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The paper presents the development of a grapheme-to-phoneme (G2P) conversion 

model for the Armenian language. The G2P process is a crucial component in the creation 
of Text-to-Speech (TTS) systems, directly impacting the quality of synthesized speech. 
Current approaches for Armenian G2P conversion demonstrate limited accuracy, as evi-
denced by high error rates of 96.60% WER and 36.15% PER in the existing tools like pho-
nemizer. This research addresses these challenges by developing a comprehensive solution 
including a specialized dataset and neural network model. We begin by analyzing the spe-
cific phonological characteristics of Armenian, including context-dependent pronunciation 
rules and unique sound-symbol relationships that complicate automated transcription. To 
address the lack of publicly available resources, we have created a dataset containing 
17,862 Armenian word-phoneme pairs by automatically collecting and processing data 
from Wiktionary using a multi-layered analysis system with robust quality control mecha-
nisms. The analysis of this dataset revealed complex mapping patterns between Armenian 
graphemes and phonemes, with distribution characteristics following Zipf's law and a wide 
variety of contextual dependencies. Using this dataset, we developed a Conformer-CTC 
neural network model with approximately 12.3 million trainable parameters, featuring self-
attention mechanisms and convolutional modules specifically designed to capture both lo-
cal and global linguistic patterns. Evaluation shows that our model achieves a 16.13% 
Word Error Rate (WER) and a 17.36% Phoneme Error Rate (PER), representing an 80.47% 
and 18.79% improvement respectively over the existing solutions. 

Keywords: Grapheme-to-Phoneme (G2P), Armenian language, neural networks, 
Text-to-Speech (TTS), Conformer-CTC, International Phonetic Alphabet (IPA). 

 

Introduction. Text-to-Speech (TTS) systems have become essential tools 
for various applications, including accessibility services, virtual assistants, and  
educational platforms. A crucial component in TTS pipeline is the grapheme-to-
phoneme (G2P) conversion process, which transforms the written text into its pho-
netic representation [1]. This transformation is particularly challenging for lan-
guages with complex orthographic systems or inconsistent spelling-pronunciation 
relationships. 
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The Armenian language presents unique challenges for G2P conversion 
due to its specific phonological features and the complexity of mappings between 
its writing system and pronunciation. While Armenian orthography is relatively 
consistent compared to languages like English, it still contains context-dependent 
rules and exceptions that complicate automated phonetic transcription [2]. 

The existing G2P solutions for Armenian, such as the phonemizer library 
[1], show significant limitations in accuracy and comprehensiveness. These limita-
tions directly impact the quality of TTS systems, as incorrect phonetic transcrip-
tions lead to unnatural or incomprehensible synthesized speech. 

This paper addresses these challenges by developing a comprehensive G2P 
solution for Armenian, consisting of two main components: (1) a specialized da-
taset containing Armenian word-phoneme pairs, and (2) a neural network model 
based on the Conformer-CTC architecture. The dataset was created by automatical-
ly collecting and processing data from Wiktionary, focusing on words with IPA 
(International Phonetic Alphabet) transcriptions. The neural model was designed to 
effectively learn the complex mappings between Armenian graphemes and pho-
nemes. 

The remainder of this paper is organized as follows: Section 2 discusses the 
related work in G2P conversion, particularly for Armenian. Section 3 describes the 
methodology of dataset collection and the architecture of the proposed model. Sec-
tion 4 presents the results of the evaluation and discusses their implications. Final-
ly, Section 5 provides conclusions and directions for future work. 

Related works. Grapheme-to-phoneme conversion has been an active area 
of research for decades, with approaches evolving from rule-based systems to sta-
tistical models and, more recently, neural networks. 

Rule-based approaches rely on linguistic knowledge encoded in dictiona-
ries and rule sets. While these methods can be effective for languages with regular 
orthography, they struggle with exceptions and require significant linguistic exper-
tise to develop. For Armenian, rule-based approaches have been implemented in 
tools like espeak-ng, which is incorporated in the phonemizer library. 

Statistical approaches utilize machine learning techniques to learn gra-
pheme-phoneme mappings from data. These methods include Hidden Markov 
Models, Conditional Random Fields, and joint n-gram models. The Festival 
framework represents this category in the phonemizer library, requiring training 
data to function effectively. 

Deep learning approaches have demonstrated superior performance in re-
cent years. Sequence-to-sequence models with attention mechanisms have shown 
promising results across various languages. Transformer-based architectures have 
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further improved performance by enabling better modeling of long-range depen-
dencies in the input text. 

For Armenian specifically, research on G2P conversion has been limited. 
The phonemizer library provides basic functionality but shows low accuracy, as 
demonstrated by evaluation metrics. The library includes three main engines: 
espeak-ng (rule-based), Festival (statistical), and Segments (table-based mapping). 
For Armenian, only the espeak-ng engine is available, resulting in limited perfor-
mance. 

Evaluation of phonemizer for Armenian shows a Word Error Rate (WER) 
of 96.60% and a Phoneme Error Rate (PER) of 36.15%, indicating significant room 
for improvement. This low accuracy directly impacts TTS quality, affecting 
rhythm, intonation, and pronunciation of synthesized speech. 

The work presented in this paper builds upon these approaches while ad-
dressing their limitations for Armenian. By creating a comprehensive dataset and 
utilizing a state-of-the-art neural architecture, we aim to significantly improve G2P 
conversion performance for Armenian. 

Materials and methods. Our approach to developing a G2P conversion 
system for Armenian consists of two main phases: (1) dataset collection and pro-
cessing, and (2) neural model development and training. 

Dataset Collection and Processing. The lack of publicly available G2P 
datasets for Armenian necessitated creating our own dataset. We selected Wiktio-
nary [3] as the primary data source, specifically targeting the "Armenian terms with 
IPA pronunciation" category [4]. This choice was motivated by several factors: 
Wiktionary's category system allows efficient identification of words with IPA 
transcriptions, and its page structure enables automated data collection. 

For data collection, we developed a specialized Python-based system with 
a modular architecture. The collection module uses the BeautifulSoup library [5] 
for HTML structure analysis, efficiently extracting necessary information from 
word entries. The system implements a multi-layered analysis mechanism for each 
entry: first analyzing the general structure and isolating the Armenian section, then 
searching for and extracting phonological information, and finally identifying and 
processing the Eastern Armenian pronunciation variant. 

The data cleaning and normalization process includes validating the pho-
netic transcription against IPA standards and processing special characters and dia-
critics that could affect training quality. The system also implements detailed log-
ging, recording all operations including successful and failed queries, data pro-
cessing stages, and identified issues. 
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Quality control is implemented through a multi-level verification mecha-
nism. The first level performs automated checks to detect inconsistencies in data 
extracted from web pages. The second level verifies data completeness, confirming 
the presence of all mandatory fields. The third level implements content control, 
checking the semantic accuracy of phonetic transcriptions. 

The collected data is stored in a specialized JSON format (Fig. 1), chosen 
for its hierarchical organization capabilities, human and machine readability, and 
widespread use in modern software systems. Each record includes the word and its 
phonetic transcription at the base level, grapheme and phoneme sequences in sepa-
rate fields for easier processing, and metadata about the data source, collection 
date, and quality indicators. 

 
Fig. 1. An example of a dataset JSON structure 

 
The final dataset includes 17,862 Armenian word-phoneme pairs, provi-

ding comprehensive coverage of the Armenian phonological system. 
Model Architecture and Training. For Armenian G2P conversion, we 

developed a Conformer-CTC neural model [6]. As shown in Fig. 2, the model's 
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core structure includes sequential processing layers from input feature formation to 
final phonetic predictions. 

 
Fig. 2. The G2P-Conformer-CTC model architecture 

 

The model's primary goal is to implement an effective mapping between 
the input grapheme sequence  and the corresponding phoneme se-
quence . This mapping is formulated as a probabilistic model: 

(1) 

where  represents all possible CTC paths corresponding to the phoneme 
sequence . 

The model's embedding layer transforms the input text into a 300-
dimensional vector space. Each grapheme xᵢ is mapped to a vector eᵢ, encoding the 
grapheme's features and its possible phonological variants. The character set for 
Armenian includes the complete alphabet and punctuation marks. 

The Conformer encoder structure is based on the relative positional self-
attention mechanism [7], described by: 

(2) 

where  is the relative positional encoding matrix and  is the attention mecha-
nism's dimensionality. The model uses 4 attention heads, allowing parallel pro-
cessing of different linguistic features. 
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A key component is the CTC loss function [8], enabling training without 
direct grapheme-phoneme alignment annotation: 

 (3) 

where  is the number of time steps, and  is the probability of a specific 
phoneme at a given time step. 

The Conformer block's internal structure includes several main compo-
nents: a convolutional module, self-attention module, and feed-forward network. 
The convolutional module's output is described by [9]: 

(4) 

where  is the output of the linear block, and  represents element-wise multi-
plication. 

Normalization also plays an important role in model architecture. Each 
Conformer block applies batch normalization [10]: 

(5) 

where  and  are the batch mean and variance, and  and  are learnable pa-
rameters. 

For learning rate scheduling, we employed the Noam learning rate     
scheduler [10, 11]: 

    (6) 

where  is the model's main dimensionality, and 
. 
The overall model contains approximately 12.3 million trainable parame-

ters, optimized using the AdamW optimizer [11] with  and . 
Training was performed on the created dataset, with a batch size of 32 and 

implementation of early stopping to prevent overfitting. The learning rate was 
managed by the Noam scheduler, allowing adaptive adjustment throughout the 
training process. 

Results and Discussion. The training process was conducted on the dataset 
of 17,862 Armenian word-phoneme pairs, split into training, validation, and test 
subsets. Training dynamics (Fig. 3) shows consistent decrease in loss function for 
both training and validation sets. The model converges after approximately 1000 
steps, with training loss reaching about 0.4 and validation loss stabilizing around 
0.55. 
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Fig. 3. Training and validation loss dynamics during training steps 

 
Model effectiveness was evaluated using Word Error Rate (WER) and 

Phoneme Error Rate (PER). As shown in Fig. 4a, the model achieves a 16.13% 
WER on the validation set, correctly predicting 83.87% of words. This demon-
strates high accuracy at the word level, especially considering the complexity of 
Armenian grapheme-phoneme correspondence. 

 
Fig. 4. WER distribution on the validation set(a). PER distribution on the validation set (b) 

 
The PER distribution (Fig. 4b) shows a mean value of 17.36%. The distri-

bution has a classic skewed nature, with the main mass concentrated in the 12-18% 
range, indicating that the model generally makes a small number of errors for each 
word. The distribution peak is around 15%, lower than the mean value, suggesting 
that the model performs better than average in many cases. 

Compared to the existing solutions, the presented model shows significant im-
provement. The phonemizer library evaluation demonstrated a WER of 96.60% 
and PER of 36.15%. Our model reduces these error rates to 16.13% and 17.36% 
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respectively, representing a substantial improvement in accuracy. Spectral analysis 
shows that the model is particularly effective for: 

● Simple grapheme-phoneme correspondences; 
● Regular sound changes; 
● Common word units; 
However, challenges remain with rare words, complex phonological changes, 

and certain loanwords. These patterns are consistent with the behavior of similar 
models and indicate directions for future improvement. 

Table presents a comparison of our model with the existing phonemizer tool, 
clearly demonstrating the superior performance of our approach across all evalua-
tion metrics. 

Table 
Comparison of G2P conversion systems for Armenian 

System WER (%) PER (%) Accuracy (%) 
Phonemizer (espeak-ng) 96.60 36.15 3.40 

Our G2P-Conformer-CTC 16.13 17.36 83.87 

The phoneme frequency analysis (Fig. 5) shows a distribution characteris-
tic of natural languages, following the Zipf's law [12]: 

(7) 

where  is the frequency of the phoneme with rank r, r is the phoneme's ranking 
by frequency,  is a value close to 1, and A is a normalizing constant. 

 
Fig. 5. Phoneme frequency distribution characteristic of Armenian 

 
These findings highlight both the achievements and limitations of our ap-

proach. While the model demonstrates high accuracy for most words, there remain 
challenges with certain complex cases. Future improvements could focus on ex-
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panding the dataset, additional training for rare cases, and further optimization of 
model architecture. 

Conclusion. This paper presented the development of a grapheme-to-
phoneme conversion model for the Armenian language. We addressed the chal-
lenge of limited resources by creating a comprehensive dataset of 17,862 Armenian 
word-phoneme pairs and developing a Conformer-CTC neural network model tai-
lored to the specific characteristics of Armenian phonology. 

The results demonstrate significant improvement over the existing solu-
tions, with our model achieving a Word Error Rate of 16.13% and a Phoneme Error 
Rate of 17.36%, compared to 96.60% and 36.15% respectively for the phonemizer 
library. This improvement directly impacts the quality of Text-to-Speech systems 
for Armenian, enabling more natural-sounding synthesized speech. Key 
contributions of this work include: 

1. Creation of the first comprehensive, publicly available dataset for Armeni-
an G2P conversion, providing a valuable resource for future research. 

2. Development of a neural model architecture specifically designed for Ar-
menian phonological characteristics. 

3. Detailed analysis of Armenian grapheme-phoneme relationships, offering 
insights into the language's phonological structure. 

4. Establishment of benchmark performance metrics for Armenian G2P con-
version, enabling comparative evaluation of future systems. 

The implications of this work extend beyond G2P conversion to the broader 
field the Armenian language processing. The created dataset and model can serve 
as foundations for developing various speech and language technologies, including 
speech recognition, language learning tools, and advanced TTS systems. 

Future directions for this research include expanding the dataset to include 
more specialized terminology and neologisms, collecting a wider range of pronun-
ciation variants, and enriching the dataset with stress and intonation information. 
The model architecture could be further refined to better handle complex cases and 
rare words. 

This work represents a significant step toward advancing digital language 
technologies for Armenian, a language with limited computational resources. By 
providing open datasets and establishing performance benchmarks, we hope to 
stimulate further research and development in Armenian speech and language pro-
cessing, ultimately contributing to the preservation and accessibility of the Arme-
nian language in the digital age. 
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РАЗРАБОТКА МОДЕЛИ ПРЕОБРАЗОВАНИЯ ГРАФЕМ В 
ФОНЕМЫ ДЛЯ АРМЯНСКОГО ЯЗЫКА 

К.Г. Никогосян 

Представлена разработка модели преобразования графем в фонемы (ГФП) 
для армянского языка. Процесс ГФП является ключевым компонентом при создании 
систем преобразования текста в речь (ПТР), напрямую влияя на качество синтезиро-
ванной речи. Существующие подходы к преобразованию ГФП для армянского языка 
демонстрируют ограниченную точность, о чем свидетельствуют высокие показатели 
ошибок - 96,60% WER и 36,15% PER в существующих инструментах, таких как 
phonemizer. Данное исследование решает эти проблемы путем разработки комплекс-
ного решения, включающего специализированный набор данных и модель нейрон-
ной сети. Проведен анализ специфических фонологических характеристик армянско-
го языка, включая контекстно зависимые правила произношения и уникальные зву-
косимвольные отношения, которые усложняют автоматизированную транскрипцию. 
Для решения проблемы отсутствия общедоступных ресурсов создан набор данных, 
содержащий 17,862 армянских пар слово-фонема, автоматически собирая и обраба-
тывая данные из Викисловаря с использованием многоуровневой системы анализа с 
надежными механизмами контроля качества. Анализ этого набора данных выявил 
сложные закономерности соответствия между армянскими графемами и фонемами с 
характеристиками распределения, соответствующими закону Ципфа, и широким раз-
нообразием контекстуальных зависимостей. Используя этот набор данных, разрабо-
тана нейросетевая модель Conformer-CTC с примерно 12,3 миллионами обучаемых 
параметров, включающая механизмы самовнимания и сверточные модули, специаль-
но разработанные для улавливания как локальных, так и глобальных лингвистиче-
ских паттернов. Оценка показывает, что наша модель достигает 16,13% Word Error 
Rate (WER) и 17,36% Phoneme Error Rate (PER), что представляет собой улучшение 
на 80,47% и 18,79% соответственно по сравнению с существующими решениями. 

Ключевые слова: графемно-фонемное преобразование (ГФП), армянский 
язык, нейронные сети, преобразование текста в речь (ПТР), Conformer-CTC, между-
народный фонетический алфавит (МФА). 


