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Abstract—If we had the performance information of every application on every SSD, it would be very beneficial to both SSD users
and SSD manufacturers. For SSD users, they can buy the SSD that is fastest for the most frequently using applications; for SSD
manufacturers, they can figure out the strength and weakness of their SSD for every application. Toward this end, this article proposes
a framework named FORESEE that estimates accurately the execution time of a given IO trace (i.e., query IO trace) of a given
application on a target SSD without its actual execution. FORESEE is developed based on the observation that if two IO traces are
similar to each other in their IO behavior, their execution times tend to be similar when they are executed on the same SSD. In
FORESEE, the execution time of a query IO trace is estimated by using the execution times of the 1O traces in a database similar to the
query |10 trace. Our technical contributions in FORESEE are as follows: (1) we propose a goodness function that efficiently evaluates
the quality of sets of features that are used to measure the similarity of 10 traces; (2) we propose a DB structure and a searching
method for efficiently searching for similar 10 traces to a query IO trace; (3) we propose an aggregation method that aggregates the
execution times of similar IO traces to a query 10 trace for accurately estimating the execution time of the query 10 trace; and (4) we
verify the effectiveness of FORESEE via extensive experiments by using real-world application 10 traces. According to the results, the
Pearson correlation coefficient (PCC) of the actual execution time and the estimated execution time by FORESEE is found to be 0.87,

indicating FORESEE estimates the execution time accurately.

Index Terms—EXxecution time estimation, 10 traces, solid-state drives

1 INTRODUCTION

A solid-state drive (SSD) is a relatively new type of stor-
age device that uses NAND flash memory chips for stor-
ing data. Compared to a hard-disk drive (HDD), an SSD
provides higher bandwidth, lower latency, and longer life
time [1], [2]. As a result, SSDs have been rapidly replacing
HDDs, as a next-generation storage device. In the early days,
the usage of SSDs was limited due to their high price; how-
ever, thanks to recent advances in NAND flash memory
technology, manufactures have lowered development costs
of SSDs, which subsequently has reduced the prices of SSDs
[3], giving users more opportunities to use them. As demand
for SSD increases, various kinds of SSDs are being produced
by various manufacturers.

On users’ side, a user wants the SSD that provides the best
performance on the applications frequently executed in his/
her environment; they want to know which SSD performs
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best for these applications. On manufacturers’ side, they aim
to develop SSDs that perform better than their competitors
on as many applications as possible, and they want to figure
out which applications perform poorly on their SSD, in order
to improve its overall performance by fixing the problem.

Assuming that n SSDs and m applications are given, a
user wants to know (Q1) the performance of his/her own appli-
cation on each of n SSDs (n:1), while a manufacturer wants to
know (Q2) the performances of m applications on its SSD (1:m).
If we know the performances of all the applications on all the
SSDs (n:m), we can provide the answers for (Q1) and (Q2) to
both of users and manufacturers.

SSD manufacturers release simple performance specifica-
tions of their SSDs in terms of bandwidth, latency, and
input/output operations per second (IOPS). The perfor-
mance comparison between different manufacturer’ SSDs
with this information may not be that meaningful because
even though the performances of SSDs obtained from this
information are similar, the performances of a specific appli-
cation on the SSDs may be different. In order to compare the
performances of the SSDs, the performance of the SSD is
measured by using benchmarks in general [4], [5]. Although a
benchmark is designed to show the performance of execut-
ing various types of IO patterns on the SSD [5], the perfor-
mance of the SSD measured by a benchmark may not always
cover the performance of all of the applications on the SSD.

A simple approach to know the performance of every
application on every SSD is to run every application on every
SSD and measure its execution time. However, this approach
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is infeasible in practice because it requires a lot of cost and
time. In this paper, we aim to estimate the performance of a
target application on an SSD without its actual execution. This
estimation, if accurate, provides users and manufacturers
with the answers for (Q1) and (Q2), respectively.

Unfortunately, manufacturers do not open detailed
mechanisms of their SSDs [6]. Rather, as already mentioned,
they release only simple performance specifications. With
only this information, it is difficult to describe how those
SSDs are different from each other in terms of mechanisms
and what conditions make their behaviors predictable.
What we do in this paper is to estimate the execution time
of a query IO trace on an arbitrary SSD whose technical mecha-
nism is not known (i.e., regarding the SSD as a black box) by
using the execution times of IO traces that have been per-
formed on the SSD in the past, rather than estimating the
execution time of a query IO trace on a specific SSD whose
technical mechanism is known. This approach is beneficial in
practice because the execution time of a query IO trace on
an SSD can be estimated without requiring (1) the technical
mechanism of the SSD nor (2) knowing the performance
information of the SSD.

An important observation in the literature has shown
that if two 1O traces of applications are similar to each other in
terms of an 1O pattern, their execution times tend to be similar
when they are executed on the same SSD [7]. Based on this
observation, we estimate the execution time of a query 10
trace g as follows: assuming that an IO trace s has an IO pat-
tern very similar to that of 4 and has the execution time of
t,, the execution time of g, ¢,, can be estimated as ¢,.

In this paper, we propose FORESEE! (Framework fOR
Estimating SSD pErformance Efficiently) as a fast and accu-
rate solution to the problem of estimating the execution
time of a query IO trace on a target SSD without its actual
execution. We introduce a new concept called an 10 window,
a sub-1O trace of a fixed length to solve the problems caused
by IO traces of different lengths. FORESEE first extracts
query IO windows from a query IO trace and estimates the
execution time of each IO window by using the known exe-
cution times of the DB IO windows stored in a database
(DB). Finally, it estimates the execution time of the entire
query IO trace by aggregating the estimated execution times
of its query IO windows. This way of estimation enables us
to estimate the execution time of a query IO trace of an arbi-
trary length.

The proposed framework consists of the following three
components: (1) feature set evaluation, (2) DB construction,
and (3) execution time estimation. Feature set evaluation is the
component that evaluates sets of features for selecting the
final set of features used to measure the similarity of IO win-
dows; DB construction is the component that stores the fea-
ture values and the execution time of each IO window in
the DB; execution time estimation is the component that first
estimates the execution times of the query IO windows by
using the execution times of their similar DB IO windows
and finally estimates the execution time of the query 10

1. The initial idea of this paper was introduced with some prelimi-
nary results of evaluation at ACM CIKM 2017 as a short (four pages)
paper (i.e., conference version) [8]. This paper (i.e., journal version) is
its extended version written for the archival purpose in a journal.
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Fig. 1. Overall architecture of a SSD.

trace by aggregating the estimated execution times of those
query IO windows.

For validating the effectiveness of FORESEE, we esti-
mate the execution times of query IO traces and measure
their accuracy. As an accuracy measure, we use the Pearson
correlation coefficient (PCC) to measure the correlation
between two sets of the actual and estimated execution
times [9]. The PCC of FORESEE is shown 0.87, which is
much higher than 0.17, that of the baseline method.

Our key contributions are summarized as follows:

e We propose a framework for solving the problem of
estimating the execution time of a query IO trace on
the SSD without its actual execution.

e We address how to determine a set of features that
are used to measure the similarity of IO traces, and
propose an efficient method to find such a set of
features.

e We propose a database structure and a searching
method to find similar IO traces based on the deter-
mined set of features.

e We propose an aggregation method to estimate accu-
rately the execution time of a query IO trace.

o We verify the effectiveness of FORESEE, the pro-
posed framework, through extensive experiments.

The rest of this paper is organized as follows: Section 2

presents the background and motivation of our work.
Section 3 presents the overview of the proposed framework.
Section 4 describes in detail the components of the proposed
framework. Section 5 presents and analyzes the evaluation
results on the proposed framework. Section 6 summarizes
and concludes this paper.

2 BACKGROUND AND MOTIVATION

Fig. 1 illustrates the general architecture of an SSD with its
major components [10], [11], [12], [13]: NAND flash memory
chips, flash memory controllers (FMCs), embedded CPUs,
and DRAMs. A NAND flash chip stores data permanently
inside and a flash memory controller manages multiple
NAND flash memory chips. A DRAM stores data temporar-
ily to read/write from/into NAND flash chips. 8-16 NAND
flash memory chips, a flash memory controller, and DRAM
are organized into a channel. Typically, an SSD contains 8-32
channels.

An embedded CPU manages the channels by using firm-
ware called flash translation layer (FTL) [10]. FTL performs
two functions: address mapping and wear leveling. Address
mapping is a function that maps a logical address to a
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physical address when processing IO requests, thereby
processing 10 updates efficiently [14], [15], [16], [17], [18].
Wear leveling is a function that makes writing operations dis-
tributed over entire blocks in the SSD, thereby ensuring long
lifetime of the SSD [15].

Since SSDs read/write data by the electronic principle
while the HDDs read /write data by the magnetic principle,
they provide faster bandwidth, lower latency, and longer
lifetime than HDDs [19], [20], [21]. As a result, SSDs are
becoming popular storage devices, replacing HDDs. Manu-
facturers provide various kinds of SSDs on the market.

As mentioned in the previous section, both SSD users
and manufacturers want to know the performances of the
SSDs for their own purpose. A simple approach to know
the performance of every application on every SSD is to run
and measure all applications on all SSDs. This approach,
however, requires (1) purchasing all the applications and all
the SSDs, (2) installing all the applications on all the SSDs,
(3) running all the applications on all the SSDs, and (4) mea-
suring their performances, which is infeasible in practice.

Sometimes, obtaining an approximated answer with rea-
sonably high accuracy in short time or with low cost is pre-
ferred, rather than obtaining an exact answer in much long
time or with much high cost [22]. For example, in the area of
database, when a query is issued to a database, it can be proc-
essed in a large number of different execution plans. A query
optimizer determines the execution plan whose query proc-
essing time is the shortest among those plans. For measuring
the processing time of each plan, it estimates the approxi-
mated processing time, rather than measuring the exact
processing time. It finally processes the query with the plan
whose estimated processing time is the shortest [22].

Our goal is to estimate the execution time of each appli-
cation accurately on a given SSD without its actual execution.
If the execution time is accurately estimated, the consumers
and manufacturers of the SSD can easily get the perfor-
mance information of the application run on the SSD.

3 FRAMEWORK OVERVIEW

In this section, we present the overview of FORESEE. The
key idea is to estimate the execution time of a query IO trace
by using the execution times of other IO traces in a DB hav-
ing similar IO patterns to the query IO trace. The sizes (i.e.,
lengths) of entire IO traces vary from one application to
another. This causes a problem that there are few IO traces
that are really similar to the query IO trace. To solve this
problem, we define a new concept called an 10 window
whose length is fixed. FORESEE extracts a series of query
IO windows from a query IO trace. Next, it estimates the
execution time of each query IO window and finally esti-
mates the execution time of the entire query IO trace based
on the estimated execution times of query IO windows.

The execution time of an IO trace extracted from an
application is determined by the characteristics (i.e., IO pat-
tern) of the IO trace; thus, if the IO pattern of an IO trace
changes, the execution time of the IO trace would change.
In FORESEE, however, the DB IO traces used to estimate
the execution time of a query IO trace do not necessarily
need to be those IO traces extracted from the application
that the query IO trace belongs to. Rather, the DB IO traces
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extracted from any applications can be used in this case, if
their IO patterns are similar to that of the query IO trace.
Therefore, even when the IO pattern of the query IO trace
changes over the time, FORESEE can estimate the execu-
tion time of the query IO trace if there exist such DB IO
traces having similar IO pattern to that of the query IO trace.

In addition, we note that FORESEE first estimates the
execution times of query IO windows and then estimates
the execution time of the entire query IO trace based on
those estimated execution times of query IO windows,
instead of estimating the execution time of the entire query
IO trace directly. The possibility of having the IO windows
similar to the query IO window in terms of the IO pattern
will be much larger than that of having IO traces similar to
the query IO trace. Therefore, since FORESEE DB is more
likely to have the DB IO windows similar to the query 10
window, it could estimate accurately the execution times of
both query IO windows and query IO traces in this way.

Fig. 2 shows the overall architecture of FORESEE com-
posed of three components: feature set evaluation, DB construc-
tion, and execution time estimation. Feature set evaluation is
the component that evaluates sets of features for selecting k
features for the final set of features for an IO window (i.e.,
final feature selection_red box with dotted lines), used for
computing the similarity between IO windows. The input
and output of this component are DB IO traces in the raw
data and the final set of features, respectively. This compo-
nent is composed of window feature extraction and evaluation
steps. The process of each step will be discussed in detail in
Section 4. The final set of features thus obtained is used in DB
construction and execution time estimation (arrows with
dotted lines).

DB construction is the component that builds a FORESEE
DB storing features of IO traces and their execution times
(i.e., DB construction_dotted line arrow). The input and out-
put of this component are DB IO traces in the raw data and
FORESEE DB which stores a number of pairs of a feature
vector w; = (f}, f2,..., fF) of ith IO window and its execution
time t,,, respectively. DB construction is composed of win-
dow feature extraction and storage steps. FORESEE DB thus
constructed is used in execution time estimation. Feature
selection and DB construction are preprocessing processes
that should be performed before execution time estimation.

Execution time estimation is the component that esti-
mates the execution time of a query IO trace (i.e., execution
time estimation_black box). The input and output of this
component are a query IO trace and its estimated execution
time, respectively. Execution time estimation is composed
of window feature extraction, window matching, and aggregation
steps.

In FORESEE DB, a large number of pairs of an 10 win-
dow with its feature vector and its execution time are stored
for each individual SSD model. Also, this FORESEE DB
will be continuously updated with more pairs added by
SSD manufacturers and users even after its initial release. In
order to provide more accurate estimation for each SSD
model, its manufacturer will update the DB whenever more
execution results are obtained. Also, an SSD user can add
the execution results obtained with the workload on her/
his own SSD model to share this information with others.
We note, however, that this paper aims to address technical
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Fig. 2. Overview of FORESEE.

issues related to FORESEE, thus leaving the broader spec-
trum of possible service scenarios for FORESEE open.

When FORESEE is released first, its DB is unlikely to
have sufficient data inside, incurring relatively low accuracy
in estimating execution times. However, as time goes by, the
accuracy will be expected to increase, thanks to the continu-
ous updates added by SSD manufacturers and users.

4 FORESEE: PROPOSED FRAMEWORK

In this section, we present the three components of FOR
ESEE (.e., feature set evaluation, DB construction, and execu-
tion time estimation) in detail.

4.1 Feature Set Evaluation

Feature set evaluation is the component of FORESEE that
evaluates a number of features sets to select the final fea-
tures set, which is used to find similar IO traces via follow-
ing two steps: (1) window feature extraction and (2) evaluation.

4.1.1  Window Feature Extraction

If the lengths of entire IO traces are different, their execution
times are usually different [7]. Therefore, in order to esti-
mate the execution time of a query IO trace, we need the IO
traces whose lengths are similar to that of the query 10
trace. The lengths of IO traces in real applications, however,
are (1) very long and (2) quite different to one another [23],
[24]. In this case, the number of IO traces with similar
lengths to that of the query IO trace should be very small.
Even when the IO trace is similar to the query IO trace in
length, the possibility of having the 1O traces similar to the
query IO trace in IO patterns will be very small. In sum-
mary, in the matching step in execution time estimation that
searches for the IO traces similar to the query IO trace, there
is a problem that it is rare to find successfully those DB 10
traces that are truly similar to the entire query IO trace. This
problem arises because the matching is performed in the
unit of the entire query IO trace whose length is very long.

In order to solve this problem, we set the unit of matching
as a “partial 10 trace of a fixed length”, rather than an “entire
IO trace”. In this paper, we define 10 windows as such partial
IO traces of a fixed length.

The proposed framework constructs a FORESEE DB by
extracting a series of DB IO windows from a large number of
DB IO traces. Then, when a query IO trace is issued, it
extracts a series of IO windows (i.e., query IO windows) from
the query IO trace and estimates the execution time of each
query IO window by using the DB IO windows that are simi-
lar to the query IO window. Finally, FORESEE estimates the
execution time of the entire query IO trace by aggregating
the estimated execution times of those query IO windows.

In order to extract IO windows from an IO trace, two
extraction methods can be used: (1) sliding window extraction
and (2) disjoint window extraction. The sliding window extrac-
tion method extracts an IO window of length w starting from
every IO request in the IO trace. This makes two adjacent IO
windows overlapped, which means an IO request can be
included in multiple adjacent IO windows. The disjoint win-
dow extraction method extracts an 10 window of length w
starting from an IO request that appears right after the last
IO request of its previous IO window. This method makes all
the windows disjoint to one another, thereby having an 10
request belong to only one IO window.

Fig. 3 shows the results of extracting IO windows of 3 KB
length from IO trace A whose length is 6 KB by (a) sliding
window extraction and (b) disjoint window extraction. In slid-
ing window extraction, the first IO window consists of the
first and second IO requests of A; the second IO window
consists of the second and third IO requests of A; and the
last IO window consists of the third and fourth IO requests
of A. In disjoint extraction, the first IO window consists of
the first and second IO requests of A; the second IO window
consists of the third and fourth IO requests of A; the two 10
windows, here, do not have any 1O request in common.

If the number of IO windows stored in FORESEE DB
increases, it is more likely that we find DB IO windows that
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are similar to the query IO window. We note the total num-
ber of IO windows extracted by sliding window extraction is
larger than that of IO windows extracted by disjoint window
extraction. Therefore, in this paper, we decide to employ
sliding window extraction to extract DB IO windows from
DB IO traces in order to have a more number of DB IO win-
dows in FORESEE DB.

When performing matching between a query IO trace
and a DB IO trace, two different ways of window extraction
are employed by following [25], [26]. Since, sliding window
extraction is used in constructing FORESEE DB, disjoint
window extraction is employed to extract query IO win-
dows from the query IO trace.

4.1.2 Evaluation

FORESEE estimates the execution time of the query IO
window by querying the top-p DB windows that are most
similar to the query IO window in terms of the IO pattern.
When k features are given, as shown in Equation (1), we
measure the similarity of two feature vectors of two IO win-
dows w; = (f}, f2, ..., f¥ and w; = (f}, ]2, o, fj"f) by using
the inverse of the euclidean distance to judge how much w;
and w; are similar in terms of the 1O pattern

1
NoSNTONrTIE

@

stm(w;, w;) =

The reasoning behind this is based on the observation that the
execution times of two IO traces (i.e., two 10 windows here) are
similar when their corresponding feature values are similar [7].

To find a feature set that satisfies the above observation,
we first find a set of candidate features that may affect the
execution time on the SSD. Among those candidate features,
some of them could satisfy the observation. Therefore,
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among all possible combinations of those candidate fea-
tures, we identify the best combination of candidate fea-
tures as the final feature set for FORESEE.

Table 1 shows 20 candidate features of IO windows con-
sidered in this paper. The number of IO requests, the size of
IO requests (average and standard deviation), the interval
time of two adjacent IO requests (average and standard devia-
tion), the range of the logical addresses (average and standard
deviation), the ratio of the number of read /write IO requests
to that of all IO requests, the ratio of the number of sequen-
tial/random read IO requests to that of all read IO requests,
and the ratio of the number of sequential/random write 10
requests to that of all write IO requests are those features
well-known to affect the performance of the SSD [3], [27].

The ratio of the number of read 10 requests to that of write
IO requests is known to affect the performance of the SSD in
the literature. However, if the ratios of the amount of read
1Os to that of write IOs in two IO traces are different, their
execution times may be different even if the ratios of the
number of read IO requests to that of write IO requests in
the two IO traces are identical. For instance, there are two
IO traces A and B, both of which have 5 read IO requests
and 5 write IO requests. The amounts of read and write IO
requests in A are 9 and 1 MB, respectively, while the
amounts of read and write IO requests in B are 1 and 9 MB,
respectively. In this case, the execution times of A and B
would be considerably different. In order to consider the
ratio of the amounts of read and write IO requests, we add
the features from 14 through 19 in Table 1.

HDDs perform in-place updates that write ‘will-be-
updated data’ to the space of the SSD where the original
data were written, while the SSD performs an out-place
update that writes ‘will-be-updated data’ to another free
space of the SSD [13]. Thus, an update involves a large num-
ber of write and erase operations; therefore, if the number of
updates in an IO window increases, it is more likely that the
execution time of the IO window on the SSD becomes
larger, indicating the updates significantly affect the perfor-
mance of the SSD. Therefore, we add the ratio of updates to
writes as a new candidate feature in Table 1.

There are a large number of feature sets composed of all
possible combinations of the candidate features in Table 1.
Of course, we can use all of the 20 candidate features for the
final feature set. We know that FORESEE estimates the exe-
cution time of the query IO window by using the execution

TABLE 1
Candidate Features
Feature ID  Name Meaning FeatureID  Name Meaning
1 10 count The # of I0s 11 Sequential write ratio (ioc) ~ Sequential write ratio in terms of # of IOs
2 10 size (avg) Average of IO sizes 12 Random read ratio (ioc) Random read ratio in terms of # of IOs
3 10 size (std) Standard deviation of IO sizes 13 Random write ratio (ioc) Random write ratio in terms of # of IOs
4 10 interval (avg) Average of IO interval times 14 Read ratio (iob) Read ratio in terms of IO amount
5 10 interval (std) Standard deviation of IO 15 Write ratio (iob) Write ratio in terms of IO amount
interval times
6 10 locality (avg) Average of 10 logical block 16 Sequential read ratio (iob) ~ Sequential read ratio in terms of IO amount
addresses
7 10 locality (std) Standard deviation of IO 17 Sequential write ratio (iob) ~ Sequential write ratio in terms of IO amount
logical block addresses
8 Read ratio (ioc) Read ratio in terms of # of IOs 18 Random read ratio (iob) Random read ratio in terms of IO amount
9 Write ratio (ioc) Write ratio in terms of # of IOs 19 Random write ratio (iob) Random write ratio in terms of IO amount
10 Sequential read ratio (ioc) ~ Sequential read ratio in terms 20 Overwrite ratio Update ratio

of # of IOs
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times of DB IO windows similar to the query IO window in
IO pattern. The similarity of execution times of similar IO
windows is considerably affected by the candidate features
employed in finding the similar IO windows. Thus,
FORESEE need to use such a feature set that makes the simi-
lar IO windows chosen by itself have execution times as
much similar as possible. In order to determine the final fea-
ture set best for FORESEE, the evaluation step evaluates
every candidate feature set by using a goodness function.

The goodness function shown in Equation (2) below is
intended to evaluate quantitatively a given feature set F;
based on the execution times of p similar IO windows iden-
tified by the feature set. For each 10 window w; and it’s top-
p most similar 10 windows (wj, |w;, € W) extracted from
DB IO traces in the raw data according to Fj, the goodness
function first measures the average of the differences
between the execution times (¢,,-t.,; ) of w; and every wj,. It
then repeats the same process for all of the IO windows in
the raw data. Finally, the goodness function averages the
differences over all IO windows. The inverse of this value
becomes the final score of the goodness function (GF-score)
for the feature set

1

=— - (2)
Wi Zu:JGW Tol Zkép

GF(F)

t, — tuy

A higher GF-score indicates similar IO windows have
more similar execution times, which means that the execu-
tion times of IO windows are similar if they are similar in
terms of the given feature set.

When 7 IO windows are extracted from DB IO traces in
the raw data, the complexity of finding the top-p most simi-
lar DB IO windows to a given IO window is O(n), assuming
GF uses a sequential scan; thus, the complexity of repeating
it for all the IO windows in FORESEE DB is O(n?). Simi-
larly, the complexity of calculating execution time differen-
ces between a given IO window and its top-p most similar
10 windows is O(p); thus, the complexity of repeating it for
all the IO windows in the raw data is O(pn). Therefore, the
overall complexity of computing a GF-score is O(n*+pn),
which is infeasible when considering that the number of DB
IO windows is 3.3million in our case.

In this paper, we thus propose a new goodness function
(called goodness function*) that pursues the goal of the origi-
nal goodness function with low complexity. This new func-
tion is based on the observation that, if the IO windows are
grouped together according to the feature set whose GF*-
score is higher than that of any other feature sets, the execu-
tion times of IO windows in the same group should be more
similar than that of similar IO windows grouped according
to the any other feature sets. The goodness function* first
makes similar IO windows grouped in terms of a feature set,
and then evaluates the feature set by computing how much
similar the execution times of IO windows in each group are.

To make similar DB IO windows grouped, we utilize the
k-means algorithm, which is one of the most widely used
clustering algorithms in data mining [9]. The k-means is the
clustering algorithm most widely used in data mining,
thanks to its efficiency and simplicity. This algorithm makes
each data object belong to the cluster that has a centroid
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closest to the object [28], which makes the distances among
the objects in the same cluster close to each other. This char-
acteristic fits in our situation where we need to find IO win-
dows that are similar to each other. For this reason, we
decided to use the k-means for clustering of IO windows
in our framework. In [27], [29], the authors show that the
k-means algorithm provides the best clustering results
among other clustering algorithms in grouping IO traces,
which supports our decision as well. The k-means algorithm
divides a set of feature vectors of all DB IO windows into k
groups as shown in Algorithm 1.

Algorithm 1. k-Means Algorithm

Input:DB IO windows, k (# of clusters), ¢ (iterations)

Output:a set of k clusters

1: Initialize k£ random center vectors.

2: repeat

3:  for each DB IO window do

4 Calculate the distances between the vector of the corre-
sponding IO window and the center vectors of k clusters.

5: Find the closest cluster to the DB IO window, and assign
this DB IO window to the cluster.
6: end for

7:  Recalculate the center vector of each cluster by averaging
the vectors of DB IO windows included in the cluster.
8: until i times

We measure the goodness of a given feature set for every
cluster thus formed and determine the total goodness of the
feature set by aggregating the goodness of the feature set for
all clusters. At this time, we use the standard deviation of the
execution times of the IO windows for measuring the good-
ness of a feature set for a cluster. As the standard deviation of
execution times in a cluster gets smaller, the IO windows in
the cluster become more similar in terms of execution times.

The numbers of IO windows in clusters may be different;
therefore, we need to consider them as weights in measur-
ing the goodness function* score (GF*-score) of a feature set.
Assuming k clusters (C}) are given in the DB IO windows
extracted from DB IO traces in the raw data, as shown in
Equation (3), we use the weighted sum of the standard devi-
ations (o) for all clusters, where the weight is set as the ratio
of the number of IO windows in a cluster to that of all IO
windows. The inverse of this value becomes the final GF*-
score of the given feature set

1
1]
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Given k clusters and i iterations, the complexity of k-means
is O(knt). Supposing the average number of IO windows in a
cluster is ¢, the complexity of computing the standard devia-
tion of the execution times of IO windows in the cluster is O
(1); thus, the complexity of calculating the standard deviation
for all k clusters is O(n). Therefore, the overall complexity of
the goodness function* is O(kni+n), which is much lower
than O(n?+pn), that of the original goodness function, consid-
ering k < n and ¢t < n. In this paper, we finally use the good-
ness function® instead of the goodness function in the feature
set evaluation component of FORESEE.
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One may consider to evaluate all possible feature sets by
using our goodness function®, selecting the final feature set
having the highest GF*-score. Assuming f candidate fea-
tures are given, the number of possible combinations of fea-
tures is 2/, which makes the problem of evaluating all
possible feature sets NP-hard.

To address this problem, in this paper, we use the greedy
approach to find the approximate solution [30], rather than
the exact one. This approach obtains BF; in each step ¢, which
contains i candidate features. BF; is composed of BF;_; with
one more candidate feature added. This approach first
obtains the set having only one candidate feature whose
GF*-score is highest as BF; among all the sets having only
one candidate feature. To obtain BF; (i>2), it measures the
GF*-score of a set of one candidate feature (cf;) added to
BF,_; (i.e.,, BF;_1U{cf;}), selects cf; that makes BF;_;U{cf;}
get the highest GF*-score, and finally obtains BF; that con-
tains BF;_ U{cf}.

We can obtain f BF;s by this approach, each of which is
the best set composed of i features. Among them, we choose
the final feature set (FF') that shows the highest GF*-score
for FORESEE as shown in Equation (4)

FF = argmax GF*(BE;). 4

1<i<f

This feature selection procedure is given in Algorithm 2.

Algorithm 2. Feature Selection Algorithm

Input: f candidate features (cf;), DB IO windows
Output:final feature set (FF)

1: Set BFj as ¢

2: fori«<— 1to f do

3: foreachcf;thatcf; ¢ BF, 1 do

4 Measure the GF*-score of (BF;_; U {cf,}) by using

Equation (3)
5: end for
6: Select the candidate feature cf; that makes (BF;_; U {cfi})
get the highest GF*-score.
7. Set BF; as (BF;_1 U {cfi})
8: end for

9: Determine F'F by using Equation (4) among BF;’s

Suppose the number of candidate features is f, the number
of feature sets evaluated by the greedy approach is (f L)y,
which is much lower than 2/, that of possible combmatlons of
candidate features.” Also, the complexity of selecting the final
feature set b usmg GF" and the greedy approach is O
((kni+n) x L ( A1) which is much lower than O((pn+n2) x 27),
that of using GF for all possible feature sets. Therefore, in this
paper, we use the goodness function® (i.e., rather than the
goodness function) and the greedy approach (i.e., rather than
the exhaustive approach) to select the final feature set for
FORESEE.

4.2 DB Construction

DB construction is the component of FORESEE that stores
10 windows (DB IO windows) in FORESEE DB via follow-
ing two steps: (1) window feature extraction and (2) storage.

2. In Section 5.2.2, we also validate that the sacrifice in the quality of
the result obtained by the greedy approach in insignificant.
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4.2.1  Window Feature Extraction

As mentioned in Section 4.1.1, we extract DB IO windows
from DB IO traces by using sliding window extraction in order
to have a larger number of DB IO windows in FORESEE
DB (see Section 4.1.1).

4.2.2 Storage

Matching is a step of execution time estimation that finds DB
10 windows similar to a given query 10 window. The sequen-
tial scan is the basic method to find the top-p most similar DB
IO window [31]. Since the complexity of performing the
sequential scan for n IO windows is O(n). A large number of
DB IO windows in FORESEE DB would make the sequential
scan of the entire DB IO windows inefficient.

We reduce the complexity of matching by performing
sequential scan only for some partial DB IO windows that
are likely to be similar to the query IO window, excluding
the rest of DB IO windows (more details will be described
in the next section). If similar IO windows are grouped
together and stored in FORESEE DB (say, 3.3 million in our
case), this can be made easy. To this end, FORESEE uses a
DB structure that has similar IO windows grouped together.

As mentioned earlier, the feature selection component
performs clustering to measure the GF*-score of every fea-
ture set. The clustering result of the IO windows based on
the final feature set by using the k-means algorithm is the
DB structure that we want, because similar DB IO windows
are grouped together in k clusters according to the final .001
feature set.

4.3 Execution Time Estimation

Execution time estimation is the component of FORESEE
that estimates the execution time of a query IO trace via fol-
lowing three steps: (1) window feature extraction, (2) window
matching, and (3) aggregation.

4.3.1 Window Feature Extraction

As mentioned in Section 4.1.1, we extract query IO windows
from an query IO trace by using disjoint window extraction
(see Section 4.1.1).

4.3.2 Window Matching

As stated earlier, FORESEE DB consists of k clusters, each
of which has a number of similar IO windows. In this paper,
we propose an efficient window matching method exploit-
ing this DB structure. This method conducts sequential scan
only for partial DB IO windows that might be similar to the
query IO window instead of conducting sequential scan on
all DB 10 windows.

The proposed matching method conducts cluster matching
first for finding a cluster that contains the IO windows that
might be similar to the query IO window. In order to find
such a cluster, FORESEE measures the similarity between
the query IO window and every cluster by computing the sim-
ilarity between the feature vector of the query 10 window
and the center vector of the cluster. The center vector is the
average feature vector of all DB IO windows in the cluster. It
then performs the sequential scan only for the IO windows
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Cluster 1

Cluster 2

Fig. 4. An example of our proposed matching method.

in the cluster whose similarity to the query IO window is
highest among all clusters.

Supposing that n IO windows are stored in FORESEE
DB organized with k clusters and that each cluster contains
% 10 windows, the complexity of cluster matching is O(k)
and the complexity of the sequential scan for the IO win-
dows in a cluster is O(}); thus, the overall complexity of the
proposed window matching is O(k + ), which is lower than
O(n), that of the sequential scan for all DB IO windows in
FORESEE DB.

A problem with choosing only one cluster in cluster
matching is that it may miss the IO windows that are actu-
ally similar to the query IO window. Fig. 4 shows this exam-
ple, where FORESEE DB consists of two clusters. Each
cluster stores IO windows represented by black dots in the
figure. The distances of a query IO window, g, to center vec-
tors of cluster 1 and cluster 2 (white dots) are 4.5 and 7.4,
respectively. As mentioned in Section 4.1.2, since we use the
inverse of the euclidean distance as the similarity measure, the
low distance between the two IO windows represents high
similarity between them; therefore, cluster 1, which is closer
to g, is selected as the cluster matching result. Then, the
sequential scan is performed only for the IO windows in
cluster 1, determining a as the IO window closest to 4.

We note, however, the point closest to g is b in cluster 2
rather than a since the distance between b and ¢ is 1.2 while
the distance between a and g is 3.3. However, since b is not
the IO window contained within cluster 1 selected in the
cluster matching, it is excluded in the sequential scan. This
causes FORESEE to use less similar DB IO windows in esti-
mating the execution time of the query IO window, which
subsequently leads to low estimation accuracy.

To solve this problem, our matching method searches for
the top-I (rather than top-one) most similar clusters and
searches for top-p most similar IO windows in those I clusters
thus found. There are some tradeoffs: if | increases, the total
time of the window matching increases, while the possibility
of missing similar IO windows decreases; if | decreases, the
total time of the window matching decreases, while the pos-
sibility of missing similar IO windows increases.

4.3.3 Aggregation

The aggregation step of the execution time estimation com-
ponent estimates the execution time of every extracted
query IO window and the execution time of the entire query
IO trace via two aggregation methods: (1) an aggregation
method for the query IO window and (2) an aggregation
method for the query IO trace.
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The top-p most similar DB IO windows to a query IO win-
dow g resulting from the window matching step have differ-
ent similarities to g. In order to consider them, FORESEE
estimates the execution time of the query IO window by
computing the weighted average of the execution times of
the top-p most similar DB IO windows, where the weight is
set as the similarity between a DB IO window and g defined
as follows:

1{’_ Wit
S ®
k=1 Wk

Since the query IO windows are extracted from the query
10O trace by using disjoint window extraction, FORESEE esti-
mates the execution time of the entire query IO trace by
summing the estimated execution times of all query IO win-
dows as follows:

g = thwr (6)
i=1

5 EVALUATION

In this section, we evaluate FORESEE via extensive experi-
ments with real-world trace data. We designed our experi-
ments for evaluation, aiming at answering the following
key questions:

e Related to the goodness of feature sets:

1)  What is appropriate size of IO windows for accu-
rate estimation?

2) How much does the greedy approach sacrifice
the accuracy in selecting the final feature set?

3) Does GF* successfully achieve the goal that GF
pursues?

4)  What are the most important features that should
be included in the final feature set?

5) Iftwo IO windows have similar values in the final
feature set, is it true that their execution times are
really similar?

e Related to the effectiveness of FORESEE:
1) How accurate is FORESEE in estimating the
execution times for query 10 windows?
2) How accurate is FORESEE in estimating the
execution times for entire query IO traces?

5.1 Experimental Environment

Our experiments were conducted on a server equipped with
i7-920 2.67 GHz CPU, 12 GB main memory, and Linux 3.5.0-
23. We used Hynix, Samsung, Intel, and Plextor SSDs whose
performance specifications are shown in Table 2. In our
experiments, TPC-C, uFLIP, and websearch IO traces are
used as trace data. The TPC-C IO traces were extracted from
the TPC-C benchmark that is designed to evaluate the perfor-
mance of DBMSs or storage devices [32]. The uFLIP IO traces
were extracted from the uFLIP benchmark that is designed
to evaluate the performance of flash devices [4]. The web-
search IO traces are those extracted from actual websearch
engines [33]. These workloads have been used as well for
evaluation in other related work [34], [35], [36], [37], [38]
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TABLE 2 TABLE 3
Performance Specifications of the Four SSDs Detailed Statistics of the Dataset
Capacity Read Bandwidth Write Bandwidth 4K Rand. 4K Rand. Type Name #of IO traces  Total amount of IO requests (GB)
(GB) (MB/s) (MB/s) Read IOPS Write IOPS DB TPCC m 1106
Hynix 120 510.5 357.9 97,049 68,710 FLiP 389 350.1
Samsung 120 513.2 389.8 100915 79,820 u :
Intel 128 5117 3746 89,676 82,304 Websearch 2 2.5
Plextor 120 518.9 3257 95411 67,020 Total 405 4632
Query TPC-C 4 32.4
Table 3 shows the information of the entire IO traces w:}fsl“:;ch 917 16 i
used in our experiments. In this paper, 18 TPC-C IO traces, :
486 uFLIP IO traces, and 3 websearch IO traces were used. Total 102 1028
Total 507 566

Among them, we selected randomly 80 percent of all traces
in our dataset as DB IO traces while we used the remaining
20 percent of IO traces as query IO traces. Also, we extracted
DB IO windows from a DB IO trace by using sliding win-
dow extraction while we extracted query IO windows from
a query IO trace by using disjoint window extraction.

5.2 Goodness of Features Sets
5.2.1 Determining the Size of 10 Windows

If the size of IO windows is set too large, it is difficult to find
DB IO windows similar to a query IO window, which causes
large estimation errors. On the other hand, if the size of 10
windows is set too small, it is easy to find DB IO windows
similar to a query IO window; however, similar IO windows
of this small size may have quite different execution times
since the IO performance characteristics determining their
execution times are unlikely to appear in such small win-
dows. Therefore, we need to decide the size of IO windows
properly for accurate estimation. Through our preliminary
experiments, we examined the changes of the GF*-scores
with different sizes of 10 windows: we first built eight
FORESEE DBs, each having IO windows of 16 to 2048 KB,
and evaluated each candidate feature by using GF*.

Fig. 5 shows the GF*-scores for candidate features with
different sizes of IO windows on the Hynix SSD.? The x-axis
indicates candidate features, the y-axis indicates the sizes of
IO windows, and the z-axis indicates the GF*-scores. The
patterns of GF*-scores for the 20 candidate features were
shown very similar regardless of the sizes of IO windows.
Fig. 6 shows the GF*-scores with different sizes of IO win-
dows for the 19th candidate feature, which shows the high-
est GF*-scores among 20 candidate features on the Hynix
SSD*. The x-axis indicates the sizes of IO windows and the
y-axis indicates the GF*-scores. When the size increases
from 16 to 64 KB, the GF*-scores increase; this is because
similar IO windows of a small size may have quite different
execution times since the IO performance characteristics
determining their execution times are unlikely to appear in
such small windows. When the size increases from 64 to
512 KB, the GF*-scores are not changed. The GF*-score is
highest (84.57) with the IO windows of 128 KB. When the
window size increases from 512 to 2048 KB, the GF*-scores
decrease: we note we select top-p DB IO windows most sim-
ilar to a query IO window; as the window size gets larger, it
becomes more difficult to find such DB IO windows that are

3. Note that we observed similar trend results on the other three
SSDs.

sufficiently similar to the query IO window; in this situa-
tion, DB IO windows having low similarity to the query IO
window will be used in estimation, causing large estimation
errors. For other 19 candidate features, we observed quite
similar tendencies.

In the following experiments, we set the size of 10 win-
dows fixed as 128 KB. 3,371,381 DB IO windows were
extracted from the DB IO traces by sliding window extrac-
tion, while 842,847 query 10 windows were extracted from
query IO traces by disjoint window extraction.

5.2.2 Suitability of the Greedy Approach

Unlike the exhaustive approach that evaluates all possible
feature sets for selecting the final feature set, the greedy
approach evaluates a much reduced number of feature sets
that are likely to be the final feature set. At this time, we need
to validate that can we use the greedy approach in selecting
the final feature set instead of the exhaustive approach.

We evaluated and compared the two performances. In
the exhaustive approach, evaluating 2% feature sets (i.e., all
possible combinations of 20 features) requires a huge
amount of time. We thus selected 5 features randomly from
total 20 features and compared the greedy approach and
the exhaustive approach on them under GF* as follows: We
measured the GF*-scores of all possible feature sets by using
the exhaustive approach; we sorted the feature sets in
descending order of GF*-scores; we determined the final
feature set by using the greedy approach and examined its
rank among the sorted feature sets obtained by the exhaus-
tive approach; we repeated this experiment five times under
different sets of 5 features and averaged the 5 ranks thus

16 032 m64 =128 D256 =512 mW1024 =2048

GF*-score

1024

10 window size

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Candidiate feature id

Fig. 5. GF*-scores for 20 candidate features with different IO window
sizes.
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Fig. 6. GF*-scores for the 19th candidate feature with different IO win-
dow sizes.

obtained. The result shows that the average rank of the final
feature set determined by the greedy approach was 3.2 out of
20 possible feature sets. In summary, we can select the final
feature set very efficiently by using the greedy approach
without sacrificing significant amount of accuracy.

5.2.3 Suitability of the GF*

In order to estimate accurately the execution time of a query
IO trace, we need to select the final feature set appropriate
for FORESEE. FORESEE selects the feature set whose GF*-
score is higher than any other feature sets as the final one.
GF* is designed to replace GF whose complexity is too high;
therefore, we need to verify whether GF* actually achieves
the goal of GF.

To this end, we determine the order of candidate features
that are included in the final feature set by the two methods:
one by using (the greedy approach + GF) and the other by
using (the greedy approach + GF*). If the order of candidate
features obtained by using GF and that obtained by using
GF* are sufficiently similar to each other, GF* can be judged
to play the same role as GF. We use the Pearson correlation
coefficient (PCC) as defined in Equation (7), to determine
the similarity between the two orders of candidate features.
Higher correlation indicates that the order obtained by
using GF* is more similar to the order obtained by using GF

E[(OGF _ Mo(;F) (OGF* - uo(;p*)} _

00¢r90¢p-

PCC(O¢r, Ogp+) =
@)

Evaluating a feature set using GF for all the DB IO win-
dows in FORESEE DB requires too much time. We there-
fore evaluated a feature set after making the overall size of
FORESEE DB small. We reconstructed FORESEE DB by
sampling 10,000 DB IO windows randomly and measured
the PCC of the two orders of candidate features. We per-
formed this sampling 10 times to avoid bias in selection and
measured the average of all the PCCs.

The GF-score can be changed if we use different numbers
of similar IO windows to be used in execution time estima-
tion; similarly, the GF*-score can be changed if we use differ-
ent numbers of clusters. Thus, for GF, we varied the number
of similar IO windows to 1, 2, and 3; similarly, for GF*, we
varied the number of clusters to 500, 1,000, 5,000 and 10,000.

Table 4 shows the PCC of the two orders of candi-
date features obtained by using GF and GF* on the Hynix
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TABLE 4
PCC Between Two Orders Obtained by GF and GF*
GF* @500 GF*@1000 GF @5000 GF* @10000
GFe1 0.98 0.99 0.99 1
GF@2 0.69 0.98 0.98 0.99
GF@3 0.69 0.69 0.69 0.98

SSD*. GF@i indicates GF with i similar IO windows, and
GF*@j indicates GF* with j clusters. The value of (i, j) in the
table shows the PCC of the two orders obtained by using
GF@i and GF*@j. The range of all the PCCs is 0.69 to 1, which
indicates the two orders of candidate features obtained by
GF and GF* are very similar. In addition, we observe that the
PCC becomes higher as the number of similar IO windows
decreases or the number of clusters increases. More detailed
analysis will be described in the next section.

We also measured the execution times of the two methods
in FORESEE DB of different sizes. We evaluated a set com-
posed of 9 features on the Hynix SSD (in Table 5) in
FORESEE DBs having 100, 1,000, 10,000, and 100,000 IO win-
dows. At this time, we set the number of similar IO windows
used in GF to 1 and set the number of clusters used in GF* to
10 percent of the number of 10 windows in FORESEE DB.*
Fig. 7 shows the results. The x-axis indicates the number of
10 windows in FORESEE DB (log scale), and the y-axis indi-
cates the execution time (log scale). We see that the execution
time of GF* is much shorter than that of GF regardless of
FORESEE DB sizes.

5.2.4 Final Feature Set for FORESEE

In this section, we present the most important features to be
included in the final feature set for FORESEE, which is
selected by using GF* and the greedy approach. As already
mentioned, the GF*-scores can be different if we use differ-
ent numbers of clusters in FORESEE DB; therefore, we
evaluated feature sets with different numbers of clusters in
FORESEE DB (i.e., 500, 1,000, 5,000, and 10,000).

Fig. 8 shows the results of the Hynix SSD. The x-axis indi-
cates the number of features in the feature set, and the y-axis
indicates the GF*-score. The line graphs in blue, red, green,
and black indicate the results of GF* with 500, 1,000, 5,000,
and 10,000 clusters, respectively. In all the line graphs, the
GF*-score increases sharply at the beginning, increases grad-
ually to a certain point, and then decreases gradually after
the point. The peak point of the GF*-score (120.88) appears
when 9 features are used with 10,000 clusters in FORESEE
DB. The features selected in the final feature set of the four
SSDs are shown in Table 5. In later experiments, we used
those final features sets for execution time estimation.

5.2.5 Validating the Observation

We designed our FORESEE based on the observation that if
the feature values of chosen feature set in two IO traces are
similar, their execution times are also similar. In this section,
we design and perform the following experiments to

4. We note our results in Section 5.3.1 show GF using only one simi-
lar IO window provides the best accuracy in estimating the execution
time.
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TABLE 5
Final Feature Sets
Feature IDs
Hynix 2,3,7,8,10,12,16,18,19
Samsung 1,2,4,5,10,12,13,19
Intel 2,4,5,6,7,10,11,12,18,19
Plextor 1,4,5,8,11,12,15,16,17,19

-+ GF* =
= GF

!

Execution time (sec)

10-3 | b
10# 1 10t 10°
# of 10 windows in the FORESEE DB

Fig. 7. Execution time of GF and GF*.

validate the observation. We first randomly select a DB 10
window as a target IO window. Then, we select the top-100
most similar DB IO windows to the target IO window based
on the final feature set. For all pairs of a target DB 10 win-
dow and its similar DB IO window, we measure the correla-
tion between the similarity and execution time difference.
We repeat this process for 10,000 DB IO windows as target
IO windows.

Figs. 9a, 9b, 9¢c, and 9d show the results of scatter plots
for four target DB IO windows randomly selected among
10,000 DB IO windows, where each point corresponds to a
pair of a target IO window and its similar DB IO window.
The x-axis indicates the similarity between the target 10
window and its similar DB IO window, and the y-axis indi-
cates their execution time difference. In all the figures, we
observe that as the similarity gets higher, the execution time
difference becomes smaller. In particular, we observe that
the execution time differences of the target DB IO window
and its top-3 most similar DB IO windows (i.e., points in
the red box) are smallest.” We found the same trends in the
results for the other target DB IO windows not shown in
the figures.

5.3 Effectiveness of FORESEE

In this section, we verify the effectiveness of FORESEE. As
mentioned in Section 5.2, the accuracy of the execution time
estimated by FORESEE can be affected by the values of
parameters (i.e., the number of similar IO windows (p) and
the number of similar clusters (I)) used in matching. Thus,
we first examine the sensitivity according to the parameters
and show the accuracy of the execution times estimated by
FORESEE. As an accuracy measure, we used a similarity-
based metric called Pearson correlation coefficient (PCC);
moreover, we also used another metric called relative error
(RE) that measures the difference between the actual (¢,.)
and estimated (t.) execution times as shown in Equation (6)

5. In Section 5.3.1, it is shown that the estimation with the top-3 most
similar DB IO windows provides the best accuracy in our FORESEE
framework.
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In order to show the effectiveness of FORESEE, we com-
pared the accuracies of the estimated execution times of
FORESEE and baseline methods. We searched for the alter-
native methods of estimating the execution time on SSDs,
thereby finding the methods used in [7] and [8], termed
MSST-11 and CIKM-2017, respectively, in our paper. There-
fore, we used MSST-11 [7] and CIKM-2017 [8] as the primary
competitors in our evaluation. In addition, references [39],
[40] proposed the methods of estimating the execution time
on HDDs; however, we did not employ them as our competi-
tors because they are known to be inappropriate for the SSDs
[7]. The MSST-2011 first extracts feature values from each DB
IO window and constructs a regression tree based on them. It
then estimates the execution time of the query 10 window by
inserting the feature values of the query IO window into the
tree. The CIKM-2017 is our previous forecasting method pro-
posed in [8]. Our current method in this paper employs 9 fea-
tures, carefully selected by using our proposed goodness
functionx as the final feature set, among total 20 features,
while the previous method simply uses 3 features, which
have been known to affect the SSD performance, without con-
sidering any selection criteria.

In addition to our two competitors (i.e.,, MSST-11 and
CIKM-2017), we included the two trivial methods (i.e., RAN-
DOM and AVG-PAGE-IO) in order to show the effectiveness
of FORESEE by comparing it with the trivial methods that
play a role of baselines. The RANDOM is a method for esti-
mating the execution time of a query IO window. It estimates
the execution time of a query IO window by randomly select-
ing a DB IO window from the DB and regarding its execution
time as the execution time of the query IO window. The AVG-
PAGE-IO first computes the average processing time of read-
ing (resp. writing) 1 KB, the minimum unit (i.e., page) of 10
requests. It then estimates the total execution time for reading
(resp. writing) in an IO window by multiplying the total size
of reading (resp. writing) in KB and the average processing
time of reading (resp. writing) 1 KB. It finally estimates the
total execution time of the IO window by summing the two
execution times for total reading and total writing. These four
baseline methods estimate the execution time of an entire
query IO trace by adding the estimated execution times of all
query IO windows extracted from the query IO trace.

For each baseline method, we measure the RE of the esti-
mated execution time of every query IO trace (resp. query
IO window) in comparison with its actual execution time
and also measure the PCC of the estimated and actual
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Fig. 9. Scatter plot of the actual and estimated execution times of query 10 traces on the Hynix SSD.

execution times of all query IO traces (resp. query IO win-
dows). We finally compute their average values as accura-
cies and compare the accuracies of all methods.

5.3.1 Parameter Sensitivity

In order to examine the sensitivity to parameters (p, 1), we
estimate the execution times of query IO windows with dif-
ferent parameter values. We vary p 1 to 25 while [ is fixed to
1. Similarly, we vary I 1 to 20 while p is fixed to 1. For these
experiments, we select 10,000 query IO windows randomly
among all 82,847 query IO windows and estimate the execu-
tion times of those query IO windows selected. Finally, we
measure the average of the RE for the accuracy.

Fig. 10a shows the RE of estimating the execution times of
query 10 windows with different numbers of similar IO win-
dows (p). The x-axis indicates the value of p and the y-axis
indicates the RE. When 1<p<3, the values of the RE are simi-
lar and the lowest RE (1.06) is obtained when pis 1, when p>4,
as p increases, RE gradually increases. This is because, with a
large value of p, the DB IO windowf(s) less similar to the query
IO window could be used in execution time estimation. As a
result, the estimation accuracy would decrease in this case.

Fig. 10b shows the RE of estimating the execution times
of query IO windows with different numbers of clusters ().
The x-axis indicates the value of | and the y-axis indicates
the RE. When 1<I<6, the values of the RE decrease as I
increases and the lowest RE (0.69) is obtained when [ is 6;
this is because it is more likely to find a DB IO window that
is most similar to a query IO window if we examine more
clusters. When I>6, the values of the RE are not changed as
I increases; this is because a DB IO window that is most sim-
ilar to a query IO window is already found when [<6. In the
following experiments, we set p to 3 and [ to 6.

5.3.2 Estimation Accuracy

To verify the effectiveness of FORESEE, we estimated the
execution time of 842,847 query 10 windows. Fig. 11 shows

RE
R

0.7 -0 3-G- D00 -5-3C

10 15 20
# of similar 1O windows ()

(b)/

0 5 10 15 20 25
# of similar 10 windows (p)

(a)p

Fig. 10. The accuracy of FORESEE with different parameter values.

the estimation accuracy of FORESEE and the four baseline
methods by the scatter plot of the actual and estimated exe-
cution times of query IO windows. The x-axis indicates the
estimated execution time and the y-axis indicates the actual
execution time. A point denotes the coordinates of esti-
mated and actual execution times of an IO window. In
Fig. 11a, most points are located in the diagonal line, which
indicates that FORESEE accurately estimates the execution
times of query IO windows. In Figs. 11b and 11c, most
points are randomly distributed, which indicates that the
RANDOM and the AVG-PAGE-IO methods do not work
well in estimating the execution times of query IO windows.
Finally, in Figs. 11d and 11e, most points are located in the
diagonal line, which indicates that the CIKM-2017 and the
MSST-2011 estimate the execution times of query IO win-
dows more accurately than the other baseline methods.
Table 6 shows that the PCC and the RE of FORESEE and
the four baseline methods. We observe that FORESEE out-
performs the baseline methods in terms of both PCC and RE
(i.e., having higher PCC and lower RE).

We estimated the execution time of 101 query IO traces.
Fig. 12 shows the estimation accuracy of FORESEE and
the four baseline methods on the Hynix SSD by the scat-
ter plot of the actual and estimated execution times of
IO traces. The x-axis indicates the estimated execution
time and the y-axis indicates the actual execution time. A
point denotes the coordinates of the estimated and actual
execution times of an IO trace. In Fig. 12a, most points
are located in the diagonal line, which indicates that
FORESEE accurately estimates the execution times of the
query IO traces. In Figs. 12b and 12c, most points are ran-
domly distributed, which indicates that the RANDOM
and the AVG-PAGE-IO methods do not work well in esti-
mating the execution times of query IO traces. Finally, in
Figs. 12d and 12e, most points are located in the diagonal
line, showing that its estimated execution times of query
IO traces are reasonably accurate, compared with the other
baseline methods. However, Table 7 shows that FORESEE

TABLE 6
Accuracies of Execution Time Estimation of IO Windows
on Various SSDs

Hynix  Samsung Intel Plextor

PCC RE PCC RE PCC RE PCC RE
FORESEE 0.89 1.04 0.86 1.12 090 1.05 0.88 1.04
RANDOM 0.04 6.47 0.23 6.23 0.06 8.12 0.26 524
AVG-PAGE-IO 0.16 539 0.12 7.12 0.25 6.81 0.23 5.46
CIKM-2017 0.71 1.28 0.76 151 0.78 1.34 0.70 1.39
MSST-2011 0.69 135 0.77 146 0.75 1.51 0.67 1.48
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Fig. 12. Scatter plot of the actual and estimated execution times of query 10 traces on the Hynix SSD.

outperforms the four baseline methods including the
MSST-2011 significantly in terms of both PCC and RE
regardless of SSDs.

6 CONCLUSION

In this paper, we propose a novel framework named
FORESEE for estimating the execution time of a query 10
trace on a given SSD. In the literature, there is an important
observation that if two IO traces are similar to each other in
their IO behavior, their execution times tend to be similar
when they run on the same SSD. Based on this observation,
FORESEE estimates the execution time of a query IO trace by
using the execution time of DB IO traces similar to the query
IO trace. To solve the problems caused by different lengths of
IO traces, we define a new concept called an 10 window with a
fixed length. FORESEE first estimates the execution times of
the IO windows extracted from the query IO trace and then
estimates the execution time of the query IO trace by aggregat-
ing the estimated execution times of the query IO windows.
This approach of FORESEE makes it possible to estimate
accurately the execution time of a query IO trace of an arbi-
trary length. Through the extensive experiments, we show
that FORESEE can estimate the execution time of query 10
windows and query IO traces very accurately.

TABLE 7
Accuracies of Execution Time Estimation of 10
Traces on Various SSDs

Hynix  Samsung Intel Plextor
PCC RE PCC RE PCC RE PCC RE

FORESEE 0.87 1.07 0.84 1.16 0.87 1.06 0.87 1.05
RANDOM 0.14 845 021 6.46 0.04 830 021 5.87
AVG-PAGE-IO 0.12 9.63 0.07 7.41 0.21 7.10 0.19 5.90
CIKM-2017 0.81 1.31 0.74 159 0.81 1.67 0.68 1.41
MSST-2011 0.79 139 0.74 1.60 0.77 1.83 0.63 1.52
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