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Abstract

Modern systems-on-chips often allocate more silicon
real-estateon memorythanlogic. Theminimizationof on-
chip memorybecomesincreasinglyimportantfor thereduc-
tion of manufacturingcost. In this paper, wepresenta new
techniquethat minimizesmemoryusage. Incoporatedin a
behavioral synthesistool that synthesizesgeneral-purpose
C programs,this techniqueis fully automatedanddoesnot
relyonusers to explicitly specifydataflowinformation.Ex-
perimentalresultsshowthat significantimprovementscan
beachievedfor thebenchmarkset.

1 Intr oduction

Today’s telecommunicationand consumerelectronics
applicationsdemandcomputationalpower thatcanbemet
onlyby integratingmoreandmorehardwarecomponentson
a singlechip. Giventhatsuchapplicationstypically buffer
andprocessa large amountof data,the interfacebetween
logic andmemorytendsto becometheperformancebottle-
neck.While memoriesemploying advancedsignalingtech-
niquessuchasRambusmemoriesareemerging to alleviate
theproblem,it is oftensimplerandfasterto integratemem-
ory andlogic on a singlechip. It is hencenot surprisingto
find on-chipmemoriesto occupy a largerportionof silicon
areathanlogic doesin the futuresystems-on-chips.While
traditionalCAD researchhasdevotedto the minimization
of logic areain orderto reducemanufacturingcost,which
exponentiallydependson thedie size,theminimizationof
memorysizeof generalpurposeprogramshaslargely been
ignored.

Considera motivationalexamplein Figure1 (a), where
memoryblocksa, b andc needto beallocatedto certain
memoryarea.A naive allocation,asperformedby almost
all thesoftwarecompilers,is tomapeachof theblocktodis-
tinct memorylocations,asshown in Figure1 (c). A careful
inspectionof theprogramrevealsthatblocka andblockb
canin factbe shared,leadingto the allocationin Figure1
(e),whichcanbeobtainedby themodifiedprogramin Fig-
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block a, b, c;

p = &b;
for( i = 0; i < 100; i ++ )
    *p ++ = rom[i] * a[i];
p = &b; q = &c;
for( i = 0; i < 100; i ++ )
    *q ++ = *p  > 255 ? 255 : *p ++;
 

union {
    block a, c;
    } cluster1;
union { block b; } cluster2;

for( i = 0; i < 100; i ++ )
    cluster2.b[i] = rom[i] * cluster1.a[i];
for( i = 0; i < 100; i ++ )
    cluster1.c[i] = cluster2.b[i] > 255 ? 255 : cluster2.b[i];
 

(e)

block a, b, c;

for( i = 0; i < 100; i ++ )
    b[i] = rom[i] * a[i];
for( i = 0; i < 100; i ++ )
    c[i] = b[i] > 255 ? 255 : b[i];
 

Figure 1. A motiv ational example .

ure1 (d).
One might argue that the programmershould identify

suchopportunitiesof memorysharingandenforcethemthe
samewayasFigure1 (c) does.Webelievethisrequirement
is unrealisticfor the following reasons.First, the primary
goalof a programmer, or a behavior modeler(for thecase
of hardwaresynthesis),is to specifyfunctionality, andread-
ability andmaintainabilityhashigherpriority than imple-
mentationdetails.Second,astheapplicationcomplexity in-
creases,automatedoptimizationtoolshave a betterchance
to find optimalsolutionthantheprogrammers.

Simpleasit mayseem,thememoryoptimizationin Fig-
ure1 is rarelyperformedin traditionalsoftwarecompilers
andbehavioral synthesistools [5, 8]. Therearea number
of reasonswhichpreventsuchoptimizationsfrom beingin-
corporated,amongthe mostfundamentalonesis the diffi-
culty of revealingdatadependency information for mem-
ory blocks underthe presenceof pointers. For example,
Figure 1 (b) performsthe samefunction as Figure 1 (a),
except pointer is usedto accessmembersof the memory
block. While a powerful programmingconstruct,pointer
introducestheso-calledmemoryambiguityto theprogram,
which is known to bethekiller for datadependency analy-
sis.Forexample,in Figure1 (b), it is hardtoconcludethatp
alwayspointsto thememoryblockb withoutsophisticated



analysis.As a result,onehasto conservatively assumethat
thevalueof c maydependon thevalueof a, underwhich
casea andc canno longerbeshared.

While onecanopt to usedomain-specificlanguagesto
alleviate the problem,The reality is that most systemde-
signersuseC andits derivativesfor systemmodelingand
validation, and they usually exploit the power of pointer
constructsfor thedesignof complex datastructuresandal-
gorithms.While thetrendis to directlysynthesizeC instead
of behavioral HDLs into customhardwareas needed[9],
thisparadigmshift is notassimpleasachangeof language
frontend. Among the many challengesis the development
of optimizationstrategiesunderthepresenceof pointercon-
structs.

In this paper, we focuson the problemof staticmem-
ory allocationfor generalpurposeC programs.We achieve
our goal of memoryminimizationby discovering chances
of memorysharing. The major contribution of this paper
is thatunlike traditionalworkswhich eitherdependon ex-
plicit dataflow information,or regulararraydatastructure,
we rely on the useof sophisticatedpointeranalysistech-
niquesto reveal the memoryaccesspatternswith reason-
ableaccuracy, andhenceweareableto extendthescopeof
programsthatthememorysharingoptimizationcanapply.

The rest of the paperis organizedas follows: In Sec-
tion 2, wediscusstherelatedworks. In Section3, wemake
anumberof simplifying assumptionsandstatetheproblem
formulation. In Section4 we presentour algorithmsin de-
tail. In Section5, weshow theexperimentalresults.

2 RelatedWork

Thememoryplacementproblemfor instructionanddata
cacheperformanceoptimization has beenstudiedexten-
sively in the compiler community. More recently, Panda
et. al. [10] havestudiedthissubjectfor embeddedsoftware
andhardware.

The memorysizeminimizationproblemhasbeencon-
sideredundertwo occasions:First, BhattacharyyaandLee
[1] have studiedbuffer minimizationfor theso-calledsyn-
chronousdataflow (SDF)programs.A SDFprogrammod-
els thedata(memory)accessexplicitly usingarcsbetween
thecomputationalactorsandhencethememoryminimiza-
tion problemis well formulated. Second,a numberof re-
searchgroups,for example,theIMEC Acropolisgroup[2],
andIrvine ACESgroup[6], have studiedthememorymin-
imizationproblemfor regulardatastructure.In their study,
efficientanalysistechniquesareusedto optimizeprograms,
typically thosein multimedia domain, which operateon
multi-dimensionalarrays.

The major differencebetweenour work andthe above-
mentionedefforts is that we targetpointer-intensive appli-
cations,and we focus only on sequentialprograms. The

practicalimplicationof this is thatour tool canhandlearbi-
traryC codeswith arbitrarycomplex datastructures.Given
the fact thatmostapplicationsarefirst developedandvali-
datedin C, andtheamountof effort involvedin transform-
ing theminto dataflow programs,our tool canbeattractive
for thosewhowould like to directlysynthesizeC programs
into hardware.

Our tool relieson pointeranalysistechnique,which has
beenan intensive researchareain its own right. Pointer
analysistechniquescanbeclassifiedascontext-insensitive
[12], and context-sensitive [14], with the latter having
higher accuracy but also higher complexity. The pointer
analysistechniquesare traditionally usedfor instruction-
level performanceimprovement. Recently, [7] usesrefer-
enceanalysis(thesimplified,Javaversionof pointeranaly-
sis)for coarse-grainedparallelism.[11] usestheanalyzerof
[14] for pointerresolutionin hardware.Comparedto these
efforts, our contribution is the new applicationof pointer
analysistechniquefor memoryminimization.

Whenenoughinformation is collectedby analysis,we
use graph coloring algorithm for memory sharing. The
samealgorithmhasbeenusedfor the problemof register
allocation[3].

3 ProblemFormulation

Thispapertacklesthestaticmemoryallocationproblem,
which assignsaddressesto staticallydeclaredvariablesin
a programin sucha way that the total memoryusageis
minimizedwithoutalternatingtheprogrambehavior.

In thetext thatfollows,weusethe formalalgorithmno-
tation (FAN) to statedefinitionsand describealgorithms.
Unlike pseudo-codebasedalgorithmdescription,FAN re-
lies on a typesystem,whereeachtype is representedby a
set,to presentthe algorithmin a formal, preciseway. For
example,the type

��� A representsa power setof A, andthe
type ��� A representsasequenceof elementsin A. Readersare
expectedto find this notationvery similar to any strongly-
typedprogramminglanguagesandhencestraightforwardto
be translatedinto implementation,yet abstractenoughto
allow concisepresentation.

Wemakeseveralsimplifying assumptionsfor thesakeof
concisepresentation.

Assumption1 The program does not contain dynamic
memoryallocation.

Accordingto Assumption1, thereshouldbe no system
callsmalloc andfree involvedin aCprogram.Notethat
relaxingthis assumptiondoesnot breakour tool sinceit is
notourtool’sjob to managedynamicmemoryanyway. One
canfold all dynamicallyallocatedmemoryinto onesingle
memoryblockandapplyourproposedalgorithmeasily.

2



Giventhat,wecansafelyassumethatall memoryopera-
tionsareperformedon a setof memoryblockswith known
sizeat compiletime. This memoryblock setis formalized
in Definition1.

Definition 1 A memory block b : Block is a memberof

Block = tuple � 1
size : � ; 2�

3

Sincethestaticallydeclaredvariablescanbepotentially
accessedby all procedures,oneneedsan inter-procedural
analysisframework in orderto carry out the optimization.
We assumethat sucha framework existsandit effectively
providestheillusion thatall procedurecallsareinlinedand
the entire programcan be representedas a singlecontrol
flow graph.

Assumption2 A behavioral program can be represented
asa control flowgraph,asdefinedin Definition2.

Definition 2 A control flow graph g : Cf g a memberof

C f g = tuple � 4
V : 	�
 Instrn; 5

E : V � V; 6�
7

Here,theverticesof thecontrolflow graphrepresentsa
basicblock,or asequenceof non-branchinginstructions,as
definedin Definition 3, andedgescapturethecontrolflow
information.

Assumption3 The instructionsin the control flow graph
are in staticsingleassignmentform(SSA)[4].

Definition 3 An instruction i : Instrn is a memberof

Instrn = tuple � 8
opcode : � LD  ST AC  IC  FC  OP PHI � ; 9
srcs : 	�
 Instrn� Block������� ; 10�

11

Each instruction is characterizedby its opcode and
operands. The LD opcodeindicatesa memory load op-
eration,whoseonly operandindicatesthe addressof the
memorylocation.TheSTopcodeindicatesamemorystore
instruction,whoseoperandsindicatetheaddressandvalue
respectively. TheAC opcodeindicatesanaddressconstant

instruction,whichtakesamemoryblockasits operand.The
IC opcodeindicatesan integerconstantinstruction,which
takesanintegernumberasits operand.TheFC opcodein-
dicatesa floating-pointconstantinstruction,which takesan
floating point numberasits operand.The PHI instruction
is an artifact of SSA analysis[4], which combinesall its
operands,eachof which coming from a differentbranch,
into a singlevalue. TheOPopcodeindicatesthesetof in-
structionswhich do not have sideeffectson memory, such
asadditionandsubtraction.Thedifferencesbetweenthese
instructionsarenot madesincethey are irrelevant for the
subsequentanalysis.

int *B0;
int B1[100], B2[100];
int B3[200];

int main() {
    char *p, *q;

    B0 = B3;
    B1[0] = 10;
    if( cond )
        q = &B1[2];
    else
        q = B2;
    *q = B1[0];
    p = B0;
    *p = *q;
    }

(0):  AC B3
(1):  AC B0
(2):  ST (1) (0)
(3):  IC 10
(4):  AC B1
(5):  ST (4) (3)

(6):  AC B1
(7):  IC 8
(8):  OP (7) (8)

(9):  AC B2

(10):  PHI (8) (9)
(11):  AC B1
(12):  LD (11)
(13):  ST (10) (12)
(14):  AC B0
(15):  LD (14)
(16):  LD (10)
(14):  ST (15) (16)

Figure 2. An example C program and its con-
trol flo w graph.

Under theseassumptions,we can formulate the static
memoryallocationproblemasfollows.

Definition 4 Givena static memorysetB :
���

Block and a
control flow graphg : Cf g, a static memory allocation is
a function � : B ���� such that

� the total memorysize Σimaxb � B � ��� b�! isizeb is mini-
mized;

�#" b1 $ b2 % B $ �'& b1 (*) �'& b2 (,+ for every execution
trace of g, lifetime of b1 doesnot overlap with that
of b2. Here the lifetimeof a memoryblock for an ex-
ecutiontraceis definedby the time betweenit is first
writtenandlast read.

4 Static Memory Allocation Algorithm

Ourproposedalgorithmproceedswith four steps.
In the first step,control flow analysisis performedto

obtainthedominancetreeD (Line19). A controlflow graph
nodea is saidto dominate,or bethedominatorof, another
nodeb if every executionpathwhich passesb alsopasses
a. A dominancetreeis establishedby addinganedgeto a
nodefrom its immediatedominator. Thedetailedalgorithm
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for deriving thedominancetreeis ignoredheresinceit is a
well-known algorithm.

In the secondstep (Line 20), pointer analysisis per-
formed to obtain the point-to function, which mapseach
instructioncontainedin thecontrolflow graphto thesetof
possiblememoryblocksthattheresultvalueof theinstruc-
tion maypoint to.

In thethird step(Line 21),giventhedominancetreeand
point-to function, livenessanalysis is performedto con-
structsthe interferencegraph, where eachvertex in the
graphrepresentsa memoryblock, andeachedgebetween
two verticesindicatesthatthecorrespondingblockscannot
beshareddueto theoverlapof their life times.

Finally (Line 22), the interferencegraphis coloredto
obtaintheallocationresult.

Algorithm 1

memAlloc = func( 12
B : -/. Block  g : C f g 13
) : B 012�3� 14
var D : Vg � Vg; 15
var p : Instrn 014-/. B; 16
var I : B � B; 17

18
D = dominanceAnalysis5 B  g6 ; 19
p = pointerAnalysis5 B  g6 ; 20
I = liveAnalysis5 B  g D  p6 ; 21
return coloring 5 B  I 6 ; 22�

23
24

4.1 Pointer Analysis

As statedearlier, theaimof pointeranalysisis to givean
estimateof theruntimevaluesof all instructions.Of partic-
ular intereststo the pointeranalysisarethoseruntimeval-
ueswhich happento betheaddressesof memorylocations
within the memoryblocksunderstudy, called the pointer
values. Thechallengeof pointeranalysisis thatall impera-
tiveprogramsmaintainaruntimestate,whichitself consists
of memoryblocks. Sincethe programstatemay contain
pointervalues,andis constantlyretrieved andupdatedby
the LD and ST instructions,it is mandatorythat the pro-
gram stateis kept track of. In other words, the possible
addressvaluesthateachmemorylocationmayassumemust
bemaintainedateveryprogrampoint. Unfortunately,unlike
instructionsthemselves, the numberof memorylocations
is unboundedsincethe sizeof programstateis unlimited
(if dynamicmemoryis involved)andevery memoryword
canpotentiallyhold anaddressvalue. Therefore,approxi-
mationsneedto beintroducedto reducethecomputational
cost.

Assumption4 Differentelementsof thesamearrayarenot
distinguished.

AccordingtoAssumption4,all arrayelementsarefolded
into a single location set and pointer arithmeticdoesnot
changethecorrespondingpointervalue. Note that this as-
sumptionis madeby all thepointeranalysistoolsdueto the
fact thatarrayindexescannot be inferredat compiletime,
with theexceptionof loop inductionvariables.

Assumption5 Different fieldsof the samerecord are not
distinguished.

Accordingto Assumption5,addresseswith constantoff-
setsfrom a memoryblock arealsofolded into a singlelo-
cationset.Notethatthis assumptionis presentedhereonly
for thesimplificationof presentationsincetogetherwith As-
sumption4, thereis no needto distinguishdifferent loca-
tions in the samememoryblock, and we can simply use
memoryblocksaspoint-tovalues.For a detailedtreatment
wherethe distinction is made,the readersare referredto
[14].

(0):  AC B3
(1):  AC B0
(2):  ST (1) (0)
(3):  IC 10
(4):  AC B1
(5):  ST (4) (3)

(9):  AC B2(9) −> {B2}
(6) −> {B1}
(7) −> {}
(8) −> {B1}

(6):  AC B1
(7):  IC 8
(8):  OP (7) (8)

(0) −> {B2}
(1) −> {B0}
(2) −> {}
(3) −> {}
(4) −> {B1}
(5) −> {}

(10) −> {B1,B2}
(11) −> {B1}
(12) −> {}
(13) −> {}
(14) −> {B0}
(15) −> {B3}
(16) −> {}
(17) −> {}

(10):  PHI (8) (9)
(11):  AC B1
(12):  LD (11)
(13):  ST (10) (12)
(14):  AC B0
(15):  LD (14)
(16):  LD (10)
(14):  ST (15) (16)

Figure 3. Pointer analysis.

Algorithm 2 shows thesimplifiedpointeranalysisalgo-
rithm. Note that p maintainsthe pointervaluesof all in-
structions,state maintainsthe pointer valuesof program
stateat theendof eachbasicblock,andstatemaintainsthe
pointervaluesof programstateateachprogrampoint.

Thealgorithmsis formulatedundera standarddataflow
analysisframework. For eachiteration,it traversesthecon-
trol flow graphin preorder. For eachcontrol flow graph
nodev, it first combinesall theprogramstatepointervalues
of all its predecessorsinto state& v( . It thencomputesthe
pointervaluefor eachinstruction.WhenanLD instruction
is encountered,thepointervalueis retrievedfrom state& v( .
Likewise, whena ST instructionis encountered,state& v(
is updatedaccordingly. The programterminatesuntil the
fixed-pointconditionis reached,that is, the point-to value
of every instructionis notchanged.
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Algorithm 2

pointerAnalysis= func( 25
B : -/. Block  g : C f g 26
) : Instrn 017-8. B � 27
var p : Instrn 014-/. B; ; 28
var state : Vg 0145 B 017-8. B 6 ; 29
var changed : � true f alse� ; 30
var new : -8. B; 31

32
while( 5 ) changed ) � 33
changed = false; 34

35
forall( v 9 preorder 5 Vg  Eg 6 ) � 36

forall( b 9 B ) 37
state5 v6:5 b6 = ; u < pred= v> Eg ? state5 u6!5 b6 ; 38

forall( i 9 v ) � 39
if ( opcodei @ IC A opcodei @ FC ) 40

new = B ; 41
elseif ( opcodei @ AC ) 42

new = � srci 	 0
 � ; 43
elseif ( opcodei @ OP ) 44

new = p 5 srci 	 0
 6 ; 45
elseif ( opcodei @ PHI ) 46

new = ; s< srci p 5 s6 ; 47
elseif ( opcodei @ LD ) 48

new = ; b < p = srci C 0D ? state5 b6 ; 49
elseif ( opcodei @ ST ) � 50

forall( b 9 p 5 srci 	 0
 6 ) 51
state5 i 6:5 b6E; = p 5 srci 	 1
 6 ; 52�

53
if ( new F@ p 5 i 6 ) � 54

p 5 i 6 = new; 55
changed = true; 56�

57�
58�
59�
60

return p ; 61�
62
63

Figure3 showshow theexamplein Figure2 is annotated
with thepoint-toinformationat theleft handside.

4.2 Infer enceGraph Construction

Next, the interferencerelationbetweenmemoryblocks
hasto beestablished.

To achieve this, onehasto first find out wherethedefi-
nition point of eachmemoryblock, that is, whereit is first
assigneda value.Notethattheanswermayvary for differ-
entcontrolflow graphnodesif they happento belongto the
differentbranchesof the program. On the otherhand,the
answershouldbethesamefor all thenodesalonga partic-
ular pathof thecontrol flow graph. Thealgorithmtries to
constructthedef , whichmapsamemoryblock to its defin-
ing instructionfor eachflow graphnode,by traversingthe
flow graphin the preorderof its dominancetree D. For
eachnodetraversed,it first inheritsthedefinitionpoint in-
formationfrom its immediatedominator. Thenfor eachST
instructionsit encounters,it updatesthedefinitionpoint in-
formationif it is thefirst time thatthecorrespondingmem-
ory block is assigned.

Thealgorithmthentraversesthecontrolflow graphback-
wardsby computingthe live setof eachnode,that is, the
setof memoryblocksthatarealive at thebeginningof the
node.Thelivesetof eachnodeis initializedastheunionof
thelive setsof all its successors.Giventheorderof traver-
sal,weareassuredthatthelivesetsof successorshavebeen
computed.Instructionsin thenodeis thenexaminedin the
reverseorder:First,wheneveranLD instructionis encoun-
tered,the correspondingmemoryblocksareaddedto the
live set. Second,whenever a definition point is encoun-
tered,thecorrespondingmemoryblocksareexcludedfrom
theliveset.Third,wheneveramemoryaccessinstructionis
encountered,interferenceedgesbetweenthecorresponding
memoryblocks and the elementsof the live set are con-
structed.

Finally, theinterferenceedgesetis returned.

(0):  AC B3
(1):  AC B0
(2):  ST (1) (0)
(3):  IC 10
(4):  AC B1
(5):  ST (4) (3)

(9):  AC B2

(9) −> {B2}

(6) −> {B1}
(7) −> {}
(8) −> {B1}

(6):  AC B1
(7):  IC 8
(8):  OP (7) (8)

(0) −> {B2}
(1) −> {B0}
(2) −> {}
(3) −> {}
(4) −> {B1}
(5) −> {}

(10) −> {B1,B2}
(11) −> {B1}
(12) −> {}
(13) −> {}
(14) −> {B0}
(15) −> {B3}
(16) −> {}
(17) −> {}

(10):  PHI (8) (9)
(11):  AC B1
(12):  LD (11)
(13):  ST (10) (12)
(14):  AC B0
(15):  LD (14)
(16):  LD (10)
(17):  ST (15) (16)

(10): {B0,B1} 
(11): {B0,B1}
(12): {B0,B1} 
(13): {B0,B1} 
(14): {B0,B1,B2}
(15): {B0,B1,B2}
(16): {B1,B2}
(17): {}
      : {B3}

(9): {B0,B1}

(0): {} 
(1): {}
(2): {} 
(3): {B0} 
(4): {B0} 
(5): {B0}

(6): {B0,B1}
(7): {B0,B1}
(8): {B0,B1}

Figure 4. Liveness analysis.

Figure3 shows theexamplein Figure2 annotatedwith
thelivesetinformationfor eachinstructionattheright hand
sideof eachbasicblock.

4.3 Graph Coloring

Giventheinterferencegraph,graphcoloringcanbeper-
formedto obtaina clusteringof memoryblocks. That is,
thememoriesthatareassignedthesamecolor areto beas-
signedthe samememoryaddress.The algorithmemploys
theheuristicsusedin [3].

5 Experimental Result

We performedexperimentson the TorontoDSPbench-
marksuitedevelopedanddistributedby LeeandChow [13].
Thisbenchmarksuitecontainsboththekernelbenchmarks,
whichconsistof smallprogramsextractedfrom DSPappli-
cations,andthe applicationbenchmarks,which consistof
completeprogramsperformingparticulartasks. Sinceour
tool is targetedtowardsexploiting memorysharingfor large
programs,it makesmoresensethatweexamineapplication
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Benchmark #lines size size saving
w/t opt. w/o opt.

adpcm 489 2,336 2,336 0%
spectrum 321 2,032 2,032 0%
compress 324 70,912 70,656 0.3%

edgedetect 224 327,752 196,644 40%
histogram 87 133,120 67,584 50%

lpc 632 7,388 5,708 23%

Table 1. Memor y saving for Toronto DSP
Benc hmark Suite .

benchmarks.While mostof thesebenchmarksusearrays
extensively, ourexperimentsarecarriedouton thosewhere
arraysare accessedusing pointersand hencearray-based
analysisbecomesinsufficient.

Table1 summarizesthememorysaving we canachieve
for the following benchmarks:adpcm, spectrum, and
lpc are various speech processingapplications; and
compress, edge detect, andhistogram areimage
processingapplications. The complexity of eachbench-
markis givenin thefirst columnin termsof numberof lines
of C code. The secondcolumn gives the memoryusage
withoutoptimizations(notethatafew benchmarksaremod-
ified to removethemanualoptimization).Thethird column
givesthememoryusageif optimizationis performedusing
our tool. Theforth columngivesthepercentageof memory
saving weareableto achieve.

We observe that themorecomplex thedatastructurean
applicationhas, the more chancesit may have for mem-
ory minimization.For example,theadpcm benchmarkhas
only two arraysfor input andoutput,aswell asseveralar-
raysto keepfilter coefficient, in which caseour tool does
not reallyhelp.On theotherhand,for thelpc benchmark,
wheretherearetwelvearrays,eachof whichmayhavedif-
ferentsizesanddifferentlogicalpurposes,wecancompress
the memoryby merging arrayswith non-overlappinglife-
times. Note that this is also consistentwith the intuition
thatthemorecomplex theapplicationis, themoreunlikely
theprogrammerscanafford to performmanualmemoryop-
timization.

6 Conclusion

In thispaper, wehavepresentedtheimportanceof mem-
ory minimizationunderthecontext of systems-on-chip.We
thenpresenteda new techniquefor theglobalminimization
of memories.Unlikepreviouswork, thistechniquecanhan-
dle arbitraryC programs,includingthosewhich usepoint-
ersintensively. Wedemonstratetheeffectivenessof thisap-
proachby applyingtheproposedtechniqueon DSPbench-

marks.Futurework will extendto thestudyof networking
applications,whichcontainsirregulardatastructure,aswell
asalgorithmimprovement,for example,enhancingtheac-
curacy of pointeranalysis,aswell astheefficiency of mem-
ory allocation.

References

[1] S.S.BhattacharyyaandE.A. Lee.Memorymanagementfor
dataflow programmingof multiratesignalprocessingalgo-
rithms. IEEETrans.on SignalProcessin, 42(5),May 1994.

[2] F. Catthoor, S.Wuytack,E. D. Greef,F. Balasa,L. Nachter-
gaele,andA. Vandecappelle.CustomMemoryManagement
Methodology, Exploration of memoryorganizationfor em-
beddedmultimediasystemdesign. Kluwer AcademicPub-
lisher, Boston,MA, June1998.

[3] G. Chaitin, M. Auslander, A. Chandra,J. Cocke, M. Hop-
kins, and P. Markstein. Register allocatinonvia coloring.
ComputerLanguages, 6(1):47–57,1981.

[4] R. Cytron, J. Ferrante, B. Rosen, M. Wegman, and
F. Zadeck. Efficiently computingstaticsingleassignment
form andthecontroldependencegraph.ACM Transactions
onProgrammingLanguagesandSystems, October1991.

[5] D. Gajski,N. Dutt,A. Wu,andS.Lin. High LevelSynthesis:
Introductionto ChipandSystemDesign. Kluwer Academic
Publishers,1992.

[6] P. Grun, F. Balasa,and N. Dutt. Memory size estima-
tion for multimediaapplications. In Workshopon Hard-
ware/Software Codesign, Seattle,March1998.

[7] R. HelaihelandK. Olukotun. Java asa specificationlan-
guagefor hardware-software systems. In Proceedingsof
the International Conferenceon Computer-Aided Design,
November1997.

[8] G. D. Micheli. Synthesisand Optimizationof Digital Cir-
cuits. McGraw Hill, 1994.

[9] G. D. Micheli. Hardwaresynthesisfrom c/c++ models. In
Proceedingsof theDesignAutomationandTestConference
in Europe, March1999.

[10] P. Panda,N. Dutt, andA. Nicolau. MemoryIssuesin Em-
beddedSystems-on-chip : Optimizationand Exploration.
Kluwer AcademicPublisher, Boston,MA, October1998.

[11] L. SemeriaandG. D. Micheli. Spc:Synthesisof pointersin
c: Applicationof pointeranalysisto thebehavioral synthesis
from c. In Proceedingsof the InternationalConferenceon
Computer-AidedDesign, pages321–326,November1998.

[12] B. Steensgaard.Efficient context-sensitive pointer analy-
sis for c programs. In Proceedingsof the 1996 Interna-
tional Conferenceon Compiler Construction, pages136–
150,April 1996.

[13] http://www.eecg.toronto.edu/˜corinna .
[14] R. Wilson andM. Lam. Efficient context-sensitive pointer

analysisfor c programs. In Proceedingsof the ACM SIG-
PLAN Conferenceon ProgrammingLanguage Designand
Implementation, pages1–12,June1995.

6


	Main
	DATE2001
	Front Matter
	Table of Contents
	Session Index
	Author Index


