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Abstract

Hot data identification can be gpplied to a variety of fields.
Particularly in flash memory, it has a aiticd impad on its
performance (due to garbage wlledion) aswell asitslifes-
pan (due to wea leveling). Although this is an isaue of
paramourt importance in flash memory, it is the least in-
vestigated ore. Moreover, all existing schemes focus only
or mainly on afrequency viewpoint. However, recacy fac
tor also must be considered as much importantly as the fre-
guency for hat data identification. In this paper, we pro-
pose anowvel hat data identification scheme adopting multi-
ple bloom filters to efficiently capture finer-grained recancy
aswell asfrequency. In additionto this heme, we propcse
awindow-based dired addresscourting (named WDAC) al-
gorithm to approximate anided hot dataidentificationasour
baseline. Unlike the existing baseline dgorithm that cannat
appropriately cgpture recency information die to its expo-
nential batch decay, our WDAC agorithm using a diding
windov concept can capture very fine-grained recency in-
formation. Our experimental evaluation with diverse redis-
tic workloads including red SD traces demonstrates that
our proposed scheme outperforms the state-of-the-art hot
dataidentification scheme. In particular, our schemenat only
consumes lessmemory (50% les and requires lesscompu-
tational overheal up to 58%, but also improves its perfor-
mance up to 65%.

1. Introduction

A tendency toward flash-based Solid State Drives (SD)
now holds swvay even in the enterprise servers as well as
in personal computers, espedally, laptops. Thistrend o the
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storage world results from the recent techndogicd breek-
througlsin flash memory and dramatic reduction o itsprice

Flash memory is organized in unts of blocks and pages.
Eacdh block consists of afixed number (32 a 64) of pages.
Reads and writes in flash memory are performed ona page
basis, while aases operate on a block basis. Its most dis-
tingushing fedure is that it does not all ow in-placeupdates
(i.e., overwriting). The flash memory system cannd over-
write new data into existing data. Instead, the new data ae
written to clean spaces smewhere, and then the old data ae
invalidated for redamation in the future (i.e., out-of-place
upcktes).

In order to resolve this out-of-placeupdate issue, Flash
Trangdlation Layer (FTL) has been developed and deployed
to flash memory to emulate in-place update like block de-
vices Gupta [2009, Lee[2007, Park [2004, Shin [2009,
Wu [200€. Thislayer enables usersto utili zethe flash mem-
ory like disks or main memory on top o existing conven-
tional file systems withou significant modificaion. Since
FTL just makes an attempt to emulate flash memory like
block devices, it canna provide afundamenta solution to
resolve this isale. Thus, as time goes on, the out-of-place
upckteinevitably causesthe mexistenceof numerousinvalid
(i.e., outdated) and valid data. In order to redaim the spaces
occupied by the invalid data, a new regycling pdicy is re-
quired, which is a so-cdled garbage wlledion. However,
the garbage mlledion can giveriseto na only considerable
amourt of valid data mpiesto ather clean spaces, but also
data easesto redaim the invalidated data spaces. Data ease
(1,500us) is the most expensive operation in flash memory
compared to data read (25us) and write (200us) Agrawal
[2008. Consequently, a garbage wlledion resultsin a sig-
nificant performance overhead as well as unpredictable op-
erational | atency. Flash memory exhibits another limitation:
cdlscan be gased for alimited number of times (e.g., 10K-
100K). Thus, frequent erase operations reduce the lifespan
of the flash memory, which produces the wea leveling is-
sue. The objedive of wea levelingisto improveitslifetime
by evenly distributing cdl erases over the entire flash mem-



ory Agrawal [200§. Thosetwo criticd i ssues are fundamen-
tally based onthe hot data identification.

We can simply classfy thefrequently accessed data as hot
data. Otherwise, they are regarded as cold data. This defini-
tionis dill vague and takes only frequency (i.e., the num-
ber of appeaance) into acourt. However, there is ancther
important fador—recency (i.e., closenessto the present)—to
identify hot data. In general, many accesspatterns in work-
loads exhibit high tempora | ocditi es Chang [2005; there-
fore, recantly accessed data ae more likely to be accesd
againin nea future. Thisistherationale for therecency fac
tor to be considered in ha data dasdficdion. Thus, if we
redefine hot data while considering recency as well as fre-
quency, it would be like this: if any recently accessed data
will be frequently accessed again in nea future, they will be
regarded as hot data. Moreover, current hot data may turn
into cold if they are nolonger accessed frequently in the fu-
ture and viceversa.

The definition o hot data, however, can be different for
eat applicaion and aso can be gplied to a variety of
fields. First, this can be primarily used in data cading Deb-
nath [2009, Kim [2008. By cading these hot data in the
memory space in advance, we can significantly improve
system performance In addition to this buffer replacement
in a cate, it is applied to B-tree indexing in sensor net-
works Nath [2007. FlashDB is a flash-based B-treeindex
structure optimized for sensor networks. In FlashDB, the B-
treenode can be stored either in read-optimized mode or in
write-optimized mode, whose dedsion can be eaily made
on the basis of a hot data identification algorithm. Flash
memory also adops this classficaion algorithm particu-
larly for a garbage mlledion and a wea leveling Bobadla
[201Q, Chang [2007, Soundrargjan [2010. We can per-
form a garbage mlledion more dficiently by colleding and
storing ha (i.e., frequently updated) data to the same block,
which can reduce the garbage wlledion owerhead. More-
over, we dso improve flash lifespan by alocaing had data
to the flash blocks with low erase count. In this paper, out of
diverse goplications of hot data dasdficaion, we focus on
the garbage alledion and wea leveling in the flash mem-
ory systems. Thus, we mnsider only write acceses, not read
acceses, for the hat dataidentification.

Flash memory contains a fixed small amourt of memory
(SRAM) inside; so we need to exploit the SRAM efficiently.
Since FTL neeads the mgjority of this memory for a more -
ficient addresstrandation, we have to minimizethis memory
usage for the hot data identificaiion. Thisis one of the chal-
lenges to design an efficient hot data identification scheme.
Moreover, computationa overheal is another important is-
sue sincehot dataidentificaion hasto betriggered whenever
every write request is isaued.

Althoughthis hot and cold data identification is an is-
sue of paramourt importance in flash memory, it has been
leest investigated. Existing hd data identification scheme
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Figure 1. Typicd System Architedure of Flash Memory-
based Storage Systems

either suffers from large memory spacerequirements Chi-
ang [1997 or incurs huge computational overhead to emu-
late LRU Chang[2003. To overcome these problems, Hsieh
et a. recaitly proposed a multiple hash function frame-
work Hsieh [2004 to identify hot data. We refer to this
scheme a multi hash function scheme. This scheme adopts
multi ple hash functions and a courting Hoom filter. When-
ever a write request is isaued, the LBA is hashed by mul-
tiple hash functions and then the correspondng courtersin
the bloom filter are incressed by 1 If the cournter value is
greder than the predefined threshold (e.g., 4), the corre-
spondng data ae mnsidered as hot. To implement an ag-
ing effed, it periodicdly (e.g., after every 5,117 write re-
guest) deaeases al courter values by ahalf at atime (cdled
exporential batch deca). This approach caches well fre-
guency information because it maintains courters. However,
it canna appropriately capture recancy information due to
its batch decgy.

Whil e investigating aher hot data identificaion schemes,
we dso posed a question abou the existing baseline dgo-
rithm (i.e., direct addressmethodin Hsieh [2004): it canna
properly capture recency either. The dired address method
asaumes that unlimited memory spaceis available to keep
tradk of hot data. It maintains a courter for ead LBA to
store accsscourts and periodicdly decays al LBA court-
ing information thereby dividing by two at once However,
this algorithm also still has the same limitation as the mul-
tihash function approac since dl LBAs accessed within its
decygy period are mnsidered as having identicd recency re-
gardlessof their accesstimes or sequences.

Consideringthese observations, an efficient hot dataiden-
tification scheme has to satisfy the foll owing requirements:
1) effedive cature of recency information as well as fre-
guency information, 2) small memory consumption, and 3)
low runtime overhead. Based onthese requirements, in this
paper, we propcse anovel hot data identificaion scheme



based onmultiple bloom filters. The key ideaof this sheme
is that eath bloom filter has a different weight and recency
coverage so that it can capture finer-grained recency infor-
mation.

Whenever a write request is isaued, the hash values of
the LBA are recorded into ore of multiple bloom filters (for
short, BFs) in aroundrobin fashion. All i nformation o eat
BF will be periodicdly erased by turnsin order to maintain
fine-grained recency information, which corresponds to an
aging mechanism. Thus, eat BF retains different arecancy
coverage. We dso dyramicdly asdgn a different recancy
weight to ead BF: the BF that just erased has higher recency
weight, whil e the lowest recency weight is assgned to the
BF that will be gased at right next turn because this BF
has gored LBA accessinformation for the longest period
of time.

For frequency, our propcsed scheme does not maintain
a spedfic courter for all LBAS; instead, the number of BF
recording the LBA information can exhibit its frequency
information. The main contributions of this paper are &
follows:

¢ An Efficient Hot Data | dentification Scheme: A bloom
filter can provide computational and space éficiency.
Both multi hash scheme and ou proposed scheme try to
take advantage of the bloom filter. Unlike the former us-
ing ore courting Hoom filter, the latter adopts multiple
bloom filters. The multiple bloom filters enable our pro-
posed scheme to capture finer-grained recency informa-
tion so that we can achieve more acarrate hot data dass-
fication. Multiple but smaller bloom filter empowers our
scheme to require not only lessmemory space but also
lower computational overhead.

¢ A More Reasonable Baseline Algorithm: Our propcsed
approximation agorithm named Window-based Dired
Address Courting (WDAC) adops a windaow that is a
conceptual buffer with a predefined size to store eat
coming request. Each LBA maintains a crrespondng
access courter. Whenever a write request is isaued, the
LBA is dored in the head of the windaw and the oldest
ore is evicted like a FIFO (First In First Out) queue.
WDAC asdgns al different recency weightsto all LBAs
in the window acarding to the dosenessto the present.
Thus, at the time anew request is arrived, al LBAs are
shifted toward thetail of thewindow andall their recency
values are reevaluated. Consequently, WDAC can catch
predse (very fine-grained) recency as well as frequency.

The remainder of this paper is organized as follows. Sec
tion 2 gves an overview of flash memory and Hoom filters.
It also describes existing hd data identification schemes.
Sedion 3explainsthe designand operations of our proposed
hat identification scheme and WDAC scheme. Sedion 4 po-
vides a variety of our experimenta results and analyses. Fi-
naly, Sedion 5concludes the discusgon.

2. Background and Related Work

In this sdion, we explain flash memory charaderistics and
introduce the existing ha data identificaion schemes with
their pros and cors.

2.1 The Characteristics of Flash Memory

Figure 1 describes a typicd system architedure of flash
memory-based file systems. Both Memory Techndogy De-
vice(MTD) and Flash Trandation Layer (FTL) are two ma-
jor parts of flash memory architedure. The MTD provides
primitive flash operations aich as read, write, and erase.
The FTL plays a role in addresstrandation between Log
icd Block Address(LBA) and its Physicd Block Address
(PBA) so that users can utili ze the flash memory with ex-
isting conventional file systems withou significant modifi-
caion. A typicd FTL islargely composed of an addressal-
locator and a deaner. The aldress all ocator deds with ad-
dresstranglation and the deaner tries to colled blocks filled
with invalid data pages to redaim them for its nea future
use Chang [2004. This garbage wlledionis performed on
ablock basis; so al valid pagesin the victim block must be
copied to other clean spaces before the victim block isto be
erased.

Ancther crucial iswue in flash memory is wea leveling.
Weda leveling is to evenly distribute the number of erase
court for ead block since, unlike DRAM, ead block cdlin
flash memory has alimited life span. That is, after alimited
number of erases to ead block, errors can start to occur.
Currently, the most common all owable number of write per
block istypicdly 10K for MLC (Multil evel-Cell) and 10K
for SLC (Singelevel-Cell) Bauer [1995. Wea leveling is
largely caegorized into dynamic wea leveling and static
wea leveling. Dynamic wea leveling tries to balance the
block erase mourt by alocaing hd data to the blocks with
low erase counts. However, thiswill not be aleto guarantee
a aomplete balance of block erase courts snce some blocks
with cold data may not be erased forever. On the ntrary,
static wea leveling can evenly distribute the ease murts
by migrating cold data into blocks with high erase counts.
Dynamic wea leveling has a shorter life expedancy than
static wea leveling since a @mplete balance of block erase
courtsis hard to achieve.

In summary, the motivation of wea levelingisto prevent
any cold data from staying at any block for a long period
of time. Its main gaal is to minimize the variance anong
erase oourt values for eat block so that the life span of
flash memory isto be maximized.

2.2 Bloom Filters

The main goal of the bloom filter is to probabili sticdly test
set membership with a space éficient data structure Bloom
[197Q. That is, it is largely used to ched if an element
belongs to a member of a set. Since the space éficiency
is an important fador for the bloom filer, the crredness
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can be saaificed in order to maximize it. Thus, although
a given key is nat in the set, a bloom filter may provide
a wrong paitive answer cdled a false positive However,
the basic bloom filters never provide afalse negative. We
can also adjust design parameters (i.e., bloom filter size(M),
the number of hash function (K) and the number of unique
element (N)) of abloom filter to al ow avery low probability
of the false positive.

The bloom filter is a bit array of M bits and all bits are
initially set to O. In addition to this bit array, there must
also be K independent hash functions, ead of which maps
the given elements to the correspondng hit positions of the
array thereby setting them all to 1. Figure 2 gives a spedfic
example of abloom filter with 4independent hash functions.
To insert an element to the bloom filter, the key value of the
element is fed to the 4 hash functions © that we can get 4
hash values which correspondto the bit array positions. Then
all the 4 bit positions are set to 1. Similarly all elements can
be recorded to the bloom filter. To exeaute a membership
guery (i.e., ched if the dement isin the set), we first need
to get the 4 hit positions by feading the key value of the
element to all 4 hash functions. If any of the 4 bitsare 0, this
means the dement isnat in the set because dl the bitswould
have been set to 1 when the dement was fed. If al are 1,
there exist two posgble caes: the correspondng element is
inthe set, oritisjust afase positive due to the insertions of
other elements. Asauming the probability of afalse positive
isvery low, the answer to the query is pasitive.

The merit of abloom filter isitslow computational over-
head since bath insertions and membership test are exeauted
in constant time. Moreover, we can achieve agood perfor-
mance with high space dficiency, simple dgorithm and ef-
ficient hash functions. However, it is difficult to store addi-
tional information with the keys in the bloom filter Bloom
[1970.

2.3 Hot and Cold Data | dentification Schemes

In this subsedion, we describe the existing hd and cold
data dasdfication schemes and explore their advantages and
disadvantages.

Chiang et al. Chiang [1997 proposed an ou-of-update
scheme cdled Flash Memory Server (FMS) in order to re-
duce the number of erase operations in flash memory. They
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Figure 3. Two-level LRU List Scheme

made an attempt to clasdfy data into threetypes for an ef-

ficient garbage olledion: read-only, hot and cold data. Al-
thoughFM S exhibits agood ha and cold data dassficdion
performance, it requires a large amourt of memory space
since it must keep the last access time information o all

LBAs.

To resolve thislimitation, Changet al. Chang[2002 used
atwo-level LRU list that consistsof ahot LBA listanda can-
didate list (Figure 3). Both lists are of fixed size and operate
under LRU. Whenever a write request comes into the FTL
driver, if the correspondng LBA alrealy existsinthehat list,
the data ae dasdfied as hot data. Otherwise, it is defined as
cold data. If theLBA isnatinthehot list but in the candidate
list, the data ae promoted to the hat list. If the data ae not
in either list, it will be inserted into the candidate list. This
two-level LRU scheme consumes less memory than FMS;
nevertheless it incurs other problems. The performance of
hot data identificaion is totally dependent on the sizes of
bath lists. In other words, a small hat list can save memory
space but its performance deaeases becaise highly likely
hot data may be demoted to the candidate li st or even evicted
from the candidate list. Moreover, this scheme requires high
computing overheads to emulate LRU discipline.

Recently, Hsieh et a. Hsieh [2009 proposed a multiple
hash function framework to identify hot data (Figure 4). This
adopts multi hash functions and ore bloom filter with a D-bit
courter for ead hit position in the bloom filter to capture
the frequency of the data acces by incrementing the cor-
respondng courters. The recancy of the hot data is imple-
mented by dviding the courter value by two periodicdly. If
any ore bit of B-most significant bitsis st to 1, thisbit pasi-
tionisconsidered as 1. Similarly if all K-bit paositions (from
the K-hash functions) are 1, the data ae dassfied as hat.
For example, as shown in Figure 4, assuming this sheme
adopts 4-bit courters and 2-most significant bits, 4 will be
its hot threshold value. Thus, the acces counter values of
correspondng pasitions are dl greaer than or equal to 4,
the data in the LBA are identified as hot. After a spedfied
time period, this <heme deaeases al the munter values by
a haf with 1-bit right shifting to implement a decy effed.
Compared to the other schemes, this achieves relatively less
memory consumption as well as less computing owerhead.
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However, it does not appropriately cach recency informa-
tion dweto its exporential deaement of all LBA courters.

3. Multiple Bloom Filter-based Hot Data
| dentification Scheme

This ®dion describes our proposed multiple bloom filter-
based ha data identification scheme (Sedion 31) and ou
Window-based Direa Address Courting (WDAC) scheme
as our baseline dgorithm (Sedion 32).

3.1 TheFramework

As shown in Figure 5, our scheme adopts a set of V inde-
pendent bloom filters (for short, BFs) and K independent
hash functions to capture both frequency and finer-grained
recency. Each BF consists of M bits to record K hash val-
ues. The basic operationis dmple: whenever awrite request
is issued to the Flash Trandation Layer (FTL), the corre-
spondngLBA ishashed bythe K hash functions. The output
values of ead hash function ranges from 1 to M, and eat
hash value oorresponds to a bit position o the M-bit BF re-
spedively. Thus, K hash values st the correspondng K bits
in the first BF to 1. When the next write request comes in,
our scheme choaoses the next BF in aroundrobin fashion to
record its hash values. In addition, it periodicdly seledsone
BF inaroundrobin manner and erases all i nfformationin that
BF to refled adecy effed.

e Freguency. Unlike the multihash function framework
adopting 4-bit courters, we do nd maintain the spedfic BF
courters for ead LBA to court the number of appeaance
Instead, our scheme investigates multiple BFs to chedk if
ead BF has recorded the correspondng LBA. The number
of BF retaining the LBASs can show its frequency. However,

Figure 5. Our Framework and Its Operations

sincethe frequency is closely associated with recency in our
scheme, a different recancy weight is assgned to eat BF.
This will be explained in the following subsedion in more
detail.

For predse frequency cgpturing, when it chooses one of
the V BFs and marks the correspondng htsto 1, it does not
alow overwriting to the BFs. That is, if the seleded BF has
already recorded the hash values of the LBA, it sequentialy
(inaroundrobin manner) examines other BFs urtil it findsa
new one that has nat recorded the LBA. This ssquential ex-
amination minimizes disruption o our recency analysis. If it
finds such anew one, it records the hash valuesto the BF. If
it turns out that al (or the predefined number of) BFs have
arealy contained the LBA information, our scheme simply
defines the data as hot and skips its further processes auch
as a BF cheding a arecency weight assgnment sincethis
will be definitely over the threshold. This shortcut dedsion
reduces its overheal (this will be demonstrated in our ex-
periment sedion). Consequently, assuming the hash values
of an LBA appea inr (0 < r < V) numbers of the BFs
out of V BFs, we can say the correspondng LBA has ap-
peaed r times before. On the other hand, if all bloom filters
have drealy recorded the LBA, we do nd know its predse
frequency number from then on However, for hot dataiden-
tificationin our scheme, the information required is Smply
the fad if the value r is larger than the threshold, not the
predse courter value. If thisr is larger than a threshadld, it
pas<es the frequency ched.

e Rececy: In addition to the frequency, recancy is another
significent fador to make hat data dedsion. Even thoughthe
total access courters of two LBAS are equivaent in a pe-
riod, the one accesd heavily in the further past and has
never been accessd afterwards shoud be dassfied differ-
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ently from the other one heavily accessed recently. If a hot
dataidentifier depends only on courter values (frequency in-
formation), it canna make distinction between them. Even
thoughit has a decgy mechanism, it canna classfy them
well i f the identifier cgptures coarse-grained recency.

Since our scheme does not maintain LBA courters, we
devise adifferent aging mecdhanism to cgpture recency in-
formation. Figure 6 ill ustrates our aging medhanism to de-
cay old information. Consider that we adopt V independent
bloom filters and the hash values of LBAs are recorded to
ead bloom filter in a roundrobin manner during a prede-
fined interval T. Aninterval T represents a fixed number of
conseautive write requests, not the time interval. As shown
in Figure 6 (a), after the interval T, the BF that has not been
seleded inthelongest timeinterval is sleded and all bitsin
the BF (i.e.,, BFy) arereset to 0(i.e., al i nformation o the
bloom filter is erased). Note that since dl BFs have served
for the same period o time in the initial stage, we can ran-
domly choose one of them and follow aroundrobin manner
for the aging medchanism from then on As onasitisre
set, the hashed LBA values dart to be recorded again to all
BFsincluding the reset BF. After theinterval T, the next BF
(BFy)is #leded andal the bitsarereset (shown in Figure 6
(b)). Similarly, after the next T interval, the next BF (BF3)
is chosen in aright cyclic shift manner and all i nfformation
is erased (shown in Figure 6 (¢)) astime goeson.

Figure 7 shows the recency coverage dter theinterval T
as oonas (BFy ) isreset. Thereset BF (BFy ) can remem-
ber LBA information accessed during oy the last one in-
terval T (i.e., latest 1T interval). The previously reset BF

(BFy_1) can record the LBA information accessed during
the last two intervals. Similarly, the BF 1 (BFy) which will
be chosen as a next reset BF after this period can cover the
longest interval V' x T'. This means BF} records al LBA
information for thelast V' x T intervals.

Our propcsed scheme assgns a different recency weight

to ead BF so that recency value is combined with frequency
value for hot data dedsion. The reset BF (BFy) records
most recent accessinformation; so highest recency weight
has to be asdgned to it, whereas lowest recancy weight
is dlotted to the BF that will be chosen as a next reset
BF (BFy) becaise it has recorded the information for the
longest time. We intend to use recency value & a weight
to the frequency value such that a fina value combining
bath can be produced. Consequently, even thoughtwo dif-
ferent LBAs have gpeaed orcein BFy and BF respec
tively, both frequency values are regarded diff erently as fol-
lows: assuming BFy is a aurrent reset BF, we first choose
one BF (BF|y/z)) that has medium recency coverage and
then asdgn a weight value of 1 to it. Next, we assgn dou
ble weight value to the reset BF (B FYy/), which means the
LBA appeaance in this BF courts as a doulle frequency
(i.e., two appeaances). Third, we cdculate the difference
of rececy weights between eah BF by 1/(V — |V/2])
and asdgn evenly deaeasing weight value by the differ-
ence from BFy _; to BF;. Findly eat BF has different
recency weights with evenly deaeasing weight value order
from BFy to BF;. For example, consider we aopt 4 BFs
(V = 4) and BF, isa aurrent reset BF, we first seled BF5
and assgn aweight value of 1 toit. Then, we dlot adoulde
weight value (i.e., 2) to thereset BF (B F}). Next, we can get
0.5 (= 1/(4 — 2)) asadifference of recency weights and fi-
nally distribute diff erent recency weight values 2, 1.5, 1, and
0.5to BFy, BF5, BF,, and BF; respedively. Here, if any
LBA appeas bath in BF; and BF}, the origina frequency
value would be 2, but our scheme regards the final value &
3.5 because eat BF has different recacy weights. In this
paper, we define this combination value of frequency and
recency asahot dataindex Thus, if the value of hot datain-
dex is greder than or equal to a predefined threshold value,
we regard the data as hot. Algorithm 1 describes a regular
chedup operationin our multi ple BF-based scheme.
e A Bloom Filter Size and Decay Period: Applicaions of a
BF arerequired to corfigure threeparameters: aBF size(M),
the number of hash function (K) and the number of unique
element (N). These threeparameters are dosely related with
ead other and have a cucial impad on the performance of
its appli cations.

Acoording to Dharmapurikar [2004, we can estimate an
optimal BF size (M) using the following formula, M =
KN/In2, given K and N. It is clea that the BF size (M)
needs to be quite large compared to the size of the dement
set (N). For example, asaming we adopt two hash func-
tions (K = 2) and there ae 4,096 unique dements, we
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shoud adopt an 11,819-hit vedor as an appropriate size of
the BF to minimize afalse pasitive probability. This basic
BF allows the dements to be only added to it, but not re-
moved from it. Thus, asthe number of input elements grows,
the data recorded in the BF are dso continuowsly acamu-
lated, which causes a higher false pasitive probability. To
reduce this, the traditional BF scheme requires a large BF
size & described in the formula. However, we caand sim-
ply apply this relationship to bath our proposed scheme and
multi hash function scheme. The BFsin bah schemes retain
a distinguishing feaure from the basic BF—information in
the bloom filters can be removed. Espedally our proposed
scheme completely removes all i nformationin ore of the V
BFs periodicdly. This prevents continuous data acamula-
tion to the BF. Similarly, the multi hash scheme periodicaly
decgys ome of the information in the filter by ore-bit right
shift manner. Consequently, we can adopt asmaller BF than
the &orementioned traditional BF.

Multihash function scheme mnsists of 4,096 entries of
a BF ead of which is compaosed of a 4-bit courter. It also
adopts 5,117 write requests (N) as its decay period. Thisis
based ontheir expedation that the number of hash table en-
try (M) can acoommodate dl those LBAswhich corresponds
to cold datawithin every N (where, N < M/(1 — R)) write
requests (here, Ris the hot ratio of a workload and the au-
thors assumed R is 20%) Hsieh [2006. To verify their as-
sumption, as displayed in Figure 8 (a), we measured the
number of unique LBA for every 5,117 write request un-
der severa red traces ach as Financial, Distilled, MSR
and RedSD (these traces will be explained in our exper-
iment sedion). Figure 8 (a) clealy shows that the number
of unique LBA is very frequently over than their BF size
(4,096) for ead urit period (every 5,117 write request) un-

Algorithm 1 A Regular Chedkup Operation

Function HotColdChedup(BloomFilter)

1: V = The Number of Bloom Filter

2: K = The Number of Hash Function

3: RECENCYMWEIGHT = 1/(V — |V/2])
4: Write Requed isissiedwith LBA X

5. RequegCourter++
6
7
8
9

. /I LBA X isfed to each hash function
: for (i=1; i<K; i++) do
DL = hi(X)
. end for
10: Choose one bloom filter, CurrentBF
11: if (All K-bit positionsin CurrenBF are already setto 1) then
12:  Tryto choose anaher bloom filter sequertially
13 if (Found ore available) then
14: for (i=1; i<K; i++)do

15: CurrentBF|[l;]=1
16: end for
17.  endif

18 // All bloom filters have already recaded the LBA
19 if (Cannd find ary bloom filter available) then

20: CurrenBF = The Next Bloom Filter

21 /I Shortcut decision

22 Define this as HOT data andreturn
23 endif
24: else

25.  for (i=1;i<K; i++) do
26: CurrentBF|l;]=1
27.  end for
28 endif
29: CurrentBF = The Next Bloom Filter
30: for (i=1; i<V; i++) do
31 Checkwhich bloomfilters have already recadedthe LBA before
32 TotalHotDatalndex+= CalculateTotal HotDatalndex(Hot_BF_Index)
33 end for
34: if (TotalHotDatalndex >THRESHOLD) then
35 Definethisas HOT data
36 end if
37: I/ Decay proces
38 if ((RequesCourter % RESET_PEROD)) then
39. Restall bitsin resetbloomfilter, ReetBF
40: Re=BF = The Next Bloom Filter
41 endif
Function Calculate TotalHotDatalndex(Index)
42. Diff = The Indexof ReetBF — The Indexof Hot Bloom Filter
43 if (Diff > 0) then
44:;  HotDatalndex\alue += (2 — (RECENCY.WEIGHT x Diff))
45; else
46. HotDatalndex\alue += (RECENCY_WEIGHT x |Diff|)
47. end if
48: Return HotDatalndex\alue

der all four traces. This necessarily causes hash colli sions
that it resultsin a higher false positive probabilit y.

We dso measured the average number of unique LBA
within bath 2,048 and 4,096 write request periods uncer the
same workloads. As shown in Figure 8 (b), al the numbers
must be less than the number of ead unt write request
since they are dosely related with average hot ratios of
eat workload: intuitively the higher average hat ratio, the
less number of unique LBA. Based on these observations,
as our decy interva T, we adopt M/V numbers of write
requests, where M is a BF size and V is the number of
BF. To reduce the probability of a false paositive, the BF
size (i.e., the number of hash table entries) must be ele
to acommodate & least al unique LBAS that came in for
the last V' x T interval. Thus, whenever M /V numbers of
write requests are issued, one of the BFs are seleded in a
round robin fashion and all the bits in the BF are reset to
0. For example, assuming ou BF sizeis 2,048 our decay
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Figure 9. Working Processof WDAC Algorithm. Here, the
windowv size is 10. HDI corresponds to the total hot data
index value.

period corresponds to 512 write requests. Since memory
consumptionis also very important fador to design ha data
identification scheme, we will adopt even less(a half) size
of BF and show much better performancethan the multi hash
function scheme.

3.2 WDAC: A Window-based Direct Address
Counting

Idedly, if we know the future acceses of data, we will be
ableto easily identify the data as hat or cold data & present.
However, we never know the future acceses in advance,
which is the rationale of an approximation to the ided hot
data identificaion algorithm based onthe past accesss.
Hsieh et al. propased an approximated ha data identifi-
caion agorithm named a dired address method (heredter,
we refer to this as DAM) as their baseline. We, however,
raise aquestion regarding this. The DAM maintains LBA
accesscourters. Whenever write requests areisaued, the aor-
respondng LBA countersareincreased by 1acardingly. By
using countersit can cgpture the frequency informationwell
whereas, with resped to recency, it periodicadly forces all
accesscourters to be reduced by a haf at once This aging
mechanism, like the multi hash function scheme, canna re-
fled appropriate recency to ead accesed LBA becaise dl
LBAs accessed within the same decay period have an iden-
ticd recency regardlessof their accesstime or sequence. In
other words, it assgns the identica recency weight to all
LBAs only if they are accasd within the same deca pe-
riod. For instance, asauming the decay period corresponds
to 4,096 write requests, the LBA accessed in the first request

within this period is considered as having the same rececy
asthe LBA accessed in the last (4, 096'") request.

To resolve this limitation, in this subsedion, we propacse
a more reasonable baseline dgorithm to approximate ided
hot dataidentificaion named Window-based Dired Address
Counting (WDAC). As hown in Figure 9 (a), WDAC main-
tains a spedfic size of buffer like adiding window. In ad-
dition, it maintains total hot data index values for eat LBA
(shownin Figure 9 (b)).

Within thiswindow, all elements have adiff erent recancy
value acording to their access ®quences: the doser to the
present, the higher recency weight is assgned to the LBA.
That is, highest recency value (i.e., 2) isassgned to the most
recaitly accesed element (head) in the window, wheress,
the lowest recency is alotted to the last element (tail) in
the windaw. All i ntermediate LBAs in the windaw have dl
different recency values with an evenly deaeasing manner.
Asaming the window size is W, we cax get the recency
difference between two adjacent elements in the window
as 2/W. Thus, dl recency weights assgned to eat LBA
evenly deaease by 2/W from the heal to the tail in the
windov. Whenever anew LBA comesin, al recancy values
arereasdgned to al the LBASs shifted in the window and the
last one is evicted from the window.

As our highest recancy weight, we chocse 2. However,
the average of al receicy values in the window is equiva
lent to that within the same decay period in the DAM. In-
stead, we asdgn a higher recency weiglht to the recently ac
cesed LBAs and vice versa. Consequently, our proposed
WDAC can properly identify hat data thereby using very
fine-grained recancy information.

Figure 9iill ustrates a simple example for our WDAC pro-
cess Thiswindow can contain 10LBAs and recency differ-
ence mrrespondsto 0.2 (= 2/10). Whenever awrite request
comes in to the flash trandation layer (FTL), this LBA is
stored in the head of the window and the last one is evicted.
At the same time, dl the others are shifted toward the tail
of the window and their recency values are reevaluated by
deaeasing their values by the recency difference (0.2). All
of the total hot data index values also neeal to be updated
acordingly. Finaly, if the total hat data index value of the
correspondng LBA is greaer than or equal to a predefined
hot threshald, we regard it as hot data.

In our proposed WDAC scheme, since window size is
asociated with recency and frequency, a proper window
size is an important parameter to this sheme. Therefore,
the impad of this window size will be discused in our
experiment part.

4. Experimental Results

This ®dion provides diverse experimental results and com-
parative analyses. Furthermore, we explore and dscussthe
impad of bath memory size window size, and the number
of abloom filter for amore complete evaluation.



Table 1. System Parameters and Values

System Parameters MBF | MHF WDAC DAM
Bloom Filter Size 211 212 N/A N/A
Number of Bloom Filter 4 1 N/A N/A
Decay (Window Size) 29 212 212 212
Number of Hash Function 2 2 N/A N/A
Hot Threshold 4 4 4 4
Recency Weight Difference 0.5 N/A 0.000488 | N/A

Table 2. Workload Charaderistics

Workloads Total Request Ratio Inter-arr ival
Requests | (Read:Write) Time (Avg.)
Financiall | 5,334987 | R:1,23563322%) 8.19ms
W:4,099,354(78%)
MSR 1,048577 | R:47,380(4.5%) N/A
W:1,001,197(95.5%)
Distill ed 3,142935 | R:1,63342952%) 32ms
W:1,509506(48%)
Real SO 2,138396 | R:1,08349551%) 49225ms
W:1,054901(49%)

4.1 Evaluation Setup

We compare our Multi ple Bloom Filt er-based scheme (here-
after, refer to as MBF) with threeother hat dataidentificatiion
schemes: Multiple Hash Function scheme (heredter, refer
to as MHF) Hsieh [2004, Direa AddressMethod (refer to
as DAM) Hsieh [2004, and ou propcsed baseline scheme
named WDAC. We, however, focus particularly onthe MHF
since it is the state-of-the-art scheme. We aopt a freeing
approach as a solution for a urter overflow problem in
MHF since it, in our experiments, showed a better perfor-
mance than the other approach (i.e., exporential batch de-
cay). DAM is an aforementioned baseline proposed in MHF
scheme. Table 1 shows g/stem parameters and their values.
For fair evaluation, we asdgn the same number of write re-
guests (4,096) for a decegy interval in DAM as well as for
a window size in ou proposed WDAC agorithm. More-
over, we enploy 4,096 write requests for the decgy inter-
val in MHF scheme to synchronize with DAM and WDAC,
while we aopt 512 write requests for our decay period
(thisis described in Subsedion 31). We dso adopt identi-
cd hash functions for both MBF and MHF schemes. Lastly,
since window size is 4,096 in WDAC, there eist abou
0.488 x 1073 (= 2/4,096) weight difference for eat el-
ement and we dso asggn 05 weight differencefor ead BF
in MBF.

For more objedive evaluation, we adopt four red trace
data (Table 2). Financiall is awrite intensive tracefile from
the University of Massachusetts at Amherst Storage Repos-
itory UMass[2003. This tracefile was colleded from an
Online Transadion Processng (OLTP) applicaion running
at a financial ingtitution. Distill ed tracefile Chang [2002
shows agenera and personal usage patternsin alaptop such
as web surfing, watching movies, playing games, documen-
tation work, etc. This is from the flash memory reseach

group repository at National Taiwan University, and since
the MHF scheme uses only this tracefile, we dso adopt
this tracefor fair evaluation. We dso adopt MSR tracefile
made up o 1-week block /O traces of enterprise servers at
Microsoft Research Cambridge Lab Microsoft [2007. We
choose, in particular, prxy wlume 0 traces dnceit exhibitsa
write intensive workload Narayanan [200§. Lastly, we en-
ploy ared Solid State Drive (SD) tracefile that is 1-mornth
block 1/0 traces of a desktop computer (AMD X2 3800,
2G RAM, Windaws XP Po) in our lab (heredter, refer to as
RedSD tracefile). We install ed Micron's C200SD (30G,
SATA) to the computer and colleded personal traces such
as computer programming, running simulations, documen-
tation work, web surfing, etc.

The total requestsin Table 2 correspondto the total num-
ber of read and write requests in ead trace These requests
can aso be subdvided into several or more sub-requests
with resped to LBA accessed. For example, let us consider
such awriterequest asWRITE 100, 5. Thismeans’ write data
into 5conseautive LBAsfromthe LBA 100. Inthiscase, we
regard this request as 5 write requests in our experiments.

4.2 PerformanceMetrics

A hot ratio isaratio of hot data to all data. First of al, we
choose this hat ratio to compare eat performance of those
four hot data identification schemes and to examine dose-
nessamong them. However, even though boh ha ratios of
two algorithms are identicd, haot data dassficaion results
of bath schemes may be ale to be diff erent since an identi-
cd hot ratio means the same number of hot data to all data
and dces nat necessarily mean all clasdficaion results are
identicd. Thus, in order to make up for this limitation, we
employ ancther evaluation metric: false identification rate.
Whenever write requests are isaued, we try to compare eat
identification result of eat scheme. This enables usto make
a more predse analysis of them. Memory consumption is
ancther important fador to be discussed since SRAM size
is very limited in flash memory. Finaly, runtime overhead
also must be taken in acmurt. To evaluate it, we dhocse two
main operations and measure CPU clock cycles per opera-
tionin ead scheme.

4.3 Resultsand Analysis

We discussour evaluation resultsin diverse respeds.
e Baseline Algorithm: Wefirst start to evaluate two baseline
schemes: our propased WDAC and DAM. As shown in Fig-
ure 10 (@) and (b), the hat ratios of both schemes exhibit
considerably different results under Financiall and MSR,
whereas they display almost identicd patterns under Dis-
tilled and RedSSD traces. However, as mentioned before,
theidenticd hoat ratiosdo nd necessarily mean the same per-
formance of them. Thus we make ancther experiment for a
more mmparative anaysis.

Figure 11 shows the number of different identificaion
results between WDAC and DAM. We ourt the number
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Figure 11.

of different hat clasdficaion results during a spedfied urit
time (150K or 300K write requests) between them. Thus,
zero value means al the identificaion results are identicd
between eat scheme during the mrrespondng urit time.
Particularly, Figure 11 (c) and (d) ill ustrate well the perfor-
manceof bath schemes can be diff erent even thoughtwo hat
ratioslook very similar ead other as shownin Figure 10 (c)
and (d).

e Our Scheme(MBF) vs. MHF: Now, we make an attempt
to evaluate performance of our proposed scheme (MBF) and
the multi ple hash function scheme (MHF). For reference, we
include our aforementioned two baselines.

Asillustrated in Figure 12, our MBF presentsavery close
approach to our baseline, evento DAM, whilethe MHF hasa
tendency to exhibit considerably higher hot ratios than MBF
as well as two baselines over all traces. This results from a
higher ratio of falseidentificaionin MHF. That is, sincethe
BF size (i.e., hash table size) is limited, even thoughwrite
requests of non-hat data ae increased, the chance of incor-
red courter increments also grows due to hash colli sions.
As aresult, it causes higher hot ratios. As Hsieh et al. are
mentioned in their paper, the MHF scheme does nat show a
good merformance (i.e., the false identification grows dgnif-
icantly) espedally when the hat data ratio in traces is very
low. To get over thislimitation, they suggested two solutions:
alarger size of the hash table or amore frequent deca oper-
ation. However, both suggestions canna be fundamental so-
lutions gnce nat only does a larger hash table require more
memory consumption, but also a more frequent decay pro-
duces a significant performance overhead.

Our scheme, on the other side, resolves that limitation
thereby adopting multiple BFs. Unlike MFH adopting the

The Number of Different Identificaion between Two Baseline Algorithms
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exporential batch decey after alonger decay period (here,
4,096write requests), our scheme @asesall i nformation orly
in ore BF out of V BFs (here, V=4) after a shorter decay
period (here, 512 write requests). Furthermore, a smaller
BF results in lower computational overhead as well as less
memory space onsumption. Both memory consumptionand
runtime overhead will bediscussed in the next subsedionsin
more detail .

Figure 13 shows the false identification rates of both our
scheme and MHF scheme. We compare both MBF and MHF
with our proposed ided scheme (WDAC). Thus, we can cdl
these results false identification rates. We court the number
of different hat clasdfication results between two schemes
and get aratio of falseidentificationresultsto aspedfied urit
request period. As presented in Figure 13, our MBF scheme
exhibits much lower false identification rates than MHF. It
improves its performance by an average of 41%, 65%, 59%,
and 36% under the four workloads respedively.

e Runtime Overhead: Computational overhea is another
important fador to evaluate hat data identificaion scheme.
Figure 14 dsplays runtime overheals for a chedkup and de-
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cay operationin MBF and MHF. A chedup operationmeans
the verificaion processto ched if the data in the crre-
spondng LBA are hat whenever write requests are issued.
A deca operation is the dorementioned aging mechanism.
Sincebath are the most representative operationsin ha data
identification schemes, we choose and evaluate them. To
evaluate eab operation, we measure CPU clock cycles for
them under the configurationsin Table 1. This measuringis
dore over an AMD X2 3800 (2GHz) system with 2G RAM
under Windows XP Rofesdonal platform.

For fair and predse evaluation o ead operation in bath
schemes, we fead many write requests from MSR traces
(100K numbers of write requests) and then measure their
average CPU clock cycles snce aCPU clock cycleis depen-
dent on cade misses (such as code missand data misg in
CPU cades. In aother words, when we measure CPU clock
cycles of the operations, alot more dock cyclesare required
at the beginning stage due to CPU cade misss, while the
clock cycles gart to be significantly reduced and stabili zed
soonafterwards.

As presented in Figure 14, the runtime overhead of a
chedup operationin MBF is comparable to the chedkup op
eration in MHF because both schemes adopt identicd hash
functions and BF data structures. However, our scheme re-
quires abou 6% less computational overhead than MHF
sinceour scheme (MBF) setsonly one bit for ead hash func-
tion, while MHF frequently neeads to set more than ore bit.
That is, since MHF scheme onsists of 4-bit courters, one
or more bits can neal to be set in order to increase the cor-
respondng courters. In the cae that a chasen BF in MBF
has arealy recorded the correspondng LBA information, it
tries to choose another BF urtil it finds one available. Intu-
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itively, this processmay require extra overhead in compari-
son with the MHF. However, when it turns out that all BFs
(here, 4 BFs) have dready included the LBA information,
MBF simply defines the data & hat and skips further pro-
cesses auch as aBF chedking a recency weight assgnment.
This shortcut dedsionin the chedkup operation considerably
reduces its overheal by an average of 29% compared to the
chedkup operationwithout shortcut dedsion (478vs. 675) in
our scheme.

On the other hand, a decay operation o our scheme
outperformsthat of MHF. Our scheme consists of 4 numbers
of 2,048 sizes of 1-bit array, while MHF is composed of
4,0965sizes of 4-hit array. Thus, whenever a decay operation
isexeauted in MHF, al 4,096 numbers of 4-bit courters must
be right-shifted by 1-bit (i.e., divided by 2 a once Our
scheme, however, nedls to reset only 2,048 sizes of 1-bit
array. Although ou scheme requires more frequent (here, 4
times more frequent) decay operationsthan MHF, it requires
amost a half (58%) lessrurntime overhead than MHF.

e Impact of Memory Size: Since SRAM is very limited in
flash memory and expensive (generally 5~10times more ex-
pensive than DRAM), we must consider memory consump-
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Figure 16. Performance Change over Various Memory Spaces under RedSD Traces

tion to design a hat data identification scheme. Thus, eval-
uating performance of bath MBF and MHF with the same
size of memory spaceis also valuable. In addition, we ex-
plore the performance danges of baoth schemes over various
memory sizesin this subsedion.

Figure 17 dsplays memory space onsumption o bath
schemes. MBF consumes only 8KB, while MHF requires a
doube (16KB). As mentioned before, our propased scheme
comprises 4 BFs ead of which consists of 2KB (i.e,
2,048x 1-bit). On the other hand, MHF is compaosed of 4K
numbers of 4-bit courters (i.e., 4KB x4-bit). Therefore, our
scheme consumes only a half of memory space of MHF
scheme.

Figure 15ill ustrates fal seidentificationrates between two
schemeswith same memory space SinceMHF originally re-
quires 16KB, we doulde eat BF sizein ou scheme from
2KB to 4KB (i.e., 4KBx4=16KB). For reference, we in-
clude our original MBF (8KB) into ead plot. As hown
in Figure 15, MBF with 16KB improves its performance
by lowering its false identification rates further than origi-
nal MBF (8KB), which means our proposed scheme dealy
outperforms MHF under the same memory space ondtion.
MBF with 16K benefits from alarger BF size so that it can
reducethe passhility of afase positive in ead BF.

Different memory spaces (i.e., different bloom filter
sizes) will have an eff ed onthe performanceof ead scheme.
We now explore the impad of memory spaceon bah MBF
and MHF. Figure 16 (a) and (b) exhibit performance danges
of bath schemes over various memory spaces under Re-
aSD tracefile. Both schemes with larger memory space

show a better performance (i.e., lower false identification
rate) than those with smaller memory space Figure 16 (c)
shows more dealy theimpad of memory space We atempt
to evaluatetotal falseidentificationratesfor eat scheme un-
der the diff erent memory spaces. Asamemory spacegrows,
athoughead performanceof both schemesisal soimproved
acaordingly, our proposed scheme still exhibits better perfor-
mance than MHF throughou al memory spaces from 1KB
to 32KB. Since other experimental results under the other
traces such as Financiall, MSR and Distill ed also show al-
most identicd patterns with this experiment, we do nd pro-
vide the other ones.
o Impact of Window Size: In WDAC scheme, sincewindow
sizeis closaly related with ha data identification results,
investigating the impaa of window sizeis also valuable.

Intuitively, a larger window will cause ahigher haot ratio
becaise awindaw sizeis diredly associated with frequency
information. All experimentsin Figure 18 demonstrate well
thisintuition. Sincetotal hot dataindex valuesfor ead LBA
are the summeation o all weighted frequency values of the
correspondng L BA within the windaw, the frequency value
hasagred impad onthe hot datadedsion. A larger windowv
can contain a more number of LBA accessinformation so
that it necessarily causes a higher frequency value for eat
LBA. This results in a higher hot ratio. As displayed in
Figure 18, WDAC with a larger windov size ehibits a
higher hat ratio.

Conceptually the decay periodin DAM is smilar to the
windowv sizein WDAC. Thus, we dso explore the relation
ship between various deca periods and hd ratiosin DAM.
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Figure 19 presents the changes of average hat ratios over a
different windaw sizein WDAC and a diff erent decay period
in DAM. Like WDAC, alonger decgy period causes ahigher
hot ratio in DAM. Thus, overall trends of hot ratiosin DAM
exhibit very simil ar results.

o Impact of the Number of a Bloom Filter: In our propcsed
scheme, the number of BF corresponds to the granularity of
recency. To explore its impad, we make experiments with
various numbers of BF in our scheme. For more objedive
comparison, we nat only assgn the same memory space
(8KB) and the same number of hash function (2) to eah
scheme, but also configure BF sizes and decegy periods ac
cordingly. As presented in Figure 20 (b), as the number of
BF grows, the false identificaion rates also increase. This
result is closely related with BF sizes of ead scheme. Since
ead configuration has the same total memory consumption,
smaller BFs have to be assgned to the scheme with a more
number of BF, which results in higher false identificaion
rates. Even thoughthe scheme with a more number of BF

can capture finer-grained recency information, this benefitis
offset by its higher false identificaion rates. To verify this,
we make ancther experiment with the same configurations
except for memory consumption. When we doulde the num-
ber of BF from 4 to 8 whil e remaining the same BF size(i.e.,
8KB to 16KB), the performanceis improved by an average
of 18% sinceit can benefit from cgpturing its finer-grained
recency.

5. Conclusion

In this paper, we proposed a novel hot data identificaion
scheme for flash memory-based storage systems. Unlike the
multi hash framework, our scheme adopts multi ple bloom fil-
tersand ead bloom filter has adiff erent weight and a diff er-
ent recency coverage so that it can capture finer-grained re-
cency information. Furthermore, multi ple but small er bloom
filters empower our scheme to achieve not only lower run-
time overheads, but also lessmemory consumption.

In additionto thisnovel scheme, we proposed amorerea
sonable baseline dgorithm to approximate an ided hot data
identification named Window-based Dired AddressCount-
ing (WDAC). The eisting agorithm (i.e., dired address
method) canna properly cach recancy information becaise
it asdgns an identicd recency weight to all LBAs accessd
within a decay period. However, our WDAC dlots al dif-
ferent recency weightsto al LBAswithin awindov aceord-
ing to their access ®gquences 9 that it can cepture predse
recancy as well as frequency information. Consequently,
WDAC can properly identify hot data.

We made experiments in many respeds under diverse
red traces including red SD traces. All hot data identifi-
céion results (i.e., hot ratios) of our scheme display much
closer results to those of the baseli ne scheme than the other
one. Furthermore, to make up for the limitation d a hot
ratio-based analysis, we dso compared the number (or rate)
of false identificaion by making ore-to-one comparison of
ead identification result. This pinpdnt evaluation nd only
enables us to make a @mparative analysis of ead perfor-
mance, but aso demonstrates that our scheme more pre-
cisely identifies hot data. Lastly, we caried out experiments
on variable memory size, window size, and the number of
a bloom filter in our scheme to explore their impads. Our
experiments present that our proposed scheme improves the



performance up to 6% athoughits runtime overhea of, in
particular, decay operationin our scheme requires lessCPU
clocks up to 58% and lessmemory space by an average of
50%.
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