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Abstract: This research explores the transformative integration of artificial intelligence (Al),
robotics, and language models, with a particular emphasis on the PaLM-E model. The
exploration aims to assess PaLM-E’s decision-making processes and adaptability across
various robotic environments, demonstrating its capacity to convert textual prompts into very
precise robotic actions. In addition, the research investigates Parameter-Efficient Fine-Tuning
(PEFT) techniques, such as Low-Rank Adaptation (LoRA) and Quantized Low-Rank
Adaptation (QLoRA), providing a historical overview of PEFT and highlighting their
significance in enhancing task performance while reducing the number of trainable parameters.
The broader scope of Generative Al is examined through an analysis of influential models like
GPT-3, GPT-4, Copilot, Bard, LLaMA, Stable Diffusion, Midjourney, and DALL-E. These
models’ abilities to process natural language prompts and generate a wide range of outputs are
thoroughly investigated. The research traces the historical evolution of Al, from its roots in
science fiction to its practical applications today, with a focus on the rise of Generative Al in
the 21st century. Furthermore, the research delves into the various modalities of Generative
Al, covering applications in text, code, images, and more, and assesses their real-world impact
on robotics, planning, and business intelligence. The implications of synthetic data generation
for business analytics are also explored. The research inspects within both software and
hardware landscapes, comparing local deployment on consumer-grade hardware along with
cloud-based services, and underscores the benefits of local model deployment in terms of
privacy protection, intellectual property security, and censorship resistance. Ethical
considerations are central to this research, addressing concerns related to privacy, security,
societal impact, biases, and misinformation. The research proposes ethical guidelines for the
responsible development and deployment of Al technologies. Ultimately, this work reveals the
deep interconnections between vision, language, and robotics, pushing the boundaries of Al
capabilities and providing crucial insights for future Al model development and technological
innovation. These findings are intended to guide the field through the emerging challenges of
the rapidly evolving Generative Al landscape.
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artificial intelligence (GAI); large language models (LLMSs); machine learning (ML); models
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1. Introduction

In the rapidly advancing field of artificial intelligence (Al), the convergence of
vision, language, and robaotics is emerging as a critical area of exploration, driving the
development of intelligent systems capable of interacting with the world in more
holistic and meaningful ways [1-3].
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This research investigates the PaLM-E model, a pioneering effort in multimodal
Al designed to bridge the gap between perception, language understanding, and
robotic control. PALM-E’s ability to navigate complex, real-world scenarios and its
adaptability across various tasks position it as a significant advancement in the
integration of Al with robotics. The exploration extends its focus to large language
models (LLMs) and introduces the concept of Parameter-Efficient Fine-Tuning
(PEFT), a paradigm shift in the adaptation of LLMs for specialized tasks. Techniques
such as Low-Rank Adaptation (LoRA) and Quantized Low-Rank Adaptation
(QLOoRA) are explored in depth, offering insights into how these methods optimize the
use of computational resources while maintaining or enhancing task performance. The
discussion includes an analysis of additional PEFT methods like T-Few, AdaMix, and
MEFT, highlighting the delicate balance between efficiency and effectiveness in LLM
adaptation. Generative artificial intelligence (Generative Al) represents a significant
evolution in the field, with the ability to produce text, images, and multimodal outputs
that have broad applications across industries [4-6]. This research delves into the
transformative impact of transformer-based models such as GPT-3, Copilot, Bard, and
LLaMA, alongside text-to-image generation systems like Stable Diffusion,
Midjourney, and DALL-E. As these technologies gain traction in areas ranging from
art and creative writing to healthcare and finance, the research critically examines both
the opportunities and ethical challenges associated with their widespread use [7-9].
The investigations also provide a historical context, tracing the evolution of Al from
its conceptual origins in the mid-20th century through to its current state as a driver of
innovation in the 21st century. By reflecting on the contributions of pioneers like Alan
Turing and the development of early automated systems, the research underscores the
philosophical and ethical debates that have shaped AI’s trajectory [10-12]. The rise of
Generative Al in recent years is presented as the latest chapter in this ongoing
narrative, with a focus on its applications in robotics, planning, and business
intelligence [13-15]. Furthermore, the research examines the software and hardware
ecosystems that support Generative Al, comparing the benefits and limitations of local
deployments versus cloud-based services.

This analysis highlights the importance of accessibility, scalability, and the
protection of privacy and intellectual property in the deployment of Al technologies.
Through a detailed exploration of these themes, the research aims to provide a
comprehensive understanding of the current state of Generative Al, its potential future
directions, and the ethical considerations that must guide its development and
implementation.

2. Methods and experimental analysis

This research adopts a multi-faceted approach to evaluate the performance and
adaptability of the PaLM-E model in robotic environments, as well as to explore the
broader implications of Parameter-Efficient Fine-Tuning (PEFT) and Generative Al
technologies.

Phase 1: Evaluation of PaLM-E in Robotic Environments

The initial phase focuses on assessing PaLM-E’s capabilities in a variety of
robotic scenarios. A diverse set of tasks will be formulated, ranging from simple
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actions to complex, long-horizon maneuvers, simulating real-world conditions to
evaluate PaLM-E’s decision-making processes. A robust testing framework will be
developed, incorporating benchmarks that simulate dynamic and unpredictable
environments. The integration of PaLM-E with low-level language-to-action policies
will be central to this phase, enabling the translation of textual prompts into precise
robotic actions. The model’s adaptability will be further tested by introducing
adversarial disturbances to evaluate its robustness and generalization to tasks not
encountered during the training phase. This aspect of the research is crucial for
understanding PaLM-E’s potential in transfer learning and its effectiveness in
unforeseen scenarios, drawing on methodologies established in existing literature on
robotic Al integration.

Phase 2: Exploration of Parameter-Efficient Fine-Tuning (PEFT)

The research then delves into PEFT, with detailed background research and
available knowledge focusing on techniques like Low-Rank Adaptation (LoRA) and
Quantized Low-Rank Adaptation (QLoRA). The historical development of PEFT will
be traced, highlighting key milestones and the challenges that have shaped its
evolution. The implementation of LoRA in large language models (LLMs) will be
analyzed, with particular attention to the starting point preservation hypothesis, which
plays a critical role in reducing the number of trainable parameters without sacrificing
performance. Following this, the introduction of QLORA will be explored,
demonstrating how quantization enhances parameter efficiency. This slice will
provide a comprehensive understanding of PEFT’s role in optimizing LLMs,
supported by previous studies that have documented its impact on computational
resource management.

Phase 3: Analysis of Generative Al Technologies

In the third phase, the research shifts to an in-depth examination of Generative
Al, specifically transformer-based models like GPT-3, GPT-4, Copilot, Bard,
LLaMA, Stable Diffusion, Midjourney, and DALL-E. The study will assess these
models’ capabilities in processing natural language prompts and generating diverse
outputs across multiple modalities, including text, code, and images. This analysis will
be contextualized within the broader historical development of Al, tracing its
evolution from speculative fiction to its current status as a transformative force in
various industries. The research will explore both unimodal and multimodal systems,
emphasizing their real-world applications in fields such as robotics, planning, and
business intelligence, and will investigate the role of Generative Al in synthetic data
generation, with a particular focus on its implications for business analytics.

Phase 4: Examination of Software, Hardware, and Ethical Considerations

The research will then inspect the integration of Generative Al features into
commercial products, assessing the accessibility and usability of these technologies
on consumer devices. The scalability of Generative Al models will be evaluated,
comparing local deployment on consumer-grade hardware with cloud-based services.
Special attention will be given to the advantages of local model deployment, including
privacy protection, intellectual property safeguards, and the avoidance of rate limiting
and censorship. This phase will also incorporate an ethical dimension, critically
examining privacy and security concerns associated with Generative Al, particularly
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in relation to deepfakes and synthetic media. The exploration will propose ethical
guidelines for the responsible development and deployment of these technologies,
addressing societal impacts, biases, misinformation, and manipulation concerns. This
ethical exploration will be grounded in existing frameworks and will contribute to the
ongoing discourse on Al ethics.

Synthesis and Future Directions

Finally, the research will synthesize the findings from each phase, highlighting
the interconnectedness of vision, language, and robotics in pushing the boundaries of
Al capabilities. The implications of this research for the future development of Al
models and technologies will be discussed, with recommendations for future research
aimed at addressing emerging challenges and opportunities in the rapidly evolving
field of Generative Al. To provide a better understanding, Figure 1 illustrates the
visualization concerning the matters.
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Figure 1. An overall visualization of the research exploration experimentations.

2.1. Background research and available knowledge explorations

Generative artificial intelligence (Generative Al, or GenAl) represents a
significant advancement in the capabilities of Al systems, particularly in their ability
to produce text, images, and other forms of media through generative models. These
models, which learn patterns and structures from vast datasets, are capable of
generating new data that mirrors the characteristics of the training data. The early
2020s witnessed remarkable progress in transformer-based deep neural networks,
leading to the emergence of Generative Al systems [1-15]. Notable examples include
large language model (LLM) chatbots and text-to-image Al art systems, which have
garnered widespread attention for their ability to accept and process natural language
prompts. The application of Generative Al spans a broad spectrum of industries,
highlighting its versatility and transformative potential. In the fields of art, writing,
and scriptwriting, Generative Al has been used to create content that pushes the
boundaries of creativity. In software development, tools like GitHub Copilot assist
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programmers by generating code snippets, streamlining the development process.

The healthcare and finance sectors have also embraced Generative Al for tasks
such as predictive analytics and automated reporting. Additionally, the gaming,
marketing, and fashion industries are leveraging these technologies to enhance user
experiences and design processes. The early 2020s saw a significant surge in
investment from major technology companies, including Microsoft, Google, and
Baidu, as well as numerous smaller firms, reflecting the growing interest in the
potential of Generative Al [16-20]. Despite its promising applications, the
development of Generative Al has raised concerns regarding its potential misuse. The
ability of these models to generate realistic content has led to fears of cybercrime, the
creation of fake news, and the production of deepfakes—manipulated media that can
deceive viewers [11-22]. These concerns underscore the need for ethical guidelines
and regulatory frameworks to ensure the responsible development and deployment of
Generative Al technologies.

The historical evolution of artificial intelligence provides essential context for
understanding the development of Generative Al [21-33]. The field of Al was
formally established as an academic discipline in 1956, but the roots of automated
creativity can be traced back much further. Ancient Greek civilization explored the
concept of automated art, and over the centuries, the development of creative
automatons laid the groundwork for the sophisticated Generative Al systems of today.

One of the seminal contributions to the conceptual foundation of Al was Alan
Turing’s 1950 paper, which posed fundamental questions about machine reasoning
and laid the groundwork for future advancements in the field. Over the decades, Al
has experienced several waves of progress and periods of optimism, leading to the
development of Generative Al planning systems and, more recently, advanced
generative models capable of performing complex tasks [34-49].

Generative Al now operates across various modalities, including text, code,
images, audio, video, molecules, robotics, planning, and business intelligence. Large
language models, such as GPT-4 and PaLM, typically run on powerful data center
computers, but there has been significant progress in developing smaller models that
can operate on more accessible devices, such as smartphones, embedded systems, and
personal computers.

This accessibility has facilitated the integration of Generative Al into a wide
range of products, from conversational agents like ChatGPT to programming tools like
GitHub Copilot. Furthermore, many of these models are available as open-source
software, enabling broader experimentation and application [34-49].

One of the key advantages of running Generative Al models locally, as opposed
to relying solely on cloud-based services, is the enhanced protection of privacy. Local
deployment mitigates the risks associated with data exposure and provides users with
greater control over their intellectual property. Additionally, running models locally
can help avoid issues related to rate limiting and censorship that may arise with cloud
services.

However, the largest models, which often contain hundreds of billions of
parameters, still require the computational power of data center computers and are
typically accessed through cloud services.
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This research highlights the profound impact of Generative Al on various
industries while also acknowledging the potential challenges and ethical
considerations that accompany its rapid development. As Generative Al continues to
evolve, it is crucial to address these concerns to ensure that the technology is harnessed
for the benefit of society [34—-49].

2.2. Experimental designs and simulation investigations

This research undertakes a detailed exploration of PaLM-E, a generalist robotics
model developed by Google, which addresses the significant challenges posed by the
lack of large-scale datasets in robotics. PaLM-E’s innovative architecture integrates
sensor data from robotic agents directly with a powerful language model, PaLM, to
create a comprehensive visual-language model. The experimental design is structured
to evaluate PaLM-E’s effectiveness in performing a range of tasks across multiple
robots and modalities, such as processing images, robot states, and neural scene
representations. These experiments aim to demonstrate PaLM-E’s ability to transfer
knowledge from large-scale training data to various robotic applications, thereby
improving the model’s performance in both vision-language tasks and robotic
decision-making [32—34]. The first phase of the experimental design involves setting
up robotic environments where PaLM-E is tested on diverse tasks, ranging from basic
operations to complex, long-horizon maneuvers. A simulation framework is employed
to create realistic robotic scenarios, enabling the assessment of PaLM-E’s adaptability
and decision-making capabilities in dynamic environments.

The integration of PaLM-E with low-level language-to-action policies is crucial
in this phase, allowing the model to translate textual prompts into executable robot
actions. The experiments further introduce adversarial disturbances to test the model’s
robustness and its ability to generalize to tasks that it was not explicitly trained for.
This phase also examines how visual-language data enhances the model’s
performance in robotic tasks, thereby underscoring the potential of PaLM-E to
function as an efficient and effective generalist model for robotics. The second phase
of the research delves into Parameter-Efficient Fine-Tuning (PEFT) for Large
Language Models (LLMs), focusing on methodologies such as Low-Rank Adaptation
(LoRA) and Quantized Low-Rank Adaptation (QLORA). The experiments are
designed to evaluate how PEFT techniques optimize LLMs for specific tasks while
managing computational and memory requirements effectively. A step-by-step
simulation process is employed, where pretrained LLMs undergo fine-tuning to adapt
to specialized tasks. This phase highlights the benefits of PEFT, including reduced
memory usage and lower storage costs, while also addressing potential challenges like
increased training time. In the context of LORA, the experiments introduce trainable
low-rank matrices into each layer of the Transformer architecture during the fine-
tuning process. This technique is designed to minimize the number of trainable
parameters, thus reducing the computational burden without compromising task
performance. The experimental design elucidates LoRA’s working principles,
particularly its focus on starting point preservation and the use of low-rank matrices
as adapters.

These experiments aim to showcase LoRA’s efficiency in task-switching and its
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applicability to real-time applications, making it an optimal choice for fine-tuning
large language models in resource-constrained environments. Building on the findings
from LoRA, the research introduces QLORA, an extension of LORA that incorporates
guantization techniques to achieve further parameter efficiency. The experiments
simulate NF4 quantization and Double Quantization processes, demonstrating how
QLoRA reduces memory requirements while maintaining, or even enhancing, model
performance. The results from this phase are critical in understanding how QLORA
can be employed across various LLMs, offering a versatile and highly efficient
approach to parameter-efficient fine-tuning. The experimental design also includes
detailed simulations to compare the performance of PaLM-E and various PEFT
techniques against existing models. These simulations provide insights into the
strengths and limitations of each method, allowing for a comprehensive evaluation of
their potential impact on language processing and robotics tasks. The discussions and
findings from these simulations are intended to equip researchers and practitioners
with a nuanced understanding of PEFT, LoRA, and QLoRA, guiding their application
in real-world scenarios where efficient fine-tuning of large language models is
essential. By systematically evaluating PaLM-E and PEFT techniques through
carefully designed experiments and simulations, this research contributes valuable
insights into the practical implementation of advanced Al models in robotics and
language processing domains. The findings emphasize the potential of these
techniques to significantly enhance the efficiency and effectiveness of Al-driven
systems, paving the way for future developments in Generative Al and robotics. To
provide a better understanding, Figures S1 (see supplementary materials file) and 2
provide an overall visualization concerning the matters.
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2.3. A deep dive into general artificial intelligence (GAI)

Generative artificial intelligence (Al) represents a significant advancement in the
field of artificial intelligence, with algorithms like ChatGPT at the forefront, capable
of producing a wide array of content types, including text, code, images, audio,
simulations, and videos.
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These transformative capabilities have garnered widespread attention,
particularly following the release of ChatGPT by OpenAl in November 2022. As a
highly capable chatbot, ChatGPT quickly rose to prominence, attracting over a million
users within just five days of its launch. Its ability to generate diverse forms of content,
from computer code and essays to creative works like poems, highlights its versatility
and potential to revolutionize content creation across various industries [23-33]. The
impact of Generative Al, exemplified by ChatGPT, extends beyond mere content
generation, raising both opportunities and challenges. Tools like DALL-E, another Al
system developed by OpenAl for generating art, further illustrate the potential of
Generative Al to disrupt traditional workflows and job markets [32—34].

However, this disruption is accompanied by uncertainties and risks, particularly
regarding the implications for employment, content quality, and ethical
considerations. As Generative Al continues to evolve, it becomes increasingly
important to balance its transformative potential with a careful understanding of its
limitations and the risks it may pose. To fully grasp the significance of Generative Al,
it is essential to distinguish it from broader concepts within artificial intelligence and
machine learning.

While Al broadly refers to machines that mimic human intelligence, machine
learning is a subset of Al focused on models that learn from data patterns without
explicit programming. Generative Al, as a breakthrough in machine learning, enables
models to create new content on demand, going beyond traditional tasks of pattern
recognition and classification.

Text-based models like ChatGPT rely on self-supervised learning, where they are
trained on vast amounts of text data to generate predictions and responses that closely
resemble human language. Although ChatGPT has captured public attention, it is part
of a lineage of text-based models that includes predecessors like GPT-3 and BERT,
which have also made significant contributions to the field [34-36].

The development of Generative Al models requires substantial resources,
typically available only to well-funded tech companies. Training these models
involves large-scale data processing and significant computational power. For
instance, GPT-3, one of the models underlying ChatGPT, was trained on
approximately 45 terabytes of text data, reflecting the massive investment in both
infrastructure and talent necessary to achieve high levels of performance [32-34].

These investments enable companies like OpenAl, DeepMind, and Meta to push
the boundaries of what Generative Al can achieve, creating models capable of
producing outputs that rival human-generated content in terms of quality and diversity.

Generative Al models are particularly adept at generating content that is not only
lifelike but also creative, introducing random elements that add diversity to the
outputs. This capability has broad practical applications across industries such as IT,
software development, marketing, and healthcare [34-49]. For example, Generative
Al can rapidly produce written content, optimize code, or create marketing copy,
saving time and resources for organizations. However, the effectiveness of these
outputs depends largely on the quality and relevance of the training data used to
develop the models, as well as the specific use cases for which they are applied.

Despite the impressive capabilities of Generative Al, there are significant
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limitations and risks that must be acknowledged. While the outputs of Generative Al
models can be convincing, they are not immune to errors, biases, or inappropriate
content generation. These risks can lead to reputational and legal challenges,
particularly if biased or offensive content is inadvertently published [34-36]. To
mitigate these risks, it is crucial to carefully curate training data, consider the use of
smaller, more specialized models, and maintain human oversight to review and
approve Al-generated content before it is disseminated. As a rapidly evolving field,
the long-term effects and risks associated with Generative Al are still being
understood. Organizations adopting these technologies must remain vigilant, staying
informed about regulatory developments and emerging risks. While Generative Al
holds immense promise, its responsible implementation, coupled with continuous
monitoring, is essential to maximize its benefits while minimizing unintended
consequences. By approaching Generative Al with a balanced perspective, we can
harness its transformative potential while addressing the ethical and practical
challenges it presents [34-49].

3. GAI: From a techspertive point of view

Generative Al, often synonymous with large language models (LLMs),
represents a significant subset of machine learning, recognized for its ability to
generate natural-sounding language. The emergence of tools like Bard, an
experimental platform designed for collaboration with Generative Al powered by a
large language model, underscores the growing influence of this technology. To fully
understand Generative Al, it is essential to first explore the broader context of artificial
intelligence (Al). Most modern Al is rooted in machine learning, a process where
neural networks—complex computer systems—Ilearn from vast amounts of data.
These networks are trained to perform specific tasks, such as image classification or
predicting the next word in a sentence, by identifying patterns within the data [34—36].
Language models, a particular type of neural network, are central to Generative Al.
They are trained on extensive datasets and are capable of predicting the next word in
a sequence, becoming increasingly sophisticated as the amount of training data grows.
These models are already in use in everyday applications, such as Gmail’s Smart
Compose and Smart Reply features, which assist users by suggesting contextually
relevant responses.

Bard, powered by such models, leverages this predictive capability to generate
coherent and contextually appropriate language. Generative Al, by its nature, goes
beyond simply predicting text. It is designed to create entirely new content based on
the patterns and structures it has learned from its training data. This ability to generate
novel combinations of text in natural-sounding language is what distinguishes
Generative Al as a powerful tool in content creation. However, its capabilities extend
beyond text; Generative Al can also produce images, audio, and even video, offering
vast potential across multiple creative domains. The potential impact of Generative Al
on creative fields is profound. It has the ability to transform the way we approach
creativity, much like the drum machine did for music production.

By automating repetitive tasks and eliminating drudgery, Generative Al can
enhance creative workflows, allowing human creators to focus on more innovative and



Computing and Artificial Intelligence 2025, 3(1), 1498.

imaginative aspects of their work. However, it is crucial to recognize that Generative
Al is not a replacement for human creativity but rather a tool that augments and
facilitates it [34-49]. Despite its potential, Generative Al also presents challenges,
particularly in educational contexts. The ease with which Al-generated content can be
produced raises important questions about how we measure success and originality in
education. These concerns highlight the need for a thoughtful and responsible
approach to the development and deployment of machine learning technologies.

Companies like Google have taken steps to address these challenges by
establishing Al principles and creating internal governance structures aimed at
ensuring the ethical development of Al. These guidelines are designed to prevent harm
and mitigate issues related to bias and toxicity in Al-generated content. By adhering
to these principles, organizations can help ensure that Generative Al technologies are
developed and used in ways that benefit society while minimizing potential risks.
While Generative Al holds immense potential to revolutionize creative processes and
workflows, it also demands careful consideration of its societal impacts. By fostering
responsible development and use, we can harness the power of Generative Al to tackle
new challenges and open up fresh perspectives in various fields, ultimately
contributing to a more innovative and creative future.

4. Machine learning (ML) mystery: A case study investigation
analysis

A recent study, conducted by researchers from MIT in collaboration with Google
Research and Stanford University, delves into the intriguing phenomenon of in-
context learning observed in large language models, such as OpenAI’s GPT-3 and
GPT-4. In-context learning refers to the ability of these models to perform new tasks
after being exposed to just a few examples, without the need for retraining on new
data. This capability has piqued the interest of researchers, who have sought to
understand the underlying mechanisms that enable such models to learn without the
traditional process of parameter updates [34—36]. The study centers on the hypothesis
that these massive neural network models, particularly transformers like GPT-3, might
encapsulate smaller, simpler linear models within their vast architecture. These
smaller models, the researchers suggest, could be trained to execute new tasks using
straightforward learning algorithms, all while leaving the parameters of the
overarching model unchanged. This notion challenges the conventional understanding
of how learning occurs within large language models, opening the door to new theories
about their inner workings. To explore this hypothesis, the researchers conducted a
theoretical investigation into transformer models specifically engineered for in-
context learning. Transformers, which form the backbone of models like GPT-3, are
neural networks known for their ability to process sequences of data, such as text, in a
highly efficient manner. The findings of the study reveal that within these
transformers, a linear model can be “written” into the hidden states of the network.

This process involves embedding the linear model within the earliest layers of
the transformer, allowing the larger model to simulate and train this smaller model
using pre-existing information.

As a result, the model can effectively perform in-context learning, adapting to

10
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new tasks without the need for parameter modification. The implications of these
results are profound. By demonstrating that a transformer can house and train a linear
model within its hidden states, the study suggests a novel method by which large
language models might achieve in-context learning. This insight could lead to the
development of more efficient learning algorithms capable of performing new tasks
without the extensive retraining that is typically required.

The lead authors of the study emphasize the practical advantages of in-context
learning, particularly its potential to streamline the learning process. By eliminating
the need for complex engineering and the collection of domain-specific data, in-
context learning presents a more efficient approach to training models. The researchers
propose that these in-context learners do not merely mimic patterns observed in their
training data; instead, they might actually acquire the ability to perform new tasks.

This challenges the prevailing notion that large language models simply
memorize tasks, suggesting that they possess a more sophisticated capacity for
learning. Ultimately, this study represents a significant step toward unraveling the
capabilities of modern large language models. By shedding light on the mechanisms
behind in-context learning, the research contributes to a deeper understanding of how
these models can be leveraged for complex learning tasks. As the field of machine
learning continues to evolve, insights such as these will be crucial in shaping the future
of Al development.

5. GAIl: The creative work perspectives

Generative Al, particularly through the use of large language and image models,
is revolutionizing the landscape of creative work and business functions. These
models, often referred to as foundation models, present a wide array of opportunities,
including the automation of content generation, enhancement of content quality,
diversification of content types, and the ability to personalize outputs across various
domains. Models like OpenAI’s GPT-3 and GPT-4 are prime examples of Generative
AT’s capacity to produce diverse types of content, such as text, images, and videos.
These models are trained on vast datasets and require significant computational
resources to develop. However, once trained, they can be fine-tuned for specific
content domains using relatively smaller datasets. This process underscores the
continued necessity for human involvement, both in generating prompts for the Al and
in evaluating or editing the content produced by these models.

One of the key applications of Generative Al lies in the marketing sector. For
instance, specialized versions of GPT-3, such as Jasper, are being utilized to create
blogs, social media posts, and other customer-facing content. These tools are
invaluable for maximizing search engine optimization (SEO) and tailoring
personalized pitches in public relations. Additionally, image generation tools like
DALL-E 2 are already making an impact in advertising, with brands such as Heinz
and Nestle adopting these technologies to enhance their campaigns.

Generative Al also shows significant potential in code generation. GPT-3’s
Codex, for example, can create code snippets based on textual descriptions,
dramatically improving the efficiency of software development. Experiments by
companies like Deloitte have demonstrated up to a 20% increase in code development

11
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speed using Codex, highlighting the practical benefits of these models in the tech
industry [34-36]. Furthermore, Generative Al is increasingly being integrated into
conversational Al and chatbots, leading to more sophisticated conversation
understanding and context awareness. However, challenges persist, particularly
regarding the replication of biased language. These issues necessitate ongoing efforts
to refine and filter Al outputs, especially in sensitive contexts. Another area of interest
is knowledge management. Large language models, when fine-tuned on specific
content, have the potential to manage and streamline an organization’s knowledge
base. For example, Morgan Stanley is working with OpenAI’s GPT-3 and GPT-4 to
fine-tune models for wealth management training, aiming to leverage Generative Al
for more effective information dissemination within the company. However, the
ethical and legal implications of Generative Al cannot be overlooked. The rise of
deepfakes and concerns over content ownership are central to discussions about the
future of Al in creative work. As Al systems become more capable of generating a
wide range of content—including emails, articles, computer programs, and more—the
questions of intellectual property and content ownership become increasingly complex
and pressing. The perspective presented acknowledges that while Generative Al
models offer unprecedented opportunities, they also bring about challenges and risks
that must be carefully managed.

As these technologies continue to evolve, they are likely to create unforeseen
opportunities and implications for creative work and knowledge management. The
ongoing discourse on these issues will play a critical role in shaping the future of
Generative Al and its integration into various aspects of work and life.

6. GAI: Ethics, accountability, trust, public interest and proactive
managements

The rise of Generative Al marks a pivotal moment in the evolution of artificial
intelligence, offering transformative potential across various sectors. Unlike
traditional Al, Generative Al, driven by large language models, responds to user
prompts with outputs that closely mimic human language, making this technology
accessible to a broader audience. However, as Generative Al gains prominence, it also
brings forth significant ethical, accountability, and trust-related challenges that require
careful consideration [36]. In the business world, there is a growing interest in
harnessing Generative Al to enhance enterprise operations. Yet, as this technology
rapidly evolves, the importance of trust and ethical management becomes paramount.
One of the most pressing concerns is whether business users can trust the outputs
generated by these Al models. The potential risks associated with Generative Al, such
as producing inaccurate or hallucinated outputs, pose serious challenges for end-users,
who may struggle to assess the factual accuracy of content that appears convincingly
eloquent.

Generative Al models are also prone to biases as they are trained on vast datasets
that may contain inherent prejudices. This raises the risk of users placing undue
confidence in biased or erroneous outputs, which could have significant consequences
in decision-making processes. Moreover, the issue of attribution is critical. Since
Generative Al outputs are closely aligned with the original training data, there is a
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heightened risk of plagiarism and copyright violations. Balancing trust in these outputs
with human oversight becomes a complex challenge, particularly when considering
the legal and brand implications for enterprises. Transparency and explaining ability
are equally crucial. End-users, who may not have a deep technical understanding of
Al, need accessible explanations of how Generative Al works. This underscores the
necessity for enterprise-wide Al literacy and risk awareness, which can help mitigate
potential negative consequences. Without transparency, users may misinterpret Al-
generated content, leading to misguided decisions that could have far-reaching effects.

Accountability in the use of Generative Al is a central theme in this discussion.
As these models increasingly mimic human creativity, the responsibility for their
outputs must be clearly defined. It is essential to maintain human oversight and ensure
that Al-generated content is subject to thorough analysis, scrutiny, and context-aware
review. This human element is critical to preserving ethical standards and ensuring
that Al-driven decisions align with societal values and public interest.

The need for proactive management in the deployment of Generative Al cannot
be overstated. Organizations must establish robust frameworks for accountability,
trust, and ethics, ensuring that the outcomes of Generative Al are transparently linked
to their creators and the enterprise. As the Al landscape continues to evolve, these
frameworks will be essential in navigating the complexities of this technology and
safeguarding its integration into various aspects of work and life.

While Generative Al holds immense potential to revolutionize content creation
and business operations, it also necessitates a careful balance between innovation and
ethical responsibility. By addressing the challenges of trust, accountability, and public
interest and by implementing proactive management strategies, organizations can
harness the power of Generative Al while minimizing the risks and ensuring its
positive impact on society.

7. The future of Generative Al (GAI) and its directions

The current excitement surrounding Generative Al, particularly models like
ChatGPT, has sparked widespread interest and speculation about its potential impact.
However, it’s crucial to focus on the true value of Generative Al, which lies not in its
capacity as a generalized solution but in its application to niche domains where it can
offer significant, context-specific advantages.

While the buzz around ChatGPT is undeniable, the primary value of Generative
Al will emerge in specialized contexts where it can explore and utilize highly specific
information in novel ways. The development of ChatGPT plugins by various
companies exemplifies this shift. These plugins are not about creating a one-size-fits-
all solution but rather enhancing functionality in specific areas.

For instance, in the realm of travel planning, a Generative Al tool tailored for a
company like Expedia can deliver a substantial competitive edge, particularly in a
market where information discovery is critical.

This trend raises important questions about the future of Generative Al and its
implications for established search giants like Google. Will these developments pose
a serious threat to their dominance, or are we witnessing an “iPhone moment”—a
transformative shift in user behavior and expectations? The likely outcome is a gradual
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change, where organizations leverage large language models (LLMSs) trained on their
own data to drive meaningful transformations in how they operate and interact with
customers.

OpenAl’s recognition of the commercial potential of Generative Al is evident in
its recent move to open a waiting list for companies to access ChatGPT plugins. This
decision foreshadows the emergence of numerous new products and interfaces
powered by OpenAl’s Generative Al systems in the coming months and years,
underscoring the expanding role of Generative Al in various sectors. However, it’s
important to dispel the notion that OpenAl is the sole gatekeeper of Generative Al
technology. While ChatGPT is a prominent tool, it is not the only one available. A
broader ecosystem of tools exists, including self-hosted LLMs, which offer
organizations an alternative approach to Generative Al. By deploying LLMs on their
own enterprise data, organizations can address privacy concerns and maintain greater
control over their Al implementations.

The future of Generative Al is also likely to see a trend toward domain-specific
language models. Fine-tuning general-purpose LLMs on specific datasets could result
in highly effective information retrieval tools tailored to particular industries or use
cases [36]. This approach has promising applications in areas such as product
information management, content creation, and internal documentation,
demonstrating how Generative Al can evolve into more specialized and practical tools.

As Generative Al becomes more embedded in specific contexts, its mystique as
an all-knowing entity will diminish. The future of Al will likely be less threatening
and more approachable, especially as it becomes increasingly domain-specific. A
comparison can be drawn to GitHub Copilot, an Al tool that supports software
developers by helping them solve problems within the scope of their existing
knowledge and experience. This is a key indicator of how Generative Al will be
successful—not as a catch-all solution but as an integrated tool that enhances specific
applications. Ultimately, the true value of Generative Al will be realized as it becomes
seamlessly embedded in particular domains, leading to a more practical and grounded
acceptance of its capabilities [34-49]. As users come to understand the limitations of
Generative Al, its usefulness will become more apparent, fostering a balanced
perspective that recognizes both its potential and its boundaries.

8. Results and findings

Google’s PaLM-E, an embodied multimodal language model, demonstrates
significant advancements in robotic environments and vision-language tasks,
showecasing its versatility across a range of applications.

The model was rigorously evaluated in three distinct robotic scenarios, each
involving real robots and a variety of tasks such as visual question answering (VQA),
image captioning, and general language processing. The findings highlight PaLM-E’s
ability to effectively integrate language understanding with robotic control,
establishing new benchmarks in the field.

Robotic scenarios and task performance:

In one scenario, PaLM-E was tasked with directing a mobile robot in a kitchen
environment. The model successfully guided the robot to retrieve a bag of chips,
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demonstrating robustness even when the bag was placed back into a drawer, which
introduced additional complexity. This capability underscores PaLM-E’s resilience to
environmental disturbances and its ability to execute tasks in dynamic settings. In
another task, PaLM-E was instructed to grab an unseen green block. Here, the model
generated a plan that extended beyond the robot’s training data, effectively
generalizing its actions to handle novel objects.

This ability to generalize is a critical advancement, enabling robots to perform
tasks with objects or in environments not explicitly encountered during training. In a
tabletop robot environment, PaLM-E tackled long-horizon tasks, such as sorting
blocks by color into designated corners. The model demonstrated its capacity to
process visual information and generate sequences of textually represented actions for
intricate, prolonged tasks. This performance marks a significant improvement over
previous models, showcasing PaLM-E’s potential for handling complex, multi-step
processes.

Moreover, PaLM-E exhibited impressive zero-shot generalization. For example,
it successfully pushed red blocks towards a coffee cup, adapting to new tasks that were
not part of its training data. This adaptability is a testament to the model’s robustness
in handling unforeseen challenges and tasks. In a third robotic scenario inspired by
task and motion planning (TAMP), PaLM-E addressed combinatorically challenging
planning tasks. The model effectively solved these tasks by leveraging knowledge
transferred from visual and language models, coupled with a modest amount of
training data from an expert TAMP planner. This capability highlights PaLM-E’s
efficiency in learning from limited data while achieving high-level task performance.

Visual-Language Generalization:

PaLM-E also proved itself as a visual-language generalist, outperforming leading
vision-language-only models in several benchmarks. Notably, it achieved the highest
reported score on the OK-VQA dataset, a challenging benchmark for visual question
answering, without requiring task-specific fine-tuning. This performance underscores
the model’s strength in visual understanding and its extensive external world
knowledge.

The largest version of the model, PaLM-E-562B, exhibited particularly advanced
capabilities, including visual chain-of-thought reasoning and multi-image inference.
These abilities enable the model to break down complex answering processes into
smaller, manageable steps and to perform inference across multiple images, even
though it was primarily trained on single-image prompts.

This sophistication in reasoning and inference represents a significant leap
forward in the capabilities of embodied Al systems.

Figure S2 (see supplementary materials file) and Figures 3-5 in the
accompanying visualizations provide further insights into these findings, illustrating
the model’s performance across various tasks and environments and highlighting its
versatility and robustness.
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Figure 4. A visualization of the research findings 1.

16




Computing and Artificial Intelligence 2025, 3(1), 1498.
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Figure 5. A visualization of the research findings 2.

9. Discussions and future directions

The exploration of Parameter-Efficient Fine-Tuning (PEFT) techniques, such as
Low-Rank Adaptation (LoRA) and Quantized Low-Rank Adaptation (QLORA),
brings to light several key insights and future possibilities in the field of Natural
Language Processing (NLP). This discussion addresses essential queries about these
techniques, providing a comprehensive overview of their goals, advantages, and
potential impacts on the research community [32—49].

Parameter-Efficient Fine-Tuning Goals:

The primary goal of parameter-efficient fine-tuning is to adapt pre-trained
language models to specific tasks while minimizing the computational and memory
burdens traditionally associated with fine-tuning large models. This approach is
particularly crucial as the scale and complexity of language models continue to grow.
By reducing the number of parameters that need to be updated during the fine-tuning
process, PEFT techniques enable more efficient adaptation to various downstream
tasks, making it feasible to deploy sophisticated models in resource-constrained
environments.
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Enhancements through Quantized Low-Rank Adaptation (QLoRA):

One of the significant advancements in parameter efficiency comes from the
integration of quantization into the low-rank adaptation process, as seen in QLoRA.
By quantizing the weights of the adaptation layers, QLORA reduces the memory
footprint and computational load without resorting to complex quantization
techniques. This method preserves the overall performance of the language model,
ensuring that the efficiency gains do not come at the cost of reduced accuracy or
effectiveness. The approach enhances the applicability of fine-tuning large models in
practical scenarios, where hardware constraints often pose significant challenges.

Advantages of Low-Rank Adaptation (LoRA):

Low-Rank Adaptation offers several advantages that make it a valuable technique
for fine-tuning large language models. First, LORA reduces the parameter overhead,
which is particularly beneficial when multiple tasks require fine-tuning, as it allows
for more efficient task switching without needing to retrain the entire model from
scratch. Additionally, LoRA maintains inference latency, ensuring that the model’s
responsiveness remains intact despite the reduced number of trainable parameters.
These benefits make LoRA an effective solution for deploying adaptable models in
real-world applications, where both efficiency and performance are paramount.

Implications for Researchers:

Researchers stand to gain significantly from the adoption of PEFT techniques.
By leveraging methods like LoRA and QLORA, researchers can fine-tune large
language models more efficiently, optimizing their use across a range of downstream
tasks without incurring excessive computational costs. This not only broadens the
accessibility of powerful language models but also encourages innovation by allowing
more researchers to experiment with and refine these models. The practical
implications of these techniques are far-reaching, particularly in enabling the
deployment of advanced NLP solutions in a wider array of contexts.

Applicability of QLoRA to Language Models:

QLoRA’s versatility is another point of discussion, as it can be applied to various
types of language models, including RoBERTa, DeBERTa, GPT-2, and GPT-3. This
adaptability underscores the potential of QLoORA as a standard tool for parameter-
efficient fine-tuning across different architectures. The ability to fine-tune diverse
models with minimal resource requirements opens up new possibilities for deploying
customized NLP solutions in specific domains, further enhancing the impact of these
models on industry and academia.

Future Directions:

Looking ahead, the development of more advanced PEFT techniques will likely
focus on further reducing the computational demands of fine-tuning while expanding
the applicability to even larger and more complex models. Future research may
explore the integration of other efficiency-boosting methods, such as pruning or
distillation, with PEFT techniques to create even more streamlined fine-tuning
processes. Additionally, there is potential for extending the benefits of PEFT beyond
NLP, applying similar principles to other domains where large models are used, such
as computer vision or speech processing.

The continued evolution of these techniques will also necessitate addressing the
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challenges of maintaining model performance while optimizing for efficiency. As
language models become increasingly embedded in real-world applications, ensuring
that they remain accurate, reliable, and fair will be critical. This may involve
developing more sophisticated methods for managing the trade-offs between
efficiency and performance, as well as refining the mechanisms for controlling model
bias and ensuring robust generalization across different tasks and datasets.
Parameter-efficient finetuning represents a promising direction in the ongoing
development of NLP technologies. By enabling more efficient use of large language
models, PEFT techniques like LoRA and QLORA have the potential to significantly
expand the accessibility and applicability of these models, driving innovation and
enabling the deployment of advanced Al solutions across a broader range of contexts.

10. Conclusions

The development of PaLM-E marks a significant milestone in advancing the
capabilities of generally-capable models by simultaneously addressing vision,
language, and robotics. This research not only explores the model’s versatility in
unifying traditionally distinct tasks but also highlights the broader implications of
PaLM-E in enhancing the integration of these domains. By leveraging knowledge
transfer from vision and language to robotics, PaLM-E demonstrates the potential to
create more proficient robots capable of utilizing diverse data sources. This
advancement paves the way for broader applications in multimodal learning,
positioning PaLM-E as a critical facilitator in the evolution of artificial intelligence
across various fields.

In parallel, the rapid evolution of Parameter-Efficient Fine-Tuning (PEFT)
techniques, such as Low-Rank Adaptation (LoRA) and Quantized Low-Rank
Adaptation (QLoRA), addresses the significant challenges posed by the computational
and memory requirements of fine-tuning large language models (LLMs). These
innovative strategies enhance the efficiency of the fine-tuning process while
maintaining or even improving task performance. The introduction of trainable low-
rank matrices in LORA and quantization techniques in QLoORA exemplifies novel
approaches to minimizing the number of trainable parameters, making the fine-tuning
of LLMs more practical and accessible.

The emphasis on parameter efficiency is crucial for overcoming the resource-
intensive nature of LLMs, contributing to reduced memory usage and computational
costs. This focus not only addresses technical challenges but also has profound
implications for the broader field of Natural Language Processing (NLP). By making
the fine-tuning process more efficient, these techniques open up opportunities for
deploying large language models in a wider range of real-world applications, fostering
innovation and broader adoption of NLP technologies.

As these PEFT techniques continue to evolve, they are reshaping the landscape
of fine-tuning processes for LLMs, making them more adaptable, resource-efficient,
and applicable to a diverse array of tasks. The potential to deploy large language
models with reduced resource requirements is transformative, enabling the practical
application of advanced Al across various domains.

The research underscores the significant impact of PaLM-E and parameter-
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efficient fine-tuning techniques like LoRA and QLORA, highlighting their role in
driving the next generation of Al technologies and expanding the accessibility and
applicability of NLP in real-world scenarios.
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all publicly available, because they contain various types of private information. The
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