S SATBAYEV
UNIVERSITY

Computing & Engineering
Volume 2 (2024), Issue 3, 1-6

https://doi.org/10.51301/ce.2024.i3.01

Self-correcting generative software for prompt processing

K. Urazov", A. Razaque, Zh. Kalpeyeva
Satbayev University, Almaty, Kazakhstan
*Corresponding author: kaisarkz347 @gmail.com

Abstract. Large language models have difficulty understanding the context, have discrepancies with the task at hand, and
quite often make mistakes. A person is forced to interfere quite often in Al work, which is ineffective for large and time- con-
suming tasks. This study suggests the following: Al teams and coordination of their work, which interact with each other to
achieve a set goal. In this study, this will be achieved by passing messages between Al through plain text. The implementation
includes using the API of a popular messenger to wrap the Al into a certain bot, which will be assigned certain roles. Each
such bot will be assigned its roles and requests, and they, guided by their role, request, and task, will jointly solve the task
assigned to the group. The expected results are a significant reduction in human intervention, increased automation, system

performance and reliability, and a wider range of applications.
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1. Introduction

Recently, large language models have shown outstanding
results. The transformer-based architecture makes it possible
to better process natural language and generate it [1]. But
despite this, it is still not enough to call them impeccable,
they may misunderstand the context, give information that
does not exist, mislead and miss details, and, most important-
ly, they cannot correct themselves. These shortcomings re-
quire human intervention to identify and correct them, which
is ineffective [2].

Dependence on humans generates the human factor,
which leads to unforeseen errors and slows down the overall
automation process. But what if such a system is used in
finance or healthcare? Even minimal errors are fundamental-
ly unacceptable there.

To solve such problems, a different approach is proposed:
teams of large language models working together [2,3]. Un-
like traditional methods, our approach involves the creation
of Al groups that collaborate on a task in real-time. In this
way, you can reduce the likelihood of errors by correcting
each other. This method is aimed at improving the reliability,
ac- curacy, and efficiency of artificial intelligence-based
problem- solving systems.

The proposed system uses the popular messenger applica-
tion as a communication platform where a human operator
can enter tasks and interact with the Al team. The server
infrastructure will handle APl messaging and manage the
execution of multiple LM instances, each assigned specific
roles and system requests. This setup simulates natural hu-
man communication, facilitating seamless interaction and
coordi- nation between artificial intelligence agents.

This article describes the limitations of modern Al mod-
els, reviews literature reviews on existing approaches, and
describes the architecture and implementation of the pro-
posed self-correcting Al system. Demonstrating the effec-
tiveness of multi-agent Al teams.

© 2024. K. Urazov, A. Razaque, Zh. Kalpeyeva
https://ce.journal.satbayev.university/. Published by Satbayev University

1.1. Problem statement

Despite the advancements of Language Models (LMs) in
understanding language and completing tasks, they still have
limitations: they can misunderstand context, give wrong in-
formation, leave out important details, and fix their mistakes
automatically. It takes a lot of work, time, and care to rely
only on people to fix these mistakes. This can lead to unex-
pected behavior. As Al systems take on more complex tasks,
relying on humans to manually fix errors is unreliable. This
dependence on humans increases the probability of errors. In
critical areas, such mistakes can lead to severe consequences.
There are limits to what a single Al can do, so building teams
of Al to fix their own mistakes could be a useful idea. These
teams would be made up of LMs that work together in real-
time to find and fix errors on their own. By letting Al sys-
tems talk to each other and work together, self-correcting Al
teams could improve Al-powered systems and make them
much better at doing tasks, for example, answering questions
with given patterns without lowering the details. This re-
search focuses on studying how self-correcting Al teams can
be used effectively in different situations where tasks need to
be solved.

1.2. Related works

This section discusses the features of the existing works.
A notable contribution to this field is the work of Saunders et
al., which presents a self-critical framework for large lan-
guage models [3]. Their method fine-tunes models to obtain
natural language criticisms using behavioral cloning, which
greatly helps evaluators identify weaknesses that might oth-
erwise be overlooked. These criticisms are effective at de-
tecting errors in both model-created and human-written
summaries, including intentionally misleading content.

Saunders et al. solve key problems related to understand-
ing the context and cooperation between humans and artifi-
cial intelligence, allowing models to repeatedly analyze and
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improve their results [3]. Larger models in their structure
have an increased ability to self-criticize and integrate feed-
back into their results, which allows for more accurate and
contextually relevant results. Their work demonstrates that
these opportunities for self-criticism not only improve the
quality of products but also reduce dependence on direct
human control, which makes it possible to expand the scope
of control for tasks that are difficult for a person to assess
directly. This understanding highlights the potential for fur-
ther improvement of self-assessment mechanisms in artificial
intelligence systems.

1.3. Literature review

LMs became more developed with transformer architec-
tures such as GPT [1] and BERT. These models use self-
attention techniques to better understand the context, allow-
ing for more fluent text generation. LMs expand Al’s ability
to process and communicate with humans through language-
based applications [4].

Language models (LMs) can mislead the guideline or not
follow the pattern, which leads to mistakes and incorrect
responses. This is because LMs could not recognize some
details, and they could not handle modifiers correctly [5].
Additionally, LMs lack knowledge about a specific topic to
generate accurate responses. Consequently, errors in the
early stages of processing can lead to even more serious
errors later, making it difficult for LMs to complete tasks
requiring accuracy. Current methods for correcting errors in
LMs often rely on humans to identify and fix errors, which is
unreliable [2,6].

OpenAl made a showcase of their new feature — running
Python code within their most advanced model [1]. This
makes the interaction between LLM and practical implemen-
tation possible with rich Python libraries. Using libraries like
NumPy, pandas, scikit-learn, TensorFlow, and PyTorch,
GPT-4 can execute tasks such as data analysis, machine
learning, web scraping, asking an API for information, and
automation. This integration increases Al capabilities, offer-
ing users a tool for executing computational tasks. It can be
used as an assistant in various laboratories [7].

Recent studies show that single LLM performance is
lower than multiple LLM agents working together in a team
[2,8,9,10,3].

1.4. Identified gaps and limitations of current approaches

Other approaches use one large language model, which,
as mentioned above, is unreliable. Again, a person is forced
to correct mistakes on their own and then direct a large lan-
guage model more precisely, not to mention that during the
generation of the answer, the Al may omit some details.

Another approach involves the use of several smaller lan-
guage models wrapped in one, but then again, using even a
language model as a whole can lead to unexpected conse-
quences. The main difference from the previous method is
that at the processing stage, the most qualified model is se-
lected inside this convolution, which will be able to process
the incoming information best.

1.5. Our plan and expected result

We plan to write software where LM can interact and co-
ordinate with each other by seeing messages from each other.
For proxy between a human operator and group chat, we
chose a popular messenger app, where the operator can call
and state the task for the Al team in messenger. Then, by

API, the input is transferred to Al. A group of Al processes
the input, generating the final output by coordinating with
each other and providing that output back to the messenger
via API. There will be a backend app that processes the API
messaging and running instances of LM. Each Al output is
represented as a member of the group chat in the messenger,
every message of LM will be reflected in the messenger’s
Ul. There will be a proxy in the team which accepts the input
and sends it to the group. Every LM has a role and system
prompt to which it will try to stick. Every LM is aware of the
existence of other Als and their roles. Then, one by one,
every Al talk to the group, and the proxy Al decides to
whom that output was addressed and sends it appropriately.
Al can also have other group chats to talk, and two separate
group chats cannot see messages from each other. Also,
every Al can have hard-coded functions to call if there is a
need, for example, loading information from an external API
so it will not invent its link.

Shortly, this architecture is much like the natural internet
communication of humans in messenger apps, with multiple
chats and going for links, etc. We expect decent results.

1.6. Proposed Solution

The proposed solution is a collaboration platform in
which several large language models (LLM) interact, ana-
lyze, and refine each other’s results to improve the accuracy
and efficiency of problem-solving. Key components of the
solution include task decomposition, automated self-
correction mechanisms, and a coordinated workflow.

Self-Correcting LLM Collaboration - a system S ={L1,
L2, ..., Ln} where Li represents an LLM instance, n is the
total number of models, and the output O is refined iterative-
ly through peer critique:

O = F(l, L1, L2, ..., Ly),

where | is provided by the human and F is the mapping
function that ensures correction through collaboration.

Corollary 1 The output Oi of a refinement loop converges
to an optimal solution O= after k iterations.

Proof Assume that the initial input has a quality 1 — EO
given that 0 < EO < 1. After each iteration i, the error coeffi-
cient is reduced by a correction factor a such that:

Ei+1 = oEi,0O<a<1
By iterating this process k times, the error approaches zero:
lim Ek =0

k— o0

There is a loop where one or several responsible LLMs
write code until the critic agent is not satisfied with the out-
put. Algorithm 1 illustrates the use of a collaborative mecha-
nism for the group.

Hypothesis 1 The accuracy of task-solving increases
when multiple LLMs collaborate through critique and self-
correction mechanisms compared to a single LLM.

Proof. Assumptions:

» Each LLM Li has an independent probability p of solv-
ing the task correctly.

« Errors produced by one LLM can be detected and cor-
rected by others through peer critique.

For a single LLM L1, the probability of an error is:

P(Ei1)=1-p
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In a collaboration setting with n LLMs working inde-
pendently and providing peer review, the probability that all
LLMs fail to detect an error is:

P(E) =1 —p)

Therefore, the probability that at least one LLM detects and
corrects the error is the complement:

Pcorrected = 1 — (1 — p)n

As n increases, Pcorrected approaches 1, proving that collab-
orative LLM frameworks improve response. This shows that
the accuracy gain is noticeable compared to a single LLM.

Proposed Architecture

The proposed system combines a collaboration platform into
a messaging platform that serves as an intermediary between the
human and the LLM group. Key components include:

* Input layer - messaging platform

* Processing layer -

—The input is passed to multiple LLM instances
{L1, Lo, ..., Ln}.

—LLMs critique and refine each other’s outputs
iteratively

* Output layer - The final corrected output O+ is returned
to the operator through the messaging platform.

Algorithm-1 titled «An algorithm of prompt processing
with four agents», begins by taking user input (I) and trans-
ferring it to the proxy agent (A,). Before this, a system
prompt (role) has been assigned to each of the agents (Aco,
Acr, Ap). Then input is passed to the group chat, and then,
according to their roles, agents choose a response queue.
Here planner (Ap) suggests a plan Apq for coder (Aco), it can
also suggest running user-defined functions for gathering
data from the internet or for other tasks. Then coder (Ac)
generates code and proxy Ap runs it, checking if code ran
successfully, but if code fails to run with success, coder (Aco)
generates code again according to the error output. Then
critic agent (Ac) evaluates output (Acd) Of the code and de-
cides (Acra). If the decision is positive, output (R) is generated
from the critic (Acr).

Algorithm 1 An algorithm of prompt processing with four
agents
Input: {1}

Proxy bot creates
"group chat” with

‘Texl is passed io bots
initial system prompt

Output: {R}
Initialization: {l: Input; A,: Proxy agent; Ac:
Coder agent; Acr : Critic agent; Ap: Planner agent;
Apia: Planner
agent’s data (plan); Acod: Coder agent’s data (code);
Acra: Critic agent’s data (review)}
Pass I to group chat
Set Apid € | = Apig
Acrd IS negative do
Do process Acod € I, Apld — Acod
if Acod runs with error then
Rewrite Acod

end if

Do process Acrd € Acod — Acrd
end while
SetR € Acd — R
if R is satisfactory then

R is completed
else R needs improvement

end if

2. Materials and methods

A survey will be conducted to evaluate the effectiveness
of the proposed self-correcting artificial intelligence system
and compare its performance with that of existing language
models (LMS). The survey will focus on evaluating answers
to a number of logical questions that require accurate under-
standing and context for correct answers. Human participants
will evaluate the generated responses based on certain crite-
ria. There will be a set of logic questions that will be passed
to the Al to evaluate the capabilities of every system. These
questions are specially selected to test the Al’s ability to
follow complicated instructions and provide answers. As
soon as the set of questions is finalized, the answers will be
obtained using separate modern LMS, such as GPT-3, GPT-
4, and other well-known models, as well as the proposed
multi-agent artificial intelligence system. A multi-agent arti-
ficial intelligence system based on collaboration and error
correction principles will handle the same set of issues as
individual LMS.

d it fail 5 times res

Planner outlines a
plan

Do plan satisfies’
input?

Do code ran
ithout errors?.

Rewrite the plan

W
Rewrite the code

Figure 1. Event Flow Diagram

a row? D{Snutuown infinite loop

Final output is
provided to user
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Then there will be a survey to evaluate the responses. A
group of participants will be recruited to provide a sample of
opinions. The survey will be conducted on an online plat-
form where participants will be presented with contextual
questions and answers from different systems. The evalua-
tion criteria will focus on the overall quality of responses.

The results will be presented in the form of tables and
graphical visualizations that represent the performance indi-
cators of various multi-agent artificial intelligence systems.
This approach will provide an objective analysis of the effec-
tiveness of the proposed system. The purpose of the study is
to demonstrate the potential advantages of a self-correcting
artificial intelligence system.

A. Evaluation of Different Language Models

To evaluate the effectiveness of various language models
(LMS) in solving various tasks, we conducted a series of
tests on several popular models and a multi-agent artificial
intelligence system proposed by us. The tasks were designed
to evaluate LMS capabilities in coding, creative writing, log-
ical thinking, and structured data creation. The results are
presented in the table below, where the success of each task
is indicated by a «+» sign in case of success, «-» in case of
failure, and «n/a» in case of lack of access. This study will
present ready-made test results from external sources for a
comprehensive performance analysis. Specifically, we will
utilize test results from the YouTube channel "Matthew Ber-
man’ [11], which is featured on the LM Leaderboard [12].
The channel provides a range of prompts that are used to
benchmark the performance of different LMs.

3. Results and discussion

Test Prompts

- Write a Python script to output numbers from 1 to 100.

- Write the game «snake» in Python.

- Write a poem about Al with exactly 50 words.

- Write an email to my boss letting them know | am leav-
ing the company.

- If we lay 5 shirts out in the sun and it takes 4 hours to
dry, how long would 20 shirts take to dry? Explain your
reasoning step by step.

- Jane is faster than Joe. Joe is faster than Sam. Is Sam
faster than Jane? Explain your reasoning step by step.

- There are three killers in a room. Someone enters the
room and kills one of them. Nobody leaves the room. How
many Kkillers are left in the room? Explain your reasoning
step by step.

- Create JSON for the following: There are 3 people, two
males. One is named Mark. Another is named Joe. And a
third person, who is a woman, is named Sam. The woman is
age 30 and the two men are both 19.

B. Analysis

1. LLaMA 2 13b fp16: Demonstrated consistent perfor-
mance in basic programming and creative tasks but struggled
with more complex coding and logical reasoning tasks.

2. Mixtral: Demonstrated robust capabilities across all
tested tasks, excelling particularly in logical reasoning and
structured data creation.

3. gptdo: Performed well in logical reasoning tasks but
was not tested on all creative and communication tasks.

4. LLaMA 3: Similar to LLaMA 2, it performed well in
ba- sic and some logical tasks but failed in formal communi-
cation tasks.

5. Gemini 1.5 Pro: Excelled in logical reasoning and
structured data tasks but was not tested in several creative
and communication tasks because of its clunkiness, and its
realization, but 1 million context windows is an outstanding
feature that capable of analyzing videos and enormous texts.

6. Multi-Agent Al: Multi-agent Al solution performed
de- cently across all tasks. By leveraging the strengths of
multiple LMs, the system was able to generate accurate,
detailed, and contextually appropriate responses consistently.
This demon- strates the effectiveness of the collaborative
approach in over- coming individual model limitations.

‘ Set Up Test Prompts ‘

Tesi Each Language Model

Run Prompts Agamst
Mulli-Agent Al

Conduct Survey to
LCvaluate Responses

Collect Survey Results

Compare Performance
of Each Model

Figure 2. Methodology for Evaluating Multi-Agent Al System
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Figure 3. Comparison of LLMs based on answer number
across prompts

This study presents a new method of collaborative prob-
lem-solving using coordinated multi-agent language models
(LLMs). Using the interaction between several LLMs, the
proposed system reduces the number of errors, improving
understanding of the context, and increasing the overall accu-
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racy of Al-based solutions. Unlike traditional approaches
based on a single model, this study highlights the benefits of
peer review and autonomous error correction, which mini-
mizes the need for human intervention.

The proposed system lays the foundation for future
achievements in the field of: developing joint frameworks for
multi-LLM collaboration, enabling task-specific specializa-
tion among LLMs, and automating error detection and cor-
rection in complex problem-solving scenarios.

Table 1. Ey results for each model

Prompt/Language  LLaMA  Mixtral gpt4do LLaMA Gemini Multi-

Model 2 13b 3 1.5 Pro Agent
fpl6 Al

Write a Python + + + + + +

script to output

numbers from 1 to

100

Write the game - + + + - +

«snake» in Python

Write a poem + + nla nla nla +

about Al with

exactly 50 words

Write an email to + + nfa - nfa +

my boss letting

them know | am

leaving the com-

pany

If we lay 5 shirts - + + + + +

out in the sun and

it takes 4 hours to

dry, how long

would 20 shirts

take to  dry?

Explain your

reasoning step by

step

Jane is faster than + + nfa + nfa +

Joe. Joe is faster

than Sam. Is Sam

faster than Jane?

Explain your

reasoning step by

step

There are three - + + + + +

killers in a room.

Someone  enters

the room and kills

one of them.

Nobody  leaves

the room. How

many Killers are

left in the room?

Explain your

reasoning step by

step

Create JSON for + + nfa + nfa +

the following:

There are 3 peo-

ple, two males.

One is named

Mark. Another is

named Joe. And a

third person, who

is a woman, is

named Sam. The

woman is age 30

and the two men

are both 19

In particular, the development of more autonomous sys-
tems is one of the directions of Al development within the

frame- work of this research. This work opens up opportuni-
ties for practical applications in various fields, from complex
decision-making systems to natural language processing via
minimizing human control and expanding Al methodologies.

4. Conclusions

Evaluating different language models (LMS) in compari-
son with a set of tasks demonstrates their advantages and
limitations of each of them. Among the tested models, Mix-
tral has demonstrated reliable capabilities for solving most
tasks, which indicates the effectiveness of its expert architec-
ture «several in one». However, this approach has inherent
limitations in terms of flexibility. The Mixtral architecture
requires the selection of one expert to process each result,
which limits parallel collaboration between experts. This
needs to be verified in future studies.

In contrast, our multi-agent artificial intelligence system,
which includes several films running simultaneously in real-
time, used all approaches based on a single model. The abil-
ity of the multi-agent system to simultaneously take ad-
vantage of the unique advantages of each film provides a
higher degree of freedom and productivity in solving a wide
range of tasks. This collaboration system can be configured
to perform a single repetitive task very well.

The effectiveness of the multi-agent approach to Al high-
lights its potential to overcome the limitations inherent in
individual models. By facilitating real-time interaction and
collaboration between different LMS, our system can dynam-
ically adapt to complex and diverse tasks, providing a more
reliable and flexible solution than processing data by a single
expert in Mixtral.

In general, a multi-agent approach to Al offers a better
solution. The simultaneous work of several experts in our
system provides higher accuracy and efficiency, which
makes it an alternative for real-world applications. This study
highlights the need for further development of multi-agent
systems that make it possible to use the potential of artificial
intelligence and its capabilities beyond existing limitations.
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Anparna. Ipi TiIIiK MoJenbAep KOHTEKCTI TOJIBIK TYCIHYe KUBIHIBIKTApFa Tar OOJIbII, TalChlpMaMeH ColKecCi3aiKTepre
JKOJ Oepesi JkoHe KU KaTesiecei. bysl afaMHBIH apanacyblH KaKET €Te[l, ajl O 63 Ke3eTiHAe KOJEeM/l KOHE YaKbITThl Kell
Tajan eTeTiH TalchlpMajiap YLIH TuiMmci3. Byn 3eprrey keneci menriMal ycelHauel: Oipiecin jKyMbIC ICTEHTIH jKacaHIbl
uaTeuiekT (JKM) areHTTepiHiH ToNTaphl apKBUIBI TarchIpMaiapAbl opbeiHAAy. byn omicte JKW arenrrepi Oip-OGipimMeH
KaparmaibsIM MOTIHIIK Xabapiiamanap apKbUIBI aKlapaT alMachll, OeNTUICHreH MaKcaTKa KeTy YIIiH YHIeciMai opeKeT eTeqi.
JKyzere aceipy OaprichiHAa TaHBIMan MecceHmkep API-i kommarbuansl, on apkeutsl JKI Oenrini Oip pemnepre me GorTap
petiHze xacanansl. Op 00TKa ©3iHe TOH PeJI MEH CYpaHBICTap JKYKTENIedl, JKOHe oJlap OCHl poJIIep MEeH TalchlpMalapra CyHeHe
OTBIPHINT, OpTaK MiHIETTI Oipirin mremeni. KyTineTiH HOTIKenep: aJZaMHBIH apanacyblH aWTapibIKTail azalTy, KyHeHi
ABTOMATTaHABIPY CHIeHiH apTTHIPY, OHIMIUTIK IIeH CEHIMITIKTI )KOFaphUIaTy, COHIai-aK KOJIaHy asChlH KCHEUTY.

Hezizzi co30ep:. ipi mindix moodenw, konacenmmix LLM vinmvimaxmacmuievl, KU neeizindeei scyiienep.
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AnHorauus. KpynHble s3bIKOBbIE MOJAENN CTAJKHUBAIOTCS C TPYAHOCTSAMU B MOHMMAHMHM KOHTEKCTAa, YACTO JOIYCKalOT
HECOOTBETCTBHS B BBITIOJTHEHUH 33/1a4 M COBEPIIAIOT OMHUOKH. ITO TpeOyeT 4acTOro BMEIIATEILCTBA YEIOBEKA, YTO Heddek-
THUBHO TIPY BBITIOJTHEHUN MACIITA0HBIX M PECYPCOEMKHX 3a/lad. B TaHHOM HCCIeIOBaHNM MPEAIaraeTcsl MoIX0/, OCHOBAHHBIH
Ha B3aumojeicTBrur koMaHa MU u koopauHanmuu ux paboThl sl JOCTHXKEHHS O0IIeH 1mefu. JTO JOCTUTASTCs IMTyTeM Tepesa-
qu coobmenuit Mmexxay MM B Buje 0ObIYHOTO TeKcTa. Peann3zanus BKodyaeT ucnosibzoBanne API nomymnsipHoro meccenmxepa,
KOTOPBIM MO3BOJHT IpeactaBuTsh MU B Bume OOTOB, HAJETCHHBIX OMPEICICHHBIMH pOysiMU. Kaaplii Takoi OOT mMOIyduT
CBOIO pOJIb U HabOp 3ampocoB, a, Cemysl CBOeMy Ha3HaYeHUIO M 3ajJadaM, OyJIeT COBMECTHO ¢ APYrUMH OOTaMH pemniath IMo-
CTaBIICHHYIO Iepe]] rPyIIoi 3anaqy. OxumaeMple pe3yabTaThl BKIIOYAIOT 3HAYUTEIFHOE CHI)KEHUE HEOOXOIUMOCTH BMeIIIa-
TEJIbCTBA YEJIOBEKA, MOBBIIIEHNE YPOBHS aBTOMATHU3ALMH, YIy4IIEHUE IPOU3BOAUTEILHOCTH U HAJEKHOCTH CUCTEMBI, 8 TAKXKE
pacuupenue chep IpUMEHEHUS.

Knrouesvie cnosa: kpynuvie A361K08ble MOOeIU, MHO20A2eHMHOoe 83aumodeticmaue LLM, cucmemol na ocrnoge UU.
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