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Abstract with an idealized, single-cycle version of the same predic-

Researchers have studied hybrid branch predictors thtg'hi f bresents a new techni for desianing lar
leverage the strengths of multiple stand-alone predicto%s. IS paper presents a new technique for designing farge
The common theme among the proposed techniquesyig”.d _branch predictors. Past research in hybrid branch
a selectionmechanism that chooses a prediction fror%red'cuon has focused on the problem of how to select a

among several component predictors. We make the §B[rect prediction from a pool of several component pre-

servation that singling out one particular component pre-:gzg:.s'ﬂ;r: |ii%$f;§;1§2 g? I&/];n g{(ﬁ;runsc;anc_);gl]ee;eetljeggerg pc:fa-
dictor ignores the information of the non-selected compg— ' . - : P
nents remains unutilized. Our technique uses the com-

nents. We proposBranch Prediction Fusigroriginally .~ : :
inspired by work in the machine learning field, Whicgmatmn, orfusion of _aII_ of the component predictors to
Improve branch prediction rates.

combines orfusesthe information from all of the com- . . . .
This paper is organized as follows. Section 2 de-

ponents to arrive at a final prediction. Our 32KB predic- ribes the idea oBranch Prediction Fusiorat a high-

tor achieves the same overall prediction accuracy as t & . - - .
188KB versions of the previous best performing predig-vel and explains the original motivation for this work.

tors (the Multi-Hybrid and the global-local perceptron). ection 3 presents a br|ef'overV|leW Of.pI’EVIOL.JS related
work. In Section 4, we detail our simulation environment

. and explain our predictor optimization methodology. Sec-
1 Introduction tion 5 describes our fusion-based hybrid branch prediction
scheme, th€ombined Output Lookup Tabl€OLT) pre-
Superscalar processors capable of executing multiple dfictor. In Section 6, we provide a classification of cor-
structions per cycle need accurate branch predictionréetly predicted branches to determine the importance of
provide a steady stream of useful instructions. The costgg different branch predictor components, and we further
a branch misprediction can mean many cycles of wasiggblore the design space for the COLT predictor. We draw

work, and many cycles before the functional units resurggr final conclusions in Section 7 and also discuss some
executing useful instructions along the correct flow @firections for future research.

control. The extremely deeply pipelined microarchitec-
tures of future superscalar processors further exacerliate The |dea
the problem [28].

As the processor clock cycle shrinks to increase proc&3-the pursuit of more accurate branch prediction algo-
sor throughput, there is less time for the branch predictifH'ms, past studies have researched several ways of com-
logic to arrive at a prediction. Large branch predicto@ning different branch predictors to form hybrid branch
provide more accurate branch predictions, but the c@fedictors [4,7, 8,9, 22]. All of the proposed hybrid pre-
responding slowdown in clock speed can result in lowgictors consist of two or more component branch predic-
overall performance. Jiémez and Lin show how largetors. and ameta-predictorthat selects one of the com-
branch predictors can be integrated into an aggressivegpents. We make the observation that selection-based
clocked processor pipeline [14]. In particular, theerrid- hybrid predictors ignore the information conveyed by the
ing predictorallows a processor with a large, multi-cycl@redictions of the non-selected components.

predictor to achieve ILP levels that are close to a processol this paper, we introduce the concept of designing
hybrid branch predictors bypranch prediction fusion

*This research was supported by NSF Grant MIP-9702281. Branch prediction fusion covers any hybrid branch pre-
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Figure 1: (a) Prediction-selection selects one-of-  n pre-
dictors. (b) Prediction-fusion incorporates informa-
tion from all n predictors.

dictor that combines or fuses the predictions of multiple
component predictors to form a final prediction. Figure 1
illustrates the difference between branch prediction sEjgure 2: Selection-based hybrid predictors: (a) the
ection and branch prediction fusion. Instead of havirffgurnament predictor, (b) the Multi-Hybrid from [8], (c)
the meta-predictor make a selection among the predict Multl-l—_|ypr|d from [7] (we use Quad-Hybrid in this
(Figure 1a), the meta-predictor makes the final predictiB%Ioer to distinguish between the two).

itself (Figure 1b).

Our initial fusion-based predictor was inspired by thétand-alone prediction algorithms [15, 18, 23]. This will
Weighted Majority Algorithm from the machine learnhopefully encourage researchers to continue the search for
ing field [20]. Instead of selecting one particular comp®etter individual prediction algorithms, as well as to de-
nent to make the final prediction, our Weighted Majorityelop better hybridization techniques.

Branch Predictor (WMBP) takes a vote among all compo-

nents. The vote of each component is weighted depefi- Related Work

ing on the past performance of the predictor. An impor-

tant fact that we observed is that the combined weighitkere has been an abundance of research in the area of dy-
of multiple components frequently override the compoamic branch prediction. In this section, we only review
nent with the largest weight to yield a correct final prehe work most relevant to branch prediction fusion.

diction. For example, we found that for tigec bench-  The first hybrid branch prediction scheme wastthe-
mark, branches where the weighted majority overrule thamentpredictor proposed by McFarling [22]. The tour-
best predictor (the predictor with the highest correspongament scheme is limited to selecting from only two com-
ing weight) occur over 80% more frequently than wheponent predictors. Figure 2a illustrates the tournament
the weighted majority is incorrect while the best predigelection mechanism. The branch address indexes into a
tor is correct. Due to the complexity of implementing theable of saturating two-bit counters. The most significant
Weighted Majority Algorithm in hardware, we do not exbit of the counter selects from one of the two component
plore the WMBP any further in this paper. Instead, wegredictors. Chang et al extended the tournament selection
propose a simpler, and more accurate, fusion-based taple to a two-level table that incorporates branch history
brid predictor called th€ombined Output Lookup Tableto further improve prediction rates [3].

(COLT) predictor. The first hybrid branch predictor to support an arbitrary

Branch prediction fusion is a new technigue for cormumber of component predictors was Evers et al's Multi-
bining predictors. By incorporating the predictions of Hybrid predictor [8]. As shown in Figure 2b, the Multi-
variety of predictors, we get the benefits of considerirddybrid maintains a table of vectors of two-bit counters.
variable branch history lengths [30], dynamically chandrach counter corresponds to one of the component pre-
ing history lengths [16], simultaneously using both globaictors. The selection mechanism chooses the component
and local branch history [26], as well as taking advantagdose counter has the maximum value of three. In the
of the best stand-alone (non-hybrid) prediction algorithnegse that more than one counter equals three, a predeter-
available [15]. Another result of this work is that we shownined precedence ordering breaks the tie. The counter up-
that hybrid branch prediction can still provide better prelate rules guarantee that at least one counter equals three.
diction rates, despite the continual development of betterfEvers’ dissertation provides detailed information and



analysis of the behavior of branches [7]. From the#éajority hybrid predictor in that both make use of ma-
results, Evers designed a refined version of the Muljprity functions to combine multiple inputs. The gskewed
Hybrid predictor which consists of four component prepredictor uses an unweighted majority to reduce the ef-
dictors (to differentiate between the two Multi-Hybridsfects of interference in the pattern history tables whereas
we will refer to this version as the Quad-Hybrid since alhe Weighted Majority Branch Predictor uses a weighted
configurations use four component predictors). Figure B@jority to combine the predictions of different compo-
shows how the Quad-Hybrid prediction scheme is a tourents.

nament prediction scheme where each component is als®o optimize our hybrid predictor configurations, we

a tournament predictor (highlighted by the dashed boxes3ed a genetic search algorithm [11]. Emer et al used a
The first sub-tournament consists of tggharepredictors genetic programming approach to optimize branch pre-
that utilize different branch history lengths. A selectivdictors and indirect branch predictors [6]. They devel-
update strategy is used on the long history gshare. Tdped a language to generically describe branch predictors,
second sub-tournament combines a local history predicamd then used genetic programming to optimize over tree
(PAs) [32] with aloop predictor [2, 8]. A final table of representations of the branch predictor language. In our
counters selects between the global-history predictors aaldy, we are interested in selecting components for a hy-
the local-history/loop predictors. The meta-prediction tarid predictor which is easily encoded in a fixed length bit
bles incorporate global branch history similar to the twatring. This allows us to use a simpler genetic algorithm.
level tournament predictor [3]. The counters used in the

selection tables are three bits wide instead of two. It wés Methodology

found that three-bit counters yield more stable selectio MSihis section, we describe our methodology for simulat-

and are less sensitive to fluctuations in the behavior of the . . ;
: ing and evaluating branch prediction algorithms. We also
branch predictors.

) ) . detail our approach for optimizing the components in hy-
Besides these purely dynamic hybrid branch predigrig branch predictors.

tion schemes, compiler and profile assisted approaches . . i
have also been proposed. Branch Classification uses ftot  Simulation Environment

file information to statically assign branches as alwayge collected traces of conditional branches from the in-
taken, always not-taken, or dynamically predicted bytéger benchmarks of the SPEC2000 suite [31]. Using
tournament-styled predictor [4]. Static hybrid predictoge fynctional in-order simulator from the SimpleScalar
have also been proposed. The static hybrid predictorgset for the Alpha instruction set [1], we collected 500
a variant of the Multi-Hybrid (from [8]) where the dy-pjjlion branches from each benchmark usingtifain in-

namic selection mechanism has been replaced by a br ets. We also skipped over the initial 100 million con-

hint that chooses which component to use. Static predigronal branches to avoid start-up effects. The binaries
tion schemes are sometimes undesirable because mo\%lre compiled on an Alpha 21264 usiag with full op-

cations to the ISA are necessary to convey the static ggsizations. The reported misprediction rates are arith-
cisions, programs must be profiled and recompiled 10 i&aic means across all benchmarks, except in the cases
ceive any benefit and therefore it does not help existighere we examine the benchmarks individually.
applications, :_:md poor pe.r_formance may result if the dan:or our ILP study, we modified the MASE simulatoo
sets used during the profiling phase are not representaliignort the predictors analyzed in this paper [17]. We also
of actual runtime behavior. For these reasons, we oRiylated amverridingpredictor configuration to support
consider purely dynamic approaches in this paper.  |arge branch predictors in a very fast clock speed proces-
Our branch prediction fusion approach combines tBer [14]. We fast forward past the initial start-up code,
outputs of several different kinds of branch predictorand then we simulate 100 million instructions because the
There are some similarities to Skadron et allfoyed MASE out-of-order processor simulator is much slower
history predictors [26]. In the course of categorizinhan our trace-fed branch predictor simulator. The bina-
branch mispredictions, Skadron et al discovered that soriga and input files are identical to those used for the mis-
branches require both global and local history to acoprediction rate simulations.
rately predict. The alloyed history branch predictor com:- . . .
bines multiple types of branch history, whereas our bran h2 Genetic Search for Hybrid Predictors
prediction fusion approach combines multiple types @hoosing components for a hybrid branch predictor is an
branch predictor outputs. The global/local perceptron pgnormous search problem. Indeed, even optimizing a sin-
dictor [13] is basically an alloyed history version of thgle type of branch predictor may require large amounts of

basic perceptron pre(_d|ctor [15]_' ) 1We used a pre-release version of the MASE simulator. The MASE
The gskewed predictor [23] is related to our Weighteghulator will be part of SimpleScalar version 4.0 [1].




Table 1:
hybrid predictors.

gshare PAs
size | PHT entries| history length size BHT entries | PHT entries| history length
1KB 4096 7 0.88KB 512 2048 6
2KB 8192 8 2KB 2048 2048 6
4KB 16384 9 3.75KB 2048 8192 7
8KB 32768 15 8KB 4096 16384 8
16KB 65536 16 16KB 8192 32768 8
32KB 131072 17 32KB 16384 65536 8
64KB 262144 18 52KB 16384 131072 10
Bi-Mode
size PHT entries| history length Enhanced pskewed
0.38KB 512 6 size | BHT entries| PHT entries| history length
0.75KB 1024 8
1.88KB 512 2048 6
1.5KB 2048 10
3.75KB 1024 4096 6
3KB 4096 11
6KB 8192 13 7.75KB 2048 8192 7
16.5KB 4096 16384 9
12KB 16384 14 33KB 8192 32768 9
24KB 32768 15
48KB 65536 16
Enhanced gskewed bimodal
size | PHT entries| history length size | num 2-bit counters
0.38KB 512 7 1KB 4096
0.75KB 1024 8 2KB 8192
1.5KB 2048 9 4KB 16384
3KB 4096 12 8KB 32768
6KB 8192 13 16KB 65536
12KB 16384 14 32KB 131072
24KB 32768 15 64KB 262144
48KB 65536 16
YAGS loop
size | PHT entries| history length size | num loop counterd counter width
0.63KB 512 8 0.75KB 1024 6
1.25KB 1024 9 1KB 1024 8
2.5KB 2048 10 1.5KB 2048 6
5KB 4096 11 2KB 2048 8
10KB 8192 12
S0KB 16384 13 Alloyed (global/local) perceptron
40KB 32768 14 2KB, 4KB, 8KB, 18KB, 30KB, 53KB configurations in [13]

The sizes and parameters of the 59 component predictors considered for inclusion in our fusion-based

Name | Hardware Components VMT Counter | History
Budget Counters| Widthc | Lengthh
« 16KB alpct(8KB) Enh.gskewed(3KB) gshare(2KB) 2048 4 8
16 32KB alpct(8KB) gshare(8KB) 8192 4 7
gshare(4KB) PAs(3.75KB)
5 64KB alpct(30KB) gshare(16KB) 16384 4 10
YAGS(5KB) Enh.pskewed(3.75KB)
) 128KB alpct(30KB) alpct(18KB) gshare(16KB) 16384 4 7
Enh.gskewed(6KB) YAGS(10KB) PAs(32KB)
n 256KB alpct(53KB) alpct(8KB) gshare(64KB) 32768 4 4
Bi-Mode(48KB) Enh.gskewed(24KB) PAs(32KB)

Table 2: The COLT configurations chosen by our genetic algorithm.

alpct stands for alloyed perceptron.




computation if the number of parameters is large. We penutations include randomly flipping bits in the configura-
formed all of our tuning and optimization using traces difon encoding, and randomly incrementing or decrement-
the first ten million conditional branches from the SPEiRg the meta-predictor parameter fields.
testinputs to avoid over-training of the predictors. For our experiments, the population of each generation
We first individually optimized the component branckonsisted of 32 configurations, and we ran the search for
predictors. The component predictors considered &dotal of 20 generations. We chose a valug:of= 10
bimodal [27], gshare [22], Bi-Mode [18], enhanceipP roughly correspond to the top-third of each generation.
gskewed with partial update [23], YAGS [5], PAs [32]We used hardware budgets of 16KB to 256KB in factor
pshare and pskewed [7], a local history Bi-Mode, the lo& two increments. The hardware budget imposes a fairly
predictor [2, 8], and the alloyed history (global/local) petregular boundary to the space of allowable configura-
ceptron predictor [13]. For all components except for thi@ns. To prevent a population from getting stuck in a
alloyed perceptron and the loop predictor, we performéfal extrema for too long, we used fairly high mutation
an exhaustive search of the parameter space. For theoggbabilities. The probability of a random bit flip was 0.2
loyed perceptron, we used the optimal configurations f&dependently, per bit), and the probability of increment-
ported in [13]. ing/decrementing a meta-predictor parameter field was
After optimizing the component branch predictors, web: .AII of the constants for the genetic algorithm were
used these predictors as candidates for inclusion in &RPirically chosen.

hybrid predictor configurations. We considered the 59 dif- . .
ferent configurations listed in Table 1 with sizes rangi The COLT Hyb”d Predictor

from 1KB to 64KB. There are>* possible ways the com-\e found that the Weighted Majority Branch Predictor
ponents can be chosen. The search space is even Ig§@gliBp) achieves better prediction rates than a selection-
when the parameters of the meta-predictor are factogggaq Multi-Hybrid with the same components. Un-
in as well. To optimize our hybrid predictprs over Sucfbrtunately, the WMBP is complex and slow, especially
a huge search space, we used a genetic algorithm jape myst be serialized after the individual component
proach [11]. lookups. Computing a weighted majority requires looking
The encoding of our search problem as a genetic alggy the weights, multiplication (albeit only by 0 or 1), and
rithm is straightforward. Each hybrid predictor configuadding all of the weights together. The Weighted Major-
ration is encoded as a bit string. The first 59 bits corrgy algorithm learns monotone Boolean functions from the
spond to the potential components, where a 1 denotesdbeponents’ predictions to the final prediction. A mono-
inclusion of the corresponding component. The binary efane Boolean function is still a Boolean function, and so
coded parameters of the meta-predictor are concatenai@duse a lookup table instead. A lookup table is much
after the component inclusion bits. simpler to implement in hardware, and it can also han-
For each execution of the genetic algorithm, we uselke non-monotone mappings if they exist. Our proposed
fixed hardware budget such that any configuration that ésekup table based prediction fusion algorithm is called
ceeds this limit is not considered. The genetic algorithtine Combined Output Lookup Tab{€OLT).
executes as follows. An initial population ofdividuals . -
is generated at random; invalid individuals (e.g. ones th5a‘r1 Predictor Description
exceed the hardware budget) are removed and replaggd COLT consists of the: component predictors,
with another random configuration. Each individual of,  p,, ..., P,, and a collection of mapping tables that
the population is then simulated and we use the averaggps the predictor outputs to a final overall prediction.
branch prediction rate as ttigtness function From this This is illustrated in Figure 3. Each entry of tilector of
information, we select the best configurations to produggapping TablegVMT) is a 2™ entry mapping table. The
the following generation, and then the process is repeatesiries of the mapping tables arit saturating counters.
Our rules for generating a new generation of predictdgmilar to the 2-level tournament and the Quad-Hybrid
is as follows. We select the bektconfigurations as po- meta-predictors, we also include branch history to corre-
tential parents. Out of thedeconfigurations, two parentslate mappings to past branch outcomes.
are selected at random with the constraint that they aré’he COLT fusion predictor has three parameters. The
not the same individual. &rossovermoint is selected at first is ¢, the number of bits per counter for each mapping
random to create a new configuration. The new configble entry. The second parameterzisthe number of
uration consists of all of the bits from one parent up toranch address bits to use when indexing the VMT. The
the crossover point. All remaining bits are inherited frotast parameter i%, the number of branch history bits to
the other parent. In addition to the crossover operatiarse when indexing the VMT. These parameters are all il-
a variety ofmutationsmay also occur at random. Thesgustrated in Figure 3. The total size of the VMT is thus
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Figure 3: The Combined Output Lookup Table hybrid predictor incorporates the outputs of all component
predictors to arrive at an overall final prediction. The Vector of Mapping Tables (VMT) learns mappings from
predictor outputs to the overall branch outcome.
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The lookup phase of the COLT predictor proceeds in
two steps. The first step performs the individual lookups
on each of the component predictors. Simultaneously, the
branch address and branch history select one ofthé
mapping tables from the VMT (shown as a bold, dashed
arrow in Figure 3). The second step uses the individual
predictions to choose one of ti# counters of the se- N anoyeggae?éggggg —
lected mapping table (the bold, solid arrow). The most °® coLT e 7
significant bit of the selected counter determines the final ss
prediction. 54

The update phase is similar to most other branch pre

Rate

s 52 B
dictors. If the actual branch outcome was taken, then we . e \\
increment the selected counter, up to a maximum valugs | o e
of 2¢ — 1. If the actual outcome was not-taken, then we = *¢ B
decrement the counter, down to a minimum value of zero.  4s S

This allows the COLT to learn arbitrary patterns, suchas ,,
a branch that is not-taken only when the exclusive-or of s
P, and P is true. BT % 64 128 256

Size (KB)

5.2 Predictor Accuracy Figure 4: The average SPECint2000 branch mispredic-

. . o tion rates of the Quad-Hybrid, alloyed perceptron, and
Using our genetic search, we optimized the set of COMREoLT predictors for different hardware budgets.
nents and the values of the COLT’s parameters for differ-

ent hardware budgets. Although genetic algorithms tend
to be an efficient means of searching a large design space,
we have no guarantee that the results are the best possi-
ble. The results of the genetic algorithm are listed in Ta-
ble 2. The column labeled “VMT Counters” include the
total number of counters across 2" mapping tables.
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] Quad-Hybrid individual benchmark. Figure 5 shows the branch mis-
g é'c'?LyTed Perceptron - prediction rates for each of the SPEC2000 integer bench-
10} 1 marks simulated for predictors at a 32KB budget. For
some benchmarks, the perceptron predictor performs
e I i hardly better than the Quad-Hybrid predictor. F@ap

. i andmcf, the perceptron actually performs worse than the
| Quad-Hybrid. The COLT predictor consistently outper-

i forms the Quad-Hybrid and perceptron predictors across
all benchmarks, with the exception gap, where the
Quad-Hybrid predictor achieves a marginally lower mis-
prediction rate than the COLT predictor.

Misprediction Rate
(=2
T

5.3 Predictor Implementation

(e

P02 ey e O e T parser o vorex T " The COLT predictor along with the component branch
predictors are too large and slow to access in a single
Figure 5: The misprediction rates fpr the SPECint2000 clock cycle, especially with the aggressive clock speeds
benchmarks for 32KB branch predictors. of current and future processors [10]. &nez and Lin
show how to pipeline and integrate large branch predic-
. . tors into superscalar processors [14]. Even so, the COLT
As the hardware budget increases, we find that the ggagictor should not take too many cycles to perform a
netic algorithm chooses configurations with more compgregiction. As presented in Section 5.1, the individual
nents. The common components among configurationg.ghponent lookups are serialized with the mapping table
all hardware budgets are an alloyed perceptron prediqt&gkup_

and a short history-length global predictor. In Section 6. The additional delay of choosing one counter from the

we categorize which components are useful to the COJfyeyeq mapping table must be considered. Since there
for making predictions and show how this correspondsgl?en components, there ag#¥ possible combinations of
the configurations chosen by the genetic algorithm. e gictions. To select from the€® entries in the map-
We simulated the different COLT predictor configurqging table, we need an addition@in) gate delays. We
tions, and show the results in Figure 4. We also simgan improve this delay by taking advantage of the fact that
lated the Quad-Hybrid predictor, which is the best purefife component predictors from Table 2 are of different
dynamic selection-based hybrid predictor. Furthermokizes and therefore have different lookup latencies. Before
we included the performance of the alloyed perceptrafy of the component predictors have returned their pre-
which, as far as we know, is the best published purelctions, we have@” possible entries in the mapping table
dynamic branch predictor. We did not attempt to furthes consider. Each time a component returns a prediction,
optimize either the Quad-Hybrid or the alloyed perceptréRe number of possible entries is reduced by one half. If
since a significant amount of work has already gone inf@ order the components such that the last input to the
optimizing these predictors in their original studies. Akelection logic comes from the slowest component, then
though this may affect our results a little, we feel that thge additional delay caused by the mapping table lookup
comparison is still fair because we evaluate all of the prig-only a single multiplexer delay.
dictors on a data set that differs from those used in theirrpe impact of the branch prediction lookup latency
respective tuning phases. At 16KB, the COLT predigan be further reduced by using other microarchitectural
tor achieves conditional branch misprediction rates thakhniques, such as Jemez and Lin'overriding predic-
are over 15% lower than the Quad-Hybrid; at 32KB, thgr [14]. Each cycle, the fetch engine of a superscalar pro-
COLT is over 12% better. As the hardware budget is igessor uses the prediction from the small 1-cycle predictor
creased, the prediction accuracies of the Quad-Hybrid 88tthoose the next fetch target. The processor also starts
alloyed perceptron tend to converge, while the COLT prgookup on the slower but more accurate predictor. Sev-
dictor consistently stays ahead of the pack. Another igra| cycles later, the large predictor returns its prediction.
terpretation of the results is that a 32KB COLT predictqf the prediction agrees with the original fast prediction,
performs better than the 188KB Quad-Hybrid and alloygfen no further actions are taken. If the predictions are
perceptron predictors. Based on these results, we clajfierent, then instructions fetched in the mean time are
that our COLT predictors are the most accurate purely dquashed and the fetch is restarted in the direction speci-
namic predictors published to date. fied by the large predictor. If the large predictor is correct,
The COLT predictor also performs very well on eacthis may save the many cycles of a branch misprediction




reCOVery Relative IPC Improvement of Overriding Predictors
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We wanted to know how much the additional latency odpene @
of a large predictor would impact the overall performance .. oy GoLT —a—

of a processor. We assume an aggressive clock speed that
only allows about eight levels of logic (gates) per cycle., **
This limits the small 1-cycle predictor to a table size of 3 |
256 entries. We chose a Smith-style table of saturating
counters since a gshare predictor would require an extrd 1. i 4

gate delay to hash the branch address and the global his- |

tory. Allowing eight levels of logic per cycle, our 32KB '
COLT predictor has a lookup latency of four clock cycles.

We simulated a six-issue superscalar processor loosely bzip2 crafty eon gap gec gzip mof parser wolf vortex vpr  Harm Mean
based on the Pentium 4 processor [10] (same caches
and same instruction latencies), although our simulatorlgls
based on t_he Alpha instruction set alrchltect.ure._ Simil mpared to a baseline processor with a single-cycle
to the Pentium 4, our branch misprediction pipeline has,gg entry bimodal predictor.
minimum latency of 20 cycles.

We simulated four different configurations. The first is
a baseline processor with only the 256-entry bimodal prteade-offs of varying the parameters of the COLT predic-
dictor and no overriding predictors. The second configtor.
ration uses the bimodal predictor with a 30KB overriding
alloyed perceptron predictor. The third configuration usbsl  Explaining the Choice of Components

the bimodal predictor with a 32KB overriding COLT pre-

dictor. Both overriding predictors have a 4-cycle looku rangh pl’ed.ICtIOI’\ fu.3|on allows a hybrid predictor to
latency. The last configuration is an ideal 32KB COL ombine the information from several types of branch pre-

predictor that requires only a single cycle to return its pr%ctors. In this section, we answer the question of whether

diction. This helps to illustrate the impact of the branc e COLT tpredg:.tcir r(?cally m?]kgs USE ofEmor(ir;[hanhotr;]e
predictor lookup latency. component predictor for each branch. Even though the

Figure 6 shows the relative IPC rates for each benc%—OLT predictor can conceptually make use of all of the

mark as well as the harmonic mean over all benchmarl@ormaﬂon’ it could be the case that in practice the map-

All rates are normalized to the bimodal-only process g tables simply learn mappings that ignore all but one
configuration. The overall performance improvemeﬁf the componer\ts. .

of the overriding COLT (OR-COLT) over the overrid- To answer this question, we take a closer look at the
ing alloyed perceptron (OR-alpct) varies by benchmarkaPPINgs stored in the VMT‘ For gach succes sfully pre-
For example, the OR-COLT shows improvements of 4_g!_cted branch, we look at. neighboring entries in the.map-
7.0% over the OR-alpct configuration feon, gzip and PIN9 table. For example, if the four component predictors
parser . On the other hand, there is almost no differ=0> £1, 12 and P of the 32KB COLT. p_red|ct 1,001,
ence forgap andgcc, and even a slight performanc espectively (1 denotes a taken prediction), then the CQLT
drop forvortex . The reason why these results do n 9°kuD uses the counter from entry 1001 of the mapping

perfectly correlate with our earlier misprediction rate ré@ble' We then compare entries 1001 with 0001. If the

sults is that the branch misprediction penalty varies fropff© entries yield different predictions, then it means that

branch to branch. This emphasizes the limitations of reg‘-e prediction fromP, is needed to determine the final

ing too heavily on branch misprediction rates alone. red|ct|on._o_n the other h_and, if the .tWO entrles_ yield the
same prediction, then we interpret this as meaningfhat

6 Performance Analysis does not play a role in this particular mapping. Note that
this approach may incorrectly categorize some branches
In this section, we first present some data about the maghen the counter in a neighboring entry has not completed
pings learned by the mapping tables in the VMT. THeaining.
characteristics of the mappings provide evidence that thé-or each simulated branch, we examinenthesighbor-
COLT predictor does incorporate multiple types of infoling mapping table entries where we invert the outcome of
mation when making some of its predictions. This infoene of then component predictors. For each branch, we
mation also helps to explain the choice of componeriten determine which components played a role in suc-
from our genetic algorithm. We then explore the desigessfully determining the final prediction. Figure 7 shows
space for the COLT predictor, examining the performanbew the correctly predicted branches were determined by

ure 6: The IPC performance for each benchmark



B Mixed all contribute in roughly equal amounts.
1 Multi-Length

1| B Local Our correct prediction classification scheme provides
1 E 5223 a rough ranking of the importance of each component
| E Ez;;ep"on predictor. We would expect this ordering to correspond
to the sets of components chosen by our genetic search.
The smallest configuration in Table 2 already uses three
components, so we re-ran the genetic search algorithm
with a hardware budget of 8KB, which resulted in a two-
component hybrid. The two stand-alone predictors cho-
sen are an alloyed perceptron and a short history length
gshare, which correspond to the two largest classes of
correctly predicted branches in Figure 7. For the 16KB
configuration, the additional component is a long history

o
[

Fraction of Correct Predictions
o o o
w S IS

o
N

o
[

0 " . . . .
PP ety gapzip parser vortex” length global predictor. At first sight, this may seem to
_ o contradict the data in Figure 7 because there are rela-
Figure 7: A breakdown of all correct predictions made tively few branches determined solely by the long history

by the 32KB COLT predictor. length global predictor. However, including the long his-

tory length global predictor also allows the COLT predic-

the different components for the 32KB COLT predictoﬁ)r to correctly predict the branches in the Multi-Length

The figure provides data for each individual benchma ssification. Finally, for the 32KB configuration, the ge-
and the arithmetic mean across all benchmarks netic search includes the local history component which

The 32KB configuration uses four components, Whié‘:P?Ilows the predictor to handle the Local and Mixed branch
gives rise to 16 possible combinations of predictors. Thé&SSes:
majority of correct prediction are classified easypre-  As we increase the hardware budget to 128KB and
dictions. These are cases where all neighboring ent#&$KB, the genetic search includes more components of
in the mapping table provide the correct prediction. TH@rying history lengths. Stark et al showed that differ-
Perceptron Long Shortand Local classifications corre- €nt branches in a program are best predicted with differ-
spond to branches where only the alloyed perceptron, fii#t history lengths, and the results of the genetic search
long history global predictor, the short history global prdrovide further evidence to back this up [30]. Incorporat-
dictor, or the local history predictor, respectively, playd#9 multiple history lengths can also help to distinguish
a role in determining the final prediction. These are tf€tween aliased branches in a pattern history table. For
branches that a good selection mechanism should be &emple, two distinct branches may map to the same en-
to correctly predict. The next group is what we calfy in the short history-length global predictor, but the
Multi-Lengthpredictions, or predictions that use the inp@lloyed perceptron may provide different predictions in
from global history predictors with different global histhese two cases. Between these two sources of informa-
tory |engths' We treat the a”oyed perceptron as a g|ol§i&n, a prEdiCtion fusion mechanism can pOtentia”y learn
predictor in this context because it uses a very long glot@¢ difference between the two. Note that the alloyed per-
history register_ The final group is callétixed which in- ceptron need not even give the correct prEdiCtion. If the
cludes branches that require both global history (possiijoyed perceptron provides consistently wrong, but dif-
of multiple lengths) and local history. ferent, predictions for these two branches, the VMT can
We first make some observations about the averadéstinguish between the two cases and provide the correct
case classification results. The first point is thatEasy final prediction.
branches comprise the majority of all correct predictions.Juan et al observed that the optimal history length
This is due to the strong bias exhibited by many branchesies between benchmarks as well as during the execu-
which has been exploited by other branch prediction stu@bn of a single benchmark [16]. The per-benchmark clas-
ies [18, 21]. The data show that the alloyed percegification data from Figure 7 corroborate the variance in
tron covers the next largest fraction of correctly predictegbtimal history length. For instance, the fraction of cor-
branches. This is expected since the alloyed perceptrently predicted branches on classified in theShort
predictor is the best stand-alone prediction scheme. Tdreup is about the same as the fraction in Beeceptron
short history length global predictor is the next most ingroup, but the fraction of correctly predicted branches that
portant contributor. Shorter history predictors have fasffatl into theShortclass forgcc is much smaller relative to
training times, and play an important role when branche fraction of branches classifiedRerceptron Juan et al
behavior changes quickly. The remaining classificatiopsoposed dynamic history length fitting to address the per-



benchmark variance of the optimal history length. Dy-  s2 r—
namic history length fitting does not address the fact that s [ Catd TET
the optimal history length also varies per branch. Stark | i O:;E{a% % i
et al's variable length path history approach statically as- N o

signs the history length per branch, and therefore does ndt e A

address the fact that the optimal history length changes 42 “u )

with time. Our COLT predictor can handle both of theseé a7 e %

types of variability in branch behavior, although the rel- = % 2

atively small number of component predictors limits the e

number of candidate history lengths. This should not have e e

much affect on overall performance since the data in [16] “** S —
show that there is little performance difference between  «s—- = - - p- 2
using the optimal history length and using a “close-to- Size (KB)

timal” history length. . . - .
optima . storyleng . . ._Figure 8: The COLT misprediction rates as the size of
One disadvantage of prediction fusion is that USINGy&k vMT is varied, while holding the configurations of

selective update policy for the component predictors Mgy ingividual components constant. The solid black
not be effective because the inputs from all predictors &igtles indicate the original configurations listed in

used [23]. In a selection-based approach, components thale 2. In the legend, “Alpha’ through “Eta” indi-
are never selected for a branch need not be updated, whitk that the components and all other parameters are
reduces the amount of interference in that component fadentical to configurations  a-n in Table 2.

other branches. There are some branches that are bet-

ter predicted by selection-based techniques, while others

that require prediction fusion. An extension of this rd2's- , ,
For a fixed hardware budget, there is a trade-off be-

search could involve designing meta-predictors that com- . :
bine the best attributes of prediction selection and pi&:€en how much real estate is dedicated to the component

diction fusion, using each when appropriate. This wouRfedictors, and how much to the VMT. Not enough area

also enable the usage of selective update policies whégdicated to the actual components results in poor individ-
ever prediction-fusion is not used. ual predictions, which in turn presents less useful infor-

mation for the hybrid predictor to work with. If the VMT
6.2 Design Trade-Offs is too small, then interference between different mapping
tables will result in poor overall prediction rates. In Fig-

Besides the choice of components, the COLT predictare 8, we plot the performance of the COLT predictors
has three primary parameters: the width of the mappiag the size of the VMT is varied. The original configura-
table counters, the number of entries in the VMT, and thiens from Table 2 are highlighted with dark circles. Each
number of branch history bits used to index the VMT. Thaata point to the right of one of the original configurations
configurations listed in Table 2 have all been “randomly&presents a doubling of the VMT size. The VMT size is
discovered by our genetic algorithm. In this section, welved for each point to the left of an original configura-
observe how the accuracy of the COLT predictor chang@&sn. The points that represent the best trade-off between
as the configurations depart from those chosen by our g components and the VMT are on the convex hull (from
netic search. below) of the data points. These configurations all happen

Saturating counters are used in several applicatiottspe slightly larger than the cut-offs for the allotted hard-
and the optimal width of the counter also depends @rare budgets, and so they were not selected by the genetic
the usage. Smith found that for tracking the direction earch.
branch outcomes, two bits are sufficient [27]. IncreasingThe amount of branch history used to index the VMT is
the counter size beyond two bits yielded rapidly diministimited by the number of different mapping tables in the
ing returns. Similarly, Evers found that three bits workedMT. For the VMT index, different amounts of branch
the best for the counters in selection-based hybrid predicidress bits and the global history may be combined. Fig-
tors [7]. We simulated the configurations from Table @re 9 plots the misprediction rates of the COLT predictors
and varied the width of the VMT counters from 1 to &s we vary the amount of branch history used to index the
bits. At one or two bits, the counters are still too sensitiéMT. The maximum possible history length varies de-
to transient variations in the mapping table. Beyond fopending on the hardware budget because the size of the
bits, the incremental improvements are negligible. InstedIT also changes. Using more branch history tends to
of dedicating storage to additional counter bits, it is momaprove the overall misprediction rate. The amount of
beneficial to allocate the area to larger component predimprovement gained by using more branch history varies,
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Figure 9: The COLT misprediction rates as the amount
of global branch history used to index the VMT is var-
ied. The solid black circles indicate the original con-
figurations listed in Table 2.

and speculation are used in many areas of computer mi-
croarchitecture, and some of these may benefit from a fu-
sion of prediction techniques. Possible applications are
in branch confidence prediction [12], data value predic-

tion [19], and memory dependence prediction [24, 25].
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