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Large Language Models (LLMs) are a class of artificial neural networks
specifically designed to process and generate natural language based on statistical
analysis of large amounts of text data. The foundation of most modern LLMs is the
Transformer architecture.

The key element of the Transformer is the attention mechanism, which enables the
model to evaluate the importance of each word within the context of a sentence or even
an entire document. This makes it possible to effectively handle long-range
dependencies and context, which is crucial for generating coherent text.

The attention mechanism is a component of neural networks that allows the model
to selectively focus on relevant parts of the input data during processing. In the context
of natural language processing, this means that each token in the input sequence
considers its relationships with other tokens, forming a more accurate and context-
dependent representation. Attention is formalized through weight coefficients that
determine the contribution of each token to the output representation.

The training of large language models usually takes place in two stages:

Stage 1. Pre-training — the model is trained on large text collections (books, articles,
web pages) with the task of predicting the next word or filling in masked tokens
(masked language modeling, as in BERT).

Stage 2. Fine-tuning — the model is further trained on domain-specific data or with
the use of instructions to improve its performance on particular tasks.

Some LLMs additionally undergo a stage of Reinforcement Learning with Human
Feedback (RLHF). This approach allows the model’s responses to better align with
human expectations and helps reduce the number of incorrect or harmful outputs [1,
2].

The Transformer architecture consists of encoder and decoder modules, which can
be combined depending on the task:

— Encoder-only (BERT) — models composed solely of encoder modules, used for
text analysis tasks such as classification, entity extraction, and semantic search;

— Decoder-only (GPT-3/4, LLaMA) — models composed solely of decoder
modules. They are mainly used for text generation, as each new token is predicted
based on the preceding ones;
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— Encoder-decoder (TS5, BART) — models that combine both components. They
are applied in tasks such as translation, paraphrasing, and summarization, where one
text needs to be transformed into another.

The encoder is the part of the model that transforms input text into numerical
vectors while preserving its meaning and structure. Each token (a word, a part of a
word, or a character) is mapped to an embedding vector, which is enriched with
contextual information through multiple layers of attention and neural blocks. In this
way, the model captures relationships among all words in a sentence or paragraph,
forming a contextualized representation suitable for analysis, classification, or
semantic relation extraction. For example, BERT, which relies only on encoder
modules, performs exceptionally well on text analysis tasks such as classification, and
sentiment detection.

The decoder is the part of the model responsible for text generation. It takes internal
representations (from the encoder module or from previously generated tokens in
decoder-only models) and predicts the next token sequentially (autoregressive
generation). Each new token takes into account all previously generated ones. The
multi-head attention mechanism enables the decoder to focus on different aspects of
the text simultaneously, improving output quality. Consequently, such models are used
for tasks like translation, summarization, dialogue, and creative story generation.

The encoder-decoder Transformer architecture is illustrated in Figure 1 [3].

The input text is passed through a sequence of encoder modules, where a
contextualized representation of each token is formed. The decoder modules then use
these representations to generate the output text by sequentially predicting the next
tokens. The figure also shows the self-attention and multi-head attention mechanisms,
which enable the model to simultaneously evaluate different aspects of relationships
between words, thus ensuring effective handling of long-range dependencies and
context.

Large language models can operate in different modes depending on the
availability of additional examples or task-specific adaptation:

— Zero-shot learning: the model performs a task without any additional training,
relying only on the user’s instruction. For example, GPT-4 can immediately translate
text from Ukrainian to Japanese without being provided with examples;

— Few-shot learning: the prompt includes a few examples of how the task should
be performed, after which the model generates a response in a similar format. This
improves accuracy in domain-specific tasks;

— Fine-tuning: further training of the model on a specialized dataset to achieve
maximum accuracy in a specific domain (e.g., literary stylization or medical
terminology). Fine-tuning can be full (updating all parameters) or partial (e.g., through
Low-Rank Adaptation) [4].
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Figure 1 — Transformer architecture (encoder-decoder)

Modern LLMs are evolving toward larger context windows, more efficient
attention mechanisms, and multimodality. Models such as Claude 3 or GPT-4 Turbo
can process up to 200k tokens of context, which enables analysis of entire books or
large codebases. GPT-40 and Gemini 1.5 integrate text, image, audio, and video
processing within a single architecture [5-12].

Due to these features, the latest LLMs can effectively work with text both for
analysis and for the generation of new plots, characters, and dialogues.
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