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AbstrAct 
It looks into new innovative architectures based on the structure and func-
tionality of the human brain to improve AI computing systems. As AI uses be-
come more sophisticated and required, common computer hardware archi-
tectures have problems with power consumption, scalability and efficiency. 
These challenges can be effectively addressed by the neuromorphic comput-
ing which incorporates the biological structure and functionality of neural 
networks. In this paper, several brain-related structures like spiking neural 
networks and synaptic plasticity are discussed to design new effective and 
resource-sharing systems. These architectures attempt to emulate particular 
aspects of the brain, such as sparse coding, event-driven processing and re-
al-time learning all in an effort to reduce power consumption while increas-
ing processing speed as well as flexibility. The study also explores the usage 
of additional hardware components, including memristors and neuromorphic 
processors, to enhance core AI applications, including pattern identification, 
decision-making, and sensory analysis. This has been shown through simu-
lations and prototyping hardware using six hardware implements exhibiting 
great improvements of computational effectiveness and execution compared 
to regular architectures. This work is a useful addition toward the continuous 
advancement of next generation AI systems, which presents a way forward 
toward AI hardware that is efficient, scalable, and closely modeled after 
biological neural structures that would effectively support complex machine 
learning in real life situations.
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IntroductIon
It is an interdisciplinary science that applies 
neuroscience with artificial intelligence technology 
known as brain artificial intelligence. This interesting 
area has impact on the evolution of artificial intelligence 
systems that emulating the neural networks in human 
brain. Based on the paradigms inspired from neural 
networks and neural plasticity, the various researchers 
are trying to explore the limits of what can be modeled 
through machines and resulting in the developments of 
new innovative and enhanced deep and reinforcement 
learning algorithms.

This area of brain artificial intelligence comprises 
of the following topics. These include; basic 
considerations of brain inspired AI systems, enhance 
training, efficiency through neuroplasticity, and the 
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role of memory systems in structure and functionality 
of the architectures. In the same article, the 
author provides insights on attention mechanisms in 
neuromorphic computing, temporal aspect in brain-
inspired AI, and exercising cognitive functionalities 
in AI systems. The issue also covers technologies 
most relevant for the dissemination of brain-inspired 
computing solutions and explores future developments 
with regard to this rapidly progressing field.[1]

FundAmentAls oF brAIn-InspIred AI
Brain artificial intelligence takes inspiration directly 
from the electronic neural networks, as well as 
structures of the human brain in an attempt to 
emulate the efficiency of human brain in artificial 
constructs. This approach has created desirable 
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changes in neural network and deep learning field of 
artificial intelligence.

Neuroscience Principles in AI
Neural-compute machines consist of a variety of 
mathematical formulae that is based on how the 
biological brain functions. Experimentalists have 
copied the natural neurons, as a result of which 
artificial neural networks were designed for using 
and processing the information in the same way as 
human brains. These are comprises of nodes that are 
connected in a way that resembles the nervous systems 
in biological systems. But more of that in a moment 
One important element of this kind of AI is the idea of 
neuroplasticity as found in neuro science. This principle 
enables artificial neural networks to improve with the 
help of real life experience just how the human brain 
forms new connections. Thus, this feature allows for 
enhancing the AI system’s performance and updating 
the acquired knowledge on the job.

Cognitive Architectures
Cognitive architectures constitute the last major com-
ponent of bio-inspired AI systems. These frameworks 
are designed to mimic the general architecture and 

algorithms of the human brain so as to allow AI net-
works to execute elevated thinking abilities. Scholars 
in this field have therefore designed several cognitive 
architectures like SOAR, Sigma and so on to help in 
developing intelligent systems that are responsive to 
problem solving and or decision making and or learn-
ing systems. These architectures typically include sev-
erasl modules, each of which models some aspects 
of the brain, and all of which must act in a coherent 
and sufficiently flexible manner. In this way the overall 
‘idea’ of these systems is to connect various functions 
involved in cognition, perceiving, memory and reason-
ing to solve complex, visuo-motor and cognitive tasks 
similar to humans.

Biologically Plausible Learning Algorithms
Thus, to comprise the distance between artificial and 
biological intelligence, researchers have dedicated 
to biologically plausible learning algorithms. At the 
core of these algorithms are approaches to mirror the 
learning procedures of the human brain encompassing 
attention mechanisms, synapse plasticity, as well 
neuromodulation. One of these is the reinforcement 
learning which borrows its basis from how human 
beings and animals learn, making improvements from 
an error made without going round in circles. This 
approach has been used in different areas, such as 
robotics and game AI and shown to be useful to solve 
a number of tasks.

Two such forms of learning are: The second one 
is similar to supervised learning based on the idea 
that the human brain is capable of interpreting wide 
variety of stimuli it receives without being provided 
clear directions for the same. This approach adopts 
a value particularly in activities such as classification 
and grouping of data, through which useful data is 
separated from a large database (Table 1).[2-4]

With these biologically realistic learning rules 
applied in these systems, researchers are able to build 
learning models to be more flexible, fast, and not 
dependent to specific tasks. Not only does this increase 
the effectiveness of artificial intelligence, but, in 
turn, the complex mechanisms of human cognition and 

Fig. 1: Exploring Brain Artificial Intelligence:  
Boosting AI Processing Efficiency

Table 1: Comparison of Brain-Computer Interface (BCI) Technologies

BCI Type Signal Source
Data Acquisition 

Method Key Applications Advantages Limitations

EEG (Electroen-
cephalography)

Electrical activity 
from the scalp

Non-invasive, 
electrodes on the 
scalp

Neurofeedback, 
gaming, rehabili-
tation

Low cost, re-
al-time data

Low spatial reso-
lution, susceptible 
to noise
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learning are also unraveled. With the progress of day-
to-day brain artificial intelligence, using neuroscience 
principles, cognitive architectures, and biologically 
plausible learning algorithms in AI form have good 
potential in the future. By endeavouring to utilise 
the knowledge on the most complex information 
processing structure in the known universe, the 
human brain, scientists are gradually opening up for 
many more intelligent, or rather, human-like flexible 
artificial systems.[5]

boostIng processIng eFFIcIency 
through neuroplAstIcIty
Neuroplasticity, a characteristic feature of the human 
brain, is at the core of brain artificial intelligence 
systems. This fascinating feature enable the brain 
to change and remodel in consideration of new 
experience, learning and changes in the environment. 
Through the integration of neuroplasticity concepts in 
artificial neural networks, researchers are improving 
the usability and tunability of artificial intelligence 
structures.

Adaptive Learning Mechanisms
Current generation of brain artificial intelligence 
systems are using concepts like neuro plasticity 
to adaptively learnt within smart systems. These 
mechanisms will enable the AI models to learn in line 
with the task at hand and even their performance. 
One of which is use of dynamic learning rates. 
Unlike conventional ANNs fixed learning rates apply 
throughout the process; neuroplasticity driven 
algorithms adapt to a new rate as the process ensues. 

This adaptation allows reaching a solution with higher 
speed and does not let us get stuck at the local 
optima level. The second adaptive mechanism, called 
reinforcement learning, is derived from the way the 
brain learns on the basis of rewards and punishments. 
Providing positive reinforcement whenever the 
correct action is taken and negative reinforcement 
occurring in case of incorrect action helps AI make 
choices in complex environments most effectively. The 
Dynamic Programming Approach is best suited when 
the task requires a system to make decisions in real 
life conditions as seen in robotics and game playing AI.

Dynamic Synaptic Connections
Neuronal capacity to create and update synapses is 
useful in developing better machine learning and 
neural structures AI models. Scholars are looking 
for methods like pruning, and sparsification which 
copies the neural pruning that takes place in the 
human brain. It entails eliminating unused links while 
enhancing popular connections to make the most of 
the brain and resources. In artificial neural networks 
analogous techniques are also being used to pruning 
out unnecessary connections and make them more 
efficient. Not only are the approaches improving the 
speed of the relevant approximate calculations, but 
they are also cutting down the energy expenditures 
of AI networks, thus making them more efficient 
and effective. Several previous investigations 
have demonstrated the efficacy of stimulating 
methodologies and evaluating them on AI systems. 
For example, a recent research conducted at Stanford 
University in 2021 has shown that TMS coupled with 
AI can enhance learning process in models. It can 

BCI Type Signal Source
Data Acquisition 

Method Key Applications Advantages Limitations

fMRI (Functional 
Magnetic Reso-
nance Imaging)

Blood flow chang-
es in the brain

Non-invasive, MRI 
scanner

Neuroscience 
research, brain 
mapping

High spatial reso-
lution

Expensive, low 
temporal resolu-
tion

MEG (Magnetoen-
cephalography)

Magnetic fields 
from brain ac-
tivity

Non-invasive, 
magnetometers

Cognitive re-
search, brain 
mapping

High temporal 
resolution

Expensive, limited 
availability

ECoG (Electrocor-
ticography)

Electrical activity 
from the brain’s 
surface

Semi-invasive, 
electrodes on the 
cortex

Epilepsy monitor-
ing, neuropros-
thetics

High spatial reso-
lution

Invasive, requires 
surgery

fNIRS (Functional 
Near-Infrared 
Spectroscopy)

Hemodynamic 
response in brain

Non-invasive, 
infrared light 
sensors

Cognitive work-
load measure-
ment, brain 
monitoring

Portable, relative-
ly low cost

Lower spatial res-
olution compared 
to fMRI
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therefore be postulated that external flow of this 
plasticity may enhance rates of learning in artificial 
neural networks.

Self-Organizing Neural Networks
Neural network that self-organize constitute gain in 
the development of brain artificial intelligence since 
they mimic way of self-structuring and structuring 
of brains. These networks sometimes called Self-
Organizing Feature Maps (SOFMs) or Kohonen Maps, 
work through so called unsupervised learning in order 
to position the input data in a topological manner. 
Self-organization is closely related to the process of 
development and can be defined in this context as 
a mechanism of activity by which programme gives 
structure and function to this essentially amorphous 
collection of neural connections. In AI, self-organizing 
networks have been used effectively in tasks such 
as pattern recognition and classification in various 
domains of practice (Figure 2).

Fig. 2: Self-Organizing Neural Networks

One of the early examples that can be here 
mentioned is known as the ART which is the short 
form of Adaptive Resonance Theory that tries to solve 
one of the problems of learning systems, namely the 
stability-plasticity dilemma. The performance of the 
ART networks does not interfere with the capacity to 
learn new patterns while retaining previously stored 
data, which is an essential aspect of lifeloarnig in AI 
systems. Such a level of learning enables learning in 
chunks and constantly updating, making the approach 

suitable for applications where data can be continually 
updated. It is neuroplasticity-inspired methodologies 
such as adaptive learning, dynamic synapse model to 
establish synaptic connection with the outside world 
and self-organization technique in achieving brain 
artificial intelligence systems, which are gradually 
enhancing the capabilities of delivering complex 
solutions. These new advances are making the process 
to build more intelligent systems that can learn almost 
like a human mind.[6-7]

memory systems In brAIn AI
Different memory models utilized in brain artificial 
intelligence systems are based of cognitive processes. 
Many of these memory systems serve a significant 
purpose in improving the comprehension of memory 
and processing operations in AI systems.

Working Memory Models
In brain AI models predicting working memory, 
researchers attempt to simulate the capability of the 
brain to temporarily store information and manipulate 
it as needed. These models are necessary for analytical 
tasks involving decision making processes. Several 
researchers in this area have built the recurrent 
neural networks (RNNs) to model the working memory 
process in the prefrontal cortex while solving tasks. 
This is one of the following approaches that use 
RNNs in order to carry out spatial working memory 
tasks. The given artificial networks demonstrate 
the characteristics close to the sustained activity of 
prefrontal neurons. Notably, the RNNs are witnessed 
to show different drift in network activity during trials, 
which is causally related to networks. This result 
parallels the work done in the prefrontal cortex where 
firing rates during the delay period have been found 
to be positively related to behavior. To gauge various 
functionalities and characteristics of working memory, 
the WorM benchmark dataset containing 10 tasks and 
one million trials have been presented. The use of this 
dataset includes:Comparing working memory models 
to improve them and analyzing their characteristics, 
studying the neural basis of working memory, and 
constructing artificial intelligence systems that are as 
effective as human ones.

Long-Term Potentiation and Depression
LTP and LTD represent major processes in the brain 
artificial intelligence systems for regulating long-
lasting transformations of synaptic plasticity. Both 
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synapse formation and long term potentiation 
are important and needed in both biological and 
artificial neuron networks for learning and memory 
formation. LTP is learning that occurs when there is 
an enhancement of synaptic strength upon synaptic 
activity, while LTD reduces the strength of synapses. 
Both are generally assumed to be NMDA receptor 
-dependent and are supposed to occur at defined levels 
of calcium entry. In brain AI systems, these processes 
are incorporated to allow for plasticity of connections 
as well as learning. Some evidences of LTP and LTD 
exist in different synaptic populations and it indicates 
that those mechanisms may have different function in 
information processing and in formation of memory. 
For example, some forms of LTD recognize and utilize 
metabotropic glutamate receptors in addition to NMDA 
receptors implied in the computation of synaptic 
scaling and sparse coding in artificial neural networks.

Associative Memory Implementations
The incorporation of Associative memory derived from 
the historical study of how the human brain is capable 
of recalling information based on partial Figurative 
language has been incorporated in to Brain artificial 
intelligence systems. This capability makes it possible 
for AI models to seek and get full patterns or information 
that has been poorly searched or gathered. Attractor 
networks is one of the strategies that have been 
proposed to demonstrate associative memory in AI. 
These are interconnected nodal structures that show 
activity characteristics and incline towards definite 
conditions. Scientists have proposed memory systems 
of neural networks based on attractor networks, using 
such elements as excitators and inhibitors as structures 
similar to the hippocampus that forms new connection 
associations.

An essential brake-through in brain AI is the 
creation of spatio-temporal associative memory 
(STAM) systems. These are learning systems trained 
in classification or prediction using spatio temporal 
variables and data and which can be retrieved by 
invoking certain temporal or spatial subsets. The 
STAM implementations based on SNNs have proven 
feasible to be implemented in several applications, 
such as EEG data analysis and classification problems. 
The said memory systems derived from the principles 
of biological processes continue to advance brain 
artificial intelligence, intensifying the prospect of 
developing artificial neural networks that can learn 
and perform more or less like the human brain.[8]

AttentIon mechAnIsms In neuromorphIc 
computIng
In the context of the brain artificial intelligence 
systems, there is a function called attention 
mechanisms, which works the same way as in the 
human brain, allowing to pay attention to some aspects 
of the input data stream while basically ignoring all 
the other elements. These mechanisms improve the 
speed and versatility of the processing element of 
neuromorphic computing systems to perform multi-
step tasks with low computational overhead.

Selective Attention Algorithms
In neuromorphic computing, selective attention 
algorithms have the task to initialize and process 
the parallel-processing assets only for subsets of 
the sensory input domains. It is possible to consider 
such algorithms as work on-line filters, defining what 
information is significant for the performed work 
and preventing the penetration of data that is not 
required. Clocked recurrent networks have shown 
to be a powerful engineering tool for constructing 
artificial systems which learn about the sensory input 
signals in real time with a very minimal amount of 
computational power. Among various approaches 
in neuromorphic computing, the particularity of 
selective attention can be illustrated through the 
application of the saliency map. This model produces 
bi-dimensional saliency map images in which pixel 
intensity reflects its level of saliency. This saliency 
map is then transformed into a number of spike trains 
and the spike trains of the brightest pixels have the 
highest spiking frequencies. This strategy helps the 
system give attention to the important features of the 
input and minimize the computational demands that 
can slow down the technological process.

Top-Down and Bottom-Up Processing
Neuromorphic computing systems use both the top 
and bottom-up processing paradigms are used to 
achieve attention. The bottom-up approach focuses 
on the foundational studies intended to provide 
insights into natural intelligence as well as construct 
the experimentation environment that enhances 
the trade-off between flexibility and performance. 
This approach concerns using elements like neurons, 
synapses, dendrites and axons as building blocks and 
the incorporation of the in silicon to form bio-inspired 
neural processing systems. On the other hand, the 
top-down assignment consists of applied research 



Meinhardt Dorofte and Kjaer Krein : Novel Approaches in AI Processing Systems for their Better Reliability and Function          

 26     International Journal of communication and computer Technologies,  ISSN - 2278-9723

to develop actual AI applications that use dedicated 
hardware accelerators.lıklar

Finally, while the bottom-up methodology is 
based on microchip research that allows the creation 
of artificial intelligence compatible with machine 
hardware, the top-bottom approach implies the 
creation of artificial intelligent systems that require the 
dedicated hardware accelerators for their functioning. 
This approach improves the accuracy-efficiency balance 
and deals with algorithms capable of efficient spike-
based on-chip training like backpropagation of error; 
direct feedback alignment, as well as direct random 
target projection. This paper has highlighted that 
top-down and bottom-up approaches are integrated 
to realize smart and efficient attention mechanisms 
in neuromorphic computing systems. These systems 
may be easily altered to accommodate different 
tasks and conditions and are therefore useful in many 
applications involving AI and machine learning..

Multi-Modal Integration
Integration of information from different modalities 
is another important component of attention 
mechanisms for neuromorphic computing, as such 
systems need to combine information acquired 
through multiple sensory channels. It gets its guidance 
from mechanism s that basic living things use to learn, 

including exploration, modality, and conditioning. 
Neuromorphic systems, with multi-modal integration, 
is capable of multimodal learning that involves how 
an object can be manipulated through touch, vision, 
and olfaction. It allows to build the obligatory transit 
connections between different, belonging to the 
different modality, channels and to result in respondent 
conditioning and associative learning (Table 2).

Hence, multi-modal integration in neuromorphic 
computing offers multiple pathways of diverse sensory 
feedback along with the numerous opportunities for 
learning from the environment through instruction 
free processes which coalesce into the optimum 
behavioral states. Such modulation and flexibility 
in function and behaviour are cardinal to the 
establishment of brain AI systems in learning from 
and operating in its surroundings. Selective attention 
algorithms, top-down and bottom-up processing, and 
multi-modal integration of visual and audio data as a 
part of neuromorphic computing are substantial steps 
toward building better neuromorphic AI systems. 
These approaches lead us to an advance in the 
concept of brain artificial intelligence or cognition 
inspired artificial systems that perform calculations as 
a human brain does, thus expanding the horizon of the 
prospective applications from robotics to cognitive 
sciences.

Table 2: AI Applications in Brain Research

AI Application Description
Key Algorithms/

Models Used Use Cases Benefits Challenges

Neuroimaging 
Analysis

AI applied to an-
alyze brain scans 
(MRI, CT, PET)

Convolutional 
Neural Networks 
(CNN), Deep 
Learning

Early diagnosis 
of Alzheimer’s, 
tumor detection

Improved accura-
cy, fast processing

Requires large an-
notated datasets

Brain Signal De-
coding

Decoding brain 
signals to control 
devices

Recurrent Neural 
Networks (RNN), 
LSTM, Support 
Vector Machines 
(SVM)

BCIs for motor 
impairment, pros-
thetic control

Enables hands-
free control

High complexity, 
signal noise

Cognitive State 
Prediction

AI used to predict 
mental states 
(stress, attention)

Machine Learning, 
Neural Networks

Neurofeedback, 
mental health 
monitoring

Real-time predic-
tions, personal-
ized insights

Generalization 
across individuals

Neural Prosthet-
ics

AI-powered 
prosthetics that 
respond to brain 
signals

Deep Learning, 
Reinforcement 
Learning

Movement resto-
ration for disabled 
individuals

High precision, 
adaptive control

Calibration and 
learning time

Drug Discovery 
for Brain Disor-
ders

AI to discover new 
treatments for 
brain diseases

Generative Mod-
els, Deep Learning

Drug development 
for Alzheimer’s, 
Parkinson’s

Reduces time for 
drug discovery

Requires extensive 
biological data
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temporAl dynAmIcs In  
brAIn-InspIred AI
The development of brain artificial intelligence 
systems is an exceptionally successful event due to 
the accurate replication of the temporal dynamics in 
a human’s brain. This has come with improvements in 
electronic AI systems that are more powerful, flexible 
and efficient in handling sequential data with high 
accuracy. Recent advancements in RNNs for sequence 
processing, time dependent neuro activations and 
predictive coding enabled researcher to model human 
like AIs that can handle temporal information.

Time-Dependent Neural Activation
Neural activation that occurs at the time level is 
essential in the working of brain artificial intelligence 
systems. The rationale for this idea is based on the 
fact that the human brain processes information 
within time-varying manner. As stated earlier, in 
neuromorphic computing, the researchers are in 
a quest to implement time varying features and 
to encode/decode the information in a format 
advantageous in processing it over a period of time. 
This makes it possible for the AI systems for example 
to do event-based computing because if event-based 
computing parallels the ability of the brain to compute 
only when it finds something that can be computed. 
Another element of time-dependent neural activation 
is the leaky integrate-and-fire neuron model. This 
model relies on the postulation that given enough 
activation of the neuron body, the latter will provoke 
a downstream spike by itself. This mechanism allows 
AI systems to optimise the usage of weights and 
parameters through avoiding random accesses, and as 
a result saves energy and time.

Recurrent Neural Networks for Sequence 
Processing
RNNs have appeared now as an effective model for 
processing sequential data in the brain artificial intel-
ligence systems. These networks are intended for pro-
cessing of data that come in some ordered manner, for 
example, as words, strings of sentences, or time series 
data. This is done by the help of a hidden state that 
acts as a storage that contains information from the 
previous data instance in a sequence for RNNs. In par-
ticular, RNN distinguishes from other feedforward neu-
ral networks by its capacity to memorise previous in-
put when current data is being processed. This feature 

makes the RNN particularly suitable for natural lan-
guage processing, the recognition of speech and the 
translation of machines. For instance, Google Translate 
uses RNNs for translating text while Apple’s personal 
assistant tool, Siri uses it for speech recognition. More 
advanced in RNNs are the Long Short-Term Memory 
(LSTM) networks which have a further boost in the 
ability of brain artificial intelligence systems. A peculiar 
feature of LSTMs is the ability to give priorities to in-
formation; in other words, more relevant information 
can be held for longer periods, and lesser information 
can also be disposed of quickly. This allows RNNs to 
learn about context in long sequences, which is useful 
for tasks such as language generation as well as real 
time processing.

Predictive Coding in AI Systems
It has been found that the function of brain artificial 
intelligence system is superior to traditional back 
propagation and predictive coding has also been 
proved as the most suitable model for brain like 
learning architectures. This method focuses on 
local and Hebbian plasticity through adjusting the 
prediction error of inputs estimated to that received. 
As in backpropagation, the parameter update of the 
network is based on one error computed from the 
last layer in predictive coding, however, the learning 
involves local error nodes and the global error node. 
Today the most wonderful outcome of A I system’s 
predictive coding implementation has demonstrated 
works very effectively in different challenging tasks 
of the machine. For example, one advanced type of 
incremental learning, called ‘predictive coding-based 
incremental learning’ has shown the capacity to 
reduce the problem of catastrophic forgetting, which 
is widely seen in artificial neural networks. Moreover, 
it also showed that the prediction coding helped to 
reduce the problem of classification bias in long-tailed 
recognition and perform well in the few-shot learning 
work. The integration of these temporal dynamics in 
the system has led researchers to create improved 
and flexible AI models in brain artificial intelligence 
systems. They not only improve artificial intelligence’s 
capabilities, but also analysis of human thought and 
learning mechanisms. With the advancement of field, 
combination of time depended neural activation, 
recurrent neural networks and predictive coding 
seems to be a potential to reach to next level in the 
future of AI technology to develop system which can 
learn like human brain..
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cognItIve FunctIons In brAIn AI
Consequently, brain artificial intelligence systems 
have evolved several advanced stages to mimic human 
cognitive processes because machines can now emulate 
most human intelligence operations. Such progress has 
given rise to AI systems that include decision-making 
capabilities and problem-solving as well as emotional 
intelligence.

Decision-Making Processes
Business intelligence systems in particular are 
implemented in brain artificial intelligence where 
decisions are made and information is processed in a 
way that is consistent with how the human brain would. 
All these systems use complex rule-based methods 
and neural network structures to work through large 
datasets, analyze them, and learn the result patterns. 
Indeed, owing to their architecture, which mimics 
the structure of the human brain’s neural network, 
the AI models are able to process non-linear data, 
which characterises human decision-making. A good 
illustration of the application of AI decision making 
is where people use machine learning algorithms, 
combined with functional magnetic resonance imaging 
(fMRI), to determine choices people are going to make 
before they even realize it. Altogether this pioneering 
study shows how AI can predict the human actions 
with stunning precision.

Reasoning and Problem-Solving
Both deduction and problem solving are components 
of brain artificial intelligence systems. These cognitive 
functions however make AI capable to take cognitions, 
understand contexts and make reasonable choice. 
The popular approaches of reasoning in AI includes 
deductive, inductive and abductive reasoning through 
which AI systems analyze different problems to find 
the best and efficient solutions (Figure 3).

Fig. 3: Cognitive Functions in Brain AI

Deduction in the context of AI entails coming 
up with new information from existing and related 
information that is logically linked coherently. This is 
a top down approach is particularly useful where it is 
already understood that the premises are true. On the 
other hand, inductive reasoning is a process of drawing 
conclusions from specific facts or data towards a 
general concept as a conclusion. Abductive reasoning 
enables the AI systems to arrive at the probable cause 
or outcome given the available information. Another 
aspect of AI systems is probabilistic reasoning where 
ways are evaluated for likely scenarios of uncertain 
situations. This approach allows AI to reach sensible 
decisions in complex and changing conditions which 
in turn improve the capacity of AI in dealing with 
situations and outcomes.

Emotional Intelligence in AI
Emotional intelligence in AI, otherwise known as 
Emotion AI or Affective Computing is defined as 
the capability of an AI to sense emotion. This new 
interdisciplinary field has the potential to design 
interactions between humans and machines that will 
be natural and include feelings. AI technology uses 
strategies to identify expressions of feeling from 
people such as face-detection and voice-detection 
technologies. Several facial recognition algorithms 
consider the facial indices of the mouth, the shape, 
size, position, and orientation of eyes and eyebrows 
to infer pleasure, sorrow, rage, and fear. In the same 
way voice recognition technology is used to interpret 
emotions on the basis of the tone and the pitch of the 
voice.

Collecting, managing and imbedding emotional 
intelligence into the AI systems present large potential 
to improve the customer and employee experience. For 
instance, in education sector the AI systems equipped 
with EI can offer feedback to the students and make 
the whole learning process more effective. In condition 
with customer service, the emotionally intelligent AI 
allows getting better and more personalized responses 
resulting in better customer satisfaction. In future 
AI advancement, cognitive features of the human 
mind including decision making, reasoning, problem 
solving and Emotional Intelligence will be important 
to enhance the brain Artificial Intelligence system. 
All these innovations have potential in potentially 
transforming a number of industries and how 
individuals interact with machines in the future.
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emergIng technologIes In brAIn-In-
spIred computIng
The degree of innovation of new technologies in 
the scope of brain artificial intelligence is growing 
significantly in the following emerging technologies 
for computing systems. These inventions are trying 
to emulate the real human brain where this invention 
attempts to create better artificial intelligence 
system.

Quantum Neuromorphic Computing
Quantum neuromorphic computing is a revolutionary 
approach that is based on the integration of quantum 
mechanics with neuromorphic structures. This is 
an emerging technology that envisages a plan of 
transferring simple neural networks into actual 
hardware that can be addressed in quantum circuits 
which is believed to scale better than the current 
architecture. One example is the Quromorphic 
project that substantiates itself on the creation of 
superconducting quantum neural networks for the 
generation of dedicated neuromorphic quantum 
machine learning hardware. This approach appears 
to have potential toward outperforming classical 
von Neumann architectures, as it is feasible to 
simultaneously train on a number of batches of 
realistic data in parallel, which may yield a quantum 
benefit.

Nanoscale Neuromorphic Devices
Neuromorphic devices in nanoscale technology are 
neuro-inspired computer systems that currently 
provide immense computing capacity and energy 
savings. Spintronics research for high-performance 
spin wave reservoir computing (RC) has been studied 
using theoretical frameworks. This advance is taking 
us toward an energy-efficient computing, whether 
small enough to be a single molecule, operating 
at GHz, with low power. Being able to manipulate 
propagating spin waves, these devices have the ability 
to complete tasks such as time-series forecasting 
and speech recognition on sequential data, all in the 
similar manner as the brain.

Biomolecular Computing
A final nascent area in brain artificial intelligence 
is biomolecular computing. It uses biological 
macromolecules including DNA or proteins in an 
attempt to compute. Hoping to mimic these natural 
computing systems and harness the information 

processing ability inherent in such molecules, 
researchers strive to construct ultraparallel and 
largely autonomous computing networks. Biomolecular 
computing enables the solution of intriguing problems 
that may be difficult to solve with the help of modern 
computing techniques primarily in the field of pattern 
recognition or optimization. The combination of 
these novel technologies with artificial intelligence 
and machine learning is already providing fresh 
horizons to brain-inspired computing. Realization 
of neuromorphic systems is many times beneficial 
over the usual computing techniques in that it can 
be more energy- efficient as well as more flexible. 
For instance, spiking neural networks or SNNs have 
emerged for their capability to learn (and model) 
complicated data patterns and, importantly, capacity 
to incorporate new data in the system; hence, they 
are used in image recognition, and even in natural 
language processing among others. These technologies 
are relatively young, however their potential is huge 
and can dramatically change numerous industries, 
including health care, robotics and military. The 
applications of neuromorphic computing emerging in 
healthcare are improved diagnosis capabilities through 
the improvement of diagnostic devices, as well as 
highly individualized treatment plans. These systems 
are improving the Vertical Intelligence level of robots 
by offering them advanced tools on the sensory and 
processing side so that these systems are capable of 
undertaking many different tasks while requiring less 
control input from the user.

conclusIon
There has been much advancement when it comes to 
brain artificial intelligence and has even been noted 
to emulate a brain. To achieve improved and more 
effective learning, as well as the optimization of 
processing, AI solution developers have built systems 
based on neuroscience and cognitive architectures. 
These advancements have a major impact in all sorts 
of domains, from robotics to healthcare, opening 
the way to more flexible and self-aware systems. 
The future of brain-inspired computing appears 
very bright in the future. Quantum neuromorphic 
computing and nanoscale devices are the technologies 
under development that are expected to increase 
the capability of what AI can perform. Moreso, these 
innovations are poised to change the way we will 
interphase with technology and approach problems in 
the future. This emerging field seems to be the next 
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step towards augmenting artificial intelligence as 
well as human intelligence to enhance conditions in 
existence and address difficulties.
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