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ABSTRA CT

Mobile multimedia computers require large amourts of data storage, yet must consumelow power in order to

prolong battery life. Solid-state storageo ers low power consumption, but its capacity is an order of magnitude
smaller than the hard disks neededfor high-resolution photos and digital video. In order to create a device with

the spaceof a hard drive, yet the low power consumption of solid-state storage, hardware manufacturers have
proposedusing ash memory asa write bu er on mobile systems. This paper evaluatesthe power savings of such

an approad and alsoconsidersother possible ash allocation algorithms, using both hardware- and software-lewel
ash managemei. Its cortributions alsoinclude a set of typical multimedia-ric h workloads for mobile systems
and power models based upon current disk and ash technology. Based on these workloads, we demonstrate
an averagepower savings of 267 mW (53% of disk power) using hardware-only approaches. Next, we propose
another algorithm, termed Energy-e cien t Virtual Storageusing Application-Lev el Framing (EVS-ALF), which

usesboth hardware and software for power managemen. By collecting information from the applications and
using this metadata to perform intelligent ash allocation and prefetching, EVS-ALF achievesan averagepower
savings of 307 mW (61%), another 8% improvemert over hardware-only techniques.

1. INTR ODUCTION

Modern mobile systems, such as laptops and handhelds, require large amournts of storage|particularly for

multimedia-rich applications sudh as high-resolution digital photos and streaming video. Unfortunately, hard

disks, the only technology currently available with the storagecapacity required for multimedia systems,consumes
a substartial amount of power, reducing the battery life of mobile systems. Solid-state storage, such as ash

memory, o ers the potential for very low-power storage, but its capacity is still an order of magnitude smaller
than what is neededfor multimedia systems.

Recerily, hardware manufacturers, including Samsund and Intel,? have announcedthe developmert ash
memory to beintegrated into the hard disk or platform to act asa write bu er for the hard disk. This technology
aims to o er signi cant energy savings, by allowing write requeststo be written to ash memory wheneer the
disk is spun down, eliminating the needto spin up the disk on a write. Unlike bu ering writes in RAM, ash
memory is persistert, soin the evert of a system crash or power failure, data can be recoveredfrom ash.

This paper makestwo cortributions to evaluating the power savings of ash memory used in conjunction
with disk storage. First, it describesthe models and workloads usedto gaugethe power savings of ash memory
on a hard disk. Most previous researt on disks has beenfocusedon the performance of server disks, so new
workloads had to be created to simulate a modern, multimedia-rich laptop or embedded system. Second, it
quarnti es the energy savings of ash on a hard disk using current disk and ash technologies. We considerthe
previously proposedideafrom Samsung{ using ash asawrite bu er { alongwith two additional ash allocation
algorithms: using ash asa cace with LRU replacemen and an algorithm we have deweloped called EVS-ALF
(Energy-e cien t Virtual Storageusing Application-Lev el Framing). EVS-ALF is a hardware/software approac
which usesapplication-level knowledgepasseddown to the operating systemto use ash for both bu ering writes
and prefetching reads. Additional improvemerts to methods like ours would be gained by operating system or
application changes,to change operating system schedulers and/or application behavior to further reduce the
total number of disk spinups/spindowns .4



2. RELA TED W ORK

Much of the previous work on power consenation of multimedia systems has focused on either network® or
CPUS® power consumption. Researt into disks in multimedia systemshas mostly focusedon the performanceof
multimedia server systemssud as Yima, a streaming video server.’

Disk write bu ering was proposedas a performance enhancemen for serer systemsover a decadeago by
Hu and Yang with their Disk Caching Disk architecture.® DCD proposedthe use of a small, fast disk, to bu er
write requestsand improve disk performance. Ideally, this bu er could be made of non-volatile RAM, but at the
time, it wastoo small and expensive to be feasiblefor desktop use.

Other researters, including,*** have proposednon-volatile write bu ers for network le systems. In 1992,
Baker et al. quantied the amourt of bu er spaceneededgiven workloads at the time, showing that a one
megalyte write buer could eliminate more than 50% of client write trac. ® Ruemmler and Wilk es traces
showed a 65% to 90% improvemert with only 200 KB, while 95% of write requestscould be contained in 4 MB
or less.

However, sincethe time of this initial work, ash memory hasgrown far larger and becomefar lessexpensiwe.
In addition, laptops and other mobile systemshave gained popularity, shifting much of the previous focus on
performanceto the current focusof energy-e ciency. Recenly, Samsungannouncedthe developmert of a laptop
hard drive containing a 128 MB ash write buer ! { dozensof times larger than the capacities consideredin
previous researd). In addition, this ash is designedto consene energy by keepingthe hard disk spun down {
using the ash astemporary storage when the disk is not spinning. Mearwhile, Intel?> has announceda similar
technology, codenamedRobson, which placesthe ash at the platform level for disk bu ering.

3. MODELS AND ASSUMPTIONS

In order to evaluate ash memory as a power-savzings mecanism for hard disks, we constructed power models
basedupon current disk and ash technology. We selecteddatasheetsfrom the Hitachi Travelstar hard disk and
Samsung ash memory for our models.

Disk Mo del. To model disk power, we use the datasheet parameters from the Hitachi Travelstar C4K40
1.8-inch hard disk drive!? A summary of the relevant parametersis givenin Table 1.

| Symbol | Description | Value | Units |
tseek Avg. SeekTime | 15.0 ms
Pseek SeekPower 1.70 W
Pup Spin-Up Power 2.25 W
PioLe Idle Power 0.50 W
PSTANDBY Standby Power 0.15 W

Table 1. Datasheet speci cations of the Hitachi Travelstar C4K40 1.8-inch hard disk.

Using the valuesfrom Table 1, we estimate the costs of handling a disk request, spinning up, and spinning
down the hard drive :

Erequest = tseek Pseex = 255 mJ
Eup = tupPup = 6:757
Epown = tup PipLe = 1:507

For ead request, we assumethe average-caseseektime. Thus, the actual seekpower may be more or less
than the average, depending on the workload. However, our initial results shoved that seekpower was not a

The datasheet does not provide values for spindown time or power, therefore Epown is modeled assuming that
spindown time is approximately the sameas the spinup time, and the spindown power is approximately the same as the
idle power.



large factor in the energy consumption of our mobile workloads|idle, standby, and spin-ups are an order of
magnitude greater. Thus, we simply model seeksusing the averagecaseand in the experimental results, seek
power is shown under I/O power.

Flash Memory Mo del. To estimate the power consumption of the ash memory, we selectedparameters
from the K9K4GO8UOM ash memory chip from Samsung!® The relevant power speci cations are listed in
Table 2.

| Symbol | Description | Value | Units |
tPR OGRAM Program Time 200 s
tERASE Erase Time 2 ms
tREAD Read Time 25 S
SPAGE Page Size 2,048 | bytes
lio Read/Program/Erase Current 15 mA
Vee Supply Voltage 3.3 \%

Table 2. Datasheet speci cations of SamsungK9K4G08UOM ash memory.

Using the parametersin Table 2, we usethe following estimate for averagepower to read and write a 4 KB
pagefrom ash. Note that the ash memory chip usesa pagesizeof 2 KB, therefore eat 4 KB requestrequires
2 pagesof ash.

Ereap = (treap )(li0)(Vec)(2 pages = 2:48 J
Ewrte = (terase + tprocram )(li0)(Vec)(2 pageg = 218 J

Optimal Spin-Do wn. Many algorithms have beenproposedto e cien tly spin down hard disks when idle.
An accurate spin-down algorithm is crucial to energy savings using a non-volatile write bu er. However, since
such alarge body of previouswork exists and sincemost existing algorithms have parametersthat must be tuned
for speci ¢ systemsand workloads, we simply assumean optimal spindown algorithm. This algorithm spinsthe
disk down whenewer the energy consumedduring an idle period exceedsthe cost of spinning a disk down and
badk up.

Epie  Eup + Estanbey + Epown
tio,e PoLe  tupPup + (tioLe  2tup )Pstanpey + tup PioLe
tipLE 35s

For the Hitachi Travelstar C4K40 described in Table 1, optimal spindown occurs during any idle period of 35
secondsor greater.

4. WORKLO ADS

Much of the past work related to hard drive energy and performance has utilized disk traces collected by
Mummert et al.** at Carnegie Mellon University between February 1991 and March 1993. However, these
lesystem-level traces collected from UNIX workstations are not represenativ e of the accesspatterns found
on modern, multimedia-rich personal or portable computers. In particular, Hsu and Smith?® shaved that the
read/write ratios vary greatly betweenthe lesystem versusdevice levels. That is, high-level traces, such as
network lesystems show primarily reads, whereaslow-level block traces shov more writes than reads. This
di erence can be accourted for by the operating system's caching and bu ering, and by journaling lesystems,
which generate a large amount of write trac. Finally, multimedia workloads tend to have more sequettial
accessesand they uselarger blocks of data.

Due to theselimitations, the rst contribution of this paper is the developmert of synthetic workloads that
emulate two common interactiv e applications used on personal computers: web browsing and streaming media.



These workloads were run for extensive amounts of time, and trace les were collected. Trace les contain
the following elds: requesttime (in microseconds),type (read/write), block number, number of blocks, le
path (if available), and le o set (seehttp://www.cc.g ate ch.ed u/~l cs/ di skt races/ for accesgo and further
documertation about thesetraces).

Workloads were executedon a Red Hat Enterprise Linux systemwith a 2.6 kernel and the ext3 lesystem.
The hardware consisted of a 550 MHz Intel Pertium 111 processor,with 1 gigabyte of RAM. The workloads
described in the next two sectionswere run on the actual system, and trace les of the workloads were collected
by augmerting the Linux kernel's block device code to capture every disk I/0 request.

4.1. Web Browsing / Photo Gallery

Sincea commonuseof laptops and mobile systemsis browsing the World Wide Web, this is an important scenario
to considerfor optimizing energy consumption. In the caseof storage, online photo galleriesare a particularly
I/0-in tensive workload, since photographs from digital camerasare typically a few megabytes in size.

To construct a web browsing workload, 169 imageswere downloaded from NASA's Mars Path nder website.
Thesehigh-resolution JPEGs consistedof a total of 535MB of data, which was copiedto a local web sener. A
breakdown of les by sizeis givenin Table 3.

| Size | Files | % of Total |

< 128KB 6 3.6%

128 KB - 256 KB 11 6.5%
256 KB - 512KB 7 4.1%
512KB -1 MB 5 3.0%
1MB -2 MB 24 14.2%
2MB -4 MB 64 37.9%

4 MB - 8 MB 43 25.4%
8MB - 16 MB 9 5.3%

Table 3. File distribution by size of the web browsing workload.

Files were accessedy using a normal distribution for accesdnterarrival times. The normal distribution was
generatedwith a mean of 60 secondsand a standard deviation of 30 seconds.The JPEGs were fetched using a
JavaScript running in Mozilla Firefox. Firefox's cace sizewas setto 600 MB, to guarantee that all les could
t inside of the disk cache, but the cache was ushed before eadh experiment. Flushing Firefox's cadche deletes
the cache les on the lesystem, which alsofreesLinux's bu er cache ertries for the data.

The order of the image accessess another variable in the web browsing workload. Four usagemodels were
considered:

Randomsort{ the list of imageswas randomly sorted. There are three random sort cases| randomsort],
randomsort2 and randomsort3corresp onding to the number of times ead image was included the list
before performing the random sort.

Randomwalk{ a random walk behaveslike a web site with next and previous buttons for navigation. The
visitor randomly movesto the next image 50% of the time and to the previous image the other 50%.

Paginated { in the paginated usagemodel, all of the imagesare grouped into pagesof 10 images ead.
The pagesare randomly selected,and ead image on the pageis viewed before the user randomly selects
another page. Each pageis viewed 3 times.

Sejuential { the visitor views all imagessequettially , repeated until ead image has beenviewed 3 times.



4.2. Streaming Media

Another commonuseof mobile systemsis for portable media. From music playersto personalvideo recorders,an
increasingnumber of streaming media applications are available. For this usagemodel, we considerthe recording
and playback of a one-hour piece of streaming media.

To simulate realistic streaming media workloads, two di erent variables were considered:the bitrate and the
time betweenrecording and playback. The bitrate determinesthe volume of data stored{ alisting of the bitrates
selectedis described in Table 4. However, the time betweenrecording and playback determineshow e ectiv ely
this data canbe cached. In somecasessud aswatching streaming video over the Internet, this time is extremely
short { typically a few secondsof bu ering. In other applications, such as a personal video recorder, the time
betweenrecording and playback may be on the order of minutes { a user may be watching the beginning of a
television show as the end of the show is still recording. And in other applications, the time betweenrecording
and playback can be days, such as a portable music player, where music is downloadedto the player onceand is
played badk at a later time. In order to accourt for thesedi erences, three use casesare considered:

5 minute o set { example: Internet Audio/Video.
30 minute o set { example: PersonalVideo Recorder.

60 minute o set { example: Music Player. Sincethe mediais only one hour in length, this test casecovers
all usagescenarioswhere the media le is recordedat onetime, and played bac at a later time.

| UsageModel | Bitrate | Typical Uses |
sml 128 kbps Standard Streaming Audio
sm2 256 kbps | High-Quality Streaming Audio
sm3 1.5 Mbps MPEG-1 Video
sm4 6 Mbps | MPEG-2 Video (DVD Quality)

Table 4. Bitrates selectedfor Streaming Media usage models.

4.3. Memory Pressure

While the workloads described in the previoustwo sectionssimulate common usesof mobile computer systems,a
modern desktop operating system cortext switchesbetweenmultiple processesand thesebadkground processes
consumeresourcesthat would otherwise be available to the foreground application.

Modern operating systemsusemuch of their free RAM to cace data on disk { in Linux, this is referredto as
the bu er cadche. The cache optimizes disk performance,sinceif this data is later needed,it canbe retrieved from
RAM, which is much faster than fetching the data from the disk. This typically results in block level accesses
being mostly write-based on a personal computer, since many reads can be handled by the operating system's
disk cache ®

Due to this cadching in the operating system, the disk accesgatterns are not only dependert on the workload,
but alsoon the system'savailable memory. On personalcomputers, badkground tasks such as antivirus software
and automatic updates often consumesigni cant amounts of memory, taking away from the memory available to
the interactiv e tasks and the disk cadche. This typically resultsin more disk 1/O, sincelessspacecan be dewvoted
to the disk cache, and in the caseof extreme memory pressure,applications' memory may be swapped to disk.
This changeresults in more disk requests,and a shift towards more readsfrom disk.

In order to addressthis variation, ead of the workloads were tested with three degreesof memory pressure:
0, 256,and 512 MB of RAM (out of 1 GB) were consumedby a processrunning in the background during trace
le collection.



Memory Pressure: 0 MB 256 MB 512 MB

| Workload | Length || Reg/Min | R/W Ratio || Reg/Min | R/W Ratio | Reg/Min | R/W Ratio |
www-randomsortl 169 838 0.000 840 0.001 835 0.001
www-randomsort2 338 425 0.000 572 0.341 729 0.692
www-randomsort3 507 289 0.003 412 0.435 653 1.246
www-randomwalk 169 106 0.000 109 0.005 104 0.002
www-paginated 507 300 0.011 393 0.341 615 1.070
www-sguential 507 537 0.658 462 0.547 718 1.390
sml-5min 65 314 0.000 313 0.000 315 0.000
sm1-30min 90 247 0.003 236 0.000 237 0.001
sm1-60min 120 191 0.001 186 0.000 187 0.001
sm2-5min 65 707 0.247 536 0.000 540 0.001
sm2-30min 90 397 0.000 397 0.000 399 0.000
sm2-60min 120 306 0.000 306 0.000 307 0.000
sm3-5min 65 2271 0.001 2288 0.008 2246 0.006
sm3-30min 90 1670 0.013 1855 0.121 2143 0.299
sm3-60min 120 1263 0.014 1310 0.050 2179 0.749
sm4-5min 65 9684 0.184 10921 0.331 14315 0.750
sm4-30min 90 11475 0.932 11738 0.985 11753 0.987
sm4-60min 120 9065 1.000 8828 0.984 8827 0.984

Table 5. Workload characteristics. Each workload is shovn with the length of the trace le (in minutes), the average
requests per minute, and the ratio of read/write requestsfor ead of the three degreesof memory pressure.

4.4, Workload Characteristics

Table 5 summarizesthe characteristics of the synthetic workloads. Thesestatistics were collected from the trace
les usedlater in the experimental results.

The data showvs multiple important trends. First, the e ects of memory pressureare evidert in the request
rate and read/write ratios. As memory pressureon the systemincreasesfewer blocks can be bu ered in RAM,
and somememory pagesmay be swapped to disk. In this case,the amourt of disk tra ¢ increasesand the disk
trac becomesmore read-based.Second,the longertrace les generally have lessdisk I/O. Again, this is dueto
the OS'sbu ering of data in RAM { trace les that repeat their patterns, such as www-randomsort3 have much
of the data they needbu ered in RAM by the third repetition. Finally, the statistics showv a wide variance in
workloads { sometraces, such as www-randomsortl, have a read/write ratio of zero, indicating nearly all writes,
whereasother traces have ratios over 1, indicating more than 50% of disk requestswere reads.

5. HARD WARE-LEVEL FLASH MANA GEMENT

The rst two ash allocation algorithms we considercould be implemerted ertirely at the hardware-lewel, where
rm ware on the hard disk could completely managethe allocation and deallocation of blocks onthe ash. To the
operating system,the ash and disk then appear as a single storagedevice. We analyzetwo di erent algorithms
for ash block allocation: (1) Write Bu er and (2) LRU Cache, which are described in the next two sections.

5.1. Write Buer

The Write Bu er allocation algorithm usesthe ash only to cadce dirty blocks, beforethey are written to disk.
This is advantageous,sincethe disk can remain spun down while applications perform write requests{ the disk
is only accessedn read requests,or whenthe write bu er becomedfull and dirty blocks must be ushed to disk.

To someextent, the write bu er is already implemented at the operating system-lewel. In UNIX operating
systems, writes are typically bu ered in RAM, and the update daemonruns every 30 secondsto ush dirty
data to disk. The 30-secondush is chosento minimize the amourt of data lossin the event of a system crash.



However, with ash, the ush time canbe inde nite { in the evert of a power outage or systemcrash, all of the
data is persisten, sinceit wasbu ered in ash memory, and can be ushed to disk on the next system boot.

In the Write Bu er algorithm, we want to minimize the number of spin-ups/spin-downs for the disk, since
those consumea signi cant amount of power. Therefore, wheneer the disk spinsup to handle a read request,
we ush all dirty blocks in the write bu er to disk. This virtually eliminates the needto spin up the disk due
to the write bu er becomingfull, sincethis could only happen if there are 128 MB of write requestswithout a
single read.

5.2. LRU Cache

The Write Bu er algorithm only handleswrite requests,and it requiresthe disk to spin up on every read. We
wish to utilize the ash to also reduce the number of reads. Therefore, we implemernt a ash managemen
algorithm that treats ash like a memory cache. The cade is a 128 MB, fully-asscciative read/write cacde,
with an LRU replacemert algorithm. However, using a standard write-back or write-through replacemen policy
would result in unnecessaryspin-ups. Therefore, at eact spin-up, we ush enoughdirty data to keepa resene
of free blocks. The resene was selectedto be 25% of the ash size.

6. ENER GY-EFFICIENT VIR TUAL STORA GE USING APPLICA TION-LEVEL
FRAMING (EVS-ALF)

The initial experiments from the hardware-level approaches(the results of which are described later in Section7)
show that in many cases,the simple hardware approaches perform non-optimally. The LRU cadce does an
extremely poor job of handling read requests,sothat there are still substartial gainsto be achieved by a better
algorithm for ash allocation. In particular, power gains can be achieved by accurately prefetching data into
the ash beforeapplications needit. In this section, we describe the EVS-ALF (Energy-e cien t Virtual Storage
using Application-Lev el Framing) algorithm we have developed. This algorithm consistsof two layers: the EVS
layer, which is an low-level driver for managing ash blocks, and the ALF layer, a kernel componert which
collects Application-Lev el Framing metadata for power managemeit.

6.1. Application-Lev el Framing Layer

Applications have a wealth of data about the cortents of les and assaiations between les. As a result, often,
they can more e ectiv ely prefetch data than the hardware or operating system. For instance, a web browser
knows which pagesare linked to the onescurrently being browsed and can speculatively download cortent.
Media players know the bitrates of the media les they can play, and if the media player knew the accesgimes
and speedsof the underlying I/O devices,the application could accurately predict how much data needsto be
prefetched.

However, OS designabstracts physical devicesfrom the applications, sothat applications do not have to be
device-speci c. Rather than advocating againstthis level of abstraction and moving power managemen decisions
to the applications, we proposethat applications share certain metadata about le contents and assaiations
with the operating system. Speci cally, we add an Application-Lev el Framing (ALF) layer, which collects and
storesthis data, sothat the OS canthen usethis information for power managemem and performancepurposes.

Per-Pro cess Metadata. The rst piece of metadata provided to the OS is a per-processdata structure.
Passedfrom the application to the kernel via a system call, this structure contains two values: the expected
future read (rreap ) and write (rwrite ) rates of the application. For streaming media applications, thesevalues
are known with reasonablecertainty. For interactive applications, rreap and ryrire  vary greatly depending on
user behavior, sowe instead estimate these valuesbasedon past activit y.

File Relationships. The other important metadata concernsthe relationships betweendi erent les. Many
applications havewell-de ned le accesgatterns that are only known to the application, not the OS. For instance,
a media player may have a prede ned playlist. A web browser knows which imagesin the cace are assaiated
with which web pages,and web pagesare assaiated with ead other via hyperlinks. Likewise,an image browser
or e-mail application groups items into folders or pages,which constitutes another common le relationship.



Passingthese le relationships to the kernel can greatly increasethe accuracy of prefetching, which is bene cial
for power managemer.

We store le relationships as undirected graphs { one graph (G;) per relationship type (t). For example, for
the image browser application, we create two relationship types{ one for when imagesare viewed on a per-page
screenand another for when the user shows a slideshav and views the imagessequettially .

File relationships are created via an AddFileRelationship system call containing two parameters: the rela-
tionship type (t) and a set of related inodes(l ). When the call is invoked, it adds undirected edgesbetweeneah
inodei 2 | to graph G;.

Consider the aforemertioned example of an image browser with two relationship types. Assumewe have 5
images(with inode numbers 1 through 5) and 3 imagesper pagein the application. And assumetwo relationship
types: paginated access(t = 0) and sequetial access(t = 1). To provide ALF relationship metadata, the
application would make the following system calls to create the paginated graph:

AddFileRelationship (0; f 1; 2; 3g)
AddFileRelationship (0; f 4; 5g)

And to createthe sequetial graph:
AddFileRelationship (1; f 1; 29)

AddFileRelationship (1; f 2; 3g)

AddFileRelationship (1; f 3; 4g)

AddFileRelationship (1; f 4; 5g)
Figures 1 and 2 show the resulting graphs.

1 1

4 4
2 2
5 5
3 3
Figure 1. Graph represerting paginated le accesyGo). Figure 2. Graph represerting sequential le accesyGi).

6.2. Energy-E cien t Virtual Storage Layer

Using the ALF metadata described in the previous section, we create a virtual block device. This layer, the
Energy-e cien t Virtual Storage(EVS) layer, intelligently utilizes ash asa disk cache basedupon the metadata
provided by the applications.

Blo ck States. For ead block of ash, the EVS algorithm assignsit to one of three states: CLEAN, DIRTY,
and RESERVED. CLEAN and DIRTY are self-explanatory RESERVED however, indicates that the block is
cleanandthat the block cortains speculatively prefetcheddata. Figure 3 showsthe statesand possibletransitions
for a ash block.

Blo ck Replacemen t Algorithm.  When a write request gets directed to ash or when EVS prefetches
blocks, the EVS block replacemert algorithm is invokedto selectwhich block of ash to replace. The replacemen
policy selectsblocks in the following order:

1. Ched for blocks in ash which already have the mapping we need.

2. ReplaceCLEAN blocks. Select CLEAN blocks using a FIFO queue.
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Figure 3. States and transitions for ash blocks under EVS.

3. ReplaceRESERVED blocks. SelectRESERVED blocks using a FIFO queue.

4. We cannot replace DIRTY blocks, since they contain the most current copy of our data. If there are no
CLEAN or RESERVED blocks remaining, spin up the disk, and ush all DIRTY blocks to disk, marking
them CLEAN. Then selecta CLEAN block.

The order of block selectionis fairly intuitiv e. We only allow one disk block to be mapped to a single
ash block, sothat we always reuse existing mappings when they are available. Next, we use CLEAN before
RESERVED, becauseby de nition, RESERVED blocks contain data which our ALF layer has predicted will be
read in the near future. Within the CLEAN and RESERVED groups, we selectblocks using First-In-First-Out.
Thus, the blocks that have gone unusedfor the longest period of time will be replaced rst. And nally , only
when the ertire ash is lled with DIRTY blocks, will we spin up the disk.

Data Structures. The EVS implementation maintains the following data structures:

Flash-to-Disk Mapping. Each block of ash is always mappedto oneunique disk block. Thesemappings,
along with the states of the ash blocks are kept in an array in kernel memory.

Disk-to-Flash  Mapping. To do a reverselookup of the previous mapping, we keep a hash table of
disk-to- ash mappings.

Queues by State. For eadt of the three block states, a FIFO queue is kept. This is used in the
implemertation of the aforemenioned replacemen policy.

Prefetc hing Using ALF Metadata. Using the above algorithm, there are only two caseswhen the disk
must be used: when the ash is completely lled with DIRTY blocks, and must be ushed to disk, or when a
read requestis issuedfor a block which is not cachedin ash. Sinceour ultimate goalis to minimize the number
of spin-ups, we take advantage of thesetwo casesto ush dirty data to disk, and prefetch new data. The goalis
to avoid future disk spin-ups.

The prefetching algorithm works as follows:

1. First, we must determine how many blocks to prefetch. Prefetching too little will result in a premature
disk spin-up, increasingenergy consumption. Prefetching too much will alsoincreaseenergy consumption,
becausethe prefetched data in ash may have to be overwritten with dirty data beforeit is used. To
estimate the optimal number of blocks to prefetch (P), we usethe ALF data from the current applications:

. r
P=min —F20 -095 s
F'wRITE



The formula usesthe sum of the read and write rates of all currently-running applications. This givesus an
estimate of the system'sfuture behavior. We usethe ratio of read to write rates to determine what fraction
of the ash to usefor prefetching. For instance, if the read and write rates are equal, we useas much of the
ash as possiblefor prefetching, since as prefetched (RESERVED) blocks are read, they becomemarked
as CLEAN, and can be usedby write requeststo hold dirty data. Sincethe read and write rates are only
estimates, we cap the amourt of prefetching to 95%of the ash, sothat there will always be someCLEAN
blocks available for write requests.

2. Next, we must selectP blocks from disk to prefetch. We rst considerthe les which are currently open
for reading by applications providing ALF data. If any of these les have only beenpartially read, we rst
prefetch any remaining blocks in these les.

3. If there are not P blocks remaining in the currently-open les, we use the ALF relationship graphs to
predict les which arelikely to bereadin the near future. However, to do so, we must predict which access
pattern ead of the applications is following, if any. This can be a challenge, sincethe devicelevel doesnot
receive all le accesse§ someaccessesnay be handled by the bu er cace, and never passedon to the
lower levels. Thus, we probabilistically choosethe closestrelationship type basedupon previous accesses.

The accesgattern prediction algorithm works by keepinga courter for ead relationship graph. When an
I/0O requestis received, the ALF layer comparesits inode number (i1) to the inode number of the previous
I/0 request(iz). If i; 6 i, then we seard all relationship graphs for an edgebetweeni; and i,. Graphs
containing such an edgewill have their counter incremerted. Thus, the \correct” relationship type will
have a higher courter value than the others.

4. Usingthe accesattern prediction to predict the relationship typet, we considerthe graph G¢, and perform
a breadth- rst traversalbeginning at the last accessedle. This givesusa sequenceof les, prioritized from
most- to least-likely to be accessedWe then selectthe blocks corresponding to these les for prefetching,
until P blocks have been prefetched.

Note that this step is very computationally intensive, and not feasibleto compute during ead disk spin-
up. In our prototype implementation, we precompute the predictions ead time an application modi es
its ALF relationships|this is a fairly rare event, and takesthe computation o of the critical path. In a
real implementation, we speculate that these predictions could be made on a per-application basis. This
would keepthe size of the graphs small enoughto be computationally feasible,and would allow advanced
applications to override the default prediction algorithm with their own predicted sequences.

7. EVALUA TION

To measurethe power savings of the hardware-level and ALF approachesof ash managemen, the algorithms
wereimplemented and then simulated on ead of the trace les from Section4. The resulting trace output from
ead of the three algorithms wasrun through the disk and ash power modelsdescribedin Section3. The results
are shown in Figures4 through 7. In ead bar graph, the bars are clusteredby input trace le and show, from left
to right: the power consumedwithout ash (No), the ash usedasa write bu er (Wr), the LRU cace (LRU),
and the EVS-ALF algorithm (ALF).

The results of the low-bitrate streaming media test caseshave beenomitted due to spaceconstraints. These
workloads are almost ertirely write based,sincethe media le ts well within the OS's bu er cace, and thus
show negligible di erence betweenthe three ash allocation algorithms. However, all casesshow a nearly 70%
savings in power by using a 128 MB ash. Sincethe workload is mainly writes, which can be bu ered in ash,
the disk is spun down and remainsin standby mode, achieving a large power savings.

In the higher-bitrate streaming media casesthe workload becomesmore challenging as the amount of data
no longer ts in RAM, oering a mix of reads and writes. Thus, the simple hardware approachesto ash
managemen are no longer optimal. Using a ash asa write bu er works well during the write-based portions of
the traces, but works poorly during periods of reads. LRU is generallyine ectiv e with streaming media accesses,
and in some casesperforms worse than the original trace itself. This is due to bu er cadce in RAM remaving
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most of the temporal locality from the disk accessesThus, LRU results in extra I/O operations without adding
any additional bene't.

In sometrace les, asort of aliasing e ect with LRU occurs, where LRU performs extremely poorly. Consider
the casewhere the o set betweenthe writer and reader becomescloseto the sizeof the ash. In this case,the
least-recerly written block in ash may be the most likely to be read next. This e ect can be seenin the 1.5
Mbps casewith 30 minute o set, and 6 Mbps casewith 5 minute o set, where LRU performs substartially worse
than a simple write bu er.

In the high-bitrate streaming media cases,the EVS-ALF algorithm excels. The prefetching algorithm ef-
fectively tracks the position of the reading process,allowing both the reading and writing processto use ash,
allowing the disk to mostly remain in the spun-down (standby) state.

In the web browsing workloads, the performance of the algorithms has more variety. With random sort
(Figure 6), EVS-ALF performsslightly worsethan the hardware-level approaches. Sincerandom accessegresen
the worst casein predicting which les to prefetch, the EVS-ALF prefetching algorithm causessomethrashing,
as the accessesppear to follow a pattern for a few accessesput then quickly prove to be wrong, resulting
in unnecessarycopying of disk to ash. This causesthe increasedl/O power consumption shown in Figure 6.
However, when the web browsing workload follows a less random accesspattern, such as those in Figure 7,
EVS-ALF excelsagain, outperforming the hardware-level approaches.
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Overall, the hardware-level approaches shoved substartial power savings. The write bu er had an average
power savings of 267 mW (53% of disk power), while LRU had an average power savings of 247 mW (49%).
Additional gainswere achieved by incorporating the OS and applications into the ash allocation decisions,with
the ALF-EVS algorithm achieving an averagepower savings of 307 mW (61%).

8. CONCLUSION

This paper analyzesthe power savings of using ash memory as a bu er for the hard disk in multimedia-rich
mobile systems. We consider three possiblealgorithms: a hardware-level approach which usesthe entire ash
simply to bu er write requests,a hardware-level approach using an LRU replacemen algorithm to treat ash
as a disk cache, and a hardware/software-level Energy-e cient Virtual Storage (EVS) layer which relies on
Application-Lev el Framing (ALF) metadata.

To evaluate thesealgorithms, a seriesof synthetic workloads are developed, the goal being to simulate typical
multimedia-ric h workloads commonly seenon modern mobile systems. These workloads consist of a web-based
photo gallery, in which a user views photos using various usagemodels, and streaming media scenarios,where
a userrecordsand plays media at common audio and video bitrates. These scenarioswere run on real systems,
and traces were captured at the block-level for ead scenario.



Experimental results show that the write bu er achieved an averagepower savings of 53% and LRU saved
49%. Thus, adding ash memory to a hard disk, and using a simple hardware approach to managethe ash
blocks could signi cantly reduce the power consumption of a mobile system. However, by incorporating the
operating systemand application-level knowledgeinto the ash allocation process,more e cien t algorithms can
be developed, sinceapplications contain a large amount of knowledgewhich can be usedfor power managemen.
In many casesfuture application disk accessesan be predicted, allowing ash to be usedasa prefetching bu er
to maximize the time the disk remains in a spun-down state. Using the EVS-ALF ash allocation algorithm
described in this paper, an average power savings of 61% was achieved, an additional 8% improvemert over
hardware-only approaches.
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