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Challenges
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Large Language Models (LLMs) have emerged as a foundational technology in
contemporary artificial intelligence, driven largely by the scalability and
expressiveness of the Transformer architecture. This survey provides a
structured and comprehensive review of recent advances in LLM research
across five key dimensions: (i) scaling laws and foundational models, (ii) sparse
and efficiency-oriented architectures, (iii) multimodal and tool-augmented
models, (iv) privacy, alignment, and safety mechanisms, and (v) domain-specific
applications and existing surveys. The reviewed literature indicates that while
large-scale model training yields consistent performance gains and emergent
capabilities, it also introduces significant challenges related to computational
cost, energy consumption, interpretability, and environmental sustainability.
Efficiency-driven approaches, including sparse attention mechanisms and
Mixture-of-Experts architectures, mitigate some of these constraints but
increase system complexity. Multimodal and tool-enhanced LLMs extend
reasoning capabilities beyond text; however, they remain susceptible to
hallucinations and grounding errors. Furthermore, alignment and privacy-
preserving methods are actively evolving, yet the absence of standardized
evaluation frameworks and clearly defined utility—safety trade-offs limit their
practical deployment. Empirical studies in application domains such as
healthcare and education demonstrate substantial promise but emphasize the
necessity of trust, explainability, and regulatory compliance. This survey
synthesizes current progress, identifies persistent research gaps, and outlines
future directions toward the development of efficient, reliable, and responsible
large language models.

Keywords: Large Language Model, Natural Language Processing, Generative
Pre-Train Transformers, Mask Language Model, Variational Auto encoder.

The introduction of Transformers marked a pivotal
advancement in the progression of Natural
Language Processing (NLP). The development of
Large Language Models (LLMs) is a major step
forward for this framework. LLM have shown to be
very good at many NLP task. These models have
become essential for task like generating text,
machine translation, and natural language
comprehension. Their progress over time has not
only make them better at language tasks, but it has
also shown how well they can work in multimodal
situations, like with images, videos, and robotic
system. People have used Large Language Model
(LLMs) for a number of things, such as, Machine
translation, which facilitates precise content
conversion among different linguistic systems.
Logical reasoning entails the examination and
deduction of conclusions based on the logical
framework of a certain situation. Text creation, in
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which coherent and contextually pertinent text is
generated from structured inputs according to
particular directives. Multimodal processing, wherein
LLMs transcend solely textual domains to
incorporate various input and output modalities,
including images, videos, and robotic interfaces.
Summarization involves the contextual compression
of substantial content into succinct representations.

The inception of LLM development dates to 2018
with the introduction of models like GPT (Chowdhery
et al., 2022) and BERT (Anil et al., 2023). Although
each was crafted with unique architectural
characteristics to tackle issues in NLP, modern
LLMs  predominantly utilize the esteemed
Transformer architecture and are classified into
three main categories. (a) Auto-encoding models,
characterized by their encoder-centric architecture
and optimized for contextual comprehension tasks,
are exemplified by BERT and its derivatives. (b)
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Encoder-decoder models amalgamate both encoder
and decoder processes to capitalize on the benefits
of the two prior types, but with certain trade-offs.
Prominent instances of the Pangu family. (c) Auto-
regressive models, which prioritize decoders and are
particularly effective for generative applications,
exemplified by the GPT series.

Each category has its own strengths and limitations,
which show that it can be used in a wide range of
applications and circumstances. The Transformer
architecture, introduced by Vaswani et al. (2017),
represents a significant shift from previous sequence
modelling methods by eliminating recurrence and
convolution in favour of a purely attention-based
framework. The model fundamentally utilizes multi-
head self-attention to calculate contextual
dependencies among all input tokens in parallel,
effectively mitigating the inefficiencies associated
with recurrent neural networks (RNNs), which
sequentially process tokens and are susceptible to
vanishing gradient phenomena when modelling
long-range dependencies (Hochreiter et al., 1997;
Bengio et al.,, 1994). In contrast to convolutional
neural networks (CNNs), which depend on fixed
receptive fields and hierarchical aggregation (LeCun
et al., 1998), Transformers possess a theoretically
limitless receptive field, allowing for dynamic
weighting of global context throughout sequences
(Dosovitskiy et al.,, 2021). The Transformer
architecture consists of stacked layers of multi-head
self-attention and  position-wise  feed-forward
networks, reinforced by residual connections and
layer normalization (Ba et al., 2016), with positional

encodings added to address the model's
permutation invariance. This design exhibits
exceptional  scalability  and representational

capability, supporting the advancement of Large
Language Models (LLMs) like BERT (Devlin et al.,
2019) and GPT (Radford et al., 2018), while also
enabling cross-domain generalization to computer
vision (Dosovitskiy et al, 2021), time-series
forecasting (Zhou et al., 2021), and multimodal
learning (Alayrac et al., 2022). The Transformer
signifies a paradigm change, forming the
fundamental basis for current advancements in
artificial intelligence.

Building upon the foundational principles introduced
by the Transformer architecture, subsequent models
have adapted its framework to address specific
learning objectives and application needs. One
prominent adaptation is the class of Auto-encoding
models, which focus on capturing deep bidirectional
contextual representations through masked input
reconstruction. These models are trained using a
masked language modelling (MLM) or analogous
denoising objective, in this approach, part of the
inputs is purposely concealed, and the model is
refined to anticipate them based on the surrounding
context. This method allows the model to evaluate
both left and right contexts at the same time. This
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makes it better at tasks that require discrimination,
like classification, named entity recognition, and
question answering, instead of generative text
production. Recent studies have built on and
improved this model. For example, “Masked
AutoDecoder is Effective Multi-Task Vision
Generalist” (Qiu et al., 2024) applies the
autoencoding principle to a multimodal, vision-task
generalist framework by masking and reconstructing
vision-task sequence inputs, achieving competitive
accuracy with improved inference efficiency. These
models are good for representation learning but are
not suitable for tasks requiring sequential generation
because of their intrinsic masking and non-
autoregressive architecture. To overcome this
limitation, Auto-regressive models were developed,
they utilize a decoder-only framework to build
sequences in a sequential manner, predicting each
token based on previously generated tokens using a
causal language modelling objective. This
unidirectional architecture facilitates coherent and
contextually consistent text generation, rendering
these models especially proficient for generative
tasks such as dialogue, summarization, and code
synthesis. In contrast to auto-encoding models
which learn bidirectional representations, auto-
regressive models are proficient in modelling long-
range dependencies for coherent sequence
generation, albeit this results in slower inference due
to their sequential decoding mechanism. Recent
research further enhances their scalability and
adaptability; for instance, Bai et al. (2024)
emphasize improvements in efficient training and
inference methodologies for decoder-only big
language models, highlighting their significance in
modern Al systems.

Sequence-to-sequence (Seg2Seq) models are
neural architectures that map an input sequence into
an output sequence of variable length, rendering
them proficient for tasks such as machine
translation, summarization, and dialogue generation.
Seq2Seq modelling, originally implemented with
recurrent neural networks (Sutskever et al., 2014)
and enhanced by attention mechanisms (Bahdanau
et al., 2015), was transformed by the introduction of
the Transformer (Vaswani et al., 2017), which
utilizes self-attention for parallelized contextual
learning. Within this paradigm, an encoder creates
contextual representations of the input, while a
decoder autoregressively constructs the output
based on both the encoder states and previous
predictions. Recent improvements have expanded
Seq2Seq approaches to multimodal domains,
facilitating  adaptable input-output  mappings
spanning text, vision, and speech (Neil et al., 2025).
In addition to Seq2Seq architectures, recent works
have increasingly turned to generative models that
aim to capture deeper hidden structures within data.
One notable approach is the Variational
Autoencoder (VAE), which extends the concept of
traditional autoencoders by learning probabilistic
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rather than deterministic representations. The
encoder transforms input data into probabilistic
parameters (mean and variance), from which latent
variables are derived, while the decoder
reconstructs the input from these samples. Training
optimizes a joint objective- a reconstruction loss to
maintain data fidelity and a Kullback—Leibler (KL)
divergence component to regularize the latent space
towards a prior distribution, usually Gaussian
(Kingma et al., 2014). This approach allows VAEs to
produce unique data samples and acquire robust
representations, rendering them effective in fields
like vision, language, and bioinformatics. Recent
improvements enhance VAEs through expressive
priors and disentangled or multimodal
representations, improving generative quality and
adaptability (Child, 2020).

The contributions of this research are as follows:

i. Present a comprehensive analysis of the
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ii. Catalogue and analyse the primary
application domains in which LLMs are utilized.

iii. Recognize principal problems, constraints,
and hazards.

iv. Suggest potential research avenues based
on contemporary literature.

2. Literature Review

The literature review on Large Language Models
(LLMs) can be taxonomically organised into five
categories as shown in Figure 1: (a) scaling and
foundational studies, (b) sparse, mixture-of-experts,
and efficiency-focused designs, (c) multimodal and
tool-enhanced LLMs, (d) privacy, alignment, and
safety methodologies, and (e) domain-specific
applications and surveys. Each subsection offers a
critical analysis, emphasising parallels, contrasts,
and existing gaps.

architectures employed in contemporary large
language models (LLMs).
Large
Language
Maoded (LLM)
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Figure 1: Large language model taxonomy

21 Scaling and Foundational

Scaling and foundations of big language models
stress that increasing the size of the model, the
amount of the training data, and that amount of the
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computing power improves performance and fosters
emergent capabilities, including few-shot learning.

Brown et al. (2020) introduced GPT-3, showing that
extensive  autoregressive  transformers had
significant few-shot and zero-shot capacities, hence
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initiating the foundation model era. Hoffmann et al.
(2022) challenged the idea that bigger models are
always better. They showed with Chinchilla that
compute optimal training that using moderately sized
models trained on a lot more tokens can give better
results than using bigger models that are not well
trained. Chowdhery et al. (2022) expanded to 540
bilion parameters with PalLM, demonstrating
reasoning and linguistic capabilities, while Zhang et
al. (2022) on the other hand, introduced OPT as an
open alternative to proprietary models. Touvron et
al. (2023) introduced LLaMA, providing researchers
with accessible and competitive models, succeeded
by the LLaMA-3 family (Grattafiori et al., 2024),
which features extended context and tool-use
functionalities.

Scaling studies indicate that capability increases
with data, parameters, and computational resources,
while also emphasising cost, energy, and
accessibility  constraints.  Chinchilla's  findings
redirected the discourse towards data efficiency.
Open releases such as OPT, BLOOM (Le et al.,
2022), and LLaMA facilitate access while raising
questions over dataset provenance.

2.2 Sparse and Efficiency Architecture

Advancements in LLMs that use sparse and efficient
structures have solved the problem of traditional
transformer attention's high memory and processing
costs, which grow quadratically with sequence
length. Several studies address the quadratic
complexity of attention mechanisms. Beltagy et al.
(2020) introduced Longformer, which integrates local
and global attention mechanisms. BigBird was
introduced by (Zaheer et al., 2020), which combines
block-sparse and random attention, and provides
theoretical guarantees. Kitaev et al. (2020)
introduced Reformer, which incorporates LSH
attention and  reversible layers, whereas
Choromanski et al. (2021) created Performer,
utilizing kernelized linear attention. Zoph et al.
(2021) introduced Switch Transformer, a sparse
Mixture-of-Experts (MoE) model that efficiently
scales by activating just specific subgroups of
experts. Recent works TriangleMix (He et al., 2025),
TidalDecode (Yang et al, 2024), Progressive
Sparse Attention (Zhou et al., 2025), and H2EAL
(Fu et al., 2025) focus on minimising memory usage,
enhancing latency, and optimising hardware co-
design. Collectively, they illustrate that static sparse
patterns are straightforward and economical
although less adaptable, whereas dynamic sparsity
and hardware aware techniques attain superior
robustness and performance, although at the cost of
complexity and portability.

2.3 Multimodal and Tool Enhanced LLMs

Multimodal and tool-augmented models improve
LLMs by adding extra inputs like images, audio, or
code, and by using external tools. The model

CaJoST, 2026, 1, 218-226

Full paper

proposed by (Alayrac et al., 2022), which facilitates
multimodal few-shot learning using text and images,
together with BLIP and BEIT, showcases advanced
vision-language capabilities through integrated
vision-language pretraining. (Grattafiori et al., 2024)
highlighted the significance of tool utilisation and
expanded context in LLaMA-3. These
advancements demonstrate that LLMs can
generalise beyond textual data; yet assessments
indicate ongoing challenges related to grounding,
factual accuracy, and multimodal hallucinations.

24 Privacy, Alignment, and Safety

Ouyang et al. (2022) presented InstructGPT
employing Reinforcement Learning from Human
Feedback (RLHF), recognizing alignment as a
crucial component. (Hu et al. 2021) introduced LoRA
for effecient parameter adaptation. Wang et al.
(2023) presented PrivateLoRA for privacy partition
between edge and cloud. Ullah et al. (2024)
conceptualised PrivChatGPT, examining differential
privacy techniques. Zhao et al. (2024) performed an
exhaustive evaluation of privacy preserving
methodologies. Mobility in networks has also been
considered for on-road safety, reinforcement
learning can be applied to improve the safety
mechanism (Aliyu et al., 2018; Aliyu et al., 2020).
These studies collectively recognize the importance
of privacy and safety; however, they lack
standardised criteria and often underreport utility
trade-offs.

2.5 Domain, Applications and Surveys

Mohammadabadi et al. (2025) released a survey on
LLMs, focus on architectures, benchmarks, and
societal ramifications. Chiarello et al. (2024)
examined the development of applications across
various industries. Systematic studies in engineering
education (Pacher et al., 2024) highlight prospective
efficiency improvements while tackling ethical and
regulatory issues. Healthcare research is promising,
but it also shows that trust, understanding, and
compliance are still big problems. Healthcare is one
of the most promising but also dangerous areas for
LLMs to work in. Recent evaluations suggest that
models like GPT-4 and MedPaLM exhibit
considerable potential in clinical decision support,
medical question answering, and the
Mohammadabadi et al. (2025) released a survey on
LLMs, focus on architectures, benchmarks, and
societal ramifications. Chiarello et al. (2024)
examined the development of applications across
various industries. Systematic studies in engineering
education (Pacher et al., 2024) highlight prospective
efficiency improvements while tackling ethical and
regulatory issues. Healthcare research is promising,
but it also shows that trust, understanding, and
compliance are still big problems. Healthcare is one
of the most promising but also dangerous areas for
LLMs to work in. Recent evaluations suggest that
models like GPT-4 and MedPaLM exhibit
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considerable potential in clinical decision support,
medical question answering, and the summarisation
of electronic health records (Singhal et al., 2023;
Thirunavukarasu et al., 2023). These systems
demonstrate performance approaching expert levels
on medical benchmarks, indicating their potential
usefulness for both clinicians and patients.
Nonetheless, research indicates that hallucinations,
absence of source attribution, and inconsistent
performance across specialities undermine reliability

in critical clinical settings (Nori et al., 2023).
Consequently, although technical feasibility is
confirmed, clinical translation necessitates

meticulous validation and supervision.

A common theme in healthcare literature is the need
for trust, understanding, and following rules. For
example, (Sun et al.,, 2025) contend that the
incorporation of LLMs into health systems must
prioritize explainability to foster clinician confidence,
while (Weiner et al., 2024) underscore regulatory
and ethical consideration such as data privacy,
informed consent, and alignment with medical
guidelines. These concerns parallel findings from
broader surveys (Mohammadabadi et al., 2025),
which stress that domain deployment must be
accompanied by transparency, safeguards against
bias, and robust governance. Together, healthcare
studies illustrate the double-edged nature of LLMs,
they offer unprecedented support for medical
practice, but their safe and ethical integration
depends on rigorous evaluation, trust-building, and
alignment with healthcare standards.

3. Methodology

This study adopts a systematic survey-based
methodology to analyse recent research on Large
Language Models. Relevant literature was identified
through comprehensive searches of major scientific
repositories, including arXiv, IEEE Xplore, ACM
Digital Library, SpringerLink, and Google Scholar.
Peer-reviewed journal articles, conference papers,
and influential preprints published between 2018
and 2025 were considered. The selected studies
were filtered based on relevance, citation impact,
and methodological rigor. Following selection, the
literature was categorised into five thematic groups:
(1) scaling and foundational studies, (2) sparse and
efficiency-focused architectures, (3) multimodal and
tool-enhanced LLMs, (4) privacy, alignment, and
safety mechanisms, and (5) domain-specific
applications and survey works. Each category was

analysed comparatively to identify core
contributions, architectural trends, performance
implications, and unresolved challenges. This

qualitative synthesis approach enables a holistic
understanding of the LLM research landscape while

CaJoST, 2026, 1, 218-226

A. l. Mahmud et al.

highlighting emerging directions and open research
problems.

4. Results and Discussion

The analysis of the reviewed literature reveals
several key findings. First, scaling laws consistently
demonstrate that increasing model size, training
data, and compute resources leads to improved
performance and emergent capabilities such as in-
context learning and reasoning. However, these
gains come at the cost of increased energy
consumption, financial expense, and reduced
accessibility (Brown et al., 2020; Hoffmann et al.,
2022). Second, efficiency-oriented architectures
including sparse attention, linear attention, and
Mixture-of-Experts designs significantly reduce
computational and memory overheads (Beltagy et
al.,, 2020; He et al., 2025), enabling longer context
processing and faster inference. Despite their
benefits, these approaches introduce architectural
complexity and pose challenges for deployment
portability and hardware compatibility. Third,
multimodal and tool-augmented LLMs substantially
expand functional capabilities by integrating vision,
audio, and external tools. While these models
achieve strong performance in multimodal reasoning
tasks, persistent issues related to hallucination,
grounding, and evaluation reliability remain
unresolved (Alayrac et al., 2022; Grattafiori et al.,
2024). Fourth, alignment, safety, and privacy-
preserving techniques such as Reinforcement
Learning from Human Feedback (RLHF), LoRA-
based adaptation, and differential privacy
frameworks have become central to responsible
LLM development. Nevertheless, current methods
lack standardized benchmarks and often present
unclear trade-offs between model utility and risk
mitigation (Ouyang et al., 2022; Wang et al., 2023).
Finally, application-focused studies particularly in
healthcare, education, and engineering demonstrate
that real-world deployment depends not only on
technical accuracy but also on trust, explainability,
regulatory compliance, and ethical governance
(Mohammadabadi et al., 2025; Thirunavukarasu et
al.,, 2023).In general, opportunities lie in bridging
these gaps, developing compute efficient yet
capable models, designing alignment frameworks
with  measurable standards, and conducting
longitudinal studies to validate LLMs in real
environments. In general, opportunities lie in
bridging these gaps, developing compute efficient
yet capable models, designing alignment
frameworks with measurable standards, and
conducting longitudinal studies to validate LLMs in
real environments. The table 1 summarizes
reviewed works, their focus, contributions, and key
limitations.
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Table 1: Summary of Reviewed Works

Full paper

Category Papers Contribution Key Limitations

Scaling and Brown et al. (2020); Hoffmann et al. (2022); Scaling laws, foundation High cost, energy use,

Foundations Chowdhery et al. (2022); Touvron et al. models, compute-optimal limited accessibility
(2023); Grattafiori et al. (2024) training

Sparse / Efficient
Architectures
al. (2025)

Multimodal /
Tool-augmented

Alayrac et al. (2022);
(2024)

Beltagy et al. (2020); Zaheer et al. (2020);
Yang et al. (2025); He et al. (2025); Fu et

Grattafiori et al.

Sparse/linear attention,
Mixture-of-Experts,
hardware-aware designs

Vision-language = models,
multimodal reasoning, tool
use

Complexity, trade-offs
in accuracy and
portability

Hallucinations,
grounding
evaluation gaps

errors,

Alignment and Ouyang et al. (2022); Hu et al. (2021); RLHF, LoRA, PrivateLoRA, No standard
Safety Wang et al. (2023); Ullah et al. (2024); privacy-preserving models  benchmarks, unclear

Zhao et al. (2024) utility trade-offs
Alignment and Ouyang et al. (2022); Hu et al. (2021); RLHF, LoRA, PrivateLoRA, No standard
Safety Wang et al. (2023); Ullah et al. (2024); privacy-preserving models  benchmarks, unclear

Zhao et al. (2024) utility trade-offs
Applications /" Mohammadabadi et al. (2025); Chiarello et Surveys in  education, Trust, regulation,
Surveys al. (2024); Singhal et al. (2025); healthcare, AEC, and ethical and compliance

Thirunavukarasu et al. (2023); Sun et al. industry issues

(2025)

architectures, multimodal and tool-augmented

5. Future Research Direction systems, alignment and privacy frameworks, and

In the future, few areas will not be worth further
research by scholars. To begin with, the design of
compute- and data-efficient architectures will
become crucial to make large language models
more democratic by reducing their environmental
impact. Second, the research community needs to
come up with powerful multidimensional standards
that collaboratively evaluate accuracy, fairness,
alignment, privacy, robustness, and energy use.
Third, there is a need to develop multimodal
grounding and reasoning in order to enable users to
communicate dependably with text, vision, audio,
and structured information. Fourth, privacy-assuring
and reliable training paradigms, such as federated
learning, differential privacy, and edge-cloud
paradigm hybrid approaches cannot be dropped in
sensitive fields. Lastly, scientists and politician need
to collaborate to develop international policies and
ethics to promote responsible innovation and
mitigate the risks of abuse and provide fair access to
large language models advantages. With the right
inclination toward the technical advancement and
the values of society, future research work on the

large language models can go beyond the
performance benchmark and create an inclusive,
transparent, and long-lasting Al infrastructure
instead.

6. Conclusion

This survey has look at thirty important studies on
Large Language Models (LLMs), these studies cover
foundational scaling research, efficient and sparse

CaJoST, 2026, 1, 218-226

domain-specific applications. These studies show
both the exceptional abilities and the problem they
still face. Scaling laws show that data and model
size will lead to predictable improvements, yet they
also reinforce inequalities in compute access and
raise sustainability concerns. New Improved method
that focuses on efficiency such as sparse attention
and Mixture-of-Experts models show promise
pathways to reduce computational overhead, but
they often add complexity and make deployment
more difficult. On the other hand, multimodal and
tool-augmented models push LLMs toward broader
applicability, but issues of hallucination, factual
grounding, and evaluation reliability remain
unresolved. Works on alignment, safety, and privacy
is getting momentum, but current methods are not
standardized and don't do a good job of balancing
usefulness with risk reduction. Lastly, application-
focused surveys show that LLMs are becoming
more important in  healthcare, education,
engineering, and industry, this show that practical
use depends on trust, interpretability and
compliance as much as technical performance.
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