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Abstract—Artificial  General Intelligence  (AGI)
represents the apex of Al research, striving to replicate
human-like adaptability, reasoning, and learning across
diverse domains. While current Al systems excel in
specific, narrow tasks, they fall short of generalization,
creativity, and transferability. Inspired by Francois
Chollet’s “On the Measure of Intelligence,” this paper
synthesizes  theoretical insights and  practical
methodologies to propose a pathway toward AGI. We
introduce frameworks for hybrid architectures, embodied
learning, skill-acquisition benchmarks, and ethical
safeguards, creating a robust foundation for scalable and
human-aligned AGI.

Index Terms—Artificial General Intelligence (AGI),
Hybrid Architectures, Skill-Acquisition Efficiency,
Ethical Safeguards, Embodied Learning, Generalization
Benchmarks

I. INTRODUCTION

Artificial General Intelligence (AGI) represents a
fundamental departure from narrow Al, characterized by
its ability to generalize knowledge, adapt to new and
unforeseen tasks, and operate autonomously across
diverse and complex domains. Unlike narrow Al systems,
which excel at performing specific, well-defined tasks—
such as recognizing objects in images, translating text, or
optimizing logistics—AGI aspires to achieve human-like
versatility. This versatility demands not only proficiency
in isolated tasks but also the capacity to transfer learning,
draw abstract inferences, and navigate un- familiar
scenarios without extensive retraining. The path to AGI,
however, is fraught with challenges. Despite remarkable
advances in machine learning, deep learning, and
reinforcement learning, current Al systems remain
fundamentally limited in several key areas:

» Generalization: Al systems struggle to ap- ply learned
knowledge to tasks outside their training data, often
exhibiting brittleness when confronted with novel
situations.

» Robustness: Ensuring that Al systems perform reliably
in dynamic, unpredictable, or adversarial environments
remains a significant hurdle.

« Efficiency: The data-hungry and computation- ally
intensive nature of contemporary Al models poses
barriers to scalability and real-world applicability.
Equally critical are the ethical and societal implications
of AGI development. AGI systems, by their nature, will
impact nearly every facet of human life, from labor
markets and education to governance and healthcare.
Ensuring alignment with human values, mitigating risks
of misuse, and preparing for potential disruptions are non-
negotiable components of any AGI roadmap.

A. Current Paradigms and Limitations

Francois Chollet, in his seminal work “On the Measure of
Intelligence™, critiques prevailing approaches to Al
development for their disproportion- ate focus on skill
mastery rather than true intelligence. He argues that skill-
based metrics—where systems are evaluated based on
their ability to excel in predefined tasks—fail to capture
the essence of general intelligence. Chollet identifies this
overemphasis on task-specific performance as a major
obstacle, highlighting the tendency of contemporary
systems to optimize for benchmarks without exhibiting
genuine adaptability or reasoning. Chollet reframes AGI
not as an accumulation of skills but as skill-acquisition
efficiency—the ability to acquire and adapt skills
effectively across a wide range of tasks, leveraging innate
priors, experience, and computational resources. This
perspective shifts the focus from brute-force methods
(such as training models on massive datasets or using
immense computational power) to creating systems that
learn and adapt efficiently, much like humans do.

B. The Need for a Unified Framework
The development of AGI demands a unified framework
that integrates insights from multiple disciplines,
including cognitive science, neuro- science, and machine
learning. Such a framework must:
» Emphasize Generalization: Develop systems capable
of understanding and adapting to tasks beyond their initial
training data.
» Incorporate Human-Like Priors: Leverage innate
assumptions and structured learning pathways to reduce
data dependence.
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» Optimize for Efficiency: Prioritize algorithms and
architectures that minimize computational and data
requirements.

» Embed Ethical Safeguards: Ensure alignment with
societal values and robustness against misuse or
unintended consequences.

This paper seeks to integrate these principles into a
comprehensive roadmap for AGI. By synthesizing
Chollet’s actionable insights with advances in hybrid
architectures, embodied learning, and adaptive memory
systems, this work aims to provide a pragmatic and
scalable pathway toward AGI development.

C. Contributions of This Paper
This paper extends the discourse on AGI by:
* Presenting a redefined understanding of intelligence
rooted in skill-acquisition efficiency.
* Proposing a multi-component approach to AGI,
incorporating hybrid architectures, memory systems, and
embodied learning.
* Introducing benchmarks and testing frame- works that
emphasize generalization and adaptability over task-
specific performance.
* Addressing ethical considerations and proposing
safeguards for responsible AGI deployment.
The journey to AGI is not merely a technical challenge
but a deeply interdisciplinary endeavor requiring a
harmonious blend of innovation, ethics, and foresight.
This paper lays the groundwork for that journey,
providing a roadmap for researchers, policymakers, and
engineers to navigate the complexities of AGI
development.

1. DEFINING INTELLIGENCE FOR AGI

A. Intelligence as Skill-Acquisition Efficiency
Francois Chollet’s definition of intelligence as skill-
acquisition efficiency reorients the pursuit of AGI from
achieving task-specific excellence to mastering
adaptability and learning. This perspective aligns with the
observation that human intelligence is not defined by
innate knowledge of specific tasks but by the ability to
learn new tasks efficiently using a combination of
experience and built-in priors. For AGI, this means
focusing on the mechanisms that enable rapid and
efficient learning rather than brute- force training on vast
datasets. Key parameters central to this definition
include:

* Scope: The range of tasks or domains the system can
address, which must extend beyond pre-defined or

explicitly trained tasks. The breadth of scope determines
the generality of the system. For instance, a system
capable of diagnosing diseases, playing games, and
creating art demonstrates a wider scope than one trained
exclusively for a single task.
» Generalization Difficulty: Not all tasks are equally
difficult to generalize. The complex- ity of adapting to a
task depends on how well it aligns with the system’s
priors and the difficulty of drawing abstract connections.
For example, solving a Rubik’s cube requires abstract
spatial reasoning, whereas identifying objects in images
may rely on simpler pattern recognition.
* Priors: Innate assumptions or encoded knowledge that
guide the learning process, reducing reliance on data.
Effective priors, analogous to human instincts or inherent
cognitive frameworks, provide the foundational “starting
point” for learning. Examples include the concept of
object permanence or cause-and-effect relationships in
physical systems.
» Experience: Represents the system’s interactions and
data exposure during its lifetime, which shapes its
skillset. In skill-acquisition efficiency, systems must use
limited experience effectively, mirroring how humans
can learn complex tasks with minimal exposure.
This conceptualization emphasizes adaptability over
brute-force solutions. Rather than relying on excessive
data or computational power, AGI systems should
optimize their capacity to generalize and adapt to
unfamiliar challenges. The focus shifts from solving tasks
in isolation to developing the underlying mechanisms that
make solving any task feasible.

1) Practical Implications for AGI Design:
» Scalable Learning Algorithms: Systems must operate
efficiently with limited data, minimizing the dependency
on extensive datasets or simulations.
* Transfer Learning Frameworks: AGI should leverage
knowledge gained from one domain to excel in others,
reducing training time for new tasks.
» Meta-Learning: Teach systems to learn how to learn,
enabling rapid adaptation to novel environments or
problems.

B. Redefining Benchmarks for AGI
The benchmarks currently used in Al research are
predominantly task-specific, focusing on performance in
constrained scenarios. Examples include:
» ImageNet: Measures object recognition accuracy.
» AlphaZero: Evaluates game-playing proficiency in
chess, Go, and shogi.
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While these benchmarks demonstrate advancements in
specialized domains, they fail to capture the broader
attributes of intelligence, such as adaptability, reasoning,
and generalization. Chollet’s ARC (Abstraction and
Reasoning Corpus) dataset represents a paradigm shift,
emphasizing tasks that require abstract reasoning and
human-like generalization.

1) Core Principles of ARC:
* Human-Like Priors: Tasks in ARC are de- sighed to
mimic innate human problem-solving mechanisms,
requiring systems to infer abstract patterns without
explicit training.
* No Pre Training or Task-Specific Optimization:
ARC prevents systems from relying on brute-force
methods by ensuring tasks are novel and cannot be solved
by pre-training on similar data.
* Focus on Abstraction and Generalization: ARC tasks
test the system’s ability to generalize learned concepts

across unfamiliar problems, measuring cognitive
adaptability.
2) Example:

Solving an ARC Task: Consider an ARC task where the
system is presented with a grid containing colored
patterns and must deduce the rules governing the
transformations of these patterns. For instance:

* Input: A grid with specific-colored tiles arranged in a
shape.

« Output: A transformed grid where the system must
infer rules like “extend the pattern symmetrically” or
“remove all blue tiles.”

* Challenge: The system must solve the problem using
abstract reasoning, not memorized patterns or pre-defined
heuristics.

3) Limitations of Existing Benchmarks:
 Over-fitting: Traditional benchmarks encourage over-
specialization, as systems can optimize for narrowly
defined tasks without im- proving generalization.

» Reliance on Data: Many benchmarks reward systems
that rely on large training datasets, obscuring their lack of
true learning efficiency.

* Lack of Adaptability: Most benchmarks fail to test a
system’s ability to learn new tasks without retraining or
task-specific engineering.

C. Toward a Holistic Measure of Intelligence
Building on Chollet’s framework, an ideal AGI
benchmark must account for:

» Adaptability: The system’s ability to adjust to new
tasks with minimal retraining or fine- tuning.

» Data Efficiency: How effectively the system learns
from limited examples.
* Multi-Domain Performance: Evaluation across
diverse and unrelated domains, such as language
understanding, physical reasoning, and visual problem-
solving.
» Incremental Learning: The ability to improve over
time through cumulative experiences.

1) Hlustrative Case Study:
An AGI Education System: Imagine an AGI tutor tasked
with teaching students across subjects like mathematics,
literature, and physics.
* The AGI must adapt to a student’s unique learning style
(adaptability).
* It should build lessons based on limited inter- actions
with the student (data efficiency).
* The tutor must seamlessly transition between domains
(multi-domain performance).
* Over time, it should refine its teaching strategies based
on aggregated insights from various students
(incremental learning).
This example highlights the importance of bench- marks
that align with the practical demands of AGI,
transcending narrow, task-specific metrics. By re-
defining intelligence and its evaluation, researchers can
focus on creating systems that truly reflect the essence of
general intelligence.

1. CORE
DEVELOPMENT

COMPONENTS OF AGI

A. Hybrid Architectures
Definition: Hybrid architectures integrate neural
networks’ power for pattern recognition with symbolic
AT’s reasoning capabilities. This combi- nation allows
AGI systems to leverage both data- driven learning and
structured, rule-based decision- making. Hybrid models
seek to overcome the limitations of each approach,
merging the adaptability of neural networks with the
interpretability and logical reasoning of symbolic
systems. The goal is to create a system that can efficiently
learn from data, adapt to new situations, and apply
abstract reasoning to complex, unstructured problems.
This allows for better handling of tasks requiring high-
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level reasoning and decision-making, such as planning,
explanation generation, and ethical judgment, which
traditional deep learning models struggle with.

Neural Networks (Pattern
Recognition)

—

Symbolic Al (Reasoning)

-

Hybrid AGI System

A 4

Reinforcement Learning

1) Examples of Hybrid Systems:
* IBM Watson: IBM Watson exemplifies the power of
hybrid architectures, combining natural language
processing (NLP) with symbolic reasoning to handle both
unstructured and structured data. Watson processes vast
amounts of unstructured data from sources like books,
articles, and websites using deep learning, while applying
symbolic reasoning for more logical, rule-based queries,
such as those encountered in medical diagnosis or legal
analysis.
* Project Debater: Project Debater integrates symbolic
Al to generate logical arguments based on predefined
structures and facts while using neural networks to
process speech and analyze the context of ongoing
debates. This enables the system to understand nuanced
arguments, predict counterarguments, and pro- duce
convincing, contextually relevant dis- course in real time.
* DeepMind’s AlphaZero: AlphaZero com- bines neural
networks for pattern recognition (e.g., recognizing
positions on the chessboard) with Monte Carlo Tree
Search (MCTS) for reasoning through possible game
moves and outcomes. This hybrid approach allows
AlphaZero to evaluate and predict game states efficiently,
resulting in human-level performance in games like
chess, Go, and shogi.

2) Implementation Steps:
* Neural Layer: The neural layer is responsible for
handling complex, high-dimensional sensory data, such
as images, speech, or text. In an AGI system, the neural
network learns patterns, relationships, and features from
raw input data without explicit programming. For
example, in autonomous vehicles, the neural layer would
process sensor data (e.g., from cameras and LIDAR) to
identify objects, roads, and obstacles.
« Symbolic Layer: The symbolic layer adds structure and
reasoning capabilities to the AGI system. This layer

encodes abstract knowledge and logical rules, such as” if
X happens, then Y follows” or” A is greater than B.” The
symbolic layer uses these rules to infer solutions or make
decisions, enhancing interpretability and transparency in
decision-making. For example, in a healthcare AGI
system, the symbolic layer could infer a diagnosis based
on a combination of symptoms, patient history,

* Reinforcement Learning (RL): The RL layer bridges
the neural and symbolic layers, enabling real-time
learning and optimization. It allows the system to interact
with its environment, receive feedback, and refine its
behavior over time. In practice, RL helps AGI systems
adapt to new scenarios by adjusting their strategies based
on rewards or penalties. For instance, in robotic control,
RL could allow an AGI system to refine its movements
based on the reward of successfully completing tasks like
assembling objects or navigating a maze.

B. Embodied Learning and Interaction

Embodied learning involves integrating the system’s
physical or virtual body with its learning process. By
interacting with the world, AGI systems can experience
firsthand how their actions influence their surroundings,
enabling them to refine their behavior. This interaction
not only helps AGI systems acquire new skills but also
provides the con- text needed for learning abstract
concepts, such as cause and effect, spatial relationships,
and dynamic problem-solving. This approach also has
implications for the learning of higher-level cognitive
functions, such as social interaction, empathy, and
communication. By experiencing physical and emotional
states through an embodied presence, AGI systems can
potentially develop a more intuitive grasp of human-like
concepts, such as social cues and emotional responses.
Embodied learning thus lays the foundation for the
development of AGI systems that are not only cognitively
advanced but also capable of more holistic, human-like
reasoning and understanding.

Interacts with

Deploys in

Simulated Environment ‘ ‘ Real-World Environment Updates Behavior

Provides Feedback

Learning System

1) Examples of Embodied Learning:
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» Boston Dynamics Robots: Boston Dynamics’ robots,
such as Spot and Atlas, exemplify embodied learning by
learning complex tasks like parkour through physical
interaction with their environment. These robots are
trained in simulated environments first to reduce risk and
improve efficiency, but also engage in real- world trials
to continuously improve their mobility and agility. The
robots learn to adapt to novel scenarios, such as balancing
on uneven surfaces or recovering from a fall, through
iterative feedback loops.
* DeepMind’s AlphaFold: AlphaFold’s success in
protein folding highlights the power of embodied
learning in complex scientific tasks. AlphaFold employs
simulations of molecular interactions to iteratively
predict protein structures, leveraging both learned
patterns and experimental feedback. This integration of
iterative problem-solving and real-world data allows
AlphaFold to continuously refine its models,
demonstrating the value of embodied, real-world learning
in AGI systems.

2) Implementation Framework:
« Simulation Environments: Before deploying AGI
systems in the real world, simulation environments
provide a safe, controlled setting for learning and testing.
Platforms like OpenAl Gym and Unity ML-Agents offer
rich, diverse environments for training AGI models.
These platforms simulate physical interactions in
environments ranging from simple grid-worlds to
complex physics-based simulations, helping AGI systems
refine their decision-making processes. For example,
reinforcement learning agents can train in simulated
environments to develop skills like autonomous driving
or robotic manipulation, gradually transferring these
skills to the real world.
« Physical Prototypes: Once systems have demonstrated
competence in simulations, deploying them in real-world
scenarios enables the systems to encounter and learn from
un- structured, unpredictable conditions. For in- stance,
in robotics, this step involves physical robots navigating
environments and completing tasks based on their learned
experiences. Testing physical prototypes in real-world
environments provides crucial feedback that further
refines their behavior.
» Feedback Mechanisms: Feedback mechanisms
integrate various sensory inputs—visual, auditory,
tactile—to help the AGI system refine its behavior based
on sensory cues. For example, robots can use cameras
(visual input) to track their position relative to a task,
while sensors on their limbs provide real-time feedback
on the success of their movements. By continuously

adjusting to environmental feedback, AGI systems can
learn to solve problems effectively while adapting to
unforeseen challenges.

C. Memory Systems
Memory plays a central role in AGI systems, allowing
them to retain knowledge, recognize pat- terns, and apply
learned concepts over time. An effective memory system
enables AGI to accumulate and use experiences, adapting
to long-term challenges while making informed decisions
based on both immediate inputs and past experiences. The
key challenge lies in balancing long-term and short- term
memory, as well as ensuring efficient and flexible
retrieval of stored information.

1) Memory Framework:
 Short-Term Memory (STM): Short-term memory is
akin to the working memory in human cognition,
responsible for handling im- mediate tasks and
interactions. In AGI, STM is crucial for processing inputs
that require immediate decision-making, such as
navigating a room, recognizing a voice command, or
responding to a user query in real time. STM holds
information temporarily, typically for a few seconds or
minutes, to enable decision- making based on current
states or recent experiences.
* Long-Term Memory (LTM): Long-term memory
stores abstracted knowledge, learned behaviors, and
general rules for future use. This component allows AGI
to retain core knowledge across a wide range of domains
and situations, similar to human memory. In an AGI
system, LTM might store facts about the world, strategies
for solving various problems, or models of past
experiences that can be applied to new tasks. For
example, an AGI- based virtual assistant could store
details about a user’s preferences, enabling personalized
recommendations in the future.
» Meta-Memory: Meta-memory allows an AGI system
to evaluate and optimize how it uses its memory
resources. This function enables the system to determine
which memories to prioritize, discard, or update. For
instance, if a robot is learning to clean a house, it might
choose to remember the layout of the house but discard
irrelevant data about individual objects. Meta-memory
can also help AGI systems identify when a previously
learned strategy is no longer effective and adapt by
revisiting stored memories or adjusting behaviors.

2) Example:
Neural Turing Machines (NTMs): Neural Turing
Machines (NTMs) are a type of hybrid memory
architecture that combines the power of neural networks
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with external memory storage, enabling the network to
read from and write to memory in a way that mimics
human working memory. NTMs excel at tasks requiring
sequential decision-making, such as handwriting
recognition, machine translation, or pattern matching in
time- series data. They can store and retrieve information
in a structured manner, allowing for more complex
reasoning and problem-solving across long time
horizons.

IV. BENCHMARKS AND TESTING

A. From Narrow Al to AGI Metrics
Traditional Al benchmarks have largely focused on task-
specific performance, often measuring how well an Al
system performs within a narrowly defined scope. These
benchmarks, such as ImageNet for object classification or
AlphaZero for board games, are effective for evaluating
narrow Al but fall short when it comes to assessing the
generalization, adaptability, and cognitive flexibility
required for AGI. The goal for AGI benchmarks should
not only be performance in a specific domain but also the
ability to adapt, generalize, and learn from limited
experience across a range of tasks.

1) Limitations of Traditional Al Metrics:
« Overfitting: Traditional benchmarks often incentivize
Al systems to overfit to the specifics of a dataset or
environment, leading to high performance in narrow
contexts but poor generalization to new, unseen tasks.
» Data-Dependence: Systems that perform well in
traditional benchmarks may rely on vast amounts of data,
requiring retraining for each new task. AGI, in contrast,
must perform well even when given limited data or when
encountering novel situations.
» Task-Specific Evaluation: Traditional bench- marks
often reward narrow specialization, which may not be a
reflection of general intelligence. For example, an Al that
is exceptionally good at chess but cannot solve real-
world problems like navigation or interaction with
humans would not meet the criteria for AGI.

2) Moving Toward AGI Metrics:
To accurately measure AGI, the focus of benchmarks
must shift to evaluate:
» Generalization: The ability of a system to apply
knowledge and skills learned in one domain to new,
unrelated domains.

» Adaptability: The capacity for the system to adjust its
strategies or behavior in response to new or changing
conditions.

« Efficiency: The ability of the AGI to learn with minimal
data, drawing on priors and using computational
resources effectively.

» Long-Term Learning: Assessing how well the system
accumulates knowledge over time and how it adapts to
both familiar and novel problems.

3) Proposed Benchmarks for AGI Evaluation:

In contrast to traditional Al benchmarks, AGI
benchmarks need to measure the capacity for learning
across diverse tasks, generalization to unseen problems,
and adaptability in dynamic environments. Here are
several proposed benchmarks de- signed to evaluate these
abilities:

* Multi-Domain Challenges:

This benchmark tests an AGI system’s ability to switch
between completely unrelated domains. A system might
begin by solving puzzles, then asked to navigate a maze,
and later tasked with writing a brief story based on a set
of keywords. Each of these tasks demands different types
of reasoning, and successfully handling them would
demonstrate that the AGI has developed a broad range of
cognitive tools that apply across different scenarios.

Example: The AGI might be asked to solve a logic
puzzle, then asked to design an experiment for testing a
hypothesis in physics, followed by a task to write a poem
based on a given theme. The key metric here would be the
time taken to transition between tasks and the efficiency
with which the AGI adapts its approach.

» Few-Shot Learning:

In the few-shot learning benchmark, the AGI is presented
with very few examples—sometimes as few as one or
five—of a particular task or concept and must learn to
perform the task with little to no additional guidance.
Unlike traditional machine learning, which often re-
quires large datasets to achieve high accuracy, few-shot
learning measures the system’s ability to generalize from
limited examples.

Example: The AGI is shown five images of a new animal
and must correctly identify new images of the same
animal, even if it has never encountered that animal
before. This capability is critical for AGI, which needs to
be able to learn efficiently from minimal data in diverse
real-world scenarios.
 Zero-Shot Learning:

Zero-shot learning evaluates an AGI’s ability to solve
tasks without having seen examples of those tasks in
advance. The system is expected to reason about the task
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based on its existing knowledge or priors and apply this
to a completely new problem. This is a powerful measure
of generalization and reflects the ability to transfer
knowledge across domains without retraining.

Example: Given a description of a task (e.g.” classify an
image of a new fruit based on its shape and color”), the
AGI must be able to apply its general knowledge of fruits
and classification techniques to identify the fruit without
being shown any prior examples of it. The system’s
ability to adapt and apply learned concepts to new
domains without direct experience is crucial for AGI.

B. Case Study: ARC Benchmark
Chollet’s ARC (Abstraction and Reasoning Cor- pus)
provides a rigorous and novel framework for testing AGI
systems in ways that are more aligned with general
intelligence. ARC challenges systems to solve problems
based on abstract reasoning and generalization, which are
central to human cognition and necessary for AGI. The
benchmark was specifically designed to evaluate a
system’s ability to infer abstract patterns and make
inferences with- out task-specific training.

1) Task Structure in ARC:
The ARC dataset contains a series of tasks that present
incomplete patterns, forcing the AGI system to deduce
the underlying rules or abstractions that govern them.
These tasks require more than just rote memorization or
pattern matching; they require the system to reason
abstractly and generalize the knowledge it has acquired to
novel tasks.
« Pattern Recognition: In some tasks, the system must
recognize a series of abstract symbols or shapes and
deduce the rules that trans- form them from one state to
the next. This challenges the system to identify abstract
relations that aren’t explicitly taught or shown.
* Inference: Tasks often involve drawing inferences from
incomplete or ambiguous data, where the system must
predict the missing elements or complete the sequence
based on prior knowledge or learned patterns.

2) Evaluation Metric:
Success in ARC relies on the system’s ability to solve
these tasks based on abstract reasoning and without
domain-specific training. The primary evaluation metric
is the system’s capacity to infer relationships between
entities and deduce transformations from limited
information. This is particularly significant for AGI as it
prioritizes generalization over memorization. For
instance, a system might be tasked with solving a visual
puzzle that requires completing a pattern based on a
limited set of initial inputs. It must infer the

transformation rules and apply them to new, unseen
inputs.

3) Relevance to AGI Development:
The ARC benchmark surpasses traditional task-specific
tests by evaluating the capacity for abstract thinking and
generalization. These abilities are essential for AGI, as
they demonstrate how effectively an AGI system can
reason and adapt across diverse tasks. Unlike traditional
Al systems that excel in narrow tasks, an AGI system
must generalize rules from one problem and apply them
to entirely new domains—exactly what the ARC
benchmark is designed to test. Key Strengths of ARC as
an AGI Benchmark:
e Abstract Reasoning: ARC emphasizes testing the
ability to reason abstractly, a fundamental aspect of
general intelligence.
 Generalization: By challenging AGI systems to solve
tasks they have not encountered be- fore, ARC evaluates
their ability to generalize to novel problems.
* No Pre-Training Bias: ARC’s design prohibits pre
training on specific data, ensuring that AGI systems learn
from the ground up without relying on prior task-specific
knowledge.

C. Broader Implications for AGI Testing
Beyond ARC, the AGI community must develop
additional benchmarks and testing protocols to
comprehensively evaluate the full spectrum of
capabilities required for true general intelligence. These
benchmarks should assess:
» Adaptability: The ability of an AGI system adjusts to
changing environments, contexts, or requirements.
* Interdisciplinary Knowledge: The capacity to solve
problems across diverse domains, including science, art,
philosophy, and ethics.
* Cognitive Flexibility: The ability to handle novel tasks
requiring shifts between different cognitive approaches or
processing modes.
As we progress towards AGI, it is crucial to move beyond
narrow Al benchmarks and focus on devel- oping a new
generation of testing protocols that can accurately
measure a system’s intelligence and its ability to address
the complex, dynamic challenges of the real world.

V.SOCIETAL AND ETHICAL CONSIDERATIONS

As AGI systems evolve, they will profoundly im- pact
various aspects of society, including economic structures
and labor markets to individual autonomy and privacy.
Ensuring that AGI systems function in ways that are
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beneficial to humanity and ethically sound is essential.
This section examines key societal and ethical
considerations in AGI development, focusing on value
alignment, trust, and mitigating of potential socio-
economic disruptions.

A. Value Alignment
For AGI to be a force for good, it must be aligned with
human values. This alignment is a core ethical challenge:
AGI systems must be designed to understand and
prioritize human well-being, ensuring their actions and
decisions serve the greater good. The risks of misaligned
AGIl—systems that may inadvertently harm individuals
or society due to flawed programming, misunderstanding
of human needs, or misuse—are significant. Therefore,
aligning AGI’s goals with human values and ethics is one
of the most critical tasks in its development.

1) Key Challenges in Value Alignment:
* Value Specification: Defining human values in a
precise, machine-readable format is inherently
challenging, as values are subjective, context-dependent,
and vary across cultures, individuals, and situations.
« Ethical Complexity: AGI will inevitably face ethical
dilemmas involving conflicting values. For instance,
balancing privacy with the need for surveillance or
weighing individual freedom against societal security
may require difficult trade-offs.
* Predictability of AGI Behavior: Even with well-
defined value alignment, predicting the behavior of a
highly autonomous AGI in com- plex and unpredictable
environments remains a significant challenge.

2) Implementation of Value Alignment:
* Explainability:
One of the key approaches to ensuring that AGI aligns
with human values is developing transparent and
explainable decision-making processes. AGI systems
must be able to articulate their reasoning in human-
understandable terms, fostering trust and accountability.
Explainability goes beyond just providing answers; it
involves making the processes, logic, and reasoning
behind decisions clear to users and stakeholders. This
transparency ensures that AGI decisions are traceable and
justifiable, reducing the risk of harmful actions caused by
opaque or misunderstood algorithms.
Example: In medical applications, if an AGI system
recommends a treatment plan, it should explain why a
specific course of action was chosen. This includes
detailing how patient data, medical guidelines, and
historical outcomes contributed to the recommendation.

Such clarity helps doctors and patients trust the system’s
decision-making process.

* Fail-Safe Mechanisms:

Fail-safe mechanisms, also known as off- switches or
safety protocols, are essential to prevent AGI systems
from causing harm in un- foreseen situations. These
mechanisms should enable human operators or external
authorities to intervene and halt AGI operations if it be-
gins to deviate from desired behavior. Fail-safes must be
designed not only for specific scenarios but also for
situations where the system encounters novel,
unpredictable environments.

Example: In autonomous vehicles, an AGI system might
be programmed to make decisions based on road
conditions, traffic laws, and real-time sensor data.
However, in the event of an unforeseen accident, the
system should include an emergency override function
that halts operations or initiates a safety procedure to
minimize harm.

In addition to direct fail-safes, AGI systems must be
capable of self-monitoring, constantly evaluating their
actions and adjusting them ac- cording to predefined
ethical guidelines. This ensures for ongoing alignment
between AGI behavior and societal values.

B. Mitigating Socio Economic Disruptions
The introduction of AGI is expected to bring significant
changes to global economies and labor markets. AGI
systems have the potential to outperform humans in many
cognitive and manual tasks, raising concerns about job
displacement, inequality, and the concentration of power.
At the same time, AGI could create new opportunities for
productivity and innovation. Therefore, proactive
measures are essential to mitigate potential disruptions
and ensure that the benefits of AGI are distributed
equitably.

1) Potential Socioeconomic Impacts of AGI:
» Job Displacement: AGI systems could auto- mate a
wide range of tasks, leading to job displacement across
various industries. Occupations in fields such as
transportation, manufacturing, customer service, and
even areas like law and medicine might be vulnerable to
automation.
» Wealth Concentration: The owners and developers of
AGI systems may concentrate wealth and power, further
exacerbating existing inequalities. Companies with
advanced AGI could dominate industries, while
individuals without access to AGI tools may face
economic exclusion.
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» New Opportunities: On the positive side, AGI could
create new industries and job roles that did not previously
exist, potentially in- creasing overall societal wealth. For
example, AGI could enhance creative industries, help
solve complex scientific challenges, or enable advanced
healthcare treatments that improve quality of life
globally.

2) Proactive Measures for Addressing Socio

Economic Disruptions:

* Retraining Programs:
One of the most important strategies to mitigate job
displacement is to establish comprehensive retraining
programs for workers affected by AGI and automation.
Governments and organizations should prioritize
initiatives that help workers transition to new roles,
focusing on skills that are difficult for AGI systems to
replicate, such as emotional intelligence, creativity, and
complex problem- solving.
Example: As industries shift towards automation,
retraining programs can equip workers with the tools to
transition into roles in technology development, robotics,
or fields that AGI may enhance but not replace, such as
healthcare, education, and human-centered services.
Retraining could focus on providing skills in data science,
Al programming, and managing automated systems.
Long-Term Approach: In addition to retraining, it is
crucial to encourage lifelong learning, enabling
individuals continuously upgrade their skills and remain
competitive in an AGI- driven economy.
* Regulatory Oversight:
Governments, international organizations, and non-
governmental entities must establish robust frameworks
for regulating AGI systems and their deployment. These
frameworks should ensure that AGI is developed and ap-
plied in ways that benefit society as a whole, while
preventing abuse, harm, and concentration of power.
Regulations should address not only the technical aspects
of AGI but also the broader social, ethical, and economic
implications.
Example: International organizations like the United
Nations or the OECD could play a central role in
developing global standards for AGI deployment. These
standards might include guidelines for AGI development
transparency, human oversight, and accountability.
Additionally, specific regulations could focus on the
ethical use of AGI in sectors like healthcare, law
enforcement, and defense, ensuring that AGI applications
align with human rights and freedoms.
Progressive Economic Models: As part of regulatory
oversight, new economic models, such as Universal Basic

Income (UBI), could be explored to mitigate the social
impact of AGI-induced unemployment. UBI would
provide a financial safety net for individuals whose jobs
are automated, helping to reduce economic inequality and
providing a foundation for individuals to explore new
opportunities.

C. Long-Term Ethical Considerations: Global Co-
ordination and Governance

As AGI progresses, it will be critical to establish global
coordination and governance structures that ensure AGI
systems are developed and deployed responsibly. These
efforts should involve a wide range of stakeholders,
including governments, researchers, ethicists, businesses,
and the general public.

1) Establishing Ethical

Deployment:

International ethical guidelines could cover:
 Data Privacy and Consent: Establishing clear rules
about how data is collected, used, and shared by AGI
systems.
* Bias and Fairness: Ensuring AGI systems are free from
harmful biases, especially when making decisions that
impact individuals’ lives, such as hiring, lending, and law
enforcement.
» Autonomy vs. Human Oversight: Defining acceptable
levels of autonomy for AGI systems in various contexts,
ensuring that human oversight remains in place for high-
stakes decisions, such as in medical diagnoses or military
applications. By prioritizing global cooperation,
transparency, and fairness in AGI development, society
can ensure that AGI serves humanity’s best interests,
aligns with core ethical values, and avoids exacerbating
inequalities.

Guidelines for AGI

VI. FUTURE DIRECTIONS

As AGI research progresses, it is crucial to explore
innovative directions that enhance its capabilities,
efficiency, and real-world applicability. In this section,
we outline two key future directions for AGI
development: Enhancing Cognitive Priors and Expanding
Generalization Scope. These strategies aim to push the
boundaries of current AGI systems by incorporating
principles from neuroscience and broadening the range of
tasks AGI can address.

A. Enhancing Cognitive Priors
Cognitive priors are the foundational assumptions or
biases that a system uses to facilitate learning and
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generalization in new environments. In humans, these
priors are shaped by biological evolution and experience,
enabling rapid learning and adaptation to new situations
with minimal data. For AGI to exhibit similar flexibility,
it is essential to integrate priors that mimic human-like
cognitive strategies. These priors can include knowledge
structures that help AGI systems infer missing
information, recognize patterns, and generalize across
tasks, thereby reducing their reliance on vast amounts of
training data.

1) Why Cognitive Priors are Crucial for AGI
Development:

« Efficiency: Priors allow AGI systems to learn faster and
more efficiently by providing a framework for
interpreting data. Without priors, systems would need to
learn everything from scratch, which is computationally
expensive and time-consuming.
* Flexibility: Priors help AGI generalize knowledge
across various domains. With the right priors, an AGI
system can apply concepts learned in one domain (e.g.,
physics) to solve problems in another (e.g., economics),
without the need for retraining for each new domain.
* Error Reduction: Cognitive priors can reduce the
errors AGlI makes when faced with incomplete or
ambiguous data. By relying on prior knowledge, AGI can
make more informed decisions, especially when the
available data is limited or noisy.

2) Example:
Hierarchical Learning Models Inspired by Cortical
Processing: One promising avenue for enhancing AGI is
the development of hierarchical learning models inspired
by the structure of the human brain, particularly the
cortex. The brain processes information hierarchically,
with lower levels handling simple, low-level patterns and
higher levels performing complex reasoning and
abstraction. This hierarchy allows the brain to break down
complicated tasks into manageable chunks, which can be
learned gradually. Incorporating hierarchical processing
into AGI systems could enable them to solve increasingly
complex tasks in a structured manner. For instance, in
natural language processing (NLP), lower-level modules
could process individual words and grammar, while
higher-level modules would handle context, meaning,

and abstract reasoning. Similarly, in computer vision,
low-level modules might detect edges and shapes, while
higher-level modules identify objects and infer
relationships.

3) Implementation:
» Cognitive Layering: Design AGI systems with
multiple layers that process information at different levels
of abstraction. Lower layers can focus on raw sensory
data (e.g., im- ages, sounds), while upper layers engage
in higher-order reasoning, learning, and decision-
making.
 Transfer of Learning: Enable higher layers to transfer
expertise from one area (such as solving a puzzle) to new,
related tasks (e.g., planning a route in a maze), fostering
more robust and adaptable learning systems.
By implementing hierarchical cognitive priors in AGI,
systems can develop a more human-like, scalable
approach to learning, improving their ability to generalize
across tasks and domains. This approach not only reduces
the computational cost of learning but also allows AGI to
solve problems more effectively and efficiently, just as
humans do.

B. Expanding Generalization Scope
A defining hallmark of AGI is its ability to generalize
knowledge and skills across a wide range of tasks. While
current Al models excel in specific, narrow domains
(such as image recognition, language translation, or game
playing), they falter when confronted with tasks outside
their trained do- mains. Achieving true AGI requires
systems capable of generalizing across many diverse and
potentially unrelated domains, much like how humans
can apply knowledge from one area to tackle new and
varied challenges.

1) Challenges of Generalization in AGI:
* Domain-Specific Expertise: Most Al models are
trained on a narrow set of tasks, and per- form well only
within those areas. They often fail to generalize or adapt
to novel problems, resulting in brittleness and poor
performance outside their training environment.
» Transferability: A significant challenge for AGI
systems is transferring knowledge from one domain (e.g.,
playing chess) to an entirely different domain (e.g.,
driving a car). This requires broad, flexible knowledge
that can adapt across diverse tasks.
» Complex Interdisciplinary Problems: Many real
world problems demand reasoning across multiple fields,
such as economics, psychology, and engineering. Current
Al systems struggle to handle such interdisciplinary
challenges effectively.
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2) Gradually Broaden AGI’s Task Domains:
One promising approach for expanding AGI’s
generalization scope is to gradually broaden the range of
tasks the system is trained on. This incremental approach
would allow AGI to start with a narrow domain (e.g.,
image classification) and then expand to more complex,
interdisciplinary tasks over time.
» Task Sequencing: AGI systems can start with simple,
well-defined tasks in familiar domains and gradually
progress to more complex challenges. For example, a
system trained to recognize basic objects in images could
later be tasked with identifying abstract concepts, such as
emotions or intentions, based on visual cues.
» Cross-Domain Learning: AGI systems should be
trained across diverse domains simultaneously, enabling
them to apply knowledge from one domain (e.g.,
language) to another (e.g., robotics or science). This
process can leverage multi-modal data (e.g., visual,
auditory, and textual) to expose the system to a broad
range of information and facilitate cross-domain
generalization.
* Interdisciplinary Problem Solving: AGI systems
should tackle interdisciplinary tasks re- quiring the
integration of knowledge from multiple fields. For
example, addressing climate change may demand
insights from environ- mental science, economics,
sociology, and political systems. AGI must learn to
synthesize information across these domains to develop
effective solutions.

3) Examples of Expanding Generalization Scope:
* From Game Playing to Real-World Problem
Solving: Initially, an AGI system could be trained to
excel at complex games, such as Go, which requires
strategic thinking and long- term planning. The next step
would involve applying similar reasoning skills to real-
world challenges, such as optimizing resource
distribution in the supply chains or developing innovative
technologies for energy efficiency.
* Cross-Disciplinary Research: AGI could be tested on
its ability to conduct interdisciplinary research,
combining expertise in areas such as biology, chemistry,
and physics to develop new treatments for diseases or
optimize sustainable agricultural practices. This would
require AGI to not only handle data from diverse sources
and synthesize information to advance knowledge across
multiple fields.

4) Challenges to Expanding Generalization:
+ Data Representation: AGI systems must develop
flexible and reusable knowledge representations that can
be applied across diverse domains. This involves creating

abstract, high- level representations adaptable to various
con- texts.

* Curriculum Learning: Similar to human learning, AGI
systems require a structured curriculum that progresses
from basic to complex concepts. This gradual approach
enables manageable and scalable knowledge acquisition.
» Computational Costs: Training AGI on di- verse tasks
is computationally intensive. Advancing efficient
algorithms and architectures capable of handling large-
scale, multi-domain learning is essential for achieving
broad generalization.

VII. CONCLUSION

The realization of Artificial General Intelligence (AGI)
marks a profound shift in the field of artificial
intelligence. While narrow Al systems excel in per-
forming specific tasks within well-defined domains, AGI
aims to replicate the flexibility, generalization, and
adaptability characteristic of human cognition. Achieving
AGI is not simply about increasing the computational
power or dataset size but about creating systems that can
learn and adapt across a wide array of tasks with minimal
supervision or retraining. This requires a fundamental
shift away from the traditional focus on task-specific
optimization and toward the pursuit of skill-acquisition
efficiency—a concept championed by Francois Chollet.
Chollet’s insight that intelligence is not simply about
mastering a particular skill but about efficiently acquiring
new skills across diverse domains is central to the
development of AGI. Rather than focusing solely on
creating systems that excel in one specific area, the goal
should be to design machines that are inherently capable
of generalizing their learning across tasks, adapting to
new problems, and applying abstract reasoning to
unfamiliar situations. This fundamental shift emphasizes
adaptability, learning efficiency, and the ability to
leverage prior knowledge—qualities that are essential for
achieving AGI.

A. Hybrid Architectures: Integrating Neural and
Symbolic Intelligence

One of the most promising strategies for realizing AGI
lies in the development of hybrid architectures, which
combine the pattern recognition strengths of neural
networks with the logical, structured reasoning of
symbolic Al. Neural networks excel at processing raw
data and recognizing patterns, but they often struggle with
tasks that require abstract reasoning or explanation.
Symbolic Al, on the other hand, excels in reasoning,
understanding relation- ships, and working with
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structured data but lacks the flexibility to handle
unstructured information and learn from experience. By
integrating these two approaches, AGI systems can better
mimic human cognitive abilities, which blend both data-
driven learning and high-level reasoning. This hybrid
architecture approach facilitates the development of
systems that can reason about the world while also
learning from it, enabling a more robust and adaptive
form of intelligence.

B. Embodied Learning: Learning Through Inter-
action

Another critical component of AGI development is
embodied learning, which emphasizes the role of physical
or virtual interaction in the learning process. In the same
way that humans learn by interacting with their
environment and receiving feedback, AGI systems need
to engage with the world in real-time to develop more
nuanced and adaptable cognitive abilities. Embodied
learning can be achieved through simulated environments
(e.g., OpenAl Gym or Unity ML-Agents) or real-world
testing with robots, allowing AGI to learn by do- ing and
refine its behavior based on experience. This experiential
learning process is essential for developing systems that
not only solve problems but also navigate dynamic
environments and adapt their strategies when faced with
new challenges. Whether in robotics, autonomous
driving, or virtual assistants, the ability to learn through
interaction is crucial for AGI to operate effectively in
real-world scenarios.

C. Robust Benchmarks: Measuring AGI’s True
Potential

The development of robust benchmarks is another vital
step in the realization of AGI. Traditional Al benchmarks
like ImageNet or AlphaZero focus on narrow task-
specific performance, often overlooking a system’s
generalization ability of adaptability. Chollet’s ARC
benchmark shifts focus to tasks requiring abstraction and
reasoning, compelling systems to infer patterns and
generalize across do- mains. AGI benchmarks must
evolve to test not just accuracy but the system’s ability to
learn efficiently with limited data (few-shot learning),
transfer knowledge across tasks (zero-shot learning), and
solve interdisciplinary problems that re- quire knowledge
integration from multiple domains. By developing
comprehensive benchmarks, the Al community can more
accurately measure progress toward AGI and ensure that
systems are not only specialized but truly generalizable.

D. Aligning AGI with Human Values

While technical advancements are crucial, the ethical
alignment of AGI with human values is key to its safe and
beneficial deployment. AGI systems must be designed to
understand and prioritize hu- man goals, ensuring their
actions align with societal well-being and ethical norms.
Developing explainable AGI systems that can justify
their decisions, and incorporating fail-safe mechanisms
for human oversight, is crucial for building trust and pre-
venting harm. As AGI becomes more autonomous,
careful thought must be given to its governance and
regulation to ensure responsible development and
deployment. Ethical considerations must be embedded
from the start, not as an afterthought, to prevent
unintended consequences like misuse, bias, or harm to
vulnerable groups.

E. Socioeconomic Disruptions: Preparing for the
Future

The introduction of AGI will have profound
socioeconomic implications, including disruptions to
labor markets, wealth distribution, and economic
structures. To mitigate the potential negative effects of
AGI, proactive measures must be taken, including
retraining programs for workers displaced by automation,
universal basic income or other social safety nets, and
regulatory frameworks to ensure that AGI technologies
are developed and deployed in ways that promote equity
and fairness. By planning ahead for these challenges,
society can ensure that the benefits of AGI are distributed
broadly, rather than concentrated in the hands of a few,
and that AGI serves to enhance human well- being rather
than exacerbate inequalities.

F. Interdisciplinary Collaboration for AGI
Development

The path to AGI requires interdisciplinary collaboration
across fields such as machine learning, neuroscience,
cognitive science, ethics, and economics. The challenges
of creating a truly general intelligence cannot be solved
by any single discipline, and a holistic approach that
incorporates insights from multiple domains is necessary
to address the technical, ethical, and societal dimensions
of AGI. By fostering collaboration between Al
researchers, ethicists, policymakers, and other
stakeholders, we can ensure that AGI is developed in a
way that benefits society as a whole, promotes shared
values, and is aligned with human interests.
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G. Conclusion: AGI as a Transformative Yet Safe
Technology

Achieving AGI is widely regarded as one of the most
ambitious goals in artificial intelligence research. By
shifting from task-specific optimization to skill-
acquisition efficiency, integrating hybrid architectures
and embodied learning, and developing robust
benchmarks that emphasize generalization and
adaptability, we can create systems that exhibit true
general intelligence. These systems will not only excel in
isolated tasks but will be capable of generalizing across
domains, learning efficiently from limited data, and
adapting to new and unforeseen challenges.
At the same time, ensuring that AGI is aligned with
human values and safeguards against potential risks is
paramount. Ethical design, explainability, and human
oversight must be built into AGI systems from the outset
to prevent harmful outcomes. Moreover, preparing for the
socioeconomic disruptions AGlI may cause—through
retraining programs, regulatory oversight, and equitable
distribution of benefits—is essential to ensure that AGI
enhances human well-being rather than exacerbates
inequality.
Ultimately, AGI has the potential to revolutionize
industries, address complex global challenges, and
improve the quality of life for people world- wide.
However, its transformative potential must be harnessed
with care, responsibility, and fore- sight. Through
interdisciplinary collaboration, careful planning, and a
strong focus on ethical considerations, we can create AGI
systems that are not only intelligent but also safe,
beneficial, and aligned with humanity’s long-term goals.
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