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Abstract

My research was a concerned with gaining an understanding of some program constructs
which create “hard to predict” branches, and figuring out how to use data-value information
to predict branches. I started with a low-level investigation of the source-level constructs
corresponding to the static branches with the most misses. Next, I investigated the pre-
dictability of register values leading up to these branches. I constructed several predictors
for some particular branches in an effort to improve accuracy by utilizing available program
information.

Data-values have the potential to help branch prediction accuracies a great deal — even
more than 20% accuracy improvement over gshare for particular branches — though work
remains to be done to determine an implementable, efficient method for exploiting this
potential.

This research was meant to provide some basic insight into the problem so that fur-
ther, more complete, studies could be done. The purpose of my research was not to be a
comprehensive study, but instead a time-effective investigation of possible heuristics to aid
branch-prediction. Finally, I contributed to a study of an implementable scheme which used
data-values to aid branch prediction.
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Section 1

Introduction

High branch prediction accuracy is desired in modern processors because it reduces pipeline
stalls due to branches and exposes more instruction-level parallelism for superscalar, multi-
scalar, or trace processors. Most conventional branch predictors use only branch history and
branch PC information to index into a predictor table. These predictors work very well for
the common case, but as Amdahl warned, the uncommon case then limits performance.

To accurately predict the remaining “hard to predict” branches, we must go beyond local
or global branch history. There are many other places to look: register values, patterns,
structural information, etc. If we can figure out what information is relevant to certain
classes of “hard to predict” branches, then we can design predictors which recognize and
exploit this information.

My research was focussed on two things:

1. to gain an understanding of some program constructs which create these “hard to
predict” branches, and

2. to propose mechanisms that use data-value information to predict branches.

This is not a comprehensive study. My research, and this report, was meant to provide
a first step so that further more complete studies could be done. One such study, a paper
submitted to the 26" International Symposium on Computer Architecture, is included in
Appendix A. Since this was a project, the scope of investigation was limited by available
time. I generally moved from small experiment to small experiment when I thought that
enough insight had been gained to move forward.



Section 2

“Bad” Branch Inspection

A first step in understanding how to build a better branch predictor is to understand why
conventional branch predictors behave poorly on some branches. In an effort to get a handle
on these “hard-to-predict” branches, I examined the source code constructs corresponding
to the 25 branches which contributed the most branch misses to the program run. The
programs examined were chosen from the SPEC95 suite.

2.1 Methodology

Simulations were done on a version of the simple, in-order SimpleScalar! simulator which
had been modified to do both conventional branch prediction and branch profiling. The
conventional branch predictor used was gshare with a 12-bit history, giving 4k entries. At
the end of a run, each static branch would have an associated count of the number of misses
it contributed to the total misses for the run.

After the run completed, each of the branches in the top 25 misses was traced back to
assembly-level and source-level code. In addition, graphs drawn to display the prediction
accuracy for these top 25 mispredicted branches and a cumulative miss distribution which
shows what fraction of the total run misses come from what fraction of the static branches.

2.2 Distribution of Misses

The distribution of misses as a function of number of misses per branch is important because
it shows whether most of the total program misses come from few branches which miss many
times, or most of the total program misses come from a larger number of branches which
miss fewer times. If most misses come from fewer branches which miss many times, then
it suggests that there are only certain cases which conventional branch-predictors do not
handle well.
The following graphs show the cumulative distribution of pairs:
(X misses per branch, total number of misses from branches with X misses),

'Douglas C. Burger, Todd M. Austin, “The SimpleScalar Tool Set, Version 2.0,” Univ. of Wisconsin -
Madison Comp. Sci. Dept Technical Report #1342, June 1997.



sorted in decreasing order by X. The value on the X-axis is merely the rank of the data-pairs
in sorted order. For example, the contribution of the right-most element is the sum of all
the misses which come from branches which miss once.

The naming convention is <program>-<input set>. For example, “cc-train” is the cc
benchmark training input.

2.2.1 cc-train

1.6e+07 T T T T T
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A curve which is initially steep and then flattens indicates that most of the misses come
from relatively few static branches. In this case, we can see that approximately 60% (10M
on Y-axis) of the misses come from branches whose number of misses is in the top 16% (500
on X-axis).

The “tail” on the right-hand end indicates how many misses come from branches which
have few misses. This number is large when there are lots of branches which are missed only
a small number of times. As the number of total static branches encountered increases, this
number increases because the total misses due to predictor training increases.




2.2.2 cc-knights
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2.2.3 li-train

1.6e+06 T T T T T T T T
Cumulative Miss Dist (spec95/li-train) ——

1.4e+06

1.2e+06

le+06

800000

integral of misses

600000

400000

200000 1 1 1 1 1 1 1 1
o 10 20 30 40 50 60 70 80 90
max miss/br . . . 1 miss/br

The lisp interpretor’s misses are highly concentrated in just a few static branches: approxi-
mately 60% of the misses come from only 8% of the branches.



2.2.4 perl-primes20
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2.2.5 perl-ungeek
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2.2.6 vortex-train

4e+06 T T T T T T T T T
Cumulative Miss Dist (spec95/vortex-train)

3.5e+06

3e+06

2.5e+06

2e+06

integral of misses

1.5e+06

le+06

500000 1 1 1 1 1 1 1 1 1
o 100 200 300 400 500 600 700 800 900 1000
max miss/br . . . 1 miss/br

2.2.7 Summary

As we can see from these graphs, the majority of the misses come from a relatively small
number of static branches. The misses are not evenly distributed over the branches in a
program.

From observing the graph “tails”, we can see that the impact of the training misses is
relatively small. Said another way, the sum of the misses from branches with few misses
is small compared to the sum of the misses from branches with many misses, the “bad”
branches.

2.3 Prediction Accuracy for “Bad” Branches

Another important issue to address is: how predictable are these “bad” branches? Do the
branches with the most misses have a low predictability? which causes the misses? Or do
they have more-or-less average predictability but the branch is executed so many times that
n * mispredict rate is very large?

To give some insight into this question, here are plots of the predictability of the 30
branches which have the most misses.

2,..in the context of the predictor: gshare.
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2.3.3
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2.3.5 perl-ungeek
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2.3.6 vortex-train
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2.3.7 Summary

If it were the case that all the branches which produce lots of misses were fairly unpredictable,
all of the points in the graph would have been below 75% or so. We can see that some of
these branches have high predictability (95% or so), and some have low predictability (50%
to 75%).

There is no strong correlation between branch predictability and how many misses it
produces. Some of these branches are more predictable but occur more often, and some are
less predictable but occur less often.

11



2.4 Program/Data Structures

The next step is to understand why some of these branches produce lots of misses. I focus
on why they are unpredictable: what are ways to improve the prediction accuracy for these
currently poorly-predicted branches? The other method for reducing the number of misses
is to reduce the number of times these poorly-predicted branches are executed, but that is
out of the scope of my research at this point as it might be better addressed by compiler
research.

My purpose at this point was to find common structures, or general cases, which caused
unpredictability. It was not to exhaustively explain every specific case.

I will go into detail for cc-train, and just include an explanation of the other programs
I examined. Full raw data for cc-train, cc-knights, and li-train is included at the end of the
report in the appendices.

2.4.1 cc-train

After examining the misses for cc-train, it was clear that the majority were similar in spirit
to the following cases. In cc-train, the first 4 worst branches stem from a common piece of
code in cse.c, the code for common subexpression elimination:

for ( hash=0 ; hash < NBUCKETS ; hash++ )
for ( p = table[hash] ; p ; p = p->next )

if ( p->exp->code != REG ) continue;
. misc code . .

)

O O W N~

cc-train-#1

Let’s call the branch with the most misses for cc-train cc-train-#1. It corresponds to line 4
of the above code segment.

The normal gshare predictor gets 71% for this test. This will be called the “buckets-data”
case because it is testing data which is indirect off a bucket linked list element pointer.

cc-train-#2

1 for ( hash=0 ; hash < NBUCKETS ; hash++ )
2 for ( p = table[hash] ; p ; p = p->next )

3

4 if ( p->exp->code != REG ) continue;
) . . misc code . .

6 }

12



The normal gshare predictor gets 76% for this test. This will be called the “buckets”
case because it is testing the bucket linked list element.

cc-train-#3

for ( hash=0 ; hash < NBUCKETS ; hash++ )
for ( p = table[hash] ; p ; p = p->next )

if ( p->exp->code != REG ) continue;
. misc code . .

}

SO W N~

This corresponds to the same source construct as cc-train-#2, but the compiler makes a
special case for the first iteration.
The normal gshare predictor gets 78% for this test. This is again the “buckets” case.

cc-train-#4

cc-train-#4 has the same structure as #1, #2, and #3, but it occurs at a different point in
the source code:

for ( hash=0 ; hash < NBUCKETS ; hash++ )
for ( p = table[hash] ; p ; p = p->next )

if ( p->exp->code != REG ) continue;
. misc code . .

}

SO W N

The normal gshare predictor gets 63% for this test. This is again the “buckets-data”
case.
The rest of the source code extracts are included at the end of this report.

Summary of cc-train

The majority of the misses are due to branches which test the contents of the table[] data
structure. This structure is mostly constant, but changes slowly as a small number (usually
less than 4) of elements are added or deleted from the linked lists which hang off of table[].

If table[i] has 3 elements hanging off of it, the branch pattern for the “p” (cc-train-#2) test
will be T T T N. If one of these is deleted, the new pattern will be T T N. Since gshare uses
global history, subsequent branches (ie, while processing table[i+1]), will not get the same
(“correct”) bimodal predictor as before, because the history has now changed. Even worse,

[13)]

as the data changes (“p”), the number of history bits which are affected changed because

13



now table[i] will contribute only 3 history bits instead of 4, so the mapping has changed
making correct prediction unlikely. I call this the “variable-length history problem”.

This history problem affects cc-train-#1, the case in which p->exp->code is tested, as
well. The data hanging off each linked list element is relatively constant as long as the
element is not deleted (or replaced). It should be possible to use the data values to help
solve this variable-length history problem.

A related problem is that if the code in the body of the loop contains many branches
unrelated to the data tested, the relevant history will be flushed out of the global history
buffer by the next iteration.

Another case which happens in cc-train is a case in which a very commonly called library
routine (from memset.c) is called from many many different places in the program. The
global branch history is “diluted” because it is called from so many places, whose histories
do not correlated. This problem also occurs in some recursive program structures. I will call
this the “history dilution problem”. It should be possible to help these branches by using
the caller ID or data information. I later addressed this problem by using data-values from
registers to form a local context. I never tried using caller ID information.

2.4.2 cc-knights

“Knights” is a short C program I wrote a few years ago to solve a modified knight’s tour
problem?. It is recursion-intensive and the “meat” of most functions are in the body of the
“return” statement. This is again a test of the C compiler.

As would be expected, the “buckets” and “buckets-data” cases are prevalent in the top
25 “bad” branches. The rest of the cases I believe behave badly because of the “history-
dilution problem”. The first worst branch is in a routine which recurses on a linear list,
thus polluting the history with a variable number of bits depending on the data in the list.
Another variation of the variable-history length problem is apparent in large compound tests:
the previous branches may not have any correlation to the current branch.

2.4.3 li-train

Most of the top 25 “bad” branches for the lisp interpreter are of the form “if ( p->value
== CONST )”. In the rest of the cases, the tested variable is the induction variable in a
linked-list traversal. I believe these branches are unpredictable because nodes are commonly
inserted and removed from the lists, which dilutes the global history. If the data on a certain

node changes slowly, then it should be possible to use data information (ie, “p”) to predict
what the test of “p->value” should yield.

2.4.4 perl-primes20

Most of the “bad” branches in perl-primes20 are in library routines and, not surprisingly,
have the “history-dilution” problem due to many callers.

3 A knight must move on a restricted chess board and end up at a certain position

14



2.4.5 vortex-train

Like, perl, lots of vortex’s “bad” branches are from library routines. This is interesting
because most are of the form “memcpy(dest, src, CONST)”, but they are called from so
many places that the history is diluted. We should be able to predict these all the time,
because the length (and thus pattern) is constant for each caller!

The rest of the “bad” branches for vortex-train test various attributes of database objects
or are related to whether or not a certain key was found. The attributes should be correlated
to the address of the object they reside in. This is very similar to the “p->exp->code” test
in cc-train. In that case, the data (“code”) was relatively constant with respect to the node
(“p”, or “exp”). In this case, the data is relatively constant with respect to the address of
the object address.

2.5 Summary Remarks
I have identified several effects which produce poorly-predicted branches.

1. “Popular subroutines” have a hard time getting useful history. Possible solution: keep
track of caller, or carefully choose data-values to use.

2. Program or data structures which produce a variable number of history bits as the
data changes — variable-length history problem. Possible solution: use data values or
structural information to keep the predictor “better synchronized” with data.

3. Control locality. The branches within the global history length may not have corre-
lation with the current branch, or the relevant history might be too far away. Each
branch has some previous code which is more relevant, so either focus on that history,
or figure out what is the globally “important” history.

Although this is not a comprehensive description of all the constructs, we now have an
idea of some heuristics which might be used to aid branch prediction.

15



Section 3

Data — Branch Correlation

As a next step in investigating possible methods for branch prediction improvement, I tried
to correlate some of the input data to the branch outcome. In effect, instead of the lookup
key being the low PC bits XOR’d with the global history as in gshare, the lookup key is
now a register value known some time before the time the branch is evaluated. The base
predictor is still a bimodal predictor.

The motivation for doing this was to measure the correlation between available data
values (e.g., “p”, “p->exp”, or “p->exp->code”) and the branch outcome. The “p->exp-
>code” case should have perfect correlation to the branch outcome, because it is the tested
value.

This experiment was only conducted for the cc-train “p->exp->code” related cases as
an intermediate step before moving to the full value-prediction experiments which follow in
the next sections. It is expected that addresses “closer” to the value tested should be more
highly correlated to the branch outcome. That is, “exp” should be more closely correlated
to the branch outcome than “p”.

3.1 Methodology

I modified the simulator so that when the PC for cc-train-#1 was encountered, in addition to
the gshare lookup and update, my special “correlated predictor” code was run. The outcome
of the “correlated predictor” (CP) was then tested for accuracy against the actual outcome.
At the end of the run, the prediction accuracy for both gshare and the CP are available for
comparison.

In addition, a third value was generated: the accuracy of a predictor which was correct
if either CP or gshare was correct. This value will show if the CP predicts correctly when
gshare does not.

The simulations were run on the “p->exp->code == CONST” case (cc-train-#1), for
the first 200,000 executions of the static branch (to limit execution time).

16



3.2 Results

‘ (accuracy %) H p ‘ exp ‘ code ‘
gshare || 77.7 | 777 | T0.7

CP || 64.2 | 99.9 | 99.998

gshare + CP || 91.7 | 99.97 | 99.998

For example, when the branch outcome was predicted based on the value of “p”, the
accuracy was 64.2%. When it was predicted on “exp”, the accuracy was 99.9%, and when it
was predicted based on “code”, the accuracy was 100% minus one training miss per unique
data value.

3.3 Summary

In this data structure, data within the nodes rarely changes. Changes are mostly nodes being
added or deleted. This is why the accuracy of correlation on “exp” is so high. Correlating
on “code” is equivalent to just evaluating the branch. From the last row, we can see that
the correlated predictor does indeed predict correctly for some cases that gshare does not.

Instead of dwelling on this, I chose to move on to doing full value prediction to figure out
how predictable branch inputs are, and if the branch outcome can be predicted using the
value-prediction mechanism.

17



Section 4

Value Prediction

Although data correlation was somewhat interesting, to get any real improvement, we need
to know the data value sooner. If data values could be predicted (for example, the “exp”
in “p->exp->code”), then we could either continue evaluation or simply use a correlation
of the predicted value to the branch outcome. Either way, we need some sort of idea how
predictable tested values are.

4.1 Simple Value Prediction

4.1.1 Methodology

A context-based value predictor was used to predict values near the branch test value.
Context-based value predictors use the last n values produced' by an instruction as the
key to a base predictor, which in this case was bimodal-ish in that it would only change to
a new value on the 2"¢ miss.

In addition, to approximate multiple predictions into the future (i.e., speculative update),
an offset parameter is available to increase the distance between the history window and the
predicted next value. This offset is zero for a normal predictor.

In all of my value predictor experiments, there were no key-space hashing collisions (ie,
an infinite table).

4.1.2 Results

I chose the following cases to run simulations because of two reasons:
1. they contributed many misses, and

2. they were code constructs to which value prediction could easily be applied in an
intuitive sense.

L .. or consumed.

18



cc-train-#1

‘ histlen ‘ offset ‘ exp ‘ code

1 0 0.604 | 0.323
2 0 0.831 | 0.515
4 0 0.829 | 0.771
3 0 0.830 | 0.817
10 0 0.823 | 0.845
20 0 0.784 | 0.800
10 1 0.784 | 0.808
10 2 0.753 | 0.771
10 3 0.723 | 0.743
10 4 0.695 | 0.718
10 ) 0.672 | 0.698
10| 10 | 0.588 | 0.624
10| 20 | 0.480 | 0.543

The prediction accuracy starts off low, increases to a maximum plateau, and then de-
creases as the history length gets long. For very short history length, the accuracy is not as
good because there is not as much information used in the prediction. Long history lengths
have too much history dilution due to history changes.

The accuracy for “exp” is better for short history lengths because it has many values
which are unique, while “code” has less than 10 different values which are not unique in the
data structure.

As the offset is increased, the accuracy decreases. Data values have locality too!

In this case, “code” can only beat gshare for history length > 4 and not more than 5
iterations into the future.

I will merely summarize the rest of the data, as long lists of numbers are not interesting.

cc-train-#2

This is the “p” case. Gshare has an accuracy of 76%, and for no length of history length
does the value predictor beat gshare!

cc-train-#4

[1)]

Again, the “p->exp->code” case. I found that the value prediction accuracy on “p” cannot
beat gshare’s branch accuracy.

For “exp”, the value predictor can beat gshare for history lengths greater than 1 for the
next-value. Predicting more than 1 iteration into the future requires more history to beat
gshare: for 2 iterations, history length of 3 is required.

For “code”, the value predictor beats gshare for the next-iteration when the history length
is greater than 3. Predicting more than 1 iteration into the future requires more history to

19



beat gshare: for up to 2 iterations, history length 4 or greater is needed. For 3 iterations
into the future, 5 history values are needed.

li-train-#1

The branch in question is “this->flags & CONST”. Gshare already has a 80% accuracy. The
VP predicts “this” at most 12.4% better than gshare at histlen 2. The VP predicts “flags”
at most 8% better than gshare at histlen 23, but doesn’t beat it at all until histlen 13 —
much too long!

li-train-#2

The branch test is “prev->n_cdr”, and gshare has 67% accuracy. The value predictor does
better on “prev” for any history length, but “n_cdr” only beats gshare with history length
> 10 — much too long.

li-train-#3

The branch test is “prev->n_flags & CONST”, and gshare has 86% accuracy. With only
histlen 2, “prev” has 93.6% accuracy, but “n_flags” has only 62.1%. Unfortunately, “n_flags”
never beats gshare, but “prev” still maintains 92% looking 3 iterations into the future.

4.1.3 Summary Comments

I ran a number of other runs similar to those listed above. The results did not suggest
anything conclusive with regard to how useful predicting these value will be for the purpose
of evaluating the data to get the branch outcome. In some cases the values were predictable
with small or moderate history length, but in other cases gshare nearly always beat the value
predictor. I think this suggests that this mode of value prediction alone is not the answer.

4.2 Adaptive Value Prediction

Remember the cc-train-#1 case: a long string (“row”) of values. When one node is added or
deleted from the middle of the list, the disruption will probably cause histlen misses while
the new value is passed through the history FIFO. Intuitively, it seems as though something
intelligent could be done if the disruption could be detected so less misses are produced.

for ( hash=0 ; hash < NBUCKETS ; hash++ )
for ( p = table[hash] ; p ; p = p->next )

if ( p->exp->code != REG ) continue;
. misc code . .

}

OOl s W N~
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One way to compensate for disruptions is to take advantage of structural information.
In this code segment, when we come upon line 1 the first time, we know the data pattern is
starting over. In addition, we know when we enter a new linked list because a new value of
“hash” is produced (“hash++” in line 1). We can use this information to stay on track.

4.2.1 Row Techniques

I tried several techniques to try to resynchronize the value predictor each time the sequence
was started over. This should prevent disruptions within histlen of the end of the previous
row (the last time this code sequence was executed) from causing mispredicts near the
beginning of this row.

Reset Histlen on Reset

The first method I tried was to reset histlen to 0 when the outer loop was started. Besides
the normal hash table of predictors, a separate “length0” predictor existed holding the last
first value. As the loop continued, the second branch test would use histlen 1, and histlen
would be incremented once per update until it was back to the normal value. When using a
deficient histlen (less than the maximum value), the system looks up the last predictor that
matches the short history.

The following table shows accuracy for the normal and adaptive predictors. The value
being predicted is “code”.

‘ max histlen ‘ normal ‘ adaptive ‘

1] 0.251 0.355
2| 0.533 0.538
3| 0.696 0.686
41 0.769 0.760
9| 0.813 0.794

For histlen 1, the adaptive works better because all history is only 1 — the same as the
“length0” special predictor. We avoid misses when the tail of the previous row changed. For
the other cases, this effect is smaller, and eventually smaller history becomes a liability when
it is a sub-sequence which occurs somewhere else.

Stuff History on Reset

Since the adaptive length did not work well in the previous experiment, I tried to just
inject a number (approximately histlen) of constant values into the history buffer on a reset
(starting the algorithm again). This is better because now all lookups use the full history.
The constant chosen was a constant value which did not occur in the natural value stream.
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histlen | normal ‘ adaptive ‘

1] 0.251 0.292
2| 0.533 0.546
3| 0.696 0.705
41 0.769 0.778
9| 0.813 0.818

The adaptive predictor does work better than the normal predictor. The improvement
is slight because the average length of the string of values (the number of nodes in the
structure) is long compared to the number of disruptions near the tail end. (Disruptions are
fairly randomly distributed.)

nValue Base Predictor

After having some success with an adaptive technique, I thought that perhaps there is a
better base predictor than a bimodal-type value predictor. As I was going through the value
streams by hand, I thought that it might be a good idea to keep several candidate values
with a count of how many times it was the correct prediction and then on a lookup choose
the value with highest count. I started with n = 1.

| histlen | bimod-ish | nValue (n=1) | (n=2) | (n=8) |

1 0.251 0.169 0.251 | 0.405
2 0.533 0.471 0.430 | 0.498
3 0.696 0.667 0.471 | 0.554
4 0.769 0.773 0.565 | 0.620
3 0.813 0.835 0.678 | 0.697

These results were surprising! They show that for the histlen 4 and histlen 5 cases, it is
better to change to a new value right away rather than have hysteresis like a bimodal-type
predictor!

Another interesting but not as surprising result is that for very short history lengths (1 or
2), an nValue predictor with large n (2, 8) can do better than a bimodal predictor or nValue
(n=1). For example, for history length 1, the nValue (n=8) predictor works well because it
keeps track of, for example, all the different things that come after A: AA, AB, AC, AA,
AD, etc, where the bimodal-ish and the nValue (n=1) keep track of a small number (1 or 2).

Once data changes, it is not likely to change back, so it is advantageous to update the
predictor immediately for moderately long history lengths (3-5).

4.2.2 Bucket-Based Techniques

Previously, the only structural information I used was reset, that is, the beginning of the
value sequence. We also have more information: the outer loop counter! To help solve the
old variable-length history impact problem, we can notice when we start a new linked list
(ie, moving from tableli] to table[i+1]) and try to make sure the value prediction mechanism
is caught up.
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Stuff Const on Outer Loop

Each time “hash” is incremented, a constant is inserted into the value history buffer. These
runs also use the nValue (n=1) base predictor. Again, the constant chosen was one which
did not occur in the natural value stream.

| histlen | normal | stuff

1] 0.158 | 0.229
2| 0.455 |0.431
31 0.650 | 0.618
41 0.763 | 0.736
5| 0.827 | 0.810
6| 0.843 | 0.870
7| 0.847 | 0.888
8| 0.847 | 0.902
9 0.842 | 0.902
10 | 0.835 | 0.900

This method yields almost a 5% increase for moderately long history lengths.

Stuff Many Const on Outer Loop

Each time “hash” is incremented, histlen constants are inserted into the history buffer. I
tried this method for completeness, but its performance was abysmal.

Stuff Hash on Outer Loop

Each time “hash” is incremented, the value of hash is inserted into the value history buffer.

| histlen | normal | stuff

1| 0.158 | 0.657
2| 0.455 |0.891
31 0.650 | 0.920
41 0.763 | 0.923
o | 0.827 | 0.921
6| 0.843 | 0.919
7| 0.847 | 0.914
8| 0.847 | 0.910
9| 0.842 | 0.906
10 | 0.835 | 0.900

As would be expected, this predictor uses more information than the “Stuff Const on
Outer Loop” predictor, and so achieves almost 30% better accuracy at histlen 3. Instead of
only knowing that there has been a transition, the predictor now also knows where it is in

the sequence.
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Catenate Hash

Keep regular value history, but catenate the current value of “hash” to the lookup key, which
is now histlen history values along with the value of hash.

| histlen | normal | stuff |

1| 0.158 | 0.792
2| 0.455 |0.923
31 0.650 | 0.918
41 0.763 | 0.913
5| 0.827 | 0.906
6| 0.843 | 0.897
7| 0.847 | 0.887
8| 0.847 | 0.879
9| 0.842 | 0.871
10 | 0.835 | 0.862

This prediction scheme is very good! With only two history value, it can get over 90%
accuracy. The previous method, “Stuff Hash on Outer Loop”, adversely impacted the history
by adding values. This method keeps the history intact and in effect makes each linked list
have independent history modulo the boundary conditions.

4.3 Conclusion

The main purpose of these experiments was to investigate different ways to combine values
to increase value-prediction accuracy. In addition, we saw that when dealing with a single
value stream, it is better to change the value after one miss instead of using hysteresis.

With the potential for using value-prediction demonstrated here, I chose to move on to
applying this directly to the problem of branch-prediction.
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Section 5

Hybrid Branch Predictor

In the previous section, we saw that with a history length of only 2, if the value of “hash”
was catenated onto the lookup key, a value-prediction accuracy of 92.3% could be attained
for a particular branch. The next experiment applied this method to predicting the branch
outcome.

5.1 Methodology

The prediction scheme used in these experiments was fundamentally a context-based value
predictor which had been modified so that instead of predicting the next value in the stream,
it predicts the branch outcome based on the context. In other words, the trained next-value
outcome comes from a different value stream than the history values used as the lookup key.
Additionally, an extra value can be catenated to the key for lookup, for example, if the value
stream is “code” in “p->exp->code”, then “exp” might be catenated to the key to add more
information to the predictor.

5.2 Results

Because this is a much more directly useful result than simply predicting the value in the
previous section, I simulated more cases, with the following in mind when selecting which
cases to try:

1. choose those which are characteristic of a certain program construct type, and
2. choose those which miss very often.

For comparison purposes, I ran the old bimodal-type, the nValue n=1, and n=2 predictors
with both hash catenation and no hash catenation. Again, this is from the cc-train-#1 case.
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histlen ‘ bimod, no hash ‘ bimod, hash ‘

1 0.641 0.911
2 0.739 0.930
3 0.818 0.924
4 0.846 0.917
) 0.869 0.908

histlen | nValue (n=1), no hash | (n=1), hash |

1 0.504 0.873
2 0.644 0.934
3 0.779 0.931
4 0.839 0.926
) 0.878 0.918

Here again, with only a history length of 2, with hash catenation, we get a prediction
accuracy of 93.4%! This is about 1.1% more than the “code” value prediction accuracy
(92.3%). This difference is because while the value predictor must get the value exactly
right, the branch outcome is only 0 or 1, thus the aliasing helps the accuracy.

| histlen | (n=2), no hash | (n=2), hash |

1 0.653 0.839
2 0.680 0.875
3 0.720 0.883
4 0.757 0.892
5 0.811 0.893

The nValue (n=2) predictor does not change as fast as the bimodal-type predictor, so it
performs worse.

5.2.1 Expanded Results

The follow data was collected during Summer 1998 to expand results for the hybrid predictor,
with outer-loop catenation, with the nValue predictor (n=1). I chose the following cases
because they had an obvious outer loop counter or induction variable which could be used
for catenation.

cc-train-#1

Without Catenation: (“histlen” is the value history length, and “ofs” is the offset of the
history into the future, eg, ofs=0 predicts the next value.) Gshare gets approximately 75%
on this branch.
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histlen, | ofs=0 | ofs=1 | 2 | 3

1] 0.504 [ 0.540 | 0.555 | 0.541
0.644 | 0.641 | 0.606 | 0.629
0.779 | 0.746 | 0.739 | 0.727
0.839 | 0.823 | 0.805 | 0.788
0.878 | 0.855| 0.832| 0.822
0.877 | 0.854 | 0.838 | 0.824
0.869 | 0.851 | 0.833 | 0.823
0.860 | 0.844 | 0.829 | 0.816

0| DO x| W N

With Catenation:

‘ histlen, ‘ ofs=0 ‘ ofs=1 ‘ 2 ‘ 3 ‘
11 0.873 | 0.894 | 0.879 | 0.865
0.934 | 0.925 | 0.918 | 0.913
0.931 | 0.923 | 0.915 | 0.911
0.926 | 0.916 | 0.908 | 0.899
0.918 | 0.906 | 0.896 | 0.889
0.907 | 0.895 | 0.885 | 0.875
0.895 | 0.885 | 0.873 | 0.866
0.885 | 0.874 | 0.864 | 0.855

O J| O O | WD

cc-train-#2

Without Catenation:

| histlen, [ ofs=0 ofs=1| 2 | 3 [ 4 [ 5 |
1]0.651 | 0.636 | 0.632 | 0.617 | 0.621 [ 0.614
0.759 | 0.737 | 0.745 | 0.715 | 0.702 | 0.680
0.808 | 0.779 | 0.761 | 0.734 | 0.718 | 0.701
0.794 | 0.762 | 0.737 | 0.715 | 0.697 | 0.677
0.738 | 0.713 | 0.690 | 0.670 | 0.652 | 0.634

Ol | W N

With Catenation:

| histlen, | ofs=0 ofs=1] 2 | 3 [ 4 [ 5 |
1]0.924 | 0.729 | 0.693 | 0.670 | 0.676 | 0.664
0.884 | 0.770 | 0.753 | 0.737 | 0.725 | 0.708
0.830 | 0.762 | 0.739 | 0.712 [ 0.697 | 0.670
0.768 | 0.720 | 0.690 | 0.662 | 0.640 | 0.615
0.706 | 0.666 | 0.634 | 0.606 | 0.583 | 0.561

Ol | W N

Gshare predicts this branch with approximately 77% accuracy. With small offset and
short history, the hybrid predictor with catenation can improve considerably (77% vs. 92%).

27



cc-train-#3

This case comes from the same code as cc-train-#2, but the compiler produced a special
case, yet it is still a highly-missed branch. Gshare gets approximately 79% on this branch.
Without Catenation:

| histlen, [ofs=0 |ofs=1] 2 | 3 | 4 | 5 |
1] 0.793 | 0.773 | 0.793 | 0.793 | 0.827 | 0.813
0.756 | 0.762 | 0.767 | 0.788 | 0.776 | 0.772
0.728 | 0.717 | 0.729 | 0.726 | 0.721 | 0.728
0.701 | 0.693 | 0.689 | 0.685 | 0.688 | 0.684
0.653 | 0.650 | 0.646 | 0.647 | 0.646 | 0.639

O | W N

With Catenation:

‘ histlen, ‘ ofs=0 ‘ ofs=1 ‘ 2 ‘ 3 ‘ 4 ‘ 5 ‘
11 0.908 | 0.901 | 0.903 | 0.902 | 0.904 | 0.899
0.832 | 0.829 | 0.829 | 0.827 | 0.822 | 0.820
0.771 | 0.769 | 0.770 | 0.766 | 0.764 | 0.760
0.717 | 0.716 | 0.715 | 0.712 | 0.708 | 0.706
0.666 | 0.664 | 0.663 | 0.659 | 0.655 | 0.652

O | W N

This does even better for very short history lengths (eg, 1) because it is nearly always
the same with respect to “hash” — this branch is the “p” for only the first iteration of the
inner loop.

cc-train-#4

This case is similar, but not quite the same as cc-train-#1. Gshare gets only 61% on this
branch.
Without Catenation:

| histlen, | ofs=0 [ ofs=1] 2 [ 3 |
1]0.542 | 0.564 | 0.562 | 0.560
0.654 | 0.601 | 0.593 | 0.582
0.729 | 0.677 | 0.659 | 0.636
0.792 | 0.744 | 0.721 | 0.692
0.834 | 0.791 | 0.760 | 0.738
0.846 | 0.806 | 0.782 | 0.763
0.836 | 0.805 | 0.786 | 0.768
0.823 | 0.800 | 0.782 | 0.762

O J| O O | W DN

With Catenation:
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histlen, | ofs=0 |ofs=1| 2 | 3 |

1]0.795 | 0.798 | 0.793 | 0.787
0.853 | 0.842 | 0.836 | 0.828
0.863 | 0.856 | 0.844 | 0.843
0.871 | 0.852 | 0.846 | 0.835
0.861 | 0.846 | 0.833 | 0.822
0.850 | 0.833 | 0.821 | 0.807
0.835 | 0.820 | 0.807 | 0.793
0.823 | 0.807 | 0.793 | 0.781

0| DO x| W N

In this case, “hash” catenation has a significant effect for histlen > 2, and performance
is not degraded very much with increased window offset.

cc-knights-#2

This is another case with an outer loop counter which can be catenated. Gshare gets 71%
on this branch.
Without Catenation:

‘ histlen,

ofs=0|ofs=1|] 2 [ 3 | 4 |
0.874 | 0.839 | 0.812 | 0.792 | 0.783
0.863 | 0.848 | 0.828 | 0.816 | 0.803
0.826 | 0.813 | 0.796 | 0.779 | 0.768
0.797 | 0.784 | 0.764 | 0.750 | 0.738
0.763 | 0.748 | 0.732 | 0.719 | 0.708
0.727 | 0.716 | 0.701 | 0.689 | 0.677
0.694 | 0.683 | 0.670 | 0.658 | 0.647
0.663 | 0.653 | 0.640 | 0.629 | 0.619

O J| OO | W N~

With Catenation:

| histlen, [ ofs=0 |ofs=1| 2 [ 3 | 4 |
11 0.948 | 0.925 | 0.912 | 0.900 | 0.890
0.884 | 0.864 | 0.846 | 0.829 | 0.815
0.837 | 0.813 | 0.792 | 0.773 | 0.757
0.794 | 0.770 | 0.747 | 0.728 | 0.712
0.755 | 0.730 | 0.708 | 0.690 | 0.673
0.718 | 0.694 | 0.673 | 0.655 | 0.637
0.683 | 0.660 | 0.639 | 0.621 | 0.605
0.650 | 0.628 | 0.608 | 0.591 | 0.575

0| OO x| W N

cc-knights-#3

This is another case which tests “p”. Gshare gets 69% on this branch.
Without Catenation:
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histlen, ‘ ofs=0 ‘ ofs=1 2 ‘ 3 ‘ 4 ‘

1] 0.881 | 0.848 | 0.822 | 0.800 | 0.798
0.872 | 0.859 | 0.841 | 0.831 | 0.822
0.835 | 0.827 | 0.812 | 0.798 | 0.788
0.809 | 0.798 | 0.781 | 0.771 | 0.763
0.777 | 0.766 | 0.755 | 0.744 | 0.733
0.747 | 0.739 | 0.72