Journal of Computational Analysis and Applications VOL. 29, NO. 6, 2021

10.48047/jocaaa.2021.29.06.33

Transformers and Large Language Models: Revolutionizing Natural
Language Processing

Dasari Girish
Senior data scientist

d.girishbpp@gmail.com

Abstract

With the invention of BERT, GPT, and other transformer-based models, machines have reached
a level of proficiency in understanding and producing human-like text on par with the interaction
level between a human and a machine. The work assess milestones in the development history of
transformer models with specific focus on their achievements in text classification, text question
answering, text generation, and text synthesis on NLP tasks. It also analyzes issues regarding
large models, such as financial cost, resources spent, and ethical expenditure. Furthermore, it
explores the intersection of transformers with knowledge graphs and multimodal data to illustrate
the potential—and ease—of their integration for complex reasoning and real-world applicability.
The paper assesses how unresolved concerns regarding the efficiency, fairness, and scalability of

transformer models will impact the future of NLP research and application.
Keywords: Transformer Models, BERT, GPT-3, NLP, Computational Efficiency.
1. Introduction

Natural Language Processing (NLP) has undergone some advancements in the recent past, and
much of that owes exists due to the work done on rule-based systems, statistical models, and
their algorithmic counterparts that provided a clear structural breakdown of sub-divisions in
NLP. The methodologies that were available at the time were certainly impressive; however,

they do not and did not capture the beauty of intricacy that is human language.

As a consequence, there was no understanding of the underlying syntactic structure, context, and

semantics in the text. The introduction of self-attention mechanisms transformed the context
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capture and long-range dependency capture capabilities of models like BERT (Bidirectional

Encoder Representations from Transformers) and GPT (Generative Pretrained Transformer)
significantly advanced the state of NLP. The ability of machines to process and produce human
language and speech was enhanced considerably through self-attention techniques (Vaswani et
al, 2017; Devlin et al, 2019). With these enhancements, however, challenges still remain such as
high computational requirements, excessive energy consumption, poor scalability, and
complicated training procedures for multimodal tasks (Bender et al, 2021). These have and

remain active areas for research focus.

In this instance, this paper aims at contributing more significantly towards the growing body of
research on expanding transformer functionalities in NLP by evaluating performance through
task-specific role centralization visualizations and advanced fine-tuning methods (Figure 1).
Additionally, a concerted focus is directed to the fusion of new transformers with knowledge
graph multimodal data, emphasizing the model’s potential to perform advanced reasoning tasks.
Then, the research addresses the more technical and applied aspects surrounding the use of large

language models focusing on sustainability and social equity.

Transformer Models Performance on GLUE and SQuAD Benchmarks
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Figure -1 Performance of Transformer Models on GLUE and SQuUAD Benchmarks: visualizes the
performance of various transformer models (BERT, GPT-3, RoBERTa, and T5) on two popular NLP

benchmarks: GLUE and SQUAD.

Their frameworks argue the increased attention toward Al research which is not only efficient

but ethical because of the environmental concern problems stemming from training these

1254 Dasari Girish et al 1253-1277



Journal of Computational Analysis and Applications VOL. 29, NO. 6, 2021

10.48047/jocaaa.2021.29.06.33
models, as discussed in Strubell et al. (2019) and Bender et al. (2021). The goal of this paper is

to explain how transformers have changed the NLP landscape, including their innovative uses for
generating and answering textual questions. This document also aims to propose the basic
guidelines towards advancing optimization and phylogenetic Al ethics, as well as multimodality,
model strategy, and ethics. My argument for this paper is that, regardless of how critiqued the
technology is, it is unquestionable that transformers drive the innovation cycle in language
technology development. Also, it makes clear that the need to consider the ethical and technical

dimensions concurrently if responsible advancements are to be achieved lies here.

2. Developing Language Models

Natural Language Processing (NLP) has progressed in a cyclical pattern, each cycle building on
the achievements of the previous one. Prior to transformer models, the Gush group was working
on applying Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM)

networks, the focus of most NLP was on using RNNs and LSTMs.

These models were created to work with sequential data, and performed nicely on sentences
where dependencies among words were arranged in a linear fashion. However, RNNs and
LSTMs did expand their use across many NLP tasks, but still had a hard time with long-range
dependencies where relevant information was far apart within the input text. This was primarily
due to the vanishing gradients that continuously increased and negated the models’ ability to
maintain contextual information over a long sequence (Hochreiter \& Schmidhuber, 1997).
Furthermore, earlier choices in word embedding techniques such as Word2Vec and GloVe had a

more or less fixed representation of words.

While working with the disambiguation of polysemous words, the limitation static embeddings
were unable to adapt to the varying presentation of words and thus managing the different
meanings was particularly clear (Mikolov et al., 2013). With the introduction of the transformer
architecture, innovations in language modeling were achieved by Vaswani et al. (2017) who
shifted the understanding and processing framework that NLP models had towards text. Self

attention replaced recurrence with a self-attention mechanism brought in by the transformer
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allowing the model to process all words of a sequence simultaneously as opposed to one at a

time.

Enhanced parallelism improved computational efficiency by model segmentation (model
parallelism). This made it easy to extend the size of models with larger datasets. Moreover, in
self-attention, the importance placed on certain words in a sequence is variable over time,
allowing capturing of long-range dependencies which was not done by older models. This
architecture’s capability to utilize context to the left and right of a token (word) was a great
advancement over RNNs and LSTMs because this ability allowed the model to use both prefixes
and suffixes to determine what a token (word) means by the surrounding words before and after
it.

The works of Devlin et al. in 2019 and Radford et al. in 2019 with the development of BERT and
GPT respectively show how these model architectures have been, and continue to be, a
fundamental part of the NLP evolution. An example would be with BERT: context processing
became bidirectional, understanding words in context to a sentence became far better than before
with unidirectional context. This new way of processing context unlocked epic milestones in
performance enhancements for tasks such as question answering, sentiment analysis, and named
entity recognition by providing far superior contextual and accurate results. Over the course of
the creation of each new transformer model, there was greater improvement in the adaptability

and scope of tasks dealing with NLP and a greater variety of tasks could be attempted.

With the development of RoBERTa came the removal of the Next Sentence Prediction
pretraining task, increasing training time, and advancing BERT, followed by GPT-2 and GPT-3
by Brown et al. in 2020, BART by Lewis et al. in 2020, and T5 by Raffel et al. in 2020. All of
them applied more sophisticated training techniques which included increased model size along

with additional attention mechanisms.

Undoubtedly, the most notable mark in text generation, translation, and summarization for
transformer models became defining the $3*{rd}$ model of the family, GPT-3, with 175 billion
parameters. Taglining it as a benchmark achievement strengthened the argument that scaling

transformer models improves performance. Best results achieved through few-shot learning
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further cemented that thesis. The models T5 and BART advanced the concept of text-to-text

transformation, where one architecture could perform various tasks like translation,
summarization, question answering, treating all as text generation exercises. All of these

improvements solidify transform models as leaders for NLP text processing because they are

highly efficient, easier to scale than earlier models, and more multi-purpose and powerful.

Table 1: Comparison of Transformer Models:

Parameters

Primary

Key

Model  Architecture (Billions) Application Advancements Performance
Text Classification, Bidirectional
Transformer Named Entity context GLUE: 83%,
BERT (Encoder) 0.34 Recognition, understanding, SQUAD F1:
Question fine-tuning for 91%
Answering specific tasks
Transformer gg;(:igear?ts feation, ::)Tegﬁgi\;ﬁgg (no GLUE: 88%,
RoBERTa 0.36 . : SQUAD F1:
(Encoder) Analysis, Question next-sentence
) . 92%
Answering prediction)
Large-scale Text
GPT-3 Transformer 175 Text Generation,  pretraining, few-  Generation:
(Decoder) Few-shot Learning shot learning for ~ Coherent, high
diverse tasks fluency
gﬁ)r(r:marization Unified text-to-text
Transformer Machine : framework, fine-  SQUAD F1:
T5 (Encoder- 11 Translation tuning for task- 91%, WMT-19
Decoder) : ' specific BLEU: 41.5%
Question I
. applications
Answering

As detailed in Table 2, these advances add significantly towards achieving the goal of making it

effortless to use transformers for a variety of NLP tasks. Advancements in computational

resources have posed new challenges

regarding operational

environment, and ethics, which will be discussed later in this work.

3. Major Advances of Transformer Models
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The development of NLP such as the development and use of technology tools comes with shift

to the incorporation of transformer models starting with BERT and GPT. Much more profound
shifts in the tech were created and consumed has humans push for change also occurred. Those
changes fundamentally changed the reading and outputting of languages, resulting in improving

the performance of many, if not all, tasks under NLP.

BERT attained a new milestone by employing a transformational model with a bidirectional
attention mechanism for reading text. Unlike previous models which read text in a directional
manner (from left to right or vice versa), BERT reads text bidirectionally, meaning it extracts

contextual and dependency information in a more nuanced manner from both directions.

The bidirectional feature has assisted BERT in attaining cutting-edge results across various
benchmarks, including GLUE (General Language Understanding Evaluation) and SQUAD
(Stanford Question Answering Dataset). BERT is especially deemed to outperform all prior
models on the GLUE benchmark, for which RNNs and LSTMs performed poorly, since these

older frameworks could not retain context beyond a small window of space.

BERT's Performance on the GLUE Benchmark
"

sLUE

Models
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Figure 2:.BERT's Performance on the GLUE Benchmark Compared to RNN-Based Models

As shown in Figure 2, BERT clearly dominates his competitors in accuracy on the GLUE
benchmark, although still trailing these classically structured systems, with RNNs and LSTMs.
The development with BERT has been, quite astonishing, especially with bidirectional
transformers, and setting a new frontier for evaluation-perfomance in understanding context in
text. The effectiveness of GPT, particularly GPT-3, further showcased the adaptability of
transformer models. GPT3 fundamentally transformed the NLP landscape as one of the largest

sophisticated language models in the world with 175 billion parameters.

Due to its generative pertaining methodology, GPT-3 effectively addressed task-agnostic text
generation and related activities, such as translation. Utilizing few-shot learning, GPT-3 was able
to generalize from a limited set of examples, performing tasks it had not been trained for (Brown
et al., 2020). The mere existence of GPT—3 marked a new epoch in which performance improved
significantly with the model scale, demonstrating the versatility of transformers. The ability of
GPT-3 to generate coherent and contextually appropriate passages spanning many domains
proved that transformers had surpassed their predecessors, which were incapable of sensible
dialogue or creative output. The development of multilingual models further revolutionized NLP.
Prior models struggled with cross-lingual tasks and often required a separate model for each
language. With the release of mBERT (multilingual BERT) and XLM-R (Cross-lingual
Roberta), the field shifted from language-dependent systems to a shared representation approach
where one model can cover many languages. Such systems can be trained on several languages,

thus alleviating the burden of developing and deploying models for diverse languages.

These models demonstrated the ability of zero-shot translation, which means the model could
translate between languages without specific prior training, supporting the claim for cross-
linguistic generalization abilities of transformers (Aharoni et al., 2019). Developing multilingual
models represented tremendous progress in the field of cross-language NLP for tasks like

translation, sentiment analysis, or question answering aimed at international users.
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The last few years have been especially remarkable in relation to the reasoning with knowledge

graphs and their integration with transformer models. Knowledge graphs containing structured
representations of entities and their relationships have been shown to enhance reasoning in
machine learning models. With the integration of transformer models with knowledge graphs,
the reasoning capabilities of models employing such knowledge structures improve, aiding tasks
with high-level reasoning and domain knowledge. Through the BERT embedding approach to
multi-hop processes in which the model had to integrate several pieces of data to answer a
complex question in a medical field, Li et al. (2024) showed how this integration could be done.
This method proved to be very beneficial for some specialized fields like medical diagnostics
where understanding intricate relationships between concepts significantly improves prediction

accuracy.

Table 2: Integration of Transformers with Knowledge Graphs for Multi-Hop
Reasoning Tasks

Transformer Knowledge Application
Graph bplicat Key Advancements Performance/Impact
Model . Domain
Integration

Integrated with Embedding

knowledge graph Biomedical = knowledge graph Improved precision in
BERT embeddings for Knowledge entities into complex reasoning tasks

multi-hop Extraction transformer (Lietal., 2024)

reasoning architecture

Fme_—tuned with Legal Enhanced pretraining High accuracy in legal

relational data . ) - e D
RoBERTa Document with domain-specific document classification

from knowledge . ;

Analysis knowledge and reasoning

graphs

Knowledge Pretrained model

graph-based o using structured High relevance in

. Scientific .
GPT-3 query processing knowledge answering complex
. Research . :

for multi-hop embeddings for fact research questions

inference extraction

Combined with Unified text-to-text : .

High performance in

structured data  Healthcare framework to process _;.~.
T5 . . clinical text

for text Informatics  structured medical o

: summarization
generation tasks data

Table 3: Integration of Transformers with Knowledge Graphs for Multi-Hop Reasoning
Tasks
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Table 3: Examples of Hybrid Systems: Transformers and Knowledge Graphs in
Real-World Applications

Hybrid Task Key Feature Real W o_rld Impact/Outcome
System Application
Integration of
. . medical knowledge Diagnostic Enhanced precision in
Medical Disease ) - i
. . o graphs with Support predicting diseases based
Diagnostics Prediction .
transformer-based  Systems on patient data
models
Case Law Combining Legal Research Improved case outcome
Legal i knowledge of laws .
: Prediction and . and Document predictions and legal
Analysis o with transformer ; A
Summarization : Processing document summarization
processing
. Use of customer Automated Increased efficiency in
Sentiment . .
Customer : service knowledge Customer answering customer
Analysis and . . . .
Support graphs in NLP Support queries and improving
Query Response . )
models Systems sentiment analysis
Transformers . . .
Business Market Trend integrated with Financial Better fore_ca_stmg and
. i . . Market trend prediction for
Intelligence Analysis structured financial . .
data Analysis businesses

As shown with Tables 3 and 4, the most impactful advancements that incorporate transformers
into knowledge graphs include answering, evaluating recommendations, and even scientific
research. These insights illustrate the advantage of employing transformer models within natural
language processing. The ever-evolving models continuously push boundaries of achievement,
redefining many language-related functions to be performed accurately, quickly, and on a large
scale. Transformers have transformed the state of the art in the field of natural language
processing (NLP) with bidirectional contextual embedding via BERT, the enormous scalability

of GPT-3, and even multilingual knowledge graph integration.
4. Methodology

Here, the methodology refers to the main steps in the application of transformer models in
Natural Language Processing (NLP)—data gathering, model selection, pre-training, fine-tuning,
and evaluation. These procedures are critical for the application and practicality of transformers
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in NLP and in other disciplines as well. In any area of focus, the well-defined methodology

cultivates a systematic pursuit of reliable results; this is critical for development in any area.

Data Cleaning

An NLP model necessitates a well-organized and representative corpus, which must be created
for transformer models. The corpus is sourced from different domains such as Wikipedia, news
articles, academic papers, and social media. This type of heterogeneity aids in the
generalizability of the model’s perception in regard to different contexts and tasks (Peters et al.,
2018). Access to diverse texts from multiple domains enables the model to encounter different
topics, styles, and forms of writing, thereby augmenting its effectiveness in real world situations.

The subsequent step after corpus collection is data cleansing, which entails cleaning the data for
tokenization and model training. As with most other pipelines, the cleansing of the texts, such as
the removal of special characters, extra white spaces, and other irrelevant text, is required. For
transformers, some core methods of tokenization include Byte Pair Encoding (BPE) which
handles out of vocabulary (OOV) tokens efficiently. Sennrich et al. (2016) argue that BPE allows
models to manage outlandish words since it breaks down words into subwords. Such
mechanisms enable transformer models to employ extremely large vocabularies unlike older
models, Word2Vec and GloVe, which utilized fixed vocabularies. Then the dataset is prepared
and split into three parts: training, validation, and test sets. This splitting allows for the

evaluation of performance without introducing bias and the risk of overfitting is mitigated.
Model selection

Now, let us select a transformer model that fits the work that needs to be done. For tasks that
involve comprehension of text, especially sentiment analysis, named entity recognition, and text
classification, BERT and RoBERTa together with DistilBERT are the models of choice. The
self-attention mechanism allows the model to split the context into the past and future, enabling
bidirectional context understanding to take place (Liu et al., 2020). This two-pronged approach
allows BERT to appreciate highly contextualized word differences which is critical for most
tasks. For the case of text generation, Llama3, T5 and especially GPT-4 do better in machine

translation. These models have proven to be best for generative tasks which involve text
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completion where the model has to construct a sentence that flows correctly after a given prompt

(Raffel et al., 2020; Brown et al., 2020). For example, GPT-4 is very proficient in generating
large volumes of accurate text demonstrating advanced proficiency in creative and open-ended

text generation.

Pertaining

The vast set of tasks under transformers that involve language understanding and application of
language reasoning to a number of tasks can be taught during the pertaining phase. During this
phase, the model can perform self-supervised tasks like masked word prediction and ordering
sentences. The model undertakes a masked word prediction task where it is required to predict
specific words in a sentence. The words it has to guess are masked, and the model uses the
surrounding context as a basis for making accurate predictions. Throughout self-supervised
learning, a model creates rich contextual embeddings of words and sentences even when there
are no labels provided (Radford et al., 2019). It is crucial for a model to undergo pretraining to
equip the model with a basic understanding of language which can then be refined to meet
specific downstream tasks.

Fine-Tuning

After pretraining, the model is done fine-tuning which uses a small dataset aligned with the goal
to acclimate to the subtleties of a defined NLP task. This entails more training to be conducted
on the model with relevant level data, especially crafted for that level, to center around sentiment
classification, question answering, or machine translation. As described, the model is extended
with additional task-specific components, and trained on the enhanced target task to capture the
model target task (Yang et al., 2019). In this step of the process, the model demonstrates

specialization through fine-tuning while retaining the pretraining knowledge mastered earlier.

Learning rate, dropout rate, and number of epochs, amongst others, are tailored at this phase to

achieve optimal performance (Raffel et al., 2020). When dealing with sparse or noisy training
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data, having a well defined strategy for hyperparameter optimization becomes critical in

achieving accuracy without overfitting the model.

Evaluation

A set of base metrics, also referred to as benchmarks, is defined on the evaluation of the
performance of a given task. For instance, in classification tasks pertaining to sentiment analysis,
the evaluation metrics of accuracy and F1 scoring are commonplace. On the other hand, for
machine translation and text summarization, translation quality is quantified using the BLEU
score, whilst prediction accuracy is assessed using perplexity (Zhou et al., 2020). The
aforementioned metrics demonstrate the proficiency of the model over a variety of tasks. A key
evaluation component is measuring the performance of the transformer model against these
baseline models, which may include Recurrent Neural Networks (RNNs) or earlier versions of
transformer models like GPT-2 or BERT. That is important in order to gauge the progress that
can be claimed with the use of transformer models, particularly how efficiently they resolve
long-range dependencies and intricate relationships — comprehension of structures within texts.
(Sennrich et al., 2016) Finally, model error analysis is performed in documents where the

ambiguity lies, as well as the specific domain contexts; this is where models struggle the most.

These gaps are crucial for recognition because they can assist in the development of other
models. From an error analysis perspective, adjusting the model's training data, architecture, and

even fine-tuning could render the model more useful in realistic scenarios.

In summary, the methods in this document detail the optimal pedagogical strategies for teaching
a transformer model a specific task, its subsequent adjustments, and evaluations toward
achieving the highest performance across various NLP tasks. Such an orderly procedure allows
for the study of sophisticated transformer models and their potential functions.

5. Results and Performance Evaluation

Evaluating the precision and recall of different models often leads to the conclusion that NLP
transformers are the most effective models in the domain of Natural Language Processing (NLP).

A majority of researchers evaluating these models with pre-existing benchmark datasets tend to
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cross the models with several arks. The evaluation of BERT, T5, and GPT-3 illustrates how

transformer based models superseded their predecessors in the language understanding and

language generation tasks.
Benchmark Evaluation

One of the most famous benchmarks in NLP Models is GLUE, which has been exhaustively used
for performance evaluation. Devlin and coworkers in 2019 introduced BERT and with the
introduction of new models, it was able to achieve the best results on the benchmark. This was
possible because BERT utilizes context from both sides and hence transcended the limitations of
older models like Recurrent Neural Networks (RNNs) and even Long Short-Term Term Memory
networks (LSTMs) that struggled with capturing effective long-range dependencies. In
particular, RNN- based models faced severe performance hardships with long and complex
sentence structures, context, and elaborate scaffolding, but BERT achieved over 80% on average
on GLUE which showed the remarkable improvements in the field and impact of transformer
models on tasks involving understanding text.Apart from the GLUE benchmark, T5 (Text-to-
Text Transfer Transformer) also demonstrated the power of transformers for use in question
answering tasks. Raffel et al., (2020) reported that T5 surpassed an impressive F1 score of 90 on
the SQUAD dataset which is near human capabilities. This reflects the prowess of transformer
models in reading comprehension and answer extraction tasks, employing highly specialized
models like TS due to its extensive text understanding and generation features. The model’s
capability to deal with a wide variety of question answering, including many that require higher

level comprehension work, demonstrates the astonishing power of transformers.

The transformer-based models implementation improves significantly with GPT-3 because it has

175 billion parameters.

GPT-3's Performance Across Various Domains
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Figure : GPT-3's Performance Across Various Domains

As seen in Figure 3, technical writings and fiction are just some of the fields whose language
GPT-3 has successfully understood and generated text for. Without further fine-tuning, he is able
to perform a multitude of NLP tasks, which is a testament to the versatility and strength of large-
scale transformer models. He uses sample sentences to accomplish tasks because of the massive
dataset he was trained with. This provides further evidence of the progression made possible

through transformers within generative NLP tasks.

Handling Long-Range Dependencies

The ability to capture long-range dependencies in text is one of the transformer models' strengths
when compared to more traditional models such as RNNs, and LSTMs. Although RNNs and
LSTMs have succeeded in sequential data processing tasks, comprehending long text sequences
poses a challenge as they fall victim to complications like vanishing gradients. “By design,
transformers overcome these limitations with their self-attention mechanisms capable of
dynamically capturing all relations between words within a sentence, irrespective of their
position in the sequence.” This feature is important for reasoning, and contextual understanding
in complex stretches of text for document summarization or multi-turn dialogue systems. As
shown by Vaswani et al. (2017), transformers have pre-trained model excel in these tasks and in
understanding and generating text with long-term dependencies. Due to the ability of selective
attention to be focused on specific parts of a sequence regardless of their location within it, the
performance provided by transformers when dealing with lengthy texts is contextually accurate

and relevant.

Insights from Statistics
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Transformers have to manage text of different lengths and conditions, and judging their

performance based upon various model spanning attributes serves as a rudimentary validation

test.

Figure 4. Comparison of Probability Density Functions for Text Length Distribution.

In Figure 4, the authors compare the probability density functions (PDFs) for the text length
distribution and analyze the extent to which transformers respond to changes in sequence length
and condition shifts within distributional boundaries. According to Strubell et al., the analysis
serves to illustrate the claim that the model works well with long and complex sequences; this
commendable performance speaks to the resilience of the model to different characteristics of
text. This flexibility in the transformers is crucial when confronted with real-world applications
of text, where a jumble of data is the norm. Statistically, the performance of transformers with
respect to the distribution of the text improves greatly, yielding reliable dependability across a
range of functions within NLP.

When it comes to performing benchmarks, it looks like the transformer models are doing quite
well across different areas in NLP. For instance, BERT's performance on the GLUE benchmark,
T5's exceptional performance on SQUAD, and the unmatched generative performance of GPT-3

all exemplify the advanced capabilities of these models on sophisticated language understanding
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and production tasks. Moreover, their performance with long-range dependencies, ability to

adjust to different sequence lengths, give condition outputs, and many more is a great
enhancement to their usefulness. Given the rate of advancement in this field, it seems that
transformers will continue to lead NLP research and applications owing to their multifaceted

utility and performance on key benchmarks and tasks.

6. Integration with Knowledge Graphs

The integration of knowledge graphs with transformer models has propelled further
advancements with NLP, with particular emphasis on spatial and semantic reasoning capabilities
in knowledge graphs. Knowledge graphs can be defined as a network of rich semantically
annotated data that describe various entities of the world alongside the relationships that exist
between these entities. Transformers that incorporate contextual understanding and context
windows that extend beyond simple long-range dependency frameworks perform much better
than older models on complex issues when combined with knowledge graphs. Transformations
along with knowledge graphs will be analyzed for their effectiveness on enhancement of
reasoning tasks in applications such as medical informatics and legal document analysis or even

interdisciplinary research.

Multi-Hop Reasoning

The improvement of multi-hop reasoning stands out as the most beneficial feature brought about
by the interface of transformers and knowledge graphs. Multi-hop reasoning is thought of as a
system’s capacity to make several inferences regarding a single node in a knowledge graph. For
example, in the answer that is provided by the model in regard to a specific question about an
entity, the model is required to traverse a number of nodes to answer that question fetch that
particular entity. Most of the earlier systems and even some older neural network based ones
faced what is known as the ‘multi-hop problem’. These systems had information processing
capabilities that were limited, so they could not fetch information from multiple nodes or reason
about relations at multiple nodes. It is well known that transformers are able to contextual self-

attend to the relational information contained in the graphs leading to efficient multi-hop
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reasoning. In regard to this, as Li et al. show, sending BERT embeddings through this process

enables transformer models to perform better in multi-step reasoning tasks and improve precision
on complex problems that require traversing relationships between various entities at multiple
levels. This is especially true in domains that have intricate interrelations such as the scientific

domain which fundamentally is about interlinks amongst concepts.

Hybrid Systems

The integration of knowledge graphs with transformers leads to the development of hybrid
systems that augment both unstructured and structured data. For instance, it is well known that
transforms perform quite well with unstructured text data, while knowledge graphs represent a
more schematic method of portraying data relationships and hierarchies. Combining both types
of information, hybrid systems enable the achievement of more advanced goals, which require
not only the understanding of text but also sophisticated knowledge about the entities, their
connections, and how they relate to one another. In medical informatics, transformers can be
used to analyze clinical notes and research papers, while structured knowledge graphs of a
patient's medical history can contain diseases, symptoms, treatments, and their interrelations.
Enhanced accuracy in diagnosis prediction, clinical decision support, literature mining, and other
advanced applications are now possible because the system understands the medical text and
applies knowledge to resolve ambiguities and validate its conclusions.

In the same manner, the combination of understanding legal vocabulary and the network of law
knowledge deeply rooted in structure legal knowledge graphs improves hybrid systems for legal
document analysis. Graphs of this kind by legal knowledge hold information about laws and
regulations and legal precedents, including relations between legal entities which can foster
contract analysis, legal research, or even case law prognosis. In these situations, transformer
models can process the entire collection of legal documents using NLP techniques, while the
knowledge graph provides auxiliary context which contains information about the legal

implications of certain words and phrases, or even clauses used.
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As shown in Table 3, the inclusion of knowledge graphs with transformers exhibits better

performance alloyed to other incorporated use cases, which supports reasoning, intricate
decision-making, and as result fostered advanced reasoning and decision support systems.

The integration of transformers and knowledge graphs allows for the use of other disciplines
such as business intelligence. This is because structured business data and unstructured text like
customer reviews, social media mentions, and marketing reports are helpful in performing
sentiment analysis, market prediction, and personalization of recommendations. Such
understanding provided by this fusion allows these systems to be intelligent in the detection of
patterns and anomalies in real-time as well as data driven decision-making.

Applying transformers to knowledge graphs yields a synergistic boost for all reasoning-related
tasks. Such sociotechnical systems could potentially transform whole industries dealing with
sophisticated information systems and knowledge engineering. Though still a work in progress,
the solution to multiple complex data fusion challenges, computational resource optimization,

and other intricate difficulties promises headway when addressing genuine multifaceted issues.

Finaly, Li and the others (2024) described sophisticated hybrid systems structured around the
concepts of transformers and knowledge graphs which combines both unstructured and semi-
structured data. These systems can perform reasoning beyond previously set boundaries, and do
so with unprecedented levels of accuracy. Outstanding results from this integration, as described
in Table 4, will no doubt fortify Al systems in the years to come as this avenue of research will

gain independent prominence.

7. Challenges and Future Directions

The rapid progress and interest in Natural Language Processing (NLP) is attributed to the
development of transformer based models. However, the large scale deployment of these models
comes with new and unaddressed challenges that could disrupt progress and sustainability in the
long-term if proper steps are not taken. Some challenges include the surge in finances and energy
consumption, ethical issues, and the inclusion of multiple content types which are all pressing

concerns for NLP research and applications in the upcoming years.
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Computational Costs and Environmental Impact

One of the most critical issues of NLP that lacks a singular definition is the high computational
and environmental resource costs associated with transformer models. Citing one example, GPT-
3 is purported to have 175 billion parameters. The computation expense alone for training and
inference on the model is significant. Just like many models, training is done on large-scale
distributed computing systems which require tremendous amounts of energy. The carbon
footprint that comes from this exorbitant computing power is concerning, especially in a time
when there are new issues surrounding artificial intelligence, particularly around environmental
sustainability (Strubell et al., 2019). These powerful modeling capabilities can and will be far

more damaging in the future if we do not change how we cope with these challenges.

To solve the given problem, we are looking into several methods like pruning, quantization, and
the use of sparse attention techniques. In reference to neural networks, pruning involves cutting
out certain neurons or less useful parameters from the model, resulting in a smaller model size
with minimal reduction in performance. On the other hand, quantization decreases the accuracy
of a model’s weight values, thereby saving memory space and increasing computational speed,
improving model efficiency. Sparse attention mechanisms that look only at the most critical parts
of a sequence also help in the reduction of computation by limiting the attention given to data
that is needed at that point in time. Though these methods assist in making some reduction in
dealing with bias frameworks and performance, these aid in shifting the model in a less desired
direction. Research done lately in this area aims to find what is the best compromise between a
model's size, efficiency, and performance to encourage the use and sustainablity of large-scale

transformers.

The controversies over discrimination have primarily impacted the ethics of artificial
intelligence. Discrimination within transformer models may arguably be the most critical
problem. The concern of discrimination has become far worse when considering ethical
dilemmas regarding transformers — models that perform NLP tasks automating human effort.
With boundless information available on the internet, discrimination, however, becomes far

easier. The models created from such datasets are bound to assimilate and replicate the biases
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present within the data. For instance, such models can possess distorted views about things such

as gender, race, or ethnicity and result in unjust discrimination for authoritative roles in hiring,
law enforcement, or moderation algorithms. These damaging biases would, in turn, cultivate
societal misconceptions, resulting in unreliable Al systems that function on presupposed,

discriminatory algorithms.

More attention must be devoted to transformer models related to discrimination concerning its
identification, quantification, and mitigational analysis to resolve these issues. This may include
teaching strategies centered on fairness which involve re-sampling training sets with the aim of
guaranteeing that every pertinent social group is represented as well as that no exaggerative
generalizations are made. Moreover, allocative and operational Al responsibility would assume
the necessity for the Al to explain its rationale for actions taken in order to allow for thorough
audits and assign responsibility to systems for their actions. Researchers can work towards
ensuring that transformers are used in ways that do not inflict undue harm on people (Bender et
al., 2021). The emerging techniques of XAl will aid greatly in trust and responsibility concerning
Al systems by clarifying the decision processes of the models to users as well as developers.

Multimodal Integration

The advancement of NLP technology is likely to arise from the integration of multimodal data,
that is, data which consists of text, pictures, sounds, and videos. Attention-based transformer
models have been quite effective at dealing with text-based tasks, but the models will be much
more helpful with the incorporation of some sort of comprehension and production ability
beyond text. There could be tremendous advancements in text and image question answering if
these models were augmented with modality-specific components that would help them fetch
and retrieve useful information not only from a corpus, but also images or videos associated with
the posed questions. For instance, instead of instructing a model to “discuss the scene in the
video” and providing it a subtitle, a model could be asked to “describe ‘the objects in the video

299

frame and their actions or interactions’. The model will not only have to obey the subtitled

instruction but also make sense of the visual context provided in the video.
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An example of emerging technology with promise is cross-modal text summarization. This

involves summarizing documents that incorporate text alongside images, like scientific papers
with figures or news articles with photographs. It is clear that this model will need to process
visual information alongside the text so that understanding, as well as interpretation ease, is
enhanced in the summary. Moreover, the analysis of datasets from different modalities may
further understanding of human communication, which could lead to more natural interactions
with virtual assistants, sophisticated speech recognition, and advanced automated content
generation technologies (Raffel et al., 2020).

In addition, the incorporation of multimodal data into transformers for use in Al systems can
increase contextual understanding and enable precision with context. The further development of
these transformer models will likely allow the incorporation of additional input types, further

increasing their usefulness and reliability for many real-world tasks and situations.

8. Conclusion

This report has gathered and synthesized literature on the application of transformer models in
Natural Language Processing (NLP). Our focus was particularly on milestone increments of
innovation pertaining to the architectures of transformers which oscillated to models such as
BERT, GPT, and T5. These models have practically proven to enhance understanding of text,
generation of text, classification of text, and in turn, text-analysis, across an extensive array of
benchmarks in NLP tasks. However, the upgrades did not address the need to resolve a few
remaining issues, such as the lack of immediate improvements in efficiency and scale. Strubell et
al. (2019) pointed out the problem of energy cost in training and inference in large transformer
models like GPT-3. This problem transcends monetary concerns towards environmental impacts
due to executing the model. Sustainability is about making computations for eco-friendly
approaches while grappling with energy-sucking, carbon-belching transformers, which is not
only costly, but deepens the model's unsustainable existence. Strubell et al's arguments shed light
on the significant financial burden of fossil fuel energy and volatile carbon emissions many
corporations claim to mitigate in their vision. Other ethical issues like insufficient transparency

or bias also emerge within the framework of sustainability. The unsupervised model dependency
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on unmoderated data is what makes bias undeniable. In the words of Bender et al. (2021), the

reality of Al but forces us to make sure these systems, more operational, just, free of bias, and

have a clear strategy laid out.

An essential area of focus in looking at possible future developments is how to improve the
algorithmic efficiency of performance transformer models still maintain in the construct. Areas
of pruning, quantization, and sparse attention models have aided in tackling the challenges of
model size, energy expenditure, and, unfortunately, accuracy and efficacy. Further, integrating
instruction heavy disciplines such as few-shot or transfer learning with transformers could
enhance model scalability and operability with sparse labeled data, thereby increasing their

applicability.

Without question, the advancement of natural language procesing is, and will forever be, linked
to the development of new transformers. The creation and reasoned interpretation of language
enables further innovation, especially for multimodal and hybrid systems which merges
structured forms like knowledge graphs with unstructured text, images, and audio, driving the
next phase of Al progress. medical diagnosis, legal analysis, cross-lingual X-to-M language
information retrieval, and an array of other tasks in real life can be carried out through the aid of
transformers. As Raffel et al. (2020) point out, the progress made on transformers goes beyond
sophisticated text manipulation accompanied by the weaving in of more intricate systems
frameworks aimed at general purpose Al systems that analyzes and processes data within one

architecture.

In conclusion, with all the development that has taken place with different transformer models,
the field of natural language processing has already experienced some changes, but there is still a
lot of work left. Expanding the capabilities and resolving the issues associated with the current
models would increase the application of the technology. Ethically and environmentally
responsible updates and refinements would allow researchers to keep the transformers the focal

point of Al development and innovation in technologies that serve the public good.
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