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Abstract — Recentworks have proposedthe use of prediction
techniques to execute speculatvely true data-dependent
operations. However, the predictability of the operations do not
spread uniformly among them. Then, we propose the use of
run-time classification of instructions to increasethe efficiency of
the predictors. At run time, the proposed mechanism classifies
instructions according to their predictability, decoupling this
classificationfr om prediction table. Then, the classificationis used
to avoid the unpredictable instructions from being candidatesto
allocate an entry in the pediction table.

The previous idea of run-time classificationis applied to the
last-addresspredictor (Spit Last-AddressPredictor). The goal of
this predictor is to reducethe latency of load instructions. Memory
accessis performed after the effective address is predicted
concurrently with instruction fetch, after that, next true
data-dependent instructions can be executed speculatvely. We
showv that our proposal applied to the last-address predictor
captures the same predictability than the last-address predictor
proposed in literatur e, increasesits accuracy, and reducesits
area-cost a 19%.

Keywords — Address prediction, Dynamic classification,
Speculatve execution

|. INTRODUCTION

The hardware parallelismof processorss not fully exploited
because data and control dependencies limit the
instruction-level parallelismof programsDependenciesnpose
anexecutionorderbetweeninstructionsthat mustbe presered
to guarantee the semantic correctness of programs.

To reducetherestrictionsmposedby dependencieseveral
techniqueshave been proposed[8]. For instance,prediction
techniques;they predict the result of an operation prior to
executeit. They have beenmainly usedto reducetheinfluence
of conditional branches[11]. In recent works, prediction
techniquedave alsobeenappliedto predictvaluesor addresses
to speculatiely issue dependent operations [2][7][9][10].

Predictiontechniquescan be classifiedas stale-lessand as
state-neededState-lessprediction does not use results of
previous executions of the operation to predict it. Some
examplesof this kind of predictionarestaticbranchprediction,
prefetchon miss, andthe useof a simple operationto predict
the efective addresses accessed by load instructions [2].

In state-needegrediction,the resultsof previousinstances
of an operation are recorded. Later, applying a prediction
formula, they areusedto predicttheresultof the next instance
of the operation.This processs dynamicandadaptve sinceit
collectsandstudiesinformationat run time. Someexamplesof
state-needegrediction are dynamic branch prediction [11],
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stride-address prediction [3] andlwe prediction [7][9][10].

Predictiontablesare usedto recordthe informationneeded
to performthe prediction.Usually, directmappingis employed
to relateanoperatiorto atableentry;astheseablesareindexed
usingsomesignificantbits of the programcounter they canbe
accessed early in the pipeline.

Some works [5][7][9][10] have evaluated the potential
performanceimprovement of the speculatte execution of
instructionsthat data-dependn a predictedoperation.On a
right prediction, the effective lateny of the operationcan be
reducedseveral processorycles.However, on a misprediction,
the operationmust be re-executed,and dependentnstructions
must be flushedout and re-executed.Then, as theserecovery
operationscould have a penaltyof someprocessorcycles,the
predictorshouldperformaminimumnumberof mispredictions.

A decreasein performanceis obsered if a predictable
operationis replacedn the predictiontableby anunpredictable
operation. The predictability of operationsdo not spread
uniformly among them (SectionB, [5]), then, classifying
operationsaccording to their predictability may avoid the
unpredictableoperationsfrom being candidatedo allocatean
entry in the prediction table, and allows a better use of the
prediction table resources.

To filter the unpredictableperationsyve proposethe useof
a dynamic mechanism for classifying operations. This
mechanisnis decoupledrom predictiontable,andit selectghe
operationghatcanallocateanentryin the predictiontable.This
proposalwill becalledSplit Predictor andit will beappliedto a
last-addresspredictor Performancestudies shav that this
proposalcaptureghe samepredictability than the last-address
predictor proposedin literature, increasesits accurag, and
reduces its area-cost a 19%.

This paperis organized as follows. Sectionll shovs an
analysis of the distribution of the address predictability
Sectionlll presentsa dynamicmechanisnfor classifyingload
instructions. SectionlV describesthe Split Last Address
Predictor, andin SectionV it is evaluated.SectionVI reviews
related works and, finally, the conclusionsof this work are
summarized in Sectiovll.

Il. PREDICTION MODEL

This sectionpresentswo computationapredictionmodelsthat
have beencommonly proposedand shavs the distribution of
addressredictability amongload instructionsin someinteger
benchmarksin this work we focus on integer codesbecause
they are more sensitve to the effective lateny of load
instructions that floating-point codes [8].



A. Basic predictor models

Two computational predictors have been commonly proposed to
predict the effective addresses computed by load instructions:
the last-address predictor and the stride-address predictor.

TABLE | Benchmark description, input data set, number of
static load instructions (present in the binary file and
executed at least once), number of dynamic load instructions,
and maximum address predictability capturable using the
|ast-address predictor and the stride-address predictor
(without considering zero-stride references). Measures taken
on an Alpha processor.

Stat. load | Dyn. Last Sid
Benchmark | Description Input Set presiexec | load addr. pr:de
(x10%) | (x10°) || predic. -
go GO game Reference 21/16.3 85 52.66 | 3.17
player
mksim Processor Reference 13/37 193 71.89 | 14.86
simulator
gce C compiler cp-decl.i 97/21.3 0.1 64.86 | 5.87
compress Data Reference 4/0.7 125|| 57.66 | 18.90
compressor
li Lisp Reference 77124 18.6 35.55 7.97
interpreter
ijpeg JPEG Reference 15/3.9 71| 2171 | 5384
encoder
perl Perl primes.pl 43/5.1 30 79.22 1.35
interpreter
vortex Database Reference 43/ 22.8 62.65 | 4.19
program 19.5
anagram Anagram 25K-words 3/0.8 0.005 63.31 | 13.95
generator dictionary,
3 input phrases
bc Caculator Primality test 57/18 0.004|| 56.66| 435
ks Graph 100 nodes, 50 5/1 0.005 6.65 | 27.95
partitioner nets graph

The last-address predictor performs a trivial computational
operation, the predicted address is equal to the last generated
address. It can be implemented using a table where each entry
contains the last address computed by aload instruction related
to this entry.

The stride-address predictor uses as a computational
operation a sum, the predicted address is equal to the last
previously generated address plus the difference between the
two most recent addresses (stride). It can be implemented using
a table where each entry contains two fields: the last address
computed by a load instruction related to this entry and the
stride [3][7]. Note that the last-address predictor predicts
correctly a particular case of dtride-address references.
zero-stride references.

To compare the benefits of these predictors, we define the
address predictability captured by an address predictor as the
percent of correct predictions out of the number of executed
loads. Table! shows the address predictability that can be
captured by the described predictors (using unbounded tables)
in the spec-95 and other integer benchmarks [1]; zero-stride
references are not considered in the stride-address predictor.

Table | shows that, except for ks benchmark, the last-address

predictor predicts correctly between 21% and 79% of effective
addresses computed by load instructions. It also shows that the
nonzero-stride predictor captures less predictability than the
last-address predictor; there are some exceptions: ijpeg (vectors
accessed sequentialy), and ks (contiguous allocation of
dynamic-memory data structures). As the last-address predictor
captures more predictability than the nonzero-stride predictor,
wewill use the last-address predictor as a base predictor, but the
proposed idea can be applied to the stride predictor.

B. Distribution of address predictability

This section presents an analysis of the contribution of the load
instructions to the overall predictability. We show that the
predictability of load instructions do not spread uniformly
among them. That is, a significant number of static load
instructions are highly predictable or highly unpredictable.

For each load instruction, we have evauated its
predictability, then we have grouped load instructions in ranges
of predictability. Figure 1 presents the distribution of the static
load instructions according to their predictability. It fades out
from the highly predictable load instructions (90%-100% range,
at the bottom of each bar), to the highly unpredictable ones
(0%-10% range, a the top of each bar). Between 25%
(anagram) and 60% (ijpeg) of static load instructions can be
classified as highly predictable, and between 20% (go) and 45%

(ks) as highly unpredictable.
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Fig. 1. Static load-instruction distribution according to their
predictability.
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Fig. 2. Dynamic load-instruction distribution according to
their predictability.

To show the contribution of each predictability range on the
number of executed load instructions, every static load



instruction has been weighted with its execution frequency;
Figure 2 shows this distribution. In some benchmarks, highly
predictable and highly unpredictable load instructions represent
amost all executed loads (compress, perl, ks); in other
benchmarks, load instructions with a medium predictability
account for a significant proportion of the number of executed
load instructions (go, vortex, bc). The static and the dynamic
load-instruction distributions can differ significantly (for
instance, in benchmark ijpeg, 60% of static load instructions are
highly predictable but they only represent 16% of executed load
instructions).

The absolute contribution of every predictability range to
the captured predictability show us the significance of
medium-predictable load instructions to the predictability. Left
bars related to benchmarks in Figure 3 present the contribution
of every load-instruction range to the predictability captured by
the last-address predictor. The main contribution is made by
static load instructions in range 90%-100%, they account
between 75% and 97% of the overall predictability. The static
load instructions in range 70%-90% represent a small
contribution, they account, at most, for the 8% of the overall
predictability. Remaining overall predictability is produced by
static load instructions that belong to lower predictability
ranges, for instance, the contribution of load instructions in
10%-60% range to the overall predictability varies from 18% to
2%.
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Fig. 3. Predictability captured by the nonclassifying
last-address predictor (left bar) and by the classifying one
(right bar) distributed in load predictability ranges.

[11. CLASSIFICATION OF LOAD INSTRUCTIONS

In SectionA we present a mechanism to classify load
instructions according to their address predictability. After that,
in SectionlV, we present a predictor that uses load
classification to filter unpredictable load instructions from being
candidates to allocate an entry in a bounded prediction table;
this classification will alow us to increase the performance of
the predictor, because our address predictor only will record
addresses computed by load instructions classified as
predictable.

We use two-bit saturated counters as a dynamic classifying
mechanism. A counter is assigned to each prediction-table
entry. Every time aload instruction computes the same effective

address than its previous execution, the counter will be
increased by one, otherwise it will be decreased by one. Also, to
predict a load instruction, its saturated counter must be greater
than one.

Classifying counters detect load instructions that, on a burst
consecutive executions, compute the same address; these bursts
will be called predictable bursts. When a predictable burst is
detected, the load instruction is classified as predictable and, on
next executions, it is predicted; when the predictable burst
finishes, theinstruction is classified as unpredictable until a new
predictable burst is detected. As the classifying predictor needs
some executions of the load instruction to detect a predictable
burst, some predictability of the load instruction is not captured.
Moreover, when a short predictable burst is detected, it can be
over or amost finished. Short predictable bursts are mainly

produced by load instructions with medium or low
predictability.
Two-bit saturated counters classify correctly highly

predictable and highly unpredictable load instructions, but the
ones with medium or low predictability can be classified in a
wrong way. Then, the predictability captured by the classifying
predictor can be reduced. Using unbounded tables, Figure 3
shows the predictability captured by the nonclassifying (left
bar) and by the classifying address predictor (right bar)
distributed according to the load-instruction predictability
ranges. The decrease in the captured predictability attributable
to the classifying mechanism is related with the contribution of
load instructions with medium or low predictability to overall
predictability, the classifying predictor is not able to fully
capture their predictability. This reduction can account up to
15% of the captured predictability.

A. N-bit classifying mechanism

All bits of the effective addresses are needed to perform a
memory access, but are not needed to classify aload instruction.
We propose using few bits of the effective addresses (N bits) as
input of the load classifier.

To classify a load instruction as nonpredictable by a
last-address predictor, it is sufficient to detect that one bit of the
last computed addresses is different. It follows that few bits (N)
of the computed addresses can be enough to classify load
instructions (for instance the least-significant bits). If one of
these hits is different, the classification will be correct (equal to
the classification performed comparing all bits of the computed
addresses). Wrong classifications will be produced, for
instance, if addresses follow an arithmetic progression and the
analysed bits are not modified; this load instruction will be
classified as predictable but it is not.

Also, the mapping of language data types onto architectural
data types performed by the compiler can produce that some
low-order bits of the computed addresses are not significant for
classifying most load instructions.

Then, we propose a classifying mechanism named <N,k>,
where N is the number of bits used to classify load instructions,
and k is the number of low-order bits discarded of the computed
addresses. The classifier skips the k low-order bits of the



computed addresses and then selects the N low-order bits.

To compare the classifying mechanism that use al bits of
the effective address (<all,0>) and a <N,)k> classifying
mechanism, we define the similarity between them as the
percent of coincidences of the classifying counters (every timea
load is executed, the classifying counter values related to this
load are checked) out of the number of executed loads.

In this work we have used load-instruction traces taken from
an 21164 Alpha-AXP processor. As the fundamental unit of
data of Alpha architecture is 8 bytes [4], we have evaluated the
discarding of the 3 low-order bits of the computed addresses for
classifying load instructions.

Figure4 shows the average similarity in all benchmarks
between <all,0> and two N-bit mechanisms. no-skipping
(<N,0>) and 3-hit skipping (<N,3>). Mechanism <N,3> does
not take advantage of selecting more than five bits due to
eight-byte unaligned computed addresses; its similarity graphis
saturated about 90%. To achieve a similarity greater than 90%,
the three low-order bits must be selected as is shown in the
graph of <N,0>.

<N,0> - ----- <N,3>

Similarity

N=2 N=3 N=4 N=5 N=6 N=7 N=8 N=9 N=10

Fig. 4. Average similarity in all benchmarks between two
N-bit classifying mechanisms (<N,0> and <N,3>) and the
<all,0> classifying mechanism.

Cases <3,3> and <4,3> obtain a high similarity (over 80%)
with <all,0>. Moreover, <4,3> achieve almost the same
similarity than <6,0>. We will use the <3,3> classifier
mechanism in our proposed predictor; the similarity of this
classifier is about 80%.

To improve the similarity between our proposed classifier
and the <al,0> mechanism, the operation code of load
instructions can be used to decide dynamically the number of
skipped hits. In this paper we do not use this improvement.

IV. SPLIT LAST-ADDRESS PREDICTOR

This section describes a predictor mechanism with run-time
classification. It takes advantage of two considerations: a) few
bits of the effective addresses are enough to classify precisely
load instructions, and b) it is necessary to record the whole
effective address accessed by aload instruction only when this
load is predictable. Following these considerations, we propose
to split the prediction table into two tables: the Classification
Table (CT) and the Address Table (AT). CT is used to classify

dynamically load instructions according to their predictability.
AT stores the last effective addresses computed by predictable
load instructions. Figure 5 shows an scheme of the mechanism,
it will be named Split Last-Addess Pedictoror Split Predictor.

To classify dynamically load instructions, the predictor uses
the <N,k> strategy described in Section A. CT is direct mapped
and each entry contains two fields. a two-bit saturated counter,
and N hits of the effective address. The counter is used to
classify load instructions continuously, that is, each executed
load updates the CT.

AT isalso direct mapped and each entry contains a complete
effective address and a ct_tag; this tag identifies the CT entry
related to an AT entry.

ct_tag index_at
|
PC T )
index_ct
Classification
Table (CT)
counter subaddress Address
Table (AT)
address ct_tag
-«

Fig. 5. Split Last Addess Pedictorscheme.

The proposed predictor avoids the placement of highly
unpredictable load instructions in the AT using the information
recorded in CT. Load instructions that can be placed in AT are
filtered using CT: their saturated counter must be greater than 1.
That allows predictable load instructions to continue placed in
AT, and gives more chances to exploit their predictability.

The predictor works as follows. When a load instruction is
fetched, the appropriate CT and AT entries are selected, and the
ct_tag field is checked to determine if the AT entry isrelated to
this CT entry. If so, the counter value in CT is used to decide if
the load is predicted, otherwise it is not predicted. The
procedure Predi cti on in Figure6 shows the pseudo-code
related to these actions.

The prediction tables are updated after the address stage of
the pipeline (procedure Update in Figure6 shows its
pseudo-code). On an AT hit, the selected entry is updated using
the computed effective address. On an AT miss, the counter
valuein CT entry is checked to decideif the current AT entry is
replaced.

V. PERFORMANCE EVALUATION

This section presents an evaluation of our proposal. First
describes the simulation environment employed. After that, it
details a commonly used address predictor (Unified Predictor)
that will be compared with our proposed predictor (Split
Predictor). Then, it presents an evaluation of the Split Predictor.
Finally, the accuracy of a predictor is defined and it is evaluated
on both predictors.



A. Simulation erironment

Binaries used in this work have been obtained compiling
with the -O4 switch of the cc native compiler of the machine
(an Alpha 21164 processor, with OSF1 V3.2). Then, they have
been instrumented with ATOM (this tool is able to instrument
user-level code, but does not instrument operating-system code)
to evaluate the performance of the predictors. Benchmarks were
run until completion.

/* Predicts an effective address
CQut put vari abl es:
-predicted: a prediction is suggested
-pred_addr: predicted address

*/

void Prediction(PC) {
index_at = | NDEX_AT(PC);
index_ct = | NDEX_CT(PC);
ct_tag = CT_TAQ PO);
predicted =
((AT[index_at].ct_tag == ct_tag)
&&

(CT[index_ct].counter > 1));
pred_addr = AT[index_at]. address;
}

/* Updates CT and AT */

voi d Update(PC, address) {
index_at = | NDEX_AT(PO);
index_ct = | NDEX_CT(PC);
ct_tag = CT_TAQ PC);
subaddress = SELECT_N_BI TS(addr ess) ;
if (AT[index_at].ct_tag == ct_tag) {
if (AT[index_at].addr == addr)
CT[i ndex_ct].counter ++;
el se CT[i ndex_ct].counter --;
AT[index_at].address = address;
}
el se {
if (CT[index_ct].counter > 1) {
AT[index_at].ct_tag = ct_tag;
AT[index_at].addres = addres;

}

if (CT[index_ct].subaddres == subaddres)
CT[index_ct].counter ++;

el se CT[index_ct].counter --;

CT[i ndex_ct]. subaddres = subaddres;

}

Fig. 6. SplitLastAddressPredictorpseudo-code (operators ++
and -- update the counter in a saturated way).

B. Simulated mdictors
B.1 Unified Pedictor

The Unified Predictor (UP) employs a direct-mapped prediction
table where each field contains the last effective address
computed by the load instruction related to the entry, and a
two-bit saturated counter. This counter is used to decide if a
load instruction can be predicted, and it is updated using the
<all,0> classifying mechanism. Load instructions are allocated
in the UP using an always-allocate policy. Figure 7 details the
scheme and the pseudo-code of this predictor. The Unified
Predictor is similar to the predictors used in some previous
works [7][9].

index_up voi d Prediction(PC) {
[ i ndex_up= | NDEX_UP( PC) ;
' I— e - predicted =
UP[ i ndex_up] . counter > 1;
pred_addr =
Unified Prediction UP[i ndex_up] . addr ess;
Table (UP) }

address counter voi d Update(PC, address) {

index_up = | NDEX_UP(PC);

if (UP[index_up].address == address)
UP[i ndex_up] . counter ++;

el se UP[ i ndex_up] . counter --;

UP[ i ndex_up] . address = address;

}

Fig. 7. Unified Pedictorscheme and pseudo-code (++ and --
operators update the counter in a saturated way).

B.2 Split Pedictor

Using the Unified Predictor every load instruction is allocated
in UP, but using the Split Predictor only a portion of al load
instructions are alocated in AT, because CT filters the load
instructions that can be placed in AT. So, we expect that
CT-filtering will reduce the amount of capacity misses in AT
compared to the capacity missesin UP for the same AT and UP
size.

To measure this reduction, we evaluate the miss rate of both
predictors. The miss rate of the Unified Predictoris the percent
of load instructions that miss in UP out of the total number of
load instructions. On the other hand, two cases produce a miss
inthe Split Predictor. @) aload instruction that missesin CT and
b) a load instruction that hits in CT, that is classified as
predictable by CT, and that misses in AT. The miss rate of the
Split Predictor is the percent of misses in the Split Predictor
tables out of the number of load instructions.

Unified Predictor — — — Split Predictor |

60%

50%

Miss rate

Fig. 8. Missrate in the Unified Pedictorand the Split
Predictorin benchmark go. Horizontal axe represents UP and
AT sizes, vertical axe shows missrate. UPs and ATs are fully

associative with an LRU replacement policy. CTs are

unbounded.

First, we evaluate the miss rate of both predictors when they
are implemented using fully associative ATs and UPswith LRU
replacement policy, unbounded CTs, and the <all,0> classifying
mechanism; to compute both miss rates we have employed fully
tagged tables. These miss rates can be assumed as capacity miss
rates. Figure 8 shows the missrate of some configurations of the
Unified Predictor and the Split Predictor in benchmark go;



horizontal axe represents AT and UP sizes, vertical axe shows
the miss rate. The remaining benchmarks exhibit similar
behaviours but in a different table-size range.

From Figure8, storing the same number of effective
addresses, the Split Predictor has a lower miss rate than the
Unified Predictor because CT filters the load instructions that
can be placed in AT. As AT and UP become larger, the miss-rate
reduction is less significant due to the increment of capacity in
both tables. Similar miss rates are achieved using a Split
Predictor and an Unified Predictor where AT size is egual to
half of the UPsize; for instance, the Split Predictor with
AT size=512 and the Unified Predictor with UPsize=1.024
achieve about a 10% missrate.

Next, we evaluate the influence of the mapping policy and
the CT size on the miss rate; ATs, UPs and CTs will be direct
mapped. Bounded and direct-mapped CTs increase the miss
rate of the Split Predictor due to capacity and conflict missesin
CT.

Figure 9 displays the miss rate of some configurations of the
Solit Predictor and the Unified Predictor in benchmark go for
several table ratios (CT size/AT size); from now on they will be
called ratios. Horizontal axe represents UP and AT sizes,
vertical axe shows the miss rate. A configuration with ratio
equal to 1 is a degenerated Split Predictor configuration; then
the minimum analysed ratio is 2 and the maximum is 16. Also,
in Figure 9 is shown the miss rate for unbounded CT tables.

S — e — (=4 — e — (=8 — — — =16 unbounded CT =———UP |

Miss rate
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Fig. 9. Missrate in the Unified Predictor and the Split
Predictor in benchmark go. Horizontal axe details UP and AT
sizes, vertical axe shows missrate. UPs, ATsand CTs are
direct mapped. Severa CT size/AT sizeratios (r) are shown.

For benchmark go, the Split Predictor with aratio equal to 2
shows a miss reduction about 20% in the whole range of
evaluated configurations. Conflicts in CT  between
unpredictable load instructions do not influence classification,
but conflicts between predictable load instructions classify CT
entry as unpredictable. Then, increasing the ratio, a finer
classification and an additional miss-rate decrease can be
achieved. That is, the classification will be improved when at
least one of two load instructions that previously collide in CT
entry is predictable. However, it improves the miss rate when
only one of the load instructions that collide in AT entry is
predictable. Also, for large ratios, the reduction in misses is
gradually fewer. There are a few conflicts in CT but remain

conflictsin AT between predictable |oad instructions.

The area cost of a predictor is defined as the amount of bits
that it stores. Following expressions evaluate the area cost of
every predictor as afunction of the number of table entries.

UnifiedPredictorAreaCost = (64 +2) x UPsize

SplitPredictor

= (2+3)x CTsize+ b4 +log, (T2 x ATsize
AreaCost

2UATsizel

We are assuming 64-bit logical addresses,

two-bit saturated counters and a three-bit classifying mechanism.
Area distribution between the Split Predictor and the
Unified Predictor is very different. Split Predictor save area
respect the Unified Predictor to store addresses. This area
saving is used to classify more finely the load instructions.
Then, the classification improves the utilization of the AT
entries.

In this paper, we evaluate Solit Predictor configurations with
an area cost smaller than the area cost of the Unified Predictor
configuration with UP size=2xAT size. Between them, we
select the configuration with bigger CT size to obtain the finest
possible classification. From area-cost expressions, we obtain a
ratio equal to 8 (CTsize/ATsize=8). These configurations
represent an area-cost saving of 19% respect the Unified
Predictor with UP size=2xAT size.

Unbounded CTs obtain the maximum miss-rate reduction
respect the Unified Predictor. For benchmark go (Figure9),
proposed configurations of the Split Predictor achieve about an
80% of the maximum miss reduction. For the other
benchmarks, this reduction is similar considering the
working-set size of load instructions, Also, because the biggest
working-set size of load instructions in analysed benchmarksiis
about 8K load instructions, we limit the CT size in our
evaluation to 8K entries.

C. Smulation results

In this section, the predictability of the Split Predictor and the
Unified Predictor is evaluated for severa configurations and
show the relation between configurations.

We will name the Split Predictor configurations as { AT size,
CT size}. From previous observations we select the following
configurations: {256, 2.048}, {512, 4.096}, {1.024, 8.192} and
{2.048, 8.192}. From Figure 4 we select the <3,3> classifying
mechanism; this mechanism achieve a high similarity with the
<all,0> classifying mechanism.

We evaluate the working-set size of load instructions of a
benchmark as the minimum two-power size of an LRU fully
associative table with a 99% hit rate. Tablell presents a
classification of the benchmarks according to their working-set
size. In this paper we present results of large and extra-large
benchmarks. The others benchmarks show similar behaviours
when working-set size of load instruction is considered.

Figure 10 shows the normalized predictability captured by
every predictor configuration. The predictability is normalized
to the captured predictability by alast-address predictor with an



unboundedprediction table and without classifying counters
(Tablel). Notice that classifying counters reduce captured
predictability (Figure3). Horizontal axe representAT and UP
sizes, vertical axe shavs normalized capturedpredictability
graphlines group the Unified Predictor resultsand the Solit
Predictor results.

TABLE Il Benchmark classification according to their

working-setsizesof loadinstructionsWorking-setizeis the

minimum two-pawer size of an LR fully associatre table
with a 99% hit rate.

Class Benchmarks Sizeof thgworking set
of load instructions
Small compress, anagram, ks >128
Medium li, ijpeg, perl 256 - 512
Large mksim, bc 1.024
Extra-Lage go, gcc, vortex 2.048 - 8.192
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Fig. 10. Normalized captured predictability by thiified
Predictor and theSplit Predictor in the selected benchmarks.
Horizontal ax represent Rand UP sizes,artical ax shavs

normalized captured predictabilityraph lines group the
Unified Predictor results and th&plit Predictor results.

For AT size=UPsize=2.048 entries, the performance D.

incrementachiezed by the Split Predictor in benchmarksnksim
andbc is smallerthanin the remainingbenchmarksln former
benchmarksAT size is bigger than their working sets,so the
Solit Predictor only reduces conflict misses.

The others benchmarkshave a working set bigger than

2.048load instructions,so the Split Predictor reducecapacity
misses.For instance,in go benchmarkthe {256, 2.048} Split

Predictor captures65% more predictability than the Unified
Predictor with 256 entries; on the other hand, storing both
predictors2.048effective addressethe captured-predictability
improvement is 10%.

From Figure9, absolute difference between the Split
Predictor with unboundedCT and the Unified Predictor, is
bigger for lower UPsizes. This potential increase in
performanceis obsered in FigurelO that shavs a very
significantincreaseof predictability Also, the miss rate for
large Unified Predictor's is lower and reductionin miss rate
obtainedby the Split Predictor achieves a few incrementin
predictability

Differencesn predictability smallerthanthe 3% in almost
all the benchmarksare obsered between Split Predictor
configurations and an Unified Predictor with UPsize =
2xAT size. Moreover, the Split Predictor configurationneeds
only an 81% of the area-cosheededby the Unified Predictor
configuration.

100%

Unified Predictor — — — Split Predictor

0%
o
o
o
o

%
o
o
0%
o

Fig. 11. Accuray achiered by theUnified Predictor and by
the Split Predictor. Horizontalaxe represenAT andUP sizes,
vertical ax shavs the accurgcof the predictargraph lines
group theUnified Predictor results and th&plit Predictor
results.

Accuracy of the predictors

Anotherbenefitof the Split Predictor is relatedwith theamount
of mispredictionsAddresspredictorsaredesignedo captureas
much addresspredictability as possible,and they also should
mistale the minimum number of predictionsbecauseevery
misprediction could ha a penalty of some processgcles.
To comparethe correctnes®f the predictors,we definethe
accurag achieved by a predictor as the percentof correct



predictionsout of the total numberof predictions.Figurell
shaws the accurag achieved by the Split Predictor andby the
Unified Pedictorin selected benchmarks.

In almost every benchmark, ary Split Predictor
configurationachieve a higheraccurag thanthe mostaccurate
Unified Predictor configuration.It is dueto several factors:a)
the classificationperformed by the Split Predictor is more
precisethanthe one performedby the Unified Predictor dueto
the bigger number of classifying counters,and b) as AT is
partially taggedthe Split Predictor candetectsomeconflictsin
AT between CT entries, prenting probable mispredictions.

Moreover, theaccurag of the Unified Predictoris sensitve
to PT size,while the accurag of the Split Predictor is almost
independentof AT size. Comparing the {256, 2.048} Split
Predicta to the 256 UP entriesUnified Predictor, the accurag
is increasedrom 8% (vortex) to 16% (go); for biggerATs and
UPs, the diference between their accuyatecreases.

VI. RELATED WORKS

Some works proposeaddressor value predictorsto execute
speculatiely true data-dependentnstructions [7][9]. They
proposepredictorssimilar to the Unified Predictor, andanalyse
the potential IPC impraovementthat can be achieved using the
predictors.In this work we have proposeda predictorwith a
smaller area-cost that captures the same predictability

The use of program profiling to collect information that
describeghe predictability of theinstructionsin a programhas
beenproposedin [6]. Profile informationis usedto classify
staticallytheinstructionsaccordingto their valuepredictability
Then, the compiler insert hints that are usedby a hardware
predictorto determinaf atableentryshouldbeallocatedo this
instruction.

Static classificationhas some drawbacks: a) it needsa
profile execution, b) static classification is not binary
compatible,c) the decisionto predict an operationlasts all
programexecutionbecausehe classificatioris static,andd) the
accuray of this classification is highly sensitve to the
contritution of medium-predictableload instruction to the
overall predictability Our work avoids these disa@wtages.

VIl. CONCLUSIONS

The streams of effective addressesgenerated by load
instructions in integer benchmarks exhibit a significant
tendeng to be predictable Using the last-addresgredictor an
average 50% of the computed effective addressescan be
predictedcorrectlyin integer benchmarksbut the tendeng of
load instructionsto be predictabledo not spreaduniformly
among them.
Mostaddress-predictanechanismsisetablesfor recording
information of pastexecutionsof load instructionsto predict
future effective addresses. These predictors use an
always-allocatepolicy, it follows that a highly unpredictable
load instruction can replacea highly predictableone in the
prediction table, decreasing the performance of the predictor

We proposeto split the recordedinformation into two
tables: the ClassificationTable and the AddressTable. The

ClassificationTableclassifiesat run time every load instruction
accordingto its predictability using few bits of the computed
addressesThe Address Table storesinformation neededto

predict predictableload instructions.The ClassificationTable
will filter the unpredictabldoad instructionsto be placedin the

Address @able.

Performancetudiesshav thatthe Split Predictorappliedto
alast-addrespredictorcapturegshe samepredictabilitythanthe
last-addresspredictor but with a cost reduction of 19%.
Moreover, the Split Predictor improves the accurag of the
last-address predictor

The proposedidea can also be applied to stride-address
predictorsandto valuepredictorsto reducethe areacostof the
predictors.
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