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Abstract. Like online games and the financial market, several applications require specific data management
features such as large data volume support, data streaming, and the processing of thousands of OLTP transactions
per second. In general, traditional relational databases are not suitable for these requirements. NewSQL is a new
generation of databases that combines high scalability and availability with ACID support, being a promising solution
for these kinds of applications. Although data partitioning is an essential feature for tuning relational databases, it is
still an open issue for NewSQL databases. This paper proposes an automated approach for hybrid data partitioning
that minimizes the number of distributed transactions and keeps the system well-balanced. In order to demonstrate
its efficacy, we compare our solution with an optimal partitioning solution generated by a solver and a state-of-art
baseline. The experiments show that the quality of the partitioning scheme is similar to the optional solution and
overcomes the state-of-art approach in number of distributed transactions.
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1 Introduction

Historically, application systems rely on Online Transactional
Processing (OLTP) to perform small operations over the net-
work, such as buying an item in an online store [Stonebraker,
2012]. The number of users that use online stores has in-
creased, along with it, the number of OLTP transactions.
With the emergence of the Web, OLTP requests have changed
to deal with transactions on online games, social networks,
or even large financial companies. These applications are
characterized by having a large number of user interactions,
generating a vast amount of data, and multiple OLTP transac-
tions per second.

For decades, traditional Relational Databases (RDBs) have
been used as an efficient way to store and handle operational
data. However, they are not suitable to deal with massive data
volumes with high availability, known as Big Data, and ACID
support guarantees [Stonebraker, 2012]. New DB systems
to handle Big Data needs are emerging, like NoSQL DBs, to
handle the problems to meet the Big Data needs. These new
architectures had mainly appeared into cloud environments,
which are able to store and manage massive data volumes
with high scalability.

Nevertheless, NoSQL DBs solve part of the problems re-
lated to Big Data management. They maximize availability
rather than ACID support. Due to this, several companies
continue to use RDBs for their data-centric applications be-
cause they are less expensive to deal with traditional ACID
assurance overhead than the lack of these properties. In or-
der to cope with this limitation, the NewSQL movement has
arisen.

NewSQL DB main advantage is to combine the best of

both worlds: the scalability and availability of NoSQL DBs
with the ACID support of traditional RDB [Stonebraker,
2012]. Usually, NewSQL DBs are distributed in-memory
DBs, and each node/site of the DB holds a partition of the
stored data [Pavlo and Aslett, 2016; Taft et al., 2014; Elmore
et al., 2015; Kallman et al., 2008]. Because of this, they can
handle thousands of OLTP transactions per second. Never-
theless, they suffer when multi-site (distributed) transactions
are required, since these transactions are usually serialized
and further executed, when it is possible, as single-site. This
strategy enables them to use lighter and lock-free concurrency
control protocols, but when a transaction needs to access data
in multiple sites, the system performance is degraded.
Partitioning is a well-known technique that can be used
to mitigate performance degradation generated by multi-site
transactions. Each partition stores co-related data, and so
transactions can run locally. Relational data are usually par-
titioned in two ways: horizontally (by rows) or vertically
(by columns) [Al-Kateb et al., 2016]. Horizontal partition-
ing divides a table into groups of tuples (i.e, selection oper-
ation). Vertical partitioning divides a table into groups of
disjoint columns (i.e, projection operation), and each group
becomes a partition. Vertical partitioning is suitable to OLAP
applications since it keeps grouped only the columns (at-
tributes) that are relevant for certain analytical queries, which
reduces the cost mainly of join operations. Horizontal parti-
tioning is mainly considered by OLTP solutions, which may
update any table column, and all the commercial NewSQL
DB systems apply this strategy instead[Al-Kateb ef al., 2016;
M. Tamer Ozsu, 2011]. A few academic NewSQL DB sys-
tems explore vertical partitioning as an option to reduce
the number of distributed transactions in OLTP-based sys-
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tems [Amossen, 2010; Schreiner et al., 2019], as well as
hybrid partitioning for OLAP transactions [Arulraj ef al.,
2016]. However, data partitioning remains an open issue
for NewSQL DB systems.

H-Store [Kallman ef al., 2008] and S-Store [Cetintemel
et al., 2014] are NewSQL DB systems that consider a pre-
workload plan to define an optimized partitioning. However,
the data volume and workload of a DB are not static, and
they do not consider the evaluation and modification of their
partitioning strategies. Other proposals, such as Clay [Ser-
afini et al., 2016], Accordion [Serafini et al., 2014] and E-
Store [Taft et al., 2014] provide repartitioning tools. All of
them have an autonomous system that considers OLTP loads.
However, none of them consider a hybrid data partitioning,
that is, choosing vertical or horizontal partitioning based on
the workloads.

This paper proposes a new automated partitioning system
that evolves the partitioning scheme of a NewSQL DB. We
consider hybrid data partitioning for minimizing distributed
transactions on OLTP systems. Our goal is to propose a re-
active system that is able to generate new data partitioning
schemes based on the system workload. Additionally, it re-
organizes data with no downtime in order to maintain good
performance for the NewSQL DB system.

The main contributions of our work are: (i) an adaptive
approach that allows the DB system to reorganize data based
on the current workload; (i7) an optimal solution for the data
partitioning problem that uses a solver to generate the opti-
mal data partitioning based on a set of objective functions;
(iii) an approach for data partitioning based in heuristics that
considers hybrid data partitioning for OLTP transactions to
minimize distributed transactions; (iv) a set of experiments
that compare our solution with an optimal partitioning scheme
generated by a solver using the same goal equations that we
considered in our algorithm; and, (v) a set of experiments
comparing the number of distributed transactions of the orig-
inal partition scheme, a partition scheme generated by our
approach, and a partition scheme generated by a state-of-art
approach.

The rest of this paper is organized as follows. Section 2
discusses related work. The Section 3 provides the theoretical
foundation: an overview of data partitioning and NewSQL
DBs architectures. Section 4 presents the formalization of
the heat graph considered by our work. In Section 5 we
formalize the graph partitioning problem and present two
solutions: (¢) the solver solution that represents the optimal
one Section 6 demonstrates the partition quality and efficiency
of our proposed solution through a set of experiments. At last,
Section 7 presents the conclusions and some future works.

2 Related Work

There are some approaches in the literature that propose par-
titioning solutions for NewSQL DBs, and each one focuses
on different perspectives of the problem. H-Store [Kallman
et al., 2008], the first proposed NewSQL DBMS, focused
on the system architecture and not on the data partitioning
efficient management. Approaches like Horticulture [Pavlo
et al., 2012], Schism [Curino et al., 2010], Accordion [Ser-
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afini ef al., 2014] and Clay [Serafini et al., 2016] present data
partitioning techniques for reducing the number of distributed
transactions. E-Store [Taft et al., 2014] and S-Store [Meehan
et al., 2015] also propose data partitioning techniques, but
with specific purposes: scalability and streaming. The Hybrid
VoltDB [Schreiner et al., 2019] explores the use of hybrid
data partitioning to avoid distributed transactions.

Table 1 summarizes the features analyzed for the related
work: (i) the considered type of data partitioning (Part. Type);
(i) an automated solution to create/reorganize the partitions
(Automated Part.); (iii) migration of data between partitions
without downtime (Online Part.); (iv) replication support
in order to increase performance (Replication); and (v) the
granularity of the data considered for the data partitioning
(Granularity).

Almost all approaches that implement partitioning ap-
proaches for OLTP-based systems consider horizontal parti-
tioning, i.e., they all split the tables into sets of tuples, and
each partition maintains a subset of the table. H-Store [Kall-
man et al., 2008], Horticulture [Pavlo et al., 2012], Ac-
cordeon [Serafini et al., 2014], and S-Store [Meehan et al.,
2015] divide their tuples horizontally using the identifier of
each tuple. Each partition stores a set of tuples with sequential
identifiers. On the other hand, Schism [Curino et al., 2010],
E-Store [Taft et al., 2014], and Clay [Serafini et al., 2016]
group tuples by affinity, i.e., tuples accessed together most of
the time are stored in the same partition. Additionally, the E-
Store uses vertical partitions to store data used in streamings,
but they are replicated from the original data and are just used
as read-only data. Hybrid VoltDB is the only proposal that
considers hybrid data partitioning, which sounds promising
to reduce the number of distributed transactions.

H-Store, S-Store, and Hybrid VoltDB requires the interven-
tion of a DBA or another external tool to create a suitable
partitioning for the desired demands. On the other hand, most
of the approaches support an automated partitioning solution
aiming at decreasing the distributed transactions. Horticul-
ture takes into account the operations provided by the DBA,
as well as the data schema, to feed its Large-Neighborhood
Search (LNS) algorithm, which generates the partitioning. E-
Store partitions its data using some statistics to identify the
most accessed tuples. These tuples are allocated in different
vertexes to balance the load. Accordion, in addition to data
statistics generated from the workload, takes into account
the maximum capacity of each server and groups the parti-
tions accessed together on the same server or nearby servers.
Different from them, Clay and Schism use a heat graph to
accomplish this task. This graph is also created based on the
tuple accesses. Each vertex represents a tuple accessed by a
transaction, maintaining the number of times the tuple was ac-
cessed. Edges connecting vertices represent tuples accessed
together by the same transaction.

Only four approaches use replicas of data to improve parti-
tioning performance. Horticulture and Schism create a parti-
tioning plan that takes into account block replication to facil-
itate transaction execution and increase system availability.
S-Store does not have a re-partitioning model, but it performs
data replication for streaming support. Data accessed by a
streaming operation are replicated into tables created exclu-
sively for this purpose. The Hybrid VoltDB does not consider
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Table 1. Related work comparison

Approach Part. Type Automated Part. Online Part. Replication Granularity
H-Store (2008) Horizontal No No - -
Horticulture (2012) Horizontal Yes No Yes Blocks
Schism (2012) Horizontal Yes No Yes Tuple
E-Store (2014) Horiz./Vert Yes Yes No Tuple
Accordeon (2014) Horizontal Yes Yes No Blocks
S-Store (2015) Horizontal No No Yes -

Clay (2016) Horizontal Yes Yes No Tuple
Hybrid VoltDB (2019) Hybrid No Yes Yes Tuple/Atributes

an automated system that creates a replication-based strategy.
Instead, it allows the DBA to define a partitioning plan that
uses replication as an additional feature to reduce the number
of distributed transactions.

From the analyzed approaches, most of them work only
with two levels of granularity: blocks and tuples. Horticulture
and Accordion use a larger granularity than the others, work-
ing directly with data blocks (sets of tuples). These blocks
are created using a classic partitioning strategy (e.g., group-
ing and dividing data using a Aash for each tuple). E-Store
and Clay use a finer granularity, working directly with tuples.
This granularity facilitates the migration of tuples between
partitions. Approaches that use a finer granularity can sepa-
rate tuples that are widely accessed and have no links, or even
change partitions by placing tuples that are widely accessed
in the same partition. However, generally, the management
and statistics required by a finer-grained approach are more
complex [M. Tamer Ozsu, 2011]. Hybrid VoltDB applies
an attribute/tuple granularity over the VoltDB structure. It
does not map where each tuple is located in the cluster. The
statements are executed in a broadcast for all sites, and only
sites that have the data perform the operation. This strategy
simplifies the statistics required to maintain the fine granular-
ity.

From this related work analysis, we can see the lack of an
approach that explores some specific aspects: (i) a hybrid
data partitioning that decides when it is advantageous to use
vertical or horizontal partitioning; (ii) a solution that consid-
ers replicas to increase availability and, therefore, decreases
the number of distributed transactions; and (%ii) a solution that
performs a gradual and periodic evolution of the existing par-
titions, avoiding periods of high latency until its partitioning
is optimized.

The approach proposed in this paper deals with the aspects
(i) and (iii) with a fine grain granularity (tuple/attribute). It
is detailed in the next sections. It considers a heat graph as
a tool to accomplish data partitioning, as described in the
following.

3 Theoretical Foundation

This section gives a brief background about data partitioning
and NewSQL DBs. These concepts are necessary to properly
understand our solution.

3.1 Data Partitioning

Data partitioning is defined as the division of a table into
multiple independent parts (partitions). Database partition-
ing is usually applied as an optimization for data accessing
since dividing the amount of data can increase manageability,
availability, and load balancing. On considering a distributed
RDB system: (i) a table can be stored in a single site, or (ii)
a strategy can be created for distributing the table fragments
among multiple sites.

The first option generates a high number of addi-
tional remote data access required to process join opera-
tions [M. Tamer Ozsu, 2011]. Additionally, the mainte-
nance of ACID properties becomes more complicated. More-
over, replicating all the tables in every site generates high
data redundancy, leading to data consistency and data stor-
age misused on the sites. Thus, it is natural to consider
the second option. A table decomposed into fragments al-
lows several performance optimizations, like local join exe-
cution [M. Tamer Ozsu, 2011].

Partitioning techniques can be divided into three categories:
horizontal, vertical, and hybrid [Sharma and Kaur, 2015].
Horizontal partitioning fragments a relation into other sub-
relations (a subset) [Sharma and Kaur, 2015]. A horizontal
fragment of a relation R consists of all R tuples that sat-
isfy a partitioning function f; [M. Tamer Ozsu, 2011]. This
function f; can be developed as an automated process that
analyzes the DB schema and statistics about data accessing
inferring groups of rows by affinity or manually using SQL
DDL. Based on the f; result, tuples are routed directly to
specific sites. Figure 1 (A) shows a horizontal partitioning
defined for a Movies table. It was split by column id. Blue
lines belong to the partition P; (f;(id%2 = 1)) and yellow
lines to the partition P (f;(id%2 = 0)).

Table Movie:

nome director | year

Psyco 1 1960
Vertigo 1 1958
Pulp Fiction 1994
Kill Bill: Vol. 1 2003
Pegay Sue Got Married 1986|
[The Croods 2013
Forest Gump 1994]
1988
1996|

0o [~ |0 || s | v |- &
[0 0| o0 e

[From Dusk till Dawn

(A) G))
Table Movies P, | Table Movies P,
i nome director | _year id [ director
Psyco 1960,
Pulp Fiction 1994
Pegay Sue Got Married 198
Forest Gump 1994
From Dusk till Dawn 199¢

Table Movies P2
i nome

Fiction
Bil: Vol. 1
‘Sue Got Married|

Figure 1. Data partitioning: (A) horizontal partitioning; (B) Vertical parti-
tioning [Schreiner et al., 2019]

Table Movies P,

|
id | nome director | year
2 |vertigo 1 1958|
4_|Kill Bill: Vol. 1 3 2003|
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One way to fragment data in horizontal partitioning is using
a range function, and this approach defines categories and
stores them on different nodes [Grolinger et al., 2013; Sharma
and Kaur, 2015]. One node is responsible for, based on a
range function, assigning tuples to other nodes and maintain-
ing mappings among the sites to locate data. However, the
range approach might cause a load unbalance between nodes
because some categories may contain more tuples than others.
So, another approach is to consider a Hash function. In hash
partitioning, the system usually assumes a ring organization
of the system nodes, and each node is responsible for a set of
keys. In order to find a tuple ¢; location, ¢; key is submitted
to the hash function. With this approach, ¢; is quickly located
in the ring, so there is no need to maintain mappings.

The vertical partitioning, on the other hand, considers frag-
ments of a relation R as projections Ry, Ro, ..., R, C R
over different sets of attributes [M. Tamer Ozsu, 2011; Na-
vathe et al., 1984]. The main idea is to group attributes
into fragments that are often accessed together by applica-
tions [Sharma and Kaur, 2015]. However, this partitioning
approach is complex since each attribute that composes one
fragment directly affects the system’s performance. Figure 1
(B) shows an example of two vertical partitions for the table
Movies. Notice that the column id is presented in both frag-
ments. It represents the primary key and must be replicated
in each fragment to allow the tuple reconstruction.

For some applications, horizontal or vertical partitioning
of a DB is not sufficient [M. Tamer Ozsu, 2011]. So, a hybrid
partitioning is needed. In this case, horizontal and vertical
partitioning are simultaneously applied over the DB. Each
fragment maintains a set of rows with a specific set of columns
stored in a node, being useful for queries that intend to retrieve
such a table subset.

On considering the table Movie, we apply the horizontal
partitioning in Figure 1(A) dividing the table into two parti-
tions. Otherwise, in Figure 1(B) we split the table into two
vertical partitions: the first one with 3 columns and the sec-
ond one with two. Therefore, hybrid data partitioning is a
set of horizontal fragments that are further partitioned into
vertical fragments. In the example, a hybrid data partitioning
could create the following partitions: (i) one with five rows
(Figure 1(A) blue rows) and three columns (id, director and
year); (ii) one with five lines (Figure 1(A) blue rows) and
two columns (id and name), being similar to Figure 1(B) but
with less tuples.

The use of horizontal partitioning causes a distributed trans-
action when a query requires all the data of a specific column.
As the data is divided into subsets of rows, all nodes must
be consulted to retrieve the data. Vertical partitioning solves
this problem by storing data from a column in just one node.
However, by using only vertical partitioning, the chances of
a load unbalance occurs are very high since if a column is
often accessed, the system will always access the same site
since it stores all the rows that contain that column. Hybrid
partitioning, in turn, provides a finer adjustment in data stor-
age, allowing load balancing of the horizontal model and also
storing commonly accessed columns together on the same
site.

Despite these advantages, the use of hybrid partitioning
accentuates the complexity of defining an appropriate par-
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titioning. In addition, the allocation of partitions also has
increased complexity, because depending on their position in
the cluster, the number of distributed transactions can increase.
In this work, we use a heat graph to represent interactions
(accesses) between tuples to address this problem. Based on
this graph, we propose the usage of hybrid partitioning to de-
crease the number of distributed transactions allocating often
accessed data in the same site to keep the system balanced.

3.2 NewSQL

NewSQL is a new generation of modern RDBs that supply the
demand for large OLTP workloads without giving up on the
ACID properties [Stonebraker, 2012; Pavlo and Aslett, 2016;
Kumar et al., 2014]. As stated before, this family of DBs
transcends the traditional RDBs by incorporating essential
features to Big Data management, such as high availability
and scalability [Grolinger ef al., 2013]. In addition to offer-
ing SQL as the primary access language, as well as ACID
guarantees, a DB needs to address some other characteristics
to be considered a NewSQL DB [Pavlo and Aslett, 2016].

Traditional RDBs use full disk persistence (i.e., they are
disk-oriented), and the main memory is considered to op-
timize some tasks. Instead, NewSQL DBs are usually in-
memory DBs. They consider the main memory (RAM) as
their principal storage space, eliminating the hard drive data
accesses overhead. The usage of an in-memory approach
avoids mechanisms that deal with the constant exchange of
data between disk and main memory.

The NewSQL DBs are not the first DB technology that
employs main memory as main storage space [Valdes et al.,
1984; DeWitt et al., 1984]. However, they differ from the
other ones by reallocating a subset of the DB to persistent
memory to reduce its memory consumption [Ma et al., 2016].
This technique allows the DBMS to support a larger chunk
of data than the total available main memory without using
virtual memory as drive-oriented architectures. The most
common approach to manage the main memory is to create
mechanisms to identify not frequently accessed tuples and
reallocate them from memory to the disk.

The first NewSQL DBMS was the H-Store [Kallman et al.,
2008]. All the NewSQL systems are inspired by the H-Store
architecture (Figure 2). A NewSQL DB is, essentially, a dis-
tributed database, with multiple nodes connected as a cluster
and a focus on OLTP transactions. Figure 2 shows multiple
H-Store nodes. Each node represents a machine running the
H-Store system. Unlike traditional systems, in a NewSQL
system, each node is configured to use multiple cores, and
each core runs as an independent part of the system called
site. Each site is composed by an execution engine and a data
partition. The execution engine is responsible for executing
the necessary operation (e.g., queries, stored procedures) over
the data partition (portion of the data).

For NewSQL DBs a key concept is data partitioning, since
they affect the performance of the system [Pavlo and Aslett,
2016]. In this case, DB tables are usually divided horizontally
into multiple partitions [Al-Kateb et al., 2016]. A module
of the DBMS assigns each tuple to a fragment based on the
values of a set of attributes (possibly unitary) using a range
or hash function. As we stated before, partitioning is a well-
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Figure 2. H-Store architecture [Pavlo et al., 2011]

known technique that can be used to mitigate the performance
degradation caused by distributed transactions. Since the
NewSQL DBs holds a shared-nothing distributed architecture,
the allocation of data that are accessed together in the same
site is very important. If a transaction accesses data stored
into only one site, the transaction is executed in a serial way,
with no lock. On the other hand, if a transaction touches data
allocated in more than one partition (a distributed transaction),
the system needs to elect a coordinator that will ensure the
ACID properties. The use of a coordinator leads the system
to lock situations, reducing the performance of the system.

NewSQL DBMSs ensure high data availability and dura-
bility, supporting strongly consistent replication [Pavlo and
Aslett, 2016]. The replication methods generally consider a
wide-area network (WAN) replication. Any NewSQL DBMS
can be configured to provide synchronous WAN data up-
dates, but it can cause significant slowness in normal op-
erations [Schreiner et al., 2019]. Thus, they provide asyn-
chronous replication methods.

A critical feature of NewSQL DBs is the concurrency con-
trol [Pavlo and Aslett, 2016]. Concurrency control allows
multiple users to access the DBs at the same time and exe-
cute their transactions independently. There are two methods
of concurrency control mainly used by NewSQL DBs: 7O
(timestamp ordering) and MVCC (multi-version concurrency
control). A few ones use the TO [Schreiner et al., 2019]. In
this case, the DBMS assumes that transactions do not perform
operations that violate the serializability criteria. However,
the most widely used one is the MVCC. It creates a version
of a tuple in the DB when a transaction updates it. On main-
taining multiple versions of a tuple, it allows transactions to
be completed even if another transaction updates the same
tuple. It also allows long-term (and read-only) transactions
not to block writers.

Another essential feature of a NewSQL DBMS is to provide
recovery mechanisms in critical cases. Fault tolerance is
the ability of the system to handle a structural failure. For
traditional RDBs, the primary concern for fault tolerance is
to ensure that no updates were missed [Mohan et al., 1992].
Unlike them, the NewSQL DBs must minimize downtime
since modern applications are online all the time.

Besides, the NewSQL DBMSs use the relational data model
and SQL as their primary language. They are built for dis-
tributed execution and optimized for multi-node environ-
ments. As the data are distributed over the cluster, one of the
key problems of these architectures is the distributed transac-
tions. So, organizing the data over the cluster in a way that
reduces the number of distributed transactions is an important
issue.

Schreiner et al. 2026

4 Heat Graph

In this paper, similar to Pavlo and Aslett [2016], and Curino
et al. [2010], we consider a heat graph as a resource to rep-
resent the current workload of the database. A heat graph
is a graph where each vertex has a weight. Each vertex on
the graph represents an accessed tuple, and the weight is the
number of times that the tuple is accessed. An edge between
two vertexes v; and v represents that the two vertexes are
accessed together by a transaction.

In fact, each transaction touches a series of tuples. The
tuples are mapped to vertexes, and all of them are connected
by edges to signalize the relationship between them promoted
by the transaction. The main goal of our heat graph is to
represent each tuple with an id (primary key of the tuple)
as well as the columns accessed by the transaction. It leads
to multiple vertexes mapping the same tuple, each vertex
representing a tuple with a specific projection. This reasoning
let the partitioning algorithm handle the tuple in a more finned
grain, allowing the creation of hybrid partitioning schemes.
The definitions related to our heat graph are in the following.

Definition 1. Heat Graph. A heat graph is defined by a
tuple G =<V, E >, where V is a set of vertex and £ a set of
edges. o

Definition 2. Vertex. 4 vertexv € Vis a tuple v = <
Uyals Vtable, Atts,w > that represents an accessed tuple from
the relational data model, where v,q; is the vertex id (the
rowid or the concatenation of the primary key values of the
tuple), viqpie is the table name, Atts is the set of attributes
form vyapie accessed by the transaction, and w is the number
of times that the tuple with the projection was accessed, i.e.,
the heat of the vertex. o

Definition 3. Edge. An Edge e € & is a tuple a =<
v1, V2, w >, where vi € V and vo € V are two distinct
vertexes, and w is the number of times that v, and vs are
accessed together, i.e., the weight of the edge. o

The heat graph stores the current workload of the system,
since it maps each accessed tuple and the transaction that
accesses the data. Each vertex represents a tuple (v,q;) ac-
cessed with a specific projection (Atts), and every time the
tuple is accessed using the Atts, the w is incremented. No-
tice that if a tuple ¢; is accessed by one transaction with a
projection 71 and by another transaction with projection 7o
(m1 # ), two different vertexes are generated: one for ¢;
with Attrs = m; and another one for t5 with Attrs = mo.
These two vertexes, which represent the same tuple accessed
with different projections, are connected by an edge with no
weight (w = 0).

Figure 3 (A) shows a subset of tuples from two tables:
Movies and Directors. Figure 3(B), in turn, describes three
different SQL transactions executed over these tables. Fig-
ure 4 shows the steps that generate the heat graph for the three
transactions of Figure 3(B).

Suppose that the transactions I and II of Figure 3 are ex-
ecuted in parallel. When the first instruction of transaction
I (t1) and transaction II (¢2) are executed, two vertexes are
added to the heat graph (Figure 4(A): blue for ¢; and red for
t2). The vertexes are labeled with information about the two
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Table Movies
name director
Psyco 1

BEGIN

COMMIT;

UPDATE movies SET year = 1960 WHERE name = ‘Psyco’;
SELECTname, year FROM movies;

The Godfather 2
Patton 2

0)

BEGIN

COMMIT;

SELECT id FROM directors WHERE name = ‘Hitchcock
UPDATE movies SET director = 2 WHERE name = ‘Psyco’;

Table Directors
name
Alfred Hitchcok

(D)

awards
31

BEGIN

COMMIT,

SELECT f.name, f.year, d.name FROM movie f JOIN
director d ON f.director = d.id;

Francis Coppola | 50

Figure 3. (A) subset of tables Movies and Director; (B) three SQL transactions.

QY

<1,Movies, [year,name], 1 >

<1,directors, [id,namel,ﬁ

()

<1,Movies, [year,name], 2 > }—— o>

_ A@ [director, name],b

<1,directors, [id.na@

\\/

Y <1,

‘\@,mowes, [name,

(<111,Movies, [year,name], 1 >)

t=final

ovies, [name, year, director],

<
Qil.movies, [name, year, direc@

— <1,movies, [dlre%
\ <1 directors, [id, name] 2>
e \

~ <1>
Q <> _

élremors [id, nam

— <1>
e], 1>)

_

~ >

year, director], 1>

<1>

Figure 4. A heat graph for the running example of Figure 3.

transactions and their heats are set to 1. Notice that the two
vertexes are not related since ¢; and ¢4 touch different tuples
at this moment.

When the second instructions of transactions I and II are
executed, three new vertexes are added to the graph. They
represent the three new tuples accessed by the transactions
(two blue ones from ¢, and one red from ¢5). Now, edges
are added to the graph connecting all vertexes that were ac-
cessed by the same transaction (represented with the same
color). Figure 4(B) presents the state of the graph after the
complete executions of transactions (I) e (/). The ver-
tex < 1," Movies', ['year’, 'name’],1 > (Figure 4(A)) has
their weight updated to 2 in Figure 4(B) since the second
instruction of the transaction (I7) touches the tuple again
with the same projection. Also, tuple 1 of the Movies table
is accessed by the two transactions with different projections
([year, name] and [director, name]) creating two different
vertexes in the graph connected by an edge with weight 0. At
last, Figure 4(C) shows the heat graph after the execution of
transaction (1117).

5 Graph Partitioning

This section presents first the problem of graph partitioning,
then a perfect solution based on linear programming, and at
least a heuristic-based solution. Considering readers unfamil-
iar with linear programming, column generation, and/or the
branch-and-price method, we decided to write a soft introduc-
tion in Section 5.2.1. The exact algorithm finds the optimal
solution by using a branch-and-price method. All the codes
are available in the GitHub!

5.1 Problem Definition

As stated before, our heat graph represents an abstraction of
how data is accessed. Given a heat graph, we can partition
it to represent where data are physically stored on the sites.
Each partition has an identifier that is mapped directly to a
physical data partition in a NewSQL DBMS. The heat graph
is independent of the replication management, which is con-
trolled by the NewSQL DBMS. In the following, we define a
partition and a partitioning scheme.

"https://github.com/gschreiner/graphPartitioning


https://github.com/gschreiner/graphPartitioning

An Autonomous Hybrid Data Partitioning Approach for NewSQL DBs

Definition 4. Partition. A partition is a tuple p =< p, A >,
where 1 is a unique id for the partition, A is a subset of
vertexes {v1,va...v;} Vi : v; €V, and i is the number of
partition vertexes. o

Definition 5. Partitioning Scheme. A partitioning scheme is
atuple S =< G, P >, where G is a heat graph and P is a set
of partitions P = {p1,...,pr}, where (p1J...Upr) =V
and ¥'i £ j (pi (\p; = 0). 8

Each partition p has two basic edge types: (i) intra-partition,
and (ii) inter-partition. An intra-partition edge connects two
vertexes v; and vy that are in the same partition p; (v1 € p;
and vy € p;). In turn, an inter-partition edge connects two
vertexes v and vy from different partitions (v; € p; and
v & pj).

In a distributed system, it is essential to keep the system
well-partitioned. On considering a NewSQL DBMS architec-
ture, which is usually a shared-nothing one, data need to be
partitioned in a balanced way because an unbalanced parti-
tioning can lead to a latency rise when accessing data stored
in a specific site. Thus, we consider Equation 1 to balance
the system between the sites.

J=0 =0 (v
Vie{l.. . k}: Z w(v;) < (1 _}_a).(ZKle(l))

i<Ipil
(M

Equation 1 states that the sum of the vertexes weights w(v; )
for each partition p;, € P needs to be less or equal to the aver-
age workload per site. We obtain this average by summing the
weights of all the vertexes v; in the vertex set V' and dividing
by the number of partitions k. We also consider an unbalance
factor . When o = 0, the system needs to be perfect bal-
anced, otherwise « represent a perceptual (0 < «a < 1) for
acceptable unbalancing, i.e., if @ = 0.1 we accept 10% of
unbalancing.

When the system needs to be re-partitioned, a new par-
titioning scheme is generated. A new partitioning scheme
is a set P’ of partitions where one vertex v; migrates from
one partition to another. Definition 6 formalizes this parti-
tioning. Each new partition scheme to be considered as a
valid partitioning scheme needs to be balanced according to
Equation 1.

Definition 6. New Partitioning Scheme. A new partitioning
scheme is a tuple 8" =< G, P’ >, where G is a heat graph
and P’ a new set of partitions P', where 3 p' € P’ such that
av; € pi, p'=p'Uvi Api = pi/vi. ©

Since it is desirable that a NewSQL DBMS avoids dis-
tributed transactions, we need to minimize the weight of
the inter-partition edges and keep the system well-balanced.
Equation 2 defines an objective function for minimizing inter-
partition edges. Given k the number of partitions in the sys-
tem, and £ = {e1,...,e;} the set of inter-partition edges,
we cut (partition) the graph considering that the sum of inter-
partition edge weights w(e;) needs to be closest to 0 as pos-
sible. If the sum is equal to 0, we achieve the perfect case
and do not have any distributed transaction. Since it is a rare
case, we tend to minimize the weighted sum by positioning
the lower weight edgeS in the inter-partition area.
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Figure 5 shows a partitioned graph (partitioning scheme)
based on the heat graph of Figure 4 (C) with modified weights.
The graph has two partitions (P, P), and the red line shows
the division (cut) on the graph. Each edge touched by the red
line is considered an inter-partition edge. The graph of Fig-
ure 5 is unbalanced since w(pl) = 24 and w(P») = 20 and
we have 12 distributed transactions (sum of inter-partition
edge weights). An unbalanced graph can be acceptable de-
pending of the a value (Eq. 1). If v is equal to 0.1 (10%) the
system need to be re-partitioned since the difference between
the partition loads is 4 (w(P;) — w(Pz)) and the unbalancing
allowed by « is 2. On increasing the « value to 0.2 (20%)
the system remains unbalanced but in acceptable way con-
sidering that, now, « allows an unbalance of 4. Notice that
a = 0.2 solves the unbalancing problem, but we still have
the inter-partition edges problem.

Figure 6 shows a new partitioning scheme based on Fig-
ure 5. On considering Equation 2, we reallocate two vertexes
(the green ones) to two different partitions. Notice that, in the
new partitioning scheme, the partitions are well-balanced and
the number of distributed transactions decreased to 2 (yellow
edge).

This section shows the principles used by our approach
to minimize as much as possible the number of distributed
transactions maintaining the system balanced. Our approach
considers hybrid data partitioning, i.e., based on the graph,
we split data over the different sites (partitions) using vertical
and horizontal data partitioning techniques. Critical edges
(the inter-partition ones) with weight 0 are stored physically
through a vertical partition. Edges with weight w > 0 are
stored horizontally. Section 5.3 details our partitioning pro-
gramming model?.

5.2 Graph Partition - Analitical Solution

Linear programming consists of methods for solving opti-
mization problems with restrictions in which the objective
functions are linear [Gass, 2003]. Given the heat graph parti-
tion problem and Equations 3 and 4 to minimize the number of
distributed transactions and maintain balanced system loads,
it is possible to find the optimal partitioning for a given graph
through linear programming methods using a solver. In the
following, we present a linear programming model and the
methods used to create the optimal partitioning solution. Ini-
tially, the column generation and branch-and-price methods
applied in the approach are briefly presented. In sequence,
the proposed model for the problem is presented.

5.2.1 Remarks on Column Generation and Branch-and-
Price

Column generation is a method to solve mathematical lin-
ear programming problems with an exponential number of
variables [Nash, 2013]. It is based on Dantzig-Wolfe decom-
positions [Dantzig and Wolfe, 1960]. For these problems, it is

2We consider here a model as a linear programming model/problem.
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Figure 5. An unbalanced partitioning of the heat graph of Figure 4(C).

<1,movies, [director, name], 2 >

ad

o>

<0> \
CLMovies, eatnamel, 105)———<0a
L Movies, [year,name], 5 >) <S>
I

<1,movies, [name, year, director], 4 > }-_
<4>/ \
c [
- /
——(<11,movies, [name, year, director], 4 > )" \ /
\ /
Tt /

Jos—

44>

|
k4>

-\
“(<2,directors, [id, name], 4 >

- \ /
/
“—{<111,movies, [name, year, director], 4 >}

Figure 6. Re-partitioning of the heat graph of Figure 5 re-partitioned.

impossible to generate and store all variables so that column
generation can solve larger instances for a model with this
feature. In this context, each variable generated is a column
for linear programming problems.

In the column generation method, the linear problem is
called the Master Problem (MP). 1t is necessary to formalize
this problem and to identify which variables are exponentially
numbered. Due to this number, a Reduced Master Problem
(RMP) is specified and created with a small set of variables.
This set should be enough to ensure a feasible non-optimal
solution. Also, an Auxiliary Problem (AP) related to the
identified variables should be defined. This problem uses
the dual variable values obtained in the solving of the RMP.
This problem finds a promising variable to enter into the
column generation. If there is such a variable, it is said that a
variable with a negative reduced cost is found [Desrosiers and
Lubbecke, 2005]. We named these variables here as z. In this
context, z; is a variable from z at the index ¢ in Section 5.3.

Figure 7 shows the generic column generation algorithm.
It starts by creating the initial columns for the RMP. Then,
the problem is solved and the dual values are obtained. These
values are used by the AP to find a new promising variable
(column). If'such a variable exists, it is added into the RMP. If
there is no such variable, then the column generation reached
the optimal solution.

The column generation algorithm requires that all variables
be continuous. It is an important requirement because the col-
umn generation algorithm relies on the AP to get new promis-
ing variables, and this problem uses the dual variable values.
In order to attend this requirement when dealing with integer

Creating
initial columns

K 2
Solving the Reduced
Master Problem (primal)
Y

Obtaining dual
variable values

—)

Solving the Auxiliary
Problem

lOptimal solution
found

Adding a new column
to the Reduced Master
Problem

I

Figure 7. Column generation as an iterative process.

(or mixed-integer) linear programming, the integer variables
of the MP are relaxed, and they are turned to continuous
variables. With this relaxing approach, a column generation
solution does not solve the integer (or mixed-integer) problem.
So, another method is necessary to find the optimal solution
in the integer solution space. It is called branch-and-price.

One key definition in the branch-and-price method is the
concept of nodes. A node can be described as a part of the
search space to explore. Each node deals with a particular
search space of the problem by finding the continuous opti-
mal solution (considering continuous variables) through the
column generation procedure. In order to ensure the limits
of such search space, each node has a set of constraints. The
search for the best integer solution continues if there is a
promising node with a continuous solution.
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On considering a minimization problem, we can use Algo-
rithm 1 to understand a branch-and-price method. The initial
variables are defined to ensure a starting feasible solution
(line 2), considering the RMP as a node. Then, a heap-min
that ranks nodes is defined (line 3), and the initial branch-and-
price node is stored (lines 4 and 5). Here, we are using the
objective value as a ranking score, but this strategy could be
different. The upperbound variable stores the objective value
from the best integer solution found. At each iteration (lines
8 to 19), the branch-and-price node with the lowest objective
value is obtained from the heap (line 9). If the solution of
this node has a worse objective value than the upperbound
value, its sibling nodes will not find a better solution, and the
branch-and-price stops (lines 10, 11, and 12). If the search
does not stop, the selected node is submitted to the column
generation procedure.

Algorithm 1 A branch-and-price method for a minimization
problem
1: create the reduced master problem RMP with initial vari-
ables
2: heap < new heap-min()
node of branch-and-price
initialNode <« (objectiveValue , constraints = {})
heap.push(initialNode)
upperBound < oo
stop < false
while (not stop) do
data < heap.pop()
if data.objectiveValue > upperBound then stop <
true
10: end if
11: if not stop then columnGeneration (RM, data, up-
perBound)
12: end if
13: if heap.empty() then stop < true
14: end if
15: end while

> constructing the starting

A A O e

During the branch-and-price, the column generation proce-
dure starts adding the branch-and-price node constraints to the
RMP (search space limits). At each iteration of the column
generation, a new variable is added to the model by using
the Auxiliary Problem (AP). During the selection of a new
variable, the RMP model is solved, and the values for the pri-
mal variables, the dual variables, and the objective value are
stored. Then the AP is solved, and if a new variable is found,
it is inserted into the RMP model. When no variable is found,
the search stops. If the solution found has an integer objective
value, the upperbound variable can be updated (if its value
is better than the one stored in the upperbound variable). If
an integer solution is not found, two branch-and-price nodes
are created. The variable that has the largest fraction value
has its value fixed in O for a node and 1 for the other node,
dividing the search space into two parts to be addressed for
future calls of the column generation procedure. These nodes
are inserted into the heap-min.
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5.3 The Column Generation Model

Model (3) in the following shows the graph partitioning prob-
lem (MP) for an undirected graph G = (V, E), where V is
the set of vertexes and E is the set of edges. This problem
considers all subsets of V' as possible clusters for a graph par-
tition. So, consider that 7 = 2V, K is the expected number
of clusters, ¢ : E — R is a function that maps each edge
cost, and w : V' — is a function that maps the vertex cost.
On considering the average cost of vertexes by cluster, a > 0
is a fraction in which a cluster can exceed the “vertex cost
balance”. We also denote a,; = 1 to represent that a vertex v
belongs to a cluster ¢, and a,; = 0 to represent that a vertex
v does not belong to a cluster ¢.

Master Problem

min Z (:({u, 1,'})y(uﬂ,} +M-h (3a)
{uv}eE
subject to: Zamzt =LWvweV (3b)
teT
Yiuy = Gut(l — up) 2z + (1 — aue)z, V{u,v} € EVt €T
(3c)
Z’u:(’u)a”m <(1l+a)- M,Vt eT (3d)

veV

h>K— Z 2zt (3e)

teT

h>-K+) 2% (3f)
teT

2z €{0,1},VteT (3g)

Yiuot € 0,1}, V{u,v} € E (3h)

h>0. (3i)

There are three main types of decision variables. If the clus-
ter ¢ is selected for the optimal solution, z; = 1; otherwise
2zt = 0. Ygu,y = 1 denotes an inter-edge connecting two
clusters by linking the vertexes u and v; otherwise yy,,,,; = 0.
The variable h = ‘ > oier 4t — k| denotes the absolute differ-
ence between the number of clusters expected and obtained.
Such a variable is used to accept solutions with the number
of clusters different from K during the branch-and-price pro-
cedure. M or big M is a large number used to assign 0 for
the variable h.

The objective function in Equation (3a) aims to find solu-
tions for the graph partition with the minimal cost of inter-
edges with a number of clusters equals to K. The constraint
at inequation (3b) requires that each vertex belongs to a single
cluster in the optimal solution. In (3c), the constraint ensures
that y¢,, 3 = 1if {u,v} connects vertexes from different
clusters in the optimal solution, considering the objective
function minimization. In turn, (3d) ensures that each cluster
t is restricted to the “accepted balance of vertex costs”. In-
equations (3e) and (3 f) defines the h has as lowerbound the
absolute difference between the expected and obtained num-
ber of clusters. Finally, in (3¢g), (3h), and (31), the bounds
of the decision variables are defined.

Model (4) in the following shows the AP for the column
generation. This model is based on the pricing problem: the
best new z variable is selected to compose the reduced master
problem. In this model, the values of A(*) corresponds to the
dual value of each constraint (7) in Model (3). The decision
variables a,, € {0, 1} represent if a vertex v belongs to the
variable z for the master problem (a new column for the



An Autonomous Hybrid Data Partitioning Approach for NewSQL DBs

reduced master problem). The constraints in (4b), (4c), (4d),
and (4e) ensure that y, ,; = 1if u and v are not in the
selected cluster. In (4f), (4g), (4h), (44), (44), (4k), and
(41), the bounds of decision variables are defined.

Auxiliary Problem

min Z (:({u.’u})y{w}7Z(Lv/\,(,lb)+ Z y(u,v}/\gzl}

{uv}eE veV {uv}el
- Z’w(’u)av/\(ld) — A9 \0) (4a)
veV

subject to: yp,.p > ay — a,, V{u,v} € E (4b)
Y{u} = Qo — Gy, V{u,v} € E (4c)
Yiupwy < o + ay,V{u,v} € E (4d)
Yiupy < 2—a, —a,. V{u,v} € E (4e)
Y{up} € {0, 1}, V{u,v} € E (4f)
a, € {0,1},Yv e V (4g)
M e R Vo ew (4h)
)\itpi} >0,V{u,v} € E (41)
A0 < g (41)
Ao > (4k)
A > 0. (41)

The exact algorithm to solve the problem proposed here
uses the column generation models of this section in the
branch-and-price method of Algorithm 1 (Section 5.2.1).

5.4 Proposed Solution

This section details our approach. We first describe our parti-
tioning process and, in the following, we present a running
example for the better sake of understanding of our solution.

5.4.1 Partitioning Process

Our proposed process is a hybrid data partitioning algorithm
that aims at minimizing the number of distributed transactions
keeping the system well-balanced. It receives the number k
of partitions of the system and the heat graph G as input pa-
rameters, and generates, as output, a new partitioning scheme
that respects Equation 1 and Equation 2 requirements.

Algorithm 2 presents the proposed steps for the data parti-
tioning problem. On considering the problem in a NewSQL
system, we have three principal cases: (7) the system is unbal-
anced, (ii) there is a high number of distributed transactions,
and (ii7) the system is not partitioned. In the following, we
explain each one of these cases and their related algorithms.

First of all, we have to evaluate the system according to
Equation 1. It means that the algorithm needs to find out the
minimum and maximum workloads, as well as the system’s to-
tal load (lines 3-5 of Algorithm 2). In order to identify a possi-
ble unbalance in the system, we calculate the expected average
of workload by dividing the total workload by the number % of
partitions (line 6). The unbalance is detected if the maximum
workload (max Partition) is more than the average increase
by « or if the minimum workload is less than the average
workload decreased from « (line 7). If an unbalance is de-
tected, we invoke the function partitionUnbalancedGraph
that creates a new partitioning scheme re-balancing the system
(Case 1 - Algorithm 3).

If the system is well-balanced, we verify the number of dis-
tributed transactions (Case 2 - line 10). As previously stated,
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Algorithm 2 Partitioning

1: procedure Partitioning(G (heat graph), k (site number),«
(workload unbalancing factor), 6 (distributed transaction

percentage))

2: G g

3: minPartition —
getMinWorkload(G'.partitions)

4: maz Partition —
getMaxzWorkload(G' .partitions)

5 sumLoads < sumW orkload(G' .partitions)

6: avgWorkload + (sumLoads/G'.k)

7: if (maxPartition > (1 4+ o =*
avgWorkload)) OR  (minPartition <
((1 — ) x avgWorkload)) then

8: G’ + partitioningUnbalancedGraph(G")

9: end if

10: if G’ .critical EdgesLoad > 6 x sumLoads then
11: G’ + partitioningMinimumCutGraph(G’)
12: end if

13: if G’ k = 1 then

14: G’ « firstPartitioning(G', k)

15: end if

16 ifG#G ORG .k +k then

17: Gk« k

18: G’ « partitioning(G', k, «)

19: end if

return G’ > G’ (new partitioning scheme)

20: end procedure

the distributed transactions are mapped to critical edges, i.e.,
edges that connect vertexes from different partitions. We use
0 as a parameter that defines a minimum acceptable number
of distributed transactions. The size of 6 depends on the total
number of distributed transactions, and we use 2% as the de-
fault value. Depending on the application’s requirements, the
user can change this parameter to relax the number of allowed
distributed transactions (increasing the number of acceptable
inter-partition edges) or restrict them. If we set the parameter
with 0, the system will always try to reduce the minimum
number of distributed transactions. If an unacceptable num-
ber of distributed transactions is detected, the system calls the
function partition MinimunCutGraph that tries to find a
new partitioning scheme that either respects Equation 1 and
Equation 2.

If Case 2 is not true, the test for Case 3 (lines 13 to 15)
verifies if exists some partitioning scheme in the system. No-
tice that if the system has just one partition, Case 1 and Case
2 are false because it is well-balanced and does not have
any distributed transactions since it is a single node. In gen-
eral, NewSQL systems are distributed and partitioned by
nature. Nevertheless, Case 3 is the worst case since we have
to create all the partitioning schemes from scratch. If the sys-
tem was not previously partitioned, we invoke the function
firstPartition that creates a partitioning scheme based on
the £ number of partitions.

At the end of Algorithm 2, we verify if the new partition
scheme G’ is different from the original partition scheme G.
If the G’ is different from the original, we recursively call
the partitioning function. This call is needed because Case
3 will probably generate a well-balanced partition scheme,
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but probably with a high number of distributed transactions
since we use a coarsening technique to reduce the size of the
graph (more details in Algorithm 5). Also, this recursive call
guarantees that Case 1 and Case 2 be respected.

As mentioned before, Case 1 occurs when the system is
unbalancing. In order to detect this problem, we maintain the
total number of accesses for each partition and periodically
test against Equation 1 (Algorithm 2). The algorithm for the
function partitioningUnbalancedGraph generates a new
partitioning scheme that balance the workload (Algorithm 3).
The main idea is to migrate tuples from the most overloaded
partitions to the underloaded ones.

Algorithm 3 initially gets the most underloaded and over-
loaded partitions (lines 2 and 3). It is possible that we have
the same workload for more than one partition (underloaded
or overloaded). In this case, we return the partition with the
smallest identifier. As on the previous algorithm, the aver-
age workload is obtained by dividing the total workload by
the number of partitions (line 4). We keep searching for hot
tuples in the overloaded partition and migrating them to the
underloaded partition until the overloaded partition respects
Equation 1 (line 5 to 7). In order to get the candidate tu-
ple for migration between the partitions, we use the function
mostProeminentTuple.

The function most ProeminentTuple gets a tuple (called
candidate) that is eaten the hottest vertex with the minimal de-
gree (minimal sum of vertexes weight edges). In some cases,
we explore the neighborhood of the vertex. On considering
our heat graph, this approach can lead to a minimal critical
edge. After a candidate is selected, we migrate the tuple to
the underloaded partition. In that migration process, we need
to consider migrating some of the neighborhood (adjacent
vertexes) of the candidate allocating the minimal edge in the
critical area (area between partitions). The exploration of
a vertex neighborhood is accomplished by using a factor of
hopes whose default value is 2, and the process considers that
the target partition will not be overloaded after the migration.
When the candidate (and eventually their neighborhood) is
migrated to the new partition, we re-evaluate Equation 1 and
migrate more vertexes until the equation is satisfied.

After the two partitions are well-balanced, the algorithm
tests if the unbalance of the system is solved (line 9 to 14).
As previously, we select the most overloaded and under-
loaded partitions, and apply the balance equation. If an unbal-
ance is detected, the algorithm calls recursively the function
partitionUnbalancedGraph. This process recursively runs
until no more unbalanced partitions are found.

The second case (Case 2) occurs when the system is well-
balanced, but we have a high number of distributed trans-
actions (Algorithm 2 at line 10). In order to minimize this
number, we analyze the critical edges. We select all the criti-
cal edges in a decreasing order by the weight. For each edge,
we analyze and create new partitioning schemes called candi-
dates. The candidates need to be valid for the Equations 1 and
2. The Algorithm 4 presents a pseudo-code for the function
partitioning MinimumCutGraph, which deals with Case
2.

The algorithm iterate over all the critical edges (lines 2 and
3) investigating if is possible to migrate one of the vertexes
in order to minimize the total weight of the critical edges. It
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selects the hottest edge (the bigger weight), stores it in ce’, and
tries two possibilities of migration: (7) migrate the origin of
ce’ to the partition of the target; and (if) migrate the target of
ce’ to the partition of the origin. For each of them, we analyze
the migration of the vertexes and their neighborhood in order
to find the minimal cut for the migration. The neighborhood
is explored by also considering a number of hopes, whose
default is 2. The exploration tries to get the minimum cut
(minimal edge weight) without disrespecting the Equation 1.

When the function explore Possibility finds a valid can-
didate, it returns the weight of the new critical edge. If no
candidate is available, the function returns —1. We execute
the function explorePossibility for each possibility (lines 5
and 6), and compare them to find out the best candidate. The
algorithm first checks if the two values are valid options, if
both are equal to —1, no valid option is available (lines 7 to
9). If at least one of the options is valid, then we test if the mi-
gration option of the target is valid and less than the origin. If
so, the migration is executed (line 12). Otherwise (line 13 to
19), the algorithm checks if the origin option is valid and mi-
grates it. The function explore Possibilities ReplicationG
(line 8), in turn, explores the possibility of replicating one or
more tuples if all other options are not possible. The main
idea is to analyze the replication of one of the tuples (and, if
necessary, its neighborhood) from the critical edge to reduce
the number of distributed transactions. In order to use the
replication option the new G’ need to satisfy both equations
(Equation 2 and Equation 1). This function is used as the
ultimate alternative since it increases the size of the database
by inserting a replica of a tuple (and its neighborhood) to
eliminate the critical edge.

Case 3 considers a system without partitioning, i.e., we
have only one partition. Notice that, in this case, the system is
well-balanced and does not exist any distributed transactions
since all sites have all the data (the system runs in a single
node mode). When the system has no partitions or just one,
we need to generate an initial partitioning scheme. When a
new partitioning is generated, it is submitted recursively to
the other cases. The Algorithm 5 shows the pseudo-code for
the function first Partitioning, which deals with this case.

Algorithm 5 first initializes the set of partitions. It creates
an initial graph with k partitions (line 2). The version of
our heat graph uses vertical partitioning, which leads to a
bigger graph since one tuple can be mapped to more than one
vertex. The size of the graph size affects the performance
of the algorithm since each vertex is explored to create the
partition scheme. Given this problem, we use a coarsening
technique to reduce the number of vertexes in the graph (line
3). The coarseningGraph function shrinks the graph by
combining vertexes linked by edges with no weight (vertexes
that represent the same tuple). In the following, we allocate
each of the hottest tuples in one partition (lines 4 to 7). When
a hot tuple is allocated, the function allocateVertex selects
the partition more suitable for the vertex and verifies each
edge of the vertex keeping hot edges in the same partition to
avoid distributed transactions.

After the first allocation of the hottest vertexes, each one
of the other vertexes is allocated to the correct partition. One
by one, the algorithm verifies, based on the edge weights,
which partition is the best option for allocating the vertex
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Algorithm 3 Partitioning Unbalanced Graph
1: procedure PartitioningUnbalanced(G (Heat Graph); S (Partition Scheme), & (Site Number))
underloaded Partition < mostUnloadedPartition(k)
overloadedPartition < mostOverloaded Partition (k)
avgWorkload < (G’ .totalLoads/G k)
while (G'.partition[underloaded Partition].load <= ((1 + «) * avgWorkload) do
n' + mostProeminentTuple(G’.partition|overloaded Partition))
realocateTuple(G’ .partition[underloaded Partition],n’)
end while
overloadedPartition <— mostOverloaded Partition(k)
underloadedPartition <— mostUnloadedPartition(k)
if (G'.partition|overloaded Partition].load > ((1 + «) * avgWorkload)) OR
. (G'.partition[underloaded Partition].load < ((1 — &) * avgWorkload)) then
G’ « partitionUnbalancedGraph(G')
end if
return G’ > G’ (new partitioning scheme)
15: end procedure

Rl e A A o

S
R e S

Algorithm 4 Partitioning Minimum Cut Graph
1: procedure PartitioningMinCut(G (heat graph); S (partitioning scheme), & (site number), /3 (acceptable depth search))

2: critical Edges < G.critical Edges

3 for ce’ € critical Edges) do

4: ce' + hottest Edge(citical Edges)

5: chargeTestOrigin + explorePossibility(ce’ .origin, ce’ target.partition)
6: chargeTestTarget + explorePossibility(ce’ .target, ce’ .origin.partition)
7: if chargeTestOrigin < 0 AND chargeTestTarget < 0 then

8: G’ + explorePossibilities ReplicationG return G’

9: end if

10: if chargeTestOrigin > chargeTestTarget AN D chargeTestTarget >= 0 then
11: G' < migrateTuple(ce' .target, ce’ .origin.partition)

12: else

13: if chargeTestOrigin >= 0 then

14: G« migrateTuple(ce’.origin, ce' target.partition)

15: else

16: G« g

17: end if

18: end if

19: end forreturn G’

20: end procedure
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Algorithm 5 First Partitioning

1: procedure DefaultPartitioning(G (heat graph); S (par-
titioning scheme), k (site number))

2: G’ «+ initialize Partitions(G, k)
3: G’ < coarseningGraph(G")

4: for partition’ € G’ do

5: t' < hottestTuple(G")

6: G’ + allocateVertex(G',t')
7: end for

8 for ¢’ € hottestTupleNotVisited(G') do
9: G’ « allocateVertex(G',t")
10: end for

11: G’ «+ uncoarseningGraph(g')
12: G’ + partitioning(G’)

return G’
13: end procedure

(lines 8 to 10). Like the previous ones, this process considers
the equations to keep the system well-balanced and with a
minimal number of distributed transactions at the same time.

In the following, the graph is uncoarsed to split the ver-
texes that were previously combined (line 11). This process
is time consuming since each vertex needs to be explored and
eventually split. After that, the algorithm calls the partition-
ing function recursively to submit the new data partitioning
scheme to the main process. Despite this worst performance,
this Case 3 algorithm does not represent a problem for our
approach, since it is not common, being called usually one
time.

5.5 Running Example

For sake of understanding, we perform a step by step of our
approach, and we compare our resulting partitioning scheme
with the optimal solution. For the optimal solution, however,
it is not possible to show a step by step since the solver ex-
plores the graph using a traversing technique to validate all
possibilities and raise one of the optimal partitioning schemes.

Figure 8 shows a heat graph for an initial workload for the
IMDb database. The workload is very basic, i.e., the graph is
limited to one transaction for each tuple. As described previ-
ously, each vertex of the graph represents one accessed tuple,
and edges connect two vertexes that are accessed together.
Each edge has a weight that represents the number of times
that the two vertexes are accessed simultaneously, and edges
with no weight (0) represent the same tuple accessed with
a different projection. In order to simplify the process, we
run the algorithms with two partitions (k = 2) and o = 20%
(acceptable unbalance).

On considering our Algorithm 2, the first test is the ver-
ification of the workload balance of the system, since we
consider the number of partitions of the system (1, as the
system was not previously partitioned), and divide the total
workload (12, the sum of the weight/heat of all vertexes -
see Figure 8). The balancing equation returns a perfectly
balanced system, as a system with just one partition is well-
balanced. In the following, our algorithm tests the number of
distributed transactions. As in the previous situation, since
the system has only one partition, no distributed transactions
are detected. Then, the Algorithm verifies if the partitioning
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scheme fits Case 3 (Algorithm 5).

Since the graph was not previously partitioned, the first task
is the coarsening of the graph. The coarsening process reduces
the number of vertexes of the graph by combining vertexes of
the same accessed tuple connected through edges with weight
0. It generates a single vertex for the tuple with the sum of the
heat of the previous vertexes. Figure 9(A) shows the coarsen
graph for the graph shown in Figure 8. For example, the
original graph has a vertex < 5, movies, [d], 1 > connected
to < 5, movies, [y, n],1 > by an edge with weight 0. After
the coarsening process, these two vertexes are combined into
anew one < 5, movies, [d,y,n],2 >.

From this compact version of the graph, our approach starts
the vertexes exploration to create a new partition scheme.
Two partitions are created, considering & = 2. At this
point, we put the hottest tuples in different partitions. In
our example, all the vertexes have the same weight (2).
So, we pick up the first k vertexes (by their identifiers)
(< 1,movies, [d,y,n],2 > and < 2, movies, [d,y,n|,2 >)
and allocate them in different partitions. These vertexes will
be the basis for expanding the partitions.

One-by-one, the rest of the vertexes are explored and allo-
cated to the partitions. A vertex v; is considered a potential
vertex to migrate to a partition p; if p; has more vertexes
accessed together with v;, considering that this migration will
not overload the partition. Figure 9(B) shows the result of this
step of our algorithm. Notice that the system is well-balanced
and has four distributed transactions.

Next, we undo the coarsening process to expand the graph
back to the full version without affecting the partitions. At this
point, we call again our main Algorithm passing as a parame-
ter the new partitioning scheme. As the process was executed
over a compressed version of the graph, we probably gener-
ate a partitioning scheme with workload balance problems
and/or distributed transactions that can need to be eliminated
considering the complete heat graph. So, the process must go
on.

Figure 10(A) shows the graph after the uncoarsening pro-
cess. It is the input for a new call of our partitioning algorithm.
We then repeat the process of analyzing the three cases. First,
the algorithm verifies the graph workload balance. As the
graph has two partitions, each one with a workload of 6, the
graph is well-balanced. Next, we test the critical edges.

Critical edges are analyzed one by one by exploring differ-
ent migrations in order to minimize the number of distributed
transactions. This is the responsibility of Algorithm 4. A
critical edge is an edge € that has e.weigth > 0 and connects
two vertexes from different partitions. In order to analyze
the critical edges, we sort them all by their weight, and each
edge is analyzed once. Giving the hottest edge, we consider
two possibilities: () to migrate the origin vertex to the tar-
get partition; (i7) to migrate the target vertex to the origin
partition.

When our algorithm tests the migration of a vertex v; to
another partition, it analyzes the neighborhood of v; to find
the best cut. For example, when migrating v; to another parti-
tion, we can eliminate a critical edge and create a new one if
v; is connected to another vertex with a hot edge that is now
placed between partitions. In order to overcome this problem,
we analyze the neighborhood of v; evaluating the best cut.
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Figure 8. Initial heat graph for the IMDb workload

6,movies, [d, y,n], 2
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(<5.movies, [dy.n], 2>

®)

Figure 9. Coarsen Graph IMDb workload

The purpose here is to minimize the total weight of the critical
edges. However, this process can lead to performance prob-
lems since many possibilities may be explored. In order to
solve this issue, our algorithm is limited to /3 hops (the default
is two), which limits the number of possibilities. After the
algorithm explores the two migration options, it compares
if the two options are valid. An option is valid if it respects
Equation 1, and the new critical edge is less than the original.

We then select the best migration option, i.e., the one with
minimal weight, and migrates the vertex, as well as its neigh-
borhood, if necessary. Given the graph of Figure 10(A), the
first analyzed edge is the connection between the vertexes
< 5, movies, [y,n],1 > and < 2, movies, [y,n],1 > with
weight 1. If we migrate the vertex < 2, movies, [y, n], 1 > to
the other partition, the graph remains balanced (considering
the unbalance factor «), but we still have one critical edge
with the same weight. If we expand this option to the neigh-
borhood of the vertex, we would have to migrate also the ver-
texes < 2, movies, [y,n],1 > and < 3, movies, [y, n], 1 >.
It would eliminate the critical edge, but would generate an
unbalanced graph (larger than «). The second option is to
migrate the vertex < 5, movies, [y, n], 1 > to the other parti-
tion, which reduces the critical edges. This is chosen option.

The second critical edge to be analyzed is the one that
connects the vertexes < 4,movies,[y,n],1 > and <
6, movies, [y,n], 1 > with weight 1, since the edge between
< 5,movies, [y,n],1 > and < 3, movies, [y,n],1 > was
solved with the previous migration. After analyzing the pos-
sible options, the algorithm decides to migrate the vertex
< 6, movies, [y,n],1 >. Figure 10(B) shows the result of
the partitioning process.

Other partitioning options could be explored, and the re-
sults depend on the first partitioning scheme. On considering
the optimal solution (Section 5.1), Figure 11 shows the gen-
erated partitioning scheme. Notice that the optimal solution
has a better partition scheme, without distributed transactions,
and our solution, instead, has only one. The difference be-
tween the approaches is the execution time. The optimal
solution finds the best partitioning scheme exploring all the
possibilities of the graph. Our solution is based on a more
efficient algorithm that generates a partitioning scheme in
less time. This trade-off between quality and execution time
is discussed in the literature [Bulug et al., 2016].

6 Experimental Evaluation

This section describes two experiments that evaluate the qual-
ity of our partitioning strategy. We compare ourselves with
the partitions generated by the solver (optimal solution) and
Clay (a state-of-the-art approach), considering different graph
sizes. The graph partitioning problem does not have one
possible solution. So, in order to compare two partitioning
schemes, we evaluate the number of distributed transactions.

We use the IMDDb data model and generate random queries
over the schema. The queries have different filters and pro-
jections, and some of them use the join operation. Based on
the execution of each operation over the data, we collect the
heat graph and execute each one of the methods.

Since we focus on the graph quality, we previously collect
and store a graph, and use it as input for each solution. Clay
collects the graph in execution time, but we do not work this
way. We just consider the Clay algorithm to generate the



An Autonomous Hybrid Data Partitioning Approach for NewSQL DBs

Schreiner et al. 2026

()

(8)

Figure 10. Graph after the execution of Case 3

<0>
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Figure 11. Partitioning scheme for the optimal solution

partitions.

We do not compare the different approaches in terms of
execution time since the optimal solution explores the graph
traversal for all the possibilities. This method is efficient to
find out the best partitioning scheme, but it is inefficient in
terms of time execution. So, we could not effectively test
massive graphs in the comparison with the optimal solution,
limiting the experiments to 100 vertexes (971 transactions),
which take seven days to create the partitioning scheme.

6.1 Experiment One

Our first experiment compares the optimal solution with
our approach and Clay. It consists of different graph
sizes. For each size, we execute the three methods and
compare the number of distributed transactions. Our
graph represents the transactions executed over the IMDb
DB. It holds seven tables (name_basics, title ratings,
title_principals, title_episode, title crew, title_basics,
title_akas) and the executed transactions are a mix of queries
that combines different tables with join operations, as well as
random filters and projections. The graph has three different
sizes: (i) 15 vertexes and 53 edges; (if) 50 vertexes and 551
edges; and (iii) 100 vertexes and 974 edges.

Figure 12 shows the results of the experiment. The graph
combines the percentage of the distributed transactions with
the total number of transactions. Each line of the graph repre-
sents one approach: (7) the optimal solution; (i7) our approach
using « = 20%; (iii) the Clay approach, and; (iv) the per-
centage of distributed transactions without the use of any
partitioning algorithm (original).

According to Figure 12, the percentage of distributed trans-
actions of the original partition scheme without using a proper

== Optimal Solution == Our Approach Clay == Original
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Figure 12. Partitioning scheme vs. Optimal solution

graph partitioning approach is around 40%. For the first size
of the graph (53 edges), the number of distributed transac-
tions variate from 28% for the Clay approach to 9% for the
optimal solution. The dimension of the graph causes this
variation and a high number of distributed transactions. With
a reduced number of transactions, the algorithms have fewer
options for reorganizing the data. We also notice that, as the
size of the graph increases, less distributed transactions are
detected since we decrease the probability of two tuples be
used by the same transaction in the same way. The figure also
shows that our approach is closer to the optimum (optimal
solution) than Clay. The main reason is the graph itself. Our
graph is bigger than the Clay graph as we consider hybrid
data partitioning. This extended graph allows our approach to
partition the graph in a more fine-grained way, which position
different tuple projections in distinct partitions.

6.2 Experiment Two

Our second experiment considers the Voter benchmark. As
previously stated, we collected the workload graph and use
them as input for each method. The Voter is a benchmark
based on the software used by a television talent show aired
in Japan and Canada. Users call to vote for their favorite
candidate. Upon receiving a call, the application invokes the
transaction that updates the total number of votes of each
participant. Votes cast by each user are stored in a DB and
have a configurable upper limit. A separate transaction is
periodically invoked to compute the total number of votes
during the program.

This benchmark was developed to saturate the DB with
small transactions updating a small number of records. The
Voter DB is composed of three tables that hold data about
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the candidates and the calling user. In addition, there are two
views that are queried to update the status of the television
program. As in the previous experiment, we compare the
percentual of distributed transactions. The size of the graph
variates from 5000 to 10000 edges. Giving the size of the
graphs, it is impossible to run the solver as it would spend too
much time to generate the optimal solution. So, we compare
our approach only against Clay. Figure 13 shows the result
of the experiment.

== OurApproach == Clay Original
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Figure 13. Comparison of distributed transactions using the Voter bench-
mark

The result shows that our approach generates a better par-
titioning quality if compared to Clay. As discussed before,
the main reason is that our heat graph considers a hybrid data
partitioning strategy that decreases the number of distributed
transactions. As in the previous experiment, as the graph size
increases the percentage of distributed transactions decreases.
For all the observed graph sizes our approach got, on average,
2% less distributed transactions than Clay.

6.3 Results Discussion

The experiments conducted in this work demonstrate the ef-
fectiveness of our partitioning strategy when compared to
both the optimal solution and the state-of-the-art Clay algo-
rithm. In both scenarios (IMDb and Votter), our approach
consistently produces partitioning schemes that result in a
lower percentage of distributed transactions.

In the first experiment, which includes a comparison with
the optimal solution, we observe that our strategy achieves
results that are closer to the optimal than those produced by
Clay. Clay reduces the percentage of distributed transactions
to 28% in smaller graphs, while our approach brings it down
to approximately 14%, approaching the 9% achieved by the
optimal solution. As the graph size increases, the propor-
tion of distributed transactions naturally decreases, which
reflects the increased diversity in transaction access patterns
and reduced overlap between tuples.

A key reason for the improved performance of our approach
is its reliance on the heat graph. The capability of using the
hybrid data partitioning allows a more fine-grained structure
to reorganize the data. This advantage becomes more evident
in larger and more complex workloads.

The second experiment shows that the average improve-
ment of around 2% fewer distributed transactions demon-
strates the scalability of our technique under high-throughput,
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transactional workloads, such as those modeled in the Voter
benchmark.

Overall, the results validate the effectiveness of our ap-
proach in reducing distributed transactions, which is a critical
factor in improving performance and scalability in distributed
database systems.

Although it is important to note that the optimal solution
does not apply to real scenarios, as it explores all the alter-
natives of the partition to find the optimal one. In contrast,
the proposed heuristic solution is more lightweight and uses
the number of hops to optimize the process of exploring new
partition schemes. The heuristic solution does not explore the
entire graph. However, it analyzes critical edges (distributed
transactions) and, for each critical edge, explores a reorga-
nization based on the neighborhoods of the node, limited by
the number of hops (the distance between the node of the
critical edge and its neighborhood, measured in terms of the
number of edges). As we increase the number of hops, we
explore more partition schemes but also increase the execu-
tion time. We use two as the standard number of hops based
on empirical tests.

7 Conclusion

This paper presents a novel approach for data partitioning
in the context of NewSQL DBs. It is based on an extended
heat graph that represents the distributed DB transactions, as
well as a hybrid partitioning strategy. This strategy consid-
ers two objective functions that partition the graph keeping
well-balanced graph partitions (local transactions equally dis-
tributed) and minimizing inter-partition edges (distributed
transactions).

We also present an optimal solution for the data partitioning
using a solver to generate the optimal data partitioning for the
objective functions. The solver solution is used as a baseline
to show how close our approach is to the optimal situation.
We also detail the high-level algorithms of our approach and
provides a case study to illustrate their execution.

Additionally, we execute a set of experiments to evaluate
the quality of our partitioning schemes. Besides the baseline,
we also compare our results against the Clay state-of-the-art
approach. The experiments show that our approach got a
better partitioning, generating less distributed transactions.
As the optimal solution explores all the possibilities of tuple
migration to find an optimal scheme, its time consumption
is prohibitive for massive graphs. So, we propose another
experiment considering more massive graphs to compare only
against Clay. Our results also outperform Clay, revealing that
our approach is promising and confirming our hypothesis.

Future works include the evaluation of our approach con-
sidering other benchmarks and more extensive tests. Explore
the partition technique in HTAP workloads. We also intend
to evaluate our partitioning strategy in terms of latency and
throughput for storing data in the Hybrid-VoltDB [Schreiner
et al.,2019]. Also, we intend to utilize the algorithm with
live migration implemented within the new SQL system.
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