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ABSTRACT

The diverse formats of CSV and Parquet files in data lakes pose a
significant challenge to traditional ETL, which relies on data engi-
neers to pre-define a target database schema and build a complex
pipeline for data integration. Moreover, with this approach, the
integrated data often cannot support various analytical needs, as
the predefined schema does not necessarily satisfy the table for-
mat or join relationships required to answer unforeseen queries.
To address this, we propose EcoTable , the first natural language-
based data integration framework. Given a set of user-specified
natural language queries, EcoTable automatically integrates the
tables into a form that adequately supports the corresponding SQL
queries. EcoTable achieves this by leveraging the semantic under-
standing and complex reasoning capabilities of Large Language
Models (LLMs). Moreover, EcoTable addresses the scalability and
cost issues introduced by expensive LLM inferences with a set of
novel ideas.

EcoTable first introduces a graph to represent the overall search
space, where nodes represent tables and edges carry weights in-
dicating join likelihood produced by a lightweight deep learning
model. On top of this graph data structure, EcoTable designs three
components to achieve our goal: (1) the table identification layer
aims to identify relevant tables via a two-stage schema linking
based on user queries; (2) the graph-based validation layer aims to
discover significant join paths, including necessary data transfor-
mations and bridging tables, by modeling the problem as Steiner
tree searches; and (3) the table transformation layer generates trans-
formation code to implement the joins using LLMs. We construct
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4 real-world benchmark datasets with more than 200 queries. Ex-
tensive experiments demonstrate that EcoTable outperforms the
state-of-the-art baselines, increasing accuracy by more than 30%
and cutting LLM invocation costs by 5 times.
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1 INTRODUCTION

Motivation. Data lakes store large collections of files (e.g., in CSV
or Parquet formats) that do not fit neatly into relational tables,
offering immense potential for data-driven decision making [3,
18]. However, deriving values from such a lightly structured data
lake is notoriously difficult. The predominant approach relies on
a traditional Extract-Transform-Load (ETL) process, where data
engineers first manually define a target schema and then develop
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Table T;: Order Table T, Natural Language Query Q;
order_id | created_at | completed_at order_id | created_at |completed_at
NOOL | 2024/02/16 | 2024/03/01 | ® | NOOI | 2024-02-16 | 2024-03-01 Dl(siplay. tl;e d(‘iallydt:*.ackmg information f";
N002 2025/08/29 NULL N002 2025-08-29 NULL OnCeL> m.c e SRl VEL YR SCIVICE AT R
step details by date.
N003 2025/09/04 NULL Reformat NO003 2025-09-04 NULL
N004 2025/07/18 2025/07/30 Dates N004 2025-07-18 2025-07-30 ,1
Table T,: Revision History Table T, D
id change_type | status hange_at order_id| payment | step_id | change_at lntegrated Table TQ|
N001 payment COD | 2024-02-16 (1 NO001 COD NULL | 2024-02-16
N0O4 step_id S001 | 2025-07-18 N0O4 NULL S001 | 2025-07-18 order_id | created_at | completed_at | change_at | service_name | step_name
N004 step_id S003 | 2025-07-21 | Pivot Data N004 | NULL | S003 |2025-07-21 NOOI | 2024-02-16 | 2024-03-01 | 2024-02-16 NULL NULL
Noo4 step_id 5004 | 2025-07-24 N004 | NULL | 8004 | 2025-07-24 NOO4 | 2025-07-18 | 2025-07-30 | 2025-07-18 |  Standard Received
Table Ts: Service Types Table T; N004 | 2025-07-18 | 2025-07-30 | 2025-07-21 Priority Packing
service_type | type_hint |service name <= service_id | service_name | service_type NI 2025.07.18 | 2025-07-30 | 2025-07-24 Priority Dispatched
P001_Regular payment Standard P0O01 Standard Regular
P002_VIP payment Priority — P002 Priority VIP
Split Column
P003_Enterprise | step_stage Customized P P003 Customized Enterprise Natural Language Quel’y QZ
Table T,: Workflow Steps Table T, How are delivery services grouped by type,
step_id step_name | service_id j step_id | step_name | service_id with their process steps and fees?
S001 Received P001 D S001 Received P001
S002 Review P002 S002 Review P002 l I
S003 Packing P002 No Change S003 Packing P002 D
S004 Dispatched P002 S004 Dispatched P002 Integrated Table TQz
Table Ts: Service Pricing Table Ts . N
service_id | service_name | step_name service_type base_fee
service plan base_fee service, e | version base_fee ,
- «||= P = P0O01 Standard Received Regular 10.00 CNY
Regular (Version 1) 10.00 CNY Regular Version 1 10.00 CNY
VIP (Version 2) 25.00 CNY —p VIP Version 2 25.00 CNY P002 Priority Review VIP 25.00 CNY
Enterprise (Version 1) 40.00 CNY Split Column Enterprise Version 1 40.00 CNY P003 Customized Packing Enterprise 40.00 CNY

Figure 1: An Example of Query-driven Table Integration in Data Lakes.

a complex pipeline to integrate data into a data warehouse [44,
59]. This is challenging. First, it is rather difficult to pre-define
an appropriate database schema that meets the diverse analytical
needs of an application. Second, even if the schema were defined
correctly, it is labor intensive to convert the data lake tables into
the desired relational table format.

Next, we use a real example to better illustrate this.

Example 1.1. As shown in Figure 1, consider 5 tables (i.e., T;:
Order, T,: Revision History, T5: Service Types, Ty: Workflow
Steps, and Ts: Service Pricing) sampled from a real-world E-
Commerce data lake. A data engineer might naturally define a
database schema over these tables, where Tj.order_id joins with
T,.id. However, the pre-defined schema does not necessarily satisfy
the analytical need of users. For instance, suppose a user wants to
check order status and thus issues a query Qq, “Display the daily
tracking information for the order, including the name of the delivery
service and workflow step details by date.” This query involves three
tables (i.e., Ty: Order, T5: Service Types, and Ty: Workflow Steps).
However, in the initial database schema, it is impossible to join these
tables to answer this query because T lacks explicit join conditions
with either T3 or T,. Furthermore, integrating tables requires signif-
icant manual efforts. To join Tj, T3 and T; for Q, a data engineer
must: (1) bridge T; and T, via T, with the join between T, and T,
on the shared step_id attribute; and (2) transform T; by splitting
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service_type to enable join with T; on service_id. This process
is complex, as it necessitates incorporating additional tables into
join path and transforming tables. Moreover, the user might want
to know more about service fees and thus submit another query Q;:
“How are delivery services grouped by type, with their process steps and
fees?”. To answer Q,, the data engineer must integrate Ts: Service
Pricing with T3 and T, — a new data integration requirement. The
key step is to split the service_plan column in T5 (e.g., “Regu-
lar (Version 1)”) into distinct service_type and version columns.
This prepares Ts to be joinable with T3 on service_type column.
This example shows that different queries have different require-
ments on the database schema. Therefore, pre-defining a database
schema to meet users’ analytical needs tends to be impractical.
Instead, data integration has to be tailored to user queries.

Targeting this problem, we propose to build an automatic table
integration system, called EcoTable . With this system, users only
have to provide a set of natural language (NL) queries to intuitively
describe their analysis intention. The system will automatically
discover a database schema that adequately supports these queries
and then perform data integration accordingly.

Existing work has proposed techniques to automate data inte-
gration such as schema matching [19, 33, 37], entity resolution [17,
34, 41, 46, 53, 54], data transformation [38, 39, 62], discovery of
joinable columns [10, 21], etc. However, all of these approaches



rely on a pre-defined target schema. They do not solve the prob-
lem of automatically discovering an appropriate database schema
based on NL queries and tables. On the other hand, a line of re-
search [25, 32, 58, 59] focuses on transforming tables, e.g., spread-
sheets or web tables, into relational formats. However, because the
relational schema these methods automatically discover is blind to
user queries, it tends to be ineffective in supporting the analytical
needs of users, as shown in the above example.

The semantic understanding and reasoning ability of Large Lan-
guage Models (LLMs) make it possible for us to achieve the above
goal. First, existing Text-to-SQL research has shown that LLMs
excel at identifying the mapping between NL queries and columns
in the tables through schema linking [4, 8, 48, 52]. Moreover, with
its reasoning ability [28, 55, 57, 60], an LLM is able to produce a
plan that combines multiple operations to collaboratively solve the
data transformation problem.

Challenge. An intuitive method that leverages LLMs to solve this
problem is to ask LLMs to (1) identify all tables that are relevant
to the NL queries provided by users; (2) check whether every pair
of these discovered tables is joinable, thus finding a join path for
each query; (3) finally, perform data transformation and integration
accordingly. However, routinely invoking LLMs to explore all pos-
sible join relationships is prohibitively expensive. This is because
the number of potential join paths grows exponentially with the
number of tables. Therefore, the key challenge lies in how to min-
imize the number of LLM calls while still achieving high-quality
integration to reliably answer user queries.

Our Proposal. To address this challenge, we propose EcoTable, a
cost-effective query-driven table integration system. The key idea
is to combine smaller deep learning models and LLMs to efficiently
identify and validate potential join paths. At a high level, deep learn-
ing models give prior probabilities of possible join relationships
between tables. Then, to minimize LLM invocations, EcoTable pri-
oritizes the pairs of tables for the LLMs to validate that are (1) most
likely to be joinable and (2) required to answer user queries.

EcoTable models the search space as a fully connected graph
where each node corresponds to a table, and each edge (i.e., the join
relationship) connects two tables with a weight indicating the join
likelihood initialized with a deep learning model. In this way, the
problem of finding a valid join path for each NL query is converted
to identifying a connected subgraph that covers the tables involved
in the query. EcoTable consists of three key components that effi-
ciently discover valid join paths and perform data transformation
on top of the graph.

Table Identification Layer identifies query-related tables (i.e., nodes)

from all data lake tables via a two-stage schema linking method that
first leverages a lightweight deep learning model for coarse-grained
filtering, followed by using LLMs for fine-grained verification. This
step effectively reduces the search space to a subset of nodes in the
above graph, ensuring that subsequent steps primarily focus on
these relevant tables.

Graph-based Validation Layer. Next, EcoTable discovers valid join
paths to integrate these tables. As observed in the above example,
joining these tables may require additional bridging tables, which is
challenging to discover among a potentially large number of tables.
To address this, we model the problem as a Steiner tree search
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problem, where the goal is to find the minimal-weight tree, i.e.,
a tree composed of edges with the highest join likelihood, which
connects all relevant tables for each query, potentially via a set of
bridging tables.

More specifically, EcoTable gathers edges from Steiner trees
w.r.t. various queries and submits them to LLMs for batch ver-
ification. This opens the opportunity to leverage shared edges
among queries to reduce LLM costs. Then EcoTable updates the
edge weights of the graph based on verified results and iteratively
searches the Steiner trees until the necessary edges of all queries
have been validated. In this way, EcoTable selectively applies LLMs
to validate the most promising join relationships and progressively
discovers valid join paths with minimal LLM usage.

Table Transformation Layer. EcoTable then applies the necessary

data transformation operations to perform joins and integrate ta-
bles. EcoTable uses LLMs to automatically generate transformation
code for each valid join path, guided by a ReAct-style reasoning
process that alternates between transformation and join validation.
To reduce latency, EcoTable further employs a graph-based paral-
lelization strategy, which identifies parallelizable transformations
by modeling the problem as an edge coloring task on the validated
join paths.

In summary, we make the following contributions.
(1) We propose EcoTable, to the best of our knowledge, the first
natural language driven system for table integration that minimizes
LLM invocations while adequately supporting user queries.
(2) We design a graph-based validation layer that models table
relationships as a weighted graph and identifies valid join paths
using a Steiner tree-based optimization.
(3) We introduce a table transformation layer that employs a ReAct-
style reasoning loop to automatically generate transformation code
for joinable tables and a graph-based parallelization strategy to
further reduce latency and LLM invocation cost.
(4) We construct 4 real-world benchmark datasets covering multiple
domains with more than 200 natural language queries. Comprehen-
sive experiments show that EcoTable surpasses state-of-the-art
baselines by achieving over 30% accuracy improvement and reduc-
ing LLM invocation costs by 5 times.

2 PROBLEM DEFINITION

Given a data lake including a large number of tables (e.g., CSV or
parquet files) and a set of user-specified natural language queries,
we aim to integrate subsets of tables related to these queries such
that each query could be well addressed by an integrated table. Due
to the heterogeneity of the data lake tables, the integration process
might be rather complicated, including transformations and joins
over multiple tables. Formally, we define the problem as follows.
Definition 2.1 (Query-Driven Data Integration). Given N tables
in a data lake 7 = {T}, Ty, . .., Ty } and a set of M natural language
queries Q = {Q1,Qa, ..., Om}, we aim to construct a set of trans-
formed tables 7* = {Tl, T .o, T,,} from 7 to form a global join
graph G* = (7, E), such that each query Q. € Q can be success-
fully answered by querying a connected subgraph G; = (7", E;)
of G*, where 7% = U,}:[:l 7. and E* = U,ﬁil E;,k € [1,M]. That
is, each connected subgraph G| corresponds to an integrated ta-
ble sufficient for answering query Qy and the table is obtained



Table Identification Layer

T4| | Ts
T Q17Q2

=29 (@] [@;
+ @+ -n » [59] [69)

Schema Linking

Iteration 1

Graph-based Validation Layer
2
Tq — T4 —@

To—To-&
NULL »
Iteration 2 Gz

G

Table Transformation Layer

ReAct - Each Batch
Validate
& O >]
Transform
in parallel
Transformation

Batch-1

Parallelization —

G~G) G
ONONO
»Gi
—

Batch-2

Figure 2: The Overall Framework of EcoTable.

by integrating tables in 7,". The nodes and edges are defined as
follows:

Nodes: For each query Qy, the node set 7" = {1, f"kz, ...} con-
tains the transformed tables required to answer the query. Each
T,i € 7, is derived from a source table T,i € ¢ € 7 through the
transformation ¢1’<, ie., f‘]é = ¢1’<(T]é) In this paper, ¢1’(( -) includes
operations such as reformatting, splitting, and pivoting.

Edges: For any edge é,i(j € E, it connects two tables fk’ f",f SV
if they can be joined to answer Q. Note that G/ is connected,
corresponding to the join path, but G* might not be when different
queries are associated with totally different tables.

Example 2.2. Based on Example 1.1 and Figure 1, the mapping

to the formal graph G* is as follows:
e Query Q; is addressed by subgraph G}, with nodes 7;* =

(T, Ty, Ts, T,} and edges E: él2 e, éf4}. Each T; is the
result of the transformation ¢! (e.g., date reformatting for
T;, table pivoting for T,, and column splitting for T5).
Query Q; is addressed by subgraph G;, which involves
nodes 7,* = {f3, T4, Ts} and edges E; = {é;z, éf}. Here, Ts
is the result of the transformation ¢; (e.g., column splitting
for Ts).
e The global join graph G* = (7 E*) is defined by the

unions 7" = Ukle o and E* = UkM=1 E, forming a unified

structure that supports all analytical requirements.

Table Transformation resolves structural and semantic discrep-
ancies in data lakes.We focus on three essential operators:
Normalize standardizes data formats for consistency, e.g., convert-
ing the created_at date in Table T; from "2024/02/16" to the ISO
standard "2024-02-16" in Table T;.
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Split decomposes composite columns into atomic ones, e.g., splitting
the service_type column in Table T; (e.g., "Regular (Version 1)")
into separate service_type and version columns in Table f"s.
Pivot restructures tables by transposing unique values into new
columns, e.g., applying Pivot to T, on the change_type column
generates new column headers payment and step_id in Table .
Join Discovery identifies semantically equivalent columns across
tables to form valid join paths. Existing approaches include:

Deep learning methods (e.g., DeepJoin [10] and OmniMatch [24])
encode column profiles into vector representations and predict
the join likelihood between columns using PLMs. For example,
T,.change_type and T5.type_hint might be considered as joinable
because PLM-based methods focus more on token overlaps or string
similarities. In reality, they refer to different things: change_type
is a revision category, whereas type_hint is an interface tag (e.g.,
step_stage) denoting the record’s current workflow stage, so they
should not be joined.

LLM-based methods leverage fine-tuning [33] or prompt engineer-
ing [37] to understand table semantics and validate join relation-
ships. These methods demonstrate strong few-shot learning capabil-
ities and can handle complex semantic matching scenarios that are
challenging for traditional approaches. By reasoning over column
descriptions and data patterns, LLMs achieve robust performance
even on unseen schema or ambiguous relationships.

Given 7 and @, a straightforward way to construct G* is that
for each query Qk, we enumerate a large number of possible table
combinations from 7~ and identify the combination that can satisfy
the query, which is prohibitively expensive if we have to call LLMs
to verify whether each combination is valid. Therefore, we propose
the EcoTable framework to largely reduce the LLMs costs.




3 OVERVIEW

As illustrated in Sec. 1, EcoTable formulates the query-driven table
integration task as a join path identification and validation problem
over a graph, ensuring a balance between integration effectiveness
and LLM invocation cost. Specifically, EcoTable first constructs a
fully connected graph G = (7, E). Then, EcoTable leverages the
following three layers to integrate tables for correctly answering
the given queries. As shown in Figure 2, the first table identifica-
tion layer takes the queries as input, and outputs the table subsets
relevant to these queries. Second, the graph-based validation layer
takes these tables as input, and outputs valid join paths through
searching within the graph G, so as to connect these relevant tables.
Third, the table transformation layer takes as input these identified
join paths, applies necessary data transformation operations to
actually join each two tables and outputs the integrated tables.

3.1 Table Identification Layer

In Figure 2, for example, given two queries Q; and Q,, the module
applies schema linking to obtain the corresponding relevant table
sets TQI ={T,T;, T, } and 7('22 ={Ts, T4, Ts }, a well-studied process [4,
27, 43]. To strike a balance between accuracy and LLMs cost for
identifying these tables, we adopt a hybrid approach of combining
LLMs and deep learning models. Specifically, we first train a deep
learning model M to predict the relevance between an NL query
and a table. This model takes as input the concatenation of the
query and the table’s column names (i.e., its schema), embeds them
and outputs a relevance score. Tables with high scores are then
verified by LLMs (see Sec. 4.1 for details).

3.2 Graph-based Validation Layer

As shown in Figure 2, given the identified table subsets TQI and ‘73,
this module finds valid join paths G; and G, that connect them. As
outlined in Sec. 1, identifying such join paths is challenging because:
(1) making relevant tables joinable often requires appropriate data
transformations or added bridge tables, and (2) the search space is
large to identify the valid join path.

To address this, we formulate it as a Steiner tree search problem
based on the fully connected graph G. Initially, EcoTable uses a
deep learning model M to estimate the likelihood of joining pairs
of tables and assign these values as edge weights in the graph. After
that, for each Qg, EcoTable attempts to search a corresponding
Steiner tree from G, where (1) the nodes cover the tables in 73‘
and (2) the edges have the maximum overall joinable probability.
Naturally, this Steiner tree represents the most promising join path
in which the tables in 7'Qk could be joined to answer Qx (e.g., for
7"Ql ={T, T5, T4}, a Steiner tree introduces T; as a bridge with edges
{e12, €23, €34}, as shown in Figure 2).

However, deep learning is typically not accurate enough, so we
collect all edges from the Steiner trees corresponding to different
queries and employ LLMs for further verification. This process
leverages the fact that multiple queries may share common edges,
thereby saving LLMs costs (e.g., edge es4 appears in both 73 and
73’5 Steiner trees and requires only LLM validation once). After-
wards, we update the graph by removing edges that are deemed
unjoinable by LLMs, while assigning a weight of one to those edges
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that are confirmed as joinable. We then iteratively recompute the
Steiner trees using the updated graph and iterate the validation
process until for every query, we either find a join path that makes
the query executable or conclude that no such path exists due to
insufficient connectivity (see Section 4.2 for details).

3.3 Table Transformation Layer

Finally, in Figure 2, starting from the valid join paths G; and G,, the
module applies data transformation operations to get G; and G,,
the integrated tables used to answer queries Q; and Q,. To be spe-
cific, for each valid edge, EcoTable uses a transformation modular
component My to automatically produce executable code, defined
in a formal transformation grammar, for the two tables connected
by the edge. To improve accuracy, LLMs verify each transforma-
tion using a ReAct-style reasoning process. For all these edges, a
straightforward method is to batch multiple tables and ask LLMs to
transform them together. However, this would degrade the accuracy
due to complex chain dependencies within these tables, which is
difficult for LLMs to understand. An alternative is to sequentially
process each edge. However, this would incur high latency due
to the iterative process of ReAct. To tackle this issue, EcoTable
further introduces a graph-based parallelization strategy to identify
independent transformations that can be executed concurrently
based on the edge-coloring framework. The key observation is that
two edges can be transformed in parallel if they do not share the
same table. For example, in G;, transformations for ey, (T;-13) and
es4 (T3-Ty) can be processed in parallel (see Section 5 for details).

4 GRAPH-BASED TABLE INTEGRATION

In this section, we introduce in details how EcoTable identifies
query-related tables (Section 4.1), searches valid join paths (Sec-
tion 4.2) and leverages LLMs to verify promising join relationships
to produce finally integrated tables (Section 4.2).

4.1 Table Identification Layer

Stage 1 (PLM Table-level Selection). We fine-tune a lightweight-
compact pre-trained language model, Mg, as a cross-encoder to
compute relevance scores between a query and a table schema. Un-
like bi-encoder setups that embed queries and schemas separately,
Ms encodes them together in one sequence, allowing full-attention
interactions between the query and schema metadata. As a mod-
ular component, Ms can be instantiated flexibly with various pre-
trained backbones; in our implementation, we specifically support
RoBERTa [36], RoBERTa-Large [36], and DeBERTa-v3-Large [20].
Subsequently, for each query, i.e., Qr € Q, we choose the tables
with large relevance scores as candidates, denoted as 7;;1 4 To be
specific, we train the model on inputs of the form “query [TAB]
table_name [COL] col_1 [COL] col_2 [COL], ..”. The training pro-
cess optimizes the model to predict binary labels y; € {0,1} by
minimizing cross-entropy loss:

L =—[yilogsi + (1 —y;)log(1-s)]
where s; denotes the relevance score predicted by the model.
Overall, this step retrieves a sufficient number of tables that may
answer the queries, i.e., ensuring a high recall. However, exploring

the join pairs among this relatively large number of tables remains
computationally expensive.

1)



Stage 2 (LLMs Refinement). To address this, we employ LLMs
to refine those candidate tables. Given 7;’;1 & EcoTable performs
a fine-grained verification using the CoT reasoning capability of
LLMs. Specifically, EcoTable prompts the LLMs to reason through
the following steps:

Query Understanding. We utilize the LLMs as a query decomposer

following a one-shot prompt setting. Given a natural language
query Q, the LLMs are guided to split it into a sequence of sub-
questions qy, ¢z, - . -, gn, effectively simplifying the complex request
into atomic semantic components such as entities and attributes. For
example, for Q; in Figure 1, LLMs identify key entities as “order” and
“delivery service”, attributes such as “order_id” and “service_name”.
This decomposition captures what the query focuses on.

Schema Reasoning and Alignment. For 7;I:nd’ the LLMs use Chain-
of-Thought to evaluate each candidate table step by step. Specifi-
cally, for each decomposed semantic component, the LLM tries to
find a matching column in the table. It explicitly explains its reason-
ing, such as why a column matches a sub-question or why a table is
missing the required information. If a candidate table cannot match
any necessary components, the LLM rejects it. For example, for Qy,
LLMs reason that the entity “order” from the query is represented
by the table Ty: Order, while its attribute “order_id” corresponds to
the column order_id in T;. In this way, LLMs reliably identify the
final verified table set ‘TQk Cc 7;};1 & which contains the tables that
are necessary to answer the query.

4.2 Graph-based Validation Layer

Given the fully-connected global join graph G = (7, E), each
edge e;; € E represents a potential join relationship between ta-
bles T; and Tj, associated with a weight that represents the join-
able probability p(e;;) € [0,1] computed by M;. Given queries
Q = {01,02,...0um}, EcoTable discover a collection of query-
specific join paths {G1, Ga, - .., Gm}, where each Gy = (T, Ex)
connects tables in ’7'Qk required to answer Q. Formally, this join
path discovery problem can be formulated as:

max i I_[ p(e,-j)x'kf

k)

k=1 e;j;€E
k k
st. Ve VLeTf: > x>, @)
eij€8(T;)
VKYSCT, S#0, ST Y xk>1
eij€¢(S)

where xfj € {0, 1} is a binary decision variable indicating whether
edge e;; is included in the join path of query Q. 6(T;) denotes
the set of edges corresponding to node T;. 7" = { Y}IEITj,xfj =1},
representing the set of tables (including the bridging tables) selected
in the join path for query Q. For a subset S C 7., #(S) denotes
the cut set of S (i.e,, the edges connecting S to its complement
T, \'S), defined as ¢$(S) = {e;; € E | T; € S,T; € 7,/ \ S}. The
first constraint ensures that the join path includes all tables in ‘73‘
for each query Qy, while the second enforces connectivity. This
optimization maximizes the sum of the overall joinability of each
query, which is computed by multiplying the join likelihoods of
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Algorithm 1: Graph-based Validation Algorithm
Input: Global weighted join graph G = (7T, E), relevant
tables for each query {‘TQl, T2 .. ‘73”}.
Output: Validated join paths {Gi, Go, . . ., Gm}-
1 EY «— 0, E « 0
2 while = ¥ E; C E* A HasTree(G, {‘7;21 73”}) do
// Step 1: Graph update
G, < UpdateGraph(G,E*,E™);
// Steps 2: LLMs validation
Ep < 0;
for k € [1..M] do
G, Tr, Ex = SteinerTree(G,, ‘73‘);
Ep « Ep U Eg;
new < Ep \ (EX UE);
for each e;; € Epe., do
if LLMValidate(e;;) = VALID then
| E* =E*U{e;);
else
| E”=E Uf{e};

|

10
11
12
13

14
15

for k € [1..M] do
L Gr = (T,E+ N Ek);
18 return {Gy, Go, ..., Gum};

16

17

edges in the query’s join path, i.e., Hel,j cE p(e,»j)xlki. In this way, we
prioritize the edges that are likely to be joined to answer queries
for LLMs to validate.

Pairwise Joinability Estimation. Following [35], EcoTable adopts
a deep learning model M; to compute p(e;;). This model serves as
an efficient but approximate estimator of joinability, providing a
prior probability for each edge. Specifically, given two columns, M;
takes input table features (e.g., metadata and column embeddings)
and outputs join probabilities in (0,1]. Designed as a modular com-
ponent, M; allows for flexible instantiation. In this work, we utilize
three models: Auto-BI [35], DeepJoin [10], and OmniMatch [24].
Formally, let C € T; and C” € T; denote two columns in tables T;
and T;. M;(C;,C;) € (0, 1] predicts the probability that C and C’
could be joined. Because the joinability between two tables often
depends on the presence of at least one pair of aligned columns,
we use the maximum pairwise similarity as a joinability score and
assign this as the weight, i.e., p(e;;) = maxcer; crer; My(C,C).
Iterative Validation with LLMs. Based on the weighted join
graph G, EcoTable utilizes the typical algorithm [23] with an ap-
proximation ratio of 2 (i.e., the KMB algorithm) to efficiently iden-
tify a Steiner tree for each query Q. Then EcoTable performs
iterative validation with LLMs to refine the accuracy of these dis-
covered Steiner trees. Specifically, at the beginning of each iteration,
EcoTable selects all unverified edges from the Steiner tree of each
query. These edges are submitted to LLMs to validate join relation-
ship. EcoTable updates the weight of the join graph G = (7, E)
accordingly as follows:
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{ew, €2s,€34} }

Figure 3: An Example of Join Path Search and Validation.

If an edge e;; passes validation, its corresponding weight
is set to 1, ensuring that EcoTable will only validate one
edge at most once.

If e;; is invalid, the edge is removed from the graph and
will not be considered in later iterations.

For the updated graph, EcoTable recomputes a maximum Steiner
tree for each query Qx and checks the unverified edges in these
new trees. This process repeats until all edges of the obtained trees
pass the verification, or no more feasible Steiner trees are available.
Remark. Since multiple queries often involve overlapping table
pairs, EcoTable caches all validated results globally. If an edge has
been validated once—either as valid or invalid—the result is reused
directly in the Steiner tree searches of other queries, eliminating
redundant LLM calls throughout the query set Q.

Algorithm Overview. Algorithm 1 summarizes the whole process
of the graph-based validation layer. EcoTable initializes two edge
sets E* and E~ to record valid and invalid joins verified before
(line 1). In each iteration (line 2), EcoTable updates the join graph
G by removing invalid edges and setting the weight of valid ones
as 1 (line 4). It then searches for a new Steiner tree for each query
over the updated graph (line 7-8). Next, the algorithm collects and
deduplicates all unverified edges from these new Steiner trees into
a candidate set Ej,, (line 9-10). Each edge is checked by LLMs.
EcoTable adds valid edges to E* and invalid ones to E~ (line 11-
15). It then uses the updated graph to recompute new Steiner trees
for all queries until all edges pass the validation or no feasible tree
remains. Finally, the algorithm outputs the validated join paths
(line 16- 18).

Remark. Because LLM-based validation is prone to hallucinations,
EcoTable further leverages majority voting for two types of criti-
cal edges: (1) edges that appear in Steiner trees corresponding to
multiple queries within the same iteration, and (2) edges whose
deletion would prevent constructing a new Steiner tree for a query
in the subsequent iteration. EcoTable makes three independent
LLM calls for each such edge and then adopts the majority decision.

Example 4.1. As shown in Figure 3, at the beginning, EcoTable
constructs the initial weighted graph G = (7, E), where the edge
weights represent the joinability score estimated by model M;. For
each query, EcoTable first searches a Steiner tree that connects

2942

all query-relevant tables with the maximum total joinability score.
The initial Steiner tree for Q; includes edges {ei, €23, €34}, while
for Q,, it covers edges {es4, e35}. In the first iteration, EcoTable
validates all unverified edges of both trees using LLM reasoning.
Since es4 appears in both trees, EcoTable makes three independent
LLM calls for it. Following the majority decision, es4 is confirmed as
valid. Simultaneously, e;; and ess are verified, while e,3 is rejected
and removed. All results are stored in the global cache. The graph
G is updated accordingly: valid edges are set to weight 1, while
invalid edges such as ey3 are removed. At this point, Q, already has
a validated join path: G, = {{T3, Ty, T5 }, {es4, €35} }. In the second
iteration, EcoTable recomputes the Steiner tree for Q; on the up-
dated graph. The new candidate tree contains edges {e;2, €24, €34 }.
Since e;; and es4 are already cached as valid, only ey, is newly ver-
ified. LLMs confirm e,4 as valid, completing the join path for Q;:
G1 = {11, T, T3, Tu}, {e12, €24, 34} }.

5 TABLE TRANSFORMATION LAYER

The table transformation layer (1) automatically generates the trans-
formation code that enables table joins (Sec. 5.1), and (2) executes
these transformations efficiently through a graph-based parallel
strategy (Sec. 5.2).

5.1 Transformation Execution
ij
k .
Mr to produce executable code to join the two columns in T} and
T]g specified by the LLM in the last layer. Specifically, Mr identifies
noise that interferes with equi-joins between the two tables and
generates transformation code to fix these inconsistencies, thereby
enabling an equi-join. As a modular component, My can be instanti-
ated flexibly with various methods, such as DTT [6], TabulaX [39],
or our proposed ReAct-style LLM agent. At a high level, the advan-
tage of our approach is that it enables the agent to autonomously
decide both when to invoke transformation operations and which
specific ones are appropriate. Before proceeding, we must first give
formal definitions of the grammars for several required operations.
Transformation Grammar. As shown in Table 1, we define 4
significant operators, organized into two functional categories:

For each edge e;’ € Ei, EcoTable uses a transformation module



Table 1: Transformation Grammar in EcoTable .

Category | Operator Operator parameters
Validate ValidateJoin source_col, target_col
Normalize [16] | input_col, target_format
Transform | Split [50] split_col, delimiter
Pivot [49] reshape_type, target_cols

Validate (O,q). Given the two columns corresponding to the ta-
bles, the ValidateJoin operator prompts the LLM to determine
whether a join between them is feasible. To support this deci-
sion, we supply the join containment ratio as a quantitative signal:
Containment(A, B) = %
after each transformation, the agent checks whether the latest op-
eration resolves inconsistencies. The procedure terminates and
returns “joined” if the LLM concludes that no additional improve-
ments can be made (for instance, when the ratio reaches 1), or when
the maximum number of iterations is reached. Otherwise, the agent
proceeds by applying further suitable operators from Oyqps.

Transform (Oyrans ). We formally define the set of transformation op-

By comparing this ratio before and

erators used to support table joins as Oy-qns = {Normalize, Split,

Pivot}. In particular, the Normalize operator allows the agent to
generate distinct transformation functions for different formats
within a single column (e.g., standardizing ISO strings and Unix
timestamps together). The Split operator breaks a string column
into two atomic columns based on a given delimiter (e.g., “_"), which
facilitates accurate matching when dealing with composite keys.
Lastly, the Pivot operator restructures the table so that schemas
are aligned for downstream join operations.

Iterative ReAct Workflow. To summarize, the agent follows an
iterative “Reason-Act-Observe” loop to join the tables. In each iter-
ation: (1) The agent analyzes whether the tables need transforma-
tions based on the observation from previous iterations as well as
current joinability score. If so, it selects the appropriate operators
from the grammar. (2) The agent executes this code to apply spe-
cific transformations to the tables. (3) The environment captures
the execution results and feedbacks the updated state. This loop
persists until either the LLM determines as joinable or the maxi-
mum iteration limit is reached. Notably, this workflow supports
multi-step transformation chains. For example, the agent can first
invoke Pivot to align the table’s overall structure. It can then apply
Normalize to resolve any remaining cell-level inconsistencies.

5.2 Parallelization Strategy

We obtain the validated Steiner trees {Gi, Go, ..., Gm} in Sec. 4,
where each Gy = (7, Ex). These trees are merged to construct
the composite graph G, = (7, E,), where 7, = UkM:1 Tr and E, =
UkM: 1 Ex. A straightforward approach is to input the entire graph
Gy to the ReAct-style agent and ask it to generate transformation
code for every edge in that graph at once. However, this would
yield suboptimal accuracy. The reason is that the tree structure
of join relationships introduces complex sequential dependencies
that make it difficult for LLMs to reason about all transformations
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G G; Batch-1
Batch-2
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G; Batch-3
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Figure 4: Parallelization Strategy

Algorithm 2: Parallel Transformation Algorithm

Input: Validated composite graph G, = (75, Ey).
Output: Final integrated join path G* = (7%, E*).
1 // Step 1: Edge batching
BatchList « Batch(G,);
T — T
E* < 0;
// Step 2: Execute batches in parallel
for each batch I; € BatchList do
for each edge e;; € I; do in parallel
(T;, T}, éi;) < ReAct_Transform( 77, e;;);
T — (T \{T T;) U {T: T);
E* «— E* U {é;};

return G* = (7%, E%);

o

1

coherently in a single pass. However, sequentially processing each
edge would incur significant latency. To address this, we propose
an iterative parallel processing strategy. In each iteration, we iden-
tify independent edges—those sharing no common nodes—within
E, and submit them to LLMs for parallel transformation. This ap-
proach ensures that transformations for independent edges can be
reasoned about concurrently without cognitive interference. The
process iterates until all edges in the join path have been processed,
effectively balancing transformation quality with computational
efficiency.

Maximizing Average Parallelism. We partition the edge set E,
into C disjoint batches {I1, L, ..., Ic}, where each batch I;,t € [1,C]
contains a set of independent edges that can be transformed in
parallel. Then, our goal is to maximize the average parallelism of
batches, which is defined as the mean number of transformations
executed per batch, i.e., % Zle |I;].

Formally, the optimization objective could be formulated as:

1 C
Etzljm

max
{I+}
C
st. U I, = Ey, ®3)
t=1

Vit#t' : LN =0,

Veij, eup €Iy : {TI,TJ} N {Tu, Tv} =0.

The second constraint ensures that the edges do not overlap be-
tween batches. The third constraint ensures that no two edges in
one batch share the same table.



Parallel Transformation Algorithm. In Equation 3, our goal is
to choose as many independent edges as possible per batch, which
corresponds to minimizing the total number of batches. This can
be regarded as the classical edge-coloring problem [22, 51], which
assigns colors to edges such that no two adjacent edges share the
same color, equivalent to our problem of finding independent edges.
The goal is to minimize the number of colors used, which corre-
sponds to the number of batches in our setting. EcoTable uses the
typical edge coloring algorithm, i.e., Vizing [51] to identify a near-
optimal list of batches (line 2, as shown in Algorithm 2). For each
batch I;, EcoTable executes all transformations in parallel using
the ReAct reasoning loop, updates transformed tables, and records
validated edges (line 3 - 10). In the end, all transformed tables and
validated edges form the final integrated join path (line 11).

Next, we provide an example to demonstrate how EcoTable orga-
nizes transformations across multiple queries into parallel batches.

Example 5.1. As shown in Figure 4, we merge the Steiner tree
G1, G2, Gs into the composite graph G,. We then apply the Vizing al-
gorithm to color the edges of G, which produces three batches of in-
dependent edges, i.e., Batch-1 = {ej, €34, €56 }, Batch-2 = {eq3, €47},
and Batch-3 = {e;5}. Each batch runs simultaneously.

6 EVALUATION

In this section, we first detail our benchmark construction process
(Sec. 6.1), followed by extensive experiments to compare EcoTable
against 6 baselines in both effectiveness and efficiency, focusing on
answering the following research questions (RQs):

ROQ1 (Sec. 6.2): How does EcoTable perform in discovering the
correct join paths compared to baseline approaches?

ROQ2 (Sec. 6.3): Can EcoTable improve the accuracy of end-to-end
SQL execution when combined with an Text-to-SQL system?
RQ3 (Sec. 6.4): How do different PLM backbones in the table iden-
tification layer affect the retrieval of relevant tables?

RQ4 (Sec. 6.5): How does the graph-based validation layer perform
in estimating joinability and balancing accuracy with cost?

RQ5 (Sec. 6.6): How effective is the ReAct-style method in generat-
ing accurate table transformations?

6.1 Experimental Settings

Datasets. We evaluate the performance of EcoTable across five
benchmark datasets, categorized two groups: four real-world indus-
trial benchmarks and a large-scale synthetic data lake. The statistics
of these datasets are summarized in Table 2.

(i) DBT Benchmarks. We derive four datasets from well-known DBT
datasets for table integration and transformation [7]. Specifically,
(1) Ad has 69 tables, 126 queries, focusing on spend, impressions,
and clicks, with 3.65 joins/query. (2) Engagement includes 56 tables,
38 queries on user engagement data, averaging 2.76 joins/query. (3)
Business comprises 90 tables, 28 financial and sales data queries,
with 4.33 joins/query. (4) Platform involves 35 tables, 24 queries
on engineering activities, averaging 2.67 joins/query. The number
of columns ranges from 2 to 389, and the number of rows ranges
from 1 to 4,033 rows, highlighting integration complexity. These
benchmarks include both equi-joins and fuzzy-joins, along with the
required table transformations to answer the queries. The construc-
tion details of these benchmarks are in the technical report [56].
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(if) NYC Data Lake. To further test the scalability of EcoTable and
its robustness, we introduce a large-scale benchmark constructed
from NYC Open Data [5]. Unlike the DBT benchmarks, this dataset
is generated to simulate a massive, messy data lake environment. It
consists of 1,214 tables and 800 queries, featuring different types of
noise and a large search space designed to challenge table identifi-
cation and join path discovery algorithms. The benchmark includes
248 equi-joins, 204 fuzzy joins, and 2,440 table transformations,
making it significantly more difficult than the DBT benchmarks.
The detailed generation process for this benchmark is provided in
the technical report [56].

Baselines. We compare EcoTable with various baselines, including
existing methods and variants of our own approach.

(1) Auto-BI [35] identifies a join path using deep learning mod-
els given multiple tables. For fair comparison, we apply our table
identification layer to capture query-relevant tables. Auto-BI then
optimizes the join path by targeting these relevant tables.

(2) Auto-Prep [25] jointly predicts transformations and join paths
with dual deep-learning models. It also considers the entire data
lake tables rather than focusing on tables specific to an NL query.
To ensure a fair comparison, we utilize our table identification
layer to identify the tables relevant to the query. Subsequently,
Auto-Prep performs searches for transformations and joins within
these relevant tables.

(3) LLMs-Only-EcoTable (LOE) relies exclusively on LLMs for
the entire pipeline, performing table identification, join path dis-
covery, and transformation code generation without graph-based
optimization.

(4) Search-with-Greedy-Algorithm (SGA) is a variation of our
method that incrementally selects join edges with the highest join-
ability scores until all relevant tables are connected.

(5) Without-ReAct-Reasoning (WRR) is another variation that
removes the ReAct-style loop, utilizing LLMs to produce the final
transformation code directly in a single step.

(6) EcoTable is our full-fledged solution. It uses DeBERTa-v3-Large
for Mg, DeepJoin for My, and the ReAct-style agent for Mr.
Metrics. We evaluate the join path accuracy, success rate for Text-
to-SQL, average cost and average execution time across all the
datasets. (1) Join Path Accuracy. We take F1 score as the evaluation
metric. Let ta = (Tgt,Ezt) and Qﬁred = (TkPwd, Efred) denote the
ground-truth and predicted join paths for query Q, respectively.
We employ LLMs to judge whether the two edges represent the
same join relation. Then, the precision and recall are computed

d gt pred gt
|EPT¢“nEI") |EP"nEIY .
as Prey = %and Recy = —k T k_ respectively. The F1
E
k k
. _ 2xPreg XRecy P
score for Q is F1y = Prep +Recy The overall accuracy is F1 =

ﬁ Z;cw:l F1i, where M is the total number of queries. (2) Success
Rate for Text-to-SQL. We follow [28] to adopt the success rate (SR)
metric, which is commonly used in Text-to-SQL evaluation [28]
to measure the fraction of queries that are correctly answered. (3)
Transformation F1-score. Following [6], we evaluate transformation
quality by comparing the system-generated join cell pairs with the
ground-truth pairs . (4) Average Cost. For each query Q, let Cx
represent the total expense incurred by all LLM calls, which is
calculated based on the API pricing [1, 40] calculated considering
token usage. The average cost is determined as C= ﬁ ZQ/[: 1 Ck. (5)



Table 2: Statistics of Datasets.

Dataset H #Tables #Queries Max/Min/Avg. Cols Max/Min/Avg. Rows Avg. Tables/Joins H Equi Fuzzy Transf.
Ad [11] 69 126 86/3/19.51 2630/1/99.51 4.65/3.65 65 17 17
Engagement [13] 56 38 48 /3/14.11 100/1/20.32 3.76 / 2.76 28 10 10
Business [12] 90 28 389/ 2/ 48.66 4033 /1/100.48 5.33/4.33 13 7 7
Platform [15] 35 24 15/3/7.43 200/1/38.29 3.67/2.67 11 8 8
NYC Data Lake [14] 1214 800 219/1/19.67 480/1/183.58 5.04/4.14 248 204 2440
Cost-Aware Utility score (CAU). This score combines the F1 score (72 Auo-BI EH Auo-Prep Wl LOE ES SGA B WRR EcoTable
and the normalized cost efficiency using a weight factor « to balance 1o
P Cost—Costmin 0.8
their importance: CAU = ¢ - F1+ (1 - a) - (1 - W) ®
We set a = 0.8 in this paper. ;%Z'j
=0
02
6.2 Comparison with Baselines (RQ1) 00 3
Ad Engagement  Business Platform

6.2.1 Join Path Accuracy w.r.t. All Queries. Figure 5 reports the av-
erage F1 scores in join path accuracy with baselines. These methods
are ranked as follows : EcoTable ~ LOE ~ SGA > WRR > Auto-Prep
> Auto-BI.

EcoTable and LOE achieve the highest F1 scores among all base-
lines. LOE performs well because it leverages the powerful reason-
ing capabilities of LLMs to perform end-to-end join path discovery.
EcoTable is competitive to LOE but incurs significantly lower costs.
This is achieved by integrating a lightweight deep learning model
with a Steiner tree formulation to identify a highly probable join
path, which is then validated by LLMs solely on this path, thus
reducing unnecessary LLMs calls while preserving high quality.
Empirically, SGA and EcoTable achieve similar F1 because SGA also
uses LLMs to validate edges but incurs higher costs because of the
suboptimal edge selection strategy. Compared to WRR, EcoTable
attains higher accuracy. because the ReAct mechanism effectively
enables LLMs to detect and fix local reasoning errors during the
transformation generation process.

EcoTable performs better than Auto-BI, for instance, on Ad,
EcoTable achieves an F1 score of 79.2%, significantly outperforming
Auto-BI (21.5%). This is due to (1) Auto-BI failing to consider
table transformations, leading to a failure in joining two tables,
and (2) Auto-BI depending solely on a deep model to estimate
pairwise joinability. In contrast, EcoTable incorporates both table
transformations and join path discovery using LLMs.

Notably, on NYC dataset, EcoTable and SGA outperform LOE,
which is different from the observations in other benchmarks. The
F1-score of LOE drops to 52% because its initial schema linking step
introduces many query-irrelevant tables that significantly reduce
precision. In contrast, EcoTable maintains a high F1 score of 65%
by using a deep learning model to filter irrelevant tables, which
ensures high recall while preventing LLM performance degradation
due to the large number of noisy tables. Consequently, EcoTable
proves more robust than end-to-end LLM methods when dealing
with large-scale data lakes containing noisy data.

6.2.2 Average Cost. Figure 6 reports the average cost compared
with baselines. EcoTable demonstrates a significant advantage in
cost-efficiency compared to all baseline methods.
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Figure 5: Comparison of Join Path Accuracy (F1 Score).
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Figure 6: Comparison of Token Cost per Query.

EcoTable has substantially lower cost than LOE. On average for
all datasets, EcoTable reduces token cost by about 5.3X compared
to the greedy baseline SGA. This is because EcoTable leverages the
Steiner-tree to achieve a global optimal edge selection, i.e., always
identifying the most likely join paths for user-specified queries
to validate. EcoTable also remains cheaper than LOE, which relies
on end-to-end LLM exploration of the entire join space. Auto-BI
and Auto-Prep use fewer costs because they only use LLMs for
relevant table identification. However, they are not accurate enough,
as illustrated in Sec. 6.2.1. EcoTable is slightly more expensive
than WRR because the ReAct reasoning loop in EcoTable involves
multiple iterative LLMs calls per transformation. However, the
transformation code generated in a single LLM call often produces
erroneous code due to a lack of execution feedback and step-by-step
reasoning, resulting in a low F1 score of WRR. On the NYC dataset,
the cost of EcoTable rises because the join validation algorithm
may exhaustively traverse edges to find a valid path in a large
search space. To improve scalability, Section 6.4 presents a variant
of EcoTable with a sophisticated edge pruning strategy tailored
for massive data lakes.

6.3 Integration with Text-to-SQL Systems (RQ2)

We evaluate how our method affects the SQL execution accuracy
when integrated with a Text-to-SQL model. We integrate our method
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Figure 7: End-to-end SQL Success Rate.

with variant Text-to-SQL methods, including ReFoRCE [8], MAC-
SQL [52], RSL-SQL [4] and Spider-Agent [28]. Due to space limita-
tion, we only illustrate the results on the execution accuracy when
integrated with ReFoRCE and put other results into our technical
report [56]. Furthermore, we compare EcoTable with the following
baselines:

(1) Auto-BI + ReFoRCE (B+R) combines the join paths identified

by Auto-BI with ReFoRCE.

Auto-Prep + ReFoRCE (P+R) merges the join paths detected

by Auto-Prep with ReFoRCE.

LOE + ReFoRCE (L+R) integrates the join paths found by LOE

with ReFoRCE.

SGA + ReFoRCE (S+R) incorporates the join paths generated

by SGA with ReFoRCE.

WRR + ReFoRCE (W+R) leverages the join paths produced by

WRR with ReFoRCE.

(6) EcoTable + ReFoRCE (Eco+R) uses EcoTable to obtain veri-
fied join paths for ReFoRCE.

In Figure 7, our approach Eco+R achieves a competitive success
rate compared to S+R and L+R across most datasets, but with signif-
icantly lower costs as illustrated in Sec. 6.2.2. Eco+R outperforms
both B+R and P+R because both methods adopt a deep learning
model to estimate pairwise joinability without LLMs validation,
thus introducing incorrect join relationships to the Text-to-SQL
model. Eco+R outperforms W+R because its ReAct-based transfor-
mations effectively resolve data inconsistencies, providing clean
tables that enable the Text-to-SQL model to generate executable and
correct answers for the query. Empirically, L+R and Eco+R achieve
similar success rates on DBT benchmarks. However, on the NYC
dataset, the performance of L+R drops because it introduces many
query-irrelevant tables, which confuses the Text-to-SQL model and
leads to incorrect join logic in the generated SQL.

6.4 Eval. of Table Identification Layer (RQ3)

We evaluate how different PLMs used in the table identification
layer affect the results by comparing multiple state-of-the-art mod-
els. In particular, we evaluate RoBERTa [36], RoBERTa-1large [36],
and DeBERTa-v3-Large [20]. As shown in Figure 8, These three
models achieve similar accuracy and cost although DeBERTa-v3-
Large uses a larger model, because we subsequently leverage the
LLM to verify the results, which demonstrates that EcoTable is
robust on the model used for schema linking.
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Figure 8: Evaluation of Table Identification Layer.
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Figure 9: Evaluation of Graph-based Validation Layer.

6.5 Eval. of Graph-based Validation Layer (RQ4)

We conduct a comprehensive evaluation of the Graph-based Valida-
tion Layer to validate the effectiveness of our joinability estimation
module. Specifically, we compare EcoTable against the following
methods:

(1) Auto-BIwp [35] takes a pair of columns, encodes them with 24
handcrafted features and feeds them into a four-layer MLP to
produce a probability.

Auto-BIxges [35] relies on the same set of 24 manually engi-
neered features, but performs classification using a Gradient
Boosting Decision Tree estimators.

OmniMatch [24] encodes each table column using statistical
features and contextual embeddings learned with a Relational
Graph Convolutional Network, which aggregates information
from similar columns to refine their vectors and then computes
distances between these vectors as a joinability probability.
DeepJoin [10] converts table columns into textual sequences. It
then applies a pre-trained MPNet model to obtain dense vector
embeddings and assesses joinability by computing the cosine
similarity between them.

@

©)

©

We can observe from Figure 9 that DeepJoin and OmniMatch achieve
a higher accuracy than Auto-BI because it leverages the pre-trained
language model to compute the joinability, while Auto-BI just uses
the hand-crafted features. Auto-BI also costs more because its low
accuracy causes the LLM to check more edges.

6.6 Eval. of Table Transformation Layer (RQ5)

To evaluate the accuracy of our ReAct-style method in the table
transformation layer, we conduct a standalone evaluation compar-
ing it against two automated baselines, i.e., DTT [6] and TabulaX [39]
using the Transformation F1-score.
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Figure 10: Evaluation of Table Transformation Layer.

As shown in Figure 10, EcoTable achieves a higher Transfor-
mation F1-score than both baselines because the ReAct-style rea-
soning dynamically composes atomic operators to resolve complex
inconsistencies, whereas one-shot approaches like DTT and TabulaX
struggle with unpredictable structural noise.

7 RELATED WORKS

Text-to-SQL. Modern Text-to-SQL methods primarily follow two

paradigms: fine-tuning, which adapts models to specific database

schemas [29, 30, 45] and LLM-based prompting, which leverages in-
context reasoning without parameter updates [26, 43, 61].As more

challenging benchmarks such as Spider 2.0 [28] and BIRD [31]

emerge, recent work increasingly focuses on strengthening reason-
ing. For instance, RSL-SQL [4] targets the semantic gap through
schema linking, while MAC-SQL [52] and ReFoRCE [8] employ
multi-agent interaction and iterative refinement to address ambigu-
ous queries. Despite these advances, existing approaches assume

that the databases that perfectly support user queries exist apri-
ori, while our work targets lightly structured data lakes where no
database schema is available beforehand.

Joinable Table Discovery. Discovering joinable tables in data
lakes is essential for data integration. Its key component is to
compute the joinability between two tables, which is also a sig-
nificant step in our graph-based validation layer. To be specific,
early approaches such as Josie [63] and LSH Ensemble [65] rely
on set-level overlap between column values to measure the join-
ability. Pexeso [9] and DeepJoin [10] leverage semantic embed-
dings from pre-trained language models to capture fuzzy joinability.
OmniMatch [24] encodes each table column using statistical fea-
tures and contextual embeddings learned with a Relational Graph
Convolutional Network, which aggregates information from sim-
ilar columns to refine their vectors and then computes distances
between these vectors as a joinability probability. Besides, schema
matching methods (2, 37, 42, 47] could also be utilized to compute
the joinability based on the matching scores between two columns.
In contrast to these methods, which use a table to identify join-
able tables in a data lake, we focus on processing natural language
queries to integrate multiple tables within a data lake.

Table Transformation. Table transformation methods fall into
two main categories: traditional methods [6, 58, 64] and LLM-
based methods [33, 39]. For the former, early approaches like Auto-
Join [64] and Auto-Pipeline [59] rely on predefined operators and

2947

structural metadata to automate join discovery and pipeline con-
struction, but are constrained by fixed operator sets. DTT [6] in-
stead fine-tunes the PLM in an example-driven way to reformat
data values. Among LLM-based methods, TableGPT [33] improves
performance on table-related tasks via instruction tuning, while
TabulaX [39] classifies columns into four transformation types
and applies chain-of-thought reasoning to generate interpretable
functions. Unlike prior methods, we directly transform two given
tables into a unified format that directly supports equi-joins for the
specific join needs of each query.

8 CONCLUSION

We introduced EcoTable, a cost-effective framework for integrating
data lake tables via natural language queries. EcoTable uses a
graph-based framework, combining lightweight models with LLMs
to efficiently narrow the search space and minimize costly LLM
calls through prioritized validation. Experiments show EcoTable
achieves high integration accuracy but with lower costs.
Limitation. Our main focus is on queries with acyclic join graphs.
We also recognize that a table pair in real-world data lakes might
have several join relationships. In this case, maximizing joint join-
ability might identify a PK-FK join, which is not the right one for
the given query. Although it is not perfect, maximizing joint join-
ability is still a reasonable way to identify from a large search space
a path candidate that is very likely to successfully answer the query.
Otherwise, the search cost will be prohibitive. To alleviate this issue,
the identified path is only treated as a candidate. The LLM then
checks the join relationships along the selected path, and if an edge
is identified as non-joinable, our algorithm iteratively searches for
the next candidate path. This iterative verification reduces the prob-
ability of producing an invalid path. However, it cannot completely
eliminate this issue. An incorrect path may still be returned when it
consists of valid PK-FK joins that all pass the LLM verification. Our
error analysis shows that such errors account for only 2.7%-7.3% of
all errors across the five evaluated datasets. In future work, we plan
to compute the joinability score as the average of the top-k pairwise
similarities instead of only the maximum pairwise similarity, and
further verify whether the whole candidate path, rather than only
individual join relationships, can answer the query.
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