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Abstract 
 

This is an opinion paper that demonstrates how much better and more efficient the human brain is than the current Artificial 

Intelligence implementations. It is thereby inferred that endeavors should be made to emulate the properties of the human brain into 

Artificial Intelligence software. 

 

 

Learning from “Mother Nature” is intended to mean applying neurological and psychological properties to Artificial 

Intelligence software. Artificial Intelligence had its origin by observing the neurological. Biological neural systems 

neuron’s property of a digital binary input and digital binary output. This led to the logical switch characterization of a 

simulated neuron [1]. It was discovered that this model had the severe limitation of only being able to simulate linearly 

separable switching functions. [2].  The unrealizable nonlinearly separable switching functions, for 7 or more variables, 

are enormously greater than the realizable linear portion. This exceeding difference is demonstrated by the ratio of 4.06 x 

1028 (41 octillion) times more functions available than those that can be realized by an AI linear neuron model [3]. The 

ratio increases more rapidly than exponentially. A human neuron receives an average of 103 to 104 inputs from other 

neurons [4]. The startling result is that the percentage of linearly separable functions is essentially zero, for a human’s 

neurological neuron.  

 

 Attempts have been made to improve the performance of the linear McCulloch & Pitts neuron model. One attempt 

was the use of the following function [5]:  

 

ay = φ (∑ 𝑤𝑖, 𝑥𝑖𝑛
𝑖=1 ) 

 

The “φ” represents an activation function of the linear summation (Σ). The activation function’s purpose is to include 

nonlinear separations. Because of the linear summation, “ay” includes only a fraction of the nonlinear separations. Despite 

the mediocre improvement, deployed AI systems utilize activation functions. The simulation of neurological properties 

has basically been abandoned. Rather, deployed applications contain processes devised by human ingenuity and not from 

neurological principles.  

 

 It is important to add that neurological neurons have the capability of synthesizing nonlinear switching functions 

[6]. Scientists previously thought that solving exclusive OR and other non-linear problems required a whole network of 

https://thevisionpublications.com/


Opinion | Volume 1 | Number 1| Pg no: 001-003 

 

multiple connected neurological neurons. This study proves that individual human brain cells have much more computing 

power than experts believed. Biological neural systems have demonstrated that nonlinear separation is possible, and 

Activation functions are unnecessary.  

 

 A means to obtain nonlinear separation was conceived 60 years ago and published a year later [7]. This early 

work was abandoned, because AI funding was unavailable at that time. Having the choice of work during much later 

retirement permitted the return to AI research as a hobby.  A template has been devised to determine both linear separations 

and nonlinear separations. It has been proven that the template is able to create separations for any switching function and 

for any number of variables [3]. Algorithms to use the template is also published [8].    

 

 The AI Data Centers are receiving criticism due to their excessive electricity, water, CO2 pollution, and building 

size. For instance, medium sized Data Centers consume 5-20 MW [9]. Comparatively, the typical human brain uses about 

20 watts [10,11]. Taking the average of the Data Centers power consumption ((5+20)/2=12.5MW) and dividing 20W by 

12500000 Watts or about yields 0.00016% of a Data Center’s energy consumption. A medium-sized Data Center’s water 

consumption is on the order of 100 million gallons per year [12] or about 273,000 gallons per day for cooling. The human 

brain actively pumps about half a liter of water from the blood supply into its tissue cavities every day [13]. Considering 

a half liter to be approximately a pint, the human brain needs 0.0000046% (1pint / (273,000 * 8 pints) of the Data Center’s 

water consumption. The full suite of experiments needed to build and train an AI language system from scratch can 

generate greenhouse emissions of up to 78,000 pounds of CO2, which is twice as much as the average American exhales 

over an entire lifetime [14]. Assuming a week’s duration is used in an AI language training and human lives 75 years, a 

human creates about (78,000/(2*75*52)=10) 10 pounds per week, or about 0.013% (10/78,000) of the Data Center’s 

weekly greenhouse emissions.  The average data center is roughly 100,000 square feet [15]. The human brain is smaller 

than a basketball. 

 

 In contrast with Data Centers, the human brain’s capabilities and efficiency are astonishing. Obviously, AI 

researchers have much to learn from the human brain’s properties. It is believed that an in-depth neurological study of the 

human brain will yield emulation insight for more efficient Data Centers. 

 

 Another aspect of AI performance enhancement is the expansion of application scope. Current AI applications, 

which excel in specific tasks like language translation or game playing, are narrow in scope. This means the machine 

specializes in one area and cannot infer from first principles as humans can (“general AI”). Narrow AI is based on well-

understood techniques being exploited commercially [16]. (One can represent the narrow AI by “ANI”).  Unlike these 

ANI applications, a “general AI” can adapt to solve problems in unseen domains, and generalize knowledge, making it a 

"general-purpose" intelligence rather than a specialized tool [17]. The human brain is such an Artificial General 

Intelligence (AGI) system.  No definitive papers could be found to yield design information for AGI. The papers found 

only focused on AGI’s definition.  

 

 Unsuccessful attempts have been made to convert ANI processes to an AGI process. The consensus of top AI 

researchers is that reaching AGI will be an incremental, collective process built upon entirely new paradigms rather than 

simply scaling up current Large Language Models (LLMs) [18]. One can consider ANI to be the current AI generation 

and AGI to be the oncoming AI generation. 

References 

1. McCulloch, Pitts W. A logical calculus of ideas immanent in nervous activity. Bull Math Biophys. 1943; 5(4): 

115-133. doi: 10.1007/BF02478259 

2. Minsky M, Papert S. Perceptrons: An Introduction to Computational Geometry. 2nd Ed. MIT Press: Cambridge 

MA. 1972. 

3. Kobylarz TJA, Kobylarz EJ. Neurological Properties to Circumvent AI’s Error Reduction Impasse. Trends 

Comput Sci Inf Technol. 2023; 8(3): 061-072.  

4. Kriesel D. A Brief Introduction to Neural Networks. published online Bonn, Germany. 2007. 



Opinion | Volume 1 | Number 1| Pg no: 001-003 

 

5. Rami A. Alzahrani, Alice C. Parker. Neuromorphic Circuits with Neural Modulation Enhancing the Information 

Content of Neural Signaling. Proceedings of International Conference on Neuromorphic Systems 2020. Art. 19. 

New York: Association for Computing Machinery. 2020. 

6. Gidon A, Timothy Adam Zolnik, Pawel Fidzinski, Felix B, Athanasia P, et al., Dendritic action potentials and 

computation in human layer 2/3 cortical neurons. Science. 2020; 367(6473): 83-87. doi: 

10.1126/science.aax6239 

7. Kobylarz TJ, Bradley W. Adaptation in linear and non-linear threshold models of neurons. IEEE Transactions 

on Information Theory, 1968, Nov, and the International Symposium on Information Theory, San Remo, Italy. 

1967. 

8. Kobylarz TJA. An AI methodology to reduce training intensity, error rates, and size of neural networks. Front 

Comput Neurosci. 2025; 19: 1628115. doi: 10.3389/fncom.2025.1628115 

9. Richter J. How Much Electricity Does a Data Center Use? Complete 2025 Analysis. Solar Tech. 2025. 

10. Richardson M. How Much Energy Does the Brain Use?. Brain Facts/SfN. 2019. 

11. Henry CJ. Basal metabolic rate studies in humans: measurement and development of new equations. Public 

Health Nutr. 2005; 8(7A): 1133-1152. doi: 10.1079/phn2005801 

12. Hegde G. Myth vs. reality: Data Centers and water usage, KETOS, Florida Water Pollution Control Operators 

Association. 2026. 

13. Greenwood V. The Mysterious Flow of Fluid in the Brain, Physiology, Quanta Magazine. 2025. 

14. Andrews E.L. AI’s carbon footprint problem. Stanford Engineering. 2020. 

15. Mason K, et al. The Rise of Data Centers in the Grid, Regional Plan Association. 2025. 

16. Chalfen M. The Challenges of Building AI Apps, October 15, 2015, Tech Crunch. 2015. 

17. Brodsky S. Google DeepMind's Six Levels of AGI. AI Business. 2023. 

18. Zeff M. A new, challenging AGI test stumps most AI models. Tech Crunch. 2025. 

https://pubmed.ncbi.nlm.nih.gov/31896716/
https://pubmed.ncbi.nlm.nih.gov/41195189/
https://pubmed.ncbi.nlm.nih.gov/16277825/


    ∑  i = 1  n  w i , x i

