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Abstract. In the ever-changing technological landscape, speech recognition
stands out as a growing discipline within the field of natural language processing
(NLP). This major breakthrough in human-machine interfaces has dramatically
reshaped the way we interact with the digital systems and intelligent environments
around us. Speech recognition, as a cornerstone of this revolution, aims to accu-
rately and quickly translate the complex modulations of the human voice into text,
thus opening up a multitude of applications ranging from virtual assistants and
voice control systems to digital devices, communication aid and automated tran-
scription. It will also facilitate illiterate people’s access to various digital services
and improve financial inclusion. This article dives deep into the state of the art in
speech recognition, exploring technological advances, cutting-edge algorithmic
models, deep learning methodologies, and persistent challenges driving research
such as low-resource languages, multilingual models and innovation in this con-
stantly evolving field. By taking a close look at the progress made, current gaps
and future prospects, this review aims to offer a comprehensive overview of the
most recent and relevant developments in speech recognition.
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1 Introduction

Automatic speech recognition (ASR) is the act of transcribing the human voice repre-
sented in a waveform into text. The text produced should respect grammatical rules of
the language.

Here are the main tasks needed to perform speech-to-text transcription:

(1) Capturing the audio signal: Itis necessary to have a microphone or an audio recording
device in order to capture the audio of the speech;

(2) Signal pre-processing: A pre-processing phase of the audio signal is necessary in
order to reduce or even eliminate the noise contained in the signal (background noise,
environmental noise, etc.);
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(3) Segmenting speech: In this stage, it is necessary to segment the speech audio signal
into short elements such that each element represents a phoneme which is defined
as a sound unit of spoken speech. Each segment is then associated with one or more
phonetic labels which represent labels associated with human speech sounds;

(4) Recognizing speech: In this task, the goal is to identify the spoken word(s) based on
the phonetic labels associated with the acoustic representation of speech;

(5) Correction or post-processing: Last step is dedicated for correction of any error
or inconsistency introduced in the previous step. This may include correcting
mistranscribed word errors. A linguistic model is responsible for doing this
processing.

It is important to note that the quality of the transcription depends on several factors,
including the quality of the input audio, the performance of the speech recognition engine
used and the possible post-processing steps with the language model. The traditional
approach to speech recognition was essentially based on Bayesian statistical models
during the 1970s. This approach consisted of three modules: acoustics, phonetics and
linguistics.

The first two tasks listed earlier require using a recording microphone and then apply-
ing the Fourier transform for signal pre-processing. The acoustic module is responsible
for processing task (3), then the phonetics module will in turn solve task (4). Finally,
the last task (5) is processed by the linguistics module. After defining the different tasks
necessary for voice recognition, then showing the solutions proposed for solving these
tasks, we will present the evolution of the technology from the traditional approach to
the present days.

From the 90s to the 2000s, a so-called ‘hybrid’ model combining a neural net-
work model (for text recognition) and an HMM-based model (for sequential alignment)
emerged. One of the disadvantages of traditional models is that they require the imple-
mentation and training of separate components, making the development of new speech
recognition technologies difficult and expensive. In conclusion, this model requires a lot
of expertise on each module as well as expert linguistic knowledge to make it work. It
also requires separate training and design process. To overcome these drawbacks, the
last decade has seen the appearance of ‘End-to-End’ models which have the ability to
take an audio sequence as input and produce a sequence of characters as output, thanks
to a single neural network which offers a simpler and efficient approach compared to
traditional models. This eliminates the need to build intermediate components.

The ‘End-to-End’” models provided solutions for the tasks listed earlier. We can note
as a solution to the sequence alignment task, the Connectionist Temporal Classification
(CTC) [1] loss function which will learn to align the audio to the transcription. A special
symbol is introduced to handle the size difference between the input sequence and the
output sequence using following equation:

pAD) =3 o PO (M

Itis also possible to join the acoustic and linguistic information, thanks to the RNN-T
architecture [2].

The seq2seq architecture is also an approach for solving voice recognition tasks
using an ‘Encoder’ capable of encoding the acoustic signal and then translating the
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information produced by the Encoder into an output sequence using the ‘Decoder’ via
the attention mechanism [3].
However, we can note some limitations of the ‘End-To-End’ models such as:

— The CTC loss function assumes the independence of each word at the time of
prediction, which can lead to inconsistent sentences;

— The attention mechanism is an auto-regressive model, and therefore it is able to
produce only one token per time step, which results in a slow inference time;

— ‘End-To-End’ models require a large volume of data for its learning process.

Limits to CTCs and attention mechanism have been resolved with transducer models
(2, 4].

To solve the limitations imposing a large volume of data, the following approaches
have been proposed:

Data augmentation techniques [5—7];

— Pre-training techniques, transfer learning [8, 9];

Multitasking or multilingual learning techniques [10, 11];
Unsupervised or self-supervised learning techniques [12, 13].

Another limit lies in low-resource African languages that have often been left behind
in terms of research work. Resources in these languages are not only rare but they are
even more so when it comes to specialized fields such as agriculture, finance or health.
Current work [14—17] are mainly focused on language recognition in general and not in
specific areas as mentioned.

In the next sections, we will start with the history of voice recognition going from
the 1940s to the present days. Then we will detail the recent advances starting with
monolingual then multilingual models, then we will end with models adapted to low-
resource languages.

2 First Solutions Proposed in the Literature

2.1 Solutions Proposed in the 40s and 50s

The first automatic speech recognition solutions were developed in the late 1940s and
early 1950s. A notable system, created by Bell Labs, was able to recognize any of 10
digits (0-9) spoken by a single speaker [18] with the system named Audrey. The system
achieved an impressive 97 to 99% accuracy by selecting the model with the highest
correlation coefficient with the input. The “Pattern matching” approach was used to
compare each spoken word to a reference base and the choice was made according to
the distance of the nearest word.

Authors of [19, 20] were the first to implement a phoneme recognition system capable
of recognizing four vowels and five consonants.

2.2 Solutions Proposed in the 60s and 70s

Significant changes occurred during the late 1960s and early 1970s. The Shoebox project
(1961) powered by IBM made it possible to perform arithmetic calculations with the
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recognition of sixteen words which are the digits 0 to 9 as well as arithmetic operations
such as “plus”, “minus”, or “total”.

We can cite the appearance of many feature extraction algorithms such as the Fast
Fourier Transform (FFT) [21], the application of cepstral processing [22] or LPC for
speech coding [23].

Another innovation during the 70s is based on models called Hidden Markov Models
(HMM). [24, 25] have applied HMM models to various problems.

2.3 Solutions Proposed in the 80s and 90s

The association of HMM models with models named Gaussian Mixture Models (GMM)
gained popularity in the 90s. During the same period, experiments were carried out with
neural networks capable of predicting phonemes as well as performing other tasks related
to speech processing. This constituted an alternative to HMM/GMM. Architectures have
been created from neural networks such as the Time-Delay Neural Network (TDNN),
models based on convolution networks [26, 27], and Recurrent neural network (RNN)
[28].

There has also been the emergence of hybrid HMM/MLP models where the mul-
tilayer perceptron network is trained to recognize phonemes and extract a vector
representation from them and then link it to the input of the HMM/GMM model [29].

The hybrid models showed performances close to the HMM/GMM models, however,
their problem was related to their training speed which was very slow on CPU.

Performance at the time was limited to a layer containing 4000 units which was
insufficient for consistent speech recognition.

2.4 Solutions Proposed in the 2000s and 2010s

The decades that followed saw the emergence of graphics cards, which made it possible
to develop multi-layered neural networks. In 2009, the performances approached the
HMM/GMM models on simple voice recognition tasks [30]. Then, in 2012, the perfor-
mance of the hybrid systems ended up surpassing the traditional HMM/GMM systems
[31, 32].

In 2006, the first works using the CTC loss function were carried out [1] as well as
the RNN-Transducer in 2012 [2, 4].

Then appeared the End-To-End approach by rescoring [33] and by recognition [34]
with advancements such as beam search [35]. The architecture of encoder-decoders
based on the attention mechanism appeared in 2014 [36, 37]. The popular system called
Listen, Attend and Spell (LAS) [3] appeared in the same period.

An alternative to RNNs named Transformer [38] started to appear in the speech field
in 2018.
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3 Recent Solutions Proposed in the Literature

3.1 Monolingual Approach

The last decade has seen the rise of models based on neural networks called ‘End-To-
End’ [3, 39, 11]. Compared to traditional models which were based on HMM/GMM [30]
and which required to train several components such as an acoustic model, a lexicon
model as well as a language model. These ‘End-To-End’ models have also taken over
the hybrid models [31, 32]. The notable difference of ‘End-To-End’ models is that they
have the ability to take an audio sequence as input and produce a sequence of characters
as output thanks to a single neural network.

One of the disadvantages of traditional models is that they require the implementation
and training of separate components, making the development of new speech recognition
technologies difficult and expensive. Furthermore, expertise is needed for every module
that constitutes this model.

Hence the need to train a neural network called “End-To-End” [39] i.e., a single
system capable of managing all the features listed earlier. It must also be able to learn a
new language from scratch without making major changes to the system.

In 2016, End-To-End models being essentially based on attention mechanisms using
RNN networks [39], as well as LSTM networks [3, 11] or both combined [3].

The model named “Listen, Attend and Spell” [3] consists of two sub-modules which
are the listener and the speller. The listener encodes the acoustic information in order
to be able to listen to the signal. The speller is an attention-based decoder. The Listen
function of the listener takes as input a signal x and returns a representation noted h =
hi, ..., hy while the AttendAndSpell function receives data h to output a probability
of character sequences noted P(y/x). The Listen function is a bidirectional LSTM or
Bidirectional Long Short-Term Memory RNN (BLSTM) having a pyramidal structure.
The disadvantage of using a single BLSTM resides in the difficulty of convergence of
the model even after a month of training.

To overcome this limitation, the authors of [3] developed a pyramidal BLSTM
denoted pBLSTM. In addition to reducing information, the model’s neural network
will be able to capture non-linear representations of the data. The pyramid structure also
participates in reducing the computational complexity and therefore the time required
for learning. To train the model, the functions Listen and AttendAndSpell are jointly
trained by maximizing the probability of predicting the next character based on the pre-
vious one. The decoding phase of an acoustic representation is performed by the beam
search algorithm.

Nevertheless, the LAS model produced less efficient results compared to the
CLDNN-HMM [40] reference model. The results also showed a performance degra-
dation on short utterances (2 words max) and also on longer utterances.

Another model called Deep Speech 2 capable of voice recognition of English and
Mandarin was also presented during the same period by [39]. The architecture of Deep
Speech 2 (DS2) is an RNN trained to consume spectrograms representing the audio
signal in order to generate transcriptions in textual form. The model is responsible for
generating graphemes for each language. The proposed model is an RNN composed
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of several hidden layers. The architecture is structured with one or more convolutional
layers followed by one or more recurrent layers, followed by one or more dense layers.

The model is trained using the CTC loss function. The benchmark of the model is
performed on two datasets which are the Wall Street Journal (WSJ) and LibriSpeech
corpus [41].

On WSJ 92, the DS2 model exceeds human performance with a Word Error Rate
(WER) of 3.60% compared to 5.03% for humans. On WSJ 93, DS2 is still better with a
score of 4.98% compared to 8.08% for the human.

DS2 outperforms human on LibriSpeech test-clean [41] with a score of 5.33% but
on the other hand gives lower performance on LibriSpeech test-other [41] with a score
of 13.25% compared to human which is at 12.69%.

In 2019, a new End-To-End model named Jasper published by [42] achieved state-
of-the-art (SOTA) results on the popular LibriSpeech dataset [41]. Jasper consists of
an input convolution layer followed by blocks and then three consecutive convolutional
layers. At the output of the model, we find a CTC layer.

A variant of Jasper called Jasper Dense Residual (DR) has also been proposed and
which has the particularity of adding the output of each convolution block to the input
of all the following blocks.

On the LibriSpeech dataset [41], the Jasper DR 10x5 model was trained on 400
epochs and achieved a SOTA performance on the test-clean subset with a WER score of
2.95%. A newer Jasper-based model named Jasper DR 10x5 4 Time/Freq Masks was
able to further improve performance with a WER 2.84%.

Authors of [43] focuses on sequence-to-sequence type models called Transformer
[38] in order to carry out a comparison study with RNN models.

The experiments resulted in a significant performance improvement to the benefit of
the Transformer model on several tasks compared to the RNN. The proposed solution is
based on the sequence-to-sequence (S2S) method consisting of an encoder and a decoder.
The S2S method is a neural network capable of learning to transform a source sequence
denoted X into a target sequence denoted Y.

In the speech translation task, the Transformer improves the baseline RNN BLEU
score with a score of 17.2%.

However, the Transformer model [38] shows some limitations in the decoding of
filterbank features, namely a longer processing time compared to RNN. The comparative
study showed better performance for the Transformer compared to the RNN, especially
in the ASR task.

In 2020, [44] trained a model based on the LibriSpeech dataset [41] in conjunction
with a model capable of generating pseudo-labeling from unlabeled audio datasets. The
unlabeled dataset that was used is named LibriVox resulting in over 53,000 h of audio
data. For the labeled dataset, LibriSpeech [41] was used. The Transformer model with
GCNN + Transf LM produced as WER 2.09% on test-clean and 4.11% on test-other.

Also in 2020, [12] showed for the first time the principle of learning representations
based solely on speech and then a fine-tining phase based on the transcription of speech.
This methodology made it possible to surpass the performances obtained through semi-
supervised models. The model in question named wav2vec 2.0 is based on the masking
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of speech portions through the latent space in order to find the hidden portions by solving
a contrastive task. This task is obtained from the quantification of latent representations.

The experiments carried out on the Librispeech annotated dataset [41] made it pos-
sible to obtain 1.8%/3.3% as the WER score on the clean/other samples. It only takes
100 times less annotated data for wav2vec 2.0 to surpass the state of the art. With ten
minutes of labeled data for a pre-trained model on a 53k hour (unlabeled) dataset to
score 4.8%/8.2% WER.

During this same period, [45] published a paper presenting the Conformer model
which surpassed the state of the art. The authors demonstrated that the combination
between a convolution model (CNN) and a Transformer-based model [38] made it pos-
sible to respectively capture local and global dependencies from an audio sequence with
efficient parameters.

The release of the Conformer model has significantly improved state-of-the-art per-
formance. The limitation of transformers [38] identified by the authors is the low capacity
for extracting local information from the audio signal of speech. While CNNs have an
inability to capture global signal information.

The proposed solution to address the limitations identified by the authors is to com-
bine Transformers and CNNs in order to learn information in a local as well as a global
context.

With a language model, Conformer in its large version with 118M parameters out-
performs the state of the art with 1.9% WER on testclean and 3.9% WER on testother
of LibriSpeech [41].

ContextNet presented by [46] is a model that aims to improve the performance of
CNN models in the speech recognition task. The main flaw of CNNis is that it is limited
in learning the overall context of a given audio signal because it is only able to capture a
small window in the time domain. The authors identified this limitation as the reason why
CNN-based models perform worse compared to RNN or Transformer-based models.

To enable the CNN model to capture the global context of the signal, the authors
introduced a new concept called squeeze-and-excitation (SE) which is introduced in a
CNN and constitutes the ContextNet model. By introducing the SE in a convolutional
layer, we allow the model to have access to the global information context.

Three different versions of ContextNet have been evaluated on LibriSpeech. The
small (alpha = 0.5), medium (alpha = 1) and large (alpha = 2) versions. The large
ContextNet(L) model with a Language Model (LM) outperformed the state of the art
with 1.9% WER on testclean and 4.1% WER on testother from LibriSpeech.

In[13] the authors explore the field of unsupervised pre-training by combining speech
and text within a single model. The proposed solution is called Speech and Language
Model (SLAM) which is a model based on Conformer [45] and trained by coupling text
and speech with cost functions such as SpanBERT [47] for the textual part and w2v-
BERT [48] for the speech part.

For the speech recognition task, the model pre-trained with w2v-bert XL produces
results comparable to the state of the art with 1.6% on the test set and 2.9% on test-other
of LibriSpeech.
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There are currently two major approaches to improve the automatic speech recogni-
tion task based on a large number of unlabeled speech. The first strategy is called self-
training, also known as pseudo-labeling, which consists in initially training a Teacher
model from labeled data. Then, the Teacher model is used to generate labels on unlabeled
data. The combination of labeled and pseudo-labeled data is then used to train a Student
model. The pseudo-labeling process can be reused several times in order to improve the
quality of the Teacher model.

The second strategy is to use the method called self-supervised pre-training. This
involves pre-training a model from unlabeled data in order to initialize it on a good basis,
then fine-tuning it on a labeled dataset.

In the work presented, the authors [48] have implemented a model named w2v-BERT
which combines two approaches exploiting self-supervised pre-training as presented in
the literature as wav2vec2.0 [12] and BERT [49]. w2v-BERT uses the method called
contrastive task taken from wav2vec2.0 in order to obtain a finite number of discrimi-
native voice units. Then, it uses the result obtained in a second method called Masked
Language Model (MLM) proposed by BERT for learning contextualized speech rep-
resentation. w2v-BERT is composed of an encoder called Convolution Subsampling
responsible for encoding speech features. A module called contrastive module respon-
sible for discretizing the features encoded in a finite number of discriminative vocal
units. And finally, a module called masked prediction module which aims to extract
contextualized speech representations.

w2v-BERT XXL outperforms the Conformer [45], HuBERT [50], w2v-Conformer
and wav2vec2.0 [12] models by displaying as scores on the test set 1.4% of WER and
2.5% of WER on the test-other of the LibriSpeech dataset. These results make w2v-
BERT the actual state-of-the-art model as shown on Table 1. The authors mentioned as
a perspective, the evaluation of w2v-BERT in a low-resource environment.

Implementing applications covering spoken languages with few or no resources is a
real challenge. [50] propose as a solution a model called Hidden unit BERT (HuBERT)
capable of using the clustering approach to generate labels and then train the model in
the style of BERT [49]. The objective is to predict hidden units of the acoustic signal.
Note that these units are classes generated after clustering a k-means model.

Pre-trained models are based on the wav2vec2.0 architecture.

The results obtained on low resource configurations reveal better scores for the
HuBERT X-LARGE model compared to other models in the literature such as
wav2vec2.0 and DiscreteBERT [51]. The results of HuBERT are close but less effi-
cient than those of wav2vec2.0 + self-training on LibriSpeech 960h with a WER score
of 1.8% on test-clean and 2.9% on test-other.

The approach proposed by [52] is the combination of two learning methods, which
are iterative self-training and pre-training. Different versions of models are pre-trained
and then trained afterwards in self-training mode. The unlabeled dataset will be used at
each stage of the process i.e., used for pre-training and then used again for generating
pseudo-labels by the Teacher model for training the Student model.

The ASR system is based on the Conformer model without the relative positional
embedding layer in order to speed up the training process. Four versions of Conformer
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were used namely, Conformer L. (100M), XL (600M), XXL (1B) and XXL +. Four
generations of models have been trained (GenO to Gen3).

The best results were obtained with the 4th generation Gen3 Conformer XXL +
model which combines pre-training and self-training with 1.4% WER on the test set and
2.6% WER on the test-other from LibriSpeech.

Table 1. Comparison of the Librispeech ASR benchmark

Paper Year Base model Test-clean / Test-other
Deep speech 2 [39] 2016 Bi-RNN + CTC 43/13.2
ESPnet Transformer [43] | 2019 Transformer 2.6/5.7
Jasper [42] 2019 CNN + CTC 2.8/17.8
SpecAugment [7] 2019 LAS with LM 22/52
Semi-supervised 2020 Transformer + LM 2.1/4.1
Transformer [44]

wav2vec 2.0 [12] 2020 Transformer + CTC 1.8/3.3
Conformer [45] 2020 Conformer 1.9/39
ContextNet [46] 2020 CNN-RNN-Transducer 19/4.1
Conformer + NST + 2020 Conformer 1.4/2.6
SpecAugment [52]

SLAM [13] 2021 Conformer 1.6/29
HuBERT [50] 2021 Transformer + BERT 1.8/2.9
W2v-BERT [48] 2021 wav2vec 2.0 + BERT 1.4/25

After having compared state of the art on monolingual models, we will present in
the next section, models capable of recognizing and transcribing several languages.

3.2 Multilingual Approach

A multilingual version of wave2vec2.0 named XLSR was presented by [53]. The
results showed improvements from the multilingual model compared to the monolingual
models, i.e., models trained on a single language.

The solution is based on the wave2vec2.0 architecture [12] with audio data from
several languages in order to take advantage of the sharing of representations learned
through these various languages. The large model built by the authors named XLSR-53
was trained on 53 languages by combining all the BABEL [54], CommonVoice [55]
and Multilingual LibriSpeech datasets [56]. The CTC loss function was used in the
fine-tuning phase.

Analysis of latent speech representations revealed that the multilingual model has
the ability to share common knowledge especially from close languages. The authors
[10] highlighted the limitations of unsupervised or self-supervised pre-training methods
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that require little or no labeling such as the Wav2Vec2.0 model [12]. Indeed, this model
needs to be fine-tuned to be able to adapt to a specific task (e.g., voice recognition).
On the other hand, the task of fine-tuning requires very technical skills because of its
complexity.

The authors [10] further emphasize the goal of a speech recognition system which
must be able to generalize to any domain without requiring fine-tuning tasks on each
domain-specific dataset. To address the problems listed above, [10] proposed a model
named Whisper which was trained by supervised learning on 680,000 h of labeled audio
data. The authors were able to demonstrate that models trained on such a large amount
of data manage to generalize by zero-shot on any dataset, that is to say without having
to resort to fine-tuning on a specific dataset. Note that the dataset includes 97 different
languages. The Whisper model is mainly based on the Transformer encoder-decoder
architecture [38].

This resulted in a dataset diversified by its data whose distributions are varied as
well as environments, languages and actors. To evaluate Whisper, zero-shot technique
was used to measure the generalization quality of the model on datasets on which it has
never been trained.

— ASR task: Across 14 different datasets, Whisper Large outperforms wave2vec2.0
averaging 12.9% WER versus 29.5% WER. Note that on LibriSpeech test-clean,
Whisper displays the same performance as wave2vec2.0, i.e., 2.7% of WER;

— Multilingual speech recognition task: Zero-Shot Whisper outperforms state-of-the-
art models on the MLS corpus with 8.1% WER, but does much less than XL.SR and
mSLAM-CTC on VoxPopuli [57];

To build a model capable of learning multilingual and multimodal representations
from hundreds of different languages, [58] proposed an improvement of the SLAM
model [13]. The proposed model named mSLLAM has the particularity of learning several
languages compared to its predecessor SLAM. To avoid interference between modalities,
the mSLAM model was trained with the CTC loss function on the speech-text pair of
a dataset. The model is based on the SLAM architecture [13] by combining, together,
pre-training based on unlabeled speech dataset with w2v-BERT [48] and unlabeled text
with spanBERT[47]. The Translation Language Modeling (TLM) method was used on
the labeled dataset coupling speech and transcription. The TLM method introduced by
[59] aims to improve cross-language pre-training by extending to the Masked Language
Modeling (MLM) method, which is more suitable for monolingual texts. TLM will
concatenate the sentences of a source language and a target language in parallel and
then randomly hide words in each language. To predict the hidden word in a specific
language, the model will be able to rely on the representation from the parallel language.

One of the key challenges for Google is to be able to extend voice technologies to
several languages. This results in enough data to be able to train high quality models.
The task of manually labeling data from low-resource languages is a big challenge for
supervised learning both in terms of time and cost. The objective of this study [60] is to
manage to produce in the long term, a universal model of voice recognition capable of
covering all the languages spoken in the world.

The approach used by the authors [60] is mainly based on the construction of a
model called Universal Speech Models (USMs) trained on large datasets of three types
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which are unlabeled audio data, unlabeled textual data and data pairs (audio-text). The
construction of the model is based on three steps such as unsupervised pre-training, a
supervised pre-training with multiple objectives and supervised training on specific tasks
such as ASR and AST. The solution is based on the large model named Conformer [45]
with 2 billion parameters. The USM model and its variants outperform Whisper [10] on
all multilingual datasets. USM also outperforms Whisper on all low-resource languages
in the FLEURS dataset [61].

Recent scientific studies have focused on expanding the language coverage of speech
processing technologies. However, current technologies are limited to the recognition
of a hundred languages which is very low compared to more than 7000 languages spo-
ken in the world. To address this problem, the authors of the article [62] constructed a
new dataset comprising 1107 labeled languages and another dataset comprising 3809
languages in unlabeled audio format. A multilingual model called Massively Multilin-
gual Speech (MMS) was created for the occasion from the new datasets to cover the
recognition and speech synthesis of 1107 languages, as well as the identification of 4017
languages. The architecture of the MMS model is based on wav2vec2.0 [12].

The experiments are based on the pre-trained wav2vec2.0 model on several lan-
guages implemented with the fairseq tool [63]. The MMS model was finetuned on 61
languages in the FLEURS [61] dataset and was compared to the XLS-R model [53].
MMS outperforms XLS-R [53] on most languages, especially low-resource languages.
On the ASR task, MMS was finetuned on the MMS-lab labeled dataset using the CTC
criterion. The model was first compared to Whisper [10] and the results showed better
performance for MMS in 31 out of 54 languages (FLEUR-54 dataset [61]). Regarding
Google-USM [60], MMS slightly outperforms USM. Table 2 compares state-of-the-art
multilingual models.

Table 3 compares number of supported languages by each model.

Table 2. Comparison on Multilingual LibriSpeech, VoxPopuli and FLEURS benchmark. All
results are reported with the WER score except for the FLEURS dataset which is in Character
Error Rate (CER).

Model Year MLS VoxPopuli FLEURS
MMS [62] 2023 8.7 10.3 6.2
USM [60] 2023 - - 6.5
Whisper [10] 2022 8.1 15.2 -

XLSR [53] 2020 10.9 10.6 -
mSLAM [58] 2022 9.7 9.1 -

3.3 Automatic Speech Recognition for Low-Resource Languages

This article [15] presents the steps that were necessary to collect data from four sub-
Saharan African languages such as Swahili, Hausa, Amharic and Wolof. The authors
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Table 3. Number of languages supported

Model Supported languages
MMS [62] 1162

USM [60] 102

Whisper [10] 99

XLSR [53] 53

mSLAM [58] 51

specifically focused on Wolof by setting up the very first voice recognition system for
this low-resource West African language. Access to technologies is mainly done through
mobile phones or smartphones. Speech technology is an essential mean to reduce the gap
for illiterate people, both in the field of health, food and in social networks. It is in this
sense that the project named ALFFA was initiated in order to develop ASR and Text-To-
Speech (TTS) technologies for African languages. Note that the ALFFA project brought
together profiles in various fields such as experts in technology and also in linguistics.
Wolof is spoken in Senegal, Gambia and Mauritania. This language is spoken by more
than 10 million people. Kaldi software was used to build the speech recognition system.
The ASR for Swahili was trained over ten hours of audio and evaluated over 1.8 h. The
language model contains approximately 28 million words. For Hausa, the model was
trained on seven hours of data and tested on one hour. The language model has a size of
41000 words. The Amharic meanwhile was trained on twenty hours of data and tested
on two hours. The language model is created using 3-g and the text has been segmented
into morphemes. The studies in this article are mainly focused on the Wolof spoken in
Dakar the capital of Senegal.

The construction of the audio corpus in Wolof was carried out by selecting 6000
utterances at random. Eighteen people (ten men and eight women) were selected from
different socio-professional categories. These eighteen people were responsible for mak-
ing voice recordings of 1000 utterances extracted from the 6000 mentioned earlier. The
age of the people varies from 24 to 48 years old and the microphone used for the recording
is a Samson G-track in an environment containing no noise.

A total of 18,000 utterances were recorded, representing 21 h and 22 min of audio
signal. Two language models were set up and the tool named Phonetisaurus was used
to transform the vocabulary into phonemes. Kaldi was used to build the ASR model.
Three acoustic models have been constructed, namely HMM/GMM which is a hidden
Markovian model coupled with a Gaussian model. Another model named SGMM or
subspace Gaussian mixture model and a last one based on DNN deep neural networks.
For the HMM/GMM model, it receives as input 133 MFCCs and 16.8 h of data. The
DNN model was trained with the same MFCCs used for the GMM models. The DNN
was fine-tuned with the Stochastic Gradient Descent (SGD).

The performances of the different models were around 30% WER. The best WER
score of 27.21% was obtained on the LM?2 language model with the DNN model. The
limits are essentially on so-called diatric data which refers to a word which can take
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several forms. For example, the word “jé1” which can also be written “jé1” and which
means “to take”. One track mentioned in the paper would be to standardize the text by
choosing only one form for all the words referring to several representations.

This article [64] studies the technique of learning transfer to a low-resource lan-
guage such as Amharic. The transfer of learning took place through two high-resource
languages (English and Mandarin) towards the target, which is Ambharic. The results
showed a strong reduction in the WER error rate. The best result was obtained from the
English language.

A TDNN (Time Delay Deep Neural Network) neural network is proposed as a
baseline. The alignment of text and voice data is performed by a GMM-HMM model
before being injected into a neural network.

Ambaric corpus contains 20 h of training data and 2 h of test data from 100 native
speakers. English corpus containing 100 h for English-1 set and 460 h for English-2 set.
5.4 h are dedicated to the test set They are sourced from OpenSLR'. Mandarin corpus
containing 178 h including 85% dedicated to the train set and the rest for the test set. It
is sourced from Beijing Shell Technology.

The best results were obtained with English-2 as the source language with a WER
score of 25.5% compared to the baseline which is 38.72%.

The authors [65] carried out experiments on the contribution of multilingual mod-
els on low-resource languages. Four low-resource Ethiopian languages as target were
considered such as Ambharic, Oromo, Tigrana and Wolaytta. What motivated the devel-
opment of multilingual systems is justified by the number of high-resource languages
which are not widespread and which require colossal means for their development. The
idea is to take advantage of these languages in order to develop voice recognition models
requiring few resources. The objective of this approach is to enable illiterate populations
to benefit from being able to access digital services, mainly in rural areas, through their
phones. The proposed solution is the implementation of multilingual models based on
a corpus of more than 20 languages in order to build an ASR system for four Ethiopian
languages.

The neural network is based on the Factored Time Delay Neural Networks with
additional Convolutional layers (CNN-TDNNf) model. To train this model, the data is
first aligned (voice and text) using an HMM-GMM model. The source dataset used is the
GlobalPhone (GP) [66] which is a multilingual corpus covering 20 languages. For the
Ambaric language we have AMH2005 containing 20 h of training with 11k utterances.
AMH?2020 is used as the second corpus. Note that Amharic data was collected in Ethiopia
as well as for Oromo, Tigrana and Wolaytta. All models were built using the Kaldi ASR
toolkit. Tri-gram language models have been developed for each target language. The
1% experiment carried out led to the training of a multilingual ML22 model on the GP
corpus. The 2" named ML23 (22 languages + 1 Ethiopian) was trained by adding an
Ethiopian language in the train data. The 3'¢ named ML25 (22 languages + 3 Ethiopian)
was trained by adding three Ethiopian languages. The last experiment named ML26 (22
languages + 4 Ethiopian) was trained by adding four Ethiopian languages. Two models
from transfer learning were built and named ML22_Ada and ML26_Ada.

1 http://www.openslr.org/.
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The best multilingual model on the Amharic language was obtained with ML22_Ada
with 8.21% of WER. On Tigrina we have the MonoLing model which scores 16.82%
WER. On Oromo, ML22_Ada wins with 32% WER. Finally, on Wolaytta the MonoLing
model produces better results with 23.23% WER. We can conclude that training a model
whose source and target language are close enough produces good results.

In this article the author [17] presents the creation of two datasets, one of which is
labeled for ten African languages and the other for four African languages. The contri-
bution of this paper is intended to reduce the digital divide within illiterate populations
located in Sub-Saharan Africa. The work presents the exploitation of resources from
radio archives for low-resource languages and the use of self-supervised methods based
on wav2vec [67] to train models capable of solving speech recognition tasks intended for
these languages. The Architecture of the West African wav2vec (WAwav2vec) model is
based on wav2vec which is used for the feature extraction part.

On the Multilingual Speech Recognition task which consists in identifying 105
classes of utterances on four languages, WAwav2vec and wav2vec give similar results.
The virtual assistant only understands contact management vocabulary, it would be
possible to extend it in the field of micro-finance, agriculture and education. It would be
useful to take advantage of the abundance of radio data to train the encoder to identify
other nearby languages.

Much effort has gone into developing ASR models for so-called “high-resource” lan-
guages such as English, Mandarin and Japanese. However, the so-called “low-resource”
models are much less robust due to an insufficient number of training data. The other
point raised by the authors [9] is related to the multilingual models which have been
tested in the literature and which produce limited results due to the non-proximity of the
languages chosen for training.

To provide a solution to the points mentioned above, the authors have set up a
multilingual model dedicated to low-resource Turkish languages. Ten Turkish languages
were considered in the study such as: Azerbaijani, Bashkir, Chuvash, Kazakh, Kyrgyz,
Sakha, Tatar, Turkish, Uyghur, and Uzbek. The models are based on a dataset created
by the authors containing 218 h of speech transcribed into the Turkish language. The
models are based on the Conformer model architecture.

The dataset created by the authors is called Turkish Speech Corpus (TSC) which is
composed of 218 h of speech in Turkish. CVC includes ten different Turkish languages
and one language in English. Russian language comes from OpenSTT. Data augmen-
tation techniques were used such as speed perturbation and spectral augmentation. For
the experiments, 22 models were trained in total (13 monolingual and 9 multilingual).
All models were trained in Pytorch with the ESPnet framework. The monolingual mod-
els were trained with 1 NVIDIA DGX A100 GPU card (40 GB), the multilingual ones
required four GPUs of the same type. The language model used is based on Transformer.

We can observe as a result that the multilingual models outperform the monolingual
ones. The model trained only on Turkish languages (all_turkic) also outperforms those
trained on non-Turkish languages (English, Russian). This proves that the proximity of
the language has a positive impact on the model.

The authors [14] made a contribution to the modeling of the ASR task for low-
resource Congolese languages. Would it be possible to surpass the state of the art with
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the wav2vec2.0 model on the Lingala? Would pre-training on large datasets be a solution
to reduce the amount of data to label on a low-resource language? Would it be possible
to benefit from the proximity of languages in order to develop efficient multilingual
models?

To answer these questions, the authors proposed various solutions such as the creation
of two datasets named Congolese Speech Radio Corpus and Linguala Read Speech
Corpus, establishment of a baseline from the collected data and creation of a multilingual
model from four languages spoken mainly in Congo.

The developed solution is based on wav2vec2.0 [12].

Two baselines were considered for the experiments such as GMM-HMM (T-DNN)
and DeepSpeech 2 [39]. Whisper medium [10] model was also used. For self-supervised
experimentation, the BASE model wav2vec2.0 was used. The 15 experiment consisted
in pre-training wav2vec2.0 on the Congolese Speech Radio dataset. For the second
experiment wav2vec2.0 was finetuned in two scenarios: fine-tuning of the pre-trained
model on four Congolese languages on Linguala Read Speech Corpus and fine-tuning
of XLSR-53 and XLS-R multilingual models respectively on Linguala Read Speech
Corpus. The tools used are HuggingFace and Fairseq. The best model is the multilingual
version CdWav2Vec pre-trained on Congolese Speech Radio corpus and fine-tuned on
Linguala Read Speech Corpus which obtains a WER score of 21.4%. The results prove
that the pre-trained multilingual models show better performance than the monolingual
ones. This is due to the richness of the representation of close languages which is
transferable to target languages close to the source languages.

4 Conclusion

We reviewed the history of automatic speech recognition starting from traditional sys-
tems requiring the implementation of several models such as the acoustic model, then
the phonetic model and finally the linguistic model. We have seen that these systems
have limitations that so-called “End-to-End” systems try to simplify thanks to the devel-
opment of neural networks. Nowadays, state-of-the-art models tend to offer multilingual
approaches in order to model the largest possible number of spoken languages which is
around 7000 [68] and, to allow illiterate people to be able to interact with all kinds of
application from their native languages. Our future work will mainly focus on African
languages, considered as low-resources due to the scarcity of their digitized data in order
to allow people speaking African languages to be able to interact with digital services
specifically related to financial sector.
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