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ABSTRACT
Academic data plays a crucial role in guiding students as they
plan their curricular paths, supporting professors in refining their
courses, and enabling administrators to make evidence-based deci-
sions. Despite its importance, such data are often difficult to access.
Even under open data policies, barriers to usability and accessibility
frequently limit its impact. In this work, we present EurecaChat, a
multi-agent chatbot system that allows users to retrieve academic
data through natural language. Built on Large Language Models
(LLMs), EurecaChat tailors responses to the needs of different user
profiles: students, faculty, and staff, while ensuring compliance
with data privacy constraints. Preliminary evaluation shows good
performance in several use cases, underscoring the potential of the
system to democratize access to academic data and promote more
informed decision making in educational environments.
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1 INTRODUCTION
Despite increasing digitalization, public universities in Brazil still
struggle to make institutional data accessible in usable formats.
In most cases, critical academic and administrative data remains
siloed in legacy systems or made available only through static doc-
uments, limiting transparency and hindering innovation. At the
UFCG1, the Eureca Project2 was created to reverse this trend by
exposing structured real-time academic data through a public Ap-
plication Programming Interface (API). In doing so, Eureca not only
improves institutional transparency, but also opens the door to the
development of data-driven applications that serve the university
community.

This paper presents EurecaChat, a multi-agent conversational
system that uses the EurecaAPI to provide intelligent, role-sensitive

0Demo video: https://tinyurl.com/eureca-demo
1Federal University of Campina Grande
2https://eureca.sti.ufcg.edu.br
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access to UFCG’s academic data. Powered by aMulti-Agent Sys-
tem (MAS) based on Large Language Models (LLMs) and en-
hanced with Retrieval-Augmented Generation (RAG), Eure-
caChat enables students, staff, and faculty to query institutional
data in natural language and receive accurate, contextualized re-
sponses aligned with their access privileges. Rather than function-
ing as a generic chatbot, EurecaChat acts as an intelligent interme-
diary between users and complex institutional systems, facilitating
access to up-to-date academic records, program structures, student
performance data, and administrative procedures.

In educational contexts, chatbots have been widely adopted to
support a variety of tasks, particularly in assisting students during
the learning process. Most of these systems act as virtual teaching
assistants, offering support in answering course-related questions
or guiding students through learning activities [4, 6]. However,
more recent developments, extend beyond the classroom, support-
ing institutional workflows such as administrative processes [5],
enrollment procedures [1]. This paper aligns with this latter trend,
but goes further. EurecaChat is not intended to support academic
learning directly, instead, it serves as a conversational interface that
enables students, faculty, and administrative staff to interact more
effectively with a wide range of university data through natural
language.

Prior work addressing administrative burdens in universities
typically falls into two categories: (i) systems built on rule-based
chatbots and structured knowledge bases, and (ii) systems that
integrate machine learning (ML) or generative models to handle
more complex interactions. Early implementations relying on static
FAQ databases or SQL backends connected to rule-based engines
[2, 11, 12] faced limitations in scalability and flexibility, particularly
for ambiguous or multi-turn queries. To address these challenges,
recent solutions have incorporated classical ML techniques such as
BERT-based classifiers [9], generative models built on LLMs [3], or
hybrid architectures combining generative models with decision
trees or structured pipelines [5, 7]. MAS have emerged as promising
alternatives [8] to improve the current landscape of chatbots in
educational contexts. For example, ARGObot [13], which simulates
an academic advisor using a tool-enhanced LLM, and EduMAS
[10], which coordinates multiple agents with knowledge graphs to
improve contextual understanding and response accuracy.
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2 SYSTEM ARCHITECTURE
Each agent was designed to fulfill a distinct role in the processing
of user queries. At the core of the architecture lies the Supervisor
Agent, which serves as the central coordinator of the system. This
agent is responsible for receiving user input, interpreting the intent
behind the query, and orchestrating communication among the
other agents, as shown in Figure 1.

Upon receiving a query, the Supervisor Agent analyzes its con-
tent and delegates it to one of three specialized agents—the Uni-
versity Degree Agent, Subject Agent or Student Agent—based
on the nature of the request. Each of these agents is equipped
with dedicated tools capable of interacting with the Eureca API, a
university-developed interface that exposes structured endpoints
derived from the institution’s central academic database and ad-
ministrative system. The API acts as a controlled gateway, ensuring
secure access to data such as academic programs, courses, student
records, and administrative information, while allowing EurecaChat
to retrieve only the endpoints relevant to each agent’s scope.

Once a specialized agent retrieves or generates a response, the
output is sent back to the Supervisor Agent, which evaluateswhether
further processing is necessary. In case of compound or follow-up
queries, the Supervisor Agent may redirect the task to the same or
a different specialized agent. Otherwise, the response is forwarded
to the Aggregator Agent, whose role is to consolidate, format and
articulate the final output in a natural language that is clear and
user-friendly.

Figure 1: System architecture diagram

All specialized agents in EurecaChat share a modular internal
architecture. Each agent begins by parsing the query passed from
the Supervisor Agent, identifying key elements such as entities,
parameters, and relevant intent. Based on this analysis, the agent
may trigger a tool call—a mechanism through which the LLM in-
vokes external functions dynamically. These tools correspond to
specific REST API endpoints exposed by Eureca and are used to
access university data.

Depending on the complexity of the query and the structure of
the data, agents can employ RAG techniques based on information
obtained from different endpoints of the same API. For example,

one endpoint might provide degree or subject codes, which are
then used as parameters in another endpoint to retrieve the associ-
ated knowledge content. This structured data is incorporated into
the prompt, ensuring more accurate and contextualized responses,
without relying solely on the model’s internal knowledge.

The EurecaChat RAG system is built using a Sentence Trans-
former model (all-MiniLM-L6-v2) to generate embeddings from
university data, database structure descriptions, degree names, ab-
breviations, and others. These are provided as contextual data to
agents at runtime, alongwith user queries. Embeddings are also gen-
erated for user input. Cosine similarity is then applied by comparing
the user query embedding with embeddings from the knowledge
base. Matches are considered relevant when the similarity score ex-
ceeds a threshold. Tests with names and common degree or subject
abbreviations showed that 0.7 was an optimal threshold.

Hence, the RAG approach helps the agent understand user needs
and select the appropriate tools and API endpoints based on the user
query. For example, to improve robustness against errors in user
input—such as misspellings or non-standard terminology—some
tools implement a RAG-based normalization layer. To illustrate, if
a user inputs “computer science” and the official degree name in
the database is “Computer Science - Bachelor”, the normalization
component helps match this variation to the correct value. Without
this step, the strict value-matching required by many endpoints
would cause the query to fail.

Furthermore, to ensure secure and context-sensitive responses,
EurecaChat’s agents comply with the access control policies imple-
mented in the Eureca API. In addition to open endpoints, the API
provides an authentication mechanism through which users log in
with their institutional credentials. Upon successful authentication,
the API issues a token tied to the user’s profile (i.e., student, faculty,
or staff), restricting queries to data permitted at that level. For in-
stance, students can only access their own records and not personal
information of professors or peers. All authorization checks are
handled by the Eureca API.

2.1 User query example execution
To better illustrate how a user query is processed by the system,
consider the following example:

“From which state do the Computer Science program
students from the second campus come? Display them
by state.”

Upon receiving this query, the Supervisor Agent identifies the
user’s intent—a request for demographic aggregation over a filtered
student cohort—and delegates the task to the StudentAgent, which
is responsible for handling student-related queries.

The Student Agent first invokes a tool designed to retrieve gen-
eral student records from the Eureca API, applying filters based on
program name (“Computer Science”) and campus (“second cam-
pus”). Given the potentially large volume of data returned—often
comprising thousands of entries—this raw data is stored temporarily
in an in-memory SQL database for efficient downstream processing.

To handle the user’s request for state-wise aggregation, a natural
language-to-SQL (NL2SQL) module is then activated. This compo-
nent translates the original query into a structured SQL command
that extracts the required information from the temporary database.

108



EurecaChat: A Multi-Agent LLM-Based Chatbot for Supporting Students, Faculty, and University Administration WFA’2025, Rio de Janeiro/RJ, Brasil

For this example, the SQL query would group student records by
their home state and count the number of students per group. Next,
the result of this query (i.e., a table of states with corresponding
student counts) is then returned to the Student Agent. The response
is passed back to the Supervisor Agent, which routes it to the Ag-
gregator Agent for final formatting and presentation to the user in
natural language.

Note that this form of SQL-based processing is employed only
when the volume or structure of data fetched from the API is too
large or complex to be processed reliably within the context window
of the language model. This mechanism prevents LLM hallucina-
tions. In contrast, for queries involving smaller or more targeted
data, SQL translation and temporary storage are not required. In
such cases, the specialized agent can retrieve and return informa-
tion directly from the Eureca API using simpler tool calls.

2.2 Technology details
EurecaChat was developed using a combination of modern tech-
nologies tailored for multi-agent systems and LLMs. For agent
implementation and inter-agent communication, the system lever-
ages LangChain and LangGraph3, two Python libraries designed
to provide a robust framework for agent behavior modeling, com-
munication protocols, tool invocation, and integration with RAG
techniques.

Furthermore, to support the management of large volumes of
information—especially in scenarios where agents need to pro-
cess extensive datasets without compromising accuracy or induc-
ing hallucinations—a SQLite4 database was used. This allows for
temporary data storage and structured querying when necessary.
Moreover, the user interface (frontend) was developed using HTML,
CSS, and JavaScript to ensure an interactive and responsive user
experience. The backend was built using the Quart Framework5,
providing RESTful endpoints and managing the communication
between the frontend and agents.

In addition, the access to LLMs was facilitated through DeepIn-
fra6, a cloud-based platform that offers scalable access to cutting-
edge language models via API. Two different models were used
to optimize the system’s performance for distinct roles. The Meta
LLaMA 3.3 Instruct model (70 billion parameters) was employed by
both the Supervisor Agent and the Aggregator Agent, as it showed
superior performance in coordination and response synthesis tasks.
For the specialized agents, the Qwen3 model (14 billion parame-
ters) was selected due to its efficiency and reliability in executing
tool-based operations.

3 USE CASE
This section presents several use case scenarios of EurecaChat,
illustrating its effectiveness in supporting daily tasks carried out
by university personnel and students. The objective is to showcase
the capabilities and demonstrate how it can address the specific
needs of different types of users. Users can initiate a chat by typing
or speaking their questions. Also, users have the option to log in

3https://www.langchain.com & https://www.langchain.com/langgraph
4https://sqlite.org/
5https://quart.palletsprojects.com/en/latest/
6https://deepinfra.com/

to access private data, if necessary. This allows them to retrieve
sensitive information that should not be publicly available.

Figure 2 illustrates an interaction in which a student is looking
for prerequisite information on a specific university subject they
are interested in enrolling in. Additionally, Figure 3 shows an exam-
ple of a Professor using the system to retrieve information about
student grades for a particular subject.

Figure 2: Student query example (Information about univer-
sity subject)

Figure 3: Professor query example (Information about grades
in a specific subject)

Finally, Figures 4 and 5 show a conversation likely initiated by an
administrative staff member who is attempting to retrieve detailed
personal information about students enrolled in a specific academic
program. The response consists of text alongside a bar graph.

4 PRELIMINARY EVALUATION
A preliminary evaluation assessed EurecaChat’s accuracy and re-
liability using 43 real-world queries submitted by students, pro-
fessors, and administrative staff. Responses were double-reviewed
for factual correctness against official university sources, with dis-
agreements resolved by a third reviewer. Out of the 43 total queries,
36 were correct and 7 were incorrect, yielding a success rate of
84%, demonstrating a preliminary system’s effectiveness. By group:
coordination answered 12/15 correctly (80%), students 13/16 (81%),
professors 10/11 (91%), and the administrative staff’s single query
was correct (100%).

Analysis of errors revealed three main types: Incomplete, where
the response only partially addressed the query; System Error,
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Figure 4: Staff query example (General information about
students enrolled in a specific academic program - Part I)

Figure 5: Staff query example (General information about
students enrolled in a specific academic program - Part II)

caused by tool invocation issues, API malfunctions, or timeouts;
and Hallucination. Most issues were attributable to tool configura-
tion, data normalization, or API constraints, which can be mitigated
through improvements in the RAG pipeline, data mappings, and
error-handling mechanisms.

Despite these encouraging results, the evaluation remains lim-
ited in scope. The small sample size and lack of diversity question
categories make it difficult to generalize findings. Thus, more ex-
tensive and diversified testing is needed to evaluate EurecaChat’s
effectiveness and ensure robustness under broader real-world con-
ditions.

5 CONCLUSION AND FUTUREWORK
EurecaChat emerges as a versatile and powerful tool that supports
diverse academic use cases, assisting students, faculty, and staff in
routine tasks while improving efficiency. Its architecture combines
state-of-the-art technologies—LLMs, multi-agent systems (MAS),
retrieval-augmented generation (RAG), and integration with insti-
tutional information systems—transforming it from a simple query
interface into a context-aware academic assistant.

Preliminary evaluations yielded encouraging results (84% accu-
racy), validating the system’s initial effectiveness while also uncov-
ering key limitations. Tests with real-world queries revealed edge
cases and constraints that provide a road map for future improve-
ments. Ongoing work will address these limitations by extending

API integrations, introducing guardrails, and thus enhancing per-
formance, robustness, and response accuracy. Broader user evalua-
tions will further refine the system and ensure alignment with real
academic needs.

In sum, EurecaChat represents a significant step forward in ap-
plyingMAS and LLM-based technologies to the educational domain.
By making academic data more accessible, not only strengthens
decision-making within universities but also contributes to the
broader democratization of public data.
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