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ABSTRACT
This paper provides a review of the history and tech-
nological path of artificial intelligence (AI) that has 
evolved over the last 70 years. Beginning with 60 
foundational studies, this paper identifies the key 
theoretical, architectural, and paradigm changes that 
have characterized the development of AI, from its 
symbolic beginnings and the Dartmouth vision to the 
present-day large language models (LLMs) and diffu-
sion-based generative models. This paper identifies 
the periodic cycles of euphoria and stagnation, also 
referred to as “AI winters,” and highlights how advanc-
es in data availability, computational capabilities, and 
neural network architectures, particularly the Trans-
former architecture, have driven recent breakthroughs. 
Finally, this paper examines the emerging social and 
ethical implications of AI, including fairness, interpret-
ability, and long-term security risks associated with in-
creasingly autonomous systems.
Keywords: Artificial intelligence; Machine learning; 
Deep learning; Transformers; Large language models; 
Scaling laws; Explainable AI; AI security; Multimodal 
learning.

Introduction
The search for creating machines that can think like 
a human being has been one of the most ambitious 
scientific endeavors of the modern era. The philosoph-
ical roots of Artificial Intelligence can be traced back 
to ancient times, but the scientific field emerged in 
the middle of the 20th century. This is because a rev-
olutionary paper by Alan Turing in 1950, “Computing 
Machinery and Intelligence,”1 completely changed the 
paradigm of the debate from “Can machines think?” 
to “Can machines imitate us?” with the Turing test. 
During those days, intelligence was all about symbolic 
processing, in which thinking was done using logical 
rules.2 The Dartmouth Summer Research Project on 

Artificial Intelligence of 1956 marked the beginning of 
this phase, as McCarthy, Minsky, Rochester, and Shan-
non argued that “every aspect of learning or any other 
feature of intelligence can in principle be so precisely 
described that a machine can be made to simulate it.” 
This phase has seen some dramatic successes in the 
area of a narrow domain. First, Frank Rosenblatt’s Per-
ceptron3 marked the “connectionist revolution” as it at-
tempted to reproduce the artificial neuron that learned 
from the sensory inputs, marking the beginning of the 
connectionist period. At the same time, Arthur Samuel 
developed the checkers game, which showed that ma-
chines could learn from their experiences – almost ma-
chine learning in its first form. The evolution of AI over 
the years is represented in Table 1. This study employs 
a Structured Narrative Review approach to synthesize 
approximately 70 years of AI evolution. Unlike a purely 
descriptive history, this work focuses on the intersec-
tion of architectural paradigms and managerial gover-
nance. By analyzing foundational studies and contem-
porary technical reports, we aim to provide executives 
with a decision-making framework for responsible AI 
deployment.

The contribution of this review is threefold: (i) orga-
nizing the development of AI into particular architec-
tural paradigms, (ii) comparing the relative merits and 
demerits of these paradigms with respect to interpret-
ability, scalability, and data efficiency, and (iii) uni-
fying the most recent perspectives on scalability and 
security into a single framework.

Symbolic AI and the Connectionist Challenge
The early AI research could be categorized into two 
schools: symbolism and connectionism. Symbolic AI 
researchers use high-level rules and heuristics, where-
as connectionists take inspiration from the biological 
structure of the human brain.4 But the early eupho-
ria about neural networks was suddenly ended by 
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Table 1 | Foundational milestones in artificial intelligence (1950–1960)
Year Milestone/Event Key Figure(s) Core Concept Long-term Impact

1950 “Computing Machinery 
and Intelligence”

Alan Turing Turing Test; functionalism 
over “thinking”

Benchmark for behavioral 
machine intelligence

1951 First AI programs Christopher Strachey; 
Dietrich Prinz

Game-playing systems Demonstrated rule-based 
reasoning in machines

1956 Dartmouth Summer 
Research Project

McCarthy; Minsky; 
Rochester; Shannon

Formal birth of AI Defined research agenda for 
decades

1958 Perceptron Frank Rosenblatt Early neural network learning Basis for modern deep learning

1959 Checkers program Arthur Samuel Reinforcement learning Coined “machine learning”

1959 LISP language John McCarthy Symbolic programming Standard AI research language 
for decades
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the mathematical proof, given by Minsky and Papert 
in 1969, that single-layer perceptrons were unable to 
solve problems that were not linearly separable (e.g., 
the XOR gate problem) in their seminal critique.5 This 
resulted in drastically reduced funding and interest 
in neural networks for more than a decade, thus be-
ginning the first “AI winter.” The area was revived in 
the mid-1980s by Rumelhart, Hinton, and Williams,6 
who popularized the backpropagation algorithm. 
This made possible the training of multilayer neural 
networks, which addressed the structural issues that 
had been pointed out in the earlier work. As the con-
nectionist model was rediscovered, other researchers 
tried to improve the “reasoning” part of AI. The contri-
bution of Judea Pearl on Bayesian networks7 provided 
a framework for reasoning in the presence of uncer-
tainty. Thus, AI systems progressed from the simplistic 
“if-then” rule to a more sophisticated notion of infor-
mation, based on probability. Another area that came 
up during this phase is “embodied AI,” where Rodney 
Brooks8 demonstrated that intelligent systems do not 
necessarily require sophisticated internal represen-
tations. To ensure transparency and minimize selec-
tion bias, a structured search was conducted across 
databases, including Scopus, Web of Science, arXiv, 
and IEEE Xplore. Works were included if they met at 
least two of the following criteria: (1) Defined a foun-
dational architectural shift (e.g., Transformers, MoE); 
(2) Proposed a governance or safety framework; (3) 
Offered empirical data on model performance or scal-
ability. Speculative reports or non-peer-reviewed con-
tent without technical documentation (e.g., unverified 
parameter counts for closed models like GPT-4) were 
excluded or qualified as speculative (Table 2).

The Statistical Revolution and Machine Learning
The 1990s and early 2000s marked the start of a par-
adigm shift in the AI community, where there was a 
growing emphasis on statistical learning. The math-
ematical foundations for this paradigm shift were es-
tablished by Vladimir Vapnik in his statistical learn-
ing theory,9 which led to the development of support 
vector machines (SVMs). Quinlan decision trees be-
came popular in the field because of their interpret-
ability, efficiency, and ability to match other models 
on accuracy, which marked the first success of sta-
tistical machine learning.10 With this paradigm shift, 
the concept of specialization is also slowly being in-
troduced in neural nets. For example, Yann LeCun in-
troduced revolutionary work in convolutional neural 
nets (CNNs),11 especially in the context of document 
recognition, where the understanding of the topolog-
ical hierarchies that were involved in the recognition 

of the data helped improve results manifold. Long 
short-term memory (LSTM)12 nets were developed by 
Hochreiter and Schmidhuber, who solved the “van-
ishing gradient” problem and thus enabled the nets to 
“remember” the information for longer periods, which 
paved the way for speech recognition and translation. 
While industry reports suggest significant increases 
in scale, OpenAI has not officially disclosed the pa-
rameter counts or token volumes for GPT-4; therefore, 
performance metrics are analyzed based on observed 
capabilities rather than speculative architectural to-
tals. Google’s Gemini models represent a shift toward 
native multimodality, trained on diverse, massive 
datasets, including text, images, audio, and code, 
rather than being solely dependent on traditional 
benchmarks like ImageNet. Recent efficiency break-
throughs, such as parameter-efficient fine-tuning 
(PEFT), specifically LoRA and QLoRA, have democra-
tized the ability for enterprises to adapt large models 
with minimal compute overhead.

The Deep Learning Explosion (2012–2017)
The year 2012 was a major turning point in this re-
gard. The major accomplishment at ImageNet with 
AlexNet13 was to better the existing approaches, 
which could be beaten by deep CNNs and GPUs. In 
this phase, language models with neural probabil-
ities14 were also introduced, where a transition was 
noticed toward continuous word vectors instead 
of their symbolic representation. Further, Geoffrey 
Hinton et al. introduced a new paradigm of deep 
learning, which was Deep Belief Nets,15 including 
unsupervised pretraining for deep networks. This 
phase also marked the beginning of the new age of 
generative models. Generative Adversarial Networks, 
or GANs, were introduced by Ian Goodfellow in a pa-
per published in 2016.16 This is a series of networks 
that engage in a zero-sum game relative to each oth-
er while producing data. In addition to these, other 
architectures like Residual Learning, or ResNet, were 
also developed, which made it possible to train net-
works that were extremely deep using skip connec-
tions.17 Other architectures that were in vogue during 
this time included VGG networks, which emphasized 
depth using small and uniform filters,18 the Incep-
tion family of networks, which proposed multiscale 
convolutional modules to improve computational ef-
ficiency,19 and Chollet’s Xception model, which em-
ployed depth-separable convolutions to significantly 
reduce the size of the model while maintaining accu-
racy.20 The progression of computer vision models is 
indicated in Table 3. To assist executives, we propose 
the paradigm-governance performance (PGP) frame-
work. This matrix scores AI paradigms on a scale 
of 1–5 (where 5 is highest) across key operational 
constraints. Deployment strategies within the PGP 
framework are mapped directly to the NIST AI RMF 
1.0 (Map, Measure, Manage, Govern) and the EU AI 
Act. For instance, high-risk applications under the EU 
AI Act necessitate the “Human-in-the-loop” controls 
inherent in the PGP’s Governance dimension.

Table 2 | Paradigm shifts in AI architecture
Paradigm Primary Mechanism Core Reasoning Style Key Limitation

Symbolic AI Hard-coded rules Deductive Brittle; poor generalization

Connectionist AI Neural networks Inductive Black-box interpretability

Statistical AI Bayesian/SVM models Abductive Computational scalability
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Transformers and the Emergence of Large Language 
Models
The research paper “Attention is all you need”21 was 
published in 2017, and it spawned the Transformer 
model. The recurrent neural network was replaced by 
self-attention mechanisms, and this resulted in mas-
sive parallelization, which in turn spawned Google’s 
BERT22 model with bidirectional training for language 
understanding. OpenAI released the GPT series, start-
ing with GPT-1,23 then GPT-2,24 which focused on un-
supervised multitask learning. The release of GPT-325 
indicated that scaling up the model to 175 billion 
parameters actually uses emergent behavior, such 
as few-shot learning. Before the Transformer model, 
the revolution in the field was sparked by Mikolov’s 
Word2Vec algorithm26 and Pennington’s GloVe al-
gorithm.27 More recent developments in sequence 
modeling have also expanded on these ideas, with 
sequence-to-sequence neural networks enabling end-
to-end translation and text generation,28 attention 
networks further advancing alignment and reasoning 
abilities,29 and denoising autoencoder tasks such as 
BART improving robust pretraining techniques.30 The 
research of Sutskever et al. in the paper “Sequence to 
Sequence Learning with Neural Networks” and Bah-
danau et al. in the paper “Neural Machine Translation 
in Linear Time” brought about the sequence learning 
paradigm and the first “attention” methods, which 
can be seen as direct precursors to the Transform-
er model. Mike Lewis et al. brought about the BART 
approach, which is “denoising autoencoder.” The 
development of the GPT series is listed in Table 4. Re-
sponsible deployment now leans on Constitutional AI 
(Bai et al., 2022), where models are trained to follow 
a set of programmed ethical principles. Organizations 
should align these internal guardrails with ISO/IEC 
42001:2023 (AI management systems) and ISO/IEC 
23894 for risk management to ensure auditability 
and safety.

Reinforcement Learning and Human Alignment
Intelligence was further enhanced by interaction. Sut-
ton and Barto summarized the RL community in their 
influential book,31 and Q-learning was formalized in.32 
DeepMind advanced the state of the art with Deep 
Q-Networks (DQN),33 beating a world champion in 
Go with AlphaGo.34 Schulman et al. further improved 
these methods with PPO,35 which has since become the 
norm. OpenAI brings these very capable models in line 
with human intent with InstructGPT,36 developed with 
RLHF to ensure that the models behave in a safe and 
proper manner according to the user’s intent. The tran-
sition from symbolic logic to multimodal transformers 
represents more than a technical leap; it demands a 
shift in organizational governance. By utilizing the 
PGP framework, managers can balance the pursuit of 
performance with the requirements of scalability and 
responsible deployment, ensuring that AI initiatives 
are both innovative and compliant.

Ethics, Safety, and the Scaling Debate
However, the increased power of such technologies 
also led to the emergence of several dangerous attri-
butes, with Nick Bostrom37 pointing out the dangers 
of superintelligent technologies, and Cathy O’Neil38 
pointing out the “weapons of math destruction” from 
algorithms. The work of Timnit Gebru in “Datasheets 
for Datasets”39 was to make way for more transparen-
cy, while the work of Emily Bender and Gebru in “The 
Stochastic Parrots”40 was to point out the dangers of 
large language models to the environment and ethics. 
To address the “black box” problem of deep learning 
models, post-hoc interpretability techniques, such as 
LIME41 and SHAP42 have been developed, which ex-
plain the predictions made by models. Joy Buolamwini 
did research named “Gender Shades,”43 which pointed 
out the biases linked with facial recognition systems. 
On the other hand, Amodei et al.44 proposed a set of 
real-world issues related to AI safety. In response to the 
huge cost of scale, Meta proposed LLaMA,45 proving 
that smaller models with extra training data could be a 
better strategy. The research by Hoffmann et al., named 
“Chinchilla,”46 proposed a new set of scaling laws. The 
research stated that most models were “under-trained” 
for their size. The research was a development of the 
early scaling laws proposed by Kaplan,47 as well as 
Google’s PaLM,48 which specified the limits of path-
ways scaling. The comparison of both perspectives is 
presented in Table 5.

Table 3 | Evolution of computer vision models (2012–2017)
Model Year Approx. Depth Key Innovation Impact on AI Theory

AlexNet 2012 8 GPU + ReLU Triggered a deep learning revolution

VGG-16 2014 16 Small filters Improved depth-based feature extraction

Inception 2014 22 Multiscale modules Memory efficiency

ResNet 2015 152+ Skip connections Solved vanishing gradients

Xception 2017 71 Depthwise separable convolutions Parameter efficiency

Table 4 | Progression of the GPT series
Model Release Year Parameters Training Data Scale Key Emergent Capabilities

GPT-1 2018 117M 4.5 GB Zero-shot learning

GPT-2 2019 1.5B 40 GB Coherent long text

GPT-3 2020 175B 570 GB Few-shot learning

GPT-4 2023 ~1.8T ~13T tokens Multimodal reasoning
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Modern Frontiers: Multimodality and Beyond
The state of the art has been established by the GPT-
4 model,49 which combines text and vision. Further 
advancements have been achieved through the Chain 
of Thought method.50 In the field of Generative Media, 
the work of Rombach’s Latent Diffusion Models and 
Ho’s51,52 DDPMs has brought a revolution in the field. 
In the field of computer vision, Transformer models 
have also proved successful, particularly Vision Trans-
former (ViT), which demonstrated that pure attention 
mechanisms can be competitive with convolutional 
networks on large-scale image classification tasks.53 
In addition, general-purpose agents such as Gato by 
DeepMind54 and scientific achievement AlphaFold55 
also illustrate the flexibility of these models. Finally, 
Google’s Gemini,56 which is the current state of the art 
in multimodal fusion, is based on the enormous Im-
ageNet database57 and a number of other large data-
sets. Research on multimodal fusion of data,58 as well 
as the gap between non-linearities and RNNs,59 prom-
ises to continue pushing the boundaries in this area. 
Of course, the lessons of scaling up, such as Gopher, 
make it clear that while computational resources are a 
concern, efficiency is still important.

Discussion
The history of Artificial Intelligence, as reflected in 
these 60 foundational papers, hides in its essence 
a paradox between two philosophical approaches: 
the one of “general” intelligence, cast out by big 
data and computational power, and the one of ver-
ifiable, safe, and understandable symbolic process-
ing. We will highlight below the early philosophies 
of Turing1 and the Dartmouth visionaries2 in contrast 
to contemporary architectures such as GPT-449 and 
Gemini,56 identifying some areas of convergence and 
divergence. Although temporarily resolved by the 
rise of the backpropagation paradigm by Rumelhart 
et al.,6 the philosophical differences have persisted. 
The symbolic AI was based on human rules, which 
were too rigid to cope with the complexities of the 
real world. The current state of the art in deep learn-
ing, developed by LeCun11 and popularized by Alex-
Net,13 is extremely efficient in pattern recognition but 
does not necessarily rely on formal logic, as Pearl.7 
The current fashion of “Chain of Thought” prompts50 
can be considered another interesting compromise, 
where statistics are used to simulate logical step-by-
step thinking. Some interesting hints, however, may 
suggest that the winning solution is not one over 
the other but, rather, a combination of both, called 

“neuro-symbolic.” Arguably, some of the most inter-
esting debates of the last five years have been focused 
on the debate of “Efficiency of Scale.” Kaplan et al.47 
offered the first arguments on scaling laws, which 
stated that the efficiency of a model is first and fore-
most a function of the relation of parameters, com-
pute, and data. In this regard, it is always better to 
rely on and develop larger models, such as GPT-325 
and PaLM.48 However, Hoffmann et al.46 showed that 
most of these models were actually under-trained 
with respect to the data intake in the Chinchilla 
study. In this line of argument, the Meta study con-
ducted on the LLaMA45 model provided evidence that 
it is possible for a 70 billion parameter data intake 
with more data to perform better than a larger-sized 
version of the original models. This line of argument 
states that intelligence is not only defined by size but 
by the quality and content of information intake in 
the process. This line of argument is also seen in the 
development of the Gopher model.60 As models ad-
vanced from simple checkers programs4 to agents like 
Gato54 and AlphaFold,55 the issue of “misalignment” 
arises. Based on the literature, there is a development 
from the idea of safety by Bostrom,37 which was more 
theoretical back then, to its implementation in RLHF 
for models like InstructGPT.36 However, as Bender 
and Gebru40 point out, these approaches are more 
like “band-aids” on models that are suffering from 
the same training data biases that the model was suf-
fering from during training.43 However, it does seem 
that the conversation is now veering more toward 
constitutional AI and other enhanced safety features 
as described by Amodei.44 It would appear that there 
is a consensus that safety cannot be achieved via 
post-hoc approaches, such as fine-tuning, but rather 
must be baked into architecture. “The transition from 
LSTMs12 to the current state-of-the-art transformers21 
has alleviated the issue of sequential ‘memory,’ but 
the shift toward multimodality has brought us one 
step closer to human vision.” When comparing Res-
Net,17 a purely computer vision model, and BERT, a 
purely natural language processing model, to GPT-4 
and the current best model, Gemini, it is clear that 
intelligence is a multi-sensory concept. The addition 
of large-scale visual corpora, such as ImageNet,57 to 
natural language corpora has enabled these models 
to have a more complex multimodal understanding 
of the world, which would not have been possible in 
strictly natural language models. This shift toward 
“Generalist Agents”54 would seem to indicate not 
only the shift in the next decade of AI toward “em-
bodiment,” as proposed by Brooks,8 but also toward 
robotics as a means of utilizing these models.

Conclusion
Artificial Intelligence has evolved from the early sym-
bolic reasoning approaches suggested at the Dart-
mouth conference2 to the present-day large-scale 
multimodal fundamental models that are capable 
of integrating language, vision, and action.49,56 The 
evolution of AI has been identified in this review from 

Table 5 | Comparison of scaling laws
Feature Kaplan Scaling Laws Chinchilla Optimality

Philosophy Increase parameters first Balance parameters and data

Token Ratio ~1.7–5 tokens/parameter ~20 tokens/parameter

Insight Bigger models are efficient Most models under-trained

Training advice Scale model > data Scale both equally
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Turing’s behavioral definition of machine intelligence1 
to the present-day connectionist learning models, sta-
tistical models, deep neural networks, and scaling 
laws.46,47,60 The evidence from the last six decades of 
research work suggests that the development of AI has 
been driven not by one paradigm but by the ongoing 
interplay between theory, algorithms, data availabil-
ity, and computing resources. Symbolic models have 
helped with interpretability and logical reasoning, 
while neural and statistical models have helped with 
robustness and generalization. These advances have 
been combined with large multimodal datasets, in-
cluding large visual datasets such as ImageNet,57 and 
increasingly complex architectures that go beyond 
task-specific models to general-purpose intelligence. 
However, greater capacity has also led to equally 
important challenges. The issues of interpretability, 
fairness, environmental cost, and alignment are still 
open, and this is what serves to confirm the concerns 
expressed in the literature on safety and ethics.37–40 
These problems suggest that future advances will not 
be solely based on scaling up. Instead, future research 
should be based on data efficiency, architectural re-
search, and safety, as well as more transparent and ac-
countable deployment practices.53 The history of AI re-
search has clearly shown that technological progress 
must be accompanied by methodological and ethical 
reflection. The coming generation of progress is like-
ly to be based not only on bigger models but also on 
the right integration of learning efficiency, reasoning, 
and human safeguards. The future of AI will therefore 
need a balance between capability and responsibility 
in order to ensure that AI systems bring about overall 
social benefits.
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