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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)
0f 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 [PA 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.
1 i
: "dataset_info": {

i "creation_date": "2024-12-25",
; "source": "Wiktionary",
"total_entries": 17862,
"type": "Eastern Armenian G2P Dataset"
. |
{ "entries": [
{
"word®: "$nimpn)hum®, |
"pronunciation”: {
. "dialect": "Eastern",
; "phonemic": "futbo'list",
i "phonetic": "futbolist",
"gr‘apheme_sequence": [n;-l' " n' ||I|1' "y n' " nl ", 1r' [ 1 |., 1|:I|-' " .n' H-'”]:
"source": "Wiktionary",
! "timestamp": "2024-12-25",

"phOl‘lelTIE_SECIUEI‘ICE": [H‘Fll' ”U", |1t|1J| "b", Iioll' " ||, "l.", llilll llsill ntn]
H i
"metadata": {

"url": "https://en.wiktionary.orq/wiki/%Dé6%86#Armenian”,

"scraping_date": "2024-12-25"

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

The model's primary goal is to implement an effective mapping between
the input grapheme sequence x = (xy, ..., X,,) and the corresponding phoneme se-
quence ¥ = (¥4, ..., Vim)- This mapping is formulated as a probabilistic model:

PO = > pl), M

me€B1(y)
where B~1(y) represents all possible CTC paths corresponding to the phoneme

sequence y.

The model's embedding layer transforms the input text into a 300-
dimensional vector space. Each grapheme x; is mapped to a vector e;, 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:
T

Attention(Q, K,V) = softmax (Q

N + R> v, )
k

where R is the relative positional encoding matrix and dj, 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:

T
LCTC = log p (y|x) = — log z m € B~(y) np(ntlx) ) (3)
t=1

where T is the number of time steps, and p(m.|x) 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]:

H=GLUW; *X +by) @ (W, * X + b)), (4)

where GLU 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]:

BN(x) = Vx—MB. (5)
Joi+¢
where p, and 0% are the batch mean and variance, and y and 8 are learnable pa-
rameters.

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

Ir =d;%5,, - min (step™°%, step - warmup_steps~1°), (6)

where d,, = 176 is the model's main dimensionality, and warmup_steps =
10000.

The overall model contains approximately 12.3 million trainable parame-
ters, optimized using the AdamW optimizer [11] with §; = 0.9 and , = 0.98.

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
Armeman grapheme-phoneme correspondence.

Validation WER: 16.13% Validation PER Distribution (Avg: 17.36%)

|

'

4 |

178 H

Percentage (%)

Fzg 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:

e Simple grapheme-phoneme correspondences;

e Regular sound changes;

e 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]:
P =2 ™)
where P(r) 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.

Top 20 Most Frequent Phonemes

o ~ © . . - “ . > o N ~ S 4 N o Q

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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<U3N8 LtR4YP afruLeuLLLre <L23NkLLENPh YruenuUul UNaeslh
ucuunruc

U.<. Lhynnnujw

Lbpywjwgynd £ hwyng |Ggyh gpwuowuubpp hugnwwubph (3<4) pwihnfudwu
dnnbh dowynudp: G<U gnpdpupwgp Ywplnpwgnyu pwnuwnphs £ wnbpuwnhg funuph
ybpwipnfudwu (Stud) hwdwlwpgbph unbnddwu gnpénud, nipnuypnpbu wgnbiny
uhupbqwd funuph npwyh Ypw: <wybptup <4 thnfjuwlybpwdwu ubpyw dninbgnidubph
Gogpuinieyniup uwhdwuwdwly £, pusp hwunwwynd £ ufuwubph  pwpép
gnpdwlhgubpny' 96,60% PUS L 36,15% <UQ, huswbu ophuwl' phonemizer gnpdhpnid:
Wu hGwnwgnunnipjudp néynd 5u wyn dwpunwhpwybpubpp: Uowyyb) £ hwdwwwpthwy
[nwnid, npp ubpwnnud £ dwutwghwnwgywsd ndjwijubph hwjwpwdnt b ubpnuwihtu gwugh
dnnbp: Lwpu  dbppndnd Gup  hwibpbup wnwuduwhwwnny — hugniuwpwuwlwu
hwwnlwuhoutipp, Ubpwnjw| hwdwwnbpunhg Ywujwsd wpunwuwunigjwt Ywuntubpp, L
jnipwhwwnnty  hugniu-upwu  Ywwbipp, npnup  pwpnwgund  Gu - wyunndwunwgywd
wnwnwnwpanip: <wupwjht hwuwubh nGunipuubph pwgwwjnigjwu fuunhpp NkNL
hwdwp uwbindt| Gup 17,862 hwjtptu pwn-hugniu gnyg wwpniiwynn nyjwiutbiph
hwywpwdnt' Yhphpwnwpwuhg wnyjwubpp wynndwnn  hwjwpwagpbingd b dowybing
pwqdwotipnn  Jbpnwdnpjuwu hwdwlwpgh  Jdhongnd' npwyph  hnwwih  Jepwhuldwu
dbfuwuhqdubpny: Wu nduubph hwwpwdnth ybpndnigyniup pwgwhwjnby £ hwjtpbu
gphwuwuubpp L hugntuubiph dhole pwnn hwiwwwwnwufuwubgdwu
ophtuwswthnipniuubip, npnug pwoludwt punpwgpbpp hwdwwywwnwuluwund Gu 2hwydh
opbupht b nubU  hwdwwnbpunwiht  Jufujwdniyejniubph  (wju  pwqdwquunye)niu:
Ogunuwgnpdtiin wju nyyuiutph hwjwpwdnit, dowyt| tup Conformer-CTC Ubjpnuwjhu
gwugh dnnb] dnnwynpuwtiu 12,3 dhjhnt  nwnigwuynn  wwpwdbnpny, npb niuh
hupuwnywnpniejwu dbfuwuhquubp U wenypwiht dnnniubp’ hwnnd) twuwgdywd
wmbnwjhu b gpnpw| [Gqupwlwywu ophuwswihniginiuubipp  pwgwhwjintint  hwdwp:
Suwhwwindp gnyg £ wwihu, np dbp dnnbjt wwywhnynwd £ 16,13% pwnwiht ufuwutiph
gnpdwyhg (PUS) L 17,36% hugnibwjhu  ufuwubph gnpdwyhg (KUS), husp
hwdwwywunwufuwuwpwp 80,47% W 18,79% pwpbjwynud £ gnjnugniu niubignn inwdnwdubiph
hwdbdwun:

Unwugpuyphti pwnbp. gpuupwuubpp hugniuubph yGpwihnfunn (3<4), hwjng
ltiqnt, ubjpnuwhtu  gwugbp, wbpuwnp funuph JGpwihnfunn (Skud), Conformer-CTC,
dhowgqwiht hugniuwpwuwlwu wjpnipbu (ULU):
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PABPABOTKA MOJEJIN IIPEOBPA3OBAHUSA 'PA®EM B
®OHEMBI JISA APMSAHCKOT O SA3bIKA

K.I'. Hukorocsin

[TpencraBnena paspaborka mozpenu npeobOpazoBanusi rpagem B Qonemsbl (I'DII)
JUIsL apMstHCKOTO si3bIka. [Iporiecc I'®IT siBsieTcst KIFOYEBBIM KOMIIOHEHTOM TIPH CO3/1aHHU
cucTeM npeoOpaszoBanus Tekcta B peub ([1TP), HanpsMyro BiIHssS Ha Ka4eCTBO CHUHTE3UPO-
BaHHOM peun. CyIecTByONIMEe NOAX0AbI K peodpazoBanuto ['PII i apMsSHCKOTo s3bIKa
JIEMOHCTPHUPYIOT OTPaHMYEHHYIO TOYHOCTh, O YeM CBHJICTEJILCTBYIOT BHICOKHE IOKA3aTEIN
ommbok - 96,60% WER u 36,15% PER B cymecTByrommux HHCTPYMEHTaX, TAKHX Kak
phonemizer. JlanHOE HCCIIeIOBaHUE PEMIaeT 3TH MPOOJIEMBI ITyTeM pa3padOTKH KOMILIEKC-
HOTO PELICHUs, BKIIOYAIONIEro CIEIUAIN3UPOBAHHbBI HA0Op JAHHBIX M MOJIENIb HEHpOH-
Holi cetu. [IpoBenen ananu3 crnenuduuyeckux (HPOHOJOINUYECKUX XapAKTEPUCTUK apPMSHCKO-
TO SI3bIKA, BKIIFOYasi KOHTEKCTHO 3aBUCHMBIC TPaBHIIA MIPOM3HOLICHUS U YHUKAJIbHBIE 3BY-
KOCHMBOJIbHBIC OTHOILECHHUS, KOTOPBIE YCIOKHSIOT aBTOMaTH3UPOBAHHYIO TPAHCKPHITIHIO.
Jnst pewenust nmpoGieMbl OTCYTCTBUS OOLIETOCTYIHBIX PECYPCOB CO3/1aH Ha0Op JaHHbBIX,
comepxaniii 17,862 apMsSHCKHX Tap CIIOBO-(OHEMa, aBTOMAaTH4YecKu cobupas u obpada-
TBIBas JJaHHBIE W3 BUKHCIOBaps ¢ MCIOIB30BaHIEM MHOTOYPOBHEBOM CHCTEMBI aHAIN3a C
Ha/Ie)KHBIMH MEXaHM3MaMM KOHTpOJISI KadecTBa. AHaJIM3 3TOro Habopa JaHHBIX BBISBUII
CJIOXKHBIE 3aKOHOMEPHOCTH COOTBETCTBHUS MEXKAY apMSHCKUMHU TpadeMaMu 1 (hOHEMaMH ¢
XapaKTEePUCTUKAMH PaCHpeeIeHHs, COOTBETCTBYIOMNMY 3aKoHy Llunda, n mmpokum pas-
HOOOpa3neM KOHTEKCTyaJbHBIX 3aBUCHMOCTeH. Mcnomnb3ys 3ToT Habop AaHHBIX, pa3pabo-
tana HeiipocereBast mozens Conformer-CTC ¢ npumepHo 12,3 MuuimoHaMu 00y4aeMbIX
rIapamMeTpoB, BKIIOYAIOIAasi MEXaHU3Mbl CAMOBHUMAHHMS U CBEPTOUHBIC MOJIYJIH, CIIEIHAIIb-
HO pa3paboTaHHBIE JUIS YJIABIMBAHMS KaK JIOKAJIBHBIX, TaK M TJI00AIBHBIX JIMHIBHCTHYEC-
ckux narrepHoB. OIEHKa MOKa3bIBaeT, YTo Hama mojens gocruraetr 16,13% Word Error
Rate (WER) u 17,36% Phoneme Error Rate (PER), uTo mpexacraBnser coboii yiydmienne
Ha 80,47% u 18,79% coOTBETCTBEHHO 110 CPAaBHEHHIO C CYIIECTBYIOIINMH PEIICHUSMH.

Kniwouesvie cnosa: rpapemuo-ponemHoe mnpeodpazosanue (I'OII), apmsiHcKuit
SI3BIK, HEMPOHHBIE ceTH, npeodpasoBanue Tekcra B pedb (IITP), Conformer-CTC, mexmy-

HapoaHBIHA poHeTHUecKuit andaBut (MDA).
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