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Finding relevant datasets is critical in any data pipeline but becomes challenging when data lacks schemas or
metadata, as in data lakes. This makes it hard to identify the joins needed to produce the desired dataset. In
query-by-example (QbE) join discovery, users provide a query table with a few example values, aiming to find
joins from data lake tables that produce datasets containing those examples. Current QbE methods rely only
on syntactic similarity, while semantic join discovery methods do not support QbE interfaces that work with
limited example values. Moreover, existing QbE join path discovery methods (1) assume that the matching
tables are directly joinable with each other, whereas in practice, a join path might contain intermediate tables
that don’t match the query table; and (2) do not ensure that the example tuples are contained in the returned
joined table. We propose SemDisc, an end-to-end join discovery system that provides (1) discovery of hybrid
join paths using both equi-join and semantic joins across data lake tables, (2) produces join paths that may
include intermediate tables that do not overlap with the query tables but are needed to build high-quality joins,
and (3) ensures the returned tuples are semantically similar to the ones in the provided examples. SemDisc
supports efficient querying of joinable tables using an index that keeps track of high-quality join paths. Our
evaluation across diverse workloads and datasets shows that SemDisc yields an average precision of over
0.86 in finding the correct join paths across various benchmarks, which is more than a 3× improvement over
state-of-the-art join discovery methods.
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1 Introduction

Data lakes are now widespread, spanning across public repositories (e.g., the US Government’s
Open Data [1]) and organization-wide data lakes (e.g., MIT Data Warehouse [2]). Constructing
datasets from data lake tables—known as data discovery—is challenging, as users must understand
the content and how tables can be joined. Unlike traditional databases, data lakes typically lack
schemas or explicit relationships (e.g., primary/foreign keys), making this process manual and
time-consuming.
Given a large data lake, if a user wishes to assemble a dataset that spans multiple tables, the

absence of join information severely impedes progress. Without knowing which tables can be
joined—and on which attributes—users struggle to efficiently and accurately construct datasets of
interest. To address this, several join discovery systems [30, 37, 59] have emerged to automatically
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identify joinable tables by detecting columns with overlapping values. Yet, despite these advances,
existing systems exhibit fundamental limitations, as we illustrate in the following example.
Example 1. Lou, a data scientist, wants to build a dataset by providing a query table—a small set of
example values with example column headers (Fig. 1 1 )—to construct a dataset from the data lake
(we show snippets from the data.gov data lake [1]) that includes those examples. Sample tables
from the data lake are shown in Fig. 1 2 . Because no single table fully contains the query examples,
a join discovery system must identify join paths across multiple tables. In this case, Table 1 and
Table 4 each partially match the query. To be effective, the data discovery system should satisfy
the following requirements:
(R1) Hybrid Join Paths: Since data lakes contain heterogeneous tables, the data discovery system
must identify join paths that align with Lou’s intent expressed through the semantic types and
example values, even when columns represent the same concept differently (e.g., Salt Lake County
vs. SLCo). As shown in Fig. 1 3 , the resulting join path should include both semantic (referred to
as B4<_ 9>8= in Fig. 1 3 ) and equi-joins to answer the query—for example, a semantic join between
Table 2 and Table 3 via COUNTY and COUNTY_CODE, along with two equi-joins. The final joined
table is shown in Fig. 1 4 .
(R2) Best Join Path with Hidden Tables: In Fig. 1 3 , note that Table 2 and Table 3 do not
contain values that overlap with the values or semantic types in the query table; however, it is
necessary to link Table 1 and Table 4 in one join path to answer the query. Case in point, the
data discovery system must identify join paths that include “hidden” intermediate tables needed
to reach a table relevant to the query. And those hidden tables can contain semantic or equi-join
between them. We refer to such join paths as join paths with hidden tables. Existing QbE methods
(e.g., [37]) enumerate all paths between column pairs but do not identify the best join path that is
aligned with the query table.
(R3) Semantic Tuple Matching: Given a query table, Lou ideally wants the resulting joined
tables to contain semantically matching tuples. For instance, in Fig. 1 1 , the query tuple C1 = (Ash
coneflower, Lakes) appears in the final joined table (Fig. 1 4 ) with a different syntactic form:
(RATPIN-Ratibida pinnata-Gray headed coneflower, Lake Amanda). The join discovery
system must ensure that all query tuples are semantically preserved in the output. However,
existing QbE systems [37, 59] do not guarantee or verify that the joined results include semantically
equivalent representations of the input tuples.
To address the above requirements, we introduce SemDisc1, a QbE data discovery system that

features the following:
(1) Hybrid Join Path Discovery at Scale: To address R1, SemDisc precomputes and indexes
high-quality hybrid join paths offline, enabling fast and efficient retrieval for QbE queries.
(2) Join Discovery with Hidden Tables: To address requirement R2, SemDisc builds an Inverted
Join Path Index for fast retrieval of join paths that include query table columns—and, when necessary,
additional hidden tables that do not overlap with the query but are essential to reaching relevant
tables. To our knowledge, SemDisc is the first data discovery system to support this capability.
(3) Semantic Tuple Validation during Query: SemDisc finds join paths that are likely to result
in tables containing tuples that are semantically similar to the ones provided by the user in the
example query table (requirement R3).

1The code is available at https://github.com/mirmahathir1/semdisc-code

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 68. Publication date: February 2026.



�alitative Join Discovery in Data Lakes using Examples 68:3

Fig. 1. Overview of SemDisc.1 User provides a query table.2 SemDisc searches data lake tables;3 finds
hybrid join paths; and 4 returns the joined table.

Contributions.

(1) We formalize the problem of discovering optimal join trees (of which join paths are a special
case) with hidden tables for a given query table and prove that it is NP-hard (Section 3).

(2) We propose approximation techniques to e�ciently compute the join graph, which encodes both
semantic and equi-joins between data lake columns, along with e�ective pruning techniques to
retain only high-quality join edges (Section 4).

(3) We develop an Inverted Join Path Index to support fast retrieval of the top-: join paths for a
given query table (Section 5).

(4) We introduce an e�cient algorithm to select join paths that are likely to contain tuples that
semantically match the query table tuples (Section 6).
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(5) We conduct an extensive experimental evaluation demonstrating the e�ectiveness and e�ciency
of SemDisc across multiple real-world datasets and against state-of-the-art data discovery
baselines (Section 7).

2 Related Work

SemDisc bridges three key problem spaces: (1) join path discovery [64, 68, 74], (2) Query-by-
Example (QbE) data discovery [29, 48, 57, 60, 76], and (3) data lake search [8, 9, 12, 23, 24, 28, 30,
32, 39, 56]. As summarized in Table 1, SemDisc is the �rst end-to-end data discovery system to
support the following capabilities for answering Query-by-Example queries: (1) hybrid join paths
combining semantic and equi-joins; (2) join paths with hidden tables; (3) retrieval of joined tables
that semantically match all query tuples; and (4) semantic column-level matching between query
and data lake tables (data lake search).
Equi-join Path Discovery. Numerous systems focus on discovering equi-joinable tables in data
lakes [64, 68, 74]. Aurum [30] constructs a join graph (an enterprise knowledge graph) that users
can query through composable primitives. JOSIE [74] e�ciently estimates set similarity using
pre�x �lters [ 14], enabling large-scale equi-join discovery. An extension of Aurum [31] augments
this graph with new links derived from semantic matchers and ontologies connecting tables by
name or attribute. LSH Ensemble [75] computes Jaccard set containment between a query domain
and candidate columns, while� 3! [10] employs multiple LSH indexes to capture schema- and
instance-level features for joinable-column search across datasets.

DBXplorer [3] was among the �rst systems to support keyword-based data discovery, identifying
join paths across tables that collectively contain the user's terms. However, it assumes a �xed
relational schema with explicit primary�foreign key relationships. In contrast, SemDisc targets
schema-less data lakes lacking prede�ned relationships, where discovering join paths requires
reasoning over both equi- and semantic joins.
Semantic Join Path Discovery. Recent work has explored semantic join discovery in data
lakes. DeepJoin [22] �ne-tunes a pre-trained language model to measure semantic joinability
between columns. It embeds all columns, indexes them using a Hierarchical Navigable Small World
(HNSW) [51] graph, and retrieves the top semantically joinable columns for a given query via
Approximate Nearest Neighbor search. Its precursor, PEXESO [21], embeds column values into
high-dimensional vectors and applies pivot-based �ltering [15] to prune candidate comparisons.
WarpGate [17] similarly embeds column values and leverages Locality-Sensitive Hashing [13] to
e�ciently locate joinable columns.

Unlike these column-level systems, SemDisc discovers hybrid join paths that combine equi- and
semantic joins across multiple tables and can include hidden tables not referenced in the query.

Snoopy [38] learns embeddings based on semantic joinability rather than syntax, retrieving
top-: semantically joinable columns. SemDisc extends this by supporting tuple-level semantic
matching and hidden-table discovery. Models such as TaBERT [71], TURL [18], Ditto [ 49], and
Starmie [27] produce structure-aware embeddings that encode relationships among table columns
and cells. While SemDisc can plug in such embeddings, it functions as an end-to-end join discovery
system�integrating query-by-example, hidden table support, and semantic tuple validation beyond
embedding-based similarity.
Query-by-Example Data Discovery. The Query-by-Example (QbE) paradigm has long been
studied in relational databases with �xed schemas [29, 48, 57, 60, 76]. Our work adopts a similar
interface for schema-less data lakes. Ver [37] is the state-of-the-art QbE data discovery system
in this setting, returning top join paths for a user-provided query table. DICE [59] also discovers
join paths from example tuples, using user feedback to re�ne results. Both Ver and DICE rely on
MinHash [11] to approximate Jaccard similarity between columns when constructing the join graph.
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However, they operate purely on equi-joins, relying on syntactic overlap and ignoring semantic
similarity and data heterogeneity. THETIS [16] extends QbE-style search to semantic table retrieval
using knowledge graphs to rank tables by relevance, but it does not perform join-path discovery.

DataXFormer [5] addresses QbE transformation discovery: given example input�output column
pairs, it identi�es joins that reproduce the transformations. Yet it assumes all source attributes lie
in one table and all targets in another, reducing the problem to a two-table search with functional
dependencies (1�1 joins). In contrast, SemDisc handles attributes spread across multiple tables
without assuming such dependencies, resulting in a substantially larger and more realistic search
space. Discovery-by-navigation approaches [54] build keyword-centric graphs that guide users
from general to speci�c attributes. These are designed for semantic exploration, not join-path
construction. SemDisc instead builds a query-agnostic semantic join graph, enabling e�cient
join-path retrieval for any query table at runtime.

Method
Name

Query
Type

Equi-
Joins

Semantic
Joins

Semantic
Search

Hybrid
Join

Paths

Joins
w/Hidden

Tables

Semantic
Tuple

Validation
Starmie[27]

Ta
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C
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7 7 3 7 7 7
SemProp[31] 7 7 3 7 7 7
WarpGate[17] 7 3 3 7 7 7
PEXESO[21] 7 3 3 7 7 7
Gen-T[26] 3 7 7 7 7 3
Nexus[36] 3 7 7 7 7 3
SANTOS[42] 7 7 3 7 7 7
DeepJoin[22] 3 3 3 7 7 7
ALITE[43] 3 7 7 7 7 7
JOSIE[74] 3 7 7 7 7 7
S3D[35] 3 7 3 7 7 7
MF-Join[64] 3 7 7 7 7 7
SMS-Join[68] 3 3 7 7 7 7
BLEND[25] 3 7 7 7 7 7
Metam[34] 3 7 7 7 7 7
Snoopy[38] 3 3 3 7 7 7
Ver[37] Examples 3 7 7 7 3 7
THETIS[16] Examples 7 7 3 7 7 7
STR[73] Keyword 7 7 3 7 7 7
Solo[65] NL 7 7 3 7 7 7
Aurum[30] SRQL 3 7 7 7 7 7

SemDisc
Example values

and types
3 3 3 3 3 3

Table 1. Feature comparison of data discovery methods. (NL = Natural Language, SRQL = Source Retrieval
�ery Language)

3 Problem Definition and System Overview

Modern data lakes consist of a large number of heterogeneous tables collected from diverse
sources, often without consistent schemas or explicit relationships [36, 55]. As a result, discovering
how tables in a data lake relate to one another is a non-trivial challenge. This section formalizes
the problem setting of SemDisc, our system for semantic join discovery across large-scale data
lakes. We begin by establishing the fundamental concepts and notation used throughout the paper
(Section 3.1, and Section 3.2). We then formally de�ne our problem and establish its hardness
(Section 3.3).
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3.1 Preliminaries

Semantic Types. Following prior work [33, 62, 67], the semantic type of a column2, denoted
C~?4(2), represents the real-world concept shared by its values (e.g., Person, BirthPlace).

Data Lake Tables. We denote data lakeD as a collection of tables whereD = f) 1•)2• ” ” ” •)=g.
Each table) 2 D consists of a set of columns0CCA() ) = f21•22• ” ” ” •2I gand a set of data lake tuples
CD?() ) = fC1• C2• ” ” ” • CAg. We refer to a speci�c column28 in table) as) ”28, with its cardinality
denoted byj28j. For simplicity, we omit the table name when the referenced column is clear from
context. For a table) containing a tupleC8, we useC8[29] to denote the value of tupleC8 in column
29, respectively. Each column29 is associated with a semantic type, denotedC~?4() ”29), and a set of
values denoted E0;B() ”29).
Query Table. A query table, denoted&, follows the same structural form as any) 2 D , but is
provided by the user to express their query. Its tuples, called query tuples (C8 2 CD?(&)), contain
example values illustrating the user's intent. Each query column29 2 0CCA(&) likewise has an
associated semantic type C~?4(&”29) speci�ed by the user.

An example query table& is illustrated in Figure 11 where0CCA(&) = f21•22g. For instance
C~?4(&”22) =�Monitoring Area�, and E0;B(&”22) =[�Lakes�, �Survey Tracts�].

To support joins between heterogeneous tables with varying value representations, we use a
pre-trained language model [58] (PLM) to embed attribute values. This enables the system to join
semantically similar values despite syntactic di�erences. For both semantic and equi-joins, value
matches are de�ned via vector similarity, as detailed below.

Definition 1 (Semantic Match). Let D• E 2 Ube two strings (U denotes the universe of string
values from data lake columns). Let4<1 : U ! R 3 be an embedding function that maps each string
to a3-dimensional�2�normalized vector¹k4<1(G)k2 = 1º, where3 2 N. LetB: R3 � R 3 ! [0•1] be
a similarity function, and\ 2 [0•1] be a similarity threshold. We de�ne the Semantic Match between
D and E as follows:

" B
\ (D• E) = 1

�
B¹4<1(D)• 4<1(E)º � \

�
(1)

Equation 1 evaluates to 1 if the4<1(D) and4<1(E) have a cosine similarity of at least\ , and
0 otherwise. We use cosine similarity as the similarity functionBfor its proven usage in �nding
semantically similar values [17, 22, 52], and we use SBERT [58] as the embedding-generating
model4<1. Because our goal is to compare the semantic similarity between individual string
values�independent of their surrounding table context�we selected SBERT as our embedding
model. As shown in our experiments (Section 7), SBERT consistently outperformed several table-
aware embedding models, where contextual table structure provides limited additional signal.

We use Equation 1 to capture both equi-joins and semantic joins. Setting the threshold\ = 1
restricts matches to be made only between values with exactly the same embeddings, which is the
case of equi-joins.

3.2 Column Joinability

Before de�ning joinability between columns, we de�ne28•9as the subset of values in column28
that semantically match at least one value in column29 (8 6= 9), according to Equation 1. Formally:

28•9= fD 2 28 j 9E 2 29 such that " B
\ (D• E) = 1g”
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In previous work [21, 22], the semantic joinability from a source column21 to a target column22
is de�ned as follows:

9=B\ (21•22) =
j21•2j
j21j

(2)

Note that Equation 2 is asymmetric, meaning that the value of joinability changes if the order of
columns is reversed- e.g.,9=B\ (21•22) 6= 9=B

\ (22•21). This is because previous work only focused on
�nding a join between a given source column and a target column. In contrast, our focus is on
discovering joins across any pair of columns and tables, i.e., we want the joinability score to be the
same between a pair of columns regardless of their order. To align with this setting, we propose a
symmetric joinability de�nition that is invariant to column order and accounts for semantic type
similarity.

Definition 2 (Semantic Joinability). Given two columns 21 and22, the semantic joinability
between 21 and 22 is de�ned as follows:

9=(21•22) = 9=(22•21) = " B
\ (C~?4(21)• C~?4(22)) �

1
2

(
j21•2j
j21j

+
j22•1j
j22j

) (3)

Equation 3 de�nes joinability between columns21 and 22 as the product of their semantic
type similarity and the average proportion of semantically matching values across both direc-
tions, ensuring a balanced and symmetric measure of alignment. Setting\ = 1 reduces the
measure to an equi-join. Unlike prior asymmetric formulations [21, 22], our de�nition is order-
independent� 9=(�• � ) = 9=(�• � )�capturing joinability as a commutative relation consistent with
the symmetry of inner joins.
Join Graph. After introducing semantic joinability, a natural question arises: how do we keep
track of all columns that are semantically joinable? To address this, we introduce a join graph�a
data structure that encodes join relationships across tables in the data lake. This graph serves as
the central data structure of SemDisc, capturing all semantically joinable columns and enabling the
extraction of join paths that satisfy a user's query (Section 6). The join graph encodes joinability
between tables in D. Formally, it is de�ned as an undirected graph � = (+• �) where:

� + = f) 8 j ) 8 2 Dg, the set of nodes, corresponds to the tables in the data lake.
� � � + � + , the set of undirected edges, represents join relationships between pairs of tables.

Each 4364 = ()8•)9) 2 � such that 8 6= 9 is characterized by:

(1) A label4364”;014;= (28•29), where28 � attr () 8) and29 � attr () 9) are the sets of join columns
from tables )8 and )9, respectively.

(2) A weight 4364”F486�C 2[0•1], where4364”F486�Cis the joinability (Equation 3) of) 8 and) 9
using the columns 28•29, i.e., 9=(28•29)

(3) A type 4364”C~?4 2 fsemantic• equi-joing, which speci�es whether the edge represents a se-
mantic join or an equi-join.

Definition 3 (Hybrid Join Path). In a join graph � = (+• � ), a hybrid join path%is a simple
path connecting a sequence of tablesC01;4B(%) = f) 1•)2• ” ” ”g. Consecutive tables) 8 and) 8+1are joined
via columns� 2 0CCA() 8) and� 2 0CCA() 8+1) using either a semantic join (cosine similarity threshold
\ 2 [0• 1)) or an equi-join (\ = 1).

Candidate Tables and Columns. For a given query table& with ; columnsf&”21•&”22• ”””•&”2; g,
we de�ne the set of their respective best-matching candidate columns from the data lake as
� B4C(&) = f21•22• ”””•2; g that are respectively contained in candidate tables) B4C(&) = f) 1•)2• ”””•); g.
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Let ) (%) be a table generated from a join path%containing all tables) B4C(&) projected on the
candidate columns �B4C(&) , i.e., 0CCA() (%)) = f21•22• ”””•2; g.

Definition 4 (Semantic Tuple Match). We consider a given query table& and a joined table
) (%) materialized from join path%. We say that the materialized table) (%) satis�es the Semantic
Tuple Match (() "(&•) (%))) condition for query table & if the following expression is satis�ed:

8C 2 CD?(&); 9 C0 2 CD?() (%)) :
;X

8=1
" B

\ ¹C[28]• C0[28]º = ; (4)

Intuitively, Equation 4 ensures that every tuple in the query table has at least one semantically
similar match inCD?() (%)). Here,CD?(&) andCD?() (%)) denote the sets of tuples in the query table
& and the materialized table) (%), respectively. The Semantic Tuple Match condition holds if and
only if every tupleC 2 CD?(&) has a corresponding tupleC0 2 CD?() (%)) such that each column value
C[28] semantically matches C0[28] for 8 � ; .

For example, in Fig. 11
 , the query tupleC1 = (Anne, Computer Science) is semantically
matched with the joined table tuple(Anne, Computer and Information Science 220) (Fig. 14
 ).
The attributes of the joined table are projected and ordered to align with the query columns. As a
result, C1 has a corresponding tuple in the joined table that semantically matches on all attributes.
In fact, both query tuples,C1 andC2, have at least one such matching tuple. Thus, the joined table in
Fig. 14
 satis�es the Semantic Tuple Match condition for query &.

3.3 Problem Definition

Our search space consists of join trees � acyclic connected subgraphs of the join graph, where
each edge represents either a semantic or an equi-join. A join path is a special case of a join tree
restricted to a single path. Thus, our task can be formulated as �nding a join tree that: (1) maximizes
joinability and includes a given set of candidate tables, and (2) satis�es the Semantic Tuple Match
condition while maximizing tuple cardinality (because we want to favor join paths that have a
higher number of rows). We formalize these as Problem 1 and Problem 2 below and establish their
hardness.

Problem 1. (Weight-Optimal Join Tree for a Query Table Problem): Given a query table&,
we want to compute the join tree%� (&) (%� , for short) such that: (1)%� maximizes the sum of edge
weights from the join graph (because we want to include the most joinable tables); (2)%� contains
all the tables in) B4C(&);(3)%� may contain other tables that are not in) B4C(&) (hidden tables), but
are necessary to join all the tables in) B4C(&); and (4) The total count of tables in%� does not exceed a
budget table count L.

Here,) (%� ) is the materialized table of%� projected on the candidate columns� B4C(&), and the
projected columns follow the same order as the columns of query &.

Proposition 1. Problem 1 is NP-Hard by reduction from the Minimum-Weight Steiner Tree problem.

Proof Sketch: The NP-hardness of Problem 1 is established through a reduction from the Minimum-
Weight Steiner Tree problem. Given an instance of the Steiner Tree problem with graph� 0 = (+ 0• � 0),
positive edge weightsF : � 0 ! R ¡0 , and terminal vertices' � + 0, we construct an equivalent
join graph� = (+• � ) identical to� 0, setting each edge's join weight asweight(4) = �F (4) (assume
that edge weights can be negative) and mapping the Steiner terminals' to the required candidate
tables) set(&). When a budget! is imposed on the maximum number of tables in the join tree, the
problem remains NP-hard by restriction, since the unbudgeted problem is a special case obtained
by setting ! := j+ j.
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Fig. 2. System architecture of SemDisc.1 O�line construction of a hybrid join graph capturing semantic
and equi-join relationships across data lake tables;2 Indexing of high-quality join paths using an inverted
join path index; 3 Online retrieval of the top-: join paths for a user-provided query table.

Problem 2. (Optimal Join Tree for a Query Table Problem): We extend Problem 1 by requiring
the Semantic Tuple Match condition to hold and, among all weight-optimal trees, maximize the tuple
cardinality of the returned join tree. Formally, �nd a join tree%� such that (i) it satis�es the weight-
optimality conditions (Problem 1), (ii)() " (&•) (%� )) holds () (%� ) is the join tree materialization), and
(iii) j) (%� )j (tuple cardinality) is maximized.

Proposition 2. Problem 2 is NP-Hard because Problem 1 is a special case of Problem 2, making
Problem 2 NP-Hard.

Proof Sketch: Problem 2 is proven NP-hard by showing that Problem 1 is a special case of Problem 2
through restriction. Any instance� of Problem 1 can be reduced to an instance� 0 of Problem 2 with
identical data and parameters by either (a) using an empty example set in& so that the Semantic
Tuple Match conditionSTM(&•) (%� )) holds vacuously, or (b) setting the similarity threshold\ = 0
so that" s

\ (�• �) = 1 andSTM(&•) (%� )) is always satis�ed. Since Problem 1 reduces to Problem 2,
Problem 2 is at least as hard.

Because enumerating all join trees is computationally expensive, SemDisc focuses on join paths�
a constrained subset of join trees. We introduce heuristics to e�ciently identify high-quality join
paths�those that yield non-empty results and high column-level joinability (Section 6).

3.4 System Overview

Figure 2 illustrates the work�ow of SemDisc. We divide the architecture into two phases: (1) O�line
Phase: This is where SemDisc e�ciently computes the join graph (Fig. 21
 ) where SemDisc ingests
a data lake of tables, leverages an LLM to annotate data lake columns with descriptive semantic
types, and approximates semantic joinability between columns. To enable e�cient join path search,
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SemDisc constructs an index (Fig. 22
 ) by �rst building a join graph with semantic and equi-join
edges, applying qualitative pruning to retain high-quality edges, and then creating an Inverted
Join Path Index for fast retrieval of join paths. (2) Online Phase: In this phase (Fig. 23
 ), the user
submits a query table, and SemDisc matches the query table's example values and semantic types
with data lake tables. SemDisc then applies a novel heuristic to semantically match query tuples
with tuples from the joined paths without materializing them. SemDisc then queries the Inverted
Join Path Index to get the top-k join paths that contain the candidate tables, along with hidden
tables if needed. Next, we describe the building blocks of SemDisc in detail.

4 E�iciently Computing the Join Graph

Constructing a join graph over large data lakes is costly, requiring joinability checks across many
column pairs and managing numerous edges. We propose e�cient, sketch-based methods to estimate
semantic column joinability and reduce graph complexity. Fig. 21 illustrates this o�ine step.
Section 4.1 describes semantic type extraction, and Section 4.2 details our joinability approximation
techniques.

4.1 Semantic Type Augmentation

What if two columns have a high overlap of values but refer to di�erent real-world entities? For
instance, columnsstudent_id andpart_id might share many values but do not refer to the same
real-world entity, and thus cannot be joined. To make matters worse, we cannot rely on the column
headers to be descriptive. To solve this problem, we resort to semantic type annotation of all
columns in the data lake. Column type annotation is an active research area [33, 62, 67]. SemDisc
augments all the data lake columns with LLM-generated semantic types. We prompt GPT-4o [7]
with sample values from the data lake columns and other co-occurring columns in the same table
(to give it context). The LLM then provides suggested semantic types for each column.

The prompt for the LLM to extract semantic types of the columns in a table has the following
structure:
l Instruction: An instruction elaborating that the LLM needs to �nd the semantic types of the
columns in a table.
Below is a list of column ids and a sample of their
values separated by commas from a table. Give detailed
elaborate semantic type for each column in the
following format:

l Output Format: The structure of the output list containing the column header and semantic
type in each list item.
[{"id": columnid1, "semantictype":typename1},
{"id": columnid2, "semantictype":typename2}, ...]

l Input Columns: The columns are listed one by one with their header value and a sample of the
20 most occurring values.
id: <COLUMN_HEADER>
sample values: <SAMPLE_VALUES>,

4.2 Approximating Semantic Joinability

To build hybrid join paths, SemDisc calculates the joinability between columns for both semantic
and equi-joins using the same framework, which allows SemDisc to leverage a single unit of
measurement to evaluate the quality of edges in the join graph for both semantic and equi-joins.
SemDisc computes semantic edges in the join graph� for all pairs of tables with semantically
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joinable columns. These semantic edges capture relationships between columns based on their
content similarity. To e�ciently estimate the semantic joinability of two columns21 and22 from
tables) 1 and) 2 respectively, SemDisc follows a three-step process, allowing both semantic and
equi-joinable edges in the same graph:

(1) SimHash Generation: For each value in columns21 and22, SemDisc generates a SimHash [13]
value of its vector embedding. SimHash is a locality-sensitive hashing (LSH) technique that maps
similar high-dimensional embeddings into the same subspace. Using SimHash, SemDisc ensures
that similar embeddings (i.e., column values) are assigned the same hash value.

To generate the SimHashes of values for a given data lake, SemDisc generates a �xed set of
1 random hyperplanes, where the length of each hyperplane is equal to the length3 of each
embedding extracted from data lake values by the embedding model. Formally, the hyperplanes are
� 1• � 2• ”””• �1 2 R3 .

Each data lake embedding is projected on these hyperplanes, assigning 0 or 1 for each of the1
hyperplanes. Each embedding of the values in the data lake is encoded into a SimHash of bit count
1, e.g.Salt Lake is encoded into01110111where the value of1 is 8. Semantically joinable values
are likely to be close to each other in the vector space, and hence likely to be assigned the same hash
value, reducing the problem of �nding semantically joinable value pairs to �nding equi-joinable
value pairs between two columns. For example,SLCois encoded into the same SimHash value
01110111 as Salt Lake.

Now, the SimHash values can be joined using equality between them, allowing us to build hybrid
paths where we can evaluate the join paths for both semantic and equi-joins. The procedure of
selecting the SimHash bit count1 for a given cosine similarity is described in the experiments
section (Section 7.3).

(2) MinHash Signature Computation: To summarize the set of SimHash values generated for
21 and22, SemDisc computes a �xed-size MinHash signature [11] for each column. MinHash is a
popular LSH technique used to estimate the Jaccard similarity between sets e�ciently. It works by
creating compact, �xed-size signatures that approximate the extent of overlap between two sets.

(3) Approximate Semantic Joinability: Finally, SemDisc calculates the Jaccard similarity
between the MinHash signatures of21 and22 to approximate the joinability of Equation 3. The
Jaccard similarity estimates the overlap of SimHashes between two columns. Formally, this process
is summarized as follows:

F(21•22) = � (<8=�0B�(B8<�0B�(21))•<8=�0B�(B8<�0B�(22))) (5)

� denotes the Jaccard similarity,B8<�0B�(2) denotes the list of SimHash values of column2. For
non-string columns, we ignore the SimHash encoding layer and directly use the column values to
create the MinHash signatures per column. The weightF (21•22) corresponds to the undirected join
edge4 in the join graph connecting tables) 1 and) 2, with label (21•22) denoting the pair of columns
involved in the join. The higher the value ofF (21•22), the more joinable21 and22 are in the case
of both equi-join and semantic join edges. Now, we have a join graph containing both semantic
join and equi-join edges, where weights capture the degree of joinability between two columns,
allowing us to build hybrid join paths that contain both types of edges.

Time Complexity. Using SimHash reduces the time complexity of �nding semantically similar
value pairs between two columns. Calculating joinability between a column pair21•22 directly
using embeddings has a time complexity ofO(j21j�j22j�3). Calculating joinability using the MinHash
signature pair that was generated from the SimHashes has a total time complexity ofO((j21j+j22j) �
< + < ), where$ ((j21j+j22j) � < ) is required for hashing the values of 2 columns using< hash
functions.$ (< ) is the time required to evaluate the Jaccard similarity between two MinHash
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signatures of size< . The �nal time complexity is$ ((j21j+j22j) � < ) which is signi�cantly lower than
O(j21j�j22j�3) since < ŸŸ 3.

5 Indexing Join Paths

The join graph� may containO(
� j D j

2

�
� � <0G

2) edges, wherejDj is the number of tables in the data
lake and� <0G is the maximum count of columns in a table. For example, in one of the data lakes we
evaluated (OpenData dataset of LakeBench [19]), the join graph contained over 1.7 million edges
(Table 4f
 ). This makes �nding join paths (simple paths in the graph) computationally expensive. We
outline strategies to signi�cantly reduce the edge count in the join graph by removing low-quality
edges (Fig. 22
).

5.1 �alitative Edge Pruning

SemDisc applies Algorithm 1 to prune join edges based on multiple signals. For each table pair
) 8•)9 (vertices in� ), and their corresponding set of edges4364B() 8•)9) (line 4), SemDisc retains only
the top-ranked edge based on edge weight (lines 10�11). The pruning process consists of two main
stages:
(1) Semantic Type Similarity (line 5): SemDisc evaluates whether the semantic types of column28
and29are similar by computing the cosine similarity between their LLM-generated type embeddings,
using the similarity threshold \ (Equation 1).
(2) Value Joinability (line 7): SemDisc checks if the approximate semantic joinability score
between columns28 and29 (as de�ned in Equation 5) meets or exceeds a threshold\ 9. Only the
top-ranked edge is retained, and all others are discarded via the ?AD=4_4364B function (line 11).

Algorithm 1: Join Graph Pruning
Input: � (the join graph)
Output: Pruned join graph

1 for table pair )8•) 9 in � do
2 Initialize 14BC_4364B  []
3 4364_A0=:B  []
4 for u(column 28, column 29) in 4364B()8•) 9) do
5 if " B

\ (C~?4(28)• C~?4(29)) = 0 then
6 continue

7 if F(2 8•29) � \ 9 then
8 14BC_4364B  14BC_4364B [ D
9 4364_A0=:B[D]  F(28•29)

10 C>?_4364  D� where 4364_A0=:B[D� ] has the maximum value among edges in 4364_A0=:B
11 �  ?AD=4_4364B(14BC_4364B•D� )

12 return �

Building the Join Paths. After pruning the join graph, SemDisc generates all possible join paths
P = f%1• %2• ”””g, which correspond to simple paths in the join graph� , between all the pairs of nodes
of � where the simple paths have at mostL nodes.jPj is the count of join paths and each join path
%8 2 P (8 � jPj ) is a simple path in� , i.e., the vertices traversed in a simple path in� . The join paths
in P are not guaranteed to have a non-zero tuple count (cardinality). Therefore, SemDisc performs
cardinality estimation to �lter out join paths that produce zero tuples from a large collection of
join paths. As cardinality estimation is a well-studied problem [6, 41, 44, 44� 46, 61, 66, 69, 70] and
not the focus of our contribution, we adopt an existing sampling-based cardinality estimation
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Fig. 3. Illustration of querying the Inverted Join Path Index to get join paths having all the candidate tables.

technique [47]. Since semantic joins are reduced to equi-joins using SimHash, estimating cardinality
for hybrid paths becomes possible using existing cardinality estimation techniques for equi-joins.
The estimated cardinality is used as a quality signal for a join path, i.e., the more tuples a join path
yields, the better.

5.2 Building the Inverted Join Path Index

Going from a set of candidate tables (data lake tables with values or types that match those in the
query table) to a join path requires searching for all join paths inP that contain the candidate
tables (and possibly intermediate tables needed to join the candidate tables with each other). We
formally de�ne the Join Path Query problem as follows:

Definition 5. (Join Path Query): Given a set of candidate tables for a query&,) B4C(&) =f) 1•)2• ”””•); g,
we want to �nd all the join paths%<0C2� � P , such that for every path% 2 %<0C2� :) B4C(&) � C01;4B(%).

Naively, we could solve the Join Path Query problem using a linear search overP, where, for
each path of at most sizeL , we check whether; candidate tables exist in that path. This approach
has a time complexity of$ (; � L � jPj ). Instead, to quickly �nd all the join paths containing a set of
tables, SemDisc builds the Inverted Join Path Index o�ine to enable answering join path queries
e�ciently.

The Inverted Join Path index is a binary matrix with a row for each table inD and a column
count equal to the number of simple paths inP. Each column represents a join path fromP, and
each row represents a table from D. SemDisc builds the Inverted Join Path Index as follows:
(1) SemDisc initializes a matrix with dimension jDj�jPj with all zero entries.
(2) For each table) 8 (8 � jDj ) in a given join path%9 in P, SemDisc locates the row in the inverted

index (8C� row among jDj rows), and sets the column 9 of that row to 1.
To �nd all join paths consisting of a set of candidate tables, SemDisc �rst retrieves the rows

corresponding to the candidate tables from the Inverted Join Path Index. From the selected rows,
SemDisc searches for the columns that have all 1s in them. From those columns, SemDisc returns
the corresponding join paths containing the candidate tables (details in Section 6.3).

Example 2. We show an example of an Inverted Join Path Index in Figure 3. A cell value is 1 if the
corresponding table is in the respective join path. For example, the cell value 1 marked in green in
Fig. 3 indicates that table) 3 is found in Path 4. The cell value 0 marked in red indicates that) 4 does
not exist in Path 2.

To answer a join path query from the Inverted Join Path Index of Figure 3, say we want to
�nd the join paths that consist of candidate tables) 1•)3, and) 5. SemDisc �rst selects the rows
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corresponding to these tables (highlighted in orange), and among those rows, �nds the columns
that have all 1s in them (highlighted in blue). Notice that Path 3 consists of candidate tables) 1•)3•)5
with an additional table) 2, which is not a candidate table, but it is a hidden table needed to build
Path 3. We conclude that Path 3 consists of all the tables) 1•)3, and) 5 with an additional hidden
table )2.

Time Complexity. The time complexity for building the Inverted Join Path Index isO(jPj�L )
because SemDisc has to iterate over alljP j paths and each path has at mostL tables, whereL is
the maximum allowed table count to build the join path. Time complexity of querying the Inverted
Join Path Index is given in Section 6.3.

6 Answering �eries

When a query table& is submitted in the online phase, SemDisc must e�ciently identify the most
relevant join paths. As shown in the system architecture (Fig. 23 ), this process begins by retrieving
a set of candidate tables for each query column, as described in Section 6.1. Next, SemDisc constructs
candidate paths by combining these tables and ranks them to prioritize those most likely to satisfy
the semantic tuple match condition (Section 6.2). Finally, in Section 6.3, we present how SemDisc
queries the Inverted Join Path Index to retrieve join paths that include the tables in each candidate
path.

6.1 Searching for Candidate Tables

For each column28 2 0CCA(&), the objective of SemDisc is to �nd the top tables consisting of a
column described by28. For each column&”28, SemDisc fetches the top_ data lake columns that
best match query column &”28 using Algorithm 2.

Algorithm 2: Get Candidate Columns for Query Columns
Input :Query table & : 0CCA(&) = f21• ” ” ” •2; g, number of candidates _
Output :List of candidate column sets CsetList(&)

1 � all  [ ]
2 for 8 = 1 to ; do
3 � 8  HNSW_ANN(emb(type(&”28))• _)
4 � 0

8  []
5 foreach 2 2 � 8 do
6 /* Checking if the values in the query table are semantically contained in a

candidate column c */
7 if B4C(simhash(&”28)) � B4C(simhash(2)) then
8 Append 2 to �0

8

9 Append � 0
8 to � all

10 CsetList(&)  Cartesian product of column lists in �all

11 return CsetList(&)

Filtering Candidate Columns. SemDisc identi�es candidate columns by retrieving the top-:
approximate nearest neighbors (ANN) for each query column's semantic type embedding using
HNSW [51] for e�cient similarity search [ 50, 51, 53] (line 3, Algorithm 2). It then �lters out columns
whose precomputed SimHashes (Section 4.2) do not overlap with those of the query's example
values (line 7), ensuring that all retained columns are semantically similar to the query values.
The resulting column lists are combined via a Cartesian product to formCsetList(&), capturing
all candidate column combinations to be evaluated through the Inverted Join Path Index. In the
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next step, SemDisc ranks these combinations to prioritize those most likely to yield joined tuples
matching the query table tuples. .

6.2 Path Ranking for Semantic Tuple Matching

Each� set(&) 2 CsetList(&) contains one candidate column per query column, drawn from di�erent
data lake tables. To avoid materializing all join paths, which is computationally expensive, SemDisc
uses a fast scoring heuristic (Algorithm 3) that assigns a reward to each� set, estimating the likelihood
that it will satisfy the semantic tuple match condition (De�nition 4). The heuristic operates as
follows: (1) Columns in� set are grouped by their source tables (line 2). (2) Groups with only one
column are ignored, as they do not contribute to tuple-level matches (line 4). (3) For each group and
each query tupleC, the algorithm computes the intersection of SimHash index sets across all group
columns to �nd if query table tuples have a partial match with data lake tuples (lines 7-8). (4) If any
tuple yields an empty intersection, the candidate set is marked as invalid (line 9). (5) Otherwise,
the group contributes one point to the overall reward (line 13-14).

Only valid candidate sets are retained, and each is assigned its �nal reward score. SemDisc
then ranks all valid� set(&) entries by their reward. Each� set(&) = f21• ” ” ” •2; g corresponds to a
candidate path) set(&) = f) 1• ” ” ” •); g, and the collection of all) set sets de�nes the join path search
space considered in the next phase.

Algorithm 3: Semantic Tuple Match
Input: List of candidate column sets CsetList(&) for query table &
Output: Each candidate set assigned a reward or discarded

1 foreach � set(&) 2 CsetList(&) do
2 Group columns in �set(&) by table ID into groups; reward  0; valid  True
3 /* Evaluate each group of tables */
4 foreach group � in groups with j� j ¡ 1 do
5 foreach tuple C in & do
6 idx  all tuple indices of table(�)
7 foreach column 2 2 � do
8 @  query column for 2 idx  idx \ index_set(C[@]•2)

9 if idx = ; then
10 valid  False

11 if valid then
12 // There is a partial tuple match
13 reward  reward + 1

14 if valid then
15 Assign reward to �set(&)
16 else
17 Remove �set(&) from CsetList(&)

18 Sort CsetList(&) by reward (descending)

Example 3. Fig. 4 illustrates reward-based path ranking. In path 1, all columns come from di�erent
tables, forming only single-column groups; no reward is assigned, so the total score is zero. Path 2
includes two columns from the same table (Buildings), forming a multi-column group. Intersecting
their SimHash index sets across query tuples yields non-empty results, giving a reward of 1. Hence,
SemDisc prioritizes path 2 over path 1 as it better preserves semantic matches with the query table.
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Fig. 4. Demonstration of Algorithm 3 on two candidate paths.

Time Complexity. In Algorithm 3, for a single candidate column set� set(&), grouping columns in
line 2 takes$ (;) where; is the query column count. For a� set(&), the worst case occurs when all
query columns are matched from the same table, for which line 4 iterates only once. Line 5 iterates
Atimes,Abeing the query table tuple count. If all candidate columns originate from the same table,
line 7 iterates; times. Set intersection takesO(j) j ) where) is the table of the group andj) j is the
cardinality of ) . Therefore, the total time complexity for one �set(&) becomes O(A � ; � j) j).

6.3 �erying the Inverted Join Path Index

SemDisc uses the Inverted Join Path Index to answer join path queries for each candidate table set
(tables that correspond to the candidate columns in CsetList(Q) in Algorithm 2). In addition to the
Inverted Join Path Index, SemDisc maintains a hash map that maps each data lake table to the list of
join paths that contain that table. Given a set of candidate tables) set(&), SemDisc gets the join paths
containing) set(&) as follows: (1) Select the rows of the Inverted Join Path Index that correspond to
each candidate table and additionally, �nd the candidate table) 0 2 ) set(&) for which the path count
from the hash map is minimum. (2) Among the columns in the inverted index corresponding to the
paths of) 0, select the columns containing all 1's in the selected rows. (3) Extract the corresponding
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join paths. (4) Materialize the top- paths, projecting only the columns relevant to the query table
&.

Time Complexity. The time complexity of querying the Inverted Join Path Index isO(; �
min

) 2) set(&)
jf% j% 2 P and ) 2 %gj). ; is the time required to check whether a column has all 1's

in the selected rows. The last term of the time complexity is the number of paths for table) 0 in the
hash map, where) 0 2 ) set(&) is the table containing the least number of paths in the hash map
among the tables of )set(&).

7 Experimental Study

In this evaluation study, we answer the following research questions:
l RQ1: How e�ective is SemDisc in �nding the correct join paths for a given query table (Sec-
tion 7.1)?
l RQ2: How do di�erent embedding models perform at QbE join path discovery (Section 7.1)?
l RQ3: How e�cient is SemDisc in returning join paths for a given query table (Section 7.2)?
l RQ4: What are the best hyperparameters for SemDisc (Section 7.3)?

Datasets. We evaluate SemDisc on real-world data lakes and three benchmarks: the Text-to-SQL
workload Spider [72], the data discovery benchmark LakeBench [19], and the large relational
collection SchemaPile [20]. Statistics are shown in Table 2. All real-world data lakes lack explicit
schemas�only column names are available, and no relationships are known.

SchemaPile (SCP) contains 22,989 databases (34.9K tables with data, 109K PK�FK links) across
multiple domains; we use the public SchemaPile-perm version. Spider (SP) includes 200 databases,
of which 156 contain join queries (Table 3). For both, we remove PK�FK relationships to test
systems' ability to recover joins without schema hints, using the original schemas as ground truth.
LakeBench (LB) provides ground-truth joinable column pairs from its OpenData dataset.

We also include three real-world data lakes: DrugCentral (DC) [63], an online pharmacological
database; and two from data.gov [1]: U.S. Fish and Wildlife Service (FWS) with ecological and
geographic datasets, and Centers for Disease Control and Prevention (CDC) with public health
records on disease, mortality, and drug usage.

Table 2. General statistics of the datasets.

Data Lake Table
Count

Tuple
Count

Column
Count

Mean Tuple
Count

Mean
Column
Count

SchemaPile (SCP)34.9K 1.06M 1.33M 28.66 7.00
Spider (SP) 802 73,164 4,097 91.23 5.11
LakeBench (LB) 500 491,35210,229 982.70 20.46
DrugCentral (DC)69 52,993 443 768.01 6.42
CDC 467 354,98010,112 843.18 24.02
FWS 256 99,884 5,211 401.14 20.93

Table 3. Statistics of Spider (le�) and distribution of join-path lengths (right).

Individual Database Count 156
Total Join Queries 6464

Total Unique Join Sequences768
Max Table Count in a Join 5

Mean Join Path Per Database4.076
Maximum Paths in a Database22

Path Length Join Path Count
2 452
3 164
4 21
5 3
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Metrics. For a given query table, we measure the ability of various baselines to return the joined
table that semantically matches the query table. Following previous work [40, 65], we use the
precision-at-K metric (P@K) aggregated over all query tables. For a set of queriesQ, we calculate
P@K as follows:

%@ =
jf& 2 Qj9% 2 top K paths for & : () "(&•) (%))gj

jQj
(6)

%@ is the fraction of all queries for which at least one of the top paths satis�es the Semantic
Tuple Match condition.

We also conducted a series of experiments to evaluate the performance of SimHash approximation
using the F1 score. The F1 score is de�ned as:

F1 =
2)%

2)% + �# + �%
(7)

where)%, �# , and�% denote the number of true positives, false negatives, and false positives,
respectively. They are de�ned separately for each experiment in which the F1 score is reported.

Fig. 5. P@K plots for 11 baselines across 3 equi-join workloads and 6 semantic join workloads.

Baselines. We compare SemDisc against the following data discovery systems: Gen-T [26]
reconstructs a source table from a data lake by discovering related tables through SPJU (Select�
Project� Join� Union) operators such as outer union, projection, and subsumption. It assumes,
as part of the query table, a unique key column for joins, which we provide. DataXFormer [5]
performs example-driven transformation discovery by �nding a join from a set of source columns
to a given target column. Ver [37] is the state-of-the-art QbE join discovery system supporting
equi-joins only; we use its default hop count of two. WarpGate [17] discovers semantic joins via
SimHash-based similarity. For QbE, we encode each query column, retrieve the top-10 candidate
tables, and test the �rst combinations for joinability. DeepJoin [22] �ne-tunes a language model
to �nd semantically joinable columns; we follow the same top-10/ -combination procedure as for
WarpGate. TaBERT [71], TURL [ 18], and Starmie [27] are Transformer-based table encoders
capturing column, row, and text relations. We substitute SBERT in SemDisc with each model
(SemDisc +TaBERT, SemDisc +TURL, SemDisc +Starmie) to assess e�ectiveness; SemDisc +SBERT
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is the default. Ver+DeepJoin and Ver+WarpGate are hybrid baselines combining Ver's join-graph
traversal with DeepJoin's �ne-tuned or WarpGate's SimHash-LSH joinability models.

Workload. We evaluate the baselines using query table setQ in an end-to-end manner for each
data lake. We generate these query table sets for two types of joins: 1) Equi-join, and 2) Semantic
join.
Equi-join Workload: We use three benchmark workloads from Spider, LakeBench and SchemaPile
since they all come with join paths: (1) Spider: We sample join queries spanning 156 databases,
using 5 random rows from each result as query tables. These SQL queries serve as ground truth,
providing the exact join paths. (2) LakeBench: Since LakeBench only includes ground truth for
two-table joins, we construct longer join paths transitively (e.g., A joins with B, then B with C,
etc.). These join paths serve as the ground truth path for query table generation. (3) SchemaPile:
We build join paths spanning across 22,989 databases using 109,092 PK-FK relationships given
in the benchmark. Query tables are built using 5 random rows and 2 to 5 random columns from
each materialized join path. We refer to these equi-join workloads as SP*, LB*, and SCP* for Spider,
LakeBench, and SchemaPile, respectively.
Semantic Join Workload. We build the ground-truth join graph by computing cosine similarity
between all value embeddings (Equation 3), yielding exact tuple-level semantic edges. From this
graph, we sample 100 join paths (� 10M rows), materialize them, and select 2�5 columns per path,
including at least one from the �rst and last tables to hide intermediates. Each query table contains
�ve sampled rows with LLM-assigned semantic types. Similarity thresholds and parameters are
listed in Table 4. We generate semantic join workloads for all datasets in Table 2 and refer to
them by their acronyms (e.g., CDC for the CDC dataset, SP for Spider, LB for LakeBench, and SCP
for SchemaPile). SemDisc 's join path index is built from all join paths using sketch-based edges
(MinHash, SimHash; Section 5); random sampling occurs only when formingQ for evaluation.
P@K experiments test whether, given a query table derived from a sampled ground-truth join path,
SemDisc retrieves top-: paths satisfying the Semantic Tuple Match condition (De�nition 4).

System setup. All experiments are conducted on a Linux-based high-performance machine with
400 GB RAM, 40 2.75 GHz AMD EPYC 9454 CPU cores, and an NVIDIA A800 GPU.

7.1 End-to-end Evaluation

This experiment evaluates the baselines in answering query tables using the top- join paths. We
compute %@ (Equation 6) across datasets and report results in Fig. 5.

Comparison of Equi-join Baselines. Across the three equi-join workloads (SP*, LB*, SCP*) in
Fig. 5, SemDisc achieves the highest P@K over equi-join baselines Ver, Gen-T, and DataXFormer,
even though these benchmarks contain only PK�FK joins and no semantic edges. SBERT+SimHash
maps syntactically identical value pairs to the same SimHash and MinHash sketches, which creates
the equi-join edges. Join paths that match the query table are then retrieved from the inverted
join-path index.

In contrast, after detecting candidate tables for each query column, Ver arbitrarily orders candidate
tables before exploring join paths with a �xed hop count, missing the correct paths. Gen-T assumes
an explicit ID column as the �rst query attribute; if absent, it performs a greedy search to locate
one. In data lakes, this often fails because no feasible join path exists to a table containing that ID,
causing incomplete tuple recovery. DataXFormer assumes all input columns reside within a single
table and enforces one-to-one functional dependencies. Since real query tables may span multiple
tables and require many-to-many joins, DataXFormer can only recover limited join paths. SemDisc
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Fig. 6. Online phase runtime for all baselines.

removes these constraints and does not assume any initial order of tables in a target join path, and
fetches the best join path that matches the query table from the join path index.

Comparison of Semantic-join Baselines. In Fig. 5, competing semantic join baselines under-
perform even with the semantic join workloads compared to SemDisc primarily due to the poor
initial selection of candidate tables. DeepJoin and WarpGate embed entire columns using �ne-tuned
language models, but query tables contain only a few example values (�ve), yielding weak context
and poor candidate column alignment. Both systems also fail to verify tuple-level matches between
query and join-path results, as both models operate at the column-level granularity. Ver+WarpGate
and Ver+DeepJoin combine Ver's join-graph traversal with semantic joinability models, but still im-
pose arbitrary table-pair orderings to �nd a join path, which lowers precision. In contrast, SemDisc
explores join paths without a �xed ordering, allowing for optimal candidate table alignment and a
higher number of semantically valid joins.

Comparison of Embedding Models. As shown in Fig. 5, SemDisc +SBERT consistently outper-
forms SemDisc +TaBERT, SemDisc +TURL, and SemDisc +Starmie.

TaBERT underperforms because it was pretrained for text-to-SQL tasks, where it jointly encodes
tables and natural-language utterances. In our setting, where the input is a query table rather than
text, TaBERT lacks the contextual grounding its encoder expects, resulting in weaker representations
for Query-by-Example (QbE) join discovery.

TURL performs better than TaBERT since its pretraining tasks� entity linking and type annota-
tion�are closer to joinability reasoning [22]. However, it was not �ne-tuned to perform join path
discovery from input tables.

Starmie, in turn, produces column-level embeddings optimized for unionability rather than join-
ability. When used within SemDisc, Starmie's column-contrastive training yields noisier, less dis-
criminative cell-level embeddings, making tuple-level semantic matching unreliable. Even adapting
SemDisc to use Starmie's per-column vectors would still require cell-level embedding comparisons
during materialization, negating e�ciency bene�ts.

By contrast, SBERT combined with SimHash o�ers both semantic �delity and scalability. SimHash
(1) converts SBERT's semantic similarity into exact-value lookups, (2) supports standard cardinality
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estimation during join-path indexing by treating semantically similar pairs as equi-joinable (because
they would have the same SimHash code), (3) enables MinHash-based column signatures for fast
joinability estimation, and (4) simpli�es path ranking under the Semantic Tuple Match criterion.

SemDisc leverages semantic types to narrow candidate columns, applies SimHash pruning for
scalable matching, and prioritizes join paths that preserve query-table tuples. These design choices
yield higher precision in semantic tuple matching than all competing baselines.

We omit Ver+DeepJoin results on the SP query set due to exceeding the 400 GB memory limit.
Gen-T results on CDC and LB are also excluded as execution surpassed the 24-hour limit. Gen-T
retrieves only one table per query, and DataXFormer guarantees that any retrieved path, if it exists,
includes the tuples of the query tables. Therefore, we do not report P@K for K = 10, 15, 20, since
these are identical to P@5 for both methods.

DC FWS CDC SP LB SCP
a
 O�ine Phase Time

(minute)
1 105 87 73 41 212

b
 Ground
Truth Parameter

\ 0.90 0.90 0.90 0.90 0.90 0.90

c
 SemDisc Parameter
\ 9 0.50 0.70 0.99 0.60 0.99 0.70
_ 20 30 30 20 30 20
1 18 20 16 18 20 18

d
 Total Join Paths 2.7K 6.3M 2.7M 0.6M 9.6M 25.7M
e
 Satisfactory Join

Path Per Query
mean 2.23 37.2220.84 1.84 29.44 3.27
std 1.74 31.1618.37 0.88 28.02 0.01

f
 Before Prune Edge Count 4.1K 640K 473K 23K 1.7M 0.8M
g
 After Prune Edge Count 77 5.4K 423 1.2K 3K 34K

Table 4. O�line time, hyperparameters, average join path count per query and edge counts.

E�ectiveness of SimHash Approximation for Semantic Joins. We evaluate SimHash for
detecting semantically joinable tuples between column pairs. From each data lake, we sample 200
random column pairs and enumerate all semantically joinable tuple pairs using Semantic Match
(Equation 1) and denote them as ground truth joinable tuple pairs. We then measure how well
SimHash recovers these pairs. Using Equation 7, we compute F1 scores while varying the cosine
similarity threshold \ in Equation 1, as shown in Fig. 7(top row).
l True Positive (TP): Joinable tuple pairs identi�ed by both SimHash and the ground truth.
l False Positive (FP): SimHash-only detected pairs.
l False Negative (FN): Ground truth-only detected pairs.

Each curve corresponds to a SimHash bit count1; we omit curves that are redundant or dominated.
For\ = 0”9�a value used in prior semantic-join work [22]�the best average F1 across data lakes is
0.96 for the1 values in Table 4c
 , showing that SimHash accurately recovers semantically joinable
rows.

Table 4b
 reports the cosine threshold\ used to construct the ground-truth join graph. Table 4c

lists key SemDisc parameters: the approximate semantic-join threshold\ 9, the number of candidate
columns per query column_, and the SimHash bit count1. We use 128 MinHash functions (the
datasketch default) [4]. For ground-truth join paths, we cap the path lengthL at 5. We also describe
how to tune \9, 1, and _ for new data lakes to improve join-path quality.

Uniqueness of Join Paths for Query Tables. In our experiments, the baseline methods aim
to retrieve join paths for a given query table. Multiple join paths may satisfy this objective by
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