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Abstract
We presentof�ine RAM compression, an automatedsource-to-
sourcetransformationthatreducesaprogram'sdatasize.Statically
allocatedscalars,pointers,structures,andarraysare encodedand
packed basedon the resultsof a whole-programanalysisin the
value set and pointer set domains.We target embeddedsoftware
writtenin C thatreliesheavily onstaticmemoryallocationand runs
onHarvard-architecturemicrocontrollerssupportingjusta few KB
of on-chip RAM. On a collection of embedded applicationsfor
AVR microcontrollers,our transformationreducesRAM usageby
anaverageof 12%,in additionto a 10%reductionthrougha dead-
data elimination passthat is also driven by our whole-program
analysis,for a total RAM savings of 22%. We also developed
a technique for giving developersaccessto a �e xible spectrum
of tradeoffs betweenRAM consumption, ROM consumption,and
CPUef�ciency. This techniqueis basedon a modelfor estimating
thecost/bene�t ratio of compressingeachvariableandthenselec-
tively compressingonly thosevariablesthat presenta goodvalue
propositionin termsof thedesiredtradeoffs.

Categoriesand Subject Descriptors C.3 [Special-purposeand
Application-basedSystems]: Real-timeand EmbeddedSystems;
D.3.4[ProgrammingLanguages]: Processors—optimization

GeneralTerms Performance,Languages

Keywords datacompression,embeddedsoftware,memoryopti-
mization,staticanalysis,TinyOS,sensornetworks

1. Intr oduction
In 2004,6.8billion microcontrollerunits(MCUs)wereshipped[5]:
morethanoneper personon Earth.MCUs aresmall systems-on-
chip thatpermitsoftwarecontrolto beaddedto embeddeddevices
at very low cost: a few dollars or less.Sophisticatedelectronic
systems,suchasthoserunninga modernautomobile,rely heavily
on MCUs. For example,in 2002 a high-endcar containedmore
than100processors[4].

RAM constraintsarea�rst-order concernfor developers.A typ-
ical MCU has0.01–100KB of RAM, 4–32 timesasmuchROM
asRAM, and no �oating point unit, memorymanagementunit, or
caches.We refer to programmemory as“ROM” sinceit is treated
assuchbyapplications,eventhoughit canusually bewrittento (but
slowly andin blocks,in thecommoncaseof �ash memory).Pro-
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gramsrunningon microcontrollersareusually limited to on-chip
RAM. Thecostof addingoff-chip RAM is high,andmany MCUs
do not evenprovide anexternalmemorybus.RAM constraintsare
oneof the main reasonswhy MCU softwaredoesnot commonly
takeadvantageof usefulabstractionssuchasthreadsandaheap.

We developed of�ine RAM compression, a source-to-source
transformationthat reducesthe amount of memoryusedby a C
programby encodingandbit-level packingglobalscalars,pointers,
arrays,andstructuresbasedon theresultsof staticwhole-program
analysis.Thegoalof our work is to reducetheRAM usage of ex-
istingembeddedsoftwarewithoutagreatdealof overheadandin a
way that is predictableat compiletime.Our work targetslegacy C
codeandreducesRAM requirementsautomaticallyandtranspar-
ently. Compile-timepredictabilityrulesout onlineRAMcompres-
sion, a family of techniquesthat �nd andexploit redundantdataas
asystemexecutes[7, 32].

1.1 Fundamentalobservations

Thefollowing propertiesof embeddedsystems motivateourwork.

RAM is usedinef�ciently . Althoughann-bit machineword can
store2n distinct values,in practicea typical word allocatedby
a programstoresmany fewer values.For example,Brooks and
Martonosi [8] found that “roughly 50% of the instructions[in
SPECint95]hadboth operands lessthanor equalto 16 bits.” To
verify that small embeddedsystemsbehave similarly, we instru-
menteda simulatorfor Mica2 sensornetwork nodesto keeptrack
of thenumberof distinctvaluesstoredin eachbyteof RAM. Bytes
area reasonableunit of measurementsinceMica2sarebasedon
the8-bit AVR architecture.We thenrana collectionof sensornet-
work applicationsin the simulator. We found that, on average,a
byte of RAM usedto storea global variable(or part of one)took
on just underfour valuesover the executionof an application.In
otherwords,six out of every eightbits of RAM allocatedto global
variablesareeffectively unused.

On-chip RAM is persistentlyscarcein low-endsystems. RAM
is, andalwayshasbeen,in short supplyfor small embeddedsys-
temsthat are constrainedby power, size,and unit cost.Further-
more, it is not at all clear that RAM constraintsare going to go
away in the foreseeablefuture. As transistorcostdecreases,it be-
comespossiblenot only to createmore capableprocessorsat a
given price point, but alsoto createcheaper, lower-power proces-
sorswith a givenamountof RAM. Since many sectorsof theem-
beddedmarketareextremelysensitiveto unit cost,developersmust
often choosethe smallest,cheapest,and lowest-power MCU that
meetstheirneeds.Thedecreasingcostof MCUswith agivensetof
capabilitiessupportsthedevelopmentof new applications,suchas
sensornetworks,thatwerenotpreviously feasible.

Valuefunctionsfor resourceusearediscontinuous. For desktop
andworkstationapplications,valuefunctionsfor resourceuseare
generallycontinuousin thesensethata small increasein resource



Device ROM RAM Ratio Price
ATtiny24 2 KB 128B 16:1 $0.70
ATtiny45 4 KB 256B 16:1 $0.97
ATmega48 4 KB 512B 8:1 $1.50
ATmega8 8 KB 1024B 8:1 $2.06
ATmega32 32KB 2048B 8:1 $4.75
ATmega128 128KB 4096B 32:1 $8.75
ATmega256 256KB 8192B 32:1 $10.66

Figure 1. Characteristicsandpricesof somemembersof Atmel's
AVR family, a popularline of 8-bit MCUs.Pricesarefrom http:
//digikey.com andothersources,for quantitiesof 100or more.

usemapsto asmall decreasein utility. In contrast,givenan embed-
dedprocessorwith �x edamountsof on-chipRAM andROM:

� A programrequiringtoo muchof eitherkind of storagesimply
cannotberun: it hasnovalue.

� Oncea system�ts into RAM andROM, further optimization
providesnoadditionalvalue.

Thesediscontinuitiesimply that it is importantto beableto trade
off betweenresourceslikeRAM size,ROM size,andCPUuse.The
ratio of ROM to RAM on theMCUs in Figure1 givesusa general
ideaof how muchROM we shouldbe willing to sacri�ce to save
a byteof RAM. Of course,theactual“exchange rate” for a given
systemdependsonwhatits limiting resourceis.

Manual RAM optimizationis dif�cult. Mostembeddedsoftware
developers—includingourselves—havehadtheexperienceof run-
ning out of RAM with featuresstill left to implement.Manually
reducingRAM usageis dif�cult anderror-prone. Furthermore,it
is not forward-thinking:highly RAM-optimizedsoftwareoftenbe-
comesover-specializedanddif�cult to maintain or reuse.

1.2 Bene�ts

From the point of view of an embeddedsoftware developer, our
work hastwo concretebene�ts.First, it cansupportbasinga prod-
uct on a less expensive, more energy-ef�cient MCU with less
RAM. For example, the Robot2 application that is part of our
benchmarksuite (seeSection6) requires368 bytesof RAM and
runsonanAtmel ATmega8535MCU with 512bytesof RAM. The
compressedversionof Robot2uses209bytesandthereforewould
�t onto a cheaperpart with 256 bytesof RAM. Figure1 givesan
ideaof thepotentialcostsavings.Savingsof penniesor dollarscan
addup to realmoney in thehigh-volume, low-margin marketsfor
whichMCUs aredesigned.

The secondimportantbene�t of our work is that it canenable
substantiallymore functionality to be placedon an MCU with a
given amountof RAM. For example,considera sensornetwork
developer who wishesto add network reprogramming [16] and
link-level packetencryption[17] to anexistingTinyOSapplication
that already usesthe entire 4KB of RAM on a Mica2 sensor
network node.Sincethesefeaturesare orthogonal to application
logic,botharedesignedastransparentadd-ons.Obviously thisonly
worksif enoughmemoryis available.Acrossasetof representative
TinyOS applications,our tool reducesRAM usageby an average
of 19%—morethan enoughto support the addition of network
reprogramming,which requires84 bytes of RAM (2.1% of the
total), and encryption,which requires256 bytesof RAM (6.3%
of the total). Without our work, this developerwould be forcedto
manuallyreduceRAM usageby atotalof 340bytes:anunpleasant
propositionatbest.

1.3 Contrib utions

Our researchhasthreemaincontributions:

1. Of�ine RAM compression,a new technique for automatically
reducing RAM usageof embeddedsoftware using whole-
programanalysisandsource-to-sourcetranslation.

2. A novel techniquesupporting�e xible tradeoffs betweenRAM
size,ROM size,andCPUef�ciency byestimatingthecost/bene�t
ratio of compressingeachvariableand then selectively com-
pressingonly the most pro�table, up to a user-con�gurable
threshold.

3. A tool, CComp, that implements of�ine RAM compression
and tradeoff-aware compilation. Although CComp currently
targetsC codefor AVR processors,only a small part of our
tool is architecture-speci�c.CComp is available at http:
//www.cs.utah.edu/~coop/research/ ccomp/ as open-
sourcesoftware.

2. Background: Micr ocontroller-Based
EmbeddedSoftware

Software for MCUs is somewhat different from general-purpose
applicationcode.Thesecharacteristicsare largely programming-
languageindependent,having moreto do with requirementsof the
domainandpropertiesof theplatform.Below aresomekey features
of microcontrollersoftware; two representcomplicationsthat we
areforcedto handleandoneis a restrictionthatwecanexploit.

Software is interrupt-driven. Interruptsaretheonly form of con-
currency on many MCU-basedsystems,where they serve as an
ef�cient alternative to threads.Interrupt-driven software usesdi-
versesynchronizationidioms,somebasedon disablinginterrupts
andothersbasedon volatile variablesanddeveloper knowledgeof
hardware-atomicmemoryoperations.Theimplicationfor ourwork
is that weneedto provideasounddata�ow analysisof globalvari-
ableseven in the presenceof unstructured,user-de�ned synchro-
nizationprimitives.

Locality is irrelevant. MCUs have relatively fast memory, no
cachesor TLBs, and minimal (threestageor smaller)pipelines.
Thus, there are no performancegains to be had by improving
spatiallocality throughRAM compressionand,furthermore,it is
dif�cult to hide the overheadof compressinganduncompressing
data.Theimplicationis thatcodeimplementingcompressionmust
becarefullytunedandthatwemustinvesteffort in optimizations.

Memoryallocation is static. Theonly form of dynamicmemory
allocationon most MCU-basedsystems is the call stack.When
RAM is very constrained,heapsare unacceptablyunpredictable
(e.g.,fragmentationis dif�cult to reasonaboutandallocationsmay
fail). Theimplicationis thatourpointeranalysiscanbein termsof
staticmemoryobjectsandstackobjects.

3. Static Analysis
CCompis ourtool thatperformsof�ine RAM compressionthrough
static analysis and source-to-sourcetransformation. It borrows
heavily from cXprop, our existing whole-programdata�ow ana-
lyzer for C [12]. cXprop is itself built upon CIL [20], a parser,
typechecker, andintermediaterepresentationfor C. Figure2 shows
theroleof CCompin thetoolchain.

CCompis soundundera standardsetof assumptions.Mainly,
the analyzedprogrammust not perform out-of-boundsmemory
accesses,andinline assemblymustbewell-behaved(nosideeffects
visibleat thesourcelevel).
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Figure2. Toolchainfor of�ine RAM compression

This sectiondescribesboth the previous analysisfeaturesthat
we borrowed from cXprop and the new ones implementedby
CComp.

3.1 Inlining

Before CComp proper runs, we run the code being analyzed
throughanaggressive source-to-sourcefunctioninlining pass.Our
inliner is basedon a modelof codebloat; its goal is to minimize
the sizeof the eventual objectcode.Inlining increasesthe sizeof
functions,which improvestheprecisionof our context-insensitive
data�ow analysis.

3.2 Valuesetanalysis

Of�ine RAM compressionis driven by the valuesetabstractdo-
main,whereabstractvaluesarebounded-sizesetsof concreteval-
ues.FromcXprop,CCompinheritedtransferfunctionsnot only for
thevaluesetdomainbut alsofor theinterval andbitwisedomains.
The interval domainrepresentsabstractvaluesas integer ranges,
for example[16::200]. In the bitwise domain, eachbit of a value
is independently? (unknown), 0, or 1. Our choiceof the value
setdomainwaspragmatic:of thedomainswe implemented,it pro-
ducesthebestresults.Interval-domainanalysisof our benchmark
programssupports1.8% RAM compressionandbitwise analysis
supports2.2%RAM compression,whereasvaluesetanalysissup-
ports12%RAM compression.Note,however, thatour implemen-
tationsof thesethreedomainsarenotdirectlycomparable:wehave
extensively tunedour valueset implementationfor precision,for
exampleby addingbackwardstransferfunctionsthatgain informa-
tion from branches.

Themaximumvaluesetsizeis con�gurable;for this work, we
setit to 16. Largersizesresulted in signi�cant analysisslowdown
andonly aminor increasein precision.

3.3 Pointer setanalysis

The points-toanalysisin CCompis basedon a pointer setanaly-
sis that maintainsexplicit setsof locationsthat eachpointermay
alias.This analysisis fairly precisebecauseit is �o w-sensitive and
�eld-sensitive.Thepointer setdomainworkswell for MCU-based
applicationsbecausethesetof itemsthatarepotentiallypointedto
is generallyfairly small.A pointersetof cardinalityoneindicates
a must-aliasrelationship,supportingstrongupdatesof pointed-to
values(astrongupdatereplacestheexistingstateatastorageloca-
tion, whereasa weakupdatemergesthenew informationwith the
old). The pointersetdomain,illustratedin Figure3, is analogous
to thevaluesetdomainexcept that it containsa specialnot-NULL
elementthat permitsthe domain to representthe (common)case
wherenothingis known abouta pointer's valueexceptthat it can-
notbeNULL.

^

^

{&x} {&y} {&z}

{&y,&z} {&z,NULL}{&x,&y} {&x,&z} {&x,NULL} {&y,NULL}

{NULL}

not�NULL

Figure 3. Pointersetlattice for threevariablesandmaximumset
sizeof two

3.4 Concurrencyanalysis

CCompcansoundlyanalyzeglobalvariablesevenin thepresence
of interrupt-driven concurrency. It doesthis using a two-element
lattice to conservatively detectracing variablesthat areaccessed
directly or indirectly by multiple �o ws (i.e., either by multiple
interrupthandlers,or elseby oneinterrupthandlerandby thenon-
interruptcontext) andwhoseaccessesarenot uniformly protected
by disabling interrupts.Racingvariablesare consideredto have
thevalue? at all programpoints.Non-racingvariablesarealways
manipulatedatomicallyandcanbemodeledsoundlyby identifying
all programpoints where interruptsmight becomeenabled,and
then adding �o w edges from theselocations to the start of all
interrupthandlers.

Data�ow analysis of racing variablescan be performedus-
ing essentiallythe sametechnique,whereeachaccessto a rac-
ing variable is consideredto be an atomic access,after which
�o w edgesto interruptsmust be added.We leave this featurein
CCompturnedoff by default becausein our experienceit does
notsigni�cantly increaseprecisionandbecauseit is potentiallyun-
soundwhenlanguage-level memoryoperationsarecompileddown
to non-atomicinstructionsequences.

3.5 Integrated analyses

A well-known way to avoid phase-orderingproblemsin compil-
ers is to createintegratedsuper-analysesthat run multiple anal-
ysesconcurrentlyandpermit themto exchangeinformationwith
eachother. For example,conditionalconstantpropagation[31] in-
tegratesconstantpropagationanddeadcodedetection. CCompin-
tegratesall of its mainanalyses:valuesetanalysis,deadcodede-
tection,pointer set analysis,and concurrency analysis.Although
we have not quanti�ed thebene�tsof integratingtheseanalyses,it
seemsclear that, at leastin somecases,therewasno reasonable
alternative. For example,concurrency analysiscannotrun before
pointeranalysis(in this casealiasescannotbe tracked accurately,
forcing a highly pessimisticraceanalysis)or after it (racingpoint-
erswill havebeenanalyzedunsoundly).

3.6 Whole-program optimization

Theresultsof CComp's interproceduraldata�ow analysisareused
to performinterproceduralconstantpropagation,pointeroptimiza-
tions,deadcodeelimination,deaddataelimination,redundant syn-
chronizationelimination, copy propagation, and branch,switch,
andjumpoptimizations.

3.7 Modeling volatile variables

TheC99standardstatesthat:

An objectthat hasvolatile-quali�ed type may be modi�ed
in waysunknown to the implementationor have otherun-
known sideeffects.



In practice,volatile variablesare not subject to most compiler
optimizations.Similarly, earlyversionsof CCompdid not attempt
to modelvolatiles,treatingthemasperpetually? .

Eventually, werealizednotonly thatbottom-valuedglobalvari-
ableswerehurtingCComp'sprecision(they tendto becontagious)
but alsothatmany volatile variablescanbe analyzedsoundly. The
insightis thatvolatilesareonly opaqueat thelanguagelevel.When
non-portableplatform-level propertiesareknown, differentusesof
thevolatilequali�er canbeidenti�ed:

1. Storagelocationscorrespondingto device registersarevolatile
in the most literal sense:their valuescanchangeat any time
andboth readsandwritesmaybeside-effecting.Data�o wing
throughtheselocationscannotbeanalyzedby CComp.

2. Globalvariablesin regularRAM areoftendeclaredasvolatile
to prevent compiler-level cachingof values.Thesevariables
cannot,in fact,bemodi�ed exceptby storesin theprogram—
which may occur in interrupthandlers.C doesnot have a se-
manticsfor interrupts,but CCompdoes,and so it can safety
analyzeandevencompressvolatileglobal variables.

CCompidenti�es referencesto deviceregistersheuristically, by
matchingagainstthetwo importantidiomsfor accessinghardware
devices from C code. The �rst method is portable: a constant
integeris castinto a pointer-to-volatile andthendereferenced.The
secondmethodis non-portable:gccpermitsvariablesto bebound
to speci�c memory locationsoccupiedby device registers.We
claim that data�ow analysisthroughvolatiles is soundunderthe
assumptionthatourheuristiccorrectlyidenti�es accessesto device
registers.

3.8 Analyzing arrays

CComp representseacharray using a single abstractvalue that
tracksthegreatestlower boundof any valuestoredin any element
of the array. We had two reasonsfor choosinga collapsedarray
representation.First, it is oftenthecasethattheelementsof agiven
arraystoresimilar values.For example,a common useof arraysin
networkedembeddedapplicationsis to storeaqueueof pointersto
packet buffers. In this case,the pointersetstoredin eachelement
of the arrayis thesame—thesetof buffers—soour analysisloses
nothingcomparedto amoreprecisearraymodel.Second,collapsed
arraysareef�cient.

3.9 Scalar replacementof aggregates

CCompcompressesvaluesfoundin C structsby splittingtheminto
scalarsandthenattemptingto compressthe scalars.We createda
scalarreplacementpassthatavoidshazardssuchasaddress-taken
structsandstructsinsideunions.It alsotakescareto retaincall-by-
valuesemanticsfor arraysformerly insidestructs.In C, structsare
passedby valuewhile arrays—dueto being treatedlike constant
pointers—arepassedby reference.

3.10 Emulating external functions

cXproptreatedexternalfunctions(thosewhosecodeis unavailable
atanalysistime)assafeor unsafe. Functionsareunsafeby default,
meaningthat they must be modeledconservatively: when called
they kill all address-taken variablesand furthermorethey areas-
sumedto call backinto address-takenfunctionsin theapplication.
A safefunction is onelike scanf that affectsonly programstate
passedto it throughpointers.CCompimprovesuponthis analysis
by addingtwo new categoriesof externalfunctions.A pure func-
tion, suchasstrlen , hasno sideeffects.An interpretedfunction
hasa user-de�ned effect on programstate.For example,we in-
terpretcalls to memsetin orderto perform arrayinitialization.We
couldalmostnevercompressanarraybeforesupportingthis idiom.

// compres sion fun ctio n f or 16-bi t varia bles
unsign ed char __f_ 16 ( uin t16_ t * tabl e,

uin t16 _t val)
{

unsign ed i nt i ndex;
fo r (i ndex=0; ; in dex++) {

if (pg m_read_word _near (t able + i ndex) == val)
re turn ind ex;

}
}

// decompressi on f unct ion for 16- bit var iabl es
uin t16 _t __fin v_16 (ui nt1 6_t * ta ble,

unsign ed char ind ex)
{

re turn pgm_read_word_ near (ta ble + in dex);
}

Figure 4. Compressionanddecompressionfunctionsbasedon ta-
ble lookup.The functionpgmread word near is anAVR primi-
tive for accessingvaluesfrom ROM.

4. CompressingRAM
This section describesthe theory and practiceof of�ine RAM
compression,includingsomeoptimizations.

4.1 Theory

Let x bea variablein a givenprogramthatoccupiesn bits. Since
the embeddedsystemsunderconsiderationusestaticmemoryal-
location,we canspeakof variablesratherthanmoregeneral mem-
ory objects.Let Vx be a conservative estimateof the set of val-
uesthatcanbestoredinto x acrossall possibleexecutions.In the
generalcase(i.e., in future implementationsof of�ine RAM com-
pression),Vx could be computedby a type-basedanalysis,by a
constraint-basedanalysis,by exhaustive testing,etc.,asopposedto
beingcomputedusingvaluesetor pointersetanalysis.

Of�ine RAM compressioncanin principlebeperformedwhen
jVx j < 2n . However, in practice it should be the case that
dlog2 jVx je < n. In otherwords,compressingx by itself should
resultin asavingsof at leastonebit.

Exploiting the restrictedsizeof Vx may be dif�cult becauseit
maynot beeasyto represent theactualvaluesin Vx compactly. A
generalsolutionis to �nd anothersetCx with thesamecardinality
asVx , andalsoto �nd a function f x that is a one-to-oneandonto
mappingfrom Vx to Cx . Then,f x is a compressionfunction and
its inversef � 1

x is a decompressionfunction(one-to-oneandonto
functionscanalwaysbeinverted).

4.2 Finding and implementing f x and f � 1
x

For eachcompressedvariablex, we �nd f x andf � 1
x asfollows:

1. If x is an integer type and 8y 2 Vx ; 0 � y < 2dlog 2 j Vx je ,
thenthe trivial compressionfunction f x (y) = y canbe used.
Acrossour setof benchmarkapplications,65%of compressed
variablesfall into this case.

2. Otherwise,we let theelementsof Cx be0::jVx j � 1 andlet f x

andf � 1
x belookupsin acompressiontablestoredin ROM. The

compressiontableis simplyanarraystoringall membersof Vx .

Figure4 depictsour compressiontable lookup functions.De-
compressionusesthecompressedvalueasan index into thecom-
pressiontable,andcompressioninvolvesa linearscanof thecom-
pressiontable.Empirically, on theAVR MCUsthatweuseto eval-
uateof�ine RAM compression,linear scanis fasterthan binary
search,on average,for valuesetsizesup to 19. Anotherargument



againstbinary searchis that sinceCCompoperatesby source-to-
sourcetransformation,weareunableto orderpointersby value.

As we did this work, other implementationsof compression
anddecompressionsuggestedthemselves.For example,if x is an
integer typeandwe can�nd a constantc suchthat8y 2 Vx ; c �
y < c + 2dlog 2 j Vx je , thenf x (y) = y � c is a valid compression
function.However, wedid not implementthisbecauseweobserved
few caseswhereit wouldhelp.

4.3 Program transformation

For eachcompressedvariablex, CCompperformsthe following
steps:

1. If x requiresacompressiontable,allocatethetablein ROM.

2. Convert x's initializer, if any, into thecompresseddomain.

3. Allocatespacefor x in a globalcompressedstructasa bit�eld
of dlog2 jVx je bits.

4. Rewrite all loadsandstoresof x to accessthecompressedbit-
�eld andgothroughcompressionanddecompressionfunctions.

CCompdoesnotattempt to compressracingvariables;thisnat-
urally fallsoutof theconcurrency analysisdescribedin Section3.4
thattreatsracingvariablesas? at all programpoints.CCompalso
doesnot attemptto compress� oatingpoint values.This wasa de-
signsimpli�cation thatwemadebasedonthelackof �oating point
codein theMCU-basedapplicationsthatwe target.

4.4 An example

Figure5 illustratesRAM compressionusingcodefrom the stan-
dardTinyOS applicationBlinkTask.The TOSHqueue datastruc-
tureshown in Figure5(a) is at thecoreof theTinyOStasksched-
uler, which supportsdeferredfunction calls that help developers
avoid placinglengthy computationsin interrupt handlers.Elements
of the taskqueueare16-bit function pointerson the AVR archi-
tecture.Throughstatic analysis,CCompshows that elementsof
the taskqueuehave pointersetsof sizefour. The contentsof this
pointersetareusedto generatethecompressiontableshown in Fig-
ure5(b). Sinceeachelementof the taskqueuecanberepresented
usingtwo bits, an8:1 compressionratio is achieved,saving a total
of 14 bytes.Figure5(c) shows partof thecompresseddataregion
for the BlinkTaskapplication.Finally, Figure5(d) shows how the
original applicationreadsa function pointer from the taskqueue
andFigure5(e)shows thetransformedcodeemittedby CComp.

4.5 A global synchronization optimization

Sincecompresseddatais accessedthroughnon-atomicbit�eld op-
erations,an unprotectedglobal compresseddataregion is effec-
tively a big racingvariable.To avoid theoverheadof disablingin-
terruptsto protectaccessesto compresseddata,we insteaddecided
to segregate the compresseddata into two parts:one containing
variableswhoseaccessesareprotectedby disablinginterrupts,the
othercontainingvariablesthatdo not needto beprotected because
they arenotaccessedby concurrent�o ws.Neither of thesegregated
compresseddataregionsrequiresexplicit synchronization.

4.6 A global layout optimization

As shown in Figure5(c),werepresentcompressedRAM usingC's
bit�eld construct.Thecostof abit�eld accessdependsonthealign-
mentandsizeof the �eld beingaccessed.Thereare threemajor
casesfor bit�eld sizesof lessthana word: a bit�eld alignedon a
wordboundary, abit�eld thatis unalignedanddoesnotspanmulti-
plewords,andabit�eld thatis unalignedandspanswords.Figure6
summarizesthecodesizeandperformancecostsof thesedifferent
casesfor our toolchain. Otherarchitecturesandcompilerswould

(a) Original declaration of the task queuedata structur e:

typ edef st ruct {
void ( *tp) (voi d);

} TOSH_sched_entry _T;

vol ati le TOSH_sched_entry _T TOSH_queue[8] ;

(b) Compressiontable for thetaskqueue(theprogmemattrib ute
placesconstantdata into ROM):

unsign ed short const __at trib ute_ _((_ _pr ogmem__))
__valu eset _3[4 ] = {

NULL,
&Blink TaskM$processin g,
&Timer M$Handle Fire ,
&Timer M$signal OneTimer

};

(c) The compressedtask queueis elementf9 of the global com-
presseddata region, which has room for eight two-bit com-
pressedvalues:

str uct __compressed {
char f 9[2] ;
unsign ed char f0 : 3;
unsign ed char f1 : 3;
unsign ed char f7 : 1;
.. .

};

(d) Original codefor readingthe headof the task queue:

fun c = TOSH_queue[ old_ ful l].t p;

(e) Code for reading the head of the compressedqueue (the
“2” passedto the array readfunction indicatesthat compressed
entriesare two bits long):

__t mp = __arra y_re ad ( __compressed.f9 , old_f ull, 2);
fun c = __f inv_ 16 ( __value set_ 3, __tmp);

Figure 5. Compressiontransformationexample for the main
TinyOS 1.x schedulerdata structure:a FIFO queueof function
pointersfor deferredinterruptprocessing

accesstype read write
bytes cycles bytes cycles

aligned 5 10 9 18
unaligned 7.2 14.4 11.2 22.4
spanning 13 26 21 42

Figure 6. Averagebit�eld accesscostsfor theAVR processorand
gcc

have differentcosts,but we would expectthe ratiosto be roughly
thesamesincetheunalignedandspanningcasesfundamentallyne-
cessitateextraALU andmemoryoperations.

Ratherthanattemptingto computeanoptimal layout for com-
presseddata,we developedan ef�cient greedy heuristic that at-
temptsto meetthefollowing two goals.First, thecompressed vari-
ableswith themoststaticaccessesshouldbebyte-aligned.On the
AVR architecture,wordsarebytes.Second,nocompressedvariable
shouldspanmultiplebytes.Theheuristicoperatesasfollows:

1. For eachpositive integern lessthanthenumberof compressed
variables:

(a) Align on byte boundariesthe n variableswith the largest
numberof staticaccesses.



(b) Startingwith the largest(compressedsize)remainingvari-
able,pack it into the structureunderthe constraintthat it
maynot spantwo bytes.A variableis placedin the�rst lo-
cationwhereit �ts, extendingthestructureif it �ts nowhere
else.This stepis repeateduntil thereareno remainingvari-
ablesto pack.

(c) Fail if thereis any wastedspacein thepackedstructure,oth-
erwisesucceed.Notethatit is possiblefor thereto beholes
in thepackedstructurewithoutwastingspace.Insteadof al-
lowing thecompiler-addedpaddingat theendof astructfor
alignmentpurposes,wedispersethepaddingthroughoutthe
struct.

2. Choosethesucceedingresultfor thelargestn.

In practicethisheuristicworkswell, andin factit almostalways
succeedsin byte-aligningthemaximumpossiblenumberof high-
priority compressedvariables(that is, oneperbyteof compressed
data).The heuristiccan fail in the situationwhereit is forced to
choosebetweenwastingRAM and permitting a variableto span
multiple bytes,but we have not yet seenthis happenfor any input
thatoccursin practice.If it doesfail, wewarntheuserandbackoff
to theunorderedcompressedstructure.

4.7 Local optimizations

We implementedseveral additionaloptimizations.First, duplicate
compressiontablesare eliminated,saving ROM. Second,when
an applicationstoresa constantinto a compressedvariable, the
compressiontablelookup canbe performedat compiletime. gcc
cannotperformthis optimization on its own. Finally, we have gcc
inline our compressionanddecompressionfunctions.Sincethese
functionsaresmall, this givesa reasonablespeedup with minimal
codebloat.

5. Tradeoff-AwareRAM Compression
This sectionexplorestheideaof computinga cost/bene�tratio for
eachcompressiblevariableandthenselectively compressingonly
a highly pro�table subsetof the compressiblevariables.In other
words, we give usersa RAM compressionknob to turn, where
the 100% settingcompressesall compressiblevariables,the 0%
setting performsno compression,and at points in betweenthe
systemattemptsto give up aslittle ROM or CPU time aspossible
while achieving thespeci�edlevel of compression.Tradeoff-aware
compilationcanhelp developersexploit the discontinuousnature
of valuefunctionsfor resourceuse(Section1.1) by, for example,
compilinganapplicationsuchthatit justbarely�ts into RAM, into
ROM, or into anexecutiontimebudget.

Our RAM/ROM tradeoff is basedon static information while
our RAM/CPU tradeoff is basedon pro�le information.We could
have madethe RAM/CPU tradeoff by using standardheuristics
basedon static information(e.g.,“eachloop executes10 times”).
However, wewerereluctantto dosobecausein aninterrupt-driven
system,the dynamicexecutioncount of eachfunction is strongly
dependenton the relative frequencieswith which different inter-
rupts�re.

The key to producinggoodtradeoffs is to accuratelyestimate
the cost/bene�t ratio of compressingeachvariable.We compute
this ratioasfollows:

Cost/Bene�tRatio=
1

Su � Sc

6X

i =1

Ci (A i + B i V ) (1)

Su is originalsizeof thecompressibleobject,Sc is thecompressed
size,C is anaccesspro�le : avectorof thestaticor dynamiccounts
of the basicoperationsrequiredto compressthe variable,A and
B arevectorsof platform-speci�c, empiricallydeterminedcostpa-

accesstype sizecost(bytes) speedcost(cycles)
bit�eld read 6.1 12.2
bit�eld write 10.1 20.2
arrayread 40 90
arraywrite 60 120
decompress 24 16
compress 14 20+ 9.5V

Figure 7. Two setsof parametersthat canbe pluggedinto Equa-
tion 1 to supporteithertradingRAM for ROM or RAM for CPU
cycles

rameters,andV is the cardinalityof the variable's valueset.Fig-
ure7 shows two setsof parameters,onein termsof ROM costand
the otherin termsof CPU cost,which we computedfor the AVR
processor. Most of the B constantsarezero,meaningthat opera-
tions have constantcost.The exceptionis the cycle cost to com-
pressavalue,which involvesalinearscanof thecompressiontable
asshown in Figure4. In somecasesthesecostsareaverage�gures
acrossseveraldatatypes.For example,sinceAVR is an8-bit archi-
tecture,compressinga char is cheaperthancompressingan int .
We couldhave madethis informationmore�ne-grainedby break-
ing out more sub-cases,but we judgedthat this had diminishing
returns.

Thestaticcountof eachbasiccompressionanddecompression
operationnaturally falls out of the compilation process.These
countsare taken after the optimizations describedin Section4
have beenperformed.We measureddynamicoperationcountsby
running applications in a modi�ed versionof the Avrora sensor
network simulator[29].

6. Evaluation
We evaluateof�ine RAM compressionby answeringseveralques-
tions:How muchRAM is saved?Whatis thecostin termsof ROM
usageandexecutiontime?Are tradeoffs betweenresourceseffec-
tive?Whatis thecostin termsof analysistime?

Our evaluationis basedon a collectionof embeddedapplica-
tionsfor Atmel AVR 8-bit microcontrollers:

� Two robot control applications,Robot1and Robot2,emitted
by KESO [27], an ahead-of-timeJava-to-C compiler for con-
strainedembeddedsystems.They are2526and3675 lines of
code(LOC), respectively.

� An avionics control application, UAVcontrol, for a small un-
mannedaerialvehicledevelopedby thePaparazziproject[22]
(4215LOC).

� Eleven sensornetworking applicationsfrom TinyOS [15] 1.1,
emittedby thenesC[13] compiler(5800–39000LOC).

In all casesour baselineis the RAM usage,ROM usage,and
CPU usageof the out-of-the-boxversion of the application as
compiledby avr-gcc version3.4.3.For the TinyOS applications,
we usedAvrora [29], a cycle-accurate sensornetwork simulator,
to measureef�ciency in termsof duty cycle—the fraction of time
the processoris active. This is a good metric becauseit directly
correlatesto energy usageand hencesystemlifetime: a primary
considerationfor sensornetworks.

We did not measurethe ef�ciency of the KESO or Paparazzi
applications;they run on customhardware platformswith many
peripherals.ExtendingAvrora to simulateenoughhardware that
wecouldrun theseapplicationswasbeyondthescopeof ourwork.

CCompdoesnot change thesemanticsof anapplicationunless
it containsanalysisor transformationbugs.To defendagainstthis
possibility, wevalidatedmany of ourcompressedapplications.This
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was not totally straightforward becauseunlike benchmarks,real
embeddedapplicationsdonotsimplytransforminputsinto outputs.
Ourvalidationwasbyhand,by checkingthatapplicationsexhibited
theexpectedbehavior. For example,for Surge, a multihoprouting
application,we ensuredthat routeswereformedandpacketswere
properly forwardedacrossthe network to the basestation. We
did not validatetheapplications for which we have no simulation
environment:Robot1,Robot2,andUAVcontrol.

6.1 Effectivenessof optimizations

Section4.2mentionsthatacrossourbenchmarksuite,65%of com-
pressedvariablesmeetour criteria for using simple compression
anddecompressionfunctions,asopposedto indirectionthrougha
ROM-basedcompressiontable.On average,this optimizationre-
ducescodesizeby 11%andduty cycle by 22%.Intelligent layout
of bit�elds in the global compresseddatastructure(Section4.6)
reducescodesizeby 2.7%anddutycycleby 1.9%.

6.2 Per-application resourceusageresults

Figures8–11compareapplicationsprocessedby CCompagainsta
baselineof out-of-the-boxapplicationsin terms of codesize,data
size,anddutycycle.Asterisksin these�gures markdatapointsthat
areunavailablebecausewecannotsimulatesomeapplications.

Figure 8 shows that when RAM compressionis disabled,
CCompreducesusageof all threeresourcesthroughtheoptimiza-
tionsdescribedin Section3.6.On theotherhand, Figure9 shows
that maximumRAM compressionresultsin signi�cantly greater
RAM savings:22%,asopposedto 10%in Figure8.

The problematicincreasein averageduty cycle shown in Fig-
ure 9 indicatesthat RAM compressioncan be expensive when
hot variablesarecompressed.Thegeneral-purposesolutionto this
problemis tradeoff-awarecompilation.

6.3 Resultsfr om tradeoffs

Figures10 and11 show theeffect on our benchmarkapplications
of turning the “RAM compressionknob” down to 90%. That is,
reducingRAM compressionto 10%below themaximumin order
to buy as much codesize or duty cycle as possible.Figures12
and13show thefull spectrumof tradeoffs from 0% to 100%RAM
compression.Themostimportantthingtonoticeaboutthesegraphs
is thatsacri�cing asmallamountof RAM buysamajordecreasein
dutycycleandasigni�cant decreasein codesize.Thesteepnessof
thesecurvesnear100%RAM compressionindicatesthatour cost
functionswork well.

Figure14 is a differentway to look at thedatafrom Figures12
and13. Thediamondshapetracedby thedatapointsin this para-
metric plot providesadditionalvalidationthat our tradeoff strate-
giesareworkingproperly.

6.4 Analysis time

Themediantimeto applyof�ine RAM compressionto membersof
ourbenchmarksuiteis 62s.Theminimumis 2sandthemaximum
is 94 minutes.Only two applications(TestTinySecand TinyDB)
requiremorethan� veminutes.CCompis aresearchprototypeand
wehavenotoptimizedit for speed.

7. RelatedWork
Thereis substantialbodyof literatureoncompiler-basedRAM op-
timizations.Herewe discussrepresentative publicationsfrom sev-
eral categoriesof researchthat arerelatedto ours. We do not dis-
cusstheliteratureoncodecompressionandcodesizeoptimization,
which is largelyorthogonalto ourwork.

Compiler-basedof�ine RAM sizeoptimization. AnanianandRi-
nard[1] performstaticbitwidth analysisand�eld packingfor Java
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objects(amongothertechniqueslesscloselyrelatedto our work).
Zhangand Gupta [33] usememorypro�le data to �nd limited-
bitwidth heapdatathatcanbepacked into lessspace.Lattnerand
Adve [18] save RAM througha transformationthatmakesit pos-
sible to use32-bit pointerson a per-data-structurebasis,on archi-
tectureswith 64-bitnativepointers.Chanetetal. [10] applywhole-
programoptimization to the Linux kernel at link time, reducing
both RAM and ROM usage.Virgil [28] hasa numberof of�ine
RAM optimizationsincluding reachablemembersanalysis,refer-
encecompression,andmoving constantdatainto ROM.

Our work exploits the samebasicinsight astheseprevious ef-
forts, but it differs in several key ways. First, we have taken a
whole-systemapproachto compressingRAM for legacy C appli-
cationsin thepresenceof interrupt-drivenconcurrency. Mostpre-
viouswork hasfocusedonbenchmarksratherthanattackingactual
embeddedapplications.Second,our valuesetandpointersetdo-
mainsappearto work signi�cantly betterthando the interval and
bitwise domainsusedto analyzebitwidth in mostprevious work.
Third, we performtight bit-level packingacrossmultiple variables
to achieve goodsavingson very smallplatforms.Fourth,we com-
pressscalars,pointers,structures,andarrays.Most previouswork
hasfocusedonsomesubsetof thesekindsof data.Finally, wehave
carefully focusedon optimizationsandtradeoffs to avoid slowing
down andbloatingapplicationsunacceptably. This focuswasnec-
essarydueto theconstrainednatureof thehardwareplatformsthat
we targetandalsobecauseon cachelesssystemsthereis no possi-
bility of hidingoverheadsby improving locality.

A separatebody of work performsof�ine RAM optimization
usingtechniquesthatexploit thestructureof runtimesystemsrather
than(or in additionto) exploiting thestructureof applicationdata.
Barthelmann[6] describesinter-task register allocation,a global
optimizationthat saves RAM usedto storethreadcontexts. Our
previouswork [25] addressedtheproblemof reducingstackmem-
ory requirementsthroughselectivefunctioninliningandby restrict-
ing preemptionrelationsthat lead to large stacks.Grunwald and
Neves[14] save RAM by allocatingstackframeson the heap,on
demand,usingwhole-programoptimizationto reducethenumber
of stackchecksand to make context switchesfaster. We believe
thesetechniquesto becomplementaryto CComp: they exploit dif-
ferentunderlyingsourcesof savingsthanwedo.

Static bitwidth analysis. A number of researchers,including
RazdanandSmith [24], Stephensonet al. [26], Budiu andGold-
stein[9], AnanianandRinard[1], Verbruggeet al. [30], andour-
selves[12] have developedcompileranalysesto �nd unusedparts
of memoryobjects.Our researchbuilds on this previouswork, in-
novatingin a few areassuchasanalyzingdata�ow throughvolatile
variables.

Online RAM sizeoptimization. Theconstrainednatureof RAM
in embeddedsystemsis well known anda numberof researchef-
forts have addressedthis problemusing online schemesthat dy-
namically recover unusedor poorly usedspace.Biswaset al. [7]
andMiddha et al. [19] usecompiler-driven techniquesto blur the
lines betweendifferent storageregions. This permits, for exam-
ple, stacksto over�ow into unusedpartsof the heap,globals,or
otherstacks.CRAMES[32] savesRAM by applyingstandarddata
compressiontechniquesto swapped-outvirtual pages,basedonthe
idea that thesepagesare likely to remainunusedfor sometime.
MEMMU [2] provideson-linecompressionfor systemswithout a
memorymanagementunit, suchaswirelesssensornetwork nodes.
Ozturket al. [21] compressdatabuffersin embeddedapplications.
In contrastwith our work, thesetechniquesareopportunisticand
not guaranteedto work well for any particular run of a system.
OnlineRAM optimizationsaremostsuitablefor largerembedded
platforms with RAM sized in hundredsof KB or MB where—

statistically—therearealwaysenoughopportunities for compres-
sion to provide good results.Also, most online RAM optimiza-
tions incur unpredictableexecutiontime overheads(for example,
uncompressinga memorypageon demand)andthereforemay not
beapplicableto real-timesystems.

RAM layout optimizations. A signi�cant body of literatureex-
ists on changingthe layout of objectsin memoryto improve per-
formance,usually by improving spatial locality to reducecache
and TLB misses.Good examplesinclude Chilimbi et al.'s work
on cache-consciousstructurelayout [11] andRabbahandPalem's
work on dataremapping[23]. This typeof researchrelatesmostly
to our compressedstructurelayout work in Section4.6. As far as
we know, no existing work hasaddressedthe problemof bit�eld
layoutto minimizecodesizeor executiontime,aswehave.

Value-set-basedpointeranalysis. Abstractvaluesin ourvalueset
andpointersetdomainsaresetsof explicit concretevalues.Balakr-
ishnanandReps[3] usedvalue setanalysisto analyzepointersin
executablecode,but they usethetermdifferentlythanwedo.Their
abstractvaluesaresetsof reducedinterval congruences—ahighly
specializeddomaintunedto matchx86addressingmodes.

8. Conclusions
We developeda novel methodfor of�ine RAMcompressionin em-
beddedsoftwarethatemploysstaticwhole-programanalysisin the
value set and pointer set domains,followed by source-to-source
transformation.We have shown thatacrossa collectionof embed-
dedapplicationstargetingsmallmicrocontrollers,compressionre-
ducesan application's RAM requirementsby an averageof 12%,
in additionto a 10%savings througha deaddataeliminationpass
thatis alsodrivenby ourwhole-programanalysis.Thisresultis sig-
ni�cant becauseRAM is oftenthelimiting resourcefor embedded
softwaredevelopers,andbecausetheprogramsthatwestartedwith
hadalreadybeentunedfor memoryef�ciency. Our secondmain
contribution is a tradeoff-awarecompilationtechnique that,given
a goal in termsof RAM savings,attemptsto meetthatgoalwhile
giving up aslittle codesizeor asfew processorcyclesaspossible.
Finally, we have createda tool, CComp,that implementsof�ine
RAM compressionandtradeoff-awarecompilationfor embedded
C programs.
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