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Abstract

This paper presents an innovative approach,
known as Gestalt', to enhance the mathematical
problem-solving capabilities of Generative Large
Language Models (GLLMs) while addressing their
inherent limitations. Recognizing the inherent structure
and discerning strength of GLLMs, the core of
our approach strategically offloads computations,
deterministic questions, and knowledge retrieval to
external tools such as Wolfram Alpha and Python
REPL. This critical augmentation not only mitigates
GLLMs’ variable reliability in these areas but also
fortifies their innate strength - understanding the
underlying structure of the problems at hand. With
this novel implementation, GLLMs can harness the
potential of external systems through well-structured
queries, enabling them to make significant strides in
problem-solving.  In a preliminary evaluation, the
Gestalt system demonstrates exceptional performance
on a portion of the MATH benchmark dataset, achieving
a state-of-the-art accuracy of 59.00%. In comparison,
GPT-4 achieves an accuracy of 53.9% on the identical
dataset.  Through our augmentation approach, we
aim to transform the limitations of GLLMs into their
strengths, opening up exciting new possibilities not only
in advanced mathematical problem-solving but also in
various deterministic tasks such as medical diagnosis.
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1. Introduction

Generative Large Language Models (GLLMs) have
emerged as a revolutionary force in the realm of artificial
intelligence, manifesting an astounding capability
to discern and model the superstructure of human
language.  These models leverage the pioneering
mechanism of self-attention in transformers (Vaswani
et al., 2017), enabling them to decipher the complex
structure of input data by autonomously assigning
attention to what they deem crucial. Transformers
are neural network architectures that do not rely on
recurrent connections or convolutions. Instead, they use
self-attention to learn long-range dependencies in the
input sequence. Self-attention is an attention mechanism
that focuses on the interdependencies of a single
sequence to compute its representation. By focusing
on a single sequence instead of the relation between an
input and output sequence, the self-attention mechanism
empowers the model to self-learn information and
dynamically weigh the importance of different elements
within an input sequence, thus adjusting their influence
on the output.

When applied to an expansive corpus of human
language, GLLMs demonstrate astonishing emergent
capabilities, such as formulating coherent sentences and
executing computations. However, these emergent
capabilities, especially those further from the
fundamental architecture of self-attention, exhibit
significant variability in reliability. The inconsistency of
GLLMs in precise computations and factual knowledge
retrieval, tasks requiring granular attention, can
primarily be attributed to the divergence of these tasks
from the core methodology of GLLMs, which excels
in discerning structural relationships between inputs.
At their core, GLLMs are next-token prediction tools
devoid of an inherent concept of truth or fact. They
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encapsulate the correlations among data points without
truly understanding the reality they represent. This
core strength paradoxically lays the groundwork for its
primary weaknesses. This investigation probes into this
paradox.

In this paper, we propose Gestalt, a novel
augmentation system engineered to enhance the
mathematical problem-solving capabilities of GLLMs.
Gestalt strategically delegates tasks that require
computation, deterministic question answering, and
knowledge retrieval to external deterministic tools,
thereby mitigating the inherent limitations of GLLMs
while leveraging their core strength: understanding
the underlying structure of mathematical problems.
However, the application of Gestalt extends beyond
mathematical problem-solving. The methodology we
propose can be equally effective in deterministic tasks in
various fields such as healthcare, where suggestions for
medication, diagnostics, and patient care management
could be significantly improved.

By harnessing external tools and systems, Gestalt not
only aims to augment the problem-solving prowess of
GLLMs but also aspires to transcend their limitations.
This paper explores the design, implementation, and
impact of the Gestalt system, with an emphasis
on unearthing new possibilities in various fields,
ranging from advanced mathematical problem-solving
to healthcare and beyond.

2. Benchmark Test Description

The benchmark test used to evaluate Gestalt was
the MATH dataset, a widely recognized collection
consisting of 12,500 competition mathematics problems
(Hendrycks et al., 2021). Due to financial constraints,
we focused on a subset of the MATH dataset,
specifically 5% or 600 questions. While our selection
ensured representation from all seven -categories
- Algebra, Counting and Probability, Geometry,
Intermediate Algebra, Number Theory, Prealgebra, and
Precalculus - it’s essential to note that our results, though
promising, are based on this limited subset. The MATH
benchmark categorizes questions by difficulty levels
from 1-5, and our chosen 600 questions comprised a
random sampling of these difficulty levels per category.
Although this distribution offers a broad perspective
on the model’s mathematical prowess across diverse
subjects, it primarily serves as a proof of concept, and
generalizations based on this subset should be made
with caution.

Several high-impact papers have used the MATH
dataset as a benchmark. (Zheng et al., 2023) utilized
it to evaluate the performance of their Progressive-Hint

Prompting method.  (Anil et al.,, 2023) examined
the reasoning abilities of their new model, PaLM-2,
using this dataset.  Additionally, the dataset was
instrumental in early experiments with GPT-4 to assess
the model’s problem-solving abilities across various
domains and the model scored 42.5% on the entire
MATH benchmark, as reported by (Bubeck et al., 2023).
Finally, the LLaMA model, introduced by (Touvron
et al., 2023), also leveraged the MATH dataset to
demonstrate its superior performance compared to other
models.

The MATH dataset differs from visual or linguistic
reasoning tasks like image classification. In MATH,
problem-solving is not peripheral; it is the focus.
The model’s performance evaluation involves feeding
a MATH problem to the system, which generates a
sequence encoding the final answer. As these answers
are unique after normalization, scoring is conducted
using an exact match instead of heuristic metrics like
BLEU (Hendrycks et al., 2021).

The Bilingual Evaluation Understudy (BLEU) is a
widely used metric in machine translation tasks. It
evaluates the similarity between the machine-generated
translations and the reference human translations by
measuring the precision of word or phrase matches
(n-grams). However, for MATH problems, because
answers are unique after normalization, a metric like
BLEU, which relies on statistical similarities, is not
appropriate. Instead, the evaluation requires an exact
match — the answer produced by the model has to be
precisely correct to be deemed accurate. Hence, this
difference in evaluation methodologies underscores the
unique challenges of the MATH dataset, where genuine
problem-solving is at the heart of task performance
(Papineni et al., 2002).

MATH problems are tagged according to difficulty
on a scale from 1 to 5 and span the seven subjects
mentioned earlier, thus allowing a detailed evaluation
of problem-solving ability across various difficulties
and subjects(Hendrycks et al., 2021). Furthermore,
MATH provides full step-by-step solutions for each
problem. These solutions can be utilized by models
during training, allowing them to generate their own
step-by-step solutions, which facilitates learning and
enhances the interpretability of model outputs.

To illustrate the nature of the problems in the MATH
dataset, here are two examples:

¢ Problem: How many vertical asymptotes does
the graph of y = —z=%— have?

Difficulty Level: 3

Type: Algebra

Solution: The denominator of the rational

function factors into 22 + 2 — 6 = (z — 2)(z +3).
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Since the numerator is always nonzero, there is a
vertical asymptote whenever the denominator is 0,
which occurs for ¢ = 2 and + = —3. Therefore,
the graph has | 2 | vertical asymptotes.

* Problem: "Compute e™.”
Difficulty Level: 1
Type: Precalculus
Solution: “We have that €™ = cos7 + isinT =

While the MATH dataset poses a significant
challenge, progress has been made in training models
that can perform reasonably on the MATH dataset.
However, the relatively low accuracy levels indicate
that it is distinctly more challenging than most existing
text-based tasks. = We posit that new algorithmic
advancements will be required to substantially improve
performance on the MATH dataset within practical
resource constraints.

As illustrated in Figure 1, a mathematical problem
is chosen for evaluation.  This problem is then
independently processed by two distinct systems:
Gestalt and GPT-4, each generating their respective
solutions. Subsequently, a separate instance of GPT-4,
acting in an evaluative capacity, critically reviews the
solutions produced by both systems. This grading
GPT-4 instance, possessing access to the correct solution
to the problem, utilizes this to verify the accuracy of the
solutions proposed by the two systems.

Traditional benchmark methodologies on the MATH
benchmark, such as the one applied to a large language
model called Minerva, (Lewkowycz et al., 2022),
typically examine only the final answer’s correctness.
As the authors state, a solution is deemed accurate if its
final result aligns with the established correct answer,
regardless of the standard of the chain of thought that
paved the way to it. Moreover, their model has no
access to external tools such as a Python interpreter.
In contrast, our approach adds an innovative layer of
scrutiny where the problem-solving process’s validity is
evaluated, alongside the correctness of the final answer.

This novel approach acknowledges the potential
inaccuracies that might occur when employing GPT-4
as an evaluator.  Nevertheless, we posit that our
methodology provides a more robust grading system
than merely verifying the presence of a correct answer.
By considering the problem-solving process that led to
the final solution, we allow for a more comprehensive
evaluation of an AI’s mathematical capabilities.

In this context, we recommend that future
benchmarking exercises, tailored to  specific
target applications, integrate both the traditional
answer-checking method and our enhanced evaluative

system.  This hybrid methodology could offer a
more nuanced understanding of an AI system’s
problem-solving  competence. Our approach
underscores GPT-4’s capacity to not only solve
mathematical problems but also to critically
evaluate and provide feedback on the process and
solutions, demonstrating an advanced understanding of
mathematical principles and problem-solving strategies.

In this study, the primary data preprocessing
involved the transformation of structured data from the
MATH benchmarking dataset into appropriate prompt
formats for ingestion by our language models. The
MATH dataset required minimal intervention in terms
of preprocessing. With the assistance of the LangChain
library, we utilized a standardized approach to convert
these structured questions into suitable language model
prompts.  Specifically, we created two predefined
templates, *Test Taker’ and ’Grader’, as a universal
blueprint to shape the imported questions.  The
PromptTemplate class in LangChain offered a format()
method, which we exploited to replace placeholders in
our predefined templates with actual content from the
MATH dataset.

3. Augmentation Approach

The Gestalt system is designed to enhance the
mathematical problem-solving capabilities of GLLMs.
This augmentation approach addresses the limitations
of GLLMs by exploiting their inherent strength in
understanding the structure of a problem and combining
it with the deterministic capabilities of external tools.
This strategy builds upon the central role GLLMs play in
Gestalt, functioning as the system’s “brain” that discerns
the structures and relationships in the input data, and
consequently drives the problem-solving process.

Gestalt primarily utilizes the LangChain framework
(Chase, 2022), which is specially designed for GLLMs.
The fundamental concept of LangChain is the idea
of “chaining” together various components to devise
advanced use cases centered around Large Language
Models (LLMs) such as GPT-4. These components,
originating from a range of modules including prompt
templates, LLMs, agents, and memory systems, offer a
robust and flexible structure for problem-solving. Here,
the agents play a pivotal role as they leverage LLMs
to decide the course of action, be it deploying tools
like web search or calculators or allocating tasks to the
memory systems.

Crucially, LangChain’s inherent modularity
furnishes Gestalt with a resilient, scalable, and
forward-compatible architecture. This foundational,
plug-and-play construct not only permits the facile
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A whole number larger than 2 leaves a remainder|
of 2 when divided by each of the numbers 3, 4, 5,
and 6. What is the smallest such number?

Gestalt Response

1. The task is to find the smallest number that leaves a remainder of 2 when divided by

3,4, 5, and 6. This can be done by finding the least common multiple (LCM) of these
numbers and then adding 2. Lets ask Wolfram Alpha.

2. The least common multiple of 3, 4, 5, and 6 is calculated as LCM(3, 4, 5, 6) = 60.
ask Wolfram Alpha.

3. Now, we add 2 to the LCM to find the smallest number that leaves a remainder of 2
when divided by these numbers. So, 60 + 2 = 62.
Use Code Interpreter.

Therefore, the smallest such number is 62.

GPT-4 Response
To find the smallest such whole number, we need to find the least common multiple
(LCM) of 3, 4, 5, and 6, and then subtract 1 so that the remainder is 2.
Prime factorize the numbers:
3=314=225=5"6=2'.3"

The highest powers of primes occurring in these factorizations are 22, 3, and 5'.
We combine them to get the LCM:

LCM(3,4,5,6) = 22 -3 . 5! = 60.

Subtract 1 from the LCM to get the desired whole number:

60 -1=59.

Therefore, the smallest such whole number is 59.

Actual Answer
L ——T

The numbers that leave a remainder of 2 when divided by 4 and 5 are 22, 42, 62, and so
on. Checking these numbers for a remainder of 2 when divided by both 3 and 6 yields
62 as the smallest.

Grader
(gpt-4)

—| Grader Response to Gestalt I

CORRECT. The student correctly found the least common multiple of 3, 4, 5, and 6 to
be 60 and then added 2 to find the smallest number that leaves a remainder of 2 when
divided by these numbers, which is 62.

I Grader Response to GPT-4 |—

INCORRECT. The student made a mistake by subtracting 1 from the LCM instead

of adding 2. The correct process should be finding the LCM of 3, 4, 5, and 6, which

is 60, and then adding 2 to get the correct answer: 60 + 2 = 62. So the smallest such
whole number is 62, not 59.

Figure 1.

interchange or augmentation of external tools and
GLLMs, but it also anticipates the evolution and
substitution of specific frameworks. Consequently, it
positions the Gestalt system for ongoing refinement in
response to the emergence of new tools and models.

LangChain equips these models with an integrated
toolset, consisting of external tools that enable the
models to query information and execute computations.
In the current version of Gestalt, this toolbelt consists of
two primary tools — Wolfram Alpha and Python REPL.

Wolfram Alpha, in its pursuit to make all systematic
knowledge immediately computable and accessible,
serves as an invaluable asset to the Gestalt system.
With its wealth of curated, objective data, and
a comprehensive array of models, methods, and
algorithms, Wolfram Alpha is a potent ally for the
computational and knowledge retrieval tasks inherent to
mathematical problem-solving.

The Python REPL, or Read-Eval-Print Loop, offers
an interactive environment where Python code can
be written and the results can be instantly viewed.
This versatile tool, capable of executing anything
from simple calculations to complex scripts, becomes
indispensable when computations extend beyond the
reliable capabilities of GLLMs.

The incorporation of a Python REPL as a pivotal
tool in Gestalt is inspired by a seminal research

Benchmark Process

study (Cai et al.,, 2023), which delves into the
transformative concept of LLMs creating their own
reusable tools for problem-solving, which remarkably
enhances the model’s performance on benchmarks.
This methodology even allows less capable models to
surpass more competent counterparts on benchmarks
when given tools designed by their more advanced
peers. This foundational insight led to the inclusion of
Code Interpreters as a fundamental element of Gestalt,
enabling the LLMs to act as tool makers, creating their
own Python utility functions as tools.

The pivotal findings from the aforementioned
study resonate with our thesis: when GLLMSs’
problem-solving capabilities are integrated with
deterministic tools, such as the code they produce,
the resultant performance is superior. Furthermore,
this coupling enhances the system’s transparency and
accountability. The code that GLLMs generate can be
audited, thereby allowing a deeper insight into how
and why specific problem-solving paths are chosen.
This auditability tackles a primary concern associated
with systems grounded in artificial neural networks: the
so-called ”black box” problem, where decision-making
processes are often opaque and difficult to understand.

In addition, the auditable nature of the code
promotes enhanced security measures. For instance,
when a GLLM generates code that involves data
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Figure 2. Gestalt System Architecture

transmission, it’s vital to ensure it doesn’t inadvertently
create vulnerabilities like exposing data through
insecure protocols. By systematically scanning and
verifying the code produced by GLLMs, one can
pinpoint such potential security threats. Furthermore,
suppose a GLLM inadvertently embeds hard-coded
sensitive information or introduces weak encryption
protocols. In that case, an audit can flag these issues for
correction. As a result, this method not only bolsters
accurate and effective problem-solving but also paves
the way for constructing Al systems that are ethically
sound, secure, and transparent in their operations.

By leveraging deterministic tools like code to
perform computations, and allowing GLLMs to
focus on their strength—strategizing a high-level
approach to problem-solving—we enable an optimal
problem-solving strategy. This collaboration allows for
not only the achievement of the best possible results but
also the establishment of a system that aligns with the
principles of transparency, security, and ethical Al

In summary, Gestalt represents a cohesive system
that seamlessly integrates the strengths of GLLMs,
the robust framework offered by LangChain, and
the computational power of external tools in its
toolbelt. This harmonious integration not only enhances
the reliability and accuracy of GLLMs in solving
complex mathematical problems but also exemplifies a
future-proof design that can evolve with the advancing
generative Al landscape.

The workflow of Gestalt, as illustrated in Figure
3, begins with a Generative Large Language Model
(GLLM) processing a given problem— understanding
its structure and requirements. For instance, in the
provided example, the user asks for the height of
Mount Everest in meters divided by the length of the

Golden Gate Bridge in meters. In this instance, Gestalt
has been specifically configured to use Google search
to gather the required measurements, showcasing the
ease at which external tools can be swapped in and
out depending on the user’s task requirements. It’s
important to note that the swapping of these tools is
controlled by the end-user, not the agent.

Once the necessary data is obtained, computations
or factual queries are offloaded to other external tools.
Here, Gestalt employs Wolfram Alpha to perform the
division and derive the final answer. Importantly,
throughout the process, Gestalt shares its thought
process and actions taken. This transparency not only
allows users to follow along and understand how the
system arrived at the answer, but also makes the system
auditable and less of a black box. This illustrates how
Gestalt employs a combination of powerful GLLMs
and a diverse array of external tools to analyze data
and generate accurate, reliable, and explainable results
across a wide range of applications.

This harmonious workflow between the GLLM and
external tools transforms the inherent limitations of
GLLMs into strengths. By leveraging the deterministic
capabilities of external tools, Gestalt augments the
problem-solving capabilities of GLLMs, enhancing
reliability and accuracy in fields requiring deterministic
decisions, like advanced mathematical problem-solving
and healthcare.

In the subsequent sections, we delve deeper into
the performance of Gestalt on benchmark tests, and the
implications of our findings.
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Example Query:

What is the height i
of Mount Everest in @ : =) Final Result:
meters divided by : 0 3033
the length of the '
Golden Gate Bridge [LangChain| | GPT-4 |
in meters? """"""""? """"" T
. 1. Thought: I need to find 7. Thought: I now know | |
2. Google: "Height of the two measurements first. the final answer. E

Mount Everest*

Observation: 29,032 feet 3. Thought: I need

the Golden Gate

4 . Google: "Length of /
Bridge now.

the Golden Gate Bridge"

to find the length of

6. Wolfram Alpha:
"(29,032 feet in meters)/
(8,981 feet in meters)"

Observation: 8,981 feet

o~

and divide them.

5. Thought: I need to convert
these measurements to meters

Observation:3.233

Re

| Wolfram Alpha |

Figure 3. Sample State Diagram of a Query Handled by the Gestalt System

4. Results and Interpretation

Our primary objective in evaluating Gestalt was to
assess its efficacy in solving complex mathematical
problems, with an emphasis on its comparative
performance against a standalone GPT-4 model. Our
choice of benchmark for this purpose was a subset of
the MATH Benchmark, a comprehensive compilation
of complex math problems that span a broad range of
mathematical disciplines. The use of this particular
benchmark allows for a robust and nuanced evaluation
of each system’s problem-solving capabilities in the
field of mathematics.

Our evaluation method involved providing both
Gestalt and GPT-4 with an identical set of problems
from the MATH benchmark, then comparing the
number of correct answers produced by each system.
It is essential to note that the problems presented
to both models were complex and required a deep
understanding of mathematical principles, thus ensuring
rigorous testing of their mathematical problem-solving
abilities.

The results of the evaluation, as presented in Table
1, showcase the performance of each agent on this
rigorous test. The scores are based on the number of
correct answers each agent produced, expressed both as
a raw total and as a percentage of the total number of
problems.

Agent | Correct Answers | Correct Percentage
Gestalt 354 /600 59.00
GPT-4 323 /600 53.83

Table 1. Comparison of Performance on MATH
benchmark between Gestalt and GPT-4

As can be seen in Table 1, Gestalt outperformed
the standalone GPT-4, achieving a success rate of
59.00% compared to GPT-4’s 53.83%. This difference
in performance illustrates the value of the synergy
between the GLLMs and deterministic tools in the
Gestalt framework. Not only does Gestalt maintain
the creative problem-solving capabilities of the GLLM,
but it also harnesses the deterministic capabilities of
external tools, thus enhancing its overall performance in
a complex problem-solving environment.

Moreover, the results shed light on the potential
of the Gestalt approach to bridge the gap between the
creative but probabilistic nature of GLLMs and the
deterministic, reliable functionality of external tools.
This blend offers promising prospects for a variety
of fields that require precise, reliable, and creative
problem-solving.

In the following sections, we delve deeper into
these results, exploring the implications of Gestalt’s
superior performance, and discussing potential avenues
for further research and development.
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5. Discussions

Gestalt stands out for its innovative strategy to
transform the limitations of GLLMs into assets. Its
unique integration of GLLMs and deterministic tools
not only improves problem-solving capabilities but also
enhances the system’s explainability and versatility
across various domains. Let us delve deeper into
the distinct aspects that contribute to our proposed
synergetic approach:

¢ Integration of GLLMs and External Tools:
Gestalt’s primary contribution is the integration
of Generative Large Language Models (GLLMs)
and external computational tools. By utilizing
the strengths of both entities, Gestalt transcends
the inherent limitations of each component.
The GLLM’s ability to analyze and understand
complex problem structures is complemented by
the deterministic capabilities of external tools.
This synergy produces an accurate, reliable, and
versatile solution to problem-solving that can be
harnessed across various fields, from mathematics
and healthcare to cybersecurity and education.

e Self-prompting and Explainability: Another
unique feature of this approach is its ability
to articulate its thought process throughout
problem-solving.  As it navigates through a
problem, it shares each step with the user,
transforming what could have been a “black
box” operation into a transparent and auditable
process. This self-prompting approach not only
allows users to follow along with Gestalt’s
problem-solving pathway but also provides an
opportunity for real-time auditing and security
verification. ~ This feature makes Gestalt a
valuable architecture in the applications where
explainability and transparency are of utmost
importance, such as in healthcare, finance, and
legal applications.

* LangChain Framework and Future Proofing:
Gestalt’s architecture is designed with a view
to the future. It is built on the LangChain
framework, which allows for the seamless
integration of new and advanced tools as they
emerge. As developments in GLLMs and external
tool technologies continue to evolve, Gestalt can
be updated to incorporate these advancements,
ensuring that the system remains state-of-the-art.
Gestalt’s ability to adapt makes it a lasting
solution, ready for the fast-paced evolution of
generative artificial intelligence. It’s worth noting

that this constant evolution can occasionally
lead to temporary compatibility issues. For
instance, with the introduction of OpenAI’s
GPT-4, the format of API calls changed due to
the introduction of system messages, leading to
initial issues with GPT-4. However, these are
quickly resolved, ensuring Gestalt remains ready
to tackle complex problems with the best available
resources.

* Versatility Across Domains: The design of
our Gestalt system is not confined to a specific
application. Its unique architecture empowers it
to adapt seamlessly to various problem domains,
providing immense value to diverse users,
including researchers, healthcare professionals,
and scientists.

For instance, in the healthcare sector, medical
professionals could harness the GLLM’s creative
problem-solving prowess to sift through a
wide range of potential diagnoses based on
patient symptoms. These diagnostic hypotheses
could be further refined and confirmed through
cross-validation with reliable medical knowledge
bases and deterministic diagnostic tools, leading
to highly accurate, data-informed diagnoses.

In research and development, integrating
external tools like statistical analysis software
and machine learning models can strengthen
the auditing and validation of hypotheses
generated by the GLLMs. The system’s GLLMs
can propose potential research pathways or
provide insightful interpretations of complex
datasets, while the deterministic tools ensure the
credibility and alignment of these hypotheses
with contemporary, peer-reviewed literature
(Guler et al., 2023).

These examples underscore the flexibility and
adaptability of the Gestalt approach, showcasing
its applicability far beyond mere mathematical
problem-solving. By merging the innovation
of GLLMs with the precision and reliability of
deterministic tools, the system can find use across
a broad spectrum of sectors and disciplines.

Gestalt stands out due to its integration of
GLLMs with deterministic tools, its adaptability
through the LangChain framework, transparency via
self-prompting, and versatility in many domains.
Together, these aspects make Gestalt a powerful unified
system, notably outperforming GLLM’s accuracy in
deterministic applications. = The positive outcomes
from this study highlight the potential of such
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synergistic approaches for future generative Al-driven
problem-solving advancements.

6. Future Research Directions

The arena of artificial intelligence, especially
Generative Large Language Models (GLLMs),
continues its rapid evolution.  Significant strides
by OpenAl, such as the introduction of GPT-4 and
potential GPT plugins, present novel opportunities and
challenges for the continued progression of systems like
Gestalt.

e Next-generation GLLMs: The successful
integration of GPT-4 into the Gestalt system
notably improved its problem-solving
capabilities. As various organizations persist
in developing and releasing more advanced
GLLMs, the hybrid approaches to integrate such
platforms with other computational engines,
especially in deterministic applications, will
remain essential to maintain their position at the
forefront of Al problem-solving technology.

* Reliability and Model Improvements: Despite
the continuous refinement of models, the
reliability of GLLMs has emerged as a central
concern, posing a significant barrier to their
broader and more impactful implementation
across various domains. The tendency of these
models to ’hallucinate’, or produce plausible
but factually incorrect or nonsensical outputs,
presents a substantial risk. For example, a GLLM
like ChatGPT can generate high-quality code,
book reports, or historical essays. Still, it can also
include erroneous facts that require meticulous
human verification and correction (Smith, 2023),
thus limiting its utility.

Hallucinations pose a significant concern
when evaluating the wuse of GLLMs in
critical deterministic applications. While
their hallucinatory tendencies can be assets
in creative realms such as poetry or novel
generation, in  deterministic fields like
mathematical problem-solving or specific
healthcare applications, they become pronounced
liabilities. In the realm of medical diagnosis or
treatment planning, for instance, inaccuracies
induced by hallucinations could lead to dire
consequences, such as misdiagnoses or unsuitable
treatments. Addressing these reliability concerns
becomes crucial to maintain the efficacy and
integrity of GLLMs in these vital areas.

One approach involves reinforcement learning
with human feedback (RLHF), a technique
developed by OpenAl and Google’s DeepMind
team. This method allows reinforcement-learning
systems to learn even when the reward function
is not explicitly defined, by periodically having
a human review the system’s output and provide
feedback (Smith, 2023).

Going forward, addressing the reliability of
GLLMs through novel methods like RLHF will
be a crucial focus of research. Establishing trust
in the outputs of these models is paramount for
their wider adoption and fully harnessing their
potential.

Tool Making Models and Application in
Embodied Agents: The research paper “Large
Language Models as Tool Makers” (Cai et al.,
2023) has been a significant inspiration, leading
us to explore the potential of optimizing Gestalt
to use more cost-effective models with reduced
inference times. Such models, equipped with
tools created by their more advanced counterparts,
can push the boundary of problem-solving
capabilities. Further evidence of this potential
is seen in Voyager, an embodied agent that uses
GPT-4 to learn and generate its own tools for task
completion (Wang et al., 2023). Incorporating
similar capabilities into the Gestalt system could
significantly enhance its utility and effectiveness.

GPT Plugins and Competing Solutions: The
announcement of GPT-4 plugins by OpenAl,
which may include features like integration with
Wolfram Alpha and other search tools, indicates
growing potential competition. Although these
large organizations have substantial resources,
this project has demonstrated the feasibility
and value of developing independent, innovative
solutions to address the limitations of GLLMs.

Healthcare  Applications: Given the
deterministic nature of many tasks in healthcare,
there is vast potential for applying the Gestalt
approach to tasks such as medication suggestions,
diagnostics, and patient care management.
Future work could concentrate on tailoring
and optimizing the systems for these specific
applications.

While the current project phase has concluded,
the insights from Gestalt underscore the potential
of GLLMs, their limitations, and the opportunity
to develop robust systems by integrating them with
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external resources. The knowledge gained from this
project provides a strong foundation for future research,
propelling new avenues of exploration as the field
continues to progress. The anticipation of how the
next generation of GLLMs will push the boundaries of
systems like Gestalt is an exciting prospect for future
research.

7. Limitations and Considerations

The integration and development of GLLMs in
systems like Gestalt has shown considerable promise.
However, these advancements also raise substantial
ethical, safety, and control concerns.

The potential for GLLMs to interact autonomously
with external tools opens a new frontier for Al
applications. This autonomy could significantly
enhance GLLMs’ ability to handle a wide variety
of complex tasks across numerous sectors, such as
customer service, medical advice, and research and
development. Nevertheless, this autonomy can be a
double-edged sword. As GLLMs gain the ability to
independently draw information from and interact with
external resources, they might produce outputs that
significantly deviate from human expectations. This
could potentially lead to the creation of suboptimal
or harmful solutions. Furthermore, if unchecked and
widely adopted, these increasingly autonomous GLLMs
could create scenarios where humans lose control over
these Al systems.

Moreover, the faithfulness of the reasoning
processes of GLLMs presents a unique challenge. For
instance, (Turpin et al., 2023) highlights the potential
for GLLM:s to produce ”chain-of-thought” explanations,
which, while logically coherent, can systematically
misrepresent the true rationale behind a model’s output.
This phenomenon could inadvertently amplify trust
in GLLMs without sufficient safety assurance, thus
underscoring the need for continuous vigilance and
scrutiny(Liao and Vaughan, 2023). It is of paramount
importance to acknowledge that this limitation is
applicable to all strategies employing the current
generation of transformer-based GLLMs.

While our proposed Gestalt system has proven
effective in the scenarios tested, it is still in its infancy.
The performance and safety of the system in real-world
contexts could vary significantly depending on the
complexity of the task at hand. Additionally, evaluating
and validating the tools created by GLLMs in real-world
settings poses a considerable challenge (Mokander et al.,
2023).

As we continue to develop and refine GLLMs,
it is important that we remain cognizant of their

broader implications. While these models hold immense
potential, the ethical, safety, and control considerations
they engender cannot be overlooked.

8. Conclusion

As the world of artificial intelligence continues to
evolve, the development of Generative Large Language
Models (GLLMs) stands as a landmark achievement,
with their capacity to model and generate coherent
human language demonstrating astonishing promise.
Yet, as our research underscores, these models are
not without their limitations. While GLLMs shine in
discerning complex language structures and predicting
the next tokens, their lack of inherent truthfulness and
consistency, particularly in tasks requiring meticulous
attention, poses significant challenges.

Our augmentation system, Gestalt, emerges as
a powerful response to these challenges. By
strategically integrating the strengths of GLLMs with
deterministic external tools such as Wolfram Alpha,
Gestalt successfully transcends the inherent limitations
of these language models. The system leverages the
core strength of GLLMs, understanding the structure
and relationships within mathematical problems, and
delegates tasks requiring precise computations or factual
knowledge retrieval to deterministic tools, creating
a balanced and highly effective problem-solving
mechanism.

The Gestalt system’s design, underpinned by the
LangChain framework, enables GLLMs to form a
cohesive problem-solving unit that excels at handling
mathematical problems. The flexibility of LangChain
offers a future-proof design that allows for continuous
adaptation, while the integration of deterministic tools,
such as Wolfram Alpha and Python REPL, ensures
accuracy in problem-solving. The overall architecture
of Gestalt creates an innovative solution that not only
enhances the performance of GLLMs but also makes
strides toward a more transparent, secure, and ethical Al
system.

Gestalt’s potential, however, extends far beyond
mathematical problem-solving. As we have explored,
the system’s architecture holds significant implications
for fields as diverse as healthcare, education, and
cybersecurity. The combination of GLLMs’ creative
problem-solving abilities with the deterministic
capacities of external tools enables Gestalt to tackle
a broad spectrum of applications. Moreover, our
methodology amplifies the inherent transparency
and accountability of artificial neural network-based
systems, addressing the “’black box” problem that often
obscures Al decision-making processes. By generating
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auditable code, we allow for a deeper understanding of
the problem-solving paths chosen, contributing to an
Al system that aligns with principles of transparency,
security, and ethics.

This study illuminates the potential of integrated
systems like Gestalt to revolutionize how we approach
Al-driven problem-solving. While we have primarily
focused on mathematical problem-solving in this paper,
we believe that our findings can spur further exploration
into other deterministic problem-solving domains,
catalyzing advancements across various sectors and
disciplines. The future of Al-driven problem-solving is
bright, and we look forward to continued developments
that push the boundaries of what is possible.

Through Gestalt, we present a blueprint for a
generative Al problem-solving model that is not only
more reliable but also versatile and adaptable. This
represents a notable milestone in Al research, heralding
myriad possibilities for future advancements. In
essence, our research paves the way for GLLM-based
systems that are both capable and auditable.
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