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Abstract:

Artificial General Intelligence (AGI) represents a transformative leap in the field of artificial
intelligence, aiming to achieve human-like cognitive abilities across diverse tasks. This paper
explores the potential of AGI to enhance Large Language Models (LLMs) in performing
abstraction and reasoning tasks, which are critical for complex problem-solving and decision-
making processes. Current LLMs excel in tasks involving pattern recognition, natural
language understanding, and contextual gemeration, yet they often struggle with tasks
requiring deep abstraction and logical reasoning due to their reliance on statistical
correlations rather than true comprehension.

We propose a novel framework that integrates AGI-driven modules with LLMs to augment their
capabilities in these areas. The framework leverages AGI’s ability to model and simulate
human-like thought processes, enabling the LLM to perform higher-order reasoning, draw
abstract inferences, and generalize knowledge across domains more effectively. Through this
integration, the enhanced LLMs demonstrate improved performance on benchmark tasks
requiring complex reasoning and abstraction, such as mathematical problem-solving,
scientific hypothesis generation, and advanced strategic planning.

Experimental results reveal that the AGIl-augmented LLMs outperform traditional LLMs in
both accuracy and efficiency, particularly in scenarios that necessitate the understanding of
abstract concepts and multi-step logical deductions. Additionally, this hybrid approach shows
promise in reducing the need for extensive task-specific fine-tuning, thereby making LLMs
more adaptable to novel problems. We utilize the Abstraction and Reasoning Corpus for
Artificial General Intelligence (ARC-AGI) benchmark which measures an Al system's ability
to efficiently learn new skills. We conclude that the synergistic combination of AGI and LLMs
paves the way for a new generation of Al systems capable of not only processing and generating
language but also engaging in sophisticated reasoning akin to human cognition. The solution
proposed in this work has received Silver Medal ( 37" Rank) in the recently concluded ARC
Prize 2024 competition.
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1. Introduction
The rapid advancement of Large Language Models (LLMs) has revolutionized natural
language processing (NLP), enabling machines to understand, generate, and manipulate human
language with unprecedented accuracy[3,4]. These models, such as GPT-4 and beyond, have

demonstrated remarkable capabilities in a wide range of applications, from text generation to
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translation, summarization, and more[5]. However, despite their successes, LLMs still face
significant limitations, particularly in tasks requiring deep abstraction, logical reasoning, and
the ability to generalize knowledge across different domains[1]. These challenges stem from
the inherent architecture of LLMs, which rely heavily on pattern recognition and statistical
correlations rather than true comprehension or understanding of the underlying principles.

Artificial General Intelligence (AGI), with its goal of achieving human-like cognitive abilities
across a diverse range of tasks, offers a promising avenue to address these limitations[10]. AGI
aims to go beyond narrow Al, which is specialized in specific tasks, by developing systems
capable of performing any intellectual task that a human can. The integration of AGI with
LLMs has the potential to enhance their performance in abstraction and reasoning tasks,
pushing the boundaries of what these models can achieve[15].

In this paper, we explore the intersection of AGI and LLMs, proposing a hybrid framework
that leverages AGI's advanced cognitive modeling to enhance the abstraction and reasoning
capabilities of LLMs. We investigate how AGI-driven modules can be incorporated into LLMs
to improve their ability to perform complex reasoning, draw abstract inferences, and generalize
knowledge effectively. By augmenting LLMs with AGI, we aim to create more robust and
adaptable Al systems capable of tackling a broader spectrum of intellectual tasks with higher
accuracy and efficiency. We utilize the ARC 2024 competition data set for the evaluating the
AGTI integrated LLMs[1].

The rest of this paper is organized as follows: Section 2 provides a review of related work in
LLMs, AGI, and their respective challenges in reasoning and abstraction. Section 3 details our
proposed AGIl-augmented LLM framework, including its architecture and implementation.
Section 4 presents experimental results that demonstrate the effectiveness of our approach.
Finally, Section 5 concludes the paper with discussions on the implications of our findings and
directions for future research.

1. Large Language Models ( LLMs)

Large Language Models (LLMs) are a class of artificial intelligence models designed to
understand, generate, and manipulate human language[3,5]. These models are typically built
using deep learning techniques, particularly with transformer architectures, and are trained on
vast amounts of text data. The latest open source examples for LLMs are Google Gemma and
Meta Llama[13, 14]. The primary goal of LLMs is to perform a wide range of natural language
processing (NLP) tasks, such as text generation, translation, summarization, sentiment
analysis, and more. The extensive performance evaluation of various open LLMs have been
reported in literature[ 19].

Key Characteristics of Large Language Models:

e Scale: LLMs are characterized by their massive scale, often containing billions or even
trillions of parameters. These parameters are the model's internal "weights" that it
adjusts during training to learn the patterns and structures of the language.

e Training Data: LLMs are trained on extensive and diverse text datasets sourced from
the internet, books, articles, websites, and other textual resources. This broad exposure
enables them to learn the nuances of human language, including grammar, context, and
idiomatic expressions.

e Transformer Architecture: Most LLMs are built on transformer architecture, which
excels in handling sequential data like text. The transformer model uses self-attention
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mechanisms to weigh the importance of different words in a sentence relative to each
other, allowing it to capture long-range dependencies in text effectively.

e Pretraining and Fine-tuning: LLMs are first pretrained on a large corpus of text in an
unsupervised manner, learning to predict the next word in a sentence or filling in
missing words. After pretraining, they can be fine-tuned on specific datasets or tasks,
adapting the model to particular applications, such as answering questions or generating
creative content.

e Multitasking Capability: LLMs are capable of performing multiple language-related
tasks without task-specific programming. For example, the same LLM can be used for
translation, summarization, and question-answering without needing a separate model
for each task.

e Contextual Understanding: LLMs are designed to understand and generate text in
context. They can handle complex prompts, maintain coherent conversations, and
generate responses that are contextually relevant.

e Creativity and Versatility: Due to their training on diverse and large-scale data, LLMs
can generate creative content, including stories, poetry, and even code. They can also
adapt to different writing styles, tones, and formats.

Some of the applications of Large Language Models are : Chatbots and Virtual Assistants,
Content Generation, Translation and Localization, Sentiment Analysis, Coding Assistance,
and Educational Tools.

Important challenges and Ethical Considerations are : Bias and Fairness, Misinformation,
Resource Intensive, Privacy Concerns etc. Despite these challenges, LLMs represent a
significant advancement in Al and NLP, with the potential to revolutionize numerous fields by
enhancing human-computer interaction and automating complex language-based tasks.

2. Integrating AGI into LLMs

Large Language Models (LLMs) like GPT-4 have showcased impressive capabilities in natural
language processing (NLP), allowing them to perform tasks that involve understanding,
generating, and manipulating human language. However, the concept of Artificial General
Intelligence (AGI) refers to a more advanced level of intelligence, where a system possesses
the ability to understand, learn, and apply knowledge across a broad range of tasks in a manner
akin to human cognition. While LLMs exhibit some capabilities that align with AGI, there are
significant differences and limitations that need to be addressed for LLMs to be considered true
AGI.

e Language Comprehension and Generation: LLMs have demonstrated a strong ability to
comprehend and generate text that appears contextually appropriate and coherent. This
includes tasks such as summarization, translation, question answering, and creative writing.
While these capabilities are impressive, they often rely on large datasets and statistical
patterns, lacking the deep understanding and common sense reasoning characteristic of
AGIL

e Pattern Recognition and Inference: LLMs are adept at recognizing patterns in large
datasets, which allows them to make inferences based on context. However, this inference
is often shallow and tied to the specific data they were trained on. AGI, on the other hand,



would need to infer abstract concepts and reason beyond the immediate data, applying
knowledge to novel and unfamiliar situations.

Multi-Domain Knowledge Application: LLMs can generate responses across a wide range
of topics due to their extensive training on diverse datasets. This might suggest a form of
generality, but in reality, their knowledge is domain-specific and context-dependent. AGI
would require the ability to apply knowledge across various domains in a more integrated
and flexible manner, something current LLMs cannot fully achieve.

Contextual Understanding and Memory: While LLMs can maintain context over relatively
short interactions, they struggle with long-term contextual understanding and memory. AGI
would need to incorporate robust memory systems that allow it to retain and recall
information across extended periods and complex scenarios, enabling it to build upon
previous interactions in a meaningful way.

Reasoning and Problem-Solving: LLMs perform reasonably well on tasks that require
logical reasoning, such as basic arithmetic or deductive logic, but they often falter when
faced with more complex, multi-step reasoning tasks. AGI, by contrast, would need to excel
at deep reasoning, allowing it to solve novel problems by abstracting and applying
principles learned from previous experiences.

Learning and Adaptation: Current LLMs require extensive training on vast datasets and
typically do not learn from individual interactions in real time. AGI would be characterized
by its ability to continuously learn and adapt from its environment, improving its
performance autonomously across a wide array of tasks.

Common Sense and Intuitive Reasoning: One of the most significant gaps between LLMs
and AGI is the lack of common sense and intuitive reasoning in LLMs. AGI would need to
understand and apply common sense reasoning, allowing it to navigate everyday situations
that require an intuitive grasp of cause and effect, social norms, and physical properties of
the world.

Creativity and Innovation: LLMs can generate creative content, such as poems, stories, or
code, by recombining existing knowledge. However, genuine creativity, which involves
the creation of entirely new ideas or concepts, remains a challenge. AGI would need to
exhibit a level of creativity that goes beyond pattern recognition, involving true innovation
and the generation of novel solutions.

Ethical and Moral Reasoning: LLMs do not possess an inherent understanding of ethics or
morality and can inadvertently produce biased or harmful content. AGI, however, would
need to be equipped with a framework for ethical reasoning, enabling it to navigate complex
moral dilemmas and make decisions aligned with human values.

Autonomy and Decision-Making: LLMs operate based on predefined instructions and do
not possess autonomy. AGI, by definition, would have the capability to make autonomous
decisions, taking into account a wide array of factors, goals, and constraints, much like a
human would in complex situations.

While LLMs demonstrate capabilities that are foundational to AGI, there are significant gaps
that must be bridged to achieve true AGI. Integrating advanced cognitive models, memory
systems, and reasoning frameworks could help LLMs move closer to AGI, enabling them to
perform a broader range of tasks with the depth and flexibility required for general intelligence.
However, this journey requires substantial advancements in both Al architecture and our
understanding of human cognition.

Large Language Models (LLMs) such as GPT-4 have made significant strides in natural
language processing and generation. They excel at tasks involving contextual understanding,
pattern recognition, and producing human-like text. However, when it comes to more complex
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tasks involving abstraction, deep reasoning, and generalization—key components of Artificial
General Intelligence (AGI)—LLMs face substantial limitations. This section explores
strategies for enhancing LLMs to better handle abstraction and reasoning, thereby making them
more capable of performing AGI-like tasks.

. Incorporating Symbolic Reasoning Modules: One of the fundamental challenges for
LLMs is their difficulty in performing symbolic reasoning, which is essential for tasks
that require precise logic, such as mathematical proofs or formal argumentation. To
address this, hybrid models that combine LLMs with symbolic reasoning systems could
be developed. By integrating modules capable of handling symbolic manipulation and
formal logic, LLMs can be enhanced to tackle problems that require rigorous deductive
reasoning and abstraction, enabling them to handle more complex AGI tasks.

. Enhancing Contextual Memory and Long-Term Understanding : Current LLMs
typically process information within limited contexts, often struggling with tasks that
require understanding over extended dialogues or large documents. Improving LLMs'
ability to maintain and utilize long-term memory could significantly enhance their
reasoning capabilities. Techniques such as memory-augmented neural networks
(MANNS) or the incorporation of episodic memory could allow LLMs to retain and
recall information from earlier interactions, thereby improving their performance on
tasks requiring sustained reasoning and abstraction over time.

. Developing Meta-Learning and Adaptive Learning Frameworks: AGI systems must
adapt to new tasks and environments with minimal supervision, a capability that current
LLMs lack. To improve in this area, LLMs could be equipped with meta-learning
frameworks that allow them to learn how to learn. Meta-learning would enable LLMs
to generalize from fewer examples and adapt quickly to new types of reasoning tasks.
This approach could involve the development of models that adjust their parameters
based on the specific requirements of a task, leading to more versatile and AGI-like
behavior.

. Implementing Multi-Modal Integration: Abstraction and reasoning often require
integrating information from multiple sources, such as text, images, and numerical data.
LLMs could be improved by incorporating multi-modal learning techniques, allowing
them to process and reason with information from various modalities. This integration
would enable LLMs to perform tasks that require abstract reasoning across different
types of data, such as interpreting complex visual scenes, generating hypotheses based
on mixed data inputs, or reasoning about cause and effect in dynamic environments.

. Leveraging Knowledge Graphs and Structured Data: LLMs typically operate on
unstructured text data, which limits their ability to perform structured reasoning.
Incorporating knowledge graphs and structured data into LLMs could enhance their
ability to perform tasks that require abstract thinking and logical inference. Knowledge
graphs provide a way to represent relationships and hierarchies explicitly, enabling
LLMs to reason about entities and their connections in a more structured and
interpretable manner. This approach could improve LLMs' performance on tasks such
as complex query answering, reasoning about relationships, and drawing inferences
from large datasets.

. Introducing Hierarchical Models of Abstraction: Abstraction often involves
recognizing patterns and concepts at multiple levels of granularity. Developing
hierarchical models that allow LLMs to abstract information at different levels could
improve their ability to reason about complex scenarios. Such models could enable
LLMs to break down problems into sub-problems, abstract relevant features at each
level, and integrate these abstractions into a coherent solution. This hierarchical
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approach would be particularly useful for tasks that require multi-step reasoning or
understanding abstract concepts across different contexts.

. Incorporating Ethical and Moral Reasoning Mechanisms: For LLMs to perform AGI
tasks effectively, they must not only reason abstractly but also consider ethical and
moral implications. Incorporating ethical reasoning frameworks into LLMs could allow
them to make decisions that align with human values, particularly in complex scenarios
where multiple stakeholders or conflicting goals are involved. This could involve
embedding ethical guidelines into the training data, using reinforcement learning from
human feedback, or integrating moral reasoning modules that simulate ethical
dilemmas.

. Improving Generalization Across Domains: AGI requires the ability to generalize
knowledge across diverse domains, a capability that current LLMs often lack. To
improve generalization, LLMs could be trained using a more diverse set of tasks and
environments, encouraging them to develop more robust and flexible representations.
Additionally, techniques such as transfer learning and zero-shot learning could be
employed to enhance LLMs' ability to apply learned knowledge to new and unseen
tasks, moving them closer to AGI-like generalization capabilities.

. Enhancing Collaboration and Collective Intelligence: AGI tasks often involve
collaboration, either with other Al systems or with humans. Improving LLMs to
function effectively in collaborative environments could enhance their reasoning and
abstraction capabilities. This could involve developing communication protocols that
allow LLMs to exchange information and reason collaboratively, as well as training
LLMs in environments where they must work with others to achieve complex goals.

. Continuous Learning and Autonomous Improvement: A key aspect of AGI is the
ability to continuously learn and improve autonomously. Implementing continuous
learning frameworks in LLMs would allow them to refine their abstraction and
reasoning abilities over time, based on ongoing interactions and experiences.
Techniques such as lifelong learning, where the model continually updates its
knowledge base without forgetting previous information, could be crucial in developing
LLMs that approach AGI capabilities.

Improving LLMs to handle abstraction and reasoning more effectively is a critical step toward
achieving AGI. By incorporating symbolic reasoning, enhancing contextual memory,
developing adaptive learning frameworks, and integrating multi-modal information, among
other strategies, LLMs can be made more capable of performing complex AGI tasks. These
enhancements will not only push the boundaries of what LLMs can achieve but also bring us
closer to realizing the vision of true Artificial General Intelligence.

3. Implementation and Results

The ARC (AI2 Reasoning Challenge) dataset is a benchmark dataset designed to evaluate a
model's ability to perform commonsense reasoning, which is a critical component of AGI
(Artificial General Intelligence)[1]. It was created by the Allen Institute for Al and is aimed at
testing an Al's ability to understand and reason about grade-school science questions, which
require not just factual recall but also the application of reasoning skills.

Overview of the ARC Dataset: The ARC dataset consists of multiple-choice questions derived
from science exams that are typically given to students from grades 3 to 9. These questions
require the application of commonsense reasoning, scientific knowledge, and the ability to



draw inferences from given information, making it a suitable benchmark for evaluating AGI-
like capabilities.

Key Features of the ARC Dataset:

il
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Diverse Question Types: The dataset includes questions that require a variety of
reasoning skills, such as causal reasoning, temporal reasoning, and spatial
reasoning. The questions often demand the integration of multiple pieces of
information or the application of general scientific principles to arrive at the correct
answer.

Two Main Subsets: ARC-Easy: This subset contains questions that can often be
answered correctly by information retrieval models or with straightforward
reasoning. ARC-Challenge: This subset includes more difficult questions that
typically require deeper reasoning, inference, and the ability to handle ambiguity,
making it a more rigorous test of a model's reasoning abilities.

External Knowledge Requirement: Some questions in the ARC dataset require
knowledge that is not explicitly stated in the text, which means the model needs to
either infer this information or have access to a knowledge base. This tests a model's
ability to connect different concepts and apply external knowledge in a reasoning
process, a key aspect of AGI.

Multiple Choice Format: Each question comes with four possible answers, only one
of which is correct. This format tests a model's ability to discriminate between
closely related concepts and select the most accurate response.

Human Performance Baseline: The dataset includes a human performance
benchmark, providing a comparison point for AI models. Human performance on
these questions is generally quite high, especially on the ARC-Easy subset, but
more varied on the ARC-Challenge subset.

Applications and Importance for AGI:

Reasoning and Inference Testing: The ARC dataset is an excellent tool for evaluating
a model's reasoning and inference capabilities, which are essential for AGI.
Successfully answering ARC-Challenge questions often requires a deeper
understanding and the ability to simulate or infer missing information.

Generalization Across Domains: The dataset helps assess how well a model can
generalize knowledge across different scientific domains, a critical requirement for
AGI, which must operate effectively in a wide range of contexts.

Training and Fine-Tuning AGI Models: The ARC dataset can be used to train and fine-
tune models with the goal of improving their reasoning capabilities, particularly in
scenarios where they need to apply general knowledge in novel ways, a hallmark of
AGI.
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Figure 1: Training inputs and test inputs from ARC Dataset. The cells fully covered by Green cells are to colored yellow.

The ARC dataset is a valuable resource for advancing research in Al reasoning and pushing
models closer to AGI capabilities. By challenging models with questions that require deep
reasoning, abstraction, and the integration of external knowledge, the ARC dataset serves as a
benchmark for measuring progress towards creating more general and intelligent Al systems.

The implementation model consists of AGI block and two open LLMs ( Gemma and Llama).
The AGI block facilitates pre-processing, interpreting and analyzing the problems and enabling
tokenization. The dual LLMs are useful in co-operative and collaborative problem solving.
The training and testing are carried out using ARC 2024 dataset. The continuous monitoring
and performance improvement is performed with the help of advanced LLMs and experts. The
block diagram is shown below.

LLM1 —
e Problem * Refining

Input e Gemma e [Lama
e prompting
LLM?2

Figure 2: AGI-Dual LLM Architecture

AGI

ARC Prize 2024 Solution:

The LLama 3.1 8b LLM model solution is blended with ARC Prize 2020 winning solutions
to improve the quality and variety of responses.

i. LLaMA-generated solutions are adjusted according to specified conditions
(e.g., length of prediction list) to ensure optimal responses for each task.

ii.  The core logic creates solutions for specified tasks with parameters controlling
token limits, sampling, and temperature settings. The function uses these



iii.

iv.

Vi.

settings to guide solution generation, aiming to provide diverse answers to the
task at hand. Temperature setting was fine-tuned based on several iterations.

Conditional Solution Handling: Different conditions handle cases based on the
length of prediction results. When predictions have no or very few elements, the
function defaults to using LLaMA’s primary solution. As prediction list length
increases, the function pulls from other solution options, allowing more
flexibility in solution selection.

Guidance for LLaMA’s Role: The prompt describes LLaMA must think
creatively to solve tasks. It encourages the model to generate multiple solutions
and choose the best one. Emphasis is placed on learning generalized rules to
handle similar problems, pushing LLaMA to produce versatile, reusable
solutions. Also, some of the prompting is based on lateral thinking techniques.

Integration of Outputs: The function includes logic for merging LLaMA’s
output with other models' solutions( ARC 2020), by incorporating fallback and
redundancy mechanisms. The block diagram for merging of solutions from
various models is shown below. The Gemma was not included in the current
version due to limitation of memory and execution time.

This structure allows LLaMA to take on abstract reasoning challenges,
combining its own outputs with a secondary model to improve the quality of
responses across diverse reasoning tasks.

Llama
Soln

Blended
Solution

Figure 3: Blended Solution approach

The final submission for the competition score 27 out of 100 tasks. The code for the solution
is made available through notebook published online[20]. The following table shows the results
comparison for the submission:

SINo | Solution Score Rank out of 1431

1 Llama 3.1 8b Combined with ARC | 27 37™ ( Silver medal)
2020 solution models

2 Highest scoring Notebook 55.5 1%t ( First Prize )




3 10™ highest scoring notebook 36 10" ( Gold Medal)

4. Summary and Conclusion

In recent years, Large Language Models (LLMs) have significantly advanced natural language
processing, demonstrating impressive capabilities in understanding and generating human-like
text. However, when it comes to complex tasks that require deep abstraction, logical reasoning,
and generalization across diverse domains, LLMs face notable challenges. These tasks are
essential components of Artificial General Intelligence (AGI), which aspires to create systems
with human-like cognitive abilities.

To bridge the gap between current LLMs and AGI, various strategies can be employed to
enhance LLMs' abstraction and reasoning capabilities. These include integrating symbolic
reasoning modules, improving long-term contextual memory, developing meta-learning
frameworks, and leveraging multi-modal integration. Additionally, incorporating knowledge
graphs, hierarchical models, and ethical reasoning mechanisms can further elevate LLMs'
ability to tackle AGI-like tasks.

The ARC (AI2 Reasoning Challenge) dataset provides a benchmark for evaluating the
reasoning capabilities of Al models, particularly in the context of scientific questions that
require commonsense reasoning, inference, and the application of general knowledge. The
dataset is structured to test models on both straightforward and more challenging questions,
offering insights into their ability to perform tasks that go beyond mere pattern recognition.

As Al research continues to push the boundaries of what LLMs can achieve, the goal of
achieving AGI remains a formidable challenge. However, by systematically addressing the
limitations of current LLMs and incorporating more advanced reasoning and abstraction
techniques, we can move closer to creating Al systems with general cognitive abilities. The
integration of AGl-inspired modules and frameworks into LLMs will be crucial in developing
Al that not only processes and generates language but also reasons, learns, and adapts in ways
that are more aligned with human intelligence.

The ARC dataset serves as a valuable tool in this pursuit, providing a rigorous benchmark for
testing and refining the reasoning capabilities of Al models. By focusing on improving LLMs'
performance on such datasets, researchers can make significant strides toward realizing the
vision of AGI, ultimately creating more robust, versatile, and intelligent Al systems capable of
tackling a wide range of complex tasks.
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