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Abstract: Researchers are actively exploring the relevance of automated information analytics using brain models. This field 

combines neuroscience, artificial intelligence, and machine learning, enabling a deeper understanding of information processing 

mechanisms in the brain and the development of more effective technologies. Scientists are creating mathematical and computer 

models that mimic brain functions. These models provide new insights into information processing mechanisms, particularly in the 

context of cognitive processes. Machine learning has become a powerful tool for analyzing large volumes of data generated in 

brain research. Machine learning algorithms allow for the estimation of parameters for models that reflect how the brain processes 

information. Neuromorphic computing mimics the functioning of the biological brain using spiking neural networks (SNNs). These 

networks transmit data using short pulses, allowing them to simulate natural signal transmission processes. Such systems offer high 

data processing speeds, can learn in real time, and can effectively solve problems such as speech recognition or image recognition 

in video sequences. Intel is developing neuromorphic processors, such as Loihi, that mimic the adaptive behavior of the brain. The 

intersection of neuroscience and artificial intelligence promises revolutionary advances in understanding the human mind and 

developing more complex and adaptable AI systems. Automated data analytics using brain models is a promising field that could 

lead to breakthroughs in neuroscience, medicine, technology, and other areas of human endeavor. 
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I. Introduction 

Automated analytics based on big information and artificial 

intelligence is a set of technologies for processing, analyzing, 

and interpreting large data sets using machine learning 

algorithms and other artificial intelligence methods [1-6]. 

1. Data collection:  

 Sources: IoT devices, social networks, transactions, logs, 

sensors;  

 Streaming and batch loading;  

 ETL processes (Extract, Transform, Load).  

2. Storage and management:  

 Distributed storage (Hadoop, Spark);  

 Columnar databases (ClickHouse, Vertica);  

 Cloud platforms (AWS S3, Google BigQuery, Azure Data 

Lake).  

3. Processing and analysis:  

 Parallel computing;  

 SQL analytics and NoSQL queries;  

 Graph algorithms for identifying relationships.  

4. AI modules:  

 Machine learning (classification, regression, clustering);  

 Deep learning (neural networks, CNN, RNN, 

Transformers);  

 Natural language processing (NLP);  

 Computer vision (CV).  

5. Visualization and reporting:  

 Dashboards (Tableau, Power BI, Grafana);  

 Interactive reports;  

 Forecast charts and heat maps.  

6. Decision automation:  

 Recommender systems;  

 Predictive analytics;  

 Automatic triggers and workflows.  

7. Typical use cases:  

 Retail: Offer personalization, demand forecasting, 

inventory management.  
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 Finance: Borrower scoring, fraud detection, algorithmic 

trading.  

 Manufacturing: Predictive maintenance, supply chain 

optimization.  

 Healthcare: Image diagnostics, epidemic forecasting.  

 Telecom: Customer churn analysis, network optimization.  

 Marketing: audience segmentation, A/B testing of creatives.  

8. Advantages:  

 Speed: processing terabytes of data in minutes.  

 Accuracy: reducing human error, identifying hidden 

patterns.  

 Scalability: analyzing data of any size.  

 Forecasting: scenario modeling and trend prediction.  

 Autonomy: minimizing manual labor in routine tasks.  

9. Challenges and Limitations:  

 Data quality: need for cleansing and normalization.  

 Infrastructure costs: powerful computing resources.  

 Interpretability: "black boxes" of neural networks.  

 Privacy: compliance with GDPR, Federal Law 152, and 

similar regulations.  

 Talent: shortage of data science and MLOps specialists.  

10. Trends for 2025:  

 AutoML: automated model building and tuning.  

 Explainable AI (XAI): transparency of AI decisions.  

 Federated learning: data analysis without centralization.  

 Real-time analytics: analytics with sub-1-second latency.  

 Generative AI: creating synthetic data for model training.  

11. Implementation Stages:  

 Defining business objectives and KPIs.  

 Data and source audit.  

 Selecting a technology stack.  

 Prototyping and MVP.  

 Testing on real data.  

 Integration into business processes.  

 Monitoring and further training of models.  

Automated analytics powered by artificial intelligence 

transforms large volumes of information into strategic assets, 

enabling decision-making based on facts and expertise. The key 

to success lies in combining artificial intelligence methods with 

multimodal neural network models of the brain [7-8]. 

Brain models for automated analytics include both 

biological and mathematical models, as well as machine learning 

methods used to analyze brain data. These approaches are used 

in neuroscience, medicine, cognitive research, and the 

development of neuromorphic systems. Let's consider the key 

areas:  

Mathematical and biological models of the brain:  

1. Kuramoto model with extensions: Researchers from the 

Baltic Center for Neurotechnology and Artificial Intelligence 

extended the standard Kuramoto model to include high-order 

interactions (up to three elements simultaneously). This allows 

them to model the synchronization of neural networks and their 

transitions between normal and pathological states (for example, 

epileptic seizures). The model takes into account the dynamics of 

resource consumption and restoration in the connections between 

neurons.  

2. Hodgkin-Huxley model: A key mathematical neural model 

describing the generation and distribution of action potentials in 

neural cells. It is used to study electrically excitable cells, 

including neurons and myocytes. The model takes into account 

ion channels and membrane potential dynamics.  

3. Hopfield Neural Network: A popular mathematical model in 

neuroscience that demonstrates the principles of memory in a 

network of unreliable elements. It is characterized by 

associativity, noise immunity, and distributed information 

storage.  

4. The Virtual Brain: A project using a mesoscopic approach to 

modeling large brain regions and their interactions. It is used in 

cognitive neuroscience and biomedicine, for example, to predict 

the outcome of epilepsy surgery.  

5. BioUML: A platform for the formal description and modular 

modeling of complex biological systems, including the cellular 

level. It is used to create epilepsy models and integrate with 

regional models. 

 6. Neuromorphic Computing: A field that simulates the 

functioning of the biological brain using digital neurons and 

spiking neural networks (SNNs). Such systems simulate natural 

signal transmission processes and can learn in real time. An 

example is the Loihi neuromorphic processor from Intel Labs.  

Thus, brain models for automated analytics encompass a 

wide range of methods—from fundamental mathematical models 

to applied machine learning algorithms and neuromorphic 
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systems. Their development opens up new possibilities in 

medicine, cognitive science, and artificial intelligence 

technologies.  

This article describes the processes of recording and 

processing semantic, auditory, and visual information in the 

brain. Various brain models for information analytics are also 

discussed: first, a neural network model of the brain for the 

formation of information structures, second, a neural network 

information model of the brain, and third, a multimodal 

information model of the brain. 

II. Information Retention in the Brain 

The retention of semantic, visual, and auditory information 

in the brain is accomplished through a complex hierarchical 

system of the cerebral cortex, including primary, secondary, and 

tertiary areas.  

Primary cortex areas:  

 Primary projection areas are responsible for receiving and 

analyzing elementary sensory signals from receptors. They 

have a clearly defined topographic organization:  

 The visual area is located in the occipital lobe. This is 

where the physical parameters of visual stimuli (brightness, 

color, shape) are analyzed.  

 The auditory area is located in the temporal lobes. It 

processes frequency, amplitude, and other characteristics of 

sounds.  

Secondary cortex areas:  

 Secondary areas receive information from the primary areas 

and perform its generalization and further processing:  

 In the visual system, they synthesize individual elements 

into coherent images (e.g., object recognition).  

 In the auditory system, intonations, melodies, and words are 

analyzed.  

 The somatosensory system forms representations of the 

body's position in space.  

Tertiary cortex:  

 Tertiary areas (areas where analyzers overlap) are located at 

the border of the parietal, temporal, and occipital lobes, as 

well as in the anterior sections of the frontal lobes. They 

perform integrative functions:  

 Integrate information from different sensory systems (for 

example, linking visual and auditory images).  

 Provide understanding of the meaning of perceived 

information, including semantic processing.  

 Participate in the development of complex cognitive 

processes: speech, memory, and thinking. Functional blocks 

of the brain:  

 

1. Provide conditions for mental activity.  

2. The block for receiving, processing, and storing 

information (the second block) unites the occipital, 

temporal, and parietal regions, as well as their associative 

zones. Responsible for perception, memory, and the 

integration of sensory data.  

3. The programming, regulation, and control unit (third unit) 

is located in the frontal lobes. It facilitates goal setting, 

action planning, control over their execution, and correction 

of results. Interhemispheric asymmetry:  

The left hemisphere is primarily responsible for verbal 

functions, analysis, sequencing of perceptions, abstract thinking, 

non-speech noise, spatial orientation, emotional perception, and 

holistic image perception. Broca's area (motor speech) and 

Wernicke's area (sensory speech) are located here.  

Memory and information retention:  

 Short-term memory is associated with the activity of the 

frontal lobes and thalamus.  

 Long-term memory depends on the activity of the 

hippocampus and temporal cortex. The Peipetz circle 

(hippocampus - mammillary bodies - anterior nuclei of the 

thalamus - cingulate cortex - parahippocampal gyrus - 

hippocampus) regulates memory and learning processes.  

Thus, information acquisition in the brain is a multi-level 

process, involving signal reception by primary areas, processing 

by secondary areas, integration by tertiary areas, and regulation 

by functional units. The interaction between the hemispheres and 

subcortical structures plays a key role. 

III. A Neural Network Model of the Brain for Forming 

Information Structures 

A neural network model of the brain for forming 

information structures uses neural networks and associated 

algorithms to model information processing processes based on 

neural network structures similar to those of the brain. This 

approach enables the creation of systems capable of self-

organization, learning, and the formation of complex multimodal 
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information structures based on the brain model.  

Key characteristics of neural network models for forming 

information structures:  

1. Abstraction and modeling: Mathematical and algorithmic 

methods are used to model cognitive processes such as 

perception, memory, learning, and decision making.  

2. Information structuring: These models help automate the 

creation, organization, and updating of information 

structures, such as knowledge, hypotheses, and concept 

maps.  

3. Self-organization: The ability to model processes in which 

systems independently form effective data structures based 

on input data.  

4. Learning and adaptation: The models are capable of 

adapting to new data and changing conditions without the 

direct use of biological neural networks.  

Neural network approaches:  

 Logical systems: Using logical rules to form structures and 

logically process information.  

 Formal models: Models based on graphs, trees, and 

network structures that reflect relationships between 

concepts or data.  

 Clustering and classification algorithms: For automatic 

identification of structures in data.  

 Multiple-view models: Using multi-component 

representations to organize information. Advantages of 

neural network models:  

 High transparency and interpretability.  

 Ability to use logic and formal rules in systems.  

 Flexibility in modeling various types of information 

structures.  

The use of neural network models is relevant in areas where 

knowledge formalization, modeling of logical processes and the 

creation of information structures are important. 

IV. Neural Network Information Model of the Brain 

Classical deep neural networks have limitations in 

simulating the brain's informational properties; they simplify 

neuron dynamics (using perceptrons instead of complex 

biological neurons). A neural network information model of the 

brain simulates the brain's multimodal informational functions.  

 

Main neural network approaches: 

1. Neuromorphic computing:  

 Mimic biological architecture: neurons store and process 

information simultaneously;  

 Use spiking neural networks (SNNs), where data is 

transmitted in short pulses rather than continuous values;  

 Examples: Intel Loihi1 and Loihi2 processors, KapohoBay 

system. 

2. Connectomic models:  

 Construct maps of connections between neurons (the 

connectome) based on neuroimaging data; 

 Analyze network topology, not just node activity; 

 The *Human Connectome* project is an example of large-

scale neural connectivity mapping. 

3. Generative and inverse models:  

 Recreate the causal mechanisms of perception (e.g., 

transition from a 2D image to a 3D scene); * example: 

Tenenbaum's inverse graphical model, which predicts 3D 

scene parameters from 2D data and is being tested on 

macaque brain activity.  

4. Models based on dynamical systems and information 

theory:  

 Describe brain function through differential equations, 

attractors, and entropy;  

 Focus on global dynamics rather than local neuronal 

connections.  

5. Cognitive architectures:  

 Integrate knowledge of psychology, neuroscience, and AI 

(e.g., SOAR, ACT R);  

 Model higher cognitive functions (memory, attention, 

decision making) without directly copying neural networks.  

 Training does not require gradient descent or labeled data.  

 The architecture reflects biological organization (layers, 

clusters, synaptic plasticity).  

 The dynamics take into account time delays, spikes, and 

stochasticity. - Scalability allows for small sets of neurons. 
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6. Basic Principles and Analogies to the Brain:  

6.1 Hierarchical Information Processing:  

 In the brain, information is processed in stages: from simple 

features (contours, colors) to complex objects (faces, 

scenes). For example, in the visual system, the ventral 

stream is responsible for object recognition, and the dorsal 

stream is responsible for spatial processing. 

 Deep neural networks (DNNs) mimic this principle through 

a multi-layered architecture, where each layer extracts 

increasingly complex features.  

6.2 Formation of Associations and Abstractions:  

 The brain builds dynamic models of the environment, 

including a hierarchy of generalizations and aggregations.  

 Neural networks are capable of learning from data and 

forming internal representations, for example, in clustering 

or generation tasks. 

6.3 Learning and Plasticity:  

 In the brain, synaptic plasticity (Hebbian rules, long-term 

potentiation) underlies learning.  

 Neural networks use optimization algorithms such as 

backpropagation, although this mechanism is not 

considered biorealistic.  

7. Examples of neural network models:  

 Convolutional neural networks (CNNs) have been 

successfully used for visual recognition. Studies have 

shown that the activity of the final layers of a CNN 

correlates with the activity of the inferior temporal cortex of 

primates during image recognition.  

 Transformers, originally developed for language 

processing, have demonstrated high efficiency in modeling 

spatial and temporal data. For example, modified 

transformers are used to simulate the hippocampus, which 

is key to memory.  

 Spike neural networks aim to reproduce the spiking nature 

of signal transmission in the brain, which can improve 

energy efficiency and processing speed.  

8. Applications in brain research:  

 Neurophysiological data analysis: Deep learning is used to 

process MRI, EEG, and other data, helping to identify 

activity patterns associated with functions or pathologies.  

 Modeling cognitive processes: For example, inverse 

graphical models simulate the perception of 3D scenes from 

2D images, consistent with activity in the inferior temporal 

cortex of macaques.  

 Brain-computer interfaces (BCI): Neural networks help 

interpret brain signals to control external devices.  

 Neuromorphic approaches: Aim to create more bio-realistic 

models using spiking neurons and memory computation.  

 Integration with biological data: Projects like the Human 

Connectome and the Blue Brain Project aim to create 

detailed maps of neural connections.  

 Ethical and philosophical issues: Brain modeling raises 

issues of privacy, AI liability, and understanding 

consciousness.  

Network-based information models help harness the 

principles of biological learning and memory; create energy-

efficient neuromorphic chips; and develop brain-computer 

interfaces with better signal interpretability. Full brain simulation 

remains elusive due to its complexity (86 billion neurons and 

quadrillions of synapses).  

Although neural network models cannot yet fully reproduce 

the complexity of the human brain, they provide valuable tools 

for studying its functions and developing new technologies. 

Further research in neuromorphic engineering and integration 

with biological data may bring us closer to the creation of more 

advanced systems that mimic the brain's cognitive abilities [9-

15]. 

V. Informational Multimodal Model of the Brain 

The informational multimodal model of the brain describes 

how the brain integrates and processes multimodal 

(multisensory) signals to form a holistic perception of reality and 

make decisions. Key principles:  

1. Multimodality of perception: The brain continuously 

integrates information from different sensory systems (vision, 

hearing, touch, smell, proprioception, etc.), creating a unified 

picture of the world. For example, speech perception includes 

not only sound but also visual cues (lip movements, facial 

expressions).  

2. Hierarchical processing: Information passes through 

successive levels of analysis:  

 Primary sensory areas (processing basic features: color, 

tone, texture);  
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 Association areas (signal synthesis, pattern recognition);  

 Prefrontal areas (evaluation, planning, decision making).  

3. Predictive coding: The brain generates predictions about 

incoming signals based on experience. Actual sensory data is 

compared with these predictions, and discrepancies (prediction 

errors) are adjusted. This reduces energy expenditure and speeds 

up processing.  

4. Plasticity and adaptation:  Connections between modalities 

are dynamically restructured depending on context and learning. 

For example, in blind people, the visual cortex can process 

auditory information.  

5. Convergence in multimodal areas: Specific cortical areas 

(e.g., the parieto-occipital transition area, prefrontal cortex) 

integrate signals from different modalities. This allows for:  

 Recognizing objects from different perspectives;  

 Associating words with images;  

 Coordinating actions based on multisensory feedback.  

 Modern multimodal maps (e.g., a 2016 study from the 

University of Washington) combine:  

 Structural data (high-resolution MRI);  

 Functional connectivity (fMRI); - myelination and neuronal 

density.  

 180 color-coded areas by modality (vision - blue, hearing - 

red, touch - green).  

 The somato-cognitive action network (SCAN) is an 

example of the integration of motor and cognitive functions 

in the cortex, where areas responsible for movement 

alternate with planning areas.  

 Neurorehabilitation: using multimodal stimulation (e.g., 

combining visual and tactile signals) to restore function 

after injury.  

 Brain-computer interfaces (BCI): taking into account 

multimodal activity patterns for more precise control of 

prosthetics or virtual environments.  

 Artificial intelligence: inspiration for creating multimodal 

AI systems that simulate the integration of sensory data.  

6. Multimodal neural networks are artificial intelligence 

models capable of processing and integrating data from different 

sources (text, images, audio, video, etc.). They mimic the way 

the human brain perceives the world by combining information 

from various sensory channels. Such networks are used in 

various fields, including medicine, robotics, and corporate 

communications. 7. Brain-machine interfaces (BMIs) are 

technologies that enable two-way communication between 

biological neural systems and digital devices. They can analyze 

the brain's electrical activity (for example, using EEG) and 

convert it into digital data. Multimodal BMIs can combine 

multiple types of data, such as EEG and visual stimuli, to 

improve classification and analysis.  

7. Brain theories inspired by multimodal models – some 

researchers compare brain function to multimodal neural 

networks. For example, predictive coding theory describes the 

brain as a system that constantly creates internal models of the 

world and adjusts them based on sensory data.  

Thus, the multimodal model emphasizes that the brain is 

not a set of isolated modules, but a flexible network where the 

integration of heterogeneous information underlies cognition and 

adaptation. 

VI. Automated Analysis of Decisions and Results Using Brain 

Models Based on Modern Technologies 

Modern technologies for analyzing and improving 

decisions and results include a wide range of methods and tools 

based on advanced advances in information technology, data 

analytics, and artificial intelligence. Below are the main areas 

and technologies used to improve decision-making and evaluate 

their results:  

1. Big Data and Data Analytics:  

 Processing large volumes of structured and unstructured 

data  

 Using analytical platforms to identify patterns and trends  

2. Machine Learning and Artificial Intelligence (AI and ML):  

 Developing predictive models and automated decision-

making  

 Learning on historical data to improve decision accuracy  

3. Modeling and Simulation:  

 Creating virtual models to test various decision scenarios  

 Using simulation systems (e.g., Monte Carlo)  

4. Optimization Methods:  

 Solving linear, nonlinear, and dynamic programming 

problems  

 Using genetic and swarm search algorithms  
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5. Business Intelligence (BI) and Dashboards:  

 Visualization of data and analysis results for quick 

decision-making  

 Interactive dashboards for monitoring key performance 

indicators  

6. Real-time Analytics:  

 Online data processing and analysis  

 Rapid response to changes Situations  

7. Performance Evaluation Methods and Quality Control:  

 KPIs (Key Performance Indicators):  

 Post-analysis and retrospective audit of decisions  

8. Automation Tools and Intelligent Decision Support 

Systems:  

 Decision Support Systems (DSS) - Robotic Process 

Automation (RPA)  

9. Using Blockchain Technologies for Data Transparency and 

Security. 

10. Integrating Systems and Platforms for a Unified Approach 

to Analytics and Decision. 

Making these technologies enable organizations not only to 

make more informed and timely decisions but also to 

continuously improve their quality based on the analysis of the 

results obtained, which contributes to increased competitiveness 

and sustainable development. 

Modern technologies for analyzing and improving 

decisions and results include both traditional management 

analysis methods and innovative tools based on artificial 

intelligence, business analytics, and data visualization. These 

approaches help improve assessment accuracy, accelerate 

decision-making, and optimize business processes.  

Traditional methods for analyzing management decisions:  

1. Classical methods include:  

 The index method is used to evaluate complex decisions 

where precise quantitative assessment is impossible. It 

allows for the determination of relative indicators of plan 

fulfillment and the effectiveness of stages.  

 The balance method is based on comparing interrelated 

indicators to identify the impact of individual factors on 

company performance.  

 The elimination method allows for the identification of the 

impact of a single factor on a general indicator, assuming 

that other factors remain constant.  

 The graphical method is a visual representation of data 

through graphs and charts. It is often used in conjunction 

with other methods. 

 Comparison method — comparing actual indicators with 

planned or baseline values.  

 Functional cost analysis (FCA) — a systematic study of 

business processes for the purpose of cost optimization.  

 Economic and mathematical methods include linear 

programming, simulation modeling, game theory, and other 

approaches for selecting optimal solutions.  

2. Modern Tools and Technologies:  

2.1 Business Intelligence (BI) Systems:  

 AW BI, Alpha BI, Visary BI, PIX BI — Russian BI 

systems that allow you to collect, process, and visualize 

data, generate reports, and dashboards.  

 DataLens (Yandex) — a service for data visualization and 

analysis that integrates with various sources.  

 Google Data Studio — a tool for creating interactive reports 

that works in conjunction with other Google services.  

2.2 Neural Networks and Artificial Intelligence:  

 VisGPT — an aggregator of neural networks for data 

visualization, including Claude Sonnet and Gemini, which 

automatically generate graphs based on text queries.  

 AI tools for market data analysis, business process 

optimization, strategy development, and HR management.  

2.3 Visualization Tools:  

 Gantt charts for visualizing project activities with timelines.  

 Kanban boards for tracking task statuses.  

 Dashboards — dynamic reports with key business 

indicators.  

 Pie, line, column, and bubble charts for analyzing cost 

structure, profit dynamics, sales revenue, and complex 

financial data.  

2.4 Decision Support Systems (DSS):  

 Foresight. Analytical Platform, Loginom, Triaflay, Almaz 

BI — Russian solutions for intelligent data analysis and 
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informed decision-making.  

 Systems based on multicriteria decision analysis (MCDA) 

methods, such as Criterium DecisionPlus, D-Sight, and 

DecideIT.  

2.5 Data Analysis Methods:  

 Descriptive Statistics – a summary of the main 

characteristics of the data (mean, median, standard 

deviation).  

 Diagnostic Analysis – identifying cause-and-effect 

relationships.  

 Predictive Analysis – forecasting future events based on 

historical data.  

 Prescriptive Analysis – providing recommendations for 

optimizing decisions.  

2.6 Cognitive Business Analytics – a combination of machine 

learning and expert reasoning, which improves forecast 

accuracy.  

3. Development Trends:  

 Integration with big data management systems for in-depth 

analysis and the identification of hidden patterns.  

 The development of explainable AI (XAI) allows for the 

combination of algorithmic power with human 

interpretation of results.  

 Use of collective intelligence methods – mathematical 

aggregation of expert assessment results. - Adaptive 

decision-making models—changing the balance of 

quantitative and qualitative components depending on the 

context.  

The choice of specific tools and methods depends on the 

specifics of the task, available resources, and the organization's 

goals. Combining different approaches often yields the best 

results. 

VII. Conclusion 

AGI (artificial general intelligence) developers are using 

brain models as information processing mechanisms. 

Neuromorphic computing, computational neuroscience, and 

multimodal integration link different types of information. The 

Human Brain Project integrates the creation of multiscale brain 

models. Brain models learn from small data sets and generalize 

from experience, which is one of the goals of AGI. Brain models 

serve as a tool for AGI to achieve the status of artificial 

consciousness in processing multimodal information. Intelligent 

brain models and AGI are becoming assistants to humanity in 

solving scientific and practical problems. 

The author proposed a Mega Project for solving scientific 

and practical problems using an axiomatic coaching AGI solver 

method on a brain-like neural network: 

Stage 1: Creating a brain-like neural network:  

1.1 Developing a brain-like spiking neural network project using 

modern technologies.  

1.2 Implementing a brain-like spiking neural network project on 

neuromorphic chips.  

Stage 2: Creating a neural network-based axiomatic coaching 

AGI solver system:  

2.1 Developing a neural network-based axiomatic coaching AGI 

solver system.  

2.2 Software implementation of a neural network-based 

axiomatic coaching AGI solver system. 2.3 Debugging an 

axiomatic system to build a system of axioms for solving 

problems based on their formulations.  

2.4 Debugging an axiomatic system to build knowledge and 

skills for solving problems based on their formulations and 

axioms.  

2.5 Debugging the coaching system to determine the conditions 

for solving problems based on their formulations.  

2.6 Debugging the solver system to generate solutions to 

problems, as well as to generate messages about the impossibility 

of solving problems within the given knowledge system and 

current conditions.  

Stage 3: Testing the neural network axiomatic coaching solver 

AGI system on a brain-like spiking neural network with 

formulations of scientific and practical problems, generating 

solutions or messages about the impossibility of solutions within 

the given knowledge system and current conditions. 

The neural network axiomatic solver coaching method is 

proposed for implementation as artificial consciousness. The 

brain-like neural network is proposed for implementation as an 

artificial brain.  

Specialists can describe a scientific or practical problem to 

be solved to the artificial consciousness using the PMT format. 
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The artificial consciousness forms an information structure on 

the artificial brain. During the process of artificial thinking, the 

artificial brain generates either a reasoned solution or a reasoned 

answer—why the problem cannot be solved within the existing 

knowledge system.  

Automated analytics using brain models, based on big data 

and artificial intelligence, the results obtained, and the decisions 

made by the neural network coaching solver AGI system, 

improves artificial consciousness to solve more complex 

problems. 

Implementation of the Mega Project requires the formation 

of an international, interdisciplinary professional team of 

researchers, developers, and implementers. The implemented 

Mega Project can lead to the development and increased 

sustainability of human civilization on an ethical basis (Luke 

6:48). 
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