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ABSTRACT 

Cognitive architectures and AI thinking models represent foundational 

frameworks for developing intelligent systems that simulate human-like 

reasoning, learning, and decision-making. These architectures provide 

structured methodologies for integrating perception, memory, reasoning, and 

action into coherent computational systems. This paper provides a 

comprehensive review of the field, examining classical cognitive architectures 

such as ACT-R, SOAR, and Sigma, as well asmodern AI thinking models 

inspired by neural-symbolic systems, hybrid reasoning, and reinforcement 

learning. Additionally, the paper discusses applications in robotics, natural 

language understanding, and autonomous decision-making, highlighting the 

challenges and future directions of cognitive architectures. The synthesis aims 

to guide researchers and practitioners in designing AI systems with improved 

adaptability, generalization, and cognitive fidelity. 
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INTRODUCTION 

Artificial Intelligence (AI) has evolved from rule-based systems to highly adaptive frameworks 

capable of learning, reasoning, and interacting in complex environments. However, traditional 

AI models often lack the structural depth to mimic human cognition effectively. Cognitive 

architectures provide this depth by offering systematic frameworks for integrating perception, 

memory, decision-making, and action. These architectures are not only theoretical constructs  
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but also practical platforms for building human-like AI systems. 

 

Cognitive architectures aim to answer critical questions such as: 

1. How do humans acquire, store, and retrieve knowledge? 

2. How is reasoning integrated with perception and action? 

3. How can AI systems simulate learning, planning, and problem-solving? 

AI thinking models complement these architectures by defining computational methods for 

reasoning, planning, and adaptive decision-making. Together, cognitive architectures and AI 

thinking models form the backbone of modern research in artificial general intelligence (AGI) 

and human-like AI systems. 

 

2. OVERVIEW OF COGNITIVE ARCHITECTURES 

Cognitive architectures are computational frameworks designed to replicate the structure and 

processes of human cognition. Key components typically include: 

 Perception Modules: Processing sensory data from the environment. 

 Working Memory: Temporary storage for reasoning and planning. 

 Long-Term Memory: Persistent storage of knowledge and experiences. 

 Learning Mechanisms: Adaptive modules that improve system performance over 

time. 

 Decision-Making & Action Modules: Generate outputs and guide interactions with 

the environment. 

Cognitive architectures can be categorized into symbolic, sub-symbolic, and hybrid 

architectures: 

 

Architecture 

Type 
Characteristics Examples 

Symbolic 
Rule-based, explicit knowledge 

representation 
SOAR, ACT-R 

Sub-symbolic Connectionist, neural-inspired 
Neural Turing Machines, 

DeepMind’s Gato 

Hybrid 
Combination of symbolic reasoning and 

neural computation 
Sigma, CLARION 
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2.1 Symbolic Cognitive Architectures 

Symbolic architectures rely on formal rules and logic to simulate reasoning. They model 

cognition as the manipulation of discrete symbols according to well-defined rules. 

ACT-R (Adaptive Control of Thought – Rational) 

 Developed by John Anderson, ACT-R models human cognitive processes in modules 

corresponding to memory, perception, and motor action. 

 Applications: Cognitive modeling in learning, language processing, and decision-

making. 

SOAR 

 Developed by John Laird, SOAR is a general cognitive architecture that integrates 

problem-solving, learning, and memory. 

 Key Feature: Uses production rules to drive actions based on goals. 

Symbolic architectures excel at transparent reasoning and explainability but often struggle with 

uncertainty, ambiguity, and large-scale learning. 

 

2.2 Sub-symbolic Cognitive Architectures 

Sub-symbolic architectures rely on distributed representations and neural computation, 

capturing human-like pattern recognition, learning, and generalization. 

Neural-Symbolic Models 

 Combine neural networks with symbolic reasoning to capture abstract knowledge while 

leveraging learning capabilities. 

Neural Turing Machines (NTMs) 

 Developed by DeepMind, NTMs integrate neural networks with external memory, 

allowing complex reasoning and algorithmic learning. 

Sub-symbolic architectures are effective at handling noisy data and learning complex patterns 

but often lack interpretability. 

 

2.3 Hybrid Architectures 

Hybrid architectures integrate symbolic and sub-symbolic approaches to balance learning, 

reasoning, and explainability. 

Sigma 

 A hybrid architecture supporting multiple cognitive tasks. 

 Combines graphical models and symbolic reasoning to enable decision-making and  
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learning. 

CLARION (Connectionist Learning with Adaptive Rule Induction ONline) 

 Combines explicit knowledge in symbolic form with implicit knowledge represented 

in neural networks. 

 Supports learning, planning, and multi-level decision-making. 

 

3. AI Thinking Models 

AI thinking models provide the computational frameworks for simulating human-like 

thought processes, including reasoning, problem-solving, planning, and learning. These 

models are often embedded within cognitive architectures to enable machines to make 

decisions, adapt to new environments, and solve complex tasks. By defining how an AI 

“thinks”, these models bridge the gap between raw data processing and intelligent behavior. 

 

3.1 Rule-Based Reasoning Models 

Rule-based reasoning models, also known as symbolic reasoning models, operate using if-

then rules to infer conclusions from known facts. They are one of the earliest AI thinking 

models and are highly interpretable. 

 Mechanism: 

o Facts about the environment are stored in a knowledge base. 

o Inference engines apply logical rules to these facts to derive new conclusions or suggest 

actions. 

 Strengths: 

o Deterministic and predictable behavior. 

o High transparency and easy to debug. 

 Limitations: 

o Poor scalability in complex or dynamic environments. 

o Limited adaptability to unforeseen situations. 

 Applications: 

o Expert systems in medical diagnosis, where specific symptoms lead to diagnostic 

conclusions. 

o Industrial control systems, rule-based chatbots, and decision support systems. 
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3.2 Probabilistic & Bayesian Models 

Probabilistic models manage uncertainty and incomplete information by representing 

knowledge as probability distributions. Bayesian models, a subset, update beliefs based on 

new evidence, enabling adaptive decision-making. 

 Mechanism: 

o Use Bayes’ theorem to calculate the likelihood of hypotheses given observed data. 

o Handle uncertainty explicitly, allowing reasoning in partially known or noisy 

environments. 

 Strengths: 

o Can reason under uncertainty and update knowledge dynamically. 

o Well-suited for real-world, stochastic environments. 

 Limitations: 

o Computationally expensive for large-scale networks. 

o Requires accurate probability estimation. 

 Applications: 

o Bayesian networks for medical prognosis or fault detection. 

o Probabilistic robotics for localization and mapping. 

o Predictive analytics in finance or supply chain management. 

 

3.3 Reinforcement Learning Models 

Reinforcement learning (RL) models enable AI systems to learn optimal behaviors through 

interaction with the environment. Inspired by behavioral psychology, RL emphasizes 

learning from trial-and-error and feedback. 

 Mechanism: 

o An agent observes a state, takes an action, and receives a reward or penalty. 

o The goal is to maximize cumulative rewards over time. 

o Deep RL methods, like Deep Q-Networks (DQN), combine RL with neural networks 

for high-dimensional inputs. 

 Strengths: 

o Learns complex, sequential decision-making tasks. 

o Adaptive to dynamic environments without explicit programming. 

 Limitations: 

o Requires large amounts of training data or simulation. 
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o Exploration-exploitation balance can be challenging. 

 Applications: 

o Robotics for navigation and manipulation. 

o Game AI (e.g., AlphaGo, Dota 2 bots). 

o Autonomous vehicles and resource management systems. 

 

3.4 Neural-Symbolic Reasoning 

Neural-symbolic reasoning models combine the adaptive learning capabilities of neural 

networks with the interpretability and structured reasoning of symbolic AI. This hybrid 

approach aims to leverage the strengths of both paradigms. 

 Mechanism: 

o Neural networks handle pattern recognition and learning from raw data. 

o Symbolic components encode explicit rules, logical relationships, or constraints. 

o Integration allows the system to reason over learned knowledge. 

 Strengths: 

o Balances learning with interpretability. 

o Handles complex reasoning tasks in dynamic environments. 

 Limitations: 

o Integration of neural and symbolic components can be computationally challenging. 

 Applications: 

o Knowledge-based question answering systems. 

o Scientific discovery, where learned patterns must align with known rules. 

o Autonomous reasoning in complex simulations. 

 

3.5 Cognitive Simulation Models 

Cognitive simulation models aim to replicate human thought processes and problem-

solving strategies, often based on psychological theories. They provide insights into how 

humans think, learn, and multitask. 

 Mechanism: 

o Simulate memory, attention, and decision-making processes. 

o Can incorporate theories like ACT-R (Adaptive Control of Thought—Rational) or 

SOAR. 
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 Strengths: 

o Helps understand human cognition in addition to building AI systems. 

o Useful for predicting human behavior in complex tasks. 

 Limitations: 

o Focused on replicating human-like behavior rather than optimal performance. 

o May not scale efficiently to real-world environments. 

 Applications: 

o Simulating human multitasking and learning in cognitive experiments. 

o Human-computer interaction studies and interface design. 

o Training AI to mimic expert decision-making. 

 

4. APPLICATIONS OF COGNITIVE ARCHITECTURES & AI THINKING MODELS 

Cognitive architectures and AI thinking models are not just theoretical frameworks—they have 

practical applications across diverse domains, enabling intelligent systems to perceive, 

reason, learn, and act in ways that mimic human cognition. Their versatility arises from the 

combination of structured reasoning, adaptive learning, and decision-making capabilities. 

 

4.1 Robotics 

Robotics is one of the most prominent domains where cognitive architectures and AI thinking 

models are applied. Cognitive robots use these frameworks to integrate perception, reasoning, 

and action. 

 Mechanisms: 

o Perception modules process sensor data (e.g., cameras, LIDAR) for environmental 

awareness. 

o Working and long-term memory store navigation maps, object knowledge, and learned 

tasks. 

o Decision-making modules plan optimal paths, manipulate objects, and coordinate with 

other agents. 

 Architectures & Models Used: 

o SOAR: Task decomposition, goal-driven behavior, and multi-step planning. 

o ACT-R: Human-like motor control and learning for collaborative tasks. 

o Reinforcement Learning (RL): Fine-tunes robotic behaviors through trial-and-error 

in dynamic environments. 



 
 

 

65 Page 58-68 © MANTECH PUBLICATIONS 2020 All Rights Reserved 

 

Journal of Artificial Intelligence, Machine Learning and Soft Computing 

Volume 5, Issue 2, July-December 2020  

 

 

 Applications: 

o Autonomous warehouse robots navigating and sorting items. 

o Collaborative industrial robots (cobots) assisting human workers. 

o Search-and-rescue drones exploring complex terrains. 

Significance: Cognitive architectures allow robots to adapt to unforeseen circumstances, 

learn from experience, and operate with minimal human supervision. 

 

4.2 Natural Language Understanding (NLU) 

Understanding and generating human language is a complex cognitive task. AI thinking models 

embedded in cognitive architectures enable machines to simulate human language 

comprehension and produce context-aware responses. 

 Mechanisms: 

o Neural-symbolic models integrate neural networks for semantic interpretation with 

symbolic reasoning for grammar, syntax, and logic. 

o Working memory tracks conversational context, enabling coherent multi-turn 

dialogues. 

o Long-term memory stores linguistic knowledge, world facts, and ontologies. 

 Architectures & Models Used: 

o ACT-R: Simulates cognitive processes in language learning, reading comprehension, 

and text understanding. 

o Neural-symbolic models: Enable reasoning over knowledge bases while handling 

unstructured text. 

 Applications: 

o Virtual assistants and chatbots with context-aware conversation. 

o Language tutoring systems that adapt to student proficiency. 

o Text summarization and machine translation with reasoning about meaning. 

Significance: Cognitive architectures allow machines to understand the nuances of human 

language, not just process syntax, leading to more natural and intelligent interactions. 

 

4.3 Human-Computer Interaction (HCI) 

Cognitive architectures enhance HCI systems by enabling them to anticipate user needs, 

personalize experiences, and provide adaptive support. 
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 Mechanisms: 

o Perception modules monitor user behavior, gestures, or inputs. 

o Decision-making models predict likely next actions or preferences. 

o Learning mechanisms adapt interfaces based on historical user interactions. 

 Architectures & Models Used: 

o SOAR and ACT-R: Predict user behavior and simulate human problem-solving 

patterns. 

o Probabilistic models: Handle uncertainty in user intentions and adapt interfaces 

accordingly. 

 Applications: 

o Adaptive educational software tailoring learning paths to individual students. 

o Smart assistants that adjust recommendations based on user preferences. 

o Gesture- and gaze-based interaction systems for immersive VR/AR experiences. 

Significance: By modeling human cognition, AI systems can enhance usability, efficiency, 

and user satisfaction, creating seamless and intuitive interactions. 

 

4.4 Autonomous Decision-Making 

Autonomous decision-making involves making optimal choices in dynamic and uncertain 

environments. Cognitive architectures combined with AI thinking models provide both 

structured reasoning and adaptive learning necessary for this task. 

 Mechanisms: 

o Rule-based reasoning provides deterministic decision logic for known scenarios. 

o Reinforcement learning enables adaptation to new conditions through experience. 

o Probabilistic reasoning manages uncertainty and incomplete knowledge. 

o Neural-symbolic integration ensures both interpretability and flexibility. 

 

 Applications: 

o Self-driving vehicles making real-time navigation and safety decisions. 

o Financial trading systems optimizing investment strategies under market uncertainty. 

o Smart grids balancing energy supply and demand using predictive models. 

 

Significance: These hybrid models allow systems to operate independently in complex, 

high-stakes domains, combining the reliability of rules with the flexibility of learning. 
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CHALLENGES IN COGNITIVE ARCHITECTURES 

Despite their potential, cognitive architectures face several challenges: 

 Scalability: Managing large knowledge bases and complex environments. 

 Learning Efficiency: Balancing fast learning with memory constraints. 

 Generalization: Achieving human-like flexibility across diverse tasks. 

 Interpretability: Ensuring models remain transparent and explainable. 

 Integration: Combining multiple reasoning paradigms effectively. 

 

FUTURE DIRECTIONS 

 Neural-Symbolic Integration: Further integration of deep learning and symbolic 

reasoning. 

 Cognitive Digital Twins: Simulating human cognitive behavior for personalized AI. 

 Explainable AI: Enhancing transparency in hybrid models. 

 Autonomous Agents: Deploying cognitive architectures in multi-agent systems and smart 

environments. 

 Cross-Domain Learning: Developing architectures that generalize across domains 

without retraining. 

 

FIGURES AND TABLES 

 

Table 1: Comparison of Popular Cognitive Architectures 

Architecture Type Strengths Limitations 

ACT-R Symbolic Cognitive modeling, learning Limited scalability 

SOAR Symbolic Problem-solving, planning Handling uncertainty 

Sigma Hybrid Multi-tasking, learning Complexity of implementation 

CLARION Hybrid Implicit & explicit knowledge Integration challenges 

 

CONCLUSION 

Cognitive architectures and AI thinking models provide robust frameworks for developing 

human-like AI systems capable of reasoning, learning, and decision-making. Symbolic 

architectures offer transparency, sub-symbolic architectures excel in adaptability, and hybrid 
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architectures balance the strengths of both approaches. AI thinking models, including rule-

based, probabilistic, reinforcement learning, and neural-symbolic approaches, further enhance 

cognitive fidelity. The field is moving toward more integrated, explainable, and generalizable 

systems, promising advances in robotics, human-computer interaction, and autonomous 

decision-making. Future research should focus on scalability, interpretability, and cross-

domain adaptability to achieve truly cognitive AI. 
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