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ABSTRACT

The first step towards the design of video procesaod video systems is to achieve an accuraterstadding of the
major video applications, including not only thendamentals of the many video compression standardsalso the
workload characteristics of those applicationstrolsuced in 1997, the MediaBench benchmark suiteiged the first
set of full application-level benchmarks for stutlyivideo processing characteristics, and has caesdly enabled
significant research in computer architecture aathgler research for multimedia systems. To exgetlie next
generation of systems research, the MediaBench dZmns is developing the MediaBench Il benchmarktesu
incorporating benchmarks from the latest multimddighnologies, and providing both a single comgosgnchmark
suite as well as separate benchmark suites for aaeh of multimedia. In the area of video, Mediag&ell Video
includes both the popular mainstream video commesstandards, such as Motion-JPEG, H.263, and MBE&d
the more recent next-generation standards, induMRPEG-4, Motion-JPEG2000, and H.264. This pap&oduces
MediaBench Il Video and provides a comprehensiveklwad evaluation of its major processing charasties.
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1. INTRODUCTION

The last decade has seen significant growth irutieeof motion video for communication, entertaintnand archival
purposes. While ten years ago it was impractiodl generally infeasible to play/decode video cbpseven the most
powerful desktop computers, video decoding and @ingonow occur on a regular basis in a varietyidég systems,
ranging from desktop computers, video conferendystems, and video databases to PDAs, digital videoeras,
home theater systems, portable DVD players, and egular phones. While the video quality acrdssse systems
currently varies considerably, with cheaper and [eswerful systems having progressively lower dqualideo, in the

future we can expect that (1) users will continaedemand higher quality video at lower prices, @3earch in
information theory will continue to push the enyadoin maximizing video compression, and (3) desigrd video

processors and video systems will continue to fheechallenge of providing the greatest video céitiab for the

lowest dollar.

The first step towards the design of video processand video systems is to achieve an accuraterstadding of the
major video applications, such as the many vidempression standards, and the workload characterisfi those
applications. Knowledge of video applications imecessary component in video system design foididgc (1)
whether the system will support one or more videmdards, and consequently requires hardware asdftware for
separate standards (if the standards aren’t siifigi similar), (2) whether the design should emgpieore dedicated
hardware, hence providing less flexibility, or maaftware, thereby requiring more powerful and lgogtocessors,
and (3) what video processing and system contritlvace requirements must be served by the systeroepsor(s).
Depending upon how much of the video processingbeildone in dedicated hardware versus softwarg,necessary
to understand the workload characteristics of tkdeos applications in selecting and/or designingappropriate video
processor. Numerous books and papers are availahtethoroughly cover the fundamentals of the maiseo
standards, so this paper focuses on the lattegaateproviding engineers a solid understandingidéo application
workload characteristics to enable them to morectiffely design video processors and video systems.
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2. MEDIABENCH: THEN AND NOW

Achieving an understanding of the workload chamsties of an application area, as well as studyiegy computer
architectures and compiler optimizations for thpplecation area, requires a benchmark suite reptaee of that
applpication area. Founded in 1997 by Lee, Potdgnand Mangione-Smith, MediaBeriéhhas served as the
dominant system-level benchmark suite for multiraealplications over the last seven years. Led. efeaigned the
MediaBench benchmark suite with a focus on fulllmpgions representative of the workload of emegginultimedia
and communications systems (at that time). Itiipomted applications written in C, ranging fromame and video
processing, to audio and speech compression, am ewcryption and computer graphics, and provedhaaluable
research tool for computer architecture and comgisign for video systems.

Of course, like SPETand other benchmark suites, MediaBench has agedtbe last seven years and is no longer as
representative of themerging workloads for multimedia and communications, Isutniore representative of therrent

and past workloads. So, in order to maintain and improp®mu the mission originally set forth for MediaBendthe
MediaBench Consortium was founded to provide foraimanner similar to the SPEC organization, thaticoing
development and refinement of the MediaBench beackisuité.

In designing the next generation of MediaBench, oinhe goals was to expand the utility of the benark suite into
distinct application areas. While the original Nakench included applications from the areas oéojdmage, audio,
speech, computer graphics, and security, many exfettapplications areas were represented by a sipglécation.
And in some cases, that application may not haen las representative of its area as desired. Goesdy, the next
generation of MediaBench will include both not oaly}composite benchmark suite, MB, which includes the most
advanced applications from all video areas, but aé&parate benchmark suites for each of the distiedia types (e.qg.
audio, video, speech, computer graphics, etc.).es@harea-specific media benchmarks suites willudelthe
corresponding media benchmark(s) from the compdsgtechmark, but will complement the suite with siddal
representative applications from that area. Irtipaar, the composite benchmark suite will sergetlze flagship in
defining the set oémerging multimedia and communications workloads, while lemchmark for each specific media
type will include the emerging applications as veallthe current popular applications from that .area

While the definition of the full suite of composiend media-specific benchmark suites is still ia #arly stages,
definition of the next generation of MediaBench hagen completed for the audio and video benchmaF. video
applications, the MBy, subgroup of MediaBench includes both the populainstream video compression standards,
such as Motion-JPEG, H.263, and MPEG-2, and theemmecent next-generation standards, including MBEG-
Motion-JPEG2000, and H.264, as shown in Table his Suite of application-level video benchmarkd] help take
researchers and system designers into the nextagemeof video systems research and design.

A video coder 263enc) and decodemh@63dec) based on the ITU H.263 standard targeting vigeo
H.263 compression for transmission over ISDN networksur8e code produced by Telenor R&D.

A video coder [f264enc) and decoderh@64dec) based on the forthcoming joint ISO/ITU H.264
H.264 standard (also known as MPEG-4 part 10) for vew litrate video coding. Source code is the
test model produced by the H.264 working group.
A video coder jpegenc) and decoderjijegdec) based on the ISO JPEG standard for image
M otion-JPEG compression. Source code produced by the IndepedB&G Group.

A video coder jp2Kenc) and decoderjjj2Kdec) based on the recent ISO JPEG-2000 standard for
M otion-JPEG2000 wavelet-based image compression. Source code idatPer library for JPEG-2000.

A video coder ifipeg2enc) and decodemfpeg2dec) based on the ISO MPEG-2 standard for high-

MPEG-2 quality video coding. Source code produced byMREG Software Simulations Group (MSSG).
A video coder ifipeg4enc) and decodemfpeg4dec) based on the recent ISO MPEG-4 standard for

M PEG-4 object-based and very-low bitrate video codingurg8e code is the ffmpeg library for audio/video
coding.

Table 1: Description of the MBe, benchmark suite.



3. WORKLOAD EVALUATION

In introducing the MediaBench Video (MR,) benchmark suite, we chose to let it speak felfitsAs such, presented
below is comprehensive workload evaluation of B including of a discussion of the characteristiest distinguish
video from general-purpose applications

Video applications are generally understood to hegdain characteristics distinct from typical gextg@urpose

applications. Such characteristics include heasmputational loads, large amounts of streaming, dgitmificant

processing regularity, extensive data parallelisal-time constraints, and a tendency towards smaijer data types.
Additional research on video processors furthetemufs that video also has considerable control teitp in the less
computationally intensive program sectibhs

This workload evaluation provides a quantitativelenstanding of these well-known video qualitiesnedl as other
intrinsic characteristics. Among the propertiesngeevaluated are instruction frequencies, basickland branch
statistics, data types and sizes, memory charatitarisuch as working set size and spatial locdbiyp statistics, and
instruction level parallelism. From these propertive can determine many of the necessary arali¢efgatures for
video processors, including the type and ratiouoicfional units, the branch architecture, the cankenory structure,
and the data sizes that need to be supported fwvosd parallelism. This information can aid vidpamcessor and
system designers in significantly narrowing theigiespace.

3.1. Evaluation M ethodology

The study of the characteristics of these appboatiis performed using the IMPACT compilation amshuation
environment developed at the University of Illin@is Urbana-Champaigfh The IMPACT environment includes a
trace-driven simulator and an ILP compiler. Thadator provides both statistical and cycle-acaisainulation of a
variety of parameterizable architecture models|uiiog VLIW, in-order superscalar, and out-of-ordarperscalar
datapaths. The compiler supports many aggressivgiter optimizations including procedure inlinirigpp unrolling,
speculation, and predication. With its generic RiBstruction set and highly-parameterizable sitaulethe IMPACT
environment enables architecture-independent asabis ideal for workload evaluation studies.

To accurately evaluate the intrinsic charactesstt video applications, the IMPACT compiler was tseapply only
classical optimizations while compiling the M&, benchmark suite. Using solely classical optiniazat, the compiler
applies only those optimizations that eliminateursdhncies in the code at the assembly level, ssatommon sub-
expression elimination and constant propagationorévaggressive optimizations such as loop unrqllprgcedure
inlining, or global scheduling are specifically @lilswed as they can add or remove non-redundatrtigi®ons and can
also change the size of basic blocks. Such madifics change the characteristics of the workloddsing only
classical optimizations and compiling to Lcode, tMPACT compiler’s generic instruction set architee provides
the most accurate method for measuring inhereiovapplication characteristics.

This section examines the workload characteristfoadeo applications, including instruction frequées, basic block
and branch statistics, data types and sizes, meoi@sacteristics such as working set size and apatality, loop
statistics, and instruction level parallelism. hetcourse of these experiments, we will study thgations in the
workload characteristics both between the diffestahdards and for different video input data sétke base video
input data set has a 4CIF video resolution (704x3W6 a moderate degree of motion and is compressea bitrate
providing medium/average video quality using a ceawindow of +/- 16 pixels for motion estimation here
applicable). Additional input data sets have &sen designed, which explicitly test different vadesolutions (QCIF,
CIF, and 16CIF), varying degrees of motion, degmfesompression, and search window sizes. Expetimg with
different input data sets as well as different dsads provides a thorough understanding of the ating needs across
a wide range of video systems.



3.2. Instruction Frequencies

Defining the correct resource balance in a videx@ssor is of critical importance. Not having egtoof the necessary
resources increases execution time, while haviogmany underutilized resources entails extra greaer, and cost,
lowers yield, and increases wire length and cyictet Achieving the proper balance requires comatiten of the
instruction frequencies and instruction level pataim.

Via profiling, this workload evaluation extractefiet instruction frequencies for various classes nstrictions,
including integer and floating point instructiorsithmetic instructions, logic instructions and gares, and all control
flow instructions. Figure 1 displays the averaggtruction frequencies and their standard deviatiaoross all video
applications in the MR benchmark suite.

Examination of the results in Figure 1 indicates ¥ast majority of video instructions are eithemmey (load/store),
ALU, or control flow instructions. Nearly 40% dfi¢ instructions are load or store instructions,r &% are ALU

instructions (add/sub arithmetic, moves, and laggtructions), 14% are control flow instructionsiiditional branches,
jumps, and calls/returns), and the remaining insimas are primarily shifts and multiplies.

Overall, instruction frequencies for video worklgadear many similarities to general-purpose apgiiog, but there
are a few significant differences. One obvious erpected difference is video’s minimal use of fileg-point. While
general-purpose applications often have signifiddting-point usage, video applications have igdgle floating-
point usage. The more recent video applicationsat@sionally utilize floating-point for such fuiais as computing
rate versus distortion during rate control, butrémguisite floating-point used for such functiogstill minimal.

One surprise is that the multiply instruction i®disan average of only 2.5% of the time. While thistill 2-3x the
frequency of multiplies in general-purpose processd was expected that the multiply instructioowld be more
highly used since DSP processors rely heavily emMAC (multiply-accumulate) instruction. The uskéstrength
reduction by the compiler accounts for some of thfference, since this compiler optimization corgemany of the
multiply (and divide) instructions for powers ofirto shift instructions. This conversion of muligs and divides into
shifts also accounts for the higher frequency df sfstructions (7% for video versus 2% for gerieypplications).
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Other less significant differences include the fireracy of control flow operations and compares. réhe a little more
control flow in general-purpose applications, witbntrol flow instructions accounting for 16% of tldynamic
instructions on SPECint20®@ well over 20% on SPECint¥2 versus video's frequency of less than 14% fortrabn
flow. Regarding the frequency of compares, thesilts indicate that compares account for 0% of dyxeamic
instruction mix for video applications (versus 586 §eneral-purpose application). In actuality, WIT’s instruction
set provides ‘compare and branch’ instructions civldliminate the need for most compare instructions

To define the appropriate ratio of functional reses, we assign the instructions to six basic fanat unit groups: an
integer ALU (IALU), a memory unit (LS), a branchiugfBR), a shifter (SH), a floating-point unit (FPUand a
multiplier (MULT). There could also be a dividdsyt based on the minimal use of divide instructicmsoftware
implementation is likely sufficient. Given the ingction frequencies from above, one ratio of reses could be:

«  (IALU, LS, BR, SH, MULT, FPU) => (5, 5, 2, 1, 1, 1)

However, as more aggressive compiling methods see,uadditional instructions are introduced throsghculation
and predication that tend to increase the usagigeahteger ALU unit. Also, considering the fdoat it can be difficult
to support more than one or two memory instructipeiscycle and more than one branch per cycle, r@ m@sonable
ratio under these constraints is:

«  (IALU, LS, BR, SH, MULT, FPU) => (3,2, 1, 1, 1, 1)

Finally, since the frequency of floating-point ingttions is so negligible, depending upon the videplications and
implementations being used, some processors mainelie floating-point support altogether.

3.3. BasicBlock Sizes

Basic block statistics are similarly extracted gsiMPACT'’s profiling tools. Information about basblock size

provides an estimation of the potential instructievel parallelism (ILP) obtainable with a compileAs mentioned
earlier, for these experiments the compiler perfomty classical compiler optimizations, since we areasuring the
inherent application characteristics. This levEloptimization performs only local scheduling, exticg in parallel

only those instructions from the same basic bloéls a result, the average basic block size reptegha maximum
amount of inherent potential ILP for the applicatioOf course, achieving this maximum is highlyikelly, as it would

effectively require every basic block to executeodlits instructions simultaneously. Since depmmles are common
among instructions in the same basic block, theavepeedup from local parallelism is typicallytrgreater than
25-35% of that amount. Regardless, larger basickisIstill provide the potential for greater ILP.

Since research has shown that video has high degfegarallelistt, it is to be expected that video has large basic
blocks. This workload characterization quantitalfwalidates that fact. As shown in Figure 2, tbgults demonstrate
an average basic block size of 9.4 instructionshaeic block, which is over 50% larger than thaintthe average in
general-purpose applications of 5-6 instructionshzesic block'®. Consequently, video shows much greater potential
for high ILP than general-purpose applications.wilt be interesting to see whether the larger dddock sizes for
these applications translates into high ILP wheasueng ILP below in section 3.8.

3.4. Branch Prediction

Even with an average of 9.4 instructions per bdwack, video applications are still limited by iatbasic-block
instruction dependencies and will likely realizePH_of fewer 2 instructions per cycle (and even teshigh frequency
processors). Obtaining higher ILPs necessitateBaglscheduling by the compiler. Global schedulisgs methods
such as speculation and predication to searchdllplism beyond the bounds of a single basickldgpeculation is
the process whereby an instruction residing oretfpected path of control flow executes as sootsasource operands
become available, before it is actually known whetih needs to be executed. Consequently, it$$ beed on critical
paths with branches that are highly predictablesdieation is the conditional execution of an instion based on the
state of a condition operand associated with te&untion. It essentially combines two or more toanpaths into a



single conditional control path, eliminating comntaependencies, i.e. the dependence of instructondranches
(though it does create additional data dependenciBiserefore, it is best used across basic blazlntaries that have
more unpredictable branches. Because both specubatd predication rely on static branch predictithe compiler’s

ability to predict branches influences the effestiess of these methods. Higher branch predictiooracy means
more effective speculation and predication, resglin greater ILP.

Figure 3 compares the branch prediction miss famestatic, profile-based, branch prediction andiraple dynamic
branch predictor. The results indicate that vidpplications display exceptional static branch tézh performance,
with an average branch prediction miss rate of 8.2%6.5% when excluding the MPEG-2 encoder whiels h
abnormally high miss rates. In fact, video’s stétianch prediction is comparable to the perforraasfahe 1024-entry
2-bit counter dynamic predictor, which has an ageraiss rate of 7.5%. Such low miss rates frorticstaanch
prediction indicate regular, predictable contrawflin video, which can be effectively supportedhwitt requiring
dynamic branch prediction (except in the most aggive ILP architectures that employ dynamic oubiafer
scheduling). With the exception of MPEG-2 encodiihg average miss rate of 6.5% for video is muetteb than the
miss rates for most general-purpose applicatioviigleo’s static branch prediction miss rate is neano and a half
times better than SPECIint92’s miss rate of 15%adrulit 40% better than SPECfp92’s miss rate 0f’9%

Video’s high static branch prediction rates aredative of the processing regularity that existsitheo applications.
While there are certainly many dynamic branches dha difficult to predict, these branches occtreiquently, while
the predictable branches dominate video’'s execuiime. The resulting static branch prediction @éincy is of
considerable benefit as it provides more accurampie-time information about control flow. Thisnables
speculative execution and predicated executioretaplied with greater efficiency, increasing tlemdfits of global
scheduling, which enables higher ILP than genegadhjieved for general-purpose applications.

3.5. Data Typesand Sizes

Data type and size is another important issuedewi As opposed to conventional microprocessolicgtions, video
applications typically use small integer data typ&46 bits or less. The data characteristics byeddeo applications
are important because subword parallelism is mffstteve for small data types, allowing the appfica to achieve
high levels of SIMD parallelism.
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To determine the effective data sizes for all ietegata, the profiling tool for the IMPACT compilaas modified to

dump the value of each integer instruction into ékecution trace. The high-level simulator wasthble to monitor
the actual value for each integer instruction a@elpktrack of its maximum absolute value (i.e. deiee the maximum
number of bits for specifying magnitude) and whetihéakes on negative values (i.e. determine wérethsign bit is

needed). The number of bits required to hold Waisie defines the effective data size requiredtiiat instruction.

While this is not an exact method for computing itireximum value for an instruction or variable, theults are scaled
according to the execution weight of the instruwsio Instructions executed more frequently are egoeto be more
accurate and will contribute more to the resultsilevthose instructions executed less frequently/lvéi more prone to
error, but will impact the final results minimallyzigure 4 shows the average ratio of data typ®&4B(geo.

From the results it is apparent that there is iddeeéendency toward small integer data types. &lyerearly 40% of
the instructions in the benchmark suite requirey dmyite integer data types, and another 35% redpatsvord (16-bit)
data types. The remaining 25% of the instructiares primarily devoted to addressing, so in a 32ad##Us these
instructions would all use word (32-bit) data typedereas in 64-bit CPUs they would be split betwesrd and
double-word (64-bit) data types, with double-worédseiving the majority. So we can conclude thdewiapplications,
as characterized by the MR, benchmark, use 16-bit or smaller data types 75%efime on average, offering ample
opportunity for subword parallelism.

In comparison with general-purpose applications,dffference in the frequencies of data types @®kds significant.
As reported by Hennessey and Pattelsaie percentage of byte, halfword, word, and dewtdrd data sizes is
approximately 10%, 5%, 85%, and 0% for the SPEQDB2general-purpose applications. While thesdtseg@re not
obtained in the same manner as the video reduéte ts still a stark contrast between the twoiappbn areas.

3.6. Memory Statistics

Understanding the memory characteristics of typiddeo applications is of paramount importance. t Noly is it
necessary to determine the amount of data memargseary for achieving good performance, other chariatics
such as spatial and temporal locality are also napo factors. Additionally, video applicationspigally involve
streaming data. The memory characteristics of ovidpplications should be examined for evidence thamory
prefetching structures, such as stream buffertridlegprediction tables, may provide improved perfance.

Examination of the memory characteristics involheedache regression study using the IMPACT simulatéor each
application, the data working set size, which i@l as the amount of cache memory needed toahi@od memory
performance, was determined by measuring the @ataecmiss ratios for all base-2 cache sizes betlvdds and 256
KB, using a line size of 32 bytes. Spatial logalitas similarly measured from the data cache naiiss for all base-2
cache line sizes between 8 and 128 bytes. Wheasurieg the miss ratios, both read and write miggae measured.

3.6.1. Working Set Size

To evaluate working set size, a cache regressiegnpsegormed for all base-2 sizes between 1 KB &®&1KB, using a

line size of 32 bytes and a write-back/write-altecaache write policy.  To also understand thpaot of cache

associativity on working set size, we tested cadsociativites from 1-way set associative (direapped) to 8-way set
associative. The number of read and write missee Wweasured and an analysis of the results yighdediorking set

size for each application. With respect to thiglgt the working set size is defined as the catcethat reduces the
data cache miss ratio to 2.5% or less.

The data working set sizes for the B benchmarks are displayed in Figure 5. Based emdhults, it appears that
cache sizes do not need to be very large for typidao applications, particularly when using 2-wéyway, or 8-way
set associative caches. For caches with assotjiaiiv2-way, 4-way, or 8-way, an 8 KB cache isfmiént for most of
the applications, providing an average miss rat@.6%0 across all the benchmarks. JPEG-2000 andMBPEG-2
decoder are the only two applications that haver poigs rates with an 8 KB cache, requiring 64 KRl &2 KB,
respectively, before they achieve reasonable naitesr For direct-mapped caches, a somewhat ldegarcache of
32 KB is needed for good memory performance. AB2direct-mapped cache provides an average missofa2.0%



across all the benchmarks, and is sufficient fostrad the benchmarks except JPEG-2000, whose rmies remain
high until it has the full 128 or 256 KB necesstrycontain its working set. Overall, the cachesirequired for both
direct-mapped and 2-way, 4-way, or 8-way asso@adife fairly small. Even though video applicatiomsolve large
amounts of data, the amount of computation perfdrper pixel is sufficiently large that only a smathount of data
needs to be maintained in the data cache in oodaechieve good memory performance.

The data working set sizes shown in Figure 5 wahg computed for one input data set, but we exdata working set
sizes will remain less than 32 KB for most videputs. While variations in input data set size gplecation operating
parameters are known to affect data working set sig will be seen in section 4, the results oftrmosimon variations
have small to moderate effect on data working igzet sConsequently, we expect cache sizes of 8KRfway, 4-way,
and 8-way associative caches and 32 KB for direqgpgad caches will prove sufficient for most videogessors.

In comparison with the video results, general-pago@pplications typically exhibit poorer memory fpenance.
According to Hennessey and Pattefsdhe average performance for the SPEC CPU2000r@emarpose applications
on a 32 KB direct-mapped data cache is 4.2%, wisichore than 2 times worse than the average vides rate. To
achieve the same average miss rate as video, tBE€ $Bneral-purpose applications would require a KB8data
cache. Similarly, for other cache sizes and aasigities, general-purpose applications, as cheriaetd by the SPEC
CPU2000 benchmark, require cache sizes at leastn&s,t and often an order of magnitude, larger thialeo
applications to achieve comparable miss rates.

3.6.2. Spatial Locality

A memory characteristic common to many computerliegjions is spatial locality, which is the memapyoperty

where access to a given memory location is likelfofved by subsequent accesses to nearby memaatidos in the
near future. To evaluate the spatial locality afadmemory in video, a cache line regression wafmmeed that
evaluated the memory performance for all base dimes between 8 and 128 bytes in a direct-mapaelde with a
write-back/write-allocate cache write policy. Txaenine the impact of cache size on spatial localityvell, we tested
cache sizes of both 16 KB and 32 KB. As line simreases, performance may increase because thespor will

often use the additional data contained within thehe line without having to generate additionatheamisses.
However, increasing the line size while maintainthg same cache size effectively decreases the emuaitsets, so
increasing line size can also decrease performafid¢e degree to which the processor benefits floenadditional

memory within longer line sizes represents the elegf spatial locality for an application.
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An equation was defined to quantitatively compuie telative spatial locality from using longer lisezes. This
equation assumes 100% spatial locality represbst&deal decrease in cache misses relative tohfwege in line size.
Based on this assumption, perfect (100%) spatllity corresponds with the case where an increaine size by a
factor ofx causes a decrease in the number of cache missefabtor ofl/x, i.e. the number of cache misses is exactly
inversely proportional to the ratio of line sizdsrom this base case, the degree of spatial lgdalthen defined as the
ratio of the actual decrease in cache misses cauparthe ideal decrease in miss rate. Assuminiy the miss rate
for the longer line sizamn, is the miss rate for the shorter line, and the ratio of the longer line size to the sHiom
size, i.e.r = 14/ Iy, wherel, andl, are the line sizes for the longer and shorters|limespectively, then the equation
becomes for spatial locality is:

_m,-m,

(m, /)

Using this equation, the spatial locality resutis data memory in a 32 KB cache are shown in Figurd-or a given
line size, the spatial locality results are relatte the next shorter line size, e.g. spatial ibcébr the 64 byte line is
relative to the 32 byte line. As evident in thgufie, the spatial locality for data memory is vgood for small line
sizes, up to 32 bytes, with average spatial Idealibf 55%, 39%, and 14% for line sizes of 16, &2d 64 bytes,
respectively. The benefit of spatial locality ddjcdecreases after 32 bytes, to the point of da@oming negative for
many of the video standards with 128 byte linessiz¢ which point the smaller number of sets caosasy additional
cache misses due to cache conflicts. Consequierppears that the best cache line size for da@ory is either 32
or 64 bytes in a 32 KB cache.

spatial locality,

The spatial locality results for data memory in@ KB cache were measured in similar fashion. Bseesa smaller
cache incurs more cache conflicts from the smaillenber of sets, as the cache line size progregsiveteases, the
spatial locality results for the 16 KB cache arerenmodest, with average spatial localities of 42%8%0, and 7% for
line sizes of 16, 32, and 64 bytes, respectivaliierefore, line sizes of 16 or 32 bytes are mopr@piate for 16 KB
caches. Likewise, cache sizes smaller than 16 &Bexpect even poorer spatial locality benefitenfincreasing line
size and will need their line sizes adjusted adogiy. However, it is also true that greater spldticality benefits will
be achieved from increasing cache line size inelaogiches of 64 KB or greater. Therefore, it isessary to balance
the benefits of spatial locality from increasingelisize versus the cache conflicts from fewer aésn selecting the
cache configuration for a particular cache sizeidieo processors.

In comparison, Hennessey and Patterson presertsre$a similar experiment examining the cachefqrerance of
general-purpose applications from SPEC92 for difieline sizes and data cache sizesVhile their experiments did
not quantitatively compute spatial locality, theuks showed only a small performance improvemenmhfincreasing
line sizes. Overall, it appears line sizes of g&b or less are likely the best option for genprapose applications.

3.6.3. Streaming Data

While no tests were performed to directly examihe value of stream buffers or stride predictiondsldor video
applications, the cache and line size results doige evidence that such support could be benéfidiadeo typically
requires very large amounts of data. This is paldrly true of video and computer graphics appilices. In the
instruction frequency results, video applicatioesndnstrate very high frequencies of loads and stoHowever, with
the exception of JPEG-2000, none of the data wgrkit sizes for these applications are very laspde the spatial
locality results are good in all cases. The lag®unts of data coupled with the small workingssats indicates that
the processor typically loads in a small amountdafa, processes it, then throws it away. The fiigquency of
memory accesses and good spatial locality inditetethe many memory accesses are performed tfr@mcthe same
cache lines, so most of the data is used befoig déast out of the cache. From these two indioatiat can be
concluded that the processor is constantly loadirgmall amounts of data, performing all the neagssvork on that
data, then throwing the data out, never (or rareb@ding to access it again. This perfectly dbssrithe nature of
streaming data. So there is significant evidendeating the existence of considerable amounttreaming data, so it
is likely that performance gains can be obtainamfrmemory prefetching support such as stream syfferide
prediction tables, or a stream cache. For additidetails and experimental data on stream-bassfétphing for video
applications, see Zucker et'aland Struik et al®
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Figure 7. Percentage of loop execution weightopllevel. Figure 8. Average number of iterations for eachchenark.

3.7. Loop Statistics

Video applications are commonly know to spend thst\majority of their time executing over small tgats of the

program code. To more fully understand the prangssharacteristics within these frequently exedutede sections,
we again utilize the profiling tools to examine tlo®p characteristics of video applications, indghgdthe execution
weight per loop level and the average number o#tilens per loop invocation. These statistics eflbable a greater
understanding of the degree of processing reguliaritideo applications.

3.7.1. Loop Level Execution Weight

One mechanism for understanding the processindamgiyuof an application is to examine its loop helor. Within
programs, the innermost levels of loops are typicsthall and involve regular, straightforward cortgtion, while the
outer loops are generally much larger and contairemnontrol code. Consequently, those applicatibasspend more
of their time in inner loops generally have gregteycessing regularity, while those applicatiorest pend significant
portions of their execution time in the outer lo@ps more control-oriented and have much less psig regularity.

To measure the execution weight for each loop Jewalepth-first search is first performed overfafictions in the

application, assigning a loop level to each looghi@ application. The loop level is defined as iienber of levels
from an innermost loop. Innermost loops are asslgavel 0, their parent loops are level 1, andrso When a parent
loop has multiple child loops with different loopvels, the loop level of the parent is defined ias greater than the
maximum loop level of the child loops. In this iétfon for loop level, function boundaries are dagad so all loop

levels are global.

The results, presented in Figure 7, indicate thagtmideo applications spend 80-90% or more of thecessing time
within just the inner loops of the programs. Imthg the first level of outer loops below the indeops, video
applications aggregately spend nearly 95% of tlez@tion time within the two innermost levels of p3o From these
statistics it is evident that video applicationsénhigh processing regularity.

3.7.2. Loop Iteration

While the above information regarding executiongheiper loop level indicates video applications énavtendency
toward highly regular processing, it does not qitatitely define the degree of processing regufarito quantitatively
define the degree of processing regularity, itésassary to determine how frequently loops iter&tée examine that
characteristic in this section by measuring theaye number of loop iterations per loop invocation.



The average number of loop iterations per loop ¢ation is calculated by taking the sum over alp®of the average
number of iterationsiy, multiplied by the number of invocations for tHabp, e,, and dividing by the total nhumber
invocations over all loops. The equation is akfos:

Notice that the average number of loop iteratienaeighted by the number of invocations for eadplas opposed to
the loop execution weight for each loop, since Weig by loop execution weight would unfairly beibé¢fhose loops
with more iterations per invocation.

Results on the average number of loop iteratiomslqup are shown in Figure 8. These results indit¢hat typical
loops have a large number of iterations, abouttdrdtions per loop on average. We can expect s@mation in the
average number of loops when using different dats, $ut a comparison of the average number ctiters per loop
on a separate input data set demonstrated vasattian were within 5% of the results in Figure 8niost cases.

The results also indicate that video decoding appbns typically entail more iterations per loapacation than
encoding. This makes sense when you considerahgenof video decoding versus encoding. Whileeidecoding
decompresses the compressed video data in a deigffashion, video encoding entails significdetision making
in the process of finding the redundant and lesgtortant data and eliminating it in order to ackiguality lossy
compression. The control flow for this decisionking usually entails more control code and loogt iterate less
frequently, accounting for the majority of the difénce in loop iterations per loop invocation fateo decoding and
encoding. In a similar fashion, the results alkows that JPEG-2000 and H.264 have a relatively Ismahber of
iterations per loop. Whereas the other video apdipplications perform entropy coding in a coniegiependent
fashion, JPEG-2000 and H.264 both employ contesétheadaptive entropy coding and rate-distortiorinopation.

These mechanisms enable more effective video casipre but require significant decision making contode that
decreases the average number of iterations perdodphe loop level execution weight. Context-bHasaaptive coding
is particularly control intensive, making codingct#ons based on the correlation between neighbqixels.

The results of the loop statistics indicate thaewe applications are highly loop-oriented. Ne&%@6 of all execution
time is spent within the two innermost loop levelad loops have about 13 iterations per loop intiogan average.
Overall, these results validate the significantessing regularity in video applications.

3.8. Instruction Level Parallelism

The last major characteristic of interest is insian level parallelism (ILP), which is the amouoft instruction
parallelism achievable from simultaneously exe@itimdependent instructions in parallel in the CPdBsapath. There
are two major categories of ILP: static ILP andalyic ILP. Static ILP is the instruction level allelism that can be
found statically at compile time. Conversely, dym@ ILP is the instruction level parallelism thatncbe found by an
out-of-order scheduler at run time. We shall exentioth static and dynamic ILP subsequently ingbion.

3.8.1. StaticlLP

In measuring static ILP, we compile the video aggilon code and examine its performance when egdconh a
generic statically-scheduled processor. To undedsthe variations in static ILP performance, idiadn to measuring
static ILP using only classical local compiler optiations, we also need to examine the performdacemore

aggressive compiler optimizations that perform globcheduling in an attempt to maximize the sttie. So in

addition to the first compilation, which uses ordiassical local optimization, each application mmpiled two

additional times with more aggressive compiler mjations. The second compilation the supersagdimization

level, performing speculation via the superblockirojzation® and other optimizations such as loop unrollinghe T
final compilation also performs predication (a.lcanditional execution) via the hyperblock optintiaa™.



Performance evaluation of the three levels of ctatiph is performed on a generic 4-isSMLIW processor. This
processor is a simple statically-scheduled VLIWryMeng instruction word) architecture that suppdtinteger ALUSs,
2 memory load/store units, 1 branch unit, 1 shiffemultiplier, and 1 floating-point unit, which esponds to the
functional resource requirements of (3, 2, 1, 10)ldetermined in section 3.2. The instructioreaies of these
functional units are assumed to be 1 cycle forgeteALU instructions, 2 cycles for loads, 3 cycfes multiplies and
floating-point instructions, and 10 cycles for di#s. These instruction latencies are consistetht pvbcessors whose
clock frequencies are on the order of 500 MHz ©®Hz, which is the frequency range common to mamieeiand
media processors. The branch architecture of tbeegsor uses only static branch prediction, amd ntiemory
hierarchy of the processor has a 16 KB instructiache, a direct-mapped 32 KB data cache with ayedck/write-
allocate write policy, and a 256 KB unified on-cHi@ cache that is 4-way set associative. Finahg software
architecture model supports a large number of regig64 integer registers and 64 floating-poigisters) in order to
exclude spill and fill code while measuring the ioad characteristics.

Figure 9 displays the static ILP results in terrhshe average number of instructions executed peleqIPC) for the
three compilation methods on each of the B applications. Comparing the various compilatioatmods, it is
somewhat surprising that the superscalar compilgpiath provides better speedup than the hyperbdockpilation
path. Because it incorporates both hyperblocksametrscalar optimizations, the hyperblock has tiential for better
performance than superscalar optimization. It I& amportant to note that having a higher ideaP IHoes not
necessarily indicate better performance. The Hypek enables better branch prediction and hastbetemory
performance, so it often wins out over supersaadanpilation under realistic architecture assumgiomhe hyperblock
is also effective at providing performance compkrab the superscalar optimization level withow¢ #ame degree of
code explosion, which can considerably increageuason cache effects in the absence of a lamggrtction cache.

Overall, the results indicate that video applicagicontain a moderate degree of static instrudgeal parallelism.
While the degree of static ILP is greater than tlypical of general-purpose applications, the fssake not as
optimistic as one might hope. The reason is thstruc-tions along the control flow path in vidgaphcations often
correspond to a series of computations being paddron a single pixel or set of pixels, and thigeseof computations
is composed of instructions that are largely setiglgndependent upon each other. So even thoidgovcode does
not have as much control code as general-purpode, db offers only a little more ILP than generalkpose
applications since there are longer instructionetielence chains.

35 O4-issue classical optimizations 45 O8-issue VLIW
O 4-issue superblock O 8-issue in-order superscalar
3 B 4-issue hyperblock 4 M 8-issue out-of-order superscalar
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compilation methods. architecture models.

* Our previous research has demonstrated that ihétite benefit to more than 4 issue slots fatistschedulinyf.



In reality, the majority of the parallelism thatigts in video applications is data parallelism e garallelism that exists
between data elements that have little or no peitgsiependency between them. In video, this spmeds with the
parallelism that exists between independent pixalscks of pixels, pictures/frames, video sequeneesl so on.
Unfortunately, this level of parallelism is of aazeer granularity than instruction level parall@liso compilers are not
able to target it very well. Currently, the moffeetive means for taking advantage of data pdrstteare the subword
parallelism instructions in the various multimed®A extensions, such as Intel's MM¥Xor Motorola’s AltiVec®,
which enable the processor to efficiently perfortlB processing at the level of individual instrumis®. While this
method is effective, allowing significant speedupere are currently no compiler methods for sulowmarallelism, so
programmers must manually write subword parallelismie in assembly or via library macros in higheldanguages.

3.8.2. Staticvs. DynamicILP

A second experiment was performed to demonstrateffiectiveness of dynamic scheduling for videacpssing. The
MB.igeo benchmarks were run on three different ILP promeaschitecture models with progressively greatgrdes of
dynamic scheduling: (a) an 8-issue VLIW proces#oy,an 8-issue in-order superscalar processor,(@ndn 8-issue
out-of-order superscalar processor. Shown in Eidif are the results comparing the average IPC¢hése three
architectures. These results indicate two importamclusions. First, static scheduling perfornearty as well as
dynamic in-order scheduling for media processiMyith average IPCs of 1.34 and 1.42 for the VLIW amebrder
superscalar, respectively, there is only 6% diffeeein performance. We were expecting a much higierential
since dynamic in-order scheduling enables instoastito continue issuing on non-dependent memohg.st8econd, it
is apparent that dynamic out-of-order schedulinith &n average IPC of 2.22, provides much betteiopaance than
static scheduling. The out-of-order super-scatacgssor enables 66% better performance on avénagea VLIW
processor over the MediaBench video applicatiovnile the out-of-order superscalar processor entailich greater
complexity and power than VLIW and in-order pro@essfor high-performance solutions, it may be cese.

While prior research studies have found considergidrallelism in video applicatiofs it is evident from this
experiment that such levels of parallelism are lil@ly to be attained with just instruction leveanallelism. ILP
provides respectable parallelism, with typical stHimg performance of about 2 IPC, but achievinghhdegrees of
parallelism is critical to the success of programlmavideo processors. Consequently, it is necgssarexplore
additional avenues for parallelism.

4. WORKLOAD VARIABILITY ACROSSINPUTS

With any workload, it is important to understandahthe workload characteristics will vary with diféat input data
and input parameters. For video applicationsptbet common variations across different inputsdae to frame size,
target bit rate, degree of motion, and search windize (for encoding). Aside from those input a#idns, the only
other major differences in the application chanasties arise from the different algorithms and lnoets that the
software designers use in implementing the apjdioat Fortunately, there is significant variati@across the
implementations of the many benchmarks in MediaBerideo, so MBj4, demonstrates those variations effectively.

With respect to resolution of the video frames, ezipents were performed on CIF (352x288 pixels) a6€IF
(1408x1152 pixels) video sequences as well asdbke BCIF (704x576 pixels) video sequence. Ovditdl, variation
was found across the various processing charaiterisith the exception of execution time, of cgmir The execution
time was found to increase nearly linearly with thenber of pixels. The dynamic instruction courtreased by an
average of 4.25x with each doubling of frame heaid width (i.e. quadrupling frame size).

Varying the target bit rate has a moderate effecthe dynamic instruction count and L1 data cacies mates. The
base video sequence was designed for moderatatjtso two input configurations (of the same rée®) with low

and high bit rates, corresponding to half and detlé target bit rate of the base sequence, résplgctvere to tested
to examine the variations in processing charaditesiglue to bit rate. Each doubling of the targietrate served to
increase the dynamic instruction count (i.e. apjpnate execute time) by an average of 11% for dexpedind 3% for
encoding. Each doubling of the bit rate also tesuin decreases in the L1 data cache miss ra8e39% for decoding
and 0.1-1.5% for encoding.



The variations due to different degrees of motiothie video sequences were also examined. Thevimbse sequence
had a medium degree of motion, so two additiondé®isequences with low and high motion, respegtivetére also

tested. It was found that varying the degree dfionovaries the dynamic instruction count by anrage of only 4-5%
for low and medium degrees of video motion. Cosebr, high degrees of motion resulted in signifthagreater

execution times, with a 24% increase in dynamidricsion count for encoding high motion video (déicy was

unaffected). Varying the degree of video motiosoataused variations in the L1 data cache missofage3%, but

otherwise, none of the other processing charatitariwas significantly impacted by the degree ofioro

Finally, experiments were performed to vary therceawindow size and determine its impact of the kiaad

characteristics. Since the various codecs haerdift implementations for motion estimation, it wext possible to
explicitly vary the search window size on all cosled-or the MPEG-2 encoder, the search window wi&e varied
from +/-16 for the base encoder configuration te84gnd +/-32 for the two alternate encoder confijons. For the
H.263 encoder, the search window size could onlydreed for +/-16 and +/-8. The ffmpeg codec utkedVIPEG-4

dynamically varies search window size, and theigarsef H.264 used did not yet support differentrsbawindow
sizes, so only MPEG-2 and H.263 could be testedddations in search window size.

Both MPEG-2 and H.263 showed similar results wipect to variations in search window size. Aseeted, for the
decoding process, the search window size had riglglignpact on the workload characteristics. Casely, for
encoding there were significant variations in dyitamstruction count and L1 data cache miss rategreasing the
search window size from +/-8 to +/-16 approximatétubled the dynamic instruction count and redubedL1 data
cache miss rate by approximately 40%. In the MPE€S&dec, increasing the search window size agaiit-82 further
increased dynamic instruction count by nearly 2@&r the +/-16 search window execution time, as¢ aéduced the
L1 data cache miss rate by 50% over the +/-16 begirdow miss rate. This increase in executioratid decrease in
cache miss rate is to be expected from increasiagch window size is to be expected. Executiore tior motion
estimation is known to increase nearly linearlyhwiihe area of the search window (for full searchparformed by
MPEG-2 and H.263). Likewise, since motion estiorathas good cache performance, the average Licdeke miss
rate will similarly increase when more time is spierthe motion estimation kernel.

Overall, we can conclude that, aside from the gdted variations in execution time and cache mas$s, there was
little impact on the workload characteristics frdifferent video inputs and execution paramete rigeti

5. SUMMARY

This paper presents MR&,, the MediaBench video benchmark suite, as thevidao benchmarking tool for enabling
video systems research and design for the nextrgme of video. First introduced in 1997, thesfigeneration of
MediaBench has proven invaluable to the researoimumity in understanding multimedia applicationsl a@esigning
multimedia systems. Recently, the MediaBench Cuitso was founded to continue the mission originakt forth by
MediaBench, and its goal is the continued developtraed refinement of the benchmark suite. Amosdnitmediate
aims is the goal to enable both a composite bendframmilar is scope to the original MediaBench denark, as well
as area-specific benchmarks for each individualimmggbe. While currently only in the early stagdsdesign of the
new benchmarks, the audio and video area-speafictimarks have been completed. The video benchf e,
contains both the current popular video standands sis H.263, JPEG, MPEG-2 and MPEG-4, as welhasédcent
and emerging standards, including JPEG-2000 ané4.2

The paper also presents a comprehensive workloatlaion of the new MediaBench Video benchmarkesuit
providing a quantitative evaluation of many apgiima characteristics, including instruction frequis, basic block
sizes, branch prediction rates, data sizes, worketgsizes, spatial locality, loop characteristinsg ILP scheduling
performance.

In particular, the loop characteristics demonsttageimpact that the recent and emerging stand#rdBEG-2000 and
H.264 have on the computational requirements cdwislystems. These standards employ greater degfraralysis to
enable higher compression rates, utilizing such m&athods as rate-distortion optimization, contaldgive entropy
coding, and intra-block/macroblock prediction. dddition to the much longer encoding and decodimgd these



standards entail, the low average loop iteratioasueements and loop level execution weights forJ#EG-2000 and
H.264 encoders demonstrate the increasing amotirdgentrol code and lower processing regularity tresult from
these advanced compression tools.
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