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ABSTRACT

Join discovery is a core task in dataset search, enabling users to �nd

columns that can be joined with a given query column. Early ap-

proaches focused on equi-joins, but data lakes and open-data repos-

itories often contain columns whose values refer to the same entity

but use di�erent syntactic representations. To address this chal-

lenge, recent approaches discover semantically joinable columns

but face a fundamental trade-o�: methods that perform value-level

comparisons accurately identify joinable columns but scale poorly

to columns with high cardinality; column-level methods that en-

code an entire column into a single embedding are e�cient but

do not capture the �ne-grained value alignment that determines

whether a join is possible. We present MosaicJoin, a value-level

semantic join discovery method that balances this trade-o�. Mo-

saicJoin achieves scalability through a novel sketching strategy

that approximates the joinability of a column pair without having

to compare all values. At query time,MosaicJoin scores each candi-

date sketch using a joinability score at a cost bounded by the sketch

size, making retrieval e�cient even for high-cardinality columns.

A query subsampling operator further reduces online search time

with provable accuracy guarantees, enabling robust retrieval for

large query columns. Extensive experiments show thatMosaicJoin

outperforms previously published methods across all benchmarks

while running up to 66 times faster than other value-level methods.

MosaicJoin requires no training or �ne-tuning, and it scales ro-

bustly to query columns containing up to 57K values and data lake

columns containing up to 1M values.
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1 INTRODUCTION

The number of datasets in open and enterprise data repositories

and data lakes has grown dramatically in recent years [47, 52],
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creating opportunities to augment data, improve machine learn-

ing models, and enrich analyses [7, 51]. Yet the scale and hetero-

geneity of these repositories make manual data discovery infeasi-

ble, as metadata in data lakes is frequently incomplete, inconsis-

tent, or ambiguous [1, 25, 56, 71]. Automated data discovery has

thus attracted signi�cant attention [8, 22, 29, 56], with join discov-

ery [63, 66, 73, 75] emerging as a key subtask. In particular, �nding

semantically joinable columns [12, 18, 19, 31, 43] is essential for

data enrichment [6, 9, 17, 72].

Given a query column and a large repository, join discovery

aims to identify columns whose values can be joined with those

in the query column. Early systems focused on equi-joins, �nding

columns that share exact string values with the query [27, 63, 73, 75].

However, these approaches su�er from low recall in real data lakes,

where semantically equivalent values frequently di�er in surface

form through abbreviations, aliases, and misspellings.

Semantic Joins. To handle such variations, existing semantic join dis-

covery methods determine joinability based on either column-level

or value-level similarities. Value-level methods such as PEXESO [18]

and Exact Semantic Join, an exhaustive value-embedding baseline

we evaluate in Section 5, compare individual value embeddings

across columns, directly measuring �ne-grained joinability. How-

ever, exhaustive value-pair comparison scales poorly: for columns

with tens of thousands of values, the cost becomes prohibitive, as

shown in Figure 1. Column-level methods such as DeepJoin [19]

and Snoopy [31], by contrast, collapse an entire column into a

single �xed-length embedding retrieved via approximate nearest

neighbor search. While e�cient, a single vector cannot capture

the �ne-grained value alignment that determines whether a join is

possible, producing both false negatives — joinable columns whose

values align but whose column-level embeddings do not, and false

positives — columns that are topically similar but not value-level

joinable.

Example 1. Suppose a user has a query column about football

league seasons (�& , top left in Figure 2). Equi-join methods miss

the green column �� because its values are syntactically di�erent:

“2003 Tippeligaen” is the Norwegian name for 2003 Norwegian Pre-

mier League, “1992 Vyshcha Liha” is the predecessor name of 1992

Ukrainian Premier League, and “2006 Division 1 (Swedish football)” is

a formatting variant of 2006 Swedish football Division 1. Column-level

methods instead return the blue column �� that contains basketball

team names, which is topically related to sports but whose values do

not align with football league seasons.

Our Approach.We proposeMosaicJoin, a value-driven semantic

join discovery method that achieves high accuracy of value-level

matchingwhile approaching the e�ciency of column-level retrieval,
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Figure 1: Tradeo� between Accuracy of Value-level Joinabil-

ity and Online Search E�ciency of Column-level joinability,

for query columns with up to 57K values (Section 5).

as shown in Figure 1. Compared to the exhaustive value-pair com-

parison method for joinability (Exact Semantic Join), MosaicJoin

reduces online search time from 15.65 seconds to 0.32 seconds while

preserving high accuracy. This sub-second response time is impor-

tant both for interactive dataset search [7, 32], where users explore

join candidates in real time, and for automated data integration

pipelines [6, 9], where a large number of potential join pairs must be

evaluatedwithout the discovery process becoming a bottleneck. The

key insight behind MosaicJoin is that determining the joinability

of two columns does not require comparing all pairs of value embed-

dings. Instead, for each data lake column,MosaicJoin constructs

a �xed-size set of representative value embeddings–a semantic

sketch–that maximally covers the column’s embedding space via :-

center sampling [36]. By selecting representatives that minimize the

maximum distance from any value embedding to its nearest sketch

point, the k-center objective guarantees that the full embedding

space of the column is covered so that similarity computed against

the sketch closely approximates similarity computed against all val-

ues. At query time,MosaicJoin scores each candidate sketch using

Chamfer-style similarity score [36] at a cost bounded by sketch size

rather than data lake column cardinality, making retrieval e�cient

even for columns with a very large number of values. To further re-

duce online query cost, rather than embedding all query values, we

subsample the values and use the resulting subset to estimate the

full Chamfer score with provable accuracy guarantees. Unlike deep

learning-based approaches [12, 19, 31, 34, 38, 43, 49],MosaicJoin

requires no training or �ne-tuning and can be deployed on any new

or evolving data lake without task-speci�c retraining.

We make the following contributions:

• We propose MosaicJoin, a training-free semantic join discovery

method that preserves value-level joinability evidence while

enabling e�cient online top-: retrieval over data lakes.

• We introduce compact semantic sketches for columns, constructed

with a :-center procedure that covers the column embedding

space and preserves rare but join-critical values.

• Wede�ne a Chamfer-style joinability score over semantic sketches,

bounding candidate comparison cost by sketch size rather than

column cardinality. We further reduce query-time cost using a

subsampling estimator with provable accuracy guarantees.

• We introduce an evaluation protocol for semantic join discovery

on fuzzy-join benchmarks and WDC-augmented search spaces,

using LLM-as-a-judge silver labels with human validation to

assess value-level alignment at scale [69].

• We evaluate MosaicJoin on six benchmarks with up to 99K

columns and 1M values and show that it outperforms previ-

ously published methods by up to 17.6% in the ranking metric

NDCG@20 and 135.7% in the accuracy metric Precision@10,

while being up to 66× faster than value-level baselines.

2 RELATED WORK

Table Discovery. Table discovery has a rich line of literature [8,

22, 29, 56]. Early work focused on keyword search over the meta-

data of tables [4, 5, 32], while recent systems support interactive

exploration via data pro�ling and relationship discovery [7, 21, 26,

52, 54, 55, 60, 71]. Relationships include joinability, unionability,

and correlation to improve machine learning models and explain

data [2, 3, 10, 13, 23, 35, 37, 57, 63, 66]. We focus on join discovery.

Equi-join approaches approximate Jaccard similarity and set con-

tainment to �nd value overlap [27, 73, 75], with later techniques sup-

porting joinable and correlated tables [63–65] and multi-attribute

joins [20]. These only handle exact string overlap, missing semanti-

cally equivalent joins. More recent work has incorporated semantics

into join discovery [16, 40]. PEXESO [18] performs exact value-level

semantic join discovery by embedding cells individually and retriev-

ing candidates within a distance threshold. Although PEXESO uti-

lizes pivot-based pruning and a block-and-verify index, it remains

veri�cation-heavy with runtime scaling in both query length and

the number of �ltered candidates; we include PEXESO as an exact

value-level baseline in our experiments. Column-level join methods

such as DeepJoin [19] and WarpGate [12] encode each column

into a single �xed-length embedding via a pretrained language

model and retrieve candidates via approximate nearest-neighbor

(ANN) search. While e�cient, they must truncate high-cardinality

columns, which can fail to capture value-level joinability; we use

DeepJoin as the representative column-level baseline. Snoopy [31]

performs e�cient value-level joinability by projecting a column

onto learned proxy columns to produce a �xed-dimensional embed-

ding for ANN retrieval. Since Snoopy’s objective is most closely

aligned with ours, we compareMosaicJoin against Snoopy directly.

Several related e�orts address distinct settings. SILKMOTH [15]

and KOIOS [53] perform semantic overlap search via maximum bi-

partite matching using �lter-veri�cation frameworks. While related

to join discovery, SILKMOTH and KOIOS require exact maximum

bipartite matching at query time, making it impractical for noisy

data lakes that do not contain only one-to-one joins. Nonethe-

less, we include SILKMOTH and KOIOS in our experiments. Om-

niMatch [43] and HyperJoin [49] both create similarity graphs

over all columns, discovering all joins fully o�ine rather than per-

forming online top-: retrieval as MosaicJoin does. Freyja [50]

constructs column-level pro�les that do not capture �ne-grained

value-level alignment, and PolyJoin [34] targets multi-key (n-ary)

join search. TabSketchFM [38] uses sketch-based table representa-

tions capturing only exact value overlap and numerical similarity,

whereas MosaicJoin captures the semantic alignment of values
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Figure 2: MosaicJoin Pipeline, with real columns from our experimental evaluations [48] (Section 5). During the o�line

phase, MosaicJoin embeds column values and creates a compact semantic sketch using the :-center procedure. During online

processing, given a query column, MosaicJoin embeds the column values and ranks candidate columns using a Chamfer-style

semantic joinability score.MosaicJoin correctly returns the green column (�� ) about Football league seasons, whose values

match those in the red query column (�& ) in the top left. Column-based methods return the bottom blue column (��), whose

column semantics are similar to those of the query column (basketball and football), but whose values do not align.

in embedding space.1 TOPJoin [41] targets context-aware join-

ability in enterprise settings where valid joins require table-level

semantic relationships, not just value alignments; we include it as

a context-aware baseline. Broadly, these approaches either require

o�ine, pairwise-heavy modeling or compress columns into coarse

heuristic pro�les, whereasMosaicJoin uses bounded, deterministic

value sketches to keep value-level semantic join evidence while

supporting fast online top-: retrieval, even for high-cardinality

columns.

Fuzzy-Joins. A complementary line of work studies approximate

(fuzzy) joins between two given tables by automatically selecting

similarity functions and transformation rules [58].Auto-FuzzyJoin

auto-programs a fuzzy-join to meet a user-speci�ed precision tar-

get while maximizing recall, alleviating manual tuning of distance

functions and thresholds [48]. Auto-Join [74] learns string trans-

formation programs so that transformed keys can be equi-joined.

More recently, DTT [14] uses neural language modeling to map

entity columns into joinable formats, avoiding exhaustive searches

over hand-crafted transformation spaces. These techniques focus

on pairwise join execution or key transformation between two

given tables, whereasMosaicJoin searches a large repository for

columns whose values can be joined with a query column.

Multivector Search. Late-interaction retrievers represent queries

and documents as sets of vectors and score relevance by aggregat-

ing �ne-grained per-element matches, enabling token-level accu-

racy while allowing document representations to be precomputed

for e�ciency. ColBERT [39] popularized this design, demonstrat-

ing that it preserves token-level evidence and is more robust than

1The model is not publicly available for TabSketchFM, so we are not able to include
it in our experiments.

collapsing a whole text into a single embedding. However, exact

evaluation is expensive because it requires many cross-vector com-

parisons and cannot be reduced to a single maximum inner product

search (MIPS) query. MUVERA [36] addresses this by constructing

�xed-dimensional encodings whose dot product approximates the

underlying set-based similarity, enabling candidate retrieval via o�-

the-shelf MIPS indices with lightweight re-ranking. These results

motivate our use of aggregate-of-best-matches scoring: it preserves

�ne-grained evidence about which query values are supported by a

candidate column while admitting e�cient top-k retrieval through

through indexing and approximation mechanisms.

3 PRELIMINARIES

In this section, we introduce our notion of semantic joinability

and the compact column representation used to make retrieval

e�cient at data-lake scale. We �rst de�ne a Chamfer-style semantic

joinability score for ranking candidate columns, and then motivate

semantic sketches constructed via a :-center objective.

3.1 Semantic Joinability

Traditional join discovery is often based on exact value overlap:

two columns are considered joinable if many values in one col-

umn appear verbatim in the other [27, 63, 73, 75]. While e�ective

for clean, normalized data, this criterion is brittle in data lakes,

where semantically equivalent values may di�er in surface through

abbreviations, aliases, formatting di�erences, misspellings.

To address this, we move from exact matching to semantic match-

ing. Instead of comparing raw strings directly, we compare value

embeddings produced by an embedding function q (·), so that val-

ues with similar meaning are close in R
3 even when their string



forms di�er. This allows us to determine whether a value in the

query column has a semantically similar counterpart in a candidate

column.

Let Φ(�) denote the multiset of value embeddings for column� :

Φ(�) = {q (E) | E ∈ �}

String-Based Exact-Match Joinability. A strict exact-match score can

be written as

Jexact (�& ,�) =
1

|�& |

∑

E∈�&

1[∃E ′ ∈ � such that E = E ′] (1)

This measures the fraction of query values that appear exactly in� .

Semantic Joinability via a Directed Chamfer-Style Score. Given a

similarity function sim (e.g., cosine similarity), we de�ne semantic

joinability as

Jch (�& ,�) =
1

|�& |

∑

E∈�&

max
D∈Φ(� )

sim(q (E), D) . (2)

This is a directed Chamfer-style aggregation [36]: for each value in

the query column�& , we keep only the best semantic match in the

candidate column – the embedding D with the highest similarity –

and then, compute the average across all values.

This formulation re�ects the semantics of joins in real data lakes,

where value mappings are frequently non-bijective. For example,

in a city-to-state join, several city names may map to the same

state. A one-to-one bipartite matching objective would allow only

one city to claim a state, discarding the remaining join evidence

and underestimating joinability. The directed Chamfer score avoids

this by letting each query value independently contribute its best-

match similarity, so Jch measures semantic coverage of the query

by the candidate column. This many-to-one modeling is not an

assumption unique to MosaicJoin, it is independently motivated

by SEMA-JOIN [33], which studies semantic joins beyond exact

equality and explicitly models optional many-to-one mappings as

a core join pattern. The distinction is one of settings: SEMA-JOIN

predicts an instance-level mapping between two given columns

using co-occurrence statistics from a large table corpus, whereas

MosaicJoin targets top-k joinable-column retrieval over a data lake,

where scores must be e�ciently computed across many candidates

and require no corpus-level supervision. The directed Chamfer

score satis�es both requirements simultaneously.

Ranking candidate columns. Given a query column �& and a set

of candidate columns C, the score Jch (�& ,�) provides a common

scale for comparison. In particular, if

Jch (�& ,�0) > Jch (�& ,�1 ),

then, on average, values in�& have stronger best semantic matches

in�0 than in�1 . Equivalently,�0 provides better semantic coverage

of the query values than �1 .

Therefore, top-: semantic joinable column search can be imple-

mented by ranking candidate columns by Jch (�& ,�) and returning

the highest-scoring ones. Columns with high scores provide strong

semantic coverage of the query, i.e., most query values have at

least one close semantic match and are therefore strong join can-

didates regardless of whether the value mapping is one-to-one or

one-to-many.

3.2 Compact Semantic Sketches via k-Center

The Need for Compact Representations. Although Jch is a natural

semantic analogue of exact overlap, computing it exactly is prohib-

itively expensive at data-lake scale. For a data lake with N candi-

date columns, evaluating Jch exactly requires computing, for each

query value E ∈ �& , the maximum similarity against every value

embedding in every candidate column. This yields an online cost

of $ (# · = · |� | · 3), where = = |�& | is the query column size, |C|

is the candidate column size, and d is the embedding dimension —

scaling with both query and data lake column cardinalities simulta-

neously. For the largest columns in our evaluation (up to 57K query

values and 1M data lake values [50]), this cost is re�ected in the

15.65-second per-query latency of ESJ, our exact baseline. To make

retrieval e�cient, we replace the full embedding multiset Φ(�) with

a compact representative subset, which we call a semantic sketch.

Semantic Sketch and Representative Embeddings. For each column �

and sketch size<, we construct a sketch

( (�) ⊆ Φ(�), |( (�) | =< ≪ |� |,

The goal is for ( (�) to preserve the semantic coverage of Φ(�),

so that joinability computed against the sketch remains a good

approximation of joinability computed against the full column.

:-center Objective for Sketch Construction. We construct ( (�) using

a :-center-style objective (with budget<). Let � (·, ·) be a distance

corresponding to the similarity function (e.g., cosine distance when

sim is cosine similarity).We choose< representatives that minimize

the worst-case distance from any embedding in Φ(�) to its nearest

representative:

( (�) ∈ arg min
(⊆Φ(� )
|( |=<

max
G∈Φ(� )

min
B∈(

� (G, B) . (3)

Intuitively, this objective ensures that every value embedding

in the column is close to at least one selected representative. This

is well aligned with the Chamfer-style joinability score, which is

based on best matches: if each original embedding is well covered

by a nearby representative, then nearest-match similarities against

the full column can be approximated using only the sketch.

Approximation. The objective above is the :-center problem with

budget<, which is NP-hard in general and closely related to facility-

location-style clustering.MosaicJoin therefore uses the standard

greedy farthest-�rst traversal, described in Section 4.2, rather than

solving the objective exactly. This approximation is well suited

to our setting because it greedily reduces the maximum distance

from any column value to its nearest representative, preserving

the semantic coverage needed by the Chamfer-style best-match

score. For metric distances, farthest-�rst gives a constant-factor

approximation to the optimal :-center radius. This sketch is built

once o�ine during preprocessing and reused during online scoring,

so its cost does not a�ect query-time search e�ciency.

4 MOSAICJOIN FRAMEWORK

We now discuss theMosaicJoin framework, including its o�ine

stage where we build compact semantic sketches (Section 4.2) and

online stage where we determine semantic joinability of a query

column (Section 4.3).



4.1 System Overview

Figure 2 shows the overall pipeline of MosaicJoin, which consists

of an o�ine and online stage. Given a data lake with columns C,

in the o�ine stage, we embed values in each data-lake column and

compress each column into a �xed-size semantic sketch ( (�) using

a k-center (farthest-�rst) procedure. In the online stage, given a

query column �& , we embed its values in the same way and rank

candidate columns by a sketch-based semantic joinability score.

Throughout, we reserve : for top-: retrieval and use < for the

sketch size.

4.2 O�line Stage

Value Embeddings. Let � be a column with values {E1, . . . , E=}. To

capture the semantics of each value, we form the text C8 := [E8] and

compute an embedding G8 := q (C8 ) ∈ R
3 where q (·) denotes the

embedding function. We denote the resulting (multi)set of value

embeddings by Φ(�) := {G1, . . . , G=}. Unless stated otherwise, we

ℓ2-normalize embeddings so that ∥G8 ∥2 = 1 and cosine similarity

equals the dot product: sim(G,~) = G⊤~ ∈ [−1, 1].

k-center Semantic Sketch Construction. Storing all embeddings Φ(�)

for every column is too expensive at a data-lake scale. Instead, we

preprocess each column to derive a compact semantic sketch

( (�) ⊆ Φ(�), |( (�) | =< ≪ |Φ(�) |.

Intuitively, ( (�) should preserve the semantic coverage of Φ(�), so

that online scoring can compare a query column against sketches

rather than all values.

To obtain diverse representatives, we use a k-center style farthest-

�rst procedure [36]. Let � (·, ·) be a distance consistent with our

similarity; with normalized embeddings we use cosine distance

� (G,~) := 1 − G⊤~. The k-center objective seeks a subset ( of the

embeddings with size < that minimizes the worst-case distance

from any point to its nearest representative:

min
(⊆Φ(� ), |( |=<

max
G∈Φ(� )

min
B∈(

� (G, B) .

We approximate this objective with farthest-�rst traversal, as de-

scribed in Algorithm 1: we seed the sketch with the most central

embedding (closest to the centroid), then repeatedly add the point

farthest from its nearest selected representative. This encourages

broad coverage of the embedding space and empirically preserves

rare-but-informative values.

Implementation Note. Algorithm 1 runs in O(=<) distance compu-

tations per column using the maintained nearest-center distances

{X8 }, and is easily parallelized across columns in the o�ine pipeline.

4.3 Online Query Processing

Algorithm 2 speci�es how queries are evaluated. Given a query

column �& , we embed its values using the same embedding func-

tion q (·) and form the query embedding multiset Φ(�& ). We then

compare Φ(�& ) against the semantic sketch ( (�) of each candi-

date column � and rank candidates by their sketch-based semantic

joinability score. We return the top-: highest-scoring columns,

optionally �ltering out candidates whose score is below a �xed

threshold g (we use g = 0.1).

Query Subsampling for Faster Scoring. To further reduce online

cost, we estimate the directed sketch-based Chamfer score using

Algorithm 1: Compact Column Representation via

Farthest-First Selection

Input: Value embeddings Φ = {G1, . . . , G=} ⊂ R
3 , sketch

size<

Output: Semantic sketch ( ⊆ Φ with |( | =<

1 ` ← 1
=

∑=
8=1 G8 // centroid B1 ← argminG8 ∈Φ � (G8 , `)

// most central point ( ← {B1};

2 foreach G8 ∈ Φ do

3 X8 ← � (G8 , B1) // distance to nearest selected

point

4 for C = 2 to< do

5 BC ← argmaxG8 ∈Φ\( X8 ;

6 ( ← ( ∪ {BC };

7 foreach G8 ∈ Φ \ ( do

8 X8 ← min
(
X8 , � (G8 , BC )

)
;

9 return ( ;

Algorithm 2: Top-: Semantic Joinable Column Re-

trieval

Input: Query column �& ; candidate columns C; embedding

function q (·); compact reps {'(�)}; return size : ;

query sample size 1

Output: Top-: columns ranked by J̃
(1 )

ch
(�& ,�)

1 & ← {q (E) | E ∈ �& };

2 Sample a multiset &1 ⊆ & of size 1 uniformly at random

(with replacement);

3 Initialize an empty min-heap � (capacity :) storing

(score,�);

4 foreach � ∈ C do

5 B ← 0;

6 foreach @ ∈ &1 do

7 B ← B + max
A ∈' (� )

⟨@, A ⟩;

8 B ← B/1 // query-subsampled Chamfer score

9 if |� | < : then

10 HeapPush(�, (B,�));

11 else if B > min(� ) then

12 HeapPopMin(� );

13 HeapPush(�, (B,�));

14 return HeapItemsSortedDesc(� );

a random subset of query values. Let �& = {E1, . . . , E=}, where

= = |�& |, and ( (�) be a candidate sketch derived using Algorithm 1.

08 := max
B∈( (� )

(
q (E8 ) · B

)
, 8 = 1, . . . , =.

Then the full sketch-based directed Chamfer score is

Ĵch (�& ,�) =
1

=

=∑

8=1

08 .



We sample 1 indices �1, . . . , �1 independently and uniformly from

�& values {1, . . . , =}, and de�ne the subsampled estimator

J̃
(1 )

ch
(�& ,�) =

1

1

1∑

C=1

0�C .

Theorem 2 (99.9% confidence for qery-subsampled Cham-

fer). Fix a candidate sketch ( (�), assume embeddings are normalized

so that q (E8 ) · B ∈ [−1, 1] for all 8 and B ∈ ( (�). Then

E

[
J̃
(1 )

ch
(�& ,�)

]
= Ĵch (�& ,�),

and with probability at least 99.9%,

���J̃ (1 )ch
(�& ,�) − Ĵch (�& ,�)

��� =$

(√
1

1

)
.

Proof. De�ne -C := 0�C for C = 1, . . . , 1. Then

J̃
(1 )

ch
(�& ,�) =

1

1

1∑

C=1

-C .

Since each �C is uniform on {1, . . . , =},

E[-C ] =
1

=

=∑

8=1

08 = Ĵch (�& ,�) .

Hence, by linearity of expectation,

E

[
J̃
(1 )

ch
(�& ,�)

]
= Ĵch (�& ,�) .

Because embeddings are normalized, each 08 ∈ [−1, 1], and there-

fore -C ∈ [−1, 1]. The variables -1, . . . , -1 are independent since

the indices �1, . . . , �1 are sampled independently. By Hoe�ding’s

inequality, for any Y > 0,

Pr
(���J̃ (1 )ch

(�& ,�) − Ĵch (�& ,�)
��� ≥ Y

)
≤ 2 exp

(
−
1Y2

2

)
.

Setting the failure probability to 0.001 (i.e., con�dence 99.9%) gives

2 exp
(
−1Y2

2

)
≤ 0.001,which implies Y ≥

√
2 ln(2000)

1
. Since 2 ln(2000)

is a constant, the error bound at con�dence 99.9% is $

(√
1
1

)
. □

Query Search Complexity. Let # := |C| be the number of candidate

columns, = := |�& | be the number of query values, and assume

each candidate sketch has size at most< (i.e., |( (�) | ≤<). Given

a subsample of size 1, scoring a single candidate column requires

$ (1<3) time, since for each of the 1 sampled query embeddings we

compute the maximum inner product against its< sketch vectors

in R3 . Maintaining the top-: heap adds$ (log:) time per candidate.

Therefore, the total online query time is

$ (# 1<3 + # log:) .

When : ≪ # , the dominant term is typically $ (# 1<3), and with-

out query subsampling (i.e., 1 = =) this becomes $ (# =<3).

5 EXPERIMENTS

We evaluate MosaicJoin on six benchmarks, including a semantic

join benchmark [50], two benchmarks originally used for fuzzy-join

evaluations [48, 74], and expanded variants of these benchmarks

with larger search spaces, constructed by injecting tables from the

WDC corpus [69]. To our knowledge, this is the �rst evaluation to di-

rectly assess the semantic alignment of values in columns retrieved

by semantic join discovery methods. Thus, we adapt fuzzy-join

benchmarks for this evaluation. First, we conduct extensive ab-

lation studies to analyze di�erent design choices of MosaicJoin.

Next, we show thatMosaicJoin achieves new state-of-the-art re-

sults on value-level semantic join search among published methods

–outperforming the best-performing published method by up to

17.6% in NDCG@20 on smaller benchmarks and up to 135.7% in

Precision@10 on larger benchmarks.

5.1 Setup

5.1.1 Environment. We implementMosaicJoin in Python using

PyTorch and Huggingface transformers library. All experiments

were conducted on a server equipped with a NVIDIA L40S GPU,

128GB RAM, and 8 CPU cores.

5.1.2 Benchmarks. Weperform our experiments using three bench-

marks and construct expanded variants of these with WDC tables

(see details in Table 1). For each benchmark, we split tables into

single-column tables to evaluate joinable column search.

Auto-FuzzyJoin [48] andWebtables [74] benchmarks were

originally designed for evaluating joins between source and tar-

get tables. Auto-FuzzyJoin contains 50 diverse fuzzy-join table

pairs derived from DBPedia snapshots [46] between 2013-2021,

whileWebtables consists of 31 table-pairs collected from Bing and

Google search spanning 17 topics, where joins are transformation-

based (e.g., formatting or lexical variations). Since both benchmarks

evaluate value-level joins, we adapt them to our search setting. The

queries are the annotated join columns from the source tables, and

the search space consists of all columns across all tables. The ground

truth is the corresponding annotated join column from the paired

target table in the original ground truth.2

Freyja benchmark [50] was created for semantic and syntactic

joinable column discovery. It comprises 160 datasets from Kaggle

and OpenML, with manually labeled ground truth.3

To evaluate robustness at scale, we inject into all benchmarks

a sample of the WDC Web Table Corpus [69], which has been

previously used to evaluate table search [23, 31], into the data lakes

of Auto-FuzzyJoin,Webtables, and Freyja.

5.1.3 Baselines. We compare our approach, MosaicJoin, with

the state-of-the-art approaches for column-level join method [19],

value-level method [18], proxy-based join method that bridges the

two [31], semantic overlap set search methods [15, 53], and context-

aware join method [41]. We use o�-the-shelf model weights re-

leased by the authors for DeepJoin and Snoopy, and the fastText

base model [45] for PEXESO. This evaluates all methods in the same

setting, where they can be deployed directly on new or evolving

2https://github.com/chu-data-lab/AutomaticFuzzyJoin/tree/master/src/autofj/
benchmark,https://github.com/Yeye-He/Auto-Join/tree/master/autojoin-Benchmark
3https://freyja-data-discovery.github.io



Table 1: Statistics onAuto-FuzzyJoin,Webtables, and Freyja benchmarks, andWDC tables used in the expanded benchmarks.

Benchmark Split # Cols Total # Rows Max # Rows Avg # Rows Max Card. Avg Card.

Auto-FuzzyJoin
Query 50 164.7K 6,933 3,295 6,933 3,295

Data Lake 100 182K 6,933 1,826 6,933 1,826

Webtables
Query 32 3.8K 690 120 673 113

Data Lake 244 47K 2,195 194 2,191 82

Freyja
Query 50 223K 57,793 4,459 1,303 159

Data Lake 1,317 16M 1,048,575 12,169 834,244 3,342

WDC Data Lake 97,703 10M 810 102 810 99

data lakes without task-speci�c retraining, which is exactly the

setting that MosaicJoin targets. To isolate value semantics and

ensure a fair comparison across methods, we evaluate all methods

using column values only, without column names. This values-only

setting follows prior semantic join discovery evaluations [18, 31]

and re�ects a realistic data lake setting where metadata is often

incomplete, noisy, or ambiguous [1, 25, 56].

• DeepJoin [19] is a column-level join discovery method that

encodes each column into a single �xed-length embedding using

SBERT. We use the model that the authors pre-trained onWDC [62]

to run model inference on our benchmarks. To compare fairly with

MosaicJoin, we only embed column values.4

• PEXESO [18], a value-level method, is the most similar baseline

toMosaicJoin. PEXESO embeds all column values and retrieves

candidates via pivot-based �ltering and a grid index.5

• Snoopy [31] is a column-level method that captures value-level

joinability using proxy columns, learned from the Scorpionmodel [31].

We use the original model weights trained on the WDC corpus.6

• KOIOS [53] is a value-level semantic join discovery method that

embeds values and indexes them for neural similarity search. Since

the original implementation is written in C, we re-implement it in

Python while preserving the method’s original maximum bipartite

matching scoring logic to ensure a fair comparison.7

• SILKMOTH [15] is a value-level join discovery method based

on set containment. It retrieves joinable columns by comparing

the overlap between column value sets rather than semantic simi-

larity. Since the original implementation is not publicly available,

we implement a Python version of SILKMOTH according to the

algorithms and speci�cations in the paper [15].

• TOPJoin [41] is a hybrid join discovery method that combines

value overlap, column-level semantic similarity, and table-context

signals. We use the original implementation of TOPJoin.8

• Exact-Semantic-Join (ESJ) is a variation of MosaicJoin that

performs exact semantic join search without constructing semantic

sketches of value embeddings proposed in Section 3.2. Instead, it

computes exact semantic join score de�ned in Eq. (2) by, for each

query value embedding, �nding its closest value embedding in

the candidate column (i.e., exact nearest-neighbor matching) and

aggregating these matches at query time.

4https://github.com/mutong184/deepjoin
5https://github.com/BIT-DataLab/LakeBench/tree/main/join/Pexeso
6https://github.com/ZJU-DAILY/Snoopy/tree/main
7https://github.com/DataIntelligenceCrew/koios-semantic-search
8https://github.com/IBM/ContextAwareJoin

5.1.4 Ground truth Expansion. For the base benchmarks, we use

the provided ground-truth labels. For the expanded benchmarks,

no ground truth exists between the original query columns and

the injected WDC tables, so we augment the original labels with

silver labels generated by Gemini 2.5 Pro [11]. We evaluate using

the union of the original benchmark ground truth and the silver

labels. We use an LLM judge because many valid joins are semantic

rather than exact equi-joins, and exhaustive value-pair annotation

is infeasible at scale (e.g., Freyja +WDC would require up to 20K ×

26M value-pair comparisons). For each query–candidate pair, we

provide both columns’ unique values after minor string normaliza-

tion and ask the judge to classify the pair as equijoin, semantic,

or not joinable, with a con�dence score and brief rationale. We

retain only predictions with con�dence > 0.7. To avoid bias toward

MosaicJoin, for each query column we form the annotation pool

as the union of the top-50 retrieved columns from MosaicJoin

and each baseline, excluding pairs already present in the original

ground truth. Thus, silver labels can originate from any method’s

retrieval list. To validate retained positive silver labels, we conduct

a multi-model audit on a strati�ed sample of 200 joinable pairs

across all expanded benchmarks, including 75 semantic joins and

125 equi-joins. Each pair is independently checked by Gemini 2.5

Pro, GPT-5.5 [59], and Gemini 3.5 Flash [30]; all 200 receive major-

ity support, and 185 receive unanimous support. The remaining 15

disagreement cases are manually reviewed by three human curators

and con�rmed as correct joinable pairs. For context, with = = 200,

a one-sided exact binomial test for detecting an improvement from

90% to 95% precision at U = 0.05 has approximately 80% power,

con�rming the statistical signi�cance of our veri�cation results.

5.1.5 Metrics. Following previouswork [19, 31], we report Recall@:

and NDCG@: for Auto-FuzzyJoin and WT, since they expect a

single joinable column per query column in their ground truth. For

Freyja, which expects multiple columns per query, we also evaluate

Precision@: . For the expanded benchmarks, where we have LLM

annotations of the top-10 retrieved columns from each method, we

evaluate Precision@10 and NDCG@10.

For a query column �& , let S = {�1, ...� |S | } be the set of ex-

pected joinable columns and Ŝ = {�̂1, ...�̂: } be the set of retrieved

top-: joinable columns by a speci�c method with respect to �& .

Precision@: =

|S∩Ŝ |

| Ŝ |
and Recall@: =

|S∩Ŝ |
|S |

. NDCG@: measures

the quality of the ranking of the top-: retrieved columns. Since

our ground-truth labels are binary, we de�ne relevance as rel8 =
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Figure 3: Varying 1 (number of sampled values from query

columns) on Freyja benchmark

1
[
�̂8 ∈ S

]
, where �̂8 is the column returned at rank 8 . NDCG@: is

de�ned as ���@:
����@:

, where���@: =

∑:
8=1

A4;8
;>62 (8+1)

and ����@: =

∑<8= (:, |S | )
8=1

1
;>62 (8+1)

For e�ciency, we measure the query search time of all the meth-

ods. All metrics are averaged over all queries.

5.2 Ablation Study

We �rst conduct an ablation study of MosaicJoin ’s design choices

on the Freyja benchmark to identify the best hyperparameter set-

ting. For each ablation study, we keep the other hyperparameters

�xed. We focus on this benchmark because it is technically our

largest base benchmark and has the highest cardinality, measured

by the number of rows with unique values (Table 1).

Varying Size ofQuery Subsamples. Figure 3 shows theNDCG@10

and runtime of MosaicJoin on the Freyja benchmark as we vary

the number 1 of randomly sampled rows from each query column.

We observe that NDCG@10 quickly stabilizes around 1 = 1024,

with little improvement beyond this point, while runtime is 4.5×

faster than using the full query column. This indicates that random

query subsampling preserves retrieval quality while improving e�-

ciency. Based on this tradeo�, we use 1 = 1024 query samples in all

experiments in Section 5.3. This empirical trend is consistent with

the guarantee in Theorem 2 from Section 4.3.

Comparison of Sketch Construction Methods Table 2 shows

the e�ect of di�erent sampling strategies for constructing semantic

sketches on the performance of MosaicJoin on Freyja. In particu-

lar, we compare our :-center-based method (Section 3.2) against a

:-means clustering, where we use the standard :-means implemen-

tation from [61]. We observe that :-center sampling outperforms

:-means by large margins for all metrics.

This di�erence is expected for two main reasons. First, :-means

is optimized to minimize average squared distance to cluster cen-

troids, which tends to bias the representation toward dense regions

of the embedding space. On Freyja, where many values are re-

peated or di�er only slightly, this can cause multiple centroids

to concentrate around highly frequent but semantically similar

values, leaving other parts of the column underrepresented. In con-

trast, :-center sampling explicitly aims to maximize coverage of the

embedding space, producing a more diverse set of representative

points. Second, :-means returns synthetic centroids that generally

do not coincide with actual embedded values, whereas our :-center

procedure selects representatives directly from the observed embed-

ding set. As a result, the semantic sketch remains grounded in real

points while still e�ectively covering the space via the farthest-�rst

traversal used by :-center. Overall, these results show that :-center

sampling yields a more faithful and diverse summary of the column

embeddings, leading to better retrieval performance.

Varying Online Similarity Methods. To compare query columns

against candidate sketches, we study several Chamfer-style sim-

ilarity functions, following the same nearest-neighbor matching

principle used in prior retrieval work such as Muvera [36]. All

variants use dot-product similarity on normalized embeddings and

di�er only in how they aggregate these matches. This ablation helps

determine which aggregation rule is best aligned with semantic

join discovery.

Directed Chamfer (query→ candidate sketch). Our primary score

is the directed average Chamfer from the query to the candidate

sketch:

Ĵch (�& ,�) =
1

|Φ(�& ) |

∑

@∈Φ(�& )

max
B∈( (� )

(@ · B) .

This is the sketch-based approximation of the directed semantic

joinability score from Section 3.1. It measures, for each query em-

bedding, how well it is supported by the candidate sketch, and is

therefore the most natural choice for our retrieval setting.

Inverse Chamfer (candidate sketch→ query).We also evaluate the

inverse direction:

Ĵinv (�& ,�) =
1

|( (�) |

∑

B∈( (� )

max
@∈Φ(�& )

(B · @) .

Unlike the directed score above, this variant measures how well

the candidate sketch is covered by the query. While this provides a

meaningful alternative, it is less directly aligned with our objective,

since in join retrieval we primarily care about whether query values

can be matched by the candidate column.

Bidirectional (average) Chamfer. Finally, we consider a symmetric

variant obtained by averaging the two directions: Ĵbi (�& ,�) =

1
2

(
Ĵch (�& ,�) + Ĵinv (�& ,�)

)
. This score balances both notions of

coverage, rewarding pairs that match well in both directions. It

can be viewed as a more symmetric measure of semantic similarity,

though such symmetry is not necessarily required in our inherently

directed retrieval task.

In all three cases, we use averages to keep scores comparable

across query columns with di�erent numbers of values and can-

didate sketches of di�erent sizes. As shown in Table 2, directed

Chamfer and average Chamfer perform comparably. Since the dif-

ference is marginal, we adopt average Chamfer in all subsequent

experiments and omit the comparison between direct Chamfer

against the baselines due to space constraints.

Varying Sketch Size<: We next study the e�ect of the sketch

size parameter< in the :-center sketch construction algorithm (Al-

gorithm 1) on the Freyja benchmark. Here,< controls the number

of representative embeddings retained in each semantic sketch. As

shown in Table 2, increasing < beyond 64 yields only marginal

gains in retrieval performance. At the same time, smaller sketches

reduce search cost (e.g.,< = 64 is 1.25× faster than< = 128), lead-

ing to faster query-time performance. Based on this tradeo�, we use

< = 64 in our experiments. More generally, this accuracy-e�ciency



Table 2: Ablation studies of Precision, Recall, and NDCG for : = 10, 20 of MosaicJoin on Freyja for di�erent sketch construction

methods, online similarity methods, sketch sizes<, and embedding models. (*) denotes the hyperparameters we use in the rest

of the experiments.

Method Precision@10 Recall@10 NDCG@10 Precision@20 Recall@20 NDCG@20

Sketch k-center* 0.876 0.287 0.885 0.829 0.543 0.848

Construction k-means 0.454 0.143 0.482 0.259 0.163 0.335

chamfer (Ĵch) 0.890 0.292 0.907 0.801 0.526 0.838

Online inverse chamfer (Ĵinv) 0.820 0.268 0.820 0.797 0.521 0.804

Similarity average chamfer (Ĵbi)* 0.876 0.287 0.885 0.829 0.543 0.848

< = 128 0.882 0.289 0.888 0.850 0.558 0.864

Sketch < = 64* 0.876 0.287 0.885 0.829 0.543 0.848

Sizes < = 32 0.838 0.274 0.848 0.792 0.518 0.813

EmbeddingGemma [68] (3 = 128)* 0.876 0.287 0.885 0.829 0.543 0.848

Embedding MPNet [67] (3 = 768) 0.460 0.145 0.506 0.259 0.163 0.349

Model bge-base-en-v1.5 [70] (3 = 768) 0.906 0.297 0.909 0.892 0.585 0.899

5 10 15 20
K

0.4

0.6

0.8

1.0

Pr
ec
isi
on

@
K

MosaicJoin ESJ DeepJoin Snoopy PEXESO

5 10 15 20
K

0.6

0.8

1.0

Re
ca
ll@

K

(a) Recall@K

5 10 15 20
K

0.6

0.8

1.0

ND
CG

@
K

(b) NDCG@K

Auto-FuzzyJoin Benchmark

5 10 15 20
K

0.00

0.25

0.50

0.75

1.00

Re
ca
ll@

K

(c) Recall@K

5 10 15 20
K

0.0

0.2

0.4

0.6

ND
CG

@
K

(d) NDCG@K

Webtables Benchmark

5 10 15 20
K

0.4

0.6

0.8

1.0

Pr
ec
isi
on

@
K

(e) Precision@K

5 10 15 20
K

0.0

0.2

0.4

0.6

Re
ca
ll@

K

(f) Recall@K

5 10 15 20
K

0.4

0.6

0.8

1.0

ND
CG

@
K

(g) NDCG@K

Freyja Benchmark

Figure 4: E�ectiveness of MosaicJoin and baselines for vary-

ing : ’s on Auto-FuzzyJoin,Webtables, and Freyja.

balance can be tuned depending on system requirements, as further

illustrated in Figure 1.

Varying Embedding Models: We also compare di�erent em-

bedding models for constructing value representations: Embed-

dingGemma [68], BGE [70], and MPNet [67]. While BGE [70] with

output dimension 768 achieves slightly higher retrieval accuracy,

it incurs a substantially higher query-time cost: its average search
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Figure 5: E�ectiveness of MosaicJoin and baselines for vary-

ing : ’s on the expanded benchmarks.



Table 3: E�ectiveness of MosaicJoin and external baselines DeepJoin, Snoopy, and PEXESO, and our exact-search variant ESJ

on all benchmarks. PEXESO timed out for most, if not all, queries on the expanded benchmarks.

Auto-FuzzyJoin Webtables Freyja Auto-FuzzyJoin +WDC Webtables +WDC Freyja +WDC

Method R@20 NDCG@20 R@20 NDCG@20 P@20 R@20 NDCG@20 P@10 NDCG@10 P@10 NDCG@10 P@10 NDCG@10

ESJ 1.000 0.879 0.969 0.594 0.845 0.556 0.834 0.526 0.716 0.072 0.462 0.428 0.625

DeepJoin 1.000 0.913 0.875 0.484 0.752 0.495 0.777 0.422 0.678 0.025 0.141 0.390 0.484

Snoopy 1.000 0.911 0.656 0.347 0.518 0.336 0.594 0.494 0.778 0.028 0.146 0.330 0.506

PEXESO 0.808 0.732 0.400 0.284 0.439 0.280 0.492 – – – – – –

MosaicJoin 1.000 0.945 1.000 0.569 0.829 0.543 0.848 0.630 0.819 0.066 0.423 0.428 0.562

time is 0.931 seconds per query, compared to only 0.080 seconds for

EmbeddingGemma [68] with output dimension 128. MPNet [67] is

also fast in search time (0.098 seconds), but has signi�cantly lower

accuracy performance. We therefore select EmbeddingGemma as

the default embedding model because it o�ers a much stronger

e�ciency–accuracy tradeo�.

A key reason this works well is that EmbeddingGemma is trained

with Matryoshka Representation Learning [44], which concentrates

the most informative semantic signal in the leading dimensions. As

a result, truncating the representation to 128 dimensions preserves

similar retrieval quality as higher-dimensional embeddings while

signi�cantly reducing storage and similarity computation costs at

query time. Based on this tradeo�, we use EmbeddingGemma with

128-dimensional outputs in subsequent experiments.

5.3 Comparisons against Baselines

Table 3 reports the e�ectiveness results on all base and expanded

benchmarks. MosaicJoin outperforms existing methods DeepJoin,

Snoopy, PEXESO on all six benchmarks. We also compare against

ESJ, our own exact-search variant, in detail later in this section.

Base Benchmarks. On Freyja, MosaicJoin outperforms Deep-

Join, Snoopy, PEXESO by 9.1%, 42.8%, 72.4% in NDCG@20, re-

spectively, and by 10.2%, 60%, 88.8% in Precision@20. On Auto-

FuzzyJoin and Webtables, MosaicJoin outperforms the best-

performing baseline, DeepJoin, by 3.5% and 17.6% in NDCG@20,

respectively. As shown in Figure 4,MosaicJoin consistently out-

performs the baselines for all values of : on all benchmarks.

Since DeepJoin collapses each query column into a single �xed-

length embedding, it cannot capture �ne-grained value alignment,

thus producing false positives when a candidate column has a simi-

lar topic but is not value-level joinable. In contrast, Snoopy projects

columns onto learned proxy columns to determine column join-

ability and to capture �ne-grained value alignment. However, its

proxies are trained on the WDC corpus, which may not capture the

value distributions in our benchmark, including the long-tail distri-

butions in high-cardinality columns such as those in Freyja. On the

base benchmarks, DeepJoin actually outperforms Snoopy because

DeepJoin’s SBERT encoder generalizes better out-of-domain. How-

ever, on the expanded benchmarks that include injected tables from

WDC (as shown in Figure 5), Snoopy’s specialized in-domain prox-

ies cover the data distributions, leading to better performance than

DeepJoin’s. Finally, although PEXESO is value-level, its accuracy

is low because its pivot-based pruning can prune many joinable

columns, and by counting the number of query vectors having at

least one matching vector above a �xed similarity threshold, it can

return many false positives. In contrast,MosaicJoin’s sketches and

(a) Precision@10 (b) NDCG@10

Figure 6: Analysis of Precision@10 and NDCG@10 of Mo-

saicJoin, ESJ, DeepJoin, Snoopy, PEXESO as we vary the

number of rows in query columns in the Freyja benchmark

(top row). Recall@10 follows a similar trend. The bottom row

subsamples values from the largest query bucket (up to 57K

rows) in MosaicJoin; dashed lines show the performance of

the baselines.

Chamfer scoring preserve value-level semantic coverage without

relying on similarity thresholds or training data.

Expanded Benchmarks. After injecting WDC tables into Auto-

FuzzyJoin, Webtables, Freyja benchmarks, we evaluate Preci-

sion@10 and NDCG@10 on the expanded benchmarks using LLM

annotations. PEXESO times out after 10 minutes per query, and

thus, we cannot report its results for the expanded benchmarks.

On Freyja +WDC,MosaicJoin outperforms DeepJoin and Snoopy

by 9.7%, 29.7% in Precision@10, respectively. On Auto-FuzzyJoin

+WDC andWebtables +WDC,MosaicJoin outperforms the best

performing baseline, Snoopy, by 27.5% and 135.7% in Precision@10,

respectively. The absolute scores are lower on Webtables +WDC

for all methods because most of injected WDC columns are not

joinable withWebtables queries (72% of columns), thus resulting

in many false positives in top-: . Figure 5 shows thatMosaicJoin

outperforms existing methods throughout all values of : . Thus,

MosaicJoin is robust to larger search spaces, still outperforming

existing methods on value-driven semantic join discovery.

Comparison with ESJ. As shown in Table 3, the exact variant of

MosaicJoin, ESJ, outperforms MosaicJoin by 4.4% on Webtables,

by 9.2% onWebtables +WDC in NDCG@: , and by 11.2% on Freyja

+WDC. Since ESJ performs exhaustive pairwise matching over all



value embeddings, it captures every possible value alignment, in-

cluding value alignments that MosaicJoin’s sketches may miss.

Meanwhile, we observe the opposite trend on Auto-FuzzyJoin and

Auto-FuzzyJoin +WDC, whereMosaicJoin outperforms ESJ by

7.5% and 14.4% inNDCG@: , respectively.Auto-FuzzyJoin contains

one-to-many value alignments [48], and ESJ’s exhaustive matching

is sensitive to redundant or noisy variations of the same entity. In

contrast, MosaicJoin’s :-center sketching selects distinct repre-

sentative values, thus handling these complex alignments more

robustly than the exhaustive variant.

Robustness to Query Column Size. We further analyze how

query column size a�ects Precision@10, Recall@10, and NDCG@10

of all methods on the Freyja benchmark, which contains the largest

query columns in our evaluation (up to 57K values). We evenly split

the query columns into �ve groups of varying numbers of rows.

As shown in Figure 6, MosaicJoin and ESJ are robust as the

query size grows to 57K, while the performances of DeepJoin,

Snoopy, and PEXESO gradually decrease. Among the baselines,

PEXESO shows the lowest overall performance. Since PEXESO em-

beds all query values and relies on pivot-based �ltering to prune

candidates, it becomes increasingly expensive and less e�ective as

the query column size increases. DeepJoin’s performance degrades

more gradually as the query size increases. DeepJoin truncates

columns to �t its models’ context windows, so the performance

is stable on smaller queries but declines as DeepJoin loses poten-

tially joinable values as the query size increases to 57K. Snoopy’s

performance is generally lower than DeepJoin’s, since its proxies

are trained on WDC. As the query column size increases, Snoopy’s

performance declines since its �xed-size proxies fail to represent

the long-tail of large value distributions.

On the other hand, MosaicJoin and ESJ maintain stable per-

formance across queries of all sizes. ESJ computes Chamfer score

exhaustively over all query value embeddings, so its accuracy re-

mains high. However, its runtime grows linearly with query size,

taking ∼16 seconds per query on Freyja. In contrast, the :-center

sketches inMosaicJoin preserve the semantic coverage of candi-

date columns, regardless of their size (detailed in Section 3.2), while

the query subsampling bounds the online cost of scoring regardless

of query size (Theorem 2), leading to accuracy that is similar to ESJ

at a faster search time of ∼0.4 seconds. We see that MosaicJoin

achieves high accuracy at lower query cost, even on large query

columns, where all published baselines’ performances degrade.

To evaluate robustness as query columns scale, we vary the per-

centage of 1 sampled values on the largest query columns in the

Freyja benchmark (5K to 57K rows). By reducing 1 on �xed column

sizes, this experiment serves as a controlled proxy for scaling be-

yond Freyja benchmark size as it represents the same reduction in

sampling ratio as increasing the column size for a �xed 1. As shown

on the bottom of Figure 6, as the query sampling ratio decreases for

larger columns, there is a slight decline in accuracy. However, even

when sampling less than 2% of query values,MosaicJoin performs

comparably to DeepJoin, Snoopy, and PEXESO. While sampling

does impact accuracy, these results demonstrate that MosaicJoin

remains relatively robust as query columns grow.

E�ciency. Table 4 reports the preprocessing overhead for Mo-

saicJoin and ESJ on Freyja, which is the largest benchmark. While

MosaicJoin generates both embeddings and sketches and ESJ only

uses embeddings, the additional time and storage overhead for

sketches is minimal. Speci�cally, sketch creation adds only 0.08,

0.07, and 0.25 seconds per column on Auto-FuzzyJoin,Webtables,

and Freyja benchmarks, respectively. Sketch construction does not

increase peak memory requirements: Peak RAM and Peak GPU

Memory for bothMosaicJoin and ESJ are 3.69 GB and 25.71 GB, re-

spectively. Importantly, this preprocessing is a one-time o�ine cost

that scales linearly through parallelization across columns. When

a new column is ingested, the update cost involves generating its

embedding and sketch. For the Freyja benchmark, this update cost

is 2.48 seconds and requires ∼52 MB of storage. Since columns are

processed independently, ingesting new columns does not require

reprocessing.

Table 5 reports the search time of all methods, averaged over all

queries, on Auto-FuzzyJoin,Webtables, and Freyja.MosaicJoin

is 2 to 66 times faster than the existing value-level joinable column

baseline, PEXESO. Compared to the exact semantic search baseline

ESJ,MosaicJoin is 2 to 49 times faster while achieving comparable

or higher accuracy. Compared to overlap set search methods, Mo-

saicJoin is 6 to 19 times faster than KOIOS and 120 to 224 times

faster than SILKMOTH. SILKMOTH times out on the Freyja bench-

mark after 10 minutes per query. Although KOIOS uses a FAISS

embedding index and a �lter-veri�cation framework, the bipartite

matching used in KOIOS scoring makes the search slower than the

Chamfer-style scoring in MosaicJoin. However, KOIOS is faster

than ESJ on the Freyja benchmark since ESJ must exhaustively

compare all embeddings for large queries while KOIOS e�ectively

prunes the search space.MosaicJoin is also up to 1.4 times faster

than TOPJoin, which uses column metadata and aggregate statis-

tics and value pro�les to retrieve joinable columns. As expected,

single-vector methods like DeepJoin and Snoopy are faster than

MosaicJoin at query time, since they compare one vector per can-

didate column rather than< = 64 sketch vectors. However, Figure 1

shows that the fast search time of these methods also results in

lower accuracy. Beyond search time, DeepJoin and Snoopy require

expensive o�ine training on large corpora, whereasMosaicJoin

requires no training, making it easier to deploy on new data.

During online search on the largest benchmark Freyja, Mo-

saicJoin and ESJ require 27% and 49% peak GPU Utilization, re-

spectively, to embed query columns and compute Chamfer-style

scores. MosaicJoin requires 2.39 GB of peak RAM and 2.13 GB of

peak GPU memory, while ESJ requires 9.06 GB of peak RAM and

6.09 GB of peak GPU memory. These metrics demonstrate that the

compact sketches inMosaicJoin not only save memory but also

signi�cantly reduce the computational load on the GPU compared

to ESJ. In contrast, the value-level baseline PEXESO requires 3% of

GPU utilization, 8.53 GB of peak RAM and 0.51 GB of peak GPU

memory, since it mainly uses CPU for pruning and veri�cation.

However, MosaicJoin achieves faster search time and nearly four

times lower memory usage than ESJ and PEXESO.

Indexing. We further evaluateMosaicJoin against baseline meth-

ods that use indexing, speci�cally overlap set searchmethodsKOIOS

and SILKMOTH, and TOPJoin. To allow for a fair comparison of

scoring methods, we incorporate the same Faiss embedding index

used in KOIOS for MosaicJoin candidate retrieval. Figure 7 shows

the e�ectiveness results on the Auto-FuzzyJoin benchmark, which

is the largest benchmark where all methods successfully complete



Table 4: Preprocessing and update costs of MosaicJoin and

ESJ on the Freyja benchmark.

Time / Col Total Time Storage / Col Total Storage

MosaicJoin 2.48 sec 3,259.17 sec 52.17 MB 68.65 GB

ESJ 2.23 sec 2,935.38 sec 51.96 MB 68.38 GB

Table 5: Average Online Search Time (in seconds) on Auto-

FuzzyJoin,Webtables, Freyja benchmarks.

Method Auto-FuzzyJoin Webtables Freyja

DeepJoin 0.002 0.001 0.001

Snoopy 0.004 0.001 0.001

PEXESO 5.256 0.071 1.337

ESJ 0.507 0.060 15.646

KOIOS 1.547 0.383 1.832

SILKMOTH 17.936 4.809 –

TOPJoin 0.106 0.040 0.459

MosaicJoin 0.080 0.040 0.322

within a 10-minute query timeout.9 Additionally, Auto-FuzzyJoin

contains one-to-many column cardinalities, which is a realistic

scenario in a data lake setting where denormalized tables often

result in multiple values mapping to a single query value [48]. As

shown in Figure 7, MosaicJoin outperforms TOPJoin, KOIOS, and

SILKMOTH by 8.7%, 15.1%, and 523.4% in NDCG@20, respectively.

Thus, Chamfer-style joinability in MosaicJoin is better suited for

the one-to-many semantic mappings prevalent in noisy data lakes

compared to exact bipartite matching.

We further analyze the distinction between value-level methods

like MosaicJoin and hybrid methods like TOPJoin. MosaicJoin

successfully �nds semantically joinable columns that contain se-

mantically aligned values. For example, in the Auto-FuzzyJoin

benchmark, query values like “2004 Tiger Cup” and joinable column

values like “2004 AFF Championship” share no string overlap, but

both refer to the same sports tournament. In this case, MosaicJoin

ranks this column �rst, whereas TOPJoin ranks it below top 3.

TOPJoin utilizes table-level context, including column headers and

table metadata, which is helpful when value semantics and thus

the joins are ambiguous. For example, for a query column “country”

in table “USA cars datasets” with values {“usa”, “canada”}, TOPJoin

successfully retrieves a joinable column on “sales territory” with

values {“Northwest”, “Northeast”}. While MosaicJoin currently

relies on value-level information, we will explore incorporating

table-level contextual signals in future work.

6 CONCLUSION

We present MosaicJoin, a value-driven semantic join discovery

method that achieves the high accuracy of value-level methods at

much faster query search time. MosaicJoin constructs :-center se-

mantic sketches for each data lake column that maximize coverage

of the column’s embedding space, producing a compact represen-

tation that captures the full semantics of even high-cardinality

9Experiments onWebtables and Freyja are included in the technical report [24].
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Figure 7: E�ectiveness of MosaicJoinwith an index onAuto-

FuzzyJoin, compared to KOIOS, SILKMOTH, TOPJoin.

columns and enables Chamfer joinability scoring at a cost bounded

by the sketch size, rather than by the column size. A query subsam-

pling estimator further reduces online query search time regardless

of query column size, while preserving accuracy within provable

error bounds, enabling robust retrieval even for query columns

with up to 57K values. Experiments on fuzzy-join and semantic-

join benchmarks, including larger variants, show that MosaicJoin

outperforms existing methods across all benchmarks, making it im-

mediately deployable on new data without task-speci�c retraining.

However, value-level join discovery methods involve an inherent

trade-o� between accuracy and e�ciency, as shown in Figure 1.

Although MosaicJoin achieves sub-second retrieval, there is a

trade-o� between sketch size and retrieval accuracy, in which a

larger sketch size may result in higher accuracy but slower runtime.

If we consider all value embeddings in a column, like in ESJ, the

accuracy may be higher (Figures 4 and 5) but the runtime is much

slower (Table 5). Our results across benchmarks and ablation stud-

ies (Table 2) show that the accuracy of this sketch-based method

can vary depending on the embedding quality, sketch size, and

the sketch construction method. Furthermore, while query sub-

sampling signi�cantly reduces search time (Figure 3), especially

for larger columns in the Freyja benchmark, subsampling may

overlook rare joinable values in extremely skewed distributions.

While we focus solely on values to �nd semantic joins, in future

work we will explore whether incorporating metadata, semantic

type annotations, and column pro�les [28, 42, 71] could improve

precision by capturing column-level and table-level context to bet-

ter disambiguate semantically similar columns [40]. Additionally,

while MosaicJoin’s query search time is already faster than other

value-level methods, even for benchmarks with up to 99K columns

that each contain up to 1M values, approximate nearest neighbor

indexing over sketch embeddings [36] could enable faster retrieval

for very large data lakes.
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