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Abstract

This paper evaluates the performance of bioinformaticfiGgmns on the Cell Broadband

Engine (Cell/B.E.) recently developed at IBM. In partiautee focus on three highly pop-

ular bioinformatics applications — FASTA, ClustalW, and NMR. The characteristics of

these bioinformatics applications, such as small criticaé-consuming code size, regular
memory accesses, existing vectorized code and embaghsparallel computation, make

them uniquely suitable for the Cell/B.E. processing platfoThe price and power advan-
tages afforded by the Cell/B.E. processor also make it aacsiite alternative to general

purpose processors. We report preliminary performanagtsefer these applications, and
contrast these results with the state-of-the-art hardware

1 Computational Biology and High-Perfor mance Computing

With the discovery of the structure of DNA and the developtredmew techniques for
sequencing the entire genome of organisms, biology is kapmving towards a data-
intensive, computational science. Biologists search fomblecular sequence data to
compare with other known genomes in order to determine fometand improve un-
derstanding of biochemical pathways. Computational lgiplbas been aided by recent
advances in both algorithms and technology, such as thgyabisequence short contigu-
ous strings of DNA and from these reconstruct the whole gendn28,29]. In the area
of technology, high-speed micro array, gene, and proteisd25] have been developed
for the study of gene expression and function determinafibese high-throughput tech-
niques have led to an exponential growth of available geoaata. As a result, the com-
putational power needed by bioinformatics applicatiorgg@ving exponentially and it is
now apparent that this power will not be provided solely aditional general-purpose
processors.

The recent emergence of accelerator technologies like FPGRUs and specialized pro-
cessors have made it possible to achieve an order-of-nuagninprovement in execution
time for many bioinformatics applications compared to entgeneral-purpose platforms.



Although these accelerator technologies have a perforenathzantage, they are also con-
strained by the high effort needed in porting the applicatmthese platforms.

In this paper, we focus on the performance of sequence aéighand homology ap-
plications on the Cell Broadband Engine. The Cell Broadbandine (Cell/B.E.) (tm)
processor, jointly developed by IBM, Sony and Toshiba, iss&» member of the IBM
Power/PowerPC processor family [13]. The primary targétesPlayStation 3 (tm) game
console, but its capabilities also make it well suited faiaas other applications such as
visualization, image and signal processing and a rangeeitific/technical workloads.

In previous research, we presen®idPerf [2], a suite of representative applications as-
sembled from the computational biology community. Using previous workload ex-
perience, we focus on three critical bioinformatics amiluns — FASTA ¢search3)
ClustalW ¢lustalw), and HMMER gmmpfam Thessearch34rogram from the FASTA
package uses the Smith-Waterman kernel to perform pairaligament of gene se-
quences, ClustalW is used for multiple sequence alignnaent,mmpfam from HM-
MER searches a query sequence against a hidden markov raadiy. f

A key issue in porting any application to the Cell/B.E. preser is programmer produc-
tivity: the highly specialized nature of the Cell/B.E. pessor, such as multiple vector-
ized cores as well as programmer-managed caches, make tiveggpad an application
to the Cell/B.E. platform more difficult than other generakgose platforms. However,
our experience with these applications indicates thatdfiat can result in significant
performance improvements over what can be achieved witleicustate-of-the-art gen-
eral purpose microprocessors. In this paper, we discussrgaiementations of FASTA,
Clustalww and HMMER describing the changes required tozeatithe capabilities of the
Cell/B.E. processor and the resulting performance imprmrés.

2 The Cédl Broadband Engine Processor

The Cell Broadband Engine processor is a heterogeneous;acare chip optimized for
compute-intensive workloads and broadband, rich mediéicapions. The Cell/B.E. is
composed of one 64-bit Power Processor Element (PPE), 8aiped co-processors
called Synergistic Processing Elements (SPES), a higegspemory controller and high-
bandwidth bus interface, all integrated on-chip. The PRESPES communicate through
an internal high-speed Element Interconnect Bus (EIB). Mkeory interface controller
(MIC) provides a peak bandwidth of 25.6GB/s to main memohg Tell/B.E. has a clock
speed of 3.2GHz and theoretical peak performance of 204L8®5 (single precision)
and 21 GFLOPS (double precision).

The PPE is the main processor of the Cell/B.E. and is resplafsir running the operating
system and coordinating the SPEs. It is a traditional 6&twerPC (PPC) processor core
with a VMX unit, 32 KB Level 1 instruction cache, 32 KB Level ht cache, and 512
KB Level 2 cache. The PPE is a dual issue, in-order execussigd, 2-way simultaneous
multi-threading (SMT).



Each SPE consists of a Synergistic Processing Unit (SPUa &emory Flow Controller
(MFC). The SPU is a RISC processor with 128 128-bit singirirction, multiple-data
(SIMD) registers and a 256KB Local Store (LS). All SPU instians are inherently
SIMD operations that operate at four different granulesitil6-way 8b integers, 8-way
16b integers, 4-way 32b integers or single-precision fi@apoint numbers, or 2 64b
double-precision floating point numbers. The 256 KB locafesis used to hold both the
instructions and data of an SPU program. The SPU cannotsaotas memory directly.
The SPU issues DMA commands to the MFC to bring data into therh@&ite the results
of a computation back to main memory. Thus, the contentseof & are explicitly man-
aged by software. The SPU can continue program executide tite MFC independently
performs these DMA transactions.

There are currently other efforts for porting computatidrsialogy to the Cell/B.E. pro-
cessor: Folding@Home, a distributed computing projecpfotein folding was recently
ported to the Cell/B.E. processor [22] with outstandingilss The Charm++ runtime sys-
tem, used for NAMD simulations, is currently in the procegb@ing ported to the Cell
[14]. There are also preliminary results for the perfornreaatEBLAST on the Cell/B.E.
processor[19]. Terrasoft Solutionsmw. t er r asof t sol uti ons. con) has recently
built a facility for about 2500 playstations, to be used faifformatics research using
popular gene-finding and sequence alignment softwardaalairee for national labora-
tories and other university professionals. Folding@Hoa®diso used the computational
power of GPU’s [21]. All this work points to the increasingeusf accelerator technolo-
gies for achieving performance from bioinformatics kesnebt available from general-
purpose computing platforms. The downside of employing¢htechnologies is that the
implementation is highly specific to the accelerator tedbgw being employed, and the
effort of porting the code is non-trivial due to the non-egesrce of any productive pro-
gramming platform so far.

3 Methodology

In our work, we have ported portions of three popular biainfatics applications to the
Cell/B/E processor — FASTA, Clustalw, and HMMER. These ¢happlications along
with BLAST (Basic Local Alignment Search Tool) encompass slub-field of compu-
tational biology known as sequence analysis. Sequencgsima one of the most com-
monly performed tasks in bioinformatics and refers to thikection of techniques used
to identify similar or dissimilar regions of RNA, DNA, or pti®in sequences. To begin our
analysis for porting the applications to the Cell/B.E. mesor, we used thggprof tool to
determine the most time-consuming functions for each eafiin. Figure 1 shows the
execution profile from gprof for our three applications and BLAST sequence analysis
application. The results shown in Figures 1 are for the Ergass-Cinputs included in
the BioPerf suitemww. bi oper f . or g). These results indicate that all three of our ap-
plications spend more than half of their execution time imngle function:dropgswfor
FASTA forward passfor ClustalW, andP7Viterbifor HMMER.
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Fig. 1. Function-wise breakout of BLAST, ClustalW, FASTAGBHMMER

This is a useful fact for an implementation for the Cell/BpEocessor, as it implies that we
might obtain a significant speedup for these applicationsridy porting these functions
to run on the SPUs. In addition, all these applications perfmultiple alignments, which
are completely independent and thus can be performed ifigdaeross the 8 SPUs of the
Cell/B.E. processor. This is also a common trait among maipformatics applications,
which make them suitable for porting to the Cell/B.E. pramesvith relatively little effort
(compared to other applications) but potentially largdqrenance benefits.

Another important factor in porting applications to the KRE. is exploiting theSingle
Instruction Multiple Data(SIMD) nature of the SPU instruction set. SIMD instructions
perform a single operation on multiple input values and poadmultiple results, which
can significantly improve performance for computationatiensive applications. Most
high-performance, general purpose processors suppoid ai/an extension of the base
instruction set, the most common being the Altivec SIMD supfor PowerPC proces-
sors and SSE for x86 architecture processors. Howevelcafiphs frequently must be
recoded to exploit SIMD features, since data layout and cdatjpn ordering are critical
to achieving the potential performance improvements of Bldkecution. This typically
involves the use oihtrinsics, which are high-level language extensions to access the un-
derlying SIMD instructions of the processor.

In our work, two of the three applications we chose for oudgtalready have open-
source Altivec/SSE implementations for their key kerneidtions:dropgswfor FASTA
andP7Viterbifor HMMER. In addition, IBM Life Sciences has developed a &llnple-
mentation of thdorward_passkernel of ClustalW. These existing SIMD implementations
make a port to the SPUs much simpler, as many of the Altivemsits map one-to-one
to the SPU intrinsics. The intrinsics which do not map oneite can be executed us-
ing multiple instructions on the SPU. Thenx2spu.Hile in the Cell/B.E. SDK provides
SPU implementations for all the Altivec intrinsics that dat have a corresponding SPU
intrinsic.

To evaluate our implementations of these applications lier @ell/B.E. processor, we



compare the performance of the Cell/B.E. implementatiovetrsions of the application
built for current high-performance, superscalar procesddnless otherwise stated, we
compiled our implementations for the Cell/B.E. with xlc s®n 8.1 using the compilation
flag-O3, which gave equal or better performance compared to gcafibr BPU and PPU.
We executed the Cell/B.E. implementations on a two procg3S20 blade running at 3.2
Ghz with 1GB of XDR memory. For PowerPC G5, we used the gcc demyith -O3
-mcpu=G5 -mtune=GTompiler options, and executed the code on a PowerPC G5 with
two PPC 970 processors running at 2 GHz, each with 512 KB ofdche, and total
system memory of 3.5 GB. We built the applications for Opteand Woodcrest using
gcc with the -O3 flag. The Opteron implementation was execatea dual-core 2.4 Ghz
processor, with 1024 KB of L2 cache per processor and 8 GB d¥IRAe executed the
Woodcrest implementation on a two processor, dual-coreéc#@ Intel Xeon(R) CPU,
with 4MB of L2 cache size of L2 per processor and 16 GB of memory

In the following sections, we discuss the implementatioreath application in detail
along with issues in porting and bottlenecks that exist wwheapplication. For further
details on FASTA, ClustalW, and HMMER, please refer to [22]], and [5] respectively.

4 FASTA on the Cell/B.E. Processor

4.1 Overview

The FASTA|23] package is designed to perform fast similarity searghihere unchar-
acterized but sequenced “query”genes are scored agastdiatmbases of characterized
sequences. FASTA uses heuristics to identify sequencdwindtabase that have high
similarity to the query sequence, and then applies theicl&ssith-Waterman alignment
algorithm to compute a similarity score between the quegusace and each sequence
selected from the database. Matches are identified by casoparwhich have scores
greater than a threshold value. Such a scoring mechanissefigldor capturing a variety
of biological information including identifying the codyregions of a gene, identifying
similar genes, and assessing divergence among other seguém efficient implementa-
tion of a Altivec-enabled Smith-Waterman developed by Enmahl is already included
in the FASTA package.

The Smith-Waterman alignment algorithm is the classic @g@gh to the problem of pair-
wise alignment, which is one of the most frequently emploged well-known tech-
niques in sequence analysis. Pairwise alignment comparesdquences and produces
a score that indicates the degree of similarity betweenvileesequences. Each position
in the two sequences is compared; matches increase thebgcareonstant or nucleotide
(amino-acid) specific value while mismatches decreasedbre oy a gap or mismatch
penalty. The problem of comparing two entire sequenceslliisdocglobal alignmentand
comparing portions of two sequences is callechl alignment Dynamic programming
technigues can be used to compute optimal global and loigadraénts. Smith and Wa-
terman [26] developed one such dynamic programming alguar{teferred to as “Smith-



Waterman”) for optimal pairwise global or local sequendggrahent. For two sequences
of lengthn andm, the Smith-Waterman algorithm requiresr@() sequential computa-
tion and Ofn) space. The pseudo code in Algorithm 1 describes the Smateidvian
approach.

Data : (1) Two sequencé; andsS, of lengthm andn respectively
(2) Gap initiation penalty ofV, and a gap extension penaltydf;
(3) Four two-dimensional matricads E, F, Gfor storing the intermediate valugs
(3.1)V(i,0) = E(i,0) = =W, — iWj
(3.2)V(0,4) = F(0,5) = =W, — jW,
(4) W;; which is the score of aligning th&" character of theS; sequence with
the j** character of theS, sequence.

Result : The alignment scor& (i, j) obtained by aligning thé; sequence with thé&,

sequence.
begin
1=0
while: 4+ + < mdo
j=0
while ( + + < n) do
DG, j)=V(i—-1,7-1)+ Wy
(2) E(i,j) = max([E(i,j — 1),V (i,j — 1) = W,] = W,
(3)F('Lv]):max[ (1_17])7 (27]_1) Wg]_Ws
(@) V(i,j) = max[E(i, j), F'(i, j), G(i, 7), 0]
end

Algorithm 1: Smith-Waterman algorithm for Aligning Two Sequences

Due to the quadratic complexity of the Smith-Waterman [2§pathm, various attempts
have been made to reduce its execution time. One approaemtEsyed MMX and SSE

technology common in today’s general purpose microprares® achieve significant
speedups for Smith-Waterman. Other approaches utilizéipteuprocessors to perform
parts of the computation in parallel. Parallel strategoesSimith-Waterman and other dy-
namic programming algorithms range from fine-grained one&ghich processors collab-
orate in computing the dynamic programming matrix celldayt-[18] to coarse-grained

ones in which query sequences are distributed amongstélecegsors with no communi-
cation needs [8].

Recently, several efforts have employed FPGA's [4] or GRU& for computing Smith-
Waterman alignments. An implementation of Smith-Waterrhas also been developed
for the Crays XD1, a hybrid platform of an AMD Opteron and FPGnected through a
hypertransport link [17]. Finally, specialized singlerpase hardware [9] has been devel-
oped for the Smith-Waterman and other dynamic programmiiggrighms in sequence
alignment which can achieve an order of magnitude improvenmeperformance over
most contemporary processors [24].



4.2 Cell Implementation

For porting the FASTA package to the Cell/B.E. processorchase to focus our efforts
on the Smith-Waterman alignment operation since this slpyi@accounts for the major-
ity of the execution time of this application. The FASTA pagk includes a separate
program,ssearch34that simply performs the Smith-Waterman alignment openatn a
specified set of sequences.

As noted above, our gprof analysis showed that over x% ofteeigion time oksearch34
is spent within the functiodropgsw The functiondropgswis simply a wrapper function
that invokes the implementation of the Smith-Waterman d&kttmat is appropriate for the
underlying architecture. Due to the similarity in APl set shose the Smith-Waterman
Altivec kernel smithwatermanaltivec word as the starting point for our Cell/B.E. im-
plementation. We began porting this kernel to the SPUs byerting all the Altivec
intrinsics to SPU intrinsics. Many of the Altivec intrinsicould be converted to SPU
intrinsics with little effort (replacing theec of Altivec to spu for the SPU), and thus
such an implementation could be pretty straightforwardwveleer, there are three Altivec
intrinsics used in this kernel that are not available on th& Sand must be implemented
using multiple SPU instructions:

e vecmax This intrinsic computes the element-wise maximum of twotees and stores
the result in the output vector. Tlrec maxoperation on the SPU is implemented using
spucmpgtto create a mask from the comparison of the two input vectordspu.sel
using this mask to extract the greater of the two vectorss Titrinsic must thus re-
quired two instructions for the SPUs to be implemented. Forenetails of the SPU
intrinsicsspucmpgtandspusel please refer to [11].

e vecsubs This intrinsic performs saturated subtraction, meanhmg if any element
of the result vector is negative, that element is set to ZEnis is a very important
operation for the Smith-Waterman kernel, since it needsramegative value at every
matrix cell for local alignment. Theec subsoperation on the SPU is a costly operation,
requiring onespusuh two spusel two spusplats two spurlmaskag aspunandand a
spunor operation, which is a total of 9 instructions.

e vecadds This intrinsic performs saturated addition, similiar etwgated subtraction.
This intrinsic also needs 9 instructions for executionstmaking it a very costly oper-
ation.

To execute the Smith-Waterman kernel on the SPU, we must d&& @perations to
transfer the kernel inputs from the main memory area intcSReJs local storage, and
then transfer the results of the kernel back to main storafeeaend of the computation.
As indicated in Algorithm 1, the kernel inputs are the twoessgpsS; andsS,, which are
typically stored as arrays of short ints (16 bits), the gapafteesiV, and W, which are
just two scalars, and the alignment score maltri, whose size depends on the size of
the alphabet used in the sequeneand.S,.

However, the Altivec implementation transforms the aligmiscore matrix into an al-
ternate structure to allow multiple elements to be computguhrallel, thus leveraging



the SIMD capabilities of the Altivec hardware. An array isstructed in which every
character of sequencs; is scored against each of the possible characters of segjgenc
(e.g.a, c, g,t in case of DNA sequences). For the Cell/B.E. implementatiaperform
this transformation on the PPU and then transfer it to the.SR& chose this approach
because this computation is inherently scalar in naturdtampoorly suited to the SPU.
However, this requires a much larger transfer of data to Blg 5S. If S; andS; have size
m andn respectively, then we must transfer approximataly m + n * sizeof (short)
bytes of data into the SPUs LS as inputs to the kernel.

The kernel result is a single value, the score, which is seradlugh to be returned to
main memory through a special mailbox interface betweerP®e and SPU. The PPU
can either block or poll for a mailbox message from and SPkimgait a convenient
mechanism for the SPU to signal that it has completed theggsmag for a given sequence
pair.

Since ssearch34 is typically used to compute the alignnoemtiarge number of sequence
pairs, we exploit the multiple SPUs of the Cell/B.E. by disiting these independent
alignment computations across the SPUs. For now, we use [@esstrategy in which
the sequence pairs are ordered and then allocated to theiBRUsund-robin fashion.
This is similar to the load-balancing approach we descob€fustalW in Section 5. For
FASTA, we consider extending it for bigger sequences as thre important and difficult
problem.

4.3 Results
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Fig. 2. Performance of Smith-Waterman Alignment for difietr processors

Figure 2 presents the results of the execution osgearch34n several current general-
purpose processors along with our implementation for tH¥ECE. processor. We exe-
cuted a pairwise alignment of 8 pairs of sequences of 204&ctes. On the Cell/B.E.,
this will utilize one SPU for each pairwise alignment. Ndtattthe Woodcrest and Opteron



implementations in FASTA use a different algorithm [7] tHRIAC 970 and Cell. This algo-

rithm computes the scores vertically, since the verticates are mostly zero. This algo-

rithm checks for the zero-condition on the vertical scosasgithe instruction_.mmmovemaslepi8
Despite the difference in design / implementation of FAS®Athese platforms, we have
included all the results in Figure 2 for the benefit of the sxad

The Cell/B.E. processor, despite the absence of instnEBaplained above, still outper-
forms every superscalar processor currently in the mailkes superior performance is
mainly due to the presence of 8 SPU cores and the vector éxeaut the SPUs. We
should further state that these results are still prelinyirend further optimization of the
kernel performance is still underway. Further profiling oir @anplementation indicates
that the computation dominates the total runtime (up to@9c@nsidering a bandwidth
of 18 GB/s for the SPUs), and hence multi-buffering is notdeekfor this class of com-
putation.

The Cell implementation discussed above is not fully fun@i as of now: our current
implementation requires both sequences to fit entirely @ SRU local store of 256 KB,

which limits the sequence size to at most 2048 charactergoTgenome-wide or long

sequence comparisons, a pipelined approach similar togdfjng the SPUs could be
implemented. In a pipelined approach, each SPU perform&thigh-Waterman align-

ment for a block, notifies the next SPU through a mailbox nggssahich then uses the
boundary results of the previous SPU for its own block corapom. Support of bigger

sequences on the Cell is a key goal of our future research.

5 ClustalW on the Cdl/B.E. Processor
5.1 Overview

ClustalW is a popular tool for multiple sequence alignmaeurttich is needed to organize
data to reflect sequence homology, identify conserveddliba) sites, perform phyloge-
netic analysis, and other biologically significant resuttustalwW performs a sequence
alignment on all pairs of input sequences and then constaubierarchy for alignment.
Using this hierarchy, an alignment is constructed step &y atcording to the guide tree.
ClustalW does not give an optimal alignment, but is fast dfident and gives reasonable
alignments for similar sequences. The major time-consgstiep of the ClustalW execu-
tion is the all-to-all pairwise comparisons of the inputseigces, and could take 60%-80%
of the execution time. Theairalign function performs the task of comparing all input se-
quences through a global alignment against each otherpérisrming a total of”-1)
alignments fom sequences. This step, callediralign is explained in Algorithm 2.



Data :(1)n sequences$;, Sy, ....S, oflengthny, ns, ....n,

Result : The alignment scor& (¢, j) obtained by aligning the; sequence with the
sequence, < n, j < n.
begin
i=0
(1) whilei + + < ndo
Q) j=i+1;
(3)while (j + + < n)do
(3.1) Align sequences; and.S;

end

Algorithm 2: Clustalw: All-to-all pairwise comparisons step

5.2 Cell Implementation

Our algorithm design focused on running the all-to-all canmgon step on the SPUs, with
the rest of the code executing on the PPUs. The implementatipairalign in ClustalW
is broken into 4 different functions, and our profiling indies that théorward_passfunc-
tion is the most time-consuming steppdiralign. forward_passcomputes the alignment
of two sequences and returns the maximum score and thedoesthin the matrix where
this maximum score appears. The open source-release aélVluisas a scalar version of
forward passwhich uses multiple branches used for finding the maximunvetyema-
trix cell. Since the SPUs lack dynamic branch predictiorl tie branches are not easily
predictable due to the random nature of the inputs, thisemphtation is not well-suited
for execution on the SPU. Fortunately, the IBM Deep Computolutions previously
developed an implementation fidfrward_passthat utilizes the Altivec extensions of the
PowerPC G5 [3]. We used this implementation as the basisuiowork on ClustalW on
the Cell/B.E. processor.

As with the FASTA kernel, we began porting this implmentatio the SPU by converting
the Altivec intrinsics to SPU intrinsicforward passalso uses the Altiveeec maxintrin-
sic as well as the saturated addition operatienaddswhich must be performed with
multiple instructions on the SPU. Also, the vectorized codes thevector status and
control registerfor overflow detections, while doing computation with 1é{shorf) data
types. The overflow detects that the maximum score is gréd@arthe range of thehort
data type, and therefore does a recomputation using int@iexs. Since, this mechanism
is not supported inside the SPUs, we changed the code to tlsie (@) data types to be-
gin with. This lowers the efficiency of the vector computatisince now only four values
can be packed inside a vector, unlike the eight of the origiode, but this was necessary
for correct execution without overflow detection.

One of the bottlenecks with the ClustalW code is the alignnsenre lookup, in which
an alignment matrix score is read for finding the cost of matidmatch among two
characters in the sequences. This lookup is a scalar operatid hence does not perform



well on the SPU, since the SPU has only vector registers. §ikjs can be changed to
the layout of the alignment scores, in the original FASTAeoand that would give us
better performance. For vector execution, four (32 bitugalare loaded into one vector,
however in the code, this step is also preceded by a branolving multiple conditions,
involving both the loop variables for handling of boundanses. Since the SPUs have
only static branch prediction, such a branch, even thoogtly takenwas difficult to
predict for the SPU. We broke the inner loop of the alignmetd several different loops
so that the branch evaluation now depends on a single looablay and the boundary
cases computation can be handled explicitly. This changeeahelped us to get a more
than 2X performance gain.

Besides the innermost kernel execution, we also focusedaatitipning of the work
amongst the SPUs. Assuming there areequences in the query sequence file, we have
a total of@ computations to be performed. To distribute these comijoumigibn the
SPUs, we packed all the sequences in a single array, withssaglence beginning at a
multiple of sixteen bytes. This is important, as the MFC ieggpiDMASs larger than 16
bytes to be aligned on 16-byte boundaries. This array, alatigan array of the lengths

of library sequences, allows the SPUs to pull in the next sege without PPU interven-
tion. The PPU fills in the context values, such as matrix tgag-open and gap-extension
penalties, with other inputs such as the pointers to thetiapay based on the command-
line or default values, and the length of the sequence array.

For the SPU computation to begin, the PPU creates the thesaipasses the maximum
sequence size through a mailbox message. The SPUs alloeatersnonly once in the
entire computation based on the maximum size, and then wathe PPU to send a
message for them to pull in the context data and begin the atatipn. Work is assigned
to the SPUs using a simple round-robin strategy: each SPEkigraed a number froi
to 7, and SPUk is responsible for comparing sequence numbagainst all sequences
i + 1ton if i mod 8 = k. Algorithm 3 shows the computation for each of the SPUs.

Data :(1)n sequences$;, Ss,....S, oflengthny, ny, ....n,
(2) SPU’s having spid 1, 2 .... spu_max

Result : The alignment scor& (4, j) obtained by aligning the; sequence with the)
sequence;, < n, j < n.
begin
1 = spu_d
(1) whilei+ = spu_max < n do
Q) j=i+1;
(3)while(j + + < n) do
(3.1) Align sequences; and.S;

end

Algorithm 3: Clustalw: All-to-all pairwise comparisons step

Such a strategy prohibits reuse of the sequence data, betthe communication costs are
very low in comparison to the total computation, this siggiteeems to work fairly well.



For storing of the output values, the SPUs are also passadi&pio a array of structures,
which are 16-byte aligned, in which they can store the outptiieforward_passfunction
executed for two sequences.

5.3 Results
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Fig. 3. Improvement of performance of ClustalW alignmemidiion with different code changes

Figure 3 shows the time of computation of our Cell/B.E. psste implementation of
ClustalW using the strategies described above for two sfnam the BioPerf suite:
1290.seq has 66 sequences of average length 1082, ande&p8@s 318 sequences of
average length 1043. The charts show the performance of éHB(E. processor for
scalar and vector (short and int) datatypes. It also showsthe performance notably
improves with no branches.
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Fig. 4. Comparison of Cell Performance with other procesgaronly alignment function



Figure 4 shows the measured performance ofdaheard passfunction on the Cell/B.E.
platform and our reference set of general-purpose processtborms. This graph shows
that the Cell/B.E. outperforms the other processors byrfgignt margin, even with the
simple round-robin strategy for distributing work to thel&? We show the best imple-
mentation strategy for the Cell/B.E. processor, namelpgignteger datatypes with no
branches. The Opteron and the Woodcrest performance ivexiorized, as we could
not find a open-source SSE-enabledvard_passon these platforms.
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Fig. 5. Comparison of Cell Performance with other procesfartotal time of execution

The ClustalWcode, executing on the PPU, uses the output fofdh&ard_passfunction
to generate the guide tree from the scores received fromRhkk &d to compute the final
alignment. Computing the final alignment takes most of theaieing execution time
of the application. Due to the PPU code execution, the ovpeaformance of ClustalW
tends to be close in comparison to the other processorste-ishows the total time of
execution of ClustalW for Cell/B.E. and contemporary atettures. As can be seen from
the figure, the performance of our Cell/B.E. implementatsoanly marginally better in
the overall execution time, despite being notably bettéh@forward passfunction. This

is because the remaining code executing on the PPU is muekrsio comparison to the
other superscalar processors. There are two ways we mighgsglthis issue: either we
can attempt to migrate addition computation from the PPUé¢oSPUs, or we could use
Cell as an accelerator, in tandem with a modern superscadaegsor. The RoadRunner
project [10] is already exploring such hybrid architecgjreased on Opteron and Cell
for accelerated application performance. Such a hybridtsol will be capable of best
performance for ClustalW.



6 HMMER on the Cdl/B.E. Processor

6.1 Overview

HMMER [6] is a freely distributable software package for fgio sequence analysis that
employs hidden Markov models (profile HMMs) for comparisarith sequences. Profile
HMMs are statistical models of multiple sequence alignmemhey capture position-
specific information about how conserved is each column efalignment, and which
residues are likely. HMMER can create models based on apreikequence alignment
as an input, which can then be stored in a database as a qteesysequence database to
find (and/or align) additional homologues of the sequengeglya

HMMER is written in the C language, and includes several soggams such asmm-
build, hmmcalibrateand hmmsearchhmmpfamsearches one or more sequences to a
database of profile hidden Markov models, such as the Pfa@aryiin order to identify
known domains within a sequence, using either the Viteritherforward algorithm. The
program reads a sequence §kxy-filethat contains the sequences that need to be stored, a
score threshold and a HMM databakeympfancompares each sequence against all the
HMM's in the database, and reports the sequences that sighrerhithan the threshold.
hmmpfanuses the kernd?7Viterbi which like it's name implies uses the popular Viterbi
algorithm to determine the closeness between the proteiityfaepresented by the HMM
and the sequencemmpfamthus fits into the paradigm of all-to-all comparisons which
could benefit from a multi-core processor like the Cell Bilwaaald Engine.

There have been many efforts to port tirampfanto FPGAs and other accelerators [20]
[12], for faster execution. However, many of these effotibze the FPGA or the accel-
erator as a screening platform; basically HMM'’s that scoghér than a threshold value
are then recomputed with traceback on the host platform. $&e a different approach,
in which the Cell/B.E. processor is not used as a screeniatfiopin but as a complete
computing engine. However, our work on HMMER is preliminarnyd at an initial stage
compared to FASTA and ClustalW. and handles very small sespgeand HMM's (upto
100 characters and HMM states).

6.2 Cell Implementation

We used the same basic approach to developing our Cell/Bjftementation as the pre-
vious applications: run the computationally expensivenkeP7viterbion the SPUs, and
run the remainder of the code on the PPU. P/iterbikernel executing on the SPUSs,
would perfrom the Viterbi algorithm on it’'s input, and retuthe results to the PPU for
post-processing. To execugY Viterbion the SPUs, we however need to send the input
parameters it uses. TR Viterbirequires seven arrays as inpds$yg tsc bsg esg xsg isc
andmsc dsqis the character array for the sequence, and the remaimagsésc, bsg esc

, XSG isc andmscare fields of the structure representing the HMMs. Thesg/sumaed



to be DMAed to the SPUs for the7Viterbi function. The memory allocation of these
arrays on the PPU side is done in the similiar pattern as thiee&lcomputation, which
requires arrays to be 16-byte aligned for computation. iitakes sure that the DMAs and
the vector computation on the SPUs execute successfulljd8gthese input arrays, the
P7Viterbi function also uses three two-dimensional arraysx dmxandimx which de-
note the match, delete and the insert parts of the HMM. Theagsaare allocated on the
SPUs themselves and are filled up separately, in three staigés during th@7Viterbi
kernel. Thanmy imxand thedmxdenote the intermediates stages of the Viterbi algorithm
in the source code.

Atthe end of the kernel after P7Viterbi is finished evalugtime score, there is a traceback
step to find the most likely path through the Viterbi probuieis. This step is best suited
for execution on the PPU. However, it needs the arrays imxand thedmxarrays, which
have been filled up in the7Viterbistep executing on the SPUs to be DMAed back to the
PPU main memory. The memory requirements of Bfi&/iterbikernel is more than both
Smith-Waterman or ClustalW, since it requires multipleagsr for a single HMM input.
The total allocation of a single HMM for the 7 arrays mentidpeeviously is more than
200 times the number of the HMM states (in bytes). Also, theking set size represented
by the 3 arrays, is more than 12 times the product of the lengtlthe HMM and the
sequence (in bytes). This implies that the size of the sempseand/or HMMs we can
solve inside the SPUs is significantly less than ClustalwmitlsWaterman. Also, unlike
the Clustalw or Smith-Waterman computation where only twees of the alignment was
important, we need to DMA back the whole working set arrayaX dmxandimx) for
the traceback step on the PPU. Thus, there is more bandweigitirements for HMMER,
than Clustalw or Smith-Waterman. We will need to resolvetladise issues, for a fully
working implementation of themmpfanbinary on the Cell/B.E. processor.

Apart from these data movement issues, sincenpfams already implemented using
Altivec intrinsics, it required very little effort to get ¢hcode working correctly on the
SPUs. One important point is that the existing Altivec codesusaturated arithmetic in-
structions which are not supported on the SPU. After a cheafalysis of the code, we
concluded that algorithm does not require saturating rmetic and could be modified
to use regular arithmetic without affecting the resultsistaas confirmed through email
corespondence by Sean Eddy as well, and thus we replacegdlaeldswith vecadd
We also verified this by comparing the results of computatiasing saturated arithmetic
with the non-saturated arithmetic for a large set of inpgfusmces. This gave us a big
boost in performance, as saturated arithmetic instrustionst be performed with multi-
ple instructions on the SPU.

6.3 Results

Figure 6 shows the results of the executiorhaimpfamon our set of evaluation plat-
forms. These results only show a single sequence being cenhpgainst a single HMM
on a single SPU. We do not have this application running on8sS# yet, but consider-
ing the embarassingly parallel all-to-all comparison, wpezet close to linear scalability



by using all the 16 SPUs in the IBM BladeCenter QS20. We doeatirat the size of the
sequence and the HMM is very small, for any useful output foldgists. However, the
work so far was meant to explore the performance of HMMER @nGhklII/B.E. proces-
sor. We also show the costs of using saturated instruct@maksthe DMA costs of bringing
the data in, and the output data comprised of the workingrsgysout. While HMMER
includes Altivec-enabled code fé7Viterbi the coresponding SSE code for x86 based
platforms s not included. Thus, we are only able to reponlte®f scalar execution on
the Opteron and the Woodcrest. The time is reported in segdrain running the algo-
rithm one million times. This is done to get an accurate measfithe time taken. We
can see that with only single SPU execution, the Cell/B.lBcgssor is faster than the
Woodcrest with the non-SSE execution. Unlike Smith-Waterrand ClustalW, we can
see the DMA overhead is more than 50% of the total time of ei@tuand thus we need
to optimize the DMA transfers for better performance. Weorephe time of execution
without the DMA overhead; the output execution arrays wilt need to be DMAed out
if the Cell was only to be used as a screening platform simiighow FPGA's are em-
ployed as accelerators. With such a framework, a single &l performance is close
to the PowerPC G5 Altivec performance. These results areueaging to attempt a fully
operationahmmpfanbinary on the Cell/B.E. processor.
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7 Conclusions and Future Work

In this paper, we discussed the implementation and redihse® popular bioinformatics
applications, namely FASTA, ClustalW and HMMER. Our prehiary results show that
the Cell Broadband Engine is an attractive platform forfi@imatics applications. Con-
sidering that the total power consumption of the Cell is kass half of a contemporary
superscalar processor, we consider Cell a promising petfierent platform for future
bioinformatics computing.

Our future work will focus on making the applications dissed fully operational, and



trying to find other avenues for optimization. Both FASTA ddMIMER suffer from si-
miliar issues: the size of the inputs could exceed the 256d€&llIstore available to each
SPU. A fully operational solution for these codes would iegjpartitioning of the input
among 8 SPUs, while ensuring that the data dependancy hetwee&SPUs are fulfilled
correctly. ClustalW, due to the mostly limited size of itputs is fully functional as dis-
cussed in this paper. Besides these critical applicataesywould intend to work with
other applications in diverse areas such as protein docRN# interference, medical
imaging and other avenues of computational biology to datex their applicability for
the Cell/B.E. processor.
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