L ooking at History to Filter Allocationsin Prediction Tables

Enric Morancho, José Maria Llaberia and Angev@®li
Departament d'Aquitectua de Computades
Universitat Rolitecnica de Catalunya, Beelona, Spain
{enricm,llaberia,angl}@ac.upc.es

Abstract
Dependenciesbetween instructions impose an execution
order that must be preservedto guarantee the semantic
correctnessof programs. Recentworks proposethe use of
prediction tedhniques to speculatively execute dependent
opefmtions, showing a signifant incement in IPC.
We proposea medanismthat reducesthe area cost of a
typical address predictor: the last-addess predictor Our
proposalclassifesload instructionsat run-time and recods
the classiftations in a table with more entries than the
prediction table Moreover, it uses this information to
initialize its confdence information and to filter the
allocation of the load instructionsin the prediction table
Using direct-mappedables,our proposalcaptuesa similar
predictability and increasesthe accumacy of the typical
address predictor and representsaround a 40% area-cost
saving

1. Introduction

Dependenciedetweeninstructionsrestrict the instruction-
level parallelism,and make difficult for the processorto
exploit the available hardware parallelism. To overcome
dependenciesseveral kinds of hardware techniqueshave
beenproposed,e register renaming,out-of-orderexecution
[7] and prediction techniques.

Prediction techniquespredict the result of an operation
prior to execute it. After that, the processoruses the
prediction to speculatiely issue dependentoperations.
Prediction techniqueshave been successfully applied to
reduce the influence of control dependencieq11], but
recently some works have proposedthe application of
prediction techniquesalso to reducethe influence of data
dependenciesheseproposalshave beenevaluatedto predict
addressesomputedby load instructions[2][6] and results
computed by modifying-gster instructions [10].

A predictor predictsa patternof the operationresults;to
predict more patterns, the predictor must be more
sophisticated; gan lybrid predictor [1][2].

Predictor resourcesare used efficiently when they are
assignedto predictable instructions. Filtering techniques
[3][15] areappliedto avoid someallocationsin theprediction
tables Filtering is valuableto increasehe performancef the
predictor or to reduce its area cost.

We evaluate a technique that records classification
information of the instructionsevicted from the prediction
tableto filter the allocationof the unpredictablanstructions
in the prediction table. We will focus on the simplest
predictor used by the hybrid predictors, the last-result
predictor and on predictingthe addressesomputedby the
load instructions. The sameidea can be applied to other
predictors as stride andlue predictors.

This paperis organized as follows. Section2 shows the
prediction model usedin this work. Section3 presentsa
benchmark characterization. Section4 points some

considerationsused to design our proposal (Looking-
Badkward Predictor). Section5 evaluatessomeperformance
metricsof our proposal andcomparegshemwith the onesof

a simple addresspredictor and other filtering predictors.
Section6 reviews related works. Finally, Section7

summarizes our conclusions.

2. Last-Address prediction model

The last-addres@redictor[16] predictsaddressesomputed
by the load instructions.It performsa trivial operation:the
predictedaddresds equalto the previous addresscomputed
by the sameload instruction. Theseprevious addressesre
recordedn a predictiontablewhereeachload s relatedto a
set of table entries.

As every misprediction could have a penalty of some
processocycles,a predictiononly takesplacewhenit exists
high confidencen thecorrectnessf theprediction.Then,we
will adda two-bit saturateccounterto every prediction-table
entry; these counterswill be named confidencecounters.
Everytime aloadinstructioncomputegshe sameaddresshan
the one computedin its previous execution,its confidence-
countervalueis increasedy one,otherwiseit is decreasetly
one.A loadinstructionis predictedonly whenits confidence-
counter alue is greater than one.

Proposedmplementationof predictorsbasedin the last-
addressprediction model [6][9] employ a direct-mapped
table, named Address Table (AT), indexed with the least-
significantbits of the PC. Every AT entry containsthe last
address computed by the most-recently executed load
instructionmappedo the entry, a two-bit confidencecounter
andatag usedto detectmappingconflicts.Load instructions
areallocatedin the AT usingthe alwaysallocatepolicy; ona
missthe load instructionis not predictedthe addressdield is
updatedandits confidence-countevalueis setto one. This
predictorwill be namedBasePredictor (BP); Figurel shawvs
its scheme.
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Figure 1: Base Predictor scheme.

To evaluatethe performancef anaddrespredictor we use
two measures:(a) the captured address predictability,
defined as the percentof correct predictions out of the
numberof executedload instructions,and (b) the accuracy,
defined as the percentof correct predictions out of the
numberof predictionsperformed.Table1l shovs the address
predictabilityandthe accurag obtainedusinga BP with an
unbounded\T in theintegerbenchmark®f the spec-95uite.
We focuson integer codesbecauséhey aremoresensitve to
the load-instruction lategahan floating-point codes [7].

Binaries usedin this work have beenobtainedcompiling
with the - &4 switch of the cc native compilerof the machine



(anAlpha21164processor)andlinking statically Then,they
have been instrumented with ATOM to evaluate the
performanceof the predictors.Benchmarkswere run until
completion, and loads to zergisters hae been ignored.
Table 1: Benc hmark description, input data set, n  umber of
static load instructions e xecuted at least once , number of
dynamic load instructions, and perf  ormance (ad dress
predictability and accurac y) obtained using the BP with an
unbounded A T. Measures taken on an Alpha pr ocessor .

StaticLoads| Dyn. loads| Last address

Benchmark| Input Set xec. ()(103) {xlog) predict. Accur.
go Reference 16.3 8. 4781 92.40
mksim Reference 3.7 19.3 69.53 96.89
gce cp-decl.i 21.3 0.1 60.11 95.03
compress | Reference 0.7 12.9 57.27 99.72
perl primes.pl 51 3.0 79.19 97.61
vortex Reference 19.5 22.8 56.28 93.90
li Reference| 24 18.6 30.20) 94.11
ijpeg Reference 3.9 7. 19.11] 93.14

Base Pedictor flaws

Proposedast-resultpredictors[2][6] similar to the BP do
not record confidenceinformation of the operationsevicted
from the AT, every time an operationis allocatedin the AT,
the predictor must start from scratchthe evaluation of the
confidencaneasureon the operation.This factdecreasethe
predictability captured by the predictor specially if the
numberof executionsof an operationfrom its allocationin
the AT until its eviction (the hit-burst length) is small
comparedwith the number of executionsof the learning
phaseof the confidencemeasure.n next sectionwe will
evaluatethe typical hit-burst lengthsand we will proposea
mechanism to reduce its influence on the predictor
performance.

Another captured-predictabilitydecreases obsered if an
unpredictableoperationevicts a predictableonefrom the AT.
We will proposethe use of a mechanismthat filters the
allocation of the unpredictable operations in tiHe A

3. Program characterization

The performanceof a boundedBP is relatedto the AT miss
rate and to the numberof consecutie executionsof a load
instructionfrom its allocationin AT until its eviction (the hit-
burstlength).A dynamicloadinstructionthatdoesnot match
with thetagrecordedn its relatedAT entry (@an AT miss)will
not be predicted.Then,to predicttheir future executions the
predictorstart-upwill waste,at least,the next execution of
this load instruction.Moreover, in a mapping-conflictat the
AT entry, theloadinstructionwill beevictedfrom AT, the hit
burstof theloadinstructionwill finish,andthewholeprocess
muststartagain on the next executionof this loadinstruction.

Miss rate and working-set size @aluation

We have evaluated[14] the AT missrateusingbothdirect-
mapped AT's and fully associatie AT's with the Least
Recently Used (LR) replacement polic

Then, we define the working-set size of static load
instructions of a benchmarkas the minimum two-power
numberof AT entriesneededo achieve a 1% missratein a
fully associatre AT with LRU replacement polic

After working-setsizemeasuresve classifybenchmarksn
four classessmall (compress; size< 128), medium(li, ijpeg
and perl; between256 and 512), large (mksim; 1.024) and
extra-lage @o, gcc andvortex; = 2.048).

The working-set size of a benchmarkis related to the
number of AT entries neededby a BP to achiere a
performancesimilar to the one obtainedusingan unbounded
AT. In previous evaluations[2][3][6][9][15], typical AT sizes
range from 1.024 to 4.096 entries and, in some cases,
mappingis four associatie. Thesesizesare big enoughto
capturethe whole working set of load instructionsof most
integer benchmarksin this paper we also evaluatesmaller
AT sizesto know the behaiour of our proposedpredictor
whenit is pressuredby capacityandconflict missespecause
the goal is filtering the allocation of unpredictableload
instructions in the &

Hit-b urst length evaluation

We definethe hit-burstlengthasthe numberof consecutie
executionsof a staticloadinstructionthatarehitsin AT. A hit
burstof lengthN involvesN+1 consecutie executionsof the
load instruction:the first one producesthe allocationof the
load instructionin AT (a missin AT), andthe remainingN
executions are R hits.

On areplacemenin an AT entry, its confidencecounteris
set to one; then, the next execution of the allocatedload
instructionwill not be predicted.The loss of predictability
due to this initialization can be large if, usually a load
instructionis evicted from AT after few executionsof this
load instruction. For instance,considera load instruction
100% predictable,and let its hit-burst length be two; the
predictoris ableto predictonly one of the two executionsof
the hit burst, ie, predictabilitylossis 50%. On a hit-burst of
length 10, the predictability loss is 10%.

Number of AT entries: 128 U256 T TT vz Tttt 1024 == == ="2048
100¢ 100%

90%- mksim < 90%

T T T 4096

Dynamic Load Instructions

Figure 2: Cumulative dynamic-load distrib utions according to
hit-b urst lengths using direct-mapped A T's. Vertical ax es
stand for the percent of dynamic load instructions, horizontal
axes stand f or the hit-b urst length. The horizontal axis is cut
at hit-b urst length 18, b ut all graphs saturate at 100%. Ever y
line is related with an umber of A T entries.

We have evaluatedthe numberof occurrence®f every hit-
burst length,and they have beenweightedby its numberof
involved executions.Figure2 shavs cumulatve distributions
of the hit-burst lengthsin some benchmarksusing several
direct-mappedAT's. As the numberof AT entriesincreases,
the number of missesdecreasesand the hit-burst lengths
become lager.

We have obsered that a significantamountof dynamic
load instructions are related with short hit bursts. For
instance,in benchmarkgo, for a 1.024-entryAT, 29% of
dynamic load instructionsis related with hit bursts of, at
most, length four. To capturethe potential predictability of
thesehit bursts,a predictormustbe ableto predictthe load
instructions as soon as thare allocated in A

Moreover, we have noticedthat the percentag®f dynamic
loadinstructionsrelatedto zero-lengthhit burstsis significant
in somebenchmarksFor instance,in mksim andgo usinga
1.024-entryAT, they representabout 10% of the dynamic
load instructions. These hit bursts are producedby load
instructionsthat are allocatedin AT and, before their next



execution, they are evicted. Although several benchmarks

exhibit a similar missrate,their hit-burstdistributionspresent
significant \ariations (Gble2).

Table 2: Distrib ution of dynamic load instructions related with
hit-b urst of length zero, up to four and up to ten executions in
some configurations and benc  hmarks (n umber s represent

percents of d ynamic load instructions). Miss rate in some
benc hmarks and configurations of a direct-mapped A T.

256-entryli | 1.024-entrymksim | 2.048-entrygo

0 754 9.4 5.18
hit burst length[ <2 16.41 13.39 17.21
<10| 23.65 16.89 26.16

Miss rate 12.60 11.63 11.72

To fully exploit the predictability available in short hit
bursts,we proposerecordingconfidenceinformation of the
evicted load instructions.This information will be usedto
initialize the confidence-counteralueof the AT entrieswhen
the load instructions are reallocated ih A

Predictability analysis

In [16] hasbeenshaved that the predictability of the load
instructionsdo not spreaduniformly amongthem. We have
evaluatedwhich load instructionscontritute to the overall
predictability The main contrikution is madeby the highly
predictable load instructions (between82% and 97% of
overall predictability) but, in other benchmarkggo, vortex
and gcc), medium-predictabldoad instructionsrepresenta
significant contrilation (up to 18% of werall predictability).

Theallocationof unpredictabléoadinstructionsn AT does
not contrikute to the predictability capturedby a predictor
and, morewer, can hurt some predictability if it evicts a
predictable load instruction. In this work, we presenta
mechanismthat uses the confidence information of the
evicted load instructions also to guide the replacement
algorithm in AT.

4. Looking-Backward Predictor

In this sectionwe presentsomedesignconsiderationghat
shouldbe consideredo designan addresspredictor These
considerations have been evaluated using unbounded
prediction tables; detailed results can be obtainedin [14].
After that, we describe tHeooking-Backward Predictor.

4.1. Design Considerations

* Recording the classification of the evicted load
instructions: Hit-burst length evaluationssuggestus the
addition of a ClassificationTable (CT) to the BP. CT
records classification information of the evicted load
instructions (predictable/unpredictable}he number of
CT entrieswill be larger thanthe numberof AT entries
and CT will be indexed using the PC of the load
instruction. CT information will be used to set the
confidencecounterof aloadinstructionon reallocationin
AT. It will allow the predictorto exploit the predictability
available in short hit brsts.

» Filtering the allocation in AT by meansof the CT: We
have evaluatedthe following filtering: a load instruction
classifiedas unpredictableby CT will not replacea load
instruction classifiedas predictableby AT; in ary other
case,the replacementwill be performed.However, our
evaluationsshaw thatthis replacemenalgorithmis rough
for medium-predictable load instructions, because
reclassification is obstructed by predictable load
instructionsallocatedin AT that have not beenexecuted

for a long time.

e Re-evaluation of the classification of the load
instructions classifiedasunpredictable An opportunity
to reclassifyload instructionsclassifiedas unpredictable
by CT is whenthey collide in AT with a predictabldoad
instructionthathasnot beenexecutedfor along time. We
adda saturated-bit collision counterat every AT entry;
its value is decreasedn AT hits, and increasedwhen
unpredictableload instructions miss in AT. When the
counterachiezesits maximumvalue,theloadinstructions
classifiesas unpredictableare allocatedin AT to be
reclassified

* CT initialization : Initializing all the CT entries as
unpredictable is valuable because it filters load
instructions with zero hitdrst lengths.

4.2. Predictor design

Figure3 shovs an scheme of the Looking-Backward
Predictor. It usestwo predictiontables:the AT andthe CT;
both tables will be direct mapped.

{* Predicts an effective address /* Updates CT and AT */

Qut put vari abl es:

-predicted: |l oad is predicted? Updat e(PC, addr) {

-pred_addr: predicted address index_at = | NDEX_AT(PC);
*/ index_ct = | NDEX_CT(PC);
tag = TAGQ PO);
Prediction(PC) { if (AT[index_at].tag == tag) {

I* AT hit */

if (AT[index_at].address == addr)
AT[index_at].conf ++;

el seAT[ i ndex_at].conf --;

AT[i ndex_at] . address = addr;

AT[index_at].colls --;

i ndex_at = | NDEX_AT(PC);
tag = TAG PO);
if ((AT[index_at].tag == tag) {
I* AT hit */
if (AT[index_at].conf > 1) {
predicted = TRUE;
pred_addr =
AT[ i ndex_at] . addr ess; else { /* AT miss */
} it (CT_TAGPQ) !=
el se predicted = FALSE; CT_TAG(AT[i ndex_at].tag)) {
curr_conf = AT[index_at].conf;
exec_conf = CT[index_ct];
index_ct_curr =
COMBI NE( AT[ i ndex_at].tag, index_at);

else /* AT miss */
predicted = FALSE;

if ((exec_conf == 1) OR

: (AT[index_at].colls == 3)) {
ta%t taglm‘je(—at AT[index_at].tag = tag;
PCl = AT[i ndex_at].address = addr;
AT[index_at].colls = 0;
T AT[index_at].conf = exec_conf + 1;
Inde(—Ct CT[index_ct_curr] =

H GH_BI T(curr_conf);

TRHRE" e
P

ation

el seAT[index_at].colls ++;

N S
rz? \'Z’Q & else { /* AT miss and CT conflict */

if (AT[index_at].colls == 3) {

AT[index_at].tag = tag;

AT[index_at].conf = 1;
AT[i ndex_at].address = addr;
AT[index_at].colls = 0;

el se AT[index_at].colls++;

}
}

Figure 3: Looking-Backward Predictor scheme and pseudo
code (operator s ++ and -- update counter in a saturated wa y).

Each AT entry containsfour fields: an addressa tag, a
confidence-countevalue and a collision-countervalue. The
addresswill be usedto predict future addressesthe tag
containsthe bits of the PC that do not index AT (the lower
bits of the tagidentify the CT entryrelatedto the AT entry),
theconfidencecounteris usedto decideif theloadinstruction
allocatedn the AT entrymustbe predicted andthe collision-
counter value reflects the execution ratio between the
allocatedload instruction and the unpredictableones that
collide atthesameAT entry Fromnow, theratio betweerthe
numberof CT entriesandAT entrieswill be namedthetable-
size ratio.

Eachone-bitCT entry recordsthe classificationof a load
instruction. We have decidedthe use of one-bitCT entries
because&ecordingthe whole confidencecounteris not a cost-
effective alternatve. Resultswere similar but, for a 1.024-
entry AT and a table-sizeratio o 8, two-bit CT entries



represent costincrementaround10% (Section5.1 presents
an area-costaluation).

The predictorworks asfollows. Whena load instructionis
fetched, the predictor checksif the tag recordedin AT
matcheswith some bits of the PC (AT hit). If so, the
confidence-countewalue is used to decide if the load
instructionmustbe predicted.The procedurerr edi ct i on in
Figure3 shavs the pseudo-code related to these actions.

The predictiontablesare updatedusing procedureJpdat e
in Figure3) after the addressstageof the pipeline, that is,
immediately Note that in the last-address predictor
misprediction-propagtion issuesare lessimportantthanin
context predictors[1]. On an AT hit, the confidence-counter
value is increasedas in the BP; moreorer, the computed
addresss recordedin the addresdield of the AT entry and
thecollision-countewvalueis decreasetly one.Notethatin a
implementation most prediction-table accessescan be
performed in parallel.

OnanAT miss,we usea simplereplacemenmechanisnin
AT. A load instruction classified by CT as predictable
replacesmmediatelythe loadinstructionallocatedin the AT
entry However, if the load instruction is classified as
unpredictabldy CT, thereplacemenis only performedf the
collision-countervalueis 3; otherwise,the collision-counter
value is increased by one.

On a AT replacementAT fields are updatedaccordingto
the executedload instruction, the collision counteris reset
andthe classificatiorrelatedto the evictedload instructionis
recordedn CT. Values0 and1 classifytheloadinstructionas
unpredictable; alues 2 and 3 as predictable.

On an AT miss producedby a load instruction that also
collidesin CT with the load instructionallocatedin AT, the
replacemenmechanisnonly considershe collision counter
to decide the allocation of the load instruction. On a
replacement, the confidence counter will be set to one.

We will evaluateseveral table-sizeratios: 2, 4, 8 and 16.
Increasingable-sizeratio producesafiner classificationThat
is, theclassificatiorwill beimprovedwhena predictabldoad
instructiondo not collide in CT using the larger ratio. The
increasdn capturedoredictabilitydependson the conflictsin
AT, that is, for an AT size and large table-sizeratios, the
captured predictability saturates.

Our predictortakesadvantageof the CT in two ways:a) to
initialize the confidence-counter of AT entries on
replacements,and b) as an input of the replacement
mechanisnof AT. As aresult,filtering increaseshe hit-burst
lengths related to the predictable load instructions, and
reducesthe loss of predictability producedby the learning
phase of the confidence mechanism.

5. Performance evaluation

This section presents an evaluation of our proposal,
comparingits areacost, predictabilityand accurag with the
onesof the BP. Moreover, we will compareour proposalwith
other filtering address predictors [3][15].

5.1. Areacost

The areacostof a predictoris estimatedas the amountof
bits of informationstoredin it. Following expression®f area
cost of the BP and the Looking-Backward Predictor are
function of the numberof table entries; we assume64-bit
addresses2-hit confidenceand collision counters,and 1-bit

CT entries.
BasePredictor

= (64+ 2 +tagbits) x ATentries
AreaCost

LookingBackwardPredictor
AreaCost

5.2. Captured Predictability
We presenta comparisorbetweerthe predictabilitycaptured
by the BP and thkooking-Backward Predictor.

We have performedsimulationsin a wide rangeof tagbits
for every AT sizeto detectthe numberof tagbitsneededo
saturatethe performanceof the predictors[14]. We conclude
that,in the evaluatedbenchmarksboth predictorsshoulduse
up to 17 bits to tag and ind&T.

4 table-sizeratio 2 2

= 1xCTentries+ (64+ 2+ 2+tagbits) x ATentries

" table-size ratio4 = | ooking-Backward . Base Predictor

BP+CT Predictor

¢ table-size ratio 8 ©
® table-size ratio 16 ©
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Figure 4: Predictability captured by the BP, the BP+CT and
the Looking-Backward Predictor. Horizontal axes stand for
the area cost (logarithm scale), vertical axes stand for
captured predictability. A line connects the predictability
captured by BP configurations. Other lines connect results
for BP+CT (black points) and Looking-Backward Predictor

(white points) for an AT size and several table-size ratios.

To shaw the influenceon the performancenf remembering
the classificationof the evicted instructionsand filtering the
allocationof unpredictablénstructionswe presentesultsfor
threecases(1) theBP, (2) aBP with aCT thatis only usedto
set the confidencecounteron AT allocations,and (3) the
Looking-Backward Predictor. Case (2) will be named
BP+CT. Figure4 shavs these results for some benchmarks.

Comparisons between predictor configurations with
the same number of AT entries

BP+CTalwaysoutperforms$BP becausét fully exploitsthe
hit burstsof the predictabldoad instructions.The benefitsof
the BP+CT are significant in configurationswith a great
amount of short hitlrsts (Bble2).

DifferencesbetweenBP+CT and the Looking-Backward
Predictor aredueto the filtering performedby meansof the
CT. Filtering increaseghe capturedpredictability in almost
all benchmarksln somecaseqmksim), thefiltering effectis
remarkablébecauseherearea significantproportionof zero-
length hit-tursts.

For every numberof AT entries,the predictability captured
by the Looking-Backward Predictor increasesas the table-
sizeratio increasesThe capturedpredictability saturategor
large table-sizeratios becausat is limited by the numberof
AT entries and the mapping pglic

T
100000 4000000



Comparisons between predictor configurations with a
different number of AT entries

We compare the BP versus Looking-Backward Predictor
configurations with half AT entries. From Figure4, the
Looking-Backward Predictor can capture more predictability
than the BP with twice AT entries. Doubling the number of
AT entries of the BP increases its captured predictability only
if doubling produces that a predictable load instruction does
not conflict with other load instructions of the same program-
execution context. But in some cases, doubling the AT does
not remove al the conflicts in an AT entry. The Looking-
Backward Predictor tries to eliminate conflicts in AT by
filtering the allocation of unpredictable load instructions; this
filtering is successful if there is only one predictable load
instruction colliding at the same AT entry. When two
predictable load instructions collide at the same AT entry, the
Looking-Backward Predictor can not capture their
predictability, but doubling the AT may eliminate this
conflict. In this case, the BP can outperform the Looking-
Backward Predictor (mksim with 2.048 AT entries).

Most Looking-Backward Predictor configurations with
table-size ratio 8 or 16 capture as much predictability or
outperform the BP with twice AT entries. These results show
that there is a significant proportion of conflicts between
predictable and unpredictable instructions, then, doubling the
AT of the BP is not a cost-effective solution.

Using as a reference the area cost of a BP with N AT
entries, the area cost of a Looking-Backward Predictor with
N/2 AT entries and table-sizeratio 8 is around a 43% smaller;
for table-size ratio 16 the reduction is about 36%.

Benchmarks vortex and gcc exhibit a similar behaviour than
go due to their large working set of load instructions and the
significant influence of medium-predictable load instructions.
Benchmark perl is similar to mksim due to its large amount of
conflicts in AT and its large predictability. Benchmarks
compress, li and ijpeg present saturated results due to their
small working-set size.

The Looking-Backward Predictor can increase the
performance of the BP as much as doubling its AT and with a
smaller area-cost increment. Finally, our proposa gives a
wide range of configurations to obtain the best fit to the
available area.

5.3. Comparison of filtering strategies
We will compare our filtering strategy with the ones proposed
in [3][15]. Their replacement algorithm uses confidence
information of the allocated load instructions, and mapping-
conflict counters. For this, a replacement counter is added to
every AT entry of the BP; this counter is decreased on a
correct prediction and increased on a misprediction or on a
miss. Replacement takes place on saturation of the
replacement counter; after that, the counter is set to zero. In
this paper, we will name a predictor with this replacement
algorithm a Conservative Predictor because it prioritizes the
instructions allocated in AT versus a colliding instruction that
misses in AT (even if it is predictable). That is, the
Conservative Predictor does not use Cclassification
information of the instructions that collide as our replacement
algorithm does. We will employ 3-bit replacement counters
for the comparison because we have observed that they
saturate the predictability captured by a Conservative
Predictor.

We classify the benchmarks into two classes. (A)
benchmarks with a high amount of load instructions that are

highly predictable (mksim and perl) and, (B) the remaining
benchmarks. Now, we will comment the behaviour of the
filtering strategies in both classes;, we choose as
representative of each class the benchmark with the largest
working set of load instructions: mksim and go.

Figure 5 shows the predictability captured by the BR, the
Conservative Predictor and our proposal for different
numbers of AT entries using direct-mapped tables in
benchmarks mksim and go. To evaluate our proposal, we have
selected atable-size ratio equal to 16.

HBase Pred.

Consev. Pred. BLook.-Back. Pred.
mksim go

709 50%

609

509 30%

409 20%

Captured Predictability

309 7 10%

256 512 _ 1024 2048 4096 256 512 1024 2048 4096
AT entries

Figure 5: Predictability captured (vertical axis) by the BP, the
Conservative Predictor and our proposal in benchmarks
mksim and go using direct-mapped tables. Horizontal axis
shows the number of AT entries of the configurations.

In mksim, most conflicts are between predictable load
instructions. Both the Conservative Predictor and our
proposal capture more predictability than the BP because they
filter conflicts between predictable load instructions.
However, for some AT sizes, our proposal shows a sightly
decrease (2%) versus the Conservative Predictor.

The way how both replacement agorithms filter the
predictable load instructions is different. The Conservative
Predictor favours the allocated load instructions, then, a
highly predictable instruction alocated in the AT will only be
evicted on saturation of the replacement counter. On the other
hand, our proposal filters the alocation of predictable load
instructions as a side effect of initializing CT entries as
unpredictable: a potentialy predictable load instruction is
classified in CT as unpredictable. Then, potentialy
predictable instructions that have a few conflicts with an
allocated predictable instruction are not reclassified as
predictable; if they have a bigger number of conflicts, their
reclassification will be only delayed.

In both replacement algorithms, the alocation of
predictable or potentially predictable instructions is favoured
by collisions produced by unpredictable instructions. But, in
our proposed algorithm, ainstruction classified as predictable
isalocated in AT without delay.

In benchmark go, both the Conservative Predictor and our
proposal capture more predictability than the BP. However,
our algorithm is able to capture more predictability than the
Conservative Predictor because it prioritizes the predictable
load instructions, that is, the allocation of load instructions
classified as predictable is not delayed. On the other hand, the
Conservative Predictor can delay the alocation of these load
instructions in an execution-context change or in the same
execution context. It is not delayed only if it collides with an
unpredictable load instruction that has its replacement
counter saturated. On the same execution context,
unpredictable instructions can produce a delay chain that
makes difficult the allocation of a predictable instruction.

We conclude that our replacement algorithm perform better
than the replacement of the Conservative Predictor on
benchmarks with a significant amount of conflicts between
predictable and unpredictable load instructions. On



benchmarkswith a conflicts between predictable load
instructions the lossof predictability of our proposalrespect
the Conservative Redictoris small.

To increasehe performancef our proposain benchmarks
with a high numberof conflicts betweenpredictableload
instructionswe cantake advantageof the resultsobtainedin
[8], and [12], but the evaluationsof these possibilitiesis
beyond the scope of this paper

Comparingtheareacostof boththe ConservativePredictor
andthe Looking-Ba&ward Predictor for the samenumberof
AT entries,our proposakepresentanincrementaround20%.
However, it is able to obtain the performanceof a BP with
twice AT entries; that represent a decrease around 40%.

5.4. Accuracy

We have also comparedthe accurag of the BP, the
ConservativéPredictorandthe Looking-Ba&ward Predictor.
Our resultsshow that, for the samenumberof AT entriesin
mostcasesthe Looking-Ba&ward Predictoris moreaccurate
thanthe ConservativePredictor, and both are more accurate
thanthe BP. The only exceptionis benchmarkmksimfor 256
and1.024AT entries.t is dueto thelargedifferencebetween
the number of predictions performed by both predictors
(Figure4).

5.5. Associative mapping

We have comparedhe performanceof the predictorsusing
associatie AT's. First, we have comparedthe Looking-
Badkward Predictor versusthe BP. Our resultsshav that, for
thesamenumberof AT entriesandassociatiity, out proposal
outperformsBP. Moreover, in benchmarkgo, gccandvortex,
a direct-mapped.ooking-Ba&ward Predictor outperformsa
two-way BP. Comparingthe Looking-Ba&ward Predictor
versus the Conservative Predictor we obtain than our
proposalis betterin benchmarkswith a high percentagef
medium-predictabléoad instructions.In benchmarkswith a
high percentageof highly predictableload instructions,the
Conservative Radictoroutperforms our proposal.

6. Related works

Some works that use the BP to speculatiely execute
dependentinstructions[6][9] have showvn a potential IPC
improvement. Then, the BP used in theseworks can be
replaced by the Looking-Ba&ward Predictor becauseit
exhibits a similar performance using a smaller area-cost.

Lipasti et al. [10] proposea value predictorthat decouples
the classificationnformationfrom the valueinformation,but
classificatiorinformationis not usedto filter the allocationof
value information.

Moranchoetal. [13] recordin the ClassificationTablesome
bits of the effective addresgo estimatethe classificationof
the load instructions.This idea has also beenappliedto a
contet predictorin [1]. This proposakeducegheareacostof
the BP around19% andmaintainsits performancewhile the
Looking-Ba&ward Predictor reduceshe BP areacostup to
40%.

Mechanismghatdetectthe usefulnes®f the predictionsto
reducethe execution time have been proposedin [3][15].
Thesemechanismsare usedto selectthe instructionsthat
mustbeinsertedin the AT. The Looking-Ba&ward Predictor
can improve their performance becausewe filter the
allocation of unpredictable load instructions in thie A

Filtering the allocation of information in the prediction
tables has beenusedin the contet of branch predictors
[4][5]. Theseworks proposehybrid predictorswith priority

allocation in prediction tables, but, when no predictor is
predicting a branchinstruction with strong confidenceall
predictorsin the hybrid predictorareupdatedsimultaneously
and resourcesare allocatedfor a branchinstructionin all
predictiontables.Our proposalcanbe includedand usedto
filter the allocation of information in some prediction tables.

7. Conclusions

The addressescomputedby the load instructionsin the
integer benchmarksexhibit a significant tendeng to be
predictablebut this tendeng do not spreaduniformly. Then,
we proposeclassifying load instructionsaccordingto their
predictabilityandthe useof this informationby the predictor
to guide the replacement algorithm.

We have shawvn that with an area-cossaving around40%
respectthe BR, the Looking-Bakward Predictor captures
similar predictability than the BP

Our proposalcan also be applied to other predictorsas
stride,valueandbranchtargetpredictorsto reducetheir area
cost.
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