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Abstract

The development of Artificial General Intelligence (AGI), characterized by human-
like cognitive adaptability and broad problem-solving capabilities, represents a for-
midable challenge within computer science. While Artificial Narrow Intelligence
(ANI) has demonstrated considerable success in domain-specific applications, it
fundamentally lacks the robust and flexible reasoning requisite for generalized
problem-solving. This paper presents a comprehensive survey of the architectural
frameworks and mathematical formalisms underpinning contemporary AGI re-
search. Furthermore, it critically examines the requisite hardware platforms and
optimization strategies essential for the practical realization of these computation-
ally intensive models.

This review commences with an exploration of the philosophical underpinnings
and core definitions of intelligence. Subsequently, a detailed analysis of prominent
cognitive architectures is presented, encompassing established symbolic systems
such as SOAR and ACT-R, alongside emergent neural-symbolic hybrid approaches.
The paper then proceeds to examine key learning paradigms, including reinforce-
ment learning, self-supervised learning, and meta-learning, elucidating their re-
spective mathematical models and the practical techniques employed to facilitate
their training. Moreover, crucial topics in knowledge representation are explored,
ranging from formal logics and ontologies to probabilistic and causal models. A
dedicated section is devoted to the examination of how high-performance hard-
ware and sophisticated software optimizations collectively provide the necessary
computational substrate for the development and deployment of AGI concepts.
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The central argument advanced is that substantive progress toward AGI necessi-
tates a synergistic integration of these diverse approaches. This involves combin-
ing the perceptual prowess inherent in connectionist models with the explicit rea-
soning capabilities of symbolic systems, all of which must be accelerated by ad-
vanced, heterogeneous hardware and efficient algorithms. The paper concludes by
summarizing the primary challenges confronting AGI research, including the com-
mon sense problem and the critical issue of Al alignment, while also outlining
promising directions for future inquiry where the co-evolution of software and
hardware is paramount.

1. Introduction
1.1. Defining Artificial General Intelligence (AGI)

The field of artificial intelligence (AI) has witnessed remarkable progress in recent
decades, primarily through the development of Artificial Narrow Intelligence (ANI).
These specialized systems have achieved superhuman performance in specific do-
mains, ranging from game playing to medical diagnosis. However, ANI systems
fundamentally lack the versatility and comprehensive understanding characteristic
of human intellect. Artificial General Intelligence (AGI) represents a paradigm shift
beyond these narrow applications, aiming to develop machines possessing a
broad, adaptable, and autonomous intellectual capacity comparable to that of a
human. The defining characteristics of AGI extend beyond mere task proficiency.
They encompass generality, allowing for effective operation across diverse do-
mains; autonomy, enabling independent function without constant human over-
sight; and self-improvement, facilitating the continuous enhancement of capabil-
ities. Crucially, AGI systems are envisioned to exhibit common sense reasoning,
creativity in generating novel solutions, and a genuine understanding of complex
information, moving beyond superficial pattern recognition. The ambitious nature
of AGI necessitates robust and multifaceted evaluation methodologies. Unlike ANI,
which can often be assessed against well-defined metrics, the comprehensive in-
telligence envisioned for AGI presents a significant measurement challenge. Con-
sequently, various benchmarks have been proposed to capture different facets of
general intelligence. These include the classic Turing Test [Turing, 1950], which
probes a system's ability to exhibit human-like conversational intelligence; the Cof-
fee Test [Wozniak, 2010], assessing practical autonomy in everyday environments;



the Robot College Student Test [Goertzel, 2012], evaluating learning and adapta-
tion in a complex academic setting; and the Lovelace Test [Bringsjord et al., 2001],
focusing on a system's capacity for genuine creativity and unpredictable innova-
tion. These diverse evaluative frameworks underscore the complexity inherent in
defining and measuring true general intelligence in artificial systems.

1.2. The Grand Challenge of AGI

The ambition for AGI dates back to the origins of artificial intelligence [McCarthy et
al., 1955], though recent decades have seen most practical success in the realm of
ANI. The development of AGI remains a profound challenge due to several core
difficulties, including the "common sense problem" of encoding vast amounts of
implicit human knowledge, the role of embodied cognition in learning [Pfeifer &
Bongard, 2006], and the need for open-ended learning capabilities. The potential
impact of achieving AGI is immense, promising to revolutionize science, reshape
society, and redefine humanity's future [Bostrom, 2014].

1.3. Paper Structure and Scope

This paper surveys the theoretical frameworks and mathematical formalisms that
underpin the quest for Artificial General Intelligence (AGI). It further analyzes the
hardware and algorithmic techniques necessary for the realization of these theo-
ries. The focus is on conceptual structures, their mathematical underpinnings, and
their computational requirements. This approach acknowledges the deeply inter-
disciplinary nature of AGI research, which draws from cognitive science, neuro-
science, philosophy, computer science, and hardware engineering. For instance,
recent advancements in autonomous systems, exemplify the complex interplay of
advanced hardware, sophisticated algorithms, and real-world application that
characterizes cutting-edge Al development, albeit in a narrow domain [Raymund
K.D. Kho et al., 2025].



2. Foundational Concepts and Philosophical Underpinnings

2.1. Intelligence: A Multifaceted Construct

Intelligence, whether biological or artificial, is a complex construct comprising per-
ception, reasoning, learning, problem-solving, and communication [Legg & Hutter,
2007]. The role of embodiment—the interaction with a physical environment—is
increasingly seen as crucial for developing grounded understanding. While emo-
tion is central to human intelligence, its necessity for AGI remains a topic of de-
bate.

2.2. Philosophical Debates Relevant to AGI

Several long-standing philosophical debates are critical to AGI research. These in-
clude the distinction between Strong AI and Weak AL; the Symbol Grounding Prob-
lem, which questions how symbols acquire meaning [Harnad, 1990]; and Searle's
Chinese Room Argument, which challenges the notion of machine understanding
[Searle, 1980]. The Frame Problem, concerning the scope of knowledge required
for an action, also remains a significant hurdle [McCarthy & Hayes, 1969].

2.3. The Problem of Generality

A central question for AGI is how an agent can learn to perform any intellectual
task. Research into transfer learning [Pan & Yang, 2010], multi-task learning, and
lifelong learning represents incremental steps toward this goal [Thrun & Pratt,
2012]. The primary challenge lies in creating systems that can adapt to novel situ-
ations and manage unknown unknowns.



3. Cognitive Architectures for AGI

3.1. Overview of Cognitive Architectures

Cognitive architectures provide integrated frameworks for intelligent behaviour.
They can be broadly categorized into symbolic, connectionist, and hybrid ap-
proaches, each with distinct strengths and weaknesses [Newell, 1990].

3.2. Symbolic Cognitive Architectures

e SOAR (State, Operator, And Result): This architecture is based on produc-
tion rules (If-Then statements) that operate within defined problem spaces.
Its primary learning mechanism is "chunking," where successful chains of
operations are consolidated into new rules [Laird, 2012].

o Formalism: Given a set of states S and operators O, a result function
is defined as R:S x O — S. Chunking creates a new production rule P/,
where a condition C maps to an action A.

e ACT-R (Adaptive Control of Thought—Rational): ACT-R distinguishes be-
tween declarative memory (facts) and procedural memory (productions). It
uses utility theory to select productions and incorporates activation spread-
ing for memory retrieval [Anderson, 2007].

o Formalism: The activation A; of a memory chunkiis given by A; =B, +
2], W;;Sji, where B; is the base-level activation and the summation

term represents associative activation. The utility U, of a production p
is calculated as U, = P,G—C,, where P, is the probability of success, G

is the goal value, and C,, is the cost.

3.3. Connectionist and Neural-Symbolic Architectures

Deep learning models are powerful components for perception and pattern recog-
nition but are weak in symbol manipulation and reasoning [LeCun et al., 2015].
Neural-Symbolic integration seeks to combine the strengths of both paradigms,
using symbolic logic to guide neural networks and neural networks to ground sym-
bolic representations [Garcez & Lamb, 2020].



4. Learning Paradigms and Knowledge Representation

4.1. Key Learning Paradigms

Reinforcement Learning (RL): RL provides a general framework for goal-di-
rected behaviour through Markov Decision Processes (MDPs) [Sutton &
Barto, 2018].

o Formalism: The Bellman equation defines the optimal value function:
V (s) = maxazs,rP(s’,r V s,a) [r +yV (s')].

Unsupervised and Self-Supervised Learning: These paradigms leverage
vast amounts of unlabeled data. Generative Models like GANs [Goodfellow
et al., 2014], VAEs [Kingma & Welling, 2013], and Diffusion Models learn un-
derlying data distributions.

o Formalism: Variational Autoencoders (VAEs) maximize the Evidence
Lower Bound (ELBO): L(6,¢;x) = E%(ZVX) [logpg(x V 2)] ~Dir(gy(z V %) V

p(2)).
Meta-Learning and Lifelong Learning: Meta-learning, or "learning to
learn," aims to enable rapid adaptation [Finn et al., 2017]. Continual learning
addresses "catastrophic forgetting" [Kirkpatrick et al., 20171].

o Formalism: Elastic Weight Consolidation (EWC) mitigates forgetting
by adding a penalty term to the loss function: L(6) = Lg(6) +2i%FZ~(6i—

QB,i)Z, where F is the Fisher information matrix.

4.2. Knowledge Representation and Reasoning

Formal Logics and Ontologies: First-Order Logic (FOL) and Description Log-
ics (DLs) provide frameworks for structured knowledge [Baader et al., 2003].

Probabilistic Graphical Models (PGMs): Bayesian Networks and Markov
Random Fields represent uncertain knowledge and perform causal infer-
ence [Koller & Friedman, 2009].

o Formalism: A Bayesian Network represents a joint probability distri-
bution as: P(Xy,...,X,) =[], P(X; V Pa(X;)).

Knowledge Graphs and Causal Reasoning: Knowledge Graphs represent
facts as nodes and edges [Bordes et al., 2013]. Causal reasoning, using



frameworks like Judea Pearl's do-calculus, allows models to understand
"why" an event occurred, moving beyond mere correlation [Pearl, 2009].

5. Hardware Enablement and Optimization Strategies

The theoretical frameworks for AGI are computationally voracious. Their practical
implementation depends critically on powerful hardware and sophisticated opti-
mization techniques.

5.1. Hardware Acceleration and Infrastructure

Specialized Processors: The foundation of modern Al training lies in spe-
cialized hardware. Graphics Processing Units (GPUs) are the workhorses,
with architectures designed for the massive parallel processing required by
neural networks [NVIDIA, n.d. (1)]. Tensor Processing Units (TPUs) are cus-
tom-designed ASICs that offer even greater efficiency for large-scale train-
ing workloads [Google Cloud, n.d.].

Distributed Training: For models that are too large or take too long to train
on a single device, distributed training is essential. Data parallelism repli-
cates a model across multiple devices, with each processing a different sub-
set of data. Model parallelism splits a single large model across multiple de-
vices. Hybrid approaches are often used for maximum efficiency [Jiegroup
GenAl n.d.].

Heterogeneous Computing Platforms: Platforms like the NVIDIA Jetson
AGX line integrate a multi-core CPU, a powerful GPU, and dedicated deep
learning accelerators. This architecture is exceptionally well-suited for hybrid
AGI models, allowing symbolic reasoning to run on the CPU while neural
networks are accelerated by the GPU.

5.2. Algorithmic and Software Optimizations

Memory and Precision Optimization: Mixed-precision training uses lower-
precision formats like FP16, significantly reducing memory footprint and
speeding up computation on compatible hardware [Neptune.ai, n.d.;
Bharataameriya, 2025]. Gradient checkpointing trades computation for
memory by recomputing activations during the backward pass instead of



storing them, enabling the training of deeper networks [Bharataameriya,
2025].

e Efficient Architectures: The quadratic complexity of the self-attention
mechanism in Transformers [Vaswani et al., 2017] is a major bottleneck.
More efficient attention mechanisms like FlashAttention have been devel-
oped to reduce this computational burden [Brilworks, 2024]. MobileNets are
an example of an efficient architecture designed for mobile vision applica-
tions [Howard et al., 2017].

e Model Compression: While often used for deployment, compression tech-
niques impact training strategy. Pruning removes redundant weights, quan-
tization reduces the numerical precision of weights, and knowledge distilla-
tion trains a smaller "student" model to mimic a larger "teacher" model, all
resulting in smaller, faster models [Yugank.Aman, 2025].

5.3. Data Efficiency and Training Procedures

e Transfer Learning and Fine-Tuning: Instead of training from scratch, start-
ing with a pre-trained model and fine-tuning it on a smaller, task-specific
dataset saves immense computational resources [Brilworks, 2024; Nitor In-
fotech, n.d.].

e Parameter-Efficient Fine-tuning (PEFT): Techniques like LoRA (Low-Rank
Adaptation) freeze most of a pre-trained model's weights and inject small,
trainable matrices. This drastically reduces the number of trainable parame-
ters, making the adaptation of large models highly efficient [Nitor Infotech,
n.d.].

e Data Curation and Learning Schedules: High-quality training data is cru-
cial. Active learning can be used to select the most informative data points
for labeling, reducing the overall data required [Number Analytics, 2025].
Additionally, carefully tuning the learning rate during training using sched-
ules can lead to faster convergence [Goodfellow et al., 2016].

6. Integrative Approaches and Future Directions

The most promising paths to AGI lie in the integration of the concepts discussed.



6.1. Hybrid Architectures and World Models

A deep dive into neuro-symbolic Al reveals methods to integrate symbolic plan-
ning with reinforcement learning. The execution of such models is made feasible
by the heterogeneous compute resources of platforms like the Jetson AGX. A
promising direction involves agents that learn internal simulations (world models)
of their environment, a concept unified by the free energy principle [Friston, 2010].

6.2. Self-Improvement and Developmental Al

Inspired by human development, developmental Al involves the gradual acquisi-
tion of skills, often driven by intrinsic motivation [Oudeyer et al., 2007]. The ulti-
mate goal is an AGI capable of recursively improving its own intelligence, a con-
cept that leads to the idea of an "intelligence explosion" [Chalmers, 2010].

7. Challenges, Limitations, and Open Problems

The development of AGI faces numerous significant hurdles. These include the
profound Common Sense Problem and the brittleness of current Al outside its
training data. Data efficiency remains a major issue, as deep learning models re-
quire massive datasets compared to humans. The "black-box" nature of complex
models creates a need for Interpretability and Explainability (XAI) [Gunning & Aha,
2019]. Furthermore, the immense computational resources required raise scalabil-
ity and energy consumption concerns. Finally, the Ethical, Safety, and Societal Im-
plications—most notably the alignment and control problems—are paramount
[Bostrom, 2014].



8. Conclusion

The path to AGI is not through a single algorithm but through the integration of
diverse architectural and mathematical frameworks, powered by increasingly ca-
pable and efficiently utilized hardware. This paper has outlined the key compo-
nents, from cognitive architectures and learning paradigms to knowledge repre-
sentation and the critical role of hardware and optimization. Future research must
focus on sophisticated neuro-symbolic integration, advanced meta-learning, and
robust causal inference. Crucially, the convergence of these software frameworks
with advanced hardware platforms is creating a fertile ground for practical exper-
imentation. This synergy allows for the deployment and testing of complex AGI
concepts in real-world, embodied systems—a critical step towards realizing the
promise of machines with human-like intelligence.
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