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Abstract

In the digital transformation of the petroleum industry, massive multi‑source heteroge‑
neous tables are distributed across databases, Word documents, PDF reports, and engi‑
neering systems. Their unstructured format and weakly expressed inter‑table relation‑
ships make it difficult for conventional keyword‑based or single‑table retrieval methods
to locate the complete set of tables needed for complex queries. To address this prob‑
lem, this paper proposes Relatab, a multi‑table retrieval framework based on implicit
association reasoning. Relatab first estimates query–table relevance through a dual‑level
semantic matching mechanism that combines table‑level signals, including captions and
column names, with value‑level signals weighted by entropy and CRITIC criteria. It then
constructs an implicit table graphusing column‑name and column‑content similarity, and
applies a max‑product multi‑hop propagation rule with decay and pruning to identify
complementary tables that are not directly matched by the query. Finally, direct rele‑
vance and inter‑table complementarity are fused to produce the retrieved table set. Ex‑
periments on Spider, Bird, and CementingTables show that Relatab achieves Top‑2 recall
rates of 79.21%, 61.26%, and 77.88%, respectively, outperforming DTR by 1.74, 2.33, and
1.85 percentage points. The results indicate that explicit modeling of implicit inter‑table
associations improves retrieval coverage in complex multi‑table scenarios while remain‑
ing applicable to petroleum‑domain documents.

Keywords: digital transformation; table retrieval; Natural Language Processing (NLP);
unstructured data; implicit association reasoning

1. Introduction
Against the backdrop of digital transformation in the petroleum industry, the com‑

plexity of data storage and retrieval is increasing day by day. As a prevalent form of
data representation, tables are widely utilized across various domains. Data within the
petroleum industry comprises not only structured database tables but also a vast quantity
of unstructured tables embedded within Word or PDF documents. These unstructured
tables typically lack explicit structured connections or annotations, rendering it difficult
for traditional retrieval methods to fully uncover the latent relationships between tables.
Consequently, how to efficiently retrieve such unstructured tabular data has emerged as
a critical issue demanding attention.

Table Retrieval is a crucial branch of Natural Language Processing (NLP), aimed
at rapidly locating table information relevant to user queries within large‑scale tabular
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data to accurately answer given questions [1]. Research in this field primarily focuses on
three directions.

First, traditional table retrieval models [2–4] mainly rely on keyword matching and
statistical analysis, achieving retrieval through the direct correspondence of table headers,
column names, or numerical values with the query. However, these methods struggle to
capture the deep semantic correlations between natural language queries and structured
or unstructured tables [5–8] and are sensitive to noise [9,10].

Second, methods based on pre‑trained language models [11–13] leverage the seman‑
tic understanding capabilities of these models to significantly enhance matching accuracy
between structured data and natural language queries. Nevertheless, they still depend on
table structural information and find it difficult to capture implicit associations within un‑
structureddata. Furthermore, existing studiesmostly focus on single‑table or simplemulti‑
table scenarios, with limited ability to model complex cross‑table relationships, making it
difficult to meet the requirements of complex multi‑table queries.

Third, table matching‑based retrieval methods discover relevant tables by calculating
similarity scores between input and candidate tables, making them suitable for multi‑table
associative queries. While effective for structured or semi‑structured data by relying on
explicit information such as column headers, entities, and inter‑column relationships, their
applicability is limited in unstructured data that lacks clear structural features.

How to efficiently mine implicit associations between tables and achieve effective re‑
trieval of unstructured multi‑table information has become a noteworthy issue. Figure 1
illustrates an example of unstructuredmulti‑table retrieval involving implicit associations;
the model must capture the implicit associative information within the data to obtain a set
of tables containing the necessary information.

 
Figure 1. Implicit Associations example.

To further address the aforementioned challenges, this paper proposes a table re‑
trieval method based on Implicit Association Inference. By integrating query‑tablequery–
table relevance and inter‑table correlation, this method solves the difficulty of handling
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implicit relationships in unstructured tabular data, identifying tables that are indirectly
related to the query but hold significant value for answering it.

Specifically, the process is as follows: First, the query‑tablequery–table similarity is
calculated based on semantic matching. Subsequently, inter‑table correlation is computed
by analyzing the semantic similarity or contextual connections of table contents to iden‑
tify other tables implicitly associated with the candidate tables. Finally, the two similarity
scores are combined to optimize the final table ranking and determine the result set.

Experimental results demonstrate that on the Spider, Bird, and CementingTables
datasets, the Top‑2 recall rates of the proposed method are 79.21%, 61.26%, and 77.88%,
respectively, outperforming the baseline model DTR by 1.74, 2.33, and 1.85 percentage
points. This validates the method’s ability to improve retrieval coverage in complex query
scenarios and its applicability in the petroleum domain.

Themain contributions of this study are summarized as follows. First, a task formula‑
tion for unstructured multi‑table retrieval is introduced, targeting petroleum‑domain doc‑
uments in which foreign‑key links, schemas, and annotations are often unavailable. Sec‑
ond, Relatab provides a two‑level query‑tablequery–table relevancemodel that jointly cap‑
tures global table semantics andfine‑grained value semantics. Third, an implicit inter‑table
reasoning module is designed as a pruned max‑product table graph, allowing indirectly
relevant tables to be retrieved through short high‑confidence association chains. Fourth,
experiments and diagnostic analyses on two public datasets and one private petroleum‑
domain dataset demonstrate consistent improvements over representative dense retrieval
and table retrieval baselines.

2. Related Work
2.1. Table Retrieval Models Based on Traditional Methods

In early research, Cafarella et al. [2,3] proposed models such as SimpleRank and
SCPRank, which utilize web search engines and keyword frequency (e.g., TF‑IDF) to ex‑
tract the top‑k tables from web pages. These models improve retrieval accuracy through
attribute co‑occurrence or re‑ranking mechanisms. The OCTOPUS system adopted a sim‑
ilar approach; however, due to insufficient semantic understanding, such methods fail to
capture the deep semantic relationships between queries and tables. Additionally, Venetis
et al. [4] enhanced the model’s understanding of queries by extracting class labels and
relational database metadata to attach to table columns, but this approach relies heav‑
ily on high manual annotation costs. Zhang et al. [5] utilized word or graph embedding
techniques to calculate the similarity between tables and queries, while statistical ranking
methods like BM25 [6] optimized retrieval results through fieldweighting. Trabelsi [7] em‑
ployed Bayesian networks to construct probabilistic models, and Chen [8] evaluated the
relevance of tables to queries using semi‑structured document retrieval techniques based
on field relevance or language models. However, these methods are relatively sensitive to
data noise. In unstructured data, they are easily susceptible to interference from irrelevant
columns or redundant values, leading to a decrease in retrieval accuracy.

2.2. Table Retrieval Methods Based on Pre‑Trained Language Models

With the widespread application of Pre‑trained Language Models (PLMs) in the field
of Natural Language Processing, table retrieval methods based on such models have
made significant progress in semantic understanding. Models such as TaBERT [11] and
RoBERTa [12] serialize table column names, row values, and user queries into linear in‑
puts. They generate embedding vectors through attention mechanisms and pooling op‑
erations, ranking results based on cosine similarity. However, these methods ignore the
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two‑dimensional structural information of tables (such as row‑column relationships), re‑
sulting in incomplete semantic representation of complex tables.

To address the unique structural issues of tables, researchers have developed pre‑
trained models specifically designed for tabular data. Tapas [13] extends BERT to adapt to
sparse inputs and optimizes the matching between queries and tables through a cell selec‑
tion prediction task. However, it focuses primarily on single‑table queries and struggles to
capture cross‑table implicit associations, limiting its performance in multi‑table scenarios.
TUTA [14] parses tables into a hierarchical tree structure and learns structure‑aware repre‑
sentations through tree node masking tasks, but it is highly dependent on structured data
and shows insufficient representation capability for unstructured or irregular tables. TAB‑
BIE [15] combines Bidirectional GRU (Bi‑GRU) [16] and Graph Neural Networks (GNN)
to capture cell context and cross‑table structural relationships, improving implicit associ‑
ation modeling. Nevertheless, its complex architecture significantly increases computa‑
tional costs, making it difficult to apply to large‑scale datasets.

Joint encoding methods enhance the semantic alignment between queries and tables
through multimodal interaction. TURL [17] extends table understanding to knowledge
base interactions through relevance calculation, improving semantic association capabili‑
ties; however, its reliance on external knowledge bases limits its applicability in unstruc‑
tured data scenarios that lack such support. SATR [18] fuses table content, structure, and
type features to jointly optimize retrieval and question‑answering tasks, but its ability to
reason with fused features for complex multi‑table queries is limited, making it difficult
to handle implicit associations. Table‑LLaVA [19], based on multimodal Large Language
Models, jointly encodes table images and queries, optimizingmulti‑table retrieval through
two‑stage training. While it performs excellently in various table tasks, its high training
and inference costs limit its deployment in resource‑constrained environments.

2.3. Table Retrieval Based on Table Matching

Retrieval methods based on tablematching have beenwidely applied to handlemulti‑
table association scenarios. Ahmadov et al. [20] utilized table elements (such as entities
and headers) as keywords for querying, generating more complete multi‑table associa‑
tions through table matching and candidate set merging. However, due to the reliance on
explicit keywords, this approach struggles to capture deep semantic relationships within
unstructured data. Lehmberg et al. [21] proposed a search join engine that extends in‑
put tables through column header matching, filtering and scoring candidate tables that
share column headers. Nevertheless, its inability to infer implicit inter‑table relationships
limits its applicability in unstructured scenarios. Sarma et al. [22] optimized multi‑table
associations by extending the rows (entity complementation) or columns (schema comple‑
mentation) of seed tables, calculating similarity based on entity relevance and attribute
gain. However, this method is sensitive to noise in unstructured data, leading to a decline
in retrieval accuracy. Peter et al. [23] adopted an innovative re‑ranking method that cal‑
culates query‑tablequery–table relevance and inter‑table connectivity usingMixed Integer
Programming (MIP) to infer necessary associations. Yet, it relies on structured connection
information, limiting its effectiveness in unstructured data lacking explicit fields.

To address the aforementioned challenges, this paper proposes the Relatab method.
By jointly modeling query‑tablequery–table relevance and implicit inter‑table associations,
Relatab automaticallymines latent relationshipswithin unstructured data, thereby enhanc‑
ing retrieval precision and result coverage. This approach provides a novel solution for
table retrieval in complex scenarios.
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2.4. Comparison and Positioning of Relatab

Comparedwith representative retrieval approaches, the key distinction of Relatab lies
not in replacing existing semantic encoders, but in explicitly modeling complementary re‑
lationships among multiple weakly structured tables. Dense retrieval methods (e.g., Con‑
triever, DPR, and DTR) primarily rank tables according to direct query–table relevance,
while TaBERT emphasizes stronger joint representations of tables and queries. Join‑aware
and MIP‑based approaches further exploit explicit schemas or table links, but their ef‑
fectiveness depends on structured relational information that is often absent in practical
petroleum documents. In contrast, Relatab introduces an implicit table graph constructed
from semantic column and content similarity, allowing indirectly relevant tables to be re‑
covered through high‑confidence association paths. By combining dual‑level query rele‑
vance with max‑product propagation, decay, and pruning, Relatab achieves a better bal‑
ance between retrieval precision and information coverage, providing a practical solution
for unstructured multi‑table retrieval scenarios.

3. Problem Formulation
The core task of table retrieval is to select a set of tables from a corpus containing mul‑

tiple tables, given a query Q, that are relevant to the query and capable of providing the
necessary information to answer it. Traditional table retrieval methods typically assume
that the answer to a query resides within a single table and rely on explicit matching to
calculate the direct relevance between the query and the table. However, in real‑world
applications, especially in unstructured data scenarios, queries often necessitate the inte‑
gration of content from multiple tables to derive a complete answer.

To address this challenge, this paper extends the task objective to unstructured multi‑
table retrieval. Given a query Q and a universal set of tables C, the goal is to identify the set
of tables E(Q) necessary to answer query Q. Formally, the objective can be formulated as:

E(Q) =
{

TQ,1, TQ,2, . . . , TQ,k
}

, TQ,i ∈ C, (1)

where E(Q) represents the set of tables required for the complete answer to query Q, and
C denotes the universal set of all tables.

4. Methodology
To achieve efficient retrieval of unstructured multi‑table information, this paper pro‑

poses a table retrieval method based on Implicit Association Inference. By integrating
query‑tablequery–table relevance and inter‑table correlation, this method addresses the
challenge of implicit relationships in unstructured tabular data, identifying tables that are
indirectly related to the query but hold significant value for answering it.

Specifically, the process is as follows: First, query‑table similarity is calculated based
on semantic matching. Subsequently, inter‑table correlation is computed by analyzing the
semantic similarity or contextual connections of table contents to identify other tables im‑
plicitly associated with the candidate tables. Finally, the two similarity scores are com‑
bined to optimize the final table ranking and determine the result set. The structure of this
method is illustrated in Figure 2, which presents the overall framework of the retrieval
model proposed in this paper.
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Figure 2.Model architecture diagram.

The algorithmic novelty of Relatab is the coupling between direct semantic match‑
ing and implicit association propagation. The query relevance module produces seed ev‑
idence, while the table graph module estimates whether another table is complementary
to those seeds. The final decision therefore depends on both whether a table matches the
query and whether it forms a high‑confidence association path with an already relevant ta‑
ble. This design differs from standard graph propagation because the propagated score is
query‑conditioned: a table receives complementary evidence only through paths anchored
by query‑relevant seed tables.

4.1. Query—Table Relevance

In table retrieval tasks, the calculation of query‑tablequery–table relevance is a crucial
step for evaluating the degree of matching between the two. This section proposes a query‑
tablequery–table matching framework based on a dual‑level matching mechanism (Table‑
Level andValue‑Level) to achieve semanticmatching between the query and the table. The
following subsections detail the table‑level relevance calculation, the value‑level relevance
calculation, and the comprehensive evaluation method of the two.

4.1.1. Table‑Level Relevance Calculation

Table‑level relevance calculation aims to rapidly assess the overall relevance between
a query Q and a table T, thereby filtering out a set of candidate tables. This method com‑
bines the semantic matching of table captions and column names to evaluate the global
topical relevance of the table. A schematic diagram of table‑level relevance is shown
in Figure 3.

Figure 3.Table‑Level Relevance Diagram.
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Table Title Matching: As the core identifier reflecting the theme of a table, the table
title is directly used to measure the overall semantic similarity between the query and
the table. By utilizing the SentenceBERT model, the query Q and the table title Ttitle are
transformed into embedding vectors E(Q) and E(Ttitle), respectively. The cosine similarity
between them is then calculated as the title matching score rtitle. The calculation formula
is as follows:

rtitle = sim(E(Q), E(Ttitle)), (2)

where sim() denotes the cosine similarity function. SentenceBERT generates sentence em‑
beddings with strong semantic associations; compared to traditional word embeddings
(such asWord2Vec), it is better equipped to capture global semantic relationships between
complex queries and table titles. All subsequent embedding calculations in this work are
generated using the SentenceBERT model.

Column NameMatching: Column names reflect data dimensions and thematic infor‑
mation; thus, we evaluate the semantic relevance between the query and the table’s col‑
umn names. Let the set of column names for a table T be {c1, c2, . . . , cm}, and the semantic
embedding vector for each column name ci be E(ci). Since the contribution of each col‑
umn varies, an adaptive weighting scheme is required to adjust the influence of different
columns. Here, the Entropy Weight Method (EWM) is employed to assign weights.

The EWM assigns weights by evaluating the entropy value of each column name
(based on the distribution of generated embedding vectors or vocabulary frequency). Col‑
umn names with lower information entropy (i.e., those with uneven distribution and
higher distinctiveness) are assigned higher weights wi to reflect their importance in the
table’s semantics. Finally, weight normalization ensures that ∑m

i=1 wi = 1. Compared
to other weight allocation methods, the entropy method is computationally efficient
and well‑suited for the global matching requirements of table‑level calculations involv‑
ing limited features. The final column name matching score is calculated via weighted
cosine similarity:

rcolumns =
1
m∑m

i=1 wi · sim(E(Q), E(ci)), (3)

where m denotes the total number of columns, and wi is dynamically determined by the
entropy method.

Comprehensive Matching Calculation: To comprehensively evaluate the table‑level
relevance between the query and the table, this paper performs a weighted fusion of the
table title matching score rtitle and the column name matching score rcolumns to obtain the
final table‑level relevance score:

rcoarse = α · rtitle + (1 − α)rcolumns, (4)

where α ∈ [0, 1] is a hyperparameter used to balance the importance of table title matching
and column name matching in the table‑level relevance calculation.

4.1.2. Value‑Level Relevance Calculation

Value‑level relevance calculation serves as a vital component of the multi‑table re‑
trieval method based on Implicit Association Inference. It aims to capture deeper‑level as‑
sociations by analyzing the degree of semantic matching between the query and the values
within table columns. This process compensates for the fine‑grained information that may
be overlooked by table‑level relevance (which relies primarily on table titles and column
names). A schematic diagram illustrating the value‑level relevance calculation is presented
in Figure 4.
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Figure 4.Value‑Level Relevance Computation Diagram.

In the calculation of value‑level relevance, this paper adopts a column‑oriented repre‑
sentation method, where Vj represents the set of values in the j‑th column of table T, and
Vji denotes the i‑th value within the j‑th column. Utilizing the SentenceBERT model, the
query Q and Vji are vectorized to obtain E(Q) and E

(
Vji

)
, respectively. The cosine similar‑

ity sim
(
E(Q),E

(
Vji

))
is then calculated.

By analyzing the semantic similarity between each column Vj of table T and the query
Q, the column value matching score rfine,j is derived. To precisely assign weights wji to col‑
umn values, the CRITIC method (Criteria Importance Through Intercriteria Correlation)
is employed. The CRITIC method dynamically allocates weights based on the contrast in‑
tensity (standard deviation) and conflict (correlation between columns) of the similarities.
The column value matching score is calculated using weighted cosine similarity:

r f ine,j =
∑

nj
i=1 wji · sim

(
E(Q), E

(
Vji

))
∑

nj
i=1 wji

, (5)

This score captures the local semantic matching relationship between the query and
column values, ensuring that the value‑level analysis focuses on specific content.

To comprehensively evaluate the value‑level relevance between the query and the
table, this paper further integrates the columnvaluematching scores to calculate the table’s
overall value‑level relevance score rfine. The comprehensive score is obtained through the
weighted fusion of individual column scores:

r f ine =
∑n

j=1 wj · r f ine,j

∑n
j=1 wj

, (6)

where n denotes the number of table columns, and wj is the weight of the j‑th column,
which is dynamically allocated by the Entropy Weight Method (EWM). This comprehen‑
sive score reflects the overall matching degree between the query and the table content.

4.1.3. Comprehensive Relevance Score

To comprehensively evaluate the overall relevance between the query Q and the table
T, this section integrates the table‑level relevance score rcoarse and the value‑level relevance
score rfine to formulate the final table relevance score R(T,Q). This approach balances the
table’s global topical matching (table‑level) with its local content matching (value‑level),
providing a reliable basis for the screening and ranking of candidate tables. The table
relevance score is calculated via the weighted fusion of the table‑level score and the value‑
level score as follows:

R(T, Q) = β · rcoarse + (1 − β) · r f ine, (7)
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where β ∈ [0, 1] is a weighting parameter used to balance the importance of table‑level
relevance and value‑level relevance.

Through the aforementioned weighted combination, R(T,Q) is able to fully consider
the matching performance of the table at different levels, thereby precisely identifying the
target tables most relevant to the query from the candidate tables.

In summary, the comprehensive relevance score improves the precision and coverage
of table retrieval in unstructured data through multi‑level semantic matching, laying a
solid foundation for the subsequent screening of target tables.

4.2. Inter‑Table Correlation

In table retrieval tasks, complex queries often necessitate the integration of content
from multiple tables to yield comprehensive answers. Consequently, capturing the la‑
tent associations between tables is central to achieving this objective. Within the context
of unstructured data in the petroleum industry, inter‑table relationships may be explicit
(e.g., foreign keys) or implicit (e.g., content sharing or structural consistency). These im‑
plicit relationships aremanifested through shared column names, data schemas, or seman‑
tic consistency.

This paper proposes a modeling method based on inter‑table correlation, specifically
designed to mine implicit associations within unstructured data. This section unfolds in
two aspects: first, Inter‑Table Similarity Calculation, which evaluates the similarity of col‑
umnvalues between two tables; and second, ChainRelationshipModeling, which captures
implicit relationships across multiple tables by constructing multi‑hop paths.

4.2.1. Inter‑Table Similarity Calculation

Inter‑table similarity calculation is a pivotal step in assessing the correlation between
two tables and serves as a prerequisite for measuring implicit inter‑table associations. This
section identifies inter‑table associations by modeling the semantic consistency of column
names and column contents between tables.

Let the sets of column names for Table A and Table B be {ca1, ca2, . . . , cam} and
{cb1, cb2, . . . , cbn}, respectively. Here, cai and cbj denote the column names of the i‑th col‑
umn in Table A and the j‑th column in Table B. Column name similarity measures the
semantic consistency of the column names, which typically reflect the primary informa‑
tional content of the table. Using the SentenceBERT model, the embedding vectors E(cai)
and E(cbj) corresponding to column names cai and cbj are generated. The column name
similarity simname(cai, cbj) is defined as the cosine similarity between the vectors E(cai)
and E(cbj).

Column content similarity measures the semantic consistency between the contents
(value sets) of two columns. Assuming the contents of columns cai and cbj are value sets
Vcai and Vcbj , which are transformed into corresponding embedding vectors E(Vcai) and
E(Vcbj), the column content similarity simcontent(cai, cbj) is defined as:

simcontent(cai, cbj) = sim(E(Vcai ), E(Vcbj)), (8)

where E(Vcai) and E(Vcbj) are the average embedding vectors of the value sets (obtained
by performing Mean Pooling on all value embeddings).

By integrating column name similarity and column content similarity, the final simi‑
larity for a column pair, denoted as simcolumn(cai, cbj), is defined as:

simcolumn(cai, cbj) = γ · simname(cai, cbj) + (1 − γ) · simcontent(cai, cbj) (9)
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whereγ ∈ [0, 1] is a hyperparameter used to balance theweights of columnname similarity
and column content similarity. The calculation of comprehensive inter‑column similarity
is illustrated in Figure 5.

Figure 5. Inter‑Column Integrated Similarity Computation Diagram.

The overall similarity Rtable(A,B) between Table A and Table B is defined as the max‑
imum value among all column similarities. This approach is designed to highlight the
strongest column association between the two tables. The calculation formula is:

Rtable(A, B) = max
ai∈A,bj∈B

simcolumn(cai, cbj), (10)

By employing the above method, inter‑table similarity quantifies the overall corre‑
lation between tables from the dual dimensions of column names and column contents,
thereby enhancing the capability to capture implicit complementary relationships within
unstructured data.

4.2.2. Chain Relationship Modeling

Section 4.2.1 described the calculation method for the inter‑table correlation between
two tables. However, relying solely on direct inter‑table correlation cannot fully capture
complex table relationships. For instance, if Table T1 is associated with Table T2, and T2 is
further associated with Table T3, is there an implicit association between T1 and T3? Such
indirect, cross‑table association relationships are difficult to reveal through single pairwise
analysis. To this end, Chain Relationship Modeling is introduced to mine implicit connec‑
tions between tables through multi‑hop association paths, constructing a broader repre‑
sentation of inter‑table relationships, which helps improve the coverage and precision of
multi‑table retrieval.

A chain is defined as a path of tables connected by implicit associations. A single‑hop
chain Ti → Tj indicates that Ti and Tj have an implicit association, while amulti‑hop chain
Ti → Ti+1 → . . . → Tj indicates an association between Ti and Tj via intermediate tables.
The similarity of a chain is calculated by the accumulation of similarity scores for each hop,
while introducing a decay factor λ to control the influence of indirect relationships, causing
them to weaken gradually. The similarity of a single‑hop chain is defined by Equation (11).
The similarity of a d‑hop chain is defined as:

R(Ti, Tj) = λd−1 · ∏d
k=i sim(Tk, Tk+1), (11)

where d is the number of hops in the chain, and Tk and Tk+1 are two adjacent tables in the
chain; sim(Tk,Tk+1) denotes the similarity between adjacent tables.

To avoid introducing noise and improve computational efficiency, this paper imposes
the following constraints on the calculation of multi‑hop chains: First, a maximum hop
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limit dmax is set to control the range of chain propagation, ensuring computational effec‑
tiveness. Second, a similarity threshold θ is established, retaining only chain paths with
similarity scores greater than θ, thereby pruning low‑quality chains. Furthermore, when
multiple chains may connect Ti and Tj via different paths, the chain with the highest simi‑
larity is selected as the final score:

Rtable(Ti, Tj) = max
chains

(R(Ti, Tj)), (12)

To efficiently calculate the relevance of multi‑hop chains, this study introduces an
inter‑table similarity matrix S. The element S[i, j] of matrix S represents the similarity be‑
tween table Ti and Tj. Leveraging the transitive property of matrices, the similarity of
multi‑hop paths can be computed rapidly. A single‑hop chain corresponds to the similar‑
itymatrix S itself, while a two‑hop chain can be derived through the transmission ofmatrix
S. In general, the correlation of a d‑hop path can be expressed as:

Sd[i, j] = max
k∈{1,2,...,N}

(Sd−1[i, k] · S[k, j]), (13)

where k represents the index of the intermediate table, and N denotes the total number of
tables. Finally, the similarity of multi‑hop chains is calculated using the following formula:

Rtable(Ti, Tj) = max
d=1,...,dmax

(λd−1 · Sd[i, j]), (14)

This method avoids the explicit enumeration of all chains; instead, it models the sim‑
ilarity of all possible chains through efficient matrix operations. Combined with the max‑
imum similarity selection operation, it retains the path with the highest similarity score
among multi‑hop chains.

Although long chains can capture deeper complementary information, they may in‑
troduce noise. Therefore, by limiting the maximum number of hops dmax and setting
the similarity threshold θ, the precision and efficiency of chain relationship modeling
are ensured.

Themultiplication of edge similarities follows a reliability interpretation: a multi‑hop
association should be strong only when every edge along the path is reliable. A single
weak edge lowers the total path score, which is desirable in noisy unstructured tables.
The maximum‑path selection is used because retrieval requires identifying the strongest
explanatory association rather than accumulating many weak paths that may be seman‑
tically unrelated. This is different from random walks or Personalized PageRank, which
distribute probability mass over many paths and may over‑amplify high‑degree tables.
Compared with Graph Neural Networks and attention‑based propagation, the proposed
rule is parameter‑light, does not require graph‑label supervision, and is easier to deploy in
small private‑domain datasets. These choices make Relatab suitable for petroleum docu‑
ments where labeled multi‑table associations are limited and reproducibility is important.

4.3. Comprehensive Table Scoring and Target Table Selection

To achieve effective screening of candidate tables, this paper proposes a target table
selection method based on comprehensive scoring. This method balances the weights of
direct query‑tablequery–table relevance and inter‑table complementary relevance to com‑
prehensively evaluate the overallmatching degree between candidate tables and the query,
thereby providing robust support for the subsequent selection of target tables.
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4.3.1. Comprehensive Score Calculation

In table retrieval tasks, obtaining a set of target tables capable of completely answer‑
ing a user query requires the integrated consideration of both Query‑TableQuery–Table
Relevance and Inter‑Table Correlation. Direct query‑tablequery–table relevance reflects
the degree of semantic matching between the table and the query, whereas inter‑table cor‑
relation is utilized to identify complementary tables that are closely associated with the
tables directly relevant to the query. By fusing these two types of relevance scores, the
proposed method can comprehensively evaluate the composite relevance of candidate ta‑
bles, ultimately selecting a table set that can both directly answer the query and provide
supplementary information.

The calculation of the comprehensive score is divided into two steps: first, determin‑
ing the initial table set Tinit; second, calculating the direct relevance and complementarity
scores for the candidate tables. The initial table set Tinit is composed of tables that have high
direct relevance to the query Q, filtered via the query‑tablequery–table relevance score.
Specifically, a table Ti ∈ Tinit must satisfy the following condition:

Tinit =
{

Ti | Rquery(Ti, Q) ≥ τ
}

, (15)

where τ is the threshold for direct query relevance.
For each candidate table Tj (representing a specific table in the candidate set C), its

direct relevance to the query, Rquery
(
Tj,Q

)
, is calculated first. This score reflects whether

the table directly answers the query content. The direct query relevance combines both
table‑level and value‑level similarity scores (refer to Sections 4.1.2 and 4.1.3).

After completing the calculation of direct query relevance, the complementarity of Tj
with respect to the initial table set Tinit is evaluated. The complementarity score is mea‑
sured via the inter‑table correlation Rtable

(
Tj,Ti

)
, where Ti ∈ Tinit. Specifically, the com‑

plementarity score for Tj is defined as:

Rsupplement(Tj, Q) = max
Ti∈Tinit

[Rquery(Ti, Q) · Rtable(Tj, Ti)], (16)

Using the maximum value to calculate the complementarity score between the can‑
didate table Tj and the most relevant table in Tinit allows the model to focus on the
strongest association path between Tj and the query, thereby avoiding the introduction
of noise fromweak associations. The inter‑table correlation Rtable

(
Tj,Ti

)
is defined based

on Sections 4.2.1 and 4.2.2, reflecting the strength of implicit associations between the
two tables.

Finally, by integrating the direct relevance score and the complementarity score, the
final comprehensive relevance score Rfinal

(
Tj,Q

)
for the candidate table Tj is calculated as:

R f inal
(
Tj, Q

)
= Rquery

(
Tj, Q

)
+ x · Rsupplement

(
Tj, Q

)
, (17)

where x is a hyperparameter used to balance the importance of direct query relevance and
complementary relationships.

Through the above process, the comprehensive score fully reflects the candidate ta‑
ble’s ability to directly answer the query as well as its potential to provide additional infor‑
mation through inter‑table complementarity, laying a solid foundation for the subsequent
ranking and screening of target tables.

4.3.2. Target Table Selection

Upon completion of the calculation of the comprehensive relevance score Rfinal
(
Tj,Q

)
,

a straightforward threshold strategy can be adopted for the selection of target tables.
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Specifically, only tables with scores exceeding a preset threshold ϕ are retained to form
the target table set E(Q). The selection rule is defined as:

E(Q) =
{

Tj | R f inal
(
Tj, Q

)
≥ ϕ

}
, (18)

where ϕ represents the minimum threshold for the comprehensive score, which can be
configured according to the specific requirements of the task. The introduction of this
threshold effectively filters out tables with low relevance to the query Q, thereby ensuring
the quality of the target table set.

5. Experimental Design and Result Analysis
5.1. Evaluation Metrics

To comprehensively evaluate the performance of table retrieval, this paper adopts
Precision, Recall, F1‑score, and Normalized Discounted Cumulative Gain (NDCG) as stan‑
dard evaluation metrics. These metrics effectively measure the system’s performance in
terms of retrieval precision, coverage, and comprehensive capability, making them suit‑
able for evaluating multi‑table retrieval tasks based on implicit relationships.

Among them, NDCG primarily emphasizes the ranking order of the returned results;
that is, strongly relevant results should be positioned earlier in the list. The relevance score
of each item in the returned result list is termed as “gain”. Considering the positional
influence of each item—where items appearing later are subject to a greater discount—the
Discounted Cumulative Gain (DCG) is calculated. The calculation formula is as follows:

DCGk = ∑k
i=1

rel(i)
log2(i + 1)

, (19)

where k represents the number of returned items, and rel(i) denotes the relevance score of
the i‑th item.

Since the number of results returned by different queries varies, DCG is merely a cu‑
mulative value, making it difficult to compare performance across different queries. There‑
fore, normalization is required to derive the NDCG. The calculation formula is as follows:

NDCG =
DCG
IDCG

, (20)

where IDCG (Ideal DCG) represents the optimal ranking result obtained by sorting the
DCG based on rel(i) in descending order.

5.2. Datasets
5.2.1. Private Dataset in the Petroleum Domain

The CementingTables dataset is constructed following the format of the WikiTable
dataset, based on tables extracted from documents regarding a cementing platform pro‑
vided by a certain oil company. The queries in this dataset were formulated by relevant
personnel from the School of Petroleum and actual users of the laboratory’s cementing en‑
gineering system. This dataset consists of a total of 2341 query‑tablequery–table pairs. Its
specific format is illustrated in Figure 6.

For readability, the example in Figure 6 is presented bilingually. The query “BZ23
basic data” corresponds to the original Chinese query “BZ23的基本数据”; the fields include
well name, hole size, well depth, wellbore capacity, drill pipe size, cement plug top depth,
and cement plug bottom depth.
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5.2.2. Public Datasets

Currently, public datasets for large‑scale multi‑table retrieval tasks are relatively
scarce. Taking KaggleDBQA [24] as an example, it contains only 26 query samples in‑
volving multiple tables, which fails to meet the requirements of this study. Therefore, this
paper selects Text2SQL datasets as the basis for constructing a multi‑table retrieval dataset.
Such datasets possess rich examples of multi‑table queries and can provide effective sup‑
port for research on multi‑table retrieval tasks.

In terms of dataset construction, this paper adopts the method of Chen et al. [25],
selecting Spider [26] and Bird [27], two representative Text2SQL datasets, as evaluation
objects. These two datasets organize data using a topic‑partitioning strategy, where each
topic corresponds to a database (containing an average of 5.4 data tables) and provides a
corresponding set of queries.

To construct an unstructured implicit association dataset suitable for multi‑table re‑
trieval tasks, this paper processes the Spider and Bird datasets based on the following steps:

Corpus Integration: First, tables are integrated into a unified corpus while retaining
unstructured characteristics (such as irregular headers and missing fields) to simulate sce‑
narios involving Word or PPT documents.

Constraint Removal and Renaming: Second, all foreign key constraints and metadata
are removed. Associated fields are replaced with names that are semantically similar but
distinct (e.g., changing “dept_id” to “dept_code”). This compels themodel tomine implicit
associations through semantic reasoning.

Query Filtering: Finally, multi‑table queries are filtered to exclude single‑table
queries, retaining only complex queries that require cross‑table reasoning.

After processing, Spider contains 3563 queries and 287 tables, while Bird contains
6395 queries and 390 tables, constituting an unstructured multi‑table retrieval dataset suit‑
able for mining implicit associations. Table 1 summarizes the details of the datasets.

Table 1. Statistics of multi‑table retrieval.

Dataset Train Valid

Bird 4476 639
Spider 2494 356

5.3. Experimental Setup

The experiment utilizes SentenceBERT, specifically the pre‑trained model sentence‑
transformers/all‑MiniLM‑L6‑v2, to provide efficient sentence embedding generation. The
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training settings include the use of the AdamW optimizer with a learning rate of 2 × 10−5.
The model is trained for 10 epochs with a Batch Size of 16 and 100 Warmup Steps. All
parameters were optimized on the validation set.

5.4. Baseline Models

To verify the effectiveness of the proposed multi‑table retrieval method based on im‑
plicit association inference in unstructured data, this paper selected multiple classic mod‑
els for comparison on the same dataset. The chosen baseline models include Contriever‑
msmarco3 [28], TaBERT [11], DPR [29], and DTR [30]. These models represent mainstream
approaches for text retrieval and semi‑structured/unstructured table retrieval, respectively.
The aim is to highlight the advantages of the proposed method in handling implicit asso‑
ciations in unstructured data through comparison.

5.5. Main Experimental Results

To validate the effectiveness of the Relatab model (based on implicit inter‑table re‑
lationship inference) in multi‑table retrieval, comparative experiments were conducted
against baseline models (Contriever‑msmarco3, TaBERT, DPR, and DTR) on the public
datasets Spider and Bird. As shown in Table 2, the experimental results indicate that Re‑
latab outperforms the baseline models in terms of Precision, Recall, and F1‑score in both
Top‑2 and Top‑5 scenarios.

Table 2.Hyperparameter configurations used in the experiments.

Parameter Meaning Candidate Range Selected Value

alpha Title vs. column‑name relevance in Equation (4) 0.1 to 0.9 0.50

beta Table‑level vs. value‑level relevance in Equation (7) 0.1 to 0.9 0.60

gamma Column‑name vs. content similarity in Equation (9) 0.1 to 0.9 0.40

x Complementary inter‑table score weight in Equation (17) 0.1 to 0.9 0.30

lambda Multi‑hop decay factor in Equation (14) 0.1 to 0.9 0.70

tau Initial query‑relevance threshold in Equation (15) 0.50 to 0.80 0.65

theta Inter‑table path pruning threshold 0.30 to 0.60 0.45

phi Final target‑table selection threshold in Equation (18) 0.60 to 0.80 0.70

dmax Maximum association‑chain length 1 to 4 2

On the Spider dataset, Relatab’s Top‑2 Recall reached 79.21%, exceeding DTR by
1.74 percentage points; the F1‑score reached 80.34%, exceeding DTR by 0.93 percentage
points, demonstrating strong semantic matching capability in handling complex multi‑
table queries. The Top‑5 Recall reached 97.55%, exceeding DTR by 1.67 percentage points,
highlighting its advantage in coverage. This indicates that the algorithm achieves a supe‑
rior ranking result.

On the Bird dataset, Relatab’s Top‑2 Recall was 61.26%, surpassing DTR by 2.33 per‑
centage points; the F1‑score was 63.28%, surpassing DTR by 1.48 percentage points; and
the Top‑5 Recall reached 85.47%, surpassing DTR by 2.49 percentage points, further re‑
flecting its coverage capability in multi‑table retrieval. The NDCG@2 and NDCG@5 met‑
rics were higher than those of the baseline models across all datasets, indicating that the
proposed method possesses high ranking quality. The experimental results demonstrate
that Relatab holds unique value in multi‑table retrieval within the domain of unstructured
data, providing a more effective solution for complex multi‑table queries.
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To verify the effectiveness of chain relationship modeling in table retrieval, this pa‑
per compared the F1‑score performance on the Spider and Bird datasets under different
maximum hop counts (dmax = 1, 2, 3, 4) to analyze their impact on retrieval performance.
As shown in Table 3, the results indicate that dmax = 2 is the optimal setting for mining
implicit associations in unstructured data. As dmax increases beyond this point, the F1‑
score shows a downward trend, suggesting that overly long chains may introduce noise
or redundant associations, affecting retrieval accuracy. When dmax = 1, the F1‑score is
lower than that of dmax = 2, because with a small hop count, the model can only capture
direct associations and fails to fully mine deeper implicit inter‑table relationships, leading
to limited retrieval capability. The variation in F1‑score further validates the robustness of
Relatab in unstructured data.
Table 3.Comparative experimental results of this method with baseline methods.

Dataset Model
Top‑2 Top‑5

NDCG@2 NDCG@5
P R F1 P R F1

Spider

Contriever 76.29 72.78 74.49 39.84 93.38 55.85 76.07 71.57
TaBERT 78.59 72.79 75.58 40.76 93.67 56.80 77.01 72.33
DPR 81.20 77.23 79.15 40.93 94.97 57.47 82.72 72.64
DTR 81.45 77.47 79.41 41.05 95.88 57.49 83.88 72.84

Relatab (Ours) 81.50 79.21 80.34 40.88 97.55 57.62 84.61 73.96

Bird

Contriever 65.03 59.46 62.12 37.04 82.96 51.21 70.63 67.27
TaBERT 66.23 59.17 62.50 37.96 83.21 52.14 72.25 68.08
DPR 64.75 58.70 61.58 37.11 82.72 51.23 75.31 67.37
DTR 64.97 58.93 61.80 37.21 82.98 51.38 75.51 67.47

Relatab (Ours) 65.43 61.26 63.28 37.86 85.47 52.48 76.12 68.40

Cementing
Tables

Contriever 67.36 73.44 70.27 39.91 94.06 56.04 72.32 68.40
TaBERT 68.81 74.22 71.41 40.38 94.60 56.60 73.03 69.38
DPR 71.64 76.98 73.80 41.66 96.25 58.10 76.56 71.32
DTR 71.76 76.03 73.83 41.72 96.32 58.22 76.66 73.96

Relatab (Ours) 72.79 77.88 75.25 41.66 97.20 58.32 79.21 75.35
Note: P, R, and F1 denote Precision, Recall, and F1‑score, respectively. Top‑k indicates that the top‑k ranked
tables are selected as the retrieval results.

5.6. Ablation Study

To investigate the specific contributions of query–table relevance and inter‑table cor‑
relation in table retrieval, this paper designed an ablation study comparing the retrieval
performance of using only query–table relevance versus combining both query–table and
inter‑table correlations.

As shown in Table 4, using only inter‑table reasoning produces the lowest perfor‑
mance because the retrieval process lacks sufficient query anchoring and may select ta‑
bles that are mutually related but irrelevant to the query. The QT‑only variant performs
better, showing that direct query–table relevance is the foundation of retrieval. Remov‑
ing chain reasoning also reduces F1‑score, indicating that multi‑hop implicit association
helps recover indirectly related complementary tables. When CRITIC is removed, per‑
formance decreases because uniform weighting cannot emphasize discriminative column
values. The full Relatab model achieves the best F1‑score on all three datasets, confirming
that query–table relevance, adaptive value weighting, and chain‑based inter‑table reason‑
ing contribute complementary improvements.

The experimental results (see Table 5) indicate that after incorporating inter‑table cor‑
relation, the model’s Recall and F1‑score improved significantly across multiple datasets.
This improvement is primarily attributed to the ability of inter‑table correlation to capture
implicit relationships between tables, thereby assisting in the retrieval of more comple‑
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mentary tables related to the query. For instance, on the Spider dataset, Recall increased
from 76.77% to 79.21% (an increase of 2.44 percentage points), while the F1‑score increased
from 78.14% to 80.34% (an increase of 2.20 percentage points). This demonstrates that the
model maintains high precision while expanding the retrieval scope. On the Bird dataset,
the F1‑score increased from 62.53% to 63.28% (up 0.75 percentage points), and Recall in‑
creased from 58.99% to 61.26% (up 2.27 percentage points). These results further validate
the effectiveness of inter‑table correlation in unstructured table retrieval tasks.
Table 4. Extended ablation results of major Relatab components.

Dataset Variant P R F1

Spider

Relatab (TT only) 74.38 70.52 72.40
Relatab (QT only) 79.57 76.77 78.14

Relatab w/o chain reasoning 80.04 76.84 78.41
Relatab w/o CRITIC 80.81 78.51 79.64

Full Relatab 81.50 79.21 80.34

Bird

Relatab (TT only) 59.83 55.86 57.78
Relatab (QT only) 66.53 58.99 62.53

Relatab w/o chain reasoning 65.64 60.30 62.85
Relatab w/o CRITIC 65.77 60.31 62.92

Full Relatab 65.43 61.26 63.28

CementingTables

Relatab (TT only) 65.92 71.44 68.57
Relatab (QT only) 68.79 75.23 71.87

Relatab w/o chain reasoning 70.39 75.53 72.87
Relatab w/o CRITIC 71.23 76.72 73.87

Full Relatab 72.79 77.88 75.25
Note: TT only denotes the variant that uses only inter‑table complementary relevance for ranking, without di‑
rectly adding query–table relevance. QT only denotes the variant using only direct query–table relevance. w/o
chain reasoning removesmulti‑hop propagation and only keeps direct inter‑table similarity. w/oCRITIC replaces
CRITIC‑based value weighting with uniform weights. Full Relatab uses all proposed components.

Table 5. F1‑Score comparison under different maximum hop counts.

Dataset
F1

dmax = 1 dmax = 2 dmax = 3 dmax = 4

Spider 78.41 80.34 79.82 76.34
Bird 62.85 63.28 63.04 59.11

CementingTables 72.87 75.25 73.54 70.93

To further analyze the effect of inter‑table similarity in table retrieval tasks of varying
difficulty, this paper explores the impact of inter‑table similarity on retrieval performance
by comparing the F1‑scores of models under different numbers of tables. The number of
tables is a key indicator for measuring task complexity; single‑table tasks are relatively
simple, whereas multi‑table tasks (especially those involving 3 or more tables) are more
challenging due to complex data associations. The experiments were conducted on the
Spider and Bird datasets, and the results are illustrated in Figure 7.

As the number of tables increases, the overall F1‑score of the model shows a down‑
ward trend, indicating that task complexity has a significant impact on retrieval effective‑
ness. Specifically, Relatab(QT + TT), by combining query–table relevance and inter‑table
correlation, effectively captures implicit relationships between tables. This provides more
supplementary information for complex queries, therebymaintaining relatively stable per‑
formance in multi‑table scenarios. Taking the results for ≥ 3 tables in Figure 7 as an ex‑
ample, Relatab(QT + TT) demonstrates superior performance in difficult tasks compared
to other baseline models. This suggests that inter‑table similarity plays a crucial role in
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multi‑table retrieval tasks, particularly when handling complex queries; it effectively com‑
pensates for the limitations of single‑relevance methods, providing critical support for im‑
proving retrieval performance.

Figure 7. Effect of Inter‑Table Similarity on Retrieval Performance with Varying Table Counts.

5.7. Hyperparameter Sensitivity Analysis

To further validate the robustness of the Relatab model and investigate the impact of
core hyperparameters on retrieval performance, a sensitivity analysis was conducted on
the Spider, Bird, andCementingTables datasets. We employed the control variablemethod,
fixing other parameters to their optimal values while varying the target parameter. The
evaluationmetric usedwas the Top‑2 F1‑score. The variation trends ofmodel performance
across different hyperparameter values are illustrated in Figure 8.

Figure 8. Sensitivity analysis of hyperparameter variations across Spider, Bird, andCementingTables
datasets evaluated by Top‑2 F1‑score. The red dotted lines indicate the optimal hyperparameter
values used in the main experiments.

5.7.1. Impact of Weight Parameters (α, β, γ, x)

Theweight parameters primarily balance the contribution of different semantic levels.
As shown in Figure 8a–d, the model performance exhibits an inverted U‑shape trend for
these parameters. For instance, α controls the balance between table title and column name
matching. The model achieves its peak performance at α = 0.5, indicating that an equal
emphasis on global titles and local columns is optimal. Similarly, setting β = 0.6 effectively
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balances the table‑level and value‑level relevance. The parameter x determines the fusion
ratio of the complementary inter‑table score. When x exceeds 0.5, the performance declines,
suggesting that excessive reliance on complementary tables may introduce noise. Thus,
x = 0.3 is selected to effectively capture implicit associations without overshadowing the
direct query relevance.

5.7.2. Impact of Decay Factor and Thresholds (λ, τ, θ,ϕ)

Figure 8e demonstrates the effect of the multi‑hop decay factor λ. The performance
peaks at λ = 0.7 revealing a balance between effectively propagating necessary indirect
associations and suppressing multi‑hop noise. If λ is too small (<0.5), crucial two‑hop
relationships are severed.

Threshold parameters (τ, θ,ϕ) dictate the strictness of table filtering. As depicted
in Figure 8f–h, increasing the thresholds initially improves the F1‑score by filtering out
irrelevant noise. However, excessively high thresholds lead to a sharp decline in Re‑
call, as relevant tables are erroneously discarded. The optimal combination (τ = 0.65,
θ = 0.45, ϕ = 0.7) successfully strikes a balance between retrieval precision and coverage.

Overall, the sensitivity analysis reveals that the Relatab model exhibits strong ro‑
bustness within a reasonable range (±0.1) around the optimal hyperparameter values,
proving that the proposedmethod does not rely on extreme parameter tuning to achieve
high performance.

5.8. Computational Efficiency and Statistical Reliability

To clarify practical suitability, Relatab separates offline and online computation. Of‑
fline processing constructs and prunes the inter‑table similarity graph. Online retrieval
requires encoding the query, computing direct query‑tablequery–table relevance over
cached table representations, and expanding only high‑confidence neighbors from the
initial table set. The dominant storage cost is the cache of 384‑dimensional float embed‑
dings; a single table‑level vector requires about 1.5 KB, while value‑level storage scales lin‑
early with the number of retained column/value representations. The graph‑propagation
cost is controlled by dmax, theta, and pruning, which prevent exhaustive enumeration
of all table paths. Because raw per‑query runtime logs were not part of the manuscript
record, this revision reports the computational mechanism and scaling behavior rather
than unsupported wall‑clock numbers. For statistical reliability, future implementations
should use paired bootstrap or randomization tests over query‑level predictions when full
prediction logs are available. In this manuscript, performance gains are interpreted as
consistent aggregate improvements across datasets, not as a replacement for query‑level
significance testing.

5.9. Case Study and Error Analysis

The CementingTables example in Figure 6 illustrates a successful retrieval scenario.
The query asks for the basic data of well BZ23. A direct matching model can retrieve
the table whose caption is “Basic data”, but Relatab can additionally identify complemen‑
tary tables connected through sharedwell identifiers, wellbore parameters, and cementing‑
depth fields. This behavior is useful when an answer requires both the basic well profile
and related operation parameters. Error cases mainly occur when unrelated tables share
common engineering terms or similar numerical ranges. For example, tables describing
different operations may contain overlapping depth values, causing a weak semantic as‑
sociation to be amplified. The decay factor, threshold pruning, and dmax = 2 setting are
therefore important for reducing false associations while preserving useful implicit links.
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6. Limitations and Future Work
Although Relatab improves retrieval coverage, it has several limitations. First, its se‑

manticmatching quality depends on the SentenceBERT encoder; domain‑specific terminol‑
ogy or abbreviations may still be misrepresented without petroleum‑domain adaptation.
Second, graph construction can become expensive for very large table collections if pruning
or indexing is not applied. Third, the currentmethod uses hand‑designed propagation and
thresholding rather than a learned graph model, which improves interpretability but may
limit expressiveness. Fourth, the private CementingTables dataset cannot be fully released
because of industrial data restrictions, so reproducibility depends on the public Spider
and Bird transformations and on detailed reporting of the private annotation process. Fu‑
ture work will explore domain‑adapted encoders, approximate nearest‑neighbor indexing
for large‑scale deployment, integration with large language models for query expansion
and table summarization, and query‑level statistical testingwhen complete prediction logs
are available.

7. Conclusions
This paper proposes a multi‑table retrieval method based on implicit inter‑table re‑

lationship inference, designed to address the challenges posed by unstructured data in
the petroleum industry within complex query scenarios. By integrating query‑tablequery–
table relevance and inter‑table correlation, this method achieves the effective mining of
implicit multi‑table associations.

Specifically, query‑tablequery–table relevance combines table‑level matching (titles
and column names) with value‑level matching (column values), enabling the preliminary
localization of relevant tables based on the query. Meanwhile, inter‑table correlation fur‑
ther reveals latent connections between tables that are not explicitly labeled, utilizing inter‑
table similarity and multi‑hop chain relationships.

Experimental results demonstrate that this fusion strategy enables the model to
capture deeper semantic associations within unstructured data environments lacking
clear structured connections, thereby enhancing the comprehensiveness and accuracy
of retrieval.
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