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Abstract— This paper presentsan overall analysisof the redun-
dancy in the information (addresses,instructions, and data) stored
and exchangedbetweenthe processorand the memory systemand
evaluates the potential of compressionin improving performance,
power consumption, and cost of the memory system. Analysis of
traces obtained with Sun Micr osystems’Shadesimulator simulat-
ing SPARC executablesof nine integer and six floating-point pro-
grams in the SPEC CPU2000benchmark suite yield impressive re-
sults. Well-designedcompressionschemesmay provide benefits in
performance,power, and costthat far outweigh their overheadscon-
stituting extra time, logic, and power for compressionand decom-
pression.This will bemore soin the futur e sincethe speed,size,and
power consumptionof logic (which will beusedto perform compres-
sion/decompression)are improving and are projected to improve at
a much higher rate compared to thoseof interconnect(which will be
usedto communicatethe information), both on-chip and off-chip.

Keywords— Addr ess compression, bandwidth, cache, cost-
effective design,data compression,entropy, instruction compression,
latency, losslesscompression,low power, Mark ov models,memory,
registerfile, storage,traffic.

I . INTRODUCTION

All computersystemshave threemainsubsystems:the
computationsystemor theprocessorcore,thememorysys-
tem, andtheI/O system. Thememorysystemhastwo main
typesof components:storage components(includingreg-
isters,one or more levels of caches,main memory) for
storing information(primarily instructionsanddata)and
communicationcomponents(comprisingI/O buffers, I/O
pads,andpinsontheprocessorandmemorychips,andon-
andoff-chip control,address,instruction,anddatabuses)
for communicatinginformation (primarily addresses,in-
structions,anddata)betweenthecomputationsystemand
storagecomponentsandbetweenthestoragecomponents
themselves.

Increasinglevelsof device integration,rising clock fre-
quencies,and die areaincreasescombinedwith greater
degreesof parallelismexploited at the bit-, instruction-,
thread-,andprocessor-levelshave resultedin anexponen-
tial trend for computationsystemperformanceenhance-
ment. Due to suchdramaticincreasesin processorsys-
tem performance,there is an enormouspressureon the
memorysystemto storeincreasingamountsof informa-
tion (instructionsand data)and communicatethis infor-
mation(addresses,instructions,anddata)atahighenough
bandwidthandlow enoughlatency to avoid performance
bottlenecks.
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To addressthe above problem,designershave contin-
uedto increasethenumberof I/O buffers,pads,andpins,
width of buses,numberof registers,numberandsizesof
caches,and the sizeof main memory, in additionto im-
proving their design.However, while thenumberof tran-
sistorson achip canessentiallygrow asthevolumeof the
die, thenumberof I/O buffers,pads,andpinsandoff-chip
bus width cangrow only as the surfaceareaof the chip.
Further, therearemorestringentconstraintson the clock
speedat which external pins can be driven comparedto
on-chipcircuitry. Sinceinterconnectsizedoesnot scale
aswell ason-chip logic size,on- andoff-chip buses,es-
peciallythelatter, have relatively highercapacitancesand
delayscomparedto on-chip logic. Also, DRAM band-
width andlatency are improving at a slower rate. All of
thiscontributesto agrowing computation-memorysystem
performancegap[7].

The fraction of the processorchip devoted to storage
(registers,caches)and communicationcomponents(I/O
buffersandpads,on-chipbuses)is increasingandsoalso
is thenumberandsizeof off-chip storage(off-chip caches,
main memory)andcommunication(pins,off-chip buses)
components[7]. As noted above, storagecomponents
have increasedin numberandsizein orderto reduceper-
formancebottlenecksandcommunicationcomponentsoc-
cupy a greaterfraction of the chip areabecauseintercon-
nectsizescalesrelatively poorly comparedto logic size.
Moreover, in deep-submicronregime,not only individual
wire capacitancescontribute to power consumption,but
more so do interwire capacitancesbetweenadjacentbus
lines due to tighter spacingbetweenlines [20]. Conse-
quently, increasinglymore fraction of the systempower
consumptionandcostis dueto the memorysystemcom-
paredto thecomputationsystem[24]. Thus,thememory
systemis becomingan increasingbottleneckas design-
ersstrive towardshigherperformance,cost-effective, and
power-efficientsystemdesigns.

A compressedmemorysystem(CMS) architectureis a
computersystemarchitecturethatemployscompressionin
oneor morepartsof thememorysystem.In thispaper, we
considertheadvantagesof CMS architecturesin termsof
improvementsthat can be obtainedin performance(im-
provementsin bandwidthand latency of communication
componentsandimprovementin capacityof storagecom-
ponents),power consumption,and cost. For our study,
weusea memoryhierarchywith split instructionanddata
cachesat the first level, a unified cacheat the second
level, and a main memory. We investigateall the three



primary� typesof information,namely, addresses,instruc-
tions,anddata,andall importantstorageandcommunica-
tion componentsatall levelsof thememorysystemhierar-
chy, wheresuchinformation is storedor communicated.
For addresses,we considerthe tag fields of instruction
cachesandinstructionanddataaddressbuses.For instruc-
tions, we considerthe datafields of instruction caches,
mainmemoryexecutablecode,andinstructionbuses.For
data,we considerinteger andfloating-pointregisterfiles
anddatabuses. Traceanalysisperformedwith Sun Mi-
crosystems’ShadesimulatorsimulatingSPARC executa-
blesof nineintegerandsix floating-pointprogramsin the
SPECCPU2000benchmarksuiteyield impressiveresults.

Theorganizationof theremainderof thepaperis asfol-
lows. SectionII discussestheadvantagesof acompressed
memorysystemarchitectureandits feasibility. SectionIII
providesa brief overview of previouswork relatedto the
useof compressionto reduceembeddedcodeandmemory
sizeandalsobusencodingto reducebuspower. SectionIV
describesthe simulationenvironment,analysistools,and
methodsweusedin ourstudy. SectionV presentsdetailed
resultsof ouranalysis.Finally, weconcludein SectionVI.

I I . THE CASE FOR MEMORY SYSTEM COMPRESSION

In this section,we discussthe opportunitiesfor com-
pressionpresentin thememorysystem,thebenefitsof ap-
plying compressionand the challengesto be overcome,
and thenfinally a useful way of classifyingCMS archi-
tectures.

A. Opportunitiesfor compression

Compressionof somesourceinformationconsistingof
a sequenceof symbolsis achievedby encodingthe more
frequentor likely symbolswith shortercodewordscom-
paredto thelessfrequentor likely symbols.In thememory
system,redundancy existsin address,instruction,anddata
information.Instructionaddressesissuedby theprocessor
to the L1 cachearetypically sequential(very predictable
andhencequite redundant),dataaddressesexhibit local-
ity becauseof scanningof dataarraysin loops, and tag
fieldsof instructionanddatacachescorrespondto blocks
that have beenrecently accessed.Addressesissuedby
higherlevels of the memorysystembecomeincreasingly
unpredictable,becausethey arecausedby missesoccur-
ring in thelower level caches,but theseaddressesalsoex-
hibit temporalandspatiallocality, althoughto lesserex-
tents. In instructions,in additionto temporalandspatial
locality, repetitionsof instructionsequences,opcodes,reg-
isters,immediateconstants,correlationbetweenopcodes
and registersand betweenopcodesand immediatecon-
stantsalsoconstituteredundancy. Finally, dataprimarily
has redundancy presentin the valuescommunicatedby
databusesandstoredin registers,datacaches,andmain
memorysincenot all valuesareequallylikely andvalues
usedby a programaretypically of small magnitude.For
suchsmall magnitudetwo’s complementnumbers,most
high orderbits of the dataword arelikely to beeitherall
zero(positive)or all one(negative).

B. Benefitsandfeasibilityof compression

By employing compression,the sameeffective band-
width canbe obtainedwith a narrower bus andthe same
effective capacitycanbe realizedusinga smallerstorage

component.Reductionin the sizeof theseresourceswill
leadto costandpower savings. Thereductionin thesize
of a storagecomponentcanalsopotentiallyreduceits la-
tency. If thesizeof theseresourcesis keptunchanged,then
compressioncanprovide moreperformance(bandwidth,
storagecapacity)for asimilar cost.

On the otherhand,the useof compressionalsoentails
overheadsin termsof extra logic, power, andlatency for
compressionanddecompression.However, sincethesize,
speed,and power consumptionof logic (which will be
usedto perform compression/decompression)is improv-
ing at a fasterrate than that of interconnect(which will
be usedto communicatethe information),well-designed
compressionschemesmayprovidesignificantoverallben-
efits.

C. Architectureof compressedmemorysystems

Dependingupon how specializedthe data set from
which symbolstatisticsaredrawn for compressionis, five
importantclassesof CMS architectures,from themostto
theleastspecialized,canbeidentifiedasfollows.Notethat
in all cases,symbolstatisticsaredrawn from thesametype
of information(address,instruction,data)asthetypeof in-
formationbeingcompressed.(1) Block-specificarchitec-
ture: Symbolstatisticsusedto compressablockaredrawn
from thesameblock. (2) Memory-component-specificar-
chitecture: Symbol statisticsare drawn from the typical
datasetof amemorycomponentandareusedto compress
eachblock of that component.(3) Application-program-
specificarchitecture: Symbolstatisticsaredrawn from the
typical datasetsfound in a given applicationprogramin
all memorycomponentsthat storeor communicateinfor-
mationof thesametype.(4) Application-class-specificar-
chitecture: Symbolstatisticsaredrawn from application
programsthatbelongto thesameclass.(5) General archi-
tecture: Symbolstatisticsaredrawn from abroadrangeof
applicationsandfrom all memorycomponentsthat store
andcommunicatethesametypeof information.

I I I . RELATED WORK

Previouswork in memorysystemcompressionhasbeen
doneboth in analyzingcompressibility[2], [23], [10], [9]
andin the developmentof specificcompressionschemes
for the memory system. These include schemesfor
addresstraffic compression[18] and extensionof these
schemesto instructionand data traffic compression[4].
Work hasbeendonein codecompression[25], [15], [12],
[13] andcompressedinstructionsetdesign[8], [1] for em-
beddedsystems.Someresearchhasalsobeenattempted
in cache[26], [22], [11] andmainmemory[21], [6] com-
pression.Finally, variousbusencodingschemeshavebeen
developedto reduceunnecessarytransitionsand hence
powerconsumptionin buses[3].

IV. SIMULATION METHODOLOGY

In this section,we describeour target systemand the
simulation environment including the methodologywe
usedto collect informationtracesfor our analysisandde-
fine the metricswe useto quantify the redundancy of the
information.



A.
�

Target systemandsimulationenvironment

Ourtargetsystemhasamemoryhierarchyconsistingof
32 integerand32 floating-pointregisters,split instruction
anddatacachesat thefirst level, aunifiedcacheat thesec-
ond level, anda main memory. Thefirst level cachesare
write-through,16KB each,4-waysetassociative,andhave
a block sizeof 32 bytes.Thesecondlevel cacheis write-
back,256KB, 4-way setassociative, andhasa block size
of 64 bytes.We useda modifiedversionof thecachesim5
cacheanalyzerin SHADE5 [5] running on a uniproces-
sorSPARC-V9 platformto collectthereal-timetraffic for
9 integer and 6 floating point benchmarksin the SPEC
CPU2000suite.Weranthebenchmarkprogramsusingthe
referenceinputsetsprovidedwith theSPEC2000suite,but
to limit theexecutiontimesof our simulations,we useda
methodologysimilarto theonedescribedby Skadronetal.
[19] andsimulatedall theinstructionsbeforetherepresen-
tativesegment(warmupwindow) andtracedarepresenta-
tivesegmentor samplingwindow of 2 million instructions.

B. Analysistools

We usedthefollowing measuresto quantifytheamount
of informationcontainedin our tracesamples.

B.1 Entropy measures

Theentropy of a sourcedenotestheaveragenumberof
bits requiredto encodeeachsymbolpresentin thesource.
Thus, the lower the entropy value, the more compress-
ible the source.Given a setof symbolss1 � s2 ��������� sN and
a sourcein which M 	 N of thesesymbolsactuallyoc-
cur, themeasurethatcharacterizesthecompressibilityof a
symbolby its presenceor absencein thetrace,irrespective
of thenumberof timesthesymbolrepeatsin the trace,is
calledzero informationentropy andis given by the rela-
tion H 
 log2M. If eachsymbolsi occurswith probability
p � si � , thezeroth order Markov entropyof thesourcedata
is givenby therelation:

H0 
�
 Σ� i � p � si ��� log � p � si �������
In first order Markov entropy, theoccurrenceof a symbol
si , the probability p � si � of that symbol’s occurrence,and
theprobability p � sj � si � that thesymbolis precededby an-
othersymbolsj areall considered.Thefirst orderMarkov
entropy of a sourceis givenby:

H1 
�
 Σ� i � p � si ��� Σ� j � p � sj � si ��� log � p � sj � si ���������
The symbolsthat we considerwhile measuringthe en-
tropy of any tracecorrespondto alignedwordsin thetrace
(i.e.,32-bitwordsfor addressesandinstructionsand64-bit
wordsfor data).

B.2 Compressionratios

Using the entropy valuesmeasured,the corresponding
compressionratio canbecomputedby taking the ratio of
entropy to the sizeof a symbol(32 for addressesandin-
structionsand64 for data)in the original uncompressed
trace.Thus,theaveragezerothorderMarkov compression
ratio overn benchmarksis:

RH0 
 ∑n
i � 1H0 of tracei

n � Originalwordsize�

RH andRH1 aredefinedsimilarly. Thedefaultcompression
tool we usedin someexperiments,SAMC, is basedon
arithmeticcodingcombinedwith a precalculatedMarkov
model[14]. We defineaverage SAMCcompressionratio
overn benchmarktracesasfollows:

RSAMC 
 ∑n
i � 1Sizeof compressedtracei
∑n

i � 1Sizeof original tracei
�

B.3 Transitionratios

For CMOS technology, power consumptionon a bus
line is directly relatedto the numberof transitionson it
asbits aretransmittedoneafteranotherover it. We define
averagetransitionratio for compressedtracesas:

TC 
 ∑n
i � 1No � of transitionsin compressedtracei
∑n

i � 1No � of transitionsin original tracei
�

C. Analysismethods

We calculatethevariouscompressionandtransitionra-
tio measuresdescribedin SectionIV-B for address,in-
struction, and data traffic tracesin demultiplexed buses
at variouslevels of the memorysystemto estimateper-
formance,power, andcostimprovementsdueto compres-
sion. For main memory, we calculatecompressionratio
for the text segmentof statically-linked executablecode.
For cachecompression,to keepthe analysissimple, we
consideronly instructioncaches.We monitorevery block
that is bothloadedandreplacedwithin thesamplingwin-
dow of thesimulationandkeeparecordof cacheresidency
time (CRT) andblock addressfor eachsuchblock. Af-
ter simulation,we list the blocks in decreasingorder of
residency timesandsumthe cacheresidency timesof all
blocks to get the total CRT (TCRT). To accuratelycap-
ture the occurrenceof asmany uniqueblocksaspossible
and to avoid a hugetracefile, we consideronly blocks
upto 95% or 85% TCRT and scaledown the numberof
occurrencesof suchblocks by that of the last block se-
lected.FromtheaddressesandCRTs of theblocksavail-
able in the above analysis,we are able to createsimilar
tracefiles for analyzingtagfield compression.In asimilar
fashion,for registercompression,we consideronly regis-
tervaluesthatareloadedandreplacedduringthesampling
window, althoughin this casewe usedtheentiretracefile
for ourexperimentsinsteadof usingonly asubsetasin the
cacheanalysisabove. We calculatedonly thezerothorder
Markov measurefor registersbecausethereis not much
first orderdependency to explore.

V. RESULTS

Using the simulationsetupandproceduredescribedin
SectionIV, we ran a numberof simulationswith the fol-
lowing default settings: a memory-componentspecific
architecture,demultiplexed buses,word size for entropy
analysisof 32 bits for addressesandinstructions,64 bits
for data,and20bits for tagfield. Wesummarizeresultsby
averagingover all 15 (9 INT and6 FP) benchmarksand
wecalculatetheaveragecompressionandtransitionratios
asmentionedin SectionIV-B.

A. Overall memorysystemanalysis

We investigatedhow compressionratio and power
consumptionvary acrossmemory systemcomponents,



namely� , register file, cache,main memory, addressbus,
instructionbus, and databus. The compressionratio is
indicative of the extent to which performanceenhance-
ment or cost savings can be realized. Figure 1 presents
an overview of our analysis. We observe that communi-
cationcomponentsarein generalmorecompressiblethan
storagecomponents(consideringH1 valueswhichprovide
the bestlower boundfor entropy). Among storagecom-
ponents,weobservethattheorderingfrom themostto the
leastcompressibleis L1 I-cachetag field, registers(con-
sideringits RH0 valuesinceits RH1 valueis notcomputed),
L1 I-cachedatafield, andmainmemory, whichis to beex-
pected.Amongcommunicationcomponents,theordering
is databus, instructionbus, andaddressbus. A possible
explanationfor the higher redundancy in the databus is
thata lot of thedatablockstransmittedmaycontainsmall
magnitudenumbersthathavelotsof either0 or 1 bits. Fur-
ther, it is observedthatthevolumeof datareadtraffic (data
blockssentfrom L2 to L1) is fargreaterthanthewrite traf-
fic (datablockssentfrom L1 to L2), which meansthatthe
sameblocksmayappearin thedatabustraffic oftenwith-
out any changes,and this also increasesthe redundancy.
We alsoobserve that the orderingof the communication
componentsin termsof power savings after compression
(from leastto most)is asfollows: instructionbus,address
bus, databus. As canbe seenfrom Figure1, RSAMC de-
creasesin thesameorder, suggestingthatmorecompres-
sion(i.e.,fewerbits transmitted)leadsto betterpowersav-
ings.

Fig.1. Overall Memory SystemAnalysis: Compressionandtransition
ratiovariationacrossmemorysystemcomponents.

B. Registerandcachecompressionanalysis

For register compression,we conductedzeroth order
Markov analysisof 6 INT and 6 FP over all 32 integer
registersand32 floating-pointregisters. Figure2 shows
thecompressionratio for eachregister. Theaverageinte-
ger registercompressionratio is 0.122andfloating-point
registercompressionratio is 0.156. This meansthat in-
teger registersaremorecompressiblethanfloating-point
registers. This is to be expectedbecausefloating point
data,in general,are relatively lessredundantsincetheir
fraction field bits are more fully used,whereas integer
datahavemoreredundanciesdueto signextensionof their
mostsignificantbits. Although, thereis goodamountof
variationin compressionratio acrossregisters,no register

(INT or FP)hasanRH0 valueexceedingabout0.26,which
impliesregisterscan,on average,becompressedto about
one-fourthof their original sizeusinga very goodzeroth-
ordercompressionscheme.

From Figure3, we find that the instructionportionsof
L1 andL2 cachesarealmostequallycompressible,with
L1 beingslightlymorecompressible.Thismaybebecause
the L1 I-cachecontainsa more frequentsymbol set (of
instructions)andthe L2 cache,in additionto storing the
contentsof L1, alsocontainsadditionalsymbols(instruc-
tions) that are relatively infrequent. On average,zeroth
orderMarkov gave usaround0.26compressionratio and
0.07wasobtainedwith first orderMarkov, which means
theoreticallywe could reducecachesizeby 4 to 14 times
by applyingcachecompressionor storethat muchmore
informationin thesamearea.

Fig. 2. StorageComponent Analysis (Registers): Averageregister
compressionanalysissummaryfor 32 integer registersand32 floating-
point registersacross6 integerand6 floating-pointbenchmarks.

Fig. 3. StorageComponentAnalysis (Caches):85%and95%cache
block residency compressionpotentialfor differentcachelevels. Com-
pressionfor L1 cacheis betterthanthatfor L2 cache.

C. Compressionratio acrossindividualbuses

Figure4 shows compressionandtransitionratio results
for demultiplexedbusesatall threelevels.Weobservethat
theRH0 andRH1 valuesaresimilaracrossall levels.Based
on RH1 values,instructionaddressis most compressible



and� dataaddressleast,except for L2-M, wheredataad-
dressis mostcompressible.Hereagain,we find that the
powersavingsfor address,instruction,anddatabusesfol-
lows theorderingdescribedin SectionV-A.

Fig.4. Compressionand Transition Ratiosin Communication Com-
ponents:Compressionandtransitionratiosfor variousbusesatdifferent
levelsof thememorysystemhierarchy.

VI. CONCLUSIONS

Wehaveshown thatasubstantialamountof information
redundancy existsin everycomponentof thememorysys-
tem suchasregisters,tag anddatafields of caches,main
memory(storagecomponents)andalsoin address,instruc-
tion, anddatabuses(communicationcomponents)at var-
ious levels. Among storagecomponents,we obtaineda
best-caseaveragevalueof 0.084(0.057)for zeroth(first)
order Markov entropy. Among communicationcompo-
nents,the best-caseaverageswere 0.138(0.042) for ze-
roth (first) orderentropy. In future studies,we intendto
look at otherfactorsthatmayaffect compressibilityof in-
formationin thememorysystemsuchascacheparameters
(cachesize,block size,degreeof associativity), bit-field
groupings,anddegreeof specializationof thecompression
scheme.Using the resultsof this andany further study,
our future work will be targetedat developinglow over-
head,scalableaddress,instruction,anddatacompression
schemesthat are suitablefor variouscomponentsof the
memorysystem.The goal is to achieve appropriatecost-
performancetradeoffs in accordancewith theneedsof var-
iousapplicationandsystemrequirementsandaspermitted
by technologyconstraints.
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