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Abstract: This paper addresses the problem of optimal online scheduling of data transfers among the levels of multi-tiered persistent storage
systems. The paper describes the new algorithms for the optimization of data transfers and shows the important role played by multi-tiered
persistent storage when processing large volumes of data. A notation of Extended Petri Nets (EPN) proposed in the paper is used to represent the
data flows between the storage tiers. EPNs are also used to create efficient data transfer plans by integrating multiple queries. The paper presents
new ways of online query processing with real-time constraints and shows the benefits of optimized serial data transfer plans. We conduct the
evaluations of online scheduling algorithms in a simulated environment of multi-tiered persistent storage. The method was tested in a simulation
that mimics real storage devices like hard disk drives (HDD), solid-state drives (SSD), and non-volatile memory (NVMe) drives, based on their
usual read and write speeds. We performed extensive experiments on different storage setups, from single-tier to four-tier systems, using a variety
of sample queries. The results showed that we achieved better online scheduling for data transfers in multi-tier storage systems.
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1. Introduction

The increasing amounts of operational and analytical data
processing in modern database systems create the demand for higher
capacity and faster persistent storage devices.

Because of financial constraints, many organizations cannot
replace all their persistent storage devices at once. A commonly used
phased approach results in a mixed storage environment that consists of
various persistent storage devices with different speeds and capacities.

A multi-tiered storage (MTS) [1] logical model can address the
challenges faced by data processing applications that work with many
different persistent storage devices. The MTS logical model integrates
different layers of persistent storage, including non-volatile memory
(NVMe), solid-state drives (SSD), hard disk drives (HDD), and
magnetic tape drives (MTD) [2]. Each tier (level) in MTS has distinct
capacities and performance characteristics. Usually, the lower tiers
consist of slower persistent storage devices than the higher tiers.

A very similar problem of logical integration of various persistent
storage devices occurs in Cloud systems [3]. Typically, Cloud systems
offer large volumes of data at different speeds and prices. The existence
of data at the various storage devices adds one more dimension to
the optimization of data processing. Like before, well-planned data
transfers between the tiers of persistent storage are essential for
improving efficiency while balancing expenses.

This work focuses on the optimization of data transfer scheduling
within MTS. The goal is to develop a more efficient data transfer
scheduler that can adapt to changing conditions.

The paper is organized as follows. Section 2 reviews the literature
on query processing, MTS, and Petri Nets. Next, Section 3 defines a
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logical model of MTS and shows its impact on the efficiency of data
processing. Section 4 defines a new Extended Petri Nets (EPNs) model
for data flow management within MTS. Section 5 shows how the online
serial data transfer plans can be optimized with EPNs. Finally, Section 6
summarizes key findings and suggests future research directions for
online scheduling of data transfers in MTS.

2. Previous Works

The MTS model organizes data on different storage devices,
which are of different types and performance levels [4]. Its organization
depends on how business-critical the data is and how often the data will
need to be accessed. One of the main goals of this model is to minimize
total storage costs while enhancing the performance and availability
of critical applications. Therefore, more and more organizations are
adopting the logical management of persistent storage provided by MTS
in order to manage large operation databases and historical data better.

Recent advances in machine learning (ML) present significant
opportunities to improve data storage management, especially in
systems with multiple storage levels. Researchers and industry
professionals are exploring how to use ML to enhance data management
practices. One key development is using reinforcement learning (RL)
for organizing data in storage systems [5]. RL helps decide where to
store data based on how often it is accessed and used. This approach
improves performance and makes better use of resources, which can
lower the costs of data storage.

The work by Shi et al. [6] is based on the multi-tier hybrid storage
(MTHS) model . MTHS integrates SSDs, hybrid drives, and traditional
hard disks to create the MTS system that utilizes the speed of SSDs
while managing the costs. The objective of this work is to reduce
random access latency without adaptation to the dynamic workload
changes. Additionally, researchers are using ML to predict how people
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will access data in the future. By looking at past usage patterns, these
models can identify which data sets are likely to be used next. This
allows for better planning of data movement and storage. As a result,
response times can improve, making the user experience better overall.

A number of earlier published research papers addressed the
importance of cloud computing and data analytics. For instance, the
importance of efficient storage for the large volume of data created
by cloud analytics was discussed in the works of Wang et al. [7] and
Sivarajah et al. [8]. The tiered storage system adapts resources based
on data characteristics and allocates them through various scheduling
methods [9, 10]. Furthermore, the combination of big data analytics
and artificial intelligence (Al) technologies offers a great opportunity to
create scheduling models that adapt to changing workloads [11].

Yang et al. [12] and Lv and Huang [13] overview challenges
in storage systems given the emerging SSD and NVMe technologies
together with the creation of automatic data placement managers.

Moreover, classical scheduling methods like Shortest Job First
(SJF) and Dynamic Priority Scheduling have been commonly used to
improve response time and throughput in CPU and task scheduling
[14]. However, these methods don’t specifically tackle the challenges
of latency and throughput variations in MTS systems. As a result,
recent research has shifted toward more adaptive and storage-focused
approaches. Noon et al. [15] have explored rule-based scheduling
techniques based on Petri Nets for scheduling parallel data transfers in
multi-tiered persistent storage, illustrating how formal models can help
manage and generate efficient data transfer plans.

In summary, there is an increasing need for high-capacity and fast
storage solutions that can handle evolving data processing tasks [16] in
environments where the demands for persistent storage grow [17] and
data is distributed across various devices with different capacities [18].
Such a situation led to the development of a logical model of multi-
tiered persistent storage.

3. Multi-tiered Storage

In the recent years, the strong trends to search for information
for effective management of business organizations significantly
contributed to the increased amounts of data accrued by the
organizations. It contributed to the increasing demand for storage
devices of greater capacity and faster processing speeds to efficiently
manage a huge amount of data.

Due to the financial limitations, most of the organizations still
use a mix of traditional and modern storage solutions for economic
reasons. Also, the growing need to outsource data storage and
management to the Cloud has equally motivated vendors to provide
a set of persistent storage solutions. Synthesizing on-premises storage
with cloud storage is critical for data usability across locations.
Organizations would also like to allocate data effectively through the
use of various persistent storage devices to maximize the time and
expense of processing. Thus, managing diverse storage solutions and
optimizing data processing in such a scenario became important issues
in modern data management.

3.1. Logical and physical models

MTS systems consist of different types of storage devices in
order to balance the costs and performance of data processing. MTS
has a tiered (multi-level) structure where each tier has a given capacity
and performance parameters. It contributes to a pyramid-like structure
visualized in Figure 1.

Atthe top of the storage pyramid, the upper tiers offer faster access
times and higher performance but have lower capacities. In contrast, the
lower tiers have slower access times and reduced performance, but they
make up for it with much larger capacities than the higher tiers.

Figure 1
Multi-tiered storage

Tier 3

3.1.1. Logical model of multi-tiered storage

MTS is a sequence of storage tiers </, ..., [ >, where the lowest,
base, or backup tier is /; and the highest tier is / . The tiers are arranged
in ascending order of data access speed. Tier /, data access speed is the
lowest and tier / is the highest.

Each tier , i = 0...n, is described by a quadruple <r, w, s, u,>,
where 7, is the read speed per data block, w, is the write speed per data
block, s, is the total available storage, and u, is the total used storage at
tier /.

Each tier in MTS is a collection of persistent storage devices that
have the same data access speed parameters. Persistent storage devices
may include NVMe, SSD, and HDD technologies. Distributing data
across many devices at the same tier can speed up overall data access
through parallelization.

3.1.2. Physical model of multi-tiered storage

In MTS, each tier /, for i = 0...n is implemented as a collection
of persistent storage devices, denoted as D,= {d,, ..., d }. Each device
dj € D, for j = 1...m is described by a quadruple <r,w,s,u>, where
r, represents the read speed of device dj, w, represents its write speed,
s, represents the available storage, and u, represents the currently used
storage at device d,. All devices in a tier have the same read/write speed.
Therefore, 7 =...=r andw =...=w .

3.2. Optimal data flow in MTS

In the MTS system, data is moved from one tier to another to
enable the efficient storage transfers. Data can be moved from lower
tiers to higher tiers for increasing the speed of read/write operations.

In a pipelined data processing model, the outputs of one operation
become the inputs of the next operation in a pipeline. Transient memory
is used as a buffer for the data transfers between tiers. Data read from
permanent storage in a tier are temporarily stored in transient memory
and, then, written from transient memory to another tier. Data can be
transferred concurrently or sequentially with no concurrent access to
the same storage device.

Transfer scheduling of data between devices is crucial because
not all data can be stored in the topmost levels. Scheduling maximizes
performance, efficiency, and usability by managing workload during
transfers.

Moving data to higher levels speeds up future access to the same
data. Efficient scheduling of data transfer between the levels minimizes
idle time and enhances processing speed.

3.3. Enhanced efficiency with higher tiers

This part shows the performance gains from moving data to
higher levels of MTS.
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This part describes a system design where MTS is applied in
data processing and shows how the duration for reading and writing
data affects the total processing time. It also emphasizes the benefit of
putting data into higher tiers to ensure maximum operations.

Let an operation v; attempts to write a total of 7, data blocks and
the next operation in a pipeline, v, tries to read the same data. Let [, is
a lower tier and I, is a higher tier. The writing time for an operation v;
to a tier I, is calculated as follows:

Tw(v;) = 7*w, )]

Here, Tw(v;) represents the total writing time for v;, 7; is the
total number of data blocks written to a tier [, and w, characterises the
writing speed for tier [,.

The writing time for an operation v; to a tier I, is calculated as
follows:

Tw(v;)' = mi*w, 2

Here, Tw(v;)’ represents the total writing time for v;, 7; is the
total number of data blocks written to a tier y, and w,, characterises the
writing speed for tier [,,.

The reading time T'r(v;) for an operation v; for reading from tier
l» can be calculated as:

Tr(v;) = 7%y 3)

In Equation (3), Tr(v;) denotes the total reading time for v;, T;
corresponds to the total number of data blocks read from tier [,,, and r,,
represents the reading speed for tier I,.

The reading time Tr(v;)’ for an operation v; for reading from tier
l, can be calculated as:

Tr(v;) = 7i*r, 4)

In Equation (4), Tr(v;)" denotes the total reading time for wv;,
where 7; is the total number of data blocks read from tier [,,, and r, is
the reading speed for tier y.

Subsequently, Tw(v;), Tw(v;)', Tr(v;), and Tr(v;)" are used to
calculate the benefit of the operation v; when writing data to a higher
tier, utilizing Equation (5). The total benefit of an operation v; when
writing, the output result on higher tiers is calculated as:

B(vi) = [Tw(vi) - Tw(vi)/} + [Tr(vj) - Tr(vj)’] ®)

When B(v;) yields a positive value, it is advisable to write the
data to the highest tier available. This strategic choice ensures a swifter
processing time, which, in turn, is ideal for optimizing the execution
of complex tasks or managing substantial data volumes. If 8(v;) equals
zero or it is close to zero, then it implies that the result can be efficiently
written on the same tier from which the operation v; reads the data.

However, in the cases where B(v;) is negative, the operation
should ideally wait for a higher tier to become available. This proactive
approach enhances the efficiency of data processing.

3.3.1. Example

In this example, we consider two tiers /, = (8, 10) and /, = (5, 6).
An operation v, writes the total number of data blocks z, = 30 to a tier
and an operation v reads those data blocks.

Case 1: an operation v, writes 7, data blocks to tier /. Therefore,
an operation v, reads the data from the same tier.

1) From Equation (1), we have T(v) = (30 * 10) = 300.
2) From Equation (3), we have Tr(vj) = (30 * 8) =240.

Case 2: an operation v, writes 7_data blocks to tier /,. Therefore,
an operation v, reads the data from the same tier.

1) From Equation (2), we have Tw(v)' = (30 * 6) = 180.
2) From Equation (4), we have Tr(vj)' =(30*5)=150.

Finally, by using Equation (5), the benefit of an operation v, is
A(v) = [300 — 240] + [180 — 150] = 90.

4. Petri Nets

In this section, we review a graphical notation of Petri Nets, and
we define a notation of EPN for the representation of parallel query
processing plans.

A Petri Net (PN) is a binary-directed graph that consists of two sets
of vertices, places, and transitions connected with arcs [19-21]. Tokens
are located at places. Places represent the distinct states or conditions
within a system and are visualized as circles. Each place can hold zero
or more tokens. Transitions represent events or activities that change the
system’s state and are typically represented as vertical bars. Arcs link
places and transitions in a way that indicates the flow of tokens between
them. Tokens represent data traversing the system in accordance with
a given data processing plan, either moving from place to transition or
vice versa. Tokens are represented as bold dots (*) in a Petri Net.

Interpretation of Petri Net is based on a fundamental principle:
tokens can be transferred from a place to a transition. Then, for a
transition to activate (fire), it must possess the required number of
tokens within its input places. The arcs linking places to transitions
are assigned numerical values, denoting the number of tokens required
from the input places. For example, an arc marked with a ‘2’ signifies
the necessity of two tokens from the input place for the transition to
activate (fire). Upon firing, a transition consumes tokens from its input
places and generates tokens in each associated output place. Similarly,
the arcs connecting transitions to output places are labeled with
numbers, indicating the number of tokens generated and placed into the
connected output places upon the transition’s activation. However, if a
place lacks tokens, the transition remains inactive until sufficient tokens
accumulate in the input places to initiate it.

When an edge leads from a place to a transition, then the place is
an input. When an edge leads from a transition to a place, then the place
is considered the output of the transition.

1) Definition (Petri Net)

A PN is a graph of quadruple (B, V, E, W), where B={b, ...,
b} is a set of places represented by circles, V' ={v, ..., v } is a set
of transitions represented by bars, £ is a set of arcs or edges that link
the places and transitions, and W is a weight function W:E — N'. F
is denoted as {e, ..., e }, where £ < (B x V) U (V * B). Tokens (-) are
entities located at each place.

2) Example

According to Figure 2, let the Petri Net be PN = (B, V, E), where
B=1b,b, b}, V={v}, and E = {e, e, e,}. In Figure 2, places b,
and b, are input places for transition v,, while b, is the output place.
Figure 2(a) shows that the transition v, requires one token from b,
and two tokens from b, to be fired. Conversely, the right-hand side of
Figure 2(b) shows that the transition v, consumes input tokens from b,
and b,, and generates two output tokens for b,.

Figure 2
Example of transition firing in a Petri net: (a) before firing v1;
(b) after firing v
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4.1. Extended Petri Nets

We extend Petri Nets with the annotations and with the more
precise semantics (interpretation) directly related to the synchronization
of parallel data transfers. An EPN is a directed, weighted, bipartite,
and acyclic graph that consists of two sets of vertices: data containers
(B) and operations (V). A data container is either an input or output
container for operations. The output data container stores the results
created by an operation.

A single EPN represents many of the different ways in which data
can be processed in parallel. As a simple example, consider the EPN
given in Figure 3. All input tokens are available for both operations
v1 and v and because of that vy can be processed in parallel with v;.
When all input tokens are available in bs, then an operation vs can start
processing. Then, it is possible that v; can simultaneously process data
with vs. The number of tokens required to start processing an operation
is determined by an operation type. For example, a relational join
operation requires two input data containers. It can start only if at least
one token from each data container is available.

In the EPN for query processing graph, data containers located
on the left-hand side of an edge are input containers, whereas those on
the right-hand side are output containers that store intermediate results
of the operation. A set of operations, V, represents the operations in the
EPN, and an edge, e, connects B and /" and vice versa.

The implementation of data containers encompasses the creation
of multiple transferable data, which can be distributed across various
tiers for storage. These transferable data, referred to collectively as
data transfers, may reside within the same or different tiers. Each data
transfer can be assigned a token if it contains data ready for processing
by an operation within the EPN architecture. Upon completion of an
operation’s processing of input data from each data transfer, a token
is generated for the output data container. Consequently, each data
container may be associated with one or more tokens.

Operations begin processing data transfers when the data
transfers located in input data containers are associated with a required
number of tokens. Such constraints are determined by the numerical
range associated with the edge between the input container and the
operation. If an input data container is linked to multiple operations,
one or more operations may process a single data transfer. Once an
operation completes processing on a data transfer, that data transfer
with the token becomes immutable. Removal is only possible for a
data transfer associated with a token if all connected operations have
completed processing it.

When the processing of an operation is completed, it automatically
generates the tokens for each data transfer originating from its output
data containers. The total number of tokens generated depends on the
numerical range specified on the edge between the operation and the
output container. Moreover, only one token can be associated with a
single data transfer.

The size and the total number of input and output data
containers for each operation are estimated by a query optimizer from
the histograms stored in a data dictionary of the database system.

Database systems utilize histograms, constructed on certain columns or
combinations thereof to estimate the size of output data created by each
operation in EPN.

4.1.1. Definition (Extended Petri Net)

An Extended Petri Net is quadruple ¢ = (B, V, E, W), where B and
V are disjoint sets of data containers and operations, ¢ € (B * V) U (V' *
B) is a set of ares that connect the data containers and operations, and W
is a weight function that attaches the weights to the arcs. The meanings
of B, V, E, and W are the following.

1) B is a set of data containers denoted as B = {b, ..., b }. A data
container b, € B (i=1 ... n) is associated with a set of data transfers
{0 ..,0,}.

2) A data transfer ¢ is a quadruple <qg, l.d,t, > where g, is a query
that initiates the data transfer, /.d, represents a device d, located in
tier /, 7, signifies the amount of data that will be transferred to/from
the related device /.d,, and t is either a token (-) or null ().

3) An operation v € Vis a pair of sets <{b,, ..., b }, {b .., ..., b }>.b,,
..., b are the input data containers,and b , , ..., b, are the output data
containers used by an operation v.

4) An edge e € E is either a pair <b, v>, where b is an input data
container of the operation v, or a pair <v, >, where b is an output
data container of the operation v.

5) A weight function : E— N*.

a) VY e € E, W(e)=x where x € N,

b) If e = (b, v), then an operation v can start reading data transfers
when at least IW(e) data transfers are available, i.e. have a token (*).

¢) On the other hand, if e = (v, b), then an operation v writes #(e)
data transfers to a container b.

4.1.2. Example

As a simple example, consider EPN ¢ = (B, V, E, W) given in
Figure 3. A set B consists of five data containers {b, b,, b,, b,, b}.
Three data transfers {(¢,/,.d,,7,,"), (q,,!,.4,,7,,"), (q,,1,.d,,7,,")} are
required to read all data from a container b,. All data transfers in
b, are marked as available now by a token (*). Three data transfers
{(q,,,d,7,), (q,,.d,t,"), (q,,,,d,7,€)} are required to write data
by an operation v, into a data container b,. The same data transfers are
required to read data by an operation v, from a data container b,. One
of the data transfers {(¢,,/,,d,,7,,¢)} is marked as unavailable now by
a missing token (¢).

An operation v, can read data transfers when at least 3 data
transfers in b, are marked with a token (-) because the weight value
W(e,) = 3.

An operation, v, performs three write data transfers into a data
container b,. This is because the weight value #(e,) is 3.

An operation v, can read data transfers when at least 2 data
transfers in b, are marked with a token (-), W(e,) = 2, and when at least
2 data transfers in b, are marked with a token (*), W(e,) = 2.

The remaining components of EPN given in Figure 3 have the
same meanings.

Figure 3
Example of Petri Net with tokens
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4.2. Creating and processing of EPN

An EPN is created in the final stages of query optimization when
a query optimizer estimates the amounts of data read and written by
the operations implementing the queries. The data transfers required to
access input data by a query are provided by an MTS manager. Then, a
query optimizer estimates the total amounts of data written and read by
each operation when a query is processed and sends such information
to the MTS manager. The manager allocates the storage and returns the
data transfers to a query optimizer. Information about the data transfers
and the maximum number of simultaneous data transfers for each
operation is used to create EPN.

At the beginning of query processing only the data transfers
required to read a database are marked by a token (-), like, for
example, data transfers in an EPN in Figure 3. All other data transfers
are marked by a missing token (¢). Whenever an operation completes
a write data transfer into a data container, then such transfer is re-
marked from (&) to (+).-Definition 4.2.1 determines the rules for the
processing of EPNs.

4.2.1. Definition (processing of EPN)
The rules governing the execution of data transfers by an
operation within the EPN framework are determined as follows:

1) An operation is eligible to execute a read data transfer under the
condition that the data transfer is marked by a token (-) and it is not
simultaneously accessed by another operation.

2) An operation can execute a write data transfer under the condition
that the data transfer is marked by a missing token (¢), and it is not
simultaneously accessed by another operation.

5. Scheduling on Online Data Transfer Processes

The conventional approach to data transfer planning, while
simple, is inefficient. It often leads to extended transfer times, especially
with large data volumes or multiple queries. Thus, there is a critical
need for improved strategies in developing data transfer plans.

This section outlines a proficient approach for transferring
data across multiple queries using a single process. This involves
retrieving data from persistent storage to a temporary memory or
vice versa. The development of a data transfer plan can be achieved
through various approaches based on the number of transfer
procedures available and the characteristics of the EPN and MTS. A
data transfer plan is a structured sequence of transfers assigned to a
data transfer process.

Assume that a stream of queries Q needs to be processed
according to a given plan. The algorithm operates on the most
up-to-date fragment of the stream visible as a window of size w.
Initially, the algorithm checks the number of queries in Q. If it exceeds
w, then it creates a query window of the first w queries. If there are
fewer queries, all are stored in the window, and after processing, all
are removed from Q.

A standard query optimizer transforms the queries in Q into
the query processing plans and later into the EPNs. Then all EPNs
are merged into a single EPN. The merging of EPNs is explained in
Section 5.1.

In the following step, the merged EPN is converted into a
sequence of data transfers A =< w; : §;,...,v, : §; >. The specifics of
such conversion are described in Sections 5.2, 5.3 and 5.4.

Inorderto enable the processing of new queries, the transformation
dynamically alters the incoming queries as data transfers that are
requested by old queries are being processed. The transformation
maintains a stream of new queries Q at all times. It re-computes the
processing plans, and it alters the data transfer sequence as required.

If a queue of queries Q is not empty, the algorithm selects up to w
queries, converts them into EPNs, and merges them into a single EPN.
Then, the new EPN is merged with the existing sequence data transfers
4, and the cycle repeats.

The entire procedure of online processing a stream of queries O
is shown in Algorithm 1.

Algorithm 1 Online data processing: serial execution

Input: A stream of queries @ =<q,, ..., q,,,...> and window size w.
Output: Keep updating the sequence of data transfers 4.

1. Create an empty data transfer plan 4 = <>.

2. Select at most first w number of queries from Q and save them into
a temporary set of queries temp,.

3. Remove selected queries from Q.

4. Use Algorithm 2 to generate a sequence of data transfers, data
transfer plan 4” for temp, .

5. Update A=A4+A4".

6. Iterate over the sequence of data transfers 4; let the current data
transfer be v; : d;.
6.1. If processing on v; : §; is completed, then remove it from 4.
6.2. If new queries are found or Q is not empty, then append new

queries into Q.

6.3. Return to step 2.

7. If 4 is empty, continuously monitor incoming queries until they
are detected.

8. If queries are detected, append them into Q and return to step 2.

Algorithm 1 processes a sequence of data transfers 4, and handles
tasks like removing certain data transfers. As a result, the algorithm has
a complexity of O(n), where n is the size of 4.

Algorithm 2 Generating a sequence of data transfers for the first few
queries from Q.

Input: A set of queries temp =<gq,, ..., q;>.

Output: Return a sequence data transfers 4°.

1. For each query from temp, create a set of EPN &= {e, ..., ¢, }.
2. Use Algorithm 3 to merge all EPNs from {toe= (B, V, E, W).

3. Use Algorithms 5, 6, 7 to generate a sequence of data transfers
A4’ from e.

4. Return the data transfer plan 4°.

Algorithm 2 involves iterating over a sequence of query temp to
create an EPN for each query. The primary loop runs n times, where n
is the number of elements in temp. Therefore, the complexity of this
algorithm is O(n).

5.1. Merging EPNs

This section explains how a set of EPNs generated from a set
of queries Q are merged into a single EPN. Merging of EPNs supports
merging of common input data containers to encourage the efficiency of
composite query processing.

Merging of EPNs recognizes the input data containers shared
by EPNs to eliminate redundancies and group sub-diagrams into
a shared structure for joining. Data containers read by different
EPNs are joined into a single one for subsequent combining of other
parts.

Algorithms 3 and 4 contain the description of this merging of
EPNSs.
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Algorithm 3 Merging EPNs
Input: A stream of queries @ =<gq,, ..., q,,,...> and window size w.
Output: Keep updating the sequence of data transfers 4.

1. If a set of EPNs has more than one EPN, then take the first two
EPNs &, £, and generate merged EPN £’ by using Algorithm 4.

2. Remove &, and &, from the set.

3. If the set is not empty, then iterate over the set and let the current
EPN be €,

3.1. Use Algorithm 4 to merge £ with £, and generate the
updated merged EPN £°.

3.2. Remove &, from the set.

4. Return the merged EPN £°.

Algorithm 3 utilizes conditional logic (using if-else statements)
based on an input stream of queries. However, it does not iterate over
or manipulate the list elements. Because the control flow consists only
of branching operations without loops or recursive calls, the complexity
of this algorithm is O(1).

Algorithm 4 Merging two EPNs

Input: Two EPN, €= (B, V, E, W) and &= (Bj, Vj, Ej, Wj).
Output: Merged EPN, &=(B, V, E, W).

1. From both EPNs &, and &, get all common input data containers

and put them into a set B, ={b,, ..., bj}.

SetB=Bi-B,, .

SetB=BUB,

SetV=V,uV,

Set E=E,VE,

Set W=W,U W,

Return merged £’ = (B, V, E, W).

temp

A R

Similar to Algorithm 3, Algorithm 4 consists entirely of a series
of if-else conditions. It does not rely on the size of any input and
does not involve iterative or recursive processing. Consequently, its
complexity is O(1).

5.1.1. Example

The example below will use three EPNs (€, &,, £,) displayed
in Figure 4(a). Where €= (B, V, E,, W), £,= (B,, V,, E,, W,), and
E,= (B, V,, E,, W,). First, Algorithm 3 takes € and £, and generates a
merged EPN, €& = (B, V, E, W), where B=1{b, b,,b,,b,}, V={v,v,},
E={e,e,e,e,e}, and W= {W(e), We,), W(e,), W(e,), W(e,)} by
using Algorithm 5. Repeat the procedure and generate a merged EPN,
as shown in Figure 4(b).

Figure 4
Example of Merging Three EPNs

(b)

5.2. Generating sequence of sets of operations

The present section explains how an integrated EPN & =
(B, V; E, W) is converted into a sequence of sets of operations
w= <{vi...,v;},...,{vg,...,vy} >.The details can be found in
Algorithm 5, which converts ¢ into a corresponding sequence of sets of
operations, also referred to as w.

In some cases, the operations within the EPN cannot be processed
simultaneously. This is why we need to establish the order of processing
for these operations. To find the best order, we calculate the profitability
of each operation, and we assume the highest profit to be the priority.
A “profit” is defined as the difference between the total amount of
persistent storage that is allocated and that which is released for each
operation from the temporary set. To estimate the profit for operation
v;, we use Equation (6).

The total amount of persistent storage released > 7, w; is
calculated by summing the weight values of the edges located on the
left side of the operation v;. The amount of persistent storage utilized in
the output data containers of operation v; is calculated as 3% (1) Wk

p(vi) = 35 Wi — Yl Wi (6)

If p(v;) is negative, then it means that the processing of the
operation v; does not contribute to any storage release. If p(v;) is
positive, then after its processing, some storage can be released. Profit
for root operations is always zero because root operations read data
from persistent storage that cannot be released.

Algorithm 5 Generate a sequence of sets of operations

Input: AnE=(B, V, E, W)

Output: A sequence of sets w =< {v;,...,Vj},...,{Vs,..., 0y} >.

1. Create a new empty sequence of sets called w = <>.

2. Finding all the root operations and adding them into a temporary
set of operations temp, ={vi, ..., v;}.

3. Finding operations which cannot be processed at the same time and
putinto the same group likefemp = {{vi, ..., vk}, ..., {vj, ..., vy}}.

4. If more than one set is found in temp , then, iterate over temp, and
let the current set of operations be {v;, ..., v}

4.1. Compute profit for all operations from the current.
4.2. Set the profit of root operations as zero because no temporary
storage is required to release for root operations.

4.3. Keep only one operation with the highest profit value and
move the rest from temp, to temp,.

5. Flatten temp, as a set of sets of operations to a set of operations.

6. Append temp, to w, and operations from zemp, are removed from
V.

7. lterate over femp, and let the current operation be v;.
7.1. Select all the operations reading from wv;’s output data
containers.

7.2. Append all selected operations into a temporary set of
operations temp,.

8. Update temp, = temp, and set temp, = {}.

9. Select all the operations from temp, where the operations violate
the processing order in EPN.

10. Move all selected operations from temp, to temp,.

11. If V'is not empty, go back to step 3.

12. Else return the resulting sequence of operations w =< {v;, ..., v;},
vy {Vgy Uy} >
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Initially, the algorithm starts from all root operations and
includes them in a temporary set of operations {v;, ..., v;}. Operations
that cannot be processed simultaneously are included in the same
set. It implies that operations accessing the same data container can
be grouped together. The same holds for the operations that write to
a shared data container. At the end of the first step, the temporary
set of operations is restructured into a set composed of sets of
operations.

Next, the algorithm eliminates from each set the operations with
minimal profits. It retains only the operation that calculates the highest
profit. Equation (6) is used to compute the profit of each operation. In
the next step, the algorithm finds the operation with the highest profit.
All remaining operations are eliminated from the temporary set. At the
end of the present step, the temporary set of operations is appended to
a sequence of sets w.

In the next steps, the Algorithm adds to the temporary set the
operations that retrieve data from the output data containers associated
with operations already present in w. Such process continues until
all high-level operations have been successfully integrated into the
sequence of sets w. At the end, the algorithm returns the sequence of
sets of operations w =< {v;, ..., v}, ..., {vg, ..., vy} >.

Algorithm 5, like Algorithm 3 and Algorithm 4, uses if-else
statements that run in constant time. Therefore, its complexity is O(1).

5.2.1. Example

The present example considers the merged EPN shown in
Figure 5. All weight values in the merged EPN are equal to 1 because
the EPN is related to serial processing only, i.e. one data transfer at a
time.

At the beginning, the algorithm creates a set temp = {v, v,, v,,
v,} that consists of all root operations. A set of operations, namely {v,
v,} and {v,, v,} cannot be executed simultaneously. It is because v, and
v, are reading from the same input data container b, and v, and v, are
writing to the same data container b,. Information about the operations
that cannot be processed simultaneously is used to transform the set
temp | into a set of sets of operations temp, = {{v,, v,}, {v,, v,} }.

Next, the algorithm iterates over the sets included in femp .Let
the current set be {v,, v,}. The algorithm calculates the profits p(v,) = 0
and p(v,) = 0. At this point, only one operation is retained, the updated

set becomes temp, = {{v,}, {v,, v,} }. The removed operation, v,, is then

moved to temp, = {v,}. This procedure is repeated for a set {v,, v,}.
After all iterations are completed, temp, = {{v }, {v,}} and temp, =
{vz, "4}~

Then, the algorithm flattens the set to form temp = {v , v,}. Next,
it appends temp, to o, resulting in @ = <{v,, v,}>. Then, the algorithm
processes the operations in temp,. Let the current operation be v,. It
reads v ’s output data container, b,, and adds the operation v, to temp,=
{v,, v, v;}. Such steps are repeated for the subsequent operation v,. At
the end of the iterations, temp,= {v,, v,, vy, v }.

The next step moves all operations from temp, to temp, creating
temp, = {v,, v,, v, v}. All further operations that create violations in
the order of processing in EPN are removed. Operation v, has to be
removed from zemp, because v, is not in w. So, v, can be processed only
after v,, v,, and v, are processed. That is why, v,, v,, and v, have to be @
before v, can be processed. This is repeated until all operations of the
merged EPN are included in @. Finally, the update = <{v,v.}, {v,, v,,

Vs 1V Vebs Vghs (vl

5.3. Generating sequence of operations

A sequence of operations generated by Algorithm 6 is created
by prioritizing the operations that release the larger amounts of storage
first. The operations that release the smaller amounts of storage are
appended later to the sequence. Processing of the operations that release
amounts of storage must be done first to earlier reuse such storage for
subsequent operations.

At the beginning, Algorithm 6 calculates the profit for each
operation in each set of operations within w, using Equation (6). Then
the calculated profits are used to organize the operations in descending
order of profitability and save them in a sequence y. We assume that
releasing larger volumes of faster storage earlier improves performance
later. Such process is repeated for each set of operations in w, the sets of
operations into a single sequence of sets of operations.

Algorithm 6 processes a sequence of set operations, denoted as
w, where each element in the sequence may represent a set of varying
sizes. For each set, the algorithm checks a condition, and if satisfied,
iterates over the elements of that set. In the worst-case scenario where
the condition is always met and each set contains m elements, the
algorithm performs O(n * m) operations, where n is the number of sets
in w.

Figure 5
Ilustration of merged EPN
€ m € v €4 m es v €s b
e U8 g 7 e ) S

{69, 810,611}
{815, 016, 617}

{63,804} {85, 86}

{821,022}

51 = (qp lo, d1; 100, ) 57 = (qz, lo, dz, 80, o)
83 = (qq, 15, d1,40,6) 89 = (q2,11,dy,100,0)
84 = (qu,12,d3, 20,¢)
85 = (q4,1,d;1,10,¢€)
8¢ = (q1,12,d4,10,¢€)

611 = (q2,11,d2,70,e)
812 = (q2,13,d4,60, €)

813 = (92, 13,d5,60,¢) 819 = (g2, 15, d3,40,¢)
8, = (qq, 13, d3,100,£) 8g = (92, lo,d3,120,) &, = (qy, 13, d;,40,€) 820 = (42,12, d3, 60,€)
815 = (2,13, dy,80,6) 021 = (42,13, d3, 150, ¢)
810 = (42,11, d3,130,0) 5, = (qs, 15, d,, 70, €)
817 = (42,15, d4,50,¢€)
818 = (42,15, dy, 100, )

822 = (92, 13,d4,50, ¢)




Journal of Data Science and Intelligent Systems Vol. 00

Iss. 00 2026

Algorithm 6 Generate a processing plan ).
Input: A sequence of sets of operations w from Algorithm 5
Output: A sequence of operations 9 =< v;,...,Vy >.
1. Initiate an empty sequence called @ = <>.
2. Iterate over w and let the current set be {vg, ..., vy}
2.1. Ifthe current set has more than one operation.

2.1.1. Tterate over the current set {v,,...,v,} and let the
current operation be v,,.

2.1.2. Compute the profit p(v,) by using Equation (4).

2.1.3. Arrange the descending order of operations in the
current set according to their profit value.

2.1.4. Append the operations to ).
2.2. Else append an operation from the current set into ).

3. Return the result ¢ =< v;,...,vy >.

5.3.1. Example

In this example, we consider a set sequence @ = <{v, v}, {v,,
Vi Vb 1V Vebs AV}, {vy}> taken from Example 5.2.1. Algorithm 6
iterates over the sets in w. Let the current set be {v, v,}. Since v, and
v, are root operations with zero profit. Both operations are appended to
W=<v,v.>.

In the second iteration, the current set {v,, v,, v,} includes more
than one operation. Algorithm 6 uses Equation (6) to compute the profit
of each operation. The results are p(v,) = 0, p(v,) = 0, and p(v,) = 40.
Then, the operations are arranged in a sequence <v,, v,, v,> on the
descending order of their profit values. The sequence is appended to
W= <v1, Vi Vo, Vs v4>.

In the third iteration, the current set is {v,, v,}. Algorithm 6
calculates the profit of each operation. The results are p(v,) = 100 and
p(v,) = 40. After sorting the operations in descending order by their
profits, a sequence of operations <v,, v> is appended to the sequence
W= <v1, Vi, Vo Vo Vs Vi v8>.

The fourth and fifth iterations do not compute profit because the
last two sets in @ are single-element sets. The operations are appended
to the sequence w = <v,, v,, v, v,, V,, V., V, V,, V>

5.4. Generating sequence of data transfers

In this section, we present Algorithm 7 that constructs a sequence
of data transfers 4 = <wv; :dj,...,v, : 6, >. Observe, that each data
transfer in 4 must be associated with the corresponding operation
as multiple operations can process on the same data transfer. The
Algorithm 7 is based on a sequence of operations ¢ =< v;,...,v; > and
EPN E=(B, V E, W).

In order to construct the sequence of data transfers 4, the
algorithm identifies the input and output data containers for each
operation in . It extracts data transfers from the input containers and
adds them to the transfer plan and repeats this process for the output
containers. The systematic applications to all operations in 1, guarantees
a full derivation of the sequence of data transfers. The result is the data
transfer plan 4 for a single EPN via a single data transfer process.

Algorithm 7 executes a straightforward iteration over a sequence
of operations represented by tp. Therefore, the complexity of this
algorithm is O(n), where n is the number of operations in the input
sequence.

5.4.1. Example

The present example uses a sequence of operations y = <v,, v,,
Vs Vs Vs Vay Vs Vo Vo™ created in Example 5.3.1 and the EPN from
Figure 5.

Algorithm 7 Generating sequence of data transfer plan 4

Input: A sequence of operations ) from Algorithm 6, and a merged

E=(B,V, E, W) from Algorithm 3.

Output: A data transfer plan 4 = < vy : 85,...,v;: 5y >.

1. Initialize an empty sequence for the data transfer plan, denoted by
A=<>,

2. lIterate over 1) and let the current operation be v;.

2.1. Use as set of edges E in the merged £ to find all the input
data containers related to operation v;. Retrieve all the data
transfers associated with those data containers. For each data
transfer, create a pair in the format v; : 8, and append it to the
sequence of data transfers 4.

2.2. Use as set of edges E in the merged £ to find all the output
data containers related to operation v;. Retrieve all the data
transfers associated with those data containers. For each data
transfer, create a pair in the format v; : §, and append it to the
sequence of data transfers 4.

3. Finally, return the data transfer plan as 4 = < vy : 85,...,v;: 6, >

At the beginning, Algorithm 7 creates an empty, 4= < >. Then,
the algorithm iterates over the sequence of operations .

Let the current operation be v,.The operation has exactly one
input data container b,. The data container is associated with a set of
data transfers, which include J,. Therefore, all data transfers from b, are
added to A4 =<v :6 >.

The operation v, has one output data container b,, which is
supposed to be filled with a data transfer J,. After J, is added to 4,
it becomes <v:d,, v:0,>. The same procedure is repeated for all
operations in the sequence y. At the end, an updated data transfer plan
is a sequence of the single data transfers 4 = <v 15, v,:0,, v,:0,, v,:0,

V10,5 V50, Vb, V0, Vi0,, V,i0,, V0, V0, V0, V10,5, V0
V0,0 V0, Vo0, Voib, g, V0, V0, V0, V0, V0, Vil V0,
Vi0 100 Vgi0 35 Vi0 4 V10 6, Vi0 o, Vo100, Viib,0, Voi0, 1, Vi), >.

6. Experiments

We run the experiments within a simulated scenario of a four-
tiered persistent storage architecture. The performance parameters of
reads and writes as operations on persistent storage reflect characteristics
of real-life market devices, see Appendix A.1.

We discussed three different scenarios presented in
Experiment 1, Experiment 2, and Experiment 3. In each experiment, we
employ sequential data transfer processes between the persistent storage
devices to study the efficacy of different scheduling mechanisms.

The TPC-H benchmark database [22] is utilized to generate the
queries. We construct 15 query templates out of 22 query templates
available in this work [23]. The data is stored across various storage
tiers, as shown in Table 5 of Appendix A.2.

This experiment measures how long it takes to process different
queries with various storage setups using a custom-made simulator.
Although we didn’t use actual storage systems, the simulator was
designed to closely reflect real-world performance by including realistic
storage and processor features.

Experiment 1 runs a stream of queries <Q,, 0,, 0., 0,, 0.>.
Experiment 2 has a stream of queries consisting of <Q,, 0., O, O,,
0,,>, and Experiment 3 has <Q,, 0,,, 0., O,,, O,5>.

The experiments examine the impact of one- to four-tiered
persistent storage infrastructure on query processing when random
allocation and serial allocation plans proposed in the paper are employed.

Every query is executed first in a single-tiered infrastructure, then
in two-, three-, and four-tiered infrastructures. We measure the times of
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query processing at each step. We examine an optimized serial allocation
plan for the four-tiered infrastructure too. The data processing times of
the data are listed in Tables 1, 2, and 3. The total processing time of all
queries in each stream is listed in Table 4.

6.1. Experiment results

Experiment 1: The queries O,, 0,, O,, O,, and Q; are processed
across different tiers, with varying time units. The optimized allocation
plan, or serial execution plan, consistently outperforms setups without
allocation rules, and performance generally improves with more tiers.
While processing time decreases with additional tiers, some exceptions
exist. The results are presented in Table 1 and Figure 6, where the Y-axis
spans 0 to 120 time units and the X-axis lists queries O, to O..

Table 1
Experiment 1 — processing time for each query

Total processing time on

Four tiers

Single Three Four tiers (rule-
Queries tier Two tiers tiers (no rule)  based)
0, 29 37 18 20 14
0, 69 40 38 32 32
0, 67 48 30 18 20
0, 26 20 15 9 9
0. 107 67 48 30 30
Total 298 212 149 109 105

Figure 6
Experiment 1 — processing time for each query

100

80
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40

20

Q1 Q2 Q3 Q4 Q5
B Total Processing time on Single tier M Total Processing time on Two tiers
M Total Processing time on Three tiers M Total Processing time on Four tiers (no rule)

B Total Processing time on Four tiers (rule-based)

Experiment 2: The queries O, 0., O,, O,, and O, are processed
across different tiers. As in Experiment 1, the optimized allocation plan
(serial execution) outperforms scenarios without allocation rules, with
improved performance as tiers increase. Although processing time
generally decreases with more tiers, there are exceptions. Results are
shown in Table 2 and Figure 7, where the Y-axis ranges from 0 to 250
time units and the X-axis covers queries O to O, .

Experiment 3: The queries Q,, O, O, 0O, and Q. are
processed across different tiers. An optimized allocation plan
outperforms random allocation, with processing time decreasing as
the number of tiers increases. The results are displayed in Table 3 and
Figure 8, where the Y-axis ranges from 0 to 140 time units.

Table 2

Experiment 2 — processing time for each query

Total processing time on

Four tiers

Single Three Four tiers (rule-
Queries tier Two tiers tiers (no rule)  based)
o, 48 29 20 15 11
0, 62 42 31 27 23
0, 199 80 46 34 34
0, 150 58 39 27 28
0., 83 37 38 30 18
Total 542 246 174 133 114
Figure 7
Experiment 2 — processing time for each query
250
200
150 4
100+
504
04
Q6 Q7 Q8 Q9 Q10

B Total Processing time on Single tier
B Total Processing time onThree tiers
W Total Processing time on Four tiers (rule-based)

W Total Processing time on Two tiers

M Total Processing time on Four tiers (no rule)

Table 3

Experiment 3 — processing time for each query

Total processing time on

Four tiers

Single Three Four tiers (rule-
Queries tier Two tiers tiers (no rule) based)
9, 124 57 46 30 20
9, 89 48 36 25 17
0, 116 42 31 15 13
0., 49 28 20 12 14
0 71 36 26 18 12
Total 449 211 159 100 76
Figure 8
Experiment 3 — processing time for each query
140
120
100
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0 Q1 Q12 Q13 Q14 Q15

B Total Processing time on Single tier
M Total Processing time on Three tiers

M Total Processing time on Two tiers

M Total Processing time on Four tiers (no rule

W Total Processing time on Four tiers (rule-based)
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Total processing time for each experiment: The total processing
time for each experiment is shown in Table 4, using serial processing. An
optimized allocation plan consistently outperforms random allocation,
and processing time generally decreases with more tiers. Figure 9
illustrates this, with the Y-axis ranging from 0 to 600 time units and
the X-axis showing processing times for one to four tiers in different
configurations across three experiments. It is important to note that
lower time units mean better performance, showing how efficient each
configuration is. This means that specific queries are processed faster.

The experimental results show that a rule-based online
scheduling system for data transfers in multi-tiered persistent storage is
effective. When compared to a single-tier setup, a four-tier architecture
with rule-based scheduling led to total processing times that were up to
83.1% shorter for certain queries. The shift from one tier to two tiers
usually results in significant performance improvements. Although
the gains from two to three tiers vary, three tiers typically offer better
performance than two. Overall, the serial allocation plan consistently
outperforms other strategies.

Table 4
Total processing time for three experiments

Total processing time on

Four tiers
Single  Two Three Four tiers (rule-
Experiments tier tiers tiers (no rule)  based)
Experiment 1 298 212 149 109 105
Experiment 2 542 246 174 133 114
Experiment 3 449 211 159 100 76
Figure 9

Overall processing time for each experiment

500 4

400

200 4

100 -

Single tier Two tiers Three tiers Four tiers (norule) Four tiers (rule-based)

W Experiment1
M Experiment2
B Experiment3

7. Summary, Conclusions and Future Work

7.1. Summary

The main objective of this research is to improve the efficiency
of processing the streams of queries in the environments of MTS. The
main objective is to find the new online algorithms for optimization of
data transfer plans between the tiers of persistent storage. We propose a
new notation of EPNs to improve the understanding of data flows and
operational dependencies. Then, we concentrate on creating sequential
processing plans that use the unique features of MTS architectures such
as data distributed across multiple devices at the different persistent
storage levels. Such plans ensure the efficient management of data

10

in MTS based on access patterns and operational needs of individual
queries. We propose an algorithm that dynamically updates the
processing plan and adjusts data transfer sequences in real time.

The outcomes of experiments confirm that optimized data
placement strategies significantly outperform random data allocation
strategies in terms of processing and responsiveness. The processing
times decrease with an increase in the number of tiers, and the proposed
serial allocation plan outperforms the other strategies.

7.2. Conclusions

This research presents a novel approach to optimizing processing
plan in multi-tier storage with a rule-based scheduling decision. Unlike
traditional static tiering or manual allocation methods, the proposed
model enables dynamic, formalized scheduling that adapts to access
patterns and system characteristics in real time. Dynamic adaptation in
data processing and efficient scheduling significantly reduce processing
time. The solutions outlined in this work improve data processing in
MTS environments.

The practical solutions provided in this work enhance data
processing effectiveness in MTS environments. We also find
that utilization of EPNs makes it simpler to identify serialization
opportunities across MTS environments. This capability improves how
we process data, making the system work better and faster.

Through a simulation-based evaluation using realistic device
parameters, the study demonstrates that the model can significantly
reduce query processing time up to 72% compared to baseline
configurations while maintaining scalability and adaptability.
Experimental results show that online data processing methods must
dynamically adapt to fit the growing and diverse data landscape. As
the data continues to grow in complexity and diversity, it becomes
increasingly critical for processing systems to develop in response to
these changes. The new scheduling algorithms proposed in the paper
react more appropriately to evolving data dynamics, reducing resource
consumption and processing time. The proposed online scheduling
methods prove that optimized allocation plans consistently beat random
allocation.

7.3. Future work

One of the most significant problems in online data movement
scheduling in multi-tiered persistent storage is a way how to divide
large amounts of data into smaller high-level partitions. It is because
storage allocations need to change while query processing is being
performed. A question as to which allocations are to be prioritized at
the higher-levels is a very crucial consideration.

Future research would enhance real-world MTS methodologies,
including optimizing query processing prioritization and storage
allocation. Pre-processing techniques to pre-optimize queries before
scheduling data transfer could be the solutions that improve efficiency
and scalability.

The scheduling algorithms proposed in the paper address some
efficiency issues, but opportunities remain to reduce idle time and tailor
storage based on query requirements. Integrating ML into scheduling
process may further improve decision-making by analyzing historical
data in real-time.

Moreover, in the future, the current method of scheduling
storage by adding ML techniques and real-time data management can
be improved. Recent developments have shown that using predictive
models and reinforcement learning can help in deciding where to place
data across different types of storage [22]. These methods can analyze
past access patterns and system workloads to figure out the best storage
tier for each data object, which will enhance performance and make
better use of resources.
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Appendix A

1. Multi-tiered Persistent Storage

A sequence of tiers L=</, 1, L,
described in this paper.

The tiers 1, [, [,
outlined below:

> is used in the experiments

and /; are comprised of multiple devices, as

1) [;: The tier is implemented as three identical HDD devices denoted
as D = {d,, d,, d,}. All devices provide the same performance level,
with an estimated write speed of 230 MB/s and a read speed of 240
MB/s.

2) [,: The tier is implemented as three SSD devices, denoted as D, =
1d,, d,, d.}, all of which have identical performance levels, with an
estimated write speed of 530 MB/s and a read speed of 560 MB/s.

3) [,: The tier is implemented as three high-speed SSD devices denoted
as D,= {d,, d,, d.}, all of which have identical performance, with an
estimated write speed of 950 MB/s and a read speed of 1000 MB/s.

4) [;: The tier is implemented as one NVMe device denoted as D, =
{d,}, with an estimated write speed of 4500 MB/s and a read speed
of 5000 MB/s.

The read and write speeds used in the simulator for HDD, SSD,
high-speed SSD, and NVMe devices were selected to reflect typical
performance values observed in real-world consumer and enterprise-
grade hardware. Although no specific model was used as a reference,
these values closely align with benchmark ranges reported by well-
known testing platforms like UserBenchmark [23].

2. Sample Database

The TPC-H benchmark database serves as the foundation for
a sample database used in the experiments and query configuration.
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Of the 22 available queries in TPC [24], 15 queries are used in the
experiments. Table 5 shows how the size, number of rows, and storage
location of each table affect the time it takes for queries to run. Large
tables like Lineitem (up to 24 million rows, 2,563 MB) and Orders
(up to 10 million rows, 992 MB) are stored in /,.d, and / .d,, which
are slower storage areas. This increases the input/output (I/O) costs
for queries that need to scan or join data. In contrast, small reference
tables like Nation and Region (less than 1 MB) are stored in /o, which
uses faster HDD storage. How table partitions are spread across
devices, such as Lineitem being in d, d,, and d,, helps access data
more quickly.

Table 5
Relational table locations and estimated sizes
Number of Size Row size
Table name Location rows (MB) (bytes)
Lineitem l.d, 24,000,000 2,563 112
Lineitem l,.d, 24,000,000 2,563 112
Lineitem l,.d, 12,012,150 1,283 112
Orders l,.d, 10,000,000 992 104
Orders l,.d, 5,000,000 495 104
Orders l.d, 10,000,000 992 104
Customer ld, 1,500,000 256 179
Nation l.d, 250 <1 128
Region ld, 50 <1 124
Part l.d, 2,000,000 296 155
Partsupp l,d, 8,000,000 1099 144
Supplier l,d, 100,000 15 159




