The Evolution of Generative Al and Transformer-based LLMs

Generative Al has shifted Al from mainly recognizing patterns to creating new text,
images, audio, and other content. Surveys and historical reviews show a clear
trajectory: from early rule-based and statistical generators to deep generative
models and today’s large, transformer-based foundation models and LLMs (Sengar et
al., 2024; Hagos et al., 2024; Trigka & Dritsas, 2025; He et al., 2025; Kiling &
Kececioglu, 2024; Zhou, 2025; Myers et al., 2023).

Historical Evolution of Generative Al

Early & pre-deep learning: Rule-based systems and statistical/model-based
generators (e.g., graphical, probabilistic models) formed the first two stages
of generative Al (He et al., 2025).

Deep generative models (~2014-2017):

o VAEs and GANs in 2014 enabled realistic images, sounds, and text by
learning data distributions with encoder—decoder or adversarial
setups (Sengar et al., 2024; Bengesi et al., 2023; Kiling & Kegecioglu,
2024; S. et al.,, 2024; Nah et al., 2023; Kusiak, 2024).

o Other families: autoregressive, flow-based, and diffusion models
broadened high-fidelity generation, especially for images (Sengar et
al., 2024; Trigka & Dritsas, 2025; S. et al., 2024; Kusiak, 2024; Celik &
Eltawil, 2024).

Transformers and foundation models (2017-now): The Transformer
architecture (2017) replaced recurrence with attention and became the
backbone of modern generative models (Sengar et al., 2024; Hagos et al.,
2024; Kiling & Kececioglu, 2024; S. et al., 2024; Nah et al., 2023; Vaswani et
al., 2017). Scaling these to “foundation models” and GPT-style systems
marked a major revolution (Bengesi et al., 2023; He et al., 2025; Zhou, 2025;
Matarazzo & Torlone, 2025; Myers et al., 2023; Linkon et al., 2024).

Representative LLM Milestones
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Figure 1: Illustrative timeline of major Transformer-based LLMs.
Core Mechanisms of Transformers

Self-attention & multi-head attention: Compute how strongly each token
should attend to every other, capturing long-range dependencies and
contextual relationships in parallel (Sengar et al., 2024; Hagos et al., 2024;
Kiling & Kecgecioglu, 2024; S. et al., 2024; Ferraris et al., 2025; Zhou, 2025; Nah
et al., 2023; Vaswani et al., 2017).

Encoder—-decoder (or decoder-only) stacks: Layers of self-attention +
feed-forward networks model complex patterns in sequences;
encoder—decoder for translation, decoder-only for many LLMs (Kim et al.,



2024; S. et al., 2024; Vaswani et al., 2017).

Positional encoding: Adds order information so transformers, which process
tokens in parallel, can model sequence structure (Sengar et al., 2024; Bengesi
et al., 2023; Zhou, 2025; Vaswani et al., 2017; Su et al., 2021). Variants like
Rotary Position Embedding (RoPE) encode absolute and relative positions
efficiently (Su et al., 2021).

Expressive power: Theoretical work shows how depth, number of heads,
attention, and positional encodings together determine approximation power
for long, sparse, complex sequences (Wang & Weinan, 2024).

From Transformers to Large Language Models

LLMs as generative transformers: LLMs (GPT, BERT-family, T5, PaLM-like
models) are transformers trained on massive text corpora, enabling fluent
generation, translation, summarization, and question answering (Hagos et al.,
2024; Bengesi et al., 2023; Kim et al., 2024; Ferraris et al., 2025; Zhou, 2025;
Matarazzo & Torlone, 2025; Myers et al., 2023; Linkon et al., 2024).

Scaling laws and foundation models: Increasing parameters, data, and
compute predictably boosts performance, leading to very large “foundation
models” with broad, cross-task capabilities (Hagos et al., 2024; He et al.,
2025; Ferraris et al., 2025; Zhou, 2025; Matarazzo & Torlone, 2025; Myers et
al., 2023; Shen et al., 2024).

Training paradigms: Pre-training on vast unlabeled text, followed by
fine-tuning and alignment methods (e.g., RLHF) make models more useful
and safer for downstream tasks (Bengesi et al., 2023; Zhou, 2025; Matarazzo
& Torlone, 2025; Myers et al., 2023; Linkon et al., 2024).

Applications, Challenges, and Future Directions

Applications: Text, image, video, and code generation; healthcare and
radiology; smart manufacturing; scientific discovery; business and 6G wireless
systems (Sengar et al., 2024; Bengesi et al., 2023; Trigka & Dritsas, 2025; Kim
et al., 2024; S. et al., 2024; Ferraris et al., 2025; Kusiak, 2024; Myers et al.,
2023; Linkon et al., 2024; Celik & Eltawil, 2024).

Key challenges: Bias, hallucinations, interpretability, privacy, compute and
energy costs, and risks like deepfakes and misinformation (Sengar et al., 2024;
Bengesi et al., 2023; Trigka & Dritsas, 2025; He et al., 2025; S. et al., 2024;
Ferraris et al., 2025; Matarazzo & Torlone, 2025; Myers et al., 2023; Linkon et
al., 2024).

Research trends: More efficient architectures (including linear-complexity
models) with similar scaling behavior to standard transformers (Wang &
Weinan, 2024; Su et al., 2021; Shen et al., 2024); multimodal and
domain-specialized models; stronger safety and governance frameworks
(Sengar et al., 2024; Hagos et al., 2024; Trigka & Dritsas, 2025; He et al., 2025;
Ferraris et al., 2025; Matarazzo & Torlone, 2025; Myers et al., 2023; Linkon et
al., 2024; Celik & Eltawil, 2024).

Conclusion

Across many independent reviews, there is strong agreement that generative Al has
evolved from rule-based systems and early statistical models to deep generative
architectures, and then to transformer-based foundation models and LLMs.
Transformers’ self-attention plus positional encoding made large-scale sequence



modeling practical, and scaling these models has produced general-purpose systems
with powerful generative abilities—alongside significant technical and societal
challenges that remain active areas of research.

These search results were found and analyzed using Consensus, an Al-powered
search engine for research. Try it at https://consensus.app. © 2026 Consensus NLP,
Inc. Personal, non-commercial use only; redistribution requires copyright holders’
consent.
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