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Abstract

This study explores the convergence of artifi cial intelligence (AI), robotics, and advanced language models, centering on the PaLM-E 
framework. By examining its adaptability and reasoning in varied robotic contexts, the work demonstrates how PaLM-E can interpret 
natural language instructions and translate them into precise, low-level robotic commands. The investigation also evaluates Parameter-
Effi  cient Fine-Tuning (PEFT) strategies, including Low-Rank Adaptation (LoRA) and Quantized Low-Rank Adaptation (QLoRA), 
tracing their development and highlighting their capacity to improve performance while reducing the number of trainable parameters. 
Beyond robotics, the research surveys notable generative AI systems such as GPT-3, GPT-4, Copilot, Bard, LLaMA, Stable Diff usion, 
Midjourney, and DALL-E assessing their versatility in producing text, code, images, and other outputs from natural language prompts. An 
overview of AI’s historical progression is provided, from speculative concepts to modern, practical implementations, with emphasis on 
generative AI’s rapid expansion in the 21st century. Real-world applications are examined across robotics, planning, business intelligence, 
and synthetic data generation, alongside an assessment of hardware and software deployment options, from local consumer systems to 
cloud-based infrastructures. The advantages of local deployment for privacy protection, intellectual property security, and freedom from 
external censorship are emphasized. Ethical considerations including issues of bias, misinformation, security, and societal implications are 
addressed, with proposed guidelines for responsible AI development and integration. Overall, the work highlights the deep interconnection 
between vision, language, and robotics, off ering insights that may guide the next generation of generative AI research and applications.
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1. Introduction

Artifi cial intelligence (AI) continues to advance rapidly, with 
the integration of vision, language, and robotics emerging as 
a critical domain for creating systems capable of seamless, 
context-aware interaction with the physical world (Akhtar, 2024; 
Akhtar, 2025; Akhtar and Rawol, 2025). This study examines 
the PaLM-E architecture a multimodal model that extends the 
boundaries of perception and reasoning in robotic systems (Hamid, 
2025; Jin, Yu and Grzybowski, 2025; Tharayil, Krishnapriya 
and Alomari, 2025). By assessing its performance in diverse 
robotic environments, evaluating its approach to vision-language 
reasoning, and analyzing its decision-making capabilities, we 
reveal how PaLM-E demonstrates remarkable adaptability, 
problem-solving capacity, and generalization across tasks.
In parallel, the research investigates the concept of Parameter-
Effi  cient Fine-Tuning (PEFT), which enables large language 

models (LLMs) to adapt to specialized tasks while minimizing 
computational demands. Techniques such as Low-Rank Adaptation 
(LoRA) and its quantized variant (QLoRA) are discussed alongside 
methods including T-Few, AdaMix, and MEFT. These strategies 
are explored in terms of their potential to maintain or improve task 
performance while signifi cantly reducing the number of trainable 
parameters, off ering a pragmatic balance between effi  ciency and 
capability.

The discussion then shifts toward Generative Artifi cial Intelligence 
(Generative AI), focusing on its growing infl uence in domains 
spanning text, code, imagery, audio, and multimodal synthesis. 
Prominent transformer-based models such as GPT-3, Copilot, 
Bard, and LLaMA, as well as image-generation systems including 
Stable Diff usion, Midjourney, and DALL-E, are examined for their 
impact and adaptability (Fahad et al., 2025; Bewersdorff  et al., 
2025; Jacobs, 2025). These technologies are shaping industries 
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from creative arts and journalism to healthcare, robotics, and 
financial analytics. Alongside their transformative potential, the 
work addresses pressing ethical considerations, including fairness, 
misinformation, and societal impact (Lee et al., 2025; Bravo, 
Rodriguez, Hidalgo and Angulo, 2025; Parvin, Joo, Jung and 
Mandal, 2025).

A historical perspective frames this analysis, tracing AI’s 
evolution from early theoretical propositions in the mid-20th 
century to the diverse, high-performance generative models 
of today (Akhtar, no date; Akhtar and Rozario, 2025; Akhtar, 
2024). The trajectory includes philosophical debates, pioneering 
computational experiments, and the modern surge in creative 
automation. Finally, the study surveys the software and hardware 
ecosystems supporting generative AI, from privacy-preserving 
local deployments to scalable cloud-based infrastructures.

By weaving together technical developments, historical context, 
and ethical discourse, this research presents a holistic view 
of generative AI’s role in shaping future intelligent systems 
highlighting its potential, its challenges, and its significance for 
the next generation of AI-driven solutions.

2. Methods and Experimental Analysis

This study employs a multi-phase approach to evaluate the 
PaLM-E architecture within robotic environments, focusing on 
its adaptability, decision-making efficiency, and task performance. 
The first stage involves designing a diverse set of robotic tasks, 
ranging from simple manipulations to complex, long-horizon 
action sequences. To provide a consistent baseline for evaluation, 
a standardized testing framework is developed, simulating realistic 
environmental conditions to measure PaLM-E’s responses and 
reasoning capabilities. In the integration stage, PaLM-E is 
combined with low-level language-to-action control policies, 
enabling natural language prompts to be converted into precise 
executable commands for robotic actuators. This stage is essential 
for assessing the model’s readiness for real-world deployment 
and its resilience in dynamically changing settings. Robustness is 
further tested by introducing adversarial perturbations, while its 
ability to generalize is examined through tasks outside its training 
distribution. This enables a deeper understanding of its potential 
in transfer learning and adaptability to novel scenarios.

The research also investigates Parameter-Efficient Fine-Tuning 
(PEFT) methods, with emphasis on Low-Rank Adaptation (LoRA) 
and Quantized Low-Rank Adaptation (QLoRA). A literature-
driven overview traces the evolution of PEFT techniques, 
outlining both their advantages and associated limitations. 
LoRA implementation is analyzed with attention to the starting 
point preservation hypothesis, which underpins its capacity to 
reduce trainable parameters without degrading task accuracy. 
Subsequently, QLoRA is examined for its use of quantization to 
further enhance efficiency while retaining model fidelity. Beyond 
PaLM-E, the study surveys the broader field of Generative AI, 
evaluating prominent transformer-based models such as GPT-3, 
GPT-4, Copilot, Bard, LLaMA, Stable Diffusion, Midjourney, 
and DALL-E. These models are assessed for their ability to 
interpret natural language inputs and produce varied outputs 
across modalities. Historical insights into AI’s progression from 
speculative beginnings to real-world applications are interwoven to 
contextualize the emergence of generative AI in the 21st century.

Experimental analysis also extends to application domains, 
including robotics, automated planning, and business intelligence. 

Particular attention is given to the role of generative AI in synthetic 
data generation and its implications for analytics and decision-
making processes. Modalities examined include text, code, image, 
and multimodal generation, covering both unimodal and hybrid 
architectures.

The investigation incorporates a review of the software and 
hardware ecosystems supporting generative AI, from integration 
into consumer-grade devices to deployment on high-performance 
cloud infrastructure. Scalability, accessibility, and usability are 
compared, with a focus on the benefits of local execution such as 
enhanced privacy, intellectual property protection, and resistance 
to censorship or rate limits.

Finally, the methodology embeds an ethical evaluation of 
generative AI deployment. Issues such as data privacy, model 
bias, misinformation, and misuse (including deepfakes and 
synthetic media) are addressed, alongside proposed guidelines 
for responsible innovation. This ensures that technical performance 
assessments are complemented by societal impact considerations.

The combined experimental and analytical processes yield 
insights into the synergy between vision, language, and robotics, 
illustrating their collective role in expanding the capabilities of 
AI systems. The findings also inform projections for future model 
development, offering recommendations to address emerging 
challenges in this rapidly advancing field.

3. Background Research and Available Knowledge

Generative Artificial Intelligence (generative AI or GenAI) 
describes AI systems capable of creating original content 
such as text, images, audio, video, or other forms of media by 
leveraging generative models trained on large datasets. These 
models capture patterns, structures, and semantic relationships 
within the training data, enabling them to produce new outputs 
with similar characteristics. The early 2020s marked a significant 
leap in this field, driven by advances in transformer-based deep 
neural networks. These breakthroughs facilitated the emergence 
of systems capable of responding to natural language prompts, 
including large language model (LLM) chatbots and text-to-
image synthesis tools (Akhtar, 2024; Akhtar, 2025; Akhtar and 
Rawol, 2025).

Generative AI has found widespread application across 
numerous sectors, from creative domains like art, literature, and 
screenwriting to technical areas such as software engineering, 
healthcare diagnostics, financial forecasting, gaming, marketing, 
and fashion design. Substantial investments from major technology 
companies including Microsoft, Google, and Baidu alongside 
smaller innovators, reflect the technology’s growing strategic 
importance. At the same time, its rapid adoption has raised 
concerns over misuse, including the facilitation of cybercrime, 
the spread of disinformation, and the creation of deepfake media 
(Akhtar and Rawol, 2025; Hamid, 2025; Jin, Yu and Grzybowski, 
2025; Tharayil, Krishnapriya and Alomari, 2025; Fahad et al., 
2025; Bewersdorff et al., 2025; Jacobs, 2025; Lee et al., 2025; 
Bravo et al., 2025; Parvin et al., 2025; Akhtar, 2025).

The conceptual roots of AI trace back to the mid-20th century, 
with the field formally established as an academic discipline in 
1956. Early notions of automated creativity date as far back as 
ancient Greece, evolving through mechanical and programmable 
automatons to today’s sophisticated generative systems (Fahad et 
al., 2025; Bewersdorff et al., 2025; Jacobs, 2025; Lee et al., 2025; 
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Bravo et al., 2025; Parvin et al., 2025; Akhtar, no date; Akhtar and 
Rozario, 2025; Akhtar, 2024; Ma et al., 2025; Hawthorne, 2025). 
Alan Turing’s seminal 1950 work posed foundational questions 
regarding machine intelligence, laying theoretical groundwork 
that continues to infl uence AI research. Over the decades, AI 
has experienced alternating waves of enthusiasm and challenge, 
leading to milestones such as early generative planning systems 
and, more recently, advanced generative models capable of highly 
complex, multimodal tasks (Nayak, 2025; Bland, 2025; Wu and 
He, 2025; Wang et al., 2025; Ullah et al., 2025; Hou et al., 2025; 
Ma et al., 2025; Yang et al., 2025; Areerob et al., 2025; Carvalhido, 
Cardoso and Cerqueira, 2025; Schouten et al., 2025).

Modern generative AI spans a broad range of modalities, including 
natural language, programming code, visual art, music, video 
production, molecular design, robotics, autonomous planning, 
and business analytics. While high-capacity LLMs such as GPT-
4 and PaLM are typically deployed on large-scale data center 
infrastructure, smaller models with fewer parameters can operate 
on personal computers, embedded systems, and smartphones. 
Generative AI capabilities are now embedded in diverse products, 
from conversational agents like ChatGPT to development tools 
such as GitHub Copilot, with many frameworks also released as 
open-source software (Hou et al., 2025; Ma et al., 2025; Yang et 
al., 2025; Areerob et al., 2025; Carvalhido, Cardoso and Cerqueira, 
2025; Schouten et al., 2025; Huang et al., 2025; Lu et al., 2025; 
Yuan, Li and Zhao, 2025; Ryu, Choi and Yoo, 2025; Yang et al., 
2025).

Running generative AI models locally provides key advantages, 
including improved privacy, protection of intellectual property, and 
freedom from external rate limits or content restrictions. However, 
resource-intensive models with hundreds of billions of parameters 
generally require cloud-based access due to their computational 
demands. Generative AI stands as both a transformative force 
across industries and a technology that raises critical challenges, 
underscoring the need for ongoing research into its ethical, social, 
and technical implications.

4. Experimental Designs & Simulations

The experimental component of this research is structured into 
two primary domains: the evaluation of PaLM-E for robotic 
applications and the investigation of Parameter-Effi  cient Fine-
Tuning (PEFT) strategies for Large Language Models (LLMs).

4.1. PaLM-E Robotic Evaluation

PaLM-E, developed by Google researchers, addresses one of the 
key challenges in robotics limited access to large-scale, high-
quality datasets by combining multimodal sensor inputs with 
advanced language modeling. Unlike earlier approaches, PaLM-E 
integrates data directly from robotic agents, including visual 
inputs, robot state information, and neural scene representations, 
alongside the capabilities of the PaLM language model. This 
fusion produces a powerful vision-language architecture capable 
of performing tasks across various robots and operational settings.

The model merges PaLM with ViT-22B, one of Google’s high-
performance vision transformers, enabling profi ciency in both 
visual interpretation and natural language reasoning. Its largest 
variant, PaLM-E-562B, surpasses prior models on the OK-VQA 
benchmark without task-specifi c fi ne-tuning, while preserving 
strong language capabilities. In its architecture, multimodal 
observations text, images, and state data are injected into a pre-
trained language model, which generates textual outputs in an auto-

regressive manner for decision-making or question answering.

A notable strength of PaLM-E lies in its ability to transfer 
knowledge gained from large-scale vision-language training into 
robotic tasks. This shared representational framework allows it to 
handle multiple, distinct objectives without loss of performance. 
Experiments are conducted to measure its adaptability, robustness 
under environmental perturbations, and effi  ciency in executing 
both familiar and novel robotic tasks. Figures 1, 2 provide 
conceptual illustrations of this integration.

4.2. PEFT Model Fine-Tuning Experiments

The second branch of experimentation examines PEFT 
methodologies, with a focus on optimizing LLMs for specialized 
applications while minimizing computational and memory costs. 
Several approaches are explored, including T-Few, AdaMix, and 
MEFT, leading to a detailed assessment of Low-Rank Adaptation 
(LoRA) and Quantized Low-Rank Adaptation (QLoRA).

LoRA introduces trainable low-rank matrices into each layer 
of a Transformer during fi ne-tuning, signifi cantly reducing the 
number of parameters that must be updated. This design minimizes 
storage demands and computational overhead while maintaining 
or enhancing model accuracy. The starting point preservation 
principle and the role of low-rank adapters in effi  cient task-
switching are analyzed, highlighting LoRA’s suitability for time-
sensitive or resource-constrained deployments.

Building upon LoRA, QLoRA integrates quantization to further 
improve parameter effi  ciency. Experimental trials employ NF4 
quantization and Double Quantization techniques, enabling large-
scale models to be fi ne-tuned on limited hardware resources 
without sacrifi cing performance. Memory footprint reduction, 
scalability across diff erent LLM architectures, and applicability 
to real-world tasks are assessed in detail.

4.3. Simulation and Evaluation Process

Step-by-step simulation workfl ows are designed to evaluate the 
adaptation of pre-trained models to targeted tasks. For PaLM-E, 
robotic simulation environments are confi gured to replicate realistic 
operational conditions, with varied task complexity and dynamic 
changes to test generalization capabilities. For PEFT techniques, 
controlled fi ne-tuning sessions are run across multiple datasets, 
enabling comparative analysis of performance metrics, parameter 
savings, and resource utilization. The combined experimentation 
provides a comprehensive understanding of PaLM-E’s role in 
robotic intelligence and the effi  ciency gains achievable through 
PEFT methods such as LoRA and QLoRA. The fi ndings off er 
practical guidance for researchers and practitioners aiming to 
deploy high-performance models under real-world computational 
constraints.

Figure 1. PaLM-E An Embodied Multimodal Language Model in action 1
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5. GAI: A Deep Dive 

Generative Artificial Intelligence (GAI) refers to a class of AI 
algorithms capable of producing a wide variety of content, 
including text, images, audio, code, simulations, and videos.

Recent advances have demonstrated the transformative potential 
of this technology in creative and professional domains. Among 
the most prominent examples is ChatGPT, developed by OpenAI, 
which functions as a versatile conversational agent capable of 
answering diverse questions and generating contextually relevant 
outputs. Upon its public release in November 2022, the tool 
achieved rapid adoption, amassing over one million users within 
just five days.

ChatGPT’s versatility extends to generating computer code, essays, 
poetry, and more, illustrating its adaptability across both technical 
and creative tasks. Despite ongoing debates and concerns about 
AI’s societal impact, tools like ChatGPT and image-generation 
systems such as DALL·E have the potential to reshape industries 
ranging from design and content creation to education and software 
development. However, the scale of its influence on employment, 
productivity, and workflows remains uncertain, underscoring the 
dual nature of the opportunities and challenges it presents.

To place GAI in context, it is important to distinguish it from the 
broader fields of Artificial Intelligence (AI) and Machine Learning 
(ML). AI broadly refers to systems designed to mimic human 
intelligence, while ML is a subset that enables models to learn 
patterns from data without explicit rule-based programming. GAI 
represents a specific advancement within ML, in which models do 
not simply classify existing data but can generate novel content on 
demand. Text-based GAI systems like ChatGPT are often trained 
through self-supervised learning, where vast volumes of text are 
used to predict subsequent words in a sequence. While ChatGPT 
has brought global attention to this capability, it follows a lineage 
of influential predecessors such as GPT-3 and BERT, both of which 
significantly advanced natural language processing.

The evolution from traditional supervised learning to self-
supervised learning has played a crucial role in enhancing 
model quality and versatility. Building GAI models is resource-
intensive, requiring substantial computational power, expertise, 
and data resources typically concentrated within large technology 
companies such as OpenAI, DeepMind, and Meta. For instance, 
GPT-3’s training involved roughly 45 terabytes of text data, 
reflecting the scale of investment necessary to achieve such 
capabilities.

The outputs of GAI models can closely resemble human-created 
work, spanning essays, programming scripts, visual art, music, and 
multimedia content. Their quality depends heavily on the breadth 
and relevance of the training data, as well as alignment with the 
intended application. The combination of pattern recognition and 
controlled randomness in these models allows them to produce 
varied and often creative results. This flexibility has made GAI 
valuable in industries such as information technology, marketing, 
and healthcare, where it can automate tasks like drafting technical 
documents, refining source code, or producing tailored marketing 
content.

Nevertheless, these systems carry inherent risks. While outputs 
may appear convincing, they can also contain factual inaccuracies, 
exhibit bias, or generate inappropriate material. Such flaws may 
lead to reputational damage or legal complications. Mitigation 

strategies include curating high-quality training data, developing 
smaller domain-specific models to limit scope, and employing 
human oversight to review outputs prior to deployment.

Given the relatively recent emergence of large-scale GAI, its long-
term societal, ethical, and regulatory implications are still evolving. 
Organizations implementing these tools must monitor emerging 
legislation, ethical guidelines, and technological safeguards 
to ensure responsible adoption. Ultimately, while GAI offers 
extraordinary potential to enhance productivity and creativity, 
realizing these benefits responsibly will require deliberate, well-
informed, and ongoing management of associated risks.

6. GAI: A Techspertive Retrospect

Generative Artificial Intelligence (GAI), often associated with 
large language models (LLMs), represents a specialized branch 
of machine learning designed to produce coherent, human-like 
language. One recent example is Bard, an experimental platform 
enabling users to collaborate with generative AI driven by an 
advanced LLM.

To appreciate GAI’s significance, it helps to frame it within the 
broader scope of artificial intelligence. Much of today’s AI takes 
the form of machine learning, where systems typically neural 
networks acquire skills by analyzing vast datasets. These networks 
can perform diverse tasks, such as identifying objects in images or 
predicting the next word in a sentence. Language models, a distinct 
type of neural network, are refined through large-scale training 
and evaluated through rigorous testing. By learning patterns from 
extensive textual input, these models can anticipate subsequent 
words with increasing sophistication as their training data grows.

Practical applications of language models are already embedded 
in everyday tools Google’s Smart Compose and Smart Reply in 
Gmail being prime examples and also serve as the foundation for 
Bard. What makes GAI unique is its ability to generate entirely 
new material rather than simply replicating learned examples. 
LLMs, as a subset of GAI, can construct original combinations 
of words that read as naturally as human writing. The scope of 
GAI extends beyond text, encompassing capabilities to create 
images, audio, and even video content. The influence of such 
technology on creative disciplines is profound. Its introduction 
has been likened to the arrival of the drum machine in music an 
innovation that altered the creative landscape without replacing 
human artistry. By automating repetitive or labor-intensive tasks, 
GAI can free creators to focus on high-level, imaginative work 
while serving as a catalyst for new forms of expression.

However, the technology also presents challenges. In educational 
settings, for example, it may prompt debates over how learning 
achievements are assessed. This underscores the importance 
of responsible development. Companies such as Google have 
articulated AI Principles and built internal oversight structures 
aimed at minimizing harm, mitigating bias, and reducing toxic 
outputs.

Looking forward, the outlook for GAI remains optimistic. When 
deployed thoughtfully, it has the potential to reshape creative 
workflows, enhance productivity, and inspire novel approaches 
to problem-solving. Rather than replacing human ingenuity, GAI 
can amplify it empowering individuals to explore uncharted ideas 
and tackle emerging challenges with fresh insight.

7. Case Studies Analysis: Machine Learning Mysteries



                                                    Page 5/10

Journal of Artificial Intelligence and AI Ethics

A recent collaborative study conducted by researchers from 
MIT, Google Research, and Stanford University delves into 
the phenomenon of in-context learning within large language 
models (LLMs) such as OpenAI’s GPT-3 and GPT-4. In-context 
learning describes the remarkable ability of a model to perform 
unfamiliar tasks after being shown only a handful of examples 
without undergoing additional training on new datasets.

The investigation centered on theoretical models resembling 
today’s LLMs, with the goal of uncovering how they acquire 
capabilities without parameter updates. The researchers propose 
that within the vast architecture of transformer-based networks like 
GPT-3, there may exist smaller, more specialized linear models. 
These embedded models could be “trained” on-the-fly using 
simple learning strategies, all while leaving the main network’s 
parameters untouched. By studying a transformer designed 
specifically for in-context learning, the team discovered that such 
a system can effectively “encode” a linear model into its hidden 
states. Interestingly, this process occurs in the earliest layers of 
the network. Once in place, the larger model can run and refine 
the smaller one using contextual information already available, 
allowing it to handle new tasks dynamically.

The lead authors highlight the efficiency of this approach, noting 
that it sidesteps the need for complex re-engineering or exhaustive 
domain-specific data gathering. They argue that in-context learners 
may not simply be recalling patterns from prior training but are 
instead demonstrating the capacity to genuinely learn new skills 
from limited examples. These findings challenge the notion that 
LLMs merely memorize their training data. Instead, the research 
positions in-context learning as a powerful capability one that 
could inform the design of more resource-efficient AI systems 
capable of adapting to novel problems without costly retraining 
cycles. As such, this work advances our understanding of modern 
LLMs and their potential for tackling increasingly sophisticated 
machine learning challenges.

8. GAI: Creativity Perspectives

From a creative work standpoint, generative AI particularly 
large language and image-based foundation models has begun 
reshaping the way content is produced, refined, and distributed 
across industries. These models open possibilities for automating 
content creation, enhancing quality, diversifying formats, and 
tailoring outputs to specific audiences or domains. State-of-the-
art systems such as OpenAI’s GPT-3 and GPT-4 are capable of 
generating an extensive range of outputs, including written text, 
imagery, and even video. Their development requires immense 
datasets and substantial computational resources; however, 
once trained, they can be adapted for specialized use cases 
with comparatively modest datasets. This adaptive capability 
underscores the continued importance of human participation not 
only in designing effective prompts but also in critically reviewing 
and refining AI-generated material.

Marketing and brand communications have emerged as early 
beneficiaries of generative AI integration. Tools such as Jasper, 
a GPT-3–powered platform tailored for marketing, can produce 
blog articles, social media content, and other audience-focused 
materials. In advertising, image-generation models like DALL·E 
2 have already been leveraged by brands such as Heinz and Nestlé 
to produce creative, visually distinctive campaigns. Similarly, 
in software development, GPT-3’s Codex has demonstrated 
the ability to translate natural language instructions into code 
snippets. Experiments by Deloitte have reported productivity 
gains of around 20% in coding tasks when using Codex, indicating 

significant potential for accelerating development workflows.

Conversational AI is another domain experiencing improvement 
through generative models. By enhancing context awareness and 
dialogue coherence, these systems can serve as more effective 
chatbots and virtual assistants. Nonetheless, persistent challenges 
such as mitigating biased outputs or harmful language remain, 
requiring ongoing refinements in content filtering and model 
governance.

Generative AI also holds promise in organizational knowledge 
management. For example, Morgan Stanley is collaborating with 
OpenAI to fine-tune GPT-3 and GPT-4 for delivering specialized 
insights in wealth management. Such targeted applications 
highlight the potential of these systems to act as sophisticated 
knowledge repositories when trained on domain-specific data.

However, with these opportunities come complex ethical and 
legal considerations. The proliferation of deepfake content, 
uncertainties surrounding content ownership, and debates over 
intellectual property rights underscore the need for proactive 
policy development. As generative AI matures, its capacity to 
create diverse forms of media including articles, emails, imagery, 
and code may become a routine aspect of professional and creative 
workflows.

While these advancements suggest significant transformations 
ahead, the broader societal and creative implications remain 
dynamic and, in some cases, unpredictable. From a personal 
standpoint, the evolution of generative AI is poised not only to 
enhance existing creative processes but also to introduce entirely 
new paradigms of knowledge work bringing with it both exciting 
opportunities and novel challenges.

9. GAI: Accountability, Ethics, Trust, Public Interests, 
Proactive Managements

The evolving influence of generative AI within artificial 
intelligence signals its potential to transform numerous aspects 
of professional and personal life. Unlike traditional AI systems, 
generative AI particularly large language models can respond to 
prompts in natural language with outputs that closely resemble 
human expression, making the technology accessible even to 
individuals without deep technical expertise.

In enterprise settings, interest in leveraging generative AI 
continues to grow, yet this expansion brings heightened attention 
to ethical, trust, and governance concerns. A critical question 
emerges: can business users confidently rely on AI-generated 
outputs? Addressing this requires a clear understanding of 
the risks, including the possibility of inaccurate or fabricated 
(“hallucinated”) content, which may undermine decision-making. 
Biases embedded in training data can further distort outputs, 
raising the risk that users might place undue trust in results that 
are incomplete, misleading, or incorrect.

Attribution presents another pressing issue. Since generative AI 
outputs can mirror patterns in their training data, there is a potential 
for plagiarism and intellectual property infringement. Balancing 
accurate attribution with necessary human oversight becomes a 
legal, ethical, and reputational challenge for organizations.

Transparency and explainability are essential to mitigating these 
risks. Because many end-users lack technical expertise, there is 
a need for clear, accessible explanations of how generative AI 
systems function, coupled with organization-wide AI literacy 
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initiatives. This fosters better risk awareness and equips users to 
critically evaluate AI-generated content.

Accountability remains a core pillar in this discussion. Establishing 
robust oversight mechanisms ensures that responsibility for 
generative AI outputs can be traced back to both the system’s 
creators and the enterprise deploying it. Maintaining human 
involvement in critical review processes safeguards against over-
reliance on automated outputs, reinforcing the importance of 
human judgment, contextual awareness, and ethical scrutiny.

Ultimately, eff ective governance of generative AI requires proactive 
strategies that integrate trust, transparency, and accountability into 
every stage of deployment. This includes implementing ethical 
guidelines, ensuring rigorous oversight, and fostering a culture 
of informed use linking AI-generated outcomes directly to the 
stakeholders responsible for them in the broader, rapidly evolving 
AI landscape.

10. GAI: Challenges & Future Directions

The ongoing enthusiasm surrounding generative AI often 
overshadows the reality that its greatest value lies in targeted, 
domain-specifi c applications rather than as an all-encompassing 
solution. While tools such as ChatGPT have captured global 
attention, their most meaningful impact will likely emerge in 
specialized contexts, where they can deliver unique ways of 
accessing and interpreting highly specifi c information.

Recent developments, such as the creation of ChatGPT plugins 
by various companies, illustrate this shift. A general-purpose 
chatbot may not excel in every task, but when applied to focused 
areas such as travel planning for platforms like Expedia it can 
provide a competitive advantage in industries where information 
discovery is central. This raises questions about whether generative 
AI will disrupt major players like Google or instead represent 
an “iPhone moment” that subtly reshapes user expectations and 
behaviors. A likely future involves organizations deploying large 
language model (LLM)-powered tools that learn from their own 
data and services, fueling the fi rst wave of business transformation. 
OpenAI’s move to open a waiting list for companies to access 
ChatGPT plugins signals recognition of the technology’s 
commercial potential. This points to a near-term proliferation of 
products and interfaces underpinned by generative AI capabilities.

It is important, however, to acknowledge that OpenAI is not the 
sole gatekeeper of this technology, nor is ChatGPT the only option 
available. A growing ecosystem includes open-source and self-
hosted LLMs, which allow enterprises to integrate AI directly with 
proprietary data while maintaining privacy and control.

Another notable trend is the shift toward domain-specifi c language 
models. By fi ne-tuning general-purpose LLMs on targeted datasets, 
organizations can create powerful, specialized information 
retrieval tools. Potential use cases range from managing product 
catalogs to enhancing internal knowledge systems demonstrating 
that generative AI’s most practical applications may be highly 
tailored rather than universally broad.

From this perspective, the future of AI appears less intimidating 
and more functional. As generative AI becomes embedded in 
specifi c domains, it will shed its image as an all-knowing entity 
and instead be recognized as a context-aware assistant.

GitHub Copilot exemplifi es this transition serving as a problem-

solving aid for developers, grounded in their existing expertise 
and workfl ows. True success for generative AI will come when 
it is seamlessly integrated into specialized environments, with its 
limitations understood and its strengths applied pragmatically.

11. Results and Findings

PaLM-E, Google’s embodied multimodal language model, 
demonstrates outstanding performance across diverse robotic 
settings and vision–language benchmarks. Its evaluation spanned 
three distinct robotic scenarios each incorporating real-world robots 
and encompassed tasks such as visual question answering (VQA), 
image captioning, and general natural language understanding.

When integrated into a robotic control system, PaLM-E operates 
in tandem with a low-level language-to-action policy that converts 
textual instructions into executable robot actions. In a kitchen 
environment, for instance, the model successfully directed a 
mobile robot to locate and retrieve a bag of chips, maintaining 
robustness even when the object was intentionally returned to 
its drawer mid-task. In another case, the model responded to the 
instruction to fetch an unfamiliar green block by generating a 
plan that extended beyond the robot’s prior training experience.

In a separate tabletop robotic setup, PaLM-E handled complex, 
long-horizon tasks such as sorting colored blocks into designated 
corners by analyzing visual inputs and producing detailed 
sequences of text-based actions. This capability surpassed that 
of earlier models, especially in multi-step precision tasks. Notably, 
the model exhibited zero-shot generalization, as demonstrated by 
successfully pushing red blocks toward a coff ee cup despite the 
absence of prior training on that exact task.

A third evaluation environment, inspired by task and motion 
planning (TAMP), tested PaLM-E’s ability to address 
combinatorially complex planning challenges. By leveraging 
visual–language knowledge transfer and incorporating a relatively 
small amount of expert TAMP planner data, the model delivered 
eff ective and generalizable solutions.

From a benchmarking standpoint, PaLM-E also proved competitive 
with leading vision–language-only architectures. It achieved a 
state-of-the-art score on the demanding OK-VQA dataset without 
the need for task-specifi c fi ne-tuning. The largest variant, PaLM-
E-562B, demonstrated exceptional visual comprehension and 
extensive world knowledge.
Among its most advanced features are visual chain-of-thought 
reasoning and multi-image inference enabling it to decompose 
problem-solving into sequential reasoning steps and to synthesize 
information from multiple images, even though it was originally 
trained using single-image prompts. Figures 3, 4, 5 and Table 1 
illustrate these capabilities in greater detail, off ering visual insight 
into the model’s reasoning and task execution processes.

Figure 3. PaLM-E Robotic Environmental Performing Actions
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Figure 4. An overview visualization for PaLM-E Performing Actions

Figure 5. The Experimental Simulation Processing

TABLE 1. PaLM-E Robotic Environmental Performing Actions 
Evaluations

Evaluation 
Setting

Task(s) Key 
Capability

Notable Outcomes

Kitchen 
Robot 
Environment

Object 
retrieval (e.g., 
bag of chips)

Robust object 
recognition & 
action execu-
tion

Successfully 
retrieved object 
despite interruptions 
(object returned to 
drawer mid-task)

Kitchen 
Robot 
Environment

Retrieval of 
unseen objects 
(e.g., green 
block)

Generalization 
beyond train-
ing data

Generated a viable 
action plan for unfa-
miliar objects

Tabletop 
Robot 
Environment

Sorting blocks 
by color 
into specifi c 
corners

Long-horizon 
task planning 
& precision

Produced accurate, 
sequential text-
based actions for 
multi-step tasks

Tabletop 
Robot 
Environment

Zero-shot task 
execution 
(e.g., pushing 
red blocks to a 
coff ee cup)

Zero-shot gen-
eralization

Adapted to novel 
instructions without 
prior training

TAMP-In-
spired Robot 
Environment

Complex 
combinatorial 
planning tasks

Knowledge 
transfer from 
visual–lan-
guage models

Solved planning 
problems using lim-
ited expert TAMP 
data

Benchmark 
Evaluation 
(OK-VQA)

Visual ques-
tion answering

State-of-the-
art vision–
language 
integration

Achieved highest 
reported score with-
out task-specifi c 
fi ne-tuning

General Mod-
el Capabilities

Multi-image 
inference

Cross-image 
reasoning

Integrated informa-
tion from multiple 
images despite sin-
gle-image training

General Mod-
el Capabilities

Visual chain-
of-thought 
reasoning

Step-by-step 
inference

Decomposed prob-
lem-solving into 
logical reasoning 
stages

12. Discussions and Future Directions

In addressing the evolving landscape of Parameter-Effi  cient Fine-
Tuning (PEFT), several key questions emerge, off ering clarity on 
its goals, mechanisms, and potential impact in the fi eld of Natural 
Language Processing (NLP).

Q1. What is the primary objective of parameter-effi  cient fi ne-
tuning?

The central aim of PEFT is to adapt pre-trained language models 
for specifi c downstream tasks while signifi cantly reducing the 
computational and memory demands compared to conventional 
full-parameter fi ne-tuning. This approach enables scalability, 
making advanced models more accessible for a wider range of 
applications and research environments.

Q2. How does Quantized Low-Rank Adaptation (QLoRA) 
improve parameter effi  ciency?

QLoRA integrates quantization into the low-rank adaptation 
process, allowing model weights to be represented in lower 
precision formats. This integration preserves model performance 
while drastically improving memory effi  ciency, eliminating 
the need for more complex or resource-intensive quantization 
strategies.

Q3. What are the main advantages of Low-Rank Adaptation 
(LoRA)?

LoRA off ers several benefi ts:

• Reduced parameter overhead, requiring only a small fraction 
of trainable parameters.

• Effi  cient task-switching, enabling rapid adaptation to multiple 
tasks without retraining the entire model.

• Minimal impact on inference latency, preserving deployment 
effi  ciency. These strengths make LoRA an attractive solution 
for a broad range of NLP applications.

Q4. How can researchers benefi t from PEFT techniques?

PEFT techniques empower researchers to fi ne-tune large-
scale language models on task-specifi c datasets using limited 
computational resources. This facilitates experimentation with 
complex architectures without prohibitive hardware requirements, 
thus accelerating innovation and broadening participation in 
cutting-edge NLP research.

Q5. Which models can benefi t from QLoRA?

QLoRA’s versatility extends to a variety of architectures, including 
RoBERTa, DeBERTa, GPT-2, and GPT-3. This adaptability 
ensures that a diverse range of pre-trained models can be optimized 
effi  ciently for diff erent application domains.
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Future Directions

The continued refinement of PEFT methods, including LoRA 
and QLoRA, is likely to focus on further reducing resource 
requirements while enhancing generalization capabilities. 
Integration with emerging training paradigms, such as self-
supervised and multimodal learning, presents promising avenues 
for extending their applicability beyond NLP into areas such 
as computer vision, robotics, and domain-specific AI systems. 
Additionally, community-driven development of open-source 
PEFT implementations will play a pivotal role in democratizing 
access to these techniques, ensuring their benefits are broadly 
realized across both academia and industry.

13. Conclusions

This study highlights PaLM-E as a landmark step toward unifying 
vision, language, and robotics within a single, generally capable 
model. By leveraging knowledge transfer between vision–
language systems and robotic control, PaLM-E demonstrates 
the feasibility of addressing diverse tasks traditionally treated as 
separate domains.

The model’s ability to integrate multimodal inputs, maintain 
language proficiency at scale, and adapt to complex, long-horizon 
robotic scenarios underscore its potential as a foundation for future 
multimodal AI systems.

In parallel, the exploration of Parameter-Efficient Fine-Tuning 
(PEFT) methods, particularly Low-Rank Adaptation (LoRA) 
and Quantized Low-Rank Adaptation (QLoRA), offers practical 
solutions to the computational and memory constraints that hinder 
the deployment of large language models (LLMs). 

These approaches reduce the number of trainable parameters and 
memory footprint while preserving, and in some cases enhancing, 
task performance. Their adaptability across architectures such as 
RoBERTa, DeBERTa, GPT-2, and GPT-3 reinforces their utility 
in diverse NLP contexts.

The combined insights from PaLM-E’s multimodal integration and 
the efficiency gains from PEFT techniques point toward a future 
where advanced AI models can be trained, adapted, and deployed 
at scale without prohibitive resource demands. 

Such advancements promise to accelerate real-world adoption 
across sectors including robotics, healthcare, accessibility, and 
human–computer interaction. As research in these areas progresses, 
continued refinement of both multimodal model architectures and 
fine-tuning strategies will be pivotal in shaping the next generation 
of capable, resource-efficient AI systems.
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