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Abstract. This paper provides a comprehensive investigation into the evolution of artificial 
intelligence (AI). It focuses on the enduring scholarly debate between symbolism and connectionism, 
with a particular emphasis on the Turing model and the neural network model. The study situates 
Large Language Models (LLMs) within this theoretical framework, emphasizing their connectionist 
foundations while critically examining their historical interactions with symbolic approaches. Key 
issues addressed include the academic controversies surrounding symbolic and connectionist 
methodologies, the distinctive attributes of each paradigm, and the future development trajectory of 
LLMs—specifically exploring whether their advancement should prioritize algorithmic innovation or 
data-driven scalability. The primary contribution of this paper lies in its comparative analysis of the 
Turing model and the neural network model, offering a nuanced perspective on the respective 
strengths and limitations of each approach. By elucidating the research landscape, this comparative 
framework seeks to foster the convergence of these paradigms, thereby advancing the development 
of LLMs. The findings suggest that integrating symbolic and connectionist paradigms holds 
significant promise for enhancing LLM capabilities, with profound implications for both academic 
research and technological innovation. This paper contributes to a deeper understanding of AI, 
providing insights that may expedite the development of more resilient and adaptable AI systems, 
ultimately benefiting human welfare and fostering societal advancement. 
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1. Introduction 

The evolution of artificial intelligence (AI) has been profoundly influenced by the longstanding 

academic debate between symbolism and connectionism, with particular emphasis on the 

development of the Turing model and the neural network model. Since the conclusion of World War 

II, society has increasingly recognized the transformative impact of computers and algorithms on 

industrial progress, technological advancement, and daily life. These technologies have 

revolutionized sectors ranging from manufacturing to healthcare, fundamentally reshaping human-

machine interactions. In recent years, major global events such as the COVID-19 pandemic, rapid 

digital transformation, and geopolitical shifts have further underscored the critical importance of 

advanced technologies like AI, which are widely viewed as the drivers of a new technological 

revolution. This transformation highlights the pivotal role of algorithms, data, and machine learning 

in shaping the future of industries and enhancing human well-being. Within this context, Large 

Language Models (LLMs) epitomize the potential of advanced AI systems to redefine human-

computer interaction and drive breakthroughs across various sectors of society. 

The significance of studying the evolution of AI paradigms lies in comprehending the 

contributions of both symbolic and connectionist approaches to the capabilities of modern AI. 

Symbolism and connectionism have each addressed distinct facets of intelligent systems, with their 

historical trajectories reflecting divergent methodologies for replicating human cognition. The 

symbolic approach, grounded in the Turing model, provided a robust theoretical foundation for early 

AI systems, particularly those capable of handling structured tasks such as logical reasoning and 

expert systems. In contrast, connectionism, represented by neural networks, has demonstrated 

exceptional success in adaptive learning, pattern recognition, and processing large datasets. The 
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necessity of this research review is underscored by several key factors: (1) misconceptions and 

misunderstandings regarding AI algorithms remain prevalent, often leading to oversimplified or 

misrepresented views of the capabilities and limitations of both symbolic and connectionist 

approaches; (2) the integration of these paradigms is crucial for overcoming their individual 

limitations and advancing AI systems capable of addressing complex, real-world problems; and (3) 

understanding the developmental trajectories of these models is essential for appreciating their 

significance in shaping future AI innovations and their broader societal impact. 

Building on the preceding discussion, this paper is structured as follows: Section 2 provides an 

overview of the Turing model and the neural network model, highlighting the historical debate 

between symbolism and connectionism. Section 3 elaborates on the evolutionary history of these 

models, emphasizing key milestones such as Neural Turing Machines, Differentiable Neural 

Computers, and the rise of deep learning. Section 4 examines the implications of these developments 

for the convergence of symbolism and connectionism and discusses the potential applications of 

LLMs in various societal contexts. The conclusion synthesizes these insights and outlines future 

research directions in the field of hybrid AI systems. 

2. Symbolic and Connectionist Approaches in AI 

2.1. Overview of Two Models 

LLMs have perpetuated the enduring academic debate of "symbolism vs. connectionism" in the 

evolution of artificial intelligence, a discourse that can be traced back to the 1950s. This debate centers 

on how to conceptualize and simulate human intelligence: symbolic proponents advocate for 

emulating intelligence through formalized logical rules and symbolic systems, whereas 

connectionists contend that intelligence should be modeled by replicating the architecture and 

adaptive learning mechanisms of the human brain's neural network. LLMs align with the 

connectionist paradigm, utilizing sophisticated deep learning architectures to train on vast corpora of 

textual data and generate human-like linguistic outputs. This methodology epitomizes the 

connectionist perspective of approximating human cognition, while simultaneously contributing 

novel dimensions to this protracted academic discourse. 

2.2. Core Debate in Academia 

The Turing model is founded on the concept of the "Turing Test," proposed by Alan Turing in 

1950, which initiated the symbolic approach to research, suggesting that intelligence could be 

simulated through logical symbols [1]. Symbolists argue that intelligence can be effectively modeled 

by processing logical symbols. This approach relies on formal rules and logical reasoning, positing 

that intelligence is interpretable and can be simulated by manipulating a set of explicit rules to emulate 

human cognitive processes. Typical symbolic artificial intelligence methodologies include expert 

systems and rule-based logical reasoning. In 1956, John McCarthy, Marvin Minsky, Allen Newell, 

and Herbert Simon jointly convened the Dartmouth Conference, marking the formal establishment of 

artificial intelligence as a discipline rooted in symbolic reasoning. McCarthy first proposed the idea 

of employing symbolic logic for knowledge representation [2]. Advocates of symbolism maintain 

that by devising explicit rules, computers can effectively simulate and solve complex problems, and 

the Dartmouth Conference further propelled the advancement of AI systems based on formal logic 

and rule-based structures.  

Connectionism, on the other hand, is epitomized by the neural network model. In 1943, Warren 

McCulloch and Walter Pitts first proposed a mathematical model to simulate neural networks, thereby 

laying the foundational groundwork for neural network research [3]. This paradigm attempts to 

emulate the brain's intricate architecture, generating intelligence through interconnected neurons and 

weight adjustments. Connectionists posit that intelligence is not rule-driven but rather emerges 

through adaptive learning and sophisticated pattern recognition. Neural networks iteratively adjust 

weights through substantial volumes of training data to perform intricate pattern recognition and 
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classification tasks. Although the early work on neural networks can be traced back to the 1943 

mathematical model by McCulloch and Pitts, neural networks were largely marginalized in academia 

until the rise of multilayer perceptrons (MLPs) and backpropagation algorithms in the 1980s. 

Rumelhart and his colleagues applied the backpropagation algorithm to MLPs, which facilitated the 

widespread acceptance and adoption of this approach. Their work systematically elucidated the 

training process of MLPs using backpropagation, significantly augmenting the practicality and 

applicability of MLPs. This algorithm addressed the training challenges of multilayer neural networks, 

enabling complex nonlinear problems to be effectively handled through deep neural networks [4]. 

The introduction of backpropagation catalyzed the resurgence of neural networks and ushered in a 

new chapter in connectionist research. Neural networks were no longer constrained to simplistic 

linear problems, and connectionism once again garnered significant attention from academia. 

The core debate between connectionism and symbolism lies in the methodologies for achieving 

intelligence and knowledge representation. Symbolists advocate that intelligence is predicated on 

symbols and rules, relying on explicit logical reasoning, which is well-suited for structured tasks. 

However, connectionists argue that such Turing machine-based models are inherently limited in 

handling parallel processing and ambiguous information, lacking the adaptive flexibility intrinsic to 

biological brains. Connectionism, by contrast, represents knowledge implicitly through the weighted 

connections in neural networks, emphasizing data-driven learning and adaptive capacities. 

Nonetheless, symbolists criticize neural network models for their opacity and lack of interpretability, 

particularly in complex tasks where symbolic logic operations provide greater clarity, transparency, 

and controllability. 

2.3. Debate, Convergence and Coexistence 

Since the 1940s, the rivalry between connectionism and symbolism has experienced numerous 

vicissitudes, encompassing various technological advancements and setbacks. In 1943, McCulloch 

and Pitts proposed the "McCulloch-Pitts neuron model," which catalyzed early research on neural 

networks [3]. However, due to limitations in computational resources and theoretical frameworks, the 

progress of neural networks was protracted. In the 1950s, symbolism rapidly ascended in prominence 

within the field of artificial intelligence, with researchers like Newell and Simon introducing the 

logic-based "General Problem Solver," demonstrating that computers could emulate logical reasoning, 

thereby establishing symbolism as the dominant paradigm [5]. In 1969, Minsky and Papert published 

Perceptrons, critiquing the inherent limitations of neural networks and highlighting that simple single-

layer perceptrons could not solve nonlinear problems, such as the XOR problem, which precipitated 

an "AI winter" for neural networks. During this period, most funding and academic attention shifted 

towards symbolism, and connectionism fell into abeyance [6]. However, in the mid-1980s, Rumelhart, 

Hinton, and Williams reintroduced the concepts of "multilayer perceptrons" and the "backpropagation 

algorithm," surmounting the obstacles that previously hindered perceptrons from addressing 

nonlinear problems. Their 1986 publication precipitated a brief resurgence of connectionism, and 

neural networks regained traction [4]. Over the next decade, symbolism and connectionism were 

evenly matched, but due to insufficient data and computational resources, the development of neural 

networks was once again impeded. It was not until 2006 that Hinton and colleagues introduced the 

concept of deep learning, augmenting model representation capabilities by stacking multiple layers 

of neural networks and employing unsupervised learning for pre-training [7]. In 2012, AlexNet's 

exceptional performance in the ImageNet Large Scale Visual Recognition Challenge propelled deep 

learning to mainstream status, marking the full resurgence of connectionism [8]. Since then, neural 

networks have achieved remarkable success in fields such as computer vision and natural language 

processing, while symbolism has gradually receded to a subsidiary role.  

In recent years, there has been a growing trend towards the convergence of connectionism and 

symbolism. The logical reasoning and interpretability of symbolism have been integrated into neural 

networks to address the "black box" conundrum of deep learning. Neurosymbolic systems, which 

amalgamate symbolic reasoning with neural networks, have emerged, possessing both pattern 
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recognition and inferential capabilities, thereby demonstrating significant potential in tackling 

multifaceted tasks. This hybrid approach enhances the versatility, adaptability, and scalability of AI 

systems, enabling them to process intricate datasets while preserving logical transparency, robustness, 

and interpretability [9]. 

3. History of Turing Model and Neural Network Model 

3.1. Turing Model 

The development of the Turing model illustrates the triumphs and challenges of symbolism in the 

history of artificial intelligence. In 1943, McCulloch and Pitts, inspired by the concept of the Turing 

machine, proposed a logic-based neural computational model, laying the early foundation for 

symbolic systems [3]. In the 1950s, Turing's seminal paper on "Computing Machinery and 

Intelligence" further galvanized symbolic research, proposing the feasibility of achieving intelligence 

through symbolic manipulation [1]. In 1956, Newell and Simon's "General Problem Solver" (GPS) 

model demonstrated for the first time that machines could perform sophisticated logical reasoning 

through symbolic rules, thereby simulating human decision-making processes—marking a pivotal 

milestone for symbolism [5]. During this period, symbolism rapidly established hegemony in the 

burgeoning field of artificial intelligence. By the 1970s, expert systems such as DENDRAL (for 

chemical analysis) and MYCIN (for medical diagnosis), both predicated on symbolic rules, emerged, 

showcasing the immense potential of symbolism in knowledge-intensive tasks. Symbolic systems, 

which relied on explicit rules and formal logical reasoning, excelled in addressing structured 

problems, leading to widespread adoption of symbolism in specialized domains. However, as its 

application proliferated, the inherent limitations of symbolism became increasingly conspicuous. 

Symbolic systems struggled with unstructured data, parallel processing, fuzzy tasks, and adaptive 

learning capabilities. In 1969, Minsky and Papert published Perceptrons, critiquing the intrinsic 

limitations of symbol-based models inspired by the Turing machine, particularly their inability to 

handle the complex pattern recognition and adaptability characteristic of the human brain, especially 

with nonlinear problems [6]. This critique catalyzed a fundamental reassessment of the scope and 

applicability of symbolism. By the 1980s, the ascendance of connectionist neural network models, 

especially multilayer perceptrons based on the backpropagation algorithm, demonstrated their 

superiority in addressing complex pattern recognition tasks. In the 1990s, symbolism faced further 

challenges from emerging methodologies such as statistical learning and support vector machines, 

which gradually eroded its mainstream status. Although symbolism's trajectory was illustrious, its 

intrinsic limitations ultimately precipitated its decline. Nevertheless, its accomplishments in formal 

logical reasoning and rule-based processing laid a robust foundation for subsequent AI research. 

3.2. Neural Network Model 

The evolutionary trajectory of neural network models is pivotal in the annals of connectionism, 

characterized by their initial conception, developmental setbacks, and resurgence in modern deep 

learning, culminating in their critical application in LLMs. In the 1940s, McCulloch and Pitts 

introduced the "McCulloch-Pitts neuron" model, simulating rudimentary binary logic of neurons in 

the brain and laying the foundational groundwork for connectionism [3]. This model demonstrated 

the latent potential of neural networks in information processing, yet progress was impeded by limited 

computational resources and theoretical insights. From the 1950s to the 1960s, connectionism entered 

a nascent phase of experimentation and exploration. In 1958, Rosenblatt proposed the "perceptron" 

model, which sought to classify images using a single-layer neuron network, becoming the first neural 

network model employed for pattern recognition [10]. The perceptron's design garnered significant 

attention but faced substantial criticism in 1969, when Minsky and Papert's book Perceptrons 

underscored its inability to solve nonlinear problems, such as the XOR problem, and delineated its 

inherent limitations [6]. This critique precipitated a decline in enthusiasm for neural networks, with 

funding and academic support shifting towards symbolic models, marking an "AI winter" for neural 
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network research. During the late 1970s and early 1980s, the field of neural networks experienced a 

significant downturn. However, in the mid-1980s, Rumelhart, Hinton, and Williams reintroduced the 

concept of multilayer perceptrons along with the backpropagation algorithm, which employed 

gradient descent across multiple layers of neurons to effectively optimize weights and solve nonlinear 

problems—signifying a brief but impactful revival of connectionism [4]. The introduction of 

backpropagation facilitated the training of neural networks for more complex tasks, rekindling 

interest in the field, particularly in domains such as speech recognition. Despite this resurgence, the 

limited availability of data and computational power constrained the broader practical applications of 

neural networks, and the revival remained transient. In the 1990s, connectionism faced further 

challenges from the rise of statistical learning techniques, including support vector machines (SVMs), 

and neural network development was again constrained due to the scarcity of large-scale data and 

computational capacity. However, in 2006, Hinton and colleagues introduced the concept of "deep 

learning," employing unsupervised learning for pre-training multilayer networks and addressing the 

vanishing gradient problem in deep networks—marking the genuine resurgence of neural networks 

[7]. With advancements in GPU technology and the proliferation of big data, neural networks made 

a groundbreaking impact in the 2012 ImageNet competition, where Krizhevsky and colleagues' deep 

convolutional neural network (AlexNet) outperformed traditional methods in image recognition tasks, 

establishing deep learning as the preeminent paradigm [8]. As deep learning evolved, neural networks 

exhibited unprecedented potential in the domain of natural language processing (NLP). In 2017, 

Vaswani and colleagues introduced the Transformer model, incorporating the self-attention 

mechanism, which enabled neural networks to manage long-range dependencies and significantly 

augmented NLP performance—establishing the Transformer as the foundational architecture for 

modern LLMs [11]. Subsequently, Transformer-based models, such as GPT and BERT, continued to 

advance, leveraging massive text corpora to achieve sophisticated natural language understanding 

and generation. In modern LLMs, neural networks, through their deep architectures and self-attention 

mechanisms, adeptly handle natural language by learning intricate semantic relationships and 

contextual dependencies. Neural networks play a pivotal role in supporting LLMs, achieving high 

accuracy in tasks such as dialogue generation, text comprehension, and translation. This resurgence 

underscores the comprehensive revival of connectionism, positioning neural networks at the vanguard 

of contemporary AI. 

3.3. Theoretical and Academic Advancements 

Over the past decade, the theoretical and practical developments of the Turing model and neural 

network model have intertwined, collectively propelling transformative advancements in the field of 

artificial intelligence. On the theoretical front, the Turing model, as the cornerstone of computational 

theory, has led to derivative innovations such as Neural Turing Machines (NTMs), opening new 

avenues of exploration. In 2014, Graves et al. introduced NTMs, which amalgamate neural networks 

with external differentiable memory, enabling the execution of complex algorithmic tasks and 

addressing the long-term dependency issues that traditional neural networks struggle with [12]. 

Subsequently, Differentiable Neural Computers (DNCs) further optimized memory management and 

retrieval capabilities, allowing models to learn and manipulate intricate data structures [13]. Although 

these theoretical breakthroughs have yet to achieve large-scale application, their core concepts have 

inspired advancements in dynamic reasoning and complex task modeling, including indirect 

applications in reinforcement learning and intelligent control. Additionally, Memory-Augmented 

Neural Networks (MANNs) have demonstrated exceptional performance in few-shot learning tasks, 

becoming a core technique in meta-learning [14]. Furthermore, architectures such as Neural Stacks 

and Neural GPUs have been proposed, providing the potential for extending the computational 

prowess of neural networks and enabling differentiable programming. 

Complementing these advances are the breakthroughs within neural network models themselves. 

Beginning with the introduction of Deep Residual Networks (ResNet) in 2015, He et al. effectively 

addressed the vanishing gradient problem in deep networks through residual connections [15]. This 
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breakthrough not only laid the foundation for training ultra-deep networks but also found widespread 

applications in computer vision tasks, such as medical image classification and detection. Around the 

same time, Generative Adversarial Networks (GANs), proposed by Goodfellow et al., provided a 

revolutionary tool for generating photorealistic images and data synthesis, with applications spanning 

artistic creation, image restoration, and medical imaging [16]. In 2017, the introduction of the 

Transformer model marked a paradigm shift in natural language processing (NLP). Vaswani et al. 

proposed the self-attention mechanism, enabling models to process long sequences more efficiently 

without relying on recurrent structures [11]. This theoretical foundation directly catalyzed the 

development of models like BERT and GPT, which have become integral to text generation, machine 

translation, and semantic analysis. 

Theoretical advancements have had profound practical impacts. In 2016, the triumph of AlphaGo 

marked a seminal milestone in the evolution of deep learning. By integrating deep neural networks 

with Monte Carlo Tree Search, AlphaGo successfully defeated world champion Lee Sedol in the 

game of Go, signifying a breakthrough for artificial intelligence in complex decision-making tasks 

[17]. This accomplishment not only demonstrated the formidable capabilities of deep learning but 

also showcased the potential of reinforcement learning and search algorithms in solving intricate 

strategic problems. Similarly, advancements in autonomous driving technology have transformed 

human transportation. Companies like Tesla and Waymo have leveraged Convolutional Neural 

Networks (CNNs) for environmental perception and object detection, combined with reinforcement 

learning for optimizing path planning, propelling autonomous vehicles from testing environments to 

practical deployment. 

Moreover, the application of deep learning in scientific research has been transformative. In 2020, 

DeepMind's AlphaFold, utilizing the Transformer architecture, successfully predicted protein 

structures, solving a longstanding conundrum in biology [18]. This breakthrough directly accelerated 

drug discovery and provided a powerful tool for structural biology. In the medical field, deep learning 

has also been extensively applied in medical image analysis and diagnosis. For instance, CheXNet, a 

deep learning-based algorithm, has significantly enhanced the accuracy of early detection of diseases 

such as pneumonia and cancer [19]. 

In commercial and everyday applications, deep learning has become even more pervasive. 

Recommendation system optimization is another major application scenario for neural networks, with 

platforms like Netflix, YouTube, and Amazon employing deep learning techniques to accurately 

predict user preferences, thereby greatly enhancing user experience. Voice assistants like Alexa and 

Siri utilize natural language processing and speech recognition technologies to provide users with 

more intelligent and intuitive interaction capabilities. Additionally, the application of neural networks 

in complex real-time strategy games, such as OpenAI's Dota 2 and DeepMind's StarCraft II, has been 

particularly noteworthy, demonstrating AI systems' formidable ability to learn and adapt in complex, 

dynamic environments. 

Overall, the Turing model has provided the theoretical foundation, with its derivative Neural 

Turing Machines inspiring dynamic modeling of complex tasks, while the theoretical advancements 

of neural networks have led to widespread practical implementation through deep learning. From Go 

to protein structure prediction, and from autonomous driving to medical diagnostics, artificial 

intelligence is reshaping the world at an unprecedented pace. These breakthroughs suggest that the 

deep integration of theory and practice will continue to drive AI into previously uncharted territories, 

expanding the horizons of what is conceivable in the future. 

4. Applications of Large Language Models in Future Societal Scenarios 

In future societal landscapes, LLMs are widely regarded as pivotal pillars driving the 

transformation of lifestyles and the emergence of an intelligent society. Their scope of application 

spans healthcare, education, mental health, social services, technological innovation, creative 

industries, and daily life. A profound examination of the literature reveals a central thesis: LLMs are 
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not merely tools for information processing but constitute an intelligent infrastructure characterized 

by cross-domain adaptability, profound comprehension capabilities, and dynamic collaborative 

potential, thereby carrying the mission of redefining human-technology interaction. 

In the healthcare domain, LLMs are anticipated to revolutionize diagnostic processes, particularly 

in personalized treatment and the optimization of medical resources. According to Nature Medicine 

[20], the contextual understanding capabilities of LLMs allow them to analyze patient histories, 

laboratory data, and clinical presentations in real time, generating precise diagnostic 

recommendations and assisting physicians in formulating more scientifically informed treatment 

plans. Concurrently, the management of electronic health records (EHRs) will be rendered more 

efficient through the automation capabilities of LLMs. Utilizing natural language generation, LLMs 

can autonomously organize and extract patient data to produce concise yet comprehensive medical 

reports, significantly reducing the administrative burden on healthcare professionals [21]. Further, 

LLMs play a role in medical education, generating precise educational content for continuous 

professional development and expediting the training of healthcare workers in resource-limited 

settings. In the field of mental health, LLMs can interact with patients to detect psychological issues 

such as anxiety and depression and generate personalized mental health interventions [22], thereby 

significantly expanding the accessibility of mental health services. 

In educational settings, LLMs are portrayed as key facilitators of intelligent learning assistance. 

Nature Medicine [19] and npj Digital Medicine [21] suggest that LLMs have the ability to tailor 

educational content based on individual student needs, providing new possibilities for personalized 

learning and promoting educational equity. For instance, LLMs can generate multilingual educational 

content for students from diverse linguistic and cultural backgrounds, mitigating disparities in 

traditional education caused by geographic or resource distribution imbalances. In future scenarios, 

LLMs are envisaged not merely as educational tools but as essential agents for the equitable 

distribution of educational resources and the dissemination of high-quality education. 

At the level of social services and public policy, LLMs have further applications. According to npj 

Digital Medicine [21], LLMs can rapidly process and analyze complex policy data, providing 

empirical support to policymakers by simulating potential policy outcomes. In scenarios involving 

natural disasters, LLMs can process multisource data in real time, facilitating resource allocation and 

emergency response, thereby enhancing societal resilience. 

In the domain of technological innovation, LLMs are regarded as a driving force behind code 

generation and optimization. According to Nature [23], LLMs have applications in software 

development automation, including generating code from natural language descriptions, detecting 

potential errors, and optimizing algorithm performance. This capability lowers the barriers to 

programming, potentially redefining the software development lifecycle and enabling non-specialist 

developers to engage in software design and testing. Additionally, LLMs contribute to automated 

testing, generating test cases and identifying vulnerabilities, significantly enhancing software security 

and reliability. 

In the creative industries, the multimodal generative capabilities of LLMs are a focal point. npj 

Digital Medicine [21] and related studies suggest that integrating LLMs with multimodal generative 

models facilitates automatic creation of creative content in literature, music, and visual arts, providing 

artists with novel inspiration and tools. The dynamic interaction capabilities of LLMs allow them to 

assume intelligent virtual roles in immersive entertainment, enhancing user experiences by generating 

real-time storylines. 

In daily life, LLMs are envisioned as comprehensive personalized assistants. Nature Medicine [20] 

and npj Digital Medicine [21] suggest that LLMs will provide highly personalized recommendations 

based on user habits, such as managing personal finances, planning travel, or optimizing daily tasks. 

Moreover, integration with smart home systems enables LLMs to control household environments 

through natural language interaction, providing a more convenient and intelligent lifestyle. 

In summary, the future conceptualization of LLMs extends beyond their role as task-oriented tools; 

they are envisioned as deeply integrated, versatile intelligent infrastructure integral to the 
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advancement of human society. The core attributes of LLMs lie in their cross-domain adaptability, 

dynamic collaboration capabilities, and profound comprehension of complex contexts. Their 

extensive applications will drive transformative changes in healthcare, educational equity, social 

governance, technological innovation, and everyday life. Future LLMs are likely to become 

indispensable partners in human society, collaboratively constructing a more intelligent, adaptive, 

and inclusive world. 

5. Conclusion 

This paper has meticulously investigated the historical and theoretical evolution of artificial 

intelligence, focusing on the Turing model and the neural network model, which represent the 

symbolic and connectionist paradigms, respectively. In Section 2, the author provided an in-depth 

overview of these two foundational models, emphasizing their distinct approaches to conceptualizing 

and simulating human intelligence. The Turing model laid the groundwork for early symbolic AI 

systems, characterized by formalized rules and logical reasoning, whereas the neural network model 

emerged as a formidable approach for adaptive learning and complex pattern recognition, aligning 

with connectionism. Section 3 examined the evolutionary trajectory of these models, tracing key 

milestones such as the development of Neural Turing Machines, Differentiable Neural Computers, 

and the rise of deep learning, which contributed to the resurgence of connectionism as the prevailing 

paradigm in contemporary AI. Section 4 explored the growing convergence of symbolism and 

connectionism, culminating in the emergence of neurosymbolic systems that integrate the 

interpretability of symbolic reasoning with the adaptive capabilities of neural networks. This 

convergence has facilitated substantial advancements in AI capabilities, particularly in LLMs, which 

have been applied across diverse societal domains, including healthcare, education, technological 

innovation, and creative industries. 

Looking forward, LLMs are poised to assume an increasingly pivotal role in shaping future societal 

and technological landscapes. Their potential to revolutionize healthcare diagnostics, personalized 

education, and public policy underscores their significance as integral components of an intelligent 

society. However, future research must address several critical challenges, including enhancing the 

interpretability of LLMs, improving their capacity to handle complex multimodal tasks, and 

mitigating biases inherent in training data. Advancements in neurosymbolic AI hold considerable 

promise for overcoming some of these challenges, paving the way for more robust, transparent, and 

ethically aligned AI systems. As AI continues to evolve, the integration of symbolic and connectionist 

approaches will be crucial for developing sophisticated, hybrid systems capable of addressing the 

complexities of real-world problems and driving meaningful societal progress. 

References 

[1] Turing, A. M. Computing machinery and intelligence. Mind, 1950, 59(236): 433-460. 

[2] McCarthy, J. Programs with common sense. In Proceedings of the Teddington Conference on the 

Mechanization of Thought Processes (pp. 75-91). London, UK: Her Majesty's Stationery Office, 1959. 

[3] McCulloch, W. S., & Pitts, W. A logical calculus of the ideas immanent in nervous activity. Bulletin of 

Mathematical Biophysics, 1943, 5(4): 115-133. 

[4] Rumelhart, D. E., Hinton, G. E., & Williams, R. J. Learning representations by back-propagating errors. 

Nature, 1986, 323(6088), 533-536. 

[5] Newell, A., & Simon, H. A. The logic theory machine: A complex information processing system. IRE 

Transactions on Information Theory, 1956, 2(3): 61-79. 

[6] Minsky, M., & Papert, S. Perceptrons: An introduction to computational geometry. MIT Press, 1969. 

[7] Hinton, G. E., Osindero, S., & Teh, Y. W. A fast learning algorithm for deep belief nets. Neural 

Computation, 2006, 18(7), 1527-1554. 



Highlights in Science, Engineering and Technology IFMPT 2025 

Volume 128 (2025)  

 

272 

[8] Krizhevsky, A., Sutskever, I., & Hinton, G. E. ImageNet classification with deep convolutional neural 

networks. In Advances in Neural Information Processing Systems (pp. 1097-1105), 2012. 

[9] Marcus, G. The next decade in AI: Four steps towards robust artificial intelligence. AI Magazine, 2020, 

41(3): 19-24. 

[10] Rosenblatt, F. The perceptron: A probabilistic model for information storage and organization in the brain. 

Psychological Review, 1958, 65(6): 386-408. 

[11] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, Ł., & Polosukhin, 

I. Attention is all you need. In Advances in Neural Information Processing Systems (pp. 5998-6008), 2017. 

[12] Graves, A., Wayne, G., & Danihelka, I. Neural Turing machines. arXiv preprint arXiv:1410.5401, 2014. 

[13] Graves, A., Wayne, G., Reynolds, M., Harley, T., Danihelka, I., Grabska-Barwińska, A., Colmenarejo, S. 

G., Buesing, L., & Blundell, C. Hybrid computing using a neural network with dynamic external memory. 

Nature, 2016, 538(7626): 471-476. 

[14] Santoro, A., Bartunov, S., Botvinick, M., Wierstra, D., & Lillicrap, T. Meta-learning with memory-

augmented neural networks. In Proceedings of the 33rd International Conference on Machine Learning 

(pp. 1842-1850), 2016. 

[15] He, K., Zhang, X., Ren, S., & Sun, J. Deep residual learning for image recognition. arXiv preprint 

arXiv:1512.03385, 2015. 

[16] Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., & 

Bengio, Y. Generative adversarial nets. In Advances in Neural Information Processing Systems (pp. 2672-

2680), 2014. 

[17] Silver, D., Huang, A., Maddison, C. J., Guez, A., Sifre, L., van den Driessche, G., Hassabis, D. Mastering 

the game of Go with deep neural networks and tree search. Nature, 2016, 529(7587): 484-489. 

[18] Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Tunyasuvunakool, K., Hassabis, D. Highly 

accurate protein structure prediction with AlphaFold. Nature, 2021, 596(7873): 583-589. 

[19] Rajpurkar, P., Irvin, J., Zhu, K., Yang, B., Mehta, H., Duan, T., Ng, A. Y. CheXNet: Radiologist-level 

pneumonia detection on chest X-rays with deep learning. arXiv preprint arXiv:1711.05225, 2017. 

[20] Clusmann J., et al, The future landscape of large language models in medicine. Nature Medicine, 2023, 

3(1): 141. 

[21] Raza, Marium M., et al. Generative AI and Large Language Models in Health Care: Pathways to 

Implementation. npj Digital Medicine, 2024, 7(1): 62. 

[22] Stade, Elizabeth C., et al. Large Language Models Could Change the Future of Behavioral Healthcare: A 

Proposal for Responsible Development and Evaluation. npj Mental Health Research, 2024, 3(1): 12. 

[23] Mouret, Jean-Baptiste. Large Language Models Help Computer Programs to Evolve. Nature, 2024, 

625(7995): 452-453. 


