting LLMs to FiU languages, but gathered only 2.6
million characters of pretraining data for Livonian, 14 million for Võro, and 579
million for Komi. Thus, the extremely low-resource nature of Võro, Komi, and
Livonian and the consistent improvements of Llama models on these languages
indicate that the cross-lingual knowledge transfer capabilities of the pretrained
models are improving steadily. However, the contrast in results between Livo-
nian and other extremely low-resource languages Võro and Komi shows that the
models struggle more in transferring knowledge to an almost completely unseen
language while even limited exposure to Võro and Komi may help the models
solve tasks in these languages. However, this is just speculation and further inves-
tigation is needed to confirm that.

On the other hand, it might be that better understanding of Võro and Komi
comes from their high similarity to related higher-resource languages, Estonian
and Russian, which are more exposed to the models, but the counterargument
for this is that Livonian is heavily influenced by Latvian which is also a higher-
resource language.

Belebele FLORES XCOPA

L2 LB L3.1 L2 LB L3.1 L2 LB L3.1

liv 24.59 38.52 33.61 4.74 4.62 4.91 - - -
vro 23.77 33.61 48.36 4.61 9.92 12.19 - - -
kpv 26.23 29.51 38.52 2.88 1.44 8.18 - - -
est 22.95 39.34 62.30 8.53 28.90 31.0 48.80 56.60 56.60
fin 32.79 34.43 68.03 27.16 11.57 28.54 - - -

avg 26.07 35.08 50.16 9.59 11.29 16.96 48.80 56.60 56.60

Table 14. Comparison of zero-shot results of Llama 2 7B (L2), LLAMMAS-BASE (LB)
and Llama 3.1 8B (L3.1).

The comparison of Llama 2 7B, Llama 3.1 8B, and LLAMMAS shows that
LLAMMAS outperforms Llama 2 7B on Estonian and Võro by a significant mar-
gin. However, its performance on Finnish decreases, indicating that continued
pretraining on Estonian has negatively impacted Finnish language understand-
ing. However, Llama 3.1 8B surpasses both models by a large margin, except on
the Belebele task in Livonian. Notably, Llama 3.1 8B outperforms LLAMMAS

even on Estonian, demonstrating that language-specific adaptation of a weaker
base model cannot match a stronger, unadapted base model. In other words,
Llama 3.1 8B has obtained significantly stronger cross-lingual knowledge trans-
fer capabilities through pre-training alone than continued pre-training and careful
fine-tuning of a weaker base model on the target language could achieve.

4.2.3. Supplementary Study. Will English as a Pivot Improve
Multilingual Capabilities of LLMs?

Some studies have found that using English as a pivot language improves the mul-
tilingual capabilities of LLMs (Huang et al., 2023; Shi et al., 2023; Zhang et al.,
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2024). More specifically, directing the model to produce intermediate reasoning
steps that involve translating the source-language input into English has proven to
be beneficial for solving tasks in non-English languages.

We conduct an experiment similar to these existing studies. Specifically, we
guide models to translate the prompt to English, produce an answer in English,
and then translate the answer back to the source language. Since we guide the
model by showing it example input-output pairs, we call this method few-shot
chain-of-thought (CoT) (Kojima et al., 2022) prompting. Our intuition is that
solving tasks in English might be easier for the model than in some low-resource
language. This is supported by the results in Table 13 which show a correlation
between a model’s performance in a language and the amount of resources avail-
able for it.
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Figure 5. Comparison of few-shot prompting and few-shot chain-of-thought (CoT)
prompting on Belebele (left, 1-shot), QA (middle, 1-shot), and XCOPA (right, 1-, 3- and
5-shot) tasks for five Finno-Ugric languages. CoT prompting generally provides little
benefit for Belebele, reduces performance on QA, and yields mostly positive gains on
XCOPA, with stronger models benefiting less. The bars shows the scores with few-shot
prompting. The tiny horizontal line (–) indicates the score with few-shot CoT prompting
with the same number of shots.

We test this method on Belebele, QA, and XCOPA tasks as they remained
challenging even for the strongest models. Due to the significant increase in the
input length with additional CoT examples, we use only one-shot CoT prompting
for Belebele and QA. For XCOPA we consider 1-, 3-, and, 5-shot scenarios.

Figure 5 shows the comparison of few-shot and CoT few-shot prompting. In
general, we see that CoT prompting brings rather few benefits for Belebele and
negatively affects the QA task. The leftmost plot shows that most of the time CoT
is not beneficial for extremely low-resouce languages, which might be caused
by the low translation quality. However, good translation abilities also do not
necessarily mean benefits from CoT prompting, as exemplified by the results on
Finnish. Moreover, Llama 3.1 70B, which has the best translation skills, also
benefits less from CoT prompting than weaker models, suggesting that the model
has strong cross-lingual capabilities that mitigate the need for CoT prompting.

For the QA task, CoT prompting consistently results in lower performance.
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This could be attributed to the nature of the extractive QA task, which requires the
output to precisely match the correct text snippet. The intermediate translation
steps involved in CoT prompting may lead to slight alterations in the morpholog-
ical form of the answer, causing a mismatch with the expected output.

In XCOPA, we see mostly positive improvements from CoT prompting, with
even Llama 2 13B benefiting, while Llama 2 7B does not. However, the benefit
of CoT prompting decreases significantly for Llama 3.1 70B, following the trend
observed in the Belebele task.

The discrepancy in our results aligns with Sprague et al. (2024), whose ex-
periments and extensive meta-analysis of existing studies show that CoT provides
significant benefits on tasks involving math and logic but yields much smaller
gains on other task types.
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5. CONVERSATIONAL BENCHMARK FOR
FINNO-UGRIC LANGUAGES

As instruction-tuned LLMs can be used to solve arbitrary problems—as long as
the problem can be described in a natural language—evaluating them only on
standard NLP benchmarks that focus on specific tasks is not sufficient to fully
understand their usability as a conversational assistant. However, this is the pri-
mary use case of such models. In fact, it is extremely difficult to automate the
evaluation of conversational models, as use cases and preferences differ from user
to user. Because of that, the performance of conversational models is usually
reported only in relation to other models by asking annotators to compare the
outputs of two models and pick the preferred one. The winning model in such
a pairwise comparison is considered to be more aligned with human preferences
than the other model.

To compare models, a set of predefined questions can be used to generate out-
puts. One test instance can consist of a question and a follow-up question, thus
forming a template for a multi-turn conversation. MT-bench1 (Zheng et al., 2023)
is one such dataset. It consists of 80 manually created multi-turn questions across
8 common prompt categories, with a focus on challenging examples to better dif-
ferentiate models.

category sample questions

STEM 1st turn You have been tasked with designing a solar-powered water heating system for a
residential building. Describe the key components and considerations you would
include in your design. Design a five-step workflow.

2nd turn If the system is intended for a building with a capacity of 100 individuals, what
would be the estimated budget for implementing this system?

Humanities 1st turn How do the stages of life shape our understanding of time and mortality?
2nd turn Write an allegorical poem that illustrates the above.

Table 15. Examples from MT-bench.

In the following chapters we introduce a multi-turn conversational benchmark
for 4 Finno-Ugric languages, including Estonian. Although the benchmark is in-
spired by MT-bench, its creation process is different, as we need to account for a
low-resource scenario (Section 5.1 and Section 5.2). We then use the benchmark
in practice by conducting a human evaluation on a set of Finno-Ugric language
models (Section 5.3). In terms of performance, our human evaluation results agree
with the conclusions of automatic evaluation. However, we gain additional in-
sights into the generation quality of the models.

1Here, MT stands for multi-turn.
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5.1. Desiderata

Our benchmark aims to cover 4 Finno-Ugric languages, specifically Estonian,
Võro, Komi and Livonian, among which Võro, Komi and Livonian are extremely
low-resource languages, both in terms of speakers and data resources. Consider-
ing these constraints and their potential implications, we formulate the following
desiderata for the multi-turn conversational benchmark.

1. Questions should cover real-life scenarios to reflect practical usefulness.
The easiest and most likely way for speakers of low-resource Finno-Ugric lan-
guages to benefit from LLMs is through interaction via a chat-like interface. Since
we want our benchmark to cover real-life use cases, it should consist of prompts
similar to natural user queries. Another benefit of using real-life data is that it
helps quickly reveal the model’s usefulness and potential weaknesses in practical
scenarios, which standard NLP benchmarks typically do not cover.

2. Questions should be challenging enough for LLMs to differentiate the mod-
els accurately. Zheng et al. (2024) show that challenging prompts from real-life
conversations reveal larger performance gaps between models than manually de-
signed benchmarks, even if the latter contain high-quality challenging questions

3. Answering questions should not require expert knowledge. A key require-
ment for the benchmark is that it should comprise questions that are challenging
for language models. However, such questions are often challenging for humans
as well, requiring expert-level knowledge in various domains. Unfortunately, this
would significantly shrink the potential evaluator pool, making it nearly impos-
sible to find such evaluators within the communities of extremely low-resource
language speakers.

4. Translating the benchmark into a new language should be feasible in terms
of time and content (i.e., should not require expert knowledge). Since no data
on human interactions with chat LLMs exists for extremely low-resource (XLR)
languages, we collect the data in English and translate it. Given the limited avail-
ability of professional translators, we carefully select examples that are straight-
forward to translate even by non-professional translators.

One possible way to create a multi-turn benchmark for Finno-Ugric languages
is to translate MT-bench to the target languages. However, it would not meet
out benchmark requirements. Firstly, MT-bench is designed to be a challeng-
ing benchmark and requires expert-level human labelers (Zheng et al., 2023). It
would be almost impossible to find experts in certain domains for some of our tar-
get languages. Secondly, our extremely low-resource languages Võro, Livonian,
and Komi are mostly used in everyday conversations and might lack vocabulary
for domains beyond their typical local usage. This would make domain-specific
questions in these languages look unnatural and artificial, drifting too much away
from real-life use cases.
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5.2. Dataset Construction

Ideally, we would like our dataset to consist of interactions with chat LLMs writ-
ten by the native speakers of the target languages. However, there exists no
such data. We therefore opt for the LMSYS-Chat-1M dataset, which consists of
real-world user interactions with LLMs submitted to the Chatbot Arena website
(Zheng et al., 2024). We use this dataset to first create the English benchmark that
would meet the criteria specified in Section 5.1. The dataset will then be manually
translated to the target languages.

The process for creating the initial benchmark is as follows. First, we extract
all two-turn English conversations that have not been redacted or flagged by Ope-
nAI moderation API. We only allow conversations with user prompts no longer
than 50 tokens to ease the translation process. We then use sentence-transformers
to compute the sentence embeddings. We use the embeddings to cluster the data,
examine the clusters, and pick user prompts that fill the criteria specified in Sec-
tion 5.1. By repeating the process multiple times, we end up collecting 248 fre-
quent conversations that meet our requirements. We organize these conversations
into four categories: math, reasoning, writing, and general. As we aim for a
smaller dataset, we further manually remove near duplicate conversations and
conversations where judging the answer still seemed to require overly specific
knowledge. The final dataset consists of 80 questions, 20 per category and 42
with a follow-up question.

The dataset is then translated into Estonian, Võro, Komi, and Livonian by flu-
ent speakers with a linguistic background or previous experience in translation
The translators are asked to preserve any informality of the text in the transla-
tions, e.g. missing capitalization and punctuation. We make the dataset publicly
available.2

One could argue, that instead of human translators, a machine translation sys-
tem or a proprietary LLM could have been used for translating or generating the
test data. To assess the necessity for human translations, we explore both of these
options. The BLEU scores of translating the benchmark from Estonian to Võro,
Komi and Livonian is are shown in Table 16. We can see that the best proprietary
LLMs have not yet learned to translate to our extremely low-resource target lan-
guages. The model that is unable to translate text to the target language would
also not be able to generate synthetic test data of sufficient quality.

The BLEU score in Table 16 suggest that it might be possible to obtain high-
quality translations to our low-resource languages with some machine transla-
tion systems. To verify that, we take translations that got the best BLEU score
for each target language and compare these with human translations using pair-
wise comparison. For Võro and Livonian the translations are produced by Neu-
rotõlge (Tättar et al., 2022) and for Komi by Llama-SMUGRI-translate (Purason
et al., 2025b). The human annotators (who are different from the translators) are

2https://huggingface.co/datasets/tartuNLP/smugri-mt-bench
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EST→VRO EST→LIV ENG→KPV

gpt-4o-mini-2024-07-18 9.3 5 4.6
gpt-4o-2024-08-06 4.5 5.6 4.2
gpt-4-turbo-2024-04-09 18.9 5.9 3.6
Neurotõlge (Tättar et al., 2022) 24.7 21.4 31.7
Llama-SMUGRI-translate (Purason et al., 2025b) 26.4 25.3 19.1

Table 16. BLEU scores from translating Estonian subset of the SMUGRI-MT-bench
into Võro, Komi, and Livonian. The results show that state-of-the-art LLMs do not yet
achieve adequate performance for these extremely low-resource target languages, whereas
dedicated machine translation systems can potentially produce high-quality translations.

asked to choose a better translation from the two alternatives (ties allowed). We
gather 3 sets of annotations for Livonian, 2 sets for Võro and 1 for Komi. Fig-
ure 6 shows that Komi and Livonian speakers mostly prefer human translations
over machine-translated data, however, Võro speakers surprisingly often prefer
machine-translated data suggesting a good quality of Võro machine translation.
The average agreement between the pairs of Livonian annotations was 67.5%,
while between Võro annotations 42.5%.

0% 25% 50% 75% 100%

võro

livonian

komi

47.5% 26.3% 26.3%

6.0% 20.0% 74.0%

15.0% 22.5% 62.5%

model tie 8uman

Figure 6. Pairwise comparison of human and machine translations for Võro, Komi, and
Livonian, showing the percentage of annotator preferences for each method. Results indi-
cate a strong preference for human translations in Komi and Livonian, while Võro shows
comparatively higher acceptance of machine-translated data.

5.3. The Benchmark in Practice. Human Evaluation of LLMs

We apply our newly constructed dataset, SMUGRI-MT-BENCH, in practice to eval-
uate a set of conversational LLMs optimized for low-resource Finno-Ugric lan-
guages (Purason et al., 2025a).3 The goal of our evaluation is to shed more light on
the performance differences among these models as automatic evaluations based
on a small number of benchmarks did not lead to conclusive results.

The SMUGRI-MT-BENCH is used to conduct human evaluation of these mod-
els. For this purpose, we generate responses to each question using every LLM
under evaluation. When a question includes a follow-up, it is presented to the

3Both the models and SMUGRI-MT-BENCH were published by Purason et al. (2025a); however,
the models themselves are not part of this thesis.
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model together with the preceding interaction, thereby simulating a multi-turn
conversation.

Figure 7. Screenshot of the survey used to collect human annotations for responses gener-
ated by different models using instructions from SMUGRI-MT-BENCH. For readability,
the survey shown here is translated into English (except the assistant’s answer, which
is in Võro). The original instructions were presented to annotators in Estonian (for Esto-
nian, Võro and Livonian) or in Russian (for Komi).

We use the resulting conversations to carry out a survey for each of the target
language. The participants of this survey are shown the generated conversation
and asked to rate the helpfulness and naturalness of each response on a 5-point
Likert scale. We chose to measure helpfulness as it is a commonly used indicator
for assessing practical usefulness of the model (Touvron et al., 2023b). The mo-
tivation to ask participants to rate how natural the response sounds in the target
language comes from observing the output of the LLAMMAS model, which of-
ten sounds unnatural and translation-like. The surveys, which were anonymous,
were distributed within target language communities via social media and direct
outreach to speakers. The data collection statistics are shown in Table 17.

We use the resulting conversations to conduct a survey for each target lan-
guage. Survey participants are shown the generated conversations and asked to
rate the helpfulness and naturalness of each response on a 5-point Likert scale.
We measure helpfulness because it is a commonly used indicator of a model’s
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practical usefulness (Touvron et al., 2023b). The decision to additionally assess
naturalness is motivated by observing that the output the LLAMMAS model often
sounds unnatural and translation-like in Estonian. The surveys were anonymous
and distributed within target-language communities via social media and direct
outreach to speakers. The screenshot of the survey is shown in 7 and the data
collection statistics are reported in Table 17.

ET VRO LIV KPV

surveys submitted 45 17 6 27
answers graded 1708 836 279 1306
grades per question 2.8 1.74 0.58 2.7

Table 17. Data collection statistics for human evaluation, including the number of par-
ticipants and responses for each target language. Fractional values for grades per ques-
tion indicate that multiple survey versions were used for each target language and they
received uneven numbers of responses, resulting in a non-integer average ratings-per-
question value.

The results, together with the baseline GPT-3.5-Turbo, are shown in Figures 8
and 9. Figure 8 shows that all the models by (Purason et al., 2025a)—TrAlpaca,
LLMTrAlpaca+TrInst, TrAlpaca+TrInst, for simplicity, we refer them here as
SMUGRI-MODELS—perform similarly on all of the languages and therefore do
not help in ranking the models, as opposed to our hopes and dreams. Nonethe-
less, these results are still valuable as they reinforce the findings from automatic
benchmarks which also were not able to rank the models.
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Figure 8. Human evaluation results for conversational LLMs on low-resource Finno-
Ugric languages, comparing helpfulness and naturalness scores across models.

However, the results offer valuable insights when compared with GPT-3.5-
Turbo. Specifically, it appears that GPT-3.5-Turbo answers in Estonian are signif-
icantly more helpful than then answers by SMUGRI-MODELS, which makes sense
as Estonian is the most well-resourced. For Võro and Livonian, the helpfulness
is on par with GPT-3.5-Turbo and in case of Komi, the SMUGRI-MODELS outper-
form GPT-3.5-Turbo. While variations in annotator expectations may influence
results across different languages, it is noteworthy that our models consistently
achieve similar helpfulness scores across various languages.

60



In terms of naturalness GPT-3.5-Turbo outperforms SMUGRI-MODELS in Es-
tonian, however, is rated significantly lower for Võro, Livonian and Komi. We
hypothesize that the reason for this is the extremely limited amount of training
resources for these languages that are not sufficient for the model to learn fluency
in these target languages.
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reasoning writing

0 1 2 3
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reasoning writing

0 1 2 3

generalmaths

reasoning writing

0 1 2 3

ChatGPT TrAlpaca LLMTrAlpaca+TrInstr TrAlpaca+TrInstr

EST LIV KPV 1VRO

Figure 9. Category-level breakdown of helpfulness scores in human evaluation of con-
versational LLMs for low-resource Finno-Ugric languages.

Comparisons by category reveals that the scores for GPT-3.5-Turbo are inflated
by examples in the maths and reasoning categories, where SMUGRI-MODELS

models show less helpfulness. In contrast, SMUGRI-MODELS models perform
comparably in the general and writing categories. Notably, in Komi, SMUGRI-
MODELS models surpass GPT-3.5-Turbo in both general and writing tasks, while
achieving similar scores in the maths and reasoning tasks.
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6. CONCLUSION

The goal of this thesis was to investigate how available Estonian resources can be
most effectively leveraged to enable cross-lingual knowledge transfer from other
languages to Estonian, thereby mitigating the limitations caused by Estonian’s
data scarcity. The contributions of this thesis are threefold, addressing this goal
from the perspectives of data, language modeling, and evaluation.

Data

From a data perspective, this thesis examined the suitability of synthetic training
data for strengthening cross-lingual knowledge transfer to Estonian. While syn-
thetic datasets are considerably less expensive to produce than datasets created
with human annotators, they often contain noise, translation artifacts, and other
quality issues that may affect model learning.

To study this trade-off, we introduced two new synthetic datasets for Estonian.
The first, EstCOPA, targets commonsense reasoning by translating an existing
benchmark to Estonian. The second, Alpaca-est, is a general instruction-following
dataset generated using a large language model, designed to improve the model’s
ability to follow user instructions.

Our experimental results consistently show that training on synthetic data im-
proves models’ ability to process and understand Estonian. However, within the
scope of our experiments, replacing synthetic data with higher-quality alternatives
did not lead to clear or consistent additional gains.

Finding 1. Synthetic data can provide substantial benefits during fine-tuning,
enabling existing models to better understand a low-resource target language.

Language Modeling

From a modeling perspective, we conducted an extensive set of experiments with
both encoder-only and decoder-only models to understand when and how multi-
lingual data should be incorporated during training.

The first group of experiments focused on identifying the most effective train-
ing stages for multilingual data. We found that leveraging multilingual pre-training
followed by multilingual fine-tuning consistently outperforms monolingual train-
ing approaches. However, the effectiveness of multilingual fine-tuning strongly
depends on the quality and capacity of the underlying base model — weaker base
models benefit less from additional multilingual supervision.

The second group of experiments explored continued pre-training on Estonian.
We show that continued pre-training improves models’ Estonian language under-
standing, but that increasing the size of the continued pre-training corpus does not
yield proportional performance gains, suggesting diminishing returns. Crucially,

62



stronger general-purpose base models can outperform weaker language-adapted
models, highlighting the importance of initial cross-lingual alignment.

Finding 2. Multilingual training is beneficial for low-resource languages
across all stages of model training.

Finding 3. Cross-lingual alignment is largely established during pre-training,
and its strength strongly determines the effectiveness of downstream adaptation.

Evaluation

Finally, this thesis addressed challenges related to evaluating models for low-
resource languages. We described the limitations of existing evaluation practices
and introduced SMUGRI-MT-BENCH, a benchmark designed to assess conversa-
tional capabilities in Estonian, Võro, Komi, and Livonian.

Using this benchmark, we conducted a human evaluation measuring both help-
fulness and naturalness of various language models. The results indicate that
most models—including GPT-3.5-Turbo—struggle to provide helpful responses
in these languages (with Estonian being an exception). In contrast, smaller Llama-
2 7B-based models were consistently judged to produce more natural-sounding
outputs than GPT-3.5-Turbo for Võro, Komi, and Livonian.

Finding 4. Manual evaluation remains essential for gaining meaningful in-
sights into model behavior.

Summary

Overall, this thesis demonstrates that the careful integration of multilingual re-
sources remains the most effective strategy for building NLP systems for low-
resource languages such as Estonian. Even modest amounts of target-language
data, when combined with strong multilingual foundations, can yield capable
models. At the same time, robust and carefully designed evaluation is critical
to avoid overestimating progress and to ensure that improvements translate into
meaningful benefits for speakers of lesser-resourced languages in real-world set-
tings.

Future Work

There are several promising directions for future research.
First, our experiments with LLAMMAS indicate that not all capabilities transfer

equally across languages. In particular, reasoning performance for Llama 2 7B de-
graded after fine-tuning on Estonian. The underlying cause remains unclear. Pos-
sible explanations include limitations in the quality of Estonian training data or
contamination in English benchmarks that artificially inflate performance. With-
out detailed knowledge of the original training corpora, drawing final conclusions
is difficult.
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Second, low-resource languages continue to lack robust benchmarks. How-
ever, in the era of large language models, it is increasingly unclear what consti-
tutes a “good” evaluation dataset. Future work could investigate the limitations
of current evaluation paradigms and develop benchmarks that better reflect real-
world language use and model capabilities.

Finally, our human evaluation shows that even strong models struggle to gener-
ate natural-sounding text in extremely low-resource Finno-Ugric languages such
as Võro, Livonian, and Komi. However, measuring naturalness remains challeng-
ing, and reliable automatic metrics are largely absent. Developing methods to
assess and improve output naturalness in low-resource languages is therefore an
important direction for future research.
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SISUKOKKUVÕTE

Keeltevaheline siirdeõpe ja selle hindamine väheste
ressurssidega oludes

Doktoritöös uuritakse, kuidas parandada ressursivaestes oludes eesti keele mõist-
mist keelemudelites. Tekstiressursside vähesuse tõttu ei saa eestikeelsete mude-
lite treenimisel üks ühele rakendada ingliskeelsete mudelite treenimiseks kasuta-
tud lähenemist. Üks võimalus olukorda lahendada on kasutada ära keeltevahelist
teadmussiiret, nähtust, mis käib kaasas keelemudelite mitmel keelel korraga tree-
nimisega. Nimelt, kui treenida keelemudeleid mitmel keelel korraga, muutuvad
eri keeltes sisendite vektoresitused mudeli sees üksteisega sarnasemaks. Seega,
kui mingis treenimiseks kasutatavas keeles näeb mudel piisavalt tekste selleks,
et neist midagi kasulikku õppida, lõikavad sellest mingil määral kasu ka teised
treenimisel kasutatud keeled.

Sellise keeltevahelise teadmussiirde tõhusus sõltub paljudest teguritest, näiteks
mudeli parameetrite arvust, treeningandmestiku suurusest ja keelte osakaalu jao-
tusest, mudeli treeningdetailidest ja paljust muust, mille kohta tehakse järeldusi
peamiselt empiiriliste eksperimentide põhjal. Seni domineerivad kirjanduses aga
uurimused, mis üritavad saavutada võimalikult head teadmussiiret inglise keelest
paljudesse teistesse keeltesse korraga, optimeerimata lahendust konkreetselt mitte
ühelegi keelele.

Siinne doktoritöö uurib keeltevahelist siirdeõpet eesti keele kontekstis. Täpse-
malt uuritakse töös, kui palju on võimalik keelemudelite eesti keele oskust paran-
dada, kui treenimisel kasutataks maksimaalselt ära olemasolevaid tekstiressursse
ja tehnoloogiaid, mis võimaldavad sünteetilisi eestikeelseid andmeid juurde luua
(masintõlkesüsteemid ja suured keelemudelid).

Autori originaalpanused on esitatud kolmes (3., 4. ja 5.) peatükis. Esimene
neist kirjeldab keeltevahelise siirdeõppe eksperimente väikeste, konkreetse üles-
ande lahendamiseks optimeeritud keelemudelitega. Teises uuritakse, kuidas kõige
paremini kasutada ära suuri keelemudeleid sama eesmärgi saavutamiseks. Viima-
ses peatükis tutvustatakse uut võrdlusalust suurte keelemudelite hindamiseks nelja
erineva soome-ugri keele mõistmisel.

Kolmanda peatüki alguses tutvustatakse esmalt võrdlusalust, mille peal mu-
deleid hindama hakatakase. Iga ülesanne võrdlusaluses koosneb kahest argisest
lausest ning mudeli eesmärk on tuvastada, kas nende vahel võib olla põhjuslik
seos. Ülesanded on koostatud selliselt, et inimesele piisab selle lahendamiseks
argimõistuslikust arutluskäigust. Näiteks suudab inimene sellele tuginedes näha
põhjuslikkust sündmuste keha heitis murule varju ja päike tõusis vahel, sest ta
teab lisaks, et tõusev päike tekitab varje. Põhjuslikkuse tuvastamine on üks loo-
muliku keele mõistmiseks vajalik oskus ning kuigi see on inimesele lihtne, eksivad
selles aeg-ajalt ka parimad keelemudelid.

Pärast võrdlusaluse tutvustamist peenhäälestatakse nii eesti- kui ka mitmekeel-
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seid eeltreenitud keelemudeleid kirjeldatud ülesannet lahendama eesmärgiga hin-
nata mitmekeelse eeltreenimise ja peenhäälestamise mõju ülesande lahendamise
oskusele. Tulemuste põhjal tehakse järgmised järeldused:

• parim tulemus selle ülesande lahendamisel saadakse mudeliga, mis on nii
eeltreenitud kui ka peenhäälestatud mitmekeelsetel andmetel. See mudel on
parem ka nendest mudelitest, mis on kas ühes või mõlemas etapis treenitud
ainult eestikeelsetel andmetel;

• kvaliteetsete treeningandmete asendamine masintõlgitud vähemkvaliteetse-
te treeningandmetega ei muuda tulemusi olulisel määral, viidates sellele, et
sihtkeelsete andmete kvaliteet ei ole siirdeõppe kontekstis nii oluline kui
muud aspektid;

• alusmudeli valik määrab suures osas ära teadmussiirde tõhususe: teadmus-
siire eesti keelde avaldub ülesande lahendamiseks vajalikul määral ainult
piisavalt suure parameetrite arvu ja treeningandmete mahu korral.

Neljas peatükk uurib erinevaid meetodeid suurtele, peamiselt ingliskeelsetel
tekstidel treenitud keelemudelitele eesti keele õpetamiseks. Kuigi esmapilgul võib
asjaolu, et need mudelid on õppinud põhiliselt ainult inglise keelsetest tekstidest,
mitte kuigi julgustavalt mõjuda, tasub arvesse võtta, et suured keelemudelid on
kümneid kordi suuremad ja treenitud sadu kordi suurematel andmekogudel kui
väiksemad mudelid. See asjaolu muudab need mudelid erinevate ülesannete la-
hendamisel oluliselt võimekamaks, kui olid väiksemad mudelid, ja annab ühtlasi
lootust selleks, et need on paremini suutelised ühes keeles õpitud teadmisi teises
keeles vastamisel kasutama.

Võttes aluseks 7 miljardist parameetrist koosneva Llama 2 mudeli, tehakse
selle peatükis rida eksperimente katsetamaks nii jätkatud eeltreenimisega kui ka
juhistega peenhäälestamisega. Jätkatud eeltreenimiseks kasutatakse andmestikku,
mis suures osas sisaldab eesti keelt, kuid vähesel määral ka inglise keelt. Juhis-
tega peenhäälestamiseks kasutatakse eesti- ja ingliskeelsete sünteetiliste ja päri-
sandmete kombinatsioone. Eksperimentide põhjal tehakse järgmised, eelmistega
sarnanevad järeldused:

• mudeli jätkatud eeltreenimine peamiselt eestikeelsetel andmetel parandab
oluliselt mudeli eesti keele mõistmise oskust isegi nii vähese kui 1 miljardi
tokeni korral;

• mudelit mitmekeelsete juhistega peenhäälestades on võimalik õpetada see
eestikeelset sisendit mõistma ja sellele vastama isegi siis, kui treeningand-
metena kasutada madalakvaliteedilisi sünteetilisi juhiseid;

• mudeli eesti keele mõistmise oskus paraneb veelgi, kui treeningandmeid
täiendada kvaliteetsete ingliskeelsete juhistega, viidates täiendavale tead-
mussiirdele nendest andmetest.

Et keelemudelite valdkond areneb kiiresti ning pidevalt antakse välja uusi ja
paremaid mudeleid, võrdles autor peatüki lõpetuseks selle töö raames loodud
parimat spetsiaalselt eesti keelele kohandatud mudelit (4. peatükk) uuemate ja
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suuremate, kuid eesti keelele mitte kohandatud mudelitega. Võrdlusest selgus, et
uuemad mudelid on eesti keele mõistmises oluliselt paremad kui vanem ja nõrgem
spetsiaalselt eesti keelele kohandatud mudel. See tulemus näitab sarnaselt eespool
tooduga, et tugeva keeltevahelise teadmussiirde saavutamiseks on eeltreenimisel
märksa olulisem roll kui teistel treeningetappidel, sealhulgas jätkatud eeltreeni-
misel piiratud suuruses eestikeelsel andmehulgal.

Viies peatükk tutvustab uut soome-ugri keeltele mõeldud võrdlusalust vestlus-
mudelite hindamiseks. Loodud võrdlusalus sisaldab ülesandeid nii eesti kui ka võ-
ru, liivi ja komi keeles. Testandmestik on koostatud, võttes arvesse samas peatükis
kirjeldatud piiranguid, mida väheste ressurssidega keeled mudelite hindamisele
seavad. Seejärel kasutatakse võrdlusalust selleks, et koguda nimetatud keelte kõ-
nelejatelt tagasisidet Tartu Ülikooli keeletehnoloogia uurimisrühma loodud uutele
soome-ugri keelemudelitele ja täheldatakse, et võrdlusaluse abil kogutud tagasisi-
de täiendab oluliselt mudelite automaatset hindamist.

Kokkuvõttes uuritakse selles doktoritöös keeltevahelise siirdeõppe meetodeid,
et parandada keelemudelite eesti keele mõistmise oskust ressursivaestes oludes.
Töö tulemused näitavad siirdeõppemeetodite kasulikkust ja üleolekut mudelite-
le eesti keele õpetamisel isegi ainult sünteetiliste eestikeelsete andmete kasuta-
mise korral. Töö tulemusena avaldatakse ka uus andmestik vestlusmudelite hin-
damiseks. Töö autor loodab, et doktoritöö tulemustest on kasu paremate eestikeel-
sete keelemudelite loomisel, ja julgustab selleks rohkem ära kasutama siirdeõppe
võimalusi.
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