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ABSTRACT
Data discovery from data lakes is an essential task in many real
world applications and has gained great traction from the data-
base community. While many previous efforts have improved the
performance of data discovery from different aspects, they failed
to adequately support complex tasks that require multiple opera-
tions to finish. In this paper, we envision a Large Language Model
(LLM) based multi-agent system that aims to pipeline complex
data discovery tasks. We comprehensively discuss the challenges of
building such an end-to-end data discovery framework and analyze
the benefits of LLMs in addressing them. Then, we come up with
a multi-agent system as the solution and introduce the potential
design choices of different agents. Finally, we provide some initial
experimental results based on LLM and raise several open questions
to be resolved in realizing this vision.
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1 INTRODUCTION
The past few decades have witnessed a rapid growth in the number
of open and shared datasets from governments, academic insti-
tutions, and enterprises. To explore and gain insights from such
massive data collections which are also known as data lake, re-
searchers from both industry and academia have made great efforts
to build many data discovery systems. Data discovery plays a sig-
nificant role in modern data science, as it could help users find
and access specific data they need from massive data lakes for the
required downstream tasks. It is essential in many real-world appli-
cations, such as machine learning, data cleaning and exploratory
data analysis [1, 5].

Due to its importance, data discovery has become a popular
topic in the database community for a long time. Many previous
studies [3, 6, 9, 10, 17] have focused on improving the effectiveness,
efficiency and usability of different data discovery tasks, such as ta-
ble union search, joinable table search and domain discovery. While
these efforts could improve the performance of some particular
data discovery operation, there is still a gap in applying them to
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Figure 1: Motivation Example of Complex Data Discovery.

real world scenarios where multiple operations are needed to finish
one complicated task. Some early efforts towards this goal have
been made by the BLEND framework [4]. However, it primarily
considered the operations in relational databases but cannot effec-
tively support semantic ones, which are widely required in real
application scenarios now. This could be illustrated in the following
example in Figure 1:

Example 1.1. Suppose a data scientist wants to conduct analysis
on the enterprise data lakes to facilitate business decision making,
the first step is to identify a table to start with. To this end, she
could employ a data discovery operation that retrieves relevant
tables according to the natural language input and then identify a
table about Care Expense (Step 1). Then she would like to further
find tables that are unionable or joinable with the table to enrich
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the business insights (Step 2 to Step 4). As a result, she would obtain
a table with sufficient information on the expenses of a company,
which could be regarded as the output of the complex data discovery
task. After that, she could make further data analysis on such a
result table, e.g. ask the business question in natural language, and
get the answer accordingly.

We can see that in the above scenario, it requires four data dis-
covery operations, i.e. one Natural Language based table discovery
(NLD) [17], two table union searches and one joinable table dis-
covery [3], to finish the task. And it is essential to use semantic
union/join operators in this process. Recently, Transformer-based
Large Language Models (LLM) have been widely utilized to address
table-centric tasks [7, 11, 13–15] due to their power in understand-
ing human instructions as well as generating structured outputs.
In this paper, we envision an LLM-based system as the solution
to complex data discovery tasks by leveraging their superior abili-
ties of planning and semantic understanding. The system adopts a
multi-agent architecture [8] with four agents to provide an agentic
data discovery workflow from user input understanding, pipeline
construction, performance optimization to plan execution.Wemake
several discussions about the potential design choices of the overall
system as well as each agent to support complex data discovery
tasks. Finally, we report some initial results of LLM-based data
discovery operations and raise some open problems to be resolved
in the next step.

2 SYSTEM OVERVIEW
To support end-to-end data discovery tasks with multiple steps, we
propose a multi-agent framework that could automatically generate
the data discovery plan based on the instructions from users. An
overview of the system architecture is shown in Figure 2.

We will introduce the basic workflow of the system by referring
to the application scenario illustrated in Figure 1 again: Firstly, users
could send the requests via a predefined user interface. Following
the example of systems that provide the NL query interface, the
user could express the intention with a paragraph like “I am a data
scientist and would like to make analysis over the financial expenses of
companies.”. The user input is then sent to the Plan Agent, which is
responsible for parsing the user input and identifying the required
functionalities. For example, the system could identify a logical plan
with four data discovery operations ordered as NLD, Union, Join
and Union, as shown in Figure 1. Next, the logical plan would be
sent to the Selection Agent and transformed into a physical plan.
The selection could happen in two aspects: on the one hand, there
might be multiple tools to realize one data discovery operation. For
example, there are multiple ways, from rule-based heuristics to Lan-
guage Model-based methods, to implement the Union operation [5],
indicating different kinds of trade-offs between effectiveness and
efficiency; On the other hand, we need data selection over the
datasets to be processed. Specifically, some language-model-based
methods [6, 18] need to reduce the input size to satisfy the window
length limitation or save the cost, and thus only a subset of the
original table will be kept. For example, when deciding whether
two tables are joinable with LLM, we need to include only a subset
of each table rather than putting two full tables into the prompt
to save the LLM cost. Finally, the Execution Agent receives the

physical plan and returns the result table. For example, the result
table in Figure 1 is obtained from the related tables of Care Expense,
Provider Invoice and Provider Info, respectively. And the Evaluation
Agent could answer questions from user input or benchmarking
tasks on the result table.

Next, we would like to introduce the functionalities and research
challenges in each agent of the multi-agent system:

Plan Agent. This agent aims to understand user intent, identify
the essential steps of the pipeline and decide the required operations
accordingly. To this end, it is essential to support various kinds of
user interfaces, such as GUI that provides form-based input, Nat-
ural Language (NL) and code snippets in high level programming
language. A recent trend [12, 19] is to support NL query interfaces
where users could specify their requirements in a paragraph of
natural language. Thus, an essential research challenge lies in how
to turn user input in the format of NL description into structured
logical plans, especially with the help of LLMs.

Selection Agent. The functionality of this agent is to transform
the logical plan into a physical plan. As introduced in the above
example, there are two kinds of selection to be realized: tool and
data. For tool selection, the agent should maintain a list of potential
tools to realize each logical operation, and make a selection based
on requirements specified by users. To this end, the agent should
be able to estimate the benefits of each tool and make decisions
accordingly. LLM-based solutions for routing and planning might
be helpful here. For data selection, there should be a set of potential
operations that could filter out irrelevant parts of the table as well
as conduct essential cleaning and normalization over the targeted
table, especially when the selected tools are based on LLMs. Our
previous work on table understanding tasks [18] could serve as a
good foundation to reach this goal. An alternative solution is to let
the LLM generate Python code to select the relevant data.

Execution Agent. This agent aims to execute the generated phys-
ical plan and return the result table. The major research challenge
in designing the execution agent is to ensure the scalability and
reduce the latency of the system. Due to the huge size of the data
lakes, it could be very expensive to run multiple semantic Union
and Join operations in the plan. Thus, we need to develop additional
techniques such as indexing and query optimization for data lakes
to provide system-level support, which also remains to be an open
research challenge in the field of data lakes [1].

Evaluation Agent. This agent aims to connect the output of the
Execution Agent, i.e. results of the complex data discovery task, to
downstream tasks. To seamlessly integrate our system with other
data science toolkit, we propose the Evaluation Agent to ease the
evaluation of downstream tasks over such results. With the help
of the Evaluation Agent, users could apply their benchmarking
questions to the output of data discovery tasks and obtain the
experimental results. If they are not satisfied with the initial results,
they can provide some feedback to our system so as to obtain the
desired data discovery outcomes. We also plan to support human-
in-the-loop operations in our system so that the Plan, Selection and
Execution agents could benefit from the user feedback. In this way,
the results could be optimized gradually based on the collaboration
of users and built-in strategies provided by our system.
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Figure 2: System Architecture

3 EVALUATION
In this section, we report some initial results about LLM-based data
discovery operations. Specifically, we focus on the tasks of Table
Union Search and Joinable Table Discovery. Note that these two
tasks are inherited Information Retrieval style, where the input
query and output results are both tables. Due to the huge size
of data lakes, it is difficult to do the whole retrieval process via
prompts over LLM. Thus, we believe that a reasonable way to
apply LLM for these two tasks is to ask LLM to judge whether two
tables are unionable or joinable, while the candidate tables will be
retrieved by existing solutions. Specifically, given a query table, we
first retrieve 𝐾 candidate tables with Starmie [6] and DeepJoin [3]
for the unionable and joinable tables, respectively. Then, for each
candidate table, we use a prompt to let the LLM verify whether it
is unionable/joinable with the query table.

To save the cost of using LLM and improve the quality of the
result, we employ some simple data selection techniques on tables
proposed in our previous studies [6, 18] when constructing the
prompts. Since tables in the data lakes are much larger than those
in the table understanding tasks [18], we just keep up to 1% of rows
in each query/candidate table for tables with more than 10,000 rows
in the prompt. We use a row-wise order to sequentialize each table
into the prompt and keep the header information. And the LLM is
asked to output a binary decision based on the input question and

tables while no demonstration example is provided. For Table Union
Search, we evaluate on the SANTOS small dataset [10]; For Joinable
Table Discovery, we select 40 query tables from the OpenData task
in LakeBench [2] due to its huge size. The evaluation metric is
Accuracy@K, which indicates whether the LLM could make correct
prediction in the top-K retrieved tables. In this experiment, we vary
the value of 𝐾 from 2 to 30. And we report the results of prompt
over OpenAI APIs for GPT-5.4.

Table 1: Results of Table Union Search

Value of K 2 5 10 20 30

Accuracy@K 1.000 0.995 0.990 0.9775 0.9775
# Input Tokens 220,492 551,311 1,108,167 2,204,546 3,170,709
# Output Tokens 1,274 3,194 6,394 12,794 19,194

The results of Table Union Search are reported in Table 1. We
observe that for unionable search, the results of accuracy are very
promising as LLM is good at capturing the semantics from each
table and decide the unionability accordingly. Such initial results
illustrate that LLM could effectively verify whether two tables are
unionable without seeing the full table. On the other hand, the LLM
cost is somewhat high: we need more than 3 million input tokens
when 𝐾 = 30 as there are 1,200 pairs of tables to be verified.

Next, we look at the results of Joinable Table Discovery in Table 2.
Compared with the unionable task, the accuracy is relatively lower.



Table 2: Results of Joinable Table Discovery

Value of K 2 5 10 20 30

Accuracy@K 0.763 0.760 0.793 0.821 0.833
# Input Tokens 386,566 978,593 2,011,032 4,129,612 6,246,717
# Output Tokens 6,398 15,755 30,129 56,931 83,570

The reason is that the joinability between two tables is decided by
column-wise comparison. The LLM might not be able to recognize
such information since the prompt just asked about table-level
joinability. The results could be potentially improved by designing
a better prompt: For instance, the tables could be sequentialized in a
column-wise manner instead of row-wise one; There could be more
instructions in the prompt template to remind the LLM to look
at the joinability between pairs of columns; And some few-shot
examples about joinability between columns could be provided.

From the above initial results, we could gain the following in-
sights: Firstly, although the LLM-based methods for verifying the
unionability and joinability are highly effective, the token cost
could be huge due to the large size of data lake tables, even with
aggressive data selection techniques. Thus, there should be multiple
kinds of tools to implement the same operation in the system so as
to make different types of trade-offs. Secondly, the system should
be wisely guided about when to launch LLM-based methods. And
it is essential to design advanced techniques in the Selection Agent
and there could be filtering strategies that apply methods/mod-
els from cheap to expensive ones gradually. Thirdly, the system
should provide an interface to let users provide their intention of
goals about the trade-offs. For example, users could express the
needs that they would like a plan that prioritizes saving the token
cost. Then the Plan and Selection agents could use a cheaper LLM
model or employ a more aggressive data selection strategy when
constructing the prompt.

4 CONCLUSION AND FUTUREWORK
In this paper, we provided a blueprint for the multi-agent frame-
work for pipelining complex data discovery tasks. We identified
four essential agents in the agentic data discovery workflow: Plan,
Selection, Execution and Evaluation. With the help of such agents,
the system could automatically understand the user intention, gen-
erate an optimized plan and return the final answer by leveraging
the power of LLMs. We reported some initial results of LLM-based
data discovery operations and illustrated the importance of effective
planning and data selection in the process.

There are many promising directions to realize the vision in this
paper. Firstly, it requires essential efforts to understand user input
and generate the initial pipeline accordingly. The success of LLM
in task planning [16] paves a way to reach this goal. In addition,
it is worth exploring effective techniques to make selections from
tools to realize each step in the pipeline as well as keep useful and
compact information in the targeted table data. Some initial efforts
in the application of LLM-based table understanding [18] could be
a good starting point towards this goal. Finally, it is important to
propose efficient indexing and optimization techniques to improve
the scalability of the system.
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