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Abstract

This paper gives a general discussion of recent
advances in artificial intelligence generative
models and their applications, future
perspectives and limitations. The history pf Al
and the development of the paradigms of
automatic learning and deep learning through the
development of powerful basic models such as
large Language models, diffusion models and
multi model’s systems. These technologies have
demonstrated high potential in other fields for
example health, education, engineering,
software, industries, and scientific research. The
drawbacks of these models are such as
hallucinations, threats to privacy, biases interpret
ability and high computational costs that make
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Resumo

Este artigo apresenta uma discussdo geral sobre
0s avangos recentes nos modelos generativos de
inteligéncia artificial e suas aplicagoes,
perspectivas futuras e limitagoes. A historia da
I4 e o desenvolvimento dos paradigmas de
aprendizado  automdtico e  aprendizado
profundo, por meio do desenvolvimento de
modelos basicos poderosos, como grandes
modelos de linguagem, modelos de difusdo e
sistemas multimodais. Essas tecnologias tém
demonstrado alto potencial em outros campos,
como saude, educagdo, engenharia, software,
industrias e pesquisa cientifica. As desvantagens
desses modelos incluem alucinagoes, ameacas a
privacidade, vieses de interpretabilidade e altos
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them difficult to use widely. In this article, it is
critically examining these limitations and more
generally the ethical, social issues, legal and
emphasises the imperative of responsible
practices in Al for good governance and human
regulation. Besides this study proposes a
conceptual framework that involves Al
innovation model architecture, risks, application
domains and future research. It also identifies the
most important trends in the part such as
development of trustworthy and interpretable Al
energy saving systems domains specific models
and assessment procedures. Comprehensively
this article offers an overview of the field of
generative Al and presents valuable information
on how to create reliable sustainable and human
centered Al systems.

Keywords: Artificial Intelligence. Generative
Al. Foundation Models. Large Language
Models. Diffusion Models. Multimodal Al
Responsible Al.  Explainable Al Future
Research.

1 INTRODUCTION

ADVANCED ARTIFICIAL INTELLIGENCE AND GENERATIVE MODELS: INNOVATIONS, APPLICATIONS, AND FUTURE RESEARCH DIRECTIONS

custos computacionais, o que dificulta sua
ampla utilizagdo. Neste artigo, examinam-se
criticamente essas limitag¢oes e, de forma mais
geral, as questoes éticas, sociais e legais,
enfatizando a necessidade de praticas
responsaveis em 14 para uma boa governanga e
regulamenta¢do humana. Além disso, este
estudo propde uma estrutura conceitual que
envolve a arquitetura do modelo de inovagdo em
14, riscos, dominios de aplicag¢do e pesquisas
futuras. Ele também identifica as tendéncias
mais importantes na drea, tais como o
desenvolvimento de IA confiavel e interpretavel,
sistemas de economia de energia, modelos
especificos para cada dominio e procedimentos
de avaliagdo. De forma abrangente, este artigo
oferece uma visdo geral do campo da IA
generativa e apresenta informagdes valiosas
sobre como criar sistemas de IA confidveis,
sustentaveis e centrados no ser humano.

Palavras-chave: Inteligéncia Artificial. 1A
Generativa. Modelos de Base. Modelos de
Linguagem de Grande Porte. Modelos de
Difusdo. IA Multimodal. IA Responsavel. 1A
Explicavel. Pesquisas Futuras.

The evolution of Artificial Intelligence (Al) over the last few decades has seen a
shift from symbolic, rule-based systems to data-driven, learning-based approaches
(Mishra et al., 2025). In the mid-20th century, the initial Al systems were primarily based
on rule-based programming and reasoning, which were not scalable or flexible in dealing
with complex domains (Mundlamuri et al., 2025). Machine learning (ML) brought this
paradigm change by allowing systems to learn patterns through data instead of explicit
programming (Razzaq et al., 2025). Thereafter, the rise of deep learning, using multi-
layered neural networks, has helped revolutionise the field, especially in computer vision,
speech recognition, and natural language processing This evolution has been driven by a
rapid increase in computational resources, access to large amounts of data, and
improvements in optimisation algorithms (Torfi et al., 2020).

Generative models have experienced a booming growth in the field over the last

few years, and they constitute a paradigm shift to the classical discriminative models
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(Chakraborty et a., 2024). Where traditional models are trained to classify or predict,
generative models seek to capture the distribution of the data and generate new data
samples (Abukmeil et al.,, 2021). Original generative models like Variational
Autoencoders (VAEs) and Generative Adversarial Networks (GANs) have shown to
generate realistic images and embeddings (Akkem et al., 2024). In recent years,
transformers and diffusion models have pushed the boundaries of generative Al, allowing
the generation of text, high resolution images, audio, video, and even scientific data. This
has elevated generative Al to a cornerstone of contemporary Al research and practice
(Bengesi et al., 2024).

One of the major factors that contributed to this change is the creation of
foundation models and large language models (LLMs) (Chen et al., 2024). Foundation
models are large pretrained models that are trained on large and diverse data, to be used
for a variety of downstream tasks (Awais et al., 2025). LLMs, for instance, have shown
impressive capabilities in language understanding and reasoning, code generation and
conversational Al. Their transferability across tasks, together with approaches like fine-
tuning and prompt engineering, has led to a higher degree of adaptability and scalability
in Al applications. Additionally, their multimodal capabilities, which integrate text,
vision and audio has broadened their application. Consequently, foundation models are
increasingly seen as a unifying approach to building general Al systems (Karanikolas e?
al. 2023).

In spite of these developments, there are a number of serious issues, which indicate
a significant research gap. The major problems with current generative models include
hallucination, where the output can seem realistic but not factual; bias and fairness issues,
which are caused by unbalanced or nonrepresentative training data; and lack of
interpretability, which hinders adoption and use in high-stakes settings (Afreen et al.,
2025). Moreover, because of the computational and environmental costs of training large-
scale models, sustainability is also a concern (Wu et al., 2022). Their deployment is
complicated by legal and ethical concerns, such as the privacy of data, intellectual
property, and misuse (e.g., deepfakes and misinformation). Such constraints highlight the
importance of the in-depth knowledge of the potentials and dangers of advanced

generative Al systems (Shafik et al., 2025).
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In this regard, the main aim of this paper is to carry out a systematic and
comprehensive review of the latest innovations in artificial intelligence and generative
models, their main applications, and the new direction of research. In particular, this paper
focuses on: (i) discussing the history and taxonomy of generative models; (ii) analysing
recent technical developments, like foundation models, multimodal systems, and agent-
based Al; (iii) discussing the various real-world applications of generative models in
fields such as healthcare, education, and scientific research; (iv) identifying important
challenges and ethical concerns; and (v) suggested future research directions to create
reliable,

First, it gives a coherent and organized overview of generative Al, combining the
viewpoints of various model families and research directions. Second, it provides a
detailed discussion of the most recent innovations, such as large language models,
diffusion models, and multimodal architectures. Third, it offers a more detailed
interpretation of applications and impact, with opportunities and limitations in different
sectors. Fourth, it outlines key challenges and open research concerns, especially in the
aspects of reliability, ethics, and scalability. Lastly, the article suggests a conceptual
framework and research agenda in future studies that would inform the creation of next-

generation generative Al systems.
2 THEORETICAL BACKGROUND
2.1 Artificial Intelligence and machine learning

Artificial Intelligence (Al) is the creation of computation systems that can execute
functions normally performed by human intelligence, reasoning, perception, learning, and
decision-making (Korteling et a/.,2021). In the context of Al, a prominent paradigm has
already become machine learning (ML), which allows systems to learn patterns and make
predictions directly based on data. ML algorithms can be divided into supervised learning,
unsupervised learning, semi-supervised learning and reinforcement learning (Sarker et
al., 2021). Supervised learning uses labeled data to learn inputoutput mappings, and

unsupervised learning uncovers hidden structure in unlabeled data. Reinforcement
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learning, in its turn, deals with learning the best policies via the interaction with an
environment (Yan et al., 2022).

Machine learning is effective because it can be used to generalize training data to
new situations (Zhang et al., 2021). Conventional ML algorithms, including decision
trees, support vector machines, and linear models, have been very successful in structured
data environments (Tanveer et al., 2023). But they tend to work poorly with high-
dimensional, unstructured data like images, audio, and natural language. The limitation
has prompted the emergence of deep learning methods, which can automatically learn

hierarchical features representations.
2.2 Deep learning foundations

Deep learning is a branch of machine learning and it is founded on the multilayer
artificial neural network which is capable of modeling non-linear and complex
relationships. These networks are based on the structure and workings of the human brain,
as the neuron networks process and communicate information (Ahmed et al., 2023).
Feedforward neural networks, convolutional neural networks (CNNs), recurring neural
networks (RNNs), and most recently, transformers are key architectures in deep learning.

CNNs have shown great success in computer vision problems because they are
able to extract spatial hierarchies in data, whereas RNNs and their derivatives (e.g., LSTM
and GRU) have been extensively applied to sequential data processing (Bhatt et al.,
2021). But the transformer architecture has transformed deep learning, particularly
natural language processing. Transformers are based on self-attention to capture long-
range dependencies, which provides parallel and better scalability than recurrent models
(Huang et al., 2023).

The three factors that have a close relation with the success of deep learning
include: (1) large-scale datasets, (i1) improvements in computational hardware like GPUs
and TPUs, and (iii) better training methods like optimization algorithms and
regularization methods. Such developments have made it possible to train larger and more

complicated models and have led to the current generative Al systems (Shen et al., 2024).
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2.3 Generative modeling

Generative modeling is concerned with training the probability distribution of data
to produce new samples similar to the original data (Ruthotto et al., 2021).
Mathematically, a generative model, based on data X, tries to learn the distribution P(X)
or the conditional distribution P(X|Z), where Z are latent variables. This is opposite to
discriminative models, which are learned to predict tasks based on decision boundaries
or conditional probability P(Y|X) (Abukmeil et al., 2021).

There are various categories of generative models suggested in the literature.
Variational Autoencoders (VAEs) are probabilistic encoders and decoders that learn
latent representations to facilitate controlled data-generation (Girin et al.,2022).
Generative Adversarial Networks (GANs) are two components: a generator and a
discriminator, which are trained to play a minimax game, generating highly real synthetic
data (Mohebbi Moghaddamet al., 2023). More recently, diffusion models have become
popular, with the data generation process being represented as a sequence of denoising
steps, and reaching state-of-the-art performance in image and video synthesis (Xingef al.,
2024).

Simultaneously, parallel versions, especially transformer-based ones, have shown
outstanding performance in sequence generation tasks (Katharopoulos et al., 2020).
These models produce data tokens one at a time and they encode the intricate relationships
in the data. Combining these strategies has greatly broadened the capabilities of
generative modelling, allowing it to be used in text, images, audio, and multimodal

information (Spathis et a/.,2024).
2.4 Foundation models and scaling laws

Foundation models represent a paradigm shift in Al, where large models are
pretrained with massive and diverse data sets and then adapted to a wide range of tasks
(Chen et al., 2024). Unlike traditional task-specific models, foundation models provide a
general backbone that can be fine-tuned or prompted for a variety of tasks, including
language comprehension, image generation, and multi-modality reasoning (Sun et al.,

2025).
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One of the reasons for the success of foundation models is scaling laws, which
describe the improvement in model performance as a function of model size, data size
and computing power in a predictable way (Subramanian et al., 2023). In practice, it has
been found that larger models trained with more data are more likely to achieve better
performance and to acquire new skills, also referred to as emergent skills (Berti ef al,
2025).

Moreover, recent studies highlight the role of the lifecycle of foundation models,
which involves pretraining, fine-tuning, deployment, and ongoing adaptation (Schneider
et al., 2024). This lifecycle approach emphasises issues pertaining to data quality, model
alignment, model robustness, and ethics in the development process (Xuet al., 2025). As
the scaling has been leading to impressive advances, it has also raised issues of
computational cost, environmental footprint, and accessibility, and more efficient and
sustainable methods should be researched. The theoretical basis of modern generative Al
systems is foundation models, which are supported by scaling laws and lifecycle-based
development, providing a common language to further the development of artificial

intelligence in various fields (Pilotet al., 2025).
3 MAJOR CATEGORIES OF GENERATIVE MODELS

Generative models represent a basic type of machine learning methodology aimed
at training on the underlying data distribution and generating novel data samples, which
resemble the training data (Namiot et al., 2022). In the last ten years, deep learning has
seen swift progress which has resulted in the development of a few strong generative
modelling paradigms. The architectures, learning processes, and areas of application vary
between these models, but they all make up the foundations of modern generative
artificial intelligence systems (Regenwetteret al., 2022).

Recent surveys of research consistently point to Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs), autoregressive models, transformer-based
models, diffusion models, and multimodal generative systems as the main families that
are driving innovation in generative Al. All categories have distinct advantages in terms

of data fidelity, scalability, interpretability and versatility (Bengesi et al., 2024).
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Table 1

Comparison of Major Generative Models

Model Type Core Idea Strengths Limitations Typical
Applications
GANSs (Generative Generator vs High-quality Training Image synthesis,
Adversarial Discriminator image generation  instability, mode style transfer
Networks) (minimax game) collapse
VAEs (Variational  Probabilistic latent Stable training, Lower output Data
Autoencoders) representation interpretable latent quality than compression,
space GANs anomaly
detection
Autoregressive Predict next token  Strong sequential Slow generation  Text generation,
Models sequentially modelling speech
modelling
Transformers / Attention-based Scalability, High NLP, code
LLMs sequence generalization, computational generation,
modelling reasoning cost, chatbots
hallucination
Diffusion Models Iterative noise High-quality Slow inference Image/video
removal process images, stable generation
training
Multimodal Combine text, Cross-domain Complex training, Vision-language
Models image, audio reasoning alignment issues  tasks, assistants

3.1 Generative Adversarial Networks (GANSs)

One of the most significant advances in generative modelling is the introduction

of Generative Adversarial Networks (GANSs), which was introduced by Goodfellow et al.
(Goodfellow et al., 2020). GANs are composed of a generator and a discriminator that
are trained together in a minimax game. The goal of the generator is to generate realistic
synthetic data, and the discriminator is judged on whether a certain sample is a real or a
generated one (Jin ef al., 2020).

The training process of adversarial training allows GANs to produce outputs that
are very realistic, especially in image synthesis, video generation and style transfer. Such
variants as DCGAN, StyleGAN, and CycleGAN have provided a much better quality and
controllability of images. GANs are characterized by a number of challenges such as
training instability, mode collapse, and convergence challenges, which restrict their
applicability in some applications. Nevertheless, GANs are still popular in the creative

sector, data augmentation, and simulation tasks (Liu et al., 2021).
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3.2 Variational Autoencoders (VAEs)

Variational Autoencoders (VAEs) are probabilistic generative models that are
trained in an encoder-decoder framework to learn a latent representation of input data.
VAEs, unlike standard autoencoders, place a probabilistic model in the latent space, with
a normal distribution of the latent space, which is usually a Gaussian prior distribution
(Vishnu Shankar et al., 2025).

The encoder is used to decode the input into a latent distribution and the decoder
is used to decode the data based on the sampled latent variables. With this formulation,
VAEs can produce new data by sampling the latent space.

VAEs are especially appreciated due to their stable training program,
interpretability, and easy latent space, which would be appropriate in applications like
image creation, anomaly detection, and representation learning. Nevertheless, VAEs tend
to generate more blurry results than GANs and diffusion models, and this restricts their

applicability to high-fidelity generation tasks (Shrivastava et al., 2024).
3.3 Autoregressive models

Autoregressive models are used to produce data sequentially by modeling the
conditional probability of each element given the other elements. They formally consider
the joint distribution to be a product of conditional probabilities (Regis ef al., 2022).

These models have been very successful in fields like natural language processing,
speech synthesis, and forecasting time-series. Some of the most prominent include
PixelRNN, PixelCNN, and early language models like GPT and RNN-based models
(Liang et al., 2024).

The benefits of autoregressive models include the ability to estimate a likelihood
precisely, and the ability to train stably, although generation is slow since they are
sequential. This drawback is important when generating data of high dimensions, such as

images and videos.
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3.4 Transformer-based models

Models that are based on transformers signify a paradigm shift in generative Al,
with the introduction of the self-attention mechanism. Transformers are able to handle
long-range dependencies and process data in parallel unlike recurrent architectures (Luo
etal., 2023).

Large-scale transformer models, especially Large Language Models (LLMs) like
GPT, BERT (bidirectional), and their successors, have demonstrated impressive text-
generation, reasoning, and knowledge-representation abilities (Raiaan et al., 2024).

Transformers are also now extended to text to vision (Vision Transformers),
audio, and multimodal problems and are very versatile. They have such strengths as
scalability, contextual interpretation, and adaptability, but have enormous demands in

terms of computational resources and large-scale data sets (Khan ef al., 2022).

3.5 Diffusion models

In recent times, diffusion models have become one of the most popular generative
models, especially in image and video generation. These models work by gradually
introducing noise to data in a forward direction and learning to reverse the process to
create more samples (Xing et al., 2024).

The most important benefit of diffusion models is that they generate high-quality,
varied, and stable images, frequently being more visually faithful than GANs. Notable
examples are DDPM (Denoising Diffusion Probabilistic Models), Stable Diffusion and
DALL-E-type structures (Croitoru ef al.,2023).

Diffusion models are computationally costly and can be computationally
inefficient, despite their success, as they involve many iterative steps during generation.
Current studies are working on sampling faster and increasing scalability (Yang et al.,

2023).
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3.6 Multimodal generative models

Multimodal generative models build on the existing paradigms with the addition
of multiple modalities of data that include text, images, audio, and video and combine
them into a single system. These models seek to comprehend and produce content in
various modalities at the same time (Balkrishna Rasiklal ez al., 2024).

Most recent innovations feature models that can be trained to generate text-to-
image, image-to-text, video-to-text, and cross-modal retrieval, and are applicable to
virtual assistants, creative design environments, and human-computer interaction systems
(Zelaszezyk et al., 2024).

Multimodal models use architectures, including transformers and diffusion-based
models, typically with large-scale pretraining. They are very powerful but they present
the challenge of alignment, data heterogeneity, and the complexity of evaluation (Mai et
al., 2024).

The market of generative models is full of diverse models, each having its own
advantages and constraints. The models GANs are more realistic and VAEs are more
faithful to probabilistic modelling, autoregressive models are more efficient in generating
sequential data, transformers are more scalable and generalisable, diffusion models are
more high-fidelity, and multimodal systems are more integrative across domains. These
model families, collectively, are the building blocks of modern generative Al, leading to
innovations in research and practical implementation, as well as defining the future of

artificial intelligence (Rahman et al., 2025).
4 KEY INNOVATIONS IN ADVANCED AI AND GENERATIVE MODELS

Artificial intelligence has experienced an unusually rapid evolution in the recent
years, and this was brought about by a series of the associated advances in the architecture
of models, training algorithms, and the design of systems. Most recent advances in
generative Al are not due to a single breakthrough but a fusion of various different
paradigms that address the shortcomings of the earlier models. The section describes the

most influential innovations that shaped present systems of generative Al.
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4.1 Large Language Models

Large Language Models (LLM) is one of the most significant developments in
artificial intelligence. These systems are trained with large text volumes, using
transformer architectures, to learn linguistic patterns, contextual relations and semantic
structures (Chaitanya et al., 2024). Unlike earlier natural language processing models,
LLMs are capable of a wide range of tasks, including text generation, summarization,
translation, reasoning, and code generation, without training on the specific task (Min et
al., 2023).

The ability to generalize across domains with techniques such as in-context
learning and prompt engineering is one of the most important properties of LLMs. This
flexibility makes them acquire new tasks with minimum supervision. Moreover, recent
developments have enhanced their reasoning powers enabling them to resolve complex
issues with chain-of-thought prompting and refinement. Despite such benefits, the biggest
challenges that remain the subject of study include the hallucination, bias, and the cost of

the computation (Basiouni et al., 2025).

4.2 Vision-Language Models

Vision-Language Models (VLMs) extend the capabilities of LLMs by including
both visual and textual information in the same model. They learn to produce joint image
and text representations, and can be applied to image captioning, visual question
answering, and text-to-image generation (Ghosh et al., 2024).

Advances in multimodal learning have led to paradigms that can not only interpret
images, but to also make contextual reasoning regarding images. An example is that
complex visual images can be decoded into a form of description or instructions by the
system through the input of images. It is perception-language integration, and one of the
ways to more general and more human-like Al systems. However, a significant challenge

is to make modalities robust and aligned (Bordes et al., 2024).
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4.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) solves one of the inherent weaknesses
of generative models, namely their use of fixed training data. Traditional LLMs implicitly
encode knowledge in model parameters and this may result in outdated or wrong
information. RAG is able to address this limitation by integrating generative models with
external knowledge retrieval systems (Gupta et al., 2024).

In a classic RAG system, data pertaining to the generation is obtained by searching
external databases or document archives and fed into the generation process. The method
enhances the level of factual accuracy, interpretability, and the ability to adapt to the
domain-specific tasks (Han et al., 2024). It finds its special use in such applications as
question answering, legal analysis and enterprise knowledge systems where it is
necessary to have the latest and verifiable information. However, there are still issues
related to maximizing the quality of retrieval, minimizing latency, and consistency in the

retrieved content and the produced outputs (Yang et al., 2024).
4.4 Al agents and tool-using models

The other noteworthy innovation is the introduction of Al agents, which further
expands generative models from passive respondents to actively resolving problems. Al
agents are capable of planning, reasoning, and communicating with external tools,
situations, and APIs to accomplish intricate tasks, in contrast to autonomous models.
They usually have LLMs along with other things like memory, planning modules, and
processing frameworks. (Boussioux et al., 2024).

Al systems are helped by models that can use tools to do things like search the
web, run code, analyse data, and make decisions. This is a big step forward for Al systems
that can work on their own since it changes how they interact from static to dynamic. But
it also brings up new problems with reliability, safety, and control, particularly in real-

world or high-stakes situations (Qin ef al., 2024).
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4.5 Efficient and small language models

Although large-scale models have shown remarkable performance, their scaling
and accessibility have been questioned due to their heavy computational and energy
demands. Consequently, interest in efficient and small language models with the potential
to achieve competitive performance using less resources has increased (Wang et al.,
2020).

Methods like model compression, knowledge distillation, quantization, and sparse
architectures have been proposed to overcome these challenges. Smaller models are
especially useful to be deployed in resource-constrained environments, including mobile
devices and edge computing systems. Moreover, they help make Al more sustainable
through energy consumption and carbon footprint. The question of efficiency vs.

performance is a dynamic field of research (Li et al., 2023).
4.6 Synthetic data generation

One of the most impactful uses of generative models has been synthetic data
generation, which allows the generation of artificial data sets that are similar to real-world
data distributions. This is particularly effective in the cases that involve limited, sensitive,
or costly data, e.g., healthcare, finances, and autonomous driving (Lu et al., 2023).

The generative models are able to generate high quality synthetics data that can
be utilized to train and test as well as validate models to enhance model robustness and
generalization. Furthermore, synthetic data will improve privacy issues by minimizing
the use of actual user data. Nevertheless, it is paramount that synthetic datasets are
realistic, diverse, and equitable, since poorly generated datasets may lead to biases or

deteriorate the performance of the models (Rusum et al., 2023).
4.7 Human-Al collaboration

A notable shift in recent Al research is the focus on human-Al collaboration,

where generative models are designed to augment rather than replace human capabilities.
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In this paradigm, Al systems act as intelligent assistants, supporting tasks such as writing,
design, programming, and decision-making (Fui-Hoon Nah et al., 2023).

Collaborative systems emphasize usability, transparency, and trust, enabling users
to interact with Al in intuitive and meaningful ways. For example, generative models can
assist in brainstorming ideas, automating repetitive tasks, or providing decision support
in complex scenarios. This human-centered approach recognizes that the most effective
Al systems are those that complement human expertise rather than operate in isolation
(Odunuga et al.,2024).

Despite its potential, human-Al collaboration also raises important questions
about user dependence, skill degradation, and accountability. Designing systems that
empower users while maintaining oversight and control is therefore a key direction for

future research (Kunz et al., 2025).
5 APPLICATIONS OF GENERATIVE Al

Generative Al has quickly moved away as a research-oriented technology to a
workable technology with transformative potentials in a diverse array of fields. Its
capability to create, model and reason complex data has placed it not only as a
productivity tool, but also a scientific and engineering enabler. Guideline Generative
models are becoming more and more integrated in real-world systems, whether in
automation or human decision-making, whether in healthcare or robotics. This section

identifies the main areas of application where generative Al is already impactful.
5.1 Healthcare and biomedical research

Generative Al is becoming an important aspect of healthcare in improving
diagnosis, treatment planning, and drug discovery. Medical images can be analyzed using
models, which can produce a diagnostic report and help clinicians identify patterns that
might be hidden. Generative models are currently being applied in biomedical studies to
create new molecules, predict protein structures, and model biological phenomena

(Miracle et al., 2025).
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Drug discovery has become one of the most promising areas of application, with
generative models potentially saving a lot of time and reducing costs associated with the
discovery of potential compounds (Gangwal et al., 2024). Moreover, synthetic data
generation allows the generation of privacy-sensitive datasets to train medical models,
overcoming the problem of patient confidentiality. Nonetheless, clinical reliability,
regulatory compliance, and ethical use are crucial to ensure widespread adoption (Mendes

et al., 2025)
5.2 Education and personalized learning

Generative Al is reshaping education by making the learning process highly
personalized and adaptive. Generative powered intelligent tutoring systems can be used
to personalize content according to the needs, preferences, and performance of individual
learners. In real time, these systems can produce explanations, quizzes, and feedback and
make learning more interactive and accessible (Mohamed et al., 2025).

Moreover, generative Al assists teachers with automating the creation of content,
grading, and curriculum design. It also enables the translation of languages and access
which assists in closing the gap between education in various regions. In spite of these
advantages, issues like ensuring academic integrity, avoiding over-dependence on Al, and

equitable access have to be resolved with care (George et al., 2023).
5.3 Software engineering and code generation

Generative Al has become an influential software engineering tool in the context
of improving developer productivity. The current models are capable of producing code
snippets, indicate optimization, debug code, and even help to design complex software
architectures. This has greatly minimized the development time, as well as the barrier to
entry of programming (Coutinho et al., 2024).

In addition to code generation, automated testing, documentation generation, and
system maintenance are also being automated using Al systems. Organizations can
enhance efficiency and minimize the number of humans involved in development by

incorporating generative models into development workflow. Nevertheless, questions
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about the correctness of the code, security risks, and intellectual property must be properly

addressed (Khade et al., 2025).
5.4 Creative industries

Creative industries, such as art, music, film, design, and others, are being
transformed by generative Al. Artists and creators are employing Al tools in order to
create new content, experiment with new styles, and improve their creative experiences
(Alabi et al., 2024). As an illustration, text-to-image and text-to-video models can be used
to create visual content quickly, and music generation models can be used to create
original content.

Human creativity and machine intelligence have worked in collaboration and
resulted in new forms of expression and innovation. Simultaneously, it brings up critical
issues concerning authorship, originality, and copyright. The issue of balancing creativity

with ethical and legal remains a persistent challenge in this field (Jadhav et al., 2024).
5.5 Business and decision support

Generative Al is finding application in business settings in decision support,
customer interaction, and automation of processes. Al is used by organizations to create
reports, market trends, and strategic information. Generative model-based chatbots and
virtual assistants improve the services provided to customers by providing personalized
and context-sensitive services (Nalini et al., 2024).

Also, Al can be used in content marketing, financial analysis, and supply chain
optimization (Mohamed ef al., 2023). It facilitates organizations to make better decisions
by automating routine operations and giving them data-driven recommendations.
Nevertheless, it is important to ensure transparency, reliability, and accountability in Al-

driven decision-making (Salih et al., 2025).
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5.6 Cybersecurity

Generative Al performs two functions in cybercrime, as both an offensive and
defensive mechanism. Defensively, Al models are able to identify anomalies, come up
with threat intelligence, and simulate cyberattacks to test the vulnerability of the system.
Such capabilities increase the capacity of organizations to detect and respond to security
threats on-the-fly (Dhoni et al, 2023).

On the other hand, bad actors can use generative models to generate advanced
phishing, deepfakes, and automated malware. This dynamic threat environment
necessitates unceasing improvements in Al-supported security solutions, and sound

regulatory and ethics to curb misuse (Jimmy et al., 2021).

5.7 Scientific discovery

Generative Al is even being seen as a driver of scientific discovery. Al can speed
up the research process in physics, chemistry, and environmental science by simulating
complex systems and generating hypotheses. Indicatively, generative models can be used
to simulate experiments, make predictions, and detect patterns in large datasets that would
otherwise be challenging to analyze by humans (Reddy et al., 2025).

This functionality allows the researcher to investigate new concepts in a more
effective manner and discover information that might not be obvious at first.
Consequently, generative Al is emerging as a powerful tool in interdisciplinary research,

closing the data analysis-knowledge creation gap (Lozada et al., 2023).

5.8 Robotics and autonomous systems

Generative Al is used in robotics and autonomous systems to enhance perception,
planning and interaction. Generative models are robots that are able to reason about
complex environments, design action plans and respond to changing conditions. This is
especially relevant to the fields of autonomous vehicles, industrial automation, and

human-robot collaboration (Thaker et al., 2024).

Veredas do Direito, v.23, €236543 — 2026




Zahid Khan & Jafar Ali & Arish Khan & Dae Wan Kim & Koo Lee Feng & Raza Igbal & Ali Taqi

Additionally, generative Al allows simulation-based learning, in which robots can
train on simulated environments prior to application in the real world. This minimizes
risks and increases robustness of systems. As generative models are still being developed,
they will be central to the future development of intelligent, collaborative automation
systems through their collaboration with robotics (Yao et al., 2025).

In general, generative Al is not limited to specific applications anymore; it is
turning into a general-purpose technology that leads to innovation across fields (Dave et
al., 2025). Its increasingly prominent status as a scientific and engineering enabler
underscores its transformative potential and the necessity to develop and deploy it
responsibly (Musiol et al., 2024).

Even with the impressive advancement of the generative Al, there are a number
of key issues that still restrict its reliability, trustworthiness, and wide usage. Among the
most notable ones, there is the so-called phenomenon of hallucination when models
produce outputs that seem logical and well-constructed but are not factual or downright
untrue (Adel et al., 2025). This issue is especially alarming in such high stakes areas as
in healthcare, law, and finance, where misinformation can have severe repercussions. The
root cause of hallucination is that generative models are probabilistic and focus more on
fluency compared to factuality when used outside the training distribution or when they
have no access to verified external knowledge sources (Ajuzieogu et al., 2024).

Intimately tied with reliability issues are the concerns of bias and fairness.
Generative models are trained on large-scale data that tends to be biased historically,
culturally and socially. These models can thereby unintentionally reproduce, or even
enhance, discriminatory trends in the data (Afreen et al., 2025). Discrimination may be
realized in different forms such as gender, racial, and social-economic differences in the
products created. It is not always easy to deal with these biases, both in technical terms
(debiasing algorithms and curated datasets) and in terms of ethical and social
consequences. The issue of ensuring fairness in generative Al systems is a complex and
current research problem (Lopez et al., 2021).

Another challenge is privacy and data security. Standard training large generative
models often requires large quantities of data, some of which might include sensitive or
personally identifiable information (Golda et al., 2024). There is an element of risk that

such information can be inadvertently memorized and reproduced by models, and result
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in possible privacy violation. Moreover, the introduction of generative Al into the systems
that process sensitive information also brings up the issue of information leakage,
unauthorized access, and regulatory compliance (Uddagiri et al., 2024). Differential
privacy, federated learning, and secure model training are among the techniques being
investigated to reduce these risks, but it is hard to apply them in practice at scale (Zhang
et al. 2022).

The implementation of generative Al is also complicated by legal and regulatory
concerns, especially copyright and intellectual property. Because such models are trained
using large amounts of publicly available and proprietary data, there is a question of
ownership of the raw training data and the resulting outputs (Lucchi et al., 2024). To
illustrate, sometimes it is not clear when Al-generated content violates the current
copyrights and who is entitled to such content. Intellectual property is a key aspect of
industries that face challenges due to these uncertainties like media, publishing, and
software development. With the legal frameworks unable to keep up with the
technological progress, more explicit guidelines and policies are in high demand (Zakir
etal., 2024).

Lack of explainability and transparency of generative models is another
significant drawback. Numerous sophisticated Al systems, especially large neural
networks, are run as black boxes, which is why it is hard to comprehend how certain
results are produced (Hassija et al., 2024). This is not interpretable, which makes it
difficult to trust, particularly in processes where accountability and justification of
decisions are critical (Barnes et al., 2024). Scientists are working on ways to enhance
explainability, such as visualizing attention, techniques of model interpretability, and
hybrid methods that combine neural networks with symbolic reasoning. Nevertheless, the
balancing between the complexity of the model and its interpretability is still a major
challenge (Mi et al., 2020).

The environmental and computational cost-effort of training and deploying large-
scale generative models is also turning out to be an increasing concern. State-of-the-art
models take a lot of computation, which may bring in large data centers consuming a lot
of energy to train them (Chakraborty et al., 2024). This not only adds the cost of

development financially but also adds to carbon emission and environmental impact.
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With the further growth of Al, energy-efficient architectures, optimization strategies, and
hardware are highly needed to guarantee sustainable development (Mitu ef al., 2024).
Lastly, there is a risk of generative Al being misapplied and it is dangerous to
society. Deepfakes and other technologies that generate content automatically can be used
to spread false information, sway the population, and commit fraud (Sophia et al., 2025).
The possibility of creating extremely realistic text, pictures, sounds, and videos has turned
it into an even tougher task to draw the line between genuine and fake information
(Ghiurau et al., 2024). This drastically affects media integrity, politics, and trust of the
people. To deal with these risks, both technical protections, including detection systems
and watermarking, and regulatory and ethical interventions are in order (Liu et al., 2025).
In general, the existing literature is unanimous that misinformation, bias, privacy
issues, cybersecurity threats, intellectual property issues, and environmental requirements
are key impediments to the responsible use of generative Al. To overcome such
limitations, the concerted actions at technical, regulatory, and social levels will be needed

to make generative Al systems effective and trustworthy (Al-Kfairy et al., 2024).
6 ETHICAL, LEGAL, AND SOCIAL IMPLICATIONS
6.1 Responsible Al governance

The fast development of generative Al has presented not only technical but also
various ethical, legal, and social consequences that need to be properly addressed in order
to make the application of generative Al responsible and sustainable (Mitra et al., 2025).
With the growing integration of these systems into vital areas of society, issues that
emerge about governance, accountability, and societal influence have become the center

of research and policy debate (Head ef al., 2022).
6.2 Human oversight
Intimately connected to governance is the significance of human control.

Although generative Al systems can be used to accomplish complex tasks, with or

without human intervention, human intervention is essential, especially in applications
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with high stakes (Holzinger ef al., 2025). Human control will make sure that the decisions
that are made or backed by the Al systems can be reviewed, validated and corrected when
need be. This is particularly crucial in areas like health care, legal procedures, and
government policy where mistakes or unforeseen consequences may have critical
consequences (Ottun et al., 2025). One of the challenges, therefore, is to design systems

that can be successfully used to combine human judgment and automated capabilities.

6.3 Accountability

The problem of accountability also makes the implementation of generative Al
more difficult. In cases where Al systems generate harmful or wrong results, it is not
always clear whether the developers of the model, the organization that deployed them,
or the end users should be held responsible (Kumar et a/.,2025). This ambiguity presents
both legal and ethical issues, especially when it comes to the instances of financial loss,
misinformation, or harm to individuals. It is imperative to develop transparent
accountability models to ensure that each role is clearly defined and that there are redress

and liability mechanisms (Hossain et al., 2024).

6.4 Al safety

Al safety is another important dimension that aims to ensure that Al systems act
as desired and will not produce unintended harm. Safety issues in the generative models
context involve managing harmful outputs, preventing malicious use, and ensuring that
model behavior aligns with human values (Lin ef a/., 2025). To enhance safety, alignment
training, content filtering, and reinforcement learning based on human feedback have
been suggested. Nevertheless, the development of strong and scalable safety is still a
research problem, especially when models become more sophisticated and autonomous

(Gu et al.,2024).
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6.5 Regulatory frameworks

The process of creating regulatory frameworks is also gaining more and more
popularity in the world. Governments and international bodies are in the process of
putting in place policies to mitigate the risks and opportunities brought about by Al
(Abbott ef al.,2021). These structures are also intended to make sure that legal provisions
regarding data protection, intellectual property and ethical usage are met, as well as
innovation. Nevertheless, the speed at which technology is evolving tends to surpass
regulatory development and create loopholes and differences between regions. The need

to harmonize regulations on a global scale is still a major challenge (Kumar et al., 2024).
6.6 Social impact on labor and creativity

Last but not least, the generative Al social effect on labor and creativity is quite a
controversial subject. On the one hand, Al can increase the level of productivity,
automatize repetitive processes, and open up additional prospects in all industries (Wach
et al., 2023). Conversely, it can cause the disruption of traditional job positions, which
contributes to the displacement of the workforce and necessitates reskilling. Creative
markets Generative Al is also changing the nature of authorship and creative expression
in creative industries, making originality, ownership and human creativity controversial.
Some consider Al as an instrument that enhances human abilities, others worry that Al
will reduce human agency and importance (Oyetade et al., 2025).

Ethical, legal and social implications of generative Al are complex and
intertwined. To tackle these issues, a multi-sector effort with researchers, industry
leaders, policymakers and the society is necessary. It is important to ensure that generative
Al systems are created and implemented in a responsible, transparent, and human-

centered way to maximize their advantages and reduce any possible harm.
7 FUTURE RESEARCH DIRECTIONS

As generative Al systems advance, future research needs to shift focus from

increasing capabilities to building systems that are safe, efficient, and user-centred.

_ Veredas do Direito, v.23, €236543 — 2026




ADVANCED ARTIFICIAL INTELLIGENCE AND GENERATIVE MODELS: INNOVATIONS, APPLICATIONS, AND FUTURE RESEARCH DIRECTIONS

Existing models show remarkable capabilities, but with some challenges that point to
more reliable, efficient, and human-friendly development. This section highlights some

of the primary areas of research that will advance future generative Al systems..
7.1 Trustworthy and explainable generative Al

One of the major future research directions is the development of trustful and
explainable generative Al. As further applications are deployed in critical applications,
users must have confidence in and read the results. This includes improving the
transparency of models, reducing hallucinations and providing meaningful explanations
to Al-generated results. Some of the promising techniques are explaining Al (XAl),
attention maps, and symbolic-neural hybrid models, yet there is still a challenge of

balancing interpretability and model performance.
7.2 Energy-efficient Al

The growing scale of generative models has been a major energy and
environmental concern. The area of energy-efficient Al is an urgent priority in future
work, and the reduction of energy requirements of training and inference is prioritized
(Alzu’bi et al., 2025). Energy consumption can be reduced by techniques such as model
compression, sparsity, efficient training algorithms, and hardware design. Sustainable Al
systems are essential because they benefit the environment, but also democratize access

to advanced Al to more users and businesses (Deng et al., 2020).
7.3 Domain-specific foundation models

Despite the impressive flexibility of foundation models, increasing interest has
been given to the development of domain-specific models in particular applications. By
using domain knowledge and data, such models can be more accurate and resilient
(ZHAO et al, 2023). As an example, health, finance and legal application models should

be aware of domain language and constraints. Future studies are required on how to
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effectively develop, upgrade and maintain these models without breaking domain specific

rules and regulations (Chen et al., 2024).
7.4 Continual and lifelong learning

Existing generative models are typically trained only once, which does not allow
them to constantly acquire new information. Continuous and lifelong learning attempts
to counter this as models are able to learn and adjust to new information whilst retaining
old information. This is particularly important in dynamic environments where data is
changing rapidly (Salakhutdinov ef a/, 2015). To create resilient and robust systems, it
will be necessary to address problems such as catastrophic forgetting, data drift, and the

efficiency of model update.
7.5 Multimodal reasoning

In the future, it is anticipated that generative Al systems will transcend unimodal
processing and evolve to multimodal reasoning. It refers to the principled, context-
sensitive reasoning about more than one type of data (text, image, audio, video). Smart
assistants, robots and immersive virtual worlds will be facilitated by multimodal
architectures. However, the problem of modality-based representations and reasoning

integration remains a research question (Kaur et al., 2025).
7.6 Human-centered Al design

Human-centered Al design is one of the key points to concentrate on in the future.
The research must be more usable, more accessible and more about the trust of the user
other than the technical performance (Margetis ef al., 2021). This includes designing user-
friendly interfaces, giving users the ability to determine the Al system, and making the
system reflect human values and priorities. Inclusion is also an aspect of user-centred
design, where Al systems are designed in ways that are beneficial to many users

(Schmager et al., 2025).
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7.7 Al safety and alignment

It is imperative that Al systems that are generated to act must act as humans would
want them to in accordance with human values (Gabriel et al., 2020). The Al safety and
alignment field considers methods to make sure that model behaviour aligns with human

values and expectations (Singh et al., 2025).

Figure 1
Proposed Conceptual Framework for Advanced Al and Generative Models
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The proposed conceptual framework offers a systematic flow depicting how
innovations in artificial intelligence become viable and accountable generative Al
systems. It starts by examining the main drivers of Al innovation, including data
availability, computational power, and algorithmic advances, that make it possible to
create different architectures of generative models, including large language models,
diffusion models, and multimodal systems. These architectures are further implemented
in a wide range of fields including healthcare, education, software engineering, and
which

implementation presents serious risks and challenges, such as reliability concerns, bias,

robotics, evidences their far-reaching influence. Nevertheless, their

privacy, and high computation costs. The framework, in response to these issues, focuses
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on governance and responsible Al practices, such as human supervision, accountability,
safety controls, and compliance regulation. Lastly, it points to future research directions
that aim to enhance trust, efficiency, domain specialization, and real-world evaluation.
On the whole, the framework highlights the fact that innovation, application, risk
management, and governance are interconnected processes that influence the

development of sustainable and reliable generative Al systems.
8 DISCUSSION

The development of generative Al is evolving fast, which is a delicate
combination of mind-blowing opportunities and threats. On the one hand, generative
models have already opened up a range of unparalleled opportunities in the area of
automatization, creativity, and knowledge generation (Mhlanga et al.,2024). They are
able to improve the efficiency of several areas like healthcare, education, and software
engineering and make decisions faster, provide services tailored to the needs of
customers, and solve problems (Kumar et al., 2025).

For instance, in the field of drug discovery and science, generative Al can expedite
the innovation process by scanning vast solution spaces that are not accessible through
manual search. On the other hand, the benefits come with big hazards, like outputs that
aren't real, hidden biases, privacy concerns, and the possibility of being misused, like in
deepfakes and false information. The bi-directional nature of generative Al underscores
the necessity for a balanced approach to innovation and protection to ensure ethical usage
(Grinbaum et al., 2024).People frequently think of generative Al as a game-changing
technology since it changes the sort of system from one that is only good for certain tasks
to one that can learn and adapt. In contrast to previous Al models that were limited to
specific tasks, generative systems are capable of performing a wide variety of functions
across various disciplines with minimal changes (Pescapé et al., 2024). They are the most
important instruments for scientific and industrial discovery because they can create
content, model complex situations, and help with reasoning tasks. Furthermore, the
combination of multimodal functionality and agent-based systems suggests a shift toward

more autonomous and interactive Al, which will radically transform how humans interact
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with technology. A transformation in society as well as technology changes how people
work, make decisions, and create (Kotsis et al., 2025).

Although these advances have been made, there are still a number of significant
research gaps. Among the most important loopholes is the absence of effective
mechanisms to promote factual accuracy and reliability especially in real-world
implementation where inaccuracies can be detrimental to practice (Roy ef al.,2024). The
next important gap is explainability since existing models tend to be black box, which
limits the trust and responsibility of the users (Thalpage et al., 2023). Moreover, more
viable ways of reducing bias and promoting fairness among different populations are
required. Technically, there is still no solution to the issue of making large-scale models
efficient and ensuring they have a lower environmental footprint. There is an increasing
demand also of standardized evaluation frameworks beyond benchmark performance and
to evaluate real world reliability, safety, and compliance with ethical standards. These
gaps will be critical in the transition of generative Al as an experimental system into

reliable, widely used technologies.
9 CONCLUSION

Generative artificial intelligence (Al) represents a paradigm shift in computing,
enabling systems to generate, think, and communicate in a broad spectrum of
applications. In this paper discusses the history of the generative models and their
architectural principles and their increasing use in the practical applications. Although the
advantages of using these technologies are the enormous in terms of the enhanced
efficiency accelerated innovation and improved decision making. They poses significant
problems concerning trust, privacy, fairness and ethical integrity. To solve these
problems, an interdisciplinary solution is required which incorporates technological
innovations, governance structures, regulatory measures and human based design
principles. The framework introduced in thi article explains how complicated innovation,
application, responsibility and risk are there and how a balanced and holistic approach to
Al development should be there. In future research should be more attention to
development of effective, precise and comprehensible systems that are more consistent

with human values. It will also necessary to set the strict and realistic evaluation criteria
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to make them practical in the real world. In the last, the sustained usefulness of creative
Al will not only rely on its technical potential but also on the capacity to ensure safety,

transparency, and equity in various social situations.
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