Towards a High Performance Neural Branch Predictor, Proceedings of The
International Joint Conference on Neural Networks - IJCNN '99 (CD-ROM, ISBN 0
7803-5532-6), Washington DC, USA, 10-16 July, 1999

Towards a High Performance Neural Branch Predictor

Ludan N. VINTAN
University “ L. Blaga” , Dept. of Comp. Sc.
Sr. E. Cioran, No. 4, Sbiu-2400, ROMANIA
Tel./fax:++40-69-212716

E-mail: |ucian vintan@uibsibiu.ro

Abstract: The main aim of this short paper is to propose a new branch prediction approach called by us
"neural branch prediction”. We developed a first neural predictor model based on a simple neural
learning algorithm, known as Learning Vector Quantization algorithm. Based on a trace driven
simulation method we investigated the influences of the learning step and training processes. Also we
compared the neural predictor with a powerful classical predictor and we establish that they result in
close performances. Therefore, we conclude that in the nearest future it might be necessary to model and
simulate other more powerful neural adaptive predictors, based on more complex neural networks
architectures or even time series concepts, in order to obtain better prediction accuracies compared with
the previousknown schemes.
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1. INTRODUCTION

As the average indruction issue rate and depth of the pipeline in multiple ingruction issue (MII)
processors increase, the necessity of an efficient hardware branch predictor becomes essentid.
Very high prediction accuracies are necessary, because taking into account the M1l processors
characterigtics as pipdine depth or issue rates, even a prediction miss rate of a few percent
involves asubgtantia performance loss.

The main am of thiswork isto propose a new branch prediction approach called neurd branch
prediction. Our work hypothesis will consder branch prediction as a particular problem
belonging to pattern recognition class and therefore, we consider it's desirable to use neurd
networks in order to predict branches. Also, we investigate comparatively, through a trace
driven smulation method, a classica branch prediction scheme proceeded from Professor Yde
Patt's research group [Yeh92, Chad7, Eved6] with some modifications and the proposed
neurd branch predictor, both of them integrated into a M1l environment. We used the traces
obtained based on the eight C Stanford integer benchmarks. These benchmark s were compiled
through the HSA (Hatfield Superscdar Architecture) compiler, developed a the University of
Hertfordshire, UK, by Dr. G.B. Steven's research group. Further, the traces were obtained
using the HSA smulator, developed a the same universty [Ste96]. Based on these tools, we
have developed an origind smulator to investigate some branch prediction schemes.

The firgt efficient gpproach in hardware branch prediction conssts in Branch Target Buffer
(BTB) structures [Per93]. BTB is a small associative memory, integrated on chip, that retains



the addresses of recently executed branches, their targets and optiondly other information (e.g.
target opcode). Due to some intrindgc limitations, BTB's accuracies are limited on some
benchmarks having unpropitious characteristics (e.g. correlated branches).

In order to improve BTB's efficiency, Yeh and Patt (1992) generdised it through a new
gpproach caled Two Level Adaptive Branch Prediction. According to [Yeh92], the Two Leve
Adaptive Branch Prediction uses two distinct levels of branch history information to make
predictions. Thefirgt level condgstsin the History Register (HR), that contains the last k branches
encountered (taker/ not taken) or the last k occurrences of the same branch instruction. The
second level congigts in the branch behaviour of the last | occurrences of the specific pattern of
these branches. It is implemented by a Pattern History Table (PHT), that contains essentidly the
branch prediction automaton (usudly 2 hit saturaing counters).

HR shifts left with a binary position when updated according to the actud branch behaviour
(taken=1/ not taken=0). There is a corresponding entry in the PHT for each of the X HR's
patterns.

The prediction of the branch (P) isafunction (f) of the actua prediction automaton state §.

P=1(S) (1)

After the branch is resolved, HR is shifted left and the prediction automaton state becomes
St+1.-

S$+1=9(% By (@

where g represents the automaton's transition function and B represents the behaviour of the
last branch encountered (taken/ not taken).

These Two Level Adaptive Branch Prediction schemes are very effective in predicting
correlated branches with high accuracy. It's well known that the average prediction reate for
these schemes, measured on nine of the ten SPEC benchmarks, is about 97%, while BTB
schemes achieved a most 94% on the same benchmarks [Yeh92]. An excdlent generdisation
of these Two Leved Adeptive Branch Prediction schemes, based on the universa
compress on/prediction agorithm caled "prediction by partia matching”, is given in [Mud96].

Further, well try to propose a new distinct branch prediction approach, based on some pattern
recognition concepts like neurd networks, taking into account their red adaptive behaviour in
other smilar problems. Thus, well ook at branch prediction as a pattern recognition problem.

2. A MODIFIED PAp PREDICTOR (MPAp)
In order to offer a classical equivaence for the proposed neural predictor, we propose a Two

Level Adaptive Branch Predictor derived - with some modifications - from a PAp (Per Address
Branch History Table and Per Address Pattern History Tables) scheme, first presented in



[Yeh92]. The prediction process through a MPAp scheme is based on three orthogond
information: branch's PC least significant bits (noted with PCI, on i bits), a globa history register
(noted with HRg) containing the last k branches encountered and a set of history registers per
each branch (HRI) containing the last | occurrences (taken/not taken) of the same branch
ingruction (branch higtory). The origind PAp scheme uses for the prediction process only PC
low and HRI information, therefore it neglects the possible correlation with other branches (HRg
information). Also, in the origina PAp scheme, the PBHT (Per Address Branch History Table)
table contains no tags. As it can be noticed in figure 1, the MPAp scheme contains two tables.
PBHT and PPHT (Per Address Pattern History Tables).

Therefore, in the MPAp scheme | use both a globad HR and a per branch HR to make
predictions. Also, MPAp provide a per branch history register for every vaue of the globa
history regiger (HRg). Neglecting HRg (HRg on O hits) a classcd PAp scheme (with an
additiona Tag stored in PBHT) it's obtained, while neglecting HRI fidds acdlasscd GAp scheme
it'sobtained - firgt presented in [Pan92] - having an additiond Tag too. Unfortunatdly, as it will
be shown further in paragraph 4.2, using both HRg and HRI seems not to be an advantage over
HRI aone (PAp scheme).

Our PBHT contains 2+K sets, and each set contains 2 associative entries with a LRU (Least
Recently Used) evacuation algorithm. Our PPHT contains 21K+ entries, each entry containing
a prediction automaton (2 bits saturating counter) and the branch's target address. In our
opinion MPAp could be a complex powerful prediction scheme, that will be compared further
to the new neurd proposed predictor described in the next paragraph.

3. THE LVQ NEURAL BRANCH PREDICTOR

We propose a new branch prediction method, based on an red adgptive agorithm named
Learning Vector Quantization [Koh95], belonging to neura network (NN) agorithms.
Therefore, well adapt the Learning Vector Quantization (LVQ) agorithm to the branch
prediction problem. From the large class of NN dgorithms [Ga93] we chose LVQ dgorithm
because it is one of the smplest NN agorithms and suited to the branch prediction problem asiit
can be proved further.

Asin the Two Leve Adaptive Branch Prediction, in this case the run-time prediction processis
based on the same three orthogona information: the branch's PC low (PCl, on i bits), the history
of the k previous branches named HRg (Globa History Register on k bits) and the branch's
own history (taken/not taken) named HRI (Locd History Regigter, on | hits). Also, smilarly to
the Two Leve Adaptive Branch Prediction, the LVQ predictor will use dl these information

together with the branch's target address from tables like those presented in our modified PAp
scheme (Figure 1). In contrast, this time it's not necessary to implement the dlassical 2kl
prediction automata stored in PPHT table. These automata will be replaced with a single global

LVQ (neurd) prediction structure, asit will be described further.

The LVQ prediction structure contains two binary vectors ("codebook vectors') named Vnt
and Vt, each of them on (i+k+l) bits, associated with the "not taken™ event, respectively with the



"teken”" event. Initidly, Vnt will be "dl zera® and Vt will be "dl one'. During the prediction
process the vector X is defined, associated with the current branch to be predicted. It contains
the branch's PCl concatenated with the branch's HRg and HRI fidds. If we note S={Vnt, Vt}
then we can define the "winner vector" (Vw) as that vedor belonging to S, that has a minimum

i+k+l
Hamming distance (HD) to vector X (HD= é (X, - pr)z). If Vw = Vnt the prediction will
p=1
be "not taken" and if Vw = V't then the prediction will be "taken". The other vector belonging to
S will be named the "losa vector” (VI).

After the branch's output is known, the two vectors belonging to S, will be modified according
to the following rlations:

Vw(t+1) = Vw(t) £ a(t)[X(t) - Vw(t)] (3)
("+" for acorrect prediction and "-" for an incorrect prediction) and:
VI(t+1) = VI(t)(4)

where &(t) represents the "learning step”'; it may be congtant as in the cdlasscd LVQ dgorithm
(recommended to be smaler then 0.1) or decrease monotonicdly with time like in the
"optimized LVQ dgorithm". In the latter case, &) is given by the following recurrent equation
[Koh95]:

a(t+1) = a(t) / (1 £a(t)) (5)

(Also, "+" for a correct prediction and "-" for an incorrect prediction). In this caseit's necessary
that af) be smdler than the initid step. Theoreticdly it can be possible, but smulations show
that is not efficient, that the loser vector to be also modified (“discouraged”) in equation (4).

Based on the adaptive heurigtic nature of the LV Q prediction agorithm, the Vnt vector will tend
dynamicdly to a"not taken" pattern (class), while V't vector will tend to a"taken" pattern (class).
The predictor will learn continuoudy, therefore the adequate class - more dike with the
incoming X(t) binary pattern - will "attract” with more and more accuracy the newly incomeX(t)
vector, involving thus better predictions. Each clasic branch prediction scheme has a
corresponding LV Q branch prediction scheme that uses smilar tables for storing HRg, HRI and
target addresses (PBHT and PPHT in this case). Through this method, we approach the branch
prediction problem as a pattern recognition problem, where the pattern X must be recognised
belonging exclusvely to one of two possible dasses (Vt-Taken /Vnt- Not taken). Of course,
some adequate training algorithms are further necessary, in order to obtain better accuracies.

Therefore, through this approach we establish a possble link between branch prediction
problems and respectively pattern recognition problems solved with NN. Of coursg, it's
possible to extend these ideas to other neura branch predictors dso having X(t) vector as an
unique input and as output the prediction itself (one bit). For example, a multilayer perceptron



with a backpropagation learning agorithm [Ga93] could be a powerful and feasible branch
predictor, aso adaptive.

Ancther interesting neurd predictor feature could be related to the target prediction for indirect
jumps. Taking into account that the target of an indirect branch can change with every dynamic
ingance of that branch, predicting its target is redly difficult. There are few solutions to this
problem and dl of them involve a greet dedl of further work. One of the most recent vauable
gpproaches in this sense, improves the indirect jumps prediction accuracy by choosing its target
from the most recent targets of the indirect jump that have aready been encountered [Cha97],
based on a smply heurigtic. In contrast, our new gpproach proposes that the NN that predicts
the branch direction also predict the target effective address, for indirect jumps only, based on
the same information: PC, HRg and HRI (Figure 2). Therefore, this approach is based on a
supposed correspondence between the indirect jump's dynamic patterns (PC, HRg, HRI) and
its dynamic target addresses. In the nearest future, based on a trace driven smulation method,
well quantitetively investigate this approach related to target prediction for indirect jumps.

The difficult problem related to these neura predictors is to establish whether they can be
implemented on a chip, taking into account the run-time prediction request. More precisdly, that
means the prediction must be done during the ingruction fetch phase for an efficient approach.
Based on the present technologica progresses, that alow performant NN hardware
implementations, in our opinion the neura predictor idea could be feasible and, therefore, new
investigations in this research area are warranted. At this time, our intuition is that a Smplified
NN predictor could be designed within the timing restraints of a superscalar. We also suspect
that the cost would be far less than one of Two Level Adaptive predictors and it may even be
possble to implement multiple cut-down NN predictors, associated which each branch.
Anyway, NN predictors could be a useful approach in edablishing, esimaing and
understanding better, the processes of branch predictability. In fact, the neural predictor
replaces the 217K* prediction automata with one global neural prediction structure as we
described above.

4. SSMULATION WORK

4.1. BENCHMARKS PROGRAMS

The smulation work has been centred on the Stanford integer benchmark suite, a collection of
eight C programs designed by Professor John Hennessy, to be representative of non - numeric
code while at the same time being compact. The benchmarks are computationdly intensive with
higher dynamic ingtruction counts. All these benchmarks were compiled by the HSA gnu C
compiler which targets the HSA ingtruction set. The resulted HSA object code was smulated
by a dedicated HSA smulator [Ste96], that generates the corresponding traces. Some
characterigtics of the used traces are given in Table 1.

The average ingructions number is about 273.000 and the average percentage of totd
ingructions that are branches is about 18%, with about 76% of them being taken. Derived from
HSA traces, specid traces were obtained, containing exclusively al the processed branches.



Each branch belonging to these modified HSA traces is stored in the following format: branch's
type, the PC of the branch and it's target address.

Following our aims, we developed a dedicated trace driven smulator that uses the above
mentioned traces. The most important input parameters for this simulator are:

- the number of PCI bits (i), HRg bits (k) and HRI hits (I)
- number of associative entries belonging to aPBHT set ( 2 associative entries per sst)
- the learning step vaue ( for the LVQ neurd predictor only)

Taking into account Stanford benchmark's characterigtics together with the present technologica
on-chip integration leve, during the smulation PBHT and PPHT tables up to 512 entries were
considered.

4.2. SOME RESULTS

Table 2 presents in a comparative manner, some results for a MPAp scheme having =2, j=3,
k=6, |=0 (therefore a GAp scheme) respectively a MPAp scheme with i=2, j=3, k=0, I=6 (a
classcd PAp schemewith Tag in PBHT). Asit can be noticed, PAp scheme outperforms GAp
with an average prediction accuracy of 90.08% compared to 89.59% for GAp. Also,
surprisingly, as it can be seen comparing Table 2 with Table 5, this PAp scheme outperforms
with 0.32% an equivdent MPAp scheme (i=2, j=3, k=3, =3, having thus the same PBHT &
PPHT capacities as the PAp scheme), characterised by an average prediction accuracy of
89.76%. As another surprisng example, a PAp with i=2, j=3, I=5 and k=0 obtains an average
accuracy of 89.87%, greater than 88.6%, the average accuracy for an equivaent MPAp with
i=2, ]=3, =3 and k=2 (see Table 4). Because of the additional warm up time the MPAp mode
is likdy to perform less successfully with short benchmarks like the Stanford benchmarks.
However, we would expect our new MPAp configuration to show some improvements with
Spec benchmarks which are larger.

Table 3 shows the prediction accuracies for different learning step values (@), for aneurad LVQ
predictor having the parameters. i=2, j=3, k=3 and |=3. According to other smilar Smulations,
the optimal step seems to be a=0.01, that involves an average arithmetic accuracy of 88.37%in
this case. Therefore, in dl the further analysis presented here well consider the learning step
a=0.01.

For a variable learning step corresponding to an “optimized LVQ", according to equation (5),
gmulaions point out surpriSngly, average prediction accuracies lower with about 1.5%,
compared to previous constant learning steps. Also - based on alarge set of smulations - the
LVQ's predictor dynamicadly training process, involves an average accuracy growth of only
about 0.5%. That means the average accuracy is with about 0.5% greeter after processng the
same benchmark again, of course without LVQ sructures initiaisations.

Tables 4 to 11 present some comparisons between a classc MPAp predictor and the
corresponding LVQ neurd predictor, for different redigtic i, j, k and | parameters. Asit can be



seen, the classicd predictor involves average accuracies better with 0.19% to 1.4% in dl these
cases. Tables 4 to 7 show that varying the prediction tables capacities in reasonable limits
according to Stanford benchmarks characteristics, for both MPAp and LVQ schemes, the
optimal parameters seems to be i=j=k=3 and |1=4 (see table 7). Growing i from 3 to 5, didn't
improve performances (see table 8). Tables 9 and 10 shows clearly that k gowth involves
better accuracies for the LVQ predictor, practicaly at the same level with the MPAp predictor
now. Unfortunately, in both these cases the prediction tables are too huge. Findly, table 11
shows tha growing the branch's "locd history”, the MPAp's accuracy grows too. However
surprising, on "matrix" and "sort" (a benchmark wel known as very difficult predictable)
benchmarks, the LVQ predictor obtains dightly better prediction accuracies. We could
gppreciae these firg results as optimigtic, taking into account that the LVQ structure and its
prediction agorithm are quite smple and therefore not very performant. Even o, it involves
accuracies comparable to the MPAp predictor. We bdieve that more powerful NN
architectures dso together with more powerful learning agorithms could produce significantly
better prediction accuracies.

5. CONCLUSIONS AND FURTHER WORK

We proposed a new branch prediction approach based on NN concepts, caled by us neura

branch prediction. More precisely, we modelled here aneural predictor characterised by avery
smple adaptive learning algorithm named LV Q. Based on a trace driven smulation method we
investigated the influences of the learning step vaues and training processes. Also we compared
the neurd LVQ predictor with a powerful classca predictor and we establish that they involve
quite close performances, which is encouraging from our point of view.

All contemporary branch prediction techniques are based essentialy on FSM (Finite State
Machine) prediction automata. As an dternative, our approach replaces dl the FSM prediction
automata involved with asimple NN.

Therefore, we conclude that in the nearest future it is interesting to model and smulate other
mor e power ful neural predictors, based on more complex NN or even time series concepts
(perhaps another interesting challenge!), in order to obtain better prediction accuracies
compared to the previous known schemes. Also, well use NN in order to deal with predicting
targets for indirect jumps, an open problem at this moment.

In this sense, as a firg further investigation, we believe that a more powerful neurd branch
predictor could consist of a multilayer perceptron (MLP) or even a recurent NN, with a
backpropagation learning algorithm [Ga93]. As a first step a MLP with one hidden
(intermediate) layer is proposed. The input layer will contain (i+k+l) cdls, corresponding to the
three prediction informaion (PCl, HRg, HRI). The intermediate layer will contan a
parameterised number of cells, usudly greater than the input layer. We suppose that this MLP
gpproach could be useful even as a metric of the inherent limit of predictability of applications
themsdlves.



A common criticism for dl the present Two Level Adaptive Branch Prediction schemes consists
in the fact that they used an insufficient global corrdation information (HRQ). If each bit
belonging to HRg will be associated with its cor responding PC during the prediction process,
the corrdation information will be more complete (even compressad through hashing!) and
therefore the prediction accuracy would be better. In this way it will be not only known if the
previous k encountered branches were taken or not (through HRg content), but it will be exactly
known which branches they were (B1 B> ... Bk ). Another set of open problems could be
represented by the following question: how could be correctly predicted a branch that leave a
loop (thus non teken), of course, the number of loop's iterations is consdered unknown
(erbitrarily). These problems are very important, and well try to solve them with afurther paper.
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Figure 1. A modified PAp branch predictor scheme
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Figure 2. Block diagram of the neural predictor
Benchmark Total ingr. % Branches Description
(% Taken)
puzze 804.620 25(91) Solves a cube packing problem
bubble 206.035 20(75) Bubble sorts an array
metrix 231.814 9(97) Matrix multiplication
permute 355.643 15(80) Recursive computation of permutations
queens 206.420 19(50) Solves the eight queens problem
sort 72.101 17(65) Quick sortsarandomised array
towers 251.149 15(76) Solves Towers of Hanoi problem (recursive)
tree 136.040 24(73) Performs abinary tree sort
Table 1. Characteristics of the HSA traces
puzz bub matr pem | queens | sort tow tree | AM
GAg | 9590 | 84.80 | 96.70 | 9530 | 8110 | 77.76 | 9537 | 89.80 | 89.59
PAp 95.00 | 88.60 | 96.34 | 9495 | 8320 | 7400 | 9864 | 89.91 | 90.08

Table 2. Prediction accuraciesfor a GAg respectively a PAp scheme (i=2, j=3 and

history registerson 6 bits)
a puzz bub matr | perm | queen | sort tow tree AM

0.1 94.96 | 85.75 96.7 | 8814 | 7853 | 77.42 | 95.8 89.21 | 88.31
0.01 | 9495 | 8507 | 96.68 | 8835 | 79.49 | 76.65 | 96.3 89.3 | 88.37
0.001 | 9496 | 83.77 | 9663 | 87.63 | 79.14 | 75.22 | 9588 8897 | 87.77

Table 3. Prediction accuraciesfor different learning step values (i=2, j=3, k=3, 1=3)
puzz bub matr pem | queens | sort tow tree | AM
Neuro | 95.1 | 85.14 | 96.67 | 8845 | 77.82 774 96.3 89.2 | 87.3
MPAp | 956 | 8497 | 965 | 87.88 | 81.96 75 97.1 89.7 | 88.6

Table 4. Prediction accuracies for

aneural branch predictor and a MPAp predictor
(i=2,j=3, k=2, 1=3)

puzz bub matr peam | queens | sort tow tree | AM
Neuro 95 85.17 | 96.68 | 88.35 795 76.65 96.3 89.3 | 88.36
MPAp | 956 | 8498 | 9648 | 97.76 | 8153 | 74.93 97.1 89.7 | 89.76

Table 5. Prediction accuracies for aneural branch predictor and a MPAp predictor
(i=2,j=3,k=3,1=3)




puzz bub matr Peem | queens | sort tow tree | AM

Neuro | 95.19 85.3 | 96.68 | 89.66 80 76.68 97 89.60 | 88.76

MPAp | 95.7 86.5 | 96.4 | 9815 824 74 97.6 | 89.60 | 90.03

Table 6. Prediction accuraciesfor aneural branch predictor and a MPAp predictor
(i=2,j=8, k=3, 1=4)

puzz bub matr pem | queens | sort tow tree | AM
Neuro | 95.21 85.3 | 96.68 | 89.66 80 76.70 97 89.6 | 88.77

MPAp | 95.68 86.5 | 96.40 | 98.20 | 82.38 74.1 976 | 89.66 | 90.06

Table 7. Prediction accuraciesfor aneural branch predictor and a MPAp predictor
(=3, =3, k=3, [=4)

puzz bub matr peam | queens | sort tow tree | AM

Neuro | 9524 | 8520 | 96.54 | 89.60 | 8106 | 76.15 | 96.85 | 89.43 | 88.76

MPAp | 9564 | 86.41 | 96.26 | 98.10 | 8227 | 7357 | 97.48 | 89.46 | 89.89

Table 8. Prediction accuraciesfor a neural branch predictor and a M PAp predictor
(i=5, =3, k=3, 1=4)

puzz bub matr pam | queens | Sort tow tree | AM

Neuro | 9547 | 84.85 | 9650 | 94.10 | 8100 | 76.16 | 96.84 | 89.42 | 89.29

MPAp | 95.83 | 89.38 | 96.06 | 9793 | 8199 | 7117 | 9832 | 89.00 | 89.95

Table 9. Prediction accuracies for a neural branch predictor and a MPAp predictor
(i=3,j=3, k=6, |=4)

puzz bub matr pem | queens | Sort tow tree | AM

Neuro | 9544 | 85.11 | 9643 | 95.07 | 8281 | 7518 | 96.75 | 89.32 | 89.51

MPAp | 96.08 | 89.88 | 95.81 | 9845 | 8391 | 66.77 | 9848 | 88.24 | 89.70

Table 10. Prediction accuraciesfor a neural branch predictor and a MPAp predictor
(i=3,j=3, k=9, |=4)

puzz bub matr pam | queens | sort tow tree | AM

Neuro | 9463 | 8528 | 9648 | 93.04 | 8116 | 7647 | 96.83 | 89.62 | 89.19

MPAp | 96.06 | 92.27 | 95.86 | 98.09 | 86.11 68.62 | 98.37 | 89.18 | 90.57

Table 11. Prediction accuraciesfor a neural branch predictor and a MPAp predictor
(i=3,j=3,k=3,1=9)
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