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Abstract. Within the research, it is necessary to assess the automatic speech recognition systems available today,
adapting them to the Ukrainian language and considering the trade-offs between accuracy, performance, and
various other factors. The aim of the research was to compare the existing methods and technologies for speech
recognition, with the goal of creating a system for assessing the informational impact of the analysed audio files.
The study utilised traditional hidden Markov processes and Gaussian mixtures models, hybrid neural network
models, such as DeepSpeech, Wav2Vec 2.0, and Whisper, cloud-based solutions, such as those by Google, Amazon,
Microsoft, and IBM. Audio processing was carried out using speech detection and mel-frequency coefficients;
word recognition accuracy, processing time on the CPU and GPU, response latency and instability, and the impact
of recognition errors on the natural language processing pipeline with tokenisation, topic classification and
sentiment analysis was assessed. As a result, it became possible to establish the dependence of the accuracy
and performance of Automatic Speech Recognition systems upon the architecture of the recognition systems
and the hardware upon which they are installed. Classic Hidden Markov Models were found to have the lowest
performance in recognising the words spoken within audio files, with word error rates between 18 and 30%, as well
as processing times of 51 to 72 seconds, indicating their limited suitability for Ukrainian language recognition.
End-to-end neural network models, however, had significantly better recognition performance, with DeepSpeech
models having an error rate of 22%, Wav2Vec models having an error rate of 12%, and whisper models having an
error rate of only 7%. Models based upon deep learning and transformers were also found to be robust to phonetic
variations of the Ukrainian language. Furthermore, the local end-to-end neural network models had significantly
better processing speeds than either cloud-based solutions or classic Hidden Markov Models, with whisper models
taking only around 10 seconds to process an audio file. Cloud-based recognition systems had similar accuracy to
local models (between 7 and 10% error rate), but required dependence upon the network, indicating potential
privacy issues for those using such systems. Thus, results of this research indicate that whisper and Wav2Vec
models are the best methods to utilise for audio content analysis and information effect detection systems. The
findings of this research can be applied to the development of automatic transcription systems, audio monitoring
systems, voice analytics services, or the development of information influence detection modules
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INTRODUCTION

The relevance of the research is dictated by the rapid
growth of audio content in the digital environment and
the need to automatically process it for information
analysis. Automatic speech recognition (ASR) systems
are already an integral part of information analysis
processes for labelling, sentiment analysis, and rec-
ognising information with high impact. The linguistic
characteristics of Ukraine make the use of general ASR
packages challenging. Additionally, the decision to use
on-premises or cloud-based ASR solutions introduces
another level of complexity to the implementation of
ASR solutions. Therefore, a detailed study of the differ-
ences between classical and neural network-based ASR
systems, their impact on information analysis process-
es, and their overall performance is of considerable sci-
entific and practical value.

Currently, research into ASR systems focuses on neu-
ral network models, their robustness under specific com-
puting and linguistic conditions, and their ability to learn
languages with limited spoken corpora. A. Dumyn et
al. (2025) conducted a detailed study of classical and
neural network-based speech recognition systems for
Ukrainian and English languages using the Word Error
Rate (WER) metric. The results presented by the authors
show a significant improvement in the performance of
neural network models as compared to the classical
methods, particularly for the Ukrainian language. A dif-
ferent perspective was offered by YV. Bai & Yu.l. Katk-
ov (2025), who reviewed the application of neural net-
works for note recognition from audio signals. Although
the authors’ research is in the related field of music
informatics, their conclusions regarding the effective-
ness of deep convolutional and recurrent architectures
for processing complex time-frequency patterns have a
direct methodological link to ASR. The authors demon-
strated that the transition from classical feature-based
approaches to end-to-end training can significantly im-
prove recognition quality. The study by D. Rakhimova et
al.(2025) analysed the effectiveness of various ASR mod-
els for Kazakh children’s speech as a typical example of a
low-resource environment. A specialised corpus, adapted
to the models, was created to demonstrate that the use
of transfer learning and multilingual pre-training can re-
duce the WER by tens of percentage points compared to
models trained from scratch. At the same time, a signifi-
cant decline in quality regarding the acoustic variability
of children’s speech was highlighted.

W. Liu (2025) provided a detailed analysis of meth-
ods for improving the performance and reliability of
ASR systems, including the optimisation of computa-
tional processes and the use of self-supervised learning
to reduce latency and enhance recognition stability. The
study by W. Bouchelligua (2025) presented the VoiceX
model, which utilises an end-to-end architecture and
transfer learning for ASR in low-resource languages.
The authors demonstrated that combining multilingual
pre-training with adaptation to a specific corpus yields

high accuracy rates even on limited data. A similar ap-
proach was proposed by S. Dhahbi et al. (2025), who
developed a neural end-to-end ASR system for low-re-
source languages, demonstrating the effectiveness of
integrating acoustic and linguistic features to improve
recognition accuracy and stability. These studies have
confirmed the key role of modern architectures, transfer
learning and specialised training strategies in improv-
ing the performance and reliability of ASR in challeng-
ing linguistic conditions.

A voice recognition system for automating Internet
of Things (loT) home devices, optimised for the Gali-
cian language and mobile scenarios, was proposed by
I. Froiz-Miguez et al. (2023). The authors demonstrated
that combining lightweight neural models with spe-
cialised speech processing methods can achieve high
accuracy even on resource-constrained devices. In turn,
the study by D.F. Mujtaba & N.R.Mahapatra (2025) con-
ducted a systematic review of modern Application Pro-
gramming Interfaces (APIs) for ASR, including an anal-
ysis of models, functional capabilities and challenges
when applied to low-resource languages. The study
emphasised that model selection and adaptation to
language-specific characteristics significantly influence
the system’s accuracy and latency. A different perspec-
tive was offered by L.A. Kumar et al. (2024), who, in their
monograph, examined the integration of ASR and ma-
chine translation for low-resource languages, demon-
strating the relevance of system pipeline optimisation,
use of pre-trained models, and fine-tuning to specific
corpora to ensure low WER and stable real-time perfor-
mance. These studies have highlighted the relevance
of developing effective and adaptive ASR solutions for
limited linguistic and computational conditions.

Previous studies have demonstrated some success
in developing ASR systems for languages with limited
resources and in integrating such systems into mobile
and loT devices. However, most studies addressed indi-
vidual aspects: either on optimising models for low com-
putational resources or on adapting them to a specific
language, whilst there is a lack of a comprehensive ap-
proach that simultaneously covers multitasking efficien-
cy, low latency and recognition accuracy for real-time
applications in low-resource languages. The study aimed
to conduct a comparative analysis of modern ASR sys-
tems for their application in the development of an in-
formation impact assessment system. The study set the
following tasks: to analyse existing ASR models and
technologies for low-resource languages with a view to
identifying optimal approaches to ensure high accuracy
and low latency; to identify the limitations of modern
speech recognition methods in terms of their suitability
for automated assessment of information impact.

MATERIALS AND METHODS

The study aimed to systematically compare classical, mod-
ern on-premises and cloud-based ASR (Speech-to-Text,
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STT) systems, emphasising Ukrainian-language data,
noise robustness, computational requirements and
suitability for further analytical tasks. The general ap-
proach involved the creation of a representative set
of models, standardising the audio input data, estab-
lishing a unified testing procedure, and developing a
multi-criteria comparative evaluation scheme. In the
first stage, a conceptual classification of speech recog-
nition approaches was conducted. Traditional systems
were based on a combination of hidden Markov mod-
els (HMM) and Gaussian mixture models (GMM), where
HMM modelled the sequence of phonetic or sub-pho-
netic states, and GMM approximated the distribution
of acoustic features in each state. Recognition was for-
malised as the problem of finding the most probable
sequence of words given the observed acoustic vectors,
using Viterbi or forward-backwards algorithms. Addi-
tionally, dynamic time warping methods were used to
align time-warped signals, along with time-frequency
analysis based on the short-time Fourier transform and
derived spectral representations. Within this class, the
Hidden Markov Model Toolkit (HTK) (n.d.), CMU Sphinx
(n.d.) and Kaldi (n.d.) were considered as examples of
the evolution of the HMM paradigm - from classical
GMM-HMMs to hybrid DNN-HMM architectures.
Modern approaches to STT in this study were rep-
resented by end-to-end deep learning (DL) models,
notably DeepSpeech (n.d.), Wav2Vec 2.0 (Baevski et
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al., 2020) and Whisper (OpenAl, 2022). In these sys-
tems, acoustic and language modelling are integrated
into a single neural network architecture that directly
maps the input audio signal to a text sequence. Deep-
Speech implements recurrent networks optimised via
Connectionist Temporal Classification, which avoids
the need for pre-alignment of audio and transcriptions.
Wav2Vec is based on self-supervised pre-training on
large datasets of unlabelled audio data, followed by
fine-tuning on limited labelled corpora, which is of
fundamental importance for resource-poor languages,
particularly Ukrainian. Whisper is a transformer-based
multilingual architecture trained on hundreds of thou-
sands of hours of noisy web data, providing enhanced
robustness to acoustic distortions and speech varia-
bility. In parallel, commercial cloud services were in-
cluded: Google STT (Google Cloud, n.d.), Amazon Tran-
scribe (n.d.), Microsoft Azure Speech Services (Azure
Speechin...,n.d.),and IBM Watson Speech to Text (n.d.),
which represent industry-standard STT solutions with
closed models but a high level of engineering opti-
misation. For these, not only functional accuracy was
analysed, but also architectural aspects of API usage,
including dependence on network infrastructure, the
ability to customise dictionaries, and integration with
analytics platforms. To ensure the comparability of re-
sults, the entire audio data processing pipeline was
standardised (Fig. 1).

Pre-processing (mono, resampling, normalisation)

VAD and segmentation

Feature extraction/neural network representation

STT model (classical/DL/cloud-based)

Text post-processing

Evaluation of WER and time characteristics

Figure 1. General logic of the experimental conveyor

Notes: VAD - Voice Activity Detection
Source: compiled by the authors

All input recordings were converted to a mono for-
mat with a standardised sampling rate, after which vol-
ume normalisation and speech segmentation were per-
formed using Voice Activity Detection (VAD) techniques.
Mel-frequency cepstral coefficients (MFCCs) were used
during feature extraction depending on the require-
ments of the specific system. Support for the Ukrainian

Bulletin of Cherkasy State Technological University, Vol. 31, No. 2, 2026

language was also analysed separately. The empirical
part of the study used a one-minute audio recording
containing 250 words of the reference audio signal.
In order to simulate noise in the audio signal, white
Gaussian noise with a Signal-to-Noise Ratio (SNR) of 10
dB was additively superimposed onto the audio signal
across the audible frequency range. The SNR of 10 dB
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was chosen as a standard level of noise in real world
environments. The SNR was applied to test the robust-
ness of the speech recognition models in the presence
of noise. The main quantitative evaluation measure for
assessing the performance of the speech recognition
models was the WER. The WER measures the number of
insertions, deletions, and substitutions of words by the
speech recognition system relative to the total number
of words in the reference audio recording.

The experimental design involved comparing
several versions of the Whisper models (Tiny, Base,
Large-v3), Wav2Vec 2.0 and DeepSpeech on Ukraini-
an-language and bilingual (Ukrainian-Russian) data.
For each model, the WER, average audio file process-
ing time and execution mode (CPU (central processing
unit) or GPU (graphics processing unit)) were recorded,
which were used to assess the trade-off between mod-
el scale, accuracy and performance. For cloud services,
end-to-end latency was additionally measured, which
included the time taken to upload the audio file to
the server, server processing, and the client receiving
the response. For each service, at least 30 repeated
requests were made; jitter was defined as the stand-
ard deviation of response time, and latency variance
was assessed under conditions of stable and variable
network load. This was used to evaluate both the av-
erage performance and the stability of the services. A
separate assessment was conducted of the impact of
automatic recognition errors on subsequent natural
language processing (NLP) analytical modules. A uni-
fied pipeline of tokenisation, topic classification and
sentiment analysis was used. The results of automatic
transcriptions were compared with a reference manual
transcription, which provided a quantitative assess-
ment of the degradation in the accuracy of NLP mod-
ules depending on the WER level.

All local experiments were conducted on a hard-
ware platform featuring an Intel Core i7-13700H pro-
cessor,an Nvidia GeForce RTX 4050 Studio graphics ac-
celerator with 6 GB of video memory,and 16 GB of RAM.
This was used for the analysis of both CPU-oriented and
GPU-optimised configurations, as well as the investiga-
tion of trade-offs between processing speed and accu-
racy for models of varying scales. Thus, the combination
of materials and methods integrates architectural anal-
ysis, a unified audio processing pipeline,a multi-criteria
evaluation system, and a controlled experimental envi-
ronment, creating a reproducible framework for com-
paring different STT paradigms and further interpreting
their suitability for information analytics tasks.

RESULTS

A comparative analysis of the accuracy of ASR systems
The experimental results obtained revealed fundamen-
tally different levels of accuracy in ASR depending on
the system paradigm (classical statistical, local neural
network or cloud-based). The WER value reflected the
quality of acoustic and linguistic modelling, as well as
the system’s ability to generalise in the presence of
noise and phonetic variability. Traditional systems (Hid-
den Markov Model Toolkit, CMU Sphinx, Kaldi) demon-
strated the highest error rates: WER was 25% for HTK,
around 30% for CMU Sphinx and 18% for Kaldi. These
results were attributed to a cascaded processing ap-
proach, where errors accumulated in the early stages,
whilst the limited training corpora of the Ukrainian lan-
guage reduced the systems’ robustness to noise, stress
variations and timbre.

Local DL-based systems - DeepSpeech, Wav2Vec
and Whisper - demonstrated a fundamentally differ-
ent picture. DeepSpeech reduces WER to 22%, which
already corresponds to the upper limit of the average
accuracy range; however, the most telling results come
from self-learning speech representation models. Wav-
2Vec achieves a WER of 12%, whilst Whisper Large-v3
achieves just 7%, effectively entering the category of
near-perfect recognition. This difference is explained
using end-to-end architectures, in which acoustic and
language modelling are integrated into a single neural
system, as well as the application of pre-training on
massive multilingual datasets. The scale of the training
data and the ability of transformer models to generate
universal latent representations of speech ensure high
generalisation ability even in the absence of special-
ised fine-tuning for a specific language. Commercial
cloud services (Google STT API, Azure Speech, Ama-
zon Transcribe, IBM Watson STT) demonstrate results
comparable to the best local neural network models.
Google STT API and Azure Speech achieve a WER of
7%, Amazon Transcribe around 10%, whilst IBM Wat-
son STT demonstrates 15%. This indicates that cloud
solutions utilise deep architectures of a similar class,
optimised on large proprietary corpora. At the same
time, despite their high accuracy, such services have
inherent limitations related to network latency, data
processing policies and dependence on external infra-
structure, which significantly reduces their appeal for
scenarios with stringent requirements for autonomy
and privacy. To summarise the results, it is advisable to
group the systems under investigation by WER ranges,
as shown in Table 1.

Table 1. Grouping of speech recognition systems by WER

WER range Accuracy specifications Systems
5-7% Very high, nearly error-free Whisper, Google STT API, Azure Speech
8-12% High, minor errors Wav2Vec, Amazon Transcribe
15-22% Average, noticeable errors Kaldi, DeepSpeech, IBM Watson STT
225% Low, possible distortions HTK, CMU Sphinx

Source: compiled by the authors
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The presented classification clearly illustrates the
technological gap between the traditional and mod-
ern approaches to neural networks. While the WER
decreased from 25% to 30% to 7%, there is an actual
reduction in the number of errors by a factor of 3 to
4, with a reduction in the relative number of errors
by more than 70%. In the typical system for speech
recognition, transcription of speech into text, classi-
fication of that text, sentiment analysis and keyword

Audio signal

Classification/Sentiment/Keyword Spotting

ASR (WER)

S. Radin & M. Riabyi

search, errors in ASR are the leading cause of errors
in the remaining stages of topic modelling, sentiment
analysis, etc. Any increase in the WER will exponen-
tially increase the number of errors in the remainder
of the process. Consequently, any omission of words
that may convey the presence of an information effect
will reduce the sensitivity of the system to those types
of messages. Such errors can be represented in a cas-
cade diagram (Fig. 2).

Text NLP-analysis

Assessment of the informational impact

Source of systematic error

Figure 2. The process of automatic speech and information content analysis
with the determination of the critical error threshold (ASR)

Source: compiled by the authors

The diagram demonstrates that the ASR module is
the bottleneck in the system; any reduction in WER will
enhance the reliability of the remaining components of
the system. Achieving a WER of between 5 and 7% with
models such as Whisper or other cloud-based offerings
creates new conditions for building reliable systems for
the detection of informational influences. Thus, the anal-
ysis of each of the models presented led to the conclu-
sion that neural network models have made a radical im-
provement in the accuracy of ASR systems compared to
classical models. The enhanced accuracy of end-to-end
neural network ASR models has led to an improvement
in the quality of transcription and the reliability of the
remaining components of the automated analysis system.
Consequently, such systems can be deployed in practice
to automate the analysis of informational content.

Analysis of the computational performance

and time characteristics of ASR systems

One of the key parameters in assessing the suitability of
a system for practical applications is its computational
performance. The computational performance of an ASR
system can be reflected in the processing time of the
audio signals that are processed by the system. A com-
parison of the CPU-oriented classical systems (HTK, CMU
Sphinx, Kaldi) and the GPU-optimised DL models (Deep-
Speech, Wav2Vec, Whisper) reveals the relationship be-
tween the hardware that supports an ASR system and its
processing time for an audio file. Classic systems, which
traditionally run on a CPU, demonstrate the longest pro-
cessing times. For example, HTK required 72 seconds
to transcribe a standard benchmark file, CMU Sphinx -
51 seconds, and Kaldi - 61 seconds. These figures are
explained by the sequential architecture of HMM-
based models, where the computation of acoustic and
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linguistic probabilities takes place on the CPU, without
significant use of the parallel computations’ characteris-
tic of GPU. In these cases, processing time is determined
not only by the complexity of the algorithms, but also by
the computational throughput limitations of the central
core, which significantly slows down processing of long
or multi-channel audio streams.

Modern DL-based models, by contrast, demonstrate
significant speed-ups thanks to optimisations for GPU
computing. DeepSpeech processes a benchmark file
in 38 seconds, Wav2Vec in 29 seconds, and Whisper
Large-v3 in just 10 seconds, effectively delivering pro-
cessing speeds faster than real time. This difference is
attributed both to the parallel processing of tensor op-
erations on the GPU and to the integration of acoustic
and language modelling stages into a single end-to-
end architecture, which eliminates the cascading ac-
cumulation of errors and additional intermediate com-
putations characteristic of classical systems. Thanks to
the use of a transformer architecture with multi-level
self-learning blocks for speech representations, this
model achieves a low WER (7%) while requiring minimal
processing time. However, the use of smaller models
within the Whisper library results in an increase in the
WER to 10-15%. Thus, local speech recognition models
with a GPU seem to be the most effective solution for
tasks that require high-speed speech recognition. CPU-
based solutions are still relevant for applications that
require the use of stable algorithms that do not make
use of GPU, or for the processing of large volumes of
data that can be performed offline.

A comparison of local and cloud-based ASR systems
A comparison of local speech recognition systems to
cloud-based speech recognition APIs reveals some
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important differences between the two solutions.
Cloud API providers, such as Google and Microsoft,
offer speech recognition services that have compa-
rable WERs to the best of the local speech recogni-
tion models. However, a closer look at specific metrics

for both local and cloud-based systems reveals the
true difference between the two methods of speech
recognition. Results of the comparison between the
local speech recognition models and the cloud APIs
are presented in Table 2.

Table 2. A comparison of on-premises models and cloud services in terms of WER and processing time

Category System WER, % Processing time

Whisper Large-v3 7 ~10s
Local DL Wav2Vec 12 ~29s
DeepSpeech 22 ~38s

Google STT 7 ~10-20's

Azure Speech 7 ~5-10s

Cloud API Amazon Transcribe 10 ~10-15s

IBM Watson STT 15 ~10-15s

Source: compiled by the authors

Results presented show that cloud solutions can
be compared with on-premises solutions in terms of
the achieved performance metrics. However, there are
differences between the two solutions in relation to
the latency of the system. For local systems, the laten-
cy is only associated with the computational power of
the system’s hardware. For cloud solutions, end-to-end
latency is associated with the transmission of data to
third-party servers, which can introduce a stochastic
component into the system’s latency. In comparison
with a local system whose latency is determined by the
system’s hardware, end-to-end latency for a cloud sys-
tem also depends on the performance of the provider’s
servers and network. During periods of high demand
for the provider’s services or during network issues,
end-to-step latency for cloud services can significantly
increase, making those solutions unsuitable for spe-
cific applications that require high levels of real-time
processing and analysis of the data, such as monitoring
information flows or audio content in real time.

Cloud solutions require the transmission of audio
files to third-party servers to be stored or used for train-
ing models as prescribed by the cloud service provider.
This introduces additional risks for companies whose au-
dio files contain sensitive information, such as business
or personal communications, meetings, or journalistic
interviews. The use of local solutions allows the compa-
ny to maintain full control over its data (Jin et al., 2025).
For applications requiring high levels of real-time pro-
cessing, on-premises solutions have a significant advan-
tage over cloud solutions. The average latency for both
solutions is similar, but the jitter (variation in latency)
for cloud solutions is significantly higher. Local systems
use on-premises models that are optimised for GPUs,
which allows them to produce more stable results than
cloud solutions (Yang et al., 2024). Therefore, while the
accuracy of cloud APIs and on-premises models is com-
parable, cloud solutions are significantly less suitable
for applications that require a high level of availability,
low latency, and data control. Solutions based on the
Whisper and Wav2Vec models for on-premises systems,

which offer a good balance of accuracy, performance,
and security, present themselves as a promising solu-
tion for building autonomous systems for the analysis of
audio data containing sensitive information.

Noise robustness and linguistic characteristics
of Ukrainian data
An analysis of speech recognition systems in the con-
text of the Ukrainian language and its use in a bilin-
gual environment has demonstrated how the features
of the language have a significant influence upon the
accuracy of the recognition systems. The Ukrainian lan-
guage contains soft consonants, which significantly
increases the difficulty of recognition systems whose
acoustic models do not account for these sounds. These
sounds and other language features significantly com-
plicate the process of segmenting phonemes in recog-
nition systems whose models are based upon HMMs
and other statistical features of speech. Furthermore,
the language’s use in a bilingual environment, especial-
ly with Russian, introduces further challenges to rec-
ognition systems based upon these classical models.
These challenges result from the use of code-switching
(switching between languages within the same sen-
tence), loanwords, and accents from different regions of
Russia. Additionally, the classical models have a limited
training corpus that does not contain enough examples
of bilingual speech to effectively recognise the sounds
and linguistic features associated with those languag-
es when spoken in conjunction. Therefore, to increase
the accuracy of classical models to Ukrainian speech, it
would be necessary to either expand the training cor-
pus to include examples of speech with these features,
or to perform fine-tuning of the models to account for
these specific linguistic features (Bai & Katkov, 2025).
Another reason why classical acoustic models based
upon HMMs have low accuracy in the recognition of the
Ukrainian language is due to the shortage of training
corpora that contain speech examples in that language.
Furthermore, these classical models focus upon analys-
ing statistical features of speech within limited ranges

Bulletin of Cherkasy State Technological University, Vol. 31, No. 2, 2026



of the speech signal, which prevents those models from
generalising well to other types of speech signals. As a
result of these factors, classical systems reveal errors
(WER) in recognising the Ukrainian language between
25% and 30%, which is a significant error rate for infor-
mation flow and keyword detection analysis systems.
In contrast, neural network models such as Wav2Vec
and Whisper exhibit significantly greater error toler-
ance for language features and noisy environments.
These models have been trained on a large number of
speech signal examples that include bilingual speech.
The ability of these models to learn the representations

S. Radin & M. Riabyi

of phonemes in the Ukrainian language and to under-
stand the language’s stress and soft consonants allows
the models to recognise those sounds correctly. Fur-
thermore, the exposure of these models to bilingual
speech during training allows the models to recognise
code-switching between Ukrainian and Russian speech,
and to reduce errors that result from that code-switch-
ing. Experiments with the Wav2Vec and Whisper models
reveal WER rates for Ukrainian-Russian speech signals
between 7% and 12%, which is between 2 and 3 times
lower than that of classical recognition systems. The
results of these experiments are presented in Table 3.

Table 3. Impact of linguistic factors on WER for different classes of systems

Factor Classical systems (HTK, CMU Sphinx) Local DL (Wav2Vec, Whisper) Cloud API
Soft consonants 28-30% 7-12% 7-10%
Stress variations 25-28% 7-12% 7-10%
Bilingual environment 30-32% 10-12% 7-10%
Background noise 27-31% 8-12% 8-10%

Source: compiled by the authors

Thus, the results of this study showed that in or-
der to effectively recognise the Ukrainian language and
speech of bilingual individuals, the use of language
models that were pre-trained on extensive corpora of
diverse and Ukrainian language texts is required. The
presence of multilingual and noisy data during the
training of these language models ensures that the
models have developed a stable representation of
speech sounds, allowing them to account for variations
in the stress of syllables, the use of soft consonants, and
code-switching between languages. Furthermore, the
use of multilingual neural network models, especially
end-to-end transformer models for ASR, has shown a
low WER even in the presence of noise in the recorded
audio files.

Assessment of hardware requirements

and computational complexity of ASR systems

Another of the main priorities in the selection of ASR
systems for various applications is the assessment of
the hardware requirements of the ASR systems. The
hardware requirements of a computing system can
have a major impact upon the processing time of the
system’s audio files, and upon whether the system is
able to be deployed in the targeted application of the
ASR system. For instance, ASR systems based upon
frameworks like HTK, CMU Sphinx, and Kaldi have low
hardware requirements for their operation; they are
based upon algorithms that are performed by the com-
puter’s CPU rather than relying upon the computational
power of the computer’s graphics card.

However, this determinism comes at the cost of sig-
nificant processing time, particularly when processing
long audio streams or multi-channel signals, which can
be critical for real-time applications. Modern DL sys-
tems, including DeepSpeech, Wav2Vec and Whisper,
exhibit a fundamentally different hardware utilisation
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profile. Thanks to transformer and convolutional ar-
chitectures, these models make intensive use of GPUs
for parallel processing of tensor operations, enabling
processing times an order of magnitude lower than in
classical systems, with significantly higher accuracy.

The practical implications for deploying systems
on edge devices or in local on-premise environments
are reflected in the choice of model, depending on the
hardware platform’s limitations. Local edge devices with
limited GPU power effectively integrate smaller-scale
models (Tiny or Base), which, although they have a
slightly higher WER (10-15%), provide real-time pro-
cessing and reduced power consumption. On enterprise
servers or on-premise deployments with high-pow-
er graphics cards, it is advisable to use Large models,
such as Whisper Large-v3 or Wav2Vec, which combine
low WER with high processing speed - a critical factor
for real-time analytics systems and complex streaming
tasks. Options for optimising hardware requirements
include a trade-off between speed and accuracy, model
selection, and the integration of compression and ac-
celeration techniques such as pruning, distillation, or
quantised representations (Table 4). Such approaches
make it possible to adapt large neural network mod-
els to limited resources without a significant loss of
accuracy, making them suitable for both edge devices
and server-based solutions where minimising response
times and conserving resources are key.

A comprehensive analysis of the results of speech
recognition system evaluations indicates that effective
detection of the information effect is only possible
through a holistic approach that simultaneously covers
accuracy, performance and the specific characteristics
of the input data. Classic CPU-oriented models, such
as HTK, CMU Sphinx and Kaldi, whilst providing deter-
ministic processing, demonstrate limited suitability for
analytical scenarios with highly dynamic audio streams,




Analysis of methods and approaches to audio data processing

as their accuracy (25-30% WER) and processing time
(51-72 seconds per standard file) significantly limit
the capabilities of automated classification, sentiment

analysis and keyword search. Such characteristics make
them primarily relevant for offline analysis of archived
data or research purposes.

Table 4. Hardware requirements and performance for different system classes

System/Model CPU GPU | Processing time (s) WER (%) Suitability for edge/on-premise
HTK + - 72 25 limited (offline)
CMU Sphinx + - 51 30 limited (offline)
Kaldi + - 61 18 limited (offline)
DeepSpeech + + 38 22 on-premise, highly efficient
Wav2Vec + + 29 12 Edge/server use
Whisper Tiny + + 5-8 10 edge-devices
Whisper Base + + 7-10 8-10 edge/on-premise
Whisper Large-v3 + + 10 7 on-premise, real-time analytics

Source: compiled by the authors

Local DL models, notably Wav2Vec and Whisper,
demonstrate an optimal balance of performance and
accuracy. Wav2Vec achieves a WER of around 12%
whilst taking 29 seconds to process the audio file.
Whisper Large-v3 has a minimum WER of 7% but
takes only 10 seconds to process the same file, mak-
ing it more suitable for applications requiring faster
response times, the analysis of larger volumes of au-
dio data, and which aim to minimise errors within the
analytical process. Each of these platforms has been
selected for its abilities to recognise multiple lan-
guages, phonetic variations within the Ukrainian lan-
guage, and for its ability to process noisy audio files.

Furthermore, the models that are optimised for GPUs
can be deployed both at the edge and on-premise.
Finally, whilst commercial cloud services like Google
STT, Azure Speech and Amazon Transcribe also report
WER values of between 7 and 10%, their latency to
respond to requests, their potential for performance
errors during peak times, and their data policies re-
garding the processing of personal data can present
obstacles to their implementation within systems re-
quiring rapid responses from the service and which
require control over the data being analysed. A gen-
eralised comparison of system classes based on key
parameters is presented in Table 5.

Table 5. A general comparison of system classes based on key parameters

s Noise I .
A WER,| P Hard . Suitability f \ L
System class ccura%q; ( rotcitre::mg reqﬂirrev:;:ts suppression uitabi |t)tla:I|('sana ytica
capabilities
Traditional CPU 25-30 51-72 s CPU Average limited, offline
Local DL (Wav2Vec) 12 29s CPU+GPU High edge/on-premise, real-time
Local DL . edge/on-premise, real-time
(Whisper Large-v3) / 10 CPU+GPU Very high analytics
~5-20s i i
Cloud API 7-10 (depending on ) High analytics, but infrastructure-
dependent
the network)

Source: compiled by the authors

Based on the analysis, a range of practical conclu-
sions can be formed. For tasks involving information
extraction and automated analysis of text derived from
audio, it is advisable to base the system on local neural
network models, such as Whisper and Wav2Vec, which
ensure error minimisation, noise robustness and the
ability to integrate into confidential environments. The
choice of a specific model must balance model size
and performance: large models deliver the lowest WER
but require significant computational resources, whilst
smaller models can be used for rapid data processing
on edge devices at the cost of a slight increase in WER.
Key constraints for system implementation include
hardware infrastructure, the availability of language
and acoustic corpora, and the scalability of processing

for large streams of audio data. Thus, the integration
of local multilingual models into analytical systems
provides an optimal balance between performance, ac-
curacy and data control, creating prospects for further
research in the field of automated detection of infor-
mation effects and systems for real-time monitoring of
speech streams.

DISCUSSION

An analysis of academic publications from 2022 to 2025
has revealed active development in ASR methods, par-
ticularly for multilingual and low-resource languages.
The paper by D.A. Zimenkov & I.A. Tereikovskyi (2025)
investigates the challenges of multilingual ASR sys-
tems, specifically the limited amount of annotated data,
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phonetic variability in speech, the impact of acoustic
noise, and differences in the intonational and rhythmic
characteristics of languages. The authors applied trans-
former architectures and transfer learning methods,
which reduce WER and increase the models’ robustness
to acoustic distortions and noise. Compared to the study
in question, which tested local and cloud-based sys-
tems on a Ukrainian corpus with the addition of white
noise at an SNR of 10 dB, the authors’approach demon-
strated a similarly enhanced resistance to noise. At the
same time, J.L.K.E. Fendji et al. (2022) showed that inte-
grating acoustic and linguistic modelling into a single
architecture simplified the signal processing pipeline
and improved recognition accuracy. The study also ob-
served that end-to-end models (DeepSpeech, Wav2Vec
2.0, Whisper) outperformed classical HMM-GMM sys-
tems in terms of accuracy and noise robustness; how-
ever, the authors’ results highlighted the importance of
customising dictionaries for specialised terminology. In
turn, current experiments with the Ukrainian language
have shown that pre-trained models may require addi-
tional fine-tuning for locally specific corpora.

A comprehensive review of models for regional lan-
guages was conducted by S. Shaikh et al. (2024). The au-
thors’ experiments demonstrated that self-supervised
learning and fine-tuning substantially improved accu-
racy for low-resource languages. A similar trend was
observed in the current study: Wav2Vec 2.0, which uti-
lises self-supervised learning on large corpora, demon-
strated improved accuracy in Ukrainian language rec-
ognition compared to other models. A. Senyk (2025)
highlighted the importance of fine-tuning models for
high-quality language recognition and generation. In
the present study, local modifications and fine-tuning
of models on Ukrainian data improved accuracy and
reduced WER compared to “clean” pre-trained models.
Meanwhile, C. Chen’s (2025) thesis conducted an in-
depth study of strategies for adapting large ASR models
to specific linguistic and acoustic conditions, including
fine-tuning and transfer learning methods. The author
demonstrated that adaptation significantly reduced
WER in low-resource scenarios and improved the mod-
els’ robustness to noise. Current experiments have
shown that additional local fine-tuning on Ukrainian
corpora yielded noticeably better accuracy for short re-
cordings, which can be explained by linguistic features
and the size of the training dataset.

The accuracy and adaptability of end-to-end ASR
models in complex linguistic contexts were evaluated
by P.Jain & A.Bhowmick (2025). They demonstrated that
self-supervised learning on large unlabelled corpora,
followed by fine-tuning, significantly improved model
performance, particularly in languages with limited re-
sources. Similar results were also obtained in the study
presented in this paper. Wav2Vec 2.0, which was trained
on multilingual data and later trained on Ukrainian re-
cordings, also exhibited a significant reduction in WER
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compared to the baseline models, confirming the uni-
versality of these self-supervised learning approaches.
Another Turkish language recognition system was also
implemented by H. Polat et al. (2024). The authors found
that the use of Low-Rank Adaptation (LoRA) allowed
their system to significantly reduce the computation-
al costs needed to train the model while maintaining
accuracy, and that fine-tuning the model on Turkish
audio corpora improved the model’s noise robustness.
Current results correlate with this conclusion: the ap-
plication of Whisper with fine-tuning on Ukrainian data
improved accuracy and robustness to noise distortions.
The significance of standardised data processing pipe-
lines and multi-criteria evaluation schemes for com-
paring models across different linguistic and acoustic
contexts was highlighted by M. Trenton (2025) in a
comprehensive review of multilingual and multimod-
al ASR systems. The study adopted a similar approach,
creating a unified audio processing pipeline that incor-
porates volume normalisation, VAD segmentation, and
a multi-criteria evaluation of accuracy, noise robustness
and computational requirements.

M. Si et al. (2024) proposed the Lexical Error Guard
method, demonstrating that integrating an LLM into
post-processing reduced the number of insertions, de-
letions and word substitutions compared to baseline
algorithms, thereby improving the overall ASR accura-
cy. Compared to the presented study, which employed
Wav2Vec 2.0 and Whisper for the Ukrainian language
and evaluated accuracy on test audio recordings with
white noise added at a SNR of 10 dB, the results of
Lexical Error Guard demonstrated a similar reduction in
WER; however, this approach addressed local fine-tun-
ing of models without additional integration of large
language models for post-processing, which was re-
flected in slightly higher error rates for complex words
and numerical entities. A. Bhandari & G. Harit (2026)
demonstrated that correction algorithms significantly
improved accuracy in short phrases and reduced er-
rors associated with phonetically similar words. A sim-
ilar effect was observed in the presented study: addi-
tional text normalisation and punctuation restoration
rules reduced the WER for short entries, confirming the
universality of post-processing approaches for low-re-
source languages.

Wav2Vec 2.0 was the subject of research by G. She-
koufandeh (2023) and Q. Li (2024). G. Shekoufandeh
found that age and speech characteristics had a sig-
nificant impact on model accuracy, whilst additional
fine-tuning on specific corpora substantially improved
the results. Meanwhile, Q. Li supplemented these find-
ings and demonstrated that retraining on low-resource
language corpora, considering phonetic differences be-
tween related languages, can reduce WER and improve
word segmentation accuracy. Compared to the study
in question, which utilised fine-tuning of Wav2Vec 2.0
and Whisper on Ukrainian corpora, the authors’ results
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confirmed the effectiveness of the fine-tuning approach
for low-resource languages, but also demonstrated that
success depended on the degree of phonetic similarity
between the source and target languages.

V. Deli¢ et al. (2019) conducted a retrospective re-
view of the development of TTS and STT technologies
for South Slavic languages with limited resources. They
emphasised the importance of multilingual and mul-
timodal architectures, standardised data processing
pipelines, and multi-criteria performance evaluation
schemes for improving the accuracy and robustness
of models. S. Nithya et al. (2025) applied multimodal
approaches and specialised data normalisation strate-
gies to NLP, which significantly improved performance
in noisy environments. Compared to the present study,
which evaluated local and cloud-based STT models for
the Ukrainian language, the study determined that such
multimodal approaches provide increased robustness,
but they require significantly greater computational re-
sources and a more complex data processing pipeline,
whereas the current experiments addressed the opti-
misation of local models with controlled resources. At
the same time, Y. Li et al. (2025) noted that for low-re-
source dialects, the availability of well-structured train-
ing corpora and effective text post-processing to cor-
rect typical errors is critical.

A study by S. Saranya et al. (2025) showed that com-
bining ASR with an automatic abstract summarisation
system reduced the error rate whilst increasing the
practical benefit for the end user. The authors’ results
demonstrated expanded practical applications of STT,
but emphasised that additional modules can intro-
duce delays and require extra computational resources,
which explains the partial lack of correlation in process-
ing speed between studies. These results were expand-
ed upon by K. Fatehi (2023), who showed that models
pre-trained on large unlabelled audio corpora and then
fine-tuned on limited labelled data demonstrated a sig-
nificant reduction in WER and increased robustness to
noise. Compared to the presented study, the author’s
approach confirmed the effectiveness of self-super-
vised learning for low-resource languages; however, it
required significantly greater computational resources
and more complex audio pre-processing strategies.

S.M.H. Amiri (2025) investigated multilingual NLP
systems and speech recognition for global communica-
tion, integrating various ASR models into multi-domain
scenarios. The author demonstrated that combining
different architectures and using language-specific ad-
aptation improved accuracy for languages with limit-
ed data, whilst reducing the need for large annotated
corpora. In turn, S.M. Zahid & S.A. Qazi (2025) showed
that variations in pitch and speech rate during train-
ing significantly improve the models’ ability to gen-
eralise to new recordings and reduce the number of
common errors. Compared to the presented study, the
results of the studies reviewed indicated a potential
path to improving accuracy through generative data

augmentation methods, which explains why current
models demonstrated a higher WER in some scenarios.
Y.Yang et al. (2025) presented GigaSpeech 2 - a large
multilingual corpus for low-resource languages with
automated collection, transcription and post-process-
ing of audio data. The study demonstrated that large
and diverse corpora improved performance of end-to-
end ASR models, particularly in noisy and multilingual
environments. Compared to the study in question, the
results by Y. Yang et al. confirmed the importance of
data scale and diversity, which explains the difference
in the scalability of systems and their performance on
large and heterogeneous corpora. Thus, the analysis of
the literature confirmed the key role of self-supervised
learning, multilingual adaptation, generative data aug-
mentation and large corpora in improving the accura-
cy and robustness of ASR in resource-constrained set-
tings. A comparison with the current study showed that
the local and cloud-based Wav2Vec 2.0 and Whisper
models delivered stable performance for the Ukraini-
an language, but differences in data scale, the use of
self-supervised learning and multilingual architectures
accounted for some discrepancies in accuracy and pro-
cessing speed metrics.

CONCLUSIONS

The study found that ASR performance depended sig-
nificantly on the model architecture and the compu-
tational pipeline. Classic statistical systems based on
HMM (HTK, CMU Sphinx, Kaldi) demonstrated the worst
performance, with WERs ranging from 18-30% and pro-
cessing times of 51-72 seconds for the reference audio
file. End-to-end neural network models achieved signif-
icantly higher accuracy: DeepSpeech achieved a WER of
=22%, Wav2Vec - =12%, and Whisper Large-v3 - =7%.
Thus, the transition from traditional cascade approach-
es to modern transformer architectures has reduced
the number of errors by a factor of 3-4. It was also
confirmed that even a slight increase in WER leads to
a noticeable deterioration in the results of subsequent
NLP tasks (classification, sentiment analysis, keyword
search), which highlights the critical role of the ASR
module in the entire analytical pipeline. Experimental
evaluation under noise conditions and with Ukrainian
code-switching showed that classical acoustic models
achieved a WER of 25-32%, whilst multilingual trans-
former architectures achieved 7-12%. Performance anal-
ysis revealed a significant advantage for GPU-optimised
local models: Whisper Large-v3 processed the reference
audio file in approximately 10 seconds, Wav2Vec in 29
seconds, whilst classical systems required over 60 sec-
onds. Cloud-based ASR services demonstrated compa-
rable accuracy (7-10% WER) but were characterised by
variable response times due to network delays and load.

In summary, the study’s findings confirmed that
modern local end-to-end neural network models, par-
ticularly Whisper and Wav2Vec, strike an optimal balance
between accuracy, speed and data control. Achieving
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a WER of 5-7% created qualitatively new conditions for
building reliable systems for analysing audio content
and detecting information effects, as the improvement
in ASR accuracy directly enhanced all subsequent pro-
cessing stages. The study demonstrated that the transi-
tion to deep end-to-end architectures is a key prerequi-

S. Radin & M. Riabyi

specialised Ukrainian and code-switching corpora, in-
tegrating adaptive fine-tuning and edge-level optimi-
sations, as well as conducting an in-depth analysis of
the impact of ASR errors on the final metrics of NLP
components in information effect detection systems.
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AHoTauif. AKTyanbHiCTb LOCNIAXKEHHS BU3HAYaAETHC NOTPEOOI0 KOMMIEKCHOT OLLIHKM CYy4aCHUX CUCTEM aBTOMATUUHOIO
pO3Mi3HaBaHHA MOBNEHHSA B YMOBAX YKPalHCbKOI MOBHOT cneumndiku 3 ypaxyBaHHAM KOMNPOMICY MiX TOYHICTIO,
NPOAYKTUBHICTIO, anapaTHMMM BUMOraMm Ta BNIMBOM SAKOCTI TPAHCKPUNLIT Ha noganslli iHbopMaLiMHO-aHaNiTUYHI
npouecu. MeTa focnigKeHHs Nonarana B NOPiBHAHHI HAsiBHMX METOLIB | TEXHONOTIM pOo3Ni3HaBaHHA MOB/EHHS
Ans nobyaoBM CUCTEMM OLIHKM iHDOPMaLiiHOro BNAUBY. Y A0CAIOXEHHI BUKOPUCTOBYBANMUCS TpaauLiiHi Mogeni
NPUX0OBaHMX MapKOBCbKMX NPOLLECIB Ta rayCccoBi CyMiLli, ribpuaHi HepOHHI MepeXXi, NoKanbHi HellpoMepexeBi Mogeni
DeepSpeech, Wav2Vec 2.0 i Whisper, xMapHi cepBicu po3ni3HaBaHHg MoBneHHS Big Google, Amazon, Microsoft
Ta IBM. 3ainicHioBanacs 06pobka ayaio 3 BUKOPUCTAHHAM BUSIBIEHHS MOBJIEHHS Ta MEN-YaCTOTHUX KoedilieHTIB,
dikcyBanucs TOYHICTb po3Mi3HaBaHHSA CiB, Yac 06pobkM Ha npouecopi Ta rpadivyHOMyY NpoLecopi, 3aTpumka Ta
HecTabinbHiCTb BiANOBIAI, @ TAKOX OLIHIOBABCS BMIMB NMOMWIOK PO3Mi3HABAaHHS HA KOHBEEP 06p06KM NpUPOAHOT
MOBM 3 TOKEHi3aLi€l0, TEMAaTUUYHOIO KNAacMiKaLLi€lo Ta aHani3oM HaCcTpoto. Y Xo4i AOCNiAKEHHS BCTAHOBEHO ICTOTHY
3a1eXHiCTb TOYHOCTI Ta MpoAyKTMBHOCTI Automatic Speech Recognition Big apxiTekTypu Mogenen i anapatHoi
niaTpumMkn. Knacuyni Hidden Markov Models npoaeMoHcTpyBanun HanHuxK4uy ecdekTuBHicTb i3 Word Error Rate
18-30 % T1a yacom 06pobkm 51-72 ¢, wo niaTBEpAMIO iX 0OMexXeHy NpUAATHICTb ANS YKPAiHCbKOi MOBM B YMOBaX
LIyMY i IBOMOBHOrO MOBNeHHS. JlokanbHi end-to-end HelipoMepexeBi Mogeni 3abe3neunnv NpuHUMNOBO Kpalli
nokasHuku: DeepSpeech pocar 22 % Word Error Rate, Wav2Vec - 6nusbko 12 %, a Whisper Large-v3 - npu6amsHo
7 %, W0 BiANOBIAAE 3MEHLUEHHHIO KiNIbKOCTI NOMUNOK Y 3-4 pa3u. byno nokasaHo, Wwo 6araToMoBHi TpaHCchOpMepHi
apXiTEKTypU XapaKTepmu3yTbCa NiABULLEHOI CTIMKICTIO A0 POHETUYHMX BapiaLii yKpaiHCbKOi MOBM Ta KO4-
cBiumHry. OnTuMizoBaHi nokanbHi Mogeni 3abesneunnn o6pobky Maixe B peanbHoMy yaci (Whisper Large-v3
=10 c Ha Qaiin), CyTTEBO NepeBepLUMBLIM KTACUYHI MiAXOAM 33 WBUAKOAiIE. XMapHi cepBicM NPOAEMOHCTPYBanu
cniBcTaBHy ToYHicTb (7-10 % Word Error Rate), ooHaK BUSBUAM 3aN€XHICTb Bif MepexxeBMX 3aTPUMOK i 0OMeXeHHS
WoA0 KoHdiaeHUiMHOCTI. Y3aranbHeHo, Whisper i Wav2Vec BU3HaYeHO K ONTUManbHYy OCHOBY AJ15 CUCTEM aHanisy
ayLiOKOHTEHTY Ta BUSB/IEHHS iHDOPMaLUIiAHOro e@ekTy, OCKiNbKM BOHM 3abe3neyyroTb HalKpawmin 6anaHc Mix
TOYHICTIO, NPOAYKTMBHICTIO Ta KOHTPOeM Hag AaHuMu. OTpUMaHi pesynbTaTv MOXYTb 6yTH 3aCTOCOBaHI y po3pobui
CUCTEM aBTOMATUYHOT TPAHCKPUNLLi, MOHITOPMHIY Ta aHani3y ayAionoTokis, po3pobLii cepBiciB ronocoBoi aHaniTMku
Ta MOAYNiB paHHbOro BMUSBAEHHS iH)OpPMaLiMHUX BNAMBIB

KniouoBi cnoBa: speech-to-text; aBTomatnyHe po3nisHaBaHHA MoBneHHs; Whisper; Wav2Vec; 06pobka ayaionoTokis;
Word Error Rate; HeMpoHHi Mepexi
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