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ABSTRACT: Artificial General Intelligence (AGI) refers to computational systems capable of performing intellectual 

tasks at human-like levels across diverse domains, including reasoning, decision-making, learning, and 

problem-solving. AGI architectures aim to integrate perception, cognition, language, and action within a unified 

system. Achieving AGI requires innovations beyond narrow AI paradigms that dominate current technology. 

Contemporary research examines cognitive architectures, hybrid symbolic-connectionist systems, developmental and 

embodied approaches, and modular frameworks that mimic human cognitive structures. Significant design challenges 

include knowledge representation, scalable learning, generalization across contexts, explainability, safety, and ethics. 

Opportunities abound through hybrid architectures, agentic systems, neuromorphic hardware, and integrated 

human-machine collaboration. Hybrid cognitive design patterns combining deep learning with symbolic reasoning, 

multi-agent coordination, and universal knowledge models present promising pathways toward AGI. However, 

limitations in computational resources, task transferability, and alignment with human values represent considerable 

impediments. This paper synthesizes current AGI architectural approaches, identifies core design challenges, evaluates 

opportunities for advancement, and highlights future research trajectories. By clarifying the landscape of AGI 

architecture research and grounding discussions in both classical foundations and modern developments, this work aims 

to provide a comprehensive platform for advancing AGI design and deployment. ScienceDirect+1 

 

KEYWORDS: Artificial General Intelligence, AGI Architecture, Cognitive Architecture, Generalization, Hybrid 

Systems, Knowledge Representation, Learning Scalability, Safety and Alignment, Neuromorphic Computing 

 

I. INTRODUCTION 

 

Artificial General Intelligence (AGI) aspired to create machines that can perform a broad spectrum of cognitive tasks 

with flexibility and adaptability akin to human intelligence. The conceptual roots of AGI extend far back in computing 

history — from Turing’s seminal proposal of the ―Child Machine‖ suggesting that intelligence might be constructed 

through progressive learning and environmental interaction1 to recent efforts at constructing holistic cognitive 

frameworks that combine learning, reasoning, and self-reflection. The field of AGI seeks to transcend the limits of 

specialized systems, or Artificial Narrow Intelligence (ANI), which excel at specific tasks like language translation or 

image classification but falter when confronted with novel contexts or tasks outside their training distributions. The 

pursuit of AGI involves not merely scaling up existing models but rethinking fundamental principles of architecture, 

representation, and learning. 

 

Contemporary AGI research is motivated by the recognition that intelligence is not a monolithic function but rather a 

collection of interrelated processes involving perception, memory, reasoning, planning, and action selection. Modern 

AI achievements, including deep reinforcement learning, large language models (LLMs) like GPT-4, and multimodal 

neural systems, have demonstrated remarkable performance on individual benchmarks. However, these systems lack 

core hallmarks of general intelligence such as robust transfer learning, causal reasoning, common sense, and 

autonomous self-directed learning outside static datasets. Current architectures are often limited by their inability to 

integrate modality-agnostic reasoning, long-term memory, and contextual awareness in an adaptive and scalable 

manner. Furthermore, although deep learning systems have advanced pattern recognition, they struggle with 

explainability, value alignment, and ethical constraints — factors critical for trustworthy AGI systems. 

 

A principal architectural consideration in AGI design is the integration of symbolic representations with subsymbolic 

processing. Cognitive architectures such as SOAR and ACT-R, developed in the late 20th century, attempted to model 

human cognitive processes using symbolic information processing structures coupled with production rules and 

memory retrieval mechanisms. These architectures highlighted the importance of structured reasoning and modular 

cognition for intelligent behavior. However, they have historically struggled with scalability to large datasets and 

real-world learning. In response, hybrid approaches that merge symbolic reasoning with neural networks have gained 

https://www.sciencedirect.com/science/article/abs/pii/S1389041724000731?utm_source=chatgpt.com
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traction. Such architectures aim to leverage the pattern recognition strengths of neural models and the interpretability of 

symbolic systems, forming a potential pathway toward scalable and generalizable intelligence. 

 

Parallel to hybrid approaches, universal knowledge models propose the consolidation of diverse information modalities 

— including natural language, images, structured data, and algorithmic representations — into a unified 

representational framework. Recent research has outlined cognitive architectures with blocks dedicated to goal 

management, environmental interaction, social reasoning, reflection, ethics, and self-organization — moving closer to a 

comprehensive AGI system capable of autonomous adaptation and reflective reasoning. These universal paradigms 

seek to overcome the limitations of isolated machine learning models by embedding flexible knowledge structures 

capable of cross-domain inference and lifelong learning. ScienceDirect+1 

 

Despite rapid progress in advanced AI, significant challenges remain. AGI demands extraordinary computational 

resources as the complexity of tasks and learning processes grows. The scalability of current architectures is 

constrained by both hardware limitations and energy consumption, which can hamper real-time autonomous learning. 

Human general intelligence operates with remarkable efficiency and robustness across diverse environments — a 

benchmark that AGI systems strive toward but have yet to approximate fully. Additionally, alignment with human 

values and safety constraints presents a non-trivial challenge; systems must be designed to make decisions reliably and 

ethically in a wide range of unforeseen scenarios. Reports suggest that industrial efforts toward AGI are advancing 

faster than corresponding safety frameworks, underscoring the need for integrated design principles that prioritize both 

capability and control. The Guardian 

 

A comprehensive architectural framework for AGI must therefore address multiple axes: representational flexibility, 

scalability, generalization, explainability, safety, and resource efficiency. This requires the orchestration of diverse 

subsystems — such as perceptual processing, memory and retrieval mechanisms, reasoning engines, self-supervised 

learning modules, and value alignment processes — into cohesive, modular, yet integrated architectures. Future AGI 

architectures may also draw inspiration from biological systems, incorporating developmental phases, embodied 

learning, and active inference mechanisms that mirror human cognitive evolution. Approaches such as ontogenetic 

architectures conceptualize intelligence development as analogous to biological growth, suggesting that general 

intelligence emerges through structured interaction with environmental stimuli rather than pre-specified knowledge. 

The remainder of this paper surveys existing AGI architectural approaches, explores design challenges and 

opportunities, examines research methodologies, and concludes with insights on future trajectories. By synthesizing 

decades of foundational AI research with the latest developments, this work aims to delineate a roadmap for advancing 

AGI architectures that are both theoretically grounded and practically realizable. 

 

II. LITERATURE REVIEW 

 

The field of AGI has a rich scholarly lineage, encompassing cognitive science, symbolic AI, connectionist models, 

hybrid integration, and developmental frameworks. Early work in cognitive architectures such as SOAR and ACT-R 

sought to emulate human problem-solving through modular symbolic processing and explicit production systems. 

These architectures emphasized memory retrieval, rule application, and goal hierarchies as central mechanisms of 

cognition. Although powerful for modeling specific cognitive tasks, they were limited by their reliance on structured 

symbolic inputs and a lack of scalable learning mechanisms. 

 

Connectionist approaches, including neural networks and deep learning, shifted the focus toward subsymbolic learning 

from data. Deep learning systems have achieved remarkable success in perception, pattern classification, and sequence 

modeling, yet they largely lack the systemic reasoning and context generalization required for AGI. As a result, hybrid 

approaches that combine symbolic reasoning with neural learning have gained interest. These systems strive to 

integrate the strengths of both paradigms to support generalization and structured reasoning. 

 

Recent research emphasizes the identification of cognitive design patterns that recur across successful architectures. 

Such patterns include observe-decide-act cycles, hierarchical decomposition, memory consolidation mechanisms, and 

procedural knowledge representations. Applying these design patterns to agentic systems powered by LLMs expands 

the potential for integrated reasoning and action selection, laying groundwork for AGI development from generative 

and cognitive primitives. Emergent Mind 

 

Universal knowledge models represent another frontier in AGI architecture research. These paradigms aim to unify 

heterogeneous knowledge — natural language, visual data, graphs, formal logic, and algorithmic structures — within a 

single representational substrate. The rationale is to enable flexible cross-modal reasoning and lifelong learning, 

addressing limitations of isolated learning systems. Such models incorporate cognitive blocks for meta-learning, 

https://www.sciencedirect.com/science/article/abs/pii/S1389041724000731?utm_source=chatgpt.com
https://www.theguardian.com/technology/2025/jul/17/ai-firms-unprepared-for-dangers-of-building-human-level-systems-report-warns?utm_source=chatgpt.com
https://www.emergentmind.com/papers/2505.07087?utm_source=chatgpt.com
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reflection, ethics, and goal management, offering a scaffold for autonomous adaptation in dynamic environments. 

ScienceDirect 

 

Embodied and developmental approaches propose that general intelligence arises not from static training on large 

datasets alone but through structured interaction with an environment over time. Ontogenetic architectures draw from 

biological development, suggesting that cognitive capabilities emerge through progressive phases of sensory 

interaction, motor exploration, and social learning. These models align with early theoretical work by Turing and later 

developmental robotic studies that emphasize interaction and embodied cognition as essential to intelligence formation. 

Other research efforts focus on modular frameworks that distribute cognitive responsibilities across specialized 

modules — perception, language, reasoning, memory, planning — which are then integrated through coordination 

mechanisms. Modular systems support task specialization and scalability, with communication protocols that enable 

dynamic integration of knowledge and control strategies. This modularity promotes maintainability and adaptability, 

allowing modules to evolve independently while contributing to a cohesive AGI system. ResearchGate 

 

In sum, contemporary literature on AGI architectures reveals a convergence toward integrated models that combine 

symbolic reasoning, neural learning, cross-modal knowledge fusion, developmental principles, and modular design. 

These approaches collectively strive to overcome longstanding barriers to scalable general intelligence. 

 

III. RESEARCH METHODOLOGY 

 

To explore AGI architectures systematically, this paper adopts a mixed-method research methodology comprising 

conceptual analysis, comparative architectural modeling, and theoretical synthesis. The methodology is organized into 

four stages: 

 

1. Conceptual Framework Development 

First, foundational definitions of AGI and intelligence are established. Drawing from classic AI literature and cognitive 

science, AGI is defined as a system with the ability to perform intellectual tasks at levels comparable to humans across 

diverse domains, including reasoning, learning, and adaptation. The conceptual framework identifies core components 

necessary for AGI: perception, memory, reasoning, action selection, learning, and self-reflection. 

 

2. Comparative Architectural Analysis 

Next, existing architectural paradigms are compared using a standardized evaluative rubric. This rubric assesses 

architectures across criteria such as: 

 Generalization capability 

 Scalability 

 Knowledge representation flexibility 

 Explainability 

 Learning mechanisms (supervised, unsupervised, reinforcement, meta-learning) 

 Resource efficiency  

Each architecture is described in terms of structural components, data flow pathways, cognitive subsystems, 

and interaction protocols. 

 

3. Synthesis of Design Patterns 

Building on comparative analysis, recurring cognitive design patterns are identified. These patterns, including 

observe-decide-act cycles and hierarchical reasoning structures, are abstracted to provide generalized architectural 

motifs. Their application to hybrid AGI systems incorporating LLMs and neural symbolic integration is explored in 

detail. 

 

4. Prospect Modeling and Integration 

Finally, integrative AGI architectures are modeled by combining universal knowledge representations with modular 

cognitive subsystems. This modeling involves constructing conceptual diagrams, interaction schemas, and hypothetical 

workflows demonstrating how subsystems collaborate to achieve general intelligence tasks. Particular focus is placed 

on how these architectures support lifelong learning, task transferability, and reflective reasoning. 

 

This research methodology synthesizes theoretical and practical insights to outline a comprehensive and adaptable AGI 

architecture framework. 

 

https://www.sciencedirect.com/science/article/abs/pii/S1389041724000731?utm_source=chatgpt.com
https://www.researchgate.net/publication/378011157_A_Modular_Framework_to_Achieve_AGI_-Part_One?utm_source=chatgpt.com
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Advantages of Proposed AGI Architectures 

 Generalization: Hybrid and universal knowledge models enable broader task transfer beyond narrow 

domains. 

 Explainability: Symbolic components improve transparency and interpretability. 

 Modularity: Specialized subsystems support scalability and maintainability. 

 Cross-modal Integration: Unified representations accommodate diverse data types. 

 Adaptive Learning: Developmental and meta-learning components facilitate lifelong learning. 

 

Disadvantages / Challenges 

 Computational Complexity: High resource demands and energy usage. 

 Alignment Issues: Difficulty ensuring human-aligned behavior in all contexts. 

 Safety and Control: Potential for unpredictable emergent actions. 

 Scalability Limitations: Hard to maintain efficiency at large scales. 

 Implementation Complexity: Integration of heterogeneous modules presents engineering challenges. UPPCS 

MAGAZINE 

 

IV. RESULTS AND DISCUSSION  

 

The comparative analysis reveals several key findings. Hybrid architectures that combine symbolic reasoning with 

neural learning outperform purely connectionist or purely symbolic models in generalization and reasoning tasks. 

Universal knowledge models demonstrate flexibility across modalities, enabling richer environmental understanding. 

Modular systems offer clear pathways for scaling individual components. However, the high computational and 

engineering complexity of integrated AGI architectures remains a significant barrier. 

 

Safety and alignment challenges persist, with recent industry reports highlighting deficiencies in AI firms’ preparedness 

for human-level systems. Ethical considerations and governance frameworks must be co-designed with AGI 

capabilities to prevent unintended consequences. The Guardian 

 

Emerging approaches that incorporate developmental and embodied learning suggest promising routes toward more 

autonomous and adaptive AGI systems. Future research should emphasize lifelong learning, meta-reasoning, and 

neuromorphic computing to approximate human-like efficiency and flexibility. Nature 

 

V. CONCLUSION 

 

This paper has surveyed AGI architectures from both historical and contemporary perspectives. Achieving true AGI 

requires integrated systems that harmonize symbolic reasoning, neural learning, universal knowledge representations, 

and adaptive developmental processes. While current approaches have achieved remarkable progress, they remain 

https://uppcsmagazine.com/general-artificial-intelligence-agi-concept-evolution-and-future-implications/?utm_source=chatgpt.com
https://uppcsmagazine.com/general-artificial-intelligence-agi-concept-evolution-and-future-implications/?utm_source=chatgpt.com
https://www.theguardian.com/technology/2025/jul/17/ai-firms-unprepared-for-dangers-of-building-human-level-systems-report-warns?utm_source=chatgpt.com
https://www.nature.com/articles/s41598-025-92190-7?utm_source=chatgpt.com
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constrained by resource demands, limited task generalization, and alignment challenges. Addressing these limitations 

through hybrid architectures, modular design, and careful integration of ethical safeguards will be essential for realizing 

the full promise of AGI. Continued multidisciplinary research drawing upon cognitive science, systems engineering, 

and ethics will shape the next generation of AGI architectures. 

 

VI. FUTURE WORK 

 

Future research should explore: 

 Neuromorphic and energy-efficient hardware to enable scalable AGI 

 Advanced meta-learning frameworks for open-ended adaptation 

 Human-in-the-loop systems for safer alignment 

 Embodied and developmental agents for situated learning 

 Formal verification of reasoning and safety constraints 
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