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Abstract

As technolagy scalesand processorspeedsimprove,
powerhasbecomea r st-order designconstaintin all as-
pectsof processordesign. In this paper we explore the
useof criticality metricsto reducedynamicandleakage en-
ergy within data caches. We leverage the ability to predict
whetheran accessis in the application’s critical path to
partition the accesse$nto multiple streams. Accessesn
the critical path are servicedby a high-performancehot)
cache bank. Accessesiot in the critical path are serviced
by a lower enegy (and lower performance(cold)) cache
bank. The resultingorganizationis a physically banked
cache with differentlevelsof enegy consumptiorand per
formancein ead bank. Our resultsdemonstate that suc
a classi cationof instructionsand dataacrosstwo streams
can be achievedwith high accuracy. Eacd additional cy-
clein the cold cache accesdime slowsperformancedown
by only 0.8%. However, suc a partition canincreasecon-
tentionfor cache banksandentail non-neligible hardware
overhead. While prior reseach has effectivelyemployed
criticality metricsto reducepowerin arithmeticunits, our
analysisshowsthatthe succes®f thesetechniquesare lim-
ited whenappliedto datacaches.

Keywords: Low-powermicroprocessos, data cades,
instructioncriticality.

1 Intr oduction

Technologyimprovementsresulting in increasedchip
densityhave forced power and enegy consumptiornto be
rst-order designconstraintsn all aspect®f processode-
sign. Furthermorein currentprocessors large fraction of
chip areais dedicatedo cache/memorgtructuresandwith
eachtechnologygeneratiorthis fraction continuesto grow.
As aresult,cachesaccounfor asigni cant fractionof over-
all chip enegy. For example,in the Alpha 21264 [11],
cachesaccounfor 16% of enegy consumed.

In this work we focus on reducingboth dynamicand
leakageenegy of L1 datacachesby exploiting informa-
tion on instruction criticality. Instructionsof a program
have data,control,andresourcalependenceamongthem.
Chains of dependentinstructionsthat determinea pro-
gram's executiontime arereferredto asthe critical paths.
In otherwords, instructionsthat canbe delayedfor oneor
morecycleswithout affectingprogramcompletiontime are
consideredo notbe onthecritical path. Suchinstructions,
referredto asnon-criticalinstructions,afford somedegree

of lateng tolerance By identifying theseinstructionscon-
sistentlyand correctly they are directedto accessa stat-
ically designedow enegy and lower performancegcold)
cachebank. Critical instructionsaredirectedtowarda (hot)
cachebankdesignedor high performance.The resulting
organizatioris aphysicallybankedcachewith differentlev-
elsof enegy consumptiorandperformancen eachbank.

The challengesn suchanimplementatioraretwo-fold:
(i) determiningthe bankin which to placea given pieceof
data,and(ii) partitioningtheinstructionstreaminto a crit-
ical anda non-criticalstream.Our analysisof the dataand
instructionstreamof a rangeof applicationsshavs thatthe
criticality of bothinstructionsanddatashaows high consis-
teng. Basedonthis analysiswe steerinstructionsto cache
bankshasedntheinstructions programcounterandplace
datain thesebanksbasedon the percentagef critical in-
structionsaccessinghe dataline.

If thecold caches designedo behighly enegy-efcient
(consuming20% of the dynamic and leakageenegy of
the hot cache),we obsene L1 datacacheenegy savings
of 37%. Our resultsindicatethat critical instruction(and
data) predictionis reliable enoughthat performancede-
gradesby only 0.8% for eachadditionalcycle in the cold
cacheaccesgime. This allows usto employ power-saving
techniqueswithin the cold cache that might have dramati-
cally degradedperformanceaf employedin a corventional
cache. However, the re-omganizationof data acrossthe
hot and cold banksincreasesontentionandthis degrades
performanceby 2.7% comparedto a corventionalword-
interleavedcache Hence for thehot-and-coldorganization
to be effective, the latengy costof employing the power-
saving techniquesn the corventionalcachehasto be pro-
hibitive. While prior work haseffectively employed crit-
icality metricsto designlow-power arithmeticunits [23],
our resultsshav thatcriticality-directedlow power designs
arenot highly effective in L1 cachesof high-performance
processors.

In Section2, we elaborateon techniqueghathave been
proposedo addres&negy consumptiorin cachesandmo-
tivatetheuseof staticallydesigneccachesin Section3, we
analyzetheconsisteng of aprogramsinstructionsanddata
in termsof criticality to determineaf their behaior lendsit-
self to criticality-basedclassi cation. Section4 describes
our cacheimplementation We presentits performanceand
enegy characteristicin Section5. Finally, we concludein
Section6.



2 Energy-Delay Trade-offsin SRAM Design

A numberof circuit-level and architecturaltechniques
can be employed to reducedynamic and leakageenegy
in caches.At the circuit level, as procesgechnologyim-
proves,carefultransistorsizing canbe usedto reduceover
all capacitanceandhencedynamicenegy. Sincedynamic
enegy is roughly proportionalto the squareof ~ , lower
ing canhelpreducedynamicenepgy. Simultaneougo
the above circuit-level techniquesarchitecturatechniques
suchasbanking, serialtag and dataaccessand way pre-
diction [21], help lower dynamicenegy by reducingthe
numberof transistorswitchedon eachaccessThis comes
atthe costof increasedateny and/orcomplexity. For ex-
ample,delayis roughlyinverselyproportionalto

Several techniqueshave beenproposedo reduceleak-
age enepgy while minimizing performancdoss|[3, 4, 10,
12, 13, 16, 20, 31]. For example,higher  deviceshelp
reduceleakageenegy [20]. However, whenappliedstati-
callytotheentirecachegspeciallytheL1 cachetheseech-
niguesincreaseaccesdateng. Sincean L1 cacheaccess
time musttypically matchprocessospeed.an increasen
accesdateng by even a cycle canhave a signi cant im-
pacton performancg12]. Circuit-level techniqueshatuse
dynamicdeactvationto switchto a low leakagemodein-
creasemanufcturingcostand/oraffect lateny andenegy
consumptiorof thefastmode(eitherin steady-stater due
to thetransition).Our goalin this paperis to examineways
by which staticlow-power designsof cacheamight be ex-
ploited using architecturatechniqueso reduceboth leak-
ageanddynamicenegy consumptiorwhile minimally af-
fectingperformance.

3 Instruction and Data Classi cation

From the discussionin the previous section,it is clear
thatthecostof decreasingnegy consumptiorof L1 caches
is an increasein averageaccesgime of the cache. One
way to mitigatethis performancdossis to overlapthe ex-
tra accesgime penaltyincurreddueto the enegy saving
techniqueswith the executionof otherinstructionsin the
program. Suchoverlappingis only possibleif the corre-
spondingload instructionis not on the applicationcritical
path,wherethe critical pathis de ned by thelongestchain
of dependeninstructionswhoseexecutiondeterminesap-
plicationcompletiontime. We proposeatechniqueo iden-
tify suchnon-criticalinstructionsandsteerdataaccessetly
theseinstructionsto a low enegy and lower performance
cold bank,while critical loadsarestill sened from a fast,
hotbank.

3.1 Criticality Metrics

Recentwork [8, 9, 26, 27, 28] hasexaminedthe detec-
tion of instruction(and/ordata)criticality. Srinivasanand
Lebeck[27] useda simulatorwith roll-back capabilitiesto
accuratelyclassifyeachinstructionascritical or not. More
recentstudieshave proposedeuristicghatapproximatehe

above detailedclassi cation methodto allow feasibleim-
plementationsSrinivasaretal. [26] andFiskandBahar[9]
determinethat load instructionsare critical if they incur a
cachemiss,or leadto a mispredictedbranch,or slow down
the issuerate while waiting for datato arrive. Fields et
al. [8] classifyaninstructionascritical if it is partof achain
of successie wake-up events. Tuneet al. [28] proposea
numberof heuristicsthat predict whetherinstructionsare
critical or not. For example their analysisshavs thattreat-
ing the oldestinstructionsin theissuequeueascritical per
forms aswell as othermore complicatedmetricsthat use
datadependencehaininformationto determinecriticality.

Our analysisalsocon rms thatusingthe positionof the
instructionin theissuequeueto determinéts criticality per
formscomparablyto techniqueghatusemorecomplicated
metrics. Using this Oldest- technique,an instructionis
deemeccritical if it is amongthe oldest instructionsin
the issuequeueat issuetime, where is a pre-de ned
parameter Sincereadyinstructionsthat are further down-
stream(notamongtheoldest ) haveagreaterdegreeof la-
teng toleranceijt is fair to markthemasnon-critical. Note
thatsuchaheuristictendsto identify instructionsalongmis-
predictedpathsasbeingnon-critical,becausemispredicted
instructionsareusuallynot the oldestinstructionsin theis-
suequeue. The following advantageanotivate the use of
Oldest- in our design: (i) No hardwaretableis required
to predictinstructionsascritical becausehe positionin the
issuequeueat the time of issueis sufcient to determine
criticality. (i) The ratio of critical to non-critical instruc-
tionscanbetunedby varying

3.2 Classifying Load Instructions

This subsectiorattemptsto quantify the consisteng of
criticality behavior of load instructionswith the Oldest-N
metric. Similar resultswere seenwhen employing other
comple criticality metrics. In our analysis, allows
themostaccurateclassi cationof instructionsascritical or
not — in otherwords, this setof instructionsyielded mini-
mal performancémpactwhenslowed by a cycle. Figurel
shaws a histogramof the percentagef loadsthatshow the
samecriticality behaior astheir lastdynamicinvocation.

In Figurel, we obsenethatfor mostof theapplications,
over85%of dynamicloadshave thesamecriticality astheir
previousinvocation.Only gap (80%)andtwolf (84%) have
a slightly lower degree of consisteng. On average,over
88%of loadsshav consistentriticality behavior. The high
consisteng exhibited by loads motivatesthe useof hard-
ware predictorsto partition accessesto critical and non-
critical streams.

3.3 Classifying Data Blocks

While the resultsin the previous subsectiorreveal that
instructionscanbe statically catgyorizedascritical or non-
critical, the samebehaior neednot hold true for accessed
datablocks.A singlecachdine is accessefly anumberof
loadsandstores,not all of which may have the samecrit-
icality behavior. In orderto be ableto placedatain either



Percentage of loads showing the same behavior as their last
invocation
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Figure 1. Consistenc y of Load Criticality
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Figure 2. Percentage of critical accesses to a data
cache block. The gure is a histogram showing
the percentage of data blocks that had a particular
fraction of accesses from critical loads.

the hot or cold cachebank,we have to determindf theac-
cessego cacheblocks are dominatedby either critical or
non-criticalloads/storeskigure2 shavs a histogramof the
distribution of datacacheblocks basedon the percentage
of accesseto eachblock that were attributableto critical
loads. This is computedby averagingthe histogramsfor
eachindividual program. From Figure 2, we obsene that
nearly46% of datacacheblockshave 90 to 100%of their
accessefrom critical loads. Similarly, 16% of datablocks
have only 0 to 10%o0f theiraccesseom critical loads(i.e.,
over 90% of their accessearedueto non-criticalmemory
operations).Theseresultsindicatethatdatablocksarealso
oftenexclusively critical or non-critical. However, thereis a
non-trivial percentagef blocksthatareaccessedquallyby
critical andnon-criticalloads,andsteeringsuchdatablocks
to one of the cachebankswill impactperformanceand/or
enegy. When using smallercacheline sizes,blocks are
morestronglypolarizedasbeingcritical or non-critical. Al-
thoughsmallerinesreducenterferencdrom accesbeha-
iors of otherwordsin aline, therestill remaina numberof
wordsthatareaccesse@quallyby critical andnon-critical
loads/stores.

4 The Hot-and-Cold Banked Cache

ProposedOrganization. Motivated by the resultsin
Section3, we proposea hew organizationfor the L1 data
cachethatis composedf multiple cachebanks with some
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Figure 3. The Energy-Aware Hot-and-Cold Banked
Cache

banksbeingenepgy-ef cient andtherestbeingdesignedor

thefastespossibleaccessime. Figure3 shavsahigh-level

block diagramof the proposechot-and-coldL1 datacache.
The L1 datacacheis split into two banks— a “hot” bank
anda “cold” bank. The hot bankis slatedto containdata
blocksthataremarkedcritical, while the cold bankis slated
to containdatablocksthataremarkednon-critical.

The hot cacheprovidesthe fastesipossibleaccesgime,
andthe cold cacheservicesrequestsn an enegy-efcient
mannerwhile incurring a longer lateng.  Sincethe cold
bankis similar to othercorventionalcachebanks,it could
use ary proposedarchitecturalenegy-saving techniques
like serialtag-datdookup,or way prediction[21] to reduce
enegy per access.In addition, the cold cachecanbe de-
signedwith more enegy-efcient circuits using transistor
sizing (asdiscussedn section2) to reduceoverall capaci-
tancehigh  for reducedeakagepr gated-groundSRAM
cells[3].

Data Placementusing Placement Predictor. Every
timeacacheblockis fetchedfrom theL2 cacheijt is placed
into oneof thehot or cold banksbasedn the history of ac-
cesseso thatblockwhenit lastresidedn thelL1 cache For
this purposewe trackthefractionof accessew eachcache
block dueto critical loads/storesAs explainedin the last
section,we usethe Oldest- metricto determinewhether
aloadinstructionis critical or not. For eachdatablock in
theL1 cachewe maintainan -bit up/dovn counterinitial-
izedto to track the numberof accesseto that block
dueto critical memoryaccessnstructions. The counteris
incrementedor every critical accesso theblockanddecre-
mentedfor every non-criticalaccess.A 4-bit counterwas
chosento avoid miscatgorizationof a cacheline aseither
critical or non-critical.



Whenadatablock is beingreplacedrom theL1 cache,
we mark the correspondindine as“critical” if the counter
is greaterthanor equalto . Else, it is marked “non-
critical”. To save thisinformation,we couldusel extra bit
(the“criticality” bit) perlinein theL2 cachedirectory Sub-
sequentlywhenthe datablock is broughtbackinto the L1
cachefrom L2, it is placedin the hot cacheif thecriticality
bit of thatline in the L2 cacheis setto 1; otherwise,it is
placedin the cold cache. The criticality bit of all linesin
L2 areinitialized to 1. As the criticality bit in anL2 cache
line storesthemostrecentclassi cationof the cacheblock,
theplacemenbf blocksin thehotandcold cacheadaptsly-
namicallydependingon the changein accesgatternsto a
cacheblock. Moreover, updatego the criticality bit arenot
in thecritical pathbecausehey areperformedonly whena
blockis replacedrom theL1 cache.

In spiteof the low overheador storingthis 1 bit in the
L2 cacheijt is desirabldo eliminateit for thefollowing rea-
sons:(i) The bit hasto be communicatedo L2 evenif the
block beingreplaceds not dirty. (ii) Despitehaving a bit
perL2 cachdine, thebit is lostif thecacheblockis evicted
from L2. Hence we exploredthe useof a separatetructure
(the placemenpredictor)that storesthesebits for a subset
of cacheblocks. Everytime ablockis evictedfrom L1, the
blockaddresss usedto index into this structureandupdate
theclassi cationof thatblock usingthecriticality informa-
tion for theline. Thebit is setto 1 if theline is critical, and
to 0 if theline is non-critical. Everytime ablockis brought
in from L2, the structureis indexed to determinethe clas-
si cation andplacedatain eitherthe hot or the cold bank.
We found that a structureof sizeassmall as4K bits was
enoughto accuratelyclassify blocks as being critical and
non-critical. Using a separatestructureavoids having the
sizeof thetablegrow in proportionto the L 2.

Load/Store SteeringUsing Bank Predictor. Theabove
mechanisnpartitionsdatablocksacrosgwo streamsNext,
we have to partition memoryoperationsand steerthemto
theappropriatecachebank. For eachload/storanstruction,
we usea predictorindexed by the instructions PCto steer

theaccesdo thebankthatcontainghedatabeingaccessed.

Note that this steeringdoesnot take into accountthe crit-
icality natureof the instructionitself — becausea critical
loadcanaccessa block thatis classi ed asnon-criticaland
anon-criticalinstructioncanaccessblockthatis classi ed
ascritical.

We maintain a hardware-baseddynamically updated
bank predictorthat keepstrack of the bankthat was last
accessedy a particularinstruction. We experimentally
obsenedthat a bank predictorof size 4Kx1 bit wassuf-
cientto steermemoryaccessewith anaverageaccurag of
greaterthan90%. Moreover, a PC-basedgredictorto steer
accesse® hotandcoldbanksallowsthesteeringo bedone
assoonasa load/storeinstructionis decoded.Hence,se-
lecting betweenbanksdoesnot incur ary additionalcycle
time penalty The predictorcontainsa bit for eachentry. If

the value of the bit is one,the accesss steeredo the hot
cache,andif thevalueis zero,the accesss steeredo the
cold cache. The countervalueis setto oneif the datais
foundin thehotcacheandreseto Oif it is foundin thecold
cache.

During every accesstagsfor both banksare accessed
simultaneouslyThis allows usto detecta steeringmispre-
diction. For eachsuchmisprediction,we incur additional
performanceand enegy penaltyfor probing both the hot
andthecold cachearray Thisneednotintroduceadditional
compleitiesin theissuelogic asthe operationis similarto
the load replayoperationon a cachemiss. However, such
bankmispredictsandtheresultingreplayscansigni cantly
impactperformancendenegy inef ciency [17]. Thevari-
ablelatengy acrosdifferentloadscanalsobe handled- at
the time of issue,the bank beingaccessedand hence,its
lateng) is known, andwake-upoperationcanaccordingly
bescheduled.

RelatedWork. Thehot-and-coldcachehasareadband-
width of two with a single readport per bank becausén
ary givencycle onehotandonecoldword canbeaccessed.
Thus,it behaeslike atwo-banledcachen whichthebank
steeringis done basedon the criticality natureof cache
blocks. We thereforecomparethe performanceof the hot-
and-coldcachewith a word-interleaedtwo-banled cache.
Riversetal. [15] shav thatpartitioningthecachen aword-
interleaved manneminimizesbankcon icts becausenost
applicationshave an even distribution of accesseso odd
andevenwords.

Recentvork by AbellaandGonzale42] examinesasplit
cacheorganizationwith a fastand slow cache. Contrary
to our proposal,their policies for dataplacementandin-
struction steeringare both basedon the criticality nature
of the accessingnstruction. Thereis also considerable
performance-centricelatedwork that haslooked at cache
partitioning. For example, the MRU [25], Victim [14],
NTS[22], andAssist[18] cachesdifferentformsof buffer-
ing [30], andthe StackValueFile [19] studyvariousways
to partition the cacheto improve averagecacheaccesda-
teng. The focusof our work is quite different; the main
motivationfor the designchoiceswe exploredin this paper
is to provide fasteraccesdo a subsetof cachelines while
savzing enegy whenaccessingherestof thelines.

5 Results

5.1 Methodology

To evaluate our design,we use a simulator basedon
Simplescala3.0[5] for theAlpha AXP instructionset. The
registerupdateunit (RUU) is decomposedhto integerand
oating point issuequeuesphysicalregister les, andre-
orderbuffer (ROB). The memoryhierarchyis modeledin
detail,includingword-interleaedaccesshusandportcon-
tention, and writeback buffers. The importantsimulation
parameteraresummarizedn Tablel.

We estimategowerfor differentcacheorganizationsis-
ing CACTI-3.0[24] at0.1 m technology CACTI usesan



Fetchqueuesize 16
Branchpredictor comb of bimodaland2-level

Bimodalpredictorsize 2048
Level 1 predictor 1024entries history 10
Level 2 predictor 4096entries

BTB size 2048sets 2-way
Branchmpredpenalty atleast12 cycles
Fetchwidth 4 (acrosaup to two basicblocks)

Dispatch,commitwidth
Issuequeuesize
Register le size

20 (int andfp, each)
80 (int andfp, each)

Re-ordeBuffer 80
Integer ALUs/mult-div 4/2
FP ALUs/mult-div 4/2

L1 1 andD cache 16KB 2-way, 2 cycles,32 byteline

L2 uni ed cache 2MB 8-way, 16 cycles,64 byteline
TLB 128entries 8KB pagesize

Memorylateny 90 cyclesfor the rst chunk

Table 1. Simplescalar Simulation Parameter s.

Benchmark|| Base| L1 L2
IPC | miss | miss
rate rate
bzip 1.42 | 296 | 5.22
crafty 1.32 | 437 | 0.16
eon 1.60 | 0.90 | 0.04
gap 1.68 | 0.62 | 17.12
gcc 1.18 | 9.98 | 0.24
gzip 1.37 | 284 | 1.37
parser 1.20 | 4.77 | 4.83
twolf 1.09 | 951 | 0.11
vortex 1.14 | 2.71 | 0.92
vpr 1.02 | 4.38 | 10.65

Table 2. Base Statistics for Benc hmarks Used.

analyticalmodelto estimatedelay and power for tag and
datapaths.We obtainedanenegy perreadacces®f nJ
for atwo-banled, 16KB, 2-way associatie L1 cachewith
a32byteline size.Of this, nJwasdueto bit-linesand
senseampli ers. For write accesseshe cacheessentially
behaeslike a 1-way cache,and50% of bit-line andsense
ampli er enegy canbeeliminated.Hence gnegy perwrite
accesss nJ ( ). We alsotake into
accounthe enegy costof readingandwriting entirecache
linesduringwritebackandfetch. Notethatour evaluations
only shav enegy consumedvithin the L1 datacacheand
not overall processoenegy. The contritution of the data
cacheto total processoipower canbe aslittle as5% in a
high-performanc@rocessoandasmuchas50%in anem-
beddedprocessarln futuretechnologiesincreasedeakage
enepy is likely to increasethe contribution of the L1D to
total chip power. Giventhe wide rangeof possiblevalues,
we restrictoursehesto presentinghe savingsin datacache
enegy only.

We analyzedadditional enegy expendeddue to the
hardware countersand predictorsusedin the hot-and-cold
cache. With CACTI, we derived enegy per accesf the
tagarrayfor theL1 andL2 cacheto be nJand
nJ, respectiely. Basedon this, we derived the enegy per
accesslueto the 4-bit counterusedin the L1 tagarray(for
trackingcritical/non-criticalaccessesf acacheblock)to be

nJ(whichis only anadditional1% enegy peraccess
for the L1 cache). Similarly, we estimatedthe additional

enegy peraccesdo the placemenfpredictorto be  pJ,
whichis a nggligible fractionperL2 accesgsincethe pre-
dictor is updatedandaccessednly onanL1 missor evic-
tion). The enepy for the bank predictorusedfor steering
memoryaccesse$o the hot or cold bankis pJ perac-
cess(samesizeasthe placemenpredictor),whichis again
angligible fractionof L1 datacacheenepgy peraccess.

We simulated10 programsfrom SPEC2k-Int with ref-
erencanput datasetsThe simulationwasfast-forwarded2
billion instructionsanotherl million instructionswvereused
to warmup processostate andthe next 500M instructions
weresimulatedin detail. Table2 presentghe benchmarks
with theirbaselPCandL1 andL2 missrates.

5.2 Comparison of Performance

Figure 4 comparesperformanceof the hot-and-cold
cacheto the baselineL1 datacache which is dual banked
andwordinterleaved. The rst barpresent$PC of thebase-
line L1 datacache.The secondar shaws IPC for the hot-
and-coldcachewith dataallocationto banksbasedon crit-
icality, assumingperfectsteering(no bank prediction) of
loads/store$o banks.Thecriticality metricusedis Oldest-
N, where is x edat7.

By using the hot-and-coldorganization,allocation of
dataacrossthe two banksis different. As a result, overall
IPC is reducedy aboutl.8%,whichis aresultof two fac-
tors: (i) Thereis animbalancan thenumberof accesset
eachbankwhile usingthe hot-and-colccache Someappli-
cations(bzip,gzip,twolf) have mary morecritical accesses,
while others(gcc, vortex) have mary morenon-criticalac-
cesses. This resultsin excesscontentionfor the limited
cacheports as comparedto the word-interleaed banled
cache,in which, accesseto eachbankareroughly equal.
(i) Accessedo a critical or non-critical cacheare more
bursty When an instruction completesand wakes up its
dependentghereis a high probability thatthe dependents
would eitherall be critical or all be non-critical. Sincean
entire cacheline residesin onebank, spatialandtemporal
locality alsodictatethatthe samebankwould berepeatedly
accessedWe veri ed this by examiningthe numberof ac-
cesseso eachbankin a 10-¢ycle window. Figure5 shavs
ahistogramindicatingthe percentagef suchwindowsthat
encounterea particularratio of accesseto the two banks
(using an Oldest-7thresholdfor the hot-and-coldcache).
For the word-interleaed cache,an averageof 36% of all
time windows hadroughly the samenumberof accesse®
eachbank. For the hot-and-coldcache,this numberwas
only 19%, while the numberof windows that had exclu-
sively eithercritical or non-criticalaccessewasashigh as
26%. This shaws thatreomanizingdatain the banksbased
on criticality resultsin anincreasen datacacheport con-
tention.

While we cannotcompletelyeliminate the bursty na-
ture of critical and non-critical accessesince this is in-

Iperlbmkdid notrun with our simulatorandmcfis too memorybound
for its performanceo be affectedby changedo theCPUandcache.
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Figure 5. Histogram showing the percentage of 10-
cycle inter vals that experienced a particular ratio
of accesses to the two banks (using Oldest-7for
the hot-and-coldcache).

herentto programbehaior, we usedthe following method
to improve the distribution of accesses$o the banks. By
varying the parameter , we changedhe numberof crit-
ical accesseandthus,the allocationof blocksto the two
banks. We found that keepingthe numberof accesse$o
eachbank roughly equalresultedin the leastamountof
port contention. This is achieved at run-time with a sim-
ple mechanismhat usesstatisticsover a pastinterval to
determinethe valueof  for the next intenval. We used
10M instructionintervals and discardedstatisticsfrom the
rst half of anintenal. Over the latter half of the inter
val, we countedthe numberof accesseto eachbank. In
termsof hardware,this requirestwo countergo keeptrack
of the numberof accesseso the two banksaswell asa
comparisortriggeredevery 10M instructions. If the per
centageof accesseto the hot bankwaslessthan45%, we
increasedhevalueof soasto classifymoreloadsascrit-
ical. Likewise,if the percentagef accessew thehotbank
wasmorethan55%, we decreased . The statisticsfrom
the rst half of each1lOM instructioninterval arediscarded
to allow enoughcacheblock evictionsandfetchesthatthe

parametechangeis re ected in statisticscollectedfor the
latterhalf. Striving for a50%shareof critical accessesnin-
imizesportcontentionjmproving IPC by 1%. However, we
foundthatkeepingthe shareof critical accesset 60%was
betteratminimizing IPClossfrom aslowercold cache.The
third barin Figure4 representsuchanorganizationandis
only mamginally betterthana x edvalueof . How-
ever, sinceit classi esmoreinstructionsascritical, it sees
amuchlower performancelegradationvhencold cachda-
teng is increasedNote thatthis represents: modelwhere
loadsandstoresareperfectlysteeredo thebankthatcaches
thedata.Gccis anexampleof aprogramthatis highly con-
strainedby cacheport contention.Using a valueof
causesa high imbalancein accessefo eachbankandde-
gradesperformance As a result,the dynamictuning of

is very importantin this caseto minimize additionalport
contentionstalls causedy the hot-and-coldcacheorgani-
zation.

The fourth barin the gure shavs a modelthatusesthe
bank predictor An incorrectpredictionresultsin a probe
of boththe banks,resultingin a higherlatengy andgreater
port contention.Due to this, overall IPC goesdown by an
additional1%. We foundthatthe mispredictratewas9.5%
onaveragethuscon rming ourearlierhypothesisaboutthe
easypredictabilityof thenatureof blocksaccessebly loads
and stores. Table 3 shawvs various statisticsthat help us
explain the changesn performance.The table shows that
the hot-and-coldcacheorganizatiorhasto handlemoreac-
cesseandthis increasds causedoy mispredictionswhile
steeringloadsand stores. We also note that the distribu-
tion of accesseto odd and even banksin the basecaseis
fairly even (exceptin gcg. By tuningthevalueof |, the
distribution of accesseto hotandcold banksis adjustedo
approximatelybein theratio 60:40. The notableexception
is vortex, wheremostinstructionsissuefrom the lastissue
gueueentry and are classi ed asnon-critical. Becauseof



Benchmark Basecase bank1:bank2 Stallsdueto Hot-and-cold | Hot:Cold Stallsdueto Steering
Totalaccesse§  Accesses portcontention || Totalaccesse§ Accesses| portcontention | mispredictions
bzip 191M 60:40 41.6M 198M 62:38 103.6M 7.1M
crafty 194M 58:42 59.1M 216M 59:41 127.1M 21.1M
eon 232M 56:44 76.8M 263M 59:41 231.3M 33.0M
gap 183M 57:43 51.6M 213M 60:40 106.0M 30.2M
gcc 345M 76:24 1754M 354M 53:47 1894M 8.7M
gzip 177M 62:38 80.0M 185M 58:42 117.8M 7.9M
parser 175M 62:38 62.6M 187M 59:41 106.1M 12.3M
twolf 173M 58:42 74.1M 194M 62:38 94.4M 24.6M
vortex 218M 63:37 176.4M 241M 36:64 267.7TM 24.3M
vpr 210M 51:49 59.1M 238M 58:42 134.5M 29.8M

Table 3. Data access statistics for the hot-and-coldusing a dynamic Oldest-Nthreshold and for the base word-

interlea ved cache

theincreasediumberof accessew the hot-and-coldcache
andtheinherentbursty natureof theseaccessef~ig 5), we

seethat the numberof stall cyclesdueto port contention
is much higher On average,the hot-and-coldcachehas
twice asmary stall cyclesastheword-interle¥edbasecase
(In gcc the programis alreadyhighly constrainedy port
contention,so the increasecausedoy the hot-and-coldre-

organizationdoesnot resultin a doublingof the numberof

stallcycles.).

Finally, the fth and sixth barsshow the effect of in-
creasingthe cold cachelateng to four andsix cycles, re-
spectvely. The seventhand eighth barsshov IPCsfor a
word-interleaedcachewhereall accessetake four andsix
cycles,respectrely. In spiteof slowing down asmary as
45% of all memory operations,increasingcachelateng
from 2 to 4 cyclesonly resultsin a 1.6% IPC loss. Uni-
formly increasinghelateng of every accesso 4 cyclesin
the basecaseresultsin an IPC penaltyof 5.7%. Thus,the
useof thecriticality metrichelpsrestrictthe IPC penaltyof
aslower cacheaccesgime. However, owing to the penalty
from increasedort contentionandmis-steersthe hot-and-
cold cachewith the 4-cycle cold cachelateny doesonly
mauginally betterthanthe 4-cycle word-interleaed cache.
The value of the proposedorganizationis seenwhenthe
enegy-saing techniqueshreatento slow the cacheto a
lateng of six cycles. The hot-and-coldorganizationwith
the6-cycle cold cachdateng outperformghe6-cycle base
caseby anoverall5.7%,demonstratingts ability to tolerate
theadditionallatengy.

As we demonstratedn Figure 2, there are a number
of blocksthatare not easily classi able ascritical or non-
critical. This causesomeamountof inef ciency in thesys-
tem—whencritical loadsaccession-criticalblocks,perfor
manceis lost, andwhennon-criticaloperationsaccesrit-
ical blocks,they unnecessarilgonsumeadditionalenegy.
We noticedthat26% of all memoryoperationavereof this
kind. Thisinef ciency cannotbe microarchitecturallyelim-
inatedasit is anartifact of the programthatthe samedata
is accessetly differentkinds of loadsandstores.

Finally, it couldbearguedthata word-interleaedcache
like the basecasewith half the total capacitycould match
the enegy consumptionof the hot-and-coldcacheif the
basecapacityis not fully utilized. We make theassumption

(whichwe veri ed for ourbasecasedesignparametersthat
the capacityof the basecaseis chosernto work well across
mostprogramsandthathalvingits capacitywould severely
impacta numberof programsrenderingsuchan organiza-
tion unattractve.

5.3 Comparison of Energy

5.3.1 Energy-Delay Trade-Offs

Our proposaldoesnot make ary assumptionon the par
ticular enegy-saving techniqueghat can be employed for
the cold bank. Sincethe cold bankis like any othercon-
ventionalcachebank, it could useary of the alreadypro-
posedarchitectureor circuit level power-saving techniques.
Henceourresultsareparameterizedcrosamultiple access
time andenepgy consumptiorcharacteristics.

In order to provide a more detailed understandingof
enegy-delaytrade-ofs possiblethroughcircuit-level tun-
ing, we performed circuit simulations using a typical
SRAM cross-sectiorirom the predecodeto the wordline
driver in 0.13 CMOS technology The predecodercon-
sistsof 3-to-8NORsandthedecodelis an -inputNAND,
where is thenumberof 3-to-8 predecodédlocks. Finally,
thewordline driversconsistof invertersthatdrive theload,
which includesall associatedvires and SRAM cells. We
useda formal statictuningtool, EinsTuner[6], to vary total
device width. EinsTuner[29, 6] is built on top of a static
transistoflevel timing tool (EinsTLT) that combinesa fast
event-driven simulator (SPECS)with a timing tool (Ein-
stimer). The SPECSsimulatorprovidestiming information
suchasdelayandslew alongwith rst derivativeswith re-
spectto transistorwidth. EinsTunerusesthis information
to formulatethe optimizationproblemasa linearcombina-
tion of slackandarea. This formulationis thensolved by
a non-linearoptimizationpackagd ANCELOT [7], which
treatsall device widths as free parametersand solves for
minimumdelay Finally, enegy valuesare obtainedusing
AS/X circuit simulationg1] for a givenswitchingactiity.

Figure 6 shovs normalizedenegy-delaytrade-ofs for
an SRAM cross-section.The primary y-axis shavs delay
(norm.delay correspondingo agivenenegy consumption.
The secondary-axis shavs thenormalizedsumof transis-
tor widths (norm.sumy: For this experiment,we usedpa-
rameterssuchasbetaconstraint(i.e. PMOS/NMOSwidth
ratio),internalslew rate,primaryoutputslen rate,andinput
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Figure 6. Energy-Delay Curve for SRAM Cross-
section. The dotted line plots the normaliz ed sum
of transistor widths against the normaliz ed energy
consumption. The solid line plots the normaliz ed
delay against the normaliz ed energy consumption.

NormalizedLeakageEnegy | NormalizedDelay
low 8.5 0.88
nominal 1 1
high 0.23 1.34

Table 4. Leakage Energy-Delay Trade-offs for Dif-

ferent
capacitance/stagmnstraintdrom real designs.Theinitial
datapointfor this experiments obtainedby minimizing de-
lay without areaconstraintsandthe otherpointsshov min-
imum delaywith speci ¢ areaconstraints.From Figure6,
we obsene thatby increasingminimumdelayby 60%, we
canachieve upto 48%reductionin enegy.

Table 4 shavs normalizedleakageenegy-delaytrade-
offs for the same SRAM cross-sectionusing transistor
widths that correspondto minimum delay We obsene
that decreasing increasedeakageenegy dramatically
(8 times),while increasing decreasekakageenegy by
77%attheexpenseof 34%increasean delay

5.3.2 Dynamic and LeakageEnergy Savings

As discussedn Section2, mary techniquescan be em-
ployedto reducecacheenenpy, including transistorsizing,
lowered |, banking,serialtaganddataaccesshigher
etc. Sinceary of theabovetechniquesanbeappliedto the
cold bank,we presentresultsfor enegy savings assuming
thecold bankconsumeither0.2 or 0.6timesthedynamic
andleakageenegy consumedy the hot bank. Resultsfor
usingjust one of the circuit-level techniques— transistor
sizing from Figure6 — would lie in between(correspond-
ing to roughly 0.5 time the dynamicenegy consumecdy
the hot bank, with roughly twice the accesdateng in cy-
cles). Whendesigningwith a higher  for the cold bank,
the 77%reductionin leakageenegy shavn in Table4 cor-
respondsoughlyto 0.2timestheleakageconsumedvithin
thehotbankwith roughlya 1 cycleincreasen delayfor our
cacheorganization. The use of multiple techniquesould
potentiallybring moreaggressie enegy savingsatapoten-
tially higheraccesgenalty justifying our choiceof range
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Figure 7. L1 data cache energy (both leakage
and dynamic). The r st bar represents a word-
interlea ved base case. The second and third
bars represent a hot-and-cold cache organization,
where the dynamic and leakage energy within the
cold bank are 0.6 and 0.2 times the energy within
the hot bank, respectivel y. For the hot-and-cold
cache, the black and grey portions of the bars rep-
resent the energy consumed within the hot and
cold banks, respectivel y.

in termsof enegy savings (40% to 80% of the basecase)
andaccesgpenalty(1.5to 3 timesthebasecase).

Figure 7 shawvs potentialenegy savings from the pro-
posedorganization. For eachprogram,we shov L1 data
cacheeneqy for threeorganizations (i) word-interleaed
basecase, (i) hot-and-coldorganization,where the hot
bankhascharacteristic&lenticalto abankof thebasecase,
andthecoldbankconsume$.6timesthedynamicandleak-
ageenegy consumedy the hot bank,(iii) hot-and-coldr-
ganizationwherethehotbankis thesameandthecoldbank
consumed).2 timesthe enegy consumedy the hot bank.
For the hot-and-coldcache the gure alsoshaws the con-
tribution to total enegy from thetwo banks.Since45% of
all accessearesteeredo the cold bank,thatnumbersenes
asanapproximateipperboundto the potentialenegy sav-
ings.

By having a highly enegy-efcient cold bank(like that
representedy the third barin the gure), the enegy con-
sumptionin the datacachereducesby an averageof 37%.
Thereis little effect on L2 enegy consumptionsincethe
missratesof the two cachesare comparable Leakageen-
ergy consumeds a function of total executiontime (which
is slightly longerfor the hot-and-coldcache).We obsenred
that the contribution to total enegy savings cameequally
from dynamicandleakagecomponents.

Notethatenegy savingscanbefurtherincreasedy im-
proving steeringpredictionaccurag. Our resultstake into
accountthe additionalenegy overheadof a steeringmis-
prediction— about10% of all loadsand storesaccessoth
banks.Also notethatthedistribution of accesseacrosdif-
ferentbanksis almostthe samein all programsyesultingin
very little variationin enegy trendsacrosshe benchmark
set.



6 Conclusion

We have presentedndevaluatedthe designof abanlked
cache,whereeachbankcanbe x ed at designtime to be
eitherhotor cold, i.e., high enegy andlow lateng, or low
enegy andhigh lateng, respectiely. The performancem-
pactof accessinghe cold cachecanbe minimized effec-
tively by separatindgoad andstoreinstructionstreamsnto
a critical and non-critical stream. Our resultsdemonstrate
thatperformancempactis reasonablynsensitve to thela-
teng of thecold bank,allowing aggressie powerreduction
techniques.This is madepossibleby the consistentlassi-
cation of instructionsanddataas critical and non-critical
streamsEachadditionalcyclein thecold cachdateng im-
pactsperformancedy about0.8%. Eneigy savingsarepro-
portionalto the fraction of accessew the cold cache with
L1 enegy reductionbeinganaverageof 37% (comparedo
a word-interlexed basecase)for an enegy-efcient cold
bank.

However, allocationof datablocksin the hot and cold
banksincreasescontentionand introducesbank steering
mispredicts. This resultsin an IPC degradationof 2.7%,
comparedto a word-interleaed corventional cache,that
severely limits the effectivenessof this approach. To al-
leviate theseproblems,bank predictionwould have to be
improved or basecaseswith low contentionwould have
to be considered.Suchproblemswere not encounteredn
the designof criticality-basedarithmeticunits with differ-
ent power/performanceharacteristic§23]. The hot-and-
cold cachebecomesmore effective when the costof em-
ploying ary power-saving techniquebecomesprohibitive.
For example,a hot-and-coldrganizatiorwith a 2-cycle hot
latengy and a 6-cycle cold latengy outperformsa 6-cycle
word-interle¥edbasecaseby 5.7%.

We are working with circuit designersn orderto help
de ne the enegy consumptiorratio betweenhot and cold
cachebanks. Our initial analysisrevealsthat simpletech-
niqueslike transistorsizing andhigh ~ candramatically
reducedynamicandleakageenegy consumptionyalidat-
ing thechoiceof parameter@ ourevaluation.We alsoplan
to evaluatethe useof asymmetricsizes(andorganizations)
for hotandcold banks.
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