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Abstract: Cyrillic Mongolian and Traditional Mongolian are primarily utilized in Mongolia and
China. The task of converting Cyrillic Mongolian to Traditional Mongolian (C2T) plays a vital role
in facilitating language communication between compatriots of both nations and holds significant
importance in the scientific, economic, and cultural domains of both countries. Mongolian words
consist of stems and suffixes, resulting in an extensive Mongolian vocabulary that includes a
multitude of Out-of-vocabulary (OOV) words. The conversion of OOV words cannot be effectively
addressed solely through the use of rules and dictionaries. Hence, this paper presents a Transformer-
based approach for Cyrillic Mongolian to Traditional Mongolian conversion. Experimental results
demonstrate a 5.72% reduction in word error rate (WER) compared to the joint sequence approach.
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1. Introduction

Mongolian, which is part of the Mongolic language family, is classified within the Altaic
language family and is notably the largest and most prominent member in this language
group [1]. It holds a unique position as both the most widely spoken and most recognized
language within the Mongolic family. In Mongolia, the Mongolian script is currently written
using Cyrillic characters, while in Inner Mongolia, China, the Traditional Mongolian script
is used [2]|. The task of converting Cyrillic Mongolian to Traditional Mongolian (C2T) aims
to transform text written in the Cyrillic Mongolian script into its equivalent Traditional
Mongolian script. Cyrillic Mongolian and Traditional Mongolian are agglutinative languages,
meaning they form words by adding multiple
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nada-d’'v’ hqyar tagamaglal ba_ig_éan.

Cyrillic Mongolian Traditional Mongolian
Figure 1: Example of C2T Conversion

Copyright (© 2024 The Author(s). This is an open-access article distributed under the terms of the CC BY-
NC 4.0 International License (https://creativecommons.org/licenses/by-nc/4.0/).

120


https://doi.org/10.5564/jimdt.v6i1.3599
https://orcid.org/0000-0001-9750-8959
https://orcid.org/0000-0001-7312-1629
https://orcid.org/0000-0002-3234-7151
https://orcid.org/0000-0001-7392-638X
https://creativecommons.org/licenses/by-nc/4.0/

Muhan Na

suffixes to the stem. This process generates a vast vocabulary that cannot be completely
captured in a dictionary. Furthermore, the distinct word formation rules of the two scripts
create a one-to-many correspondence challenge, making it challenging to establish a direct
mapping between Cyrillic Mongolian and Traditional Mongolian. Figure 1 provides an example
of C2T conversion, Cyrillic Mongolian and Traditional Mongolian corresponding words is
represented by the same underline.

The conventional approach primarily focuses on utilizing rule-based and statistical models,
such as the joint sequence model, to tackle the C2T task. Notably, Bao et al.[3] employ
the joint sequence model for the C2T task. Later, in 2017, Bao et al. [4] introduce
a hybrid approach that combines rule-based and joint sequence models. This approach
utilizes rule-based techniques to convert words within the existing vocabulary and utilizes
the joint sequence model for converting out-of-vocabulary (OOV) words. However, both
rule-based and statistical conversion methods have their limitations. Firstly, the rule-
based approach falls short when it comes to handling out-of-vocabulary (OOV) words
and loanwords. Mongolian words consist of stems and suffixes, and different types of
suffixes can be attached to the same stem, resulting in a vast vocabulary. Additionally, the
Mongolian language incorporates numerous loanwords that do not adhere to the regular word-
formation rules. Secondly, statistical models have limited generalization ability and modeling
capacity. The joint sequence model, for instance, utilizes a shallow architecture and lacks
robust nonlinear modeling capabilities [5,6]. The C2T task can be considered as a typical
machine translation task between two languages, making it fall into the category of sequence-
to-sequence (Seq2Seq) modeling. The "encoder-decoder"architecture has shown successful
applications in various Seq2Seq tasks, including neural machine translation [5,7,8], speech
synthesis [9,10,11,12,13], grapheme to-phoneme (G2P) conversion [14,15,16], and more.
Recently, significant research efforts have been focused on recurrent neural networks (RNN),
self attention-based "encoder-decoder"models , and pre-training language models. Although
there is limited data available for training large-scale pre-training models specifically for the
C2T task, both RNN-based encoder-decoder models and self-attention models have displayed
impressive performance in Seq2Seq tasks. In this paper, we propose a conversion method
that based on the Transformer, Compared with the previous method, performance has been
improved to a certain extent.

2. Task Challenges
2.1. Scarce resources

Having a sizable corpus of aligned sentence-level data is crucial for machine translation
tasks. However, this paper tackles the C2T task at the word-level, recognizing the challenge
posed by the scarcity of abundant and high-quality training data. The low-resource nature of
the Mongolian language contributes to the current lack of such data.

2.2. Agglutinative Features

Cyrillic Mongolian and Traditional Mongolian exhibit similarities in terms of word
formation, pronunciation, and grammar rules. However, they diverge in their symbol systems,
morphological rules, and the relationship between pronunciation and spelling.

Symbol systems: The Cyrillic Mongolian script comprises 13 vowels, 20 consonants,
1 hardened character, and 1 softened character [4]. In contrast, Traditional Mongolian
consists of 8 vowels and 27 consonants [4]. Cyrillic Mongolian differentiates between uppercase
and lowercase letters, with specific rules for capitalization of the initial letter, while
Traditional Mongolian does not follow such rules. Additionally, Traditional Mongolian exhibits
inconsistencies between its code and presentation form. To address this issue, the present
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study focuses on converting Traditional Mongolian characters into their corresponding Latin
transcriptions [17].

Morphological rules: The morphological rules in Cyrillic Mongolian encompass 66
categories [1], whereas Traditional Mongolian consists of only 4 categories [18, 19]. This
fundamental difference means that there is no direct one-to-one correspondence between the
characters of the two Mongolian scripts.

Correlation between pronunciation: The pronunciation and spelling of Cyrillic
Mongolian exhibit a direct one-to-one correspondence. Conversely, Traditional Mongolian
demonstrates a one-to-many relationship. This results in a Cpyrillic Mongolian word
corresponding to multiple traditional Mongolian words when converting from Cyrillic
Mongolian to traditional Mongolian. The unique characteristics of word formation in
Mongolian contribute to its exten sive lexicon and a significant number of unfamiliar words.
Additionally, the diverse morphological rules make it challenging for models to learn the
corre spondence between two Mongolian characters. The issues of data sparsity and the
agglutinative nature of Mongolia pose substantial obstacles for the C2T task at hand. In
the following section, we will explore the linguistic knowledge described above to successfully
carry out the C2T conversion.

3. Previous method

The C2T conversion process is divided into three steps: Cyrillic Mongolian text
preprocessing, using a rule based approach to convert in-vocabulary words. Moreover, using
a Joint sequence model to convert words that rules can‘t successfully convert; finally, when
a Cyrillic Mongolian word corresponds to multiple Traditional Mongolian words, a language
model is used to select the optimal sequence. The C2T conversion process combining rules
and Joint sequence model is shown in Figure 2.

Cyrillic
Mongolian text

| Pre - processing |

Whether it is in
vocabulary words?

Y
Using the Rules based Using the Joint Sequence|
approach to convert Model to convert

!

Using Language Model to Select the
Optimal Traditional Mongolian Candidates

Traditional
Mongolian text

Figure 2: C2T conversion process combining rules and Joint Sequence Model
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3.1. Preprocessing

Firstly, we segment and tokenize the Cyrillic Mongolian text. Secondly, we identify and
preserve non-Traditional Mongolian characters while converting the regular punctuation and
numerical symbols. Thirdly, the abbreviations of Cyrillic Mongolian are recognized and
restored based on the abbreviation dictionary.

3.2. Rule based T2C Conversion

Mongolian words consist of stems and suffixes, with suffixes further cat egorized into
derivational suffixes and inflectional suffixes. When a stem is Figure 3 C2T conversion based on
Transformer combined with an inflectional suffix, the semantics of the word remain the same
while the grammatical meaning changes, such as verb tense, aspect, and mood. Conversely,
when a stem is combined with a derivational suffix, the semantics change, creating a new
word. This paper focuses exclusively on inflectional suf fixes. The rule-based C2T conversion
can be divided into three steps: 1. Split the Cyrillic Mongolian words into stems and suffixes.
2. Match the correspond ing Traditional Mongolian text from the stem and suffix libraries. 3.
According to Traditional Mongolian word formation rules, splice the stems and suffixes into
the Cyrillic Mongolian word.

The segmentation of suffixes in Cyrillic Mongolian is a more intricate pro cess. When
forming the Cyrillic Mongolian words, vowels and consonants are dropped, generated, and
transformed. Therefore, during suffix segmentation of Cyrillic Mongolian words, there are
procedures involved in vowel and con sonant recovery, loss, and reduction. Considering
the characteristics of word formation in Cyrillic Mongolian, this paper has compiled over
30 rules for suf f ix segmentation based on references such as the "Cyrillic Mongolian
Learning Book"[20] and "Mongolian Grammar"[1]. Additionally, referencing "Mongo lian
Grammar"[1] and "Modern Mongolian"[21], this article has summarized over 20 rules for
word stem and suffix concatenation in Traditional Mongolian. We establishes a stem library
(containing 63,501 entries), a verb suffix com parison library (containing 1,626 entries),
and a static word suffix comparison library (containing 694 entries) based on "Mongolian
Dictionary"[22], "New Mongolian Chinese Dictionary"[23], and "A comparative study of
Mongolian and Cyrillic orthography"[2] .

3.3. C2T conversion based on Joint sequence model

For words that cannot be converted by the rules, the joint sequence model is used for
conversion. The idea of the joint sequence model is to represent the relationship between the
input sequence and the output sequence through a series of joint units consisting of common
sequences of input and output symbols. During decoding, an N-gram language model is used
to predict characters. The best model configuration can be found by adjusting the value of
N in N-gram.

3.4. Optimal Sequence Selection

During the C2T conversion process, one Cyrillic Mongolian word corresponding to multiple
Traditional Mongolian words. Therefore, this paper uses an N-gram language model to select
the optimal sequence that fits the context. After completing the above steps, the entire T2C
conversion is completed.

4. C2T conversion based on Transformer

Cyrillic Mongolian and Traditional Mongolian both belong to phonetic scripts, where
each word in Mongolian is represented as a sequence of letters. Therefore, the C2T conversion
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task can be viewed as a Sequence-to-Sequence (Seq2Seq) task. Recurrent Neural Networks
(RNN) and Transformer have been extensively used in Seq2Seq tasks and have demonstrated
remarkable performance. In this paper, the Transformer architecture is employed for
converting Cyrillic Mongolian to Traditional Mongolian. Figure 3 illustrates the three
main components of the C2T conversion: "Text Pre-processing, Encoder-Decoder,"and "Post-
processing."In the Text Pre-processing stage, the Cyrillic Mongolian word is taken as input,
and a character sequence is generated as output. The Encoder then reads the character
sequence and generates a high-level representation, which is subsequently passed to the
Decoder. The Decoder utilizes the hidden representation to predict the Latin transcriptions
of Traditional Mongolian characters. Finally, the Post-processing module converts the Latin
transcriptions into the Traditional Mongolian script, yielding the final conversion results.

To verify the effectiveness of encoder-decoder structures based on RNN and Transformer
for the T2C task, this paper conducted experiments on the RNN

Cyrillic Mongolian Text per— Encoder Decoder Post— Traditional
words processing processing Mongolian words

Figure 3: C2 conversion based on tRansformer

encoder-decoder structure without attention (RNN), the RNN encoder-decoder structure
with attention (RNN+ATT), and the Transformer encoder-decoder structure. Here, we will
introduce the internal structures of the RNN and Transformer encoder-decoder models. In
the RNN-based encoder-decoder structure, the encoder part consists of multiple layers of
Bidirectional long short-term memory (BiLSTM) networks, which convert the input Cyrillic
Mongolian sequence C' into a high-dimensional vector representation h. The decoder uses h
and the previously predicted outputs o1, 02,...,0—1) as inputs to calculate the probability
distribution of the next word o;. The posterior distribution of the decoder’s predicted output
at time step h is generated from the decoder state s;. Within the attention-based RNN
encoder-decoder framework, the predicted output’s posterior distribution at time step h is
formulated by merging the decoder state s; with the context vector a;. The context vector
a is computed using an attention module that takes into account the hidden states of both
the encoder and decoder. In contrast to RNN, the Transformer encoder-decoder structure
uses self-attention mechanisms to build the entire model framework. In the Transformer
architecture, the encoder is constructed with N network blocks, incorporating multi-head
attention layers and fully connected feed forward neural network layers. Likewise, the decoder
is composed of N network blocks, comprising multi-head attention layers, masked multi-
head attention layers, and fully connected feed forward neural network layers. Residual
connections are utilized between each layer to enhance network optimization, with the addition
of normalization.

5. Experiments and Conclusions
5.1. ExperimentalData

This paper collected 63,668 word pairs of Cyrillic Mongolian words and Traditional
Mongolian words from the "New Mongolian Chinese Dictionary"[23], denoted as “Mon_ data”.
Among them, 58,436 word pairs are randomly selected as the training set and 5,232 word
pairs are selected as the test set. 3.2 million Traditional Mongolian sentences are led from
Traditional Mongolian news websites for training the Traditional Mongolian language model.
To test the method proposed in this paper, 8,992 sentences are collected and organized as the
"T2C _sentence"
test set, containing 99,010 words, including 93,546 in-vocabulary words and 5,464 OOV words.
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5.2. Evaluation Metrics

The evaluation metrics used in this paper are Word Error Rate (WER) and Character
Error Rate (CER), which are calculated by Equations as follows, respectively.

Ncorrent
WER=1— ——— 5.1
Ntotal ( )
Nins Ne Nsu
CER = - Naer  Nou (5.2)

Ncharate'r'—total

The Neyrrent is the number of correctly converted Mongolian words, Nietq; is the total number
of Mongolian words to be converted, N;,s is the number of letter insertion errors during
conversion, Ny is the number of letter deletion errors during conversion, Ny, is the number
of letter substitution errors during conversion, and Ncpgracter—total 1S the total number of
letters in the word.

5.3. Experimental Results of Transformer

This paper compares the performance of the Joint sequence model, RNN-based encoder-
decoder model, and Transformer model on the C2T task. The Joint sequence model uses a
joint unit consisting of input and output symbols to represent the relationship between the
input sequence and the output sequence using a common sequence. During decoding, an N-
gram language model is used for character prediction. This paper will search for the optimal
configuration of the Joint sequence model by adjusting the order of the N-gram.

WER% | CER%
Joint (Num=1) 89.79 26.39
Joint (Num=2) | 70.53 | 16.47
Joint (Num=3) 50.34 10.13
Joint (Num=4) 33.75 6.51
Joint (Num=5) 26.19 4.88
Joint (Num=6) 23.24 4.34
Joint (Num=7) 22.76 4.22
Joint (Num—8) | 22.69 | 4.21
Joint (Num=9) 22.63 4.2
Joint (Num—10) | 22.67 | 4.2

Table 1: C2T conversion results based on the joint sequence

Two RNN-based architectures are implemented in this paper: RNN encoder-decoder
structure without attention mechanism (short as "RNN") and RNN encoder-decoder structure
based on attention mechanism (short as "RNN-+ATT"). The RNN hidden layer size is set to
512 and 1024, and the number of hidden layers is set to 1, 2, and 4 to explore the optimal model
configuration. During model training, the input to the encoder is a 128-dimensional character
sequence, and the decoder output is Cyrillic Mongolian characters. The RNN parameters are
set: batch size=32, epochs=100,learning rate=0.0005. The learning rate is reduced by a factor
of 0.9 every 20 epochs. The cross-entropy loss function is used.

The "Transformer-Tiny"model[21] is used to construct the Transformer-based encoder-
decoder model. Compared with the "Transformer-base"model, the "Transformer-Tiny"is more
suitable for tasks with smaller vocabularies, making it more suitable for character level C2T
conversion tasks. In order to find the best parameter combination, the number of attention
mechanism heads is tested at 2 and 4, while the number of hidden layers is tested at 1, 2, 4,
and 6. All comparative experiments are performed using Tensor2Tensor. In the experiments,
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the input dimension is fixed at 128, the training proceeds for 100,000 steps, and each batch
consists of 4096 samples. The learning rate is set to 0.2, and there are 8000 warm-up steps
according to the approach described in reference[16]. All word embeddings are initialized
randomly and updated across the entire model. The C2T conversion experiments reveal that
augmenting the order of the N-gram language model from 1 to 10 leads to a reduction in

Table 2: Results of C2T conversion based on RNN
WER% | CER%

RNN (5120 _1L) 2315 | 4.82
RNN (512U _2L) 2594 | 5.63
RNN (512U_4L) 29.07 | 7.26
RNN (1024U_1L) 2246 | 4.56
RNN (1024U_2L) 2414 | 5.04
RNN (1024U_4L) 2781 7

RNN+ATT (512U _1L) | 20.95 | 4.11
RNN+ATT (5120_2L) | 21.58 | 4.22
RNN+ATT (512U _4L) | 20.05 | 3.93
RNN+ATT (1024U_1L) | 21.12 | 4.04
RNN+ATT (1024U_2L) | 1951 | 3.72
RNN+ATT (1024U_4L) | 2185 | 4.14

Table 3: Results of C2T conversion based on the Transformer

WER% | CER%
Trans (1S_2H) 25.5 4.95
Trans (2S 2H) | 19.25 3.59
Trans (4S_2H) | 17.32 3.29
Trans (6S_2H) | 17.14 3.2
Trans (1S_4H) | 22.87 4.44
Trans (2S_4H) | 17.99 3.36
Trans (4S_4H) | 17.07 3.18
Trans (6S_4H) | 16.91 3.15

both WER and CER. The best performing joint sequence model had an N-gram language
model order of 9, denoted as Joint (Num=9), with a WER of 22.63% and a CER of 4.2%, as
shown in Table 1.

According to the Table 2, the best performance is achieved by the 1-layer Bidirectional
LSTM (BiLSTM) with 1024 hidden units. This model achieves a Character Error Rate
(CER) of 4.56% and a Word Error Rate (WER) of 22.46%. Interestingly, the optimal result,
RNN(1024U _1L), is comparable to the performance achieved with N=9.

To further analyze the impact of hidden unit sizes, we keep the number of hidden layers
fixed in the BILSTM model and adjust the hidden unit size to observe the performance.
It is observed that increasing the hidden unit size can improve the model’s performance.
For instance, the RNN(512U _1L) model outperforms the RNN(1024U_1L) model. However,
stacking more hidden layers does not always lead to significant improvements. In fact, the
RNN(1024U_1L) model outperforms the RNN(1024U 4L) model, indicating that adding
more hidden layers does not necessarily improve the results in this case.

The experimental results utilizing RNN-+ATT indicate that the RNN+ATT (1024U_2L)
achieves the best performance with a CER of 3.72% and a WER of 19.57%. By incorporating
an attention mechanism into the RNN-based encoder-decoder model, the performance is
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improved as it enables better extraction of internal information from the input Mongolian
character sequence. Compared with RNN (1024U _1L), RNN+ATT (1024U_ 2L) has a 2.89%
lower WER. The addition of the attention mechanism to the RNN-based encoder-decoder
model enables better capture of internal information from the input Mongolian character
sequence. This improvement in capturing the internal information leads to enhanced model
performance.

Table 3 shows the experimental results of C2T conversion based on the Transformer model.
Within the Transformer model, the variable "S"corresponds to the number of layers, while
"H"signifies the count of attention heads. The best performing Transformer model is Trans
(6S_4H), with a CER of 3.15% and a WER of 16.91%. The model’s efficacy is enhanced
by increasing the number of attention heads, as shown by the comparison between Trans
(6S_4H) and Trans (6S_2H) and Trans (4S_4H) and Trans (4S_2H).

The best results for T2C conversion are achieved by Joint (N=9), RNN (1024U_1L),
RNN+ATT (1024U_2L), and Trans (6S_4H) models. Among them, Trans (6S_4H) shows
the best performance with a WER of 16.91% and a CER of 3.15%. Compared with Joint (N=9)
and RNN models, Trans (6S_4H) had a significantly lower WER. The results suggest that
self-attention mechanisms are more effective in capturing the relationship between Mongolian
characters and can improve model predictions

5.4. Experimental Results of the combination of rules and
Transformer

The evaluation outcomes of the the combination of rules and Transformer method
on the "T2C sentence"dataset are presented below. The test set contains 5,464 OOV
words and 93,546 in-vocabulary words. The overall word error rate (WER) on the test set
"T2C _sentence"is 18.07%. Among them, the word error rate WER for OOV word conversion
based on the Transformer model is 18.13%. Since the text in the test set contains various types
of noise, such as typos, abbreviations, and colloquial language, this paper did not use more
data augmentation techniques and only performed simple abbreviation restoration operations.

5.5. Experimental Results based on Transformer

The experiments on the "Mon data"dataset in the Transformer-based C2T conversion
showed that both the RNN and Transformer models outperformed the Joint model. Among
these models, the RNN model with attention performed better than the RNN model without
attention, while the Transformer model exhibited the best performance. However, in the
experiments on the "T2C _sentence"dataset, the Transformer model did not achieve optimal
results. Further analysis comparing the "Mon data"and "T2C _sentence"datasets revealed
that "T2C mon"consisted of a significant number of data pairs containing Traditional
Mongolian and Cyrillic Mongolian word stems. On the other hand, the "T2C _sentence"test
set, the suffixes were not segmented but rather merged with the preceding word, treating them
as a single word. As a result, the performance of our trained Transformer model declined on
the "T2C _sentence"test set. To address this issue, we expanded the training dataset for the
Transformer model. We augmented the original "Mon _data"dataset, which contained 63,668
word pairs, to 108,565 word pairs, creating the augmented dataset called "Mon data_max".
By augmenting the training dataset, we aimed to enhance the performance of the Transformer
model on the "T2C sentence"test set. In the new experiments, we randomly selected 97,709
word pairs from the augmented dataset "Mon data max"as the new training set and
used 10,856 word pairs as the new test set. On this new test set, the Word Error Rate
(WER) of the model was 15.65%. Additionally, the overall WER of the new model on the
"T2C _sentence"test set was 16.30%. Specifically, the WER, for the out-of-vocabulary word
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conversion module based on the Transformer model was 16.56%. In summary, by expanding
the dataset, the new model achieved good performance on the test set, but there is still room
for improvement in handling out-of-vocabulary word conversions.

6. Conclusions

This paper conducted a comparison between RNN and Transformer-based models for
character-level C2T conversion tasks. Both models exhibited su perior performance compared
to the baseline Joint sequence model, with the Transformer model achieving the highest
results. Challenges such as homo phones and inaccurate one-to-many conversions were
addressed by combining the Transformer model with Traditional methods. However, the
models’ per formance was limited by the need for more contextual information. Future
research will focus on sentence-level C2T tasks, aiming to leverage contextual information
to simplify the conversion process and enhance model performance.
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