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Abstract 

The aging global population is experiencing a rising prevalence of age-related hearing loss. 
Conventional hearing aids often fail in noisy environments, leading to user dissatisfaction. Recent 
advancements in deep learning, particularly in automatic speech recognition (ASR) [1,2] and smart 
filter, highlight the potential for a new generation of hearing aids. This paper explores the 
transformative potential of evolving deep learning architectures to address the critical limitation of 
noise suppression. We review the progression of models specifically for auditory processing: from 
Deep Neural Networks (DNNs) for basic noise reduction, to Convolutional Neural Networks (CNNs) 
which analyse spectral features in audio spectrograms. Recurrent Neural Networks (RNNs) and 
sequence-to-sequence (seq2seq) models and transformer models which is a improved version of the 
Seq2Seq that further improved the handling of temporal speech patterns. We conclude that 
integrating these sophisticated models into next-generation hearing aids is essential for dramatically 
improving speech intelligibility in complex settings. This technological evolution promises to 
enhance the quality of life for the aging population by reducing hearing effort and promoting social 
engagement [3,4]. 

Keywords: deep learning  
 

Introduction 

The world is undergoing a profound demographic shift, marked by a rapidly increasing aging 
population. This trend brings to the forefront a significant public health challenge: age-related 
hearing loss or presbycusis [5,6]. Recognized by the World Health Organization (WHO) as a leading 
cause of years lived with disability among older adults, hearing impairment is far more than a simple 
inconvenience; it is a critical factor contributing to social isolation, cognitive decline, depression, and 
increased healthcare costs. In response, entities from national governments to global bodies are 
exploring avenues for governmental aid and subsidy programs to make hearing assistance more 
accessible. However, the effectiveness of this aid is contingent on the technology it supports [7,8]. 

While conventional hearing aids, even when subsidized, provide essential amplification, they 
often fall short in the complex listening environments of daily life. They struggle with the "cocktail 
party problem" the brain's innate, but often age-compromised, ability to separate a target speaker 
from a background of competing noise. This technological limitation means that without smarter 
solutions, even widely accessible hearing aids fail to fully reintegrate individuals into social and 
professional life, undermining the public health investments made by organizations like the 
WHO[9,10]. Today, we will be looking into different types of deep learning AI that are commonly 
used as smart filters and for speech recognition in modern auditory applications. These sophisticated 
neural network architectures represent a logical progression, with each generation building upon the 
last to deliver more powerful and nuanced solutions for processing sound [11]. 
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Smart Filter 

A deep learning encoder also known as smart filter is fundamentally a data compression and 
feature extraction engine that progressively transforms high dimensional, raw input data such as an 
image, a sentence, or an audio clip into a compact, dense, and informative representation known as 
a latent code or embedding. It operates through a series of hierarchical layers, where each layer 
applies non-linear transformations to learn and extract features at increasing levels of abstraction. For 
instance, in an image, early layers might detect simple edges and textures, while deeper layers 
assemble these into complex shapes and entire objects. The core objective of the encoder is to distil 
the most salient and discriminative patterns from the input, discarding irrelevant noise and 
redundancy, thereby creating a meaningful summary that is optimally structured for a downstream 
task, such as classification by a subsequent decoder network or a standalone predictor [12].Some of 
the commonly used unified encoder comprising CNN, RNN, and DNN components works 
synergistically to transform noisy audio into an intelligible signal.  

The Convolutional Neural Network (CNN), which acts as Spatial Feature Extractor. It analyses 
the input Mel-spectrogram as a visual image, using its hierarchical layers of filters to detect and 
amplify critical acoustic patterns: lower layers identify fundamental elements like harmonic 
structures and noise-like fricatives, while deeper layers synthesize these into complex constructs such 
as specific phonemes and syllables, effectively building a robust spectral representation of the audio 
[13,14]. 

A Recurrent Neural Network (RNN), or its advanced variants like LSTM and GRU, acts as an 
encoder by processing sequential data one element at a time and building a representation that 
encapsulates the temporal context of the entire sequence. Its power lies in its internal "hidden state," 
which is updated at each time step and serves as a memory of all previous inputs. When processing 
an audio sequence that is normally extracted from the CNN or raw waveform and then the RNN 
encoder integrates information from the past into the present. This allows it to understand 
dependencies over time, such as how the pronunciation of a vowel is influenced by the preceding 
consonant, or how a word's meaning is shaped by the words that came before it. The encoding is 
often taken as the final hidden state of the RNN after processing the entire sequence, which functions 
as a fixed size "summary vector" containing the contextual essence of the input [15]. 

By comparing both CNN and RNN we can see from Figure 1 below which shows that with the 
same spectrogram that was made up of Short Time Fourier Transform & Linear Filter we can see that 
CNN have a accuracy of 0.88 , F1 score of 0.90 and AUC of 0.96 and ERR of 0.08. while RNN have a 
higher accuracy of 0.92 , a higher F1 score of 0.91 but a lower AUC of 0.88 and a a higher ERR of 0.17. 
which shows that both CNN and RNN have their pros and cons. So by combing both of them to C-
RNN we can see that overall it improved with the accuracy of 0.88 , F1 score of 0.9 AUC of 0.96 and 
ERR of 0.14. which we can see that its not the best but overall it balanced out the pro and con of both 
neural networks [16]. 

The output from the RNN is a rich, context-aware representation that encapsulates the entire 
auditory scene. Finally, this representation is fed into a Deep Neural Network (DNN) or Multi-Layer 
Perceptron (MLP), which functions as the high-level feature compressor and non-linear mapper. The 
DNN, with its multiple fully connected layers, performs the final stage of abstraction, distilling the 
most salient information for the task of speech enhancement and learning the complex function to 
map the encoded features to a target output, such as a time-frequency mask for noise suppression 
[17–20].  

Figure 2 shows a comparison of DNN (MLP) RNN and CNN with discrete Fourier Transform. 
We can with different signal and noise ratio (SNR) in different environments will cause different a 
bit variation of the result. We can see that on average CNN with DFT overall have the best average 
accuracy of 89.13 followed by DNN of average accuracy of 64.14 then RNN of average accuracy of 
57.66 however with high SNR value at highway RNN have a higher accuracy of 65.80 while DNN 
have 56.65 [21]. 
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Figure 1. 

 
Figure 2. 

Overall the CNN, RNN, and DNN collectively form a powerful encoder that performs spectral 
analysis, temporal modelling, and high-level decision-making to enable clear hearing. 

Architecture  

There are many types of architectural system used for audio filter and speech recognition 
however this 3 are more commonly used. 

1. Seq2Seq (Sequence-to-Sequence) 

Seq2Seq is an encoder-decoder architecture designed for transforming one sequence into 
another, such as language translation or speech enhancement. It works in two distinct, sequential 
stages. First, an encoder network such as RNN processes the entire input sequence and summarizes 
it into a fixed-dimensional context vector, which serves as a "thought" or memory of the input. 
Second, a decoder network uses this context vector to generate the output sequence one element at a 
time in an autoregressive manner. This means each step of the decoder's output is fed back as its 
input for the next step, allowing it to build the sequence piece by piece. Its key characteristic is this 
step-by-step, sequential processing of both understanding and generation [22]. While most of the 
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time Seq2Seq is paired with word token to produce word output and then with additional of speech 
from the words [23]. 

2. Transformer 

The Transformer is also an encoder-decoder architecture for sequence transformation, but it 
fundamentally replaces the sequential core of Seq2Seq with a self-attention mechanism. Instead of 
processing words one after another, the Transformer encoder and decoder analyse all words in a 
sequence simultaneously. Self-attention allows the model to weigh the importance of every word in 
relation to all others, regardless of their position, creating a rich, contextualized understanding in 
parallel. This eliminates the bottleneck of the single context vector used in traditional Seq2Seq models 
and allows for much more efficient training on longer sequences. While it can be used in the same 
encoder-decoder setup as Seq2Seq for translation, its self-attention block is so powerful that it can 
also be used as a standalone encoder or decoder [24,25]. Transformer system also can be trained to 
translate different languages [26]. 

By comparing transformer and Seq2Seq as transformer is a more advanced version of Seq2Seq 
it have better advantages such as lesser training time. Seq2Seq took 5 days and 10 GPU to train [27] 
while speech-transformer took 1.2days and 1 GPU [28]. 

From Figure 3 we can see that in normal room tone CNN+ transformer and DNN have high 
accuracy of 96.38% and 95.13%. we can see that both of them can perform almost perfectly in normal 
environments however their performance drop when noise SNR of 10dB , and when the other speaker 
was speaking too fast or heavy accent. Those few common factor cause the accuracy of CNN+ 
transformer drop below 10% while DNN have a slightly better accuracy over 10% [30]. 

 

Figure 3. 

3.GAN (Generative Adversarial Network) 

A GAN operates on a completely different principle from Seq2Seq and transformer it is a 
generative framework for creating new, realistic data, not for transforming sequences. It consists of 
two separate neural networks locked in a competitive game. The Generator network takes random 
noise as input and learns to produce synthetic data, such as an image that looks authentic. The 
Discriminator network acts as a critic, trying to distinguish between real data from the training set 
and the fake data produced by the Generator. During training, the Generator strives to become better 
at fooling the Discriminator, while the Discriminator simultaneously improves its ability to detect 
fakes. This adversarial process drives both networks to improve until the Generator produces highly 
realistic data [31–34]. 
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Figure 4. 

We can see that DCNN and DCNN added with GAN we can see that together with GAN it have 
a better accuracy of 95.2% and a recall of 94.8% Precision of 95.7% and F1-score of 95% and Negative 
Predictive Value (NPV) and the selectivity of 95.7% while only with DCNN it only have a accuracy 
of 87.1% and Recall of 88.9% Precision 88.2% and F1-score of 87.9% NPV of 85.6% selectivity 84.8% 
which we can see that after adding the GAN system over performance have improved [35]  

There are also other improved version of GAN such as autoencoders(Ae) GAN. From Figure 5 
we can see that AeGan have improved the ASR WER (%) from the noisy input when comparing 
speech with speech like noise of 0 dB from 90% to 64.6% and 5 dB 70.4% to 42.9% and 10 dB of 46.3% 
to 29.7% which shows that in noisy environments it can still recognises to a certain extent of the sound 
input. While in city noise we can see that from 0 dB 85.6% to 50.1% , 5 dB 64.7% to 39.4% and 10 dB 
64.7% to 27.1% which shows that in noisy environments such as traffic noise or etc it can recognises 
the speech [36] and other type of architecture to improve the speech enhancement [37,38]. 

 
Figure 5. 

How Does This Help the Elderly  

As technological advancements continue to enhance smartphone capabilities, artificial 
intelligence presents a transformative opportunity to support the aging population. For instance, an 
elderly individual with hearing impairment could use their phone as a powerful, AI-driven assistant. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 October 2025 doi:10.20944/preprints202510.1838.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1838.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 8 

 

By implementing a sophisticated Generative Adversarial Network (GAN), the phone can act as a 
smart hearing aid [39,40]. This system performs real-time speech enhancement, intelligibly separating 
voices from background noise. The effectiveness of such a model is demonstrated by high scores in 
standardized metrics specifically, a strong CBAK score, confirming minimal intrusive background 
noise, and a high CSIG score, indicating clear and undistorted speech. Furthermore, for moments 
when audio alone is insufficient, a Seq2Seq model could provide live transcription, converting 
spoken dialogue into accurate text on the screen. This powerful combination of AI technologies 
empowers the elderly to engage in conversations with greater confidence and independence, 
significantly improving their daily standard of living. 

Conclusion and Future Outlook 

In conclusion, the rapid evolution of deep learning systems and mobile hardware is paving the 
way for a transformative future in elderly care. By integrating sophisticated AI assistants directly 
onto smartphones, we can create a powerful and accessible support system. This technological 
synergy will be crucial for assisting with daily needs, such as through advanced assisting hearing 
aids that can filter noise and enhance speech clarity and help them to prevent scam calls [16]. 
Ultimately, leveraging the mobile phone for such practical AI assistance has the profound potential 
to significantly uplift the standard of living for the elderly, promoting greater independence, safety, 
and engagement with the world around them. 
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