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Abstract 

This paper outlines the connections between the development of artificial intelligence (AI) 

and modern neuroscience. I believe that by studying these two multidisciplinary topics, we 

will gain a mindful understanding of how we learn, be better able to analyze data by 

encoding for context and the identification of potential biases, and be able to develop 

technology and devices that not only replicate functions of the brain, but bring us closer to 

true artificial general intelligence. As a researcher attracted to the wider applications of data 

to human computer interaction design, this project assisted in refining my interests. While 

the road to artificial general intelligence is long and circuitous, it is not enough for us to 

build blindly towards this future without understanding and respecting who we are as 

sentient creatures. The human ability to contextualize information, form opinions, and 

imagine are all unique to the individual, and tied to memories and sensations of their finite 

experiences. Therefore, we cannot continue to build technology in corporate silos without the 

contextual input of multiple disciplines and society at large.  
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Introduction 

As one of the largest cross-disciplinary fields in science and engineering (Deng & Jiang, 

2018), artificial intelligence (AI) is a disruptive technological change affecting all industries and 

individuals. In his seminal paper, “Computing machinery and intelligence,” mathematician, Alan 

Turing, in considering the question, ‘Can machines think?’ defined AI as any system that 

exhibits behavior that could be interpreted as human intelligence (Turing, 1950, pp. 433-436; 

458-460). Given the general definition of intelligence as being a mental capacity to understand 

and apprehend knowledge or comprehension of something (Intelligence), Turing’s definition of 

AI becomes multivariate, as it considers the structure of knowledge from human computational, 

behavioral, and cognitive perspectives. While I believe in Turing’s view of AI, I also see it as a 

beacon in the quest to obtain artificial general intelligence (AGI).  

As the human brain is the body’s computational center, this paper aims to elucidate the 

connections between the development of artificial intelligence and modern neuroscience. 

Personally, I believe that by studying these two multidisciplinary disciplines, we will gain a 

mindful understanding of how we learn, be better able to analyze data by encoding for context 

and identification of potential biases, and able to develop technology and devices that function as 

“probabilistic-prediction devices” like the brain (Clark, 2019). 

A Brief History of Artificial Intelligence 

Generation of Artificial Intelligence 

Turing was the first to define the concept of AI through The Turing Test (Turing, 1950, 

“The Imitation Game”, pp. 433-442). However, the actual term AI was first used by computer 

and cognitive scientist, Dr. John McCarthy, in 1955 in a proposal for a summer conference at 

Dartmouth, which sought to “define the ways a computer can behave that the everyday person 
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would recognize as intelligent” (“A proposal for the Dartmouth summer research project on 

artificial intelligence,” n.d.). The proposal was also co-authored by three other notable men of 

information science from both academia and industry; including, cognitive scientist Dr. Marvin 

Minsky of Harvard University, computer scientist Nathaniel Rochester of the International 

Business Machines Company (IBM), and mathematician and electrical engineer Dr. Claude 

Shannon of Bell Labs. The first of its kind to examine the “aspects of the artificial intelligence 

problem” (“A proposal for the Dartmouth summer research project on artificial intelligence,” 

n.d.), the two-month long workshop event drew ten mathematicians, engineers, and scientists 

from a variety of fields. Furthermore, the event outlined many of the conceptual problems that 

form the framework of AI today—programming for automatic computers, programming a 

computer to use a language, neuron nets, theory of the size of a calculation, self-improvement, 

abstractions, randomness, and creativity. Moreover, the conference was significant because it 

formulated the first experiments in symbolic reasoning and planning AI, which matches meaning 

to a physical symbol, like a stop sign does to a driver. 

Early Limitations in AI Lead to the First AI Winter 

Though the mid-twentieth century promised great strides in the development of AI, the 

field entered what is known as the First AI Winter. As Cami Rosso illustrates in her essay, “The 

Symbiotic Nature of AI and Neuroscience: The Cognitive Intersect of Human and Artificial 

Intelligence,” this period of relative dormancy was in part due to the way machines were learning 

through symbolic reasoning (Russo, n.d.). While symbolic reasoning is very good for small 

defined tasks and fundamental to many weak/narrow AI systems, like the chatbot Eliza invented 

by Joseph Weizenbaum in 1966, they are limited and time consuming as they require an expert 

to encode the information, response, and the logical steps to take to generate the response 
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(Campbell-Kelly, 2008). As these earlier machine programs began to interact with more real-

world problems, the rapid growth of in complexity of the problem’s patterning had the potential 

to result in combinatorial explosion (Strannegård, Nizamani, & Engström, n.d.). Furthermore, 

while research was being conducting at this time in facial recognition and translation systems 

(“Face Recognition Software | History of Forensic Psychology,” n.d), I believe limited computer 

processing power, database storage capacity, and network ability meant that these narrow AI 

systems were also limits to the physical constructs. It was not until the 1980s, and the 

development of the integrated circuit for computer processors, that technology enabled symbolic 

reasoning to take on more sophisticated challenges (Rahwan et al., 2019, pp. 477-478). This 

technological change was responsible for the rise in the expert systems and speech recognition 

software (Shustek, 2010, p. 41). 

Influence of Neuroscience on AI 

A Return to Neuron Origins 

As previously stated, though symbolic learning has its advantages, it was only one of two 

concepts that came out of the Dartmouth workshop. Another, called machine learning, was 

developed by Arthur Samuel in 1959. Like Turing, Samuel too believed that games were ideal 

teaching grounds for machines (Turing, 1950, pp. 435-439). Based on the concept of brain cell 

interaction proposed in Donald Hebb’s book The Organization of Behavior and the work of 

neuroscientist Santiago Ramón y Cajal (Ullman, 2019, pp. 692-693), in machine learning instead 

of an expert planning out matching patterns, a computer can be programmed to learn the new 

pattern itself from training data.  

Despite the progress in weak AI in the 1980s, the field entered the second AI winter. 

However, it was not until 1997 and the defeat of the world’s reigning chess champion, Garry 
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Kasparov, by IBM’s Deep Blue, that a new age of AI begins (Markoff, 2005). What made this 

win for IBM unique is that the algorithms used to program Deep Blue’s moves were generated 

through advances in machine learning through neural networks/deep learning. In deep learning, 

the machine learns through layers—the input, hidden, and output layers, respectively. As a 

message is recognized/evaluated, it is successively weighted and passed from the input layer to 

hidden layer(s) until it reaches the output layer. An advantage of deep learning is that the output 

is reported with a high degree of confidence and the machine learns from experience. In these 

neural networks, neurons might learn incrementally via supervisory feedback or efficiently 

encode environmental statistics in an unsupervised fashion (Hassabis et al., 2017, p. 246). As 

evident from the similarities to the sensory experience of touching an object, I believe the rise of 

strength in machine learning-deep learning is closely associated with the ties to neuroscientists 

and cognitive scientists working in the late 1980s on the idea of parallel distributed processing 

(PDP) (Rumelhart et al., 1986).  

Alongside its role in the development of deep learning, neuroscience has also been 

instrumental in the development of contemporary AI in the field of reinforcement learning 

(Hassabis et al., 2017, p. 246). The concept of reinforcement learning is a parallel to the brain’s 

release of ‘reward signals’ which are used to modify behavior (Heyliger, 2012). In humans, the 

modified behavior can stimulate the release of endorphins which may trigger activities such as, 

the rest-and-digest response of the parasympathetic nervous system. In comparison to the 

complexity of the previous example of neuro-sensory response, I feel that though machine 

learning has advanced AI considerably, it still lacks the high-degree and high fidelity of ‘human 

annotated training data’ (Helmstaedter, n.d., p. 27) that our species has acquired over thousands 

of years of evolution.  
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Conclusion 

As Dehaene et al. illustrate in “What is consciousness, and could machines have it?”, 

consciousness for machines must be defined by two dimensions of conscious computation--

global availability (the relationship between a cognitive system and a specific object of though) 

and self-monitoring (whereby the cognitive system is able to monitor its own processing and 

obtain information about itself) (Dehaene, Lau, & Kouider, 2017). Based on the research for this 

paper, I would argue that machine learning products, such as internet of things devices, are closer 

to achieving this concept of self-monitoring, as they are programmed to continuously evaluate 

and supply their relationship to their environmental system. I feel that what is needed to further 

this concept to the level of a general artificial intelligence model is developing a closed 

interconnected system of systems that signal and communicate to each other. An example of this 

interconnected system of systems, is found in the way the human body responds to a cut: cells at 

the site of incident release a hormone signaling both the location of the injury and the need 

action from the immune system to promote an inflammatory response.  

Global availability of consciousness, however, I feel is the harder to concept to develop 

and achieve, as cognitive neuroscience suggests that this relationship is related to entanglement 

of abstractions of replay, imagination, and episodic memory, which “are all found in dreams and 

related to the way we use multiple memory systems to make decisions based on timescales” 

(Hassabis et al., 2017, p. 247-250). While the team at Google Deep Mind is advancing research 

in this area by building “safe AI systems that learn how to solve problems and advance scientific 

discovery for all” (DeepMind, n.d.), I feel that what will continue to make human intelligence 

unique to even the most revolutionary AGI, is this drive to seek purpose in seas of unfathomable 
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possibility. For unlike artificial intelligence, the human experience is finite and will always end 

in death. 
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