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I. INTRODUCTION  

Within a few years, generative AI moved from research 

labs to everyday tools used by students, programmers, 

writers and businesses. At the centre of this change 

are large language models: neural networks with 

billions of parameters trained to predict the next word 

on vast collections of text. Surprisingly, this simple 

objective produces models that can answer questions, 

summarize, translate, write code and reason through 

problems. 

Zhao et al. [1] surveyed the development of LLMs, and 

Bommasani et al. [2] described them as foundation 

models: general models adapted to many downstream 

tasks. Understanding how they are built, what they can 

do and where they fail is now part of basic AI literacy. 

This paper reviews the architecture, training, 

capabilities and limitations of LLMs and proposes a 

lifecycle architecture.  

 

 

II. BACKGROUND AND RELATED WORK  

1. The Transformer 
 

Vaswani et al. [3] introduced the transformer, which 

replaces recurrence with self-attention so that every 

token can attend to every other token in parallel. Text 

is split into subword tokens using methods such as 

byte-pair encoding [4]. Fig. 1 summarizes LLM 

components and the stages of their lifecycle.  

  

Fig. 1. Components and lifecycle stages of large 

language models.  
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2. Model Types 
 

Encoder models such as BERT [5] are suited to 

understanding tasks, while decoder-only models 

generate text autoregressively and form the basis of 

generative assistants.  

3. Review Of Related Studies 
 

Radford et al. [6] showed that generative pre-training 

of a transformer followed by fine-tuning improves 

many language tasks, and GPT-2 [7] demonstrated 

that larger models perform tasks without task-specific 

training. Brown et al. [8] introduced GPT-3 and showed 

few-shot learning from examples in the prompt. 

Kaplan et al. [9] found that loss falls predictably as a 

power law with model size, data and compute, and 

Hoffmann et al. [10] refined this into compute-optimal 

scaling, showing that many models were under-

trained. Wei et al. [11] documented emergent abilities 

that appear only above certain scales, and chain-of-

thought prompting [12] elicited step-by-step 

reasoning. 

For alignment, Christiano et al. [13] learned from 

human preferences, and Ouyang et al. [14] used 

reinforcement learning from human feedback to make 

models follow instructions helpfully. Touvron et al. [15] 

released openly available LLaMA models. Lewis et al. 

[16] grounded generation in retrieved documents. 

Bender et al. [17] warned about the risks of ever-larger 

models, including bias, environmental cost and the 

illusion of understanding. Table I summarizes these 

works.  

Sr. No. Ref. Year Methodology Findings Research Gap 

1 [3] 2017 Transformer self-

attention 

Parallel sequence modelling Quadratic attention cost 

2 [6] 2018 Generative pre-training Pre-train + fine-tune gains Small by today's 

standards 

3 [8] 2020 GPT-3 few-shot learning In-context learning Hallucination and bias 

4 [9] 2020 Scaling laws Predictable improvement with 

scale 

Compute allocation 

refined later 

5 [17] 2021 Risks of large models Bias, cost, misunderstanding Position paper 

6 [10] 2022 Compute-optimal 

training 

More data per parameter Large training cost 

7 [11] 2022 Emergent abilities Capabilities appear with scale Measurement debated 

8 [14] 2022 RLHF instruction 

following 

Helpful, aligned behaviour Labeller cost 

 

TABLE I Summary of Literature Survey  

 

III. RESEARCH GAP AND OBJECTIVES  

1. Identified Research Gaps 
 

1) LLMs hallucinate and can state false information 

confidently [18].  

1. Training data contain social biases that models may 

reproduce. 

2. Training and running large models consume 

substantial energy and money. 

 

 

3. Support for low-resource and Indian languages is 

uneven. 

4. Evaluation of real-world reliability and safety 

remains immature.  

2. Objectives Of The Review 
 

• To explain the transformer architecture and 

tokenization underlying LLMs. 
• To review pre-training, scaling and emergent 

capabilities. 
• To examine alignment and retrieval augmentation. 
• To propose an LLM lifecycle architecture. 
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• To analyse limitations and responsible-use 

considerations.  

IV. DESIGN OF THE PROPOSED SYSTEM  

  

Fig. 2 shows the lifecycle architecture of an LLM-based 

generative AI system.  

1. Data Layer 
 

Large, diverse text and code corpora are collected, 

filtered for quality, de-duplicated and cleaned of 

personal information.  

2. Pre-Training Layer 
 

A decoder-only transformer is trained to predict the 

next token over trillions of tokens on large accelerator 

clusters.  

3. Alignment Layer 
 

Instruction tuning and preference optimization teach 

the model to follow instructions, be helpful and avoid 

harmful outputs.  

4. Augmentation Layer 
 

Retrieval, tools and memory connect the model to 

current information and external actions.  

5. Application Layer 
 

Chat assistants, coding tools, summarizers and domain 

applications use the model through APIs, with 

monitoring and feedback.  

6. Methodology 
 

Fig. 3 outlines how an LLM produces a response. Self-

attention computes 

 Attention(Q,K,V) = softmax(QKᵀ / √d_k) V (1) 

and pre-training minimizes the negative log-likelihood 

of each next token, 

 L = − Σₜ log P(xₜ | x₁ … xₜ₋₁) (2) 

At inference, tokens are generated one at a time by 

sampling from the predicted distribution, controlled 

by temperature and other decoding settings.  

  

Fig. 3. How an LLM generates a response.  

V. DISCUSSION AND COMPARISON  

Table II compares model families. Encoder models 

excel at understanding, decoder-only models at 

generation, closed frontier models offer the highest 

capability, and open models allow local deployment 

and customization.  

Family Strength Typical Use Deployme

nt 

Encoder 

(BERT) 

Understandin

g 

Classification, 

search 

Easy, small 

Encoder

–

decoder 

(T5) 

Text-to-text Translation, 

summarizatio

n 

Moderate 

Decoder

-only 

(GPT-

style) 

Generation Chat, writing, 

coding 

Large 

compute 

Open 

models 

(LLaMA) 

Customizable Local / 

domain apps 

Self-hosted 

 

TABLE II Comparison of Language Model Families  
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VI. CHALLENGES AND FUTURE 

DIRECTIONS  

Table III summarizes challenges. Future directions 

include more efficient architectures, multimodal 

models, better reasoning and factuality, Indian 

language models and governance frameworks for safe 

deployment.  

Challenge Mitigation 

Hallucination Retrieval grounding; verification 

Bias Data curation; evaluation; 

alignment 

Cost and energy Efficient models; quantization 

Privacy Data filtering; on-premise 

deployment 

Misuse Usage policies; safety filters 
 

TABLE III Challenges and Mitigation  

VII. CONCLUSIONS  

Large language models are the engine of generative 

AI. The reviewed literature shows how the transformer, 

scale and alignment combine to produce general-

purpose systems capable of a wide range of language 

tasks. Their limitations, including hallucination, bias, 

cost and misuse, mean that LLMs should be grounded, 

evaluated and used with human oversight to deliver 

their benefits responsibly.  
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