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Abstract—In this paper, we propose linear branch entropy, a new metric for characterizing branch behavior. Linear branch entropy is

independent of the configuration of a specific branch predictor, but is highly correlated with the branch misprediction rate of any

predictor. In particular, we empirically derive a linear relationship between linear branch entropy and branch misprediction rate, which

enables predicting miss rates for a range of branch predictors using a single branch entropy profile. Linear branch entropy is more

accurate than previously proposed branch classification models, such as taken rate and transition rate. In addition, linear branch

entropy provides insight for both analyzing an application’s inherent branch behavior as well as for understanding a branch predictor’s

performance for easy-to-predict versus hard-to-predict branches. We present several case studies, ranging from comparing state-of-

the-art branch predictors to compiler optimizations. More in particular, we find that the winner of the latest branch predictor competition

outperforms the runners-up on easy-to-predict branches, but performs worse on hard-to-predict branches. We also show that using

linear branch entropy to guide if-conversion in compilers leads to better performance compared to standard if-conversion heuristics.

Index Terms—Experimentation, measurement, performance

Ç

1 INTRODUCTION

BRANCH prediction is and will remain an important per-
formance contributor. Branch mispredictions disrupt the

continuous flow of instructions in a processor pipeline, and
although advanced branch predictors succeed in correctly
predicting the vast majority of the branches, the impact of
branchmispredictions on overall performance is non-negligi-
ble for many applications. Therefore, performance analysis
and modeling techniques should accurately capture branch
prediction effects. More in particular, our goal is to build a
performance model that takes as input micro-architecture
independent workload metrics only, along with micro-archi-
tecture processor parameters, to predict performance for a
wide range of micro-architectures [1]. This enables speeding
up design space exploration dramatically by requiring a sin-
gle workload profile only. A critical component of this model
is how tomodel the effect of branchmispredictions on overall
performance in amicro-architecture independentway,which
is the topic of this paper.

The impact branch mispredictions have on overall perfor-
mance depends on the number ofmispredictions and the pen-
alty per misprediction [2]. Previous work has accurately

quantified the penalty of a branch misprediction [3]. How-
ever, to the best of our knowledge, there currently exists no
accurate approach to predict the number of mispredictions in
a micro-architecture (branch predictor) independent way. A
predictor-independent branch profile should yield good cor-
relation with the branch misprediction rate of specific branch
predictors. This is not straightforward, because branchpredic-
tion accuracy depends both on particular branch patterns in
the application and on the specific structure of the predictor.
Given the multitude of existing branch predictors, each hav-
ing different branch execution patterns that they can or cannot
detect, finding a single profile that correlates well with miss
rate for a wide range of branch predictors is not straightfor-
ward. Prior work proposed taken rate [4], transition rate [5]
and binary entropy [6] as predictor-independent branch met-
rics, whichwe find to be inaccurate.

In this paper, we propose linear branch entropy, amicroarch-
itecture-independent metric that measures how regular the
inherent branch behavior of an application is. An entropy
close to 0 suggests that branches are highly predictable, result-
ing in (very) few branch mispredictions; in contrast, an appli-
cation with an entropy close to 1 is suggested to have a large
number of branch mispredictions. We define global entropy as
the entropy based on global branch history, and local entropy
as the entropy based on local branch history. We compute
entropy per history length through a single profiling run.

Linear branch entropy is a powerful tool to characterize,
model and classify applications based on their branch
behavior. Leveraging the strong correlation between
entropy and miss rate, we construct an empirical model for
a specific branch predictor that predicts miss rate from
entropy. We empirically derive that a linear relationship
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between entropy and miss rate fits best and is intuitive to
understand. We use a training set of benchmarks, for which
we know both entropy and miss rate for a specific branch
predictor, to fit a line and use that model to estimate the
miss rates for other applications. In other words, we have
one entropy profile per application, and one miss rate ver-
sus entropy model per branch predictor, which enables us
to predict the miss rate for all applications and branch pre-
dictors of interest. The linear models by themselves can also
be used to analyze and compare branch predictors: the two
parameters of the linear model (constant factor and slope)
indicate how well a specific branch predictor predicts regu-
lar (easy-to-predict, low-entropy) and irregular (hard-to-
predict, high-entropy) branches.

More specifically, we make the following contributions
in this paper:

� We propose linear branch entropy, which correlates
better with branch miss rate than the classic defini-
tion of binary entropy, because it more closely
resembles the organization of a branch predictor.

� We empirically derive a linear relationship between
linear branch entropy and miss rate, and we show
that this relationship results in more accurate branch
miss rate estimations than prior work (38 percent
lower error on average compared to the best prior
work, i.e., a combination of taken and transition rate).

� We compare the top-four branch predictors of the
latest branch competition (CBP-4) using the new
branch predictor model, and we show that, although
the winner outperforms the runners-up for easy-to-
predict branches, the winner performs worse for
high-entropy (hard-to-predict) branches.

� We show that linear branch entropy can be used to
guide if-conversion in compilers. By only if-convert-
ing high-entropy branches, we can reach up to 2 per-
cent higher performance compared to standard if-
conversion heuristics.

We begin by discussing prior work in branch classifica-
tion and predictor analysis in Section 2. We then introduce
our entropy metric in Section 3, and we discuss our profiler
and the branch predictor model in Section 4. In Section 5,
we evaluate the correlation of linear branch entropy with
branch miss rate for different predictors, and we compare
against prior work. We show how the branch predictor
model can be used for analyzing and comparing even state-
of-the-art branch predictors in Section 6, and we discuss the
use of branch entropy for guiding if-conversion in Section 7.
Finally, we conclude in Section 8.

2 PRIOR WORK

Branch Prediction. Branch predictors predict the outcome of
a conditional branch (and also the branch target address,
which is not in the scope of this paper). They do so by using
information from the past, e.g., whether the branch has been
previously taken or not. Because there can be correlations
between the outcome of the current branch and the outcomes
of previous branches, branch predictors often keep track of
history information. These predictors are called two-level
predictors [7], because they use history (first level) to index a
pattern history table (PHT, second level). The first level can

be global, containing the outcomes of all past branches, or
local, recording the previous outcomes of each static branch
instruction separately (per-address history). Indexing the
second level can be done using history only (called global
indexing) or combined with branch address bits (called per-
address indexing). This leads to various combinations: GAg
(global history, global indexing), GAp (global history, per-
address indexing), PAg (local history, global indexing) and
PAp (local history, per-address indexing). A gshare predic-
tor is a variant of a GAp predictor, which XORs the global
history with a number of branch address bits, instead of
concatenating them. A tournament or hybrid predictor com-
bines multiple predictors, and uses a metapredictor to
choosewhich predictor to use for which branch [8].

Taken Rate. Taken rate is defined as the number of times
a given branch is taken divided by the total number of times
the branch is executed [4]. Branches with a high (close to 1)
or low (close to 0) taken rate are easy to predict, because
they are highly biased towards a particular direction (taken
or not taken). A taken rate around 0.5 typically indicates
that the branch is difficult to predict, because its outcome
varies between taken and not taken. Taken rate can detect
branches that are easy to predict, but classifies some
branches that are easy to predict with some history informa-
tion (e.g., a periodic switch between taken and not taken) as
difficult to predict (because its taken rate is close to 0.5).

Transition Rate. To solve this problem, Haungs et al. [5]
propose to measure transition rate to classify branches.
Transition rate is defined as the number of times a given
branch switches between taken and not-taken over the total
number of times the branch is executed. A low or high tran-
sition rate indicates a highly predictable branch: a low tran-
sition rate means that the branch has a bias towards a
certain direction, and therefore comprises both high and
low taken rate branches. A high transition rate indicates a
branch that switches frequently, and might therefore have a
regular pattern that can be recognized by a predictor that
keeps track of branch history.

The authors also show that a combination of taken and
transition rate has a slightly better correlation with miss
rate than each of the metrics individually. An important
advantage of taken and transition rate is that they are very
easy to measure. However, they cannot detect branches that
have a regular but slightly more complex pattern, e.g., a
repeating pattern of two times taken and one time not taken
has a taken and transition rate of 67 percent only, but can be
accurately predicted with two bits of history.

Branch Entropy. Yokota et al. [6] measure the entropy of
branch outcomes using the standard entropy formula from
information theory: E ¼ �P

i pðSiÞlog 2pðSiÞ, in which Si

denotes all possible branch outcome patterns and pðSiÞ the
probability for pattern Si. They show that entropy correlates
well with miss rate and that inverting the entropy function
to a binary probability, i.e., solving E ¼ �p log2p� ð1� pÞ
log2ð1� pÞ to p, yields an upper bound for the hit rate of a
predictor. We find that a linearized version of entropy leads
to a simpler model to estimate branch miss rates, and we
are able to estimate the actual miss rate of a specific predic-
tor, instead of a lower bound.

They define four different entropy values: branch
instructions entropy (BIe), branch history entropy (BHe),
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table entry entropy (TEe) and table reference entropy (TRe).
When comparing against Yokota et al. in the evaluation sec-
tion, we consider BIe for local entropy and BHe for global
entropy. We do not compare against TEe and TRe as they
are microarchitectural-dependent.

Branch Predictor as a Markov Predictor. Chen et al. [9]
show that a branch predictor implements a simplified
prediction-by-partial-matching algorithm, which is a set of
Markov predictors of different orders. A Markov predictor of
order m predicts the outcome of the next branch as the most
frequent outcome seen in the past after the same outcome his-
tory of the last m branches. Our way of profiling is similar to
building aMarkov predictor: our profiler collects the distribu-
tion of the outcomes of a branch per history of m previous
branches. This distribution is the input to our entropy metric.
We then reduce the history by one bit to calculate the entropy
form� 1 history bits, similar to a partial matcher, which also
reduces the order to find new patterns. We use this informa-
tion to characterize branches, whereas Chen et al. use this
insight to propose better branch predictors.

Micro-Architecture Independent Characterization. Sev-
eral researchers usemicro-architecture independentmetrics to
characterize and analyze programs. Joshi et al. [10] use taken
rate and forward branch taken rate to characterize branch
behavior, whereas Hoste et al. [11] use the miss rate of a theo-
retic prediction-by-partial-matching algorithm. Shao et al. [12]
show that application profiling depends on the ISA, and
present an ISA-independent profiler. They use the entropy
model of Yokota et al. [6] to characterize branch behavior.

3 LINEAR BRANCH ENTROPY

The general idea behind branch prediction is that there
exists correlation between branch outcomes. Depending on
the outcome of previous branches or previous outcomes of
the same branch, a particular branch can have a higher
probability to be taken or not.1 The better the correlation is
between the outcome of the current branch and the history
of previous outcomes, the better the branch can be pre-
dicted. The accuracy of a branch predictor thus depends on
how stable the outcome is for each history pattern. We use
this insight to quantify the predictability of a branch: for
each static branch i and history pattern H (which could be
local or global history), we record the number of taken and
not-taken outcomes, denoted as n1ði;HÞ and n0ði;HÞ,
respectively. We then define the probability for a taken
branch, given a specific history pattern, as

pði;HÞ ¼ n1ði;HÞ
n0ði;HÞ þ n1ði;HÞ : (1)

This is similar to the definition of taken rate [4]. The main
difference is that we do not calculate a single taken rate per
static branch instruction, but a taken probability for each
possible history pattern per static branch.

We now transform these taken probabilities into a branch
predictability metric. As discussed before, taken probabilities

of 0 (never taken) and 1 (always taken) denote highly predict-
able branches. An often used metric in physics and informa-
tion theory to denote the amount of disorder or the amount of
information in a system is entropy. The classic definition of
binary entropy (also denoted Shannon entropy) is defined as
follow:

EðpÞ ¼ �p � log 2ðpÞ � ð1� pÞ � log 2ð1� pÞ: (2)

Entropy equals 0 if p ¼ 0 or p ¼ 1, and equals 1 if p ¼ 0:5.
This definition is used by Yokota et al. [6]. They show that
the inverse of this function, i.e., reconstructing p given EðpÞ,
forms an upper bound for branch prediction accuracy.

We use an alternative definition of entropy, which we
call linear branch entropy, defined as

ELðpÞ ¼ 2 �min p; 1� pð Þ: (3)

This equation also equals 0 for p ¼ 0 and p ¼ 1, and equals
1 for p ¼ 0:5. It is easy to calculate, andwe empirically derive
that miss rate is approximately a linear function of linear
branch entropy. The intuition is that a branch predictor also
performs a simple function: it selects the outcome with the
highest occurrence in the recent past, by making use of (2-
bit) saturating counters. Therefore, it is easy to see that miss
rate is proportional to the probability of the least frequent
outcome, hence the minimum of p and 1� p. On the other
hand, Shannon entropy relates to information theory, and
reflects the amount of bits needed to represent a certain
amount of information, which is conceptually more complex
than the functioning of a branch predictor.

After calculating the entropy for each branch and for
each history pattern using Equations (1) and (3), we average
the entropies across all branches and all history patterns.
Let nði;HÞ be the number of occurrences of branch i with
history pattern H (i.e., nði; HÞ ¼ n0ði; HÞ þ n1ði;HÞ), and let
N be the total number of dynamically executed branches
(i.e., N ¼ P

i

P
H nði;HÞ). The average branch entropy of an

application then equals

E ¼ 1

N

X

i

X

H

nði;HÞ � ELðpði;HÞÞ: (4)

This averaging method is sound, because branch entropy
is linear in p. This is another advantage over Shannon
entropy, which cannot be easily averaged due to the loga-
rithms, and which also explains the detour Yokota et al. [6]
had to make to find an upper bound for the hit rate, i.e., by
calculating entropy across all patterns, and then solving this
entropy for a binary probability.

4 BRANCH PROFILER AND PREDICTOR MODEL

Building on the proposal of linear branch entropy, we make
three additional contributions in this paper: (1) we propose
a branch behavior profile that is application-dependent but
independent of a specific branch predictor; (2) we build a
model that relates branch entropy to branch miss rate for
specific branch predictors; and (3) we propose a fast branch
predictor design space exploration tool by combining the
application-dependent profile and the predictor-dependent
model. This section elaborates on each of these three

1. We only consider branch predictors that use the history of out-
comes of previous branches to predict future branches. The methodol-
ogy can also be applied to branch predictors that have other inputs
(e.g., call stack depth), by defining corresponding patterns.
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contributions. For the ease of discussion, we begin by
explaining how the design exploration tool is organized,
because this provides a clear overview on how the contribu-
tions relate to each other.

4.1 Overview

Fig. 1 gives a high-level overview of the proposed frame-
work. The calculation of linear branch entropy is illustrated
at the bottom: the application is executed using a profiler,
resulting in a (set of) entropy number(s). The profiler is dis-
cussed in Section 4.2. The top part of the figure illustrates the
predictor-dependentmodel. The dashed box shows the steps
that need to be done only once for each predictor to construct
the model that relates branch entropy to miss rate. We first
need to select some benchmarks for training. For this training
set, wemeasure both entropy and branch predictor accuracy.
The branch predictor miss rate is measured using a simula-
tor. A simulation for every branch predictor of interest is
required, hence themultiple simulations needed in Fig. 1.

The entropy and branch miss rates for the training set are
then used to construct a model for each of the branch pre-
dictors. In Fig. 2 a visual representation of this training is
shown using a scatter plot. Every point on the plot visual-
izes one training input with its entropy on the horizontal
axis and its simulated branch miss prediction rate on the
vertical axis. The model is represented by the fitted dashed
line. There is one model per branch predictor, which takes
as input the branch entropy of an application and which
estimates branch miss rates. A branch predictor model is
tied to a specific branch predictor, and can be used to esti-
mate miss rates for all applications of interest.

Once the branch predictor models are built, the miss
rates for a new application can be estimated for all of these
branch predictors by profiling the application once (to
obtain its branch entropy), and by subsequently evaluating
the branch predictor models. The predictions themselves
are instantaneous, since it only involves evaluating a linear
function. Introducing a new branch predictor requires simu-
lating this branch predictor for the training benchmarks,
and constructing a new model. Afterwards, this model can
be used for all applications, for which we can reuse the pre-
viously measured entropy numbers.

Building a branch predictor model consists of two main
steps: we have to profile an application to measure its
branch entropy and we have to construct a model using
entropies and miss rates from the training set. The profiler
itself also consists of two phases: recording branch histories
and outcomes, and calculating entropy. The next sections
discuss each of these steps.

4.2 Profiling Branch Behavior

First, we need a profiling run to determine the outcome
(taken or not) for every branch and each history. We do this
by maintaining an Outcome Frequency Table (OFT) that is
indexed by a history pattern, and that has two counters per
entry: the number of not-taken branches n0 and taken
branches n1 when this history pattern is encountered.

We keep two versions of the tables, one indexed by
global history (outcome of all previous branches), and one
indexed by local history (outcome of the previous occur-
rences of the same static branch instruction), see Figs. 3a
and 3b. We make this distinction because current branch
predictors use either local or global history, or a combina-
tion of both, and it is impossible to reconstruct global his-
tory from local history information or vice versa without
detailed information on how branches interleave. Further-
more, we keep track of one OFT per static branch instruc-
tion, to be able to model branch predictors that use branch
address bits to index the second level of the branch predic-
tor. The history pointers keep track of a history of m bits,
which is the longest history we want to model. From this,
we can extract the entropy for smaller history sizes, as we
will explain in the next section.

Although this seems a lot of data, the tables are actually
very sparsely occupied. Each branch has only a limited
number of actually encountered history patterns, so only a
fraction of the 2m entries is used. Therefore, we use an asso-
ciative array instead of a full table to record the information.
In all of our profiling runs, our tool uses at most 10 MB of

Fig. 1. Overview of the branch predictor model. The dashed box repre-
sents the training phase, which has to be done once for each branch pre-
dictor type.

Fig. 2. Training input with fitted line.

Fig. 3. The profiler records branch outcomes and history of every unique
branch, for both the global and local histories.
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memory for m ¼ 20 (compared to 52 GB if we had allocated
the full table).

4.3 Calculating Branch Entropy

After recording the information in the tables, we calculate
branch entropy. Formula (3) is used to calculate the entropy
for every history pattern per static branch. We then take a
weighted average over all entropy values using Formula (4).
This leads to two numbers, representing the branch entropy
for the global and local histories, per m history bits. To get
the branch entropy for a smaller number of history bits, we
collapse the tables to reduce the history size. To get the table
for m� 1 history bits, the oldest history bit, represented by
the most significant bit of the index, needs to be removed.
After removing this bit, the two entries with the same index
need to be merged to one entry. This is done by adding the
taken and not-taken counters of the different entries
together (see Fig. 4). The table now represents the OFT for
m� 1 history bits and can be used to calculate the new
entropy number. This process is repeated until the number
of history bits equals 0 (e.g., modeling a bimodal predictor).
The result of this step is two sets of entropy numbers, one
for the local history and one for the global history, contain-
ing entropy numbers for history sizes from 0 tom.

To model tournament predictors [8], which aim at select-
ing the optimal history (local or global) per individual
branch, we also calculate tournament entropy by taking the
minimum of the local and global history entropy per
branch, and average that minimum across all branches. This
adds a third set of entropy values to the application branch
profile. Note that this does not change the way the tables
are recorded; it only affects the entropy calculation step.

A PHT entry in a branch predictor contains meaningful
information only after a few updates to that entry. So, even
if a branch exhibits stable behavior, the first few predictions
may be incorrect, depending on the initial value of the satu-
rating counter. To account for this ‘warming’ effect, we
assign an entropy of 1 to the first access, which boils down
to modeling a probability of 50 percent to predict the first
branch correctly. This only has a noticeable impact on the
final entropy number if there are many different branches
and branch histories that occur only a few times.

A branch predictor may also suffer from aliasing, because
not all bits of the branch address are used. That means that

different branches may map to the same PHT entry, which
may lead to positive interference (all branches have the same
outcome) or negative interference (the branches have differ-
ent outcomes). To model this, we gradually reduce the num-
ber of address bits, and add all tables that have the same
truncated address element by element, similar to collapsing
the tables to model a smaller number of history bits. In the
extreme, we use no address bits, meaning that all tables are
added together. This models a predictor that uses no address
bits, such as a GAg predictor. Modeling aliasing into the
entropy adds multiple extra sets of entropy numbers, one for
each setting of the number of address bits used to index
the branch predictor PHT. Modeling aliasing also affects only
the entropy calculation step, and has no impact on the way
the tables are recorded. We will show the necessity of model-
ing branch aliasing in the entropy in Section 5.5.

The resulting branch entropy profile for an application
consists of multiple sets of entropy numbers: a set for local,
one for global, and one for tournament history. Each set has
an entropy number for each considered history length and
number of address bits used to model aliasing. Recording
all of these values is necessary, as each application behaves
differently with changing history lengths. Note that all of
these numbers are calculated using a single profiling step.

4.4 Building the Model

The last component is the model that predicts miss rates
based on entropy values. Because different branch predictors
have a different miss rate for the same application, we need
to build a model for each branch predictor of interest. We do
so by using the entropy numbers and the branch predictor
miss rates for a number of benchmarks in a training set.

We first select the set of entropy numbers that is conceptu-
ally close to the predictor we want to model: local, global or
tournament history. For common predictors (e.g., bimodal
predictor, GAg, GAp, PAp, etc.), this is straightforward. For
other, more complex predictors (e.g., perceptron-based pre-
dictors), this may be not immediately clear. For these predic-
tors, we can build a model for each set of entropy numbers,
and select the one that yields the smallest error on the training
set. Building the model only takes a fraction of time once the
entropy values andmiss rates are known.

We then fit the relationship between entropy and miss
rate for all history sizes and for all benchmarks in the train-
ing set to a branch predictor specific model, see also Fig. 2
for an example. Every point represents the branch predictor
miss rate (vertical axis) and the corresponding entropy
value (horizontal axis). There are 40 benchmarks and 20 dif-
ferent history lengths, resulting in 800 points. We find that a
linear relationship between entropy and miss rate fits the
data very well. This can be explained intuitively by our
choice of using a linear entropy function: a branch predictor
predicts the outcome most encountered in the same context
in the past, so the fraction of the least encountered outcome
correlates well with the miss rate. We use the following
equation to calculate the miss rateM from the entropy E:

MðEÞ ¼ aþ b � E: (5)

Parameters a and b are empirically determined using a
least-squares fit. The fitted model is indicated by the dashed

Fig. 4. Reducing the number of history bits is done by removing the old-
est history bit (most significant bit).
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line in Fig. 2. It is clear that a linear model is appropriate for
this data, and that the fit is relatively good.

5 RESULTS

5.1 Experimental Setup

To construct and evaluate our technique, we use the frame-
work provided by the 2011 Championship Branch Predictor
competition (CBP).2 This framework consists of a set of 40
benchmarks from different domains (client, server, work
station, multimedia and integer) and a simulation environ-
ment in which we can easily implement different branch
predictors. We implement our entropy profiling tool within
this framework. We also evaluate our branch predictor
model using the SPEC CPU 2006 benchmarks. Thereto, we
implement our profiler and a branch predictor simulator in
Pin [13]. We construct one-billion instruction simulation
points using SimPoint [14] for all benchmarks with all refer-
ence inputs (leading to 55 benchmark-input combinations).

Recording the tables with the branch history patterns
takes approximately the same time as simulating a branch
predictor, so measuring entropy has the same overhead as
one branch predictor simulation, but enables predictingmiss
rates for all modeled branch predictors. Using the model as a
replacement for simulation therefore leads to a speedup
equal to the number of evaluated branch predictor configu-
rations. Note that the training phase needs to be done only
once per predictor, on a limited set of applications and his-
tory lengths (e.g., 20 points per predictor to estimate the two
parameters of the model should be sufficient if a good
entropy coverage is present in the training set). We notice
that some benchmarks—in particular the SPEC bench-
marks—show significant phase behavior, leading to differ-
ent behavior for the same branch at different points in time
during the execution. We therefore profile the entropy for
every interval of one million instructions, and calculate the
final entropy number as the average entropy across all inter-
vals, weighted by the number of branches per interval.

We also consider the most recent 2014 Championship
Branch Predictor competition, but find that the provided
benchmarks have a narrower entropy range than those
from the 2011 competition (the benchmarks of the 2014 com-
petition are within the ½0; 0:21� entropy range, while those of
2011 range within ½0; 0:39�). Because our model is con-
structed using regression, a larger range will result in a
more general model. We therefore choose to use the 2011
benchmarks to evaluate the model (we could not simulate
the 2014 benchmarks on the 2011 infrastructure and vice
versa, preventing the evaluation of a superset consisting of
the 2011 and 2014 benchmarks). Nevertheless, we ported
the predictor code of the 2014 winning predictors to the
2011 framework to evaluate our model on the latest state-of-
the art predictors (see Section 6).

5.2 Model Accuracy

We first show that linear branch entropy correlates well
with branch miss rates, by evaluating the accuracy of the
branch predictor model. Because the model is a linear func-
tion, model accuracy is a good indicator for correlation: if

the model is accurate, branch entropy correlates well with
miss rate, and vice versa. We evaluate the accuracy of the
model for a few common two-level predictors: a GAg pre-
dictor, a GAp predictor, a PAp predictor and a gshare pre-
dictor. Furthermore, we also evaluate a tournament
predictor, consisting of a GAp and a PAp predictor, with a
metapredictor (indexed with address bits only) to choose
between the two predictors.

We evaluate the model using leave-one-out cross-valida-
tion: we train the model on all but one benchmark, and eval-
uate the accuracy for the left-out benchmark; and we repeat
this process for all benchmarks as the left-out benchmark.
We report the average difference in MPKI (misses per 1,000
instructions) between the prediction and the simulation.
Using MPKI instead of miss rate avoids inflating numbers
when there are few branches. Furthermore, MPKI is propor-
tional to the branch miss CPI penalty of an application [15].

We train themodel for each of the predictors using simula-
tion results for all training benchmarks and for history sizes
between 0 and 20 bits. For GAg, gshare and GAp, the global
history entropy is used to fit the model to the miss rates; for
the PAp and tournament predictors, we use local and tourna-
ment history entropy, respectively. For GAg, we calculate a
single global entropy number across all branches (by combin-
ing all per-branch tables into one table), instead of an entropy
number per branch. For gshare, we find that using per-branch
entropy (as in the GAp predictor) leads to relatively large
errors. By XOR-ing address bits and history, we loose some of
the information of the address bits. We find that fitting the
miss rates of gshare to the global entropy with a single
entropy number across all branches (as for GAg) provides
the best results. This can be explained by the fact that we use
the same amount of history bits as the GAg to index the pat-
tern history table (PHT), and that the XOR with the address
bits partly solves the problem of GAg that the same history
for different branches is mapped to the same entry (history
aliasing). This aliasing reduction effect is now visible in a low
(even negative) parameter a for the gshare model, which is a
measure for aliasing, see also the next section.

Figs. 5 and 6 show the prediction error as a box-and-
whiskers plot3 for the five branch predictors, on CPB and
SPEC, respectively. These numbers are for one specific con-
figuration (i.e., number of history and address bits) for each
predictor. These configurations have approximately the
same hardware cost (4 K bytes at the second level). The
error of the tournament predictor is the smallest for CBP
with an average absolute error of 0.36 MPKI; for SPEC, the
smallest error is observed for the GAp predictor with an
average absolute error of 0.63 MPKI. For all modeled pre-
dictors, the average absolute error is around 0.70 MPKI and
0.89 MPKI for CBP and SPEC, respectively. The average
MPKI for all predictors is 10.8, which means that the model
has a relative error of less than 20 percent, and the errors
are both negative and positive. The highest average errors
are observed for the PAp predictor (0.87 MPKI and 1.14
MPKI for CBP and SPEC, respectively) and gshare (0.69

2. Available at http://www.jilp.org/jwac-2/

3. The box covers the second and third quartile, with a line at the
median. The whiskers cover all points within 1.5 interquartile distance
outside of the box, and the crosses are the outliers. The circles represent
the average of the absolute value of the error.
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MPKI and 1.06 MPKI). This is because these predictors suf-
fer from aliasing, which, in contrast to pure branch address
aliasing, is not modeled in our entropy calculation. The
PAp predictor suffers from aliasing in its history table: we
use 10 bits to index the history table, which means that it
may happen that different branches update the same his-
tory, which pollutes this history. This effect is not modeled
in our entropy calculation. Modeling this would require
separate tables for every setting of the number of bits used
to index the branch history table, which would incur too
much overhead. The gshare predictor XORs history and
address bits, which also leads to unpredictable aliasing
effects (branches with a different history and instruction
address may map to the same entry).

Although the models for CBP and SPEC have similar aver-
age errors, the SPEC benchmarks havemore outliers. Some of
the SPEC benchmarks showmore irregular behavior than the
CBP benchmarks. In particular, gcc has many unique
branches, causing a lot of aliasing effects in the first level of
the branch predictors. As a result, the branchmiss rate is often
predicted too low, leading to negative errors. The extreme
points at the negative side in Fig. 6 for the PAp, gshare and
tournament predictor, are all for gccwith different input sets.
There is also one outlier at the positive side, which is dealII for
all predictors. We find that the branches in dealII show very
fine-grained phase behavior: during a few thousand instruc-
tions, a particular branch is first taken multiple consecutive
times, and then not-taken multiple times. Our entropy metric
aggregates the outcomes per onemillion instructions, causing
a large entropy for this branch (because it is about half of the
time taken and half of the time not), but a predictor can accu-
rately predict the sequences of equal outcomes, only missing
when the outcome flips. Reducing the entropy measuring
interval timewould solve this problem, but incurs more over-
head in the profiler, and also makes it impossible to detect

long history patterns. Because we see this behavior in only
one of the 95 evaluated benchmarks, we deem this additional
overhead is notworth the gain in accuracy.

5.3 Meaning of the Model Parameters

Tables 1 and 2 show the fitted a and b parameters for each
of the predictors (in percent miss rate), for the CBP and
SPEC benchmarks, respectively. Given the linear branch
predictor model, one can give an intuitive meaning to these
parameters. a is the miss rate for zero entropy, and deter-
mines the miss rate for low-entropy branches, while b is the
slope of the line, and therefore is an indicator for the miss
rate for high-entropy branches. Note that when a is nega-
tive, the model would predict negative miss rates for low
entropy numbers. Obviously, this makes no sense, so we
estimate a zero miss rate in such a case.

The a and b parameters allow for comparing branch pre-
dictors. For example, the GAp predictor is good at predict-
ing low-entropy branches (low a, see Table 1), but has
difficulties with high-entropy branches (high b), whereas
the PAp predictor predicts difficult branches more accu-
rately (low b), but has a higher miss rate for low-entropy
branches (high a), due to warmup effects (i.e., a static
branch has to be executed multiple times until the history
contains valid information).

A complementary explanation for the a parameter is that
it quantifies the impact of the intrinsic miss rate of the pre-
dictor due to aliasing, i.e., a is the offset that is added to all
miss rates. For example, in Table 1, we can see that PAp has
the largest a of all predictors. On the other hand, for some
predictors, a is negative, e.g., for gshare, in which case we
estimate a zero miss rate for low-entropy branches. These
predictors almost perfectly predict low-entropy branches,
because they alleviate aliasing issues, as discussed in the
previous section.

Fig. 6. Prediction error in MPKI for the common predictors for the SPEC
benchmarks.

TABLE 2
SPEC Model Parameters for the Common

Branch Predictors (in % Miss Rate)

a b

GAg �0.305 46.344
GAp �0.154 45.185
PAp �0.281 58.156
gshare �0.189 53.322
Tournament 0.140 52.522

Fig. 5. Prediction error in MPKI for the common predictors for the CBP
benchmarks.

TABLE 1
CBP Model Parameters for the Common

Branch Predictors (in % Miss Rate)

a b

GAg �1.047 51.323
GAp �1.037 51.530
PAp 3.450 55.722
gshare �1.246 55.358
Tournament �0.455 56.010
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Although the model parameters can differ significantly
for the two benchmark suites (e.g., for the PAp predictor),
the difference is not as big as it may seem: a model with a
low a and a high b may be similar to a model with a high a

and a low b, in the typical entropy range, i.e., between 0.1
and 0.2. A cross validation between the results for CBP and
SPEC shows that these models may seem different but are
in fact fairly similar. Fig. 7 shows the average absolute error
for the models constructed using the CBP and SPEC bench-
marks, respectively, and then evaluated on the other bench-
mark suite. The error only slightly increases when the
model of a different benchmark suite is used, showing
the robustness of the technique. Using the CBP model on
the SPEC benchmarks increases the error slightly more than
using the SPEC model on the CBP benchmarks; this is
because the SPEC benchmarks show a uniform distribution
of entropy numbers, whereas the CPB benchmarks show a
more clustered and sparse distribution.

5.4 Comparison to Prior Work

Prior work proposed taken and transition rate for classify-
ing branches (see Section 2). Although they do not specifi-
cally target estimating branch miss rates, they show that
taken and transition rate correlate well with miss rate.
Therefore, we also built models that use taken rate, transi-
tion rate and a combination of both. The models are built by
dividing taken and transition rate numbers into bins, and
using the average miss rate in a bin as the branch miss rate
estimation (requiring a similar training phase as our tech-
nique). For the combination of taken and transition rate, we
construct two-dimensional bins, combining the bins from
taken and transition rate (for example, a bin contains all

branches that have a taken rate between 0.1 and 0.2, and a
transition rate between 0.6 and 0.7; this is similar to what is
described in [5]).

Fig. 8 shows the resulting error box plots for our example
predictors and the CBP benchmarks. The figure shows that
the combination of taken and transition rate is indeed better
than taken or transition rate individually. It is also clear that
the branch entropy method proposed in this work outper-
forms all three other methods. For the GAg predictor, the
improvement is the highest: the average absolute error
drops by more than 2� to 1.82 MPKI. For the other predic-
tors the average absolute error drops from an average of 3.2
MPKI to 2 MPKI (38 percent reduction).

Other prior work by Yokota et al. [6] shows that branch
entropy can provide an upper bound on the hit rate (or a
lower bound on the miss rate), by reconstructing the p
(binary probability) from the entropy number. This means
that there is only one model, which is used for all branch
predictors. Figure 8 also shows the error when we use only
entropy (i.e., we divide linear entropy by 2 to reconstruct
the p), and no specific fitted model per predictor. It shows
that all errors are negative, i.e., the miss rate is always
underestimated, which is consistent with the notion of a
lower bound. The average absolute error for this method is
3.71 MPKI, which is higher than our model and than the
model using the combination of taken and transition rate.

Fig. 9 shows the average MPKI estimation error for dif-
ferent predictor sizes (using different history sizes and

Fig. 7. Average absolute error of the two models (constructed using CBP
and SPEC benchmarks) on the two benchmark suites for common
predictors.

Fig. 8. Model error inMPKI for taken rate, transition rate, the two combined,
Yokota’s lower bound, and linear branch entropy, using the CBP
benchmarks.

Fig. 9. Average absolute MPKI error for different predictor sizes (the horizontal axis shows the number of entries in the second-level PHT) consider-
ing the CBP benchmarks; as a reference, MPKI is shown as well for the various predictors.
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numbers of address bits used to index the PHT), for both
our model and the model using the combination of taken
and transition rate (which is the most accurate of all prior
proposals). As a reference, the average MPKI of the predic-
tors is also shown. This graph shows that our model is more
accurate than taken and transition rate across all sizes, and
that the relative error remains approximately the same for
small and large predictors.

5.5 Modeling Aliasing

Some branch predictors suffer from branch address aliasing:
because only a few bits of the address are used to index the
PHT, multiple branches may map to the same entry. We
model this by combining the recorded outcome frequency
tables for branches that map to the same PHT entry (see Sec-
tion 4.2). This has some impact on the complexity for calcu-
lating entropy, because we have to look for branch
addresses that, when truncated, map to the same entry, and
we have to add the tables element-wise.

Fig. 10 shows the impact of (not) modeling aliasing for
the GAp predictor. The top figure shows the model fit
where no aliasing is incorporated in the entropy profile; the
bottom figure includes modeling aliasing. It is clear that the
fit is much better if we include aliasing. The average abso-
lute MPKI error decreases from 1.22 to 0.64.

6 APPLICATIONS

Now that we have demonstrated the model’s accuracy, the
most straightforward way to use it is to estimate miss rates
for different branch predictors, which we have already done
in the previous section. The model can be used for a number
of other studies as well. In the next sections, we use the
model to compare state-of-the-art branch predictors, and we
study the impact of increasing the number of history bits.

6.1 Comparing State-of-the-Art Predictors

As discussed in Section 5.3, the parameters a and b of the
linear model can be used to compare branch predictors. As
a case study, we now compare the top-four branch predic-
tors from the 2014 Championship Branch Predictor competi-
tion in the 4 KB hardware budget category. These are,
ranked by misses per thousand instructions (MPKI):

1) Seznec: TAGE-SC-L [16] (5.29 MPKI);
2) Otiv: H-Pattern [17] (5.47 MPKI);

3) Ishii: GL-TAGE [18] (5.58 MPKI); and
4) Jim�enez: Strided Sampling HPP [19] (5.81 MPKI).
Note that the MPKI values and the ordering slightly dif-

fer from the results presented at the CBP-4 workshop,
because we evaluated these predictors using the 2011 CBP
benchmarks. We will discuss the results using the 2014
benchmarks towards the end of this section.

In order to build models for these branch predictors, we
first need to select the appropriate entropy number.We build
models for different history organizations (global, local,
tournament), history lengths (up to 60), with and without
warmup, and with different numbers of address bits for the
aliasing model. Surprisingly, all four predictors correlate
best (i.e., have the lowest error) for approximately the same
entropy setting: tournament entropy using 12 history bits,
with warmup modeling and aliasing using six address bits.4

This seems to be the maximum achievable configuration
within the 4 KB budget (in comparison: our standard tourna-
ment predictor, which is slightly larger than 4 KB, uses only
seven history bits and six address bits). Fig. 11 shows the cor-
relation between this chosen entropy setting and the miss
prediction rate for Seznec’s predictor—we obtained similar
results for the other predictors. The model itself is shown as
a dashed line. Clearly, although the linear entropy uses
rather limited history information, it is still able to accurately
model state-of-the-art predictors that use much more com-
plex history information. The resulting average MPKI error
(again using leave-one-out cross-validation) equals 0.73 for
Seznec’s predictor, 0.89 for Otiv’s predictor, 1.01 for Ishii’s
predictor, and 1.08 for Jim�enez’ predictor.

Table 3 shows the parameters of the linear model for the
four predictors. Interestingly, the Seznec predictor has the
lowest a, but also the second highest b. For the Jim�enez pre-
dictor, it is the other way around: it has the highest a, but
the lowest b. Fig. 12 shows the models for the four predic-
tors. Again, we assume a zero miss rate if the model esti-
mates a negative miss rate. The figure shows that Seznec’s
miss rate is lower than that of Jim�enez if the entropy is
lower than 0.170, but for larger entropies, Jim�enez’ predictor
performs better, with a 2.06 percent lower miss rate if the
entropy equals 0.5. The similarity between the models of
the predictors of Seznec, Otiv and Ishii can be explained by
the fact that they all extend upon the TAGE predictor, while
Jim�enez proposes a perceptron-based predictor.

To ensure that this behavior is real and not an anomaly of
our model, we show entropies and simulated miss rates for

Fig. 10. GAp model without taken into account aliasing (top graph) and
with accounting aliasing (bottom graph) for the CBP benchmarks. The
error box on the left is without modeling aliasing, the right one includes
aliasing.

Fig. 11. Scatter plot with the entropy for the 2014 CBP benchmarks on
the horizontal axis and the branch misprediction rate for Seznec’s pre-
dictor on the vertical axis. The empirically derived model is shown with
the dashed line.

4. The model error on this setting is within 2 percent of the absolute
minimum for all four predictors; we select one setting to enable a fair
comparison between the predictors.
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some of the benchmarks in Table 4. We can see that for
benchmark INT04, which has a very low entropy, Seznec’s
predictor outperforms Jim�enez’ predictor. For benchmarks
close to the cross-over point (INT06 and INT01), the miss
rates for all predictors are very similar. For the high-entropy
benchmark WS04, Jim�enez’ predictor has a 1.9 percent
lower miss rate compared to Seznec’s predictor. Of all
benchmarks that have an entropy higher than the cross-
over point at 0.170 entropy, the average miss rate of Jim�enez
is almost 1 percent lower than the miss rate of Seznec.

By looking at the entropy distribution of all benchmarks,
shown above the graph in Fig. 12, it is clear why Seznec’s
predictor performs best on average: only six out of 40
benchmarks have an entropy that is higher than 0.170 (the
cross-over point is indicated by the dashed line). The aver-
age miss rate is therefore mostly determined by low-
entropy benchmarks, for which Seznec’s predictor performs
best. This is further exacerbated by the choice of bench-
marks in the 2014 competition: only three out of 40 have an
entropy higher than 0.170, with a maximum entropy of 0.21,
which is only slightly higher than the cross-over point. Our
branch entropy metric can thus be used by branch predic-
tion competition organizers to select a more diverse and bal-
anced set of benchmarks.

6.2 Impact of History Length

The previous section showed that linear branch entropy is a
good representation for the accuracy of state-of-the-art
branch predictors, in spite of being based on the notion of
how simple branch predictors operate. Modern branch pre-
dictors usemuch longer history lengths and are substantially
more complex than the traditional ghsare and local predic-
tors. The question can be raised why linear branch entropy is
also good representation for more advanced branch predic-
tor. We will do by showing that branch entropy correlates
well with branch predictability, even for state-of-the-art
branch predictors with very long history lengths.

Prior work suggests that some branch patterns have a
long period, and long history sizes are needed to capture

these patterns [20]. But recording long history comes with a
large hardware cost. Therefore modern predictors, like the
winning TAGE based predictor from Seznec, will only
record long history lengths for branches that benefit from it.
Seznec’s predictor uses 11 banks with different histories
ranging from 0 to 359 bits. The predictor assigns easy to pre-
dict branches to a bank using little to no history, thus saving
room to assign hard to predict branches to banks with
(very) long history. For illustration purposes we select the
first integer (INT01) benchmark from the CBP. This bench-
mark has a linear branch entropy of 0.205, which is rela-
tively high and will therefore contain branches that benefit
from a long history.

Fig. 13 shows branch entropy for two sets of branches for
all history lengths of the 11 banks in Seznec’s predictor,
without taking warmup effects into account. The first set
(dashed) contains branches assigned to bank 3 (using 13 his-
tory bits); therefore this set represents branches that yield
good accuracy using an average amount of history. The sec-
ond set (solid) contains branches from bank 10, using 359
history bits. These branches are classified as hard to predict
by Seznec’s predictor.

The difference between the two sets is noticeable over the
whole range of history bits. When using no history informa-
tion there is already a clear difference in branch entropy
between the two sets, where the hard to predict branches
start with an entropy of 0.63 and the medium set starts at
0.32. When increasing history size to 13 bits (history length
of the third bank), there is a huge decrease in the entropy
for both sets. But the entropy for the hard set is still 0.13,
whereas the medium set already reaches 0.06. Although the
entropy of the medium set still has a huge decrease in
entropy up to 53 bits, these branches still end up in the third
bank. This choice is probably due to size restrictions of
banks with longer history. These higher banks are occupied
by branches that benefit more from longer history. In partic-
ular, the set of hard to predict branches have an entropy

TABLE 3
Model Parameters for the State-of-the-Art

Branch Predictors (in %)

a b

Seznec �0.954 56.474
Otiv �0.639 54.934
Ishii �0.769 57.292
Jim�enez 0.107 50.240

Fig. 12. Models for the state-of-the art predictors of the 2014 CBP.
Entropy values are shown at the top for all benchmarks.

TABLE 4
Entropy and Simulated Miss Rate (%)

for the Top-4 CBP Predictors

Entropy Seznec Otiv Ishii Jim�enez

INT04 0.0126 0.09 0.10 0.10 0.63
INT06 0.102 4.90 4.86 4.99 4.80
INT01 0.205 10.19 10.21 10.29 9.89
INT02 0.242 12.85 12.80 12.78 12.08
WS04 0.452 24.45 23.87 24.99 22.57

Fig. 13. Impact of the number of history bits on medium and hard to pre-
dict branches.
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that is still twice as high when using 53 bits of history, and
this behavior is constant when further increasing history
length.

The key take-away from this analysis is that linear branch
entropy correlates well with branch predictability, even for
very long history lengths as observed in state-of-the-art
branch predictors.

7 GUIDING IF-CONVERSION USING BRANCH

ENTROPY

In this section, we show how branch entropy can be used to
guide the compiler for performing if-conversion. If-conver-
sion is a well-known compiler technique that replaces
branches through predicated execution [21]. Conceptually,
it transforms control dependences into data dependences.
If-conversion can result in a speedup or slowdown, depend-
ing on the balance between the benefits of removing the
branch instruction, and the penalty of introducing addi-
tional data dependences. The compiler thus has to decide
which branches to convert to obtain a net performance
improvement.

Modern compilers (e.g., LLVM and the GNU C compiler
gcc) use heuristics to steer if-conversion: they primarily
consider the size of the basic blocks that are to be converted
and the available instruction-level parallelism (ILP). Predi-
cated instructions need to be fetched and decoded—and
possibly executed if the instruction set supports partial
predication as in x86—even if the predicate turns out to be
false. Therefore, if-conversion is only beneficial if the basic
blocks are small, avoiding too much overhead of fetching
(and possibly executing) useless instructions. If-conversion
also introduces new data dependences, hence, if ILP is lim-
ited already, if-conversion may reduce it even more.

The basic premise of our proposal is to if-convert hard-
to-predict branches. If branches are predicted well by the
branch predictor, the control dependences are removed, so
adding more data dependences is likely to hurt perfor-
mance. On the other hand, if a branch is frequently mispre-
dicted, we can avoid the misprediction penalty using if-
conversion. However, a compiler is typically unaware of
which branches are hard to predict in hardware at runtime.

We use branch entropy to differentiate easy- from hard-
to-predict branches. Although it does not depend on a spe-
cific predictor, branch entropy correlates well with the mis-
prediction rate across branch predictors. Branch entropy is
measured using a single profiling run. After the profiling
run, the application is compiled using the branch informa-
tion to steer if-conversion. Because branch entropy is inde-
pendent of the micro-architecture and its branch predictor,
profiling needs to be done only once for each application of
interest, and the if-converted binary can be deployed across
a variety of machines, as we will demonstrate. This is in
contrast to traditional feedback-directed optimization [22]
for which a new profile needs to be collected for every
branch predictor (and application).

7.1 Prior Work on If-Conversion

Mahlke et al. [23] show that if-conversion can reduce the num-
ber of branchmispredictions bymore than 50 percent on aver-
age. They if-convert unbiased branches, because the branch

predictors they evaluate via simulation do not use any his-
tory.Our branch entropymetric takes into account branch his-
tory, and we evaluate our technique on real hardware,
containing history-based branch predictors. Choi et al. [24]
analyze the impact of if-conversion on the branchmiss rate on
an Intel Itanium processor. They show that the actual perfor-
mance gains of if-conversion is around 2-3 percent, much
lower than what was found in previous studies, which were
based on simulation. Hazelwood and Conte [25] use dynamic
compilation to if-convert branches with high misprediction
rates, leading to a 2.6 percent performance improvement on
average and up to 14 percent for one application (evaluated
using simulation). We use static compilation, which implies
that we do not have any dynamic branchmisprediction infor-
mation.Moreover, our technique is independent of the config-
uration of the branch predictor, resulting in a binary that
performswell acrossmicroarchitectures.

7.2 If-Conversion on x86 Using LLVM

The x86 instruction set only supports partial predica-
tion [26]. It features one predicated instruction, namely con-
ditional move cmov, which moves or copies the content of
one register to another if a specific condition is met. The
condition can be any condition that is allowed for condi-
tional branches, e.g., cmoveq performs the move if a previ-
ous compare instruction has equal operands. If-conversion
on x86 is implemented by executing the basic block uncon-
ditionally, and at the end add one or more conditional
moves to copy the results into the new registers if the condi-
tion is met. In case the condition is not met, the results are
ignored. This implies there are severe limitations for using
if-conversion on x86. The basic block cannot contain stores
or I/O output instructions, which cannot be undone if the
condition is not met. By extension, it cannot contain system
calls or calls to library functions.

Modern compilers, such as LLVM, use heuristics based
on the analysis of the static code. In particular, LLVM tries
to minimize the total number of additional instructions and
dependences (gcc uses similar heuristics). First, the instruc-
tion-level parallelism needs to be high enough, because if-
conversion introduces additional data dependences. Then,
if the ILP is high enough, the critical path can only grow
with a specified number of instructions. The code path
grows by the if-conversion itself (by inserting cmov instruc-
tions), and because both the ‘if’ and ‘else’ paths need to be
executed. If both these conditions are met, the branch is if-
converted.

We advocate using branch predictability information to
steer if-conversion, instead of heuristics based on static
code analysis. Branch predictability is quantified using our
linear branch entropy metric: branches with a high entropy
are converted, while branches with a low entropy are not.
After analyzing the initial results of our technique, we dis-
covered another case where if-conversion almost always
leads to a performance improvement: there is only one con-
ditional block that is either executed or skipped, and that
block is executed most of the time (e.g., an ‘if-then’ clause
without an ‘else’, and the condition of the ‘if’ is almost
always true). To capture this type of branches, we compute
the taken rate of branches in ‘if-then’ constructs, and we if-
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convert the branches if the taken rate is close to zero. We
discuss how much branch entropy and taken rate contribute
separately in Section 7.4.3.

7.3 Experimental Setup

We perform all experiments on an Intel Core i7-860 (Neha-
lem microarchitecture). We implement our if-conversion
algorithm in LLVM v3.5.0, replacing the default heuristics.
If-conversion is part of the -O2 optimization level, so we
compare the performance of our technique to that of -O2.
We select all C/C++ integer benchmarks of the SPEC
CPU2006 benchmark suite that we were able to compile on
LLVM. The floating-point benchmarks have very regular
branch behavior, which means that if-conversion has no
considerable impact for these benchmarks. LLVM could not
compile the FORTRAN benchmarks. Table 5 lists the bench-
marks and the reference inputs we used. We measure the
execution time of the program using performance counters.

Currently, our profiler is implemented in the dynamic
binary translation tool Pin [13], but it is straightforward to
implement it in the standard profiling tool of LLVM. The
profile is generated using the training input provided with
the SPEC CPU2006 benchmarks, while the final perfor-
mance is evaluated using the reference input. Each program
is run 10 times, and we report the average performance
improvement compared to standard -O2, along with the
minimum and maximum observed improvement.

We decide to if-convert branches if the local entropy of a
branch exceeds a certain threshold a, or if a single-block
branch has a taken rate that is less than b. We use local
entropy because this entropy number is not influenced by
other branches in the application. So if we if-convert a branch
based on his local entropy this will not influence the entropy
of the remaining branches. To find the optimal values for
these parameters, we perform an exhaustive parameter
sweep, and find a ¼ 0:18 and b ¼ 0:16 to be optimal. How-
ever, the results are not very sensitive to the specific values:
the variability of the average performance improvement is
less than 0.1 percent for any setting between 0.14 and 0.20 for
a and b. We also do not convert branches that are infre-
quently executed (less than 5,000 times) in the training input
set. Branches that are not executed frequently will usually
not have a big impact on performance, and they also provide

too little information to obtain a stable and useful entropy
number. Table 5 also lists the number of convertable branches
(branches for basic blocks that do not contain stores, I/O, sys-
tem calls, etc.), the number of branches converted by stan-
dard if-conversion and by our novel technique.

7.4 Results

Fig. 14 shows the performance improvement of the bench-
marks compiledwith our new if-conversion criterion relative
to standard if-conversion. We observe a distinctive improve-
ment beyond standard if-conversion for four of the bench-
marks. The largest improvements are obtained for bzip2,
omnetpp and sjeng, with improvements around 1.5 percent
and up to 2.4 percent compared to standard -O2. Our tech-
nique performs similarly to LLVM’s if-conversion for the
other benchmarks, with only gobmk suffering from a small
0.2 percent performance degradation, leading to a 0.66 per-
cent average performance improvement across all the bench-
marks. Interestingly, for all but one of the benchmarks, we if-
convert fewer branches than standard if-conversion, see
Table 5, while yielding better performance. This suggests we
apply if-conversionmore selectively and effectively.

In the remainder of this section, we will analyze these
results in more detail, starting with analyzing the converted
branches for bzip2, the best performing benchmark, and
then finding the reason for the poor performance of the
gobmk benchmark. We will also discuss the contributions of
entropy and taken rate separately, and we show results on
other machines.

7.4.1 Analysis of bzip2

To obtain more insight into why we improve performance,
we do the following experiment. We convert each of the
convertable branches of bzip2 individually, and evaluate
their impact on performance. Fig. 15 shows the sorted nor-
malized execution time (versus no if-conversion) of all con-
vertable branches (76 in total). Some if-converted branches
improve performance (zone I), while others degrade perfor-
mance (zone III). The majority of branches (zone II) have a
negligible impact on performance.

TABLE 5
Evaluated Benchmarks and Inputs, Along with the Number of
Convertable Branches and the Number of Branches Converted

by Standard If-Conversion and Our Technique

Convertable
branches

Converted
branches

Benchmark Input Standard New

astar BigLakes2048.cfg 76 19 31
bzip2 chicken.jpg 30 76 47 13
gcc 166.i 2,781 708 181
gobmk 13� 13.tst 520 180 127
h264ref foreman_ref_encoder 979 261 122
hmmer nph3.hmm swiss41 263 125 2
libquantum 1397 8 36 20 5
mcf inp.in 15 9 5
omnetpp omnetpp.ini 425 292 15
sjeng ref.txt 198 76 44

Fig. 14. A comparison of our new if-conversion technique compared to
the standard technique implemented in LLVM.

Fig. 15. Analysis of the impact of every single convertable branch on the
execution time for bzip2.
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The figure also indicates the branches that our technique
converts with a ‘�’, and the branches that standard if-con-
version converts are shown with a ‘þ’, (so branches with a
‘�’ are converted by both techniques). Compared to stan-
dard if-conversion, our technique converts fewer zone III
branches, which degrade performance, and more zone I
branches, which improve performance. However, we miss
one of the three branches of zone I, and we convert one
branch of zone III.

To explain the results, Table 6 listsmore information about
the three branches in zone I (branches 1 to 3) and the one
branch in zone III that we convert (branch 4). The second col-
umn lists the execution timewhen that branch is if-converted
(and only that branch), normalized to no if-conversion; this is
the number shown in Fig. 15. The next three columns contain
profile information of the reference run without if-conver-
sion: the number of times this branch is executed, its entropy
and its taken rate. The three columns on the right contain per-
formance counter data, showing the difference between no if-
conversion and converting that branch in terms of the num-
ber of committed instructions, the number of committed
branches, and the number of branchmispredictions.

The first two branches have a higher entropy than the
threshold and are thus converted by our technique. The first
branch behaves as expected: there are 582 million fewer
branches, which is about the number of times this branch is
executed, and there are 90 million fewer branch misses.
There are also fewer instructions, which can be explained
by the fact that for example a move and a branch instruction
can be converted to a single conditional move instruction.

The second branch behaves differently. Although it is
only executed 38 thousand times, converting this branch
reduces the number of instructions by 958 million, increases
the number of branches by 64 million, and decreases the
number of branch mispredictions by 107 million. Obviously,
this effect cannot be explained by the if-conversion of this
branch solely. An analysis of the code shows that due to
the if-conversion, other optimizations are triggered, with
secondary effects resulting in a performance improvement.

We observe different results for the third and fourth
branch. The third branch has an entropy of 0.03 and a taken
rate of 0.99, which suggests that this branch is highly pre-
dictable. If-converting this branch would normally lead to
performance degradation, because we then need to execute
the code that the branch always jumps over. However, we
notice a performance improvement. The number of
branches decreases with 12 million, which is about the num-
ber of times this branch is executed, but the number of
instructions also decreases considerably, which is unex-
pected. The number of branch mispredictions increases, but

apparently, this extra penalty is undone by the decrease in
the number of instructions due to the same code optimiza-
tion of last branch. These two branches are part of the same
code and converting one of these branches triggers an other
compiler optimization. If we would if-convert both
branches, they do not reinforce each other, on the contrary,
if-converting the third branch now introduces a perfor-
mance degradation, as predicted by the low entropy and
high taken rate.

Lastly, we consider the fourth branch in Table 6, which
has a high entropy, and a .5 taken rate, suggesting that it is
highly unpredictable. This seems like a good candidate for
if-conversion, but if-converting this branch leads to a perfor-
mance degradation. By looking at the performance counter
numbers, we again see unexpected behavior: the number of
branches decreases by 1 million only, while this branch is
executed 21 million times; this implies that new branches
were added. The number of mispredictions increases unex-
pectedly, suggesting that the newly introduced (and possi-
bly other) branches get mispredicted.

In conclusion, our premise that frequently executed high-
entropy branches should be if-converted holds. If-convert-
ing less frequently executed branches can sometimes result
in unpredictable behavior because of secondary effects, i.e.,
the code around the branch is rearranged, which causes a
larger (positive or negative) performance impact than the
impact of if-conversion. Nevertheless, our technique is still
superior to standard if-conversion, by identifying fre-
quently executed, hard-to-predict branches, and not if-con-
verting easily predictable branches.

7.4.2 Analysis of gobmk

The performance benefits of if-conversion are limited in
general—only few benchmarks benefit—yet we do not want
to degrade performance beyond standard if-conversion for
the benchmarks that do not benefit. We succeed in this,
except for gobmk, which shows a small performance degra-
dation of 0.2 percent. We find the reason for this slowdown
to be a mismatch between the profiling run and the refer-
ence run. We obtained this insight by using the reference
input, instead of the training input to collect the profiling
information. We observed the result as shown in Fig. 14 for
all benchmarks, except for gobmk which is shown in Fig. 16.
Using the reference input for profiling leads to a small perfor-
mance improvement compared to standard if-conversion.
We conclude that a more representative training input is
likely to solve the performance degradation of gobmk.

7.4.3 Branch Entropy versus Taken Rate

Our if-conversion criterion uses two criteria to decide
whether a branch should be if-converted or not: entropy,

TABLE 6
Profile and Hardware Performance Counter Information

for Interesting Branches in bzip2

Norm. Profile info Perf. counter change

exec.

time

# Dyn

½106�
Ent TaR Instrs

½106�
Branches

½106�
Misses

½106�
1 98.57% 581.39 0.442 0.319 �397 �582 �90

2 99.34% 0.04 0.235 0.581 �958 +64 �107

3 99.39% 11.40 0.030 0.985 �865 �12 +128

4 100.69% 21.28 0.975 0.499 0 �1 +51

Fig. 16. Performance improvement for gobmk relative to standard if-
conversion (-O2) for our technique using the reference input (Ref)
versus the training input (Train).
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which selects hard-to-predict branches, and taken rate,
which selects almost-never-taken branches. In this section,
we show the contribution of both metrics separately. Fig. 17
shows the performance improvement if we only take branch
entropy into account for deciding whether to if-convert a
branch (‘Ent’); if we only if-convert ‘if-then’ branches with a
near zero taken rate (‘TaR’); and the combination of both
(‘Ent þ TaR’, which is our proposed technique). As a refer-
ence, we also show the performance of not if-converting
any branch (‘NoIf’). Again, all the numbers are relative to
standard if-conversion (-O2). Only taking into account taken
rate yields an average execution time that is slightly worse
than standard if-conversion, but better than not converting
any branch. When using entropy only, there is already a sig-
nificant performance improvement over the LLVM’s if-con-
version. Combining both metrics, i.e., our proposed
technique, outperforms using the individual metrics.

7.4.4 Impact on Other Machines

To check whether our results are consistent across
machines, we evaluate the same binaries on two other pro-
cessor architectures: an Intel Core i7 with a Sandy Bridge
processor, and an Intel Atom with a Diamondville architec-
ture (two-wide in-order pipeline). On the Sandy Bridge
machine, the performance gains per benchmark are almost
exactly the same as on the Nehalem machine, hence we do
not show them here because of space constraints. Fig. 18
shows the results for the Atom processor. We observe simi-
lar results as for the Nehalem machine, however, now our
top-three performing benchmarks only get an average per-
formance improvement around 1 percent. The main reason
is the higher execution time on the Atom machine com-
pared to the Core i7: more than 5� on average and close to
8� for mcf. In contrast, the number of mispredicted
branches increases by 1:5� only (1:2� for mcf). So the
impact of branch behavior on the total execution time is
smaller than on the Nehalem machine, hence the smaller
performance impact of our if-conversion algorithm. Note
that the absolute performance improvement (decrease in
execution time) of our technique is larger than for the Core
i7 machines, but due to the large execution time, the relative
increase is smaller.

8 CONCLUSION

In this paper, we propose linear branch entropy, a branch
predictor independent characterization of the branch behav-
ior of an application. Linear branch entropy correlates well
with miss rate, which enables building a simple linear
model that estimates branch miss rates for multiple branch

predictors using a single branch entropy profile. The model
is more accurate than previously proposed branch classifi-
cation methods, and allows for exploring a large design
space using a single profiling run, as opposed to performing
multiple branch predictor simulations.

We show how linear branch entropy can be used to
classify and select benchmarks. Furthermore, the branch
predictor model enables comparing branch predictors. In
particular, we analyze the top-four predictors of the lat-
est branch predictor competition, and we find that they
perform differently on easy-to-predict and hard-to-pre-
dict branches. We also show how branch entropy can be
used to steer if-conversion in the compiler, resulting in
better performance compared to standard if-conversion
heuristics.
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