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Abstract: In recent years, advancements in deep learning and machine learning have spurred the
development of various text generation models, particularly through Python programming. This
paper introduces PFed-TG, a novel personalized federated learning (PFL) framework for text
generation (PFed-TG) tasks that integrates personalized model training with federated learning
principles, leveraging Python's Natural Language Processing (NLP) tools, including the Hugging
Face Transformers library. The framework's efficacy is evaluated using the Shakespeare dataset,
demonstrating consistent production of contextually relevant text. Performance is assessed using
metrics such as ASL, ROUGE-L, BLEU, METEOR, and Perplexity, focusing on readability, coherence,
and alignment. Results indicate that PFed-TG enhances efficiency and offers insights into
optimizing personalized FL models for practical applications across diverse domains like healthcare,
finance, and education. This research comprehensively evaluates PFed-TG's methodology,
highlighting its potential to advance the field of NLP through innovative FL approaches.

Keywords: Federated Learning; Personalized Federated Learning; Text Generation; Privacy
Preservation; Natural Language Processing; Python.

1. Introduction

The ability to create coherent and contextually appropriate text is becoming increasingly crucial in the
contemporary digital era in various disciplines, from virtual assistants and chatbots to text generation and
translation of language. It has been made possible over recent years. With the help of revolutionary
technology known as natural language processing (NLP) [1], robots can now understand and create human
language.

The subject of NLP's text generation is interesting and hard, and researchers and developers are
always experimenting with new ideas to produce material that is as natural-sounding as possible. This
research work uses the potent programming language Python to carry out a thorough comparison analysis
of several text-generating models. Various tools and libraries of Python make it an excellent choice for
research. Python has established itself as the go-to language for executing NLP strategies and creating
complex language models due to its flexible tools and frameworks [2]. Text quality, fluency, coherence,
and contextual awareness are only a few of the aspects of text generation that are explored in comparative
research.

Understanding how each model manages long-range relationships, preserves context, and adjusts to
various language patterns is the goal. Learning about the benefits and drawbacks of these models via
thorough review and research, paving the path for improvements in the text generation industry will be
easy. After so many research studies, here is how data science, ML, Python, and NLP are linked together
in the flow of text generation in Figure 1.

The field of NLP has advanced significantly over time, enabling machines to comprehend and
produce human language with ever-increasing accuracy. Text creation is one of many NLP applications,
and it is exciting and challenging because the goal is to generate coherent and contextually appropriate
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textual information. Book recommendation systems have been developed [3], and genetic algorithms have
been used for the enhancement of book ratings. In the current digital era, text production is quite common,
which has encouraged the creation of several models and algorithms. It is crucial to conduct thorough
comparison studies to evaluate the advantages and disadvantages of various procedures as researchers
and developers continue to investigate innovative approaches [4],[5] for knowledge-enhanced text
generation. This research study investigates several text generation models in-depth, with an emphasis on
how they might be implemented using Python, a flexible programming language. The main goal of the
research is to compare the performance of both conventional and sophisticated text-generating models
according to several parameters.
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Figure 1. Overlapping process of Text Generation

Text creation challenges have traditionally been handled using methods like Markov Chains and n-
grams. A fault diagnosis model ensures data privacy and effectively performs cross-domain fault diagnosis
by combining the advantages of federated learning (FL) and transfer learning. Although these models are
very simple, their flaws become apparent when dealing with distant connections and keeping context in
intricate language patterns. However, more sophisticated deep learning models, such as RNNs and
LSTMs, have shown promise in capturing language subtleties and context. The process for text generation
observed in many studies is shown in Figure 2.
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Figure 2. Flowchart for the process of Text Generation

Collecting trustworthy text data is essential for the generation of text. There are several ways to get
data, including web scraping, APIs, databases, CSV, text, and JSON files. The collected data should be
relevant to the project. The data obtained must be pre-processed before being used to train the text creation
model. Lemmatization, stop-word removal, stemming, vectorization, and other crucial processes are
included in this stage. These procedures assist in transforming the raw text into a structure appropriate for
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model training. To better understand the dataset, compute fundamental statistical measures, spot trends,
and patterns, and visualize distributions and correlations. Exploratory Data Analysis (EDA) is a method
for learning more about the properties of text data. Pre-processed data is utilized to train a machine-
learning model for text generation.

To assess the model's performance, the data is divided into two sets that are training and test sets. A
specific percentage is decided to split the dataset. Depending on the specifications of the text generation
task, a suitable model is then selected, such as LSTM or GPT-2. This model is then trained. The training set
of data is used to utilized to train the model, then evaluation metrics are used to evaluate the model’s
performance. It can be fine-tuned in case of low performance. Text can be generated after training the
machine learning model. A seed text as input is required as a prompt; the model creates new text
depending on the context and patterns it has learned during training. The accuracy and consistency of the
content created are verified, and the text-generating process is evaluated. Text diversity is determined to
prevent repetition.

The ability of text generation to create information that resembles humans has been significantly
enhanced with the introduction of large and diverse models like Transformer-based models [6], as
demonstrated by GPT-3. Implementing these models is made simple and effective using Python as the
programming language. This comparative research has a solid basis thanks to the diverse ecosystem of
NLP packages available in Python, including NLTK, spaCy, and Transformers. Python's simplicity of use
and readability also guarantee the repeatability of results, enabling wider validation and advancement of
the research.

It needs to be rectified as per output. In this study, we examine computational complexity and
efficiency, which are significant aspects in the applications of the real world, in addition to the text
generation quality of each model. A finetuning model can enhance it. As these factors substantially impact
the caliber of generated text, the study investigates the effects of various dataset sizes and preprocessing
methods on the models' performance.

With the addition of attention processes, Transformer-based Models have recently changed the NLP
landscape. These models, which are best typified by the Transformer architecture, have made it possible
to efficiently process parallel data, which enables them to manage long-range relationships well.
Transformers are the inspiration for several ground-breaking language models, including BERT and GPT-
2 [7], which have raised the bar for several NLP tasks.

The main goal of the research is to compare the performance of both conventional and sophisticated
text-generating models according to several parameters. Due to its applicability in various fields, including
chatbots [8], content production, and language translation, text generation has attracted substantial interest
in the field of Natural Language Processing (NLP). Researchers have created several text generation
models using Python programming because of the development of ML and deep learning approaches.

Recent studies have highlighted the efficacy of FL in text generation, demonstrating its potential to
produce high-quality, contextually relevant text without compromising data privacy [9]. Various domains
have different findings, like in the realm of healthcare; for instance, federated text generation has been
employed to generate medical reports and summaries without exposing patient data. Studies like [10] have
shown that federated models can maintain the confidentiality of sensitive medical information while
providing accurate and reliable text-generation capabilities. It shows better performance.

Similarly, in the financial sector, FL has been utilized to generate financial analyses and reports,
ensuring that proprietary data from different institutions remain secure. Here, it also showed better
performance. The integration of FL with advanced language models, such as GPT-3 and BERT, has further
enhanced the performance and applicability of these models across various domains [11].

Despite the promising advancements, federated text generation also faces several challenges,
including communication overhead, model heterogeneity, and handling non-IID (non-independent and
identically distributed) data. These challenges should be rectified for improvements. Researchers are
actively exploring solutions to these challenges to improve the efficiency and effectiveness of FL in text
generation [12]. Many models have been explored.

Recent advancements include developing more efficient communication protocols and aggregation
methods, as well as techniques to address data heterogeneity and imbalance [13]. The continued evolution
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of federated text generation models promises to revolutionize applications in areas requiring strict data
privacy and security, paving the way for more robust and scalable NLP solutions.

In this study, we also introduced PFed-TG (Personalized Federated Text Generation), an FL-based
approach to text generation. PFed-TG leverages the personalized federated learning paradigm to train text
generation models collaboratively across multiple clients without sharing raw data. This method ensures
data privacy and security while enabling the utilization of diverse and distributed datasets. Specifically,
we implemented PFed-TG using the Shakespeare dataset to demonstrate the effectiveness of our approach
in generating contextually relevant and coherent text.

Figure 3 shows the model (PFed-TG), and Figure 4 shows algorithms both have been proposed in the
survey conducted before this study and implemented in the methodology, and their performance is
compared to recent models.
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Figure 3. PFed-TG (Model)

Algorithm for “Fed-TG: Federated Learning-Driven Text Generation”

Algorithm:

Inputs: Client datasets D1, D2, ..., Dn. i.e. data available for training, Global model
parameters P, Starting parameters, Collaboration Coordinator (CC).

Outputs: Refined parameters P, Deployed model .
The model also generates intermediate outputs during the training process
Local model parameters P_i, Aggregated parameters P_agg

1- Initialize global model parameters P
2- Initialize Collaboration Coordinator (CC)
3- for each epoch(Training) i = 1 to M do:

4- for each client device j =1 to N do:

S5- P_i = LocalTraining(client_DIi], P} // Client-side training
6- UploadParameters(?P_i)

7- P_agg = AggregateParameters() // Aggregation at central server
8- if Accuracy(?P_agg) < Threshold : // Assess aggregated parameters
9- P_agg = CC.Process(P_agg)

10- if AdjustmentsNeeded(P_agg) :

11- AdjustParameters(P_agg)

12- P = DownloadParameters(P_agg) // Download refined parameters
13- if FurtherTrainingNeeded() : // Further training or deployment

14- P = FurtherTraining(?P)

15- DeployModel(P) // Final model deployment

Figure 4. Algorithm for PFed-TG

2. Literature Review

Due to its applicability in various fields, including chatbots, content writing, and language translation,
text generation has attracted substantial interest in the field of Natural Language Processing (NLP).
Researchers have created several text generation models using Python programming because of the
development of ML and deep learning approaches. This study of literature attempts to give a broad
overview of current advancements in text generation models and their comparison. Researchers have
performed comparison studies using several assessment measures, including perplexity, BLEU score, and
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human evaluation, to gauge the effectiveness of various text-generating methods. This research seeks to
comprehend each model's advantages and disadvantages and its applicability to various text creation jobs.
2.1. Text Generation Models

A variety of text generation models, from conventional statistical techniques to cutting-edge neural
network-based designs, have been developed. These models may be roughly divided into techniques based
on rules, templates, and neural networks. Rule-based techniques use predetermined rules and grammatical
structures to create text. Approaches based on templates employ placeholders to add pertinent data to pre-
made templates. While these techniques are straightforward and effective, they frequently lack
adaptability and naturalness in text generation. On the other hand, recurrent neural networks (RNNs) and
transformers [6] have been shown to be remarkably effective in text production challenges. The Generative
Pre-Trained Transformer (GPT) series, including the GPT-2 and the GPT-3, are notable designs that have
attained cutting-edge outcomes in various text generation applications. Since their introduction in 2018,
these transformer language models have revolutionized the area of NLP [14]. The large language models
like GPT-3/4, PaLM, and OPT are significant due to recent research and rising public interest. These
models, driven by cutting-edge neural network architectures, have won widespread acclaim for their
astonishing capacity to produce text that looks like human beings and carry out numerous tasks involving
natural language comprehension. Their prospective uses, advantages, and difficulties in text generation
utilizing Python and Natural Language Processing have all been sparked by conversations and
examinations of their capabilities. A multi-class conditioned text generation model using a transformer-
based decoder with adversarial networks and style-attention mechanisms [15]. Researchers and
practitioners may undertake comparison studies to assess how well these models perform in producing
text that is coherent, contextually relevant, and of high quality by better understanding the capabilities of
these models. Even NLP-trained professionals, however, are astonished by the material produced by
language models. The first focus was on disguised models like "BERT," which led to the creation of
"BERTology" as a subject of study [16]. The landscape has changed since the previous BERTology study in
2020 and the popularity of big autoregressive models like GPT-3. Autoregressive methods anticipate
incoming words sequentially as opposed to masked models, which require anticipating words to fill in the
blanks. These large autoregressive models have been the focus of language model analysis. These models
are frequently applied to generate open-ended texts eliminating the need for refinement automatically. As
a result, a growing number of behavioral experiments have been conducted to assess the likelihood of the
text output produced by language models. This change reflects the development of the models themselves
as well as the direction of the study [16]. The use of language models has recently increased in popularity
across several sectors and has a wide variety of applications. These models have also found use in fields
including medical and financial document analysis, simplifying online search functionality, and boosting
chatbot interactions. Language models have earned the title of "foundation models" in the field of Natural
Language Processing (NLP) because of their astounding adaptability and pervasive applicability [17]. This
acknowledgment highlights their crucial function in forming the basis for countless developments and
breakthroughs in the area. For instance, a comparison of conventional n-gram models, RNNs, and
transformers for text production was done, they discovered that transformers, particularly GPT-3,
performed better than other models in producing text that was cohesive and relevant to its surroundings.
2.1.1. BERT

In 2018 Google Research introduced the BERT approach developed by Jacob Delvin’s team [18]. It is
utilized in pre-training to enhance text-generation capabilities. BERT utilizes transformers, a type of
network architecture that's bidirectional to learn contextual word representations. Unlike training methods
that focus solely on left-to-right or right, to left scenarios, BERT addresses this limitation by capturing
contextual information from both directions. By leveraging a dataset consisting of the English Wikipedia
and the BookCorpus dataset with over 11,000 books totaling 3.3 billion words BERT gains in-depth
knowledge [18]. The training process for BERT involves fine-tuning stages where the model learns to
predict masked-out words in sentences and understand connections between phrases. Overall, the
performance of the model surpassed the state-of-the-art (SOTA) model by 1.5% achieving a ROUGE L score
of 42.4%. Additionally, it demonstrated an accuracy of 86.1% in natural language inference marking a 1.4%
improvement, over the SOTA model. The BERT strategy has achieved progress, in NLP tasks. Devlin and
colleagues demonstrated results in their paper across standard tasks such as recognizing named entities,
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analyzing sentiments, and answering questions. Although groundbreaking, the BERT approach
nevertheless had numerous drawbacks and flaws. Due to its bidirectional nature, one of its key drawbacks
was a lack of knowledge of terms that would appear later in the text. This meant that BERT could only use
words that came before masked words to predict them, not words that came after them. Furthermore,
BERT's enormous size made it difficult to install on devices with limited resources. The application of
BERTScore in text generation highlighted some of the shortcomings.

2.1.2. Transformer XL

Transformer-XL has been a successor model to overcome the drawbacks of BERT and to improve its
bidirectional capabilities. Transformer XL, a creation by Dai and colleagues introduced a segment-level
recurrence mechanism to overcome limitations in understanding. By retaining state information across
segments, the Transformer XLs recurrence technique allowed for the representation of sequences resolving
the issue of "context fragmentation” that hindered BERT's grasp on extended dependencies. The study by
Dai et al. [19] did not introduce datasets. Instead built upon the existing concept within the transformer
architecture initially proposed in the work on attention mechanisms. The transformer architecture
leverages self-attention processes to establish connections between words in a phrase or sequence.
Introducing an approach called "segment level recurrence mechanism " they aimed to extend boundaries
and enhance the model’s capability to capture long-range relationships. This technique operates by
segmenting input sequences and introducing recurrence across segments. Unlike transformers that rely on
self-attention within segments, Transformer XL incorporates a state evolution mechanism that maintains
information continuity between segments. As a result, the context fragmentation constraint seen in BERT
is mitigated and the model can capture relationships across longer sequences. The model scored 43.0% on
the ROUGE-L for the summarizing assignment. This represents a significant improvement over the prior
state-of-the-art model, an improvement of 1.1%. The model's accuracy rate for natural language inference
was 86.2% Comparing Transformer-XL to earlier transformer-based models, considerable improvements
were seen. Dai et al. Tested Transformer XL, in language modeling tasks, where the model predicts the
word in a sequence based on the preceding words. The results showed that Transformer XL outperformed
models, including the transformer design and common autoregressive models like LSTM and GRU. It
demonstrated speed in handling longer-range dependencies. The segment-level recurrence mechanism of
Transformer XL effectively addressed the limitations of fixed context windows, enhancing understanding
and performance across language modelling tasks. Despite making progress in managing long-distance
relationships, Transformer XL still faced constraints and challenges. The original model encountered issues
such as increased complexity due to the segment-level recurrence mechanism, which became a drawback
for the model. This led to memory usage and longer training times, limiting its applicability for some tasks
and hardware configurations [20].

2.1.3. Longformer: The Long-Document Transformer

Researchers introduced an enhancement to the "Longformer" model known as "Positional Encodings"
to address the complexity and memory challenges faced by Transformer XL. This updated model tackled
these issues identified in the models. The Longformer was specifically crafted to handle sequences
comprising tens of thousands of tokens with minimal computational overhead. The study did not
introduce datasets. Instead, it focused on refining the transformer architecture, which is crucial for tasks
such as document summarization and interpreting lengthy texts . This approach effectively resolves issues
related to processing sequences. To enable long-distance attention capabilities without increasing burden,
a novel method for managing relative positional encodings was proposed [21]. Longformer utilizes an "
attention" mechanism that considers both global and local contexts. By integrating attention, where tokens
primarily focus on tokens within a specified range with global attention, where tokens can attend to all
other tokens it adeptly handles long-range dependencies without experiencing the quadratic rise in
computation time typical of standard transformers. In terms of summarization performance improvement,
there was a 2.3% increase in the ROUGE L score compared to the state-of-the-art (SOTA) model. For natural
language inference tasks an 86.5% accuracy rate represents a 0.7% enhancement, over the preceding model.
In their research evaluated the Longformer model across tasks, like sorting documents. Summarizing them.
The inclusion of encodings and a global local attention mechanism in the Longformer model effectively
addressed the challenges posed by processing lengthy documents and sequences marking a significant
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advancement in transformer design. However tuning hyperparameters, such as the size of the attention
window was still crucial for the optimal performance of Longformer's global local attention mechanism.
Moreover, the advantages of Longformer were more pronounced for papers compared to shorter ones
indicating its greater utility, for handling lengthier documents.
2.1.4. Big Bird: Transformers for Longer Sequences

The Big Bird model was designed to address the challenges of attention and improve the handling of
long documents. Developed by Zaheer et al. in 2020, Big Bird enhanced the performance and scalability of
document lengths by introducing methods like " attention" and "blockwise attention". These techniques
were implemented to overcome the limitations of the Longformer model allowing the model to effectively
process texts without losing efficacy. The dataset utilized, known as the Pile and 1.5TB in size consists of
content such as code, text from books, articles, code repositories, and other sources. Through self-
supervised learning and innovative attention computation approaches the Big Bird model efficiently
processes sequences. Zaheer et al [22] work involved employing two types of attention mechanisms; "
attention" and "sparse attention." The use of "block attention" in Big Bird involves breaking down
sequences into blocks to facilitate attentiveness within and between these blocks significantly reducing the
quadratic complexity associated with traditional self-attention methods. To reduce the memory
requirements, Big Bird introduces " attention ", where attention is randomly selected for specific tokens.
Big Bird maintains efficiency in handling sequences through these techniques. This model has been used.
It achieves an 86.5% accuracy, in natural language inference an improvement of 0.7% compared to the
leading model, and a ROUGE L score of 43.2% for summarization surpassing the state-of-the-art model by
2.3%. The effectiveness of the Big Bird model was validated by across NLP tasks like language modelling,
document classification, and summarization. In comparison to transformers and models tailored for
documents like Longformer Big Bird consistently outperformed them based on available data. This model
demonstrated performance as well. Representing an advancement, in NLP, the attention mechanisms of
the Big Bird model effectively addressed challenges related to processing longer sequences efficiently.
While training the Big Bird model was computationally intensive it faced limitations in understanding
relationships
2.1.5. Full Attention and LSG Attention

The GLUE benchmark, which consists of natural language processing tasks served as the dataset, in
the study [23]. The tasks in the GLUE benchmark encompass text classification question answering and
summarization. A pretrained transformer model was trained using the GLUE benchmark methodology
proposed followed by tuning for each task within the benchmark. Two distinct attention mechanisms,
attention and LSG attention were utilized in their approach. The ROUGE L score for summarization
showed an improvement of 2.7% compared to the state-of-the-art model indicating significant progress.
The natural language inference task achieved an accuracy rate of 87.0% representing an improvement of
1.1% over the best model’s performance. The study highlighted that LSG attention can enhance pre-trained
transformers' performance on sequences with long-distance dependencies effectively. Notably LSG
attention outperformed attention with an accuracy of 89.2% on the question-answering task within the
GLUE test set by a margin of 1.2%. Furthermore, it was demonstrated that LSG attention proved to be more
effective than attention in improving model performance. LSG attention stands out as it only calculates
attention weights for a subset of the tokens in a sequence, allowing for the training and use of pretrained
transformers on sequences. Research conducted found that LSG attention demonstrates resilience to noise
and outliers compared to attention. This is attributed to the fact that no single token in the sequence
receives focus from LSG reducing the impact of noise or outliers. The study supports enhancing pre-trained
transformers' performance on sequences through LSG attention. However, also acknowledges limitations
associated with LSG attention. One drawback is its oversight of providing attention to shorter sequences
given that it does not compute attention weights for the entire sequence like full attention does.
2.2. Federated Text Generation

Recently federated learning has been implemented in text generation to tackle privacy concerns and
make use of data sources. This method allows models to be trained collaboratively across clients without
sharing data ensuring the protection of data privacy and security [31]. This approach is particularly
beneficial for generating text involving information. In federated text generation language models are
trained on datasets from clients like personal devices or organizational databases. Each client trains the
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model on its data. Only sends model updates to a central server, which combines these updates to create a
global model. This strategy does not maintain data privacy. Also permits the utilization of diverse data
sources. Recent research in federated text generation has showcased its potential in areas. For instance,
FedML [24] introduced a benchmarking framework for learning tasks, including text generation,
emphasizing the advantages of federated methods in safeguarding data privacy while achieving
competitive results. Another study by Liu et al. [10] explored the application of federated learning in
healthcare, for generating texts while upholding confidentiality effectively. Implementing federated text
generation encounters obstacles, like communication model differences and managing non-IID data.
Scientists are currently focused on tackling these hurdles to enhance the efficiency and success of federated
learning, for text generation.

2.2.1 Key Models, in Collaborative Text Generation

e Collaborative BERT (Collab BERT)

A modified version of the BERT model tailored for learning with a focus on tasks like text
categorization and creation. Collab BERT utilizes the capabilities of BERT to grasp details from dispersed
datasets.

e Collaborative Transformer XL

Merging the advantages of learning and Transformer XL this model tackles long distance
relationships in text creation assignments. Collaborative Transformer XL is especially beneficial for tasks
that involve producing documents or sequences.

In general, collaborative text creation stands out as a progression in natural language processing
providing an approach to addressing issues related to data confidentiality and decentralized data
utilization. The incorporation of learning into text creation models shows potential for future applications
across various sectors such as healthcare, finance, and customized content development. Wang et al. [25]
they demonstrated the application of federated learning for text generation in finance, showing that
federated models could generate financial reports without compromising sensitive data. Their approach
improved data security while maintaining the quality of the generated text. Additionally, studies by Yang
et al. [26] highlighted the potential of federated learning in collaborative environments, where multiple
institutions contribute to model training without exposing their proprietary data. Their research
emphasized the scalability and robustness of federated text generation models. Table 1 shows a summary
of recent text generation models:

Table 1. Summary of Recent Text Generation Models

Key Dataset Notable NP
1 Y Key F L
Mode 2" Researchers ey Features Utilized Achievements imitations
Bidirectional Large size,
attc‘an.tion, Pre— English limited
training, fine- A 42.4% ROUGE-L future
Jacob Devlin tuning, and Wikipedia, score, 86.1% context
vli ing, , 86.
BERT 2018 Hning Book Corpus 7
et al. contextual (33 billion accuracy in natural ~ comprehens
understanding ' language inference  ion,
words)
from both resource-
directions intensive
Segment-level
recurrence Added
Transf mechanism, Existing 43.0% ROUGE-L computation
. long-range transformer  score, 86.2% al
ormer 2019 Daietal . . . .
XL dependencies,  architecture  accuracy in natural = complexity,
state evolution  datasets language inference  increased
across memory use
segments
Belta Global-local Standard 43.2% ROUGE-L Needs
Longfo 2020 Petergy, attention, transformer score, 86.5% careful
rmer Cohan, relative architecture  accuracy in natural hyperparam
positional datasets language inference  eter
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on and Condevaux, efficient long- GLUE score, 87.0%
2023 . . short
LSG Harispe sequence benchmark accuracy in natural sequences
Attenti processing, language inference q !
. complex to
on resilience to .
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noise

3. Methodology

Implementation of the proposed model is based on methods employed to compare text generation
models using Python Natural Language Processing (NLP) tools. To examine and evaluate models we make
use of the Hugging Face Transformers library [27], a tool, in the NLP field. The key stages of the
methodology include preparing data, selecting models, and employing techniques for generating and
evaluating text.
3.1. Data Preparation

We used the Shakespeare Dataset for our research, which includes all of William Shakespeare’s works.
This dataset is great for tasks involving generating text because it has a range of language styles, complex
dialogues, and various genres such as comedies, tragedies, and historical plays. It consists of 39 plays (10
tragedies, 14 comedies, 10 histories, 3 collaborative plays, and 2 others) along with 154 sonnets and a few
poems. The data was obtained from an open-access repository. Saved in a text file, on Google Drive [28].

To ensure efficient data handling, Google Drive was mounted in the Colab environment and the text
file containing Shakespeare's works has been read. The dataset was split into several parts to simulate
different client datasets in a federated learning environment. This approach ensures that each client has a
portion of the data to train the model locally, preserving data privacy and leveraging federated learning's
distributed nature. The data was divided evenly among the clients to maintain balance and ensure
comprehensive model training.

The Hugging Face Transformers library is used to access and contrast several text-generating models.
The GPT-2 model is extracted, a potent language model well-known for its text production capabilities.
This model is a crucial part of this research. Hugging Face gives users access to a huge collection of pre-
trained NLP models, such as the transformer-based GPT-2, BERT, and many more [27]. This pre-trained
model may be adjusted using data from a particular area, which makes it very flexible for different
applications.

Table 2. Params of GPT

Params Details Size
Total params 774030080 (2.88 GB)
Trainable params 774030080 (2.88 GB)
Non-trainable params 0 (0.00 Byte)

The TFGPT2MainLayer, which is the transformer-based layer's core component, makes up the model
architecture. This layer creates the output after processing the incoming data. The total number of
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parameters in this model is 774,030,080, which equates to a storage memory need of around 2.88 gigabytes
as shown in Table 2. It's worth noting that all these parameters are trainable, meaning that the model can
be fine-tuned for specific tasks or datasets. There are no non-trainable parameters in this architecture,
signifying that every parameter contributes to the model's learning and predictions. [29] also explores the
possibilities and limitations of ChatGPT in the context of text summarization.

3.2. Text Generation

Text generation is processed using the selected GPT-2 models. The input sequence is tokenized using
the GPT-2 tokenizer, and then it is passed to the respective GPT-2 model. The models are configured to
generate text based on the provided input while adhering to the maximum length constraint (MAX\_LEN).

Four types of text generation experiments are performed:

3.2.1. Greedy Text Generation

In this method, the model predicts the most likely next word at each step, resulting in a coherent but
potentially less diverse output. The Greedy text generation approach is applied to generate text by selecting
the most likely word at each step until the maximum length is reached.

3.2.2. Beam Search Text Generation

Beam search considers multiple possible next words and selects the most promising sequences. This
approach often leads to more diverse and contextually relevant text. Beam search was configured to return
5 sequences to explore multiple candidate sequences and select the one with the highest likelihood.

3.2.3. Sampled Text Generation

To introduce randomness, a sampling technique is applied. By setting "do\_sample" to True, the
model is allowed to sample words from the probability distribution. This step involved a sampling method
known as top-k, where the model selects the next word from the top-k most likely candidates. K is set to
50, influencing the quality and the diversity of the generated text.

3.2.4. Temperature-Based Text Generation

Temperature-based sampling for text generation is also applied. The variety of the output text may be
managed by modifying the temperature parameter. The generation becomes more random (0.8) at higher
temperatures and more deterministic at lower temperatures.

To generate stories, the GPT-2 model is used and trained by collecting parameters from different
clients using a dataset. To create tale segments based on prompts, this method comprised loading the pre-
trained model, choosing the proper device (CPU or GPU), and loading the data. Combining these pieces
produced the final story.

3.3. Mathematical Model

Federated learning (FL) allows multiple clients to collaboratively train a model without sharing their
local data. The central server aggregates the model updates from all clients to form a global model. This
approach can be mathematically represented as follows:

3.3.1. Local Model Training

Each client k has a local dataset D« and updates its local model wk using stochastic gradient descent
(SGD). The update rule is given by Equation 1:

Equation 1: Local Model Updates

WIEHI) = W,Et) -nv L(w(t); Dk)

where 7 is the learning rate, and L(W(t); Dk)is the loss function on the local dataset Dy.
3.3.2. Global Model Aggregation

The central server aggregates the local updates from all clients to update the global model w is given
by Equation 2:

Equation 2: Global Model Aggregation

K
wt+D) — Z ﬂ WIEHI)
n
k=1
where n; is the number of data points on the client k, and n is the total number of data points across
all clients, n = YX_, n,.
3.3.3. Text Generation Using GPT-2
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The text generation process using the GPT-2 model involves predicting the next token in a sequence
based on the previous tokens. The probability of a sequence of tokens x = (x;,x,,+,x7) is given by
Equation 3:

Equation 3: Probability of a Sequence of Tokens

T
P(x) = HP (o 121,29, ey Xeq)
t=1

This conditional probability is modeled using the GPT-2 transformer architecture, which applies self-
attention mechanisms to capture dependencies between tokens.
3.4. Algorithm for PFed-TG

The PFed-TG algorithm integrates the federated learning approach with text generation models. The
steps are as follows:

Initialization: Initialize the global model w®.

Local Training: For each communication round t, each client k updates its local model W,Et) using its
local dataset Dy .

Aggregation: The central server aggregates the local models to update the global model w***.

Text Generation: Use the updated global model to generate text based on the input sequence.

4. Results
4.1. Evaluation Techniques

To evaluate the effectiveness and quality of the generated text, a variety of assessment methodologies
are used. Each evaluation technique has a particular function when assessing the text produced by various
models. These evaluation methods offer a thorough evaluation of the text produced by various NLP
models. They make it possible to evaluate the text's overall quality, readability, coherence, alignment with
reference texts, thematic substance, and coherence. With its vast pre-trained models and evaluation tools,
the Hugging Face collection is essential in enabling these assessments and assuring the validity and
robustness of this comparison study.
4.1.1. Average Sentence Length Evaluation

The average sentence length is determined to assess the readability and coherence of the resulting
content. Based on periods, the resulting text is divided into distinct sentences, and the length of each phrase
is calculated. The average sentence length reveals information on the organization and readability of the
text. The average sentence length is calculated as given in Equation 4:

Equation 4: Average Sentence Length

N
1
ASL = N Z length(S;)
i

where S;is the i — thsentence, and N is the total number of sentences.
4.1.2. BLEU Score Evaluation

The quality of machine-generated text is evaluated using the BLEU (Bilingual Evaluation Understudy)
score in contrast to reference text (ground truth). Words are tokenized from the reference and produced
texts. The degree to which the created text resembles the reference text is shown by the BLEU score, which
measures the word overlap between the generated and reference texts. The BLEU score measures the n-
gram precision of the generated text compared to the reference text. It is defined as in Equation 5:

Equation 5: BLEU Score
N
BLEU = (BP .exp Z w,, log pn>

n-1

where p, is the precision of n-grams, w, is the weight for n-grams, and BP is the brevity penalty.
4.1.3. ROUGE-L Score Evaluation

A set of measures called ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is frequently
employed to assess the caliber of text produced by automated means. The longest common subsequence
between the reference and produced text is measured by the ROUGE-L metric. The ROUGE-L score
indicates how well the generated text aligns with the reference text. The ROUGE-L score evaluates the
longest common subsequence (LCS) between the generated and reference texts as given in Equation 6:
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Equation 6: ROUGE-L Score
LCS(X,Y)
length(Y)

where LCS(X,Y) is the length of the LCS between the generated text X and reference text Y.
4.1.4. Perplexity Evaluation

Perplexity is a metric used to measure how well a language model predicts a given text. The generated
text is encoded using a pre-trained GPT-2 model and calculated the perplexity as e”(—log — likelihood)
lower perplexity score indicates better predictive performance. It is defined in Equation 7:

Equation 7: Perplexity

ROUGE — L =

T
Perplexity(x) = exp —%Z log P (x; | X4, X5, ey Xp—q )
t=1

4.1.5. METEOR Score Evaluation

Metric for Evaluation of Translation with Explicit Ordering (METEOR) is a metric used to assess the
quality of the machine-generated text. Both the reference and generated texts are tokenized into sentences
and words. The METEOR score evaluates the alignment and fluency of the generated text concerning the
reference text. The METEOR score aligns the generated text with the reference text based on precision,
recall, and fragmentation as given in Equation 8:

Equation 8: METEOR Score

10 -P ‘R
METEOR = R+o. P

where P is precision, R is recall, and fragmentation measures the extent to which the order of

(1 — fragmentation)

words is preserved.

5. Evaluation Metrics
The results of all the evaluation metrics are summarized here, including ASL, ROUGE-L, BLEU,
Perplexity, and METEOR, in a tabular format for a comprehensive overview of the text generation quality.
Figure 5 shows a bar graph representation of these evaluation metrics while Table 3 has a summary of
scores by each metric.
Table 3. PFed-TG’s Performance Evaluation using Different Matrices

Maetrics Scores
Average Sentence Length 14.99
BLEU Score 0.87
ROUGE-L Score 0.91
METEOR Score 0.82
Perplexity 10.80

5.1. Comparison with Previous Models

Average Perplexity

Average METEOR Score

Average ROUGE-L Score

Metrics

Average BLEU Score

Average Sentence Length

0 H 10 15 20 25 30 35 40
Scores

Figure 5. Horizontal Bar Chart of Evaluation Metrics

Comparing the performance of various models using ROUGE-L scores is crucial in evaluating the
effectiveness of different models in text generation tasks. However, it has been identified [30] that ROUGE-
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L scores have been evaluated incorrectly over the past few years, yet it is one of the most significant
methods to evaluate performance. Experimental results, as shown in the bar chart, illustrate the ROUGE-
L scores achieved by each model. These scores serve as a quantitative measure of the model's performance
in terms of text generation quality.

The higher the ROUGE-L score, the better the model's ability to generate text that closely matches the
reference text. The bar chart, in Figure 6, is a visual representation of the ROUGE-L scores for each model.
A color scheme using pastel colors was applied to enhance readability and distinguish between the models.
The x-axis represents the ROUGE-L score, ranging from 0 to 100, allowing us to observe the variations in
performance.

To facilitate better comprehension, the order of models on the y-axis is inverted, with the GPT-2 model
appearing at the top, denoting the model with the highest ROUGE-L score. In Figure 6, each bar in the
chart corresponds to a specific model, and its height represents the respective ROUGE-L score achieved by
that model.

Figure 7 illustrates the ROUGE-L scores of each model applied, shedding light on their respective
performance levels. The radar chart offers a comprehensive view of how each model performs across
different evaluation criteria. Python libraries are used including Matplotlib and NumPy, to create the radar
chart. The chart's axes are polar, allowing us to plot the models as data points around the circumference.
Each model corresponds to a data point on the radar chart, positioned at an angle that represents the model.

The length of the radial line extending from the center of the chart indicates the ROUGE-L score for
that model. A higher score signifies better text generation quality. To enhance the chart's clarity, the
annotation of each data point with its respective ROUGE-L score is applied. Figure 8 provides a numerical
reference for each model's performance. Figure 9 shows the importance of prompt refinement in the text
generation process as it enhances the output.

BERT a2.4
Transformer XL a3
Longformer 43.2
Big Bird 43.2
Full Attention and LSG Attention 43.5
o 20 40 60 80 100

ROUGE-L Score

Figure 6. ROUGE-L Scores Comparison (Bar Chart)

BERT

Full Attention and CS&.Attention

Figure 7. ROUGE-L Scores Comparison (Radar Chart)
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ROUGE-L Score

- 42.40 43.00 43.20 43.20 43.50 . l
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Figure 8. ROUGE-L Scores Comparison (Heatmap)
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Figure 9. Prompt Refinement for Text Generation

5. Discussion

This study delves into analyzing text generation models discussing the pros and cons of approaches.
It emphasizes the importance of federated learning, in preserving data privacy while maintaining model
performance. By using a variety of evaluation metrics and visualization techniques the research provides
a view of text generation quality. The significance of the Hugging Face library in enabling assessments is
highlighted, showcasing its role in NLP research. The findings of this study contribute to advancing text
generation technologies setting the stage for research and development in NLP. In essence, this research is
effective. Compares the performance of text generation models through various comparative studies and
assessment methods. It offers insight into readability, coherence, alignment with reference text, thematic
content, and overall quality of models contributing to natural language processing. The comparison results
shed light on how different text generation algorithms operate and the effectiveness of assessment
techniques employed. The study demonstrates that there is variation in the performance of text-generating
models, with notable heterogeneity observed among them.

The GPT 2 model performed better compared to models, in terms of ROUGE L scores showcasing its
ability to generate text that closely aligns with the reference material. This highlights the importance of
selecting the model for a task as it can greatly impact the quality of the output. Evaluating text quality
comprehensively involves using multiple assessment methods like BLEU, ROUGE L, Perplexity, and
METEOR. These metrics offer perspectives on text generation covering aspects from coherence to
alignment with reference material. Our investigations” findings are more robust due to the thoroughness
of these evaluations. The generated text maintains a tone with slight hints of optimism and minimal
negativity based on sentiment analysis results.

This finding aligns with the study's focus on generating coherent and contextually relevant text.
However, further investigations could explore the impact of sentiment variation on specific applications,
such as chatbots or content generation for marketing purposes. The study employs visualizations, such as
line graphs and radar charts, to effectively communicate the performance disparities among models. These
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visual aids facilitate the interpretation of complex data and provide readers with a clear understanding of
the relative strengths and weaknesses of each model.

Future research areas can be to Investigate the impact of fine-tuning the pre-trained models for unique
text generation tasks, examining how fine-tuning affects model performance, including factors like dataset
size and task complexity, can provide deeper insights into customization. To explore the integration of
visual and textual information in text generation models. Investigate how models can generate text that
complements images or videos, expanding their applicability to tasks like image captioning and video
summarization. Implement real-time evaluation mechanisms for text generation models. This would
enable continuous monitoring and refinement of generated content, ensuring that it remains contextually
relevant and aligned with evolving standards. Investigate the performance of models in multilingual and
cross-lingual scenarios. Assess how well models generalize to languages other than English and explore
methods for improving their cross-lingual capabilities. This research provides a foundational framework
for understanding and evaluating text generation models.

6. Conclusions

This research paper provides an in-depth evaluation of text generation models, aiming to discern their
quality and performance through a comprehensive comparative analysis using federated learning
techniques. The methodology underscores the significance of robust evaluation metrics and visualization
techniques in advancing the understanding of text generation models' capabilities and limitations, thereby
contributing to the broader field of NLP research. One of the primary evaluation techniques utilized is the
assessment of the average sentence length, which provides valuable insights into the generated text's
structure and readability. The BLEU score quantifies word overlap, while the ROUGE-L score focuses on
the longest common subsequence between reference and generated text and 94.15 is higher than previous
models. Furthermore, perplexity, a metric that measures a language model's predictive capability, is
calculated, with lower scores indicating superior predictive performance.

The METEOR score is used to assess how the generated text aligns with the reference text in terms of
fluency. Upon analyzing the sentiment of the generated text, it appears to have a tone with a slight
tendency towards positivity and minimal negativity. The Average Sentence Length offers insights into the
text’s structure and readability revealing a length of 16.93 words indicating a balanced composition. The
BLEU score, which measures word overlap between the generated and reference texts, averages at 0.92
indicating a level of similarity in word choice and order. This alignment is further supported by a METEOR
score averaging at 0.90 reflecting coherence and fluency in the generated text. With a perplexity score of
37.81, the model demonstrates predictive performance post-refinement based on user input. The research
wraps up by summarizing evaluation metrics in a format for an encompassing view of text quality
assessment through various visualization techniques like Bar Charts representing metrics such, as ASL,
BLEU, ROUGE L, METEOR, and Perplexity for easy comparison.

Furthermore, Radar Charts provide a view of how each model fares, across assessment criteria
visually showcasing their strengths and limitations. Additionally, Heatmaps offer a representation of
model performance facilitating the comparison of effectiveness among models. This research incorporates
PFed TG, a learning-based method for text generation. PFed TG utilizes federated learning principles to
train models across clients without sharing data ensuring data confidentiality and security. This approach
allows for the utilization of decentralized datasets showcasing performance in producing contextually
relevant and coherent text. The study employs a variety of analysis and evaluation techniques to assess
and compare the efficacy of text generation models. Through these methods, we evaluate readability,
coherence, alignment, with reference text, thematic relevance, and overall quality of generated text.
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