A I-Noor Journal for Information Technology and Cybersecurity, VVol.2, No.1, 2025 (19-22)

ISSN: 3078-5367 DOI: https://doi.org/10.69513/jncs.v2.il.a3

Al-Noor Journal for Information
Technology and Cybersecurity

https://jncs.alnoor.edu.ig/

Self-Supervised Learning for Speech Recognition: A Comprehensive
Review

1| Alzainalaabdin , 2@ 'F Alzedawi

@

! Department of Computer Sciences, College of Computer Sciences and Mathematics, University of Mosul

Article information Abstract

Article history:

Received March, 15,2025
Revised May, 20, 2025
Accepted June, 20, 2025

Keywords:

Speech Recognition
Unlabelled Data

SSL Methodologies
Machine Learning in Speech

Correspondence:

Ibrahim Alzainalabdin
ibrahim.24csp33@student.uomosul.edu.iq

The rapid advancement of self-supervised learning (SSL) techniques has
significantly impacted the field of speech recognition, enabling models to leverage
vast amounts of unlabelled data. This review provides an in-depth analysis of
various SSL methodologies, comparing their effectiveness and applicability in
speech recognition tasks. By examining key studies and their findings, we aim to
highlight the strengths and limitations of different approaches, offering insights into
future research directions.
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Introduction

Speech recognition technology has evolved from
traditional methods reliant on handcrafted features to
sophisticated deep learning models capable of learning
directly from raw audio data. The challenge of
acquiring labeled datasets has prompted researchers to
explore self-supervised learning as a viable solution.
SSL allows models to learn from unlabelled data,
significantly reducing the need for extensive
annotation while improving performance across
various tasks (1). This review systematically examines
the landscape of self- supervised learning is
characterized by its ability to generate supervisory
signals from supervised learning in speech recognition,
focusing on key methodologies and their comparative
effectiveness.(Y)

2.Background on Self Supervised Learning

Self- the data itself. In the context of speech, SSL
methods often involve predicting parts of an audio
signal based on other segments (2). This can include
predicting masked audio segments or contrasting

different audio learn
representations.(¥ )

2.1Key Concepts in Self-Supervised Learning
1.Contrastive Learning: This method focuses on
learning representations by contrasting positive and
negative pairs of data instances. The goal is to pull
similar instances closer together in the representation
space while pushing dissimilar instances apart(}) .
2.Masked Prediction: Inspired by techniques used in
natural language processing, masked prediction
involves masking portions of the input audio and
training the model to reconstruct the missing parts. This
strategy encourages the model to learn rich contextual
information.(Y)

3.Clustering Techniques: Clustering methods group
audio segments based on their features, enabling the
model to learn from the underlying structure of the
data. These techniques can serve as a precursor to more
fine-tuned tasks.(¢)

3. Comparison of Key Approaches

¥,V Contrastive Learning

clips to meaningful
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Contrastive learning has emerged as a dominant
framework in self-supervised learning. In this
paradigm, the model learns to differentiate between
similar and dissimilar audio segments. The seminal
work by Chen (1). (2020) introduced the SimCLR
framework, which has been effectively adapted for
speech recognition tasks. Their research demonstrated
that data augmentations, such as time-stretching and
pitch-shifting, significantly improve the quality of
learned representations (Chen, 2020) (1). The use of
contrastive loss functions also enhances the model's
ability to distinguish between different audio segments,
leading to improved performance in downstream tasks
such as automatic speech recognition (ASR).(¥)

3.1.1 Key Studies

Chen et al. (2020) (1): Their findings indicate that
augmenting  audio  signals  through  various
transformations can enhance the model's ability to
learn robust features. They also highlighted the
importance of batch size and the number of negative
samples in the contrastive learning framework, which
directly impacts the model's performance .(})

Zhang et al. (2021) (4): This study extended the
SimCLR approach by incorporating multi-modal
inputs, showing that integrating visual information
with audio can lead to improved performance,
particularly in noisy environments. Their experiments
demonstrated that models trained with both audio and
visual data outperformed those trained with audio
alone, suggesting that multi-modal learning can
enhance the robustness of speech recognition systems
(%)

He et al. (2020) (5): In their work, the authors
introduced a framework called MoCo (Momentum
Contrast), which improves the contrastive learning
paradigm by maintaining a dynamic dictionary of
feature representations. Their approach demonstrated
superior performance on various benchmarks,
reinforcing the effectiveness of contrastive learning for
speech tasks(Y) .

Chein. (2020) (1): This study explored the use of
contrastive learning in a self-supervised manner, where
the authors developed a method for clustering visual
features and using these clusters to train models. Their
findings indicate that similar techniques can be applied
to audio data, thereby enhancing the performance of
speech recognition systems by leveraging unlabelled
data.())

Tian et al. (2020) (6): The authors presented a method
that combines contrastive learning with self-supervised
pre-training, showing that their approac vyields
significant improvements in both classification and
retrieval tasks. This reinforces the idea that contrastive
learning can effectively leverage unlabelled audio for
better representation learning (Tian, 2020)(7) .

¥, YMasked Prediction

Masked prediction has gained traction as an effective
self-supervised learning strategy. This method involves
masking portions of the input audio and training the
model to predict the masked segments, effectively
forcing it to learn contextual relationships. The
introduction of Wav2Vec 2.0 by Baevski et al. (2020)
(2) marked a significant advancement in speech
representation learning. This model demonstrated
substantial improvements across various benchmarks
by leveraging large amounts of unlabelled audio data
and utilizing a masked prediction objective.(Y )

3.2.1 Key Studies

Baevski et al. (2020) (2): Their work on Wav2Vec 2.0
highlighted the model's ability to learn from unlabelled
data by predicting masked audio segments. The authors
emphasized that the model's performance improved
significantly when fine-tuned on a small amount of
labelled data, demonstrating the potential of SSL
techniques to enhance ASR systems .(Y)

Gonzalez et al. (2021) (7): This study explored the
application of masked prediction in low-resource
languages, showcasing the adaptability of the
technique. The authors highlighted that even with
limited labelled data, models trained with masked
prediction could achieve competitive performance,
suggesting that SSL methods can be particularly
beneficial for underrepresented languages(Y)

Chen (2020) (1): In their work, the authors introduced
a model called XLSR, which utilized a cross-lingual
masked language model for speech. Their results
demonstrated that training on diverse languages using
masked prediction improved performance on ASR
tasks across multiple languages, reinforcing the
effectiveness of this approach .())

Zhou et al. (2021) (8): This study further investigated
the masked prediction framework by integrating
additional audio features, such as prosody and phonetic
information, into the learning process. Their findings
indicated that combining these features with masked
prediction significantly improved the model's ability to
capture complex speech patterns .(A)

Kahn et al. (2020) (3): The authors proposed a variant
of the masked prediction approach that incorporated
self-training techniques. Their results showed that this
combination led to enhanced robustness and improved
performance in challenging acoustic environments,
demonstrating the versatility of masked prediction
strategies.(¥)

3.3 Clustering Techniques

Clustering-based self-supervised learning methods
focus on grouping similar audio segments, enabling the
model to learn from the structure of the data (4). This
approach is particularly useful for pre-training models
on large, unlabeled datasets. Kahn et al. (8), Khan,
2020 (3) proposed a novel clustering algorithm that
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improved the efficiency of training models on large
datasets. Their research demonstrated that clustering
techniques could enhance the model's ability to learn
from diverse audio signals, leading to improved
generalization capabilities.(¥)

3.3.1 Key Studies

Kahn. (2020) (3): Their work emphasized the potential
of leveraging unlabelled audio segments to enhance
model robustness. The authors introduced a clustering-
based SSL method that significantly improved the
model's  performance on downstream  tasks,
demonstrating the effectiveness of this approach in
learning meaningful representations from unlabelled
data .(¥)

Jansen et al. (2022) (9): This research introduced a
clustering technique that further improved the model's
ability to learn from diverse audio signals. By
effectively grouping similar segments, the model
demonstrated enhanced generalization capabilities,
particularly in challenging acoustic environments. The
authors also highlighted the importance of selecting
appropriate clustering algorithms to maximize the
benefits of this approach (Jansen, 2022) .

Zhang et al. (2021) (5): This study applied clustering
techniques to enhance the performance of speech
recognition models by organizing training data into
meaningful groups. Their findings indicated that
clustering not only improved representation learning
but also reduced training time, making it a practical
approach for large-scale datasets .(°)

Bai et al. (2021) (6) : The authors proposed a novel
clustering algorithm specifically designed for audio
data, which utilized temporal coherence to improve the
quality of learned representations. Their experiments
showed that this method significantly outperformed
traditional clustering approaches in terms of accuracy
and efficiency (1)

Zhou et al. (2022) (8): This research investigated the
integration of clustering techniques with self-
supervised learning frameworks to enhance model
performance on ASR tasks. Their findings suggested
that combining clustering with SSL could lead to
improved feature extraction, resulting in better
recognition accuracy across various datasets(A)

3.4 Mutual Information-Based Approaches

Recent studies have explored the use of mutual
information (MI) as a metric for evaluating the quality
of learned representations in self-supervised learning.
The work by Schneider et al. (2020) (10)proposed a
framework for assessing the mutual information
between learned representations and target variables,
such as phonetic labels (Schneider, 2020) (10). This
approach provides a more nuanced understanding of
how well the model captures relevant information from
the audio signal.() )

3.4.1 Key Studies

Schneider et al. (2020)(10) : This study emphasized the
importance of mutual information in evaluating self-
supervised models. The authors demonstrated that
models exhibiting higher mutual information with
target variables also achieved superior performance in
downstream speech recognition tasks. This finding
suggests that optimizing for mutual information can
lead to more effective self-supervised learning
strategies .() *)

Huang et al. (2021) (11): In a follow-up study, the
authors explored the relationship between mutual
information and various self-supervised learning
objectives. They found that models trained with
objectives that maximize mutual information
consistently  outperformed those trained with
traditional loss functions, highlighting the potential of
MI-based approaches in enhancing speech recognition
performance (Huang, 2021).(1)).

Tian et al. (2020) (6): This study introduced an
approach that combines mutual information
maximization with contrastive learning. The authors
found that integrating MI maximization into their
framework improved representation quality, leading to
better performance on ASR tasks .(1)

Bach et al. (2021): Their research focused on
developing methods to estimate mutual information in
high-dimensional spaces, which is particularly relevant
for audio data. They demonstrated that accurate Ml
estimation could significantly enhance the learning
process in self-supervised models (Bach, 2021).

Cai et al. (2022) (13): This study proposed a unified
framework that incorporates mutual information as a
guiding principle for various self-supervised learning
tasks. Their findings indicated that leveraging MI in
training objectives led to improved performance across
multiple speech recognition benchmarks, reinforcing
the value of Ml-based approaches (Cai, 2021)(' ¥).

4 .Strengths and TRENGTHS and Limitations of
SSL Techniques

While self-supervised learning has shown promising
results, it is essential to consider its strengths and
limitations.

4.1Strengths

1.Data Efficiency: SSL significantly reduces the need
for extensive labeled datasets (2). This is particularly
beneficial in scenarios where labeled data is scarce or
difficult to obtain.(¥)

2.Robustness: Models trained with SSL techniques
tend to generalize better to unseen data, especially in
challenging acoustic environments. This robustness is
critical for real-world applications where noise and
variability are prevalent.(%)

3.Scalability: Self-supervised learning methods can be
scaled to utilize vast amounts of unlabeled data,
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enabling the development of more capable models
without the bottleneck of labeling.(Y)

4.2Limitations

1.Complexity of Implementation: The design and
tuning of SSL models can be complex (2). Selecting
appropriate  hyperparameters and augmentation
strategies requires careful consideration.(V)
2.Dependence on Data Quality: The effectiveness of
SSL techniques can be heavily influenced by the
quality of the input data. Noisy or poorly recorded
audio can hinder model performance and limit the
benefits of self-supervision.()) ,V)

3.Training Time: SSL methods often require
substantial computational resources and time for
training. This can be a limiting factor for researchers
and practitioners with limited access to high-
performance computing resources (He, 2020)(°) .

5 .Future Directions

As the field of self-supervised learning for speech
recognition continues to evolve, several avenues for
future research emerge:

1.Hybrid Models: There is a growing interest in
exploring hybrid models that combine self-supervised
learning with traditional supervised learning
approaches. By leveraging the strengths of both
methodologies, researchers can develop more robust
and efficient models.(1Y)

2.Multi-Modal Learning: The integration of multi-
modal data—such as combining visual cues with audio
signals—may enhance model performance further.
Exploring how different modalities interact could yield
richer representations and improve recognition
accuracy.(1)

3.Low-Resource Languages: Continued research into
self-supervised learning techniques for low-resource
languages is crucial. Developing methods that can
effectively learn from limited labeled data will help
bridge the gap in speech recognition capabilities across
languages.(V)

4.Real-Time  Applications:  Investigating  the
application of self-supervised learning in real-time
speech recognition systems is another promising
direction. Enhancing the efficiency and speed of these
models will be essential for practical deployments.(®)
5.Interpretability: As models become more complex,
understanding their decision-making processes is vital.
Future research should focus on developing methods to
interpret and explain the behavior of self-supervised
learning models in speech recognition.(1Y)

6 .Conclusion

Self-supervised learning has revolutionized the field of
speech recognition by providing innovative solutions
to longstanding challenges. By harnessing the power of
unlabelled data, researchers have developed robust
models that perform well across various conditions.
This review has highlighted key methodologies, their

comparative effectiveness, and potential future
advancements in the field. Continued exploration in
self-supervised learning promises to yield even more
sophisticated and effective speech recognition systems
that can address the diverse needs of users worldwide.
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