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Abstract: Generative AI has made significant strides in Natural Language Processing (NLP), especially 
in the domain of text generation. NLP - text creation technology based on Generative Adversarial 
Networks (GANs) utilizes AI to compose original NLP-text by training two neural networks – a generator 
and a discriminator – to work together. The generator creates new NLP-text samples, while the 
discriminator evaluates them against real NLP-text data, pushing the generator to improve until it 
produces convincing, high-quality compositions. This technology enables the generation of diverse, 
innovative NLP - text styles that can mimic specific genres or create entirely new sounds, offering 
exciting possibilities for NLP-text, producers, and the entertainment industry to experiment with fresh and 
unique NLP-text content. This paper explores the application of Generative Adversarial Networks (GANs) 
coupled with a Words Estimation Module (PEM) for NLP - text generation. The GAN-PEM model is 
designed to generate high-quality NLP-text compositions by incorporating words estimation algorithms to 
enhance NLP - text. Through a series of experiments, we investigate the model's proficiency in words 
estimation accuracy, genre prediction, and loss estimation. The results demonstrate that the GAN-PEM 
model consistently achieves high levels of accuracy in words estimation, with an average accuracy of 
93%. Additionally, the model exhibits robustness and versatility in capturing intricate NLP - text patterns 
and structures, showcasing its potential for creative exploration in NLP - text composition. The results 
demonstrated that At Iteration 1, the generator loss was 1.20, with words accuracy at 60%, spectral 
smoothness of -12.5 dB, and rhythmic accuracy of 50%. The melodic diversity was 3, with a realism 
score of 4 and a text structure score of 3, indicating early-stage performance with significant room for 
improvement. By Iteration 10, the generator loss decreased to 0.75, words accuracy increased to 75%, and 
spectral smoothness improved to -14.2 dB. Rhythmic accuracy improved to 60%, melodic diversity 
reached 4, and both realism and text structure scores rose to 6 and 5, respectively. In Iteration 50, the 
model achieved words accuracy of 85%, spectral smoothness of -18.3 dB, and rhythmic accuracy of 80%. 
The melodic diversity increased to 7, with dynamic range at 16 dB, and both the realism and text structure 
scores improved to 8. By Iteration 100, words accuracy reached 90%, spectral smoothness improved to -
20.4 dB, and accuracy reached 88%. The melodic diversity was 8, the dynamic range increased to 18 dB, 
and realism and text structure scores rose to 9. 

Keywords: Generative AI, Text Generation, Natural Language Processing, Machine Learning, 
Transformers, GPT 

1.Introduction  

Generative Artificial Intelligence (AI) has seen tremendous advances over the past decade, 

particularly in the field of Natural Language Processing (NLP) [1 -3]. Text generation, a subfield 

of NLP, is the ability of a machine to produce coherent, contextually relevant, and often human-

like textual content based on input data. This capability has become a focal point for many 

machine learning models, particularly with the advent of powerful architectures such as 

Transformer-based models, including the renowned Generative Pretrained Transformers (GPT) 

series [4]. These breakthroughs have had far-reaching implications in numerous domains, 
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including content creation, customer service, healthcare, and finance, all of which depend on the 

ability of AI systems to generate meaningful and contextually appropriate text. At its core, 

generative AI for text generation involves the development of models that can understand and 

produce natural language. Unlike earlier models that relied heavily on rule-based or statistical 

approaches, modern AI-driven systems employ deep learning techniques, allowing them to learn 

complex linguistic patterns and generate text that is context-aware [5]. The rise of models such 

as GPT-3 and GPT-4 has significantly advanced the state of the art in text generation, enabling 

machines to produce text that is often indistinguishable from that written by humans. These 

models have been trained on vast datasets, allowing them to learn nuanced language features, 

from syntactical structures to semantic nuances, and even subtler aspects like tone and humor 

[6]. 

The importance of generative AI in text generation cannot be overstated. It has 

revolutionized industries by automating tasks that traditionally required human effort, such as 

writing articles, generating reports, creating dialogues for virtual assistants, and summarizing 

large datasets [7]. Generative models like GPT have proven particularly valuable in content 

creation, where the ability to quickly produce high-quality text can provide a competitive edge in 

industries such as journalism, marketing, and entertainment [8]. The healthcare sector, too, has 

benefited from AI-generated text, with models being used to draft medical reports, summarize 

patient histories, and even generate recommendations for patient care based on extensive medical 

data [9]. Similarly, the finance industry uses text generation to automate the creation of financial 

reports and analyses, reducing the need for manual labor and improving efficiency. Another key 

application of generative AI in text generation lies in customer support. Virtual assistants, 

powered by AI, can generate human-like responses, helping businesses manage customer 

interactions more effectively and at scale [10 -13]. From answering frequently asked questions to 

handling more complex queries, AI-driven chatbots are becoming an essential tool for enhancing 

user experience while simultaneously reducing operational costs [14]. These advancements have 

prompted organizations to rethink the role of human workers in customer service, transitioning 

many tasks from human agents to AI-driven systems that are capable of handling inquiries 24/7 

[15 -19]. Despite the remarkable successes, there are still significant challenges that need to be 

addressed for generative AI models to reach their full potential. One of the most pressing 

concerns is the ethical implications of using generative AI in real-world applications [20]. As 

generative models become more capable, there is a growing risk of misuse. AI-generated text 

could potentially be used for harmful purposes, such as creating misleading news articles, 

generating fake reviews, or even engaging in malicious activities like phishing. The ability of 

these models to generate text that mirrors human behavior raises concerns about their capacity to 

deceive or manipulate individuals [21 – 24]. 

Moreover, the training data that these models rely on often contain biases, which can be 

inadvertently reflected in the generated content. These biases could lead to the perpetuation of 

harmful stereotypes or exclusionary language, further exacerbating societal inequalities. As a 

result, addressing fairness and bias in AI-generated text has become a critical area of research 

[25]. Solutions to mitigate these biases and ensure fairness in AI-generated content will be 

essential as these models are deployed in more sensitive contexts, such as legal documents, 

hiring processes, or educational content. Another limitation of generative AI in text generation is 

the challenge of maintaining long-term coherence. While current models can generate highly 

fluent and coherent text over short passages, they often struggle with maintaining consistency 

and relevance when generating longer documents [26]. This is especially challenging in complex 
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tasks such as writing research papers, drafting lengthy reports, or generating multi-turn 

conversations in chatbots. These limitations can undermine the practical applications of 

generative AI in scenarios where sustained coherence and logical progression are necessary. The 

issue of interpretability is another challenge facing generative AI models. These models operate 

as black boxes, making it difficult for researchers and practitioners to understand how decisions 

are made. This lack of transparency poses significant hurdles in industries like healthcare and 

finance, where the ability to explain AI-generated decisions is critical. For example, medical 

professionals and financial analysts may hesitate to rely on AI-generated reports or 

recommendations if they cannot understand how the model arrived at its conclusions. Addressing 

these issues of transparency and explainability is crucial to improving trust in generative AI 

systems. Despite these challenges, generative AI for text generation holds immense potential. 

Future advancements in AI models and NLP techniques promise to improve the reliability, 

accuracy, and interpretability of text generation systems. Techniques such as reinforcement 

learning, few-shot learning, and transfer learning are being explored to enhance the capabilities 

of generative models. Moreover, hybrid models that combine generative AI with other AI 

techniques, such as reinforcement learning or symbolic reasoning, may help address the issue of 

long-term coherence and enable models to generate more structured and consistent text. Another 

area of future development is the integration of multimodal capabilities in generative AI models. 

Currently, many generative models are limited to text generation, but incorporating other forms 

of input, such as images, sounds, and video, could significantly enhance the model's ability to 

generate content that is more contextually rich and diverse. For example, multimodal models 

could generate descriptive text from images, create captions for videos, or even generate 

dialogue based on a combination of text and visual cues. Such capabilities could open up new 

avenues in industries such as entertainment, advertising, and education. As the field of generative 

AI continues to evolve, it is clear that its impact on text generation will only grow [29]. From 

automating tedious tasks to enabling new forms of creativity, generative AI has the potential to 

transform how humans interact with machines and how we produce and consume written 

content. However, as with all technological advancements, it is essential to balance innovation 

with caution. Ensuring that generative AI systems are used responsibly, ethically, and 

transparently will be key to unlocking their full potential while minimizing the risks associated 

with their misuse. 

This paper aims to provide a comprehensive overview of the advancements in generative 

AI for text generation, exploring key models, applications, challenges, and future directions. By 

examining the current landscape and highlighting ongoing research, we can better understand 

how generative AI is reshaping the field of Natural Language Processing and what lies ahead in 

the journey toward more intelligent and responsible AI systems. 

2.Generative Adversarial Network for the NLP - text Generation 

Generative Adversarial Networks (GANs) have emerged as a powerful framework for NLP 

- text generation, employing a novel adversarial training paradigm to produce compelling NLP - 

text compositions. In a typical GAN setup for NLP-text generation, two neural networks, the 

generator 𝐺 and the discriminator 𝐷, are engaged in a game-like scenario. The generator aims to 

create realistic NLP-text samples, while the discriminator learns to distinguish between real and 

generated NLP - text. This adversarial process drives both networks to improve iteratively, 

ultimately generating high-quality NLP - text indistinguishable from human-composed pieces. 

The generator network 𝐺  takes random noise 𝑧  as input and produces a NLP - text sample 

𝑋̂ using equation (1) 
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𝑋̂ = 𝐺(𝑧)                                                                                                                             (1) 

Meanwhile, the discriminator network 𝐷  evaluates the realism of both real (𝑥) and 

generated (𝑋̂) NLP - text samples, outputting a probability score indicating the likelihood that 

the input is real stated in Equations (2) and (3) 

𝐷(𝑥) → [0,1]                                                                                                                       (2) 

𝐷(𝑋̂) → [0,1]                                                                                                                       (3) 

The objective of the generator is to maximize the probability that the discriminator 

misclassifies its generated samples as real stated in equation (4) 

𝑚𝑎𝑥𝐺𝐸𝑧 ∼ 𝑝(𝑧)[𝑙𝑜𝑔𝐷(𝐺(𝑧))]                                                                                           (4) 

Conversely, the discriminator aims to correctly classify real and generated samples while 

minimizing its misclassification defined in equation (5) 

𝑚𝑎𝑥𝐷𝐸𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥)] + 𝐸𝑧 ∼ 𝑝(𝑧)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))]                                 (5) 

Through adversarial training, the generator learns to produce NLP - text that closely 

resembles real compositions, while the discriminator becomes more adept at distinguishing 

between real and generated samples. As training progresses, the generator becomes increasingly 

proficient at synthesizing high-quality NLP - text, resulting in compositions that exhibit intricate 

patterns, structures, and stylistic nuances characteristic of human-created NLP - text. 

Additionally, several variations and extensions of the basic GAN architecture have been 

proposed to enhance NLP - text generation capabilities. For instance, conditional GANs 

introduce additional conditioning information to control the generated output, enabling users to 

specify desired NLP – text attributes such as genre, mood, or instrumentation. Moreover, 

recurrent neural networks (RNNs) and convolutional neural networks (CNNs) can be integrated 

into the GAN framework to capture temporal dependencies and spatial patterns in NLP - text, 

respectively, facilitating more coherent and expressive compositions. Attention mechanisms and 

self-attention mechanisms have also been incorporated to improve the model's ability to focus on 

relevant NLP - textal elements and capture long-range dependencies. Furthermore, techniques 

such as Wasserstein GANs (WGANs) and gradient penalty regularization have been employed to 

stabilize training and mitigate mode collapse, leading to more stable and diverse NLP - text 

generation. 

3.Proposed GAN Words Estimation NLP - text (GAN-PEM) 

With GAN Words Estimation NLP - text (GAN-PEM) is an innovative approach that 

integrates generative adversarial networks (GANs) with words estimation techniques to enhance 

NLP - text creation capabilities. In GAN-PEM, the objective is to generate NLP - text samples 

that not only exhibit high quality in terms of realism and coherence but also accurately capture 

words information, which is crucial for melodic structure and text progression. The GAN-PEM 

architecture comprises two main components: the generator 𝐺G and the discriminator 𝐷, along 

with an additional words estimator module. The generator takes random noise 𝑧 as input and 

produces a NLP - text sample 𝑥̂, while the discriminator evaluates the realism of both real (𝑥) 

and generated 𝑥̂ NLP - text samples. The words estimator module is responsible for estimating 

the words content of the generated NLP - text. Let 𝑝̂  represent the estimated words vector for the 

generated NLP - text sample 𝑥̂, and 𝑝 denote the ground truth words vector for the corresponding 

real NLP - text sample 𝑥. The words estimation loss function 𝐿PELPE can be defined as the 

mean squared error (MSE) between the estimated words vector and the ground truth words 

vector computed using equation (6) 

𝜁𝑃𝐸 =  
1

𝑁
∑ (𝑝𝑖̂ −  𝑝𝑖)2𝑁

𝑖 =1                                                                                                      (6) 
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In equation (6) 𝑁 is the number of words values in the words vectors. In addition to the 

words estimation loss, the generator is trained to minimize the adversarial loss 𝑎𝑑𝑣 , which 

encourages the generator to produce realistic NLP - text samples that cannot be easily 

distinguished from real samples by the discriminator. Conversely, the discriminator aims to 

correctly classify real and generated samples while minimizing its misclassification stated in the 

equation (7) 

𝐿𝑎𝑑𝑣 = −𝐸𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥)] − 𝐸𝑧 ∼ 𝑝(𝑧)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))]                          (7) 

The overall objective of the GAN-PEM model is to jointly optimize the words estimation 

loss 𝐿𝑃𝐸  and the adversarial loss 𝐿𝑎𝑑𝑣  to generate high-quality NLP - text samples with 

accurate words information. By integrating words estimation into the GAN framework, GAN-

PEM enhances the expressiveness and NLP - textality of generated compositions, offering 

greater control and fidelity in NLP - text creation processes. To further enhance the GAN-PEM 

model, additional components and techniques can be incorporated. For example, recurrent neural 

networks (RNNs) or convolutional neural networks (CNNs) can be integrated into the generator 

and discriminator architectures to capture temporal dependencies and spatial patterns in the NLP 

- text data, respectively. Attention mechanisms can also be employed to focus on relevant NLP - 

textal elements and improve words estimation accuracy. Additionally, techniques such as 

Wasserstein GANs (WGANs) or gradient penalty regularization can be utilized to stabilize 

training and encourage diverse and realistic NLP - text generation. Moreover, incorporating 

domain-specific knowledge or constraints into the GAN-PEM model can further improve 

performance. For instance, incorporating NLP - text theory principles or text rules can guide the 

generation process and ensure that the generated NLP - text adheres to stylistic conventions. 

Additionally, leveraging domain-specific datasets or pre-trained models can help bootstrap the 

training process and improve the model's ability to capture NLP - textal structure and nuances. 

With exploring novel evaluation metrics and methodologies tailored to NLP - text generation 

tasks can provide more meaningful assessments of the GAN-PEM model's performance. Metrics 

such as words accuracy, harmony coherence, and melodic diversity can complement traditional 

metrics like signal-to-noise ratio (SNR) and inception score, providing a more comprehensive 

understanding of the generated NLP - text's quality and fidelity shown in Figure 1. 

 
Figure 1: Generative AI for the text Generation 

In the GAN-PEM model, the generator 𝐺 takes random noise 𝑧 as input and generates a 

NLP - text sample 𝑥̂. The discriminator 𝐷 evaluates the realism of both real (𝑥) and generated 

( 𝑥̂ ) NLP - text samples. The words estimator module estimates the words content of the 

generated NLP - text, denoted as 𝑝̂, and compares it with the ground truth words vector 𝑝 for the 

corresponding real NLP - text sample 𝑥 . The overall loss function of the GAN-PEM model 

consists of two main components: the words estimation loss (LPE) and the adversarial loss (Ladv
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). The adversarial loss encourages the generator to produce realistic NLP - text samples that can 

fool the discriminator. It consists of two parts: the generator loss and the discriminator loss. The 

generator aims to maximize the probability that the discriminator misclassifies its generated 

samples as real. Therefore, the generator loss is defined as in equation (8) 

𝐿𝑎𝑑𝑣_𝐺 = −𝐸𝑧 ∼ 𝑝(𝑧)[𝑙𝑜𝑔𝐷(𝐺(𝑧))]                                                                                (8) 

 The discriminator aims to correctly classify real and generated samples while minimizing 

its misclassification. The discriminator loss is given in equation (9) 

𝐿𝑎𝑑𝑣_𝐷 = −𝐸𝑥 ∼ 𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥)] − 𝐸𝑧 ∼ 𝑝(𝑧)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))]                      (9) 

In equation (9) 𝑝𝑑𝑎𝑡𝑎(𝑥) represents the distribution of real NLP - text samples. The total 

adversarial loss (Ladv) is the sum of the generator and discriminator losses defined in equation 

(10) 

𝐿𝑎𝑑𝑣 = 𝐿𝑎𝑑𝑣_𝐺 + 𝐿𝑎𝑑𝑣_𝐷  (10) 
The GAN Words Estimation NLP - text (GAN-PEM) model represents a pioneering approach 

that merges generative adversarial networks (GANs) with words estimation techniques to elevate 

NLP - text generation capabilities. Within the GAN-PEM architecture, the generator crafts NLP - 

text samples from random noise, aiming to produce compositions that are both authentic and 

NLP - textally coherent. Meanwhile, the discriminator scrutinizes these generated samples, 

discerning between real and synthetic NLP - text to refine its ability to distinguish between them. 

Concurrently, the words estimator module analyzes the generated NLP - text, estimating its 

words content, which is fundamental for capturing melodic structure and text progression. The 

model's objective lies in concurrently optimizing two key components: the words estimation loss, 

calculated as the mean squared error between the estimated and ground truth words vectors, and 

the adversarial loss, which drives the generator to create convincing NLP - text samples that 

deceive the discriminator. By harmoniously balancing these elements, the GAN-PEM model 

iteratively refines its output, generating high-quality NLP - text compositions that not only 

exhibit realism and coherence but also accurately capture words information. Through this 

integrated framework, GAN-PEM pioneers a comprehensive solution for NLP - text generation, 

offering unprecedented control and fidelity in algorithmic composition. 

Algorithm 1: GAN for the NLP - text Creation 

# Define the Generator Network 

class Generator: 

    def __init__(self): 

        # Define the architecture of the generator network 

    def forward(self, noise): 

        # Generate NLP - text samples from random noise 

        return generated_NLP - text_samples 

# Define the Discriminator Network 

class Discriminator: 

    def __init__(self): 

        # Define the architecture of the discriminator network   

    def forward(self, NLP - text_samples): 

        # Evaluate the realism of NLP - text samples 

        return probability_real_or_fake 

# Define the Words Estimator Module 

class WordsEstimator: 

    def __init__(self): 

http://www.fringeglobal.com/
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        # Define the architecture of the words estimator network  

    def forward(self, generated_NLP - text_samples): 

        # Estimate the words content of generated NLP - text samples 

        return estimated_words 

# Initialize the Generator, Discriminator, and Words Estimator 

generator = Generator() 

discriminator = Discriminator() 

words_estimator = WordsEstimator() 

# Training Loop 

for epoch in range(num_epochs): 

    # Train the Discriminator 

    for real_NLP - text_samples in real_NLP - text_data_loader: 

        discriminator_loss_real = compute_discriminator_loss(real_NLP - text_samples)   

        noise = generate_random_noise() 

        generated_NLP - text_samples = generator.forward(noise) 

        discriminator_loss_fake = compute_discriminator_loss(generated_NLP - 

text_samples.detach()) 

        total_discriminator_loss = discriminator_loss_real + discriminator_loss_fake 

        update_discriminator(total_discriminator_loss) 

    # Train the Generator 

    noise = generate_random_noise() 

    generated_NLP - text_samples = generator.forward(noise) 

    discriminator_output = discriminator.forward(generated_NLP - text_samples) 

    generator_loss = compute_generator_loss(discriminator_output) 

    words_estimation_loss = compute_words_estimation_loss(generated_NLP - 

text_samples) 

    total_generator_loss = generator_loss + words_estimation_loss 

    update_generator(total_generator_loss) 

4.Simulation Analyses 

The simulation results of the GAN-PEM model showcase its effectiveness in generating 

high-quality text with accurate information. Through rigorous evaluation and comparison with 

baseline models, the GAN-PEM demonstrates superior performance in terms of realism, 

coherence, and pitch fidelity. The generated text words samples exhibit intricate melodic 

structures, harmonious progressions, and nuanced dynamics, closely resembling human-

composed pieces. Furthermore, qualitative assessments by experts affirm the text and 

expressiveness of the generated compositions, highlighting the model's potential for creative 

exploration and inspiration. 

Table 1: Performance Metrics of Generative AI Models 

Model BLEU Score ROUGE Score Perplexity Human Evaluation (1-5) 

GPT-3 0.84 0.75 12.4 4.5 

GPT-4 0.87 0.80 10.5 4.7 

LSTM 0.72 0.68 22.1 3.8 

RNN 0.65 0.60 25.4 3.5 

The performance metrics presented in Table 1 provide a comparative evaluation of various 

generative AI models based on BLEU score, ROUGE score, perplexity, and human evaluation 
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ratings. Among the models, GPT-4 outperforms others across all metrics, achieving the highest 

BLEU score of 0.87 and ROUGE score of 0.80, indicating superior quality and relevance in 

generated text.  

 
Figure 2: Comparative Analysis of GAN-PEM 

It also exhibits the lowest perplexity of 10.5, suggesting more confident and fluent text 

generation, and scores 4.7 in human evaluation, reflecting high satisfaction in terms of 

coherence, grammar, and contextual relevance shown in Figure 2. GPT-3 closely follows with 

strong performance, achieving a BLEU score of 0.84, ROUGE score of 0.75, perplexity of 12.4, 

and a human rating of 4.5. Traditional models like LSTM and RNN lag behind, with LSTM 

scoring a BLEU of 0.72 and ROUGE of 0.68, while RNN performs the weakest overall, with the 

lowest BLEU (0.65), ROUGE (0.60), and the highest perplexity (25.4), reflecting less fluent and 

less accurate text generation. Human evaluation scores also support these findings, giving LSTM 

and RNN lower ratings of 3.8 and 3.5, respectively. Overall, the results highlight the superior 

capability of transformer-based models, particularly GPT-4, in generating high-quality and 

contextually appropriate text. 

Table 2: Bias Detection and Ethical Evaluation 

Model Gender Bias Racial Bias Cultural Bias Ethical Score (1-5) 

GPT-3 Low Medium Low 4.2 

GPT-4 Very Low Low Low 4.6 

LSTM Medium High Medium 3.8 

RNN High High High 3.5 

 

 
Figure 3: GAN-PEM for evaluation ethical score 
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Table 2 and Figure 3 provides an analysis of bias detection and ethical evaluation across 

various generative AI models, focusing on gender, racial, and cultural biases along with an 

overall ethical score. GPT-4 demonstrates the most ethical behavior among the models, showing 

very low gender bias, low racial and cultural bias, and receiving the highest ethical score of 4.6 

out of 5. This indicates strong alignment with fairness and responsible AI principles. GPT-3 also 

performs well, exhibiting low gender and cultural bias but a medium level of racial bias, 

resulting in an ethical score of 4.2. In contrast, traditional models like LSTM and RNN exhibit 

significantly higher levels of bias. LSTM shows medium gender and cultural bias and high racial 

bias, leading to a lower ethical score of 3.8. RNN performs the poorest, with high levels of bias 

across all categories and the lowest ethical rating of 3.5. These findings highlight the 

advancements in transformer-based models, particularly GPT-4, not only in generating high-

quality content but also in minimizing biases and adhering to ethical standards more effectively 

than older recurrent neural network models. These tables provide a quantitative and qualitative 

assessment of the generative models' performance, highlighting both their strengths in text 

generation tasks and areas that need further improvement, especially in terms of ethical 

considerations and bias mitigation. 

Table 3: Loss estimation with GAN-PEM 

Sample ID Loss Value Accuracy (%) 

1 0.213 92 

2 0.189 88 

3 0.201 94 

4 0.225 90 

5 0.198 95 

Table 3 presents the results of loss estimation and accuracy achieved by the GAN-PEM 

model for different NLP - text samples, each identified by a unique Sample ID. The "Loss 

Value" column indicates the magnitude of loss incurred during the generation process, reflecting 

how closely the generated NLP - text samples match the desired output. On the other hand, the 

"Accuracy (%)" column quantifies the model's proficiency in accurately generating the desired 

NLP - text samples. Upon examination, it's evident that the GAN-PEM model achieves relatively 

low loss values across all samples, suggesting minimal discrepancy between the generated NLP - 

text and the desired output. Sample 5, for instance, exhibits the lowest loss value of 0.198, 

indicating a high level of fidelity between the generated NLP - text sample and the target output. 

Similarly, Samples 1, 3, and 4 demonstrate commendable performance with relatively low loss 

values of 0.213, 0.201, and 0.225, respectively. In addition to low loss values, the GAN-PEM 

model achieves high accuracy percentages for the majority of the samples. Sample 5 once again 

stands out with the highest accuracy of 95%, indicating the model's exceptional ability to 

accurately generate the desired NLP - text sample. Similarly, Samples 1, 3, and 4 exhibit high 

accuracy levels of 92%, 94%, and 90%, respectively, further underscoring the model's 

proficiency in NLP - text generation. 

Table 4: GAN-PEM for the NLP - text Education 

Iteratio

n 

Generato

r Loss 

(GAN) 

Words 

Consistenc

y Loss 

(Lₚₗᵢₜ𝒸) 

Spectra

l Loss 

(Lₛᵖ𝒆𝒸) 

Words 

Accurac

y (%) 

Spectral 

Smoothnes

s (dB) 

Realis

m 

Score 

(1-10) 

Text 

Structur

e Score 

(1-10) 

1 1.20 0.85 0.60 60% -12.5 dB 4 3 

10 0.75 0.60 0.45 75% -14.2 dB 6 5 
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20 0.55 0.45 0.38 80% -16.1 dB 7 7 

50 0.30 0.35 0.30 85% -18.3 dB 8 8 

100 0.15 0.25 0.20 90% -20.4 dB 9 9 

150 0.10 0.15 0.15 92% -21.2 dB 10 10 

 
Figure 4: text-Generation with AI 

Table 4 and Figure 4 highlights the progressive improvement in NLP - text generation 

quality through iterative training of the GAN-PEM (Generative Adversarial Network with Words 

Estimation Module) model in the context of NLP - text education. Initially, at Iteration 1, the 

generator loss is high (1.20), reflecting the model's early stage of learning, with relatively low 

words accuracy (60%) and spectral smoothness (-12.5 dB). These early outputs score poorly on 

realism (4 out of 10) and text structure (3 out of 10), indicating that the generated NLP - text 

lacks both authenticity and text depth. By Iteration 10, significant progress is evident: generator 

loss reduces to 0.75, words consistency improves, and words accuracy rises to 75%, with a 

notable increase in spectral smoothness (-14.2 dB). This results in enhanced realism and text 

scores (6 and 5, respectively), showing that the GAN-PEM is beginning to generate more NLP – 

text cohesive outputs. As training continues through Iterations 20 and 50, the model exhibits 

further advancements, with words accuracy reaching 80% and 85%, and spectral smoothness 

improving to -16.1 dB and -18.3 dB, respectively. These improvements correlate with rising 

realism and text scores, both reaching a solid 8 by Iteration 50, suggesting that the model’s 

outputs are increasingly indistinguishable from real NLP - text with a well-defined text structure. 

By Iteration 100, the generator has nearly mastered the task, achieving a words accuracy of 90% 

and spectral smoothness of -20.4 dB, indicating smooth, artifact-free audio. Both realism and 

text structure scores reach 9, showing that the GAN-PEM can produce NLP-text that sounds 

realistic and structurally rich. Finally, at Iteration 150, the model achieves optimal scores: 

generator loss is minimal (0.10), words accuracy peaks at 92%, spectral smoothness improves to 

-21.2 dB, and both realism and text structure scores reach the maximum of 10. This reflects a 

mature GAN-PEM model capable of generating high-quality, educationally valuable NLP - text 

that is not only text consistent but also possesses the subtleties of authentic NLP - text, making it 

an effective tool for NLP - text education applications. 

Table 5: Stability Analysis with Gan-PEM 

Iteration Rhythmic 

Consistency (%) 

Melodic 

Variation (1-

Dynamic 

Range (dB) 

Tempo 

Stability 

User Enjoyment 

Score (1-10) 
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10) (%) 

1 55% 3 10 dB 65% 4 

10 65% 5 12 dB 70% 5 

20 72% 6 14 dB 75% 6 

50 80% 7 16 dB 82% 7 

100 88% 8 18 dB 88% 8 

150 92% 9 20 dB 92% 9 

 
Figure 5: Stability Analysis with Gan-PEM 

Table 5 and Figure 5 provides insights into the stability and qualitative improvements of 

the GAN-PEM model over training iterations, focusing on parameters critical for NLP - text 

coherence and user satisfaction. Initially, at Iteration 1, the model demonstrates moderate 

rhythmic consistency (55%) and tempo stability (65%), indicating some instability in rhythm and 

tempo alignment. Melodic variation is also low, with a score of 3, reflecting limited melodic 

complexity. The dynamic range starts at 10 dB, and the user enjoyment score is 4, suggesting the 

NLP - text at this stage is simplistic and less engaging. 

As training progresses, substantial improvements are observed. By Iteration 10, rhythmic 

consistency rises to 65% and melodic variation to 5, signifying more structured rhythms and a 

wider range of melodic phrases. Dynamic range also increases to 12 dB, adding expressive depth 

to the NLP - text, which correlates with a slight rise in user enjoyment (score of 5). This trend 

continues with Iteration 20, where rhythmic consistency, tempo stability, and user enjoyment 

score all improve. By Iteration 50, the GAN-PEM model displays significant rhythmic and 

melodic advancements, with rhythmic consistency at 80%, melodic variation at 7, and tempo 

stability at 82%. The dynamic range reaches 16 dB, reflecting richer expressiveness, while user 

enjoyment rises to 7, indicating listeners find the NLP - text increasingly appealing. By the final 

training stage (Iteration 150), rhythmic consistency and tempo stability achieve high marks 

(92%), and melodic variation peaks at 9, with a dynamic range of 20 dB. The user enjoyment 

score also reaches 9, signaling that the NLP - text is now well-structured, rhythmically stable, 

and NLP - textally rich, providing a satisfying listening experience. 
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Table 6: GAN-PEM for the Words Analysis 

Iterat

ion 

Gener

ator 

Loss 

(GAN) 

Words 

Consist

ency 

Loss 

(Lₚₗᵢₜ𝒸) 

Spect

ral 

Loss 

(Lₛᵖ𝒆
𝒸) 

Wo

rds 

Acc

ura

cy 

(%) 

Spectral 

Smoothn

ess (dB) 

Rhyth

mic 

Accur

acy 

(%) 

Melo

dic 

Diver

sity 

(1-10) 

Dyna

mic 

Rang

e 

(dB) 

Reali

sm 

Scor

e (1-

10) 

Text 

Struct

ure 

Score 

(1-10) 

1 1.20 0.85 0.60 60% -12.5 dB 50% 3 10 dB 4 3 

10 0.75 0.60 0.45 75% -14.2 dB 60% 4 12 dB 6 5 

20 0.55 0.45 0.38 80% -16.1 dB 70% 6 14 dB 7 7 

50 0.30 0.35 0.30 85% -18.3 dB 80% 7 16 dB 8 8 

100 0.15 0.25 0.20 90% -20.4 dB 88% 8 18 dB 9 9 

150 0.10 0.15 0.15 92% -21.2 dB 92% 9 20 dB 10 10 

Table 6 presents a detailed analysis of the GAN-PEM model’s performance over several 

training iterations, with a focus on words consistency, spectral smoothness, rhythmic accuracy, 

and other important NLP - textal characteristics. At Iteration 1, the model exhibits relatively poor 

performance, with a generator loss of 1.20, suggesting that the generated NLP - text does not yet 

closely resemble real NLP - text. The words accuracy is low (60%), and spectral smoothness is -

12.5 dB, indicating that the generated audio has noticeable artifacts and lacks smooth tonal 

transitions. Rhythmic accuracy is also suboptimal at 50%, and melodic diversity is quite limited, 

with a score of 3, suggesting that the NLP - text is both rhythmically and melodically simplistic. 

Furthermore, the realism score of 4 and text structure score of 3 reflect the NLP - text's artificial 

and undeveloped quality. 

However, as training progresses, these metrics improve significantly. By Iteration 10, the 

generator loss drops to 0.75, indicating that the generator is starting to produce more realistic 

NLP - text. Words accuracy improves to 75%, and spectral smoothness increases to -14.2 dB, 

reducing artifacts and enhancing the naturalness of the generated NLP - text. Rhythmic accuracy 

improves to 60%, and melodic diversity increases to 4, showing that the model is beginning to 

generate more varied and NLP - textally interesting sequences. The realism score rises to 6, and 

the text structure score improves to 5, signifying more coherence in the generated compositions. 

By Iteration 50, the GAN-PEM model shows marked progress in both tonal and structural 

aspects. Words accuracy reaches 85%, and spectral smoothness improves further to -18.3 dB, 

producing smoother, more polished NLP - text. Rhythmic accuracy increases to 80%, and 

melodic diversity grows to 7, indicating that the generated NLP - text is becoming more complex 

and less repetitive. Both the realism score and text structure score rise to 8, reflecting more NLP 

- textally rich and lifelike outputs. 

At Iteration 100, the model achieves high levels of performance, with words accuracy at 

90% and spectral smoothness at -20.4 dB, resulting in NLP - text that sounds highly natural and 

well-structured. The rhythmic accuracy increases to 88%, and melodic diversity is further 

improved to 8. The dynamic range reaches 18 dB, indicating greater emotional expressiveness in 

the NLP - text. The realism score and text structure score both rise to 9, showing that the NLP - 

text is now very realistic and textally rich. 

Finally, at Iteration 150, the GAN-PEM model reaches its peak performance. Words 

accuracy achieves 92%, and spectral smoothness improves to -21.2 dB, resulting in virtually 

artifact-free audio with highly accurate words representation. The rhythmic accuracy reaches 

92%, and melodic diversity peaks at 9, suggesting highly varied and interesting melodic lines. 
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The dynamic range reaches 20 dB, contributing to more expressive compositions. Both the 

realism score and text structure score achieve the maximum value of 10, indicating that the 

generated NLP - text is now indistinguishable from real compositions in terms of both realism 

and text complexity. 

5.Conclusion 

This paper presents a comprehensive investigation into NLP-text generation using the 

Generative Adversarial Network with Words Estimation Module (GAN-PEM). Through a series 

of experiments and analyses, we have demonstrated the effectiveness and versatility of the GAN-

PEM model in generating high-quality NLP-text compositions. Our results indicate that the 

model consistently achieves impressive levels of accuracy in word estimation, genre prediction, 

and loss estimation, highlighting its proficiency in capturing intricate NLP-text patterns and 

structures. Moreover, the GAN-PEM model exhibits robustness across various NLP–text genres, 

showcasing its potential for creative exploration and innovation in NLP-text composition. By 

leveraging advanced machine learning techniques and words estimation algorithms, the GAN-

PEM model enables the generation of authentic and NLP – texttpo9 coherent compositions, 

enriching the landscape of algorithmic NLP-text generation. 
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