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Abstract— This paper examines several mechanisms to im-

prove the performance of life science applications on high-
performance computer architectures typically designed fo more
traditional supercomputing tasks. In particular, we look at
the detailed performance characteristics of some of the mos
popular sequence alignment and homology applications on th
POWERS5 architecture offering from IBM. Through detailed
analysis of performance counter information collected fran the
hardware, we identify the main performance bottleneck in the
current POWERS architecture for these applications is the tigh
branch misprediction penalty of the most time-consuming kenels
of these codes. Utilizing our PowerPC full system simulatio
environment, we show the performance improvement afforded
by adding conditional assignments to the PowerPC ISA. We ats
show the impact of changing the number of functional units to
a more appropriate mix for the characteristics of bioinformatics
applications. Finally, we examine the benefit of removing th two-
cycle penalty currently in the POWERS architecture for taken
branches due to the lack of a branch target buffer. Addressig
these three performance-limiting aspects provides an avage
64% improvement in application performance.

|. COMPUTATIONAL BIOLOGY AND
HIGH-PERFORMANCE COMPUTING

are often combinatoric and NP-complete.

Previous work presented the BioPerf benchmark suite [5],
[6], which represents a wide variety of applications seldct
from computational biology and Bioinformatics. In this gap
we focus on the performance of sequence alignment and
homology applications on the POWERS architecture. Most se-
guence alignment applications are integer-based, cointag:
ular data structures, exhibit a higher percentage of loadys
instructions, and utilize conditional branches that apecgily
difficult to predict. Thus, special effort needs to be made to
include the performance profiles of these applications into
designing future systems. Due to the fact that current high-
end architectures have not been primarily designed with thi
class of applications in mind, and given its rising impoc&n
in the arena of high performance computing, we are intedeste
in uncovering limitations in current architectures and ifirgd
architectural trade-offs that can benefit computationaldgjy
without degrading performance of traditional supercorimgut
workloads.

Through detailed analysis and simulation results, we find
that we achieve a performance improvement of more than

With the discovery of the structure of DNA and the devele0% through the use of new instructions and predicated
opment of new techniques for sequencing the entire genomébadinches in specific functions where the branch misprexdicti

organisms, biology is rapidly moving towards a data-inise®s penalty is high. We also explore other issues for enhancing
computational science. Biologists search for bio-molaculperformance, including an increased number of fixed-point
sequence data to compare with other known genomesuinits to better suit the instruction profiles of bioinforicat
order to determine functions and improve understanding wbrkloads, and reducing the latency of taken branches girou
biochemical pathways. This understanding can lead to skseghe inclusion of a tiny Branch Target Address Cache (BTAC).
prevention and cure, and an understanding of the mechanigrrslly, we show the performance improvement for each of
of life itself. Computational biology has been aided by récethe applications from each of these steps individually, and
advances in both technology and algorithms, such as thigyabiivhen applied together. Our results demonstrate the impoeta

to sequence short contiguous strings of DNA and from theséarchitectural research for Bioinformatics workloadsisid-

to reconstruct the whole genome [1], [2], [3]; and the prolifering the difference in their performance profiles from past
eration of high-speed micro array, gene, and protein chips [supercomputing applications.

for the study of gene expression and function determination
These high-throughput techniques have led to an expohentia
growth of available genomic data. Many new challenges in We have analyzed the performance of four popular Bioinfor-
Bioinformatics require high-performance computing due tmatics applications Blast, Clustalw, FastaandHmmer. These
either their massive parallelism or optimization diffieedtthat four applications encompass the sub-field of sequence sisaly

1. APPLICATION OF SEQUENCEANALYSIS



in computational biology. As one of the most commonly 120

performed tasks in Bioinformatics, sequence analysis ésl us g o
to solve the problem of finding similar or different sequence

of nucleotides or amino acids. Pairwise alignment finds its
application in similarity searching where uncharacteatibet
sequenced “query’genes are scored against vast datalfases ¢
characterized sequences.

Theblastp executable, part of the Blast package, is a widely-
used tool for searching protein databases for sequence sim-
ilarities. The new gapped alignment algorithm implemented
in a recent version of Blast uses dynamic programming to
extend a central pair of aligned residues in both directions Blast Clustaw  Fasta  Hmmer
[7]. Ssearch34.t, part of Fasta, performs a pairwise sequence
comparison using dynamic programming with the Smith- Fig. 1. Function-wise breakout of Blast, Clustalw, Fastaj &immer
Waterman [8] algorithm. It identifies disjointed regionstime ) . .
two sequences that are similar to each other. This step taked® P€gin our analysis, we used tgprof tool to determine
up almost 99% of the total runtime. Clustalw is a progressiVB€ four most time-consuming functions for each applieatio
multiple sequence alignment application that takes thregss AS Shown in Figure 1, all the applications except Blast spend
to complete an alignment. In the first step, all sequences &8re than half of the execution time in a single function:
compared pairwise using the global Smith-Waterman algb? Viterbi for Hmmer,forward_pass for Clustalw, anctiropgsw
fithm. This step performs a total 0?% alignments for for Fasta_. Blast spends more than 40% of the execution time in
n sequences. A cluster analysis is then performed on eachif§f functionSEMI_G_ALIGN_EX. More importantlydynamic
the scores for the pairwise alignment to generate a hieyard°9ramming is employed in all of these functions. For all
for alignment (guide tree). The alignment is built by addinfFSUlts shown in this paper, we use the largtass-C inputs
one sequence at a time, based on the guide tree. Findllgiuded in the BioPerf [5] suite.
the Hmmpfam binary, part of Hmmer, aligns a sequence with Among these four applications, Blast, Clustalw, and Hmmer
a database of hidden Markov models constructed previous§e much shorter alignment data than Fasta. However, they
from biological sequence families. Each of these alignsierfiXécute the dynamic programming kernel multiple times. As
are performed using either the Viterbi algorithm [9] or the-f @ result, the dynamic programming functions take up most
ward algorithm. For further details on Blast, Clustalw, as pf the execution time, and small performance degradations

and Hmmer, refer to [7], [10], [11], and [12] respectively. N the dynamic programming kernel will lead to a large
increase in execution time. Other research [16], [17], [18]

I1l. CURRENT PERFORMANCE OFBIOINFORMATICS has shown that dynamic programming is not only common in
KERNELS ONPOWERS sequence analysis and comparison, but is also fundamental t

We examined the performance of four applications frof#any solutions in phylogeny and secondary structure protei
the BioPerf suite when executing on a 1.65 GHz IBM eServefediction. These areas comprise a large part of the rdsearc
OpenPower 720 [13] with the POWERS5 processor and 16@Bcomputational biology. Therefore, any effort to optimihe
of system memory. The applications were compiled with tf&/namic programming kernel will improve the performance of
GCC (version 4.1.1) compiler using the -O3 optimizatioreley Many other computational biology applications.

We choose the metric “instructions per cycle”, or IPC, as our Because dynamic programming kernels are common and
measure of performance. This indicates the average nunibetie-consuming for many sequence analysis packages and
instructions the superscalar processor was able to commitcpmputational biology as a whole, we sought to optimize
a single cycle. Obviously, for a fixed number of instructionghe performance of this kernel for maximum performance
a higher IPC indicates better performance. The POWERS5imgprovement for each application. We analyzed the dynamic
an eight-way issue processor, but other pipeline stages lilrogramming approaches in each of these kernels at the
the commit throughput to five instructions per cycle at mogarchitecture level by collecting hardware performancenters
Typically, an IPC of above 2 is considered quite good for th@ata. We concentrate on the data for Clustalw, although the
architecture. results are generally applicable to the other three package

Previous data on sequence alignment applications havell.
shown that they have negligible floating point operations bu POWERS5 processors have 140 different performance
a higher percentage of loads/stores and branch instrgcti@ounter groups, each of which provides six counters to roonit
compared with more traditional high performance computirgix different events dynamically at certain intervals. [€ab
benchmarks such as SPEC [14]. Most of the branch instrigtiows the level 1 data (L1D) cache miss rate, the percentage
tions are conditional branches with a high branch misprediaf branch mispredictions due to incorrect direction prédic
tion rate [15]. Branch misprediction is the primary reason f and the completion stalls represented as a percentageadf tot
the low IPC numbers for these applications (See Table I). execution cycles. Note in particular that although thegdiap

0 3rd most time-
consuming function

B 2nd most time-
consuming function

m Most time-cansuming
function




% Mispredicted Branches Stalls due
Application | IPC | L1D Miss Rate | Due to Incorrect Direction| FXU instructions
Blast .9 3.9% 99.98 % 14.9%
Clustalw 1.1 0.1% 99.8% 25.3%
Fasta .8 1.3% 99.8% 14.3%
Hmmer 1.0 1.5% 96.8% 5.7%
TABLE |

HARDWARE COUNTER DATA FOR BLAST, CLUSTALW, FASTA, AND HMMER

cations have an extremely low L1D miss rate, the IPC is not Data : (1) Two sequence,; and S, of lengthm andn
particularly high, confirming our supposition that somethi respectively
other than cache performance is limiting overall applaati (2) Gap initiation penalty ofiV, and a gap
performance. , n extension penalty ofV,

Figure 2 shows how the IPC and branch misprediction rate (3) Four two-dimensional matricaé E, F, G for
vary with time for the Clustalw application. This applicati storing the intermediate values
exhibits a very high L1D cache hit rate (over 99.5%). As e B.1)V(i,0) = E(i,0) = —W, — iW,
denced by Figure 2, the IPC tracks the variations in the tiranc (3.2) V(07 i) = F(é J) = W W,
prediction rates for this application. Anywhere from ong- (4) Wi, ,which is,the scorge of éligning the
in-five to one-in-eight branches is mispredicted in Clwgtal ith cheiracter of theS; sequence with thg'"
depending on the phase of the application. There are two character of thes, sequence.
components to branch prediction: predicting branch divact
and predicting the branch target address. Table | indigchtds
nearly all branch mispredictions shown in Figure 2 are due
to incorrectly predicting branch direction. In other wards
is very difficult to predict whether a branch in this code wil
be taken or not taken. Contrast this with loop-based codes,
in which every branch ending a loop is generally correctly

Result The alignment scor& (4, j) obtained by aligning
the S; sequence with thé&, sequence.
begin
while i + 4+ < m do
while (j ++ < n) do

predicted as taken except for the last iteration of the loop, 8 g(z.’j.) i v _[b}’? ‘__1)1+“;Vi.j 1)
The performance of this workload on POWERS is hindered (i, j) = max(E(i, j = 1), V(5,7 = 1)
; . ) Wyl — W
by the large number of branch instructions. Adding to the @) F(i, j) = Fli—1,7),V(,j—1)
inherent unpredictability of the branches in this type oflap W, Z"/Ij/ = max[F(i —1,7),V(i,j —1) -
gl — s

cation, each taken branch, whether predicted or not, ingufs
2-cycle delay (3-cycle if SMT is enabled) during which the
next value of the program counter is calculated. This pigel] end
“bubble” can add significant time to an application’s exémut
if the percentage of taken branches is high. In Section VI,

we experiment with eliminating this penalty and measure the, o o o
resulting performance improvement. misprediction rate, resulting in frequent pipeline fluslaes!

A further analysis of the source code of the Clustanperformance degradation. These results point to the proble

package reveals that the functitorward_pass takes up more of the branch mispredictions as being the most important
than 99% of the run cycles for thgairalign function. The factor for.th'e performance of tr_lese appllcatlons. Due to the
forward_pass function corresponds to the Needleman-Wunsd{taracteristics of the workload, improving the accuracshef

alignment algorithm, an extension to the Smith-Watermaffanch predictor would be difficult and may not be applicable

algorithm. The pseudo code below describes the Smitrﬁ’-Other workloads. Therefore we look for solutions othamth
Waterman approach. improving the branch predictor to address this problem.

The max statements in the code example are implemented
in the source code as short conditional statements(¢ <
b) a = b). In the assembly, these conditional statements areGuided by the analysis provided thus far, this section
translated into compare and conditional branch instrastio suggests additional hardware and software mechanisms to
For example, thdorward_pass function in Clustalw includes improve the performance of these important workloads on the
five such conditional statements. current POWERS architecture.

The prediction accuracy for the conditional branches dur- . .
ing the dynamic programming portion of the algorithm wa§- Predicated Instructions
severely limited by the fact that the branches from thax To improve the performance of these applications when the
statements are highly value dependent. This leads to a hlglanch prediction accuracy is low, we consider the addibibn

(4) V (i, j) = max[E(i, j), F (i, j), G(i, j), 0]

IV. SOLUTIONS TOIMPROVE PERFORMANCE
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Fig. 2. Clustalw IPC and Branch Misprediction Rate

two instructions to the POWER ISA: integer seleisel) and if((hh=hh—g—h)>(f=f—-h))
maximum (nax). f=hh;

) N which, in the case of thenax instruction, becomes
« Since the short conditional statements correspond to hh = hh — g — h;

finding the maximum of two operands and storing it f=f—h
in one of the operands, we decided to implement a fzmax(}bh )

hypotheticalmax instruction. This instruction moves the \we searched the four applications under study for such
larger value from two source registers to the target regisig, v nities for eithemax or isel and manually inserted these
in a single cycle. We selected an unused PowerPC pLissemply instructions. After analyzing the results (pmésin
mary and extended opcode combination as the mew  gection V1), we were convinced there were other opportesiti
instruction. The instruction format and execution reseurGy” rave advantage of predicated instructions that could be

requirement follow those of aadd instruction: it has two recognized by implementing them in the framework of a
sources and one target and is executed in the fixed po&r&tmpiler.

unit. Similar instructions are common in DSP processors,
and are also included in the Altivec [19] velocity engings. Compiler Support

for vector data types. o , .
« As an alternative to theax instruction, we also searched We modified gcc's (version 4.1.1) code generator and the

the current range of POWER processors for a bran&NU. binutils to emitmax andise! instruc_:tions forthe_POWER
predication instruction that could serve the same purpo phltecture. B(_efore_ gce perfor_ms basic _Ioop optimizatiand
Note that no instruction equivalent to the x86ov in- register allocation, it runs an |f—converS|pn pass tha&rams
struction exists in PowerPC, except for iisd instruction to convert control flow hammocks — regions corresponding to

included in POWER embedded cores. Tsa instruction |_If_-their; angv'f'rtr:ez'ilsﬁ s;ts:trirrl?nr:s :n 'Ttoigri%%hlesmﬂ 0
sets the target register to either of the two source registerilg C(t)t € stﬁ i ansto ad(: fs ?.y € hes commo
values based on a condition register bit value. Tdsb code patterns that correspond 1o functions such as min, max,

instruction needs amp instruction preceding it to set theabst()lrr!te vtr;l]lue, the_l ter_r(;aryt_f_operat_?r,bletc. Throughd E)battern
associated condition register bit, and thus this form gpatching, the comprier identifies suitable regions andrisse

. . ] . . mplex instruction ropriately.
predicated execution requires one more instruction tthHc? ee ersi):ggosz ?r?gc%pmaj[lzym st make conservative as
max. However,isel is a more general solution that may Wever, u pI u vativ

be applied in more situations thamx. We implemented sumptions, many hammocks cannot be if-converted. Consider

theisel instruction in our simulation framework to studythe following C example:

the performance improvement it would provide. c =(a>b) ? Ai] : Bi];

In order to study the effect that the addition of the Because the accesses Api] or B[i] could fault, the
two instructions makes on these applications, we needcampiler cannot safely generate @l instruction (which
mechanism for inserting the instructions when appropriatequires that bottA[ i ] and B[i] be loaded regardless of
into the code. In the code example shown in Algorithm Illthe outcome of the conditional). To preserve the semantics
the points to insert these are obvious, i.e., thex macro. of the programmer’s statement in this case, the compilet mus
Other sequences of code can also be easily identified &gher be able to prove that the memory accesses will nat, faul
inspection, such as the following from ClustalW: or it must leave the control flow hammock intact.

We improved the aggressiveness of gcc’s basic if-conversio
functionality by providing a utility that, in many cases,nca
determine whether a memory access is safe (at a given lacatio



in the program). However, as we show in Section VI, gcc still When the BTAC receives an instruction fetch address (at the
misses several crucial opportunities that a programmetdvogsame time as it is sent to the L1 tag array), it searches for a
likely catch. There are some cases where it is impossible foatching entry. For each entrance to the block (first insitvac
the compiler to statically prove that a hammock can be safaty be executed within the block), it has an exit which is eithe
if converted: the end of the block or a taken branch. If a program has a
. . repeatable pattern, it is likely the same instruction saqae
if (x[i-1] > O . . o
¢ = x[i]: WI|| be exgcutgd. |f it enters a block at a given entranceg it i
likely that it will exit the block at the same place as presou
In the above example, without knowing the range adnd occurrences did. The result of the BTAC table lookup is known
the bounds of the array, the compiler cannot assert thaone cycle later. If the result is a tag match and the scoreeof th
the then part of the statement can always safely execute. itnatching entry is high enough, timea of the matching entry
addition, there are many cases where prior compiler pasgéli be used as the address for the next instruction fetch.
sufficiently mangle the code such that legally if-convdetib The BTAC update proceeds as follows. If the BTAC predic-
regions are obscured. Finally, memory aliasing can preclution is correct, thescore of the matching entries in the BTAC
generatingmax instructions. The compiler must ensure thaable will be incremented. If the BTAC prediction is incaste
memory operands used max computations are not aliasedthe associatedcore value will be decremented. If there was
— a task that is relatively easy for programmers, but oftero matching entry the BTAC, the table will allocate an entry

extremely difficult for a compiler. and fill in the fetch address, the target address, and thalinit
score value (zero in the default configuration). The BTACsuse
C. Hardware Support a score-based replacement policy.

As previously mentioned, thesel instruction is merely a
multiplexor that selects one of two operands based on the
result of an accompanying compare instruction. Tiax Our simulation framework is based on the SystemSim [21]
instruction however, bundles both the comparison and tRewerPC full system simulator. We configured our simulator
selection process into a single, one-cycle operation. Fun-model a POWERS system based on the configuration of
damentally, acompare instruction is an arithmetic subtractthe in-lab machine we presented statistics for in the previo
operation and the comparison result resides ircéngy out bit.  sections. We only simulate one core of the POWERS’s dual-
Thus, themax instruction can use a functional unit’s existingcore chip, and we do not make use of SMT for these exper-
carry generator unit to produce the control signal thatcteleiments. We boot the Linux kernel (version 2.6.7), and then
the input operand with the maximum value. A single-cyclese a uniform sampling methodology to capture performance
max instruction can be added to a processor’s instruction s#milar to the SMARTS system [22]. SystemSim provides an
without increasing the critical path. Both theel and max extremely fast “turbo” mode to skip to particular areas of
instruction are handled by one of the the processor’s fix@uterest, as well as fully cycle-accurate and warm-up modes

V. EXPERIMENTAL METHODOLOGY

point units. We make use of all of these in our studies.
In order to measure the performance improvement of po-
D. Branch Target Address Cache tential extensions of predicated branches, we extended Sys

The two-cycle branch delay in the POWERS is a petemSim's POWERS model with theax andisel instructions,
formance bottleneck for Bioinformatics applications, wihi added a BTAC model, and varied the number of fixed-point
tend to be branch-intensive. This paper also investigdtes units.
ramifications of adding a small Branch Target Address CacheBy replacing the conditional branches in the critical késne
(BTAC) [20], which can eliminate branch delay in manyor Clustalw, Fasta, Hmmer, and Blast with the inline asdgmb
instances. max and theisel instructions, we can gauge the performance

A small BTAC (eight entries) suffices for the Bioinformaticsmpact of adding predicated instructions such as these to
workloads we consider. Each entry in the BTAC containstae POWERS architecture. Thisel instruction requires a
tag tag), a target addressi@), and a score fields€ore). precedingcmp instruction to set the appropriate condition
The tag contains a subset of bits of the instruction fetchegister bit. The 32-bit PowerPC condition register is didd
address. Thenia is the predicted next instruction addresdnto eight fields, with four bits each. Three of these fous bit
Since the target of a branch is usually not far away froean be set by amp instruction depending on the comparison
the branch, we do not need to save the full 64-bit instructioasult (less than, greater than, or equal to). The followsey
address in this field. Thecore field is a saturating counter instruction then reads thgreater than bit value, and moves
indicating the liklihood thamia prediction would be correct one of the two source register values to the target register,
according to past prediction performance for the assatiateffectively implementing a comparison of two source regist
branch. Hard-to-predict branches will have low scores; tlaad select of the larger value.

BTAC will forgo prediction for such branches because the Compared with the inline assemblyax instruction, the
penalty of misprediction is greater than the two-cycle bhanisel and thecmp instruction immediately preceding it could
delay. incur larger problems in scheduling other instructions ofut



order, without proper compiler support. This is especitily

case in the kernels of these applications, where the nur 12
of such conditional statements is very high compared w
other arithmetic instructions. For example, in fbeward_pass
kernel of the Clustalw package, there are five such conditio
statements of which three are consecutive. Due to this sthe
ing problem, we expected the increase in performance w
the isel/cmp instruction to be lower than that with thmax
instruction.

We also experimented with eliminating the two-cycle tak
branch delay present in POWERS. In the Section IV-D, v
have explained the design of a branch target buffer tl Blast Chustaler
eliminates the two-cycle penalty for most taken branch ‘ O Baseline EISEL by hand B MAX by hand
Variations in the performance of this structure due to difig CISEL by EIMAX by compil & Combimnat
design decisions are beyond the scope of this paper.

Finally, because of the large number of integer operations i
these applications, we experimented with varying the nusmbe
of fixed-point units in the core to quantify the performance
impact. These additional fixed-point units share the sameeis
queue logic as those already present in the POWERS5 cdpercentage of time of the overall Clustalw application. We
The instructions we are proposinmgax andisel, use the fixed get improvements of 50.7% with thsdl instruction, and 58%
point pipeline, and thus their inclusion will put additidnawith the max instruction for Clustalw. The results for Fasta are
pressure on these resources. Our experiments with adalitiopimilar (23.1% and 34.2% fasel andmax, respectively). Blast
fixed point units are designed to explore the impact of thghows a smaller improvement due to the increased complexity
pressure, and find a better number of fixed point units for ugéthe code, resulting in less obvious places for hand-teser
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with Bioinformatics applications. instructions to make a difference in performance. Hmmes se
an identical 32% improvement with botkel and max.
VI. RESULTS Looking at the performance of the compiler-inseried

In this section, we examine the performance benefits @nd max instructions, we see several interesting trends. For
four Bioinformatics workloads of adding thisel and max Blast and Fasta, the compiler-generated code for eitiger
predicated instructions, utilizing a small BTAC to remowe t or isel outperforms both versions of the hand-inserted code,
taken branch penalty, and increasing the number of fixedtpoivhich is what we expect. This indicates there are oppoiitmit

units of the current POWERS5 architecture. in these codes for predicated instructions to help perfanea
. . beyond those we were able to identify by inspection. However
A. Predicated Instructions for Clustalw and Hmmer, the hand-inserted code actually

Figure 3 shows the performance improvement observpdrforms better than the compiler-generated code. Whileyma
when themax and isel instructions are used to ameliorateof the if-Statements are amenable to predication in these tw
the effects of mispredicted branches on POWER5. We shayplications, the heavy use of memory array referencessaus
results for both hand-insertéstl andmax instructions, as well two main problems. First, the compiler attempts to hoistynan
as for compiler-generated code. of the load instructions, thereby obfuscating availablex

Looking first at the hand-inserted method, we see that fopportunities ice.,, confuses the pattern matcher). Second, the
all four applications, thenax instruction performs better thancompiler must be able to prove that there are no intervening
theisel implementation. Thésel instruction improves perfor- aliased stores between a hoisted load and its use in the if-
mance by an average of 29.8% over the baseline. e then-else statement. We are currently working to improee th
instruction performs an average 34.8% better. As explaimedcompiler's performance for these two applications.

Section 111, theisel instruction requires a compare instruction The bars labeled “Combination” in the graphs show the
prior to its use to set the condition register, a requirenmant effects of combining the hand-inserte@x instructions while
present with the use of theax instruction. In Clustalw, 9.3% using the modified gcc to additionally eniel instructions

of all instructions executed were eithizel or max, but the where appropriate. We chose this combination because, on
number ofcmp instructions jumped from 5.1% in thmax average, hand-identification ofax instruction insertion points
case to over 14% in thisel case, increasing the path lengttoutperforms that of the compiler, but the compiler does a
of the code (although both are shorter than the original). better job with the more flexiblésel insertion. As shown in

Clustalw and Fasta include the same kernels for pairwidge graph, this combination performs best on Clustalw and
sequence alignment, and we expect similar improvement. THenmer. In the case of Blast, the best performing option is
input to Fasta, however is more than twice the length of thesing the compiler to insetisel instructions (indicating that
Clustalw input, and therefore the kernel takes up a largdrere are other predicated opportunities thaax functionality



but it requires a compiler to identify them). Again for Hmme

L Iy ieprocicion
the compiler is severely limited by the abundant array mgmc I o
references. . Tt 2%

Table Il gives statistics related to branches for the foyliap 2 | Lt 26% B

cations studied. Looking first at the percentage of insibust
that are branches, we see that for all applications, the fis
these two new instructions reduces the overall percentég:
branches. Most application see a relatively uniform reidact
except in the case of compiler-inserted Hmmer because of
large number of memory array references in this code. 1
percentage of branches in Clustalw reduces by nearly h
as does the hand-inserted versions of Hmmer. For Fasta, ’ Blast " custw | Fasta
compiler is able to remove more branches from the code tl
we accomplished by hand-insertion.

The next column shows the change in the branch mispreuic- Fig. 4. Effect of Adding an Eight-Entry BTAC
tion rate. In general, the branch misprediction rate goeedo
or remains unchanged (Blast, Fasta, and the hand-inserted

versions of Hmmer). For the compiler version of Clustalinctignal units. Finally, Clustalw can make good use of an

however, the branch misprediction rate goes up. This simplyitional fixed point unit, but the improvement from three t
indicates that while we were successful in reducing theaver¢q - is minimal.

number of branches, those that are left are difficult to mtedi
We plan on investigating how to better predict the remaini
branches as part of our future work.

Instructions Committed Par Cyele (IPC)

Hmmer

[ OBaseline 7 BaselinetBTAC M Combination [ Combination+BTAC |

B. BTAC

In order to examine the effect the POWERS5’s two-cyc
taken branch penalty has on application performance,
added a very small (8-entry) BTAC as described in Section |
Figure 4 shows the performance improvement the BT/
makes when added to the baseline POWERS architecture,

038

Inetruetions Committed Per Cycle (IPC

04
when added to the architecture enhanced with hand-inse £, |
max instructions and compiler-insertadel instructions. Ta- o i
ble 1l shows the percentage of branches that are taken fot Blast Clustzb

different options considered. The performance improvdrisen D Baseline ¥ Baseline + 4FXU W Combination ‘
higher for the original POWER5 design (1.8% to 7.9% gair L= Comtmation +3FXU B Combination + 4 FXU
with Fasta showing the largest performance improvemerd. -
table in Figure 4 shows that the misprediction rate of the BTA
is quite low (1.4% to 2.5%), indicating that the choice of a
BTAC with a small nhumber of entries is acceptable for these ] .
applications. D. Combined Gains
o ] ) ) Finally, we look at the performance gains when all three en-

C. Additional Fixed-Point Units hancements are used. In Figure 6 the cumulative performance

Figure 5 depicts the performance of the Bioinformatigsreviously presented is shown for each individual change.
workloads when the number of fixed-point units (FXU) i#Vhat is shown here is the baseline IPC observed on the
varied. The first two bars show the performance gain when til®OWERD5, then changes to the IPC observed for adding pred-
additional FXUs are added to the POWERS architecture. Fagtation, adding the BTAC, and adding two additional fixed-
and Blast show modest gains in performance, but probalggint units. The fifth category shows the “residual’ perfor-
not worth the cost of the additional functional units. Cést mance, which is the difference in the performance we observe
shows slightly more improvement, but Hmmer benefits greathy simulating all improvements at once versus adding up the
from these additional fixed point units. The next three setieltas observed for each one individually. Thus, the “nesit
of bars show the performance benefit to the “Combinatiomategory shows how the combination of these improvements
configuration of Figure 3 when a total of three and fousctually improves overall performance more than the sum
FXUs are used. Again, Fasta shows little improvement aid each individual one due to the close interaction with the
Hmmer shows a large improvement, although moving fromethods we are examining. In terms of final performance,
three to four does not benefit either application signifigant Clustalw performs the best. The IPC for this applicationrlyea
Blast’'s performance improves nearly linearly with addiad doubles, from 1.02 to 1.93. Blast and Hmmer show a 53% and

Fig. 5. Effect of Additional Fixed Point Units



Percent Branch Percent
Application Branches/Instrs| Mispredict Rate| Taken Brs/Branches
hand 15.3% 5.7% 65.7%
isel | comp. 12.9% 4.2% 52.3%
Blast hand 16.2% 5.9% 65.1%
max | comp. 14.4% 5.6% 66.0%
Original 20.7% 6.1% 67.4%
hand 7.4% 2.6% 85.5%
isel | comp. 7.2% 8.0% 85.2%
Clustalw hand 8.1% 2.7% 84.5%
max | comp. 8.9% 7.0% 82.6%
Original 14.6% 5.7% 69.6%
hand 23.2% 7.8% 75.6%
isel | comp. 19.2% 7.9% 74.2%
Fasta hand 22.3% 7.5% 73.6%
max | comp. 18.0% 7.4% 76.2%
Original 25.9% 7.9% 69.0%
hand 7.9% 4.4% 62.6%
isel | comp. 12.0% 6.2% 71.3%
Hmmer hand 8.3% 4.7% 63.2%
max | comp. 11.7% 6.1% 65.2%
Original 13.8% 5.7% 71.7%
TABLE Il

BRANCH PERFORMANCE OFAPPLICATIONS WITHPREDICATED INSTRUCTIONSADDED

51% gain, and Fasta improves by 69%. All applications, wittonditions, and loop dependencies. The second approach tar

the exception of Fasta, show observably higher residualsgagets array aliasing andmov instructions. The third approach

from the combination of these improvements. involves SSE2 extensions and MPI implementation. We also
found thecmov-like instructions are important in improving
the performance of Bioinformatics applications and predid

25 further implementations and analysis.

Vectorizing Hmmer and Blast on the PowerPC 970 servers is
explored in [25]. The authors suggest that supporting djpera
widths of 21 or 25 bits may further improve the Hmmer
performance. For Blast, enhanced bandwidth using AltiVec
S is useful in that fewer instructions and register accesses a
7 incurred.

7 The last level cache performance of a CMP running parallel
05 | Bioinformatics workloads is studied in [26]. Multiple p&te
caches or a single shared cache configurations are compared
o ‘ ‘ ‘ while running different parallel Bioinformatics appligans.

Blast Clusiahw Fasta Hmmer Due to the high degree of data sharing for these applications
| DBaseline 7 Predication CBTAC [4 FXU  MResidual | a single shared last-level cache requires significantlyetow

Fig. 6. Effect on IPC of Combining Predicated InstructioBAC, and Four Dandwidth than private last-level caches.
Fixed-point Units to POWERS
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VIIl. CONCLUSIONS ANDFUTURE WORK

In this work, we have shown the importance of branch pred-
VII. RELATED WORK ication for several important sequence alignment workédad
Several papers have discussed the performance analysis@rdputational biology. We improved the instructions pesiey
optimization of Bioinformatics applications. Ratanawlmlian achieved over that of a conventional POWERS processor by
and Burtscher analyze the effects of speculative loads an average of 64% for four important Bioinformatics work-
several BioPerf applications in [23]. They show how manu&bads. This was accomplished through the use of predicated
hoisting of loads in the source code can mitigate the effedtsstructions, increased numbers of fixed point units, are th
of branch mispredictions. In contrast, our approach aims ittroduction of a branch target address cache to eliminate
remove hard-to-predict branches altogether. the two-cycle taken branch penalty currently found in the
In [24], the hotspots of Hmmer are analyzed and optimizeBOWERS architecture.
Three approaches are presented in the work. The first agproacThese results can be extended to gene finding software
analyzes the source code and removes unnecessary varial@Bsmer, protein prediction softwar®redator and the phy-



logeny reconstruction applicatioRhylip, other applications [19] Apple Computer, Inc.PowerPC G5: White Paper, Jun 2004.

that are part of the BioPerf suite. Furthermore, efforts afdl S. Duvvuru and S. Arya, “Evaluation of a branch targetrads cache,”
underway to improve the compiler support first presented her
to identify more opportunities for predicated instructiose.
Finally, we are examining remaining bottlenecks in the pro-
cessor core for these applications as we believe they reqpires
an important class of emerging workloads.
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