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DISCOVERING A SCHEMA FOR A DATA
LAKEHOUSE BY IDENTIFYING THE
PRIMARY AND FOREIGN KEYS

TECHNICAL FIELD

The present disclosure relates generally to a data lake-
house, and more particularly to discovering a schema for a

data lakehouse by 1dentilying the primary and foreign keys.

BACKGROUND

A data lakehouse 1s a modern data platform built from a
combination of a data lake and a data warchouse. More
specifically, a data lakehouse takes the flexible storage of
structured data from a data lake and the management fea-
tures and tools from data warehouses, then strategically
implements them together as a larger system.

SUMMARY

In one embodiment of the present disclosure, a computer-
implemented method for identifying primary and foreign
keys to build a schema comprises identifying a primary key
of a query table of a data lakehouse. The method further
comprises 1dentifying top n-similar columns of tables of the
data lakehouse to 1dentily joinable tables using the primary
key as a query using column embeddings. The method
additionally comprises identifying a list of candidate join-
able tables based on the i1dentified top n-similar columns of
tables of the data lakehouse. Furthermore, the method com-
prises selecting joinable tables from the list of candidate join
tables that satisty an inclusion dependency constraint. Addi-
tionally, the method comprises identifying foreign keys
having full containment with the primary key of the query
table from the selected joinable tables.

Other forms of the embodiment of the computer-imple-
mented method described above are 1 a system and 1n a
computer program product.

The foregoing has outlined rather generally the features
and technical advantages of one or more embodiments of the
present disclosure in order that the detailed description of
the present disclosure that follows may be better understood.
Additional features and advantages of the present disclosure
will be described hereimnaiter which may form the subject of
the claims of the present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

A better understanding of the present disclosure can be
obtained when the following detailed description 1s consid-
ered 1n conjunction with the following drawings, in which:

FIG. 1 illustrates a communication system for practicing,
the principles of the present disclosure 1n accordance with an
embodiment of the present disclosure;

FIG. 2 1s a diagram of the software components used by
the schema discovery mechanism to discover the schema of
the data lakehouse by identifying the primary and foreign
keys to build/discover the schema of the data lakehouse in
accordance with an embodiment of the present disclosure;

FI1G. 3 1llustrates indexing data from the data lakehouse in
accordance with an embodiment of the present disclosure;

FIG. 4 illustrates discovering the schema of the data
lakehouse 1n accordance with an embodiment of the present
disclosure:

FI1G. 5 illustrates an embodiment of the present disclosure
of the hardware configuration of the schema discovery
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2

mechanism which 1s representative of a hardware environ-
ment for practicing the present disclosure;

FIG. 6 1s a flowchart of a method for indexing a data
lakehouse 1n accordance with an embodiment of the present
disclosure:

FIG. 7 1s a flowchart of a method for 1dentifying a list of
candidate joinable tables 1n accordance with an embodiment
of the present disclosure; and

FIG. 8 1s a flowchart of a method for discovering the
schema of the data lakehouse 1n accordance with an embodi-

ment of the present disclosure.

DETAILED DESCRIPTION

As stated above, a data lakehouse 1s a modern data
platform built from a combination of a data lake and a data
warchouse. More specifically, a data lakehouse takes the
flexible storage of structured data from a data lake and the
management features and tools from data warehouses, then
strategically implements them together as a larger system.

Schema discovery i1s an essential factor 1n a data lake-
house’s ability to support big data analytics. Weak discov-
erability makes data less accessible and undermines good
governance practices. A schema 1s the organization or struc-
ture for a data lakehouse. An example of a schema 1s a
relational schema, which defines the design and structure of
the data structured in tables (called relations in relational
schemas). The relational schema describes how those tables
relate to each other. Schema discovery refers to finding and
documenting the structure of data sources within a reposi-
tory, such as a data lakehouse.

Schema discovery 1nvolves searching and retrieving
metadata about the datasets in a data lakehouse’s object
storage. This metadata turns mto schemas that define table
structures and allow the creation of table and column
previews to aid exploration and query development. For
example, the schema can be used to 1dentily joinable tables
helping the user to write SQL (structured query language)
queries.

By making schemas more discoverable, these features let
companies maximize the value of their data lakehouses
through expanded data accessibility, data integration, data
virtualization, and data optimization. For example, by mak-
ing schemas more discoverable, 1t 1s easier for engineers to
discover schemas which streamlines pipeline development
and helps eliminate internal barriers between data assets.
Engineers can develop ingestion pipelines faster when they
have reliable access to information about data sources.
Likewise, discoverability tools can quickly identify schema
changes that could disrupt existing pipelines. In another
example, discoverability supports data optimization. The
stale and 1naccurate datasets become easier to find. Further-
more, engineers can integrate the schema ito workflows
that improve data quality, currency, and integrity.

A schema, such as a relational schema, for a data lake-
house can be built or discovered by i1dentifying the primary
and foreign keys to build the relational schema. Primary
keys serve as unique identifiers for each row 1n a database
table. Foreign keys link data in one table to the data in
another table. A foreign key column 1n a table points to a
column with unique values in another table (often the
primary key column) to create a way of cross-referencing,
the two tables.

Unfortunately, due to the fact that a data lakehouse
consists of a large set of data 1n tabular form, 1t 1s diflicult
to automatically identily the primary and foreign keys to
build the schema, such as a relational schema.
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The embodiments of the present disclosure provide a
means for finding the foreign keys having full containment
with the primary key of the query table from tables 1n the
data lakehouse thereby being able to build/discover the
schema, such as a relational schema, of the data lakehouse.
In one embodiment, a primary key of a table of the data
lakehouse 1s 1dentified using a unique column combination
constraint. The top n-similar columns of tables of the data
lakehouse are 1dentified to 1dentify joinable tables using the
primary key as a query using column embeddings. In one
embodiment, such column embeddings are created based on
a vector space model, which was created to represent objects
in tables as vectors of 1dentifiers using a column-hash sparse
matrix that was created based on a hash map of the data
lakehouse. A list of candidate joinable tables 1s identified
based on the 1dentified top n-similar columns of tables of the
data lakehouse. Joinable tables from the list of candidate
joinable tables are selected that satisty an inclusion depen-
dency constraint. The foreign keys having full containment
with the primary key of a query table are then identified from
the selected joinable tables. Such identified primary and
toreign keys are utilized to build/discover the schema, such
as a relational schema, of the data lakehouse. These and
other features will be discussed in further detail below.

In some embodiments of the present disclosure, the pres-
ent disclosure comprises a computer-implemented method,
system, and computer program product for identifying pri-
mary and foreign keys to build a schema. In one embodi-
ment of the present disclosure, a primary key of a query table
of a data lakehouse, which may consist of multiple columuns,
1s 1dentified. A column, as used herein, 1s a list of values,
usually belonging to a particular field, displayed vertically in
a table. A query table, as used herein, 1s a named table that
contains a database specific query. In one embodiment, the
primary key of the query table 1s 1dentified using a unique
column combination constraint. The top n-similar columns
of the tables of the data lakehouse are 1dentified to 1dentily
the joinable tables using the primary key as a query using
column embeddings. In one embodiment, the primary key 1s
the column or columns that contain values that uniquely
identify each row 1n a table. Column embeddings of such
columns are then compared amongst each other using a
similarity measure to 1dentify the top n-similar columns. In
one embodiment, such a similarity measure corresponds to
cosine similarity or the Euclidean distance. In one embodi-
ment, the higher the similarity measure, the greater the
similarity between the columns associated with such column
embeddings. A list of candidate joinable tables 1s 1dentified
based on the 1dentified top n-similar columns of tables of the
data lakehouse. Joinable tables from the list of candidate
joinable tables are selected that satisty an inclusion depen-
dency constraint. Given two relations R;, R,.ER, 15, an
inclusion dependency (IND), denoted as R[X]JCR[Y].
refers to having all the value entries in the column combi-
nation X being contained in the column combination Y. The
foreign keys having full containment with the primary key
ol a query table are then 1dentified from the selected joinable
tables. Such 1dentified primary and foreign keys are utilized
to build/discover the schema, such as a relational schema, of
the data lakehouse. In this manner, the primary and foreign
keys are automatically identified to build the schema, such
as a relational schema, of the data lakehouse.

In the following description, numerous specific details are
set forth to provide a thorough understanding of the present
disclosure. However, 1t will be apparent to those skilled 1n
the art that the present disclosure may be practiced without
such specific details. In other instances, well-known circuits
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4

have been shown in block diagram form in order not to
obscure the present disclosure in unnecessary detail. For the
most part, details considering timing considerations and the
like have been omitted inasmuch as such details are not
necessary to obtain a complete understanding of the present
disclosure and are within the skills of persons of ordinary
skill the relevant art.

Referring now to the Figures 1in detail, FIG. 1 illustrates
an embodiment of the present disclosure of a communica-
tion system 100 for practicing the principles of the present
disclosure. Communication system 100 includes a comput-
ing device 101 connected to a query engine 102 (e.g.,
structured query language (SQL) server) via a network 103.
Furthermore, as illustrated in FIG. 1, query engine 102 1s
connected to a data lakehouse 104.

Computing device 101 may be any type of computing
device (e.g., portable computing unit, Personal Digital
Assistant (PDA), laptop computer, mobile device, tablet
personal computer, smartphone, mobile phone, navigation
device, gaming unit, desktop computer system, workstation,
Internet appliance and the like) configured with the capa-
bility of connecting to network 103 and consequently com-
municating with other computing devices 101 and query
engine 102. It 1s noted that both computing device 101 and
the user of computing device 101 may be identified with
clement number 101.

Network 103 may be, for example, a local area network,
a wide area network, a wireless wide area network, a
circuit-switched telephone network, a Global System for
Mobile communications (GSM) network, a Wireless Appli-
cation Protocol (WAP) network, a WikF1 network, an IEEE
802.11 standards network, various combinations thereof,
ctc. Other networks, whose descriptions are omitted here for
brevity, may also be used in conjunction with system 100 of
FIG. 1 without departing from the scope of the present
disclosure.

In one embodiment, the user of computing device 101
1ssues a query (e.g., SQL query) to query engine 102 (e.g.,
SQL server), such a JOIN clause used to combine rows from
two or more tables of data lakehouse 104, based on a related
column between them. Data lakehouse 104, as used herein,
refers to a data platform built from a combination of a data
lake and a data warehouse. More specifically, data lakehouse
104 takes the flexible storage of structured data from a data
lake and the management features and tools from data
warchouses, then strategically implements them together as
a larger system. Query engine 102, as used herein, 1is
configured to execute queries against data 1n data lakehouse

104 and provide answers for users, such as the user of
computing device 101. Examples of query engine 102 can
include, but are not limited to, MySQL®, IBM® Db2®,
Microsoit Access®, SQLite®, Apache® Hive™, etc.

In one embodiment, the relational data of the tables of
data lakehouse 104 may be located at various locations as
opposed to a single location. Furthermore, the relational data
of the tables of data lakehouse 104 may be stored 1n various
formats, such as CSV, Apache® Parquet, JSON (JavaScript
Object Notation), efc.

Furthermore, as shown 1n FIG. 1, system 100 includes a
schema discovery mechanism 105 configured to identify the
primary and foreign keys to build/discover a schema, such
as a relational schema, of data lakehouse 104. A schema, as
used herein, 1s the organization or structure for a data
lakehouse. An example of a schema 1s a relational schema,
which defines the design and structure of the data structured
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in tables (called relations in relational schemas). The rela-
tional schema describes how those tables relate to each
other.

As discussed above, 1n one embodiment, schema discov-
ery mechanism 105 1s configured to build/discover a schema
of data lakehouse 104. Schema discovery, as used herein,
refers to finding and documenting the structure of data
sources within a repository, such as data lakehouse 104.

A discussion regarding schema discovery mechanism 105
discovering the schema of data lakehouse 104 1s provided
below 1 connection with FIGS. 2-4 and 6-8.

A description of the software components of schema
discovery mechanism 105 1s provided below 1n connection
with FIG. 2 and a description of the hardware configuration
of schema discovery mechanism 105 1s provided further
below 1n connection with FIG. §.

System 100 1s not to be limited 1n scope to any one
particular network architecture. System 100 may include
any number of computing devices 101, query engines 102,
networks 103, data lakehouses 104, and schema discovery
mechanisms 105.

A discussion regarding the software components used by
schema discovery mechanism 105 to discover the schema of
data lakehouse 104 by identifying the primary and foreign
keys to build/discover the schema of data lakehouse 104 1s
provided below 1n connection with FIG. 2.

FIG. 2 1s a diagram of the software components used by
schema discovery mechanism 1035 (FIG. 1) to discover the
schema of data lakehouse 104 (FIG. 1) by 1dentifying the
primary and foreign keys to build/discover the schema of
data lakehouse 104 1n accordance with an embodiment of
the present disclosure.

As shown 1n FIG. 2, schema discovery mechamism 105
includes an indexing engine 201 configured to vectorize the
data extracted from data lakehouse 104.

In one embodiment, indexing engine 201 extracts data
from data lakehouse 104, such as via ETL (extract, trans-
form, and load), to be vectorized as illustrated in FIG. 3.

FIG. 3 illustrates indexing data from data lakehouse 104
in accordance with an embodiment of the present disclosure.

As illustrated i FIG. 3, indexing engine 201 extracts data
from data lakehouse 104 via ETL 301, which extracts,
transforms, and loads the data from data lakehouse 104 1nto
a table 302.

Referring to FIG. 2, 1n conjunction with FIGS. 1 and 3, in
one embodiment, indexing engine 201 creates a hash map by
hashing 303 each value of the data in table 302. Hashing, as
used herein, refers to the process of transforming the value
of the data 1in table 302 into another value. A hash map, as
used herein, 1s a data structure that pairs keys to values. Keys
provide the means for database users and application soft-
ware to 1dentily, access, and update information in a data-
base table. There may be several keys 1n any given table. For
example, 1n a table of employees, both employee number
and login name are individually unique. A value 1s the
representation of some entity that can be manipulated by a
program.

In one embodiment, indexing engine 201 creates a fixed-
s1ized hash map by hashing each value of the data 1n table
302 using the MurmurHash function. The MurmurHash
function 1s a non-cryptographic hash function designed for
high performance hash table use cases.

In one embodiment, indexing engine 201 creates a col-
umn-hash sparse matrix 304 based on the hash map. A sparse
matrix, as used herein, refers to a matrix 1n which most of
the elements are zero. In one embodiment, the representa-
tions of column-hash sparse matrix 304 are formed based on
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the relationship between the columns (*col”) and hash
values (“h”) of the hash map. Such a relationship forms the
sparse vectors of column-hash sparse matrix 304. In one
embodiment, indexing engine 201 utilizes various software
tools for creating column-hash sparse matrix 304 based on
the hash map, which can include, but are not limited to,
MatrixTools, Tableau®, Ketch®, etc.

In one embodiment, indexing engine 201 creates a vector
space model 305 to represent objects 1n tables as vectors of
identifiers, such as by applying single value decomposition
(SVD) 306 using random indexing to compress column-
hash sparse matrix 304 1nto two dense matrices 307A, 3078
of vector space model 305. A vector space model 305, as
used herein, 1s an algebraic model for representing items
(e.g., text documents of tables of data lakehouse 104) as
vectors such that the distance between vectors represents the
relevance between the items. Single value decomposition, as
used herein, 1s a factorization of a real or complex matrix
into a rotation, followed by a rescaling followed by another
rotation. In one embodiment, indexing engine 201 decom-
poses column-hash sparse matrix 304 using the singular
value decomposition (SVD) algorithm using various soft-
ware tools, which can include, but are not limited to,
MathWorks®, Mathematica®, etc.

In one embodiment, indexing engine 201 creates table
embeddings 308 and column embeddings 309 using vector
space model 305. Such embeddings 308, 309 convert com-
plex data, such as text, images, or sounds, 1nto vector form.,
making 1t computationally manageable. In particular, table
embeddings 308 are a relatively low-dimensional space into
which one can translate high-dimensional vectors of table
data (e.g., name of table). Column embeddings 309 are a
relatively low-dimensional space into which one can trans-
late high-dimensional vectors of column data (e.g., data of
column).

In one embodiment, indexing engine 201 stores dense
matrix 307A into an approximate nearest neighbors (ANN)
index or database 310 (e.g., vector database), where each
row of dense matrix 307A 1s a column embedding 309. In
one embodiment, indexing engine 201 creates table embed-
dings 308 by averaging column embeddings 309 associated
with the columns of each table.

Furthermore, in one embodiment, table embeddings 308
and column embeddings 309 are stored 1nto an approximate
nearest neighbors (ANN) index or database 310 (e.g., vector
database). The ANN algorithm seeks approximate nearest
neighbors as opposed to exact matches. A vector database 1s
a type of database that stores data as high-dimensional
vectors, which are mathematical representations of features
or attributes.

Additionally, in one embodiment, metadata 311, such as
key-value pairs, from the original data 1n table 302 are stored
in database 312. A key-value pair consists of two related data
clements: a key, which 1s a constant that defines the data set
(e.g., gender, color, price), and a value, which 1s a variable
that belongs to the set (e.g., male/female, green, 100). In one
embodiment, indexing engine 201 extracts such metadata
311 (key-value pairs) from the original data in table 302
using various soiftware tools, which can include, but are not
limited to, key-value pair extraction tool by Alteryx®, Abto
key-value data extraction tool, etc.

Referring to FIG. 2, in conjunction with FIG. 1, addition-
ally, schema discovery mechanism 1035 includes join table
search engine 202 configured to identily candidate joinable
tables from data lakehouse 104.

In one embodiment, join table search engine 202 1denti-
fies the primary key of a query table of data lakehouse 104,
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which may consist of multiple columns. A column, as used
herein, 1s a list of values, usually belonging to a particular
field, displayed vertically 1n a table. A query table, as used
herein, 1s a named table that contains a database specific
query.

In one embodiment, join table search engine 202 1denti-
fies the primary key of the query table using a unique
column combination constraint as 1illustrated in FIG. 4.

FIG. 4 1illustrates discovering the schema of data lake-
house 104 1n accordance with an embodiment of the present
disclosure.

As shown 1n FIG. 4, a unique column combination 401 1s
applied to query table 402 in order to obtain a table 403 of
primary keys (PK). Given a relation R with 1ts instance r, a
unique column combination (UCC) 1s a set of attributes
XCR whose projection contains only unique, non-null value
entries on r.

Referring to FI1G. 2, join table search engine 202 identifies
the top n-similar columns of the tables of data lakehouse 104
to 1dentily the joinable tables using the primary key as a
query using column embeddings 309.

In one embodiment, the primary key 1s the column or
columns that contain values that uniquely 1dentify each row
in a table. Column embeddings 309 of such columns are then
compared amongst each other using a similarity measure to
identify the top n-similar columns. In one embodiment, such
a similarity measure corresponds to cosine similarity or the
Euclidean distance. In one embodiment, the higher the
similarity measure, the greater the similarity between the
columns associated with such column embeddings 309.

“Cosine similarity,” as used herein, refers to a measure of
similarity between two non-zero vectors defined 1n an 1nner
product space. Cosine similarity 1s the cosine of the angle
between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
columns associated with such column embeddings 309.

In one embodiment, the Euclidean distance 1s calculated
as the square root of the sum of the squared differences
between the two feature vectors. The smaller the distance,
the greater the similarity between the columns associated
with such column embeddings 309.

In one embodiment, the similarity measure 1s a score
between the values of 0 and 1 for vectors that have only
positive values. In one embodiment, any negative scores can
be made positive by taking its absolute value.

In one embodiment, the tables associated with the top
n-similar columns of the tables of data lakehouse 104 form
a set of joinable tables.

In one embodiment, join table search engine 202 1denti-
fies the foreign keys 1n the identified joinable tables. Foreign
keys, as used herein, link data in one table to the data in
another table. A foreign key column 1n a table points to a
column with unique values in another table (often the
primary key column) to create a way of cross-referencing,
the two tables.

In one embodiment, join table search engine 202 identi-
fies the foreign keys in the identified joinable tables by
running a key and cross-domain analysis on the compatible
column pairs of the joinable tables. In one embodiment, join
table search engine 202 utilizes various software tools for
identifving the foreign keys in the 1dentified joinable tables,
such as InfoSphere.

In one embodiment, join table search engine 202 1denti-
fies the foreign keys 1n the 1dentified joinable tables by using
the Levenshtein distances of column names to find foreign
key relationships.
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In one embodiment, join table search engine 202 removes
the duplicate values/records in the joinable tables using table
embeddings 308 by comparing table embeddings 308
amongst each other to identity duplicate table embeddings
and then removing the duplicate values 1n the joinable tables
associated with such duplicate table embeddings.

Furthermore, 1n one embodiment, join table search engine
202 ranks the joinable tables (after removing duplicate
values/records) by computing the similarity between the
columns of joinable tables by using the containment mea-
sure. The “containment measure,” as used herein, measures
the degree of containment between two sets of columns to
determine which members are shared and distinct. In one
embodiment, the containment measure corresponds to the
distance between two column embeddings 309 using cosine
similarity.

As discussed above, cosine similarity refers to a measure
of similarity between two non-zero vectors defined 1n an
iner product space. Cosine similarity 1s the cosine of the
angle between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
candidate joinable tables associated with such column
embeddings 309.

As also discussed above, 1n one embodiment, join table
search engine 202 ranks the joinable tables based on the
containment measurement (e.g., cosine similarity measure-
ment). The higher the containment measurement (e.g.,
cosine similarity measurement), the higher the ranked join-
able table.

In one embodiment, join table search engine 202 re-ranks
the jomnable tables using cosine similarity between their
metadata. In one embodiment, join table search engine 202
re-ranks the joinable tables using cosine similarity between
the metadata (e.g., metadata 311) associated with the query
table and each of the candidate joinable tables.

In one embodiment, such metadata (e.g., metadata 311)
corresponds to the key-value pairs that were stored 1n
database 312.

As discussed above, cosine similarity refers to a measure
of similarity between two non-zero vectors defined 1n an
inner product space. Cosine similarity 1s the cosine of the
angle between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
candidate joinable tables associated with such metadata.

In one embodiment, the cosine similarity measure 1s a
score between the values of 0 and 1 for vectors that have
only positive values.

In one embodiment, join table search engine 202 1denti-
fies a list of candidate joinable tables based on the re-ranked
joinable tables as 1llustrated 1n FIG. 4, where higher ranked
joinable tables are listed prior to lower ranked joinable
tables.

Returning to FIG. 4, a list of candidate joinable tables 404
1s formed from the table join search 4035 performed by join
table search engine 202 discussed above.

Returning to FIG. 2, in conjunction with FIGS. 1 and 34,
schema discovery mechanism 1035 further includes schema
discovery engine 203 configured to discover the scheme for
data lakehouse 104.

In one embodiment, schema discovery engine 203 1s
configured to select joinable tables from the list of candidate
joinable tables that satisfy an inclusion dependency con-
straint as 1llustrated 1n FIG. 4.

As shown 1n FIG. 4, a portion of the joinable tables 406
from the list of candidate joinable tables 404 that satisty an
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inclusion dependency constraint 407 are selected (such
joinable tables 406 are referred to as the annotated tables).

In one embodiment, given two relations R;, R ER, 1=, an
inclusion dependency (IND), denoted as R[X]JCR[Y].
refers to having all the value entries 1n the column combi-
nation X being contained in the column combination Y.

Furthermore, 1 one embodiment, schema discovery
engine 203 identifies the foreign keys having full contain-
ment with the primary key of the query table from the
selected joinable tables. As discussed above, the query table
1s a named table that contains a database specific query. In
one embodiment, such foreign keys are 1dentified based on
the foreign keys previously identified by indexing engine
201, which are associated with the selected joinable tables.
Furthermore, as discussed above, the primary key of the
query table refers to the primary key discussed above 1n
connection with indexing engine 201, which was 1dentified
using a unique column combination constraint.

In this manner, by 1dentifying the foreign keys having full
containment with the primary key of a query table from the
selected joinable tables, such 1dentified primary and foreign
keys are utilized to build/discover the schema, such as a
relational schema, of data lakehouse 104.

A further description of these and other features 1s pro-
vided below 1n connection with the discussion of the method
for identitying primary and foreign keys to build a schema,
such as a relational schema, for data lakehouse 104.

Prior to the discussion of the method for identifying
primary and foreign keys to build a schema, such as a
relational schema, for data lakehouse 104, a description of
the hardware configuration of schema discovery mechanmism
105 (FI1G. 1) 15 provided below 1n connection with FIG. 5.

Referring now to FIG. 5, 1n conjunction with FIG. 1, FIG.
5 1llustrates an embodiment of the present disclosure of the
hardware configuration of schema discovery mechamism
105 which 1s representative of a hardware environment for
practicing the present disclosure.

Various aspects of the present disclosure are described by
narrative text, flowcharts, block diagrams of computer sys-
tems and/or block diagrams of the machine logic included in
computer program product (CPP) embodiments. With
respect to any flowcharts, depending upon the technology
involved, the operations can be performed in a different
order than what 1s shown 1n a given flowchart. For example,
again depending upon the technology mvolved, two opera-
tions shown in successive tlowchart blocks may be per-
formed 1n reverse order, as a single integrated step, concur-
rently, or 1n a manner at least partially overlapping in time.

A computer program product embodiment (“CPP embodi-
ment” or “CPP”) 1s a term used 1n the present disclosure to
describe any set of one, or more, storage media (also called
“mediums™) collectively included 1n a set of one, or more,
storage devices that collectively include machine readable
code corresponding to instructions and/or data for performs-
ing computer operations specified 1in a given CPP claim. A
“storage device” 1s any tangible device that can retain and
store 1nstructions for use by a computer processor. Without
limitation, the computer readable storage medium may be an
clectronic storage medium, a magnetic storage medium, an
optical storage medium, an electromagnetic storage
medium, a semiconductor storage medium, a mechanical
storage medium, or any suitable combination of the forego-
ing. Some known types of storage devices that include these
mediums include: diskette, hard disk, random access
memory (RAM), read-only memory (ROM), erasable pro-
grammable read-only memory (EPROM or Flash memory),
static random access memory (SRAM), compact disc read-
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only memory (CD-ROM), digital versatile disk (DVD),
memory stick, floppy disk, mechanically encoded device
(such as punch cards or pits/lands formed 1n a major surface
of a disc) or any suitable combination of the foregoing. A
computer readable storage medium, as that term 1s used 1n
the present disclosure, 1s not to be construed as storage in the
form of transitory signals per se, such as radio waves or
other freely propagating eclectromagnetic waves, electro-
magnetic waves propagating through a waveguide, light
pulses passing through a fiber optic cable, electrical signals
communicated through a wire, and/or other transmission
media. As will be understood by those of skill 1n the art, data
1s typically moved at some occasional points in time during
normal operations of a storage device, such as during access,
de-fragmentation or garbage collection, but this does not
render the storage device as transitory because the data 1s not
transitory while 1t 1s stored.

Computing environment 300 contains an example of an
environment for the execution of at least some of the
computer code (stored 1n block 501) involved 1n performing
the mventive methods, such as identifying primary and
foreign keys to build a schema, such as a relational schema,
for data lakehouse 104. In addition to block 501, computing
environment 500 includes, for example, schema discovery
mechanism 105, network 103, such as a wide area network
(WAN), end user device (EUD) 502, remote server 503,
public cloud 504, and private cloud 505. In this embodiment,
schema discovery mechanism 105 includes processor set
506 (including processing circuitry 507 and cache 508),
communication fabric 509, volatile memory 510, persistent
storage 511 (including operating system 512 and block 501,
as 1dentified above), peripheral device set 513 (including
user interface (UI) device set 514, storage 515, and Internet
of Things (IoT) sensor set 516), and network module 517.
Remote server 503 includes remote database 518. Public
cloud 504 includes gateway 519, cloud orchestration module
520, host physical machine set 521, virtual machine set 522,
and container set 523.

Schema discovery mechanism 105 may take the form of
a desktop computer, laptop computer, tablet computer, smart
phone, smart watch or other wearable computer, mainframe
computer, quantum computer or any other form of computer
or mobile device now known or to be developed 1n the future
that 1s capable of running a program, accessing a network or
querying a database, such as remote database 518. As 1s well
understood 1n the art of computer technology, and depending
upon the technology, performance of a computer-imple-
mented method may be distributed among multiple comput-
ers and/or between multiple locations. On the other hand, 1n
this presentation of computing environment 500, detailed
discussion 1s focused on a single computer, specifically
schema discovery mechanism 105, to keep the presentation
as simple as possible. Schema discovery mechanism 105
may be located 1n a cloud, even though it 1s not shown 1n a
cloud 1n FIG. 5. On the other hand, schema discovery
mechanism 105 1s not required to be 1n a cloud except to any
extent as may be athrmatively indicated.

Processor set 506 includes one, or more, computer pro-
cessors of any type now known or to be developed in the
future. Processing circuitry 307 may be distributed over
multiple packages, for example, multiple, coordinated inte-
grated circuit chips. Processing circuitry 507 may imple-
ment multiple processor threads and/or multiple processor
cores. Cache 508 1s memory that 1s located 1n the processor
chip package(s) and 1s typically used for data or code that
should be available for rapid access by the threads or cores
running on processor set 506. Cache memories are typically
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organized into multiple levels depending upon relative prox-
imity to the processing circuitry. Alternatively, some, or all,
of the cache for the processor set may be located “off chip.”
In some computing environments, processor set 506 may be
designed for working with qubits and performing quantum
computing.

Computer readable program instructions are typically
loaded onto schema discovery mechanism 1035 to cause a
series of operational steps to be performed by processor set
506 of schema discovery mechamism 1035 and thereby effect
a computer-implemented method, such that the istructions
thus executed will instantiate the methods specified in
flowcharts and/or narrative descriptions of computer-imple-
mented methods included in this document (collectively
referred to as “‘the mventive methods™). These computer
readable program instructions are stored 1n various types of
computer readable storage media, such as cache 508 and the
other storage media discussed below. The program instruc-
tions, and associated data, are accessed by processor set 506
to control and direct performance of the inventive methods.
In computing environment 500, at least some of the mstruc-
tions for performing the inventive methods may be stored in
block 501 in persistent storage 511.

Communication fabric 509 1s the signal conduction paths
that allow the various components of schema discovery
mechanism 105 to communicate with each other. Typically,
this fabric 1s made of switches and electrically conductive
paths, such as the switches and electrically conductive paths
that make up busses, bridges, physical input/output ports and
the like. Other types of signal communication paths may be
used, such as fiber optic communication paths and/or wire-
less communication paths.

Volatile memory 510 1s any type of volatile memory now
known or to be developed in the future. Examples include
dynamic type random access memory (RAM) or static type
RAM. Typically, the volatile memory 1s characterized by
random access, but this 1s not required unless aflirmatively
indicated. In schema discovery mechanism 103, the volatile
memory 510 1s located 1n a single package and 1s internal to
schema discovery mechamsm 105, but, alternatively or
additionally, the volatile memory may be distributed over
multiple packages and/or located externally with respect to
schema discovery mechanism 105.

Persistent Storage 311 1s any form of non-volatile storage
for computers that 1s now known or to be developed 1n the
future. The non-volatility of this storage means that the
stored data 1s maintained regardless of whether power 1s
being supplied to schema discovery mechanism 105 and/or
directly to persistent storage 511. Persistent storage 511 may
be a read only memory (ROM), but typically at least a
portion of the persistent storage allows writing of data,
deletion of data and re-writing of data. Some familiar forms
of persistent storage imnclude magnetic disks and solid state
storage devices. Operating system 512 may take several
forms, such as various known proprietary operating systems
or open source Portable Operating System Interface type
operating systems that employ a kernel. The code included
in block 501 typically includes at least some of the computer
code mvolved 1n performing the inventive methods.

Peripheral device set 513 includes the set of peripheral
devices of schema discovery mechanism 105. Data commu-
nication connections between the peripheral devices and the
other components of schema discovery mechanism 105 may
be implemented 1n various ways, such as Bluetooth connec-
tions, Near-Field Communication (NFC) connections, con-
nections made by cables (such as universal serial bus (USB)
type cables), insertion type connections (for example, secure
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digital (SD) card), connections made though local area
communication networks and even connections made
through wide area networks such as the internet. In various
embodiments, Ul device set 514 may include components
such as a display screen, speaker, microphone, wearable
devices (such as goggles and smart watches), keyboard,
mouse, printer, touchpad, game controllers, and haptic
devices. Storage 515 1s external storage, such as an external
hard drive, or insertable storage, such as an SD card. Storage
5135 may be persistent and/or volatile. In some embodiments,
storage 3515 may take the form of a quantum computing
storage device for storing data in the form of qubits. In
embodiments where schema discovery mechanism 105 1is
required to have a large amount of storage (for example,
where schema discovery mechamism 103 locally stores and
manages a large database) then this storage may be provided
by peripheral storage devices designed for storing very large
amounts of data, such as a storage area network (SAN) that
1s shared by multiple, geographically distributed computers.
Io'T sensor set 516 1s made up of sensors that can be used 1n
Internet of Things applications. For example, one sensor
may be a thermometer and another sensor may be a motion
detector.

Network module 517 is the collection of computer sofit-
ware, hardware, and firmware that allows schema discovery
mechanism 105 to commumnicate with other computers
through WAN 103. Network module 517 may include hard-
ware, such as modems or Wi-F1 signal transceivers, software
for packetizing and/or de-packetizing data for communica-
tion network transmission, and/or web browser software for
communicating data over the internet. In some embodi-
ments, network control functions and network forwarding
functions of network module 517 are performed on the same
physical hardware device. In other embodiments (for
example, embodiments that utilize solftware-defined net-
working (SDN)), the control functions and the forwarding
functions of network module 517 are performed on physi-
cally separate devices, such that the control functions man-
age several diflerent network hardware devices. Computer
readable program instructions for performing the inventive
methods can typically be downloaded to schema discovery
mechanism 105 from an external computer or external
storage device through a network adapter card or network
interface mcluded in network module 3517.

WAN 103 1s any wide area network (for example, the
internet) capable of communicating computer data over
non-local distances by any technology for commumnicating
computer data, now known or to be developed in the future.
In some embodiments, the WAN may be replaced and/or
supplemented by local area networks (LANs) designed to
communicate data between devices located 1n a local area,
such as a Wi-F1 network. The WAN and/or LANSs typically
include computer hardware such as copper transmission
cables, optical transmission fibers, wireless transmission,
routers, firewalls, switches, gateway computers and edge
SErvers.

End user device (EUD) 502 1s any computer system that
1s used and controlled by an end user (for example, a
customer of an enterprise that operates schema discovery
mechanism 105), and may take any of the forms discussed
above 1n connection with schema discovery mechanism 105.
EUD 502 typically receives helptul and useful data from the
operations of schema discovery mechamsm 103. For
example, in a hypothetical case where schema discovery
mechanism 105 1s designed to provide a recommendation to
an end user, this recommendation would typically be com-
municated from network module 517 of schema discovery
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mechanism 105 through WAN 103 to EUD 502. In this way,
EUD 502 can display, or otherwise present, the recommen-
dation to an end user. In some embodiments, EUD 502 may
be a client device, such as thin client, heavy client, main-
frame computer, desktop computer and so on.

Remote server 303 1s any computer system that serves at
least some data and/or functionality to schema discovery
mechanism 105. Remote server 503 may be controlled and
used by the same entity that operates schema discovery
mechanism 105. Remote server 503 represents the
machine(s) that collect and store helpiul and useful data for
use by other computers, such as schema discovery mecha-
nism 105. For example, 1n a hypothetical case where schema
discovery mechanism 105 1s designed and programmed to
provide a recommendation based on historical data, then this
historical data may be provided to schema discovery mecha-
nism 105 from remote database 518 of remote server 503.

Public cloud 504 1s any computer system available for use
by multiple entities that provides on-demand availability of
computer system resources and/or other computer capabili-
ties, especially data storage (cloud storage) and computing,
power, without direct active management by the user. Cloud
computing typically leverages sharing of resources to
achieve coherence and economies of scale. The direct and
active management of the computing resources ol public
cloud 504 1s performed by the computer hardware and/or
soltware of cloud orchestration module 520. The computing
resources provided by public cloud 504 are typically imple-
mented by virtual computing environments that run on
various computers making up the computers of host physical
machine set 521, which 1s the universe of physical comput-
ers 1 and/or available to public cloud 504. The virtual
computing environments (VCEs) typically take the form of
virtual machines from virtual machine set 522 and/or con-
tainers from container set 523. It 1s understood that these
VCEs may be stored as images and may be transierred
among and between the various physical machine hosts,
either as 1mages or after instantiation of the VCE. Cloud
orchestration module 520 manages the transfer and storage
of 1mages, deploys new instantiations of VCEs and manages
active instantiations of VCE deployments. Gateway 519 1s
the collection of computer software, hardware, and firmware
that allows public cloud 504 to communicate through WAN
103.

Some further explanation of virtualized computing envi-
ronments (VCEs) will now be provided. VCEs can be stored
as “images.” A new active imnstance of the VCE can be
instantiated from the 1image. Two familiar types of VCEs are
virtual machines and containers. A container 1s a VCE that
uses operating-system-level virtualization. This refers to an
operating system feature i which the kernel allows the
existence of multiple i1solated user-space instances, called
containers. These i1solated user-space instances typically
behave as real computers from the point of view of programs
running 1n them. A computer program running on an ordi-
nary operating system can utilize all resources of that
computer, such as connected devices, files and folders,
network shares, CPU power, and quantifiable hardware
capabilities. However, programs running inside a container
can only use the contents of the container and devices
assigned to the container, a feature which 1s known as
containerization.

Private cloud 505 1s similar to public cloud 504, except
that the computing resources are only available for use by a
single enterprise. While private cloud 505 i1s depicted as
being in communication with WAN 103 1n other embodi-
ments a private cloud may be disconnected from the internet
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entirely and only accessible through a local/private network.
A hybrid cloud 1s a composition of multiple clouds of
different types (for example, private, community or public
cloud types), often respectively implemented by difierent
vendors. Each of the multiple clouds remains a separate and
discrete entity, but the larger hybrid cloud architecture is
bound together by standardized or proprietary technology
that enables orchestration, management, and/or data/appli-
cation portability between the multiple constituent clouds. In
this embodiment, public cloud 504 and private cloud 505 are
both part of a larger hybrid cloud.

Block 3501 further includes the software components
discussed above in connection with FIGS. 2-4 to identily
primary and foreign keys to build a schema, such as a
relational schema, for data lakehouse 104. In one embodi-
ment, such components may be implemented 1n hardware.
The functions discussed above performed by such compo-
nents are not generic computer functions. As a result,
schema discovery mechanism 103 1s a particular machine
that 1s the result of implementing specific, non-generic
computer functions.

In one embodiment, the functionality of such software
components of schema discovery mechanism 105, including
the functionality for identifying primary and foreign keys to
build a schema, such as a relational schema, for data
lakehouse 104, may be embodied in an application specific
integrated circuit.

As stated above, schema discovery 1s an essential factor
in a data lakehouse’s ability to support big data analytics.
Weak discoverability makes data less accessible and under-
mines good governance practices. A schema 1s the organi-
zation or structure for a data lakehouse. An example of a
schema 1s a relational schema, which defines the design and
structure of the data structured 1n tables (called relations 1n
relational schemas). The relational schema describes how
those tables relate to each other. Schema discovery refers to
finding and documenting the structure of data sources within
a repository, such as a data lakehouse. Schema discovery
involves searching and retrieving metadata about the data-
sets 1n a data lakehouse’s object storage. This metadata turns
into schemas that define table structures and allow the
creation of table and column previews to aid exploration and
query development. For example, the schema can be used to
identify joinable tables helping the user to write SQL
(structured query language) queries. By making schemas
more discoverable, these features let companies maximize
the value of their data lakehouses through expanded data
accessibility, data integration, data virtualization, and data
optimization. For example, by making schemas more dis-
coverable, 1t 1s easier for engineers to discover schemas
which streamlines pipeline development and helps eliminate
internal barriers between data assets. Engineers can develop
ingestion pipelines faster when they have reliable access to
information about data sources. Likewise, discoverability
tools can quickly 1dentify schema changes that could disrupt
existing pipelines. In another example, discoverability sup-
ports data optimization. The stale and inaccurate datasets
become easier to find. Furthermore, engineers can integrate
the schema into workflows that improve data quality, cur-
rency, and integrity. A schema, such as a relational schema,
for a data lakehouse can be built or discovered by 1dentifying
the primary and foreign keys to build the relational schema.
Primary keys serve as unique identifiers for each row 1n a
database table. Foreign keys link data 1n one table to the data
in another table. A foreign key column 1n a table points to a
column with unique values i1n another table (often the
primary key column) to create a way of cross-referencing,
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the two tables. Unfortunately, due to the fact that a data
lakehouse consists of a large set of data 1n tabular form, it 1s
difficult to automatically i1dentity the primary and foreign
keys to build the schema, such as a relational schema.

The embodiments of the present disclosure provide a
means for finding the foreign keys having full containment
with the primary key of the query table from tables 1n the
data lakehouse thereby being able to build/discover the
schema, such as a relational schema, of the data lakehouse
(e.g., data lakehouse 104) as discussed below 1n connection
with FIGS. 6-8. FIG. 6 1s a flowchart of a method for
indexing a data lakehouse (e.g., data lakehouse 104). FIG. 7
1s a flowchart of a method for 1dentitying a list of candidate
joinable tables. FIG. 8 1s a flowchart of a method ifor
discovering the schema of the data lakehouse (e.g., data
lakehouse 104).

As stated above, FIG. 6 1s a flowchart of a method 600 for
indexing a data lakehouse (e.g., data lakehouse 104) 1n
accordance with an embodiment of the present disclosure.

Referring to FIG. 6, 1n conjunction with FIGS. 1-5, in
operation 601, indexing engine 201 of schema discovery
mechanism 105 creates a hash map by hashing each value of
the data 1n data lakehouse 104.

As discussed above, indexing engine 201 extracts data
from data lakehouse 104 via ETL 301, which extracts,
transforms, and loads the data from data lakehouse 104 into
table 302.

In one embodiment, indexing engine 201 creates a hash
map by hashing 303 each value of the data in table 302.
Hashing, as used herein, refers to the process of transforms-
ing the value of the data in table 302 into another value. A
hash map, as used herein, 1s a data structure that pairs keys
to values. Keys provide the means for database users and
application software to identily, access, and update infor-
mation 1n a database table. There may be several keys 1n any
given table. For example, 1n a table of employees, both
employee number and login name are individually unique. A
value 1s the representation of some entity that can be
manipulated by a program.

In one embodiment, indexing engine 201 creates a fixed-
s1ized hash map by hashing each value of the data in table
302 using the MurmurHash function. The MurmurHash
function 1s a non-cryptographic hash function designed for
high performance hash table use cases.

In operation 602, indexing engine 201 of schema discov-
ery mechanism 103 creates a column-hash sparse matrix 304
based on the hash map.

As stated above, a sparse matrix, as used herein, refers to
a matrix in which most of the elements are zero. In one
embodiment, the representations of column-hash sparse
matrix 304 are formed based on the relationship between the
columns (““col”) and hash values (“h”) of the hash map. Such
a relationship forms the sparse vectors of column-hash
sparse matrix 304. In one embodiment, indexing engine 201
utilizes various software tools for creating column-hash
sparse matrix 304 based on the hash map, which can include,
but are not limited to, MatrixTools, Tableau®, Ketch®, efc.

In operation 603, indexing engine 201 of schema discov-
cery mechanism 105 creates a vector space model 305 to
represent objects 1n tables as vectors of i1dentifiers, such as
by applying single value decomposition (SVD) 306 using
random indexing to compress column-hash sparse matrix
304 into two dense matrices 307A, 307B of vector space
model 305.

As discussed above, a vector space model 303, as used
herein, 1s an algebraic model for representing items (e.g.,
text documents of tables of data lakehouse 104) as vectors
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such that the distance between vectors represents the rel-
evance between the items. Single value decomposition, as
used herein, 1s a factorization of a real or complex matrix
into a rotation, followed by a rescaling followed by another
rotation. In one embodiment, indexing engine 201 decom-
poses column-hash sparse matrix 304 using the singular
value decomposition (SVD) algorithm using various soft-
ware tools, which can include, but are not limited to, Math

Works®, Mathematica®, etc.

In operation 604, indexing engine 201 of schema discov-
ery mechanism 105 creates table embeddings 308 and
column embeddings 309 using vector space model 305.

As stated above, such embeddings 308, 309 convert
complex data, such as text, images, or sounds, mto vector
form, making 1t computationally manageable. In particular,
table embeddings 308 are a relatively low-dimensional
space mto which one can translate high-dimensional vectors
of table data (e.g., name of table). Column embeddings 309
are a relatively low-dimensional space into which one can
translate high-dimensional vectors of column data (e.g., data
of column). In one embodiment, table embeddings 308 and
column embeddings 309 are stored 1n a database 310, such
as a vector database, which stores data as vectors, which are
mathematical representations of features or attributes.

In one embodiment, indexing engine 201 stores dense
matrix 307A 1nto an approximate nearest neighbors (ANN)
index or database 310 (e.g., vector database), where each
row of dense matrix 307A 1s a column embedding 309. In
one embodiment, indexing engine 201 creates table embed-
dings 308 by averaging column embeddings 309 associated
with the columns of each table.

In operation 605, indexing engine 201 of schema discov-
ery mechanism 103 stores table embeddings 308 and column
embeddings 309 into an approximate nearest neighbors
(ANN) index or database 310 (e.g., vector database).

As discussed above, the ANN algorithm seeks approxi-
mate nearest neighbors as opposed to exact matches. A
vector database 1s a type of database that stores data as
high-dimensional vectors, which are mathematical represen-
tations of features or attributes.

In operation 606, indexing engine 201 of schema discov-
ery mechanism 105 stores key-value representations (i.e.,
key-value pairs) from metadata 311.

As stated above, metadata 311, such as key-value pairs,
from the original data in table 302 are stored in database 312.
A key-value pair consists of two related data elements: a key,
which 1s a constant that defines the data set (e.g., gender,
color, price), and a value, which i1s a variable that belongs to
the set (e.g., male/female, green, 100). In one embodiment,
indexing engine 201 extracts such metadata 311 (key-value
pairs) from the original data in table 302 using various
software tools, which can include, but are not limited to,
key-value pair extraction tool by Alteryx®, Abto key-value
data extraction tool, etc.

Upon mdexing data lakehouse 104, a list of candidate
jomable tables of data lakehouse 104 1s i1dentified as dis-
cussed below 1n connection with FIG. 7.

FIG. 7 1s a flowchart of a method 700 for 1dentifying a list
of candidate joinable tables 1n accordance with an embodi-
ment of the present disclosure.

Referring to FIG. 7, in conjunction with FIGS. 1-6, 1n
operation 701, join table search engine 202 of schema
discovery mechanism 105 identifies the primary key of a
query table of data lakehouse 104, which may consist of
multiple columns. A column, as used herein, 1s a list of
values, usually belonging to a particular field, displayed
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vertically 1n a table. A query table, as used herein, 1s a named
table that contains a database specific query.

As discussed above, 1n one embodiment, join table search
engine 202 identifies the primary key of the query table
using a unique column combination constraint as illustrated
in FIG. 4.

As shown 1n FIG. 4, a unique column combination 401 1s
applied to query table 402 in order to obtain a table 403 of
primary keys (PK). Given a relation R with its instance r, a
unique column combination (UCC) 1s a set of attributes X (@
R whose projection contains only unique, non-null value
entries on r.

In operation 702, join table search engine 202 of schema
discovery mechanism 105 identifies the top n-similar col-
umns of the tables of data lakehouse 104 to identify the
joinable tables using the primary key as a query using
column embeddings 309.

In one embodiment, the primary key 1s the column or
columns that contain values that uniquely 1dentify each row
in a table. Column embeddings 309 of such columns are then
compared amongst each other using a similarity measure to
identify the top n-similar columns. In one embodiment, such
a similarity measure corresponds to cosine similarity or the
Euclidean distance. In one embodiment, the higher the
similarity measure, the greater the similarity between the
columns associated with such column embeddings 309.

“Cosine similarity,” as used herein, refers to a measure of
similarity between two non-zero vectors defined 1n an inner
product space. Cosine similarity 1s the cosine of the angle
between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
columns associated with such column embeddings 309.

In one embodiment, the Euclidean distance 1s calculated
as the square root of the sum of the squared differences
between the two feature vectors. The smaller the distance,
the greater the similarity between the columns associated
with such column embeddings 309.

In one embodiment, the similarity measure 1s a score
between the values of 0 and 1 for vectors that have only
positive values. In one embodiment, any negative scores can
be made positive by taking its absolute value.

In one embodiment, the tables associated with the top
n-similar columns of the tables of data lakehouse 104 form
a set of joinable tables.

In operation 703, join table search engine 202 of schema
discovery mechanism 103 1dentifies the foreign keys 1n the
identified joinable tables.

As discussed above, foreign keys, as used herein, link data
in one table to the data in another table. A foreign key
column 1n a table points to a column with umique values 1n
another table (often the primary key column) to create a way
of cross-referencing the two tables.

In one embodiment, join table search engine 202 identi-
fies the foreign keys in the identified joinable tables by
running a key and cross-domain analysis on the compatible
column pairs of the joinable tables. In one embodiment, join
table search engine 202 utilizes various software tools for
identifying the foreign keys in the 1dentified joinable tables,
such as InfoSphere.

In one embodiment, join table search engine 202 1denti-
fies the foreign keys 1n the 1dentified joinable tables by using
the Levenshtein distances of column names to find foreign
key relationships.

In operation 704, join table search engine 202 of schema
discovery mechanism 105 removes the duplicate values/
records 1n the joinable tables using table embeddings 308.
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As stated above, in one embodiment, such duplicate
values/records are removed by comparing table embeddings
308 amongst each other to 1dentity duplicate table embed-
dings and then removing the duplicate values 1n the joinable
tables associated with such duplicate table embeddings.

In operation 7035, join table search engine 202 of schema
discovery mechanism 105 ranks the joinable tables (after
removing duplicate values/records) by computing the simi-
larity between the columns of joinable tables by using the
containment measure. The “containment measure,” as used
herein, measures the degree of containment between two
sets of columns to determine which members are shared and
distinct. In one embodiment, the containment measure cor-
responds to the distance between two column embeddings
309 using cosine similarity.

As discussed above, cosine similarity refers to a measure
of similarity between two non-zero vectors defined 1n an
inner product space. Cosine similarity 1s the cosine of the
angle between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
candidate joinable tables associated with such column
embeddings 309.

As also discussed above, 1n one embodiment, join table
search engine 202 ranks the joinable tables based on the
containment measurement (e.g., cosine similarity measure-
ment). The higher the containment measurement (e.g.,
cosine similarity measurement), the higher the ranked join-
able table.

In operation 706, join table search engine 202 of schema
discovery mechanism 1035 re-ranks the joinable tables using
cosine similarity between their metadata.

As stated above, 1mn one embodiment, join table search
engine 202 re-ranks the joinable tables using cosine simi-
larity between the metadata (e.g., metadata 311) associated
with the query table and each of the candidate joinable
tables.

In one embodiment, such metadata (e.g., metadata 311)
corresponds to the key-value pairs that were stored 1n
database 312.

As discussed above, cosine similarity refers to a measure
of similarity between two non-zero vectors defined 1n an
inner product space. Cosine similarity 1s the cosine of the
angle between the vectors. That 1s, 1t 1s the dot product of the
vectors divided by the product of their lengths. The higher
the similarity measure, the greater the similarity between the
candidate joinable tables associated with such metadata.

In one embodiment, the cosine similarity measure 1s a
score between the values of 0 and 1 for vectors that have
only positive values.

In operation 707, join table search engine 202 of schema
discovery mechanism 1035 i1dentifies a list of candidate
joinable tables based on the re-ranked joinable tables as
illustrated in FIG. 4, where higher ranked joinable tables are
listed prior to lower ranked joinable tables.

For example, as illustrated 1n FIG. 4, a list of candidate
joiable tables 404 1s formed from the table join search 405
performed by join table search engine 202 discussed above.

Upon forming a list of candidate joinable tables, a schema
for data lakehouse 104 may be discovered as discussed
below 1n connection with FIG. 8.

FIG. 8 15 a flowchart of a method 800 for discovering the
schema of the data lakehouse (e.g., data lakehouse 104) 1n
accordance with an embodiment of the present disclosure.

Referring to FIG. 8, in conjunction with FIGS. 1-7, 1n
operation 801, schema discovery engine 203 of schema
discovery mechanism 1035 selects joinable tables from the
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list of candidate jomnable tables that satisiy an inclusion
dependency constraint as 1illustrated in FIG. 4.

As shown 1n FIG. 4, a portion of the joinable tables 406
from the list of candidate joinable tables 404 that satisiy an
inclusion dependency constraint 407 are selected (such
joinable tables 406 are referred to as the annotated tables).

In one embodiment, given two relations R, R ER, 1=], an
inclusion dependency (IND), denoted as R,[X]CR[Y],
refers to having all the value entries 1n the column combi-
nation X being contained in the column combination Y.

In operation 802, schema discovery engine 203 of schema
discovery mechanism 105 identifies the foreign keys having
tull containment with the primary key of the query table
from the selected joinable tables.

As discussed above, the query table 1s a named table that
contains a database specific query. In one embodiment, such
foreign keys are i1dentified based on the foreign keys previ-
ously identified by indexing engine 201, which are associ-
ated with the selected joinable tables. Furthermore, as dis-
cussed above, the primary key of the query table refers to the
primary key discussed above in connection with indexing
engine 201, which was identified using a unique column
combination constraint.

In this manner, by 1dentifying the foreign keys having full
containment with the primary key of a query table from the
selected joinable tables, such 1dentified primary and foreign
keys are utilized to build/discover the schema, such as a
relational schema, of data lakehouse 104.

Furthermore, the principles of the present disclosure
improve the technology or technical field involving a data
lakehouse.

As discussed above, schema discovery 1s an essential
factor 1n a data lakehouse’s ability to support big data
analytics. Weak discoverability makes data less accessible
and undermines good governance practices. A schema 1s the
organization or structure for a data lakehouse. An example
of a schema 1s a relational schema, which defines the design
and structure of the data structured 1n tables (called relations
in relational schemas). The relational schema describes how
those tables relate to each other. Schema discovery refers to
finding and documenting the structure of data sources within
a repository, such as a data lakehouse. Schema discovery
involves searching and retrieving metadata about the data-
sets 1n a data lakehouse’s object storage. This metadata turns
into schemas that define table structures and allow the
creation of table and column previews to aid exploration and
query development. For example, the schema can be used to
identily joinable tables helping the user to write SQL
(structured query language) queries. By making schemas
more discoverable, these features let companies maximize
the value of their data lakehouses through expanded data
accessibility, data integration, data virtualization, and data
optimization. For example, by making schemas more dis-
coverable, 1t 1s easier for engineers to discover schemas
which streamlines pipeline development and helps eliminate
internal barriers between data assets. Engineers can develop
ingestion pipelines faster when they have reliable access to
information about data sources. Likewise, discoverability
tools can quickly identify schema changes that could disrupt
existing pipelines. In another example, discoverability sup-
ports data optimization. The stale and 1naccurate datasets
become easier to find. Furthermore, engineers can integrate
the schema into workilows that improve data quality, cur-
rency, and integrity. A schema, such as a relational schema,
for a data lakehouse can be built or discovered by 1dentifying
the primary and foreign keys to build the relational schema.
Primary keys serve as umique identifiers for each row 1n a
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database table. Foreign keys link data 1n one table to the data
in another table. A foreign key column 1n a table points to a
column with unique values i1n another table (often the
primary key column) to create a way of cross-referencing
the two tables. Unfortunately, due to the fact that a data
lakehouse consists of a large set of data in tabular form, it 1s
difficult to automatically i1dentity the primary and foreign
keys to build the schema, such as a relational schema.

Embodiments of the present disclosure improve such
technology by 1dentilying a primary key of a query table of
a data lakehouse, which may consist of multiple columns. A
column, as used herein, 1s a list of values, usually belonging
to a particular field, displayed vertically in a table. A query
table, as used herein, 1s a named table that contains a
database specific query. In one embodiment, the primary key
of the query table 1s identified using a unique column
combination constraint. The top n-similar columns of the
tables of the data lakehouse are identified to identily the
jomable tables using the primary key as a query using
column embeddings. In one embodiment, the primary key 1s
the column or columns that contain values that uniquely
identify each row 1n a table. Column embeddings of such
columns are then compared amongst each other using a
similarity measure to 1dentify the top n-similar columns. In
one embodiment, such a similarity measure corresponds to
cosine similarity or the Euclidean distance. In one embodi-
ment, the higher the similarity measure, the greater the
similarity between the columns associated with such column
embeddings. A list of candidate joinable tables 1s 1dentified
based on the 1dentified top n-similar columns of tables of the
data lakehouse. Joinable tables from the list of candidate
joinable tables are selected that satisty an inclusion depen-
dency constraint. Given two relations R,, RER, 1=, an
inclusion dependency (IND), denoted as R [X]JCR[Y],
refers to having all the value entries 1n the column combi-
nation X being contained in the column combination Y. The
foreign keys having full containment with the primary key
ol a query table are then 1dentified from the selected joinable
tables. Such identified primary and foreign keys are utilized
to build/discover the schema, such as a relational schema, of
the data lakehouse. In this manner, the primary and foreign
keys are automatically i1dentified to bwld the schema, such
as a relational schema, of the data lakehouse. Furthermore,
in this manner, there 1s an improvement in the technical field
involving a data lakehouse.

The technical solution provided by the present disclosure
cannot be performed 1n the human mind or by a human using
a pen and paper. That 1s, the technical solution provided by
the present disclosure could not be accomplished in the
human mind or by a human using a pen and paper 1n any
reasonable amount of time and with any reasonable expec-
tation of accuracy without the use of a computer.

The descriptions of the various embodiments of the
present disclosure have been presented for purposes of
illustration, but are not intended to be exhaustive or limited
to the embodiments disclosed. Many modifications and
variations will be apparent to those of ordinary skill 1in the
art without departing from the scope and spirit of the
described embodiments. The terminology used herein was
chosen to best explain the principles of the embodiments, the

practical application or technical improvement over tech-
nologies found i1n the marketplace, or to enable others of
ordinary skill in the art to understand the embodiments
disclosed herein.
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The 1nvention claimed 1s:

1. A computer-implemented method for identifying pri-
mary and foreign keys to build a schema, the method
comprising:

identifying a primary key of a query table of a data

lakehouse consisting of multiple columns, wherein
cach of the columns 1s a list of values displayed
vertically, wherein the data lakehouse i1s a platform
bult from a combination of a data lake and a data
warchouse, wherein the query table 1s a named table
that contains a database specific query;

identifying top n-similar columns of tables of the data

lakehouse to 1dentily joinable tables using the primary
key as a query using column embeddings, wherein the
primary key 1s a column or columns that contain values
that uniquely 1dentily each row 1n a table;

identifying a first set of foreign keys in the identified

joinable tables by running a key and cross-domain
analysis on compatible column pairs of the joinable
tables, wherein the foreign keys link data in one table
to data 1n another table;

identifying a list of candidate joinable tables based on the

identified top n-similar columns of tables of the data
lakehouse;

selecting joinable tables from the list of candidate join

tables that satisfy an inclusion dependency constraint;
and

identifying foreign keys based on the first set of foreign

keys having full containment with the primary key of
the query table from the selected joinable tables.

2. The method as recited 1n claim 1, wherein the primary
key of the query table of the data lakehouse 1s 1dentified
using a unique column combination constraint.

3. The method as recited 1n claim 1 further comprising:

ranking joinable tables of the identified joinable tables by

computing a similarity between columns of joinable
tables of the i1dentified joinable tables using a contain-
ment measure.

4. The method as recited in claim 3 further comprising:

re-ranking the ranked joinable tables using cosine simi-

larity, wherein the identified list of candidate joinable
tables 1s based on the re-ranked joinable tables.

5. The method as recited 1n claim 1 further comprising;:

creating a hash map by hashing each value of data i the

data lakehouse;

creating a column-hash sparse matrix based on the hash

map; and

creating a vector space model to represent objects in

tables as vectors of i1dentifiers using the column-hash
sparse matrix.

6. The method as recited 1n claim 5, wherein the vector
space model 1s created by applying single value decompo-
sition using random indexing to compress the column-hash
sparse matrix into two dense matrices.

7. The method as recited 1n claim 6 further comprising:

creating the column embeddings using the vector space

model.

8. A computer program product for identifying primary
and foreign keys to build a schema, the computer program
product comprising one or more computer readable storage
mediums having program code embodied therewith, the
program code comprising programming instructions for:

identifying a primary key of a query table of a data

lakehouse consisting of multiple columns, wherein
cach of the columns 1s a list of values displayed
vertically, wherein the data lakehouse i1s a platform
built from a combination of a data lake and a data
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warchouse, wherein the query table 1s a named table
that contains a database specific query;

identifying top n-similar columns of tables of the data

lakehouse to identily joinable tables using the primary
key as a query using column embeddings, wherein the
primary key 1s a column or columns that contain values
that uniquely identify each row 1n a table;

identifying a first set of foreign keys in the identified

joinable tables by running a key and cross-domain
analysis on compatible column pairs of the joinable
tables, wherein the foreign keys link data 1n one table
to data 1n another table;

identifying a list of candidate joinable tables based on the

identified top n-similar columns of tables of the data
lakehouse;

selecting joinable tables from the list of candidate join

tables that satisiy an inclusion dependency constraint;
and

identifying foreign keys based on the first set of foreign

keys having full containment with the primary key of
the query table from the selected joinable tables.

9. The computer program product as recited 1n claim 8,
wherein the primary key of the query table of the data
lakehouse 1s 1dentified using a unique column combination
constraint.

10. The computer program product as recited in claim 8,
wherein the program code further comprises the program-
ming instructions for:

ranking joinable tables of the identified joinable tables by

computing a similarity between columns of joinable
tables of the i1dentified joinable tables using a contain-
ment measure.

11. The computer program product as recited 1n claim 10,
wherein the program code further comprises the program-
ming instructions for:

re-ranking the ranked joinable tables using cosine simi-

larity, wherein the 1dentified list of candidate joinable
tables 1s based on the re-ranked joinable tables.

12. The computer program product as recited 1n claim 8,
wherein the program code further comprises the program-
ming instructions for:

creating a hash map by hashing each value of data in the

data lakehouse;

creating a column-hash sparse matrix based on the hash

map; and

creating a vector space model to represent objects 1n

tables as vectors of i1dentifiers using the column-hash
sparse matrix.

13. The computer program product as recited 1n claim 12,
wherein the vector space model 1s created by applying single
value decomposition using random mdexing to compress the
column-hash sparse matrix into two dense matrices.

14. The computer program product as recited 1n claim 13,
wherein the program code further comprises the program-
ming instructions for:

creating the column embeddings using the vector space

model.

15. A system, comprising;:

a memory for storing a computer program for identiiying

primary and foreign keys to build a schema; and

a processor connected to the memory, wherein the pro-

cessor 1s configured to execute program instructions of

the computer program comprising:

identifying a primary key of a query table of a data
lakehouse consisting of multiple columns, wherein
cach of the columns 1s a list of values displayed
vertically, wherein the data lakehouse 1s a platform
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built from a combination of a data lake and a data
warechouse, wherein the query table 1s a named table
that contains a database specific query;

identifying top n-similar columns of tables of the data
lakehouse to 1dentily joinable tables using the pri-
mary key as a query using column embeddings,
wherein the primary key 1s a column or columns that
contain values that uniquely 1dentify each row 1n a
table;

identifying a first set of foreign keys in the identified
joinable tables by running a key and cross-domain
analysis on compatible column pairs of the jomable
tables, wherein the foreign keys link data 1n one table
to data 1n another table;

identifying a list of candidate joinable tables based on
the 1dentified top n-similar columns of tables of the
data lakehouse:

selecting joinable tables from the list of candidate join
tables that satisfy an inclusion dependency con-
straint; and

identifying foreign keys based on the first set of foreign
keys having full containment with the primary key of
the query table from the selected joinable tables.

16. The system as recited in claim 15, wherein the primary
key of the query table of the data lakehouse 1s 1dentified
using a unique column combination constraint.
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17. The system as recited in claim 15, wherein the
program instructions of the computer program further com-
prise:

ranking joinable tables of the identified joinable tables by

computing a similarity between columns of joinable
tables of the 1dentified joinable tables using a contain-
ment measure.

18. The system as recited in claim 17, wherein the
program instructions of the computer program further com-
prise:

re-ranking the ranked joinable tables using cosine simi-

larity, wherein the 1dentified list of candidate joinable
tables 1s based on the re-ranked joinable tables.

19. The system as recited in claim 15, wherein the
program instructions of the computer program further com-
prise:

creating a hash map by hashing each value of data 1n the

data lakehouse;

creating a column-hash sparse matrix based on the hash

map; and

creating a vector space model to represent objects 1n

tables as vectors of i1dentifiers using the column-hash
sparse matrix.

20. The system as recited 1n claim 19, wherein the vector
space model 1s created by applying single value decompo-
sition using random i1ndexing to compress the column-hash
sparse matrix mto two dense matrices.
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