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Abstract. The problem of predicting the outcome of a conditional branch
instruction is a prerequisite for high performance in modern processors.
It has been shown that combining different branch predictors can yield
more accurate prediction schemes, but the existing research only exam-
ines selection-based approaches where one predictor is chosen without
considering the actual predictions of the available predictors. The ma-
chine learning literature contains many papers addressing the problem of
predicting a binary sequence in the presence of an ensemble of predictors
or experts. We show that the Weighted Majority algorithm applied to an
ensemble of branch predictors yields a prediction scheme that results in
a 5-11% reduction in mispredictions. We also demonstrate that a variant
of the Weighted Majority algorithm that is simplified for efficient hard-
ware implementation still achieves misprediction rates that are within
1.2% of the ideal case.

1 Introduction

High accuracy branch prediction algorithms are essential for the continued per-
formance increases in modern superscalar processors. Many algorithms exist for
using the history of branch outcomes to predict future branches. The different
algorithms often make use of different types of information and therefore target
different types of branches.

The problem of branch prediction fits into the framework of the machine
learning problem of sequentially predicting a binary sequence. For each trial of
the learning problem, the branch predictor must make a prediction, and then at
the end of the trial, the actual outcome is presented. The prediction algorithm
then updates its own state in an attempt to improve future predictions. In each
round, the algorithm may be presented with additional information, such as the
address of the branch instruction. All predictions and all outcomes are either 0 or
1 (for branch not-taken or branch taken, respectively). The prediction algorithm
is called an expert.

Algorithms such as the Weighted Majority algorithm and the Winnow algo-
rithm have been proposed for learning problems where there are several experts,
or an ensemble of experts, and it is desired to combine their “advice” to form



one final prediction. Some of these techniques may be applicable to the pre-
diction of conditional branches since many individual algorithms (the experts)
have already been proven to perform reasonably well. This study explores the
application of the Weighted Majority algorithm for the dynamic prediction of
conditional branches.

The Conditional Branch Prediction Problem Conditional branches in
programs are a serious bottleneck to improving the performance of modern pro-
cessors. Superscalar processors attempt to boost performance by exploiting in-
struction level parallelism, which allows the execution of multiple instructions
during the same processor clock cycle. Before a conditional branch has been re-
solved in such a processor, it is unknown which instructions should follow the
branch. To increase the number of instructions that execute in parallel, modern
processors make a branch prediction and speculatively execute the instructions
in the predicted path of program control flow. If later on the branch is discovered
to have been mispredicted, actions are taken to recover the state of the processor
to the point before the mispredicted branch, and execution is resumed along the
correct path.

For each branch, the address of the branch is available to the predictor, and
the predictor itself may maintain state to track the past outcomes of branches.
From this information, a binary prediction is made. This is the lookup phase of
the prediction algorithm. After the actual branch prediction has been computed,
the outcome is presented to the prediction algorithm and the algorithm may
choose to update its internal state to (hopefully) make better predictions in the
future. This is the update phase of the predictor. The overall sequence of events
can be viewed as alternating lookup and update phases.

The Binary Prediction Problem Consider the problem of predicting the
next outcome of a binary sequence based on observations of the past. Borrowing
from the terminology used in [20], the problem proceeds in a sequence of trials.
At the start of the trial, the prediction algorithm is presented with an instance,
and then the algorithm returns a binary prediction. Next, the algorithm receives
a label, which is the correct prediction for the instance, and then the trial ends.

Now consider the situation where there exists multiple prediction algorithms
or experts, and the problem is to design a master algorithm that may consider the
predictions made by the n experts E1, Fs, ..., E,, as well as observations of the
past to compute an overall prediction. Much research has gone into the design
and analysis of such master algorithms. One example is the Weighted Majority
algorithm which tracks the performance of the experts by assigning weights to
each expert that are updated in a multiplicative fashion. The master algorithm
“homes in” on the best expert(s) of the ensemble.

The binary prediction problem fits very well with the conditional branch
prediction problem. The domain of dynamic branch prediction places some ad-
ditional constraints on the prediction algorithms employed. Because these tech-
niques are implemented directly in hardware, the algorithms must be amenable
to efficient implementations in terms of logic gate delays and the storage neces-



sary to maintain the state of the algorithm. In this paper, we present a hard-
ware unintensive variant of the Weighted Majority algorithm, and experimentally
demonstrate the performance of our algorithm.

Paper Outline The rest of this paper is organized as follows. Section 2 dis-
cusses some of the relevant work from machine learning and branch prediction
research. Section 3 briefly explains our methodology for evaluating the prediction
algorithms. Section 4 analyzes some of the existing prediction algorithms, and
provides some motivation for the use of the Weighted Majority algorithm. Sec-
tion 5 describes our hardware implementable approximations to the Weighted
Majority algorithm, and provides experimental results. Section 6 concludes and
describes directions for future research.

2 Related Work

The most relevant work to this paper falls into two categories. Machine learn-
ing algorithms for predicting binary sequences comprise the first category. The
second group consists of past research in combining multiple branch predictors
to build better prediction algorithms. Other areas of artificial intelligence have
been applied to the problem of conditional branch prediction, such as perceptron
and neural networks [5], [15] and genetic algorithms [9].

Machine Learning Algorithms for Predicting Binary Sequences The
problem of predicting the outcomes of a sequence of binary symbols has received
much attention in the machine learning research. Littlestone and Warmuth intro-
duced the Weighted Majority algorithm [20], which was independently proposed
by Vovk [24]. The Weighted Majority algorithm works with an ensemble of ex-
perts, and is able to predict nearly as well as the best expert in the group without
any a priori knowledge about which experts perform well. Theoretical analysis
has shown that these algorithms behave very well even if presented with irrele-
vant attributes, noise, or a target function that changes with time [12], [19], [20].

The Weighted Majority algorithm and other multiplicative update master
algorithms have been successfully applied to several problem domains including
gene structure prediction [7], scheduling problems [3], and text processing [11]
for example.

Techniques for Combining Branch Predictors Research in the computer
architecture community has gone into the design of techniques that combine mul-
tiple branch predictor experts into a hybrid or ensemble predictor. The common
theme among these techniques is that the master algorithm is an expert-selection
algorithm. By expert-selection, we mean that the final prediction is formed by
choosing one of the n experts based solely on the past performance of the ex-
perts. The current predictions made by the experts are not factored into the
decision process.

The earliest published branch predictor that took advantage of multiple ex-
perts is the tournament predictor [21]. The tournament algorithm is only capable



of choosing between two experts, Ey and F;. For each branch, a small counter
(typically only 2 bits wide) keeps track of the past performance of the two ex-
perts. The algorithm always selects the expert that has performed the best in
recent trials. The predictor is shown schematically in Figure 1a.
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Fig. 1. The tournament predictor (a) chooses between only two experts while the
multi-hybrid (b) selects from an arbitrarily sized ensemble.

The multi-hybrid predictor is a generalization of the two-expert tournament
scheme [10]. The multi-hybrid is not limited to two experts, but the selection
process still ignores the predictions of the experts. For each branch, a small (2-
bit) counter is associated with each expert. The experts that are correct more
often have higher counter values. The multi-hybrid simply selects the expert with
the highest counter value. The predictor is shown schematically in Figure 1b.

3 Methodology

We chose several branch predictor configurations using the best algorithms from
the state of the art. From these predictors, we formed different sized ensembles
based on the total required storage. Analyzing branch predictors at different
hardware budgets is a common approach since the storage needed is roughly pro-
portional to the processor chip area consumed. The branch prediction algorithms
used for our experts are the global branch history gskewed [22], Bi-Mode [17],
YAGS [8] and perceptron [14], and per-branch history versions of the gskewed
(called pskewed) and the loop predictor [10]. Out of all of the branch prediction
algorithms currently published in the literature, the perceptron is the best per-
forming algorithm that we examined. For the master algorithms studied in this
paper, the sets of predictors used are listed in Table 1.

We simulated each master algorithm with the ensembles of experts listed in
Table 1. The notation X, denotes the composite algorithm of master algorithm
X applied to ensemble y. For example, multi-hybrid, denotes the multi-hybrid
algorithm applied to ensemble ~.



Ensemble|Hardware|Number of| Actual Experts in
Name | Budget | Experts |Size (KB) the Ensemble
o SKB 3 6.4 |PC(7,30) YG(11,10) LP(3)
3 16KB 5 124 |BM(13,13) PC(7,30) YG(11,10)
PS(10,11,4) LP(8)

5 32KB 6 29.9 |BM(14,14) GS(12,12) PC(7,30)
G(11,10) PS(11,13,8) LP(9)

0 64KB 6 62.4 M(13,13) GS(16,16) PC(7,30)
G(11,10) PS(10,11,4) LP(8)

n 128KB 6 118.9 M(13,13) GS(16,16) PC(7,30)
G(11,10) PS(13,16,10) LP(9)

[Expert Name[Abbreviation|Parameters |

Bi-Mode BM log, (counter table entries), history length

gskewed GS log, (counter table entries), history length

YAGS YG log, (counter table entries), history length

perceptron PC log, (number of perceptrons), history length

pskewed PS log, (pattern table entries), log,(counter table entries),
history length

loop LP counter width

Table 1. The sets of experts used in our experiments for varying hardware budgets as
measured by bytes of storage necessary to implement the branch predictors. Descrip-
tions of the parameters for the listed in the lower table.

The simulation is based on the SimpleScalar 3.0 processor simulation toolset
[1], [4] for the Alpha AXP instruction set architecture. The benchmarks used
are the integer applications from the SPEC2000 benchmark suite [23], using pri-
marily the training input sets. The binaries were compiled on an Alpha 21264
system, using the cc compiler. The first one billion instructions of each bench-
mark were simulated. The conditional branch misprediction rate averaged over
all of the benchmarks is the metric used to compare the performance of the
different master algorithms.

4 Motivation

In this section, we analyze the performance of the multi-hybrid master algorithm
and motivate the use of a “smarter” approach using results from machine learn-
ing research. Selection based master algorithms compute an index idx € [1,n],
and then the master algorithm’s final prediction equals the prediction of Ejq,.
Note that the computation of idx ignores the current predictions of the experts.

We collected statistics about the branches predicted by the multi-hybrid
master algorithm. We classified each predicted branch based on the number of
experts that were correct, and the correctness of the overall prediction of the
multi-hybrid. The percentage of all branches predicted for the gcc benchmark
that fall into each class is tabulated in Table 2. The trends are similar for the
other benchmarks.



The first two classes represent those cases where a selection based master
algorithm has no impact on the final prediction. If all of the experts agree on the
same prediction, it does not matter which expert the master algorithm chooses.
The next class consists of the branches that were predicted correctly by the
multi-hybrid selector when some decision had to be made. The remaining classes
are situations where one or more experts disagreed with the others, and the
master algorithm failed to choose an expert that made a correct prediction.
These are the most interesting cases because they represent opportunities where
we can apply better algorithms to improve the overall prediction rate. A key
observation is that if a master algorithm was to look at the predictions made by
the experts, and simply sided with the majority, then an additional 0.82%-1.52%
of all branches could be predicted correctly, which translates into a 20%-30%
reduction in branch mispredictions. The primary conclusion that we draw from
these statistics is that there is indeed useful information in the actual predictions
of the experts that can and should be used by the master algorithm.

[Ensemble [a [ By 46 ] n]
Experts 3 5 6 6 6
% All Wrong 1.49| 0.78| 0.60| 0.62| 0.53

% Correct (no choice) [45.14(41.64/40.98(41.35[41.83
% Correct (w/ choice)|49.16(53.47|54.58|54.80(54.50
% Overall Wrong When:

1 Expert Correct 2.78| 1.32| 1.01| 0.94| 0.86
2 Experts Correct 1.44] 1.26| 0.94| 0.80| 0.77
3 Experts Correct 1.05| 0.83] 0.68| 0.66
4 Experts Correct 0.47| 0.72| 0.56| 0.58
5 Experts Correct 0.34| 0.26| 0.28

Table 2. Statistics collected for the multi-hybrid algorithm on gcc. Branches are clas-
sified depending on the correctness of the selected expert, and the total number of
correct experts.

5 Weighted Majority Branch Predictors

The statistics presented in Section 4 motivate the exploration of better master
algorithms for branch prediction, particularly algorithms that take into account
the current predictions of the ensemble of experts. The algorithm that we choose
to use in this study is the Weighted Majority algorithm, and in particular the
variant that Littlestone and Warmuth call WML in [20].

The WML algorithm assigns each of the n experts E1, Fo, ..., E, positive real-
valued weights wq, wa, ..., w,, where all weights are initially the same. During the
prediction phase of each trial, the algorithm computes gg, which is the sum of
the weights that correspond to experts that predict 0, and ¢;, which is the sum
of the weights for experts predicting 1. If gy < g1, then the Weighted Majority



algorithm returns a final prediction of 1. That is, the algorithm predicts with
the group that has the larger total weight. During the update phase of the
trial, the weights corresponding to experts that mispredicted are multiplicatively
reduced by a factor of § € (0, 1) unless the weight is already less than «y/n times
the sum of all of the weights at the start of the trial, where v € [0, ). The
multiplication by 3 reduces the relative influence of poorly performing experts
for future predictions. The parameter v acts as an “update threshold” which
prevents an expert’s influence from being reduced too much, so that the expert
may more rapidly regain influence when it starts performing well. This property
is useful in situations where there is a “shifting target” where some subset of
experts perform well for some sequence of predictions, and then another subset of
experts become the best performing of the group. This is particularly applicable
in the branch prediction domain where branch behavior may vary as the program
enters different phases of execution.

To apply the Weighted Majority algorithm to branch prediction, we maintain
a table of weights indexed by the branch address (the instance). The weights
corresponding to the branch in question are used to compute the weighted sums
qo and g1 which determine the final prediction. This allows different instances
to use different sets of weights, since the best subset of experts for one branch
may be different than the best subset for another. Throughout the rest of this
section, the tables used in the simulations have 2048 sets of weights.

We simulated the Weighted Majority algorithm using the same ensembles
used in Section 4 for the multi-hybrid algorithm. Out of the combinations of
0 and v that we simulated, the best values are 8 = 0.85 and v = 0.499. Since
~v = 0.499 is very close to the maximum allowable value of %, we conclude that for
the branch prediction domain the best set of experts shifts relatively frequently.

As presented, the WML algorithm can not be easily and efficiently imple-
mented in hardware. The primary reason is that the weights would require large
floating point formats to represent, and the operations of adding and compar-
ing the weights can not be performed within a single processor clock cycle. As
described, the WML algorithm decreases the weights monotonically, but the per-
formance is the same if the weights are all renormalized after each trial. Renor-
malization prevents underflow in a floating point representation. Furthermore,
the storage needed to keep track of all of the weights is prohibitive. Nevertheless,
the performance of the WML algorithm is interesting as it provides performance
numbers for an ideal case. Figure 2 shows the branch misprediction rates of the
WML algorithm (for 8 = 0.85,7 = 0.499) compared against the multi-hybrid.
The best branch prediction scheme consisting of a single expert (the perceptron
predictor) is also included for comparison. Compared to the single predictor,
WML, makes 10.9% fewer mispredictions, and 5.4% fewer than multi-hybrid,,.
A 5-11% improvement in the misprediction rate is non-trivial in the branch pre-
diction field where the average misprediction rates are already less than 5%.
These results are encouraging and motivate the exploration of hardware unin-
tensive implementations.
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Fig. 2. The WML master algorithm yields lower misprediction rates than the selection
based multi-hybrid master algorithm and the best singleton algorithm.

There are several aspects of the WML algorithm that need to be addressed:
the representation of weights, updating the weights, the v update threshold, and
normalization. In place of floating point weights, k-bit integers can be used in-
stead. Multiplication is a costly operation to perform in hardware. We therefore
replace the multiplication by (§ with additive updates. This changes the theo-
retical mistake bounds of the algorithm. We justify this modification because in
our application domain, the size of the ensemble of experts is relatively small
and so this change in the asymptotic mistake bounds should not greatly affect
prediction accuracy. The limited range of values that can be represented by a
k-bit integer plays a role similar to the update threshold imposed by ~ because
a weight can never be decreased beyond the range of allowable values. Instead
of normalizing weights at the end of each trial, we use update rules that incre-
ment the weights of correct experts when the overall prediction was wrong, and
decrement the weights of mispredicting experts when the overall prediction was
correct. We call this modified version of the Weighted Majority algorithm aWM
(for approximated Weighted Majority).

Figure 3 shows the performance of the aWM algorithm compared to the ideal
case of WML. Because the smaller ensembles have smaller hardware budgets,
the amount of additional resources that may be dedicated to the weights is
limited, and therefore the size of the weights used are smaller. For ensembles
a, 0 and 7, the sizes of the weights are 2, 3 and 4 bits, respectively. Ensembles
¢ and 7 each use 5-bit weights. The most interesting observation is how well



the aWM algorithm performs when compared to the ideal case of WML despite
the numerous simplifications of the algorithm that were necessary to allow an
efficient hardware implementation.
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Fig. 3. Despite several simplifications made to adapt the WML algorithm for efficient
hardware implementation, the modified version aWM still performs very well when
compared to the ideal case of WML.

The Weighted Majority approach to combining the advice from multiple ex-
perts has an advantage over selection based approaches. Consider a situation
where the expert that has been performing the best over the last several tri-
als suddenly makes an incorrect prediction. In a selection based approach, the
master algorithm simply chooses based on the past performance of the experts
and will make a misprediction in this situation. On the other hand, it is possi-
ble that when the best expert mispredicts, there may be enough experts that
predict in the opposite direction such that their collective weight is greater than
the mispredicting experts. For the aWM,, predictor executing the gcc bench-
mark, situations where the weighted majority is correct and the expert with the
greatest weight is incorrect occur over 80% more frequently than cases where the
best expert is correct and the weighted majority is wrong. This confirms of our
earlier hypothesis that the information conveyed by the collection of all of the
experts’ predictions is indeed valuable for the accurate prediction of branches.

The Weighted Majority algorithm can also be useful for the problem of de-
termining branch confidence, which is a measure of how likely a prediction will



be correct [13]. For aWM,, on gcc, when gy and ¢; are within 10% of being
equal, the overall accuracy of the predictor is only 54%. This means that when
we do not have a “strong” majority, the confidence in the prediction should not
be very great.

6 Conclusions and Future Work

The problem of correctly predicting the outcome of conditional branches is a
critical issue for the continued improvement of microprocessor performance. Al-
gorithms from the machine learning community applied to the branch prediction
problem allow computer architects to design and implement more accurate pre-
dictors. Despite the simplification of the Weighted Majority algorithm into a
form that amenable to implementation in a processor, the hardware unintensive
variant achieves misprediction rates within 0.2-1.2% of an idealized version. The
results show the importance of combining the information provided by all of the
experts.

The Weighted Majority algorithm is but one possible approach to combining
the predictions from an ensemble of experts. Future work includes researching
more accurate algorithms and techniques which yield even simpler implemen-
tations. The research described in this paper may be applied to similar areas
in the design of microprocessors. Prediction and speculation are pervasive in
the computer architecture literature, for example memory dependence predic-
tion [6], [16], value prediction [18], and cache miss prediction [2]. Any of these
areas could potentially benefit from applications of more theoretically grounded
machine learning algorithms.
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