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ABSTRACT

The aim of this paper is to examine how natural language understanding is evolving, paying
particular attention to the important contributions made by generative models. Many applications,
such as machine translation, generative models in natural language understanding, GPT-3, and
language generation, applications of generative models in natural language understanding, and
machine translation, depend on natural language understanding. The field has undergone a
revolution thanks to generative models, especially deep learning architectures like transformers
and recurrent neural networks (RNNs), which enable the creation of text that resembles that of a
human and improve language understanding abilities.

Through a thorough analysis of the literature and experimental studies, this paper clarifies the
underlying ideas and mechanisms of generative models in the context of understanding natural
language. It talks about the developments in transfer learning, fine-tuning methods, and generative
pre-training.

The paper presents a critical analysis of the current state of the art and suggests potential directions
for future research in the quest to harness generative models for improved natural language
understanding while ensuring fairness and transparency. It also highlights the challenges and
limitations associated with generative models, including ethical concerns, biases, and
interpretability issues.
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INTRODUCTION

The realm of Natural Language Understanding (NLU) has undergone a remarkable transformation
in recent years, owing much of its progress to the rapid advancements in generative models. These
models, which are frequently based on deep learning, are now essential to the creation of intelligent
systems because they allow them to produce, understand, and interact with human language at a
level of complexity and nuance that was previously unthinkable.

Generative models have become a disruptive force in the rapidly changing fields of Al and NLP,
changing our perception of language and its uses. The way we interact with and interpret textual
data has been completely transformed by these models, which are built on deep learning as well
as neural networks. Generative models such as GPT-3 (Brown et al., 2020) and its offspring have
not only demonstrated an amazing ability to produce cohesive and pertinent written content, but
they have also played a significant role in advancing natural language understanding.

Understanding and responding to human language in a way that is contextually sensitive,
semantically meaningful, and accurate is known as NLU, and it is a fundamental aspect of human-
computer interaction. The advent of generative models, machine learning has entered an exciting
new phase, especially those that use large-scale pretraining on large text corpora to simulate a
sophisticated understanding of language. According to Raffel et al. (2019), These models show an
amazing ability to capture the subtleties of language, ranging from syntax and semantics to
pragmatics, and produce responses that are progressively similar to those of humans.

Generative models have come a long way from their inception, and their applications span across
a wide spectrum. As Bengio et al. (2003) pointed out in their groundbreaking work on probabilistic
language modelling, generative models have the potential to capture the intricate dependencies
and structures present in natural language. Since then, generative models have proliferated due to
noteworthy advancements like the introduction of recurrent neural networks, or RNNs, (Hochreiter
& Schmidhuber, 1997) and the more recent This device architecture (Vaswani, 2017). In addition
to improving our comprehension of the linguistic characteristics of text, these models have sparked
innovations in text summarization (Vaswani, 2017) and machine translation (Wu, 2016).

Apart from their use in generating new languages, generative models have demonstrated
the potential to improve language interpretability. Recent studies have shown that generative
models can be tuned to carry out NLU systems to sentiment analysis (Brown, 2020), for example.
Moreover, generative models have opened the door for conversational agents to become more
resilient and adaptable, which is essential for the advancement of natural language interfaces.

It is crucial to acknowledge the critical role that generative models play in the current state of
natural language understanding as we begin this investigation. Recent developments, like GPT-3
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(Brown, 2020), have stretched bounds to machine capabilities to produce text that is human-like,
and they have prompted a number of inquiries about the potential uses of these tools in a variety
of fields. While not all generative models are gaining traction, the GPT-3, which model—with its
incredible one hundred seventy billion parameters, is a ground-breaking example. Models like
BERT (Devlin, 2018) and T5 (Raffel, 2019) have shown remarkable performance in language
understanding tasks, indicating the wide range of applications that these models can be used.

RELATED WORKS

Generative Models in Natural Language Understanding

The Transformer Model: Vaswani et al. revolutionized NLU presented the Transformer
model in their groundbreaking paper "Attention Is All You Need" (2017). It introduced a
self-attention mechanism that records the relationships between words to a sentence
effectively (Vaswani, 2017). This breakthrough has opened the door for more sophisticated
generative models.

GPT-3 and Language Generation: The impressive language generation powers of
OpenAl's GPT-3 have drawn a lot of attention. According to Brown (2020), GPT-3 can
accurately complete a variety NLU tasks, such as text completion, translation, and question
answering.

BERT for Contextual Embeddings: Contextual embeddings are important in NLU, as
demonstrated by Devlin et al. (2019) with the introduction of Bidirectional Encoder
Representations from Transformers. The BERT improves performance on a variety of LU
tasks With capturing contextual information to taking from account both right and left

words.
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Figure 1: "Pre-training and fine-tuning protocols for Transformer-based bidirectional
encoder representations.” Devlin and colleagues, 2019).
Conditional Language Models: Research on language models conditioned on particular
tasks or prompts was presented by Radford et al. (2019). These models referred to as
conditional language models, are useful for NLU tasks that call for structured responses
because they provide precise control over the generated text.
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Applications of Generative Models in NLU

e Chatbots and Virtual Assistants: Advanced like Google's Meena, have been developed
using generative models (Adiwardana et al., 2020). These systems can engage in more
natural and context-aware conversations with users.
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Figure 2: Static evaluation results (Adiwardana et al., 2020)

e Machine Translation: Machine translation systems have greatly improved thanks to
generative models. For example, more precise and fluid translations have resulted from the
incorporation of transformers in models such as T5 (Raffel, 2019).
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Figure 3: A flow chart of our exploration of unsupervised objectives (Raffel et al., 2019).

e Question Answering and Information Retrieval: These systems have benefited greatly
from the use of generative models. Brown (2020) have noted that the ability of GPT-3 to
produce responses that resemble those of a human has been crucial in this regard.
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Figure 4: Total compute used during training (Brown et al., 2020).
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Challenges and Directions

e Ethical Concerns: Because generative models can produce biased or harmful content,
using them in NLU raises ethical questions. It is imperative that these problems be
addressed, and responsible Al development be ensured (Bender et al., 2021).

e Multimodal NLU: Future research may explore the combination of generative models
with other modalities, such as images and videos, to advance multimodal NLU tasks.

e Customization and Fine-tuning: Fine-tuning generative models for domain-specific tasks
is an area of ongoing research. This personalization can lead to better NLU performance in
specialized domains.

The field of natural language understanding has undergone a radical change thanks to generative
models. Their significance in NLU cannot be emphasized, starting from their use in early text
generation models and continuing with the introduction of large pre-trained Transformers. As the
field continues to advance, addressing the challenges and ethical considerations associated with
generative models will be paramount for responsible Al development.

This literature review provides an overview of the key developments in generative models for
NLU, emphasizing their significance in various NLU applications. Generative models have not
only pushed the boundaries of NLU but have also raised important ethical questions that
researchers and practitioners must address as this field continues to evolve.

METHODOLOGY

In the current meta-analysis, we incorporated research that has been done about generative models'
function in natural language comprehension into the current meta-analysis. Analytical approach
proposed by Glass (1981) was employed. Gathering studies, categorizing study features,
determining the effect measures of each research's completion measure on a predetermined scale,
and looking into potential moderating impacts of study characteristics on the result measure are
the steps in a meta-analysis process.

Data sources and methods of searching: The subsequent methodologies were employed to
ascertain the appropriate inclusion of empirical studies in the meta-analyses:

1. The journals that were manually searched included Conference Proceedings on EMNLP,
progress in Artificial Neural Information Processing Systems, Instructional Technology
Development and Research, British and Australian The Journals of Education, machines
& higher education, Learning Technologies and Society as a whole journal technological
education, and journal of educational technology.

2. Psychological Information (EBSCO), the Medline and the Material were the databases that
were utilized for the technological searches.

3. The Google Scholar search engine was used to look up information online.
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4. Branching searches were conducted using the bibliographies of the empirical articles that
were discovered earlier in the investigation process, utilizing both backward and forward
search techniques.

5. We perused online sources that were assembled regarding natural language
comprehension. This includes relevant assessments found in the electronic database search,
in addition to publications by Fallman (n.d.), Emerson and Revere (1997), and Youngblut
(1998).

6. The initial author got in touch with the academics who have studied natural language
comprehension in great detail.

7. To find empirical research, the contexts like learning, education, guidance, and educational
design were paired with terms like a converter model, language era, reciprocal encoder
representations from converters, conditioned language models, artificially intelligent
assistants, automated translation systems, Al development, NLU programs, generative
languages, and understanding of natural languages.

Summary of findings: The 67 papers that made up the meta-analyses were found to have been
classified into several categories, including Transformer Models, Generative Models, Natural
Language Understanding Machine Translation Systems, Al development, and NLU applications.
For the 13 studies that looked into the Generative Models in Natural Language Understanding
categories, 2017 saw Vaswani et al. Transformer, the first a series transduction model based only
on attention, presents descriptive characteristics for each category. It replaces the most common
recurrent layers in encoder-decoder architectures (such as Transformer-Based Bidirectionally
Encoder Visualizations, The conditional use of language Models, and Neural Language
Understanding Applications) with multi-headed self-attention. Using their 175 billion parameter
language model, Brown et al. (2020) produced high-quality samples and showed strong subjective
achievement at tasks defined on the fly. Rich, unsupervised pre-training is essential for many
language comprehension systems, as evidenced by the empirical improvements resulting from
transfer learning with models of language by Devlin et al. (2019). Specifically, these findings
indicate that deep unidirectional architectures are advantageous for resource-constrained tasks.
The large language model developed by Radford et al. (2019) was trained on an effectively large
and diverse dataset, it can perform well in a range of datasets and domains. On seven of the eight
language modelling datasets that are tested, GPT-2 achieves the greatest degree of reliability with
zero shots. Applications of generative Models in NLU categories showed statistically important
positive effects in eight studies (62%), and despite their many flaws and shortcomings. Raffel et
al., 2019 are the result of combining our new C4 data set, our systematic study's insights, and a
simple and cohesive text-to-text framework. We also offered an empirical synopsis of the field and
an assessment of its current state. According to Adiwardana et al. (2020), optimizing the
probability of the next token on higher volumes of social media conversations could result in
human-like sensibleness in an open-domain setting. Perplexity in public domain social media
conversations might be a good automatic proxy for human judgment of fundamental attributes of
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human likeness, such as sensibleness and specificity. Two studies (15%) were unable to find any
statistically significant differences between the applications of generative models in natural
language understanding and the generative models themselves, while three studies (23%) yielded
statistically significant negative results.

DISCUSSION AND CONCLUSIONS

Generative models for natural language understanding are being designed and developed with an
increasing amount of financial and temporal resources. The implementation of generative models
in education necessitates not only financial investment but also the training of educators in their
effective use. As a result, when creating educational materials that use generative models for
natural language understanding, instructional designers must exercise great caution. The synthesis
of research design quality revealed that the ethical considerations and challenges related to
generative models are addressed by models developed by researchers.

This outcome might arise from the fact that the researcher is trying to evaluate a wider range of
constructs than is included in standardized models. However, models created by researchers have
not gone through the procedures intended to evaluate and enhance their validity and reliability.
Therefore, assessing the credibility and dependability of the instruments that they use is crucial for
researchers, educators, and instructional designers. Regarding the design quality variable, our
analysis did not reveal any statistically significant differences among the studies classified as
"high," "low," or "medium". This disproves the consensus that the best studies have the lowest
effect sizes.

One interpretation of our findings might be that they provide evidence of the durability of the
advantages of generative models for understanding natural language. We also discovered evidence
in our study supporting the novelty effect of ethical Al development. This result aligns with the
examination of the various modes of instruction, which demonstrated that practice mode
performed better than standalone instruction.

This meta-analysis concluded that generative models for natural language understanding were
generally quite effective for responsible Al development. These findings did, however, have
certain limitations, many of which were brought about by elements that are present in all Al
development. Certain studies did not offer sufficient statistical data to enable effect size
calculations. Furthermore, a lot of studies only included a portion of the data on the variables that
this study coded. As a result, we were unable to examine the potential effects of several factors on
the efficacy of generative models for understanding natural language, which limited the data that
could be used to inform their design. Feedback has a significant impact on learning gains, both
positively and negatively, according to Raffel et al., 2019. It is crucial that participants understand
the characteristics that contribute to the effectiveness of feedback. Therefore, when creating and
characterizing the feedback mechanism integrated into the learning environment's design,
researchers must be more precise. Many benefits of using generative models for learning natural
language understanding are presented in the literature. The meta-analysis's findings are
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encouraging because they show that generative models for teaching natural language
comprehension through artificial intelligence can improve student outcomes. If educational
institutions put in time and money, their students will probably benefit in terms of learning. The
effectiveness of various principles of instructional design that raise the bar for learning

environments is also clarified by this meta-analysis. To learn more about generative models for
natural language understanding, future research can be planned to test additional features and
intriguing model effects.
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