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Abstract

Non-volatile memory is applied not only to storage subsystems but also to the main memory
of computers to improve performance and increase capacity. In the near future, some in-
memory database systems will use non-volatile main memory as a durable medium instead
of using existing storage devices, such as hard disk drives or solid-state drives. In addition,
cloud computing is gaining more attention, and users are increasingly demanding performance
improvement. In particular, the Database-as-a-Service (DBaaS) market is rapidly expanding.
Attempts to improve database performance have led to the development of in-memory databases
using non-volatile memory as a durable database medium rather than existing storage devices.

For such in-memory database systems, the cost of memory access instead of Input/Output
(I/0) processing decreases, and the Central Processing Unit (CPU) cost increases relative to
the most suitable access path selected for a database query. Therefore, a high-precision cost
calculation method for query execution is required. In particular, when the database system
cannot select the most appropriate join method, the query execution time increases. Moreover,
in the cloud computing environment the CPU architecture of different physical servers may be
of different generations. The cost model is also required to be capable of application to different
generation CPUs through minor modification in order not to increase database administrator’s
extra duties.

To improve the accuracy of the cost calculation, a cost calculation method based on CPU
architecture using statistical information measured by a performance monitor embedded within
the CPU (hereinafter called measurement-based cost calculation method) is proposed, and the
accuracy of estimating the intersection (hereinafter called cross point) of cost calculation
formulas for join methods is evaluated.

In this calculation method, we concentrate on the instruction issuing part in the instruction
pipeline, inside the CPU architecture. The cost of database search processing is classified into
three types, data cache access, instruction cache miss penalty and branch misprediction penalty,
and for each a cost calculation formula is constructed. Moreover, each cost calculation formula
models the tendency between the statistical information measured by the performance monitor
embedded within the CPU and the selectivity of the table while executing join operations. The
statistical information measured by the performance monitor is information such as the number
of executed instructions and the number of cache hits. In addition, for each element separated
into elements repeatedly appearing in the access path of the join, cost calculation formulas are
formed into parts, and the cost is calculated combining the parts for an arbitrary number of
join tables.

First, to investigate the feasibility of the proposed method, a cost formula for a two-table
join was constructed using a large database, 100 GB of the TPC Benchmark™H database. The
accuracy of the cost calculation was evaluated by comparing the measured cross point with
the estimated cross point. The results indicated that the difference between the predicted cross



point and the measured cross point was less than 0.1% selectivity and was reduced by 71%
to 94% compared with the difference between the cross point obtained by the conventional
method and the measured cross point. Therefore, the proposed cost calculation method can
improve the accuracy of join cost calculation.

Then, to reduce the operating time of the database administration, the cost calculation
formula was constructed under the condition that the database for measuring the statistical value
was reduced to a small scale (5 GB). The accuracy of cost calculations was also evaluated when
joining three or more tables. As a result, the difference between the predicted cross point and
the measured cross point was reduced by 74% to 95% compared with the difference between
the cross point obtained by the conventional method and the measured cross point. It means
the proposed method can improve the accuracy of cost calculation.

Finally, a method is also proposed for updating the cost calculation formula using the
measurement-based cost calculation method to support a CPU with architecture from another
generation without requiring re-measurement of the statistical information of that CPU. Our
approach focuses on reflecting architectural changes, such as cache size and associativity,
memory latency, and branch misprediction penalty, in the components of the cost calcula-
tion formulas. The updated cost calculation formulas estimated the cost of joining different
generation-based CPUs accurately in 66% of the test cases.

In conclusion, the in-memory database system using the proposed cost calculation method
can select the best join method and can be applied to a database system with CPUs from
different generations.
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1. Introduction

Improving the performance and expanding the capacity of non-volatile memory (NVM) is
necessary for both high-speed disk drives and main memory units. Accordingly, Intel and
Micron developed an NVM called 3D Xpoint memory [1]. An NVM is implemented as a
byte-addressable memory and assigned as a part of the main memory space. An application
programming interface (API) [2] for accessing the NVM was proposed to make the development
of applications easier. The API provides two types of access methods to the NVM from the
software. The first is the “load/store type,” which is the same method used to access the
conventional main memory from user applications. The other is the “read/write type,” which
is the method used by existing input/output (I/O) devices, such as hard disk drives (HDDs) or
solid-state drives (SSD), through operating system (OS) calls such as read/write functions.

Tera-byte class in-memory databases are proposed to provide expanded capacity and per-
formance improvement, and for the emergence of Dual Inline Memory Module (DIMM)
compatible implementation of NVM [3,4]. An in-memory database is intended for use in
decision support systems. Therefore, our main target operations are analytical queries such as
those of the TPC-H benchmark [5].

There are two types of implementations of in-memory databases through the application of
an NVM to the main memory. The load/store type must be implemented using array structures
or list structures on a main memory address area, such as the durable media of the database
(Figure 1.1(c)). The read/write type can be easily applied to the existing database management
system (DBMS) because the database files stored on disk drives (Figure 1.1(a)) are moved
to files on the NVM using libraries and accessed by API for the NVM [6] (Figure 1.1(b)).
When accessing the database, the performance of the load/store type is better than that of
the read/write type because the DBMS directly accesses the database without any I/O device
emulation operation. Database administration operations (e.g., system configuration, backup)
need not be changed, which indicates that it is easy for the administrators to introduce an
in-memory database system.

DBMS’s query optimization methods include cost-based and rule-based. The cost based-
optimization is a method of obtaining the minimum cost access path using the value of cost
calculated from the distribution of data and data selection condition. The cost is a numerical
value corresponding to the execution time of the query. The rule based-optimization is the
method of obtaining the access path according to a rewrite rule of the description of the
query. It is possible to provide a stable access path irrespective of changes in the distribution
characteristics of data. However, to keep up with fluctuation of data distribution, database
administrator tuning work is required. In a large-scale system such as cloud services, a cost-
based optimization is better to reduce the operation workload because it is possible to optimize
queries automatically. Therefore, this study target is the cost-based optimization.

The DBMS encounters a problem when preparing for the execution of an analytic query.
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Figure 1.1.: Disk-based Database and In-memory Database

In general, the DBMS performs several steps prior to query execution. First, it analyzes the
query. Second, it creates multiple access paths. Third, it estimates the query processing cost
for each access path. Finally, it selects the access path with the minimum cost from several
candidates. For example, when the DBMS joins two tables, such as the R table and S table
shown in Figure 1.2(a), it generates the access path (Figure 1.2(b)) that minimizes the number
of rows to be referenced. At this time, the execution time depends on the join method selected
by the DBMS. The DBMS estimates the cost of each join method using statistical information
from the database, and chooses the method with the lowest cost. In general, the cost of a joining
operation is a function of the ratio of the extracted records to all the records. Hereafter, we
refer to this ratio as the selectivity. In Figure 1.2, the selectivity is determined by the condition
x for column R.C in Figure 1.2(c). In Figure 1.2(c), two cost functions intersect at X g5 Join
method 2 must be chosen from the left side of X055, and join method 1 must be chosen from
the right side of Xoss. If the DBMS cannot estimate the selectivity Xcross accurately, it will
choose the wrong join method.

In the cost-based optimization, both the accuracy of estimating the data distribution and the
accuracy of the cost calculation formula has been required to improve the cost accuracy. Many
studies have been done on improving the accuracy of data distribution such as histograms [7].
However, it is also required to increase the accuracy of the cost calculation formula together [8].
In this research we will examine improvement of accuracy.

In general, the query execution cost is expressed as the sum of the central processing unit
(CPU) cost and the I/0 cost [9,10]. The CPU cost is the CPU time, whereas the I/O cost is the
latency when accessing the disk drive. This cost model was established under the condition
that I/0 performance is the bottleneck of the query execution time. A further improvement in
disk performance increases the CPU cost relative to the I/O cost. If the I/O cost itself ultimately
disappears with a native in-memory database (Figure 1.1(c)), it becomes necessary to predict
the CPU cost accurately.

To improve the accuracy of prediction of CPU processing cost, the estimation of CPU
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Figure 1.2.: Cost Estimation Problem for the Selection of Join Methods

processing time must become more accurate than that obtained with the aforementioned con-
ventional method. In general, the CPU processing time can be predicted by the product of the
number of executed instructions and the latency until an instruction is completed. To estimate
the latency with high accuracy, it is necessary to consider the hardware structure, such as
instruction execution parallelism, cache miss ratio, and memory hierarchy. These problems
cannot be solved by the software algorithm alone. To improve the accuracy of cost calculation,
we focus on constructing a CPU operation model by considering the CPU architecture.

In this study, we propose a method based on statistical information on CPU operations to
improve the accuracy of estimation of CPU cost for in-memory databases applied to existing
DBMSs (Figure 1.1(b)) and native in-memory databases (Figure 1.1(c)).

As mentioned above, our main target operations are analytic queries. An analytic query is
composed of selection, projection, join, aggregation, sort, etc. The query optimizer decides
the order of accessing tables and chooses a proper join method and does not need to choose an
alternative way for other operations. For instance, a quick sort algorithm is commonly used in
most DBMSs. The optimizer does not need to choose different sort algorithms such as merge
sort and bubble sort. This study focuses on choosing a proper join method with selection
operation. The proper join method depends on the selectivity of the attributes in WHERE clause
in the query . The order of tables is determined according to the traditional way based on the
number of records to be accessed [9].

Processing time increases in proportion to the number of accessed records. However, the
number of accessed records and the record access patterns, such as random or sequential, are
different for each join method. The analytic query processing time increases depending on
which method is selected. Therefore, the cost calculation formula of join processing is our
main research target. Our proposed cost calculation method can be easily applied to operations
other than join if the CPU statistical information can be measured.

On the other hand, the market for cloud computing is expanding. In particular, the demand for
database services in the cloud (DataBase-as-a-Service; DBaaS) is rapidly increasing. DBaaS
requires higher performance and reliability than other cloud-based services. Its performance
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requirements can be satisfied by using NVM as a durable database medium instead of existing
storage devices. In-memory databases using NVM as the main memory are expected to gain
popularity. When the user requests a new virtual server from the cloud service provider, an
image of a virtual machine (VM) as an in-memory database server is attached to the physical
server, as shown in Figure 1.3.

Physical Server ~ Cloud Service Infrastructure

CPU s, |Physical Server Pool VM Image Repository
N 3 I3 £ Internet Users
[V | IR« D <L n
Main egllesl| 8= [ Client A | X
Memory > ||@ >
S [cPu x]| |[[CPU Y] -
I Dj 1 | Client B |
i Disk ) Physical | | Physical _ g
- 1 > Server Server
L 1

4
Non-volatile Memory

Figure 1.3.: Cloud Service Infrastructure

In the cloud environment, many DBMS instances run concurrently. We solve the single
instance case in this study. We will solve the multi instance case in the future works. The
cost calculation equations of multi instance case can be created by modifying those of single
instance case.

From the viewpoint of the operation cost of the cloud environment, it is unrealistic to
recreate the cost calculation formula every time the VM with the database is transferred to
another server using CPUs with a different architecture. This study aims to propose methods
to obtain cost calculation formulas that can employ CPUs with different architectures with no
changes or minor changes. The change in performance as a result of architectural changes,
such as the memory latency and cache size, among different generations of CPUs is reflected
in the proposed cost calculation formula. We used this updated cost calculation formula to
verify whether it is possible to select the joining methods, i.e., nested loop join (NLJ) and hash
join (HJ), accurately for different generations of CPUs. We determined that the updated cost
calculation formulas can estimate the cross point accurately.

In this study, our proposed highly accurate cost calculation method allows portability of the
cost calculation formulas across different generations of CPUs and can contribute to reducing
the cost of cloud service platforms.

The rest of this paper is organized as follows:

* In chapter 3, we propose a method for modeling CPU cycles and estimating the join
operation cost for a database. While considering the CPU pipeline architecture, we
classify the CPU cycles into three components: a pipeline stall cycle caused by instruction
cache misses, a pipeline stall cycle caused by branch misprediction, and an access cycle
of data caches or main memory. Using this classification, we propose a CPU cycle
modeling method that can express the total CPU execution time. In addition, to estimate
the processing time of the join operation of a database, we decompose the pattern of join
processing into four parts and estimate the join operation cost using a combination of
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these parts in chapter 4. Chapter 5 describes inputs and outputs of the cost calculation
method and shows the overall view of the cost calculation formulas for join operations
such as NLJ and HJ.

* Chapter 6 describes a feasibility study of our proposed cost calculation method. Our
first target is to propose cost calculation methods of two-table join using large data. We
analyze the trends or characteristics of the measured results for the join operation by
using a performance monitor embedded in the CPU and determine the cost estimation
formulas. We verify the accuracy of the proposed CPU cost estimation formulas by
comparing the actual CPU processing cycle and the conventional CPU cost estimation
formula of MySQL.

* In chapter 7, in developing the cost calculation formula, reference queries are executed
on a small reference database. The cost calculation formulas for multiple-table join are
proposed, and the accuracy of estimating the cross point of NLJ and HJ is evaluated.
Moreover, we verify that the cost calculation formulas can be used to determine the order
of tables to be joined.

* In chapter 8, we propose a method for extending the join operation cost calculation
formulas for different generations of CPUs. By considering the differences in CPU
pipeline architectures between CPUs of different generations, we classify the architec-
tural changes and impacts on performance. Using this classification, we propose an
extending method of the measurement-based cost calculation formula. We measure the
statistic information for executing the join operation and obtain cost calculation formu-
las of the CPUs of different generations using the measurement results. We verify the
accuracy of estimating the cross point using the cost calculation formula of the target
CPU obtained from a reference CPU.

* Finally, in chapter 9, we summarize the conclusions and describe future works.



2. Related Works

There are two approaches to optimize queries of database. One is cost-based optimization,
another is rule-based optimization. The rule-based optimization is a method in which the
access path is statically determined based on the rule and it is often used in banking systems
that is required to avoid sudden system behavior change by the access path of queries change.
On the other hand, the cost-based optimization has the advantage that it can automatically
optimize following the characteristics of data if the distribution of data changes.

This study relates to cost calculation methods used for cost-based query optimization of
database. In the optimization of the query, it is necessary to accurately obtain the selectivity
which is the input of the cost calculation. In order to correctly obtain the selectivity, it is
necessary to understand the related studies for managing the statistical information of the data
distribution represented by the histogram in the database. Therefore, this chapter introduces
the related studies on the statistical information of the data distribution stored in the database
and the related studies on the cost calculation. In addition, we will introduce the related works
on the modeling of CPU behavior which is another problem of this study.

2.1. Estimating Data Distribution for Query Optimization

The selectivity used for cost calculation can be estimated from the frequency distribution of
attributes of the database. Several techniques have been proposed to estimate the frequency
distribution [11]. Many commercial DBMSs use histogram [12].

A histogram is one of means for expressing distribution of data and is created by dividing
the data distribution of attributes into § mutually disjoint subsets called buckets. Each bucket
has approximating frequencies and values obtained using methods of extracting characteristics
of data distribution [7].

Numerous types of histograms and their various construction methods have been proposed.
Poosala er al. [13] introduces three viewpoints p(s,u) called partition constraint (p), sort
parameter (s) and source parameter (u) to classify various histograms. They defined spreads
(S), attribute values (V), frequencies (F'), cumulative frequencies (C), and area (A) as the sort
parameters and source parameters. Spreads S is the distance between attribute values. Area A
is given by the product of spreads S and frequencies F. In the following, some example of the
histograms are introduced.

Equi-width [13] When dividing the data distribution into S8 buckets, the attribute value width
of the data distribution is divided into equal width by 8—1. Many commercial DBMSs
use equi-width. The partition constraint of this histogram is p(V, ).
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Equi-depth [14] Equi-depth histogram is the sum of the frequencies in each bucket to be
equal height. MySQL [15], MariaDB [16] and Oracle [7] use equi-depth. The partition
constraint is p(V, F).

V-Optimal [13] V-Optimal histogram is contiguous sets of frequencies into buckets so as to
minimize the variance of the overall frequency approximation. The partition constraint
isp(F,F), p(V,F), p(V, A), p(A, A) and p(V, C).

V-Optimal-End-Biased [14] V-Optimal-End-Biased histogram is some of the highest fre-
quencies and some of the lowest frequencies are placed in individual buckets, while the
remaining frequencies are all grouped in a single bucket. The partition constraint is

p(F, F).

Maxdiff [13] Maxdiff histogram has a bucket boundary between two source parameter values
that are adjacent if the difference between these values is one of the § — 1 largest
such differences. The partition constraint is p(V, F), p(V, A) and p(A, A). The maxdiff
histogram with p(V, A) is the best histogram on the issues of construction time and
generated error.

Moreover, Poosala ef al. proposed the multi-dimensional maxdiff histograms computed
using the MHIST algorithm for accurate estimation of multi-dimensional data distribution,
that is, combination of attributes [17]. To shorten time of creating histogram, sampling is
used instead of searching whole data. Chaudhuri er al. proposed the calculation method of
the number of samples to create equi-depth histogram [18]. On the other hand, loannidis et
al. reported that the error of estimating size of query results increases exponentially with the
number of joins [19]. Leis ef al. determined that the contribution of selectivity is limited to
improve query performance [8]. These researches suggests that not only effort of improvement
accuracy of cost calculation method but also improvement accuracy of estimating distribution
of attributes of data are required. We focused on improving accuracy of the cost calculation as
the first step. We will tackle develop a method of estimating data distribution suitable for the
proposed cost calculation method as a future work.

2.2. Cost Calculation

There has been many studies regarding how to calculate cost of executing a query. Cost
calculation formulas include one assuming a state where a single DBMS instance is running
and one assuming an environment where multiple instances are running. In addition, the single
instance cases are further classified as white-box analysis [20] and black-box analysis [21].

2.2.1. Single Instance
White-box Analytic Approach

The white-box analytic approach is a method for creating cost calculation formulas by
modeling the data access of the DBMS while executing the query. Based on this white-box
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analytic approach, there are some cost calculation methods. One is the product of a unit cost
and the number of accessed records [9, 10,22]. Some cost calculation model are the sum of
only I/O cost [22] and others are the sum of CPU cost and /O cost [9, 10].

The cost calculation formula is the sum of CPU cost and I/O cost as following:

cost = cpu_cost + io_cost. 2.1

For example, the cost formula for MySQL is given below [23]. The cost of scanning a table R
is given by
table_scan_cost(R) = record(R) X CPR + page(R) x CPIO (2.2)

where record(R) is the number of records of table R, CPR is the CPU cost per record, page(R)
is the number of pages of table R, and CPIO is the I/O cost per page stored record for DBMS
access. When table R (inner table) and table S (outer table) are joined, the cost of a join
operation is given by

table_join_cost(R, S) = table_scan_cost(R) + record(R)
X selectivity X records_per_key(S) x (CPIO + CPR) (2.3)

where selectivity is the selectivity ratio given by the distribution of attributes, and the selection
conditions, such as a where-clause definition in SQL and records_per_key(S), are the number
of join keys specified by table S’s records. Here, CPR = 0.2 and CPIO = 1 are the default
defined values.

Moreover, another method is to improve accuracy using the unit cost estimated from the
execution time of several evaluation queries [10, 20].

From a different viewpoint, there exist the macro-level and micro-level approaches. The
macro-level approach is suitable for a heterogeneous DBMS system because it is composed
of different DBMSs (open source or commercial DBMSs) and cost is calculated based on the
processing time of commonly executable queries. Our approach is a micro-level one. It is
created from measurement results of CPU events while executing a query. The micro-level
approach can create an accurate model by considering the CPU operation, but it cannot be
applied to different DBMS.

Another study on the micro-level approach is the method that applies a CPI measurement and
focuses on a memory reference for cost calculations (2.4) of an in-memory database [24,25].
In equation 2.4, blocking factor means the ratio of overlapped memory accesses. This research
targeted a DBMS that use the load/store type memory access (Figure 1.1(c)). In this work, the
number of cache hits or main memory accesses was predicted from the data access pattern of
the database (Figure 2.1), and the cost was calculated as the product of the number of cache
hits or main memory accesses and the memory latency. The modeling of CPI0, which is the
state where all data exist in the L1 cache, and modeling of instruction cache misses have not
been considered in previous studies. Although not explicitly mentioned in past studies, it was
presumed that it was impossible to reproduce and measure the state in which all instructions
and data were on the L1 cache, which is the definition of CPI0, using methods such as a
CPU-embedded performance monitor.



2. Related Works

Table (n records)
Data to be searched " Record -
1,2,...,n AAN > Data fetch size of cache memory

(cache line size including prefetch)

Data position in
memory address space

Arrows: order of access

Figure 2.1.: Relation of Data Access Pattern and Cache Hit [25]

last level cache
CPI=CPIO+{ Z ((number of cache hits) X latencyx(blocking factor))
L2cache
+(number of main memory accesses)Xlatencyx(blocking factor)} (2.4)

In many existing studies [9], the performance of queries was considered as a function of
selectivity. Kester et al. [26] used not only selectivity but also the concurrency of queries
in the execution to calculate the query execution cost. When many queries are executed
simultaneously in a cloud computing system, hardware resources (e.g., memory bandwidth,
disk bandwidth, etc.) will become scarce. In this case, the hardware resource utilization is
affected by query performance. In this study, the single query executing case is solved as first
step. The cost calculation equations of multi query executing concurrently case will be able to
be created by modifying those of single instance case as a future work.

Black-box Analytic Approach

The black-box analysis approach does not compute the sum by using each operation cost
like accessing records of tables, accessing /O, etc., but calculates the cost using multiple
regression, which analyzes the objective variable with the information that the user of the
database ordinarily obtains as shown in Table 2.1 [21].

In most of the open source and commercial DBMSs, the white-box analysis approach is
used because of the ease of understanding the models. This study adopts the white-box
analysis approach for the same reason. The black-box analysis approach can easily deal with
any DBMS because it does not use DBMS-dependent information. However, its estimation
accuracy worsens in cases where the value of cost is small [21].

The cost value is relatively small at the cross point between NLJ and HJ. When the number
of records in the outer table is RO and the number of records in the internal table is Rl and the
selectivity of the outer table Py, then the number of records accessed by NLIJ is ROX Py XRI,
that of HJ is RO+RI. In general, the cost value is proportion to the number of records to be
accessed, the Py is very small,! that is, the cost value is very small.

'Note. Let RO=RI=10*. If (NLJ execution time) < (HJ execution time), then Pp < 2x107*.
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Table 2.1.: Explanatory Variables for Creating Cost Calculation Formulas [21]

No. Explanatory Variables

Cardinality of table of processing result of query

Size of intermediate result

Record length of table to be processed

Record length of obtained records by query

Number of used disk blocks of table to be processed and obtained records by query
System parameters such as number of process and memory size

Characteristics of an index such as height of number of leaves

NN B W=

Therefore, this study aims to calculate an accurate cost when the cost value is small, by
modeling the CPU activities.

Multiple applications are executed on a real production system. The cost model of a
multiple-application environment is based on multiple regression models and it uses sample-
query execution time and statistical calibration methods [27,28]. Applying these methods to
our approach will help achieve a more accurate model.

2.2.2. Multiple Instance

Our cost calculation model is based on the statistic information of CPU under a single VM
execution. However, multiple VMs are executed on a real production system. Kester ez al. [26]
make models by multivariate regression of measured logical I/O latency when the plural of
queries execute concurrently. When many queries are executed simultaneously in a cloud
computing system, hardware resources (e.g., memory bandwidth, disk bandwidth, etc.) will
become scarce. In this case, hardware resource utilization is affected by query performance.
Our proposed method can support concurrency by introducing the queuing theory in the
memory latency and I/O latency model. Moreover, the concurrent query execution model is
utilized for deciding the combination of executing queries parallelly to make batch operation
time minimum [29].

2.3. Hardware Activity Evaluation on Database Workload

Ailamaki et al. [30] studied that evaluating CPU performance using the performance monitor
for behavior analysis of a DBMS has long been performed. In particular, in the evaluation of
the benchmark TPC-D for decision support systems, the L.1 miss and the processing delay due
to L2 cache occupy a large part as the components of the CPI, and it is important in terms of
performance. However, it is only used for bottleneck analysis. Hankins et al. [31] also studied
characteristics of database workload such as TPC-C for online transaction processing using
CPI. The largest component of CPI is main memory access occurred by L3 cache miss. TLB
miss is less than half of branch misprediction penalty.

10
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There is research that applied a CPI calculation method focusing on a memory reference to
cost calculation (2.4) for an in-memory database [24] [25]. This research targets DBMS that
use the load/store type memory access (Figure 1.1(c)). In this research, the number of cache
hits or main memory accesses is predicted from the data access pattern of the database, and
the cost is calculated as the product of the number of the cache hits or main memory accesses
and the memory latency. As mentioned in Section 2.2, the way of obtaining CPI0 is a difficult
problem. Another CPI calculation method considering memory latency and the number of
memory accesses of CPI is required.

From the point of cloud computing environment, Tanaka et al. [32] researched the database
application whose performance bottleneck is disk I/O and CPU utilization is low, e.g. TPC-
H, is suitable for virtualized environment. However, their research target is only analysis of
performance evaluation using CPI and it has not predicted query performance.

2.4. Hardware Modeling

CPI is one of the most popular performance metric to evaluate CPU performance bottleneck.

As CPI-based evaluation method, the performance monitor embedded in the CPU is utilized
while executing an application such as a benchmark program and measure statistical informa-
tion such as the number of CPU execution cycles and the number of executed instructions and
calculate CPI using these statistical information [30,33,34]. As other approach, simulating
the CPU operation which execute a lightweight benchmark program or instruction sequence
extracted only for the main part of the application program acquired beforehand by a method
such as tracing [35,36] and the desk study using a spreadsheet [37,38], which are made to
operate on the simulator based on the information obtained from the simulator.

These methods have advantages and disadvantages. Measurement with the performance
monitor has the advantage of running an actual application, but it has restrictions to measure
with the number of pieces of statistical information to be collected and the number and size of
counters installed in the circuit [39]. The evaluation using simulators has the advantage that
it can change the configuration of the hardware such as the size and the latency of the cache
memory easily [35], but it is difficult to strictly evaluate a relatively large application such as
a database. The desk study approach often use queuing theory, although it is relatively easy to
evaluate to change the configuration of hardware easily as simulation, it is difficult to consider
transient phenomena happened on operating system, device drivers and CPU.

In addition, when focusing on the cache miss penalty as in the Equation 3.2, it is popular to
evaluate the memory latency constituting the CPI as a fixed value [35,40,41]. Memory latency
become longer when the utilization of system resources such as main memory and disk drives
become higher.

In the case of using CPI for performance evaluation of virtual environment [32,42], perfor-
mance prediction using evaluation results has not been achieved. On the other hand, CPI is
used for not only performance evaluation but also operation optimization of the VM that runs
on the cloud environment [43].

11
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In this chapter, we first analyze the CPU pipeline architecture and categorize pipeline events.
Second, we propose the CPU operation cycle estimation method, which can express whole CPU
process cycles by considering the categorized events. Third, we categorize join operations
of the DBMS and divide the join operation into several parts. We propose an estimation
model based on a combination of these parts. Finally, we create the CPU cost formulas
for estimating each part of the join operation using statistical information measured by the
performance monitor embedded in the CPU, and then combine these join part formulas to
obtain the complete CPU cost estimation formula.

We chose the Intel Nehalem processor as a typical model of a CPU for application to the
database server because all of the processors developed after Nehalem, namely Sandy Bridge,
Haswell, and Skylake, are based on the pipeline architecture of Nehalem. Partial enhancements,
such as additional cache for micro-operations (uOPs), increased reorder buffer entries, and
increased instruction execution units, were added to the successor CPUs of Nehalem.

In-order Execution R Out-of-order Execution
e e o
; ()] Active > BackEnd :
: | Instruction :
Fetch, (2) Stall Resource Full, etc.

: Branch

: L P ————— N

: Prediction (3) L§'£a_r_v_a_t|_o_n ,

: v R4 v

H L1 . .
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: Allocation Buffer Station Units
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: Register File
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Figure 3.1.: Focus point of the CPU pipeline

The pipeline is composed of a front-end and back-end, as shown in Figure 3.1 [44]. The
front-end fetches instructions from the L1 instruction cache (L1I) and decodes them into

12



3. Proposed CPU Cost Model

HOPs in-order. The term “in-order” means that a subsequent instruction cannot override the
preceding instructions in the pipeline. After decoding the instructions, the front-end issues
the uOPs to the back-end. Conversely, the back-end executes the uOPs in execution units that
are out-of-order. The back-end can execute the pOPs in a different order than that issued by
the front-end to improve the throughput of operating uOPs. An L1I miss causes the pipeline
of the front-end to stall until the missing instruction is fetched from the lower level cache or
main memory. A branch prediction miss causes a dozen cycles of the instructions executed
speculatively to be flashed, and the front-end cannot issue pOPs. Such a condition is referred
to as an instruction-starvation state (Figure 3.1(3)). There are cases in which the yOP issued
in the front-end is not executed because of the saturation of the reorder buffer or reservation
station in the back-end, or the data dependency of the preceding instructions. We refer to
this state as a stall state (Figure 3.1(2)). In addition, we refer to the state in which the uOPs
are issued excluding the instruction-starvation state and the stall state as an active state. A
summary of the notations related to CPU cost calculation to be used later in the study is
presented in Table 3.1, Table 3.2 and Table 3.3 before creating the CPU cost calculation model.

In this study, we focus on the boundary between the front-end and back-end in the CPU
pipeline (Figure 3.1) to model the overall operation of the CPU. The pOPs are issued from
front-end to back-end, and are stored in buffers, i.e., the reorder buffer and reservation station.
The buffers allow us to change the processing order of yuOPs from in-order to out-of-order
across the boundary. The CPU-embedded performance monitor can measure events such as
the saturation of buffers, de-queues from buffers by the completion of ¢/OPs, and the existence
of puOPs to issue to the back-end [44]. Any CPU cycle situation can be modeled by the
performance monitor to analyze these events. Therefore, we propose a measurement-based
estimation of the query execution cost. The active state is estimated from the number of events
in which the pOP is issued without delay in the back-end buffer. The back-end buffer holds
the ©OPs until the execution of the uOPs is completed, and the puOPs are deleted from the
buffer. The stall state is estimated from the number of events for which the buffer cannot
receive uOPs. The starvation state is inferred from the event count where there are no pOPs
to be issued to the back-end buffer. The total CPU cycle is composed of the active state, stall
state, and starvation state cycles. Therefore, the following equation can be obtained:

CTotal = CActive + CStall + CStarvation (3 . l)

The cycles per instruction (CPI) metric, which refers to the number of CPU clock cycles per
instruction, is widely used for evaluating the CPU processing efficiency [45]. CPl is calculated
as the product of the number of references to the memory and the latency of the memory
access. Latency is the delay time when fetching an instruction or data from memory. CPI is
given by

LLC
CPI= CPIO+{Z(HL,' X Ly; XBFLl')+(HMM X LMMXBFMM)} (32)

i=2
where LLC denotes last level cache and means the lowest cache in the cache memory hierarchy;
the blocking factor [45] is a correction coefficient for concealing the latency by executing

13
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Table 3.1.: Notations for CPU Cost Calculation Model (1)

Symbol Description
1 Number of instructions to complete a query
I10ad Number of load instructions
CPI Cycle per instruction (CPI)
CPIO Cycle per instruction (CPI) on the condition that all of instructions and data are stored
in L1 cache
M ovents Number of events
events Description
MM References of instructions and data to main memory
MMI References of instructions to main memory
MMD References of data to main memory
Li References of instructions and data to Li cache
Lil References of instructions to Li cache
MP Branch mispredictions
LMM References to local main memory
LMMI References of instructions to local main memory
LMMD References of data to local main memory
RMM References to remote main memory
RMMI References of instructions to remote main memory
RMMD References of data to remote main memory
LLLCI References of instructions to local LLC
LLLCD References of data to local LLC
RLLCI References of instructions to remote LLC
RLLCD References of data to remote LLC
Linemory Latency of cache memory or main memory
memory Description
MM Main memory
Li Li Cache
MP Recovering latency from a branch misprediction
LMM Local main memory
LLLC Local LLC
RLLC Remote LLC
BF, 001 Blocking factor of events
events Description
MM References of instructions and data to main memory
MMI References of instructions to main memory
MMD References of data to main memory
Li References of instructions and data to Li cache
Lil References of instructions to Li cache
LiD References of data to Li cache
MP Branch misprediction and instruction cache miss occur simultaneously
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Table 3.2.: Notations for CPU Cost Calculation Model (2)

Symbol Description
Hyemory Ratio of memory references to instructions
(Hmemory = Mmemory/l)
memory Description
MM References to main memory
Li References to Li cache memory
Lil References of instructions to Li cache
LiD References of data to Li cache
Cstate CPU cycles in state during executing a query
state Description
Total Total of all states
Active Not occurring stall
Stall Stall of CPU pipeline
Starvation Starvation of instructions to issue
ICacheMiss CPU cycles from occurrence of L1I miss until the acquisition of
an instruction from other cache or the main memory
DCacheAcc CPU cycles in active state
MP Total CPU cycles when recovering from branch mispredictions
Cioin_state ~ CPU cycles of join in state

Jjoin Description

NLJ Nested Loop Join

HJ Hash Join

Build Build phase of Hash Join

Probe Probe phase of Hash Join

Cmd Combination of Hash Join and Nested Loop Join

CmdBld Combination build phase

SMJ Sort Merge Join

SortDb Sorting records in a database table

SortTmp Sorting records buffered in a temporary table in main memory

Merge Merge Join without sorting

state Description

ICacheMiss CPU cycles from occurrence of L1I miss until the acquisition of
an instruction from other cache or the main memory

DCacheAcc CPU cycles in active state

MP Total CPU cycles when recovering from branch mispredictions

Total Total of ICacheMiss, DCacheAcc and MP
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Table 3.3.: Notations for CPU Cost Calculation Model (3)

Symbol

Description

R C[_tolal (n)
P

Po

P

Ro

Ry

RI _total(n)
R CI_total (n)
Py
R

Total number of accessed records in n inner tables and entries of indexes
Selectivity of the tables for join

Selectivity of the outer table

Selectivity of the inner table k (k = 1,2,---)

Number of records in outer table

Number of records in inner table k (k = 1,2,---)

Total number of accessed records in 7 inner tables

Total number of accessed records in n inner tables and entries of indexes
Selectivity of the table j (j = 0,1, ---) in SMJ

Number of records in the table j (j = 0, 1, - - - ) in SMJ

instructions in parallel. The second term on the right-hand side of (3.2) is the product of the
number of memory references, latency, and blocking factor, i.e., the stall state. The product of
the second term on the right-hand side of (3.2) and the number of instructions / is the pipeline
stall cycle (Cszan):

LLC

Csan = Z (Mpix Ly XBFr;)+(Muyar X Lagpe X BF aipr)
Li=L2

CTotal =CPIxI= CPIOXI+CS,a[[

(3.3)

(3.4)

From (3.2)—(3.4), we can show that CPI0 includes the active state and starvation state.

CPIOXI= CActive + CStarvation

(3.5)

The starvation state is mainly caused by instruction cache misses or branch mispredictions,
and can be classified as the number of CPU cycles from the occurrence of one of these events
until the acquisition of the next instruction to be executed.

CStarvation = CICacheMiss +MppX Lyp X BFyp

LLC

CicacheMiss = Z (MpirX Li X BF 1)+ (Muyyr X Ly X BF pimr)
Li=L2

(3.6)

(3.7

Here, BF is a correction coefficient for considering that both branch misprediction and instruc-
tion cache miss occur simultaneously. I/CacheMiss is expressed as (3.7) by modifying (3.3)
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because the operations after instruction cache misses and data cache misses are the same. Only
the terms relating to branch misprediction are defined.

Cymp=MypX LypX BFyp (3.8)

According to previous research [46], the CPI of the decision support system benchmark is 1.5
to 2.5. In general, when the CPl is 1, this means that one instruction is completed in one cycle;
thus the instructions are executed sequentially in query execution. According to P. Trancoso,
et. al. [47], the large amount of accessed database data are not reused. In addition, because
the indices and tables of the database are usually implemented with list or tree structures, the
next reference address becomes clear only after the stored data that the pointer refers to is
read out. In particular, the characteristics of such a memory reference in the list structure are
applied to a benchmark program for measuring memory latency [48]. Therefore, the stall state
occurs because the operation of the stalled instruction waits for the preceding data reference
processing to be completed. From the viewpoint of memory reference, the active state can
be considered as an L1 data cache (L1D) reference, and the stall state can be considered as
a reference to a cache level lower than L1 or a main memory reference. Therefore, the CPU
cycles in the active state and stall state can be integrated as CpcacheAce

CDCacheAcc = CActive + CStall (3 9)
LLC
CbcCacheAce = Z (MpipXL1ixBF1ip)+(MympXLyym XBFymp) (3.10)
Li=L1

where (3.3) and (3.10) use the same symbols for both the latency and blocking factor for
convenience, but the contents are different.
From the above discussion, the total number of CPU cycles is calculated using

CTotal = CDCacheAcc + CICacheMiss + CMP (3 1 1)

In this study, each term on the right-hand side of (3.11) uses statistical information obtained
from actual measurements.

In our CPU pipeline activity model, TLB miss penalty is omitted from the cache miss
penalty, which is sum of the product of memory latency and the number of memory access.
However, the instruction cache miss penalty Cicacnemiss and the data access Cpcacheace €vents
measured by the CPU performance monitor also include TLB miss penalties. Therefore, in this
study, TLB miss penalty is omitted from the cost calculation to simplify the memory access
model.
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In considering the access path of the query, there are the order of accessing the tables, the
order of applying the operators, the order of the joins, and the selection of the join method.
Existing cost calculation has been done with a simple linear expression of the number of pages
and the number of records. In the cost calculation method of this study, it is possible to create
a model as long as processing for cost calculation can be extracted as parts.

In this study, we build a model for selection and join. Since the join method to be selected
depends on the selectivity of the table, we consider that the selection operator related to
selectivity is integral with join.

DBMS queries perform operations including selection, projection, and join. Queries per-
forming the join operation depend on the join method chosen by the DBMS’s optimizer. The
optimizer selects the join method to minimize the operating cost of the join operation. The
cost depends on the selectivity of records defined by the clause of the SQL and the statistics
of the attribute value of the database. Most DBMSs calculate the statistics during data loading
to the database. This study focuses on cost estimation for the optimization of join operations.
There are three basic joins: nested loop join (NLJ), hash join (HJ), and sort-merge join (SMJ).

NLJ searches records from the inner table every time it reads one record from the outer table.
The generalized operation model of NLJ is shown in Figure 4.1. The process involves tracing
multiple tables and indices from the point of view of memory access, which means repeatedly
traversing linked lists. Therefore, NLJ can be regarded as searching between the outer table
and the huge inner table created by tracing multiple tables in the same way as loop expansion
by a compiler. Moreover, it is possible to calculate the cost of NLJ for multiple tables using
the cost estimation function with two typical NLIJs (Figure 4.1(a)), which is a function of the
number of total records to be referenced in the multi-table join. NLJ and HJ are regarded as
part of our proposed cost estimation method. Figure 4.1 also shows that HJ is decomposed into
a build phase (Figure 4.1(b-1)) and a probe phase (Figure 4.1(b-2)) because each operation
of HJ is executed sequentially and can be modeled separately in the cost calculation formula
based on measurement results.

When more than three tables are joined, the DBMS optimizer chooses a combination of
different join methods for executing a query. Figure 4.2 shows a combination of HJ and NLJ.
The first table to operate a join is called the “outer table,” while the other tables are called “inner
table.” In addition, the inner tables are called “inner tablel” and “inner table2” according to
the joining order. A combination of different join methods is divided into an HJ build phase
(Figure 4.2 (c-1) ). The cost model of (c-1) is the same as (b-1). However, the cost model of
(c-2) is different from the one mentioned above. It is presumed that the HJ probe phase and
NLJ cannot be divided because the DBMS repeatedly searches one record in table Y using the
hash table X, and searches table Z by NLJ. The (c-1) phase is called the “combination build
phase” and the (c-2) phase is called the “combination probe phase.”
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The cost of the operation such as grouping, aggregating and sorting (Figure 4.3(d)) except
join is divided into two cost calculation parts, storing table scanned or index scanned data into
a temporary table on the main memory in Figure 4.3(d-1) and operation such as grouping,
aggregating and sorting of the temporary table on the main memory in Figure 4.3(d-2). In
particular, the process of Figure 4.3(d-1) includes the selection after the table scan or the index
scan. It can be realized by separating CPU statistical information into each processing to
divide the statistical information of modeling target operation into several parts. A statistical
information is divided into several processes and is the sum of those statistical information in
Equation (4.1).

"

¢ | Temporary table
on memory
T, etc.
& |’ (d-2) Only v, 1, etc. Operation

Table X E> Y, T, etc.

(d) Grouping and Aggregation (y), : !
Sorting (1), etc. Operation i Table X

(d-1) Table or Index Scan

Figure 4.3.: Split Cost Calculation of Grouping, Aggregating, Sort, etc.

(CPU Statistical Information of Operation in Figure 4.3(d-2))
P g
=(CPU Statistical Information of Operation in Figure 4.3(d))
—(CPU Statistical Information of Operation in Figure 4.3(d-1)) (4.1)

SMIJ can be modeled in the same way of HJ mentioned above. SM1J is divided into two type
of sort operations (Figure 4.4(e-1) and (e-2)) and a merge join operation (Figure 4.4(e-3)). The
sort operation (e-2) sorts records stored in memory temporal table. Those operations (e-1) and
(e-2) also filter records according to the condition of WHERE clause. The statistical Information
of sort operation (e-2) can be obtained by the method in Figure 4.3. The statistical Information
of merge join operation (e-3) can be obtained by the method in Figure 4.5. However, it cannot
be obtained directly using a simple query as joining two tables by merge join because the
query includes the sort operations. Therefore, statistical information on SMJ of two table is
introduced in Figure 4.5. The sort operation (e-3) can be calculated using statistical information
of (e-1) and the two-table SMJ in Figure 4.5.

Using the above idea, the cost of complex queries can be calculated by accumulating cost
parts. For example, the query in Figure 4.6(a) can be divided into parts from (1) to (4). In
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4. DBMS Operation Model

Sort Merge Join Case

qu T: Sorting DK Merge Join I:l : Temporary Table on Memory
0\ 7 N
M U T Join-Key b T Join-Key b
: I

1]

in T E> T Join-Key a T Join-Key a
/ N\ = ; |
R S . TloinKeyb i {TJoin-Keyb X
; ~ : e-1) Sort of Data  (e-2) Sort of Data
Merge Jon{ {p ( )Stored in Table Stored in Temporary
,, E\ ......................... Table
T Join-Key a T Join-Key a |$
I P .

R S Merge Join

DaN

(e-3) Merge Join of Temporary Table on Memory

Figure 4.4.: Sort Merge Join Case

............... (el) (el) (63)
K Merge Join } — :
AN j — ’lITJoin-Keyag ===  Tloin-Keya; mmm: < Merge Join i
T Join- a T Join- aé
IJonKey IJo Key X %
........ D, SR SN SN S SR S S S
\ Y J

Statistical Information
Measurement Targets

Figure 4.5.: Calculating Method of Statistics information of Sorting Data Stored in
Temporary Table for Sort-Merge Join
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4. DBMS Operation Model

particular, in the case where three table joins are performed by NLJ, Figure 4.6(1) and (2) can
be calculated with one cost formula as shown in Figure 4.1(a). In the join operation (1) and
(2), selection operation to the outer table is also included. In the case of HJ, each operation of
(1) and (2) can be divided into build phase and probe phase as shown in Figure 4.1(b-1) and
(b-2).

As described above, there is a problem that the way of making the cost calculation parts is
different depending on the selection of the join method. In this study, we focus on selection of
join method as cost calculation target.
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4. DBMS Operation Model

select
1 orderkey, sum(l_extendedprice*(1-1_discount)) as revenue, o_orderdate, o_shippriority
from
customer, orders, lineitem
where
¢_mktsegment = ‘BUILDING'
and c¢_custkey = o_custkey
and 1_orderkey = o_orderkey
and o_orderdate < date '1995-03-15'
and 1_shipdate > date '1995-03-15°¢
group by
1 orderkey, o_orderdate, o_shippriority
order by
revenue desc, o_orderdata;

(a) SQL (TPC-H Query 3)
(4) Sorting

Operator Lists I H4 -
P - : T revenue, o_orderdata ; (3) Grouping and
o: Selection ol - 1, aggregating
y: Grouping and ry T Lo 1
aggregating v Y 1 orderkey, o orderdate, o_shippriority, !
T: Sorting : I sum(l_extendedprice*(1-1_discount)) as revenue;|
. : 1 1
atiie: | Oshipdate > dote 19950315 |
I——"’ o orderkey=| orderkey T
| Oo orderdate < date '1995-03-15' lineitem ]
T I (Inner Table 2) |
- - bl T - I 1
”—” ~-~~_-~- --------- 7 -------

- o - 4 .. .
=" c_custkey=o_custkey 7 (2) Joining the composite table

1 — 0 I stored in main memory and
1 o . —orders I .

1 I c¢_mktsegment = ‘BUILDING'  (yner Table 1)1 the third table cost

I I

I customer | (1) Joining the first table

1 (Outer Table) }/ and the second table

(b) Access Path and Decomposition for Cost Calculation

Figure 4.6.: Dividing TPC-H Query3 [5] into Cost Calculation Parts
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5. Cost Calculation Formula

Before considering the cost calculation formulas, we define the inputs and outputs as listed in
Table 5.1. The information input into the cost calculation formulas is recorded in the database
for management as statistical information, and is collected generally by the DBMS when storing
or updating the record. Information regarding memory latency and I/O response time is also
required. This information can be measured with a simple benchmark program [48].

Table 5.1.: Parameter List for Cost Calculation

Input Condition of selecting records of table to join, selectivity of tables to
join and the number of records of tables

Output Calculated cost expressed by the number of CPU cycles or by the exe-
cution time of the query

Parameters of Static information: Memory latency and I/O response time

cost calculation [Information obtained from measurement: Relational formula between

formulas the input information and number of CPU cycles of the events on
the right-hand side of (3.11) (e.g., slope and intercept if the input
information and the number of cycles of the event of interest can be
linearly approximated.)

In this section, we derive the cost calculation formulas (3.11) for NLJ, HJ, SMJ, and a
combination of NLJ and HJ on the condition that the number of inner tables is N, where each
element of (3.11) is obtained as a function of the selectivity and number of records in the
joining tables. The cost formula of NLJ

Cnri_Total(P, Pr1s -+ PN, Ro, Ryp, -+, Rin)
= CNLi_iCacheMiss(P, P11, -+ - PN, Ro, Ryp, -+ 5 Rin)
+ Cnrymp(P, Pp1,- -+, Piv, Ro, Rpp, - -+, Rin)
+ CnLI_DCacheAce(Ps Pi1s -+ Pin, Ro, Ry, -+« Riy) - (5.1)

is obtained by combining (3.7), (3.8), (3.10), and (3.11). The cost related to each element of
the instruction cache miss, branch misprediction, and data reference are expressed as

24



5. Cost Calculation Formula

CNLJ ICacheMiss(P, Pr1, -+ -, Pin, Ro, Rz, -+, Riy)
= Mp2/(P, Pr1, -+, Pin, Ro, Ryp, -+, Riy) X Lo X BFpop
+ Mrrci(P, Prpy - -+, Pins Ros Ry, -+ - s Riy) X Lppe X BFprcr

+ Mypar(P, Prp, - -+, Pin, Ro, R, -+ - Rin) X Ly X BFyr - (5.2)

Cnrs mp(Po, P11, -+, PiN, Ro, Ryp, - -+, Riy) = Myp(Po, Pr1, -+ -, Pin, Ro, Rip, -+ -, Rin)
X Lyp X BFyp(Po, Py1, -+ -, Py, Ro, Rpp, -+, Riy) - (5.3)

CnLJ_DCacheace(Pos Pips -+ s Pin, Ro, Rip, -+, Rin)
= Mpip(Po, P11, -+, Pin, Ros Rips -+« Riy) X Ly X BE2p(Po, Prps -+« Pin, Ro, Ry, -+, Riy)
+ Mp2p(Po, Pris -+ Pin, Ro, Rip, - -+ Rin) X Lo X BFap(Po, Pris -+ Py, Ro, Rip, -+« 5 Rin)
+Mrrcp(Po, Pri» -+ » Pins Ro, Ryt -+ - RiN)XLreXBFrrep(Po, P -+ » Pins Ro, Ryt + -, Riv)

+Mymp(Po, Pr1s -+, Pin, Ro, Rip, - -+, RiN)X Ly XBFym(Po, Pri, - -+ Piv, Ro, Rip, -+ Riv).
5.4)

The structure of the cost calculation formulas is basically a product-sum formula of the number
of occurrences of the event, its latency, and the correction coefficient. The number of data
references from the L1D cache, L2 cache, LLC cache, main memory (M 1p, M2, My c, and
M), number of branch mispredictions (My;p), and blocking factor BF are expressed as a
function of the selectivity Pp, Py, and the number of rows of the table Rp, Ry;. The cost of
the instruction reference Cnr.; 1cachemiss does not include L1I hits because it means the L11I
cache miss penalty. However, the cost of the data reference Cyr; pcacheacc includes L1D hits
because the data reference includes all of the data access.

The cost calculation formula of HJ is obtained in the same way as that of NLJ with selectivity

P as follows.

Total Size of Hash Table

5.5
Size of Join Buffer (5-5)

N
CHJ(P’ R) = CBm’ld_Total(P, R) + Z CProbe_Tolal(Pa R) X
k=1

CPhase_Total(P s R) = CPhase_ICacheMixs(P s R) + CPhase_MP(P s R) + CPhase_DCacheAcc(P s R) (56)

CPhase_ICacheMiss(P, R)
= Mp21(P,R) X Lo X BF21(P,R) + Mrrci(P,R) X Liic X BFprci(P, R)
+ Mymi(P, R) X Ly X BFyyr(P, R)  (5.7)
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5. Cost Calculation Formula

Cprhase mp(P, R) = Myp(P, R) X Lyp X BFyp(P, R) (5.8)

CPhase_DCacheAcc(P» R)
= Mpip(P,R) X Li1 X BFr2p(P, R) + M2p(P, R) X Lis X BFop(P, R)
+ Mrrep(P, R) X Lipc X BFrcp(P, R) + Mymp(P, R) X Lyy X BFyup(P, R) (5.9)

where
{Build, Pp,Ro} build phase

{Probe, Py, Ry} (k = 1,2,--- ,N) probe phase

In the build phase, the cache and main memory references, branch misprediction, and blocking
factor are expressed as functions of selectivity P and the number of records of the outer table
(Ro). In the probe phase, these are expressed as functions of selectivity P and the number of
records of the inner table (R ). For a combination case like Figure 4.2(c-1), the cost formula
of the combination build phase can be created with reference to the cost formula of the HJ
build phase.

{Phase, P,R} = {

Cemb_1otal(Po, Pii, Ro, Rix) = Ccmpia_toai(Pos Ro)
Total Size of Hash Table

k=1,2---,N) (5.10
Size of Join Buffer ( ) ( )

+ Ccmbprb_Total(Po, Pik, Ro, Rix) X

CembBid_Toral(Po, Ro)
= CempBld_icachemiss(Po, Ro) + Cembsia_mp(Po, Ro)
+ CcmbBid_DCacheAcc(Po, Ro)  (5.11)

CcmbBid_iCacheMiss(Po, Ro)
= M121(Po, Ro) X Li> X BF121(Po, Ro) + Miici(Po, Ro) X Lrrc X BFrci(Po, Ro)
+ Mymi(Po, Ro) X Lyym X BEymi(Po, Ro)  (5.12)

Ccmbpia mp(Po, Ro) = Myp(Po, Ro) X Lyp X BFyp(Po, Ro) (5.13)

CcmbBid_DCacheAcc(Po, Ro)
= Myip(Po, Ro) X L1 X BF12p(Po, Ro)
+ Mr2p(Po, Ro) X Li2 X BF12p(Po, Ro) + Mrrcp(Po, Ro) X Lirc X BFrcp(Po, Ro)
+ Mymp(Po, Ro) X Lym X BEymp(Po, Ro)  (5.14)
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5. Cost Calculation Formula

Cempbprb_total(Po, P11, -+ -, Pin, Ro, Ri1, - -+, Rin)
= Ccmppri_icachemiss(Pos P11, - -+ » Piny Ro, Rigs -+ - RIN)
+ Cemperv_mp(Po, Pr1, -+ Piny Ros R, -+ -, Riy)

+ CcmbPrb_DCacheAcc(Po, P11, -+ Pin, Ro, Rpp, -+ - Riv) - (5.15)

For a combination case such as Figure 4.2(c-2), the cost formula of the combination probe
phase can be created with reference to the cost formula of NLJ.

CembPr_iCacheMiss(Pos Pr1s -+, PiN, Ro, Ryp, -+, Riy)
= M21(Po, P11, -+ . Pin, Ro, Ri1, -+ - Rin) X Lo X BFpop
+ Mrrci(Po, Pri, -+ Piv, Ro, Rip, - -+ Rin) X Lrpe X BFrpcr

+ Mymi(Po, P11, -+, Pins Ro, Rit, -+ RiN) X Ly X BEypar - (5.16)

Cempprv mp(Po, Pr1s -+ Pins Ro, Rig, - -+ 5 Riy)
= Myp(Po, P11, . Pin, Ro, Ri1, - - -, Rin) X Lyp X BFyp(Po, Ro, Rik)  (5.17)

Cembprv_pCacheace(Pos P11+ -+, Pin, Ro, Ry1, -+ -, Rin)
= Mpip(Po, P11, -+, Pin, Ro, Rip, -+« Riy) X Ly X BEop(Po, Pris -+« Pins Ro, Rip, -+, Rin)
+ Mr2p(P, Ro, Rix) X Lo X BFap(Po, Pris - -+ Py, Ro, Rigs - -+ Rin)
+ Mrrcp(P, Ro, Ri) X Lrrc X BFriep(Po, Pri, -+« Pin, Ro, Ryp, -+, Riw)
+ Mymp(P, Ro, Ri) X Lym X BFyy(Po, Pri, -+ -, Pins Ro, Ryp, -+ - Riy) - (5.18)

Sort Merge Join (SMJ) operation is divided into three type of operations, sorting data from
a table of database in Figure 4.4(e-1), sorting data from a temporary table in main memory in
Figure 4.4(e-2) and merge join in Figure 4.4(e-3). The cost of those operations is defined in
Table 5.2. The cost of whole SM1J is defined as Csyy 7oza1-

Input parameters of each cost calculation formulas in SMJ operations are explained using
three tables join case in Figure 5.1. First, the operation (a), (b) and (c) are selection of
records with probability Py, P; and P, from the tables, which have Ry, R| and R, records and
sorting those records respectively. The sort operation costs are given by Cs,pp Totai(Ro, Po),
Csorpb_Total(R1, P1) and Csorpp Torai(Ro, P2). Next, the merge join operation (d) join the out-
put records from sorting operation (a) and (b). Therefore, the operation cost is given by
CMerge_Total(Ro, R1, Po, P1). Then, the sorting operation (e) sort the outputs from operation (d).
The cost is given by Csorrmp_torai(Ro, R1, Po, P1). After that, the merge join operation (f) join
the outputs of the operation (c) and (e). The cost is given by Cprerge_Torat(Ro, R1, R2, Po, P1, P2).
Finally, total cost is given by the following equation.
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5. Cost Calculation Formula

Table 5.2.: Parts of SMJ and Notation of Cost

Operation (Figure 4.4)

Notation of Cost

Input Parameters

Sorting data from a table
of database (e-
Sorting data from a tem-

porary table
memory (e-2)

Merge join (e-3)

D

in main

CSortDb_Total

CMerge_Total

CSartTmp_Total

Number of Records of a table and se-
lectivity

Number of Records of temporary table
or buffer for join in main memory and
selectivity of that records

Number of records in tables to be
joined and selectivity of those records

C
Merge (f) {Rz PQ}
{RoR; Py Py} ’
) > ’ \ \ \
o |/( j ’IIS Csortob (C)
i “SortTmp ¢ €
{RO,RI,PO,PI} \' ;GSI dvite p
i | Selectivi

{Ry Py} Cherge )>'4(d) R, Pl}éTl o RzyN .
) » umber of :
\/> \< able B2 ecords: R,

1; Csortob 1|: Csortob

T: Sorting o o
G : Selection | Selectivity P, | Selectivity P,
>: Join Table RO Table R1
Number of Number of
(@) records: R, ii (b) records: R,

Figure 5.1.: Input Parameters to Each Part of Sort Merge Join
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5. Cost Calculation Formula

2

Csmy_totat(Po, P1, P2, Ro, R1, Ry) = Z Csorob_toral(Po, -+, Pj, Ro, - -+ , R;)
=0

1
+ CordTmp g (P P1s Ros R1) + )" Chterger,(Por+ -+, Py Roy -+, R)) (5.19)
j=0

The generalized SMJ cost calculation formula is given by equation 5.20.

N-1
Csmy_toral(Po, -+ -, PN—1, Ro, -+ , Ry_1) = Z Csortpb_Total(Pjs Ry)
=0
N-2 N-1
+ Z CS()rdTmpTotal(PO’ o PJ’ RO’ T RJ) + Z CMergeTotal(Po’ B Pj’ RO’ B R]) (520)
j=1 j=1

where N is the number of tables to join.

Each part of SMJ operations are obtained using CPU events, instruction cache miss penalty,
branch misprediction penalty and data cache access time as following equations 5.21, 5.22,
5.23 and 5.24.

CPhase_Tolal(P 5 R) = CPhase_ICacheMiss(P s R) + CPhase_MP(P 5 R ) + CPhase_DCacheAcc(P s R) (521)

CPhase_ICacheMiss(P 5 R)
= Mp21(P,R) X Lo X BFy2/(P,R) + Mrrci(P,R) X Lyc X BFirci(P, R)
+ Mymi(P, R) X Lygys X BFy(P, R)  (5.22)

Cphase_mp(P, R) = Myp(P, R) X Lyrp X BFyp(P, R) (5.23)

Cphase_DCacheAce(Ps R)
= Mpip(P,R) X Liy X BF2p(P, R) + Mp2p(P, R) X L1y X BF2p(P, R)
+ Mrrep(P, R) X Lirc X BFrep(P, R) + Mymp(P, R) X Lyy X BEymp(P, R) - (5.24)
where
{SordDb, P;, R;} Sorting records in a database table
{SordTmp, Py, - -+, P;,Ro,- -+, R}
Sorting records buffered in a temporary table

{Merge, Py,---,P;,Ro,- -+, Rj} Merge Join
and j=0,1,--- ,N - I.

{Phase, P,R} =
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5. Cost Calculation Formula

The accuracy of cost depends on the accuracy of CPU statistical information such as the
number of cache memory accesses, the number of main memory accesses and blocking factors.
It is important to choose how to obtain those parameters. We compare the technologies from
the viewpoint of estimating the execution time.

We can choose a method out of three methods, actual measurement using performance
monitor embedded CPU when executing query, modeling the behavior of query execution and
simulation of query execution as shown in Table 5.3. The method of modeling the behavior of
query execution [25] has high versatility. That is because it is not influenced by the difference
of hardware and software and is not necessary to measure statistics information. However, it is
very difficult to model instruction cache activity because it is difficult to find when instruction
cache misses happen. The simulation of query execution is easy to reflect architectural change
of different generation CPU to simulation models; however, accurate emulation of CPU increase
calculation time [49]. From the viewpoint of accuracy and time to obtain parameters, we chose
a method to use the performance monitor which gives the most accurate parameters.

Table 5.3.: Parameter Estimation Methods

Method of obtaining Pa- Advantage Disadvantage
rameters

Actual measurement using Acquiring accurate statistical Updating parameters when

performance monitor embed- information of CPU CPU architecture is changed
ded CPU

Modeling the behavior of Small influence of difference Difficult to model instruc-
query execution in CPU architecture and tion cache statistics

. . version of software . . .
Simulation of query execu- Increasing calculation time

tion by accurate emulation

The aim of this study is to improve the accuracy of the CPU cost calculation. Therefore, we
use a method to statistically obtain the parameters of the calculation formula from measured
values using the performance monitor. One of the parameters, memory latency, depends on
the hardware configuration, which includes the number of CPUs, which CPU socket the main
memory modules are installed in, and other factors. According to J. L. Lo et al. [50], the
memory access concentration is low when executing analytic queries, such as the TPC-H
benchmark, and does not increase the memory latency.
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6. Feasibility Study of Creating Cost
Calculation Formulas

In this study, we propose a method for obtaining cost calculation formulas for join operations
using statistical information measured by the performance monitor on a CPU. In this chapter,
we use a comparatively large database for a feasibility study of the proposed method and obtain
cost formulas of nested loop join (NLJ) and hash join (HJ) of two tables. The cross point
of these cost calculation formulas is obtained and its prediction accuracy is reported. First,
we describe the measurement environment, and subsequently demonstrate the cost calculation
formulas obtained from the measurement results. Finally, we evaluate the accuracy of the cross
point obtained from the cost formulas. Cost calculation formulas for sort merge join (SMJ)
can be obtained with the same approach. Since there is no SMJ support in the DBMS used in
this experiment, only NLJ and HJ are targeted here.

6.1. CPU Events Measurement for Parameter Setting of Cost
Calculation Formulas

CPU statistical information, such as the numbers of instructions and cache hits, is measured
in the environment in Table 6.1. The parameters in Table 5.1 are calculated using this
information. The server has two CPU sockets with non-uniform memory access (NUMA).
The main memory of NUMA is composed of the local memory attached to CPU directly and
remote memory attached to the other CPU connected through the interconnection network
between CPUs. NVMe Flash SSD is used as storage for storing the database. We used high-
speed NVMe SSD to reduce the time taken for the disk I/O as much as possible and to obtain
an environment closer to the in-memory database environment.

We used open-source MariaDB [51]. MariaDB supports multithreaded, asynchronous 1/0
as it utilizes the latest hardware characteristics and it supports multiple join methods, including
NLJ and HJ. The NLJ supported by MariaDB is block nested loop join (BNL), which improved
the NLJ, but under the conditions of the query and index used in this study, it operates in
the same way as the general NLJ. Moreover, as MariaDB does not support NUMA, we set
interleave using OS startup parameters. The MariaDB version used in this study does not
function effectively for automatically selecting a join method based on the cost it calculates,
and fixedly selects the join method with user-configurable parameters.

The evaluated query and the measurement condition are shown in Figure 6.1. We used the
modified gquery 3 of TPC-H benchmark [5] for the evaluation of two-table join, and obtained
a description by extracting only join processing. SF100 (100 GB) of TPC-H was used as
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6. Feasibility Study of Creating Cost Calculation Formulas

Table 6.1.: Measurement Environment for Feasibility Study

CPU Xeon L5630 2.13GHz Quad-core, LLC 12MB [Westmere-EP] x2

Memory DDR3 24GB (4GB x6)

Disk (DB)  PCle NVMe Flash SSD 800GB x1 (Note: Max throughput suppressed by
server’s PCle I/F (Ver.1.0a), approximately 1/4 of max throughput.)

Disk (OS)  SAS 10krpm 600GB, RAIDS (4 Data + 1 Parity)

OS CentOS 6.6 (x64)

DBMS MariaDB 10.1.8

a database. The number of records in the outer table and inner table referenced at the join
changes the selection rate of the data to be referenced by changing the search condition of the
query against the c_acctbal column of the inner table (Figure 6.1(c)). For NLJ, by changing
the number of rows in the inner table, the number of records in the inner table corresponding
to the key to be joined specified in the outer table was changed.(Figure 6.1(d)) The index of
the database is set as the primary key defined according to the specification of TPC-H [5].
The CPU performance counter data were measured using Intel® Vtune” Amplifier XE. For
understanding the mean of counters, we refer to the literature [44]. The counter measured
mainly collects information related to the reference to the cache memory and the state of the
pipeline such as the number of stall cycles.

(a) SQL (b) Access Path
select count(*) Join Method YI count(*)
from customer, orders Selected
where Manually (i Condition 2

¢ mktsegment ='MACHINERY' }m <

and c¢_acctbal >N c_custkey=0_custkey
and ¢_custkey = o_custkey — / N\ (Inner Table)
and o_orderdate < date '1995-03-06; }-

orders
(Outer Table) | Condition 1

customer
(c) Selection Condition and Selectivity (Condition 1)
N 9998 9978 9798 9200 9000 8000 7000

Selectivity | 3.62E-05 | 4.00E-04 | 3.67E-03 | 1.456-02 | 1.82E-02 | 3.64E-02 | 5.45E-02
(d) Number of Inner Table Records (Condition2)
Number of Records | 150,000,000 | 112,500,000 | 75,000,000 | 37,500,000

Figure 6.1.: Target Query of Measurement and Cost Estimation
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6. Feasibility Study of Creating Cost Calculation Formulas

6.2. Measurement Results and Cost Calculation Formulas

In this section, the measurement results of NLJ and HJ are presented. As the number
of rows referenced by NLJ increases in proportion to the selectivity, it is presumed that the
number of executed instructions and the number of memory references will increase. In
addition, as the amount of referenced data increases, it is assumed that the data in the cache
memory are replaced with new data frequently and the hit ratio becomes lower. Based on
these presumptions, we will analyze the measurement results by focusing on model creation
via linear regression.

In the build phase of HJ, regardless of the selectivity of the outer table, all records are
accessed; therefore, it is presumed that the number of executed instructions and the number
of memory references are constant with respect to the selectivity. Even in the probe phase of
HJ, it is presumed that there is a similar tendency because all the records in the inner table
are accessed. However, as the amount of data stored in the hash table constructed in the build
phase increases in proportion to the selectivity, it is presumed that the tendencies of the number
of executed instructions and the number of memory references are similar to those in NLJ. We
analyze the measurement results based on the above presumptions.

6.2.1. Measurement Results of NLJ

Figure 6.2 shows the relationship between the selectivity of the outer table and the number of
executed instructions when joining two tables. The number of executed instructions increases
almost linearly with respect to the selectivity. Even if the number of records in the inner table is
changed, it has the same tendency as the executed instructions. The straight line is a regression
line. The coefficient of determination (R?), which is an index representing the goodness of
approximation, is one. This indicates that the regression line can be approximated with high
accuracy. Regression analysis of the slope and intercept of the regression line of the number
of executed instructions against the number of lines in the inner table shows that the coefficient
of determination is approximately one and it can be observed that the number of lines in the
inner table can be approximated by a straight line (Figure 6.2(b), (c)).

Figure 6.3(a) shows the relationship between the number of executed instructions and the hit
ratio of the L11I cache. The measured values classified by the number of rows in the inner table
have shapes such as hyperbolas. Assuming that the measured values can be approximated by a
hyperbolic curve from the shape of the distribution, they are analyzed using the concept shown
in Figure 6.4.

First, we introduced a dummy variable corresponding to the asymptotic line and take log-
arithms on both sides of the assumed hyperbolic equation to replace the variable. When this
process was applied to the measured values, it was observed that the graph in Figure 6.3(b)
was obtained, and as the coefficient of determination of linear regression was one, it could be
approximated by a straight line. Therefore, the number of executed instructions and the L11
hit rate can be approximated by hyperbolic curves.

Subsequently, we analyzed the graph of slope and intercept of the regression line in Figure 6.3
(b) by hyperbolic approximation similarly. As shown in Figure 6.3 (c), the slope, intercept,
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6. Feasibility Study of Creating Cost Calculation Formulas

and dummy variable (dm1) can be approximated by straight lines. Therefore, they can also be
modeled by hyperbolic functions.

Note. Each line means regression line. R2 means
coefficient of determination for each regression line.
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Figure 6.2.: Number of Instructions on NLJ and Regression Line

Figure 6.5(a) shows the relationship between the L11 cache miss ratio and the L2 cache hit
ratio limited to the instruction references. It can be observed that the L1I cache miss ratio
and the L2 cache hit ratio limited to the executed instructions can be linearly approximated
from the shape of the graph and the value of the decision coefficient obtained via regression
analysis.

Furthermore, the slope and intercept of the linear approximation formula obtained for each
number of records in the inner table can be approximated by a straight line as shown in the
graph on the right side of Figure 6.5(a).

Therefore, the formula to calculate the L2 cache hit ratio from the L1 cache miss ratio can be
obtained by substituting each linear approximation formula of the slope and intercept, which
is a function of the number of records of the inner table on the right side of Figure 6.5(a), for
the slope and intercept.

Subsequently, we describe the tendency of references to last-level cache (LLC) and main
memory. The LLC and main memory installed in the CPU socket on which the DBMS
is running are called local LLC and local main memory, respectively. The LLC and main
memory installed in the other CPU socket on which the DBMS is not running are called
remote LLC and remote main memory, respectively. The tendency of accesses to LLC and
main memory is shown in Figure 6.5(b)—-(e). The local LLC hit ratio can be approximated
by a straight line with respect to the L2 miss ratio. The Remote LLC hit ratio, the local
main memory access ratio and the remote cache access ratio have the same tendency as the
local LLC. On the other hand, Regression analysis of the slope and intercept of the linear
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approximation formula obtained for each number of records in the inner table reveals that
the determination coefficient of the intercept is approximately 0.3 and it cannot be said to be
approximated linearly.

Similarly, the remote LLC hit ratio and the local main memory reference rate (the ratio
of instructions obtained from the local main memory to all executed instructions) can be
approximated by a regression line with respect to the local LLC miss rate. However, when
the regression analysis is performed on the slope and intercept of the linearly approximated
expression against the number of rows in the inner table, the coefficient of determination is
small and it is difficult to conclude that it can be approximated by a straight line.

Therefore, in this study, it is determined whether it can be approximated by a straight line
with the magnitude of the decision coefficient, but as the criterion for determining whether it
can be approximated by a straight line varies from one study to another, a tentative intermediate
value of 0.5 is used as a criterion. Thus, modeling with a linear function is performed in the
cases where the coefficient of determination is 0.5 or more, and the average measured values
are used in the cases where the coeflicient of determination is less than this value. L2, LLC,
and main memory access case described above can be approximated by a straight line because
those coeflicients of determination are more than 0.5 in Table 6.2.

Table 6.2.: Coefficient of Determination of Regression Line of Instruction Access on NLJ

Records of Inner Table

1.50x 108 1.13x10®  7.50x 107  3.75x 107

L2 1.00 1.00 1.00 1.00
Local LLC 1.00 1.00 1.00 1.00
Remote LLC 1.00 0.97 0.96 1.00
Local Main Memory 0.84 0.90 0.95 0.64
Remote Main Memory 1.00 0.94 0.96 0.99

Subsequently, the measurement results related to data cache are described. The measurement
results of load instructions obtained for each number of records in the inner table can be linearly
approximated as shown in Figure 6.6(a). In addition, it can be observed that the slope and
intercept of these linear approximation equations can be linearly approximated to the number
of records of the inner table. Similarly, in the cases of Figure 6.6(b) to (f), the results
of the regression analysis of the measurement values on the left side have a coefficient of
determination of 0.99 and can be approximated by a straight line as shown in Figure 6.6(a).
The slope and intercept of these approximate lines were analyzed for the number of rows in
the inner table, as shown in the graph on the right side of Figure 6.6(b) to (f), where it was
observed that some slopes and intercepts are difficult to approximate with straight lines.

As the measurement results of L1D hit case have a hyperbolic distribution, the measurement
results are converted into logarithms like an L1I hit to create a graph (Figure 6.7(a)). These
measurement results are distributed on a straight line, but the slope and intercept are varied,
and the coefficient of determination is less than 0.5 (Figure 6.7(b)). Therefore, the average
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Figure 6.6.: Data Access Ratio of L2, LLC and Main Memory on NLJ
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values of slope, intercept, and dummy variable are used as it is difficult to determine whether
they can be approximated by linear regression.
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Figure 6.7.: Relation between Number of Inner Table Records and L1D Hit Ratio on NLJ

Figures 6.8(a) and (b) show the relationship between the sum of the product of the number
of instructions or data references and memory latency for each memory layer, i.e., cache miss
penalty and Cicachenmiss O Cpcacheace- In both cases, as the coefficient of determination obtained
via regression analysis is one, it can be approximated by a straight line. Figures 6.10(a) and (b)
show the relationship between the slopes of these straight lines and the number of records of the
inner table. We also model them using the decision criteria based on the decision coefficient.

For branch misprediction, as shown in Figure 6.9, it can be observed that a straight line
passing through the origin can be used for approximation. Regarding the slope of this regression
line, by analyzing the relation to the number of records in the inner table, the determination
coeflicient is 0.98 as shown in Figure 6.10(c). Therefore, the measurement results of branch
misprediction can be approximated by a straight line.

From the above discussion, Equations (6.1), (6.2), and (6.3) are obtained. The definitions
of parameters of the equations are listed in Table 6.3.

CnLJ icachemiss =IX(HporXLio+HrprcrXLirrci+Hrore X LroLe

+Hpymr X Ly +Hryrpr X Lrygr ) X (KO X Rp+S501)+ A0y (6.1)
where
I:(K02 XR]+502)XRO><P+(KO3 XR[+SO3)

s0sxR; K05 _ g1
aacial B

_ -K0* _ -
Hyjp=e S0Rm=d0 5 1 ~ 5% x R7K% + a2

Hi21=(K07XR;+S07)x(1—Hp 1)+ (K0g X R;+S0g)
Hyprcr= (K09 X R;+S809)X(1—Hp—Hpar)+ A0,
Hrrrcr=A03X(1—Hp—Hpop)+AO4

Hiypmr = AOsX(1=Hp —Hpor)+AOg

Herymr = AO7x(1=Hpj —Hyzp)+ AOg
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Figure 6.10.: Slope and Intercept of Regression Line of Data Access Cycles and Branch
Misprediction on NLJ

Cnrsmp={(K11XR;+S11)XPXRo} X Lyp (6.2)

CnLJ_DCacheAce = lioaa X (Hp1pX Ly +HpaopX L2+ HyppepX Lirrc +HRircr
X Lrrrc+Hpymmr X Ly + Hryamr X Lry ) X (K21 X Ry +524) (6.3)
where
Lipaa= (K27 XR;+82:)XRo X P+(K23XR;+S823)
Hpp=e " 21xI A% + A2,
Hpop=A24X(1-Hp1p)+(K24 XR;+524)
Hiprep=A2sx(1=Hpip—Hiop)+(K2s X Ry +52s)
Hrrrep=A26X(1-Hpip—Hr2p—Hiricp) +A27
Hiymp=A28X(1=Hpip—Hiop—Hprrep)+(K26 X Ry +526)
Hrymp =A210X(1=Hpip—Hiop—Hyrrcp)+A21

6.2.2. Measurement Results of HJ Build Phase

Figure 6.11 shows the graphs of instruction access and data access in the build phase of
HJ. As shown in Figure 6.11(b), the data reference has a constant value. This is because the
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Table 6.3.: Parameter Setting of NLJ

Slope Intercept Figure Focused Object

Number
KO SO 6.10(a) Regression line of slope
KO, S0, 6.2(b) Regression line of slope
KOs  S03 6.2(¢c) Regression line of intercept
K04 S04 6.3(d) Regression line of slope
KOs  SOs 6.3(d) Regression line of intercept
KOg SO¢ 6.3(d) Regression line of dummy variable
K0; 507 6.5(a) Regression line of slope
KOg SO0g 6.5(a) Regression line of intercept
K09 S09 6.5(b) Regression line of slope
K1y S14 6.10(c) Regression line of slope
K2y $2 6.10(b) Regression line of slope
K2, 82, 6.6(a) Regression line of slope
K23 8§23 6.6(a) Regression line of intercept
K24 S24 6.6(b) Regression line of intercept
K25 825 6.6(c) Regression line of intercept
K2 826 6.6(e) Regression line of intercept
Parameter Figure Object
Number
A0 6.12(a) Average of intercept
A0y 6.5(b) Average of intercept of local LLC
AO03 6.5(c) Average of slope of remote LLC
AQy 6.5(c) Average of intercept of remote LLC
AO5 6.5(d) Average of slope of local main memory
AOg 6.5(d) Average of intercept of local main memory
A0y 6.5(e) Average of slope of remote main memory
AOg 6.5(e) Average of intercept of remote main memory
A2y 6.7 Average of intercept
A2, 6.7 Average of slope
A23 6.7 Average of dummy variable
A2y 6.6(b) Average of slope
A2s 6.6(c) Average of slope
A2q 6.6(d) Average of slope
A27 6.6(d) Average of intercept
A2g 6.6(e) Average of slope
A29 6.6(e) Average of intercept
A219 6.6(f) Average of slope
A2q; 6.6(f) Average of intercept
d0 6.3(d) Dummy variable of slope
dl 6.3(d) Dummy variable of intercept
d2 6.3(d) Dummy variable of dm1
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entire outer table is scanned even if the selectivity changes, and hence, the data access amount
does not change. Considering that the number of records in the outer table is proportional to
the number of data references, in this study, the intercept of the HJ cost calculation formula is
expressed by a linear expression with respect to the number of records in the outer table. The
instruction access increases with the increase in the selectivity because of the increase in the
registration to the hash table.
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Figure 6.11.: Number of Instruction References and Data References in Build Phase of HJ

Cauild_Icacheiss 1S modeled by its average value because the coefficient of determination of
linear regression analysis of the instruction miss penalty and Cgyiig_1cacheiss 1S small (Fig-
ure 6.12(a)).

6.2.3. Measurement Results of HJ Probe Phase

In Figure 6.13(a), the graph of the number of instruction accesses to the memory of any
memory hierarchy is a straight line passing through the origin as in the NLJ. The number of
data references is almost constant similar to that in the HJ build phase (Figure 6.13(b)).

As the inner table access is also a table scan, the data access in the probe phase has the same
tendency as that in the build phase. Regarding instruction access, if the selectivity of the outer
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Figure 6.12.: Slope and Intercept of Regression Line of Data Access Cycles and Branch
Misprediction in Build Phase of HJ

table is zero, i.e., if there is no record to be searched, the graph of instruction access can be
approximated by a straight line passing through the origin.

The instruction miss penalty and Cpope_1cachemiss €an be approximated by a straight line to
the selectivity (Figure 6.14(a)). Similarly, for Cpyope DCachece, the coefficient of determination
is one from the result of regression analysis of the total data reference (total data access),
and it can be approximated by a straight line (Figure 6.14(b)). Similarly, Cpop._mp can be
approximated by a straight line to the selectivity as shown in Figure 6.14(c).

Based on the above considerations, the cost formula for HJ is expressed in equations (6.4),
(6.5), (6.7), (6.8), and (6.9). The number of inner tables when measuring CPU events is given
by Ro rer. Table 6.4 shows the definitions of variables.

CBuild_ICacheMiss =A37x (RO/RO_ref) (64)

CProbe_ICacheMiss = [K31 X {(K32XP+S32)XLL2
+(K33 XP+S33)XLLLLC+(K34><P+S34)><LRLLC
+(K35XP+535)X Ly +(K36XP+S536)X Ly

+831]X(Ro/Ro_ref) (6.5)
CBui[d_Mp:K39XPXR0+S39 (66)
Cpmbe_Mp:K37XPXRO+S37 (67)
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Figure 6.13.: Number of Instruction References and Data References in Probe Phase of HJ
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Figure 6.14.: Slope and Intercept of Regression Line of Data Access Cycles and Branch
Misprediction in Probe Phase of HJ

CBuild_DCacheAcc =A3gX (RRO/RO_ref) (6.8)

CProbe_DCacheAcc = {K38 X(A3l XLp1+A32XLpo
+A33XLLLLC+A34><LRLLC
+A35XLLMM+A36XLRMM)+S38}><(Ro/Ro_ref) (6.9)
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Table 6.4.: Parameter Setting of HJ

Slope Intercept Figure Number  Focused Object
K34 S3; 6.12(a) Regression line
K3, S35 6.13(a) Regression line of 1.2
K33 S35 6.13(a) Regression line of local LLC
K34 S34 6.13(a) Regression line of remote LLC
K35 S35 6.13(a) Regression line of local main memory
K36 S36 6.13(a) Regression line of remote main memory
K37 S35 6.14(c) Regression line of branch misprediction
K3g S3g 6.14(b) Regression line
K39 S39 6.12(¢c) Regression line
Other Figure Number  Focused Object

A3 6.13(b) Average of L1D

A3, 6.13(b) Average of L2

A3 6.13(b) Average of local LLC

A3y 6.13(b) Average of remote LL.C

A3s 6.13(b) Average of local main memory

A3g 6.13(b) Average of remote main memory

A3 6.12(a) Average

A3g 6.12(b) Average
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6.3. Evaluation of Cost Calculation Results

For the three combinations of the Customer table and Order table, Supplier table and
Lineitem table, and Part table and Lineitem table, which are combinations of two tables in
which relations are set and whose capacity is large, from the table of TPC-H evaluate accuracy,
the measured values used for parameter setting of the cost calculation formula are the actual
values measured when joining the Customer table and the Order table and for the remaining two
combinations, the cost calculation is performed using only the number of rows and selectivity
of the table. To compare the execution time of the query, the actual I/O processing time is
added to the CPU cost calculated using the proposed method as the predicted value of the
proposed method. The memory latency refers to the literature [52].

The cost (“proposed” in Figure 6.15) calculated using the above method and the actual query
processing time of the DBMS (including both CPU and 1/0) were compared (Figure 6.15 (a),
(c), (e)). Furthermore, the actual query processing time and the costs which is described
as “conventional” in Figure 6.15 and obtained from the cost calculation formula of the open
source DBMS in Equation (2.1), (2.2), and (2.3) are also compared. However, as HJ is not
supported in the existing method, it is considered as a sum of single-table scans of the outer
and inner tables. The task set in this study is to determine the cross point of NLJ and HJ
graphs accurately in determining the join method. In the cases evaluated here, the accuracy
improvement ratio AIR is given by the following equation (6.10).

| Sproposed - Smeasured |

AIR = (6.10)

|Sconventional — Smeasured |
where Sp,,posea s selectivity of the cross point obtained by the proposed cost calculation
method, Syeqsurea 1 selectivity of the measured cross point, and Sconvenionar is selectivity of the
cross point obtained by the conventional cost calculation method.

The accuracy improvement ratio AIR is an index showing how close the cross point obtained
by the proposed cost calculation method is to the measured cross point in comparison with the
cross point by the conventional method. It is found that the difference between the predicted
cross point and the measured cross point was less than 1073 (0.1%) selectivity, and the proposed
method could estimate the cross point with 83% to 94% accuracy improvement ratio AIR in
Table 6.5. Improvement of prediction accuracy was achieved compared with accuracy of the
conventional method.

Table 6.5.: Difference of Cross Point and Improvement Ratio

Join tables C-O0 P-L S-L
Conventional method ~ 1.5x1072 3.5x1073 2.2x1073
Proposed method 5.0x1074 6.0x1074 1.4x1074
Improvement ratio AIR ~ 97% 83% 94%

Note: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier

In the conventional model mentioned above, it is assumed that the unit cost of CPU is
CPR = 0.2 and that of I/O is CPIO = 1, which are the default defined values. However,
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Figure 6.15.: Comparison of Measured Results, Proposed Cost Model and Conventional Cost
Model
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considering the CPU unit cost means CPU cycle time or memory access latency and the I/O
unit cost means I/O access latency, it is not reasonable that the unit cost of CPU is 0.2 and
that of I/O is 1 because DB administrators can tune parameters about cost calculation for
optimizing queries. Therefore, we evaluated the case in which the unit cost of CPU is the ratio
of CPU cycle time and measured 1/0 latency (CPR = 3 x 107 = (1/2.13GHz)/154ms) and
the case in which the unit cost of CPU is the ratio of main memory latency and measured I/O
latency (CPR = 6 x 10™* = 100ns/154ms). These conventional model are called the updated
conventional model below. The results of joining two tables, customer and orders (C-O),
supplier and lineitem (S-L), part and lineitem (P-L) are shown in the Figure 6.16(a)(b)(c).

Table 6.6 shows that the difference between estimating cross point using the unit cost
considering CPU cycle time or main memory latency measured cross point are smaller than
that of the default CPU unit cost case. However, the difference between the cross point estimated
by proposed method and the measured cross point is smaller than updated conventional method
with 71% to 94% accuracy improvement ratio. Therefore, our proposed cost calculation method
can be estimated cross point more accurately than the default method.

Table 6.6.: Difference of Cross Point and Improvement Ratio with Updated Conventional

Method
Join tables C-0O P-L S-L
CPU cost parameter type MEM MEM MEM
Updated conventional method 1.8x1073 2.1x1073 2.5x1073
Proposed method 5.0x1074 6.0x1074 1.4x1074
Improvement ratio AIR 72% 71% 94%

Notel: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier
Note2: MEM is main memory latency.

6.4. Discussion

In this study, We proposed the cost calculation method based on CPU statistical information
for optimizing database queries and evaluated its effectiveness using a large database. It
is found that our proposed cost calculation method can estimate the cross point closer than
the conventional method to the measured value. As the evaluation environment, the TPC-
H benchmark database is used for the evaluation of the proposed method. TPC-H has an
advantage in that it is easier to analyze the evaluation result because the distribution of data is
uniform. However, actual data have a bias in the distribution of attribute values. In the cost
calculation formula obtained in this study, the cost is determined only by the selectivity, and
the same measurement result can be obtained if the selectivity is the same, regardless of the
distribution of the data. The accuracy of the cost calculation formula in this study depends
on the accuracy of the selectivity. As a general DBMS acquires attribute values and their
distribution information in a database in the form of a histogram at the time of loading data,
the proposed method can be applied to an actual DBMS easily.
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Figure 6.16.: Comparison of Measured Results, Proposed Cost Model and Conventional Cost
Model Considering CPU Cycle Time or Main Memory Latency
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In addition, as the present technique sets parameters of the cost calculation formula based
on measurement, it is difficult to deal with various patterns such as the presence or absence of
indexes and complicated queries. Although we focused on the operation of all CPUs here, it is
necessary to improve accuracy using a model with fewer parameters for a practical application.

6.5. Conclusion of Feasibility Study

For database query optimization, we proposed a cost calculation method focusing on CPU
architecture and presented the proposal and evaluation of a cost calculation formula reflecting
the actual measurement result. In the cost calculation method, CPU processing time is classified
into three types based on the characteristics of instruction processing. Subsequently, CPU
cost calculation formulas using actual measurement values are obtained. In the evaluation
experiment, the difference between the selectivity at which the join method is switched based
on the obtained cost formula and the selectivity at actual measurement is less than 0.1% in the
selectivity of the data. Consequently, the proposed cost calculation method can calculate the
cost with high accuracy. The appropriate join method can be selected by applying the proposed
method in this study, and the possibility of reducing the risk of unexpected query execution
delay to users of DBMS was obtained.
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7. Measurement-based Cost Estimation
Method for Multi-Table Join Operation

In chapter 6, it was found that the proposed measurement-based cost calculation method can
improve accuracy of cost in the case of two table join. In this chapter, the proposed method is
generalized so that it can be applied to multiple-table joins. In addition, the database size is
required to be smaller than that of Chapter 6 to shorten the measurement time of CPU statistical
information for minimizing database administrator’s operation cost. Therefore, we extend the
measurement-based cost calculation method to support multi-table join using measured data
on small database.

Moreover, in query optimization, not only the join method but also the order of the tables
to be joined is determined. In this study, the join operation is performed by the left-deep join
tree [53] because MariaDB uses the left-deep join tree for query optimization. The left-deep
join tree has the feature that the amount of memory usage is small, and the join operation is
completed in one-pass. However, when executing small size of query, performance of bushy
tree is better than liner tree such as left-deep and right-deep tree, and when executing query
parallel, performance of right-deep-tree is better than left-deep-tree [54]. Therefore, it is one
of our future work whether or not the proposed method can be widely applied in various join
trees.

In general, in query optimization, combinations of tables and the order of joining the tables
are created under the condition of having the same attributes to each table, and their costs
are calculated. Then, the combination with the smallest cost among them is selected. In this
study, we compare the actual processing time in the case of joining two or more tables with the
cost calculated using our proposed cost calculation method. We verify that our proposed cost
calculation method can optimize join operation thereby finding the minimum query execution
time case.

7.1. Proposal and Verification of Measurement-based Cost
Estimation Method

7.1.1. Measurement of Parameters for Creation of Cost Formula

To obtain the parameters in Table 5.1, actual measurements were made. The measurement
environment is listed in Table 7.1. We used Westmere CPUs as they have the same architecture
as Nehalem. The servers are equipped with two CPUs. The main memory is connected to
each CPU. The memory connected to one CPU is called the local memory, while the other is
called the remote memory. In general, such a memory architecture is known as non-uniform
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memory access (NUMA). The latencies of the local and remote memory are different. In this
study, main memory modules are installed in only one CPU to simplify the examination of
measurement results. An NVM Flash SSD was used as a disk device to store the database to
improve the experimental efficiency. We used the open-source MariaDB [51] as the DBMS as
it supports multithreading and asynchronous I/O, can utilize the latest hardware characteristics,
and supports multiple join methods. Specifically, the NLJ supported by MariaDB is a block
NLIJ, which is an improvement of the NLJ. However, under the conditions of the query and
index used in this study, it behaves like the general NLJ. The version of MariaDB used in
this study does not select the effective join method automatically; it is specified based on the
configuration parameters.

Table 7.1.: Parameter Measurement Environment

CPU Xeon L5630 2.13 GHz 4-core, LLC 12 MB [Westmere-EP]) x2

Memory DDR3 12 GB (4 GB x3) physically attached to only one CPU

Disk (DB) PCle NVMe Flash SSD 800 GB x1 (Note: maximum throughput suppressed by server’s PCle
I/F(ver.1.0a), about 1/4 of max throughput)

Disk (OS) SAS 10,000 rpm 600 GB, RAIDS (4 Data + 1 Parity)

(0N} CentOS 6.6 (x64)

DBMS MariaDB 10.1.8 with InnoDB storage engine (Note: storage engine’s buffer cache size is scaled
to be 1 TB if database size is SF 100 TB.)

The query to be evaluated and its measurement conditions are shown in Figure 7.1. In the
SQL statement, we modified Query 3 of TPC-H for an evaluation of two-table join and extracted
only join processing (Figure 7.1(a)). The order of joining tables is shown in Figure 7.1(b). This
query access path is generated by MariaDB. The database size is scale factor (SF) 5 defined
in the TPC-H specification. SF5 means that the total size of the database is 5 GB. In order to
apply the proposed technology to the actual system, we used small-scale data to minimize the
measurement time. The indices of the database are created on the primary keys and the foreign
keys which are defined in the specification of TPC-H [5].

We changed the search conditions of the query against the ¢_acctbal column of the outer
table in order to change the selectivity of the data to be referenced (Figure 7.1(c)). As for NLJ,
the selectivity and number of records of the inner table were changed (Figure 7.1(c) and (d)).
The purpose of changing the selectivity is to change the total number of records accessed by
the DBMS. The purpose of changing the number of records of the inner table is to change the
number of records that have the same key as the record selected from the outer table. This
means changing the length of the linked lists that have the key to join with the inner table. As
for HJ, only the outer table was accessed in the build phase, and the number of records of the
outer table was changed (Figure 7.1(e)). In the probe phase, only the inner table was accessed,
and the number of records of the inner table was changed (Figure 7.1(d)). In order to accurately
measure the CPU events of the build phase, the empty inner table (Figure 7.1(f)) was used
for joining with the outer table. In order to measure CPU events without affecting DBMS
behavior, the CPU events that occurred during the probe phase are measured as follows:
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(Number of CPU events during probe phase)
=(Number of CPU events during total query execution)
— (Number of CPU events during build phase) (7.1)

For the combination case, the query and its measurement conditions are shown in Figure 7.2.
This query is based on Query 3 of TPC-H. The order of joining tables is shown in Figure 7.2(b).
This query access path is generated by MariaDB. The search condition and selectivity of the
outer table are shown in Figure 7.2(c). This condition is used for modeling Figure 4.2(c-1). In
addition, the search condition and those of the inner tables are shown in Figure 7.2(d). This
condition for the inner tablel and the inner table2 was used for modeling Figure 4.2(c-2). The
search condition (e) in Figure 7.2 was introduced to accurately measure instructions, LOAD
instructions, and branch mispredictions because we found that these events were more highly
affected than other events through our preliminary experiment.

The CPU performance counter data was collected using Intel® Vtune™ Amplifier XE. We
refer to Levinthal (2009) [44] for a description of the content of those counters. The measured
data is mainly related to the number of accesses to the cache and main memory, the state of
the pipeline such as the number of stall cycles, and the number of cache hits or misses. All of
the counters and the methods of preprocessing them are presented in Table A.1, A.2 and A.3
in Appendix A.2.

It is necessary to analyze not only CPU time but also I/O operation time to estimate the
whole execution time of a query as shown in Equation 2.1. We measured the I/O count and
response time using systemtap and constructed the I/O cost calculation formulas by analyzing
the relation between I/O and the selectivity or number of records.

7.1.2. Measurement Results and Cost Calculation Formulas of Join
Operation

In this study, we investigate the relationships between selectivity, number of instructions,
number of events related to memory reference, and number of branch mispredictions. For
NLJ, the number of instructions and number of memory references are expected to increase
because the number of records accessed by the DBMS increases in proportion to the increase
in selectivity. Based on the assumptions, we now analyze the measurement results and create
formulas using linear regression. For HJ, all of the records of the outer table and inner table
were accessed in both the build phase and probe phase. The cost formulas were assumed to not
have selectivity as a variable; we analyzed the measurement results based on this assumption.
For the combination of HJ and NLJ, the combination build phase was considered to be the same
as the build phase of HJ. We investigated the relationships between the number of selected
records from the outer table, number of records in the inner tables, and number of CPU events.

The CPU cost calculation formulas were obtained through the following steps. First, the
number of instructions, references of each cache memory, and main memory and branch mis-
predictions were analyzed using regression analysis, and the regression models were created.
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(a) SQL

(b) Access Path

select count(*)
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and c_acctbal > N
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/
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customer ™y Condition 1

(Outer Table)

N 9998

9978 9798 9200 9000

Selectivity Po (Condition 1) | 3.62x107

4.00%10* | 3.67%x10° | 1.45x102 | 1.82%x10°

(d) Condition of Inner Table

| Number of Records in Inner Table | 7,500,000 | 5,625,000 | 3,750,000 | 1,875,000 |

(e) Condition of Outer Table

| Number of Records in Outer Table |

750,000 | 562,500 | 375000 | 187,500 |

(f) Condition of Inner Table for Measuring Build Phase

Number of Records in Inner Table

7,500,000 | 5,625,000 | 3,750,000 [ 1,875,000

Number of Records in Outer Table

0

Figure 7.1.: Target Query of Measurement and Cost Estimation for Two-table Join
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(a) SQL (b) Access Path

select count(*) _ . Ycount(*)
from customer, orders, lineitem Join method is G-
manually set. —
Where | Condition 3
c_mktsegment = 'MACHINERY" Conditi D_q
_ ondition 1 o_orde&ey—l \orderkey

and c¢_acctbal > N . \_
and c¢_custkey = o_custkey 6 lineitem
and | orderkey = o_orderkey — )Pq \\\(Inner Table 2)
and o_orderdate < date '1995-03-06) C_Cusﬂi =0_C$tk€}”
and | shipdate > date '1995-03-06';

} Condition 3 (|5 orders

(Inner Table 1)

customer . —
(Outer Table)

(c) Selection Condition and Selectivity

N 9998 9978 9798 9200 9000
Selectivity Po (Condition 1)| 3.62x10° | 4.00x10* | 3.67x10° | 1.45%10% | 1.82x10?
Selectivity Pj; (Condition 2) 0.482 0.482 0.482 0.482 0.482

(d) Condition of Combination Probe phase
Number of Records in Inner Tablel 7,500,000 | 5,625,000 | 3,750,000 | 1,875,000
Number of Records in Inner Table2 37,500,000
(e) Condition of Combination Probe phase for Instruction,
LOAD Instruction and Branch Misprediction Events
Number of Records in Inner Tablel 7,500,000 | 5,625,000 | 3,750,000 | 1,875,000
52,500,000

Number of Records in Inner Table2 37,500,000
22,500,000

Figure 7.2.: Target Query of Measurement and Cost Estimation
for Three-table Join
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In addition, the relationship between the sum of the product of the references to each memory
and its latency, and Cicachemiss (3.7) and Cpcacheace (3.10) were modeled. Here, Cyp (3.8)
was obtained from the product of the number of pipeline stages of the front-end, which is 12
in Nehalem, and the number of mispredictions from the measurement results. Each value of
memory latency is referred from [44,55]. The number of disk I/O was modeled using the
measured I/O access count and I/O response time. Finally, the cost calculation formulas were
evaluated from the viewpoint of the accuracy of intersection of the two join methods (Xcyoss in
Figure 1.2) with the conventional method.

Figure 7.3(1) shows the relationship between the number of records the DBMS accessed and
load instructions. Figure 7.3(7) shows the relationship between the total number of accessed
records and number of instructions. The number of accessed records is the product of the
number of outer table records, number of inner table records, and selectivity. The dotted line
is the linear regression line, and its slope and intercept are listed in Table 7.2. The coefficient
of determination (Rz) is near 1 and the P value on the F test is less than 0.05. Therefore,
the linear regression model is highly accurate. The slope and intercept were used to create
the cost calculation model. Figures 7.3(2) and (8) show the relationship between the number
of instructions executed by the DBMS and the number of L1 cache hits. Figures 7.3(3)—(6)
and (9)—(12) show the relationships between the number of accesses to L2, LLC, and main
memory, and the number of cache misses of the upper-level cache. These relationships can be
linearly approximated because each R? is near 1 and each P value is less than 0.05 in Table 7.2.
In this work, a two-CPU server was used and the LLC and main memory were connected to
each CPU. The LLC and main memory of the CPU on which DBMS threads are running are
called the local LLC and local main memory. The others are called remote LLC and remote
main memory. The upper-level cache is the local LLC. There are no references to the remote
main memory because the main memory is connected to only one CPU in our experimental
environment. Figure 7.3(13) shows the relationship between the number of records accessed
for the join operation and the branch misprediction cycles Cyp. Figure 7.3(14) shows the
relationship between the product of the number of instruction accesses and latency, and the
L1I miss cycles (miss penalty), Crcachemiss- Figure 7.3(15) shows the relationship between the
products of the number of data accesses and latency, and the data cache and main memory
access, CpcacheAcc- Bach graph can also be approximated by a regression line because each R?
is near 1 and each P value is less than 0.05 in Table 7.2.

Figures 7.4(1)—(15), Figure 7.5(1)—(15) and Figures 7.6(1)—(15) show the tendency of in-
structions, cache or main memory accesses, branch misprediction cycles, instruction cache
miss cycles, and data cache access cycles. These events tend to be similar to those of the NLJ.
The dotted line is the linear regression line, and its slope and intercept are shown in Table 7.2
and Table 7.3. The coefficient of determination (R?) is near 1 and the P value on the F test
is less than 0.05. Therefore, the linear regression model is highly accurate. The slope and
intercept are used for creating the cost calculation model.

In particular, the slope of the regression line in Figures 7.3(2)-(5) and (9)-(11); Fig-
ures 7.4(2)—(5), (9)—(11), Figures 7.5(2)—(5), and (9)—(11); and Figures 7.6(2)—(5) and (9)-
(11) represents the cache hit rate because the definition of cache hit rate is the quotient of the
number of cache hits and number of cache references, and the upper-level cache miss becomes
the lower-level cache reference.
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Number of Inner Table Records
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Figure 7.3.: CPU Event Count on Executing NLJ
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In this study, the number of cache hits is chosen as an explanatory variable, as shown in
Figure 7.7(a), which is the same graph as that in Figure 7.3(8). In general, the cache hit ratio is
more often used for modeling CPU memory access than the number of cache hits. However,
the cache hit ratio graph (Figure 7.7(b)) has a hyperbolic shape. The CPU cost calculation
function should be simple in order to apply a simple formula to the actual DBMS. In addition,
the reason why the cache hit ratio graph has a hyperbolic shape is explained by the following
expressions (7.2) and (7.3).

Number of Inner Table 1 (Orders) Records
4 7,500,000 5,625,000 A3,750,000 X 1,875,000
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Figure 7.7.: Problem of Modeling Cache Hit Ratio
The regression line of Figure 7.7(a) is
My =AXI + B, (72)

where A and B are the slope and intercept of a linear regression on the two table join in
Figure 7.1, respectively. The cache hit ratio is obtained by dividing the number of cache hits
by that of instructions. Therefore, the cache hit ratio (7.3) is obtained by dividing both sides
of (7.2) by 1. The equation 7.3 is a hyperbolic.

(L1I Hit Ratio) :A+§, (7.3)
In order to apply the two-table join calculation model to three or more tables, it is necessary
to estimate the total number of accessed records in the inner tables (Figure 4.1(a), Figure 4.2
(c-2)). As shown in Figure 7.8, the number of accessed records in inner table1 is R;oxPoXxr sk
where rskq is ratio of Ry; to Ry (7.4). If R;; < Ryg, then rsko = 1 because the number of
accessed records in inner tablel is as large as the references from the outer table. The number
of references from inner table1 to inner table2 is RjoXPjoxrskox Py Xxrsk,. Therefore, the total
number of accessed records in the inner tables is (R;oXPjoXxrsko)+(RjoXProXrskoxPrixrsky).
Based on the above, we introduce rsk and R; ;51qi(n), which are written as (7.4) and (7.5).
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Figure 7.8.: Simple Example of Number of Records
Having the Same Key Value (rsk)

Ry;
= Ry>max{Ryy j=01,--,i—1
rski=A Ry max{Ry(), j i—1} (7.4)
1 Ry < max{Ry;, j=0,1,---,i-1}
where Rjp=Ro
n j-1
Ri oty =Rox )" | | (rskixPr) (7.5)

j=1 i=0

where n of R ;514(n) means the number of inner tables to join.

In the combination probe phase, multiple inner tables are traversed with the key of the records
in the hash table. In general, the height of the index is approximately 3 to 4 as more than 100
records are registered in each node of the B+ tree. When the cost calculation equations are a
function of only the accessed records in the inner tables, the traversing records among nodes
and inside nodes can be considered as constant and omitted from the cost calculation model.
However, in order to consider the scan of the hash table at the same time, it is necessary to
consider both index height and records having the same key. Therefore, in the combination
probe phase, RC; 1p1qi(n) was introduced to construct a cost calculation formula. RCj spsq(n)
is given by (7.6) as follows:

N
~.
|
—

rskj+1
RCy sotai(ny = Ro X (rsk;x Pr)x|log:(Ry)+ > +1 (7.6)
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where ¢ is the number of entries stored in an index page. ¢ is 100 because the B+ tree index
stores more than 100 records in an index page. (rsk;+1)/2 is the expected value of the number
of traversing pointers from each leaf node of the index page.

The number of instructions, LOAD instructions, and branch mispredictions in the NLJ and
combination probe phase are proportional to the number of referenced records in the inner
tables (Figure 7.3(1)(7)(13) and Figure 7.6(1)(7)(13)).

Based on the above considerations, the formula for calculating the cost of the join methods
is

I=A1XR+Bl1 (7.7)
My =A2%xI1+B2 (7.8)
ML2]=A3X(I—ML1])+B3 (79)
Myrrcr=A4X(I=Mpi —Mjzr)+B4 (7.10)
Mprrci=ASX(I=Mpii—Mpor—Miricr)+B5S (7.11)
Mpymr = A6X(I=Mpjj—Mp2i—Mpiicr)+B6 (7.12)
Lioug = ATXR+BT (7.13)
Mjip=A8XI1,uq+B8 (714)
ML2D2A9X(I—ML1D)+B9 (715)
Myrcp=A10%(I1— My p—Mpap)+B10 (7.16)
Mgprrcp=A11X(I-Mpip—Mi2p—Mirrcp)+B11 (7.17)
Mpymp=A12X(I=Mp;p—Mi2p—Myrrcp)+B12 (7.18)
Cicachemiss=A13X(MporX L2 +MrrrcrX Liric

+MpgirciX Lrioc+Mpymr X Liym) + B13 (7.19)

CpcacheAce=A14X(MpipX Lpj+MpapX Lio

+MrrrepX Lirpc+MproepX Lrrre

+Miymmp X Liym )+ B14 (7.20)
Cyp=A15xXR+B15 (7.21)
where

RI_lotal(n) NLJ

Ro HJ build phase and
R= combination build phase
R, HIJ probe phase

RCy toai(ny Combination probe phase.

The cost calculation formulas ((3.11), (7.7)—(7.21)) can become the following single formula
by focusing on R ( (7.22), (7.23), (7.24)). This formula suggests that our approach means
estimating an accurate unit CPU cost per accessed record.

Crotal=aXR +pB (7.22)
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where

a=A1XA13X(LyxA3%(1-A2)
+LipcXA4X(1-A3-A2+A2XA3)
+LprcXASX(1-A2—A3+A2XA3-A4+A3x A4
+A2XA4—-A2X A3X A4)
+ Ly XA6X(1—A2—A3+A2X A3—-A4+A3x A4
+A2XA4—-A2X A3X A4))
+ATXA14X (L X A8+A14X L2 X(A9—A8XA9)
+ L1 rcxA10X(1—A9— A8+ A8% A9)
+LprcXA11X(1—A8—A9+A8X A9—A10+A9XA10
+A8XA10—-A8x A9%x A10)
+ Ly X A12Xx(1-A8—A9+A8XA9—-A10+A9Ix A10
+A8XA10—A8xA9%XA10))+Al5 (7.23)

B=A13X(Liyx(—A3xB2+B3)
+LippcX(—A4Xx B2+ A3XA4X B2—A4x B3+ B4)
+LprrcX(—A5XB2+A3x A5XB2—A5%B3
+A4XASXB2—-A3XA4x A5X B2+ A4x A5 B3
—A5X B4+ BS)

+ Ly X(—A6XB2+A3XA6XB2—A6X B3+ A4
XA6XB2—-A3XA4xX A6X B2+ A4x A6X B3—A6X B4
+B5))+A14X% (L XB8+ L X(—A9Xx B8+ B9)
+Li11cX(—A10xB8+A9x A10Xx B8—A10x B9+ B10)
+LrrpcX(—A11xB8+A9xA11xB8—A11xB9
+A10xA11xB8—A9xA10xA11xB8+A10xA11XxB9

—Al1xB10+B11)

+ Ly X (—A12XxX B8+ A9XA12xB8—A12X B9
+A10XxA12XxB8—A9XA10xA12xB8+A10xA12%x B9
—A12xB10+B11))+B13+B14+B15 (7.24)

Table 7.2 lists the definitions of the parameters given in (7.7)—(7.21) for NLJ and HJ. the
calculation formula of the number of disk I/Os was created using the regression line shown in
Figure 7.9(a).

Since all the records of outer table are accessed in NLJ, if the size of outer table is larger than
the buffer cache size of DBMS, the characteristics of I/O access are changed by increasing the
number of buffer cache misses. Therefore, changing the order of the tables to join so that the
size of the outer table become larger than the buffer cache size, to investigate the tendency of
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I/O accesses and create a model of I/O by linear regression. The I/O access tendency is shown
in Figure 7.10.

The measured I/O response time (io_response_time) was 154 us. The I/0 cost of NLIJ is as
follows:

io_cost= (A 16X R} so1ai(n)+B1 6) Xio_response_time. (7.25)
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Figure 7.9.: Number of Disk I/Os and Disk I/O Processing Time Ratio while Joining
Customer Table and Order Table by NLJ and HJ

However, in the case of HJ, the ratio of the processing time of disk I/O and the query execution
time of HJ was less than 1% in Figure 7.9(b). The cost calculation formula is composed of
only the CPU cost and disk I/O cost. In order to apply in-memory databases (Figure 1.1(b)),
it is sufficient to change the disk I/O latency to the latency of the memory based disk.

In the combination probe phase, the calculation formula for the number of disk I/Os was
created using the multiple regression line shown in Figure 7.11. The 1/O cost of combination
probe phase is as follows:

n
io_cost=(A1TXR; X P+ A18X Ry XZ rsk;+B17)Xio_response_time (7.26)
i=2

The regression models for the combination join are also expressed by the same equations,
(7.7)—(7.21), as the two-table NLJ and HJ. Table 7.3 lists the definitions of the parameters.

To evaluate the cost calculation formulas, we used a larger TPC-H database than the database
used for measurement (SF100), and chose a combination of the following two tables, Customer
and Orders, Supplier and Lineitem, and Part and Lineitem. In addition, in order to evaluate
the join of more than two tables, the following combinations were chosen: (Customer, Orders,
Lineitem), (Supplier, Lineitem, Part, Orders, Customer), and (Part, Lineitem, Supplier, Orders,
Customer). In the five-table join case, the STRAIGHT_JOIN query hint was used to keep the
join order of tables. Detailed measurement conditions are shown in Appendix A.1. The
parameter setting of the cost calculation formulas was generated from the measurement values
when joining Customer and Orders in Appendix A.2, whose size is SF5.
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select count(*)
from
customer
STRAIGHT_JOIN orders
where
c_mktsegment = "MACHINERY"
and c_acctbal > parameters
and c_custkey = o0_custkey
and o_orderdate < date "1995-03-06";

select count(®)
from
orders
STRAIGHT_JOIN customer
where
c_mktsegment = "MACHINERY"
and c_acctbal > parameters
and c_custkey = o_custkey
and o_orderdate < date "1995-03-06";

parameter € (9998, 9978, 9798, 9498,

(a) Nested loop Join Case 1

9398, 9200, 9000, 8000, 7000)
(b) Nested Loop Join Case 2

6E+6 - —
..(‘% Note: Dotted lines are regression lines.
Q 5E+6 | ) -
o Nested Loop Join (b) o
& 4E+6 | Outer Table: Orders _-
o Inner Table: Customer iug
f 3E+6 | LT,
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z PRI WESTIPIID @uereerereesmre
0E+0 W....I... [a] ) .
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Number of Accessed Inner Tables Records

(c) Difference in Number of I/O Requests When Joining
in the Different Order of Tables

Figure 7.10.: Difference of Number of Disk I/Os in Joining Table Size by NLJ
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Figure 7.11.: Number of Synchronous Disk I/O Count during Combination Probe Phase
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Table 7.2.: Slope and Intercept of the Regression Models

Slope Intercept P value
Type (Regression Coeficient) (Regression Constant) R2 on F test Reference
NLJ Al 1.745%10° Bl 1.64x10° 9.99x10~! 1.30x1072° Figure 7.3(1)
A2 9.80x107! B2 1.26x107 1.00 2.18x1078 Figure 7.3(2)
A3 8.08x107! B3 2.68x10° 1.00 2.91x10740 Figure 7.3(3)
A4 8.32x107! B4 5.23x10% 1.00 3.93x107% Figure 7.3(4)
A5 7.43x107! B5  —1.18x10° 1.00 3.77x10734 Figure 7.3(5)
A6 2.58x107! B6 1.18x10° 9.98x107! 7.05%10726 Figure 7.3(6)
A7 2.46x10% B7 4.63x108 9.99x10~! 5.97x107! Figure 7.3(7)
A8  9.72x107! B8  7.05x10° 1.00 3.85x10733 Figure 7.3(8)
A9 4.34x107! B9 1.95%10° 9.99x10~! 5.17x10728 Figure 7.3(9)
A10  9.44x107! B10 -2.87x10% 1.00 2.06x107%4 Figure 7.310)
All  7.61x107! Bll  —-4.84x10* 1.00 2.80%10733 Figure 7.3(11)
A12  2.39x107! B12  4.84x10% 9.98x10~! 3.10x10726 Figure 7.3(12)
Al3  5.45x107! B13  1.41x108 9.98x107! 1.21x107% Figure 7.3(13)
Al4  8.59x107! Bl14 -1.25x10° 9.67x107! 9.00x10~13 Figure 7.3(14)
Al5  2.90x103 B15  2.40x107 9.90x10~! 1.35x10719 Figure 7.3(15)
HJ Al 2.05x103 Bl 1.58x107 1.00 4.21x107%0 Figure 7.4(1)
Build A2  9.88x107! B2  2.53x10° 1.00 2.19%1076! Figure 7.4(2)
A3 9.71x107! B3 ~7.48x10% 1.00 1.79%10~% Figure 7.4(3)
A4 9.19x107! B4  -6.57x10* 9.99%107! 7.76x1073! Figure 7.4(4)
A5 3.32x107! B5 -1.64x10% 9.29%10"! 8.38x10712 Figure 7.4(5)
A6 6.68x1071 B6 1.64x10% 9.82x107! 4.49%10717 Figure 7.4(6)
A7 6.10x10? B7  2.85x10° 9.99%10~! 4.46x10730 Figure 7.4(7)
A8 9.90x10~! B8 -1.89x10° 1.00 1.05%x107Y7 Figure 7.4(8)
A9 8.03x107! B9 -2.39x10% 1.00 6.00x10733 Figure 7.4(9)
A0 9.04x107! B10  1.58x102 1.00 8.94x 10740 Figure 7.4(10)
A1l 2.13x107! Bll  -2.74x103 9.80x10~! 1.13x10716 Figure 7.4(1)
A12  7.87x107! B12  2.74x103 9.98x107! 8.16x107%7 Figure 7.4(12)
Al3  1.20 B13  —8.24x10° 9.98x107! 2.14x10723 Figure 7.4(13)
Al4  3.69x107! B14  2.02x107 1.00 6.83x10732 Figure 7.4(14)
Al5  2.94x10! B15  6.41x10° 9.97x107! 2.86x10724 Figure 7.4(15)
HI Al 1.90x103 Bl 2.33%107 1.00 3.46x107%0 Figure 7.5(1)
Probe A2 9.88x107! B2 3.88x10° 1.00 3.69x10762 Figure 7.5(2)
A3 9.75x107! B3  -1.76x10% 1.00 6.81x1072 Figure 7.5(3)
A4 8.13x107! B4  —2.44x10* 1.00 1.12x10~4 Figure 7.5(4)
A5 9.46x107! B5 -2.44x10% 1.00 8.30%10736 Figure 7.5(5)
A6 5.45x1072 B6  2.44x10% 9.56x107! 1.15x10713 Figure 7.5(6)
A7 5.76x102 B7 -3.57x107 9.99x107! 6.14x10727 Figure 7.5(7)
A8  9.89x107! BS -3.89%10° 1.00 6.68x107>* Figure 7.5 (8)
A9 7.29x107! B9 1.58x10° 9.88x107! 7.30x10719 Figure 7.5(9)
A10 7.95x107! B10  2.81x10% 1.00 5.98x10733 Figure 7.5 (10)
All  9.34x107! Bll  -6.04x10% 1.00 7.79%10734 Figure 7.5 (11)
Al2  6.60x1072 B12  6.04x10% 9.52x107! 2.69%10713 Figure 7.5(12)
Al3 148 B13  2.87x10%7 9.87x107! 1.40x10~18 Figure 7.5(13)
Al4  3.58x107! Bl4  6.61x107 9.98x107! 1.75x1072 Figure 7.5(14)
Al5  3.45%x10! B15  -1.39x107 9.35%107! 3.77x10712 Figure 7.5(15)
NLJI Al6 1.02 Bl6  2.52x103 1.00 5.29x10714 Figure 7.10(c)-
graph(a)
NLI2 Al6 7.40 B16  6.38x10% 1.00 1.15x10711 Figure 7.10(c)-
raph(b)
HI  Al6  0.000 B16  0.000 N/A N/A R/A

Note: NLIJ1 is chosen in the case outer table size is smaller than the buffer cache size and NLJ2 is chosen in the other case.
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Table 7.3.: Slope and Intercept of the Regression Models in Combination Probe Phase

Slope Intercept P value

Type (Regression Coeflicient) (Regression Constant) R2 on F test Reference

probe Al 2.01x103 Bl 9.80x10% 9.42x107! 1.63x10~37 Figure 7.6(1)
A2 9.86x107! Bl6  1.79x107 1.00 1.11x10~% Figure 7.6(2)
A3 8.53x107! B3  6.58x10° 9.94x107! 2.79%1072 Figure 7.6(3)
A4 7.06x1071 B4 -6.80x10° 9.99x10! 3.12x107%° Figure 7.6(4)
A5 3.74x107! B5 ~1.58x10° 9.99x107! 3.51x10728 Figure 7.6(5)
A6 6.26x107! B6 1.58x10° 1.00 3.21x10732 Figure 7.6(6)
A7 5.76x102 B7 2.31x10% 9.75%107! 2.78x10748 Figure 7.6(7)
A8  9.86x107! B8 1.83x10° 1.00 1.75x1074! Figure 7.6(8)
A9 4.79x107! B9  3.97x10° 9.00x107! 2.03x10710 Figure 7.6(9)
A10  9.36x107! B10  -9.55x10° 9.97x107! 7.85%1072 Figure 7.610)
All  3.70x107! B1l  -9.15x10% 9.75%107! 6.97x10°16 Figure 7.6(11)
A12  6.30x107! B12  9.15x10% 9.91x107! 5.74x10712 Figure 7.6(12)
Al3  6.25x107! BI13  6.85x108 8.75x107! 1.51x107° Figure 7.6(13)
Al4  4.49%x107! Bl4  -2.66x108 9.72x107! 2.16x10713 Figure 7.6(14)
Al5  4.93x10! B15  2.62x107 9.70x10! 1.03x10™% Figure 7.6(15)

probe  Al7  7.84x1071 B17 -6.59x10° 9.79%10! 7.43%1072! N/A

(I/0) Al18  3.24x107* N/A

For the join cases of three or more tables, the measurement values under joining Customer,
Orders, and Lineitem were used. The I/O processing time was added to allow comparison
with the query execution time. The proposed cost calculation method was compared with
the measured query execution time and conventional method (2.2)(2.3). The conventional
method is expressed as the sum of the CPU cost and the I/O cost as mentioned in Section 2.2.
Each cost is calculated as the product of the number of records and the manually defined
processing unit cost of CPU or I/0. The conventional method and proposed method followed
the access path generated by MariaDB. In our measurement environment, the HJ access path
for joining more than two tables is the combination case (Figure 4.2 ). We evaluated whether
the selectivity where the join method is switched can be estimated accurately. However,
because the conventional method does not support HJ, single-table scans of the outer and inner
tables were used. Moreover, MariaDB, as used in this experiment, cannot use the function to
automatically select the join method, and only the join method set by the user was selected.
The goal of this study is to accurately find the intersection point of the NLJ and HJ graphs.
As aresult, in all of the cases evaluated, the proposed method was able to find the intersection
point with an accuracy of one significant figure or better compared to the conventional method
(Figure 7.12 and Figure 7.13). The accuracy improvement ratios of the proposed method
and conventional method are shown in Table 7.4. The second and third rows indicate the
difference of selectivity between the intersection point of the measured result and that of the
conventional method or proposed method. The accuracy improvement ratio is obtained by
dividing the difference between the intersection selectivity of the conventional method and that
of the proposed method by that of the conventional method in the equation 6.10. Table 7.4
shows that the proposed method improved the accuracy of selecting the proper join method by
90% or more.

As in chapter 6, we evaluated the updated conventional model case in which the unit
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Figure 7.12.: Cost Comparison of Measured, Proposed Cost Model, and Conventional Cost
Model Results for Joining Two Tables
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Figure 7.13.: Cost Comparison of Measured, Proposed Cost Model, and Conventional Cost
Model Results for Joining Three or More Tables
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Table 7.4.: Accuracy Improvement Ratio for Estimating Cross Point of NLJ and HJ
Join tables C-O0 P-L S-L C-O-L  S-L-P-O-C P-L-S-O-C
Conventional method 1.5x1072 3.5x107? 2.2x107° 7.5x107% 8.9x1072  2.2x107
Proposed method 1.3x107* 3.2x107* 1.0x107* 8.8x107> 3.0x10™* 2.2x1077
Accuracy  Improve- 99% 91% 95% 99% 97% 99%
ment ratio

Note: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier

cost of CPU is the ratio of CPU cycle time and measured I/O latency (CPR = 3 x 1076 =
(1/2.13GHZz)/154ms) and the unit cost of CPU is the ratio of main memory latency' and
measured I/O latency (CPR = 6 x 107 = 100ns/154ms). The results of joining two tables
(C-0O, S-L and P-L) are shown in the Figure 7.14(a)(b)(c). The results of joining three or
more tables (C-O-L, S-L-P-O-C and P-L-S-O-C) are shown in the Figure 7.15(a)(b)(c). The
proposed method is estimated cross point more accurately than updated conventional method
as shown in Table 7.5. The updated conventional models can calculate cost more accurately
than the default cenventional method. However, the proposed model is more accurately than
the updated conventional models in the evaluated join cases.

Table 7.5.: Accuracy Improvement Ratio for Estimating Cross Point of NLJ and HJ with
Updated Conventional Method

Join tables C-0 P-L S-L C-O-L  S-L-P-O-C P-L-S-O-C
CPU cost type MEM MEM MEM MEM CPU CPU
Conventional method 1.8x1073 2.4x1073 2.2x1073 4.4x10™* 4.6x107>  8.6x107’
Proposed method 1.3x107 3.2x107* 1.0x107* 8.8x107° 3.0x10™* 2.2x107’
Accuracy  Improve- 93% 87% 95% 80% 949% 74%

ment ratio

Notel: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier
Note2: CPU is CPU cycle time, and MEM is main memory latency.

'Tt is not a measured value but an approximate value of main memory latency.
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CONV-CPU: Conventional Method Using CPU Cycle time as unit cos of CPU
CONV-MEM: Conventional Method Using Main Memory Latency as unit cos of CPU
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Figure 7.15.: Cost Comparison of Measured, Proposed Cost Method, and Updated
Conventional Cost Method Results for Joining Three or More Tables
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7.2. Degradation of Data Distribution Accuracy

When the prediction accuracy of cost is lowered, accuracy of selectivity can be lowered by
using highly accurate cost calculation method. In other words, if the accuracy of cost can be
degraded to the same degree as the accuracy of conventional cost calculation, the accuracy of
the histogram representing the data distribution using the proposed cost calculation method
can be degraded.

The cross point obtained by the proposed cost calculation method (hereinafter called “pro-
posed cross point”) is defined as C and the difference of measured cross point and proposed
cross point is defined as AC,, in Figure 7.16(a). The difference of measured cross point and
conventional cross point is defined as AC,.

NLJ
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HJ NLJ
: NLJ
2 I Proposed
&) | Pl oy ! Conventional
: ! A HJ
| l ; S
I Cdd
—AG, "i AC, : Selectivity
Measured Proposed Conventional
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(a) Difference of Measured Cross Point and Proposed Cross point (AC)

A Wopt AC, A Wieg

2 AC, &

S g

o Bucket |:> 2

o o

L e
Minimum Maximumvall'Je of Valge of
Value value Attribute (1) Attribute (V)

(b) Equi-Width Histogram with Degraded Accuracy

Figure 7.16.: Histograms Using Difference of Measured Cross Point and Proposed Cross
Point

We evaluated the accuracy of cost calculation methods by selectivity. The selectivity is
related to the distribution of values of attributes. Therefore, we study the case that the sort
parameter of histogram is value of an attribute. In the case of equi-width histogram and the
attribute value V as a sorting parameter of histogram is a discrete value, the degraded bucket
width W, is given by

AC,

Wieg = —=
deg A Copl‘

X Wopt, (7.277)
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where the minimum bucket width is W,,,; in Figure 7.16(b).

The equation 7.27 means that the accuracy of histogram can be degraded by the ratio of
AC,p/AC.. When the bucket widthis W (W < Wy,,), it is possible to widen the bucket width to
Wipdatea in equation 7.28 using the proposed cost calculation method.  The bucket expansion
rate « is given by

Wupdated _ ACL 5 Wopt
W ACy W

(7.28)

If we allow the same accuracy of cost using the proposed cost calculation method as that of
the conventional method, we can use the histogram with the bucket width axW.

If the cross point in advance can be identified, the above idea can also be applied to the
equi-depth histogram.

As a result of evaluating the ratio of increasing the width of the bucket size in the example
used in this study (Table 7.6), it is found that the bucket width can be expanded up to four times
of W

Table 7.6.: Increasing Ratio of Equi-Width Histogram buckets Width Using Updated
Conventional Method and Proposed Method

Join tables C-O0 P-L S-L C-O-L S-L-P-O-C P-L-S-O-C
AC:[ACyp 14 8 22 5 16 4
Note: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier

7.3. Verification of Determining Join Method and Ordering
Joining Tables

7.3.1. Verification Method

In this section, using the proposed method, we verify whether the join method and the
order of joining tables that minimizes execution time are found. First, we collect statistical
information of CPU and create cost formula in Section 7.1. Then, in two or more joins in the
same database environment, join the tables in all executable order, and compare the execution
time with the cost calculation result. Similarly to the above experiments, we used TPC-H
database. The combinations of TPC-H tables to join are as follows: Customer and Orders, Part
and Lineitem, Supplier and Lineitem, Customer, Orders and Lineitem, and Supplier, Lineitem,
Orders, Customer and Part. The queries for join operation is shown in Figure 7.17. When
measuring query execution time, the order of tables to join is fixed by STRAIGHT_JOIN hint.

The CPU statistical information for formulating the cost calculation is measured through
the reference CPU, the details of which are provided in Table 7.7. The prediction of the cross
point of two join methods by using the cost calculation formula is aimed at determining case
SF100 on the Skylake-based processor as shown in Table 7.7. The cost calculation formula
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select count(*)
from lineitem, part
where
(p_type="STANDARD ANODIZED TIN’
or p_type="STANDARD ANODIZED STEEL’)
and p_size <2
and p_partkey = |_partkey
and |_shipdate < date '1995-03-06";

(a) Join of Lineitem and Part

select count(*)
from lineitem, supplier
where
s_acctbal > 9000
and s_nationkey =0
and s_suppkey = |_suppkey
and |_shipdate > date '1995-03-06";

(b) Join of Lineitem and Supplier

select count(*)
from orders, customer
where
c_mktsegment = 'MACHINERY’
and c_acctbal > 9000
and c_custkey = o_custkey
and o_orderdate < date '1995-03-06";

(c) Join of Orders and Customer

select count(*)
from customer, orders, lineitem
where
c_mktsegment = 'MACHINERY’
and c_acctbal > 9000
and c_custkey = o_custkey
and |_orderkey = o_orderkey
and o_orderdate < date '1995-03-06’
and |I_shipdate > date '1995-03-06’;

(d) Join of Customer, Orders, and Lineitem

select count(*)
From customer, orders, lineitem, part, supplier
where

|_shipdate > date '1995-03-06' and |_quantity = 10 and |_discount=0.08

and p_size <2

and o_orderdate < date '1995-03-06
and ¢_acctbal > 9000

and s_acctbal > 9000

and s_suppkey = |_suppkey

and |_partkey = p_partkey

and |_orderkey = o_orderkey

and o_custkey = c_custkey;

(e) Join of Part, Supplier, Customer, Orders, and Lineitem

Figure 7.17.: Queries for Evaluating Join Method and the Order of Joining Tables
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of Skylake was generated in Section 7.1. As we used a disk-based DBMS, the join cost is the
sum of the CPU and I/O costs. The formula to determine the I/O cost was estimated using the
measured value.

Table 7.7.: Evaluation Environment

CPU Xeon E3-1230 v5 3.4 GHz 4-core, LLC 8 MB [Skylake] x1

Memory DDR4 32 GB

Disk for DB PCle NVMe Flash SSD 800 GB

OS/DBMS CentOS 6.6 (x64)/MariaDB 10.1.8 with InnoDB

DB size TPC-H SF5 (5GB) for generation of cost calc. formula and SF100 (100
GB) for validation

Measuring tool [CPU events] VTune Amplifier, [Query, I/O] System Tap

7.3.2. Comparison of Measured Query Execution Time and Estimated
Query Cost

Table 7.8 shows measured time and estimated cost using our proposed cost calculation
method excluding the cases where the join key does not exist between tables. In the case of
joining two or three tables, it was confirmed that the join order of tables and the join method
whose query processing time was minimum execution time in the measurement are the same
as those of the smallest cost obtained by our proposed cost calculation method.

However, in the case of joining five tables, the predicted minimum join cost cases were
L—-P-»S—»0—-C,L-P—->0—-S—C and L-P—0—C—S. The smallest measurement result
case was S—L —-0O—P —C. The difference between the minimum execution time and the
execution time in the predicted minimum join order is seven seconds, that is 2.9% of minimum
execution time.

In the case of joining three tables, the case of joining in order of Orders and Lineitem and
the case of joining in order of Lineitem and Orders are not consistent with the measured. In
the case of joining five tables, except for the cases starting with the join of Orders and Lineitem
(O-L Join), the magnitude relation between the cost of NLJ and the cost of HJ by the proposed
cost calculation method is consistent with the measured value. The reason why the predicted
cost of O-L Join by NLIJ is far from the measured value is that the operation of the I/O of the
DBMS used in this study is different from the other cases. Figure 7.18 shows the number of
issued I/O requests while joining by NLJ and Figure 7.19 shows the distribution of I/O request
size. From these figures, in the case starting with the join of Lineitem and Orders (L-O Join)
and the case of O-L Join, issued I/O request size is larger than that of the other cases. However,
the number of I/ O requests of L-O join and O-L Join case is smaller than the other case. This
suggests that the cost models of the CPU and I/O have to be changed because the behavior of
the DBMS is different from the queries that is used for creating the proposed cost calculation
model.

In addition, we examined the relationship between the number of I/O requests and selec-
tivity of joining Orders and Lineitem to investigate whether behavior of the DBMS changes.
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Table 7.8.: Measured Time and Estimated Cost to Decide a Join Method and Order of
Accessing Tables

Join Order Query execution time and cost (second)
Measured time Estimated cost

NLJ HJ NLJ HJ
C—0 489 488
0->C 11163 179 84001 61
S—L 483 391
L—S 1027 329 318302 223
PoL 244 220
L—>P 42626 832 318302 230
C—->0-—>L 910 264 1672 267
L-0->C 1217 4506 101667 5133
0O-C—-L 11349 426 14900 457
O—-L->C 1222 6774 61357 19463
S L—->0-P->C 11864 245 11432 416
S>L->0->C-—>P 11878 248 11432 416
P-L->-0—-5S—-C 2693 249 2516 419
P-L—->S—>0-C 2693 250 2515 419
P-L->0—->C—->S 2674 250 2516 419
S>L->P->0->C 11908 251 11427 416
LoP—->S—>0->C 361 252 731 261
LoP—->0—->S—>C 367 252 737 261
LoP->0—-C-—S 363 253 737 261
L-0-S—>P->C 345 305 1087 359
L-0->S—>C-—>P 343 305 1090 361
L-0—-P—>C—S 346 305 1063 359
L-0O->C—->P-—>S 346 305 1064 361
L-0—-P—>S—>C 343 305 1063 359
L-0->C—>S—>P 340 305 1089 359
O-L->S—>C—-P 366 5869 60602 5857
O-L->P—>S—->C 369 5865 60598 5850
O-L->S—->P->C 372 5879 60602 5857
O—-L—->P—>C—S 372 5854 60598 5850
O-L->C—->P->S 372 5852 60553 5850
O-L->C—>S—>P 373 5867 60597 5850
C->0—->L->P->S 4331 488 1673 1098
C->0—->L—>S—>P 4343 488 1673 1102
O-C—>L—->S—>P 11615 1322 6057 718

Notel: The minimum query execution time and minimum query cost are surrounded by frames.
Note2: C: Customer, O: Orders, L: Lineitem, P: Part, S: Supplier
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Figure 7.20 shows that the behavior of I/O is changed by selectivity. Therefore, it is possible to
further improve the accuracy of the cost calculation model by creating a cost model consistent
with the internal operation policy of the DBMS.

The difference between the actual and the predictions in the multi-table join was found to
be that the DBMS’s I/O is one of the reasons for the actual difference between the model.
The DBMS used in this experiment generated the same access path regardless of selectivity.
Therefore, the operation of the I/O engine changed with selectivity. It is necessary to consider
the model of the I/O engine as a future work.

On the other hand, when the first table to join was Orders table or Lineitem table, the join
method in which the actual execution time was minimum was different from the join method
in which the estimated cost was minimum. Looking into the details, it was found that there is
a problem in the accuracy of the estimated I/O processing cost. In this study, we introduced
a behavior model of CPU pipeline to improve the accuracy of CPU cost. To improve the
accuracy of /0, a precise I/0 behavior model like CPU will be introduced as future works.
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select count(*)
from
orders
STRAIGHT_JOIN lineitem
where
I_orderkey = o_orderkey
and o_orderdate < date parameter
and I_shipdate > date "1995-03-06";

parameter € ('1992-03-06', '1993-03-06', '1994-03-06', '1995-03-06" , '1996-03-06', '1997-03-06', '1998-03-06")

(a) Query of Joining Two Large Tables, Orders and Lineitem
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(b) Difference in 1/0O Request Count and Size when Joining Two Large Tables

Figure 7.20.: I/O Request Size in Joining Orders and Lineitem by Nested Loop Join

7.4. Discussion

In the acquisition of measurement data for constructing the cost calculation formula, because
the type of counters that the hardware monitor can collect at one time is limited to four, it
is necessary to perform measurements several times to obtain an accurate measurement of
40 events. Therefore, a certain amount of time must be allocated for measurement. For
example, it took approximately 5 h and 30 min to perform the measurements in this study.
From the perspective of allocating time for measurement, and given the fact that the CPU
cost calculation formula does not need to be changed unless there is a change in hardware
configuration or DBMS join operation codes, it is appropriate to create the proposed CPU
cost calculation formula when integrating or updating a system. With regard to the use of
the cost calculation formula, the proposed CPU cost formula was used in the optimization
process to be executed before executing a query. The CPU cost of executing the query was
calculated from the number of records to be searched. As shown in references [56,57], in a
general DBMS, the histograms representing the relationship between the attribute value and
appearance frequency are automatically acquired when inserting or updating records. From
the histogram and condition of the clause of the query, it is possible to estimate the number
of records accessed by the DBMS. In this way, the CPU costs can be calculated with only the
data already acquired by the DBMS; hence, the costs can be calculated by the cost calculation
formula before query execution.

The combination join case modeled in this study was the two or more tables join case, as
shown in Figure 4.2. Theoretically, there is a case in which HJ is assigned after NLJ. In the
case where HJ was executed after NLJ (Figure 7.21), the cost model (d-1) was the same as (a),
and the cost model (d-3) was the same as (b-2). The cost model of (d-2) was required because

83



7. Measurement-based Cost Estimation Method for Multi-Table Join Operation

building the hash table from temporary table X was not covered in the other case. Most of the
join cases seem to be classified as in Figures 4.1, 4.2, and 7.21, and creating the cost models
(a), (b-1), (b-2), (c-2), and (d-2) can support most of the join cases. However, the NLJ-HJ
case cannot be implemented in our measurement environment. This problem can be solved by
using a different DBMS.
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Figure 7.21.: NLJ after HJ Case

We proposed a cost calculation method for an in-memory DBMS using a disk-based DBMS.
The calculation formulas were created using the data measured by the CPU-embedded per-
formance monitor. The results reveal that the proposed method can estimate the intersection
point of the join methods more accurately than the conventional method. We used TPC-H
for measuring CPU activities. TPC-H has the advantage of making it easy to analyze the
evaluation results because the data distribution is uniform. However, the actual data is skewed
in terms of the distribution of keys. The premise of the technique proposed in this study is
the accuracy of selectivity, i.e., even if the distribution of data varies, if the selectivity is the
same, then the same measurement results are obtained. Because a general DBMS acquires
attribute values and their distribution in a database is in the form of a histogram when loading
data to the database, the prerequisites for applying the proposed technique are considered to be
satisfactory. However, it is necessary to develop a technique to derive histogram information
and input it as an input parameter of the cost formulas.

As this technique sets parameters based on actual measurements, it is difficult to deal with
various patterns, such as the presence or absence of indices and complex queries. Although we
have focused on the operation of all CPU cycles, it is necessary for practical use to simplify the
model by omitting some parameters. For the collection of statistical data, it is conceivable that
actual measurements can be performed at the time of initial installation and parameter setting.
However, when the DBMS code is modified, it is difficult to change in real time; hence, a
separate complementary technology is required. As a breakthrough measure, it is possible to
reduce both the amount of data to be verified and the measurement points.

In this study, only the cost model for join operations was proposed. However, the query
operation includes not only join but also filter, group-by, and sorting operations. These
operations are difficult to execute by using only a query. However, part of the query can be
extracted by taking the difference between queries, similar to our approach for modeling the
HJ probe phase (7.1).
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7.5. Conclusions

In this study, we proposed a cost calculation method for an in-memory DBMS using a
disk-based DBMS. We focused on a CPU pipeline architecture and classified the CPU cycles
into three types based on the operational characteristics of the front-end and back-end. The
calculation formulas were created using data measured by the CPU-embedded performance
monitor. In the evaluation of the two-table join, three-table join, and five-table join, the
difference in selectivity corresponding to the intersection points of NLJ and HJ, between the
proposed method and measurements, was reduced by 71% to 94% of the conventional method.
This means that the cost formulas can model the actual join operation with high accuracy. By
applying the proposed cost calculation formulas, the proper join method can be selected and
the risk of unexpected query execution delay for users of the DBMS can be reduced.
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In developing our proposed cost calculation formula, reference queries are executed on a
small reference database (Figure 8.1). On executing the queries, the performance monitor
installed in the CPU measures CPU events such as the number of executed instructions and
the number of cache hits. The cost calculation formulas are created using those measurement
values. Analytic queries are executed according to the query access path with the smallest cost,
calculated using the cost calculation formulas. The measurement time of the CPU events can
be shortened by using the small-scale data because the execution time is proportional to the
size of the database. This makes it possible for the database administrator to quickly provide
the most suitable database environment to the user.

Reference Database
(Small-scale Data)

Measurement-based Cost Calculation
Model Generation

RunaQnLéeries E> Generate Cost
easure
Measure CPU = Data Cost Model Models
events

Optimizer
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for Analysis 7
— = =

Data Distribution
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Figure 8.1.: Overview of Query Execution Flow Using Measurement-based Cost Calculation

However, the regression approaches we took in Chapter 6 and 7 need to re-measure the
statistic information and recreate the regression model whenever the CPU is upgraded. In
other words, the operational cost of the database should be increased. In a cloud environment
especially, it is unrealistic to recreate the cost model every time the VM with the database
is transferred to another server using CPUs with a different architecture. This study aims to
verify whether CPUs with different architectures can be employed with no changes or minor
changes to the measurement-based cost calculation method. The change in performance as a
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result of architectural changes, such as the memory latency and cache size, among different
generations of CPUs is reflected in the measurement-based cost calculation formula for join
processing. We used this updated cost calculation formula to verify whether it is possible
to select the joining methods, that is, nested loop join (NLJ) and hash join (HJ), accurately
for different generations of CPUs. We determined that the updated cost calculation formulas
are able to estimate the cross point accurately. In conclusion, our proposed updating method
for the measurement-based join cost calculation allows portability of the join cost calculation
across different generations of CPUs and can contribute to reducing the cost of cloud service
platforms.

8.1. Cost Calculation Method for Join Operation

When executing a query, the DBMS creates multiple access paths for query processing and
estimates the processing cost for each plan. The minimum cost access path is selected from
a plurality of candidates. For example, when the DBMS joins two tables, such as the R and
S tables shown in Figure 1.2(a), it generates the access path illustrated in Figure 1.2(b) and
estimates the cost of each join method by using statistical information such as the distribution
of the join key value and it selects the method with the lowest cost. In general, the cost
calculation is formulated using the sum of CPU and I/O costs, as follows:

cost=CPU_cost+10_cost. (8.1)

Moreover, the CPU cost (CPU_cost) is obtained with respect to the number of CPU cycles
(Ccpy) and CPU frequency (CPU frequency) in Equation (8.2). The I/0O cost (I0_cost) is obtained
through the product of the number of I/Os (Mj¢) and the 1/O response time (/O_response_time)
in Equation (8.3).

C
CPU_cost=——LY (8.2)
cp Ufrequency
10_cost=Mjo X IO_response_time (8.3)

In general, the cost of a join operation is obtained as a function of the ratio of the number of
extracted records to the total records. This ratio is known as the selectivity. In Figure 1.2, the
selectivity is determined according to condition x for column R.C in Figure 1.2(c). Two cost
functions intersect at X ;oss. Join Method 2 must be selected from the left side of X ;oss, and
join Method 1 should be selected from the right side of X¢;oss. If the DBMS cannot estimate
the selectivity Xcross accurately, it will likely select the wrong join method.

In Chapter 7, we proposed a measurement-based join CPU cost calculation method to obtain
the selectivity of cross point Xoss accurately. We focused on the CPU pipeline operation to
construct an accurate model for calculating the cost of the join operation. The total number
of execution cycles during the join operation is composed of the cache miss penalty on the

87



8. Updating Cost Calculation Method Applying to Different Generation CPUs

instruction access cycles Cicacheniss, branch misprediction recovery cycles Cysp, and data access
cycles Cpcacheace- The join cost Cy,;y, is the sum of these cycles:

CJoin = CDCacheAcc + CICacheMiss +Cup, (84)

where Cicachemisss CbcacheAce, and Cygp are given by the linear regression equation representing
the number of cache hits, main memory accesses, and branch mispredictions measured through
the performance monitor embedded in the CPU. Cjcycnenriss is expressed by the linear regression
equation of the sum of products of the number of cache hits My;; pir (i = 2,---, N) or main
memory accesses My qcc in the instruction accesses and the latency of the cache L,
(i =2,---,N) or of the main memory Ly, in Equation (8.5). Here, w; and b are the slope
and intercept, respectively, of the linear regression of the measured value of Cpcacheace Versus
the sum of the products of the number of cache or main memory reads and the latency. Similarly,
CbcacheAce 18 @ linear regression equation that expresses the sum of the products of the number
of cache hits My;p pir (i = 1,---,N) in terms of data or main-memory accesses Muyup accs
considering the number of data accesses and latency of the cache L;;p (i = 1,---, N) or main
memory Lynp in Equation (8.6). Here, w; and b; are defined similarly as in Equation (8.5).
In this case, wp and bp are the slope and intercept, respectively, of the linear regression of
the measured Cpcacheacc Versus the sum of products of the number of cache or main memory
reads and latency. Cyp is given by the measured My,p, number of accessed records R, wyp,
and bysp in Equation (8.7). Here, wysp and by, p are the slope and intercept, respectively, of the

linear regression line of the measured Cyp versus the number of branch mispredictions My;p.
LN

Crcachemiss =Wi1X( Z (Mrir_nie X Lrir) +(Mymar_ace X Layamr)) + b (8.5)
Li=L2
IN
Cbcacheace =Wp X ( Z (MLip_nitXLrip)+(Mymmp_aceXLymp))+bp (8.6)
Li=L1
Cyp=wypXR+byp (87)

The numbers of cache hits and main memory accesses are given by the linear regression
equation for the numbers of cache misses and executed instructions. Moreover, the number
of executed instructions is given by a linear regression equation for the number of records
accessed during the join operation. The numbers of cache memory hits and main memory
accesses are given by

My1a_nie =WeLidar_nis X Lip+Driar (8.8)
i1
Muia nie=Wriar_nieX(Lp— Z Myjas pit)+briar (8.9)
=
N
Myssai_ace=1ip= ) Minai_ni (8.10)
=
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where dt is the data type accessed by the CPU, namely an instruction (/) or data (D), tp is
the instruction type, namely all types of instructions all or data load instructions load, Wiz nir
and wypar_nir are the slopes of the linear regressions, and by and by, are respectively the
slope and intercept of the linear regression. The coefficients of the cost calculation formulas
are created from the measurement results of the CPU.

8.2. Extension of Cost Calculation Method

To apply the above-mentioned cost calculation to the cloud environment in Figure 1.3, we
must solve two problems. The first problem is to determine how to apply the cost calculation
formulas to different generations of CPUs for a single VM running on a physical server. The
second problem is to determine how to apply the formulas to multiple VMs running on a
physical server concurrently.

We attempted to solve the first problem by categorizing the architectural changes when the
CPU generation changed, and reflecting those changes in the coeflicients of the cost calculation
formulas. Table 8.1 lists the effect of the classification of the architectural change on the CPU
cost of Equation (8.2) and the three elements (Cicachemisss CbcacheAce, and Cyp) of the cost
calculation formula of Equation (8.4). Changing the number of CPU cores affects the parallel
processing of the table scan of the HJ operation. As most of the DBMS products, such as
Oracle, DB2, and SQL Server, can scan tables in parallel, the CPU cost of HJ is reduced by
1/(the number of CPU cores). However, as many current open source DBMS cannot scan in
parallel, the cost calculation formula is not affected.

Table 8.1.: Architectural Difference between CPU Generations

Component Difference Impact on cost calculation
CPU core Frequency Total CPU cost
Number of cores Total CPU cost
Cache Size Number of cache hits
Latency Instruction or data access latency
Associativity Number of cache hits
Main memory Latency Instruction or data access latency
Branch Predictor Enhancement of accuracy Branch misprediction penalty

The architectural changes related to the measurement-based join cost calculation formulas
are size, the associativity and latency of the cache memory, latency of the main memory,
and branch prediction penalty [58,59]. Changes in the cache size and associativity affect the
number of cache hits. Further, changes in the latency of the cache or main memory are already
parameterized in the join cost calculation formulas. We introduce the ratio of level-i cache
miss ratio changes MCy; grpe 10 the ratio of latency change LCyem_arype to apply the join cost
calculation by using the values measured on a reference CPU, which is the CPU used for
measuring the parameters of the cost calculation formula. The CPU used to estimate the join
cost is referred to as the target CPU.
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The numbers of cache memory hits and main memory accesses of the target CPU are given
by

My 14:_pir of target CPU=MCp;_arype X(WL1ds_nit X Iip+briar) + (1 =MCLj_arype) X Isp,  (8.11)

My ias pir of target CPU
i-1
=MCLi_arype X Wridr_nis X (Iyp— Z Mjar_pir of target CPU) + by ;ar)
=
i-1

+(1=MCpi_aype)X(Iip= ) Mijai_ni), (8.12)
j=1
N
Myt ace of target CPU= Iy~ > Myna_yis of target CPU (8.13)
=1

LCyem_ar is defined as

Lyem_ar of target CPU
Lyem_ar of reference CPU,

Lcmem_dt = (8 14)

where mem is level i (1 <i < N) of the cache memory (Li) or main memory (MM), and dt is
the data type accessed by the CPU, namely instruction (/) or data (D). mem_dt is either Lil,
MMI, LiD,or MMD.

The memory latency of the target and reference CPUs can be obtained using a pointer
chasing-type micro-benchmark [48, 55]. To obtain CRH,;e;m 4, the cache hit/miss ratio for
various cache sizes and associativity on the same CPU is required. The relationship between
the cache hit/miss ratio and size and associativity can be obtained through a simulation [60,61].
Alternatively, the cache miss rate of the target CPU can be obtained by applying the rule stating
that the cache miss rate decreases as a power law of the cache size [62].

BM is defined as the ratio of the number of branch misprediction penalties of the target CPU
to those of the reference CPU in Equation (8.15). This led us to propose the use of a CPU
simulator [63] and the approximation of the number of pipeline stages measured using the
micro-benchmark [55] to obtain the branch misprediction penalty for the target and reference
CPUs.

M= Branch misprediction penalty of target CPU (8.15)
~ Branch misprediction penalty of reference CPU .

When splitting the table scan of the hash join into multiple CPU cores, the number of CPU
cores is included in the cost calculation formula. For example, in a hash join for a commercial
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DBMS, the table is divided into N, CPU cores defined by the database administrator and a
table scan is performed. In this case the CPU cost (costnparaiier) is given by

costnparatiel = (CPU_cost+10_cost) [ Neore. (8.16)

When N, changes for different generation CPUs, not only must Equation (8.16) be applied,
but also the number of cache hits and the memory latency change must be considered. In the
case where CPU cores belonging to the same CPU chip, or when simultaneous multithreading
(SMT), a plurality of threads executing simultaneously on a single CPU core is used. This
results in the decrease of the effective capacity of the LLC allocated to each CPU core.
Therefore, the number of cache misses increases.

Many of Intel’s processors use the inclusive cache architecture [52], so as instructions and
data are removed from the shared L3 cache when accessing large-scale data increases, the same
instructions and data existing in the L1 cache and L2 cache are removed also. As a result,
the number of cache misses increases. Furthermore, owing to the increasing number of cache
misses and memory access requests, access concentration in the main memory occurs, and
latency may increase. To deal with the case of parallel processing in the measurement-based
cost calculation method, it is necessary to measure the CPU events under parallel processing
when N, is changed.

In addition, when multiple DBMS instances run on a single physical server and queries are
executed on each DBMS instance concurrently, or when multiple VMs are running on a single
physical server and queries are executed concurrently on these VMs, the number of cache
misses increases and memory latency increases.

In this study, as the first step in studying the cost calculation method for cloud database
services, we focused on a single DBMS instance running on a single VM on a physical server
with different-generation CPUs. However, as a single server running multiple VMs is a typical
system configuration, we considered the case of multiple VMs as follows.

When many VMs are running concurrently, two problems occur: an increase in the number
of cache misses due to VM switching, and an increase in the number of instructions or the
data access latency caused by access to the same main memory unit. To solve these problems,
we considered two approaches. Our solution to the first problem entailed introducing the rate
at which the number of cache misses is increased when multiple VMs run, MCuen_aype_mvm-
which is obtained through an actual measurement [64]. The second solution is to introduce a
queuing model modifying the method of Gulur and Govindarajan [65], who used M/D/1 [66]
as the DRAM and a memory controller to estimate the latency.

Algorithm 1 presents the method for extending the join cost calculation to the cloud envi-
ronment.

Liyem of prediction target CPU = f(BWa, Lyyr), (8.17)

where f is a function of a queuing model, BW), is bandwidth of main memory, and Ly,
is main memory latency. In addition to this approach, a regression model is estimated using
measured latency on a micro-benchmark. The micro-benchmark, such as STREAM bench-
mark [67], issues memory requests and controls the number of accessing arrays concurrently.
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Lem_ar of prediction target CPU

L., . 8.18
em_dt_mv L, em_dt of reference CPU ( :

Algorithm 1 Update cost calculation formula

for x e LIILLLID,---,LNI,LND, MMI, MMD do
Calculate My pir or accusing MCrand MCy v
in Eqn. (8.11)(8.12)(8.13)
Ly & Ly X LC; X LCy pym
end for
Right-hand side of Eqn. (8.7) « Right-hand side of Eqn. (8.7) x BM
UpdateCjyj

8.3. Evaluation Method

Initially, we evaluated our proposed method by using a single physical server with a single
VM running on it. We verified that the cost calculation formula using the statistical values
measured on the reference CPU can accurately estimate the cross point of the join methods on
CPUs of different generations. We performed the evaluation by using the database of the TPC-
H benchmark and estimated the cross points between NLJ and HJ. The queries for measuring
CPU statistical information through the performance monitor of the reference CPU comprise
a two-table join and three-table join based on Q3 of TPC-H. The method we used to formulate
the join cost conforms to the method proposed in Chapter 7. The combinations of TPC-H
tables to join are as follows: Customer—Orders (C—O), Part-Lineitem (P-L), Supplier-Lineitem
(S-L), Customer—Orders—Lineitem (C—O-L), Part—Lineitem—Supplier—Orders—Customer (P-
L-S-0-C), and Supplier—Lineitem—Part—Orders—Customer (S—-L—P-O-C). The queries to join
are shown in Chapter 7. The CPU statistical information for formulating the cost calculation
is measured through the reference CPU, the details of which are provided in Table 8.2. The
prediction of the cross point of two join methods by using the cost calculation formula is aimed
at determining case SF100 on the reference CPU and target CPU, as shown in Table 8.2. The
reference CPU is a Westmere-based processor, whereas the target CPU is based on a Skylake-
based processor, which is a CPU from a different generation. We refer to Westmere-based
processors as Westmere and Skylake-based processors as Skylake in this paper. For further
verification, we replaced the target CPU and used a small database to measure the statistical
information because we aimed to minimize the cost of the cloud service operation. The cost
calculation formula of Westmere is shown in Chapter 7. The cost calculation formula of
Skylake was generated in this chapter. As we used a disk-based DBMS rather than an in-
memory database, the join cost is the sum of the CPU and I/O costs. The formula to determine
the I/O cost was estimated using the measured value determined in Chapter 7.

To apply the cost formula to the target CPU, MCy; aypes LCipem_ar» and CRLyp were de-
termined. For estimating Skylake’s cost calculation formula by changing Westmere’s cost
calculation formula, the difference between the reference and target CPUs is calculated such
that the associativity of the L1I cache is increased from 4-way to 8-way, the associativity of
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Table 8.2.: Evaluation Environment

CPU (Westmere)

CPU Xeon L5630 2.13 GHz 4-core, LLC 12 MB [Westmere-EP] x2

Memory DDR3 12 GB (4 GB x3) physically attached to only one CPU

Disk for DB PClIe NVMe Flash SSD 800 GB

OS/DBMS CentOS 6.6 (x64)/MariaDB 10.1.8 with InnoDB

DB size TPC-H SF5 (5 GB) for generation of cost calculation formula and SF100 (100 GB) for
validation

Measuring tool [CPU events] VTune Amplifier, [Query, I/O] System Tap

CPU (Skylake)

CPU Xeon E3-1230 v5 3.4 GHz 4-core, LLC 8 MB [Skylake] x1

Memory DDR4 32 GB

Disk for DB PClIe NVMe Flash SSD 800 GB

OS/DBMS CentOS 6.6 (x64)/MariaDB 10.1.8 with InnoDB

DB size TPC-H SF5 (5GB) for generation of cost calc. formula and SF100 (100 GB) for validation

Measuring tool [CPU events] VTune Amplifier, [Query, I/O] System Tap

the L2 cache is decreased from 8-way to 4-way, and the capacity of L3, known as the last level
cache (LLC), is reduced from 12 to 8 MB. Hill et al. [60] demonstrated that the instruction
cache miss rate is decreased by approximately 0.06 from 4-way to 8-way (MCyr; ; =1/1.06)
and the unified cache miss rate is increased by approximately 0.06 from 8-way to 4-way
(MCpz jorp = 1.06). In general, the cache miss rate is decreased as a power law of the cache
size [62]. When this rule is applied, the cache miss rate is reduced by approximately 0.8 times
from 12 MB to 8 MB (MCp3 jorp=1/4/8/12=1/0.8). CRLyp = 1.1, which is calculated using
the measured branch misprediction penalty according to the 7-Zip LZMA Benchmark [55].
However, when estimating Westmere’s cost calculation formula by changing Skylake’s cost
calculation formula, all the above-mentioned parameters are used as reciprocals of cache miss
ratio changes and branch misprediction penalty changes.

For the server with Westmere, we used a dual CPU, and for the Skylake server, we used a
single CPU (Table 8.2). Therefore, the cost calculation model of Skylake included only the
local main memory. When modifying the Skylake cost formula to Westmere, the Skylake cost
formula used the average latency of local main memory, remote main memory, and remote 1.3
cache instead of local main memory latency.

8.4. Results and Discussion

We evaluated the proposed cost calculation methods by comparing the measured cross points
and cross-point estimates using the modified cost calculation formula in Tables 8.3 and 8.4.
The base cost calculation formula is created using the value measured on the reference CPU
(row #1 of Tables 8.3 and 8.4). The effects of the changes in CPU frequency, memory latency,
cache miss ratio, and the branch misprediction penalty in this order to the cost formula are
reflected by the cross points shown from rows #2 to #5. The cross point measured on the target
CPU is shown in row #6. The comparison results of the cross points in row #9 of Table 8.3
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show that eight of the 12 join cases improved the accuracy through parameter modification.
Negative values in row #9 imply that the estimation of cross-point accuracy deteriorated more
than before the modification.

Difference of measured
cross point on Skylake [x104]
Difference of measured
cross point on Skylake [x107]

N

Difference of measured cross
point on Skylake [x104]

C-0 P-L
& Difference between Target and Reference 8+ Frequency
m+Frequency + Latency N+Frequency +Latency + Cache
m+ALL

Figure 8.2.: Difference in Updating Architectural Changes for the Skylake Cost Model Based
on Measurement Values of Westmere

The results show that, from among the modified coefficients (CPU frequency, latency,
cache architecture, and branch misprediction penalty), CPU frequency is the most effective
parameter (Figure 8.2 and Figure 8.3). To negate the effect of changing each CPU parameter, we
analyzed the join cost and investigated the proportion of each change in Figure 8.4. The effect
of changing other parameters was less than the effect of changing CPU frequency because

Table 8.3.: Accuracy of Estimating the Selectivity of the Cross Point of a Nested Loop Join
and Hash Join when Applying the Westmere-based Model to Skylake

# Join tables C-0 P-L S-L C-O-L  S-L-P-O-C P-L-S-O-C
1 [Reference] Model of Westmere 2.89 x 10° 2.72x 10° 2.64 x 10° 8.08 x 10* 9.27 x 10* 5.15 x 10’
2 Modifying Frequency 203x 103 1.92x10° 1.85x 103 6.53x10* 7.44x 10* 4.16 x 10’
3 Modifying Latency +#2 2.13x10% 2.01x10° 1.95x10° 6.60 x 10* 7.51 x 10* 4.18 x 10’
4 Modifying Cache +#3 2.10x 103 1.98x10° 1.92x 103 6.65x10* 7.59 x 10* 4.18 x 10’
5 Modifying Branch. +#4 2.10x10° 1.99x10° 1.92x10° 6.66 x 10* 7.60 x 10* 4.18 x 10’
6 [Target] Measured on Skylake 2.12x 10> 2.00 x 10° 2.32x10° 6.30x 10* 8.80 x 10* 2.10 x 10’
7 |#1 — #6| 7.70x 10* 7.20x 10* 3.20x 10* 1.78 x 10* 4.70x 10° 3.05 x 107
8 |#5 — #6| 2.00x 10° 1.00x10° 4.00x 10* 3.60 x 10° 1.20x 10* 2.08 x 107
9 Improvement |#7 — #8| 7.50x 10* 7.10x 10* —8.00 x 10° 1.42 x 10* —7.30 x 10° 9.70 x 10®

[Note] C: Customer, O: Orders, L: Line item, P: Part, S: Supplier, Branch.: Branch misprediction
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Table 8.4.: Accuracy of Estimating the Selectivity of the Cross Point of a Nested Loop Join
and Hash Join when Applying the Skylake-based Model to Westmere

# Join tables Cc-O P-L S-L C-O-L S-L-P-O-C P-L-S-O-C
1 Reference Model of Skylake ~ 2.16 x 10> 2.04x 103 1.86x 10® 6.61 x 10* 7.28 x 10* 3.90 x 107
2 Modifying Fregency 3.22x10% 3.02x10° 2.68x10° 8.64x10* 9.63x 10* 5.22 x 10’
3 Modifying Latency +#2 3.02x 103 2.83x10° 2.55x 103 8.44x10* 9.42x 10* 5.09 x 10’
4 Modifying Cache +#3 3.00x 103 2.81x10° 2.53x10° 838 x10* 9.36x 10* 5.06 x 10’
5 Modifying Branch. +#4 3.00x 103 2.81x10° 2.53x10° 8.38x10* 9.35x 10* 5.06 x 10’
6 [Target] Measured on Westmere 2.77 x 10> 2.40x 103 2.54x 10> 8.96x 10* 1.22x 103 2.90 x 107
7 |#1 — #6| 6.10x 10* 3.60 x 10* 6.80x 10* 2.35x 10* 4.92x 10* 1.00 x 10’
8 [#5 — #6| 2.30% 10* 4.10x10* 1.00x10° 5.80x 10° 2.85x10* 2.16 x 107
9 Improvement |#7 — #8] 3.80 x 10 —5.00x 10°6.70 x 10* 1.77 x 10* 2.07 x 10* —1.16 x 107

[Note] C: CUSTOMER, O: ORDERS, L: LINEITEM, P: PART, S: SUPPLIER, Branch.: Branch misprediction

the impact on the performance parameters resulting from the architectural change was less
than the change in CPU frequency. All the components, such as cache memory access, main
memory access, branch misprediction penalty, and I/O are functions of selectivity in Chapter 7.
Each component of Figure 8.4 was changed because the cross point was changed in each case.
However, the size of each component was different, and a larger component had a greater effect
on cost value. In the NLJ case, frequency, I/0O, and L1 Data were effective. However, these
parameters were not included in the Westmere and Skylake differences, and only frequency
was an effective parameter in the NLJ case.

In the case of the HJ build phase, the costs of L2 Instruction and L1 Data were greater
than other costs. In the case of the HJ probe phase, the costs of L2 instruction, LI Data,
and I/0 were greater than other costs. The cost of I/O depends on the selectivity of the cross
point. Therefore, changes to L2 cache and CPU frequency were dominant for the join cost. In
addition, Figures 8.2 and 8.3 show that our cost calculation formula should be updated when
CPU frequency or L1 cache architecture are updated.

Incidentally, in the HJ build phase, join cost did not include I/O cost because the main
thread of MariaDB-measured CPU events does not issue many disk I/O requests, while its /O
threads issued a lot of asynchronous disk I/O requests in our configuration. In the HJ probe
phase of the three-table join, MariaDB accesses the third table the same as in NLJ and issues
a synchronous disk I/O. Hence, the cost of the probe phase includes the I/O cost (Figures 8.2
and 8.3).

When modifying the Westmere cost formula to Skylake, the accuracy of estimating the cross
point of the S-L join and S-L-P-O-C join was lower than other join cases. Each modified cost
model of NLJ or HJ approached the target cost measured on Skylake in Figure 8.5(a) and (b).
However, the cross point estimated by the modified cost formula moved further away from the
target cross point of the unmodified cost formula. In the case of the cross point of the P-L join
and P-L-S-O-C join using the modified Skylake cost formula to Westmere, the same problem
also occurs, as shown in Figure 8.5(c) and (d). From the above, although our proposed method
of modifying measurement-based cost formulas are effective, it does not always improve the
accuracy of predicted cross points. To further improve the prediction accuracy of the cross
point, it is necessary to study a method for directly controlling the cross points.
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Figure 8.3.: Difference in Updating Architectural Changes for the Westmere Cost Model
Based on Measurement Values of Skylake

Considering the limits of our proposed method, our join cost calculation method cannot
overcome large CPU updates, such as pipeline structure level updates, which would require the
cost calculation formula to be prepared in advance for each CPU.

8.5. Conclusion

Performance changes, such as memory latency and cache size, introduced because of archi-
tectural changes using different generations of CPUs were reflected in the measurement-based
cost calculation formula for join processing. By using this updated cost calculation formula,
we verified that it is possible to select the join method of NLJ and HJ accurately when con-
sidering CPUs of different generations. As a result, it was determined that the cross point was
estimated with an accuracy of 66% for the join test cases analyzed. In conclusion, we verified
that our proposed method for the measurement-based join cost calculation can be utilized to
calculate the cost of a join operation for CPUs of different generations, thereby contributing to
a reduction in the operational costs of a cloud service platform.
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9. Conclusions and Future Works

To improve accuracy of join cost calculation for database query optimization, we proposed
the measurement-based cost calculation method. We focused on CPU pipeline architecture
to estimate accurate elapsed time of analysis queries as CPU of analysis queries. The CPU
cost is composed of three elements, data cache access time, instruction cache miss penalty and
branch misprediction recovering penalty. Each cost elements are given by regression analysis
of measured CPU statistical information such as number of cache hits during executing a
join operation. For supporting multiple table join, repeating operations are found from a
access path of the query optimizer generated of DBMS and are modeled. First, we created
the proposed cost calculation using 100GB TPC-H database when applying two-tables join.
The join operations were NLJ and HJ. We evaluated the accuracy of intersection of NLJ cost
formula and HJ cost formula. As a result, the difference between the predicted cross point
and the measured cross point was less than 0.1% selectivity and was reduced by 71% to 94%
compared with the difference between the cross point obtained by the conventional method and
the measured cross point. Second, we modified the proposed two-tables join cost calculation
method to support multi-tables join. In addition, to reduce database administrator’s operation
cost, we used the cost calculation formulas created using small size, SGB database and reduced
measurement time. The experimental results showed the ratio of accuracy improvement was
74% to 95%. Finally, we evaluated our proposed method could apply different generation
CPUs with small change of cost calculation formula’s coefficients. We utilized other research
results such as change rate of cache miss ratio against changes in associativity or size to
modify the coefficients. We verified that it is possible to select the join method of NLJ and
H1J accurately when considering CPUs of different generations. As a result, it was determined
that the cross point was estimated with an accuracy of 66% for the join test cases analyzed.
In conclusion, by applying the proposed cost calculation formulas, the proper join method can
be selected and the risk of unexpected query execution delay for users of the DBMS can be
reduced. Our proposed method for the measurement-based join cost calculation can be utilized
to calculate the cost of a join operation for CPUs of different generations, thereby contributing
to a reduction in the operational costs of a cloud service platform.

In the future, we will also implement a DBMS that automatically distinguishes CPU differ-
ences from the analysis results and automatically corrects the parameters for cost calculation
or the calculation model itself. Moreover, to support cloud environment more, we will propose
how to modify the measurement-based cost calculation method for single database instance
for multiple database instance running environment.

Furthermore, not only effort of improvement accuracy of cost estimation but also improve-
ment accuracy of estimating distribution of attributes of data are required to improve accuracy
for multi-table join. Therefore, we will tackle develop a method of estimating data distribution
suitable for the proposed cost calculation method.
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A. Appendix

A.1. Queries for Evaluating Cost Calculation Formulas

The Queries used for evaluation of the proposed cost calculation formulas are shown in
Figure A.1, A.2, A.3, and A.4.

(a) SQL (b) Access Path
T count(*

select count‘(*)' Join method is | | ©
from part, lineitem Condition 1 || | manually set. (i { Condition 2
where K

(p_type='STANDARD ANODIZED TIN'

or p_type="STANDARD ANODIZED STEEL) p_partke}’:l{artkey

and p_size <N I

- (O} lineitem
and p_partkey =1 partkey — | (Inner Table 1)
and |_shipdate < date '1995-03-06';

par
(Outer Table)

(c) Selection Condition and Selectivity

N 6 8 10 20 30 40 50

Selectivity Po 3 3 3 3 3 2 2
(Condition 1) 1.33x107 | 1.87x10712.40 X 107 |5.07 %X 107 [7.73 X107 | 1.04x10~“ | 1.31 X 10

Figure A.1.: Target Query of Cost Estimation for Part and Lineitem Join
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(a) SQL

select count(*)

from supplier, lineitem

where
s_acctbal > N }.
and s_nationkey = 0

and s_suppkey =1 _suppkey
and | shipdate > date '1995—03—06';}

(b) Access Path
Yl count(*)

G "L Condition? |

-

ey =1 suppkey
N

S_supp
v

| N

lineitem
(Inner Table 1)

supptier [ Condon 1 |

(Outer Table)
(c) Selection Condition and Selectivity
N 9998 9978 9798 9200 9000 8000 7000
Selectivity Po 6 5 4 3 3 ) B
(Condition 1) 7.24x10° |18.00%X 107 [7.35%x 107291 x107]3.64x 107 | 7.27x10™ [1.09 X 10

Figure A.2.: Target Query of Cost Estimation for Supplier and Lineitem Join

(a) SQL

select count(*)
from
part
STRAIGHT JOIN lineitem
STRAIGHT JOIN supplier
STRAIGHT JOIN orders
WE;EAIGHT_J OIN customer
(p_type='"STANDARD ANODIZED TIN' or | /
p_type="STANDARD ANODIZED STEEL*)¢"
and p_size <N
and p_partkey =1 partkey
and 1 shipdate < date '1992-03-01 '}
and 1_quantity = 10
and |_orderkey = o_orderkey
and o_custkey =o_custkey
and |_suppkey =s_suppkey;

o.

(b) Access Path
i count(*)

o_custkey=c_custkey
AN
customer
(Inner Table 4)

l_orderkey=o_oglerkey

orders

(Inner Table 3)
1_suppkey=s_su\ppkey

supplier

S [Condon: |

p_partkey=I {artkey

c.

a

lineitem
(Inner Table 1)

(c) Selection Condition and Selectivity

part ([ Conditon 1
(Outer Table)

(Inner Table 2)

N 6 8 10 20 30 40 50
Selectivity Po 3 3 3 3 3 2 2
(Condition 1) 1.33x10~ [1.87%X107[2.40%X 107 [5.07 %107 |7.73 x 10~ | 1.04x10~ |1.31 X 10

Figure A.3.: Target Query of Cost Estimation for Part, Lineitem, Supplier, Orders, and
Customer join
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(a) SQL

A. Appendix

select count(*)

from
supplier
STRAIGHT JOIN lineitem
STRAIGHT _JOIN part
STRAIGHT JOIN orders
STRAIGHT JOIN customer

where
s_acctbal > 9998 s
— Condition 1
and s_nationkey = 0 }
and s_suppkey =1 _suppkey
and | partkey = p_partkey
and 1_orderkey = o_orderkey
and o_custkey = c_custkey;

and 1_shipdate > date '1995-03-06' }m

(b) Access Path

| count(*)

o_custkey=c_custkey
h N

customer
(Inner Table 3)
1 orderkey=o orderkey
N
orders
(Inner Table 3)

1 partkey=p _pz&tkey

part
(Inner Table 2)

0.
| [ Condition2 |

s_suppkeyzguppkey

G\ lineitem
(Inner Table 1)
i
(Outer Table) L Condition !
(c) Selection Condition and Selectivity
N 9998 9978 9798 9200 9000 8000 7000
Selectivity Po 6 5 4 3 3 3 2
(Condition 1) 7.24x10° 18.00%x 10~ [7.35%X107(2.91x107]3.64x 107 | 7.27x10~ [1.09 X 10

Figure A.4.: Target Query of Cost Estimation for Supplier, Lineitem, Part, Orders and
Customer join

A.2. Measured CPU Counters

The list of CPU counters for modeling the CPU cost calculation are shown in Table A.1
and A.4. The constants and intermediate variable for modeling cost calculation formulas are
shown in Table A.2 and A.5. The column of “Symbol” means variables in the cost calculation

formulas. Intermediate Variables to obtain cost calculation formulas are shown in Table A.3

and A 4.
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A. Appendix

Table A.1.: Lists of CPU Counters to Measure and Preprocess of Westmere Processor

No. Counter Name

E1 CPU_CLK_UNHALTED.THREAD

E2 INST_RETIRED.ANY

E3 BR_MISP_EXEC.ANY

E4 DTLB_MISSES.ANY

ES5 ITLB_MISS_RETIRED

E6 LII.CYCLES_STALLED

E7 LILHITS

E8 LI1LMISSES

E9 L2_RQSTS.IFETCH_HIT

E10 L2_RQSTS.IFETCH_MISS

E11 MEM_INST_RETIRED.LOADS

E12 MEM_LOAD_RETIRED.HIT_LFB

E13 MEM_LOAD_RETIRED.L1D_HIT

E14 MEM_LOAD_RETIRED.L2_HIT

E15 MEM_LOAD_RETIRED.LLC_MISS

E16 MEM_LOAD_RETIRED.LLC_UNSHARED_HIT

E17 MEM_LOAD_RETIRED.OTHER_CORE_L2 _HIT_HITM

E18 OFFCORE_RESPONSE.DATA_IFETCH.LOCAL_CACHE_1

E19 OFFCORE_RESPONSE.DATA_IFETCH.LOCAL_DRAM_AND_REMOTE_CACHE
HIT_0O

E20 OFFCORE_RESPONSE.DATA_IFETCH.OTHER_LOCAL _DRAM 1

E21 OFFCORE_RESPONSE.DATA_IFETCH.REMOTE_CACHE _HITM_0O

E?22 OFFCORE_RESPONSE.DATA_IFETCH.REMOTE_DRAM_1

E?23 OFFCORE_RESPONSE.DATA_IN.LOCAL_DRAM_AND_REMOTE_CACHE
HIT_0O

E?24 OFFCORE_RESPONSE.DATA_IN.OTHER_LOCAL_DRAM_0

E?25 OFFCORE_RESPONSE.DATA_IN.REMOTE_CACHE_HITM_0

E26 OFFCORE_RESPONSE.DATA_IN.REMOTE_DRAM 1

E27 RESOURCE_STALLS.ANY

E28 RESOURCE_STALLS.LOAD

E29 RESOURCE_STALLS.ROB_FULL

E30 RESOURCE_STALLS.RS_FULL

E31 RESOURCE_STALLS.STORE

E32 UOPS_ISSUED.ANY

E33 UOPS_ISSUED.CORE_STALL_CYCLES

E34 UOPS_ISSUED.CYCLES_ALL_THREADS

E35 UOPS_ISSUED.FUSED

E36 UOPS_RETIRED.ANY
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A. Appendix

Table A.2.: Lists of Constants of Westmere Processor

No. Symbol Events Value

E37 - CPU frequency [GHz] (Xeon L5630) 2.13

E38 L;; L1I Latency [cycle] 4

E39 L;; L1D Latency [cycle] 4

E40 L;, L2 Latency [cycle] 10

E41 Lijic Local LLC Latency [cycle] 40

EA2 Lgiic Remote LLC Latency [cycle] 200

EA3 Liyy Local Main Memory Latency [cycle] EA41 + 67[ns| X E37
E44 — Remote Main Memory Latency [cycle] E41+105[ns] x E37
EA45 Lyp Branchmiss prediction cycle 15
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Table A.3.: Lists of Intermediate Variable of Westmere Processor

No. Symbol Events Calculation Formula for Preprocessing
E46 11,04 LOAD instruction Ell
E4T Mpp L1D Hit (data) E46 X E13/(E12+ E13+ E14+ E15+ E16+ E17)
E48 — L1D Miss (data) E46 — E47
E49 Misp L2 Hit (data) E46 x (1 = (E13/(E12 + E1I3 + E14 + EI5 + E16 +
E17)) x(E14/(E14 + E15+ E16 + E17)))
E50 — L2 Miss (data) E48 — E49
E51 Myrrep LLC Hit (data) E46 x (1 = (E13/(E12+ E13 + E14 + EI5 + E16 +
E17)x(1-(E14/(E14+E15+E16+E17)))X((E16+
E17)/(E15 + E16 + E17)))
E52 — LLC Miss (data) E50 - ES1
ES53 Mpgricp Remote LLC Hit FE46 x ((1 - (E13/(E12+ E13 + E14+ E15+ E16 +
(data) E17)x(1 - (E14/(E14+ E15+ E16+ E17))) x (1 —
((E16+E17)/(E16+E17+E15)))x((E23+E25)/(E23+
E24 + E25 + E26)))
E54 Mpymp Local Main Memory E46 X (1 — (E13/(E12+ E13 + E14+ E15+ E16 +
(data) E17)x(1 - (E14/(E14+ E15+ E16+ E17)))x (1 —
((E16+E17)/(E16+E17+E15)))x(E24/(E23+ E24 +
E25 + E26)))
E55 — Remote Main Memory E46 x (1 — (E13/(E12 + E13 + E14 + E15 + E16 +
(data) E17)x (1 - (E14/(E14+ E15+ E16+ E17)))x (1 —
((E16+E17)/(E16+E17+E15)))X(E26/(E23+ E24 +
E25 + E26)))
E56 — Total Data Access La- E47 X E39 + E49 X E40 + E51 X E41 + E54 X E43 +
tency ES55 X E44 + E53 X E42
ES5T 1 Instruction E2+ E3
ES8 M L1I Hit (instruction) E57 - ES
E59 — L1I Miss (instruction) E57 — ES8
E60 M, L2 Hit (instruction) E8—-E10
E61 — L2 Miiss (instruction) E59 — E60
E62 Mirrcr Local LLC Hit (in- E10X ((E18/(E18 + E19 + E21 + E20 + E22)))
struction)
E63 — Local LLC Miss (in- E61 — E62
struction)
E64 Mgrrcp Remote LLC Hit (in- ES7TX((E10/E57T)X(((E19+E21)/(E18+E19+E20+
struction) E21 + E22))))
E65 Mpymp Local Main Memory E10x ((E20/(E18 + E19 + E20 + E21 + E22))))
(instruction)
E66 — Remote Main Memory (E33 - E27)X((E10/ES57)x(E22/(E18+ E19+ E20+
(instruction) E21 + E22)))
E6T — Total Instruction Ac- E60 X E40+ E62 X E41 + E64 X E42 + E65 X E43 +

E68 CDCacheAcc

E69 Cyp

E70 CICacheMiss

cess Latency

Data Access

Branch Mispredition
Penalty

Instruction Penalty

E66 x E44
E27 + E34
E3 x E45

E33 - E27 - E69
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Table A.4.: Lists of CPU Counters to Measure and Preprocess of Skylake Processor

No.

Counter Name

F1
F2
F3
F4
F5
F6
F7
F8
F9

INST_RETIRED.ANY
CPU_CLK_UNHALTED.THREAD
BR_MISP_RETIRED.ALL_BRANCHES
L2_RQSTS.CODE_RD_HIT
L2_RQSTS.CODE_RD_MISS
MEM_INST_RETIRED.ALL_LOADS_PS
MEM_LOAD_RETIRED.FB_HIT_PS
MEM_LOAD_RETIRED.L1_HIT_PS
MEM_LOAD_RETIRED.L1_MISS_PS

F10 MEM_LOAD_RETIRED.L2_HIT_PS

F11 MEM_LOAD_RETIRED.L2_MISS_PS

F12 MEM_LOAD_RETIRED.L3_HIT_PS

F13 MEM_LOAD_RETIRED.L3_MISS_PS

F14 OFFCORE_RESPONSE:request=DEMAND_CODE_RD:response

=L.3_MISS_LOCAL_DRAM.ANY_SNOOP

F15 UOPS_EXECUTED.STALL_CYCLES

Table A.5.: Lists of Constants of DB Server with Skylake Processor

No. Symbol Events Value

F16 — CPU frequency [GHz] (Xeon E3-1250v5) 3.4

F17 Ly, L1I Latency [cycle] 4

F18 Ly, L1D Latency [cycle] 4

F19 L, L2 Latency [cycle] 12

F20 Lijic Local LLC Latency [cycle] 42

F21 Lgiic Remote LL.C Latency [cycle] —

F22 Liym Local Main Memory Latency [cycle] F21 +51 x F19
F23 — Remote Main Memory Latency [cycle] —

F24 Lyp Branchmiss prediction cycle 16.5

114



A. Appendix

Table A.6.: Lists of Intermediate Variable of Skylake Processor

No. Symbol Events Calculation Formula for Preprocessing
F25 Ij a4 LOAD instruction F6
F26 My;p L1D Hit (data) F25 x (F8/(F7+ F8 + F9))
F27 — L1D Miss (data) F25 x (F9/(F7+ F8 + F9))
F28 Mp,p L2 Hit (data) F27 x (F10/(F10 + F11))
F29 — L2 Miss (data) F27 - F28
F30 Mrrrep LLC Hit (data) F29 x (F12/(F12 x F13))
F31 — LLC Miss (data) F29 - F30
F32 Mgiicp Remote LLC Hit —
(data)
F33 Mpymp Local Main Memory F31
(data)
F34 — Remote Main Memory —
(data)
F35 — Total Data Access La- F26 X F18 + F28 X F19 + F30 X F20 + F33 x F22
tency
F36 1 Instruction F1+F3
F37 My L1I Hit (instruction) F36 - F4-F5
F38 — L1I Miss (instruction) F36 — F37
F39 Mpy; L2 Hit (instruction) F38 X (F4/(F4 + F5))
F40 — L2 Miiss (instruction)  F38 — F39
FAl Myjicr Local LLC Hit (in- F40-F14
struction)
F42 — Local LLC Miss (in- F44
struction)
FA43 Mgiicp Remote LLC Hit (in- —
struction)
Fa44 Miymmp Local Main Memory F14
(instruction)
FAS — Remote Main Memory —
(instruction)
F46 — Total Instruction Ac- F39X F19 + F41 X F20 + F44 x F22

F47 CDCacheAcc
F48 Cyp

F49 CI CacheMiss

cess Latency

Data Access

Branch Mispredition
Penalty

Instruction Penalty

F2-F15
F3x F24

F15 - F48
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