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Institute of Information Technology

Lodz University of Technology
Lodz, Poland

aneta.poniszewska-maranda@p.lodz.pl

2nd Maciej Kopa
Institute of Information Technology

Lodz University of Technology
Lodz, Poland

maciej.kopaa@gmail.com
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Abstract—In the era of dynamic technological development and
growing needs for data processing and analysis, the architecture
of multi-agent systems is gaining importance. These systems,
combined with Large Language Models (LLMs), offer an in-
novative approach to the information retrieval process that can
enhance the efficiency, speed, and reliability of fact-finding and
question-answering. This paper proposes the use of a designed
multi-agent system architecture that uses autonomous agents and
LLM models to efficiently acquire and process large amounts of
data. It is shown how the integration of these technologies allows
for more effective and precise information acquisition, which can
lead to innovative solutions in both business and science. The
effectiveness of solution were evaluated using specific metrics
and testing.

Index Terms—Multi-agent system, autonomous agents, infor-
mation retrieval, LLM models, natural language processing,
question answering.

I. INTRODUCTION

Large Language Models (LLMs) and autonomous agents
are rapidly evolving technologies with the potential to rev-
olutionize a variety of industries. The advanced capabilities
of LLMs allow them to understand and generate human-
like text, making them invaluable for tasks such as content
creation, decision-making, and data analysis. The ability of
LLMs and autonomous agents to perform complex tasks, fa-
cilitate communication, and automate decision-making without
human intervention is one of their key strengths. This ability
to function without constant human supervision can lead to
increased efficiency and innovation in a variety of sectors.
However, while LLMs and autonomous agents offer significant
advances in automation and intelligence, the complexity of
developing and integrating these systems poses a challenge
for developers seeking to fully leverage their capabilities.

Large Language Models and autonomous agents pose a
number of challenges, particularly in the areas of knowl-
edge management and the reliability of the information they
provide. Developing and implementing these technologies
requires developers to have a deep understanding of natural
language processing, machine learning algorithms, and data
management. LLMs often struggle to provide consistently ac-

curate and reliable information, as they can generate plausible-
sounding but incorrect or misleading answers. This problem
is compounded by the fact that LLMs may not have access
to up-to-date information in real time, leading to outdated or
contextually inappropriate results. Furthermore, managing and
preprocessing the massive amounts of data required to train
LLMs is a complex task that requires significant expertise
and resources. Consequently, overcoming these challenges is
crucial to ensuring that large language models and autonomous
agents can be effectively used in applications where accuracy
and reliability are paramount.

The paper presents the analysis of possibilities of using the
selected large language models in autonomous agent systems,
focused on the implementation of information retrieval tasks.
Our study focused on a detailed evaluation of selected LLM
models and a critical review of existing solutions in this field.

Based on this analysis, the optimal methods used for system
design and implementation were selected. The key element
was the design and implementation of autonomous agents
system capable of effective information retrieval in an environ-
ment with many available tools. Moreover, the comprehensive
analysis of possibilities of optimizing the proposed solution,
aimed at increasing its efficiency and effectiveness in the
implementation of the set tasks.

II. MULTI-AGENT SYSTEMS AND LLMS

An autonomous agent is a computational system or com-
puter program located in a specific environment, capable of
making decisions and performing actions independently to
achieve its goals, without direct human intervention or control
[1]. Autonomous agents have the ability to act autonomously,
purposefully, and adaptively in complex and dynamic environ-
ments, using techniques such as machine learning, decision-
making algorithms, and knowledge representation to process,
reason, and respond to situations autonomously. They can
range from simple rule-based systems to highly advanced AI
models capable of learning, adapting, and exhibiting intelligent
behavior similar to humans or animals [1]. Agents are often
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deployed in environments where they must interact with other
software to effectively perform their tasks.

Autonomous agents are characterized by several key fea-
tures that enable their independent action, intelligent behavior,
and interaction in their environment: autonomy, reactivity,
proactivity, social capabilities, learning and adaptation, mobil-
ity [2]–[4]. These characteristics allow autonomous agents to
act autonomously, respond to change, pursue goals proactively,
interact with other entities, learn and adapt, and potentially
navigate their environment, making them versatile and able to
cope with complex tasks and scenarios.

Autonomous agents can be classified into different types
depending on their architecture, decision-making processes,
and capabilities – several common types of autonomous agents
[2], [5], [6]: reactive agents, deliberative agents, hybrid agents,
learning agents, mobile agents.

Multi-agent systems (MAS): Composed of multiple au-
tonomous agents, these systems involve agents in interactions,
collaboration, and coordination to achieve common goals or
solve complex problems [2], [3]. Autonomous agent systems
have revolutionized the landscape of modern technology,
presenting extraordinary opportunities in many applications.
These intelligent systems are achieving significant advances
in various fields, from improving information acquisition
and data management, through improving healthcare and
telemedicine, optimizing e-commerce and decision support
systems, to the development of robotics and autonomous
systems.

On the other hand, the development and implementation of
autonomous agents poses a number of technical challenges
that need to be addressed. These challenges cover various as-
pects, including agent architecture, decision-making processes,
interactions, and consideration of real-world deployment con-
ditions.

Large language models are advanced AI systems that use
deep learning techniques to process and generate human-
like text. They are trained on massive amounts of text data,
enabling them to understand and produce natural language
with remarkable fluency and consistency [8]. LLMs are neural
networks specifically designed to handle sequential data such
as text, but there are also architectures capable of transforming
text to image or text to audio and vice versa. They use a
transformer architecture that uses self-attention mechanisms
to capture long-range dependencies within input sequences.
By learning from massive text corpora, LLMs develop a deep
understanding of language patterns, semantics, and context [9].
These models can perform a wide range of natural language
processing tasks, including text generation, translation, sum-
marization, question answering, and many others. Their ability
to understand and generate human-like text has revolutionized
fields ranging from writing to customer service and content
creation [8]–[10].

Large language models have revolutionized the field of arti-
ficial intelligence, demonstrating extraordinary capabilities in
thousands of applications. From powering advanced chatbots
and virtual assistants to streamlining content creation and

automating customer service, LLMs are proving invaluable
tools across industries. Their applications span healthcare,
finance, education, and advanced research, where they are used
to analyze complex data sets, generate insightful reports, and
deliver personalized user experiences.

III. RELATED WORKS

Large language models are increasingly being used in
the fields of scientific research and data analysis, offering
promising applications and tools to assist researchers and
analysts. LLMs can be used to efficiently search and summa-
rize relevant scientific literature, helping researchers conduct
comprehensive literature reviews and identify key findings and
insights much faster [11]. Having an assistant with extensive
knowledge can greatly increase the efficiency of researchers’
work and increase their productivity. LLMs can also support
the generation of research questions, hypotheses, and experi-
ments from existing literature or data, facilitating the creation
and exploration of new research directions [11]. In addition,
LLMs can be tuned to interpret and analyze complex data sets,
identifying patterns, trends, and insights that may be difficult
for humans to spot [12].

In the field of information retrieval systems, a number of
innovative approaches have been proposed, combining both
conventional methods and recent developments in large lan-
guage models. LLM models have relatively recently reached
a level of effectiveness that allows their effective use in a
variety of tasks, including advanced information retrieval.

Paper [7] presents an innovative concept of Professional
Agents (PAgents). The idea is to use the potential of large
language models to create autonomous agents equipped with
specialized, interactive and professional competences. Work
[13] presents a comprehensive review of various methods
of using large language models in the field of information
retrieval. The authors present a number of innovative concepts
that significantly extend the capabilities of traditional search
systems.

GPT Researcher appears as a breakthrough tool in the
field of artificial intelligence, offering an advanced solution
for autonomous research and information gathering [14]. The
concept of an AI-driven research assistant is at the core of
GPT Researcher, whose main goal is to optimize the processes
of gathering, analyzing and synthesizing information from
various sources. Authors of [15] present the development of
BabyAGI, an autonomous task-driven agent. A prototype of
the system was created to autonomously perform tasks for
him, generate subsequent ones and set their priorities, using
a simple but effective architecture. The work [16] presents
a novel approach to improving the performance of linguistic
agents by integrating with verbal reinforcement learning. The
proposed solution enables the agent to analyze its previous
decisions, learning from successes and failures, which leads
to improved problem-solving abilities.

Using LLM models as a core component of agents for
information retrieval tasks represents a significant advance
in the field of data retrieval. The main challenges include:
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zero-shot transfer to new tasks, limitations in open-ended rea-
soning, modeling social and interactive behavior, autonomous
problem-solving abilities, and ensuring factual accuracy, espe-
cially in the face of increasing task complexity.

IV. INFORMATION RETRIEVAL USING MULTI-AGENT
SYSTEMS AND LLMS

This section presents a case study on the use of autonomous
agents powered by large language models to optimize complex
research processes.

The development of the proposed system was primarily
motivated by the lack of a reliable, open and cost-effective
solution for comprehensive information retrieval. In response
to this gap, an attempt was made to create an innovative
platform that combines innovative features, distinguishing it
from other currently existing multi-agent systems.

The proposed method was designed to excel in fast in-
formation retrieval and synthesis in a wide range of topics,
from daily news to in-depth academic research. Its basic func-
tion is based on an advanced process that includes question
understanding, planning, finding helpful facts and detailed
information analysis, report generation and rigorous quality
control at each stage of the process aimed at finding an answer
to the user’s question. The overarching goal of this system
is to provide highly reliable and trustworthy information,
establishing a new approach in automated research processes.

The architecture of the proposed solution is conceptually
organized into four main modules, each representing a separate
phase in the information retrieval and synthesis process. The
modules can be presented as specialized teams of agents within
a larger, coherent system (Fig. 1):

1) User interface and data preparation: responsible for
communication with the user and understanding the
problem, effectively translating the user’s queries into
feasible research directives.

2) Research module: component dedicated to comprehen-
sive information collection and preliminary analysis of
relevant data sources.

3) Writing module: component focused on synthesizing the
collected information into coherent and well-structured
reports.

4) Quality assurance module: component responsible for
ensuring the accuracy, relevance, and overall quality
of the generated responses through multiple validation
processes.

The system is designed to provide comprehensive and au-
thoritative answers to user queries, while rigorously adhering
to citation guidelines. The entire response process is presented
in figure 2. The process begins with a thorough analysis of
the user’s query to ensure a complete understanding of the
user’s intent. This initial step is particularly important for
overly general questions that require refinement to achieve
optimal question precision. For example, a general question
such as ”What are the effects of climate change?” can be
refined to ”What are the effects of climate change on coastal
ecosystems in the Mediterranean over the past decade?”. After

Fig. 1. Agent modules cooperating within a multi-agent system and their
inter-team communication.

an initial task understanding phase, the system generates a
series of targeted search queries. These queries are designed
to explore a variety of online resources, including academic
databases, recent press releases, and trustworthy websites. This
comprehensive search strategy ensures that a broad spectrum
of information is collected, covering both academic research
and breaking news.

Then, another agent analyzes and evaluates the relevance
and credibility of the collected information. If the collected
data does not meet predefined quality standards, the system
initiates a recursive research process to obtain more relevant
information. On the other hand, if the collected data is deemed
good enough and reliable, it is forwarded to specialized
agents responsible for writing reports and managing sources.
These agents synthesize the information into a coherent and
structured response that directly addresses the user’s query.

The generated response then undergoes a rigorous verifi-
cation process. This complex verification includes checking
the accuracy of sources, detecting potential hallucinations or
unsupported claims, and assessing the overall relevance and
usefulness of the response with respect to the original question.
Only after these verification procedures have been successfully
completed is the final response presented to the user via an
intuitive and user-friendly interface. This designed process
ensures the delivery of high-quality, well-documented and
directly related to the user’s query responses, maintaining the
system’s commitment to the accuracy and credibility of the
information disseminated.

Figure 2 presents the complete process of the proposed
multi-agent solution with a detailed description of each agent,
its responsibilities, and the communication process between
agents. Each of the listed agents plays only a specific role
within the system, contributing to its overall functioning and
efficiency.

The User Assistant serves as a key interface between
the user and the system, performing a number of important
functions. Its primary task is to evaluate the specificity and
clarity of the user’s initial query. In situations where the query
does not demonstrate sufficient precision to generate a com-
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Fig. 2. Workflow schema of LLM-based agent system.

prehensive answer, the agent initiates and maintains a dialogue
with the user. This process includes requests for clarification
and, where appropriate, proposals for potential improvements
to the original query. This recursive interaction continues until
the agent determines that the query has been fully clarified
and is adequate for further processing. It should be noted that
this procedure is usually not necessary for simple queries.
However, for complex or imprecise tasks, this preliminary
step significantly increases the reliability and efficiency of the
system. By providing a comprehensive understanding of the
user’s intentions, the agent minimizes the risk of inefficient
use of computational resources on potentially irrelevant or
unhelpful answers. Once a satisfactory level of query clarity is
achieved, the assistant initiates cooperation with the Translator
agent and hands over the task to it (Fig. 3).

Fig. 3. Context diagram showing the User Assistant agent working.

The Context Translator plays a key role in the information
retrieval process, serving as a bridge between the user’s query

and the query-structured topics related to the user’s intentions.
This specialized agent has a single, but extremely important
task: to analyze the history of interactions between the user
and the User Assistant, and then generate a set of precisely
defined research topics, or search queries. The query transla-
tion process is fundamental to the efficiency of the system, as
it transforms potentially ambiguous or colloquial user queries
into precise, machine-readable queries. The Context Translator
ensures that the next phase of the process is both precisely
focused on the topic imposed by the user and comprehensive in
this respect. The generated topics are encoded in the standard
JSON format, which optimizes their use by the next agent
— the Researcher. Using JSON as the output format is a
strategic choice, facilitating smooth transfer and interpretation
of data between agents. This standardization not only increases
interoperability between different components of the system,
but also enables efficient parsing and prioritization of research
topics by the Researcher agent to which it transfers control.

Fig. 4. Context diagram showing the Context Translator agent working.

The Researcher occupies a central and key place in the
system’s process architecture, responsible for conducting com-
prehensive and detailed information retrieval. It operates on
the basis of a structured input consisting of a list of queries,
implementing a multi-faceted research strategy. Before starting
work, the Researcher retrieves topics for research from the
system state. The research method used by the Researcher is
based on the use of advanced search tools, such as the Tavily
and Exa search engines. These services are used together
to maximize the diversity and comprehensiveness of results,
because each of the search engines uses different search
algorithms and, consequently, different data sources. In cases
requiring more detailed analysis of web content, the FireCrawl
tool is also used to obtain more comprehensive and in-depth
information. The information acquisition process is divided
into 2 phases and optional 3rd phase:

1) At first, the Researcher uses input queries for both tools,
Tavily and Exa, downloading the best k results from
each. The use of multiple search services is intended to
obtain a wider spectrum of information.

2) After the initial search phase, the Researcher synthesizes
and summarizes the collected results, preparing them for
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delivery to the next agent in the workflow—the Content
Reviewer.

3) If the summarized results are deemed insufficient, the
Researcher initiates a more detailed analysis. This
deeper analysis phase involves using the URLs identified
in the previous steps, in conjunction with a web parser,
to extract and analyze entire web pages or scholarly
articles.

Escalation to more in-depth content analysis is typically
triggered by queries of significant complexity or those re-
quiring more nuanced understanding. This phase represents a
strategic deepening of the research process, allowing for more
in-depth exploration of complex topics and providing a more
robust and comprehensive response to challenging queries.
Through this multi-level, adaptive approach to information
collection and analysis, the Researcher plays a key role in
ensuring the accuracy and diversity of the knowledge base,
significantly improving the quality and reliability of the final
output delivered to the user.

The Content Verifier plays a key decision-making role in
the system’s workflow, acting as an evaluation filter for the
retrieved information. The primary responsibility of this agent
is to evaluate the relevance and usefulness of documents
collected by the Researcher, comparing them to the original
user query to determine their usefulness and value. This
ensures that only the most relevant information is passed on
through the system. A key aspect of the Content Verifier’s
functionality is its role in optimizing the flow of information.
By systematically identifying and excluding documents that do
not meet established relevance standards, the Content Verifier
efficiently optimizes the information corpus. This process is
essential for streamlining subsequent stages of the workflow,
ensuring that subsequent agents operate on a filtered and
highly relevant dataset. Furthermore, the role of the Content
Verifier goes beyond just filtering—it actively shapes the
knowledge base for further processing. By removing irrelevant
or outlier documents from the system’s process state and
sequencing these documents, the agent not only increases the
efficiency of LLM models, but also minimizes the risk of
introducing noise into the final output. Reducing the document
set is essential to maintaining the LLMs focus on the most
important information and the integrity of the entire process.

Reranking documents is essential to minimizing the im-
pact of the lost in the middle phenomenon. In essence, the
Content Checker acts as a gatekeeper, ensuring that only
the most relevant and valuable information is retained for
further processing. This critical evaluation step significantly
contributes to the overall quality and accuracy of the system
output, closely aligning with the user’s information needs and
expectations.

During the information generation process, two closely
cooperating agents play a key role: the Report Author and
the Source Manager.

The Report Author serves as the main information synthe-
sizer, responsible for creating an accurate and comprehensive
answer to the user’s query. The Source Manager, working

in synergy with the Report Author, plays a specialist role
in the process of verifying and formatting citations. Their
functions, although distinct, are complementary and essential
in the process of generating the final answer for the user.

The Report Author acts as the main information synthesizer,
responsible for creating an accurate and comprehensive answer
to the user’s query. He operates on the basis of selected
summaries and analysis results provided by other components
of the system. The primary task of the Report Author is to
construct a coherent, substantive and precise answer, based
solely on the context provided, while rigorously adhering to
the principle of information fidelity. This approach ensures
that the generated answer is solidly grounded in the source
materials, minimizing the risk of introducing unsupported or
false information.

An important aspect of the Report Author’s work is plac-
ing references to sources. In order to increase the accuracy
and consistency of these citations, the Report Author works
closely with the Source Manager. This cooperation is aimed at
ensuring the integrity of the answer with previously prepared
documents and the possibility of verifying the information
presented in the final report. The Source Manager, working
in synergy with the Report Author, performs a specialized
function in the process of citation verification and formatting.
It effectively complements the Report Author’s competences
by using the advanced capabilities of large language models.
It should be noted, however, that this approach is not without
its drawbacks – it can lead to increased system latency and
increased consumption of computational resources, expressed
in the number of tokens processed.

The Format Validator plays a key role in the quality
assurance process of the system, acting as the first of three
specialized agents whose goal is to guarantee a high standard
of the generated response. Despite some analogies with the
Source Manager in terms of verifying the availability of source
data, the Format Validator function is much more complex
and decision-making in nature. Its role goes beyond simply
confirming the presence of sources to include comprehensive
evaluation and validation of the structure and format of the
presented data. The main function of this agent goes beyond
simply checking the format of sources in the generated re-
sponse – it is tasked with making the crucial determination
whether the generated content meets the required standards
to proceed further in the workflow or whether additional
corrections are required. In the event that the generated content
does not meet the established criteria, the Format Validator
provides detailed feedback explaining the specific reasons
for rejecting the generated content. This information serves
as a valuable guide for the Report Author, indicating the
direction and scope of subsequent iterations. The precision
of the feedback is crucial to streamlining the revision process,
enabling targeted improvements that address specific issues
with missing sources, formatting, or structure. In turn, when
the generated content meets the Format Validator criteria, the
agent updates the system state with a decision to proceed.
A positive evaluation indicates that the generated content has
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passed the initial quality checkpoint and is ready for further
evaluation by subsequent quality assurance agents.

The Hallucination Validator serves as another quality con-
trol mechanism in the multi-agent system workflow, aimed
at ensuring the highest level of content integrity and factual
accuracy. This agent performs detailed cross-checking between
the generated text and its cited sources and checks the content
for instances of false or unsubstantiated information.

The Response Verifier is the last quality check point in the
proposed system workflow, placed immediately before the gen-
erated response is presented to user. The primary function of
this agent goes beyond the format and factual accuracy checks
performed by earlier validators – its job is to ensure that the
response generated directly and comprehensively addresses the
user’s original query or the conversation summary established
at the very beginning of the process.

In the process of selecting appropriate large language mod-
els for the proposed system, a comprehensive evaluation of
available models based on several key criteria was carried out.
The analysis of benchmark results, such as LLMU, GPQA,
DROP, MGSM, MATH, HumanEval, MMMU, revealed that
individual LLM models show different levels of proficiency in
different types of tasks. This required a thorough process of
validation of the effectiveness of individual LLMs in order to
identify the models most suitable for the specific requirements
of the proposed solution.

The main criteria for selecting LLM models included: open-
source availability: to ensure transparency and adaptability of
the system, hardware compatibility (models must run on 32
GB of RAM, balancing performance with resource efficiency),
JSON mode support: essential to maintain consistent output
formats and prevent errors during agent-specific tasks, cost,
efficiency, and speed: prioritizing models that offer optimal
performance within reasonable computational and financial
constraints.

These criteria led us to focus on a specific subset of models,
deliberately excluding some popular options. Although models
from OpenAI, Anthropic (Claude), and Google are known for
their accuracy, conveniently exposed via API, their proprietary
nature, high cost, or lack of robust JSON mode support made
them inappropriate for the proposed agent system. The fol-
lowing models were selected for detailed evaluation: Llama2,
Llama3, Gemma2.

The module responsible for information retrieval uses sev-
eral powerful tools to enhance the capabilities of selected
language models. Key to the information gathering process
are two advanced search engines: Exa and Tavily, and the
FireCrawl web page parsing tool. Exa enables agents to per-
form comprehensive web searches, providing access to a huge
amount of up-to-date information. Tavily offers an alternative
search method, optimized for large language models and
autonomous agents. FireCrawl is key to in-depth analysis of
specific web content, searching specific URLs and converting
the content to pure markdown. The synergistic combination of
these tools provides selected language models with access to
comprehensive, diverse and well-structured knowledge.

In order to maintain the high level and reliability of selected
LLM models, the LangSmith tool was used in the project as
the main debugging tool. This platform allows monitoring,
testing and improving the application of the language model
in agents. LangSmith’s ability to track, log, and analyze model
results is key to identifying and resolving issues with LLMs,
optimizing performance, and ensuring agent reliability across
tasks and scenarios.

To seamlessly integrate different components and create
a coherent system, the proposed system relies heavily on
two popular libraries: LangChain and LangGraph. LangChain
serves as a foundation, connecting different language models,
tools, and data sources into a unified workflow. LangGraph
is used to design and manage agent workflows, allowing
the creation, modification, and optimization of processes that
drive their actions. Both libraries integrate seamlessly with
LangSmith, further simplifying the development process.

V. EVALUATION OF THE MULTI-AGENT SYSTEM AND
ANALYSIS OF RESULTS

In order to evaluate the performance of created autonomous
agents system powered by large language models, an evalu-
ation method was developed and tests were carried out on
the system in order to optimize complex research processes.
The comprehensive evaluation process was developed using
a specially designed dataset. The dataset consists of 128
questions and their corresponding answers, divided into three
subjective difficulty levels: easy, medium, and hard. The
difficulty classification is based on the expected complexity of
the information retrieval process required to accurately answer
each question, as determined by the dataset authors.

The questions cover a variety of domains, including gen-
eral knowledge, academic papers, complex definitions, current
events, and time-sensitive information (e.g., daily sunset times
or restaurant opening hours). Sample questions are presented
din figure 5. Additionally, the dataset includes queries about
future events and intentionally false or paradoxical questions
to assess the system’s ability to detect and cope with user-
provided misinformation or logical inconsistencies.

Fig. 5. Sample items in prepared set of test questions.
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Given the emphasis on evaluating small, open-source mod-
els such as Llama2 (6.74 billion parameters), Llama3 (8.03
billion parameters), and Gemma2 (9.24 billion parameters), a
special testing methodology was developed—each model runs
a specially prepared set of 128 questions 5 times, which allows
for accurate consistency assessment and eliminates uncertain-
ties arising from causes other than models themselves.

To ensure an objective and comprehensive evaluation, three
advanced large-scale language models – GPT-4o, Gemini
1.5 Pro, and Claude 3.5 Sonnet – were used as validators
and evaluators. These models were carefully configured with
specific evaluation guidelines and examples to standardize the
evaluation process. The scores of all three models are averaged
to obtain a final score for each response.

The evaluation method based on a multi-model, multi-
iteration approach to evaluating responses generated by a
multi-agent system provides an autonomous method for evalu-
ating the performance of smaller, open-source language mod-
els. By leveraging the capabilities of more advanced models
in the evaluation process, we aim to provide a detailed and
comprehensive analysis of the performance of the developed
system across different query types and difficulty levels in an
automated manner.

The results show that Gemma2 performs best in the source
attribution and hallucination detection categories, indicating its
factual consistency, but requires significantly more processing
time than Llama2 and slightly more than Llama3. In general,
when sufficiently precise data is provided—that is, when the
question is complete, does not require guesswork, and the
knowledge it refers to is widely available on the Internet—all
models generate satisfactory and helpful answers according to
the evaluative models. The models tested also perform well
in handling questions containing false information, typically
informing the user that the statement requires personal con-
firmation because it is false according to available knowledge
(Table I).

TABLE I
PERFORMANCE COMPARISON OF TESTED MODELS IN 3 CATEGORIES

Model/Category Response Source Factual
Adequacy Attribution Consistency

LLAMA2:7B 34.78% 48.43% 75.46%
LLAMA3:8B 46.10% 73.28% 81.10%
GEMMA2:9B 60.97% 89.96% 85.16%

Gemma2 outperforms other models in all three evaluation
categories: response adequacy, source attribution, and factual
consistency. Response adequacy assesses how helpful the
response generated by the multi-agent system is to the user,
comparing it with a model response prepared by a human.
Source attribution checks whether each piece of information
in the response is properly annotated with a source, and
also assesses whether the format of these references is in
accordance with guidelines, i.e. the numbering and list of
sources are at the end of the response. Factual consistency, on
the other hand, concerns verification whether the response does

not contain hallucinations, false information, or information
that is not found in the sources provided.

On average, Gemma2 uses about 5500 tokens for the
full response generation process, Llama3 about 6300 tokens,
while Llama2 uses less than 3000 tokens (this is also due
to the smaller context window). Llama2, having a context
window half as small as Llama3 and Gemma2, performs much
worse and is prone to critical errors that can lead to system
failures. Examples of such errors include misunderstanding
JSON output formats or misinterpreting instructions, resulting
in failure to complete tasks step by step. The limited context
window of Llama2 is especially problematic in combination
with the Exa tool, which usually delivers long documents,
sometimes exceeding four thousand tokens per document.

As can be seen from the analysis presented in the diagram
(Fig. 6), the most failure-prone agent turned out to be the
Format Validator, responsible for 48.7% of all system prob-
lems. The cause of these failures was in most cases endless
loops, which resulted from a lack of agreement between the
Format Validator, the Source Manager and the Report Author
on the source annotations. The Format Validator consistently
rejected the generated text for correction, while the Source
Manager considered that all information was in accordance
with the requirements. Similar problems occurred with the
agents responsible for Hallucination Validation (6.2%) and
Response Validation (7.9%), where there were also disagree-
ments with the Report Author. These problems also resulted
from low quality documents or sources. The Content Validator
encountered difficulties in assessing some documents, which
occurred in 5.2% of cases. These problems were caused by
the inappropriate format of documents or their insufficient
number – when the number of documents dropped below three
or 80% of the initial value, the agent rejected documents
indefinitely. The main agent of the system, the Researcher,
also encountered many problems during its work, recorded in
as many as 27.7% of cases. He mainly encountered difficulties
in working with the tools, especially in the case of the
Llama2 model, which was the weakest among the tested ones.
In the case of the Researcher, the tools were often used
incorrectly, which led to the rapid reaching of the maximum
number of attempts to complete the task by a given agent,
which was ten. Additionally, some questions still contained
many complex assumptions, and the search tools used had
difficulties, especially in the case of time-dependent queries.
The least failure-prone agent turned out to be the Context
Translator, whose role was relatively simple, and the task itself
was small, which limited the potential for error. Nevertheless,
in 4.3% of cases, problems were noted related to understanding
the proper format of the response, especially the JSON format.
These problems were particularly noticeable in the case of the
Llama2 and Llama3 models. Furthermore, no failures were
reported for the User Assistant.

The in-depth failure analysis provides valuable information
about the weak points of the system and potential areas
for improvement. This allows for a better understanding of
the limitations of individual system components and their
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Fig. 6. The most failure-prone agents in multi-agent system created.

interactions, which is crucial for further development and
optimization of the created solution. A significant number of
failed processes are largely due to the suboptimal configuration
of the system for specific LLM models, which accounts for
about 44% of all 1920 attempts. This results in infinite loops
resulting from the lack of consensus between individual agents
and edge cases that lead to system failures. The results of the
agent failure analysis emphasize the need for future versions
of the system to put more emphasis on experiments in smaller
scopes for each agent and their mutual interactions, which
will allow for the identification of optimal communication
solutions.

The analysis of the most failing agents revealed that most
problems occur in the module responsible for the quality of the
responses (Format Validator, Hallucinations Validator, Answer
Validator) and the module generating the responses (Report
Writer, Source Manager), where misunderstandings between
agents often lead to deadlocks. The most common failure
scenario involves one agent rejecting a generated response
and redirecting it, only for the receiving agent to find it
acceptable and retransmit the same response to the next agent
in the queue, thus creating an unnecessarily iterative and
unproductive process. This failure case for multi-agent sys-
tems highlights the critical need for more sophisticated agent
communication protocols and decision-making mechanisms.

VI. CONCLUSIONS

The paper presented proposed approach to automating
knowledge acquisition by developing and building a system
using autonomous agents with LLMs as their cognitive and
operational cores. The created framework represents a sig-
nificant step forward in the field of information retrieval,
offering a new approach to how machines can assist humans
in knowledge acquisition and analysis.

Experimental results obtained from testing the system reveal
both its significant potential and challenges. Although the
system showed promising capabilities in handling a variety
of research tasks, it also revealed areas requiring further
optimization and improvement. These findings underline the

complexity of creating truly autonomous and efficient research
assistants and emphasize the continuous need for progress in
this field. Solving these challenges could lead to more robust
and efficient autonomous systems capable of handling even
more complex research tasks.

The developed multi-agent system, although showing
promising possibilities, has numerous areas requiring further
development. Potential improvements concern both the mod-
ernization of key functions and the improvement of the user
interface, which can significantly increase the efficiency and
usability of the system. The proposed modifications are aimed
at developing a comprehensive optimization process that will
increase the competences of agents and the entire platform.
Thanks to this, the system could become more advanced,
versatile and ergonomic, offering more effective support in
the analysis and solving of complex research queries.
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