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Abstract
As technology scalesand processorspeedsimprove,

powerhasbecomea �r st-order designconstraint in all as-
pectsof processordesign. In this paper, we explore the
useof criticality metricsto reducedynamicandleakageen-
ergy within datacaches.We leverage theability to predict
whetheran accessis in the application's critical path to
partition the accessesinto multiple streams. Accessesin
the critical path are servicedby a high-performance(hot)
cachebank. Accessesnot in the critical path are serviced
by a lower energy (and lower performance(cold)) cache
bank. The resulting organizationis a physicallybanked
cachewith different levelsof energy consumptionandper-
formancein each bank. Our resultsdemonstrate that such
a classi�cationof instructionsanddataacrosstwo streams
can be achievedwith high accuracy. Each additional cy-
cle in thecold cacheaccesstimeslowsperformancedown
by only 0.8%. However, such a partition canincreasecon-
tentionfor cachebanksandentail non-negligible hardware
overhead. While prior research has effectivelyemployed
criticality metricsto reducepowerin arithmeticunits,our
analysisshowsthat thesuccessof thesetechniquesare lim-
itedwhenappliedto datacaches.

Keywords: Low-powermicroprocessors, data caches,
instructioncriticality.

1 Intr oduction
Technologyimprovementsresulting in increasedchip

densityhave forcedpower andenergy consumptionto be
�rst-order designconstraintsin all aspectsof processorde-
sign. Furthermore,in currentprocessorsa largefractionof
chipareais dedicatedto cache/memorystructuresandwith
eachtechnologygenerationthis fractioncontinuesto grow.
As aresult,cachesaccountfor asigni�cant fractionof over-
all chip energy. For example, in the Alpha 21264 [11],
cachesaccountfor 16%of energy consumed.

In this work we focus on reducingboth dynamicand
leakageenergy of L1 datacachesby exploiting informa-
tion on instruction criticality. Instructionsof a program
have data,control,andresourcedependencesamongthem.
Chains of dependentinstructions that determinea pro-
gram's executiontime arereferredto asthe critical paths.
In otherwords,instructionsthat canbe delayedfor oneor
morecycleswithoutaffectingprogramcompletiontimeare
consideredto not beon thecritical path.Suchinstructions,
referredto asnon-critical instructions,afford somedegree

of latency tolerance.By identifying theseinstructionscon-
sistentlyand correctly, they are directedto accessa stat-
ically designedlow energy and lower performance(cold)
cachebank.Critical instructionsaredirectedtowarda (hot)
cachebankdesignedfor high performance.The resulting
organizationis aphysicallybankedcachewith differentlev-
elsof energy consumptionandperformancein eachbank.

Thechallengesin suchanimplementationaretwo-fold:
(i) determiningthebankin which to placea givenpieceof
data,and(ii) partitioningthe instructionstreaminto a crit-
ical anda non-criticalstream.Our analysisof thedataand
instructionstreamof a rangeof applicationsshows thatthe
criticality of both instructionsanddatashows high consis-
tency. Basedon thisanalysis,westeerinstructionsto cache
banksbasedontheinstruction'sprogramcounter, andplace
datain thesebanksbasedon the percentageof critical in-
structionsaccessingthedataline.

If thecoldcacheis designedto behighly energy-ef�cient
(consuming20% of the dynamic and leakageenergy of
the hot cache),we observe L1 datacacheenergy savings
of 37%. Our resultsindicatethat critical instruction(and
data) prediction is reliable enoughthat performancede-
gradesby only 0.8% for eachadditionalcycle in the cold
cacheaccesstime. This allows us to employ power-saving
techniqueswithin thecold cache,thatmight have dramati-
cally degradedperformanceif employed in a conventional
cache. However, the re-organizationof data acrossthe
hot andcold banksincreasescontentionandthis degrades
performanceby 2.7% comparedto a conventionalword-
interleavedcache.Hence,for thehot-and-coldorganization
to be effective, the latency cost of employing the power-
saving techniquesin theconventionalcachehasto bepro-
hibitive. While prior work haseffectively employed crit-
icality metricsto designlow-power arithmeticunits [23],
our resultsshow thatcriticality-directedlow power designs
arenot highly effective in L1 cachesof high-performance
processors.

In Section2, we elaborateon techniquesthathave been
proposedto addressenergyconsumptionin caches,andmo-
tivatetheuseof staticallydesignedcaches.In Section3, we
analyzetheconsistency of aprogram'sinstructionsanddata
in termsof criticality to determineif theirbehavior lendsit-
self to criticality-basedclassi�cation. Section4 describes
our cacheimplementation.We presentits performanceand
energy characteristicsin Section5. Finally, we concludein
Section6.
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2 Energy-DelayTrade-offs in SRAM Design

A numberof circuit-level and architecturaltechniques
can be employed to reducedynamicand leakageenergy
in caches.At the circuit level, asprocesstechnologyim-
proves,carefultransistorsizingcanbeusedto reduceover-
all capacitance,andhencedynamicenergy. Sincedynamic
energy is roughlyproportionalto thesquareof ����� , lower-
ing ����� canhelp reducedynamicenergy. Simultaneousto
theabove circuit-level techniques,architecturaltechniques
suchasbanking,serial tag anddataaccess,andway pre-
diction [21], help lower dynamicenergy by reducingthe
numberof transistorsswitchedon eachaccess.This comes
at thecostof increasedlatency and/orcomplexity. For ex-
ample,delayis roughlyinverselyproportionalto � ��� .

Several techniqueshave beenproposedto reduceleak-
ageenergy while minimizing performanceloss [3, 4, 10,
12, 13, 16, 20, 31]. For example,higher �	� deviceshelp
reduceleakageenergy [20]. However, whenappliedstati-
cally to theentirecache,especiallytheL1 cache,thesetech-
niquesincreaseaccesslatency. Sincean L1 cacheaccess
time must typically matchprocessorspeed,an increasein
accesslatency by even a cycle canhave a signi�cant im-
pacton performance[12]. Circuit-level techniquesthatuse
dynamicdeactivation to switch to a low leakagemodein-
creasemanufacturingcostand/oraffect latency andenergy
consumptionof thefastmode(eitherin steady-stateor due
to thetransition).Ourgoalin thispaperis to examineways
by which staticlow-power designsof cachesmight be ex-
ploited usingarchitecturaltechniquesto reduceboth leak-
ageanddynamicenergy consumptionwhile minimally af-
fectingperformance.

3 Instruction and Data Classi�cation

From the discussionin the previous section,it is clear
thatthecostof decreasingenergyconsumptionof L1 caches
is an increasein averageaccesstime of the cache. One
way to mitigatethis performancelossis to overlaptheex-
tra accesstime penaltyincurreddue to the energy saving
techniqueswith the executionof other instructionsin the
program. Suchoverlappingis only possibleif the corre-
spondingload instructionis not on the applicationcritical
path,wherethecritical pathis de�ned by thelongestchain
of dependentinstructionswhoseexecutiondeterminesap-
plicationcompletiontime. We proposea techniqueto iden-
tify suchnon-criticalinstructionsandsteerdataaccessedby
theseinstructionsto a low energy and lower performance
cold bank,while critical loadsarestill served 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-backcapabilitiesto
accuratelyclassifyeachinstructionascritical or not. More
recentstudieshaveproposedheuristicsthatapproximatethe

above detailedclassi�cation methodto allow feasibleim-
plementations.Srinivasanetal. [26] andFiskandBahar[9]
determinethat load instructionsarecritical if they incur a
cachemiss,or leadto a mispredictedbranch,or slow down
the issuerate while waiting for data to arrive. Fields et
al. [8] classifyaninstructionascritical if it is partof achain
of successive wake-upevents. Tuneet al. [28] proposea
numberof heuristicsthat predict whetherinstructionsare
critical or not. For example,their analysisshows thattreat-
ing theoldestinstructionsin theissuequeueascritical per-
forms aswell asothermorecomplicatedmetricsthat use
datadependencechaininformationto determinecriticality.

Our analysisalsocon�rms thatusingthepositionof the
instructionin theissuequeueto determineits criticality per-
formscomparablyto techniquesthatusemorecomplicated
metrics. Using this Oldest-
 technique,an instructionis
deemedcritical if it is amongthe oldest 
 instructionsin
the issuequeueat issuetime, where 
 is a pre-de�ned
parameter. Sincereadyinstructionsthat arefurther down-
stream(notamongtheoldest
 ) haveagreaterdegreeof la-
tency tolerance,it is fair to markthemasnon-critical.Note
thatsuchaheuristictendsto identify instructionsalongmis-
predictedpathsasbeingnon-critical,becausemispredicted
instructionsareusuallynot theoldestinstructionsin theis-
suequeue. The following advantagesmotivatethe useof
Oldest-
 in our design:(i) No hardwaretableis required
to predictinstructionsascritical becausethepositionin the
issuequeueat the time of issueis suf�cient to determine
criticality. (ii) The ratio of critical to non-critical instruc-
tionscanbetunedby varying 
 .

3.2 ClassifyingLoad Instructions
This subsectionattemptsto quantify the consistency of

criticality behavior of load instructionswith the Oldest-N
metric. Similar resultswere seenwhen employing other
complex criticality metrics. In our analysis,
���
 allows
themostaccurateclassi�cationof instructionsascritical or
not – in otherwords,this setof instructionsyieldedmini-
mal performanceimpactwhenslowedby a cycle. Figure1
showsa histogramof thepercentageof loadsthatshow the
samecriticality behavior astheir lastdynamicinvocation.

In Figure1, weobservethatfor mostof theapplications,
over85%of dynamicloadshavethesamecriticality astheir
previousinvocation.Only gap(80%)andtwolf (84%)have
a slightly lower degreeof consistency. On average,over
88%of loadsshow consistentcriticality behavior. Thehigh
consistency exhibited by loadsmotivatesthe useof hard-
warepredictorsto partition accessesinto critical andnon-
critical streams.

3.3 ClassifyingData Blocks
While the resultsin the previous subsectionreveal that

instructionscanbestaticallycategorizedascritical or non-
critical, thesamebehavior neednot hold true for accessed
datablocks.A singlecacheline is accessedby anumberof
loadsandstores,not all of which may have thesamecrit-
icality behavior. In orderto be ableto placedatain either
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Figure 1. Consistenc y of Load Criticality
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Figure 2. Percenta ge of critical accesses to a data
cache bloc k. The �gure is a histogram sho wing
the percenta ge of data bloc ks that had a par ticular
fraction of accesses from critical loads.

thehot or cold cachebank,we have to determineif theac-
cessesto cacheblocksaredominatedby eithercritical or
non-criticalloads/stores.Figure2 showsahistogramof the
distribution of datacacheblocksbasedon the percentage
of accessesto eachblock that wereattributableto critical
loads. This is computedby averagingthe histogramsfor
eachindividual program. From Figure2, we observe that
nearly46% of datacacheblockshave 90 to 100%of their
accessesfrom critical loads.Similarly, 16%of datablocks
haveonly0 to 10%of theiraccessesfrom critical loads(i.e.,
over 90% of their accessesaredueto non-criticalmemory
operations).Theseresultsindicatethatdatablocksarealso
oftenexclusivelycritical or non-critical.However, thereis a
non-trivial percentageof blocksthatareaccessedequallyby
critical andnon-criticalloads,andsteeringsuchdatablocks
to oneof the cachebankswill impactperformanceand/or
energy. When using smallercacheline sizes,blocks are
morestronglypolarizedasbeingcritical or non-critical.Al-
thoughsmallerlinesreduceinterferencefrom accessbehav-
iors of otherwordsin a line, therestill remaina numberof
wordsthatareaccessedequallyby critical andnon-critical
loads/stores.

4 The Hot-and-Cold Banked Cache

ProposedOrganization. Motivatedby the resultsin
Section3, we proposea new organizationfor the L1 data
cachethatis composedof multiple cachebanks,with some

(fast)
HOT L1

load PC

PREDICTOR
PLACEMENT

update on

``critical''?

is lineYes No

update criticality of line
during replacement

Does
PC access
hot bank?

Yes No

BANK PREDICTOR

COLD L1
(slow)

count accesses to line 
by "critical" memory 

references

L2 CACHE

mis-prediction mis-prediction
update on

Figure 3. The Energy­A ware Hot­and­Cold Banked
Cache

banksbeingenergy-ef�cient andtherestbeingdesignedfor
thefastestpossibleaccesstime. Figure3 showsahigh-level
blockdiagramof theproposedhot-and-coldL1 datacache.
The L1 datacacheis split into two banks– a “hot” bank
anda “cold” bank. The hot bankis slatedto containdata
blocksthataremarkedcritical, while thecoldbankis slated
to containdatablocksthataremarkednon-critical.

Thehot cacheprovidesthe fastestpossibleaccesstime,
andthe cold cacheservicesrequestsin an energy-ef�cient
mannerwhile incurring a longer latency. Since the cold
bankis similar to otherconventionalcachebanks,it could
use any proposedarchitecturalenergy-saving techniques
likeserialtag-datalookup,or wayprediction[21] to reduce
energy per access.In addition, the cold cachecanbe de-
signedwith moreenergy-ef�cient circuits using transistor
sizing (asdiscussedin section2) to reduceoverall capaci-
tance,high ��� for reducedleakage,or gated-groundSRAM
cells[3].

Data Placement using Placement Predictor. Every
timeacacheblock is fetchedfrom theL2 cache,it is placed
into oneof thehotor coldbanksbasedon thehistoryof ac-
cessesto thatblockwhenit lastresidedin theL1 cache.For
thispurpose,wetrackthefractionof accessesto eachcache
block dueto critical loads/stores.As explainedin the last
section,we usetheOldest-
 metric to determinewhether
a load instructionis critical or not. For eachdatablock in
theL1 cachewemaintainan � -bit up/down counter, initial-
ized to ������� to track the numberof accessesto thatblock
dueto critical memoryaccessinstructions.The counteris
incrementedfor everycritical accessto theblockanddecre-
mentedfor every non-criticalaccess.A 4-bit counterwas
chosento avoid miscategorizationof a cacheline aseither
critical or non-critical.
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Whena datablock is beingreplacedfrom theL1 cache,
we mark thecorrespondingline as“critical” if thecounter
is greaterthanor equalto ������� . Else, it is marked “non-
critical”. To save this information,we coulduse1 extra bit
(the“criticality” bit) perline in theL2 cachedirectory. Sub-
sequently, whenthedatablock is broughtbackinto theL1
cachefrom L2, it is placedin thehot cacheif thecriticality
bit of that line in the L2 cacheis set to 1; otherwise,it is
placedin the cold cache. The criticality bit of all lines in
L2 areinitialized to 1. As thecriticality bit in anL2 cache
line storesthemostrecentclassi�cationof thecacheblock,
theplacementof blocksin thehotandcoldcacheadaptsdy-
namicallydependingon the changein accesspatternsto a
cacheblock. Moreover, updatesto thecriticality bit arenot
in thecritical pathbecausethey areperformedonly whena
block is replacedfrom theL1 cache.

In spiteof the low overheadfor storingthis 1 bit in the
L2 cache,it is desirableto eliminateit for thefollowing rea-
sons:(i) Thebit hasto becommunicatedto L2 evenif the
block beingreplacedis not dirty. (ii) Despitehaving a bit
perL2 cacheline, thebit is lost if thecacheblock is evicted
from L2. Hence,weexploredtheuseof aseparatestructure
(theplacementpredictor)thatstoresthesebits for a subset
of cacheblocks.Every time a block is evictedfrom L1, the
blockaddressis usedto index into thisstructureandupdate
theclassi�cationof thatblockusingthecriticality informa-
tion for theline. Thebit is setto 1 if theline is critical, and
to 0 if theline is non-critical.Every timeablock is brought
in from L2, the structureis indexed to determinethe clas-
si�cation andplacedatain eitherthehot or thecold bank.
We found that a structureof sizeassmall as4K bits was
enoughto accuratelyclassify blocks asbeing critical and
non-critical. Using a separatestructureavoids having the
sizeof thetablegrow in proportionto theL2.

Load/StoreSteeringUsingBank Predictor. Theabove
mechanismpartitionsdatablocksacrosstwo streams.Next,
we have to partition memoryoperationsandsteerthemto
theappropriatecachebank.For eachload/storeinstruction,
we usea predictorindexedby the instruction's PCto steer
theaccessto thebankthatcontainsthedatabeingaccessed.
Note that this steeringdoesnot take into accountthe crit-
icality natureof the instruction itself – becausea critical
loadcanaccessa block that is classi�edasnon-criticaland
anon-criticalinstructioncanaccessablockthatis classi�ed
ascritical.

We maintain a hardware-baseddynamically updated
bank predictor that keepstrack of the bank that was last
accessedby a particular instruction. We experimentally
observed that a bankpredictorof size4Kx1 bit wassuf�-
cientto steermemoryaccesseswith anaverageaccuracy of
greaterthan90%. Moreover, a PC-basedpredictorto steer
accessesto hotandcoldbanksallowsthesteeringtobedone
assoonasa load/storeinstructionis decoded.Hence,se-
lecting betweenbanksdoesnot incur any additionalcycle
time penalty. Thepredictorcontainsa bit for eachentry. If

the valueof the bit is one,the accessis steeredto the hot
cache,andif the valueis zero,the accessis steeredto the
cold cache. The countervalue is set to one if the datais
foundin thehotcacheandresetto 0 if it is foundin thecold
cache.

During every access,tagsfor both banksare accessed
simultaneously. This allows usto detecta steeringmispre-
diction. For eachsuchmisprediction,we incur additional
performanceand energy penaltyfor probing both the hot
andthecoldcachearray. Thisneednot introduceadditional
complexities in theissuelogic astheoperationis similar to
the load replayoperationon a cachemiss. However, such
bankmispredictsandtheresultingreplayscansigni�cantly
impactperformanceandenergy inef�ciency [17]. Thevari-
ablelatency acrossdifferentloadscanalsobehandled– at
the time of issue,the bankbeingaccessed(andhence,its
latency) is known, andwake-upoperationscanaccordingly
bescheduled.

RelatedWork. Thehot-and-coldcachehasareadband-
width of two with a single readport per bank becausein
any givencycleonehotandonecoldwordcanbeaccessed.
Thus,it behaveslikea two-bankedcachein which thebank
steeringis done basedon the criticality natureof cache
blocks. We thereforecomparetheperformanceof thehot-
and-coldcachewith a word-interleavedtwo-bankedcache.
Riversetal. [15] show thatpartitioningthecachein aword-
interleavedmannerminimizesbankcon�icts becausemost
applicationshave an even distribution of accessesto odd
andevenwords.

RecentworkbyAbellaandGonzalez[2] examinesasplit
cacheorganizationwith a fast and slow cache. Contrary
to our proposal,their policies for dataplacementand in-
structionsteeringare both basedon the criticality nature
of the accessinginstruction. There is also considerable
performance-centricrelatedwork that haslooked at cache
partitioning. For example, the MRU [25], Victim [14],
NTS[22], andAssist[18] caches,differentformsof buffer-
ing [30], andtheStackValueFile [19] studyvariousways
to partition the cacheto improve averagecacheaccessla-
tency. The focusof our work is quite different; the main
motivationfor thedesignchoiceswe exploredin this paper
is to provide fasteraccessto a subsetof cachelines while
saving energy whenaccessingtherestof thelines.

5 Results
5.1 Methodology

To evaluateour design,we use a simulator basedon
Simplescalar-3.0[5] for theAlphaAXP instructionset.The
registerupdateunit (RUU) is decomposedinto integerand
�oating point issuequeues,physicalregister �les, andre-
orderbuffer (ROB). The memoryhierarchyis modeledin
detail,includingword-interleavedaccess,busandportcon-
tention, and writebackbuffers. The importantsimulation
parametersaresummarizedin Table1.

Weestimatedpowerfor differentcacheorganizationsus-
ing CACTI-3.0 [24] at 0.1� m technology. CACTI usesan
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Fetchqueuesize 16
Branchpredictor comb. of bimodaland2-level

Bimodalpredictorsize 2048
Level 1 predictor 1024entries,history10
Level 2 predictor 4096entries

BTB size 2048sets,2-way
Branchmpredpenalty at least12cycles

Fetchwidth 4 (acrossup to two basicblocks)
Dispatch,commitwidth 4

Issuequeuesize 20 (int andfp, each)
Register�le size 80 (int andfp, each)
Re-orderBuffer 80

IntegerALUs/mult-div 4/2
FPALUs/mult-div 4/2
L1 I andD cache 16KB 2-way, 2 cycles,32byteline
L2 uni�ed cache 2MB 8-way, 16cycles,64byteline

TLB 128entries,8KB pagesize
Memorylatency 90cyclesfor the�rst chunk

Table 1. Simplescalar Simulation Parameter s.

Benchmark Base L1 L2
IPC miss miss

rate rate
bzip 1.42 2.96 5.22

crafty 1.32 4.37 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 2.84 1.37

parser 1.20 4.77 4.83
twolf 1.09 9.51 0.11
vortex 1.14 2.71 0.92

vpr 1.02 4.38 10.65

Table 2. Base Statistics for Benc hmarks Used.

analyticalmodel to estimatedelayand power for tag and
datapaths.Weobtainedanenergyperreadaccessof ��� ��� nJ
for a two-banked,16KB, 2-way associative L1 cachewith
a32byteline size.Of this, � �!
"� nJwasdueto bit-linesand
senseampli�ers. For write accessesthe cacheessentially
behaveslike a 1-way cache,and50%of bit-line andsense
ampli�er energycanbeeliminated.Hence,energyperwrite
accessis ��� #%$ nJ ( � � �&�(')��� 
+*,��� 
�� ). We alsotake into
accounttheenergy costof readingandwriting entirecache
linesduringwritebackandfetch. Notethatour evaluations
only show energy consumedwithin theL1 datacacheand
not overall processorenergy. The contribution of the data
cacheto total processorpower canbe as little as5% in a
high-performanceprocessorandasmuchas50%in anem-
beddedprocessor. In futuretechnologies,increasedleakage
energy is likely to increasethe contribution of the L1D to
total chip power. Giventhewide rangeof possiblevalues,
werestrictourselvesto presentingthesavingsin datacache
energy only.

We analyzedadditional energy expendeddue to the
hardwarecountersandpredictorsusedin thehot-and-cold
cache. With CACTI, we derived energy per accessof the
tagarrayfor theL1 andL2 cacheto be � � �%
�
 nJand ���.-/�%�

nJ, respectively. Basedon this, we derived the energy per
accessdueto the4-bit counterusedin theL1 tagarray(for
trackingcritical/non-criticalaccessesof acacheblock)to be

� � ���"0 nJ(which is only anadditional1%energy peraccess
for the L1 cache). Similarly, we estimatedthe additional

energy per accessto the placementpredictorto be � �!
 pJ,
which is a negligible fractionperL2 access(sincethepre-
dictor is updatedandaccessedonly on anL1 missor evic-
tion). The energy for the bankpredictorusedfor steering
memoryaccessesto the hot or cold bankis � �!
 pJ per ac-
cess(samesizeastheplacementpredictor),which is again
anegligible fractionof L1 datacacheenergy peraccess.

We simulated10 programsfrom SPEC2k-Int1 with ref-
erenceinput datasets.Thesimulationwasfast-forwarded2
billion instructions,another1million instructionswereused
to warmupprocessorstate,andthenext 500M instructions
weresimulatedin detail. Table2 presentsthebenchmarks
with their baseIPCandL1 andL2 missrates.

5.2 Comparisonof Performance
Figure 4 comparesperformanceof the hot-and-cold

cacheto the baselineL1 datacache,which is dual banked
andwordinterleaved.The�rst barpresentsIPCof thebase-
line L1 datacache.Thesecondbarshows IPC for thehot-
and-coldcachewith dataallocationto banksbasedon crit-
icality, assumingperfectsteering(no bank prediction)of
loads/storesto 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 reducedby about1.8%,which is a resultof two fac-
tors: (i) Thereis animbalancein thenumberof accessesto
eachbankwhile usingthehot-and-coldcache.Someappli-
cations(bzip,gzip,twolf) havemany morecritical accesses,
while others(gcc,vortex) have many morenon-criticalac-
cesses. This resultsin excesscontentionfor the limited
cacheports as comparedto the word-interleaved banked
cache,in which, accessesto eachbankareroughly equal.
(ii) Accessesto a critical or non-critical cacheare more
bursty. When an instructioncompletesand wakes up its
dependents,thereis a high probability that thedependents
would eitherall be critical or all be non-critical. Sincean
entirecacheline residesin onebank,spatialandtemporal
locality alsodictatethatthesamebankwouldberepeatedly
accessed.We veri�ed this by examiningthenumberof ac-
cessesto eachbankin a 10-cycle window. Figure5 shows
ahistogramindicatingthepercentageof suchwindowsthat
encountereda particularratio of accessesto the two banks
(using an Oldest-7thresholdfor the hot-and-coldcache).
For the word-interleaved cache,an averageof 36% of all
time windows hadroughlythesamenumberof accessesto
eachbank. For the hot-and-coldcache,this numberwas
only 19%, while the numberof windows that had exclu-
sively eithercritical or non-criticalaccesseswasashigh as
26%. This shows thatreorganizingdatain thebanksbased
on criticality resultsin an increasein datacacheport con-
tention.

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

1Perlbmkdid not run with our simulatorandmcfis too memorybound
for its performanceto beaffectedby changesto theCPUandcache.
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herentto programbehavior, we usedthefollowing method
to improve the distribution of accessesto the banks. By
varying the parameter
 , we changedthe numberof crit-
ical accessesandthus, the allocationof blocksto the two
banks. We found that keepingthe numberof accessesto
eachbank roughly equal resultedin the least amountof
port contention. This is achieved at run-timewith a sim-
ple mechanismthat usesstatisticsover a past interval to
determinethe value of 
 for the next interval. We used
10M instructionintervalsanddiscardedstatisticsfrom the
�rst half of an interval. Over the latter half of the inter-
val, we countedthe numberof accessesto eachbank. In
termsof hardware,this requirestwo countersto keeptrack
of the numberof accessesto the two banksas well as a
comparisontriggeredevery 10M instructions. If the per-
centageof accessesto thehot bankwaslessthan45%,we
increasedthevalueof 
 soasto classifymoreloadsascrit-
ical. Likewise,if thepercentageof accessesto thehotbank
wasmorethan55%, we decreased
 . The statisticsfrom
the�rst half of each10M instructioninterval arediscarded
to allow enoughcacheblock evictionsandfetchesthat the

parameterchangeis re�ected in statisticscollectedfor the
latterhalf. Striving for a50%shareof critical accessesmin-
imizesportcontention,improvingIPCby 1%. However, we
foundthatkeepingtheshareof critical accessesto 60%was
betteratminimizingIPClossfrom aslowercoldcache.The
third bar in Figure4 representssuchanorganizationandis
only marginally betterthana �x edvalueof 
1�2� . How-
ever, sinceit classi�esmoreinstructionsascritical, it sees
amuchlowerperformancedegradationwhencoldcachela-
tency is increased.Notethatthis representsa modelwhere
loadsandstoresareperfectlysteeredto thebankthatcaches
thedata.Gccis anexampleof aprogramthatis highly con-
strainedby cacheport contention.Usinga valueof 
3�4�

causesa high imbalancein accessesto eachbankandde-
gradesperformance.As a result,thedynamictuningof 


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

Thefourth bar in the�gure shows a modelthatusesthe
bankpredictor. An incorrectpredictionresultsin a probe
of both thebanks,resultingin a higherlatency andgreater
port contention.Due to this, overall IPC goesdown by an
additional1%. We foundthatthemispredictratewas9.5%
onaverage,thuscon�rming ourearlierhypothesisaboutthe
easypredictabilityof thenatureof blocksaccessedby loads
and stores. Table 3 shows variousstatisticsthat help us
explain the changesin performance.The tableshows that
thehot-and-coldcacheorganizationhasto handlemoreac-
cessesandthis increaseis causedby mispredictionswhile
steeringloadsand stores. We also note that the distribu-
tion of accessesto odd andeven banksin the basecaseis
fairly even (exceptin gcc). By tuning the valueof 
 , the
distributionof accessesto hot andcoldbanksis adjustedto
approximatelybein theratio 60:40.Thenotableexception
is vortex, wheremostinstructionsissuefrom the last issue
queueentry andareclassi�ed asnon-critical. Becauseof
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Benchmark Basecase bank1:bank2 Stallsdueto Hot-and-cold Hot:Cold Stallsdueto Steering
Totalaccesses Accesses port contention Totalaccesses 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 36:64 267.7M 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

theincreasednumberof accessesto thehot-and-coldcache
andtheinherentburstynatureof theseaccesses(Fig 5), we
seethat the numberof stall cyclesdue to port contention
is much higher. On average,the hot-and-coldcachehas
twiceasmany stallcyclesastheword-interleavedbasecase
(In gcc, the programis alreadyhighly constrainedby port
contention,so the increasecausedby the hot-and-coldre-
organizationdoesnot resultin a doublingof thenumberof
stall cycles.).

Finally, the �fth and sixth barsshow the effect of in-
creasingthe cold cachelatency to four andsix cycles,re-
spectively. The seventhand eighth barsshow IPCs for a
word-interleavedcachewhereall accessestakefour andsix
cycles,respectively. In spiteof slowing down asmany as
45% of all memory operations,increasingcachelatency
from 2 to 4 cyclesonly resultsin a 1.6% IPC loss. Uni-
formly increasingthelatency of everyaccessto 4 cyclesin
thebasecaseresultsin an IPC penaltyof 5.7%. Thus,the
useof thecriticality metrichelpsrestricttheIPCpenaltyof
a slower cacheaccesstime. However, owing to thepenalty
from increasedport contentionandmis-steers,thehot-and-
cold cachewith the 4-cycle cold cachelatency doesonly
marginally betterthanthe 4-cycle word-interleavedcache.
The value of the proposedorganizationis seenwhen the
energy-saving techniquesthreatento slow the cacheto a
latency of six cycles. The hot-and-coldorganizationwith
the6-cyclecoldcachelatency outperformsthe6-cyclebase
caseby anoverall5.7%,demonstratingits ability to tolerate
theadditionallatency.

As we demonstratedin Figure 2, there are a number
of blocksthat arenot easilyclassi�ableascritical or non-
critical. Thiscausessomeamountof inef�ciency in thesys-
tem– whencritical loadsaccessnon-criticalblocks,perfor-
manceis lost,andwhennon-criticaloperationsaccesscrit-
ical blocks,they unnecessarilyconsumeadditionalenergy.
We noticedthat26%of all memoryoperationswereof this
kind. This inef�ciency cannotbemicroarchitecturallyelim-
inatedasit is anartifactof theprogramthat thesamedata
is accessedby differentkindsof loadsandstores.

Finally, it couldbearguedthata word-interleavedcache
like thebasecasewith half the total capacitycouldmatch
the energy consumptionof the hot-and-coldcacheif the
basecapacityis not fully utilized. We maketheassumption

(whichweveri�ed for ourbasecasedesignparameters)that
thecapacityof thebasecaseis chosento work well across
mostprogramsandthathalvingits capacitywouldseverely
impacta numberof programs,renderingsuchanorganiza-
tion unattractive.

5.3 Comparisonof Energy
5.3.1 Energy-DelayTrade-Offs
Our proposaldoesnot make any assumptionon the par-
ticular energy-saving techniquesthat canbe employed for
the cold bank. Sincethe cold bank is like any othercon-
ventionalcachebank,it could useany of the alreadypro-
posedarchitectureor circuit level power-saving techniques.
Hence,our resultsareparameterizedacrossmultipleaccess
timeandenergy consumptioncharacteristics.

In order to provide a more detailedunderstandingof
energy-delaytrade-offs possiblethroughcircuit-level tun-
ing, we performed circuit simulations using a typical
SRAM cross-sectionfrom the predecoderto the wordline
driver in 0.13� CMOS technology. The predecodercon-
sistsof 3-to-8NORsandthedecoderis an � -input NAND,
where� is thenumberof 3-to-8predecodeblocks.Finally,
thewordlinedriversconsistof invertersthatdrive theload,
which includesall associatedwires andSRAM cells. We
useda formalstatictuningtool, EinsTuner[6], to vary total
device width. EinsTuner[29, 6] is built on top of a static
transistor-level timing tool (EinsTLT) that combinesa fast
event-driven simulator (SPECS)with a timing tool (Ein-
stimer).TheSPECSsimulatorprovidestiming information
suchasdelayandslew alongwith �rst derivativeswith re-
spectto transistorwidth. EinsTunerusesthis information
to formulatetheoptimizationproblemasa linearcombina-
tion of slackandarea. This formulationis thensolved by
a non-linearoptimizationpackageLANCELOT [7], which
treatsall device widths as free parametersand solves for
minimum delay. Finally, energy valuesareobtainedusing
AS/X circuit simulations[1] for a givenswitchingactivity.

Figure 6 shows normalizedenergy-delaytrade-offs for
an SRAM cross-section.The primary y-axis shows delay
(norm.delay) correspondingto agivenenergyconsumption.
Thesecondaryy-axisshows thenormalizedsumof transis-
tor widths (norm.sumw). For this experiment,we usedpa-
rameterssuchasbetaconstraint(i.e. PMOS/NMOSwidth
ratio),internalslew rate,primaryoutputslew rate,andinput
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Figure 6. Energy­Dela y 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.

576

NormalizedLeakageEnergy NormalizedDelay
low 8.5 0.88

nominal 1 1
high 0.23 1.34

Table 4. Leakage Energy­Dela y Trade­offs for Dif­
ferent �

�

capacitance/stageconstraintsfrom realdesigns.The initial
datapoint for thisexperimentis obtainedby minimizingde-
lay withoutareaconstraints,andtheotherpointsshow min-
imum delaywith speci�c areaconstraints.FromFigure6,
we observe thatby increasingminimumdelayby 60%,we
canachieveup to 48%reductionin energy.

Table 4 shows normalizedleakageenergy-delaytrade-
offs for the same SRAM cross-sectionusing transistor
widths that correspondto minimum delay. We observe
that decreasing��� increasesleakageenergy dramatically
(8 times),while increasing��� decreasesleakageenergy by
77%at theexpenseof 34%increasein delay.
5.3.2 Dynamic and LeakageEnergy Savings
As discussedin Section2, many techniquescan be em-
ployed to reducecacheenergy, including transistorsizing,
lowered�

��� , banking,serialtaganddataaccess,higher �	� ,
etc.Sinceany of theabovetechniquescanbeappliedto the
cold bank,we presentresultsfor energy savings assuming
thecoldbankconsumeseither0.2or 0.6timesthedynamic
andleakageenergy consumedby thehot bank. Resultsfor
using just oneof the circuit-level techniques— transistor
sizingfrom Figure6 — would lie in between(correspond-
ing to roughly 0.5 time the dynamicenergy consumedby
the hot bank,with roughly twice the accesslatency in cy-
cles). Whendesigningwith a higher ��� for thecold bank,
the77%reductionin leakageenergy shown in Table4 cor-
respondsroughlyto 0.2timestheleakageconsumedwithin
thehotbankwith roughlya1 cycleincreasein delayfor our
cacheorganization. The useof multiple techniquescould
potentiallybringmoreaggressiveenergysavingsatapoten-
tially higheraccesspenalty, 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 thir d
bars represent a hot­and­cold 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 hot­and­cold
cache, the black and grey por tions of the bars rep­
resent the energy consumed within the hot and
cold banks, respectivel y.

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

Figure7 shows potentialenergy savings from the pro-
posedorganization. For eachprogram,we show L1 data
cacheenergy for threeorganizations- (i) word-interleaved
basecase, (ii) hot-and-coldorganization,where the hot
bankhascharacteristicsidenticalto abankof thebasecase,
andthecoldbankconsumes0.6timesthedynamicandleak-
ageenergy consumedby thehotbank,(iii) hot-and-coldor-
ganization,wherethehotbankis thesameandthecoldbank
consumes0.2 timestheenergy consumedby thehot bank.
For the hot-and-coldcache,the �gure alsoshows thecon-
tribution to total energy from thetwo banks.Since45%of
all accessesaresteeredto thecoldbank,thatnumberserves
asanapproximateupperboundto thepotentialenergy sav-
ings.

By having a highly energy-ef�cient cold bank(like that
representedby the third bar in the �gure), theenergy con-
sumptionin thedatacachereducesby anaverageof 37%.
Thereis little effect on L2 energy consumptionsincethe
missratesof the two cachesarecomparable.Leakageen-
ergy consumedis a functionof total executiontime (which
is slightly longerfor thehot-and-coldcache).We observed
that the contribution to total energy savings cameequally
from dynamicandleakagecomponents.

Notethatenergy savingscanbefurtherincreasedby im-
proving steeringpredictionaccuracy. Our resultstake into
accountthe additionalenergy overheadof a steeringmis-
prediction– about10% of all loadsandstoresaccessboth
banks.Also notethatthedistributionof accessesacrossdif-
ferentbanksis almostthesamein all programs,resultingin
very little variationin energy trendsacrossthe benchmark
set.
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6 Conclusion

We havepresentedandevaluatedthedesignof a banked
cache,whereeachbankcanbe �x ed at designtime to be
eitherhot or cold, i.e., high energy andlow latency, or low
energy andhigh latency, respectively. Theperformanceim-
pactof accessingthe cold cachecanbe minimizedeffec-
tively by separatingloadandstoreinstructionstreamsinto
a critical andnon-criticalstream.Our resultsdemonstrate
thatperformanceimpactis reasonablyinsensitive to thela-
tency of thecoldbank,allowingaggressivepowerreduction
techniques.This is madepossibleby theconsistentclassi-
�cation of instructionsanddataascritical andnon-critical
streams.Eachadditionalcyclein thecoldcachelatency im-
pactsperformanceby about0.8%. Energy savingsarepro-
portionalto thefractionof accessesto thecold cache,with
L1 energy reductionbeinganaverageof 37%(comparedto
a word-interleaved basecase)for an energy-ef�cient cold
bank.

However, allocationof datablocks in the hot andcold
banks increasescontentionand introducesbank steering
mispredicts. This resultsin an IPC degradationof 2.7%,
comparedto a word-interleaved conventionalcache,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.Suchproblemswerenot encounteredin
the designof criticality-basedarithmeticunits with differ-
ent power/performancecharacteristics[23]. The hot-and-
cold cachebecomesmore effective when the cost of em-
ploying any power-saving techniquebecomesprohibitive.
For example,ahot-and-coldorganizationwith a2-cyclehot
latency and a 6-cycle cold latency outperformsa 6-cycle
word-interleavedbasecaseby 5.7%.

We areworking with circuit designersin order to help
de�ne the energy consumptionratio betweenhot andcold
cachebanks. Our initial analysisrevealsthat simpletech-
niqueslike transistorsizing and high �

� can dramatically
reducedynamicandleakageenergy consumption,validat-
ing thechoiceof parametersin ourevaluation.Wealsoplan
to evaluatetheuseof asymmetricsizes(andorganizations)
for hotandcoldbanks.
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