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ABSTRACT

The quest for enhancing microprocessor speed and integha®olong been the
goal of computer architects, which helped providing tremendpasformance
improvements over the years but at the same timaecra@ew problems. One of the
important problems is the power consumption of hardwamgooents, and the resulting
thermal and reliability concerns that it raises, mglkpower as important a criterion for
optimization as performance.

Among various system components for consideration,re/@@marily interested
in this thesis in power consumption of a microprocessoalise, in many cases, it is the
most power-consuming component in a computer system. Ade&uof research efforts
have been focused to reduce energy consumption througls¢hefdynamic voltage
scaling (DVS), which allows a processor to dynamically changepted and voltage at
run time, increasing energy efficiency without impactinge tperformance. Our
motivation is to exploit the DVS methodology on wdprocessing application dealing
with MPEG stream, which is the most popular video format used in ncament and
emerging products (HDTV, DVD, video conferencing, etc.)

This thesis provides in-depth survey on different powenagament techniques
for energy efficient computer systems and proposese tlaggplication-based DVS
algorithms for energy efficient MPEG decoding, which Hert reduces energy
consumption without sacrificing the perceptual quality oé thideo stream. The

advantage of the proposed schemes is verified via extesisiwdation based on state-of-



the-art SimpleScalartool set with our owrMPEG power estimatoand MPEG QoS
estimator for power and QoS statistics respectively. Accaydm the simulation result,
our schemes show up to 83% improvement in energy as compardte On/Off

mechanism, with frames drop rates as low as 0.4%.
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CHAPTER |

INTRODUCTION

Background

Enhancing microprocessor performance has long been theo§camputer
architects, driving technological innovations to the linfatsgetting the most out of every
cycle as well as for reducing the cycle time. This gdestperformance has made it
possible to incorporate millions of transistors onesy small die, and to clock these
transistors at very high speeds. While these innovatodstrends have helped provide
tremendous performance improvements over the years, ey at the same time
created new problems. One of the important and dauntinglepns is the power
consumption of hardware components, and the resultinghéthend reliability concerns
that it raises, making power as important a criteraroptimization as performance. It is
a challenge to system designers not only of low-end sgstauh also of high-end
systems. Low-end portable systems, such as laptop compandrpersonal digital

assistants (PDAs) draw power from batteries [4, 6-8]reslucing power consumption



extends their operating times. For high-end desktop cargpuar servers, high power
consumption raises temperature and deteriorates perfoenaand reliability [16, 17].

Among various system components for consideration,re/@@marily interested
in this thesis in power consumption of a microprocessoalse, in many cases, it is the
most power consuming component in a computer systemsifiipest way of reducing
power consumption of a microprocessor is to lower tipply voltage, which exploits the
guadratic dependence of power on voltage. Reducing the supjibgesochowever
increases circuit delay and decreases clock speed anditthuay not be effective
because some systems have latency critical tasks. posgible compromise is to
dynamically vary the voltage according to the processorkload, which is made
possible due to the recent advances in power supply teclyri@®g34]. Current custom
and commercial CMOS chips are capable of operating reladr a range of supply
voltages [35, 36]. For example, Mobile Intel processarIia-12 frequency levels and 6
different supply voltage levels [42]. Transmeta Crusog dlgo variable voltage and
frequency settings, allowing it to continuously scale lbéhfrequency and voltage of the
processor according to instantaneous performance demahd system [43].

The abovementioned technology is callBgnamic Voltage Scaling (DV.S)
However, in order to maximize the benefit out of tHéDmechanism, it is essential to
have fine-grained workload monitoring mechanism as well ezurate workload
prediction scheme. Workload monitoring/prediction can beomaptished at many
different levels. In processor-based approaches, theopnocessor itself performs this
[10, 11] but it often leads to incorrect prediction of fetworkloads simply because the

microprocessor is ignorant of the detailed informatmm application which it is



executing. Alternatively, workload monitoring/predictiomnc be accomplished at a
higher level such as operating system or an applicatiobtain more accurate prediction
of future workload. In fact, several application-base¥SDalgorithms have been
proposed for real-time systems, which minimize eneysemption while all tasks are

guaranteed to complete on or before deadlines [13, 27-32, 38-41].

Thesis Outline

The motivation of this thesis is to exploit the DVSethodology on video
processing application dealing with MPE®Ioving Pictures Expert Group$tream,
which is the most popular video format and is described iaildat Chapter Ill. Since
there is a growing interest in video applications on neobévices, ranging from video
games and movie players to sophisticated virtual reatitsr@enment, energy efficient
MPEG decoding becomes extremely important. While MPEGodlag is a
computationally intensive, power hungry process, theeegseat degree of variance in
processing requirements due to different frame types amativarbetween scenes. This
high variability in video streams can be exploited to recameer consumption of the
processor based on the DVS technique. Processor-basedI@iEhen may fail since it
is difficult to predict the next workload based on thevjnes workload and a wrong
prediction causes frames to be dropped.

Recent studies present application-based approaches #uitt pthe decoding
times of incoming MPEG frames and reduce or increassupply voltage based on this
prediction [13, 38-41]. In an ideal case, the decoding tane®stimated perfectly and all

the frames are decoded at the exact time span allowkdhegiexact supply voltage level.



In practice, decoding time estimation includes errorsrsilt in frames being decoded
either before or after their expected playout time. Mvtie decoding finishes early, the
processor will be idle while it waits for the franeelie played, and some power will be
wasted. When decoding finishes late, the frame wiksmis playout time, and the
perceptual quality of the video could be reduced.

This thesis provides in-depth survey on different powanagement techniques
for energy efficient computer systems and proposese tlaggplication-based DVS
algorithms for energy efficient MPEG decoding which redueasrgy consumption
without sacrificing the perceptual quality of the video stredhe advantage of the
proposed schemes is verified via extensive simulatiorecbasn state-of-the-art
SimpleScalartool set [18] with our ownMPEG power estimatoand MPEG QoS
estimator for power and QoS statistics respectively. Accaydm the simulation result,
our schemes show up to 83% improvement in energy as compardte On/Off
mechanism (where the processor is just turned off vidiidg, with frames drop rates as

low as 0.4%.

Thesis Organization

The rest of the thesis is organized as follows. Chapteverviews power
management techniques proposed so far in the literatunetamduces our classification
of those techniques. Chapter Il presents background infamati MPEG video format
as well as MPEG decoding procedure. It is followed by theduction of previous
energy efficient MPEG decoding schemes based on DM#itpee. Our decoding time

estimation and the corresponding three DVS algorithegpeesented in Chapter 1V. The



first algorithm takes advantage of the linear regressiwodel of the decoding-
time/frame-size distribution to improve the predictaoturacy. The other two algorithms
divide the decoding-time/frame-size distribution imb¢ervals and make the prediction
locally within each interval. On top of these voltagediction algorithms, a voltage
averaging technique is also proposed, aiming at further regittoe power consumption.
Chapter V presents the experimental environments basesingpleScalaras well as

simulation results. Conclusion remarks are found inp@ravI.



CHAPTER I
POWER MANAGEMENT TECHNIQUES FOR POWER

EFFICIENT COMPUTER SYSTEMS

In this chapter we discuss some of the power managdewmtiques proposed so
far in the literature. They are classifiedtatic Power Management (SPEHdDynamic
Power Management (DPMgchniques. SPM techniques are applied at design time (off-
line) and target both hardware and software implement{®ection 2.1). In contrast,
DPM techniques use runtime (on-line) behavior to adjustepaepending on system
workload (Section 2.2). Note that the main theme of tesis, DVS, is classified as a
processor-based DPM technique. Another important thing te isothat while DPM
techniques are used to optimize energy performance t&ingyrf5PM techniques are used
to obtain energy performance information to help systeesigners to select the best

system parameters. Table | summarizes the SPM andtBétiMiques.



Table I: Classification of power management techniques.

SPM (off-line optimization)
System/
Component Level of Detail Evaluation Description Section
Under Test Methodology
(SUT/CUT)
CPU Cycle level or RTL Cycle-level PowerTimeir{1], Wattch 211
simulation [2] andSimplePowef3]
energy models
Instruction level Instruction-level Power Profiles fointel 2.1.1
simulation 486DX2 Fujitsu
SPARCIite'9344] and
PowerPCI[5]
System Hardware component | Functional POSE(Palm OS Emulator) 2.1.2
level (e.g. hardware simulation [6]
state: CPU sleep/ (Parameters via
doze/busy, LCD on/off | measurements)
etc.)
Software component Measurements (with Time driven sampling, 21.2
level monitoring tools) PowerScopi] and Energy|
(procedure/process/task driven sampling [8]
Hardware & Software | Complete system SoftWattbuilt uponSimOS | 2.1.2
component level simulation (CPU, system simulator [9]
Disc, Memory, OS,
Application)
DPM (on-line optimization)
(SUT/CUT) Implementation level Methodology Description Section
CPU CPU and System DVS (Dynamic Interval-based scheduler | 2.2.1
software Voltage Scaling) [10,11] and Real-time
schedulers (Inter-task
[12,13], Intra-task [19-23])
System Components hardware| Low power mode of| Shutdown/low- power 2.2.2
(Disks, network operation unused devices [15,16]
interfaces, displays, 1/0
devices, etc.) and system
software
Cluster Multiple systems CVS (Coordinated | Coordinated DVS between 2.2.3
system coordination (server Voltage Scaling) multiple nodes [17]
clusters...)

2.1  Static Power Management (SPM) Techniques

Power dissipation limits have emerged as a major @nstin the design of
microprocessors, and just as with performance, powamizgtion requires careful
design at several levels of the system architecturéfierBint energy models were

presented in previous studies and integrated with alreadyvrkm&imulators and



measurement tools to provide power estimation, measateand optimization at design
time [1-9]. Section 2.1.1 describes processor-based SPMideels that estimate power
consumption of a microprocessor at cycle or instractevel. Section 2.1.2 discusses

system-based SPM techniques.

2.1.1 CPU-based SPM
Cycle level

Energy consumption of a processor can be estimatedsipg @n architecture
simulator. In particular,cycle-level or register-transfer level(RTL) simulators can
provide accurate performance metrics by identifying the aeds (or busy)
microarchitecture-level units or blocks during every executycle of the simulated
processor [1-3We can use these cycle-by-cycle resource usage staistaikable from
a trace-driven or execution-driven architecture simulator, estimate the power
consumption. Energy models describing how each unit okldoosumes energy are
indispensable for any power estimation tool. Differentrgyenodels were presented in
[1-3] and used in conjunction with RTL processor modelstitrggower-awareycle-
level simulators.

Brooks and al. presented two types of energy models for BwwverTimer
simulator [1]: (i) power-density-based models, used whendetailed power and area
measurements are available for a given chip, and (iiyacel energy models, based on
simple chip area factors and microarchitecture-levelgdeparameters such as cache
size, pipeline length, number of registers and so oasdlenergy models were used in

conjunction withTurandot a generic, parameterized, out-of-order superscalar gsoce



simulator, creating the power-awar@owerTimer simulator. Using PowerTimey

researchers in [1] studied the power-performance tradeedffdifferent techniques
proposed in the literature and their ability to help bodgd power-aware
microarchitectures.

The next two CPU-based SPM techniques are basedmieScalarf18], which
is the most popular architecture simulator and will lszuBsed in detail in Chapter V.
For Wattch [2], the energy model in use depends, particularly, tb@ internal
capacitances for the circuits that make up each uniteoprocessor. Each modeled unit,
and depending on its structure and functionality, fall mbe of these four categories:
array structures, memories, combinational logic andsywmed the clocking network. A
different power model is used for each category and iatedrin theSimpleScalar
simulator.Wattchprovides a variety of metrics such as power, performaacergy and
energy-delay product, and it can be used to perform hathitectural and compiler
research.

Another SimpleScalabased RT level energy estimation toSimplePower is
presented in [3]. livas developed based on transition-sensitive energy maoudedse
each functional unit has its own energy model from l@etaontaining the power
consumed for each input transitio®implePowerprovides cycle-by-cycle energy
estimates and switch capacitance statistics for theegsor datapath, memory and onchip
buses. The major components SimplePowerare: SimplePowercore, RTL power
estimation interface, technology dependent switch d&Epme tables, cache/bus
estimator, and loaderSimplePowercan be used to study different architectural

optimizations.



Figure 1 illustrates a high-level block diagram of theeé¢ power-aware cycle-

level simulators described earlier.

________________________________________________________

Hardware : i
Parameters i
! Cycle-devel Power Models | 5
| i »  (PowerTime ' owe
Program Performance ( Wattch or ' | Estimation
Executable:—» Simulator Cycle-by-Cycle SimplePower |
or Trace | (Turandotor units access count |
| SimpleScalgr \ . Performanc
| + Estimation

Figure 1: Block diagram of a power-aware, cycle-level &nou.

Instruction-level

As opposed to the finer grainedycle-level techniques, coarser grained
instruction-levelpower analysis techniques were presented in [4, 5]. Thebgridees
estimate the energy consumed by a program by adding thgyec@nsumed by the
execution of each instruction. Instruction-by-instructioergy costs are computed once
for all for each target processor.

The basic steps in building energy models for iasyruction-levelsimulator are
the same. Only quantitative values change from one pradesanother. The first step is
to create the set dfase cost®f individual instructions, which is the fixed energy tcos
assigned to every instruction. Then, the power costtef-instruction effectshould be
accounted for, which is the extra power consumption duéinteraction” between
successive instructions (it also includes other effeis pipeline stalls and cache

misses). The experimental procedure used to determinelbee costs requires a

10



program containing mainly a loop consisting of severalamsts of the targeted
instruction (forbase costneasurement) or an alternating sequence of the instmacfior
inter-instruction effectscosts). As this program is executed, current drawn by the
processor under test is directly measured and a powetepi®fuilt for this specific
processor. Power profiles for different microprocesseere presented in [4, 5]. Table Il

illustrates a subset of thbase costtable for the Intel 486DX2 and the Fujitsu

SPARCIite‘934 from [4].

Table 1I: Subset of thbase costable for the Intel 486DX2 and Fujitsu SPARCIite ‘394.

Intel 486DX2 Fujitsu SPARClite ‘934
Instruction | Current Cycles Energy Instruction Current | Cycles Energy

(mA) (108 J) (mA) (108 J)
nop 276 1 2.27 nop 198 1 3.26
mov dx,[bx] 428 1 3.53 Id [10],i0 213 1 3.51
mov dx,bx 302 1 2.49 or g0,i0,10 198 1 3.26
mov [bx],dx 522 1 4.30 st i0,[10] 346 2 11.4
add dx,bx 314 1 2.59 add i0,00,10 199 1 3.28
add dx,[bx] 400 2 6.60 mul g0,r29,r47 198 1 3.26
imp 373 3 9.23 Srli0,1,10 197 1 3.25

Once theinstruction-levelpower model, or power profile, is constructed for a
certain microprocessor, the energy cost of any givegram can be easily estimated. For
any given prograr®, the overall energy codkp, is given by:

Ep =2 (Base* Nj) + 2 (Inter;; * Nij) + 2k Ex
where Baseg is thebase coswf instructioni and N; is the number of times it will be
executedlnter;; is theinter-instructionpower overhead when instructiors followed by
instructionj, andN;; is the number of times the,jj pair is executed. Finall§ is the

energy contribution of othenter-instruction effectgpipeline stalls and data caches) that

would occur during program execution.

11



2.1.2 System-based SPM

There is little benefit in optimizing only the CPU coif other elements
participate or sometimes even dominate the energy consummpb effectively optimize
system energy, it is necessary to consider all ottiieal components. Different papers
[6-9] investigate the power consumption on differenttesys levels, targeting both
hardware and software on different levels of abstractio

In the State-level modelapproach, the energy consumption of the whole system
is measured based on the state each device is in otitrgfiom or to. Other approaches
work to identify the hotspots in applications and operasiygjem procedures and try to
reduce energy consumption by acting on #mpplication-, Compiler-and OS-levels
Finally, a complete system levaimulation tool, which models the CPU, memory

hierarchy and a low power disk subsystem, was presented.

State-level models

As opposed to the low-level CPU simulators presenteat®ed high-level energy
optimization technique was presented in [6]. Their proposedep model hides the
complexity of the hardware state by encapsulating leoxg! details, but provides enough
information allowing high-level optimization. This powstate model accounts for the
power spent in each of the device states and the toandietween them. For each
hardware subsystem, a set of device power states isedefe.g. CPU: sleep, doze or
busy). Each device state is characterized by the poweuomtion of the hardware
during steady state. The relevant transitions betwsé&ses occur as the result of system

calls. By keeping track of system calls and measuring tthesitional energy

12



consumption, every transition between states igyasdi an energy consumption cost.
The total energy consumed by the system is determinedidipgathe power of each
device state multiplied by the time spent in that spie the total energy consumption
for all transitions.

The simulation environment was implemented as an exgtersi the Palm OS
Emulator (POSE). POSE is a Windows based applicatansimulates functionality of
the Palm device, emulating its operating system andutctigin execution of the
Motorola Dragonball processors used in the Palm. The pste¢e model, described
above, was incorporated into this existing environment.

To quantify the power consumption of a device and pararpeténe simulator,
experiments were held and measurements were taken usiadpdiie power model in
order to capture transient energy consumption as weltesady state power consumption
(results from [6] are presented in Tables Ill and IV). ®M Workpad device was
connected to a power supply with an oscilloscope measuengdltage across a small
resistor. The power consumption of the basic hardwabsystems of the Workpad
device was measured: CPU, LCD, Backlight, Buttons, PdnSerial link. Measurement
programs, likePowerandMillywatt, were used to provide a user interface to call some of

the basic functions of the device for measurement iakerv

13



Table Ill: Steady state power of IBM Workpad (relatieetihe default mode: CPU doze,
LCD on, Backlight off, Pen and Button up).

Device State Power (mW)
CPU Busy 104.502
Idle 0.0
Sleep -44.377
LCD On 0.0
Off -20.961
Backlight | On 94.262
Off 0.0
Button Pushed 45.796
Pen On Screen 82.952
Graffitti 86.029

Table 1V: Transient energy of IBM Workpad for significaystem calls.

System Call Transient Energy (mJ)
CPU Sleep 2.025
CPU Wake 11.170
LCD Wake 11.727
Key Sleep 2.974
Pen Open 1.935

Application-, Compiler- and OS-level

While hardware optimizations has been the focus of aésardies and are fairly
mature, software approaches for power optimizatiorrelegively new. Software has a
significant impact on the overall energy consumptiomdpeéhe main determinant for the
hardware activity like the processor core, memory systed buses, which are,
collectively, responsible for significant amount of tgpawer dissipation. Despite this
observation, to date, most of the compiler techniqoesider mainly delay as their main

performance metrics. With the growing demand for poaweare systems, there is an

14



urgent need for investigating energy-oriented compilagehriiques and their interaction
and integration with performance-oriented compiler oj@tions.

In [19] a quantitative evaluation of the impact of diffeérstate-of-the-art high-
level compilation techniques on energy consumption isgmted. Different techniques,
mainly targeting the widely used loop-optimizations, wesmaluated vis-a-vis their
impact on power consumption. As a result to this stug, find that the energy
consumed in the memory system is higher than the datagpath in unoptimized code.
We can also observe that most optimizations reduserdmory system energy but, on
the other side, they increase the energy consumed icaitee datapath, shifting the
hotspot in the system from the memory to the systera, which will lead to think that
more efforts should be focused to reduce the core pdwierent low-level compiler
techniques, applied during compile time to reduce energy cqtgumwere proposed in
[20-26], and their performance-power tradeoffs were studied ukfferent power-aware
simulators.

As an alternative approach to simulation, direct systegasurement techniques
were used in [7, 8] for power estimation. Using specidisigned monitoring tools, these
measurement-based techniques target the power consumpti@vafole system and try
to point out the hotspots in applications and operatysgiesn procedures. These tools
mainly help programmers to produce power aware programs.

In [7], PowerScopemaps energy consumption to program structure by
augmenting the information gathered biynae-driven statistical sampleAs a result, one
can determine what fraction of the total energy consijmering a certain time period, is

due to specific processes in the system. Further, wegcadeeper and determine the

15



energy consumption of different procedures within a prod@gsoroviding such fine-
grained feedbackiPowerScopehelps focusing attention on those system components
responsible for the bulk of energy consumption. As imeneents are made to these
components, we quantify their benefits and move on to expls next target for
optimization. Through successive refinement, a systenbeamproved closer and closer
to its energy consumption design goals. The functignalf PowerScopes divided
among three software components. Two componentsSyseem Monitoand Energy
Monitor, share responsibility for data collection. T8gstem Monitosamples system
activity on the profiling computer by periodically recarglinformation that includes the
program counter (PC) and process identifier (PID) of dheently executing process.
The Energy Monitor runs on the data-collection computer, and is responsdrle
collecting and storing current samples from the digmaltimeter. The final software
component, th&nergy Analyzeruses the raw sample data collected by the monitors to
generate the energy profile, off-line. The analyzer nmghe profiling computer.

A similar tool was presented in [8], but this one iseda®n energy-driven
statistical samplingand use energy consumption to drive sample collectiosinfple
‘energy counter’ is interposed between the energy suaptly the system under study.
This counter measures the energy consumed by the systeoaases an interrupt to be
generated on the system whenever a predefined amounerglyeor energy quanta, has
been consumed. The system handles these interruptsebytieg a particular interrupt
service routine that will record samples identifying fprogram instructions that were
interrupted. The recorded samples are processed, off-time,generate energy

consumption estimates for each application, procedudeinatruction. Results show that

16



a non-trivial amount of energy is spent by the opegasiystem. Additionally, there are
often significant differences between the profilesegated by time and energy profiling,
especially in workloads that transition quickly betwewsnltiple energy states and are
undetected by the time driven sampling.

Figure 2 illustrates a high-level overview of the measergrbased power
estimation technique presented above. Depending on thenraptation, three, two or

even one PC can perform the required tasks.

Multimeter power| System Monitor PC Analyser PC
(w/ Tlmeor Interrupt) Sourcs (Online) (Offline)
r
Energy Counter Softwart
(w/ Energy Interrupt) Under Test Analyse

(matches proces

Interrupt i @ and energy sampl
) ' to create Energy
@ System Monitc ! Profile)
(

process sampling

OIS
%)

Energy Monitor PC
(Online)

L - @ Energy Monito
Current or Energy sample (current or energy
sampling

Figure 2: high-level overview of the measurement-based pestenation techniques.

Complete system level
All the simulation tools discussed earlier in this chagtozused mainly on
particular hardware components such as CPU or memorydiduhot capture the

interaction between the different system componed, therefore, could not provide
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complete description of the overall system behavior.oVercome this problem, a
complete system power simulat@oftWatt was presented in [9]. It models the CPU,
memory hierarchy and a low power disk subsystem and ifjgarihe power behavior of
both the application and operating system. This todd Wailt on top of theSimOS
infrastructure running the IRIX operating system, which pravidetailed simulation of
both, the hardware (CPU, memory and disk) and softweeenél, system and user
applications). In order to capture the complete sysfmwer behavior,SoftWatt
integrated different analytical power models into thigedent hardware components of
SimOS These power models were proposed and validated in sepaeaious works.
Results from running theSpec JVM98benchmark suite emphasized the
importance of a complete system simulation to amaliize power impact of both
architecture and OS on the application execution. Fraystem hardware perspective,
we could see that the disk is the single largest powesucoer of the whole system, but
with the adoption of a low-power disk, the power hotspos whifted to the clock
distribution and generation network. Also, the menmrgsystem was found to consume
more power than the processor core. From the softp@re of view, the user mode had
the maximum power consumption. The kernel mode had tis¢ feaver consumption
overall, but due to the frequent use of kernel servicegcibunted for significant energy
consumption in the processor and memory hierarchy. Tdacgunting the kernel code
energy consumption is critical for estimating theeml energy budget. Finally,
transitioning the CPU and memory-subsystem to a low-powate or by even halting

the processor during the idle-process turns out toas#aie amount of power.
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Therefore, complete system-level simulators, #a#tWatt seem to be one of the
most promising SPM techniques for studying and improving the poamsumption of

the complete computing system during design timeffeline.

2.2 Dynamic Power Management (DPM)

As opposed to SPM techniques, which are applied during dasign Dynamic
Power Management techniques use runtime behavior to redues when systems are
serving light workloads or are idle. DPM can be achiewedifierent ways; for example,
dynamic voltage scaling (DVS) changes processor suppiggeht runtime as a method
of power management [10-13]. DPM can also be used for sgpudbwn unused 1/O
devices [15, 16], or even unused nodes of server clusters [17].

Three Dynamic Power Management implementation levdlsbe discussed in
this section. Subsection 2.2.1 discusses DPM techniques aaptieelCPU- leve] using
DVS. In subsection 2.2.2, a more general approach usesdbiisystem-levetio save
energy of all system components (memory, hard drie devices, display...). Finally,
subsection 2.2.3 generalizes DPM techniques to be usedlaple systemdike a server

cluster, where more than one system collaboratsave overall power.

2.2.1 CPU-based DPM: Dynamic Voltage Scaling (DVS)

The intuition behind the power saving in DVS comes from libsic energy
equation, which is proportional to the clock frequency amd dtjuare of the voltage.
Therefore, by dynamically changing the processor speed/@tabe at runtime, DVS

allows more than quadratic energy saving without, thexaigtj affecting performance;
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extra run cycles caused by the slower speed would be spteadle time (additional
details can be found in chapter Ill). The main problemafiplying DVS is to know when
to use full power and when not to, and this requires thepemtion of a voltage

scheduler. Different voltage schedulers are presentie ifollowing subsections.

Interval-based scheduler

Interval basedvoltage scheduler were proposed in [10, 11], they divide itwoe
uniform length intervals and analyze system utilizatafnthe previous intervals to
determine the voltage of the next interval accordingly.

In [10], three interval-based schedulers were proposedORI): this algorithm
assumes unlimited knowledge of the future and spreadputation over the whole trace
period to eliminate all idle time. (2) FUTURE: it usediraited future look ahead to
determine the minimum clock rate and therefore volt&®)ePAST: this policy uses the
recent past as a predictor of the future.

Some more complicated algorithms were presented in [1&}, éstimate the
future workload based on two parameteust _percentandexcess_cyclesun_percents
the fraction of cycles where the CPU is active inrdarval. excess_cycleis the cycles
left over from the previous interval spilled over irdber intervals when speed is not fast
enough to complete and interval's work. Seven dynamic spet@des policies were
explained, discussed and compared: (1) PAST: this algoridas the recent past as a
predictor of the future. (2) FLAT: Weak on prediction, thaicy simply try to smooth
speed to a global average. (3) LONG_SHORT: it's a maedigtive policy that attempts

to find a golden mean between local behavior and a namg-term average. (4)
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AGED_AVERAGES: this policy employs an exponential-gitfiong method, attempting
to predict via a weighted average: one which geometyicatluces the weight given to
each previous interval as we go back in time. (5) CYCBEmore sophisticated
prediction algorithm. It tries to take advantage of s@meiousrun_percentvalues that
looks quite cyclical, to predict. (6) PATTERN: a geneamedi policy from CYCLE. It
attempts to identify the most recenn_percentvalues as repeating a pattern seen earlier
in the trace. (7) PEAK: a more specialized version of PBRN. It uses heuristics based
on the expectation of narrow peaks. It expects rigimg percentdo fall symmetrically
back down and fallingun_percentso continue falling.

Surprisingly, the simplest policy, FLAT, is optimal fmw delay values, while
LONG_SHORT, which is scarcely more complex, is optifoalthe higher delay values.
Of the most sophisticated predicting algorithms, PEAK dess, lzoming close to FLAT
and LONG_SHORT in the medium-delay range. Severalhef more complicated
predictive algorithms performed poorly (AGED_AVERAGE, CYELand PATTERN).
We might then conclude that simple algorithms based @nedtsmoothing rather than
complicated prediction schemes may be most effectiegeiheless, further possibilities
for prediction remain to be tried, like policies thaght sort past information by process-

type, or where applications could provide the system wsdful information.

Schedulers for real-time systems
Interval based scheduling is simple and easy to impigrbet it often incorrectly
predicts future workloads and degrades the quality of senviagon-real-time systems,

excess cycles left over from the previous intervalhnige spilled into later intervals
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when speed is not fast enough to complete an intemwalk. In a real-time system, tasks
are specified by the task start time, the computatiocgsdurces required and the task
deadline. The voltage-clock scaling must be carried out rutige constraint that no
deadline is missed. An optimal voltage schedule is detiodze one for which all tasks
complete on or before deadlines and the total enenggsucoed is minimized.

Two major scheduling techniques are offered for real tiygséesns: 1)inter-task
and 2)Intra-task On one handnter-taskschedules speed changes at each task boundary
to meet a deadline associated with each task, witile-task schedules speed changes
within a single task. On the other handier-task approaches make use of a prior
knowledge of the application workloads and produce predictionghe application
demands based on past history, whitea-taskapproaches try to take advantage of slack
time, which results from the fact that within an indival task boundary the execution

time may change significantly depending on the executegtgumopath.

1) Inter-task schedulers:

Scheduling algorithms for real time systems, that miren@nergy consumption
while all tasks are guaranteed to complete on or beleaelines, were proposed in [12].
This technique is based on the assumption that the timiragmesters of each job are
known off-line. Two algorithms were given in the paper. Titg one takes O time
(where N is the number of jobs) to find the minimumstant speed needed to complete
each job, since constant voltage tends to result amvgpbwer consumption. The second
algorithm, with O(N) time complexity, build on the first one and give tresults. First,

the minimum constant voltage (or speed) needed to ctenpleet of jobs is obtained.
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Secondly, a voltage schedule is produced, which is thefgsaitical intervals and their
associated speed. This voltage schedule always saves maggy éhen the first
algorithm, which applies the minimum constant speed whemprocessor is busy while
shuts down the processor when it is idle. This appraacbrstruct a low-energy voltage
schedule is greedy since it tries to find the minimwnstant speed during any critical
interval. It guarantees to result the minimum peak paesesumption. However it may
not always produce the minimum-energy schedule.

In [13], more application specific DVS algorithms were posed, targeting
power consumption in MPEG decoding. The first algorithid\&s-DM (DVS with delay
and drop rate minimizing algorithynwhich is a kind of interval-based DVS in a sense
that it schedules voltage based on previous workload. Tdsithm tries to scale the
supply voltage according to the delay value and the drop Tage second algorithm is
DVS-PD DVS with decoding time predictiprwhich determines the voltage not only by
previous workload but also by predicted MPEG decoding time. prédiction, in this
case, is based on frame size and frame type. Fromntiodason results in [13], it was
found that DVS-PD shows the best performance withaesto energy consumption and
DVS-DM is slightly better that the conventional shuteioalgorithm. Outstanding energy
saving with DVS-PD is due to higher prediction accuracyutidre workload than other
approaches. It's also found that energy saving is closédyed with average decoding
time and fluctuation. With DVS-DM, high fluctuation makieslifficult to predict future
workload based on the previous workload only and it resultswnefficiency. On the
contrary, it's found that that DVS-PD is not much efésl by the fluctuation. Instead,

performance of DVS-PD in terms of energy consumptiqredds on the error rate of the
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predictor, which implies that if decoding time is predictmore accurately, DVS
algorithm can be more efficient. More details concerniri@E2@ decoding and DVS can
be found in chapter Ill. Our proposed DVS prediction albors are presented in
Chapter IV.

All the above inter-task scheduling techniques are applieling during

execution time. DVS is applied only on the task boundaries.

2) Intra-task Schedulers:

As opposed to the abovater-task scheduling techniques, which are applied
online during execution timantra-task techniques are appliexffline, during compile-
time. They try to identify different possible pathghin one task, and change the voltage
accordingly to save power while meeting all the deadlir@ggire 3 shows the different
paths one task can take during execution, mainly because @bnditional statements
(if-then-else, while, etc...). Each node represents & Wasck of this task, with the
number of cycles required to execute it. Depending omchibsen path, the total number
of cycles varies for the same task, which means ardift execution time and therefore a
possible frequency/voltage scaling to save power while stéitmg the deadline. All the
techniques proposed below try to take advantage ofrthia-task slack time to reduce
power consumption.

Intra-task DVS technique, using program checkpoints under compiler apntr
was introduced in [28]. Checkpoints indicate places indbee where the processor
frequency and voltage should be re-calculated and scHbey. are generated at compile

time. The program is profiled, using a representative input data and collect
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minimum/maximum energy dissipated and cycle count feckyoint transitions. A run-
time voltage scheduler is created and follows, in amggnefficient way, the run-time
power profile, which represents the available power budgéile simultaneously

meeting the deadline.

B1;

if (condl) B2;
else ® ®
{B3;

while (cond2)
{iif (cond3) B4; %
B5;

}
if (cond4) B6;
else B7; @
10
B8
10

(@) (b)

Figure 3: Intra-task paths. (a) Example program, andgfloiv graph.

A similar approach was also presented in [29], wherectrapiler is used to
annotate an application’s source code with temporal irdbom. This information
captures the dynamic behavior of the application, whiaely wary by executing different
paths with different execution times. During program eaeaq, the operating system
periodically adapts the processor’'s frequency and voliaaged on this temporal
information. The main contribution of this schemethe collaborative compiler and
operating systenmtra-taskapproach. It uses the strength of each of the congni@rOS

to get fine-grained information about an application’s exeauand then applies DVS.
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The COPPER (Compiler-controlled continuous Power-Pasdoce) framework
was presented in [27]. COPPER uses a variety of aralmgg@nd compiler technologies
to control the power profile of the application. Itcéises on dynamic register file
reconfiguration, frequency and voltage scaling. The powefilgrs controlled by
creating multiple code versions that are selected byrdhéime system. This helps
achieving performance goals within energy constraints.iffoemation computed by the
compiler, such as time, energy profile and code cheniatits, is carried down to the
run-time system using tables and code annotations.

In [31], an Automatic Voltage Scaler (AVS) was proposidautomates the
development of real-time programs on a variable-voltagegssor. Using AVS, DVS-
unaware real-time programs can be converted to DVS-almarenergy programs in a
way completely transparent to software developers.

Finally, [32] explores the opportunities and limits of coleyime DVS
scheduling. A detail analytical model was presented,hbigis determine the achievable
power savings in terms of simple program parameters,ntémory speed, and the
number of available voltage levels. This model helps goistenarios, in terms of these
parameters, for which we can expect to see significaentgg savings, and scenarios for
which we cannot. One important result of this modelintpas as the number of available
voltage levels increase, the energy savings obtainedagecsggnificantly. If we expect
future processors to offer fine grain DVS settings, tl@npile-time intra-program DVS

settings will not yield significant benefit and thusiwibt be worth it.
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2.2.2 System-based DPM

There is little benefit in optimizing the microprocesswore if other elements
dominate the energy consumption. Therefore, to effdgtivatimize system energy, it is
necessary to consider all of the critical components.

A system-level power management technique, which tasgeiag the power of
subsystems or devices, was presented in [15]. Examples afedewiclude hard disk
drives, I/O controllers, displays and network integfax@rds. The most widely adopted
system-level power management technique is shutting dewah drives and displays,
after some time of idleness. Other unused 1/O deviaasbe equally shut down to save
energy, which was the purpose of the DPM techniques detusg15]. But, changing
power states has both time and power overheads. Comslgguedevice should sleep
only if the saved energy justifies the overhead. Thesefohe main problem in
successfully applying these techniques is to know when todshut a unit and when to
wake it up.

Power management policies can be classified into ttaesgories based on the
methods to predict whether a device can sleep long endayhtime-out policies
assume that after a device is idle for a certain-bonevalue, it will remain idle for at
least T (break-even timethe minimum length of an idle period after which shgtt
down the device will save power). The main drawback ofethedicies is the energy
wasted during this time-out period. Rjedictive policieseliminate the time-out period
by predicting the length of an idle period before ittstatvhen an idle period is predicted

to be longer than the break-even timeg[Tthe device sleeps right after it's idle. (3)
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Stochastic policiesmodel the arrival of requests and device power-stategelsaas
stochastic processes, such as Markov processes.

The policies mentioned above, were implemented ugliey driver, which is a
device driver inserted between the operating system kendehaother device driver.
The filter driver intercepts communications betweentthe drivers and can pass, add,
delete or change the exchanged messages.

Each policy was graded by six criteria: power, numbeshoftdowns, shutdown
effectiveness, interactive performance, memory andoatetion requirements. No policy
was found to have best grades for all criteria. When iaypshves power aggressively, it
usually generates more shutdowns and degrades performandbe @ther hand, if a
policy is more conservative in power saving, it is likedyissue fewer shutdowns. While
performance and accuracy improve, these policies consnone power. Finally, the
resource requirements of a certain policy are also imporEven though providing
excellent power savings, some policies become less lappd®cause they require a
substantial amount of energy, resource generally seactexpensive.

In [16], an OS-directed power management technique was moposorder to
improve the energy efficiency of sensor nodes using DR.BRsic idea is to shut down
devices (CPU, memory, sensor, radio...) when not needed akdsvthem up when
necessary. A power-aware sensor node model essentalgribes the power
consumption in different levels of node sleep stai®ry component in the node can
have different power modes, but also has latency eaerlassociated with transitioning

to that mode. Therefore each node sleep mode is caaract by power consumption
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and latency overhead. In general a deeper sleep stasanges less power and has a

longer wake-up time.

2.2.3 Cluster System-based DPM

Dynamic Power Management techniques can also be extemdkdpplied to
more than just one system at a time. In [17], DPM used in server clusters, reducing
the energy consumption of the whole cluster by coordigaimd distributing the work
between all available nodes.

Five policies for reducing the energy consumption of serhesters with varying
degrees of implementation complexity were presented. fifsie policy, Independent
Voltage Scalingl1VS), simply uses voltage scaled processors. Each mo@épendently
manages its own power consumption. The second policy ades DVS but in a
coordinated manner between nodes to reduce cluster powernguisu It's called
Coordinated Voltage ScalingCVs). The third policy, called vary-on/vary-off (VOVQ)
turns off server nodes so that only the minimum nunabeservers required to support
the workload are kept alive. Nodes are brought online as aad weguired. The fourth
policy, called Combined Policy combines IVS and VOVO while the fifth uses a
combination of CVS and VOVO and is call€dordinated Policy

These policies were evaluated in terms of both trespaonse time and energy
savings. Combining DVS with VOVO offers the most energyirgs with VOVO-IVS
and VOVO-CVS. All five policies can be engineered to [keerver response times

within acceptable norms.
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CHAPTER Il

MPEG DECODING AND DYNAMIC VOLTAGE SCALING (DVS)

3.1 MPEG Decoding

MPEG video compression is used in many current and emepgaaiycts. It is at
the heart of digital television set-top boxes, DSH,TM decoders, DVD players, video
conferencing, Internet video, handheld PCs, mobile phamsther applications. These
applications benefit from video compression in the fiaat they may require less storage
space for archived video information, less bandwidth fortitésesmission of the video
information from one point to another or a combinawdrboth. Besides the fact that it
works well in a wide variety of applications, a largetparits popularity is that it is
defined in finalized international standards (MPEG 1, 2, 4nd 21). In this thesis,
MPEG-2 is used. The acronym MPEG stands for Moving Pidbxmgert Group [47],
which worked to generate the specifications under 1ISOnteenational Organization for
Standardization [45] and IEC, the International Eleettbhical Commission [46].

In this section we describe the MPEG decoding charaitsrand specifications.

Section 3.1.1 explains the MPEG video layers. The MPE®é&bis presented in 3.1.2.
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Section 3.1.3 overviews the MPEG encoding/decoding procesSsesly, section 3.1.4

illustrates the variability in the MPEG decoding process.

3.1.1 MPEG Video Layers

Video Sequenc | o Sequene | o
Sequence | Header equencel L. -der equence
layer ~
GOF GOF

GOP Header | Frame 1 Frame N | |\ er
Picture Fram Slice 1 Slice M

layel e

Slice Slice Macroblock 1 Macroblock L

layel Heac

Figure 4. MPEG layers hierarchy.

MPEG video is broken up into a hierarchy of layers (Figur®4jelp with error
handling, random search and editing, and synchronizatidnamitaudio bitstream. From
the top level, the first layer is known as the videguence layer, and is any self-
contained bitstream, for example a coded movie or adeengnt. The second layer down
is the group of pictures (GOP), which is composed of anmare groups of intra (1)
frames and/or non-intra (P and/or B) pictures that balldefined later. The third layer
down is the picture layer itself, and the next layemdath it is called the slice layer. Each

slice is a contiguous sequence of raster ordered macroptooks often on a row basis in
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typical video applications, but not limited to this by thecsEation. Finally, each slice
consists of macroblocks, which are composed of arraygnohance and chrominance

pixels, or picture data elements.

3.1.2 MPEG Format

The MPEG video compression standard [41] defines a videansi@s a sequence
of still images or frames. A standard MPEG streantamposed of three types of
compressed framek:P andB. | frames are onlintra-coded which refers to the fact that
the various compression techniques are performed relativenfdomation that is
contained only within the current frame, and not redativ any other frame in the video
sequence. In other words, ordyatial processing is performed within the current picture
or frame. The generation & andB frames involves, in addition to intra-coding, the use
of motion predictionand interpolation techniquesn order to exploit the inherent
temporal or time-based, redundancies providing more efficient cesgwn. As a result,
| frames are, on the average, the largest in sizewied byP frames, and finallyB
frames.

After being decoded, video presentation units (i.e. frames) be delayed in
reorder buffers before being presented to the viewer. i§Hecause, during encoding,
MPEG transforms video frames into a sequencitoicoded (1), Predictive-coded (P),
and Bidirectionally-coded (Byames, producing a sequence such as follows:

l1 B2 B3 B4 Ps Bs B7 Bg Py Bio Bi1 B2 l13 (1)
The point to observe is that, a B frame is bidirawity encoded from both its preceding
| or P and its succeeding | or P frame; hence, at e ¢if decoding, the B frame would

need, not only its preceding | or P frame, but also itsemding | or P. Thus he MPEG
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encoder places the succeeding | or P prior to the gmneéng B frame. As a
consequence, the above sequence would appear in the estrededas follows:

l1 Ps B2 Bs B4 P9 Bs B7 Bg 113 Bio B1i1 B2 (2)
During decoding, thesHAs decoded before,BB; and B. Py is decoded beforesBB; and
Bs. 113 is decoded before B B1; and B2 These would have to be reordered back into the
original sequence (1). This resequencing (2) is done in thelagi reorder buffers
immediately after decoding. In particular, an I-pictarea P-picture decoded before one
or more B-pictures must be delayed in the reorder buffeshould be delayed until the
next I-picture or P-picture is decoded. Thus, the decodirg aimad the presentation times

differ by an integral of pictures for these reorderadies.

3.1.3 MPEG Encoding/Decoding

Figure 5 illustrates the MPEG video compression proceggeoVcompression
relies on the eye's inability to resolve High Freqyecalor changes, and the fact that
there is a lot of redundancy within each frame and bEtviimmes. The encoder starts by
converting the RGB signal (Red, Green, and Blue) intdJ¥ signal (Y represents the
luminance signal, or how bright the picture is, and &f¢ two color difference signals).
Then, the Discrete Cosine Transform is used, along wguthntization and Huffman
coding to predict a pixel value from all adjacent pixeluga, removing the spatial
redundancy: This generates the Intra-frames (I-fram&sediction and motion
compensation predicts the value of pixels in a fraroenfthe information in adjacent

frames, removing temporal redundancy: This generates P aathBd.
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Figure 5: MPEG video compression (encoding) [44].

To decode a bitstream generated from the above encodangitessary to reverse
the order of the encoder processing. In this manner, feamle decoder consists of an
input bitstream buffer, a Variable Length Decoder (VLD, ckhrestores the original
lengths of the variable length codes produced by the encedeinyerse Quantizer (1Q),
an Inverse Discrete Cosine Transform (IDCT), and apuwunterface to the required

environment. For B and P frames, additional Motion Compa&msgiMC) and its
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associated support structures are required. Figure 6 showskadigram of the MPEG

decoder.
Codec Video .| IDCT
Video | Buffer VLD o)

A 4

Figure 6: Block diagram of the MPEG decoder.

3.1.4 Variability in MPEG Decoding
We selected three movie clips for evaluating our algostiwith respect to
energy consumption and drop rate. The general chasdwierof each clip are shown in

Table V below.

Table V: Movie clips characteristics.

Title Red’s Nightmare The Animatrix UnderSiege
Type Animation (low motion)|  Animation (High motion) Movie (@t motion)
Frame Rate 25 fps 23.976 fps 30 fps
Resolution 320x240 592x252 352x240

| frames 41 107 122

P frames 81 428 122

B frames 1088 1070 486

Figure 7 shows the frame size (a) and the number oé€yb) for each frame in
the UnderSigeclip. We can notice the resemblance in the shape eftwlo graphs

indicating the existence of a relationship between thenetrics, the frame size and the
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number of cycles required to decode the frame. Figure 8gepts the required decoding
clock according to the frame size. It can be simpglyaed to represent linear line shape.
However, it is unsuitable to decide the decoding clock awityh frame size
because as we can see, we have different shapegfévet types and that’s because |
frame requires less decoding time per byte while B framgsires more decoding time
per byte (see the slopes in Figure 8 and Table VI); If thexéwo frames with same size,
one | frame and the other B frame, B frame has lodgeoding time than | frame.
Therefore, categorizing this data by frame type, we ganh more accurate linear
regression models (Table VI). Similar results wereaimeid for the other two movies.
Moreover, this approach can be applied to different fraes®lution because most

MPEG stream represent similar regression model.
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Number of cycles

Table VI: Regression model for the expected decoding cycle.
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Figure 8: Number of cycles vs. Frame sidaderSiegg
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Regression model R
| frame 39*Frame Size + 4.7*10"6 0.96
P frame 64*Frame Size + 1.9*10"6 0.92
B frame 115*Frame Size + 1.1*10"6 0.95

3.2 DVS for Low-Power MPEG Decoding

DVS has been proposed as a mean for a processor tor detieperformance
when required, while significantly reducing power consumptionng low workload
periods. The advantage of DVS can be observed from tlveerp@onsumption

characteristics of digital static CMOS circuits d@hd clock frequency equation [37]:

E [7CetVfoLk (3)

Vv Vv -V,)”
delayd —— and f., O~—*_ 4
y (V—V)a CLK v 4)

k

whereCe is the effective switching capacitance of the apen,V is the supply voltage,
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and fc.k is the clock frequencya ranges from 1 to 2, andi depends on threshold
voltage at which velocity saturation occurs [37].

Decreasing the power supply voltage would reducevepoconsumption
guadratically as shown in (3). However, this woatdate higher propagation delay and
thus force a reduction in clock frequency as in, (pding to even lower power
consumption. While it is generally desirable toé@ve frequency as high as possible for
faster instruction execution, for some tasks whmaimum execution speed is not
required, the clock frequency and supply voltage loa reduced so that power can be
saved. DVS takes advantage of this tradeoff betveeengy and speed. Since processor
activity is variable, there are idle periods whenuseful work is being performed, yet
power is still consumed. DVS can be used to eliteinhese power-wasting idle times by
lowering the processor’s voltage and frequencyrdulow workload periods so that the
processor will have meaningful work at all timedjieh leads to reduction in the overall
power consumption.

However, the difficulty in applying DVS lies in thestimation of future workload.
Different DVS prediction schemes were proposedhm literature, and some of these
previous works were described in section 2.2.lthis section, specially designed DVS

algorithms for low-power MPEG decoding are desatibe

3.2.1 Example Study on DVS-based Energy Efficient MPEG Deding
Figure 9 illustrates the advantage of DVS in videcoding as well as the design
tradeoff between prediction accuracy, power saviagd deadline misses. The processor

speed on the y-axes directly relates to voltagdiscaissed earlier, and reducing the speed
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allows the reduction in supply voltage, which inntuesults in power savings. The
shaded area corresponds to the work required wdddte four frames and it is the same
in all three cases.

Figure 9(a) shows the processor activity when timO&f mechanism is used,
which means that the processor runs at a congtaatisvhen decoding and is shut down
when idle. However, the corresponding power consiomps the largest because it uses
the highest voltage/frequency setting and thera ggadratic relationship between the
supply voltage and power consumption. Thus, powasemption for decoding framel
using On/Off mechanism is: 23*£.8 74.5 mW. Once a frame is decoded, the processor
waits until its deadline (e.g., every 30 ms for tfame rate of 33 frames per second or
fps), when the frame must be played out. During timiting time the processor is idle
and shut down. These idle periods are the targeexploitation by DVS. Figure 9(b)
shows the ideal DVS case where the processor seaégly to the voltage/frequency
setting required for decoding the correspondingh&aT herefore, no idle time exists and
power saving is maximized (power consumption focading framel using Ideal DVS
would be: 30*1.8 = 67.5 mW). Achieving this goal involves two impamt steps. First,
the decoding time must be predicted. Second, tbdigied decoding time is mapped to
an appropriate voltage/frequency setting.

Inaccurate predictions in decoding time and/or figant number of
voltage/frequency settings will introduce errorattlead to reduction in power saving
and/or increase in missed deadlines as shown uréig(c). In this figure, the decoding
time for frame 1 is overestimated, resulting in enpower consumption than required

(power consumption for decoding framel using DV&winaccurate predictions would
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be: 27*1.6 = 69.5 mW). On the other hand, the decoding tifoesrames 2 and 3 are
underestimated, which leads to deadline missesriagtdegrade the video quality.

CPU Voltage, CPU Speed
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16 £ 100 Frame Frame FrarrJe FrarrJe
3 4
1.4/ &0 ! :
1.2 / &0
1_[.}," 40 = Time
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1 Decoded 2 Decoded | 3 Decoded 4 Decoded
30 30 30 30
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{a) On/Off
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A
1.8 /120
1.6 / 100
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Figure 9: DVS for MPEG decoding.
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3.2.2 Previous Low-Power MPEG Decoding Based on DVS Techneg

Based on the aforementioned discussion, DVS hasa gotential in applications
with high varying workload intensities such as wd#gecoding, but accurate workload
prediction is prerequisite in realizing the benefiDVS.

Prediction algorithms employed in several DVS apphes differ mainly in the
prediction leveland prediction mechanisnPrediction levelrefers to the decoding level
where predictions are made and processor settnegshanged. The existing approaches
use eitheper-GOP[13, 38] orper-frame[38-40] scaling. Imper-GOPapproaches, since
the same voltage/frequency is used during decatimgvhole GOP, we do not take full
advantage of the high variability of decoding tina@song frames within a GOP.

Prediction mechanismefers to the way the decoding time of an inconfnagne
or GOP is estimated. Currently, all the approachédgze some form of frame size and
type vs. decoding time relationship. Some methoe$ased on a fixed relationship [13,
38, 40], while others use a dynamically changinfgti@nship [38, 39]. In the fixed
approach, a linear equation describing the relahignbetween frame sizes/frame type
and frame decoding times is provided ahead of timéhe dynamic approach, the frame-
size and decoding-time relationship is dynamicalijusted based on the actual frame
sizes and decoding times of a video stream beigegl The dynamic approach is better
for high-motion videos where the workload varialiis extremely high. In other cases,
the fixed approach may perform better but its pcattvalue is limited because the
relationship is not usually available before adyudécoding the stream.

In [13], two DVS algorithms were presented. Ond®WS with delay and drop

rate minimizing algorithm(DVS-DM) where voltage is determined based on iprey
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workload only. The second algorithrdVS with predicted decoding tin{®VS-DP),
scales the supply voltage according to the predliMEEG decoding time and previous
workload. Simulation results show that DVS-PD im@® energy efficiency without
being affected by the fluctuation of the movie ainebut it was related with the error rate
of the predictor.

Three DVS techniques for video decoding and theesponding prediction
algorithms were discussed and compared in [@Z)P is a per-GOP scaling approach
that dynamically recalculates the slope of the &aze/decode-time relationship based
on the decoding times and sizes of past frameBirktt, which is a per-frame and fixed
approach, a linear model between frame sizes anddde times is given, and then
decoding time of a new frame is estimated. Findllynamicis a per-frame scaling
method that dynamically updates the frame-sizefdiagetime model and the weighted
average decoding time. Out of the three approasimaslated, Dynamic and Direct
provided the most power savings. Among the tldgnamicwas much more practical,
because of it is able to dynamically adapt to aiew stream. The implementation of
such an approach would not change any externalvimhaf the system. Thus, this
approach is very suitable for portable multimede&vides, which require low-power
consumption.

In the DVS algorithm presented in [39], the decgdiime prediction is
performed by maintaining a moving average of theodeng time for each frame type.
Then, the decoding process is divided into twosdagised on the required execution time
and the expected energy consumption. One part regptine frame-dependant (FD)

portion of the decoding process whereas the othdr gaptures the frame-independent
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(FI) portion. The FD part varies greatly accordingthe type of the incoming frame
whereas the Fl part remains constant regardlesiseoframe time. In the DVS scheme
proposed in [40], the FI part is used to compentatthe prediction error that may occur
during the FD part such that a significant amourgrergy can be saved while meeting

the frame rate requirements.
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CHAPTER IV
PROPOSED DVS SCHEMES FOR POWER AWARE MPEG

DECODING

This Chapter proposes three voltage estimationrighgas, which, based on the
frame size, tries to estimate the voltage requicedecode each frame just on time for
display. These algorithms were introduced in sectidl. In section 4.2, an additional
voltage averaging technique was applied on top@ftrevious algorithms to allow more
power saving. Finally, section 4.3 describes owppsed technique to obtain the frame

size information, used by the voltage estimators.

4.1  Voltage Estimation

In this section we present our proposed voltagenasibn algorithmsregression
interval-avg andinterval-max All three algorithms try to estimate the numbérciock
cycles, required to decode each frame based ofrahee size and type. The required
voltage will be calculated based on the estimatedoding time. No ahead-of-time

information is required for the estimation, as aayic approach is followed in all three
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techniques. These algorithms are run separatelyaichn frame type. Figure 10 shows the
decoding time (or number of clock cycles) as a fiomcof frame length for B frames of a

sample movie clip.
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Figure 10: Decode time as a function of frame size.

Regression
This algorithm is based on the observation that fthene-size/decoding-time

distribution follows a linear regression model [40] the example above (Figure 10) we
can see the linear relationship (straight line)iclwiwill be used to estimate the decoding
time based on the frame sizeimber of cycles 50 *frame size+ 4020185, with an R
coefficient of the linear regression through theasmple points of 0.95, which looks very
promising. But in order to construct this lineauation, ahead-of-time information on all
these sample points is required. Our propasgcessionalgorithm bypasses this need of

any a priori information by dynamically recalcuisi the slope of the frame-

45



size/decoding-time relationship based on the degpiiines and sizes of past frames. The
main difference between this algorithm and the othgamic algorithms presented in
[32, 33] is their prediction mechanism: while thiber algorithms use a weighted average
decoding timeregressiorestimates the decoding time using a linear regnesgjuation,
built from all the previous frames. This linear atjan is revised each time a new frame
is decoded, becoming more and more representdtitreeavhole samples set. Figure 11

shows the algorithm for thregressiorapproach.

For each frame i :

1- Get frame_size; from frame header

2- estimate_decode_time; = actual_linear_regression_equation(frame_size))

3- Get real_decode_time; after decoding the frame

4- Recalculate actual_linear_regression_equation based on all previous frame_size,.; and

real_decode_timey_; using the linear regression model

Figure 11:regressioralgorithm.

Depending on the frame-size/decoding-time distidsubf each movie clip, this
technique is expected to provide good results éshewhen R, the coefficient of linear
regression, is closer to the unity. Witgressionwe should get very accurate estimation
of the decoding time, meaning close to ideal v@tagheduling, and therefore great
power saving. But as far as QoS, the drop rate tinbighhigh because this algorithm is
mainly based on averaging, and although the priedit$ accurate, many frames will be

slightly under-estimated but still be dropped.
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Interval-avg

The main problem with theegressionalgorithm is that it is very computationally
expensive. For each frame, heavy calculations migterformed in order to compute the
linear regression equation. Therefore, a lightasiee of theregressionalgorithm is
proposed and presented in this sectiaterval-avg This algorithm divides the frame-
size/decoding-time distribution intatervals (as shown in Figure 10), making decisions
locally within each interval based on simple averaglculation. Depending on its size,
every frame will belong to a certain interval. W&s@ame that the interval size and/or the
number of intervals are statically set and thahedip includes the information on the
maximum and minimum frame size for the whole chpthe header of the first frame.
Interval-avg estimates the decoding time of each frame baseith@average decoding
time for the interval the frames belong too.

This algorithm is expected to behave similarly be tegressionalgorithm by
giving good estimates on the decoding time, briggihe power consumption down
toward an ideal DVS behavior, but because of theraming estimation effect, some
number of frames will be under-estimated and drdppeen if the error value is small.
Figure 12 describes theterval-avgalgorithm.

It is also noted that, for this algorithm, the mt size is an important design
parameter: smaller intervals lead to fewer dropgeines because of a more

representative averaging for each interval.
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Initialization:

1- Get maximum and minimum frame size information from the first frame in the movie clip

2- Compute interval_size, and set interval[1...n]

For each frame i :

1- Get frame_size; from frame header

2- Find interval[K] where frame; belongs according to its frame_size;

3- If interval[K] is not empty then estimate_decode_time; = Avg_value_of_interval[K]

4- else estimate_decode_time; = Avg value of interval[j] where interval[j] is the closest not
empty interval to interval[K]

5- Get real_decode_time; after decoding the frame

6- Use real_decode_time,_; to recalculate Avg_value_of_interval[k]

Figure 12:interval-avgalgorithm.

Interval-max

In order to bypass the averaging problem found athkprevious algorithms,
which caused a poor QoS, we designeditiierval-maxalgorithm.Interval-maxuses the
same interval technique discussedniterval-avg but instead of making the estimation
based on the average valuggerval-maxuses the maximum value found in each interval.

This scheme presents a very easy to implement afdayvery safe algorithm
with improved QoS parameter. The overestimatiomosét frames will mainly result in
fewer frames being dropped but more power consufigdre 12 describes theaterval-
maxalgorithm.

Again, we note that the interval size plays an irtgnat role balancing power
consumption and QoS factor. In other words, hagmgller intervals means closer upper
bound values to the real values, and thus less powresumed at the cost of degraded

QoS with more frames dropped.
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Initialization:

1- Get maximum and minimum frame size information from the first frame in the movie clip
2- Compute interval_size, and set interval[1...n]

For each frame i :

1- Get frame_size; from frame header

2- Find interval[K] where frame; belongs according to its frame_size;

3- If interval[K] is not empty then estimate_decode_time; = Max_value_in_interval[k]

4- else estimate_decode_time; = Max_value_in_interval[j] where interval[j] is the closest not
empty interval to interval[K]

5- Get real_decode_time; after decoding the frame

6- If real_decode_time; > Max_value_in_interval[k] then Max_value_in_interval[k] =

real_decode_time;

Figure 13:interval-maxalgorithm.

4.2  \oltage Averaging

In addition to the voltage estimation algorithmsganted in the previous section,
a voltage averaging technique can be used to moume power saving. This technique
is based on the observation that less power isucoesd when using the average voltage
rather than using different voltages during the esaamount of time. Figure 14 below
illustrates this observation. Figure 14(a) showsgular DVS where power computation
is 205.8 mW (30*1.2+ 30*1.4 + 30*1.5 + 30*1.%). Figure 14(b) shows the additional
voltage averaging technique added to the regulaS.DWltage averaging works as
follow: after estimating the voltage required fach frame, a set of consecutive frames
where the voltage required for each frame is highan the previous one is created
(Frames 1 to 3 in Figure 14). The new voltage foth@ frames in the set is the average
of their old voltages (in Figure 14(b), 1.36 = (*21.4 + 1.5) / 3). As seen in Figure

14(b), the corresponding power consumption becd@88s7 mw (26*1.36+ 31*1.36 +
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33*1.36 + 30*1.7). The additional power saving seen in this exanmight not seem
very significant, but when it's computed over thauds of frames with more voltage

difference between them, the final result is expét¢b be of a more significant value.
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Figure 14: \oltage averaging.

Note that averaging is only applicable when a snatbltage is followed by one

or more higher voltage. And the reason is that wieng the average voltage, the frame

with originally smaller voltage (frame 1 in Figuitd) will finish earlier than its deadline
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leaving some extra time for the following framea(fres 2 and 3) to use in order to
decode on time. The frame with originally higheitage than the average (frames 2 and
3) will always require, after averaging, more tioecoding and the extra time is only
useful when it comes from a previous frame.

From this observation we can predict that this agmg scheme will also affect
the QoS as well. When decoding an MPEG stream,ahds, with usually smaller
decoding time, will have there voltage averagedviape the following P or | frame will
be averaged down. The extra time provided by thly dacoding of the B frame will be
used for decoding the next P or | frame, creatinrgpi of a dependency between the
frames. The illustration in Figure 14 assumes raxgaracy in predicting the decoding
time and applying DVS, which is why all the frama® shown to finish on or before
display time. But in a real situation, inaccuracigh occur, and error in estimation will
cause frames to miss their deadline. In additiothéd, and because of the dependency
created by voltage averaging, any miss-predictich@B frame will automatically affect
the decoding of the following P or | frame. An urelimation on decoding the B frame
will be spelled out as less time to be used by neet P or | frame, while an
overestimation will provide even more time for thext frame to use. Therefore, this
voltage averaging technique is expected to haweod gffect on B frames decoding (less
be frames dropped), and a mixed effect on P arahids (almost the same frame drop is
expected).

In order to apply voltage averaging, continuousod@wy must be used, i.e. when
a frame is decoded, the decoding of the secondefistrauld start right away rather than

waiting for the first one to be displayed. The tfifeame is buffered, waiting for its
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display time. The MPEG player should be modifieconder to support this feature. In
addition to that, knowledge of the frame size aymktof the following frames is also
required: in order to average the voltage over ecmsve frames (frames 1, 2 and 3 of
Figure 14), the required voltage for each one efritshould be known by the time we
start decoding the first frame in the set (frameld)our case, we assumed knowledge of
all the frames in the whole clip, and applied agerg accordingly. In practice, this
information could be included in the header offire frame of each GOP, so the voltage
estimation then averaging for all the frames in @@P is computed before starting the

decoding of the first frame.

4.3 Implementation of the Proposed Algorithms

For all the algorithms proposed in this thesis, fthene size is the most important
factor that decides the clock cycle of decodingamE. A frame size can be estimated by
parsing operation before decoding that frame [40}, this will add more estimation
errors and delays leading to additional frame drog power consumption. In this thesis
we introduce a more accurate technique providiegettact frame size to the decoder and
therefore a more accurate estimation can be mdaesize information is not included in
the standard MPEG-2 file specification (ISO/IEC 182, [47]), but this standard offers
unused fields in thepicture header field (frame header) where the frame size
information can be inserted by the encoder withthanging the standard specification.

The structure for th&icture Header’field is as follows:
byte 0 byte 1 byte 2 byte 3

0000 0000 0000 0000 0000 OCStream I}
Start code prefix 0x00
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byte 4 byte 5 byte 6 byte 7
76543210765/ 4/32107654321076543210

frame type
Temperal sequence numtl1=l, 2=P VBV delay
3=B, 4=D

Additional fields are appended beginning at bytst 2:

If frame type = 2 (P) or 3 (B) the following 4 baise appended to the header:

3 2 1 0
Full_pel_forward_vectoforward_f code

Plus, if frame type = 3 (B) the following 4 bitseasippended to the header:

3 2 1 0
Full_pel_backward_vecttbackward_f code

Additionally if the next bit is "1" €xtra_bit_picturel) it is followed by 8 bits of "extra"
data orextra_information_picturgdiscarded by decoders). This continues until ‘a "0

(extra_bit_picture0) bit is encountered.

8 76 543210
Extra_bit_picture= Extra_information_picture

This means that we could insert the frame size rin&ion, in the
extra_information_picturdield. This field will be discarded by standard KB decoders
but will be used by Power Aware MPEG decoders usiregframe size to predict the

decoding time of each frame.
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CHAPTER V

PERFORMANCE EVALUATION

This chapter describes the experimental framewofksir study and presents the
simulation results. In section 5.1 we briefly ovew the implementation setup by
describing the system framework based onSimepleScalaperformance simulator, our
MPEG power estimator and MPEG QoS estimator, ardnibdified MPEG decoder.
Section 5.2 shows the simulation results usingMREG video streams in section 3.1.4,

comparing the different DVS schemes introducedhayer V.

5.1 System Framework
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Figure 15: Experimental framework.

54



Figure 15 shows our simulation environment, whiabnsists of modified
SimpleScalar[18], our MPEG power estimatoand MPEG QoS estimatprand the

modified Berkley MPEG Playef48].

SimpleScalar

SimpleScalatis a tool set that performs fast, flexible, andumate simulation of
modern processors [18]. It consists of compilerseawler, linker, simulation and
visualization tools for th&impleScalaarchitecture, which uses a close derivative of the
MIPS Instruction Set.

There are six simulators, which differ in their sgeand the details of the results:
sim-fastandsim-safeare the two fastest simulators and the two simplEsey only do
functional simulation.Sim-safeis a safer version o$im-fast which also checks for
correct alignment and access permissions for memefgrencesSim-cacheand sim-
cheetahallow functional cache simulation with fully cogtirable caches (instruction and
data, first and second level, associativity, et@hey mainly differ in their cache
simulation engines. These simulators are ideafdst simulation of caches if the effect
of cache performance on execution time is not reke8em-profile is a functional
simulator able to produce varied profile informatidt can generate detailed profiles on
instruction classes and addresses, text symbolsjonyeaccesses, branches and data
segment symbols.

In this thesis, we ussim-outordey which is the most complicated and detailed
simulator supporting out-of-order issue and executsim-outordercan, for example,

generate cycle-by-cycle pipeline trace. It alsowd a detailed configuration including
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the number of ALUs (integer and floating point), BJRegister Update Unit) capacity,
cache and memory latency, memory bus width, branetlictor model (taken, not taken,
perfect, bimodal, 2-level adaptive), etc. It imptaits a five-stage pipeline architecture
which consists of the fetch stage IF, the instamctiecode stage 1D, the execution stage
EXE, the memory access stage MEM, and the writek bstage WB. Using the
SimpleScalartGCC compiler included in the toolset we can test source code. The
compiler option can be used for software optim@atiThe source file to the compiler is
a regular C program (e.g. the MPEG player C socock in our case). The compiled file
is aSimpleScalarexecutable program that could run on sih@-outordersimulator. By
the end of the simulation we can obtain many perforce statistics of the program
executed, e.g. number of instruction, IPC, cactss mate, etc.

For our research, the simulator proxy system catiditer was modified and two
system calls for handling each frame decoding tinere added:tart decodeand
finish_decodeg(Figure 16(b)). Therefore, before processing an&athe MPEG player
generates thestart_decodesystem call, prompting the simulator to save rahev
information from the current frame like frame numbiame type and decoding start
time. When the decoding process compldiaesh_decodesystem call is made, allowing
the simulator to compute the decoding time, or nynecisely the number of cycles
required to decode the current frame. This prosesspeated for every frame in the clip,
providing, by the end of the simulation, a frameftame detailed statistics. This
information is used, later on, to check whetherftaene missed its playout time due to

miss-prediction, as well as to estimate the powesamption for each stream.
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MPEG Player

For video decoding, the Berkeley MPEG decoder [#&% modified to generate
the system calls described earlier (Figure 16(&))ough these calls, the decoder
communicates frame-related information to the satarl which, by matching it to its
system-related knowledge, will create a detailed aocurate profiling of the whole
decoding process.

Some assumptions regarding this process were nfaid&, we suppose a
continuous decoding is used: when a frame is otsrated and decoded before its
display time, it will be buffered and the decodiog the following frame starts
immediately. To avoid memory exhaustion, only omarfe is buffered at a time. Another
assumption is that the overhead of processor gcainegligible. In practice this scaling
overhead is significantly smaller than the grantyan which the DVS calls are made;

they have negligible effect on the overall results.

a) MPEG decoder

1- New frame

2- Get frame number and type

3- Generate start_decode(number, type) system call
4- Decode frame

5- Generate finish_decode system call

b) Simulator
1- New system call
2- if system call = start_decode(humber, type)
then save frame number, type and start_cycle = current_execution_cycle_number
3- if system call = finish_decode

then decoding_time_in_cycles = current_execution_cycle_number — start_cycle

Figure 16: System calls (a) generation (decodad,(b) handling (simulator).
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MPEG QoS Estimator

The main Quality of Service (QoS) metric for theleo decoding process is the
frames miss rate. When a frame misses its dispiag, tit is dropped and the perceptual
quality of the video will be reduced. We developedsimple MPEG QoS estimator
which is based on th8impleScalaperformance statistics and computes the number of
frames dropped due to miss-prediction. . This edamis simple, relatively accurate and
very fast; we only need to run the time-consunfngpleScalasimulator once for each
movie and obtain the actual number of cycles reguior each framecycle_actugl. The
MPEG QoS estimatorapplies the proposed prediction algorithms to @sscthis
information and estimates the number of cycegle estimajeneeded to decode each
frame based on the frame size and type. It willdpoe the miss rate by using the
following simple rule: for any frame if

cycle_estimate< cycle_actual
then it is underestimated and will be dropped, #iseframe will be displayed. This is
because the frequendygquency_estimaleassigned to decodsycle estimatecycles in
the limited fixed time (e.g 30ms) will be lower ththe actual frequency needed and thus
the time required to decodgcle_actualcycles usindrequency_estimataill be greater

than the allowed time and the frame will miss gadline and will be dropped.

MPEG Power Estimator

We developed a simple and fast power estimatorrderoto obtain enough
accuracy to compare the power consumption of thiferdnt algorithms studied in

Chapter IV. Figure 17 details thMPEG Power estimataalgorithm.
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For each frame |,

1- Get cycle_estimate;, frequency_estimate; and voltage _estimate;.
2- Get cycle_actual;

3- Compute actual_time; = cycle_actual; * frequency_estimate;

4- if actual_time; > deadline_time then actual _time; = deadline_time
5- Compute Power; = actual_time; * voltage_estimatei2

When all frames are decoded, compute overall estimated power: Power = X power;

Figure 17: MPEG power estimator algorithm.

From the estimation algorithms in Chapter 1V, weownfor each frame the
estimated number of cycles cyCle estimaty the estimated frequency
(frequency_estimale and voltage \oltage_estimatg and from the SimpleScalar
performance statistics we know the actual numbesyofes €ycle_actua). The actual
time spent decoding the framac{ual_time is the product of the used estimated
frequency and the actual number of cycles. Thenastéid powergdowey) for each frame
is proportional to the estimated voltage squaneesithe actual decoding time.

For the power estimation above we assume thatdlage is exactly proportional
to the operating frequency. This is a reasonaldeimaption except when the voltage
approaches the threshold value. The second assumgtihat voltage and frequency can
take any real value, which is not true for rea-Ifystems where only a finite discrete
number of levels are available. The effect of tlsemte levels will be an increase in the
power consumption and a decrease in the drop Faally, we assume that for an
underestimated frame, i.e. when the decoding tiroeexls the allowed deadline time

(deadline_timee.g. 30 ms), the frame will be dropped just befiraching the display
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time, and therefore the whole frame will not beatked. This assumption is illustrated in

Figure 16, line 4.

5.2  Simulation Results
In this section, we present the experimental resiite first show the benefit of
employing these algorithms in terms of power cormiion (Section 5.2.1), and then

present the QoS performance (Section 5.2.2).

5.2.1 Power Consumption

Figure 18 shows the relative power consumptionhef proposed schemes in
comparison with the shutdown (On/Off) algorithm.t®lthat thedeal DVSshown in this
figure is the normal DVS algorithm with an ideatiemtor where all the frames are
decoded just on time for display: neither over- nower-estimation in decoding,

providing an ideal QoS performance.
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Figure 18: Power consumption.
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All three algorithms performed much better than #meitdown algorithm and
saved additional 35% to 83%. As expected,ititerval-avgbased algorithm consumes
the least energy among all the others, followed wrsely by theegressiomalgorithm,
while the interval-max consumed the most energy; and that's becauseirdietwo
algorithms try to get an accurate estimation ofitleal voltage while the last algorithm
only tries to find an upper-bound of the requiredtage in each interval. Note also that
in most cases the proposed algorithms performed kg#er than theleal DVSand the
main reason behind that is the voltage averagiobnigue, used on top of the other
estimation techniques (but not in tiokeal DVScase), which provides additional power
savings. Figure 19 shows the extra power saving tduthe averaging technique as
compared to using only the estimation techniquésterval-max was used as the
estimation technique in Figure 19. Similar resul&ese obtained when using the two other

techniques.)

80

70 68 g5

60

50

B Estimation only

40
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averaging

Power (%)

30
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Figure 19: Voltage averaging effect on Power.
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Finally Figure 20 shows the effect on the powerstonption when varying the
number of interval or resolution for these two puomtls, interval-maxandinterval-avg
As expected, fomterval-max the more intervals we have the more power sawvagan
achieve; the reason is that more intervals mearalesnones and therefore the upper-
bound of each interval, which is used by this athar, will be closer and closer to the
average, leading to less power consumption. Difiteresults were obtained forterval-
avg With more intervals, more power levels will beedsand therefore the effect of the
voltage averaging technique, mainly based on thkel Idifferences, will be masked
leading to slight increase in power consumptionis Tphower levels’ effect was more
clear for thanterval-avgtechnique and almost negligible foterval-max because in the
later algorithm the ‘decreasing upper-bound’ effeeis more significant and produced

more power saving.

5.2.2 QoS
While all three algorithms have almost the samerawpment on energy

efficiency of MPEG decoding, they have differenpamt on the quality of service (QoS)
in playing a real-time MPEG stream. Figure 21 sholes experimental results of the
number of dropped frames to the total number ahés, which represents the QoS of
MPEG decoding. As we can see, timerval-avg technique performed the worst,
followed byregression Interval-maxprovided, by far, the best QoS. The reason behind
these results is the inherent tendency in thedlgirithm to overestimate the voltage
requirement, causing more energy to be spent lvet s@re frames from being dropped,

while the first two algorithms tend to average thestimation, causing less power to be
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Figure 20: Interval effect on power.
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consumed but more frames to be dropped. The difterseen between different movie
clips is mainly due to the difference in their nienlof cycle vs. frame size distribution

and linear model representation.
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Figure 21: QoS or ratio of dropped frames to thal taumber of frames.

In the next Figure 22, we show the effect of theraging technique on the QoS,
or the number of frames dropped. As predicted iapfdr 1V, the averaging effect on
QoS is as follows: less B frames are dropped ambstlthe same drop rate for P and |
frames. And the reason behind that is the funatpwoif the averaging algorithm that tend
to average the power between consecutive framesggithat the following frame
requires more voltage than the previous one, wisighost of the time the case with B
frames followed by a P or | frame. By averaging ¥béage, the B frame would receive
more power than required and will finish way beftre display time, which will save it

from being dropped even if it was underestimatethleyestimation algorithm.
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Figure 22: Voltage averaging effect on QoS.

The case is different for the averaged P or | fimkich will receive less power
than normally needed but will also receive the &xime left from the previous B frame
which will lead to a more complicated and unpreathé situation depending on different
factors: the over/under estimation of both the joev B frame and/or the current P or |
frames, which will cause the last frame to be dempgometimes and be saved some other
times, leading to an almost unchanged drop ratePfand | frames. Overall, we can
conclude that the used voltage averaging technigiliehelp improve the QoS by
reducing the drop ratein(erval-maxwas used as the estimation technique in Figure 22,
similar results were obtained when using the tWweotechniques)

Finally Figure 23 shows the effect on the QoS penmce when varying the
number of interval. As expected, farterval-max the more intervals we have more
frames will be dropped; the reason is that morerusis means smaller ones and

therefore the upper-bound of each interval, whghused by this algorithm, will be
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smaller, and thus fewer frames will be in eachrirgk causing more frames to be
dropped before finding the upper limit becausehef iterative approach of theterval-
max algorithm. Different results were obtained fmterval-avg As the number of
intervals increased, their size decreased, andubeage of each interval became more
representative for the interval causing fewer framte be dropped because better
estimated. Although the QoS evolvement for différezsolutions is more fluctuating
than in theinterval-maxcase, the general trend for timerval-avgtechnique shows a
QoS improvement when more intervals are used.

These final observations along with results fromphevious section (5.2.1) show
that using different number of intervals makes dsgble to respond to different
constraints: an ‘optimum’ resolution could be uged provide a certain minimum
allowable QoS and/or to consume a maximum availgimever. This ‘optimum’
resolution is computed dynamically, based on tralabvle constraints, and will be the
study of future works. As for this study, only ooenstraint could be satisfied at a time
by choosing the appropriate resolution once an@lfdo maximize the QoS or minimize
power consumption.

From the power and QoS analysis presented in gusos we can conclude that
the interval-maxalgorithm, although the simplest to implement,kiedo be the most
promising: it provides the best QoS by far withyosinall increase in power consumption
as compared to the other algorithms, plus it ispsedictable when using different
intervals to respond to different constraints mgkime best candidate for any future work
researching the ‘optimum’ resolution which will dymically adjust to any outside

variable constraint as explained in the previousgaph.
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Figure 23: Interval effect on QoS.
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CHAPTER VI

CONCLUSION

Due to the variability of the workload of real-tinagplications such as MPEG
decoding, applying dynamic voltage scaling techegjis not straightforward. The main
problem is the miss-prediction of the next worklpadusing a frame to be dropped or
sub-optimum power to be consumed.

In this thesis, we proposed and compared three Batnation techniques for
power aware video decodingegression(using linear regression models for estimation),
interval-max and interval-avg (dividing the decoding-time/frame-size distributianto
intervals and making estimation decision basedhenriterval maximum decoding time,
for the first algorithm, or on the average decodinge of each interval, for the second
one). In addition to these estimation algorithmspliage averagindgechnigque was also
proposed and applied on top of the previous onesng@ mainly to improve the power
consumption. We compared these algorithms usirgetbample streams and found that,
with respect to energy consumption, all three efiilperformed much better compared to

the conventional shutdown technique (35% to 85%itiadd! power saving). And,
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mainly because of theoltage averagingechnique, the power consumption was most of
the times better than even that of the ideal DVE) wo estimation inaccuracies and no

voltage averagingRegressionand interval-avg and due to their relatively accurate

estimation, had the best power saving. On the dthed, and with respect to the QoS or
the frame drop ratenterval-maxperformed the best (0.4% to 2.8% of frames dropped

mainly because of its not so accurate but “saféfmasion technique.

In addition to that, we also studied the impactvafying the interval-size
parameter in botmterval-maxandinterval-avgalgorithms and found that decreasing the
interval size also decreased the power consumgiignincreased the drop rate for
interval-max while an opposite effect was seen foiterval-avg more power
consumption and less frames dropped. This effest fvand to be clearer fanterval-
maxand somewhat fluctuating famterval-avg making the first algorithm more suitable
for further investigations in this direction. Fdng study, the interval size was static and
determined once for the whole duration of the de@pg@rocess, so as a future work, it
would be interesting to research how this parameteid be changed, dynamically, in
order to respond to any real-time constraints $&eving a better QoS or a lower power
consumption, or finding an optimum solution for ayiyen situation.

Finding more accurate prediction mechanisms andways to exploit DVS for
low power video decoding is always critical, andpogunities for improvement still
exists, especially in the less studied area whé&f8 Pould be also used on other parts of
the system, such as the memory or network interfaceaddition, more future work
would be in investigating the usage of DVS systemsstreaming video, especially for

mobile devices where additional constraints likekgss drop and delay must be taken
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into consideration, requiring a more complicataadgtof all the factors, and maybe a
totally different approach to the subject. It migiiso be interesting to find a way to
combine these DVS techniques with power aware mguprotocols and study the

resulting benefits and drawbacks on processingusireg video in a mobile environment.
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