
Ca
hing and Predi
ting Bran
h Sequen
es forImproved Fet
h E�e
tiveness �Soner OnderDept. of Computer S
ien
eMi
higan Te
hnologi
al Univ.Houghton, MI 49931-1295 Jun XuCRHC, Univ. of Illinoisat Urbana-ChampaignUrbana, IL 61801 Rajiv GuptaDept. of Computer S
ien
eThe University of ArizonaTu
son, AZ 85721Abstra
tA sequen
e of bran
h instru
tions in the dynami
instru
tion stream forms a bran
h sequen
e if at mostone non-bran
h instru
tion separates ea
h 
onse
utivepair of bran
hes in the sequen
e. We propose a bran
hpredi
tion s
heme in whi
h bran
h sequen
e historyis expli
itly maintained to identify frequently en
oun-tered bran
h sequen
es at runtime and when the �rstbran
h in the sequen
e is en
ountered, the out
omesof the all of the bran
hes in the sequen
e are pre-di
ted. We have designed an implementation of abran
h sequen
e predi
tor whi
h provides overall mis-predi
tion rates that are 
omparable with the gsharesingle bran
h predi
tor. Using this bran
h sequen
epredi
tor we have devised a new instru
tion fet
h me
h-anism. By saving the instru
tions following the �rstbran
h belonging to a bran
h sequen
e in a sequen
e ta-ble, the proposed me
hanism eliminates fet
hes of non-
onse
utive instru
tion 
a
he lines 
ontaining these in-stru
tions and therefore delays asso
iated with theirfet
hing is avoided. Experiments 
omparing the pro-posed fet
h me
hanism with a simple fet
h me
hanismbased upon a single bran
h predi
tion for Spe
95 ben
h-marks demonstrate that the total number of I-
a
helines fet
hed during exe
ution de
reases by as mu
has 15%, the number of useful instru
tions per fet
hed
a
he line in
reases by as mu
h as 18%, and the over-all IPCs a
hieved on a supers
alar pro
essor in
reaseby as mu
h as 17% for some ben
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1 Introdu
tionIn order to sustain a high instru
tion issue rate insupers
alar pro
essors, one of the problems that mustbe addressed is that of providing an e�e
tive instru
-tion fet
h me
hanism whi
h 
an fet
h multiple instru
-tions in ea
h 
y
le. Delays in the fet
hing of instru
-tions to be exe
uted dire
tly leads to delays in theirissuing and therefore a loss of performan
e. There-fore bran
h predi
tion te
hniques are employed to pre-di
t the bran
h out
ome and then fet
h those instru
-tions that are likely to be exe
uted next. Signi�
antamount of resear
h has been 
ondu
ted on develop-ing in
reasingly a

urate bran
h predi
tion algorithms[1, 12, 6, 8, 10, 14℄. However, there are situations inwhi
h even if the bran
h predi
tor predi
ts the out-
omes of bran
hes a

urately, and the targets of thetaken bran
hes are 
orre
tly known, delays in the fet
h-ing of instru
tions may be observed.In the example shown in Figure 1, assume that dur-ing the exe
ution of a loop iteration both of the 
on-ditionals evaluate to false, that is, both of the 
ondi-tional bran
hes are taken, and �nally the 
ode in theelse part is exe
uted. The two 
onditional bran
hes aresaid to form a sequen
e of length two as their exe
u-tion is separated by a single instru
tion that performs a
ompare (
 == EOLN). Assuming that the instru
tions
orresponding to the three 
ases of the if-statement be-gin at 
a
he line boundaries, a simple fet
h me
hanismthat predi
ts a single bran
h in a 
y
le and fet
hes asingle 
a
he line in ea
h 
y
le 
an at best fet
h the rel-evant instru
tions from ea
h of the 
ases in su

essive
y
les. Thus, the fet
hing of multiple useful instru
-tions in ea
h 
y
le may not be possible using a simplefet
h me
hanism sin
e the instru
tion blo
ks fet
hed
ontain few useful instru
tions (a 
ompare and a 
on-ditional bran
h).In this paper we introdu
e the notion of a bran
hsequen
e whi
h is de�ned as a sequen
e of bran
hes in



while true loop
 = get
har();if (
 == EOF)....else if (
 == EOLN)....else....end if;end loop
t1=(c==EOF) jmpf t1, L1

t2=(c==EOLN)L1 jmpf t2, L2

L2 else-I1 else-I2 else-I3 else-I4

all instructions fetched from I-cache

Fetches driven by single branch prediction.

sequence table

L2 else-I1 else-I2 else-I3 else-I4

t1=(c==EOF) jmpf t1, L1 t2=(c==EOLN) jmpf t2, L2

branch
sequence

target
Fetches driven by branch sequence prediction.

fetched from I-cache

fetched from I-cache
provided from the

Figure 1. An example of a branch sequence.the dynami
 instru
tion stream where the 
onse
utivebran
hes in the sequen
e are separated by at most onenon-bran
h instru
tion. Thus, bran
h sequen
es 
an beexpe
ted to most adversely e�e
t the fet
h e�e
tivenesssin
e ea
h fet
hed 
a
he line 
an be expe
ted to 
ontaina 
ouple of useful instru
tions (typi
ally a 
ompare in-stru
tion and a bran
h instru
tion). Therefore in thispaper we propose bran
h sequen
e predi
tion in whi
hwhen the �rst bran
h in the sequen
e is en
ounteredwe predi
t the out
omes of all the bran
hes in the se-quen
e and start fet
hing instru
tions from the bran
hsequen
e target, that is, the target of the �nal bran
hinstru
tion in the sequen
e. Bran
h sequen
e historiesare expli
itly maintained for this purpose. Moreoverthe need for fet
hing the instru
tions between the �rstbran
h in the sequen
e and the bran
h sequen
e targetis eliminated by saving these instru
tions in a sequen
etable. We view bran
h sequen
e predi
tion as an exten-sion of traditional bran
h predi
tion. Instead of alwayspredi
ting the out
ome of a single bran
h, our te
h-nique predi
ts the out
omes of more than one bran
hif and only if the bran
h at hand marks the beginningof a predi
table bran
h sequen
e.In the example of Figure 1 when the �rst 
onditionalbran
h in the sequen
e is en
ountered, we predi
t thatthe out
ome of the bran
h sequen
e by predi
ting theout
omes of both 
onditional bran
hes as taken andstart fet
hing instru
tions from the bran
h sequen
etarget whi
h is the else part. The need for fet
hingof instru
tions 
orresponding to the se
ond 
onditionalbran
h if (
 == EOLN) is eliminated by saving theseinstru
tions in the sequen
e table. As we 
an observefrom Figure 1, bran
h sequen
e predi
tion enables usto provide a greater number of useful instru
tions inea
h 
y
le. While in this example the bran
h sequen
e
ontained two 
onditional bran
hes, in general a se-quen
e may 
ontain several bran
hes, in
luding un
on-ditional as well as indire
t bran
hes. When a sequen
eis predi
ted, all the instru
tions in the sequen
e are

introdu
ed for spe
ulative exe
ution in the pro
essorpipeline. Thus, if the predi
tions are 
orre
t the e�e
-tiveness of spe
ulative exe
ution me
hanism is greatlyenhan
ed.In order to evaluate the potential for performan
ebene�t and the 
ost of bran
h sequen
e predi
tion we
ondu
ted some experiments. The per
entage of to-tal bran
h instru
tions that 
an bene�t from bran
hsequen
e predi
tion, whi
h in
ludes all bran
hes in abran
h sequen
e ex
luding the �rst bran
h, are shownin Figure 2. On an average nearly 34% of all exe
utedbran
hes in Spe
95 integer and a somewhat lower,yet still signi�
ant, 12% number of exe
uted bran
hesin 
oating-point Spe
95 ben
hmarks 
an bene�t fromour te
hnique. In Figure 3, we show the 
omparison be-tween a perfe
t bran
h predi
tor and a perfe
t bran
hsequen
e predi
tor. For various line sizes the perfe
tbran
h sequen
e predi
tor results in the fet
hing of 9-39% fewer I-
a
he lines than the perfe
t bran
h pre-di
tor for the Spe
95 integer ben
hmarks. We foundthat for the Spe
95 integer ben
hmarks the numberof instru
tions that form the bran
h sequen
es variesfrom a minimum of 729 instru
tions for 
ompress to amaximum of 15436 instru
tions for g

 (see Figure 4).For all but four Spe
95 ben
hmarks this number isless than 2500 instru
tions. Thus the number of in-stru
tions that must be stored in the sequen
e table issmall.In this se
tion we have demonstrated that bran
hsequen
es are en
ountered very frequently and the po-tential for improving fet
h e�e
tiveness by handlingthem in a suitable fashion is signi�
ant. In se
tion 2 wepresent a study and analysis of 
hara
teristi
s of bran
hsequen
es. In se
tion 3, based upon the 
hara
teristi
sof sequen
es observed in se
tion 2, we design the hard-ware for the bran
h sequen
e predi
tion. In se
tion 4we present the detailed performan
e evaluation of ourfet
h me
hanism based upon bran
h sequen
e predi
-tion. Related work is dis
ussed in se
tion 5.



go
m

88
ks

im gc
c

co
m

pr
es

s li
ijp

eg pe
rl

vo
rt

ex
in

tA
ve

ra
ge

to
m

ca
tv

sw
im

su
2c

or
hy

dr
o2

d
m

gr
id

ap
pl

u
tu

rb
3d

ap
si

fp
pp

p
w

av
e5

fp
A

ve
ra

ge

0.0%

20.0%

40.0%

Figure 2. Dynamically executed branches that
can benefit from branch sequence prediction.
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Figure 3. Percentage reduction in cache lines
fetched.
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Figure 4. Maximum number of instructions
stored in the sequence table.

2 Chara
teristi
s of Bran
h Sequen
esBefore we design the bran
h sequen
e predi
tionhardware, let us �rst 
onsider the 
hara
teristi
s ofbran
h sequen
es that are en
ountered in pra
ti
e.There are three main 
hara
teristi
s of bran
h se-quen
es that will in
uen
e the implementation of abran
h sequen
e predi
tion hardware: (a) sequen
elengths; (b) size of sequen
e history; (
) the types ofbran
h instru
tions that form the bran
h sequen
es.Sequen
e lengths. First let us 
onsider the lengthsof bran
h sequen
es. The length of a bran
h sequen
eis de�ned to be the number of bran
hes in the sequen
e.This 
hara
teristi
 is important be
ause in a pra
ti
alhardware implementation it is not possible to main-tain histories of bran
h sequen
es of arbitrary length.Instead, an upper limit must be pla
ed on sequen
elengths. Our experiments with Spe
95 ben
hmarksshow that the lengths of the vast majority of bran
hsequen
es vary from two to eight. However, the major-ity of the sequen
es are of lengths two and three. InFigure 5, the per
entage of all bran
hes exe
uted thatbelong the sequen
es of lengths two, three and lengthsgreater than three are shown. Of the 60.6% of to-tal dynami
ally exe
uted bran
hes in Spe
95 integerben
hmarks that belong to bran
h sequen
es, 29.5%of the total bran
hes belong to sequen
es of lengthtwo, 16.6% of the total bran
hes belong to sequen
esof length three, and 14.5% of the total bran
hes be-long to sequen
es of lengths greater than three. Thusin pra
ti
e, in addition to tra
king the history of indi-vidual bran
hes, it may be suÆ
ient that the bran
hsequen
e predi
tion hardware dete
t and tra
k exe
u-tion history for bran
h sequen
es of lengths two andthree.
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Figure 5. Percentage of branches in se-
quences of length 2, 3 and >3.In order to 
on�rm that limiting the sequen
es



lengths to a maximum of three will not lead to sig-ni�
ant performan
e degradation, we ran another ex-periment in whi
h we 
omputed the per
entage of exe-
uted bran
hes in sequen
es of lengths two and three.The results show that there is an average of less than2% drop in the number of bran
hes 
overed by thesequen
es. The reason for su
h a small drop is thaton
e a limit of length three has been pla
ed on the se-quen
es, the bran
h sequen
es of lengths greater thanthree will automati
ally be broken down into subse-quen
es of shorter lengths. In 
on
lusion we will de-sign an implementation of bran
h sequen
e pre-di
tor that will only handle sequen
es of lengthsup to three.Number of sequen
es. The next 
hara
teristi
that we 
onsider to be important is the number of se-quen
es en
ountered sin
e maintaining their historiesexpli
itly would require providing additional bran
hhistory tables (BHTs). Limiting the sequen
e lengthsto three bran
hes, our basi
 strategy is to organize thebran
h sequen
e history into three BHTs. All individ-ual bran
h histories will be stored in the �rst BHT as istypi
ally done by a traditional bran
h predi
tor su
h asgshare [6℄. The two additional BHTs will stri
tly storehistories 
orresponding to bran
h sequen
es. The se
-ond BHTwill 
ontain entries for the histories of bran
hesthat are en
ountered as being the se
ond bran
h in asequen
e while the third BHT will be used to store his-tories of bran
hes that appear as the third bran
h in asequen
e.Given the above three level organization, the sizesof the additional se
ond and third level BHTs dependupon number of bran
h sequen
es that are en
oun-tered. In parti
ular, the se
ond level BHTwould have anentry for ea
h sequen
e of length two or three while thethird level BHT will simply have entries for sequen
es oflength three. In order to determine suitable relativesizes of the three tables we 
ondu
ted an experimentwhi
h identi�ed the number of unique bran
hes, num-ber of unique sequen
es of lengths two or three, andnumber of sequen
es of length three for the Spe
95ben
hmarks. In Figure 6, the sizes of se
ond and thirdlevel BHTs relative to the �rst level BHT are plotted.The largest table sizes were observed for the g

 ben
h-mark sin
e it 
ontains a very large number of bran
hsequen
es. The size of se
ond level BHT was observed tobe 0.41 of the �rst level and the size of the third levelBHT was found to be 0.17 of the �rst level. While it mayappear that the additional 
ost of these BHTs is signif-i
ant, we view them as being 
onstru
ted using partof the budget for the on-
hip instru
tion 
a
he. Thisis be
ause these additional tables will be used to store

instru
tions in bran
h sequen
es, in addition to bran
hsequen
e history, and thus will relieve the pressure thatthe bran
h sequen
es impose on the instru
tion 
a
he.In 
on
lusion we will 
onsider sizes for se
ondand third level BHTs that are one-half and one-fourth the size of the �rst level BHT.
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Figure 6. Expected sizes of second and third
level tables relative to the first level table.Pro�le of bran
hes in bran
h sequen
es. Finallywe analyzed the pro�le of bran
h instru
tions in termsof their types. The bran
hes that were en
ounteredduring exe
ution were 
lassi�ed into the following 
at-egories: UI - un
onditional indire
t; UD - un
onditionaldire
t; CD - 
onditional dire
t; and others - all other
ategories. The reason for using the above 
lassi�
a-tion is that the �rst three 
ategories a

ount for nearlyall the bran
h instru
tions exe
uted in Spe
95 ben
h-marks. The results of above analysis are shown in Fig-ure 7. While 
onditional dire
t bran
hes a

ount for alarge fra
tion of bran
hes that are exe
uted, there area signi�
ant number of un
onditional, dire
t as well asindire
t, bran
hes in bran
h sequen
es. Sin
e the un-
onditional dire
t bran
hes in sequen
es will be savedas part of the bran
h sequen
e history, and the tar-gets of these bran
hes 
an be typi
ally 
orre
tly pre-di
ted using a bran
h target bu�er, the harmful e�e
tsof these bran
h instru
tions on instru
tion fet
hing willbe almost entirely eliminated through sequen
e predi
-tion. In addition, their high predi
tability will alsoassist in a
hieving a high predi
tion rate for bran
h se-quen
es. Un
onditional indire
t bran
hes are en
oun-tered as part of sequen
es quite frequently. They a
-
ount for an average of approximately 11% of thosebran
hes that are exe
uted as part of bran
h sequen
esin Spe
95 ben
hmarks. Often indire
t bran
hes aregenerated during the translation of swit
h statementswhi
h also happen to be a frequent sour
e of bran
hsequen
es. Therefore to a
hieve high bran
h sequen
epredi
tion rates we must a

urately predi
t targets ofun
onditional indire
t bran
hes. In 
on
lusion we



will provide a target 
a
he [1℄ type me
hanismin the design of our bran
h sequen
e predi
-tor to a

urately predi
t the targets of un
on-ditional indire
t bran
hes.Program UI% UD% CD% others%go 9.35 10.10 76.52 4.03m88ksim 14.62 6.03 67.99 11.36g

 6.65 14.45 73.93 4.97
ompress 15.90 12.30 51.70 20.11li 13.06 8.68 70.51 7.75ijpeg 6.32 8.01 80.02 5.65perl 9.69 27.02 58.33 4.96vortex 16.04 7.58 76.26 0.12intAverage 11.45 11.77 69.41 7.37tom
atv 7.88 39.61 51.65 0.86swim 24.99 25.01 50.00 0su2
or 9.08 36.79 53.78 0.35hydro2d 10.54 33.73 54.88 0.85mgrid 1.46 11.71 86.54 0.29applu 0.01 0.06 99.93 0turb3d 8.87 26.38 64.49 0.26apsi 19.30 23.26 56.84 0.60fpppp 15.10 23.65 60.90 0.35wave5 21.78 26.13 51.58 0.51fpAverage 11.90 24.63 63.06 0.41
Figure 7. Distribution of branch instruction
types in branch sequences.3 Implementation of a Bran
h Se-quen
e Predi
torIn order to exploit bran
h sequen
es we have de-veloped a me
hanism whi
h is able to dynami
ally de-te
t sequen
es, maintain the history of the dete
tedsequen
es, and predi
t sequen
es. Whenever a bran
hinstru
tion is fet
hed, the bran
h sequen
e history is
onsulted for predi
tion. The result of predi
tion iseither simply the predi
tion of the bran
h, as in tra-ditional single bran
h predi
tors, or if the bran
h isthe �rst bran
h of a predi
table bran
h sequen
e, thenthe entire sequen
e is predi
ted. In the latter 
ase theremaining instru
tions belonging to the sequen
e arealso provided by the bran
h sequen
e predi
tor fromits sequen
e 
a
he and these instru
tions are spe
u-latively introdu
ed into the exe
ution pipeline. Thefet
h me
hanism resumes fet
hing of instru
tions fromthe bran
h sequen
e target, that is, the target of thelast bran
h in the sequen
e. A simple state ma
hineis implemented to dete
t bran
h sequen
es. This statema
hine examines the retiring instru
tions to dete
t

bran
h sequen
es and then updates the bran
h se-quen
e history appropriately.Bran
h Sequen
e Predi
tor. The bran
h se-quen
e predi
tion hardware is shown in greater detailin Figure 8. The bran
h history is organized in the formof a multi level table. Ea
h level 
orresponds to theposition of the bran
h in a sequen
e. When a bran
hinstru
tion B is fet
hed, it is predi
ted using the infor-mation in the �rst level BHT. The se
ond and third levelBHTs provide the information 
orresponding to the se
-ond and third bran
hes in bran
h sequen
e beginningwith B assuming that there is su
h a sequen
e. Weonly provide three levels be
ause the results in the pre-
eding se
tion indi
ated that this is enough to 
apturemost of the bran
h sequen
es. Also the relative sizes oftables are 
hosen in a

ordan
e with the observationspresented in the pre
eding se
tion, that is, se
ond andthird level BHTs are one-half and one-quarter the sizeof the �rst level BHT.
counts

T/NT(2)

level 2

targets

target(2) instrns(2)

instrns

Branch history Sequence
table

branch sequence predicted

counts

BTB cache

target(1)
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level 1

Branch
history

T/NT(3) target(3) instrns(3)

targets

level 3

counts instrns

Branch history Sequence
table

GR PC

XOR

branch being 
predicted.

T/NT(1)

Figure 8. Branch sequence predictor.This implementation we propose is based upon thegeneralization of the approa
h used by the gshare sin-gle bran
h predi
tor. The �rst level BHT is similar tothe BHT used in the gshare implementation. It is in-dexed using ex
lusive-or of nine bits of global bran
hhistory kept in register GR and the PC of the bran
h Bbeing predi
ted. The �rst level bran
h history BHTs isalso provided with an a

ompanying target 
a
he andbran
h target bu�er (BTBs). The former is used forpredi
ting the targets of indire
t bran
hes while thelatter predi
ts the targets of dire
t bran
hes. It shouldbe noted that while BTB is a

essed using an index de-rived from the bran
h's PC, the target 
a
he is indexedusing derived from ex
lusive-or of GR and the bran
h'sPC. This is in a

ordan
e with their typi
al implemen-tations. The 
ontents of the �rst level BHT are similar tothe traditional gshare single bran
h predi
tor, that is,



two bit saturating 
ounters are supported by the �rstlevel BHT. The value of the 
ounter determines whetherto predi
t the bran
h as taken or not-taken (values 2and 3 
orrespond to the taken predi
tion and the values0 and 1 
orrespond to the not-taken predi
tion).The se
ond and third levels also provide their ownBHTs. The index used to a

ess the �rst level table,with its most signi�
ant bit (two bits) dropped, is usedto a

ess the se
ond (third) level BHT. In other words allthree tables are a

essed using indi
es dire
tly derivedfrom the bran
h B, the �rst bran
h in the sequen
e be-ing predi
ted. This approa
h has the advantage that allthree tables 
an be a

essed in parallel and thereforebran
h sequen
e predi
tion takes no more time thansingle bran
h predi
tion. For target predi
tion at these
ond and third level, we do not use separate BTB ortarget 
a
he stru
tures. Instead, an extended BHT en-try whi
h saves the taken target of the bran
h workswell in pra
ti
e. The se
ond and third level BHTs also
ontain two bit saturating 
ounters to predi
t their re-spe
tive bran
hes. These 
ounters 
apture the historyof a bran
h when it appears in a bran
h sequen
e asthe se
ond or third bran
h in the sequen
e.The instru
tions in the sequen
e that follow the �rstbran
h instru
tion are stored in the sequen
e tables pro-vided at the se
ond and third levels. A sequen
e tableis indexed using the same index as the 
orrespondingBHT at the same level. Therefore we assume that thenumber of lines in the sequen
e 
a
he is the same asthe number of entries in the 
orresponding BHT. These
ond level sequen
e table provides instru
tions fol-lowing the �rst (predi
ted) bran
h B and up to these
ond bran
h in the sequen
e (marked as instrns(2)in Figure 8). The third level sequen
e table providesinstru
tions following the se
ond bran
h and up to thethird bran
h in the sequen
e (marked as instrns(3)in Figure 8). In addition to the instru
tions, ea
h se-quen
e table line also 
ontains the PC of the �rst savedinstru
tion. Therefore the line size for a sequen
e tableat ea
h level is three. The saved PC values are mat
hedagainst the predi
ted targets of pre
eding bran
hes(i.e., target(1) and target(2) in Figure 8) to ensurethat a valid sequen
e is being predi
ted.In order to ensure that sequen
e predi
tion is highlya

urate, we allow the predi
tion of a sequen
e oflength two only if the 
on�den
e in the predi
tion ofthe �rst bran
h is high. Thus predi
tion is only al-lowed for the extreme values (i.e., values 0 and 3) forthe 
ounter at the �rst level. Sequen
es of length twoare not predi
ted if the 
ounter at the �rst level hasa value of either 1 or 2. The value of the 
ounter atthe se
ond level is similarly used to de
ide whether toextend the predi
tion to a sequen
e of length three.

In addition, the bran
h at the third level is only in-
luded if the 
on�den
e in its predi
tion is high (i.e.,its 
ounter value is 0 or 3). Thus, the 
ounters atthe �rst two levels not only provide predi
tions for thebran
hes at their respe
tive levels, but they also serveas a 
on�den
e me
hanism for de
iding whether or nota sequen
e should be predi
ted. When a frequently o
-
urring predi
table sequen
e is en
ountered we predi
tthe out
ome of the entire sequen
e. On the other handif no sequen
e is predi
ted the predi
tor naturally fallsba
k to predi
ting the bran
hes individually.Bran
h Sequen
e Dete
tion and History Up-date. In order to maintain the bran
h sequen
e his-tories, we take the following approa
h. A state ma-
hine that examines retiring instru
tions and dete
tsbran
h sequen
es is provided (see Figure 9). Depend-ing upon the nature of the re
ently retiring instru
tion,a bran
h instru
tion or a non-bran
h instru
tion, ap-propriate state transitions o

ur. The initial state ofthis state ma
hine is state 0 and after one bran
h in-stru
tion is seen, it moves to state 1. When a sequen
eof two bran
hes has been observed the ma
hine is instate 2 and �nally when a sequen
e of three bran
heshas been dete
ted the ma
hine is in state 3.
nb

3

b nb
nb nb

b

b b

nb b nb b

0

1 1’ 2 2’

Figure 9. Sequence detection and history up-
date.Our history update strategy is as follows. The �rstlevel BHT 
ontains histories of all bran
hes. Therefore itis updated for the most re
ently seen bran
h in states1, 2 and 3. The level two BHT is updated in state 2and level three BHT is updated in state 3. It should benoted that when the history of the re
ently seen bran
his being updated in state 2(3), the index at whi
h theupdate is performed in level two(three) BHT must be
omputed from the GR and PC of the �rst bran
h inthe sequen
e. On the other hand when the historyof the same bran
h is being updated in the level one



BHT the index must be 
omputed by appropriately 
on-stru
ting the 
ontents of GR for that bran
h. A newsequen
e is not allowed to evi
t an existing sequen
eif the latter is highly predi
table and frequent (i.e., allof its 
ounters are saturated to the values of 0 or 3).Instead the 
ounter value of 0 is in
remented and 3 isde
remented so that in the future the repla
ement maybe
ome possible. Using this te
hnique we prevent spo-radi
ally appearing sequen
es from evi
ting frequentlyo

urring ones. When a sequen
e is predi
ted by oursequen
e predi
tor, the updates to the history are per-formed spe
ulatively sin
e doing so provides better per-forman
e. This trend is not surprising as it has beenobserved for other bran
h predi
tors [3℄.4 Performan
e EvaluationIn order to evaluate the performan
e of bran
h se-quen
e predi
tion we 
ondu
ted experiments with thefollowing goals. First we demonstrate that the pra
ti-
al implementation of bran
h sequen
e predi
tion, pro-posed in the pre
eding se
tion, provides low overallbran
h mispredi
tion rates. Next we evaluate the e�e
-tiveness of the fet
h me
hanism based upon sequen
epredi
tion by measuring the average number of usefulinstru
tions fet
hed from the I-
a
he per 
y
le. We alsoestimate the redu
tion in 
a
he lines fet
hed from the
a
he. Finally we study the impa
t of the improvedfet
h me
hanism on overall exe
ution times.As in the 
ase of all earlier experiments, Spe
95ben
hmark suite is used in the evaluation. The ben
h-marks were 
ompiled using the g

 2.7.2 
ompilerwith -O3, the highest, level of optimization. All ben
h-marks were exe
uted on the test inputs. The exe
utionof long running ben
hmarks was terminated on
e theyhad exe
uted 40 million bran
h instru
tions. Relativeperforman
es of ar
hite
tures that are identi
al in allrespe
ts ex
ept their bran
h predi
tors are presented.The simulators used in this study have been automati-
ally generated from ADL spe
i�
ations of supers
alarar
hite
tures by the FAST system [7℄. Our simulatedar
hite
ture is based upon the MIPS-I instru
tion setand ma
hine model shown in Figure 10.We 
onsidered two di�erent issue-widths in our ex-periments (4 and 8). Further, it is assumed that theI-
a
he line size is equal to the issue width and in ea
h
y
le a single 
a
he line 
an be fet
hed. In 
omparingthe performan
e of the gshare and bsp predi
tors, we
onsidered 
on�gurations in whi
h the number of BHTentries in the gshare predi
tor is equal to the sum ofthe number of BHT entries in all three tables of the bsppredi
tor. In the �rst 
on�guration the gshare has 4Kentries while the bsp predi
tor has 2K, 1K, and 1K

entries in the �rst, se
ond and third level BHTs respe
-tively. In the se
ond 
on�guration the gshare has 8Kentries while the bsp predi
tor has 4K, 2K, and 2Kentries in the �rst, se
ond and third level BHTs respe
-tively. A

ording to our earlier observation we 
ouldhave used smaller third level tables. However, we usedlarger third level tables so that the gshare and bsppredi
tors have the same total number of BHT entries.Bran
h Predi
tion Rates. In 
omparing the pre-di
tion rates of the gshare and bsp predi
tors, we 
on-sider a bran
h to be 
orre
tly predi
ted if not only isits out
ome 
orre
tly predi
ted, but so is its target. Aswe 
an see from the tables in Figures 11 and 12, thebran
h predi
tion rates of the two predi
tors are 
om-parable. In some 
ases bsp performs marginally betterwhile in others the gshare performs slightly better.Fet
h E�e
tiveness. In order to 
ompare the fet
he�e
tiveness of gshare and bsp two 
riteria are used.We measured the number of 
a
he lines fet
hed by thebsp predi
tor and the gshare predi
tor to determinethe redu
tion in 
a
he traÆ
 resulting from using bsp.The results in Figures 11 and 12 show that bsp redu
esthe amount of 
a
he lines fet
hed by 9% on an averagefor integer ben
hmarks and a maximum of around 15%for perl and wave5 ben
hmarks. We also 
omparedthe average number of useful instru
tions 
ontained in
a
he lines fet
hed by the bsp predi
tor with that ofgshare. The results in Figures 11 and 12 show thatbsp in
reases the average number of useful instru
-tions per fet
hed 
a
he line by 9% on an average forinteger ben
hmarks and a maximum of 17% for perl.In the hydro2d and wave5 
oating point ben
hmarks,over 10% improvement was also observed for 8K BHTsizes. The only ben
hmarks whi
h showed a slight per-forman
e loss were m88ksim and tom
atv.Exe
ution Times. The overall improvement in in-stru
tions exe
uted per 
y
le (IPCs) that results fromusing bsp instead of gshare was also found. As in-di
ated by the tables in Figures 11 and 12, the bsppredi
tor in
reases the IPCs by over 10% for g

, perland ijpeg. Smaller gains were observed for other in-teger ben
hmarks. For 8K BHT sizes the 
oating pointben
hmarks gave an average improvement of 8% and amaximum of 17% for wave5. Only tom
atv showed aslight performan
e loss. We assumed a perfe
t I-
a
hein this experiment. Therefore the improvements wereport are entirely be
ause of I-
a
he fet
hes that areavoided. If a non-perfe
t I-
a
he is simulated it willonly favor bsp be
ause bsp fet
hes fewer I-
a
he linesand is therefore likely to su�er less from I-
a
he misses.
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Figure 10. Superscalar machine model.Program Predi
tion rates Lines fet
hed Useful instrns per line IPCsbsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8Kgo 1.00563 1.00613 0.970854 0.967406 1.03003 1.03369 1.02648 1.02957m88ksim 0.985577 0.985739 0.971719 0.971792 1.0291 1.02902 1.01497 1.01356g

 1.00773 1.00801 0.907015 0.895872 1.10252 1.11623 1.08975 1.1026
ompress 0.986148 0.985699 0.933367 0.934926 1.07139 1.0696 1.0443 1.04226li 0.990177 0.989605 0.896972 0.894299 1.11486 1.11819 1.0339 1.03283ijpeg 1.00145 1.00526 0.910929 0.889783 1.09778 1.12387 1.08886 1.11583perl 1.00198 0.998921 0.894696 0.868787 1.1177 1.15103 1.10721 1.1357vortex 0.998945 1.0125 0.876862 0.897337 1.14043 1.11497 1.07005 1.10145intAverage 0.997205 0.998982 0.920301 0.915026 1.08798 1.09458 1.05944 1.07173

Figure 11. Relative performance of bsp vs gshare for: 4-issu e and line size of 4.Program Predi
tion rates Lines fet
hed Useful instrns per line IPCsbsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8K bsp2+1+1Kgshare4K bsp4+2+2Kgshare8Kgo 1.0052 1.0067 0.967656 0.962886 1.03342 1.03855 1.02647 1.03171m88ksim 0.98607 0.98652 1.01337 1.01208 0.986803 0.988064 0.971849 0.974229g

 1.00933 1.00743 0.903822 0.901147 1.10641 1.1097 1.08902 1.09008
ompress 0.996503 0.996489 0.912144 0.912165 1.09632 1.09629 1.07508 1.07504li 0.992928 0.992836 0.907336 0.906954 1.10213 1.10259 1.0219 1.0222ijpeg 1.00418 1.00532 0.907873 0.90431 1.10148 1.10581 1.09396 1.10186perl 1.00365 1.00192 0.849906 0.853124 1.1766 1.17216 1.15674 1.15189vortex 1.02096 1.01337 0.879692 0.890796 1.13676 1.12259 1.12372 1.10294intAverage 1.00235 1.00132 0.917725 0.917933 1.09249 1.09197 1.06984 1.06874tom
atv 0.986147 0.994232 1.00024 0.994007 0.999761 1.00543 0.977915 0.993601swim 0.988678 0.999679 0.94892 0.920363 1.05383 1.08653 1.0417 1.08351su2
or 0.987627 0.994995 0.963702 0.923489 1.03766 1.08228 1.00408 1.08118hydro2d 0.99707 0.998392 0.988936 0.882861 1.01119 1.13295 1.00503 1.12347applu 1.00286 1.00022 0.990729 0.972273 1.00935 1.02851 1.01011 1.05106turb3d 1.00065 1.00662 0.968783 0.931552 1.03222 1.07348 1.02531 1.0736apsi 0.998202 0.999121 0.991406 0.943565 1.00867 1.05977 1.00567 1.05821wave5 0.999388 1.01287 0.979844 0.845578 1.02056 1.18262 1.01531 1.17209fpAverage 0.995079 1.00076 0.97907 0.92671 1.02165 1.08145 1.01064 1.07959
Figure 12. Relative performance of bsp vs gshare for: 8-issu e and line size of 8.



5 Related WorkMore re
ently two aggressive fet
h me
hanisms havebeen proposed based upon multiple bran
h predi
tion:the bran
h address 
a
he [13℄ and the tra
e 
a
he [9℄.The me
hanism based upon bran
h address 
a
he[13℄ generates targets of multiple subsequent basi
blo
ks in ea
h 
y
le and fet
hes them simultaneouslyfrom the I-
a
he. To generate multiple targets, out-
omes of multiple bran
hes must be predi
ted in ea
h
y
le. The 
omplexity of the hardware for predi
tingthe targets in
reases exponentially with ea
h bran
h.Moreover the above me
hanism requires for the instru
-tion 
a
he to be 
apable of providing multiple non-
onse
utive lines in ea
h 
y
le. In 
ontrast our me
h-anism based upon bran
h sequen
e predi
tion onlyfet
hes a single 
a
he line from the I-
a
he in ea
h 
y-
le and its hardware 
omplexity grows linearly as ad-ditional bran
hes are added to the sequen
es.In the tra
e 
a
he based fet
h me
hanism tra
es areformed from 
onse
utively exe
uted dynami
 instru
-tion sequen
es when they are en
ountered �rst, savedin the tra
e 
a
he, and fet
hed from the tra
e 
a
heduring future exe
utions. Tra
es are formed for all ex-e
uted instru
tions and instru
tions lying along mul-tiple paths may belong to multiple tra
es. Here areseveral important di�eren
es between our fet
h me
ha-nism and one based upon the tra
e 
a
he. In the tra
e
a
he, tra
es are 
onstru
ted �rst and then the out-
omes of the multiple bran
hes that fall in the tra
e arepredi
ted. In 
ontrast our approa
h identi�es highlypredi
table bran
h sequen
es �rst and then only pre-di
ts the out
omes of multiple bran
hes that 
orre-spond to these bran
h sequen
es.The bran
h sequen
es stored in the sequen
e tablemay be viewed as very spe
ialized tra
es whi
h areshort (between 2 and 5 instru
tion in length) and havehigh bran
h density (2 or 3 bran
hes). Thus, amongall the tra
es that may be 
onstru
ted for a program,bran
h sequen
es represent those that are most detri-mental to the fet
h performan
e.Finally, our fet
h me
hanism 
an be naturally ex-tended to build a highly aggressive fet
h me
hanismlike the tra
e 
a
he if more storage is made availablefor larger sized sequen
e tables. As mentioned above,sequen
e table is 
urrently used to store very shorttra
es with very high bran
h density. By progressivelyallowing in
reasing number of non-bran
h instru
tionsbetween 
onse
utive bran
hes we 
an allow bran
h se-quen
es (i.e., tra
es) of in
reasing size and lower bran
hdensities to be saved. Su
h 
exibility of sele
tively sav-ing important tra
es is not supported by proposed tra
e
a
he designs sin
e they treat all tra
es equally.
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