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Abstract.  Energy managementmechanismsin resource constrained environments such as mo-
bile systemsare typically basel on the current status of various system parameters such as uti-
lization and quality of service requirements. Any knowledge gained akout future systemresource
usageand other signi ¢ ant dynamics in the system can further lead to increasel optimizations
in such mechanisms. Future knowledge alkout system resource utilization and dynamics can be
derived from two seprate sources: a) the information maintained in the systemabout its current
utilization and resource accessesand, b) the application speci ¢ behavioral patterns of currently
active applications. This work targets at employing known e cient data mining techniques to
exploit the latter class of information in achieving a suitable application behavior model that
can provide accurate predictions of future application specic resource accessesand usage.Such
formulated application behavioral patterns containing information alout their resource usage,
termed Resource Access Patterns, are then employel in a novel dynamic energy management
schemefor a mobile systemnetwork resource. This work also showsthat a data mining approach
is bene cial in enemgy management decisions as it can capture all the underlying intric ate in-
teractions and dependenciesthat exist among the active applications and between the resources
available in the system. The key components of this work can thus be summarized as: a) em-
ploying a data mining approach to characterize application behavior and, b) designing a novel
energy management policy for a network interface device baseal on information about its future
usagederived from the formulated application behavioral model.

1 Intro duction

In recert years, mobile computing has highly permeatedinto the daily livesof its users.At the same
time, their usein highly hostile terrains such asrain forests, battle elds, disaster a ected areasfor
performing critical tasks such as monitoring (enemny positions), searding (for survivors) and other
strategic e orts (unmanned attack, rescueoperations) have greatly increasedthe needto integrate
autonomic and self-adaptive mechanismsinto suc systems.However their increaseduseand extension
to such common and intricate tasks have beenconstrained by the limited energy resourcesavailable
at their disposal. Seweral energy managemern policies and techniques[2,12] have beenproposedand
implemented in addressingthis constraint.

Typical energy managemen schemesare often basedon the current value of system parameters
such as processorutilization and quality of servicerequiremerts suc as deadlines. Existing energy
managemen mechanismscan further be enhancedby incorporating any knowledge of future system
utilization, resourceusageand other signi cant dynamics such astask scheduling into their schemes.
Future knowledgeabout such system parameters can be obtained either from the information main-
tained in the systemabout its execution ervironment as a whole (eg., /pro c interface in Unix based
systems), or from the currently active applications themseles (eg., by parsing through their source
codes).

Future knowledgeabout application speci ¢ behavior provide signi cant advantagesover any gen-
eral system level information about the future. This is becausethey o er better insights and higher
accuracyon predictions about likely systemresourceaccessesnd their usageduring execution of the



applications. As aresult of the above bene ts, this work aims to exploit the application speci ¢ infor-
mation by emplaying data mining techniquesto further enhanceresourcelevel energy managemer
policies. Application run-time behavior can be derived using two distinct methods: a) online run-
time monitoring of application execution, operations performed and their system resourceaccesses
and usageand, b) compile-time analysisof application code providing o ine static information about
behavior of di erent executionregionsin the application. An online approac o ers more up-to-date
information on application behavior and other dynamics (time spent, data sizeusedduring resource
accessesinvolved during application execution. Our work involving an online monitoring medcanism
adds a new dimension to existing e orts in this direction by employing data mining conceptsto
model the behavior (in terms of resourceaccessesand usage)of common applications. The modeled
behavioral patterns of applications are then usedin predicting future resourceaccesspatterns which
form the underlying basis of a novel energy managemen scheme for a network interface device in
energy constrained mobile systems.

Data mining techniques besidesproviding a robust and automated methodology also o er the
following bene ts:

i. A non-intrusive online approac for accessto application behavior characteristics is achievable
through the useof a data mining mecanism.

ii. Data mining approachesinherently integrate the highly intricate dependenciesthat exist among
all applications and betweenthe various resourcesactive in a computing systeminto the formu-
lated models. This would help in achieving e cien t prediction schemesthereby providing highly
optimized energy managemen policies.

iii. Additionally , a data mining approac allows formulation of models combining application-speci ¢
knowledgewith the more universal system level knowledge thereby combining the advantages of
two di erent methods.

It is well known that the secondaryresourcesof network devicesand disk drivestogether consume
as much asa third or more of the total energy consumption of mobile computing systems(4,9]. For
this work, we limit ourselvesto the resourceof network interfaces due to the following factors: a)
The energy consumption of modern network interfacesfor mobile systemshas increaseddrastically
in keepingwith the higher performance bene ts o ered. On the other hand, disk drives have been
optimized for both energy consumption and higher performanceand, b) Modern mobile systemsare
increasingly being usedfor communication oriented tasks such asmedia streaming, video conferencing
etc.

In our work, the information about applications' resourceaccesseand run-time actionsis gathered
(as traces) during their execution using a custom built online system monitoring tool. Data mining
concepts are then employed in mining and extracting the appropriate data of interest concerning
resourceaccessesand usage.A causalrelationship betweenthe accessesnade by an application to
various resourcess then establishedand a model of the pattern capturing this relationship amongthe
resourceaccessegtermed "ResourceAccessPatterns' or RAP) is built. The accessatterns arranged
sequettially in time model the applications' behavior with regard to resourceaccessesBasedon the
past history of the pattern of accessesnade by an application, a fair prediction of its future course
of action and resourceaccessess achieved. These predicted accesspatterns provide the basis for
the proposednovel energy managemen schemethat adapts betweenthe various energy optimization
states (sleep, active) available for a network interface device. For instance, if past accesshistory for
an application indicates that a transmission operation of data size 4 Kilobytes over the network is
always followed by a period of CPU-intensive operations without any accessedo the network, the
energy managemet policy can then have the network card transition to a “sleep'state at the end of
every transmission operation of 4 Kilob ytes (it would wake up bad to its active state when there is
a new packet to transmit or receiwe).

The data mining techniques involving classi cation based on decision trees were employed in
this work for formulating and building the accesspatterns. The causalrelationship among resource
accessesnd usagealong with the time latencies separating them is captured by the probability



of their occurrencefollowing a particular operation during application execution. The novel energy
managemen policy presened in this work then determines an energy saving state for the network
card basedon the predicted pattern (one with the highest probability) of its accessesOur proposed
energy managemem policy decideson a power state for the network accesscard (that is, to keepit
active or to switch to sleepstate) following every operation involving accesdo it.

2 Related Work

Application-speci ¢ knowledgehasvastly beenexploited in the recert past to achieve optimum energy
savings in mobile computing systems[6, 14]. Thesee orts employed application-speci ¢ information

determined o ine prior to their execution. In [13], an online approach to application characterization
is presented. Information about application network behavior is obtained from the operating system
and the application network accessatterns are characterized using simple statistical techniques ap-
plied on past application behavior. The characterized application network accesspatterns are then
mapped to a prede ned set of application pro les that were determined oine. The network card
was then switched accordingly betweenits power saving states basedon the type of determined ap-
plication prole. Our work which makesan e ort to provide on-the-y characterization of application

behavior di ers by using data mining conceptsand directly applying the gainedknowledgein predict-

ing future network accessegor usein a dynamic energy managemei policy. We alsoaim to address
the limitations of such an approad in interactive application ervironments (eg., multimedia server)
where network accessbehavior may changedynamically over time with incoming servicerequests.

An e ort related to ours was madein [3]. It employed pre-inserted hints from the application to
obtain knowledge about its network usageand operations during run-time. We proposeto achieve
similar benets, however with a more non-intrusive approadc. Our work characterizes application
behavior at run-time without ewver having to modify the application code. There have been very
few directed e orts in the past applying data mining and data mining techniquesto addresssystem
level issues.Helmbold et., al [5] employed an ensenble data mining technique that utilized a voting
mechanismto choosedynamically an optimal disk spin-down timeout factor. The algorithm preseried
selectsan optimal timeout value from the weighted average of di erent possible timeouts values
recorded over a period of time. This work however does not employ any information involving the
current active set of applications in the target system.

Various other techniques employing prediction based models have been explored and employed
in the context of seweral systemlevel issues.The use of prediction modelsin operating systemsand
their e ects were studied extensiwely in [8]. This work considersthe specic problems of swapping
pagesin and out of cacdhesand disk spin-down in computing systemsin illustrating the bene ts of
employing online prediction algorithms.

Other existing energy managemen policies [2,7,11] consider the current active set of processes
and/or their most recen invocations for the computation of optimal energysaving states. Attributes
like system utilization, task deadlinesare often the sole determining factors for the selection of a
energy saving state (low speed, sleepstate). But suc attributes are only illustrativ e of the system
usageand behavior at a giveninstant of time. This often leadsto more aggressie and frequert energy
managemen actions that achieve sub-optimal energy savings besidescausingadditional overheadon
the system'sresources.

3 Data Mining based Dynamic Energy Managemen t

As discussedearlier, wireless network interface devicescortribute signi cantly to the total energy
consumption of mobile computing systems.The increasingly superior performanceo ered by modern
network interfaces has accordingly resulted in a signi cant increasein their energy consumption.
This ewlving trend therefore demandsthe use of highly e cien t and optimized energy managemen
policies for such interfaces. Typical modern network cards are equipped with di erent built-in power



states(sleep,transmission, reception). Thus by making optimal useofthe o ered energysaving states,
signi cant savings in the system-wide energy consumption can be achieved.

3.1 Energy Consumption Mo del

Convertional energymanagemen techniquesswitch the network deviceto a low power state whenewer
there is no activity involving the device. That is, theseaggessive (‘greedy') mechanismsensurethat
the network card stays at the active high power states only as long as they are transmitting or
receiving data. Thus the energy consumedwith an aggressie energy managemen policy is related
to the number (n) and size of the data padkets (s) being transmitted. The energy savings achieved
with such an medanism can hencebe characterized by the following relations:

E (aggr essive)consumed = (Epckt si) + Eswitching (1)
i=0 i=0

Epckt describes the energy consumedin transmitting a padket of unit size assuminga typical xed
data transfer rate. The parameter Eswiching Providesthe additional energyoverheadincurred during
the transition betweenthe power states (it capturesthe entire energyconsumedin transitioning from
the high power active state to its sleepstate and then badk againto its active state).

The energy savings achieved with any of the mechanisms can be normalized against the energy
consumedby the device in the absenceof any energy managememn mechanisms (denoted as Eoy
which is the energy consumedwhen the device operatescortinually at its active power state during
the corresponding duration of measuremet).

E (aggressive)savings = Eon E (aggr essive) consumed (2)

Equations 1-2 show that the switching overheadalso cortributes signi cantly to the energyconsumed
in this model and thereby reducesthe achievable energy savings during periods of high network
accesses.

On the other hand, recertly ewlved energy managemen policies typically switch a wirelessnet-
work interface deviceto the power saving sleepstate basedon a threshold value commonly referred to
astime-out (TO). With such mechanisms,the network card is transitioned to its sleepstate whenewer
there is no activity in the duration of the time-out value following a network accessA similar model
describing the energy consumption of a network device employing a time-out based policy can be
established.However, we needto considerin addition, the parameter of the number of padkets (m)
that are separatedin time by a value greater than the chosentime-out factor (typically 100ms). This
is due to the fact that the network card would remain at its active power state for the duration of the
time-out value even in the absenceof any network activity in that period. The model for the energy
saved in a network card employing a simple time-out basedmedanism is thus given as:

: XM T
E (timeout ) consumed = (Epckt Si) + (Eswitching + Eto) + % Eto) @3)
i=0 j=0 k=0

E (timeout )savings = Eon E (timeout ) consumed (4)

The value denoted by Eto represens the energy consumedwhen operating at the high power ac-
tiv e state for the ertire duration of the time-out period. The parameter Ty denotesthe time latency
between network accessegcorresponding to n-m padkets) that occur within the timeout interval,
(Teurrent +TO). It should be noted that the maximum energy savings achievable using such meda-
nisms are bound by the time spent in the time-out phasewaiting for a network access.

Our approach by employing data mining techniquesaims to achieve a compromisebetweenboth
these approachesthereby maximizing the energy savings that can be achieved in such devices.The
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Fig. 1. Scenarioillustrating the energysavings achievedin a network interface devicefor the various considered
approaches.

preseried medhanism in this work applies data mining conceptson a trace of application behavior
over a recert past to formulate a model of the application's behavioral and network accesspatterns.
Using this model, the application's future behavioral trends and activities can then be forecastfrom
any given point of its executioncycle. This future knowledgeis incorporated into the proposedenergy
managemen schemeas a set of rules that determine the current power state of the network device.
Following every accesgo the network interface, our medanism considersthe next predicted network
accessand determines an energy state for the device. That is, the proposed medchanism allows the
network card to stay at its active power state if it is determinedthat the energyoverhead(E switching )
assaiated with switching the devicebetweenits active and sleepstatesis high relative to the energy
that would be consumedstaying at the active power state (Etoo) until the next predicted network
access.This amourts to determining an optimal time-out value TO° and deciding on a energy state
for the device basedon whether the next predicted accessof this resourcefalls within this time-out
value. An optimal time-out value is chosensud that,

Etoo < Eswitching (5)

when network accessesoccur within the time interval of TO% Summarizing the proposed energy
managemen scheme,we formulate the following rule set:

a. If next predicted network accesgime is lower than the sum of the current network accesgime
and TOthen stay at the active power state (ie., if Eswitching > = Et00).

b. Else switch to sleepstate until next accessoccurs.

Basedon these formulated conditions, a model for our proposedenergy managemen policy can
be derived as follows:

xn X m Tw

X
E(T Oo)consumed = (Epckt Si) + Eswitching + (ﬁ) ET00) (6)
i=0 j =0 k=0

From this model it can be ascertainedthat our mechanism would achieve higher energy savings
comparedto the other approacdes. This is a result of our approach being able to cut down on the
energythat would be consumedin the scenariowherethere are Bo network accesse# the time spent
at the active state for duration of the time-out interval (ie., jm:O Eto in Equation 3). Also this
model reducesthe number of transitions betweenthe power statesthrough the useof a new optimal
time-out value (T QY thereby further maximizing the achievable energy savings.

3.2 Motiv ational Example

As an example, considerthe scenariopresened in Figure 1. Assumetask i is a periodic multimedia
application which processesnedia streamsand sendsthem acrossthe network to a requesting client.



The number of packets transmitted by this application over the network is related to the number and

type of client requests.In this example,the task processesnd transmits two packets of data asa burst

every time it is invoked by the scheduler in the target system. The time latency involved between
these padket transmissionsis a function of the processinginvolved prior to their transmission which

in turn is dependent on the type of client requests(eg., requestfor compressedvs non-compressed
streams). The gure providesa comparisonbetweenthe possibleenergy savings that can be achieved

in awirelessnetwork interface devicewith the existing aggressie, time-out basedenergymanagemer

mecanismsand our proposedschemeemploying data mining techniques.

Let the latenciesinvolved betweenpadketsin ead of the bursts besuchthat T1 < T2 < TO? <
TO < T3 < TA4.lt is evidert that a time-out basel policy would yield better energy savings over
an aggressie medhanism for bursts B1 and B2. This results from the reduced switching overhead
involved as the time-out basedpolicy stays at its active state until the next padket arrivesin ead of
thesetwo bursts. However an aggressie mechanism would achieve higher energy savings for bursts
B3 and B4 since the secondpadket in these bursts is generatedbeyond the time-out (TO) from the
rst padket transmission. As a result, the time-out policy would remain at its active power state even
when there is no network accesdor the duration of the time-out from the rst network access.

Our proposedapproach, on the other hand, predicts the secondnetwork accessn B3 and B4 to
occur beyond the pre-determined optimal time-out (T Q9 thereby switching to the power saving sleep
state as soon asthe rst network accessis completed. At the sametime, our approac would also
overcomethe switching overhead assa@iated with an aggressie medanism for bursts B1 and B2 by
remaining at its active state for the optimal time-out duration (T Q9 sincethe rst padket transmis-
sion. Thus our proposedapproach would provide maximal achievable energysavings comparedto the
two existing widely adapted approaches.

4 Implemen tation Details

The platform used in this work was an Intel Pertium M based Gateway 450ROG Laptop. The
operating systemusedwas Fedora Core 3 running linux kernel 2.6.7.

4.1 System Resource Monitoring

The data containing information about the various operations and resourceaccessesmadeby all tasks
invoked by the operating systemsincethe beginning of the data acquisition processare collectedand
stored in the /pro c interface in the kernel. The data is collected through the use of a custom built
resourcemonitoring and logging tool named RESMONT. The tool is a loadable linux kernel module
that traces accesses®nd operations performed on various resourcesby executing tasks. This tool is
capableof gathering information about accesseto the resourcesof network card, systemmemory and
disk besideslogging exact task execution periods. Since this data collection tool is an architecture
independert implementation, processtraces can easily be obtained for di erent processexecution
ervironments thereby allowing for more generality in results and evaluations if required.

The data format required for extracting information about application behavior and its resource
accesguatterns is identi ed asthe following:

Timestamp, ProcessID, Resouice, Operation, DataSize, ProcessName

Timestamp captures the time at which the corresponding operation or resourceaccessoccurs. The
time granularity for the loggeddata is in micro-seconds.ProcessID and ProcessName provide infor-
mation on the current task that is involvedin the loggedoperation or resourceaccessThe parameter
Resoure indicates whether resourcecurrently accesseds that of Network, Disk or CPU. The value
indicated by the Operation eld denotesthe type of operations performed sudh as Context Switch
betweentasks (CTXT), Read(READ), Write (WRTE), network padket enqueue(ENQU), Transmit



Fig. 2. A sampletrace showing logged information about application behavior and its system resourceusage.

End (TXEN), while DataSize indicates the size of the data involved in this current operation. The
data collected is in the form of a contiguous trace of logged information about processesand their
operations or resourceaccessedn their respective invocations (refer Figure 2).

The size of the trace les and the parameterslogged can be speci ed and controlled at compile
time of the monitoring tool.

4.2 Data Pro cessing and Mining

The obtained data traces are then provided to Itering mecdanisms that parse through the data
performing formatting operations essetial before usein a Data Mining environment.

The size of the data being involved during an operation or accessis available as a cortinuous
feature in the trace data. A simple discretization is performed on the values of the feature vector
concerning size of operated data so asto achieve a fair degreeof generalizationin classi cation and
thereby avoiding over tting of training set data in the classi er rules during the learning phase. A
holistic approac is employed in discretizing this feature vector.

Current e orts are still underway to have a data mining mechanism built into the operating
systemthat is accessibleo the monitoring and the proposedenergymanagememn mechanismthat are
implemerted in the kernel. For this work, the o ine data mining tool Weka [1] wasusedextensively in
the application of all data mining techniquesand medanisms. The techniques of classi cation based
on decisiontrees were employed. The cleanedand pre-processeddata is thus applied as an input to
the classi er tool basedon a decisiontrees routine in Wela.

Classi cation  Techniques. The generation of the resourceaccesspatterns for a particular appli-
cation requires causalrelationships to be establishedbetweenthe various accesses$o resourcesmade
during the courseof an application's execution. This can directly be mappedto a classi cation prob-
lem where given a particular operation or accesso a resourceas a feature vector, its corresponding
classthat would translate to the most probable subsequeh operation is to be determined. That is
the data applied to the classi er hasthe following characteristics: the feature vectorswould consist of
the given operation or accessto a resourceand the size of data usedduring such an operation while
the classwould be the operation or accesgo a resourcethat immediately follows the given operation
in time. The assignmen of an instance to a classvariable in such medanismsis made basedon the
highest probability of a given instance being assignedto that class. Thus, the probability usedin
assigningthe classwould be a re ection of the total number of instanceswhen a particular operation
or accesdo a resource(class)immediately succeedsa given operation or accesqtest instance).

The classi er technique based on decision trees was used for formulating the resource access
patterns for a given application from the collected traces. The decision tree tool of REP-Treesin
Weka was employed in formulating the resourceaccesspatterns for the consideredapplications that
are common in the target execution ervironment. The REP-Tree procedure builds a decision tree
using information gain as the splitting criterion, and usesreduced-error pruning for pruning. This
procedure is also characterized by lower computational overheadscomparedto other decision tree
basedclassi cation methods asa result of its e cien t pruning mecanism. The classi cation technique
of decision trees was employed so as to capture the underlying dependenciesbetween the feature
vectors and thereby providing accurate models.



5 Exp erimental Evaluations

By applying predictions of future accessedo the network interface device using the characterized
application behavior model, our proposed energy managemen policy is shovn to achieve optimal
achievable energysavings. For the experimerts in this work, a few commonwirelessnetwork interface
cards were consideredas the resourceof interest in a mobile computing system (Gateway 450ROG
Laptop). It wasdetermined experimertally that the energy consumedat the high power active state
is as high as 95% of that consumedat the power saving sleepstate (eg., in the Orinoco-Gold card,
the power consumedin the active state is 180mA while the power consumedin the sleep state is
only 9mA). The switching overheadsinvolved in transitions betwen the available power states play a
signi cant role in the determination of the break-even time for a network interface card. The break-
even time (Tpreakeven) IS de ned as the amount of time that a resourcemust remain in the sleep
state before lessenergy is consumedthan staying in its active state [10]. It therefore represernts the
time beyond which remaining at the active state without any network accessesvould consumemore
energythan switching to the sleepstate until an accessevertually occurs. This value is computed as,

EO (Psleep ) t0 . tog (7)

Toreak = maxf ’
reakeven (P owerigie P owersieep )

where tg = Tewirch (active sleep + Tewich (Sleep active) and Eg = (Tswich (Sleep active) +
Tswitch (active sleep) * Powersyitch -

From our experimernts, it was determined that the breakeven valuestypically range between 3-
4ms for commonly available wireless network cards. Howewer, it should also be noted that most of
the network cards comewith built-in power saving medanisms (named Power Saving Mode, PSM)
that provide their own energy managemen mecanisms. It was determined in [3] that the switching
overheadsinvolved with transitions betweenthe PSM and the contin ually aware mode (with no power
managemetn) is in the order of 200msfor typical network cards. Also this related work shows that
employing PSM does not always provide signi cant bene ts to the end user. It proposesswitching
betweenthe PSM and the continually aware mode (CAM) depending on the application network
accesshehavior. Thus when switching betweenthesetwo power modes, the break eventime is in the
range of 200-300milli-seconds.

All traces concerning operations and accessto this resourcewere extracted from the obtained
log les and usedfor analysis. The application analyzed and presered in this work is a command
line basedimage distribution tool named PPM-Share. This image distribution tool provides an en-
vironment for sharing and distribution of di erent image formats over the network. It is basedon a
client-server model and provides for distribution and sharing of imagesover a variety of formats such
as raw, compressedor scaled. This application was chosenfor all our experimental evaluations as a
result of its closeresenblance to a dynamic application environment whose resourceaccessbehav-
ioral patterns vary over time depending on external parameterssuch asincoming client requests.The
application behavior model was formulated with the trace les that were collected with the above
application running as a isolated single instance in the execution platform.

Metho dology . The algorithm employed in our experimental simulations comparing the energy sav-
ings achievable with the proposed mechanism against existing energy managemenm approaces for
the network card is preseried here (Algorithm 1). The monitoring tool was used to monitor and
collect traces of all operations and resource accesseperformed by the consideredapplication for
the duration of its execution. The collected traces over an interval of 20 secondswas applied to the
REP-Treeclassi cation procedurein Weka. Using the classi cation rules devisedby this mecdanism,
a Network ResourceAccessPattern (NRAP) is formulated for the chosenapplication. The formulated
NRAP represeration modelling recert behavior and network accessess then employed in making
fair predictions of future network accessedy this application.



Our proposedEnergy Managemen Mechanism (DEMp atam ining ) Usesa dynamic optimal time-
out (TOY valuein transitioning the network deviceto its power saving sleepstate. The value of TO°
is computed asthe earliest of the break-eventime (Tpreakeven) @nd the next predicted network access
of the application so asto avoid unwanted transitions due to predicted. In order to avoid frequert
transitions betweenthe power states due to variations betweenthe predicted and actual future access
times that are too low, a prediction window (w) is applied to the predicted future network access.
Our mechanism thus considersthe predicted network accessto occur in the interval,

tpredicted = tnext w 8

Currently, a holistic value of 2 was employed for the prediction window (w). Our ongoingwork aims
to devise a simple procedure for dynamically computing an optimal window threshold that would
further reducethis cost of variations in predicted and actual times in our approach.

Algorithm 1 Pseudacode for DEM gata mining

Require: Execution and resource accesstraces of the analyzed application.
1: At the end of each Network Access
2: DEMgata mining ()

3: Monitor():

4:  trace resourceaccessesand execution of the target application in the target system.
5: for every 20 secondsdo

6 Data Mining()

7: Data Mining():
8: Run REP-Tree algorithm on the traces collected over the last 20 seconds.
9:  Store the classi cation rules (NRAP) obtained for the accessesoncerning the network card.

10: DEM gata  mining 0

11: From the mined NRAP model predict the time of next network access(tnext )-

12:  Determine the value of the TO® as min (Toreak even, 2 * tnext )-

13:  Allow network to stay at its active state for the duration of TO? following the current network access.
14: if no network accessoccurs in this time-out interval then

15: switch network card to sleep state.
16: else
17: goto 1.

5.1 Result Analysis and Discussion

An ewaluation of the energy savings achieved by the proposed mecanism employing data mining
are preseried here. Figure 3 comparesthe energy savings achieved by the existing mecanismsbased
on aggressie (D EM aggressive) and time-out policies (DEM tmeout ) @gainst our proposedmedanism
(DEMgata mining ). The time-out based medanism compared in this section is assumedto have a
typical time-out value (TO) of 100milli-seconds.

The execution and resourceaccesse®f the server application, ppm-share, were monitored and
traced during its serviceof incoming requestsfrom a remote client. Requeststypically involved transfer
of imagesthat were cropped, scaled,encaded by the server application accordingto the parameters
passedfrom the requests. The trace data was then applied as an input set once every 20 seconds
to the data mining mechanism of decision tree formulation using REP-tree algorithm available in
the Weka interface. The size of the trace data collected over a interval of 20 secondsfor the above
application ranged between 12 - 12.5 Kilob ytes consisting of 550-600trace lines in Weka compatible



Fig. 3. Comparison of the Energy Savings achieved by our proposedmechanism against existing approaches.

format. A represeration of the decisiontree classi cation provided by this mechanism is shown in
Figure 4.

Using the formulated decisiontrees, future network accessesvere predicted which were then em-
ployed in our mechanism to optimize energy savings. Figure 3 shows a snapshot of accessesnade
to the network card by the application represeried as Network ResourceAccessPattern (NRAP).
Predictions about the next network accessy the application were made at the end of ead of its net-
work operations. Each network operation performed by the consideredapplication were distinguished
by the type (ENQU, TXEN) and size of data involved in the operation. A typical network access
may comprise of many such closely spacednetwork operations (eg., ENQU operations followed by
TXEN operations). The variables A, B and C in Figure 3 represert the last network operation per-
formed beforethe end of a network accessThey correspond respectively to the operations of TXEN
involving a data size of lessthen 200 bytes, lessthen 1000 bytes and greater than 1000 bytes. The
decisiontree in Figure 4 describesthe next predicted operation (leaf nodes) that would follow eat
of theseabove given operations. The averagetime latency (in milli-seconds) expected beforethe next
predicted operation occursis shavn asweights on the tree edges.Assumea typical break even time,
Toreakeven @S 10mscomputed by including a correction factor to the theoretically determined value
from Equation 7. A pessimistic correction factor is usedso asto avoid frequert transitions between
the power statesthat would reducethe achievable energy savings.

It can be seenfrom the graph that our approach employing data mining techniquesis able to
achieve better energy savings by maximizing the time spent by the network card in the power saving
speedstate. For instance, at the end of the rst operation of type C (TXEN of sizegreaterthan 1000
bytes), the medanism usesthe formulated decisiontree (in gure 4) to predict the next network oper-
ation of ENQU involving sizelessthan or equal1000to occur within the next 2.75milli-seconds(tnex: )-
The tpredicted fOr the next accesswould thus be computed as 5.5 milli-seconds. The optimum TOO°
value computed by our mechanism for this casewould therefore be 5.5 milli-seconds (max(10,5.5)ms)
and the network card is allowed to remain in its active state for this duration following the current
access.The actual next accessto the network occurs (T2=1.6ms) within this time-out value and as
a result of the network card remaining at its active state, our mechanism is able to achieve greater
energy savings comparatively. A time-out medanism in this casewould stay at the active state for a
longer duration as result of the larger timeout value thereby consuming more energy A similar sce-
nario occurs following the sixth network accesqT6=2.8ms) involving a TXEN operation of data size
lessthan 1000bytes. Our medanism achievesfurther energysavings by having the network card stay
at its active state at the end of the sewenth and ninth network accessespf type C and B respectively,
following which network accessesccur (T7=3ms, T9=6.4ms) in their corresponding optimal time-out
intervals (TO® = 6 and 10msrespectively). At all other times (T1=12.8ms, T3=345ms, T4=38.5ms,
T5=330ms, T8=347ms, T10=316.7ms), the network card is transitioned to a sleepstate when there
is no network accessn the optimal time-out duration following that current network operation. Also
in comparisonto a time-out basedapproad, the network card in our approach spendslesstime in
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Fig. 4. Formulated Network ResourceAccessPatterns (NRAP) for the analyzed application (ppm-share).

the active state waiting for a future network access(evident from Figure 4 showing the duration of
TO and TOY9 comparing resulting in higher energy savings as. The optimal time-out employed in
our approad also brings down the number of transitions betweenthe power states that incur higher
energy overheadsin an aggressie energy managemen policy.

The energy savings achieved by our proposed mecanism can further be increasedby switching
betweenthe PSP and CAM modesthat incur higher overheads(order of hundreds of milli-seconds)
in switching betweenthem in a simple time-out basedpolicy (D EM gmeout )-

5.2 Overhead Considerations

One of the signi cant factors in the design of our energy managemen approac was the overhead
involved and their e ects on the overall bene ts achieved. The overheadof the data collection module
was found to be very negligible as result of its execution from the the kernel spacewhere all relevant
information about the execution ervironment is stored. The signi cant overheadintroduced by our
mechanism resulted from the data mining procedure.

As describedin the previous section, experimental simulations involved executingthe data mining
procedureevery 20 secondson a trace set consisting of about 600lines after processingand conversion
to Weka compatible formats. The REP-Tree procedure was used with all known computationally
expensiwe featuressuc aspruning turned o . The overheadcortributed by the data mining procedure
employing the REP-tree algorithm for decisiontree formulation on this data setis determined to be
around 180-200milli-seconds. This results in a overall overheadof 1% as a result of the data mining
procedurebeingrun every 20 secondsOur future work would further aim to bring down the assaiated
overheadsby providing an online in-built interface in the operating system of the target system for
data mining and analysis.

As part of our current on-going work, similar on-line approaches employing data mining med-
anisms are being consideredand developed for addressingissuesconcerning energy minimization
for the erntire system combining the available processor,network and disk power saving states and
mechanisms. The resulting overheadfor the data mining medanism would thus be shared by these
mechanismsthereby resulting in signi cantly lower overheadscomparedto the achievable system-wide
energy savings.

6 Conclusion and Future Work

A novel energy managemen policy maximizing the achievable energy savings employing Resource
Access Patterns (RAP) characterized using data mining approaches was preserted in this work.
The data mining approach by providing a online non-intrusive mechanism for application behavior
characterization wasable to achieve fair predictions on future network accessesf the application. An
optimal time-out value basedon the next predicted network accesswas then employed to decide on
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a power saving state for the network card following every accesdo it. As a result of this dynamically
computed optimal time-out value, our mechanism wasable to achieve better energysavings compared
to aggressie and static time-out basedapproacdes.

As part of our on-goingwork, we intend to analyzethe e ects of mis-predictions on the achievable
energy savings and explore ways to achieve signi cant bene ts even in the presenceof tolerable mis-
predictions. Another issueaddressedin our on-going e orts is that of building accesgattern models
covering di erent application actions and resourceaccessewithin a consideredtime interval. Such
models would be able to provide energy savings in the presenceof seweral concurrertly executing
applications.

Our future work would focus on improving the accuracyand the interface o ered by data mining
mechanisms. One particular course of action would involve incorporating a dynamic self-adaptive
approad in our existing mechanism that would switch betweenbetweendi erent data mining tech-
niguesaswell asvarious accuracy enhancingfeaturessuc aspruning and crossvalidation, depending
on their accuracy overheadand systemresourceand energy availabilit y. Another interesting system
level optimization problem concerninge ectiv e task scheduling is also being consideredin our e orts
for developing mechanismsemploying data mining techniques.

References

1. Department of Computer Science, University of Waikato, Hamilton, New Zealand,
http://www.cs.w aikato.ac.nz/ ml/index.h tml.

2. N. AbouGhazaleh, D. Moss, B. Childers, R. Melhem, and M. Craven. Collaborative operating system
and compiler power managemert for real-time applications. In RTAS '03: Proceedings of the The 9th
IEEE Real-Time and Embedded Technology and Applications Symposium, Washington, DC, USA.

3. M. Anand, E. B. Nightingale, and J. Flinn. Self-tuning wireless network power managemer. In Proceed-
ings of the 9th annual international conference on Mobile computing and networking (MobiCom), pages
176{189, New York, NY, USA, 2003. ACM Press.

4. L. M. Feeney Investigating the energy consumption of an ieee 802.11 network interface. In Technical
Report SICS T99 11.

5. D. P. Helmbold, D. D. E. Long, and B. Sherrod. A dynamic disk spin-down technique for mobile com-
puting. In Proceedings of the Second Annual ACM International Conference on Mobile Computing and
Networking, 1996, pages130{142, 1996.

6. C. Hsu and U. Kremer. Compiler-directed dynamic voltage scaling for memory-bound applications.
In C.-H. Hsu and U. Kremer. Compiler-dir ected dynamic voltage saling for memory-bound applications.
Technical Report DCS-TR-498, Department of Computer Science, Rutgers University, August2002., 2002.

7. R. Jejurikar and R. Gupta. Dynamic Voltage Scaling for Systemwide Energy Minimization in Real-time
Embedded Systems. In Proc. of the 2004 International Symposium on Low Power Electronics and Design,
pages78{81, New York, NY, USA, 2004. ACM Press.

8. P. Krishnan. Online prediction algorithms for databasesand operating systems,technical report cs-95-24.
1995.

9. K. Li, R. Kumpf, P.Horton, and T. E. Anderson. A quantitativ e analysis of disk drive power managemen
in portable computers. In USENIX Winter Conference, pages279{291, 1994.

10. Y.-H. Lu and G. D. Micheli. Comparing system-level power managemert policies. IEEE Design and Test
of Computers, 18(2):10{19, March 2001.

11. C. Poellabauer and K. Schwan. Energy-aware trac shaping for wirelessreal-time applications. In IEEE
Real-Time and Embedded Technology and Applications Symposium, Toronto, May 2004.

12. A. A. P. G. T. Simunic, L. Benini and G. D. Micheli. Dynamic Voltage Scaling and Power Managemert
for Portable Systems. In Proc. of Design Automation Conference, 2001.

13. A. Wei, M. Faerber, and F. Bellosa. Application characterization for wireless network power manage-
ment. In Proceedings of the International Conference on Architecture of Computing Systems (AR CS'04),
Augsbug, March 2004.

14. F. Xie, M. Martonosi, and S. Malik. Compile-time Dynamic Voltage Scaling Settings: Opportunities and
Limits. In Proc. of the ACM SIGPLAN Conference on Programming LanguagesDesign and Implemen-
tation (PLDI'03) , June 2003.

12



