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Abstract— Although a controversial solution for daily use,
the large language models (LLM) appeared near the users as an
incredible solution that demonstrates the usefulness of artificial
intelligence in recurring tasks. While current LLM solutions are
based on direct queries from the users, the use of multi-agent
systems supported by LLMs could be a major evaluation in
distributed solutions. The few solutions that support multi-agent
systems for LLMs, such as ChatDev and AutoGen, were
developed based solely on ChatGPT LLM. This paper explores
the feasibility of changing the LLM used in a configuration of
two agents developed in AutoGen. The results show that the
GPT models provided by OpenAl are still the best performers,
however, other models can be chosen to reduce costs and still
have good results.
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[. INTRODUCTION

The idea of intelligent agents and multi-agent systems
(MAS) has been researched for several years. Their unique
ability to simulate human behaviors helped to solve many
complex problems. For example, in the energy domain, MAS
are used in smart grids [1], auction markets [2], energy
communities [3], and intelligent energy management systems
in real buildings [4]. However, the reasoning capacity of
agents was always limited by the technology of the time, both
in terms of hardware and algorithms. Only more recently has
the reasoning of these agents greatly improved thanks to
machine learning (ML), namely deep learning models.

At the end of 2022, OpenAl published an artificial
intelligence (Al) bot called ChatGPT [5] based on the third
version of Generative Pre-trained Transformer (GPT-3) [6].
As revolutionary as it was, ChatGPT rapidly impacted the
world and how people viewed and used Al and the internet.
After this breakthrough, other companies launched their large
language models (LLM), such as Google with Bard [7] and
Microsoft with Copilot [8].

Following these developments, researchers in the MAS
field started to wonder what endeavors several agents
equipped with LLMs could do. By using agents with natural
language capacities, they could work together as a team to
create more accurate and full-fledged solutions, not only for
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text-based problems but, eventually, for code problems as well
[9]. An example of this is ChatDev [10] which is a MAS
framework based on LLMs that replicate a real software
development company, where the employees are agents. The
agents are organized by several departments, as normal
companies, such as the product management, coding, testing,
and documentation departments. Another approach to this is
AutoGen [11], by Microsoft. AutoGen's focus is not only to
produce software but to solve several complex tasks like math
problems. The user can configure how many and which type
of agents she/he wants. Both ChatDev and AutoGen use
ChatGPT to empower the agent’s communication and
reasoning skills.

The main motivation of this paper is to compare AutoGen
agents’ performance using different LLMs. The models being
used are the GPT-3.5-turbo, GPT-4, Llama 2 [12], Mistral
[13], and Zephyr [14]. The case study (CS) is composed of a
unique, but complex, ML problem where different
configurations of agents will try to solve it. Further, the speed
and quality of each configuration are analyzed.

The paper is divided into four sections: the Introduction,
where the motivation and related works are described, the
Methodology, where the approach used to validate the agents
is described, the Experimentation, where the results of the
experimentation are discussed, and finally the Conclusions
describe the main conclusions of this work.

II. METHODOLOGY

AutoGen was used to define and implement the agents of
the CS and text-gen-webui as an application programming
interface (API) that hosted the LLMs used by the agents. Two
servers were used to host the LLMs in addition to a computer
that hosted AutoGen agents. The MAS used in this paper was
composed of two agents, the product manager (PM) and the
coder. The former is responsible for creating a solution plan
for the user prompt, the latter developed the code to solve it.
The LLMs used were GPT-3.5-turbo and GPT-4, from
OpenAl, Llama 2 13B from Meta Al, Mistral 7B from
MistralAl, and Zephyr 7B from Hugging Face. For the
experiment, different LLM variations of the coder and PM
roles were tested, which resulted in 25 combinations.



To test the LLM combinations, the agents were prompted
to create a Python script that uses an ML model to forecast the
energy consumption of a building. The dataset’s data was
gathered from a building [15] in the form of a comma-
separated values (CSV) file with three columns: the datetime,
the total consumption for that period, and the mean
temperature of each period. The CSV file is given to the model
manually. The performance of each MAS was evaluated by
comparing the results of the trained ML models. The prompt
was the following: “If I wanted to forecast the energy
consumption of my home, what is the best machine learning
algorithm to use and why? How could I implement it if I had
a csv file named: energy consumption.csv with three columns,
the first is datetime, the second "total" is the total consumption
and the third "temp _x10" is temperature multiplied by 10?
What measure/metric/function should I choose and how
should I use it to validate the model performance?”

III. EXPERIMENTATION

Of all the 25 possible configurations, only eight provided
a good solution to the problem, as shown in Table 1. The script
of each configuration was run at least two times to guarantee
consistency. The first two columns correspond to the LLMs
used for the coder and the PM. Despite not mentioning any
specific metric to be used, every agent configuration that
provided working solutions automatically used at least the
root mean square error (RMSE) to evaluate the model trained.
Because of this, a test dataset, unknown to the agents,
representing a week of consumption at 15-minute intervals
was used to generate test predictions which were then used to
calculate RMSE manually for comparison. The runtime is the
time from the request input until the replied answer was given,
in some cases, such as the first line of the table, the agents
executed the model that they created during running,
increasing the runtime above normal.

TABLE I. RESULTS FROM THE DIFFERENT AUTOGEN

CONFIGURATIONS.
Coder Product RMSE Runtime Model
Manager (Watts)
GPT-4 GPT-3.5 64.864 ~24 hours ARIMA
GPT-3.5 GPT-3.5 256.264 205,8 s LR
Mistral GPT-4 256.240 286,7 s LR
GPT-4 Zephyr 312.501 300 s ARIMA
GPT-3.5 GPT-4 312.501 128,2s ARIMA
GPT-3.5 Zephyr 312.501 132,3s ARIMA
Llama 13B GPT-3.5 501.498 633 s LSTM
GPT-4 GPT-4 913.470 160,4 s RFR

Overall, it is shown that the GPT models can achieve, most
of the time, the best results considering their individual
performance. However, the authors think that because
AutoGen was specifically developed for the GPT models, the
role configuration can be better tailored and adjusted
depending on the model being used. Despite the GPT-4
(coder) and GPT-3.5 (PM) configuration achieving the best
results, two comments must be made, (i) the time spent to
achieve the result was almost one day, and (ii) after verifying
the code outputs from their solution it is very possible that the
model was overfitting. In this experiment, only configurations
with at least one GPT-based LLM, in any role, produced
working solutions. However, costs can be reduced by
switching one of the agents to an open-source model.

Several of the remaining configurations could not even come
up with a runnable solution, only GPT-4 (coder) + Mistral
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(PM) could, however, the agent chose to normalize the data
and did not reverse it at the end, and for that reason is not
considered as a feasible solution in Table 1.

IV. CONCLUSIONS

This paper tests the AutoGen framework against different
large language models and compares their performance. The
GPT 3.5, GPT 4. Llama 2, Mistral and Zephyr models were
used. The configuration consisted of two agents, the product
manager and the coder. The results show that GPT models are
still the best fit for AutoGen, however, it is possible to
substitute one agent model to reduce costs and still have good
reasonable results. For future research, the role description of
the agents could be explored to be better tailored to the
specific model being used.
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