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For deep supervised learning algorithms to work well, a lot of 

labeled data is usually needed. However, gathering and classifying 

this kind of data may be costly and time-consuming. A subclass of 

unsupervised learning called self-supervised learning (SSL) seeks to 

cutting discriminative features from unlabeled data without the need 

for human-annotated labels. Recently, SSL has attracted a lot of 

attention, which has prompted the creation of many associated 

algorithms. Comprehensive studies that clarify the relationships and 

development of various SSL variations are scarce, nonetheless. 

Automatic speech recognition (ASR) has advanced significantly in 

recent years thanks to a variety of deep learning methods. Since deep 

learning methods rely heavily on data, a variety of online speech 

datasets are also covered in detail. We included each aspect that 

could affect an ASR's performance in our investigation. Therefore, 

we hypothesize that this work is a suitable place for scholars 

interested in ASR research to start. 
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1. INTRODUCTION 

Deep learning techniques have significantly improved speech processing over the last ten years, 

opening up a wide range of practical uses. Advances in labeled-data-rich environments were powered 

by supervised DNN training [1]. To avoid labeled datasets, the researchers used unpaired audio data, 

allowing for novel industrial speech applications and supportive low-resource languages [2]. Scientists 

aim to create speech representations from raw waveforms and spectral signals that contain low-level 

acoustic actions, lexical information, and higher-level syntactical and semantic evidence, drawing 

motivation from how kids acquire their original language concluded passive listening and 

environmental interaction The target downstream applications that require the least amount of labeled 

data are subsequently utilized with these learnt representations [3]. Latent features that capture 

essential elements of inputs are extracted via representation learning algorithms [3]. Unsupervised 

learning refers to machine learning procedures that seek intrinsic patterns in training information 

without using predefined labels or supervisory signals. Representation learning is widely recognized as 

a subcategory of it [4]. Examples of such methods include mixture models and k-means clustering. 

(SSL), a rapidly evolving subset of unsupervised learning, creates task-relevant representations by 

extracting supervisory labels directly from the input data. Concentrate on self-supervised learning 

strategies in this review. Figure 1, an example of a downstream application is automatic speech 

recognition (ASR). 
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Figure 1. Framework of SSL. 

Self-supervised illustration learning is depicted in Figure (1) with respect to downstream uses. This 

framework consists of two levels. A representation model, also known as an upstream model, is first 

pre-trained using self-supervised learning (SSL). This then involves either supervised tuning the entire 

pre-trained model or extracting its frozen representations for later tasks [5].  

Owing to SSL's widespread use, assessments of the technique in general [6] and its applications to 

computer vision (CV) [23] and Natural Language Processing (NLP) [7] have been published. 

Nevertheless, SSL for speech processing is not the subject of any of these summaries. Many theories 

and solutions have been created to handle the particular issues of speech because the speech signal is 

very different from image and text inputs. Recent advances in self-supervised learning are not covered 

in one article, which discusses about deep learning model-based speech representation learning [8]. 

This serves as the inspiration for this speech SSL overview. 

The rest of the paper  is present in the following: Section 2, SELF-SUPERVISED LEARNING 

STRUCTURES. Section 3, SPEECH RECOGNITION SYSTEM. Section 4, SELF-SUPERVISED 

LEARNING APPROACHES. Section 5, CRITICAL SPEECH APPLICATIONS BEYOND ASR. 

Section 6, EXPERIMENTS RESULTS. Section 7, DISCUSSION, LIMITATIONS, AND FUTURE 

WORKS. Finally, Section 8, CONCLUSIONS. 

2.SELF-SUPERVISED LEARNING STRUCTURES 

2.1. Generative approaches: 

2.1.1. Motivation: The primary pretext problem in this domain is to recreate the data from a 

constrained or altered perspective. Examples include forecasting future segments based on prior 

context, retrieving masked sections, and restoring the original from a distorted transformation. In this 

article, "generative" used to describe models whose primary goal is to target the original input, as 

opposed to generative models trained to select unique data instances. 

2.1.2. Approaches: 

2.1.2.1. Autoencoding: have been essential for discovering distributed latent sensory data 

representations then their inception in the mid-1990s. Autoencoders (AEs) consist of an encoder-

decoder pair tasked with input reconstruction. Common variants enforce a latent bottleneck by limiting 

hidden units below input dimensionality.  

As a result, the model is forced to discard low-level input and is discouraged from learning trivial 

solutions. To further enhance the quality of the learnt representations, further models regularize the 

latent space. For example, denoising autoencoders (DAE) reconstruct from noise-corrupted input to 

learn latent representations [9]. The variational autoencoder with discrete latents is extended by the 
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vector-quantized variational autoencoder (VQ-VAE) [10], [11]. It prioritizes important features, such 

as phonemes, above noise by quantizing the encoder output, ht, to a codebook vector for the decoder; 

non-differentiable gradients are handled using straight-through estimation.  This is accomplished in the 

VQ-VAE by utilizing a straight through estimator [12], which assumes that the gradients are equal for 

the decoder input and the encoder output. To obtain the quantized version qt of ht, use a pre-learned 

codebook 𝐴 ∈ 𝑅K×D,  with K entries and each vector ak of dimension D  

qt = ak, where k = argj  
 min ||ht − aj||2

         (1) 

The output xt is subsequently produced by the decoder 𝑔(·) using qt  as input. An auxiliary loss with 

two components, similar to classical VQ dictionary learning, aids in codebook refinement. One term 

provides gradients to direct codebook vectors ak toward non-quantized inputs ht while a commitment 

term—optimized solely by the encoder—constricts these inputs near codebook entries to prevent 

unbounded expansion. The whole VQ-VAE loss is: 

ℒ = log   p(xt|qt)⏟        
encoder+decoder

+ ‖sg[ht] − A‖2
2⏟        

codebook

+  β ‖ht − sg[A]‖2
2

⏟        
encoder

   ,    (2) 

Wherever, the stop-gradient operator is represented by 𝑠𝑔[𝑥]  =  𝑥 and 𝛽 is a scalar hyperparameter. 

Note that broadcasting is implicitly applied in Equation (2) via the subtraction of a vector from a 

matrix. These learned discrete representations prove valuable for applications likes conversion of 

speaker and effectively seize high-level speech data tied to voices [13].  While unique to VQ-VAE, 

vector quantization has been broadly adopted in SSL for pretext task targets and regularization. 

2.1.2.2. Autoregressive prediction: APC is based on autoregressive text LMs, which forecast next 

characters based on past context [14]. The encoder f(·) first processes the input series X[1,t]  to generate 

latent representations H[1,t]. A decoder head, g(·), predicts xt+c,, where c ≥  1, from the H[1,t]  latent 

vector, where c represents prediction steps. Encoder f (·) and decoder g (·) together minimize x̂t+c  = 

g(ht ) and ground xt+c. APC formula: 

H[1,t] = f(X[1,t]) ,                (3) 

x̂t+c  = g(ht )   ,                    (4) 

ℒt = ‖x̂t+c − xt+c‖1 .         (5) 

c = 1 when employing autoregressive text LMs.On the other hand, adjacent frames are identical due to 

the smoothness of auditory waves. Learning "slow" features that span several frames is frequently 

required for downstream activities [15]. In TIMIT, phonemes average 0.07 seconds vs 0.01-second 

spectrogram frames xt, making single-frame prediction straightforward; the original APC employs (c = 

3) effectively. 

Generates past and future frames from previous context, extending APC to multi-target training [16]. 

Quantization is employed with the APC aim in VQ-APC [17] . The fact that APC only encodes data 

from earlier timesteps rather than the complete input is a disadvantage. By merging the bidirectionality 

of ELMo with the reconstructive goal of APC, DeCoAR addresses this problem and allows encoding of 

complete the input information [18]. It encodes x1+t using a forward LSTM f1(·) and 

X[t+k,T ] , wherever k >  1, using a backward LSTM f2(·)  . 

H[1,t] = f1(X[1,t]) ,                         (6) 

h[t+k,T ]
` = f2(X[t+k,T ]),                 (7) 

x̂[t+1,t+k−1 ] = g(ht , ht+k
` ).           (8) 

The concatenation of ht and ht
`  serves as the input feature vector for the subsequent tasks. 

2.1.2.3. Masked Reconstruction: is a major source of inspiration for masked reconstruction from 

BERT [19] . Some elements in the given sentences are hidden during BERT pre-training by 
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substituting them at random with either another input token or a learned masking token. Next, using the 

no masked tokens, the model learns to recreate the Some elements. Similar pretext tasks for pre-

training speech encoders to learn complete contextual representations have been studied recently, 

similar to the DeCoAR model. From a high-level standpoint, masked reconstruction models' training 

phase could be expressed as 

H = f(m(X)),               (9) 

x̂t = g(ht),                   (10) 

ℒt = ‖x̂t − xt‖1 .         (11) 

A stochastic masking rule, which will be covered in more detail below, is defined by the function m(·

).The function f(·) is naturally a Transformer encoder, RNNs used too [20]. A prediction head is the 

decoder. Lastly, to deter the model from learning an distinctiveness planning, the Loss ℒt  for hidden 

time steps only. Frames can be treated as tokens when using NLP masking for speech, BERT-style 

masking has been utilized for speech pre-training [20]. However, domain-specific features are crucial 

for audio data, thus simply adapting from NLP is insufficient. 

• Each token is randomly and independently masked under the normal BERT masking strategy. 

Masking a single frame, however, is a simple reconstruction process for speech. Because audio signals 

are smooth, models might learn to recover the masked frame by simply interpolating nearby frames. As 

a result, masking segments of successive frames is typical [20].  

• pMPC chooses masked speech frames affording on phonic segmentation within an sound, as opposed 

to masking a predetermined number of successive frames [21]. 

• Spectral information makes it possible to mask speech along the frequency dimension as well, even 

though the majority of research only mask inputs along the temporal dimension [21]. It has been 

demonstrated that frequency masking enhances speaker classification representations [21]. Alternatives 

to directly concealing the input are investigated in some investigations. Masked convolution blocks are 

used to introduce time masking in (NPC) [22]. Some methods, inspired by XLNet[23], Reconstruct 

shuffled input to align masking pre-training with fine-tuning.Masked reconstruction techniques can be 

further enhanced by regularization techniques. It has been demonstrated that vector quantization, which 

is used in DeCoAR 2.0 [24], enhances the learned representations. Additionally, the TERA model 

introduces two dropout regularization techniques: layer dropout and attention dropout. 

2.1.2.4. More Generative Approaches: Numerous research have investigated the reconstruction of 

goals obtained from the input in addition to the autoregressive and masked reconstruction tasks covered 

above. PASE and PASE+ targets include prosody features, MFCCs, log power spectrum , and 

waveform [26]. Other methods use  phase, gaps , and   future/past spectrograms  for short-speech 

embeddings [27]. 

2.2. Contrastive approaches: 

2.2.1. Motivation: Speech has a lot of interconnected elements, as was previously mentioned. 

Therefore, finding contextualized latent variables of variation may not be best achieved by directly 

modeling speech. Contrastive models distinguish between positives and negatives vs. anchors, 

minimizing positive distances while maximizing negative ones. The fields of computer vision and 

machine learning have made substantial use of this strategy [28]. 

2.2.2. Techniques 

2.2.2.1. Contrastive Predictive Coding (CPC)  

CPC exemplifies contrastive learning model [29]. Anchors ht   use context up to timestep t, while 

positives/negatives come from localized representations zt   trained cooperatively. 

Z = f1(X),              (12) 
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ht = f2(Z[1,t]),      (13) 

ẑt,k = gk(ht ),      (14) 

gk is a stepwise transformation, f1(·) a CNN for restricted interested field in X, and f2(·) restricted 

conditions  ht only on prior timesteps Z[1,t] .The distance between learned representations zt  and 

projections of the contextualized representation ẑt is measured by the loss function. The methodology 

is comparable to earlier research on Noise-Contrastive Estimation (NCE) [30].  Maximize (ht  and zt ) 

lower bound (and thus xt ) is equivalent to the loss, called InfoNCE.  

ℒt,k = − log (
exp(ẑt,k

T zt+k )

∑ exp (ẑt,k
T zn )n~D

).         (15) 

In this case, D is a set of indices that includes Negatives were sampled from the suggestion distribution 

(uniform over set {1, … .… , 𝑇}  + target index 𝑡 +  𝑘), resulting in same-sequence sampling, which has 

been demonstrated to perform well in phoneme classification [29]. To demonstrate that CPC uses 

various projection layers to target multiple offsets, the loss is denoted by k. For phoneme classification, 

k = 12 works efficiently .The CPC method is extended by the wav2vec model [31], which uses distinct 

parameterizations for the functions f1(·) and f2(·).Additionally, it adjusts the loss to take into account a 

binary forecast task, so: 

ℒt,k = − log(σ(ẑt,k
T zt+k )) −∑ log(σ(−ẑt,k

T zn ))
n~D

.         (16) 

where the sigmoid function is denoted by σ. 

2.2.2.2.wav2vec 2.0: Minimize contextualized-quantized distance, combining masking and contrastive 

learning using the InfoNCE loss [29], same like the CPC model. It is receiving a waveform as input to 

employs a convolutional feature encoder and a transformer network. The transformer input masked 

convolutional features as shown: 

Z = f1(X),              (17) 

H = f2(m(Z)),      (18) 

qt = gk(zt ),         (19) 

Now, f1(·) is a CNN with a constrained receptive field, f2(·) is a transformer encoder, m(·) defines a 

masking policy once more, and g(·) is a quantization module that forms discrete targets from Z using a 

Gumbel softmax [32] with a straight-through estimator. 

The quantized vector at the same time step, qt is selected as the positive sample in wav2vec 2.0, 

Negatives, on the other hand, are taken from different masked time steps. Only at masked time steps 

are anchors taken to be ht. 

Interestingly, while sampling negatives, quantized targets enable the exclusion of the class of the 

positive example qt . The loss is: 

ℒt = − log (
exp(Sc(ht, qt))

∑ exp(Sc(ht, qt))n~D

),         (20) 

anywhere D includes t and the guides sampled from additional concealed time steps, and Sc(·) is the 

cosine similarity. 

Wav2vec 2.0 associations two methods to learn good codebooks because the quality of the quantization 

determines the quality of the learnt representations. First, wav2vec 2.0 uses a technique known as 

Product Quantization (PQ) to concatenate quantized representations from several codebooks at each 

time step [33]. Additionally, an auxiliary term that promotes equitable use of all codebook entries is 

included to the training loss. On all Librispeech and Libri-light subsets, the wav2vec 2.0 method was 
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the first to achieve singledigit WER. The wav2vec-C extends wav2vec 2.0 by adding a consistency loss 

term to reconstruct input features from quantized representations (like VQ-VAE) [34].  

 

2.3. Predictive approaches  

         Predictive techniques generate a probability distribution across a discrete vocabulary for masked 

parts of an input phrase, in contrast to generative representation learning techniques. Model learns 

strong unmasked representations to predict masked targets, as loss applies only to masked regions. 

These methods are inspired by: 

 The effectiveness of BERT-like models in natural language processing [19], which develop 

contextual representations by combining data from different time steps. 

 Self-supervised visual learning using the Deep Cluster technique [35]. 

2.3.1. Approaches 

2.3.1.1. Discrete BERT 

       DiscreteBERT[110] converts BERT to speech  with a fixed ~13.5k-code vocabulary from 

contrastive vq-wav2vec [105] using LibriSpeech. 

 Method: Extract discrete units from frozen vq-wav2vec, then train BERT using only masked 

prediction loss. 

 Evaluation: Following Libri-Light policy [36], fine-tuning employs balanced LibriSpeech subsets 

(10 min, 1 hr, 10 hr) plus the 100 hr-clean partition, achieving 25% WER on test-other with only 10 

min fine-tuning—pioneering self-supervised speech learning. 

2.3.1.2. HuBERT 

        Unlike DiscreteBERT, the Hidden Unit BERT (HuBERT) technique [37] leverages traditional k-

means clustering on MFCC characteristics to discretize continuous speech inputs. 

2.3.2. Key Design 

 Processes raw waveforms or log-mel features directly while maintaining all speech information. 

 Predicts k-means cluster assignments for masked continuous features. 

Construction: Like to wav2vec 2.0, it uses a convolutional encoder for waveform input, with masking 

applied before the transformer (Equations 17-18).HuBERT directly calculates the cross entropy loss 

between the foretell and correct clusters because targets are pre-calculated k-means cluster identities. 

Loss applies to both ℒmand unmasked ℒu   timesteps, as opposed to contrastive approaches that need 

negative examples to prevent minor results. 

ℒm =∑−log p(ct| X) ,

t∈M

         (21) 

ℒ = αℒm + (1 − α)ℒu  ,       (22) 

In this equation, ct represents the k-means cluster of timestep t, M represents all masked timesteps, and 

ct is calculated by summing over t ∈ M, similar to ℒm.This requires the computer to learn auditory and 

language modeling from continuous inputs: first, mapping unmasked frames to meaningful latent 

representations (basic acoustic modeling), and then capturing long-range temporal relatives to decrease 

error of predicting. An important finding is the relevance of target consistency, rather than just 

correctness, which allows for a focus on input sequence structure. 

HuBERT uses its representations to refine targets: k-means quantizes latent for a second iteration after 

initial training. Stability is ensured by alternating masked prediction and clustering; two iterations 

match or surpass SOTA on LibriSpeech/Libri-Light (high/ultra-low resource). By simultaneously 
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optimizing wav2vec 2.0 contrastive + HuBERT veiled losses, w2v-BERT [108] achieves a WER 

decline of 5–10% on LibriSpeech test-clean/other and >30% on in-house search compared to baseline. 

2.3.3. WavLM: Based on the HuBERT SSL foundation, it prioritizes speaker preservation and spoken 

material [38]. enhances self-attention with content-gated relative position bias, outperforming 

HuBERT/wav2vec 2.0 convolutions in recognition. Gates adjusts bias according to the substance of the 

speech (different roles for speech offsets and quiet). 320 bucketing for offsets; shared embeddings 

between layers. WavLM uses utterance mixing to handle multi-speaker jobs with less than 50% overlap 

from the same minibatch, with the main speaker as the target. Trained on 94k hours of audio. SOTA on 

SUPERB separation/verification/diarization outperforms HuBERT/wav2vec 2.0 in all ten tasks, 

matching ASR [76]. 

2.3.4. data2vec: Inspired by EMA teachers in vision SSL, predicts [39] continuous contextual latents  

yt from masked inputs—generated via EMA teacher encoding unmasked inputs (top-k instance-

normalized transformer blocks)[40]. Smoothed L1 loss is used to stabilize outliers and gradients [41]: 

ℒ(yt , ht  ) = {

1

2
 (yt − ht)

2 β ,   |yt − ht| ≤ β⁄  

|yt − ht| −
1

2
β , otherwise

,          (23) 

ht Like wav2vec 2.0/HuBERT. First multimodal SSL (speech, vision, and text) with competitive 

results across modalities. 

3.SPEECH RECOGNITION SYSTEM 

Speech has been a vital tool for human communication for antiquity. Speech recognition is the process 

of either identifying the speaker or translating spoken words into text. Because to the growing 

connectivity among humans and automatic systems or computers, technology has evolved over time to 

become a vital and fundamental aspect of our way of life [42]. The main word recognition structure 

accomplished to identify records was developed at Bell Laboratory in 1952 [43]. Speaker-dependent 

systems, isolated/connected word recognizers, and spontaneous recognition are examples of popular 

speech recognition systems. Major advancements have been fueled by the long-standing desire for 

voice interfaces, although issues with speech's subjective nature—primarily speaker variance, 

background noise, and continuous flow—remain. Performance is most negatively impacted by noise, 

whether it be ambient (such as traffic) or speaker-related (such as coughing). The system is separated 

into front-end and back-end components in Figure 2. 

 

 

 

 

 

 

 

 

 

 

Figure 2. The Short Version of Speech Recognition Systems [44]. 
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3.1. Front End: Speech Pre-processing & Feature Extraction 

In this stage, the raw acoustic signal is cleaned and converted into a digital format. Speech Pre-

processing involves noise reduction and normalization to enhance signal quality. This is followed by 

Feature Extraction, where the system identifies key acoustic components (like MFCCs). Recent 

advancements in Self-Supervised Learning (SSL), such as the Wav2Vec 2.0 framework, have 

revolutionized this stage by allowing the system to learn powerful speech representations even from 

unlabeled data [45]. 

3.2. Back End: Speech Classification 

This is the "intelligence" layer where the extracted features are mapped to linguistic units. While 

traditional systems used Hidden Markov Models (HMM), modern Speech Classification relies on End-

to-End (E2E) architectures and Transformers. These models, like OpenAI Whisper, use massive-scale 

weak supervision to achieve human-level accuracy across various languages and noisy environments 

by processing the entire sequence at once [46]. 

3.3. Output: Text Generation 

        The final stage converts the classified patterns into readable text. Current high-tech systems utilize 

Conformer models (Convolution-augmented Transformers), which combine the benefits of CNNs for 

limited features and Transformers for global context, ensuring high precision in the final text output 

[47]. 

4.SELF-SUPERVISED LEARNING APPROACHES 

        Several datasets that provide speech labels have also been employed in the development of SSL 

methods, the data is divided into several categories based on pre-training datasets only, datasets used 

for pre-training and testing only, datasets utilized for testing only, and datasets used for evaluation 

only. 

4.1. Datasets For pre-training 

           Libri-light (LL) ,SNR, speaker ID, and genre labels are attached to 60k hours of English speech 

in the LibriLight (LL) collection, which is derived from LibriVox audiobooks [36]. With over 2 million 

10-second YouTube throughout 632 audio events, pre-training has also made use of AudioSet [48], 

producing 2.5k hours of multilingual audio in different quality, frequently with numerous sound 

sources.AVSpeech, another sizable audio-visual dataset for SSL study, AVSpeech, with 4.7k hours of 

multilingual video. Its 3,100-hour audio subgroup, which included clips with a visible face, single-

speaker audio, and little background noise, taught audio-only representations [49].The Fisher 

corpus,using 1,000 hours for pre-training, VoxPopuli collects more than 2,000 hours of conversational 

phone speech [50]. Amazon's 10,000 hours of practical far-field English commands are an example of 

industrial initiatives. Didi's datasets provide 10,000 hours of spontaneous calls (Didi Callcenter) and 

read speech (Didi Dictation) for Chinese [51]. 

4.2. Datasets For  pre-training and testing : 

          LibriSpeech (LS), 960 hours of read English speech from open-source audiobooks are available 

in LibriSpeech (LS) [49], a well-known labeled dataset. For training, validation, and testing, it contains 

subsets such as train-clean-100/360, train-other-500, dev-clean/other, and test-clean/other. (WSJ), 

another major labeled corpus, supports ASR assessment with subsets such as si284 (81 hours) for 

training, dev93/eval92 for validation/testing, and si84 (15 hours) for training. For pre-training and 

evaluation, researchers employ MLS (50k hours/8 European languages from LibriVox), VP (400k 

hours/23 languages of parliamentary discourse), and BBL (1k hours/17 Asian/African languages) [52]. 

Key labeled datasets for evaluation include: GigaSpeech [53] (33k hours multi-domain English from 

YouTube/podcasts/audiobooks; 10k transcribed), TED-LIUM 3/2 [54], [55] (118 hours TED talks), 

Switchboard [56] (260 hours two-way calls), TIMIT [57] (read American English with word/phone 
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transcriptions), and VoxLingua107 [57] (6.6k hours/107 languages for LID). Beyond evaluation, these 

corpora improve pre-training by increasing representation generalizability. 

4.3. Datasets For Evaluation: 

          SSL is assessed using traditional speech processing benchmarks in addition to the previously 

described datasets. Evaluating ASR representations  efficacy, studies use DIRHA, Hub5, and CHiME-

5.Hub5, Forty transcribed English phone calls are included in the Hub5 evaluation (commonly known 

as the NIST 2000 Hub5 test set) solely for testing.DIRHA ,Distant-speech Interaction for Robust Home 

Applications, or DIRHA [58], is a database made up of phonetically rich sentences, speech of 

instructions and keywords, and utterances selected from the Wall Street Journal. English speakers from 

the US and the UK read these statements, which are then captured using microphone arrays. CHiME-

5,A challenge called CHiME-5 [59] includes a dataset of natural conversational speech that was 

gathered using microphone arrays during a dinner party with the goal of advancing robust ASR. In 

order to train and assess the model, Additionally, a 1,000-hour audio corpus was gathered and 

transcribed by Amazon Alexa researchers. 

Additionally, researchers use the, INTERFACE is an expressive speech database in French, Spanish, 

Slovenian, and English that includes fear, joy, sadness, anger, contempt, surprise, and neutral sentiment 

analysis representations [60]. MOSEI (Multimodal Opinion Sentiment ^ Emotion Intensity) annotates 

65 hours of YouTube videos with sentence-level sentiment using INTERFACE-like emotion categories 

(replacing joy with happy) [61].LS EnFr In order to train and assess English-French machine 

translators, It adds parallel French translations to already-existing monolingual English utterances from 

the LS dataset [62].CoVoST-2, a trilingual speech translation benchmark with around 2,900 hours of 

audio data, was developed from Common Speech. It allows translation between 21 basis languages and 

English and between English and 15 target languages [63]. The ALFFA project3:In order to support the 

advancement of speech technology in Africa, the ALFFA project3 gathers speech in four African 

languages: Amharic [64], Fongbe [65], Swahili, and Wolof [66]. In order to assess SSL's cross-

linguistic generalizability, the authors of the same article [67] further choose 21 phonetically varied 

languages from OpenSLR. 

4.4. Evaluating of Self-Supervised Learning 

One widely adopted approach in the ground of self-supervised learning (SSL) for assessing the 

transferability and generalization of pre-trained models involves fine-tuning these models on labeled 

downriver tasks. This paradigm allows researchers to rigorously evaluate how well representations 

learned from unlabeled pre-training data adapt to specific supervised applications. The specific 

evaluation protocols vary based on the choice of pre-training and fine-tuning datasets, typically 

focusing on one or more of the following benchmarks: (1) cross-dataset knowledge transfer, where 

models pre-trained on one corpus (e.g., large-scale unlabeled audio data) are fine-tuned on entirely 

different downstream datasets to test domain generalization; (2) few-shot learning performance, which 

measures efficacy when fine-tuning uses only a small subset of labeled examples from the target task; 

or (3) superiority relative to fully supervised baselines, achieved by comparing SSL models against 

systems trained from scratch using the complete available labeled training data. 

Table 1 delivers a complete abstract of the experimental setups commonly reported in the SSL 

literature. This includes details on the pre-training corpora (e.g., scale, diversity, and domain of 

unlabeled data), the downstream tasks and corresponding datasets (e.g. automatic speech recognition 

on LibriSpeech or emotion recognition on multimodal sets), and the quantity of labeled data utilized 

during fine-tuning which directly aligns with the targeted benchmarking scenario (cross-dataset, few-

shot, or supervised baseline). Importantly, fine-tuning pre-trained networks offers flexibility across 

multiple strategies: for instance, updating all layers end-to-end for maximal adaptation; freezing early 

layers (e.g., convolutional feature extractors) to retain low-level representations while adapting higher 

layers; or appending task-specific prediction heads, such as linear classifiers or more complex 

transformer-based decoders, atop the frozen backbone. 

TABLE 1. An overview of typical experiment configurations for different SSL assessments. 
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Work Pre-training corpus 

Dataset 

Fine-tuning labels 
Training Fine-

tuning 

 Test 

vq-wav2vec + 

DiscreteBERT  

LS 960 hrs LS 100 hrs LS test-clean, 

LS test-other 

10 mins, 1/10/100 

hrs 

BMR WSJ si284,  

LS 960 hrs 

WSJ si284 WSJ eval92 81 hrs 

wav2vec-c  Alexa-10000 Alexa-eval Alexa-eval 1000 hrs 

MPE 

WSJ si284,  

LS 960 hrs 

WSJ si284 WSJ eval92 25/40/81 hrs 

  LS 100/360/960 

hrs 

LS test-clean 100/360/960 hrs 

HuBERT  LS 960 hrs, 

 LL 60k hrs 

LS 960 hrs LS test-clean, 

LS test-other 

10 mins, 

1/10/100/960 hrs 

wav2vec 2.0  
LS 960 hrs, 

LL 60k hrs 
LS 960 hrs 

LS test-clean, 

LS test-other 

10 mins, 

1/10/100/960 hrs 

MPC  

Didi Callcenter,  

Didi Dictation,  

Open Mandarin 

HKUST HKUST 168 hrs 

AISHELL-1 AISHELL-1 178 hrs 

SWB, 

Fisher 1k, 

LS 960 hrs 

SWB Hub5’00 260 hrs 

DeCoAR 2.0  LS 960 hrs LS 100 hrs LS test-clean, 

LS test-other 

1/10/100 hrs 

 

frequently utilized pre-training datasets. Pre-training on large datasets has become a key industry focus, 

exemplified by wav2vec 2.0 [68] leveraging LibriLight (60k hours), modified CPC [69] utilizing LL 

(60k hours), HuBERT [37], Bidir-CPC[67] trained on CPC-8k (8k hours), MPC [51] employing Didi's 

internal corpora (10k hours), and wav2vecc utilizing Alexa's internal datasets (10k hours). As the 

amount of computer power available increases, we anticipate that this tendency will continue. While 

Chinese [51] and multilingualism [67] are also receiving attention, the majority of research focuses on 

learning representations for English. The diversity of fine-tuning datasets is higher than pre-training 

corpora. The number of labeled instances utilized for fine-tuning ranges from a few minutes to 

thousands of hours, supporting benchmarking scenarios from highly resource-constrained 

environments to fully supervised settings. 

5. CRITICAL SPEECH APPLICATIONS BEYOND ASR  

          Aside from ASR, critical speech applications include emotion detection utilizing vocal cues, 

spoken language understanding for direct intent extraction from audio, voice conversion for timbre 

alteration, and paralinguistic speaker identification using attributes such as age and gender [70]. These 

facilitate advanced interactions in mental health, assistants, privacy, and multi speaker settings, with 

scholarly papers outperforming in low-resource and noisy environments [71]. 
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 6. EXPERIMENTS RESULTS  

          This survey covers many experimental scenarios since self-supervised learning (SSL) algorithms 

are evaluated using a variety of datasets and downstream tasks. We first concentrate on automatic 

speech recognition (ASR) on LibriSpeech (LS) and more due to their extensive use. The table below 

provides an overview of word error rates (WER) on the test-clean split, where models were pre-trained 

unsupervised on unlabeled speech and subsequently refined supervised on labeled data. 

Table 2. Overview For Pre-Train and Fine-Tune Datasets 

Model Dataset Pre-train Fine-tune WER test-clean/other 

wav2vec 2.0[72] LibriSpeech 960h LS 100h 3.5% / 7.2% 

HuBERT LibriSpeech 960h LS 100h 3.0% / 6.5% 

WavLM[73] LibriSpeech 960h LS 100h 2.8% / 6.0% 

Data2Vec2.0 [72] LibriSpeech 960h LS 100h 3.2% / 6.8% 

wav2vec 2.0[73] Common Voice 60k hrs 10h 15.2% / - 

WavLM TED-LIUM 3 960h LS 100h 8.1% / - 

HuBERT[74] VoxPopuli (EN) XLS-R 100k 10h 12.5% / - 

Data2Vec Switchboard 960h LS 100h 4.4% / - 

 

The above table illustrates low WER scores across several datasets  on SSL for speech recognition , 

emphasizing the superiority of models such as WavLM and HuBERT in low-resource conditions 

following significant initial training [75]. 

Analysis of results by model , Wav2vec 2.0 achieves a 3.5% WER score on LibriSpeech test-clean with 

100 hours of fine-tuning,  but rises to 15.2% on Common Voice due to linguistic diversity; this reflects 

its strength in pure English with a need for cross-lingual enhancements. HuBERT outperforms LS by 

3.0% and VoxPopuli by 12.5%, thanks to its intermediate layers that enhance general representations. 

WavLM stands out as the best, with a 2.8% improvement over LS and 8.1% over TED-LIUM, 

handling noise and domain transitions 10-15% better than its competitors. Data2Vec 2.0 comes close, 

with a 3.2% improvement over LS and 4.4% over Switchboard, benefiting from integration with vision 

technologies [72]. 

These results verify that, when compared to self-training, SSL with models with more than one billion 

operators lowers WER by 20–50% in low-resource contexts, especially across more than five datasets 

including LS, Common Voice, and VoxPopuli. This facilitates the development of low-resource 

languages. For best results, studies suggest ensemble training or integration, with a focus on initial 

training of up to 60,000–100,000 hours for effective generalization [73]. 

7. DISCUSSION, LIMITATIONS, AND FUTURE WORKS 

        In this survey, talk about every experiment setting. For almost 80 years, speech recognition 

technology has been developed, and for nearly as long, it has been considered as an alternate access 

option for people with impairments. Because of their widespread use in SSL trials, we concentrate on 

ASR on the LS dataset to comprehend SSL's effectiveness.  The ASR models were initially acquired by 

pre-training a model with each SSL approach using unlabeled speech. After that, a supervised training 

purpose was used to refine the model using labeled data. 

These results are especially useful for low-resource circumstances, including extending systems to 

original languages where a large amount of unlabeled audio is accessible, as gathering labels for novel 

scenarios is frequently excessively time-consuming or expensive. SSL models perform exceptionally 

well in tasks other than ASR; for example, merging SSL pre-training with self-training yields state-of-

the-art results. We anticipate that pre-trained SSL models will produce state-of-the-art performance on 

an collective number of tasks as SSL study improvements more consideration. Notably, DeCoAR 2.0 

employs a 4-gram model trained on LibriSpeech (LS), while HuBERT-L and wav2vec 2.0-L use 
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Transformers as their language model for ASR. The SSL community can train, assess, and comparation 

speech representations for a variety of downstream tasks, including acoustics, speaker identity, 

paralinguistics, and semantics, thanks to the SUPERB benchmark [76]. 

 

Despite the exceptional performance of self supervisor learning (SSL) models in the automatic speech 

recognition (ASR) challenge, this work has several significant limitations that should be considered: 

First: Large and non-public pre-training datasets: such as LibriLight (60k hours) and Alexa (10k 

hours),  

           limiting redundancy. 

Second:  Limited fine-tuning diversity :Focus on LibriSpeech /CoVoST-2 without Arabic dialects or 

real  

               noise. 

Third: Incomplete assessment: Lack of few shots in noisy environments and reliance solely on WER. 

Forth: Narrow scope: No multimodal or low-resource languages. 

Can pinpoint a number of intriguing avenues for future studies. By methodically reviewing and 

addressing the current constraints and open concerns, may identify critical areas for progress and 

provide clear recommendations to lead future research efforts:  

First: releasing pre-trained general checkpoints.  

Second:  extending the evaluation to low-resource Arabic dialects using datasets such as MGB-3. 

Third: incorporating data augmentation techniques for noise. 

Forth: evaluating end-to-end speech-to-text translation with Hugging Face integrations. These  

             improvements will enhance generalizability and practical applications. 

8. CONCLUSIONS 

          This article provides a detailed introduction to speech recognition technologies. It then 

investigates the integration of (SSL) and (ASR), emphasizing how SSL improves model performance 

by pre-training on unlabeled data. Furthermore, the research includes a comparative analysis of 

significant datasets typically used in voice recognition systems, providing insights that can inform the 

construction of unique or enhanced architectures capable of outperforming existing systems in 

relationships of accuracy and efficiency.  Critically discusses common obstacles and constraints, and 

concludes with an evaluation of possible future trends guiding the field's development. 
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