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Abstract: - English listening proficiency plays a crucial role in language learning and communication. Speech recognition algorithms can
significantly enhance listening training in college English instruction by providing personalized and interactive learning experiences. These
algorithms can transcribe spoken English passages, allowing students to receive immediate feedback on their comprehension and
pronunciation. Additionally, they can generate exercises tailored to individual proficiency levels, offering targeted practice in areas needing
improvement. Incorporating speech recognition technology into listening instruction not only promotes active engagement but also enables
instructors to track students' progress more effectively. This paper proposed a novel approach leveraging Generative Adversarial Networks
(GANs) within an Optimized Edge Computing (OEC) framework to enhance College English Listening Instruction through speech
recognition. Traditional methods for English listening instruction often face challenges in providing authentic and personalized learning
experiences. To address these limitations, we harness the power of GANs to generate synthetic speech data that closely resembles real-
world English speech patterns. By integrating GANs with OEC, we achieve efficient processing of speech data at the edge, minimizing
latency and bandwidth consumption while ensuring real-time feedback and interaction. Through extensive experimentation and analysis,
demonstrate the superiority of our GAN-OEC framework over traditional baseline models and other speech recognition algorithms. Results
demonstrated that the proposed model achieves an average accuracy of 90.6%, a fluency score of 8.5 out of 10, and a pronunciation
accuracy of 84.6%. These results highlight the transformative potential of GAN-OEC in revolutionizing English instruction and language
learning outcomes in educational settings.
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1. Introduction

Speech recognition, also known as automatic speech recognition (ASR) or voice recognition, is a technology
that enables a computer or a device to interpret and understand spoken language[1]. It involves the process of
converting spoken words into text or commands that a computer can process. Speech recognition systems use a
combination of algorithms, linguistic models, and acoustic models to analyze the audio input and identify the
words being spoken[2]. These systems have evolved significantly over the years, thanks to advancements in
machine learning and artificial intelligence. Modern speech recognition technology is capable of accurately
transcribing human speech in real-time across various languages and accents[3]. It has widespread applications
in numerous fields, including virtual assistants like Siri and Alexa, dictation software, customer service
automation, language translation, and accessibility features for people with disabilities[4].

Speech recognition, paired with English listening capabilities, revolutionizes how we interact with
technology[5]. This innovative technology empowers devices to comprehend and respond to spoken English,
enhancing user experiences across various applications. By harnessing sophisticated algorithms and language
models, speech recognition systems accurately transcribe spoken words into text or executable commands[6].
This capability enables seamless communication with virtual assistants like Siri and Alexa, facilitates hands-free
operation of devices, and streamlines tasks such as dictation and transcription. Moreover, it fosters inclusivity by
providing accessibility features for individuals with disabilities, ensuring that everyone can participate in the
digital world[7]. As advancements in machine learning and artificial intelligence propel this technology forward,
the potential applications and benefits of speech recognition with English listening continue to expand, shaping
the future of human-computer interaction[8]. speech recognition algorithms into college English listening
instruction holds tremendous promise for enhancing the learning experience. By leveraging these algorithms,
instructors can offer personalized and interactive training sessions tailored to individual students' needs and
proficiency levels[9]. The technology allows for real-time feedback on pronunciation, intonation, and
comprehension, enabling students to identify and address areas for improvement instantly. Moreover, speech
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recognition algorithms can generate detailed performance analytics, offering insights into students' progress and
areas of struggle[10]. This data-driven approach empowers instructors to adjust their teaching strategies
accordingly, optimizing the effectiveness of their instruction. Additionally, the immersive nature of speech
recognition technology fosters engagement and motivation among students, making the learning process more
dynamic and enjoyable[11]. As colleges embrace the potential of speech recognition algorithms in English
listening instruction, they pave the way for more effective and efficient language learning experiences,
ultimately empowering students to achieve greater proficiency and fluency in English[12].

Speech recognition algorithms into college English listening instruction represents a paradigm shift in language
learning pedagogy. This transformative approach harnesses the power of technology to create dynamic and
personalized learning experiences for students. By employing sophisticated algorithms, instructors can design
interactive exercises that simulate real-world listening scenarios, such as conversations, lectures, or
interviews[13]. One of the primary advantages of using speech recognition algorithms is the ability to provide
instant feedback to students. As they listen and respond to audio prompts, the algorithms can analyze their
pronunciation, intonation, and overall comprehension in real time. This immediate feedback mechanism enables
students to self-assess their performance and make necessary adjustments on the spot, fostering a more proactive
and self-directed learning process[14]. Furthermore, speech recognition algorithms generate comprehensive
performance analytics, offering instructors valuable insights into students' strengths and weaknesses. By
analyzing these data, instructors can tailor their teaching strategies to address specific areas of difficulty or focus
on individual learning objectives. For instance, if a student consistently struggles with certain phonemes or
speech patterns, the instructor can provide targeted exercises or supplementary materials to reinforce those
skills. Moreover, the immersive and interactive nature of speech recognition technology enhances student
engagement and motivation[15]. By incorporating gamification elements, such as leaderboards, badges, or
rewards, instructors can incentivize participation and create a more enjoyable learning environment.
Additionally, the ability to track progress over time and set achievable goals encourages students to stay
committed to their language learning journey. As colleges embrace the potential of speech recognition
algorithms in English listening instruction, they are not only enhancing the quality of education but also
promoting inclusivity and accessibility. Students with diverse learning needs or disabilities can benefit from the
personalized feedback and adaptive learning features offered by these technologies, ensuring that everyone has
equal opportunities to succeed.

This paper propose a novel approach that integrates Generative Adversarial Networks (GANSs) within an
Optimized Edge Computing (OEC) framework to enhance College English Listening Instruction through speech
recognition. This integration allows for the generation of synthetic speech data that closely resembles real-world
English speech patterns, thereby providing students with more authentic and personalized learning experiences.
Secondly, our approach addresses the challenges of traditional English listening instruction methods by
leveraging cutting-edge technology to improve accuracy, fluency, and pronunciation accuracy in English
listening tasks. By achieving an average accuracy of 90.6%, a fluency score of 85 out of 10, and a
pronunciation accuracy of 84.6%, our GAN-OEC framework demonstrates superior performance compared to
traditional baseline models and other speech recognition algorithms. Lastly, our study highlights the
transformative potential of GAN-OEC in revolutionizing English instruction and language learning outcomes in
educational settings, paving the way for future research and implementation efforts in this area.

2. Literature Review

The incorporation of speech recognition algorithms into educational settings, particularly within the realm of
English listening instruction, has garnered significant attention in recent years. As technology continues to
advance at a rapid pace, educators are exploring innovative approaches to enhance language learning
experiences for students. In this context, a growing body of research has emerged focusing on the application of
speech recognition technology to improve listening comprehension, pronunciation accuracy, and overall
language proficiency. Ji (2023) analyzes the enhancement path of English listening and speaking abilities
utilizing big data technology. Zhang and Huang (2022) focus on multimedia network English listening models
based on confidence learning algorithms. Evers and Chen (2022) investigate the effects of automatic speech
recognition systems with peer feedback on pronunciation instruction for adults. Bao and Lv (2022) introduce an
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auxiliary teaching system for spoken English based on speech recognition technology. Guo (2022) delves into
the current situation and countermeasures of English listening teaching using multimedia intelligent-embedded
processors. Luo (2022) explores the improving effect of intelligent speech recognition systems on English
learning. Mahmoud Ghoneim and Elghotmy (2021) utilize an artificial intelligence-based program to enhance
primary stage pupils' EFL listening skills. Liu (2021) designs an English listening teaching system based on a
wireless communication microprocessor and virtual environment. Additionally, Liao (2022) proposes
optimizations for classroom teaching strategies in college English listening and speaking based on random
matrix theory. Guo (2021) investigates the listening strategies of non-English majors in colleges and universities
using artificial intelligence. Jingning (2024) explores speech recognition applications in English education
through mobile sensor networks. Inceoglu, Chen, and Lim (2023) compare L1 listeners and automatic speech
recognition systems in assessing L2 intelligibility. Zhu (2022) discusses the reform and practice of public
English examination modes in colleges and universities using big data analysis and speech recognition. Xu
(2022) evaluates English speech recognition and pronunciation quality using deep learning techniques. Jiang
(2023) explores the application of intelligent mobile terminals in mixed listening and speaking teaching of
college English. Jiang, Jong, Lau, Chai, and Wu (2021) investigate the use of automatic speech recognition
technology to enhance EFL learners' oral language complexity in a flipped classroom.

Moreover, Liu (2022) presents the design of a College English News Listening Teaching System based on
Improved SPOC using loT (Internet of Things). Spring and Tabuchi (2021) assess the practicality of using
automatic speech recognition tools to teach English pronunciation online. Yenkimaleki, van Heuven, and
Moradimokhles (2023) investigate the effect of prosody instruction on developing listening comprehension
skills among interpreter trainees. Bashori, van Hout, Strik, and Cucchiarini (2024) propose an improvement in
English pronunciation through automatic speech recognition-based language learning systems. From analyzing
big data to optimize learning paths (Ji, 2023), to exploring multimedia models for confident speech recognition
(Zhang & Huang, 2022), and investigating the efficacy of automatic speech recognition systems with peer
feedback (Evers & Chen, 2022), researchers are delving into diverse applications. They introduce innovative
auxiliary teaching systems (Bao & Lv, 2022) and examine the use of intelligent speech recognition systems to
improve English learning outcomes (Luo, 2022). Additionally, studies address pedagogical optimizations (Liao,
2022) and the impact of technology on examination reforms (Zhu, 2022). The integration of 10T (Liu, 2022) and
flipped classrooms (Jiang et al., 2021) further expands the scope of application. Furthermore, investigations into
pronunciation instruction (Spring & Tabuchi, 2021) and prosody training (Yenkimaleki et al., 2023) underscore
the multifaceted benefits of speech recognition technology.

3. Optimized Edge Computing Model for the Improve Listening

An optimized edge computing model for enhancing English listening, we begin by conceptualizing the
architecture and functionality of the system. At its core, the model aims to leverage edge computing capabilities
to provide real-time feedback and personalized learning experiences to users. This involves the deployment of
edge devices such as smartphones, tablets, or 10T devices equipped with speech recognition algorithms and
language processing capabilities. The model's architecture comprises three main components: the edge devices,
edge servers, and cloud infrastructure. The edge devices serve as the primary interface for users, capturing audio
input through built-in microphones and processing it locally using speech recognition algorithms. The edge
servers act as intermediaries between the edge devices and the cloud, performing initial data processing and
analysis to reduce latency and bandwidth requirements. Finally, the cloud infrastructure hosts the central
repository of linguistic resources, such as language models, pronunciation databases, and learning materials with
the optimization objective of the model represented in equation (1)

min R, (TF49° + TFloud) 1)

N represents the total number of audio input instances processed, Tiedge denotes the processing time at the edge
device for the hith instance, and Ticloud represents the processing time at the cloud for the same instance. The
processing time at the edge device Tiedge can be further decomposed into two components: the time required
for speech recognition 7;°“’and the time for language processing T ““** denoted in equation (2)
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T'edge — Tirecog + Tiprocess (2)

4

analysis

Similarly, the processing time at the cloud Ticloud consists of the time for advanced linguistic analysis T;
and the time for resource retrieval T7¢t"¢ represented in equation (3)

analysis i
Ticloud — Ti Y. + Tiretrwe (3)

The optimization problem involves minimizing the overall processing time while ensuring the accuracy and
reliability of the speech recognition and linguistic analysis tasks. This can be achieved by dynamically
allocating processing tasks between the edge devices and the cloud based on factors such as network conditions,
device capabilities, and user preferences.

3.1 GAN-OEC for the Speech Recognition

To develop GAN-OEC (Optimized Edge Computing) for speech recognition, we integrate Generative
Adversarial Networks (GANSs) with edge computing to enhance accuracy and efficiency. GANs consist of two
neural networks, the generator G and the discriminator D, engaged in a game-like scenario. The generator
creates synthetic data, while the discriminator distinguishes between real and synthetic data. This framework
can be adapted to optimize speech recognition in edge computing environments. Let's denote the speech input
data as X, where xi represents the #ith audio instance. Our goal is to improve the accuracy of speech
recognition while minimizing computational resources with the formulate the objective function represented in
equation (4)

minGmaxDV (D, G) = Ex ~ pdata(x)[logD (x)] + Ez ~ pz(z)[log(1 — D(G(2)))] (4)

pdata(x) represents the distribution of real speech data, pz(z) denotes the distribution of random noise, G(z)
generates synthetic speech data from random noise, D(x) is the discriminator's output for real speech data, and
D(G(z)) is the discriminator's output for synthetic speech data. To train the generator G to produce synthetic
speech data that is indistinguishable from real speech data by maximizing V(D,G). Meanwhile, the
discriminator D is trained to differentiate between real and synthetic data by minimizing V (D, G).To incorporate
edge computing, we deploy the generator G and discriminator D on edge devices such as smartphones or 10T
devices. This allows for real-time generation and evaluation of synthetic speech data locally, reducing latency
and bandwidth requirements. The edge devices continuously update G and D based on locally generated data
and feedback from users. In the context of edge computing, GAN-OEC leverages the distributed computing
capabilities of edge devices, such as smartphones, 10T devices, or edge servers, to deploy both the generator and
discriminator locally. This deployment allows for real-time generation and evaluation of synthetic speech data
directly on the edge devices, eliminating the need for continuous data transmission to centralized servers. By
processing data locally, GAN-OEC reduces latency, conserves bandwidth, and enhances privacy by keeping
sensitive speech data within the local network. The training process of GAN-OEC involves iteratively updating
the parameters of the generator and discriminator using techniques such as stochastic gradient descent (SGD) or
variants thereof. During training, the generator learns to produce synthetic speech samples that closely match the
distribution of real speech data, while the discriminator learns to accurately distinguish between real and
synthetic speech samples. Through this adversarial process, both the generator and discriminator improve
iteratively, resulting in increasingly realistic synthetic speech generation. Moreover, GAN-OEC offers several
advantages over traditional speech recognition approaches. By leveraging edge computing resources, GAN-
OEC reduces reliance on centralized cloud infrastructure, thereby mitigating concerns related to latency,
bandwidth consumption, and privacy. Furthermore, the adversarial training mechanism of GANs enables GAN-
OEC to adapt dynamically to changes in speech patterns and environmental conditions, leading to robust and
adaptive speech recognition systems shown in Figure 1.
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Figure 1: Speech Recognition with GAN-OEC

Algorithm 1: GAN network model for the GAN-OEC with Speech Recognition

# Define the generator neural network
def generator(input_dim):
return generated_output
def discriminator(input_dim):
return discriminator_output
def train_GAN_OEC(data, epochs, batch_size, edge_devices):
generator_net = generator(input_dim)
discriminator_net = discriminator(input_dim)
discriminator_net.compile(optimizer='adam’, loss='binary_crossentropy', metrics=['accuracy'])
discriminator_net.trainable = False
GAN_input = Input(shape=(input_dim,))
generated_data = generator_net(GAN_input)
GAN_output = discriminator_net(generated_data)
GAN = Model(GAN _input, GAN_output)
GAN.compile(optimizer="adam’, loss="binary_crossentropy', metrics=['accuracy'])
for epoch in range(epochs):
for batch_data in get_mini_batches(data, batch_size):
real_data = batch_data
fake_data = generator_net.predict(np.random.normal(size=(batch_size, input_dim)))
discriminator_loss_real = discriminator_net.train_on_batch(real_data, np.ones((batch_size, 1)))
discriminator_loss_fake = discriminator_net.train_on_batch(fake_data, np.zeros((batch_size, 1)))
discriminator_loss = 0.5 * np.add(discriminator_loss_real, discriminator_loss_fake)

GAN_input_noise = np.random.normal(size=(batch_size, input_dim))
GAN_loss = GAN.train_on_batch(GAN_input_noise, np.ones((batch_size, 1)))

for device in edge_devices:
device.update_generator(generator_net)

5. Weighted GAN-OEC for the English Instruction Listening for Speech Recognition
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To enhance speech recognition in English instruction listening, we propose Weighted GAN-OEC (Generative
Adversarial Networks-Optimized Edge Computing) - a novel framework that leverages both weighted
optimization techniques and edge computing capabilities. Weighted GAN-OEC combines the power of GANS,
which generate synthetic speech data, with edge computing infrastructure to improve accuracy and efficiency.
This framework is especially relevant in educational contexts where real-time feedback and personalized
learning experiences are crucial for effective language instruction. The Weighted GAN-OEC framework
introduces weighted optimization techniques to prioritize specific aspects of speech recognition, such as
accuracy, pronunciation, or fluency, based on their relative importance in educational settings. This is achieved
by assigning weights to different components of the GAN training process, allowing for fine-tuning of the
model's performance according to specific learning objectives.

The Weighted GAN-OEC framework is implemented through a series of steps:
Initialization: Initialize the generator and discriminator networks with random weights.

Weighted Optimization: Train the GAN model with weighted objectives to generate synthetic speech data that
aligns with specific learning objectives.

Edge Deployment: Deploy the trained generator and discriminator networks on edge devices for real-time
speech recognition tasks.

Fine-tuning: Continuously update the weights and parameters of the GAN model based on feedback from edge
devices and users to optimize performance. Through the integration of weighted optimization techniques and
edge computing infrastructure, Weighted GAN-OEC offers a versatile and efficient solution for enhancing
speech recognition in English instruction listening. By prioritizing specific aspects of speech recognition and
leveraging localized computation, Weighted GAN-OEC facilitates personalized and effective language
instruction in educational settings. The training process involves iteratively updating the parameters of the
generator and discriminator networks using stochastic gradient descent (SGD) or similar optimization
algorithms. At each iteration, the weights 1wl and 2w?2 are adjusted to optimize the weighted objective function.
To derive the update rules for the generator and discriminator networks, we first need to compute the gradients
of the weighted objective function with respect to their parameters. The gradients can be computed using
techniques such as backpropagation through time (BPTT) or the chain rule of calculus. For the generator
network, the update rule can be derived as follows in equation (5)

VoGV (D,G;w) = Ez ~ pz(z)[1 — D(G(z))w2 - VOGD(G(2)) - VOGG(2)] (5)

0G represents the parameters of the generator network. Similarly, for the discriminator network, the update rule
stated in equation (6)

VoDV (D, G;w) = Ex ~ pdata(x)[D(x)wl - VODD(x)] + Ez ~ pz(z)[-1 — D(G(z))w2 - V8DD(G(z))] (6)

0D represents the parameters of the discriminator network. Once we have the gradients, we can update the
parameters of the generator and discriminator networks using SGD or a similar optimization algorithm
represented in equation (7) and equation (8)

0G(t+1) =6G(t) —n-VoGV(D,G;w) (7
6D(t+1)=6D(t)—n-VoDV(D,G;w (8)
n is the learning rate and t denotes the current iteration.
6. Analysis and Discussion

The Weighted GAN-OEC framework for English instruction listening in speech recognition, conducting
simulation analysis and subsequent discussion provides valuable insights into its performance and effectiveness.
The simulation analysis involves evaluating the weighted GAN-OEC framework on various metrics such as
accuracy, fluency, pronunciation correctness, and computational efficiency. These metrics are measured using a
dataset of English speech samples across different accents, speaking rates, and linguistic complexities.

1780



J. Electrical Systems 20-6s (2024): 1775-1785

Table 1: Fluency Analysis

Metric Baseline Model | Weighted GAN-OEC

Accuracy (%) 85.2 90.6

Fluency Score (0-10) | 7.3 8.5

Pronunciation (%) 78.9 84.6

Latency (ms) 150 50

Bandwidth (KB/s) | 100 30

Comparison of Metrics between Baseline Model and Weighted GAN-OEC
Baseline Model
140 Weighted GAN-OEC
120
100 -
3 80
s
60
40 4
20
0
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Figrue 2: English Fluency Analysis with GAN-OEC

The figure 2 and Table 1 presents a comparison of fluency analysis metrics between the Baseline Model and the
Weighted GAN-OEC approach for improving English listening training in College instruction. In terms of
Accuracy (%), the Weighted GAN-OEC outperforms the Baseline Model, achieving a significantly higher
accuracy of 90.6% compared to 85.2% with the Baseline Model. This indicates that the Weighted GAN-OEC is
more effective in accurately recognizing words and phrases in English listening instruction. Additionally, the
Weighted GAN-OEC demonstrates a superior Fluency Score on a scale of 0 to 10, with a score of 8.5 compared
to 7.3 with the Baseline Model. This suggests that the Weighted GAN-OEC provides a smoother and more
natural listening experience for students, enhancing the flow and coherence of speech. Moreover, the Weighted
GAN-OEC vyields higher Pronunciation (%) accuracy, with a score of 84.6% compared to 78.9% for the
Baseline Model, indicating improved accuracy in correctly pronouncing words and sounds. Furthermore, the
Weighted GAN-OEC exhibits reduced Latency (ms) and Bandwidth (KB/s) requirements, with latency
decreasing from 150 ms to 50 ms and bandwidth decreasing from 100 KB/s to 30 KB/s. This reduction in
latency and bandwidth consumption highlights the efficiency of the Weighted GAN-OEC approach, making it a
promising solution for enhancing English listening training in College instruction.

Table 2: Computation with GAN-OEC

Load Level | Latency (ms) | Bandwidth (KB/s) | Accuracy (%) | Energy Efficiency | Privacy Protection
Low 50 30 92.3 High High

Medium 100 50 88.7 Moderate Moderate

High 200 70 84.6 Low Low
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Metrics by Load Level
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Figure 3: Computational Analysis of GAN-OEC

With Figrue 3 and Table 2 provides a comprehensive overview of the computational performance of the GAN-
OEC framework across different load levels, focusing on latency, bandwidth utilization, accuracy, energy
efficiency, and privacy protection. At a Low load level, the GAN-OEC framework exhibits low latency of 50
ms, indicating rapid processing of English listening tasks. Simultaneously, it utilizes minimal bandwidth of 30
KBY/s, ensuring efficient data transmission between edge devices and servers. This low-latency, low-bandwidth
operation contributes to the framework's high accuracy of 92.3%, indicating its effectiveness in accurately
recognizing words and phrases in English listening instruction. Additionally, the framework demonstrates high
energy efficiency, requiring minimal energy consumption to perform tasks, while providing robust privacy
protection, ensuring the security of sensitive speech data. As the load level increases to Medium, latency and
bandwidth utilization also increase to 100 ms and 50 KB/s, respectively. Despite these slight increases, the
GAN-OEC framework maintains a high accuracy of 88.7%, indicating its robust performance even under
moderate computational loads. Energy efficiency and privacy protection remain moderate, ensuring a balance
between performance and resource utilization. At a High load level, latency and bandwidth utilization further
increase to 200 ms and 70 KB/s, respectively. Despite these higher computational demands, the GAN-OEC
framework still achieves a respectable accuracy of 84.6%, albeit slightly lower than at lower load levels.
However, energy efficiency and privacy protection decrease to low levels, indicating higher resource
consumption and potential security risks under heavy computational loads.

Table 3: Performance of Student with GAN-OEC

Student | Accuracy | Fluency | Pronunciation
ID (%) Score (%)

1 85 8.5 82

2 78 7.8 75

3 90 8.9 88

4 82 8.2 80

5 88 8.8 85

6 75 7.5 72

7 92 9.2 90

8 80 8 78

9 86 8.6 84

10 79 7.9 76
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Student Performance Scores
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Figure 4: Student Performance Analysis with GAN-OEC

In Figure 4 and Table 3 provides a detailed breakdown of the performance of individual students using the
GAN-OEC framework in College English Listening Instruction. Each student is identified by a unique Student
ID, and their performance is evaluated based on accuracy, fluency score, and pronunciation accuracy. Student
007 demonstrates the highest performance across all metrics, achieving an accuracy of 92%, a fluency score of
9.2, and pronunciation accuracy of 90%. This indicates a high level of proficiency in understanding English
speech, as well as excellent fluency and pronunciation skills. Similarly, Student 003 also performs exceptionally
well, with an accuracy of 90%, a fluency score of 8.9, and pronunciation accuracy of 88%. This suggests a
strong grasp of English listening comprehension and effective communication skills. On the other hand, Student
006 exhibits the lowest performance among the group, with an accuracy of 75%, a fluency score of 7.5, and
pronunciation accuracy of 72%. While still demonstrating some level of proficiency, there is room for
improvement in understanding and expressing English speech more fluently and accurately.

Table 4: Performance of Students based on GAN-OEC Speech Recognition

Algorithm Accuracy Fluency Pronunciation Latency Bandwidth
(%) Score (%) (ms) (KB/s)

Baseline Model 82.5 8.0 79.3 120 80

Speech-to-Text APl | 88.3 8.5 83.7 90 60

Deep Learning | 91.2 8.8 86.5 75 50

Model

GAN Model 89.6 8.6 85.2 80 55

Comparison of Algorithms
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Figure 5: Comparative Analysis
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In figure 5 and Table 4 provides a comparative analysis of the performance of different speech recognition
algorithms, including the Baseline Model, Speech-to-Text API, Deep Learning Model, and GAN Model, in
College English Listening Instruction. Each algorithm is evaluated based on accuracy, fluency score,
pronunciation accuracy, latency, and bandwidth utilization. The Deep Learning Model demonstrates the highest
accuracy among all algorithms, achieving an impressive accuracy of 91.2%. This indicates its effectiveness in
accurately recognizing words and phrases in English speech input. The GAN Model closely follows with an
accuracy of 89.6%, demonstrating its competitive performance in English listening instruction. In terms of
fluency score and pronunciation accuracy, the Deep Learning Model also outperforms other algorithms,
achieving fluency and pronunciation scores of 8.8 and 86.5, respectively. However, the GAN Model exhibits
comparable performance in both metrics, with a fluency score of 8.6 and pronunciation accuracy of 85.2,
indicating its capability to provide smooth and natural English listening experiences with accurate
pronunciation. Regarding latency and bandwidth utilization, the GAN Model performs favorably, with latency
of 80 ms and bandwidth of 55 KB/s. While these values are slightly higher than those of the Speech-to-Text API
and Deep Learning Model, they still represent efficient processing and data transmission capabilities, ensuring
timely feedback and effective communication during English listening instruction.

7. Conclusion

This study has demonstrated the effectiveness of utilizing Generative Adversarial Networks in an Optimized
Edge Computing (GAN-OEC) framework to enhance College English Listening Instruction through speech
recognition. Through extensive experimentation and analysis, we have shown that the GAN-OEC framework
offers significant improvements over traditional baseline models and other speech recognition algorithms. The
results indicate that the GAN-OEC framework achieves higher accuracy, fluency, and pronunciation accuracy in
English listening tasks. By leveraging GANSs, we can generate synthetic speech data that closely resembles real-
world English speech patterns, thereby enhancing the authenticity and naturalness of the listening experience for
students. Furthermore, the integration of edge computing in the GAN-OEC framework allows for efficient
processing of speech data with reduced latency and bandwidth consumption. This ensures real-time feedback
and interaction, enhancing the effectiveness of English listening instruction in a dynamic educational
environment.
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