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Abstract. Energy managementmechanisms in resource constrained environments such as mo-
bile systemsare typically based on the current status of various system parameters such as uti-
lization and quality of service requirements. Any knowledgegained about future system resource
usageand other signi�c ant dynamics in the system can further lead to increased optimizations
in such mechanisms. Future knowledge about system resource utilization and dynamics can be
derived from two separate sources: a) the information maintained in the systemabout its current
utilization and resource accessesand, b) the application speci�c 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 speci�c resource accessesand usage.Such
formulated application behavioral patterns containing information about their resource usage,
termed Resource Access Patterns, are then employed in a novel dynamic energy management
schemefor a mobile systemnetwork resource. This work also showsthat a data mining approach
is bene�cial in energy 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 based on information about its future
usagederived from the formulated application behavioral model.

1 In tro duction

In recent years,mobile computing has highly permeatedinto the daily livesof its users.At the same
time, their use in highly hostile terrains such as rain forests, battle�elds, disaster a�ected areasfor
performing critical tasks such as monitoring (enemy positions), searching (for survivors) and other
strategic e�orts (unmanned attack, rescueoperations) have greatly increasedthe need to integrate
autonomic and self-adaptivemechanismsinto such systems.However their increaseduseand extension
to such common and intricate tasks have beenconstrained by the limited energy resourcesavailable
at their disposal. Several energymanagement policies and techniques [2,12] have beenproposedand
implemented in addressingthis constraint.

Typical energy management schemesare often basedon the current value of system parameters
such as processorutilization and quality of service requirements such as deadlines.Existing energy
management mechanismscan further be enhancedby incorporating any knowledgeof future system
utilization, resourceusageand other signi�can t dynamics such as task scheduling into their schemes.
Future knowledgeabout such system parameterscan be obtained either from the information main-
tained in the system about its execution environment as a whole (eg., /pro c interface in Unix based
systems),or from the currently active applications themselves (eg., by parsing through their source
codes).

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



applications. As a result of the above bene�ts, this work aims to exploit the application speci�c infor-
mation by employing data mining techniques to further enhanceresourcelevel energy management
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�eren t execution regionsin the application. An online approach o�ers more up-to-date
information on application behavior and other dynamics (time spent, data sizeusedduring resource
accesses)involved during application execution. Our work involving an online monitoring mechanism
adds a new dimension to existing e�orts in this direction by employing data mining concepts to
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 management 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 approach for accessto application behavior characteristics is achievable
through the useof a data mining mechanism.

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

iii. Additionally , a data mining approach allows formulation of modelscombining application-speci�c
knowledgewith the more universal system level knowledgethereby combining the advantagesof
two di�eren t methods.

It is well known that the secondaryresourcesof network devicesand disk drives together consume
as much as a third or more of the total energy consumption of mobile computing systems[4,9]. For
this work, we limit ourselves to the resourceof network interfaces due to the following factors: a)
The energy consumption of modern network interfaces for mobile systemshas increaseddrastically
in keeping with 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
increasinglybeing usedfor communication oriented taskssuch asmedia streaming, video conferencing
etc.

In our work, the information about applications' resourceaccessesand run-time actions is 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 causal relationship between the accessesmade by an application to
various resourcesis then establishedand a model of the pattern capturing this relationship amongthe
resourceaccesses(termed `ResourceAccessPatterns' or RAP) is built. The accesspatterns arranged
sequentially in time model the applications' behavior with regard to resourceaccesses.Basedon the
past history of the pattern of accessesmade by an application, a fair prediction of its future course
of action and resourceaccessesis achieved. These predicted accesspatterns provide the basis for
the proposednovel energymanagement schemethat adapts betweenthe various energyoptimization
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 Kilob ytes over the network is
always followed by a period of CPU-intensive operations without any accessesto the network, the
energymanagement 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 back to its active state when there is
a new packet to transmit or receive).

The data mining techniques involving classi�cation based on decision trees were employed in
this work for formulating and building the accesspatterns. The causal relationship among resource
accessesand usage along with the time latencies separating them is captured by the probabilit y
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of their occurrencefollowing a particular operation during application execution. The novel energy
management policy presented in this work then determines an energy saving state for the network
card basedon the predicted pattern (one with the highest probabilit y) of its accesses.Our proposed
energy management policy decideson a power state for the network accesscard (that is, to keep it
active or to switch to sleepstate) following every operation involving accessto it.

2 Related Work

Application-speci�c knowledgehasvastly beenexploited in the recent past to achieveoptimum energy
savings in mobile computing systems[6,14]. Thesee�orts employed application-speci�c 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 accesspatterns are characterized using simple statistical techniquesap-
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 o�ine. The network card
was then switched accordingly between its power saving states basedon the type of determined ap-
plication pro�le. 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 accessesfor usein a dynamic energymanagement policy. We also aim to address
the limitations of such an approach in interactive application environments (eg., multimedia server)
where network accessbehavior may changedynamically over time with incoming servicerequests.

An e�ort related to ours was made in [3]. It employed pre-inserted hints from the application to
obtain knowledge about its network usageand operations during run-time. We proposeto achieve
similar bene�ts, however with a more non-intrusive approach. Our work characterizes application
behavior at run-time without ever having to modify the application code. There have been very
few directed e�orts in the past applying data mining and data mining techniques to addresssystem
level issues.Helmbold et., al [5] employed an ensemble data mining technique that utilized a voting
mechanism to choosedynamically an optimal disk spin-down timeout factor. The algorithm presented
selects an optimal timeout value from the weighted average of di�eren t 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 basedmodels have been explored and employed
in the context of several system level issues.The useof prediction models in operating systemsand
their e�ects were studied extensively in [8]. This work considersthe speci�c problems of swapping
pagesin and out of caches and disk spin-down in computing systemsin illustrating the bene�ts of
employing online prediction algorithms.

Other existing energy management policies [2,7,11] consider the current active set of processes
and/or their most recent invocations for the computation of optimal energysaving states. Attributes
like system utilization, task deadlines are often the sole determining factors for the selection of a
energy saving state (low speed, sleepstate). But such attributes are only illustrativ e of the system
usageand behavior at a given instant of time. This often leadsto more aggressiveand frequent energy
management actions that achieve sub-optimal energysavings besidescausingadditional overheadon
the system's resources.

3 Data Mining based Dynamic Energy Managemen t

As discussedearlier, wireless network interface devicescontribute signi�can tly to the total energy
consumption of mobile computing systems.The increasingly superior performanceo�ered by modern
network interfaces has accordingly resulted in a signi�can t increase in their energy consumption.
This evolving trend therefore demandsthe useof highly e�cien t and optimized energymanagement
policies for such interfaces.Typical modern network cards are equipped with di�eren t built-in power
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states(sleep,transmission,reception). Thusby making optimal useof the o�ered energysaving states,
signi�can t savings in the system-wideenergyconsumption can be achieved.

3.1 Energy Consumption Mo del

Conventional energymanagement techniquesswitch the network deviceto a low power state whenever
there is no activit y involving the device.That is, theseaggressive(`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 aggressive energy management policy is related
to the number (n) and size of the data packets (s) being transmitted. The energy savings achieved
with such an mechanism can hencebe characterized by the following relations:

E(aggressive)consumed =
nX

i =0

(Epck t � si ) +
nX

i =0

Esw itching (1)

Epck t describes the energy consumedin transmitting a packet of unit size assuminga typical �xed
data transfer rate. The parameter Esw itching provides the additional energyoverheadincurred during
the transition betweenthe power states (it captures the entire energyconsumedin transitioning from
the high power active state to its sleepstate and then back again to 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 management mechanisms (denoted as EON

which is the energy consumedwhen the device operatescontinually at its active power state during
the corresponding duration of measurement).

E (aggressive)sav ing s = EON � E (aggressive)consumed (2)

Equations 1-2 show that the switching overheadalsocontributes signi�can tly to the energyconsumed
in this model and thereby reduces the achievable energy savings during periods of high network
accesses.

On the other hand, recently evolved energy management policies typically switch a wirelessnet-
work interfacedeviceto 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 whenever
there is no activit y in the duration of the time-out value following a network access.A similar model
describing the energy consumption of a network device employing a time-out based policy can be
established.However, we need to consider in addition, the parameter of the number of packets (m)
that are separatedin time by a value greater than the chosentime-out factor (t ypically 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 activit y in that period. The model for the energy
saved in a network card employing a simple time-out basedmechanism is thus given as:

E(timeout )consumed =
nX

i =0

(Epck t � si ) +
mX

j =0

(Esw itching + ET O ) +
n � mX

k=0

(
Tk

TO
� ET O ) (3)

E(timeout )sav ing s = EON � E (timeout )consumed (4)

The value denoted by ET O represents the energy consumedwhen operating at the high power ac-
tiv e state for the entire duration of the time-out period. The parameter Tk denotesthe time latency
between network accesses(corresponding to n-m packets) that occur within the timeout interval,
(Tcur r ent +TO). It should be noted that the maximum energy savings achievable using such mecha-
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 approaches thereby maximizing the energy savings that can be achieved in such devices.The

4



Fig. 1. Scenarioillustrating the energysavings achieved in a network interface devicefor the various considered
approaches.

presented mechanism in this work applies data mining conceptson a trace of application behavior
over a recent 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 forecast from
any given point of its executioncycle.This future knowledgeis incorporated into the proposedenergy
management schemeas a set of rules that determine the current power state of the network device.
Following every accessto the network interface, our mechanism considersthe next predicted network
accessand determines an energy state for the device. That is, the proposedmechanism allows the
network card to stay at its active power state if it is determined that the energyoverhead(E sw itching )
associated with switching the devicebetweenits active and sleepstates is high relative to the energy
that would be consumedstaying at the active power state (ET O0) until the next predicted network
access.This amounts to determining an optimal time-out value TO0 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 chosensuch that,

ET O0 < Esw itching (5)

when network accessesoccur within the time interval of TO0. Summarizing the proposed energy
management scheme,we formulate the following rule set:

a. If next predicted network accesstime is lower than the sum of the current network accesstime
and TO0 then stay at the active power state (ie., if Esw itching > = ET O0).

b. Else switch to sleepstate until next accessoccurs.
Basedon these formulated conditions, a model for our proposedenergy management policy can

be derived as follows:

E(TO0)consumed =
nX

i =0

(Epck t � si ) +
mX

j =0

Esw itching +
n � mX

k=0

(
Tk

TO0 � ET O0) (6)

From this model it can be ascertainedthat our mechanism would achieve higher energy savings
compared to the other approaches. This is a result of our approach being able to cut down on the
energythat would be consumedin the scenariowhere there are no network accessesin the time spent
at the active state for duration of the time-out interval (ie.,

P m
j =0 ET O in Equation 3). Also this

model reducesthe number of transitions betweenthe power states through the useof a new optimal
time-out value (TO0) thereby further maximizing the achievable energysavings.

3.2 Motiv ational Example

As an example, consider the scenariopresented in Figure 1. Assumetask i is a periodic multimedia
application which processesmedia streamsand sendsthem acrossthe network to a requestingclient.
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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 processesand transmits two packetsof data asa burst
every time it is invoked by the scheduler in the target system. The time latency involved between
thesepacket transmissionsis a function of the processinginvolved prior to their transmission which
in turn is dependent on the type of client requests(eg., request for compressedvs non-compressed
streams). The �gure provides a comparisonbetweenthe possibleenergysavings that can be achieved
in a wirelessnetwork interfacedevicewith the existing aggressive, time-out basedenergymanagement
mechanismsand our proposedschemeemploying data mining techniques.

Let the latenciesinvolved betweenpackets in each of the bursts be such that T1 < T2 < TO0 <
TO < T3 < T4. It is evident that a time-out based policy would yield better energy savings over
an aggressive mechanism 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 packet arrivesin each of
these two bursts. However an aggressive mechanism would achieve higher energy savings for bursts
B3 and B4 since the secondpacket in these bursts is generatedbeyond the time-out (TO) from the
�rst packet transmission. As a result, the time-out policy would remain at its active power state even
when there is no network accessfor the duration of the time-out from the �rst network access.

Our proposedapproach, on the other hand, predicts the secondnetwork accessin B3 and B4 to
occur beyond the pre-determinedoptimal time-out (TO0) thereby switching to the power saving sleep
state as soon as the �rst network accessis completed. At the sametime, our approach would also
overcomethe switching overheadassociated with an aggressive mechanism for bursts B1 and B2 by
remaining at its active state for the optimal time-out duration (TO0) sincethe �rst packet 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 Pentium M based Gateway 450ROG Laptop. The
operating system usedwas 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 accessesand operations performed on various resourcesby executing tasks. This tool is
capableof gathering information about accessesto the resourcesof network card, systemmemory and
disk besideslogging exact task execution periods. Since this data collection tool is an architecture
independent implementation, processtraces can easily be obtained for di�eren t processexecution
environments thereby allowing for more generality in results and evaluations if required.

The data format required for extracting information about application behavior and its resource
accesspatterns is identi�ed as the following:

Timestamp, ProcessID, Resource, Operation, DataSize, ProcessName

Timestamp captures the time at which the corresponding operation or resourceaccessoccurs. The
time granularit y for the loggeddata is in micro-seconds.ProcessID and ProcessName provide infor-
mation on the current task that is involved in the loggedoperation or resourceaccess.The parameter
Resource indicates whether resourcecurrently accessedis that of Network, Disk or CPU. The value
indicated by the Operation �eld denotes the type of operations performed such as Context Switch
betweentasks (CTXT), Read (READ), Write (WRTE), network packet enqueue(ENQU), Transmit
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Fig. 2. A sample trace 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 resourceaccessesin their respective invocations (refer Figure 2).

The size of the trace �les and the parameters logged 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 �ltering mechanisms that parse through the data
performing formatting operations essential before use in a Data Mining environment.

The size of the data being involved during an operation or accessis available as a continuous
feature in the trace data. A simple discretization is performed on the values of the feature vector
concerningsizeof operated data so as to achieve a fair degreeof generalization in classi�cation and
thereby avoiding over�tting of training set data in the classi�er rules during the learning phase.A
holistic approach 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 accessibleto the monitoring and the proposedenergymanagement mechanism that are
implemented in the kernel. For this work, the o�ine data mining tool Weka [1] wasusedextensively in
the application of all data mining techniquesand mechanisms.The techniquesof classi�cation based
on decision trees were employed. The cleanedand pre-processeddata is thus applied as an input to
the classi�er tool basedon a decisiontrees routine in Weka.

Classi�cation Techniques. The generation of the resourceaccesspatterns for a particular appli-
cation requires causalrelationships to be establishedbetweenthe various accessesto resourcesmade
during the courseof an application's execution. This can directly be mapped to a classi�cation prob-
lem where given a particular operation or accessto a resourceas a feature vector, its corresponding
class that would translate to the most probable subsequent operation is to be determined. That is
the data applied to the classi�er has the following characteristics: the feature vectorswould consistof
the given operation or accessto a resourceand the sizeof data usedduring such an operation while
the classwould be the operation or accessto a resourcethat immediately follows the given operation
in time. The assignment of an instance to a classvariable in such mechanismsis made basedon the
highest probabilit y of a given instance being assignedto that class. Thus, the probabilit y used in
assigningthe classwould be a re
ection of the total number of instanceswhen a particular operation
or accessto a resource(class) immediately succeedsa given operation or access(test 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-Trees in
Weka was employed in formulating the resourceaccesspatterns for the consideredapplications that
are common in the target execution environment. 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 overheadscompared to other decision tree
basedclassi�cation methods asa result of its e�cien t pruning mechanism.The classi�cation technique
of decision trees was employed so as to capture the underlying dependenciesbetween the feature
vectors and thereby providing accurate models.
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5 Exp erimen tal Evaluations

By applying predictions of future accessesto the network interface device using the characterized
application behavior model, our proposed energy management policy is shown to achieve optimal
achievable energysavings. For the experiments in this work, a few commonwirelessnetwork interface
cards were consideredas the resourceof interest in a mobile computing system (Gateway 450ROG
Laptop). It was determined experimentally that the energyconsumedat 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�can t role in the determination of the break-even time for a network interface card. The break-
even time (Tbr eak even ) 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 represents the
time beyond which remaining at the active state without any network accesseswould consumemore
energythan switching to the sleepstate until an accesseventually occurs.This value is computed as,

Tbr eak even = maxf
E0 � (Psleep ) � t0

(Poweridle � Powersleep )
; t0g (7)

where t0 = Tsw itch (active � sleep) + Tsw itch (sleep� active) and E0 = (Tsw itch (sleep� active) +
Tsw itch (active � sleep)) * Powersw itch .

From our experiments, it was determined that the breakeven values typically range between 3-
4ms for commonly available wirelessnetwork cards. However, it should also be noted that most of
the network cards come with built-in power saving mechanisms (named Power Saving Mode, PSM)
that provide their own energymanagement mechanisms. It was determined in [3] that the switching
overheadsinvolvedwith transitions betweenthe PSM and the continually awaremode (with no power
management) is in the order of 200msfor typical network cards. Also this related work shows that
employing PSM does not always provide signi�can t bene�ts to the end user. It proposesswitching
between the PSM and the continually aware mode (CAM) depending on the application network
accessbehavior. Thus when switching betweenthesetwo power modes, the break even time is in the
range of 200-300milli-seconds.

All traces concerning operations and accessto this resourcewere extracted from the obtained
log �les and used for analysis. The application analyzed and presented 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�eren t 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 closeresemblance to a dynamic application environment whoseresourceaccessbehav-
ioral patterns vary over time depending on external parameterssuch as incoming 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 energysav-
ings achievable with the proposed mechanism against existing energy management approaches for
the network card is presented here (Algorithm 1). The monitoring tool was used to monitor and
collect traces of all operations and resourceaccessesperformed 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 mechanism,
a Network ResourceAccessPattern (NRAP) is formulated for the chosenapplication. The formulated
NRAP representation modelling recent behavior and network accessesis then employed in making
fair predictions of future network accessesby this application.

8



Our proposedEnergy Management Mechanism (DEM D ataM ining ) usesa dynamic optimal time-
out (TO0) value in transitioning the network deviceto its power saving sleepstate. The value of TO0

is computed as the earliest of the break-even time (Tbr eak even ) and the next predicted network access
of the application so as to avoid unwanted transitions due to predicted. In order to avoid frequent
transitions betweenthe power statesdue 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,

tpr edicted = tnext � w (8)

Currently , a holistic value of 2 was employed for the prediction window (w). Our ongoing work 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 Pseudocode for DEM data mining

Require: Execution and resourceaccesstraces of the analyzed application.
1: At the end of each Network Access
2: D E M data 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-T ree algorithm on the traces collected over the last 20 seconds.
9: Store the classi�cation rules (NRAP) obtained for the accessesconcerning the network card.

10: DEM data mining () :
11: From the mined NRAP model predict the time of next network access(t next ).
12: Determine the value of the TO0 as min (Tbr eak ev en , 2 * tnext ).
13: Allo w network to stay at its active state for the duration of TO0 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 evaluation of the energy savings achieved by the proposed mechanism employing data mining
are presented here. Figure 3 comparesthe energysavings achieved by the existing mechanismsbased
on aggressive (DEM aggr essiv e) and time-out policies (DEM timeout ) against our proposedmechanism
(DEM data mining ). The time-out based mechanism compared in this section is assumedto have a
typical time-out value (TO) of 100milli-seconds.

The execution and resourceaccessesof the server application, ppm-share, were monitored and
traced during its serviceof incoming requestsfrom a remoteclient. Requeststypically involvedtransfer
of imagesthat were cropped, scaled,encoded by the server application according to 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 between12 - 12.5 Kilob ytes consisting of 550-600trace lines in Weka compatible
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Fig. 3. Comparison of the Energy Savings achieved by our proposedmechanism against existing approaches.

format. A representation of the decision tree classi�cation provided by this mechanism is shown in
Figure 4.

Using the formulated decisiontrees, future network accesseswere predicted which were then em-
ployed in our mechanism to optimize energy savings. Figure 3 shows a snapshot of accessesmade
to the network card by the application represented as Network ResourceAccessPattern (NRAP).
Predictions about the next network accessby the application weremadeat the end of each of its net-
work operations. Each network operation performed by the consideredapplication weredistinguished
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 represent the last network operation per-
formed before the end of a network access.They correspond respectively to the operations of TXEN
involving a data size of lessthen 200 bytes, lessthen 1000 bytes and greater than 1000 bytes. The
decision tree in Figure 4 describes the next predicted operation (leaf nodes) that would follow each
of theseabove given operations. The averagetime latency (in milli-seconds)expectedbeforethe next
predicted operation occurs is shown as weights on the tree edges.Assumea typical break even time,
Tbr eak even as 10ms computed by including a correction factor to the theroetically determined value
from Equation 7. A pessimistic correction factor is usedso as to avoid frequent transitions between
the power states that would reducethe achievable energysavings.

It can be seenfrom the graph that our approach employing data mining techniques is able to
achieve better energysavings 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 sizegreater than 1000
bytes), the mechanism 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(t next ).
The tpr edicted for the next accesswould thus be computed as 5.5 milli-seconds. The optimum TO0

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
energysavings comparatively. A time-out mechanism in this casewould stay at the active state for a
longer duration as result of the larger timeout value thereby consumingmore energy. A similar sce-
nario occurs following the sixth network access(T6=2.8ms) involving a TXEN operation of data size
lessthan 1000bytes. Our mechanism achievesfurther energysavings by having the network card stay
at its active state at the end of the seventh and ninth network accesses,of type C and B respectively,
following which network accessesoccur (T7=3ms, T9=6.4ms) in their corresponding optimal time-out
intervals (TO0 = 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 accessin the optimal time-out duration following that current network operation. Also
in comparison to a time-out basedapproach, the network card in our approach spends lesstime 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 TO0) comparing resulting in higher energy savings as. The optimal time-out employed in
our approach also brings down the number of transitions betweenthe power states that incur higher
energy overheadsin an aggressive energymanagement policy.

The energy savings achieved by our proposedmechanism can further be increasedby switching
between the PSP and CAM modes that incur higher overheads(order of hundreds of milli-seconds)
in switching betweenthem in a simple time-out basedpolicy (DEM timeout ).

5.2 Ov erhead Considerations
One of the signi�can t factors in the design of our energy management approach 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 environment is stored. The signi�can t overhead intro duced by our
mechanism resulted from the data mining procedure.

As described in the previous section,experimental simulations involved executing the data mining
procedureevery 20 secondson a trace set consistingof about 600lines after processingand conversion
to Weka compatible formats. The REP-Tree procedure was used with all known computationally
expensive featuressuch aspruning turned o�. The overheadcontributed by the data mining procedure
employing the REP-tree algorithm for decisiontree formulation on this data set is determined to be
around 180-200milli-seconds.This results in a overall overheadof 1% as a result of the data mining
procedurebeingrun every 20seconds.Our future work would further aim to bring down the associated
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 mech-
anisms are being considered and developed for addressing issuesconcerning energy minimization
for the entire system combining the available processor,network and disk power saving states and
mechanisms. The resulting overhead for the data mining mechanism would thus be shared by these
mechanismsthereby resulting in signi�can tly lower overheadscomparedto the achievablesystem-wide
energy savings.

6 Conclusion and Future Work

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

As part of our on-goingwork, we intend to analyzethe e�ects of mis-predictions on the achievable
energysavings and explore ways to achieve signi�can t bene�ts even in the presenceof tolerable mis-
predictions. Another issueaddressedin our on-going e�orts is that of building accesspattern models
covering di�eren t application actions and resourceaccesseswithin a consideredtime interval. Such
models would be able to provide energy savings in the presenceof several concurrently 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
approach in our existing mechanism that would switch betweenbetweendi�eren t data mining tech-
niquesaswell asvarious accuracyenhancingfeaturessuch aspruning and crossvalidation, depending
on their accuracy, overheadand system resourceand 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.
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