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Abstract. Speech technologies such as text-to-speech (TTS) and speech-to-text
(STT) are becoming increasingly applicable. Significant improvements in their
quality are driven by advancements in deep machine learning. The ability of
devices to deeply understand human speech and generate appropriate responses
is a hallmark of Al capabilities. Developing speech technology requires exten-
sive speech and language resources, which is why many languages with smaller
speaker bases lag behind widely spoken languages in the development of speech
technologys. Prior to the deep learning (DL) paradigm, hidden Markov models
(HMM) and probabilistic approaches dominated speech technology development.
This paper reviews the challenges and solutions in TTS and STT development for
Serbian, highlighting the transition from HMM to DL. It also explores the future
prospects of speech technology development for under-resourced languages and
its role in preserving these languages.
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1 Introduction

The development of speech technology, encompassing both text-to-speech (TTS) and
speech-to-text (STT) systems, has revolutionized human-computer interaction and sig-
nificantly impacted numerous fields, including accessibility, communication, and artifi-
cial intelligence. While the initial research focus was to address fundamental challenges
in signal processing and language modeling, the last few decades have seen remarkable
improvements, driven primarily by the emergence of machine learning algorithms and
the vast availability of training data. With the advent of statistical methods and, more
recently, deep learning (DL) techniques, modern TTS and STT systems have become
more robust, adaptive, and capable of learning from large-scale datasets. These systems
are now ubiquitous, powering virtual assistants, voice chatbots, transcription services,
and accessibility tools that have become integral to everyday life [1].
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The paper explores the historical evolution of speech technology, outlining the
key milestones, technical challenges and innovations, with particular focus on under-
resourced languages [2]. Namely, while both technologies have made significant strides
in dominant languages like English, their application to under-resourced languages has
historically lagged. Under-resourced languages often lack large-scale linguistic datasets,
making the development of high-quality TTS and STT systems for these languages par-
ticularly challenging. The authors of the paper are members of a research team behind
the development of first fully functional and commercially widely applied TTS and
STT systems for Serbian and several other South Slavic languages, and besides giving
a general historical review of speech technology, the authors will focus on the issues
and challenges they have encountered in the development of speech technology for
under-resourced languages.

The remainder of the paper is structured as follows. In Sect. 2 we will present a
historical overview of speech technology, with emphasis on their language-dependent
elements. Section 3 will focus on particular challenges encountered in the development
of speech technology for Serbian and other kindred languages. Section 4 focuses on the
issues related to under-resourced languages, and Sect. 5 will conclude the paper.

2 Evolution of Speech Technology

Technological advances in the field of artificial intelligence and machine learning have
been followed by our perpetually changing perspective on speech technology. In their
beginnings, both speech recognition and synthesis have been viewed as typical signal
processing areas and focused on topics such as speech coding [1]. The development
of first commercial TTS or STT systems required specialized knowledge of linguis-
tics, turning speech technology into a prime example of interdisciplinary knowledge
area, where the tasks of conversion of text into speech or vice versa are decomposed
into smaller subtasks corresponding to different tasks in human speech recognition and
production, requiring different knowledge and relying on different types of speech and
language resources (speech corpora, text corpora, lexicons, rule lists, statistical models).
However, the recent developments in artificial intelligence and machine learning have
shifted the focus towards deep learning systems using sophisticated neural network archi-
tectures whose components exhibit little correspondence with particular human speech
production or recognition tasks. As a result, both TTS ans STT are now viewed as typical
instances of machine learning problems, whose success is due to the ability of neural
networks to model the complexity of human language, learn from vast amounts of data,
and generalize to unseen speech or text inputs. One of the most important advantage of
this shift in perspective is the possibility of using transfer learning, which allows pre-
trained models (typically trained on a large, resource-rich dataset in a major language)
to be fine-tuned to new, often low-resource languages. This approach reduces the need
for massive amounts of labelled data, which is often unavailable for under-resourced
languages [2 — 4].



Retrospective and Perspectives of TTS & STT Technology Development 25

2.1 Text-To-Speech Synthesis

The history of text-to-speech (TTS) technology spans several decades, evolving from
early mechanical devices to today’s sophisticated systems based on artificial intelligence.
The first known speech synthesizer, VODER, was developed by Homer Dudley at Bell
Labs in 1939 [5]. It could produce basic speech sounds using a keyboard but required
manual operation. In 1961 IBM created the IBM 704, one of the earliest examples of
computer-generated speech, which used formant synthesis to emulate human vocal tract
shapes. The first full TTS system for English was introduced in 1968 by Teranishi and
Umeda [6]. In the 1980s, digital signal processing advanced TTS with the development
of DECtalk, relying on a source-filter algorithm [7], which provided a more natural-
sounding synthesized voice.

The most common feature of the first commercial text-to-speech systems, able to
convert any text in a given language (in this case English) into speech, was their internal
structure, which was divided into parts charged with language processing (referred to as
front end) and signal processing (referred to as back end) [8]. Until quite recently, this
division, shown in Fig. 1, has represented the joint feature of all practically applicable
text-to-speech architectures.
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Fig. 1. Internal structure of a classical TTS system.

Front End. The front end firstly converts raw text containing symbols such as numbers
and abbreviations into their orthographic equivalents, which is often referred to as text
pre-processing or text normalization. The front end then assigns phonetic transcriptions
to each word, which is referred to as fext-to-phoneme or grapheme-to-phoneme conver-
sion. The text is then segmented out into prosodic units such as phrases and sentences.
The output of the front end is the linguistic representation of the input text, including its
phonetic transcription and prosodic information. The back end, also referred to as the
synthesis module, subsequently converts the linguistic representation from its symbolic
form into sound. In most TTS systems this task, which is practically language indepen-
dent, includes the computation of the desired prosody features (phone durations, pitch
contour), which are subsequently imposed on output speech waveforms [9].

Humans are able to perform tasks related to text normalization, grapheme-to-
phoneme conversion and prosody generation automatically, owing to inference capa-
bilities of their brains. In doing so, humans unconsciously exploit their entire linguistic
competence, which is most notable in the task of prosody generation. Namely, although
prosody is predominantly affected by lexis and syntax, it also appeals to higher levels of
linguistic competence of the reader, including semantics and pragmatics. In machines,
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the modules for prosody generation are unavoidably simplistic, and are usually fur-
ther segmented into morphological analysis, contextual analysis and syntactic-prosodic
parsing. For most languages, the morphological analyzer proposes all possible part-of-
speech (POS) categories for each word, the contextual analyzer considers each word in
its context and reduces the list of its possible POS categories to a very small number of
highly probable hypotheses, while the syntactic-prosodic parser examines the remaining
search space relating it to the expected prosodic realization [8]. All front-end tasks are
heavily language dependent, which means that a front end for each new language had
to be developed anew. Modules for all these tasks could be implemented as either rule
based or based on some form of machine learning, but in either case, they required the
existence of a speech or language resource whose creation typically required a significant
effort of experts (e.g. rule sets or labelled text or speech data). The advent of machine
learning and neural networks has introduced many changes into this paradigm. Initially,
neural networks were used as the method of choice for particular front-end tasks, most
notably grapheme-to-phoneme conversion [10, 11]. They have achieved notable results
in prosody generation from linguistic cues identified by the front end [12], and the recent
advances in end-to-end TTS are aimed at completely eliminating the need for the front
end as a separate module in a TTS pipeline.

Back End. The back end, also referred to as the synthesis module, converts the linguistic
representation from its symbolic form into sound. The widespread usage of the TTS
technology came with the introduction of concatenative synthesizers, with the idea of
producing speech by concatenation of prerecorded speech segments. While some of the
early systems used a fixed-size unit inventory for synthesis [13, 14], a true improvement
in speech quality came with dynamic unit selection from large speech databases [15].
Although this approach, assuming a very large speech database is available, produces
high-quality speech, there are still audible glitches at the concatenation points if the
appropriate units cannot be found in the database. Furthermore, this approach is also
extremely inflexible in terms of changing the speaking style or the voice of the speaker,
which can be done only by recording and annotating a new speech database.

With the increasing popularity and demand for TTS, the demand has also grown for
algorithms able to produce different voices and speaking styles from small data samples.
The turn of the century saw the advent of statistical parametric speech synthesis, based on
modelling the spectrum, fundamental frequency, and duration of speech by multispace
probability distribution hidden Markov models (HMM) and multidimensional Gaussian
distributions [16]. This approach enables the transformation of a speaker-independent
system toward a target speaker using very small samples of speech data [17], creating
expressive voices [18], as well as multilingual voices [19]. However, this method never
achieved the naturalness of concatenative TTS, principally due to smoothness caused
by modelling similar contexts with the same Gaussian mixtures, but also to the use of
inferior vocoders, i.e. systems that produce speech waveforms from predicted acoustic
features. A detailed review of HMM-based TTS can be found in [20]. Some approaches
have combined parametric synthesis with unit selection, which is referred to as hybrid
synthesis. The most common hybrid systems in general use parametric based models to
drive unit selection [21, 22].
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Some of the first attempts to use neural networks for TTS are reported in [23].
However, this approach has since gained popularity and eventually taken precedence
over other approaches, mostly owing to recent development of computer hardware,
particularly graphical processing units (GPUs). Deep neural networks (DNN) replaced
decision trees and Gaussian mixture models in non-linear mapping of linguistic features
to acoustic features [24]. They also represent a form of parametric synthesis, in that a
model is used and trained on a large dataset, inferring values of parameters that will be
used to synthesize speech at runtime. Intelligible and natural sounding synthetic speech
could be produced even by relatively simple feedforward neural networks, and further
improvements were achieved by using long short-term memory (LSTM) neurons [25],
generative adversarial networks [26] and stacked bottleneck features [27].

Advanced TTS Features and Approaches. Deep neural networks have also introduced
advanced possibilities such as flexible synthesis in different voices and speaking styles.
Most methods for creating new voices using limited amounts of training data are based
on multispeaker models, requiring a large database consisting of multiple speakers, with
each speaker usually represented with less data than in case of single-speaker models
[28]. In such models the variety of contextual information and better network general-
ization usually yield higher TTS quality. Different modalities for speaker representation
have been used, including unique speaker vectors [29, 30] as well as the division of the
neural network into parts shared across all speakers and speaker-specific parts [31].

The ability of a TTS to convey different emotional states or styles is a necessity for
many applications, since it has been shown that emotion, mood, and sentiment affect
attention, memory, performance, judgment, and decision-making in humans [32]. Ini-
tial approaches to emotional speech synthesis were focused on statistical modelling of
speech parameters with HMMs [33, 34] and Gaussian mixture models [35], while more
recent advances exploit deep neural networks [36, 37] and deep bi-directional LSTM
(DBLSTM) [38, 39]. Further improvement in performance has been achieved with end-
to-end neural network architectures [40, 41], while some of the most recent advances
include synthesis of mixed emotions [42].

A significant advance in the quality of DNN TTS came with the WaveNet architecture
[43], able to directly predict raw audio samples instead of using a vocoder, relying on
predictive distributions dependent on previous audio samples. Conditioned on linguistic
features derived from text and speaker identity, it significantly outperforms all other
TTS systems, and its drawbacks related to extreme computational complexity were
somewhat mitigated by the introduction of approaches such as Parallel WaveNet [44]. A
similar model called DeepVoice [45], was based on replacing all parts of TTS pipeline
by corresponding independently trained DNNs, but this resulted in a cumulative error
in synthesized speech in the end.

As opposed to WaveNet and Deep Voice, which still use some form of front end and
generate speech based on lexical features, there are systems which use raw orthographic
text as input, such as Tacotron [46], Tacotron 2 [47], and Deep Voice 3 [48]. Tacotron
outputs spectrograms that are transformed to speech samples using the Griffin-Lim algo-
rithm, which also introduces artifacts in generated speech. On the other hand, Tacotron
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2 system-generated spectrograms are used for conditioning standard WaveNet architec-
ture, which generates speech samples. DeepVoice 3 can output spectrograms or other
features which can be used as input to some waveform synthesis models.

Adaptation to new speakers has also been investigated in end-to-end systems [49, 50]
as well as synthesis in different styles [40, 51]. Tacotron 2 offers high speech quality but
can be slow and prone to issues like word skipping. FastSpeech [52] improves on this by
using a Transformer network for faster, parallel mel-spectrogram generation, reducing
word skipping and allowing smoother voice speed control. While FastSpeech relies
on a complex teacher-student distillation process and suffers from inaccurate duration
predictions and information loss, FastSpeech 2 [53] addresses these issues by training
directly with ground-truth data and incorporating additional speech variations like pitch
and energy, improving training speed and voice quality.

End-to-end systems, while eliminating the need for detailed labeling (such as prosody
annotation), require vast amounts of data, which must typically be of high quality and
often from the same speaker to achieve high-quality TTS. However, even in these con-
ditions, such systems can struggle with certain aspects. One significant drawback is the
lack of control over specific language-dependent features [54] or the exact output, which
can lead to unwanted artifacts or distortions known as hallucinations.

One of the advanced approaches for TTS is VALL-E [55], a neural codec language
model. Unlike previous methods, which treat TTS as continuous signal regression,
VALL-E frames it as a conditional language modeling task. By treating TTS as a sequence
generation problem, VALL-E leverages discrete neural audio codecs and a GPT-3-like
architecture for its robust performance. Owing to in-context learning, it can synthesize
high-quality, personalized speech from just a 3-s speech sample. VALL-E outperforms
existing zero-shot TTS in naturalness and speaker similarity.

Extensions include VALL-E-X for cross-lingual zero-shot TTS [56], and VALL-E-R
[57], which enhances speech generation robustness with phoneme monotonic alignment.
VALL-E 2 further improves performance with repetition-aware sampling and grouped
code modeling, achieving human-level parity on LibriSpeech and VCTK datasets.
MELLE [58], another approach, generates mel-spectrograms directly from text, bypass-
ing vector quantization. VALL-E offers superior zero-shot TTS performance, speaker
adaptation, and control over diverse speech attributes but comes at the cost of higher
computational requirements.

Another advanced TTS system is YourTTS [59], a multilingual zero-shot end-to-
end TTS. Built on the VITS framework, it allows for accent and style transfer, which
means it can synthesize speech with the style of a specific speaker, even in a different
language. Its zero-shot learning feature enables it to mimic new voices based on short
audio samples. It is usually trained on a large multilingual dataset for multiple speakers
and uses neural waveform generation methods such as HFG [60] or WaveGlow [61].

While YourTTS offers broad multilingual capabilities and zero-shot learning for
new speakers, VALL-E focuses on high-fidelity voice cloning and adaptation to specific
voices. YourTTS is more versatile across languages and accents, whereas VALL-E excels
in replicating individual voices with high accuracy.

While many zero-shot multi-speaker TTS systems, like YourTTS and VALL-E-X, are
limited to several high-resource languages, the XTTS system addresses this limitation
by enabling multilingual training and improving voice cloning [62]. Building on the
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Tortoise model, XTTS introduces novel modifications for faster training and inference,
and it has been trained in 16 languages, achieving state-of-the-art results in most of them.
This advancement significantly broadens the applicability of zero-shot TTS to include
low and medium resource languages.

The development of Serbian TTS has kept pace with advancements in modern tech-
nology, ensuring that its quality level has always been on par with TTS systems for global
languages. As early as, in the 2000s, the first Serbian concatenative TTS was developed
at the Faculty of Technical Sciences in Novi Sad [63]. Within the collaboration with
the company AlfaNum, founded in 2003, the system was continuously improved and
initially applied as a screen reader for the visually impaired. The first HMM-based TTS
for Serbian was created in 2012 [64], but its quality was not sufficient to replace the
already high-quality concatenative TTS for practical applications. However, in 2017 a
DNN-based TTS for Serbian was developed [65], which soon surpassed the quality of
concatenative TTS, while also enabling flexibility in multi-speaker synthesis [66]. A
further step, achieving synthesis quality nearly indistinguishable from human speech,
was made possible with the use of HFG-based vocoders [67]. Today, work continues on
further improvements, heading towards end-to-end systems [45].

2.2 Speech-To-Text (Speech Recognition)

The first electrical STT systems, developed in the 1950s and 1960s exploited formant
energies to recognize isolated phonemes, syllables and digits [68, 69]. The common
approach for the first generation of STT systems exploited knowledge of articulatory
and acoustical phonetics.

One of the main issues in these first systems were the variations in the duration of the
same acoustic unit, which was overcome in the 1970s with the introduction of dynamic
programming [70, 71]. Another advance was that instead of formants, linear predictive
coefficients (LPCs) were introduced [72], under the assumption that the vocal tract can
be modeled as an all-pole system, which yielded a more precise acoustic representation
as in this way the entire spectrum envelope was taken into consideration.

The development of digital electronics in the 1970s and the 1980s shifted the focus
towards more complex STT tasks — STT systems were required to recognize entire
sentences with vocabularies containing hundreds of different words [73, 74]. The task
was split into 3 layers — acoustic, lexicon and grammar/language layer. The acoustic
layer connected acoustic representations of phonemes with the phonemes or simpler
recognition units. The lexicon layer connected these acoustic units with the words, and
grammar/language layer defined possible sequences of words to reduce the complexity
of the search space. At the same time, acoustical modelling began to be treated as a
problem of sequence decoding in noisy telecommunication channels [75].

This statistical approach based on hidden Markov models (HMMs) [76-78], was the
most prevalent approach for acoustic modeling until the early 2010s and the emergence
of deep learning. HMM in combination with a Gaussian mixture model (GMM) was
an effective way to model time (HMM) and acoustic (GMM) variability of phonemes.
To model coarticulation, a context dependent phoneme (i.e. triphone) became a basic
modeling unit [79], with triphones spanning 3 HMM states. As increasing the number
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of models with a fixed amount of available training data reduces the amount of data
for the training of each model, different state tying procedures were proposed [80]. To
increase the robustness to noise new features based on human perceptual model were
introduced, such as mel-frequency cepstral coefficients (MFCCs) [81] and perceptual
linear predictive coefficients (PLP) [82]. Since HMM in combination with GMM is a
generative model, in order to reduce in-class variability different normalization methods
were introduced. Various cepstral mean and variance normalization techniques were
introduced to reduce the channel variability in case of MFCC [83—-85] and PLP [86].
One of the reasons for the longevity of HMM-GMM is the efficient introduction of
discriminative training criteria in model training (maximum mutual information [87,
88], minimum classification error [89] and minimum phoneme error [90]). However,
discriminative models gain accuracy if the number of observations per parameter is
sufficiently large [91, 92].

The knowledge of the relationships between words and their phonetic transcriptions
is typically stored in lexicons, which are usually created manually. Initial language
models represented manually created graphs allowing limited numbers of possible word
sequences. As the number of possible words rises, it becomes impractical to create
such models manually and statistical n-gram models were introduced [93, 94]. N-gram
models calculate scores proportional to the probabilities of n-word-long sequences based
on texts from newspapers, books and other documents rather than spontaneous language.
Different methods have been applied to achieve n-gram smoothing [95, 96].

Recent years brought a significant shift in paradigm — statistical based systems have
been replaced with systems based on artificial neural networks, or more precisely, deep
neural networks (DNN). Although there were successful experiments with STT based
on neural networks in the 1980s and the 1990s [97, 98], their low speed was a signifi-
cant problem. The first paper reporting comparable performance between neural network
based STT systems and conventional ones was [99], and 3 years later DNN were reported
to outperform state-of-the-art HMM-GMM systems by a wide margin [100]. A big step
towards end-to-end models was made by introducing connectionist temporal classifi-
cation (CTC), which allows DNN training for a sequence labelling task with unknown
input-output alignment [101]. Several years later, end-to-end recurrent neural network
(RNN) with beam search reached the performance of benchmark systems [102], elim-
inating much of the complex infrastructure of modern STT systems. State-of-the-art
systems of today are based on transformers [103, 104]. The introduction of transformers
trained in a semi-supervised manner has overcome problems related to training STT
models for low-resource languages [105].

Although self-supervised models such as wav2vec [106] or wav2vec-S [105] can
learn speech representations, they require adaptation for specific tasks such as STT. On
the other hand, OpenAl Whisper [107] demonstrated the ability to perform STT (and
tasks such as language recognition or translation) without additional fine-tuning, but
with a requirement for 680,000 h of multilingual data. Whisper supports 99 languages,
but with a huge disproportion in the amount of data for each language (65% of training
data is English), which is reflected in higher WER for low-resource languages. Initial
efforts in fine-tuning Whisper to Serbian, based on large existing datasets for Serbian
and Croatian [108], are described in the following chapter.
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3 Implementation Challenges and First Applications in Serbian

In its treatment of the issue of under-resourced languages in the development of speech
technology, the paper focuses specifically on Serbian and related South Slavic languages.
The early development has been driven by a collaborative research effort between the
Faculty of Technical Sciences in Novi Sad, Serbia, and the company AlfaNum. As the
only team consistently working on speech technology in the region, they had to create
the first speech and language resources for several South Slavic languages, develop tools
for speech annotation, design application programming interfaces (APIs), and provide
support for various operating systems and platforms.

AlfaNum TTS [109] is a leading text-to-speech synthesis system that offers versions
in Serbian, Croatian, Bosnian, and Montenegrin, incorporating natural intonation ele-
ments. The system delivers near-human voice quality through built-in intonation and
accentuation features, significantly enhancing the naturalness of the generated speech.
Additionally, it allows for adaptation to a specific speaker’s voice with minimal speech
data and can generate expressive speech for various applications.

AlfaNum STT [110] is an advanced continuous speech recognition system designed
for Serbian, Bosnian, Croatian, and Montenegrin. Specialized language and acoustic
models are employed as part of leading regional cloud-based and on-premise automatic
speech recognition solutions, including commercial applications for medical and legal
dictation, as well as voice assistant mobile applications.

As will be presented in more detail in the following sections, a wide range of appli-
cations of AlfaNum’s speech technologies — both TTS and STT — have already been
developed and deployed in Serbia or elsewhere in the region (Fig. 2).

3.1 TTS Applications

The first TTS application developed using AlfaNum TTS for people with disabilities was
anReader, developed for the visually impaired [111], enabling them to use computers
and smartphones equipped with screen readers such as JAWS or NVDA. To facilitate
the use of anReader, it was necessary to develop a speech API. AnReader is officially
recognized as an assistive tool for the visually impaired in Serbia, but its use has extended
throughout the western Balkans.

AlfaNum TTS aids individuals with dyslexia by enhancing their reading speed and
supports those with congenital or acquired speech disorders. Individuals with speech
impairments can type their intended messages, which TTS can then vocalize. Owing to
voice conversion, laryngectomized users can use speech synthesizers to replicate their
own voices using only several minutes of their earlier speech recordings.

Augmentative alternative communication (AAC) aids support those with limitations
in producing or comprehending spoken or written language, including conditions such
as cerebral palsy, autism, and intellectual disability. AAC devices range from simple
aids, such as picture boards for requesting food or assistance, to sophisticated speech-
generating devices. A notable multilingual AAC application, cBoard, employs AlfaNum
TTS for several South Slavic languages.

The most basic commercial applications of AlfaNum TTS are used for voice
announcements in public transportation. In these applications, TTS with remote access
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Fig. 2. TTS and STT applications developed and deployed in Serbia and neighboring countries.

(either cloud or on-premise) can be used, as well as the MS-SAPIS5 interface if the main
application is written for the Windows operating system.

On the other hand, the most commonly used TTS application is the web service “Read
me”, enabling users to listen to news articles in the background while performing other
tasks. This feature is widely used on the websites of public media services and various
government and public institutions in the region. Some media services, such as the Radio
Television of Serbia, even use cloned voices of their own presenters. Implementation
of such services faces additional challenges, since AlfaNum provides TTS functionality
but does not have access to the internal organization of the web site, which is usually
handled by another company. The common practice is to provide high-level libraries for
accessing TTS (PHP, Java, Python), and implement the service in collaboration with this
company.

The first audio library for the visually impaired was established at the Library of the
Union of the Blind in Belgrade. It operates as a client-server system, allowing visually
impaired users to access a large database of books via a local network or the internet. The
system provides audible output without the need for a separate screen reader, and enables
navigation through chapters, paragraphs, and bookmarks. To protect copyright, books are
encrypted on the client side and can only be accessed in the audio format. Such a service
is also beneficial for individuals who cannot hold books due to physical disabilities,
but has become increasingly popular among those who simply prefer audiobooks. The
Audio Library of the University of Novi Sad was also developed based on the same idea,
and there is also fruitful collaboration with publishers of textbooks for elementary and
high school education in Serbia based on TTS [112].

3.2 STT Applications

Even a small vocabulary STT system integrated into smart home technologies can sig-
nificantly enhance accessibility for the disabled by allowing them to control devices such
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as lights and appliances through voice commands. On the other hand, large vocabulary
STT systems are suitable for speech transcription and online dictation. There are many
potential users of such services, including media outlets, medical or legal practitioners,
government agencies etc. GPU-based computers can transcribe speech several times
faster than real-time. Some of the existing STT solutions for Serbian, developed within
the collaboration of the Faculty of Technical Sciences and AlfaNum are specifically
tailored for on-premise users, such as medical and legal institutions.

The MEDICTA and IURISDICTA systems are advanced dictation tools designed
to enhance the efficiency of medical and legal professionals by converting dictated
speech into text [113]. MEDICTA is tailored for medical findings and operates in real-
time on standard computers with regular microphones. It accurately interprets acronyms,
punctuation, and initial capital letters, and even allows code-switching between Latin and
Serbian. In contrast, [URISDICTA is specifically designed for legal document dictation,
effectively recognizing legal terminology and acronyms. Both systems achieve WER
below 2%, support user-defined commands, and allow for efficient manual correction of
misrecognized words. They also support the use of templates to streamline the dictation
of frequently repeated sections, further increasing efficiency.

TRANSCRIPTA is an advanced transcription system that converts recorded speech
into text using the open-source Whisper model [107]. It generates transcripts from var-
ious audio sources, including TV shows, meetings, conferences, and court hearings. It
accurately recognizes natural speech from multiple speakers (WER below 10%, CER
below 5%). This level of accuracy was achieved by fine-tuning Whisper with datasets
developed for Serbian and Croatian, allowing the system to transcribe Serbian with
remarkable precision. TRANSCRIPTA also incorporates a diarization option that dis-
tinguishes between different speakers in the audio. Combined with time markers embed-
ded in the transcripts, this enables quick searches through audio and video archives and
enhances the efficiency of listening and manual correction of transcripts.

3.3 STT&TTS Applications

Joint applications of STT and TTS facilitate two-way human-machine communication.
The development and implementation of these systems in the western Balkans are still
in the early stages. AlfaNum’s first personal assistant, Axon Voice Assistant, was cre-
ated for mobile phones, allowing users to make calls, send messages, and perform voice
dialing of contacts, addressing complex morphology of Serbian names [114]. How-
ever, adaptation to a variety of phone models and operating systems posed a significant
challenge for a small company such as AlfaNum, which is why the system was never
commercially released. Personal voice assistants are now being integrated not only into
smartphones but also into robots, smart speakers, and smart home systems. The future of
speech technology in personal assistants looks promising, as advancements in Al enable
machines to not just recognize words but also to identify speakers and interpret their
moods and intentions.

AlfaNum’s TTS systems for Serbian, Montenegrin, Bosnian, and Croatian are cur-
rently being integrated into a mobile speech translator that supports over 60 languages.
The process of aligning protocols and APIs necessary for accessing AlfaNum’s STT and
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TTS components is underway, as well as ensuring high throughput during peak times
and minimal response latency.

Finally, following the remarkable progress of chatbots like ChatGPT, the next steps
involve developing voice chatbots that use STT and TTS, alongside NLP. They will
offer functionalities similar to those of call centers, as most calls will be managed
automatically by chatbots, either in place of or in conjunction with a smaller number
of human operators. We are currently at a stage where providers of end-to-end voice
chatbot solutions are expanding into Serbia and other countries where AlfaNum offers
advanced TTS and STT capabilities. Again, supporting standard APIs, high throughput
and low latency is crucial for high-quality voice chatbots. For TTS, it is usually expected
to have a latency of less than 0.5 s, while for STT, it can be somewhat higher since the
system requires the entire user’s query in order to respond, rather than just the first word.
TTS is expected to support multiple speakers and styles, while STT is adaptable to a
specific dictionary and language model that best suits the user’s needs.

4 Paradigm Shifts in the Development and Perspectives of Speech
Technology for Under-Resourced Languages

Advancements in artificial intelligence and natural language processing have profoundly
influenced our interactions with technology. TTS and STT systems are among the
most prominent technologies that have emerged from these advancements. Although
the implementation and evolution of TTS and STT technology have been rapid for many
widely spoken languages, the adoption and effectiveness of these technologies face con-
siderable challenges when addressing under-resourced languages [2, 115]. This section
examines unique challenges encountered in the deployment of TTS and STT systems
for such languages, again, taking Serbian as an illustrative example.

For widely spoken languages, TTS and STT technologies have undergone extensive
development and integration into various applications. These languages benefit from
the existence of large and diverse datasets necessary to train high-performance DNN-
based STT and TTS systems. For instance, TTS systems in widely spoken languages
are tapically able to produce voices with various accents, regional dialects, and speaking
styles [116], while under-resourced languages face various challenges that impede even
the basic functionality of TTS [117] and STT [118] systems.

Open-source initiatives provide essential resources and tools for developing TTS
and STT systems for under-resourced languages, promoting collaboration and innova-
tion by granting open access to technology and data for the industrial and academic
community [46, 107, 119]. The emergence of open-source solutions has guided local
companies toward developing products for specialized domains. By leveraging efficient
and adaptable open-source solutions, local stakeholders can create products tailored to
specific user needs. This approach reduces costs and allows for customization but also
benefits from community support, accelerating development and ensuring they remain
competitive and relevant. The development of speech technology for under-resourced
languages was significantly facilitated by the use of transfer learning [120]. By adapt-
ing large pre-trained models, the existing general knowledge can be leveraged and the
models tuned for a specific language or its regional variant to enhance the performance
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of TTS and STT while reducing the need for extensive new datasets. Multilingual mod-
els are particularly useful, providing dialectical variation by training on corpora from
several different languages.

Involving local experts and stakeholders in the development process enhances the
accuracy and relevance of TTS and STT technology. This approach ensures that the
technology is tailored to local dialects, cultural preferences, and specific user needs,
leading to more effective and broadly adopted TTS and STT solutions. In the case of the
Serbian language, the collaboration between the Faculty of Technical Sciences in Novi
Sad and the company Alfanum resulted in the development of a diverse range of speech
resources and speech technology applications for the Serbian language [121]. Initially,
the production of these resources required a significant amount of manual labeling,
which was labor-intensive and time-consuming. As the project advanced, the adoption
of state-of-the-art technologies enabled automatic transcription, significantly reducing
the need for expert supervision. This transition, combined with the emergence of publicly
available tools for developing speech models, accelerated the development and improved
the scalability and efficiency of creating and updating language resources, allowing more
rapid adjustments and refinements, and leading to more robust and comprehensive TTS
and STT applications.

5 Conclusion

The paper discussed the paradigm shift in the development of text-to-speech (TTS) and
speech-to-text (STT) technologies, highlighting the transition from hidden Markov mod-
els (HMMs) to deep learning (DL) models. It also explored future perspectives on speech
technology applications for under-resourced languages, offering a historical overview
and addressing the specific implementation challenges encountered in developing speech
technology for Serbian and kindred South Slavic languages.

The case study of Serbian illustrates not only the challenges and solutions in the
development of speech technology for under-resourced languages but also the specifics of
implementation and exploitation in limited markets. These topics are analyzed and com-
pared across the HMM and DL paradigms. The shift from HMM to DL has facilitated the
development of speech technology for under-resourced languages. However, achieving
greater independence from global Al giants requires systematic efforts to create speech
and language resources for each language. This is why Serbia has established a National
Program for Language Technology Development for Serbian as part of its broader Al
development strategy. The program aims to create a comprehensive framework for devel-
oping speech recognition and synthesis, natural language processing, and other linguistic
technologies. It focuses on resource and application development, research and innova-
tion, and training and education, all intended to significantly enhance the capabilities
of speech and language technologies in the region while fostering economic growth as
well as cultural preservation.
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