
Building Bridges between Cultures to Empower
Better Large Language Models

Dmytro Chaplynskyi

Lang-uk initiative, Kyiv, Ukraine chaplinsky.dmitry@gmail.com

Abstract. This paper focuses on the invisible gap between cultures.
The language barrier stops the flow of ideas and concepts and results
in poor representation of non-English cultures in the modern large lan-
guage models. Fixing these will help to bring more unique data for the
LLMs, make modern tools more accessible around the world, and give
better access to cultural diversity. The paper proposes a wide and flexible
framework that can help to build bridges over the gaps using different
techniques, including dataset collection, better machine translation, and
LLMs finetuning. Such a framework might be applied to any low-resource
language.
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1 Introduction

For the last few years, my co-authors and I have focused our research on low-
resource languages. I often ask my friends and colleagues if they want to learn
one and what their motivation is to do so. What I love about this little study is
the common answer: I’d like to learn it to access another unique culture. And
this is where we start.

In recent years, many significant achievements have been made in the field
of natural language processing. Not only were state-of-the-art results for various
tasks beaten [10] [35], but new tasks were also outlined [20], [9]. Most impor-
tantly, NLP-powered products of the new generation were made available to the
general public and changed how we read, write, and learn [16]. That created a
whole new generation of products unseen before.

That was made possible with the help of the Large Language Models or
LLMs. While LLMs might come in different shapes and colors, in general, they
are doing the same job: compress the vast amounts of (predominantly) textual
information into an efficient inner representation and allow to query this bank
of concepts, facts, and ideas in a free form and pack the answer in a requested
format. While it is far from Artificial General Intelligence (AGI), it is still a
product of capacities that a) wasn’t seen before and b) can be improved even
further.

In this paper, we will focus on the ways and methods to bring such tools to
other languages and to bring other languages to such tools.
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2 The current state of the research

Ideas brought to the public by the release of the seminal papers [38], [10], [5] on
LLMs influenced a lot of new research, including those that touch on multilin-
gualism.

One focus was on training the model on multilingual datasets to achieve
suboptimal performance in the included languages. Aya 101 model is trained on
101 languages [42], Gemma models employing a massive tokenizer which should
cover more languages of the non-Latin script [34], Unbabel Tower offers Llama-
based models which are pre-trained on 10 more languages [1].

Some authors explored the flaws of multilinguality (so-called Curse of Mul-
tilinguality) in the existing architectures, such as [6], [3], [27]. A "curse" here
means that the more languages are used to train the model the worse the cross-
lingual language understanding is. Such research is important to know the issues
with the existing models and to help alleviate the curse.

Another area of the research was to try to train the models of the existing
architecture on a limited number of languages (often from scratch) to improve the
model’s performance for the target languages, for example, EuroLLM, trained on
the most popular languages of the European Union [21] or Jais, Arabic-centric
model [31]. While this is probably the most promising direction, it requires an
enormous amount of computational resources and is not feasible for the under-
represented languages.

One interesting direction is the bag of tricks to jump-start model training on
the new data by carefully altering the tokenization and embedding parts of the
existing model [22], [23] before further pre-training. Such an approach can speed
up training of the new models a lot, by piggybacking on the existing models.

It is worth mentioning the research devoted to the creation of multilingual
and parallel corpora which are extremely useful in training NMT models and
multilingual LLMs such as CCMatrix [30], [13], and CCAligned [12]. Another
important area here is the methods that allow mining the parallel data [2] [14],
[33] and new metrics to measure the translation quality using LLMs [28].

3 Motivation

As per the Chinchilla scaling law [15], the performance of the LLM can be
improved by:

1. Bigger and better models
2. Trained for longer
3. On a bigger number of texts

While the first two elements can be solved with a bigger budget and Moore’s
law [24], the third has a caveat. The general number of texts available for train-
ing is limited. Not all texts are available for various reasons, like copyrights,
language, media, or other limitations. But also, the number of texts is increasing
almost linearly and is proportional to the size of the literate human population.
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Moreover, the texts generally represent ideas, concepts, or facts. If one takes a
random text from the internet, the chance that this text conveys new knowledge
might be very low. On the other hand, powerful ideas and concepts create nu-
merous texts. Think about seminal papers like The Bible or the work of Socrates.
Therefore, one might speculate that ideas and concepts empower LLMs rather
than raw texts. Also, the number of texts is hard-capped, and unless new gener-
ations of LLMs learn how to create new knowledge, NLP researchers are scarce
in the available texts, ideas, and concepts.

Now, how can more texts be made available for LLMs? If we look at the
composition of the training data for modern LLMs [37], [34], [25], English texts
dominate the mix [41]. While English is not the most popular language on the
planet [40], the number of datasets available in English is clearly bigger than
any other language. There might be three reasons for that:

1. The NLP community is still very English-centric
2. English speakers produce more texts on average than speakers of other lan-

guages
3. English texts and datasets are more accessible in bulk

This effectively means that not only is LLM’s performance worse in other lan-
guages, but ideas and concepts from other cultures are represented less in the
compressed storage of knowledge provided by large language models. While the
number of texts available in other languages might be lower, the number of
unique ideas and concepts that can be brought to the new generation of LLMs
might be substantial.

However, it is also important to pass the ideas the other way around, bringing
the world’s knowledge to the low-resource language. Providing a massive amount
of general knowledge to speakers of non-English languages can help people learn
and create in their mother tongue and fuse their local cultural aspects with the
world’s best ideas.

4 Methodology

There are a few strategies to shorten the gap between languages and cultures. If
we dissect the general problem into smaller problems, we can see that there are
two components in there:

– Make models “speak” and “understand” more languages
– Bring concepts from one language into another

As both concepts are heavily intertwined, we might focus on the particular tasks
and then see how these can contribute to both components.

4.1 Paving the path to collect more datasets in a particular
language

If we look at the number of datasets available through the popular platform [17],
we might quickly conclude that english dominates the landscape. Therefore, it
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is important to outline and share the methodology to create more datasets in
other languages and create the datasets per se. Such datasets might be:

1. The massive collection of raw texts in a target language is to improve the
representation of that language in the next generations of LLMs.

2. The smaller datasets, manually annotated for the various tasks, like POS and
NER tagging, question answering, sentiment analysis, hate speech detection,
et cetera. These might be used as is [25] or turned into the instruction format
for the casual language models [19]

3. The dictionaries and the Wordnets which require a lot of curating and man-
ual supervision.

4. Parallel corpora between languages

Not only is collecting and making the data available in a target language impor-
tant, but it is also important to create and share a solid methodology that will
allow the creation of similar datasets in other languages [7], [8], [32].

Some datasets might be created by translating existing datasets in other
languages to a target language. This makes more data available for researchers
in a particular language domain and creates parallel corpora suitable for tasks
like machine translation.

4.2 Making more data accessible in a text format

While the Internet provides the researcher with vast text, some information
is still inaccessible in a digitized format. This might include printed textbooks,
recorded speech, music, and graphical information. Multi-modal models can help
close this gap. Such models, provided with enough data and proper architecture,
can access information from various media and extract ideas and concepts. Many
books available in the libraries are not accessible for direct processing, and no
one can explain the genius of a painter using only words.

4.3 Creating machine translation models

Another fruitful idea is to create high-quality translation models [26]. This will
help increase the number of texts available in low-resource languages and the
proportion of text in such languages in the general mix of the training data for
general models. Not only will the speakers of the low-resource language have
better access to the information and modern LLMs in their own language, but
the general population can also benefit from the variety of ideas from other
cultures that were added through translations.

4.4 Creating Ukrainian LLMs

Training large language models on Ukrainian texts [18] or fine-tuning existing
models [4] will help generate more Ukrainian datasets, which can be used for
various downstream tasks after proofreading, similar to the Self-instruct [39]
and Alpaca paper [29].
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4.5 Tapping into the interlingual representation of concepts in
LLMS

Recent research [11], [36] has shown that modern LLMs might maintain an in-
ternal representation of language-agnostic concepts and facts. While big LLMs
are still a black box for the researcher, carefully conducted experiments might
allow us to understand better how the unique concepts are represented inside
the LLM’s weights and can be leveraged to unlock the truly multilingual mod-
els. While this area is new and yet uncharted, understanding the representation’s
inner mechanics might help introduce new concepts to the Large Language Mod-
els without retraining the whole model and also help to make them accessible in
more languages, including low-resource ones.

The aforementioned activities might be structured as follows:

1. Preparation of the methodology to mine and filter multilingual data, espe-
cially parallel corpora to obtain the training dataset of a high quality.

2. Training of the NMT models of different architectures to set the new State
Of The Art results for English-Ukrainian pair.

3. Expansion such approach to other language pairs, for example, German-
Ukrainian or French-Ukrainian.

4. Preparation of the data printer, to use obtained models to translate the
important texts into Ukrainian in an automatic fashion.

5. Collaboration on the creation of Ukrainian LLMs.

5 Conclusion

While it is hard to catch up with the current progress on LLMs, we, as re-
searchers, can still make an invaluable contribution, building the bridges that can
bring data, concepts, ideas, and facts from one culture into another. It doesn’t
require a massive amount of the compute which is still scarce in Ukraine, but
thorough work on data collection and processing, creative ideas on the models
training and fine-tuning, and a lot of passion to make Ukraine a part of this
movement again and expand the frontier of large language models even further.
In addition, the methodology created in the research process can and should be
applied to other low-resource languages to preserve the knowledge and spirit of
other cultures and connect them to the global bank of ideas and concepts.
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