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Abstract 
The dream of Artificial Intelligence (AI) is to make computers mimic the human brain in reasoning and in patterns of 

providing solutions to human problems. AI has tried its best by the advent of many techniques and algorithms to 

achieve human cognition. Nevertheless, it has not achieved cognition because of the architecture on which the 

computer system operates (von Neumann architecture) because memory and computation are housed differently. Thus, 

the need for a non-von Neumann Architecture for cognitive computing. Cognitive computing brings interaction 

between human experts and machines to help human experts solve previously difficult or complex problems by 

learning from data and reasoning from models. This study describes neuromorphic chips used in cognitive computing 

with specific examples of different ones designed and developed by different corporations and research institutes. This 

paper includes a table of a summary listing different materials used by different inventors for developing neuromorphic 

chips. It includes their respective applications in machine learning and AI. 

 

Keywords: Cognitive computing, Artificial Intelligence, Von Neumann architecture, Human cognition, 

Neuromorphic chip. 

1. Introduction 

Computing has moved from tabulating era to the programming era and now to the cognitive era. The 

tabulating era involves the use of punch cards and switches from 1900 to the 1940s. In the programming 

era, the computer started using transistors made up of silicon chips, Von Neumann architecture was 

invested and there was enough memory to store programs. The era runs from the 1950s-till present. The 

programming era gave birth to information systems applications. Information systems produced automation 

of many processes, which is generally known as digitization. 

 

Information Systems gave rise to data processing, and then to information management, leading to 

knowledge generation. Knowledge generation is the time of discovering knowledge from data using data 

mining or machine learning techniques to analyze data. Data analytics gave rise to many other types of 

research such as parallel computing. Parallel computing emerged due to challenges such as computational 

intensity of data, challenges of storing and analyzing large datasets (data storage i.e. databases, and data 

warehouses). With the advent of internet technology, computing graduated information systems into 
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information technology, this leads to ubiquitous computing, the internet of things, cloud computing etc. 

The information technology era leads to the generation of ever-growing data everywhere. 

 

More massive data generation and accumulation in countless computing devices gave rise to big data. 

Challenges of analytical computations of big data lead to a lot of researches on big data and data analytics. 

Due to the rise in the generation of data from social computing (i.e. social media) and ubiquitous devices, 

analytical computation of big data is researching into the analysis of unstructured data for hidden and 

implicit knowledge. The researchers aimed at making computers reach cognition by analyzing unstructured 

datasets. Thus, new and extended machine learning techniques such as deep learning, reinforcement 

learning were developed to achieve computer cognition i.e. ability to reason and learn like humans. 

 

The dream of Artificial Intelligence (AI) is to make computers mimic the human brain in reasoning and 

solving human problems. AI has tried its best by the advent of many techniques and algorithms to achieve 

cognition. Nevertheless, it has not achieved cognition because of the architecture on which its computer 

system operates (von Neumann architecture). 

2. Von Neumann Architecture 

Von Neumann has memory and processor separately and operates synchronously. The Von Neumann 

major shortfall is because its architecture kept memory and processor separately and it operates 

synchronously. This separation makes information between memory and processor go through buses thus 

slowing down the rate of transfer of information. This is not good enough for AI real-time communication 

[1] and unlike the human brain which the computer aims to mimic. Thus, there is a need for a new 

architecture that approaches cognition just like the human brain.  

3. The Human Brain 

The first difference between computers (even supercomputers) and the human brain is in the computational 

power of the human brain without consuming much energy or emitting heat. The second is in its flexibility 

in processing information. The human brain neurons can connect and disconnect and reconnect with other 

neurons. This is known as neuroplasticity. 

 

Human brains can make calculations five times faster than the fastest supercomputer called summit made 

by IBM (International Business Machines Corporation) [2]. Though computers and even Supercomputers 

like summit are complex but still cannot perform cognition just like the brain. Supercomputers even emit a 

lot of heat. The difference is due to the architecture. Von Neumann bottleneck is in the separation of 

memory and processing units. Firstly, instruction flows from memory to the central processing unit and this 

slows down throughput. Unlike computers in which data needs to pass through three separate connections 

or compartments for processing, the brain is connected in parallel and does not need to transfer data, but 

data is stored and processed in the neuron. Through brain dendrites, a neuron is connected to thousands of 

neurons but the computer only has three connections. Thus researchers are trying to mimic the architecture 

of the brain using neuromorphic computing. This means trying to copy the architecture of the brain which 

consists of the interconnection of neurons through dendrites. 

 

In the brain, the neurons form a neural network and the gap or interconnection between one neuron and the 

other is called synapses. The same applies to the neural network of the neuromorphic chip which just like 

the brain transmits information through pulses in its neural network, and as it transmits information it 

modulates the synaptic strength (weight) in the interconnections.  
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4. Cognitive Computing (A non-Von Neumann Architecture) 
 

Cognitive computing is about simulating human thought processes in a computerized model using the 

neuromorphic chip in a non-Von Neumann Architecture. Cognitive is a multidisciplinary field at the 

intersection of artificial intelligence, neuroscience, supercomputing and nanotechnology [3].  Neuroscience 

helps artificial intelligence to understand and reveals the nature of the mechanism of how human brains 

achieve cognition and intelligence. Neuroscience has an impact on the re-shaping of AI techniques to 

achieve cognition and redesigning of computer architecture where memory and processor are housed 

together. Supercomputing is aimed at building fast and smart computers. Supercomputers like summit are 

very fast with high computational speed but emit a lot of heat and consume a lot of energy. From 

supercomputers, researchers aimed at having computers that can process at the speed of the human brain 

and without consuming energy or emitting heat. Cognitive computing surpasses the technology of 

supercomputers in terms of performance, computational speed of nanoseconds, with thousands of 

processors in parallel with tens of thousands of processors. Cognitive computing brings interaction between 

human experts and machines to help human experts solve a previously difficult or complex problem by 

learning from data and reasoning from models. Such interaction produces a better solution than when a 

human expert alone tries to solve the problem or solve it with the traditional informatics systems [4], [5]. 

Artificial intelligence is about the neural mechanism itself e.g. artificial neural network (ANN), 

convulsionary neural network (CNN) etc. and the use of the mechanism in building intelligence devices [6]. 

Cognitive Computing also includes computer hardware, software, algorithms and architecture that are 

consistent with the known body of neuroscience and exhibits cognitive phenomena. In 2008, DARPA 
(Defense Advanced Research Projects Agency) rolled outcall for proposal sponsorship for synapse 

(systems of neuromorphic adaptive plastic scalable electronics). The aim is to produce electronic machine 

technology that is scalable like biological cells, occupy less volume and consumes little power. A 

neuromorphic chip is not explicitly programmed but it can solve the problem by learning from data with 

much less training and much fewer data. It integrates both memory and processor unlike the von Neumann 

architecture. Self-supervised learning is using our senses to respond to our actions, this is neuromorphic 

behavior. It is characterized by low power or energy consumption, low latency or error, high computational 

speed, and joint space-time representation [7]. 

Cognitive computing gives rise to a new era of systems that are not explicitly programmed but can reason 

with purpose, interact with their environments including humans, and learn effectively from big data [8]. 

Because it adds reasoning ability to learning ability it has much impact on machine learning algorithms, 

thus, going beyond machine learning. Moreover, it advances or scales the learning capacity of machine 

learning or artificial intelligence algorithms. For example, it gives machine learning algorithms the ability 

to go through very large volumes of a dataset (structure and unstructured) which humans cannot go through 

in their lifetime of reading and research. Thus, cognitive computing adds reasoning ability and scalability to 

the learning ability of machine learning/artificial intelligence algorithms. 

Cognitive is launching us into the desired era of computing foreseen by fathers of Computing such as Allan 

Turing which is to have a machine that reasons like humans by imitating the human brain. It is a system 

that allows interaction between humans and machines in the decision process. Currently, there is an 

integration of cognitive computing with machine learning techniques into previously existing digital or 

automated or artificial intelligent systems [9] that produces better results. This is possible by its ability to 

reason like humans, analyze data at a very greater speed and high computational power of neuromorphic 

chip or quantum computer processor. 

Cognitive computing is currently applied to electronic health care systems, customer care systems, 

intelligence travel planners, review of insurance policies, speech recognition, machine translation etc. 

 

4.1 Theory of Cognitive Computing 

Cognitive computing comprises several disciplines, and its application is developed on special chips called 

a neuromorphic chip or on special systems called quantum computers running q-bits [10]. In terms of 

discipline, it combines the field of knowledge representation, taxonomy and ontology, inference engine 
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(expert system), knowledge graph, machine learning techniques, artificial intelligence(e.g. artificial neural 

network (ANN) for image processing, natural language processing (NLP) ), big data engineering and 

analysis, parallel and distributed frameworks, databases (SQL and NoSQL). 

In terms of decision making, cognitive computing is probabilistic and not deterministic [11]. Non-cognitive 

applications use a deterministic algorithm to compute just one answer to a query while cognitive 

application gives many answers and rate each with a level of relevance. Companies carrying out research 

and building neuromorphic chips are Intel, IBM, HPE (Hewlett Packard Enterprise), MIT (Massachusetts 

Institute of Technology), Purdue, Stanford University etc. [12]. 

 

4.2  Uses of Neuromorphic chip 

A neuromorphic chip is useful for the analysis of datasets evolving in real-time. For examples: 

Smarter cameras: Performs image processing in real-time to discover abducted people and report missing 

persons immediately. 

Solving of Industrial and societal problems: Because neuromorphic chips will learn from the environment, 

it will help industry and society to make good decisions based on experience. Just like the slogan 

“experience is the best teacher.” 

Optimized Traffic lights: To build a traffic light that optimizes its timing for stops and starts based on 

current traffic situations. 

 

5.   Different Neuromorphic Chips 
 

This section describes different neuromorphic chips such as TrueNorth of IBM, Loihi of Intel and the like. 

a)  TrueNorth of IBM 

IBM Almaden Research Centre was sponsored by DARPA, which eventually discovered TrueNorth after 

16 years [10]. Firstly, they discovered two chips called the golden gate and San Francisco containing 256 

neurons. Further research reduces the size and power consumption of these chips and creates a neural 

synaptic core that is fitted into a grid (4096 were fitted) and called TrueNorth. TrueNorth has 1 million 

neurons and 256 million synapses. The cores operate independently and in parallel, and each has memory 

and processing function, thus data are stored locally. This mimics the neuron of the brain. The output 

messages are called spikes and sent through the routing network. With 5.4 million transistors TrueNorth is 

the largest chip produced by IBM, consumes 73 milliwatts of energy [13]. It can be arranged and 

connected. TrueNorth chip is an inference engine, to use it a neural network is trained offline, and then the 

trained network is passed into TrueNorth to perform inference. TrueNorth can only be communicated using 

spike language and the output is interpreted in terms of a spike. TrueNorth is good for machine learning 

applications such as image processing. 

 

b)  Loihi of Intel 

Loihi is a neuromorphic chip operating in asynchronous mode i.e. without clocking [14]. Loihi is a self-

learning neuromorphic chip designed and developed by Intel to solve specific needs using domain-specific 

architectures. In domain-specific architectures, silicon is built for solving specific problems [12]. The 

power consumption of Loihi is less than 20 watts i.e. less than the power consumption of an electric bulb. It 

improves the intelligence of artificial intelligence applications through the use of human cognition instead 

of computer logic. 

Loihi operation is based on feedback from the environment. Computing is done through asynchronous 

spiking [15]. Being asynchronous means not using an internal clock. The neurons communicate using 

spikes and plastic synapses which are modulated based on timing. Neurons communication is not in any 

prescribed order; their learning is self-learning because they teach themselves. The neurons used a model or 

architecture called Spiking Neural Network (SNN) to mimic the operations of the brain to perform self-

learning in unstructured datasets or unstructured order like the human brain. Neurons can communicate 
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independently of one another by sending messages called spikes. Spikes are encoded with information and 

timing.  

The brain uses temporal spiking and contains millions of parallel interconnected cores in which each core 

houses both memory and computations [16]. Computation is done by the spikes in an analog manner while 

the spikes are for communication which is a digital operation Loihi has 128 cores each containing 1024 

neurons fabricated with 14nm CMOS. 

 

Loihi can be applied in any application that involves self-learning i.e. in an autonomous and continuous 

learning system from an unstructured dataset. Examples are autonomous car recognition systems and 

robotics. 

 

c)  MIT neuromorphic chip 

MIT researchers aimed to use neuromorphic chip for developing AI devices that can be put in pockets, that 

does not need to be a supercomputer, and does not need internet or cloud connections for its operations 

[17]. They call it brain-on-a-chip. MIT researchers developed a neuromorphic chip was made from a 

component called a memristor which is an alloy of silicon and copper. Memristors are capable of 

mimicking the way synapses transmits information in the human brain. Memristors developed by MIT gave 

her an edge over other memristors which were not alloyed with copper. MIT Memristors can remember 

stored images and reproduce them over and over again as a cleaner and crisper image. 

 

Synapse is the junction between neurons. Memristors transmit information just like synapses. It is a form of 

the circuit but it does not operate as a binary circuit that only transmits 0 or 1. The value it transmits 

depends on the strength of the signal it receives. Thus it can carry out more operations than binary 

transistors. Another resemblance it has with the brain is its ability to remember what value it produces 

when it receives a signal strength that has been previously received. 

 

d)  Hewlett Packard Enterprise (HPE) Accelerator 

HPE developed an accelerator called dot product engine with the use of advanced material called memristor 

to accelerate learning in machine learning and artificial intelligence. Memristor is a platform for analog 

computation. It can perform 100 trillion operations per second per watt. This is 16 times greater than digital 

solutions. Memristor is fabricated with hafnium oxide. It has been applied to handwriting recognition with 

an accuracy of 89.9% and also performs a clearer classification of images [18]. 

Advantages of AI analog Accelerator can easily accelerate matrix operations or computations which are 

core to machine learning and AI. The computational efficiency is 115 trillion/seconds/watt. The need for an 

accelerator is because of the growth of data and different forms of a machine learning algorithm. It can also 

perform more computation at a lower energy cost.  

An accelerator is a piece of hardware that is for a specific set of workloads because of the slowing down of 

Moore’s law. This implies different accelerators for different purposes. But Dot product engine allows 

memristor to be reprogrammed for different computations such as different images, linear transformation 

matrix etc. This AI analog accelerator produces more parallelism than a digital platform. 

The dot product engine can take an audio signal and produces constituent frequencies present in the signal. 

It can also be used for pharmacological research, climate change research, classification of images and 

video. The matrix operations are done inside the memristor array. This is possible because the 

microprocessor or GPU (Graphics Processing Unit) or FPGA (Field-Programmable Gate Array) interact 

directly with the memory and not through buses in nanoseconds. 

For the scalability of the accelerator, photonics is used as the medium of communication. Electronic 

communication will use more material of electric metal cable to do the same thing that a photonic will do. 

X1.photonic material uses a gen-z protocol to achieve this breakthrough. A photonic used was 10cm while 

an electric cable that can be used for the same purpose will be thousands of meters. 
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6.   Table of Summary 

 
Table I is the table of a summary containing the different neuromorphic chips, their inventors, materials 

used for the chip and the respective applications in machine learning and artificial intelligence. 

 

 

Table I: Description of different neuromorphic chip and applications 

 

Neuromorphic chip Inventor Material Used Application 

TrueNorth IBM Silicon  and germanium 

alloy 

 

1.Image recognition  

2. Classification of 6000 images 

per watt. 

Loihi Intel Crystalline Silicon and 

silicon and germanium 

alloy stacked together 

 

1.Autonomous car recognition 

system 

2. Robotics 

3.Microsoft Project Brain wave 

MIT Neuromorphic 

Chip 

MIT Memristors fabricated 

from Silicon, silver and 

copper alloy 

To remember stored images and 

reproduce them over and over 

again as a cleaner and crisper 

image. 

 
HPE Accelerator Hewlett 

Packard 

Memristors fabricated 

from hafnium oxide 

Accelerates learning in machine 

learning and artificial intelligence. 

E.g. handwriting recognition and 

clearer image classification 

 

 

 

5. Conclusion and Recommendation 
 

Indeed, another chip is here from another material and working on a new architecture. This will support AI 

in solving currently complex human problems. Some of these new chips like loihi of intel and TrueNorth of 

IBM are made available in the cloud for researchers to use. 
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