International Journal of High Performance
Computing Applications

http://hpc.sagepub.com

Regular Paper: A Study of Architectural Optimization Methods in Bioinformatics Applications
G. Tan, L. Xu, Z. Dai, S. Feng and N. Sun
International Journal of High Performance Computing Applications 2007; 21; 371
DOI: 10.1177/1094342007078175

The online version of this article can be found at:
http://hpc.sagepub.com/cgi/content/abstract/21/3/371

Published by:
®'SAGE Publications
http://www.sagepublications.com

Additional services and information for International Journal of High Performance Computing Applications can be found at:

Email Alerts: http://hpc.sagepub.com/cgi/alerts

Subscriptions: http://hpc.sagepub.com/subscriptions
Reprints: http://www.sagepub.com/journalsReprints.nav

Permissions: http://www.sagepub.com/journalsPermissions.nav

Citations (this article cites 8 articles hosted on the
SAGE Journals Online and HighWire Press platforms):
http://hpc.sagepub.com/cgi/content/refs/21/3/371

Downloaded from http://hpc.sagepub.com at CAPES on October 26, 2007
© 2007 SAGE Publications. All rights reserved. Not for commercial use or unauthorized distribution.


http://hpc.sagepub.com/cgi/alerts
http://hpc.sagepub.com/subscriptions
http://www.sagepub.com/journalsReprints.nav
http://www.sagepub.com/journalsPermissions.nav
http://hpc.sagepub.com/cgi/content/refs/21/3/371
http://hpc.sagepub.com

A STUDY OF ARCHITECTURAL
OPTIMIZATION METHODS IN
BIOINFORMATICS APPLICATIONS

G. Tan
L. Xu
Z. Dai
S. Feng
N. Sun

KEY LABORATORY OF COMPUTER SYSTEM

AND ARCHITECTURE, INSTITUTE OF COMPUTING
TECHNOLOGY, CHINESE ACADEMY OF SCIENCES,
BEIJING, CHINA

(TGM@NCIC.AC.CN)

Abstract

Studies in the optimization of sequence alignment have
been carried out in bioinformatics. In this paper, we have
focused on two aspects: memory usage and execution time.
Our study suggests that cache memory does not have a
significant effect on system performance. Our attention then
turns to optimize Smith—Waterman'’s algorithm. Two instruc-
tion level methods have been proposed and 2—8 fold speed
improvements have been observed after the optimization
has been implemented. Further improvements on system
performance have been achieved by overlapping compu-
tation with system I/O usage.
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1 Introduction

The peak performance of modern computers evolves rap-
idly with Moore’s law. It is, however, increasingly hard to
harness the peak performance because the computer sys-
tem is becoming more complex. As a consequence, good
implementations get less peak performance than before,
because the systems are more complex. Many solutions in
the field of numerical computation were formulated in
order to minimize this performance gap. A number of high
performance library routines are carefully constructed
and hand-tuned. Many optimization methods used by these
libraries are based on computer architecture, as the per-
formance of most numerical kernels is often determined
by the number of operations required to handle a cache
miss, which may be 10-100 times more expensive than a
multiplication operation. More generally, the perform-
ance of numerical code depends crucially on the use of
the platform’s memory hierarchy, register sets and instruc-
tion sets. For example, the optimization methods for matrix—
matrix multiplication include decreasing the number of
operations with divide and conquer algorithms, using
blocked algorithms on cache memory, and utilizing spe-
cial instruction sets. Because hand-tuned approaches are
time consuming and require extensive knowledge of the
algorithm and architecture, many automatic optimization
tools have been developed. One important example is
ATLAS (Demmel et al. 2005), a linear algebra library gen-
erator. Some more recent tools are FFTW (Frigo and
Johnson 2005), SPIRAL (Puschel et al. 2005), SPARSITY
(Im, Yelick and Vuduc 2004) and UHFFT (Mirkovie and
Johnsson 2001). However, one should be reminded that
many automatic optimization tools were developed with
reference to newly formulated optimization methods, so
the study of optimization methodology is the basis of these
automatic solutions.

Bioinformatics applications are attracting great atten-
tion from the high performance computing research com-
munity. Sequence alignment (Gusfield 2001), a commonly
used process of scanning gene and protein sequence data-
bases, exerts great pressure on the processing capability
of current computer systems (Camp, Cofer, and Gom-
perts 1998). The need for a more efficient process comes
from the exponential growth of the biosequence banks:
every year their sizes increase by a factor of 1.5 to 2. The
scanning operation tries to find similarities between a
particular query sequence and all the sequences in the bank.
This operation allows biologists to identify sequences shar-
ing common subsequences. From a biological point of
view, it leads to the identification of similar functional-
ity. The complexity of the comparison algorithms is
quadratic with respect to the length of the sequences. One
frequently used approach to speed up this time-consum-
ing operation is to introduce heuristics in search algo-
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rithms such as BLAST (Altschul et al. 1990) and FASTA
(Galison 2001) at the cost of the quality of results. The
importance of the sequence alignment algorithms, which
have been the most important kernel of many sequence
analysis tools, is analogous to the matrix multiplication
algorithms in numerical computation. So it is necessary
to study how to efficiently implement them on high per-
formance platforms.

However, while bioinformatics has attracted much
attention recently, with a few exceptions little has been
done to optimize their performance. For example, as far as
we know, the studies of the memory system behavior of
bioinformatics applications have not been published
before. Bader et al. (n.d.) are developing BioPerf, a suite
of representative applications assembled from the com-
putational biology community. While they also use
approaches similar to ours to analyze the performance of
these applications, the main motivation of their work is to
develop a benchmark in bioinformatics to evaluate and
optimize high-end computer system architectures.

The rest of this paper is organized as follows: The next
section studies the memory system performance of some
important bioinformatics programs. Section 3 proposes
two optimization methods for the alignment algorithm
kernel, and an optimization scheme for a more complex
alignment program. Section 4 concludes the paper.

2 Memory System Performance

Memory wall' (Henessy and Patterson 1999) has been
widely researched because of the high cost of memory
accesses and cache misses. Papers studying memory sys-
tem performance have focused on SPEC benchmarks
and, more recently, on commercial workloads or desktop
apphcatlons (Barroso and Gharachorloo 1998; Lee et al.
1998; Xu et al. 2004). For example, Xu et al. (2004) stud-
ied the execution characteristics of multimedia applica-
tions on several Linux and Windows platforms. They
found that most current multimedia programs will con-
tinue to be CPU-bound rather than memory-bound.

In order to study high performance algorithms in bio-
informatics, we selected several popular applications to
investigate their memory system performance by com-
parison with that of SPEC2000.

We used hardware performance counters as well as
execution-driven simulation in this study. Opr0f1le is a
system- -wide profiler for Linux systems, capable of profil-
ing all running code at low overhead PAPI (Performance
Application Programming Interface)’ specifies a standard
API for accessing hardware performance counters availa-
ble on most modern microprocessors. Both tools provide
useful information for alleviating commonly occurring
bottlenecks in high performance computing. We used
these tools to profile program memory behavior. In order

to study cache behavior under different configurations,
we also performed extenswe executlon driven simulation
experiments using SandFox’, a leps based executive-
driven simulator developed by a group at our institute.

The application set is comprised of six sequence align-
ment programs: Swat (Smith and Waterman 1981), Blast-
all (Altschul et al. 1990), Fasta (Galison 2001), MegaBlast
(Zhang et al. 2000), Phrap ClustalW (Thompson, Hig-
gins, and Gibson 1994). Swat is a sequence alignment
program using the standard Smith—-Waterman’s dynamic
programming model. Fasta, Blastall and MegaBlast are
widely used heuristic local sequence similarity search
tools.” Phrap is a program for assembling DNA sequence
data. ClustalW is used to construct evolutionary relation-
ships among divergent sequences by producing biologi-
cally meaningful multiple sequence alignments.

We chose the SPEC2000 benchmark to represent tradi-
tional applications. The input files were provided by the
benchmark suites in reference directions. The SPEC2000
and six application programs were compiled statically
with an optimization level O2.

2.1  Memory References Per Instruction

DNA/protein databases tend to be large in size, therefore
processing these data sets might place a high demand on
the memory system. In order to compare the memory
requirement of bioinformatics applications with that of
traditional applications, our first experiment was to meas-
ure the number of data memory references per instruction
for these programs. A higher value indicates that a program
generates more memory traffic, and hence places a higher
demand on the memory system.

We ran the programs on an Opteron 1.6 GHz system.
Using Oprofile and PAPI, we measured the total number
of data memory references and the total number of instruc-
tions executed for each program. The results include
instructions for both the user code and the OS. We noted
that the SPEC2000 and bioinformatics programs used
here spend more than 99 percent of their execution time
in user mode. As a result, the OS effects can be ignored
without affecting accuracy. Figure 1 indicates that while
bioinformatics programs use large data banks, they gen-
erate only a slightly higher average number of memory
references per instruction (0.224) than SPEC2000 (0.213).
The reason for such similar behavior is that the work-
loads are computation intensive.

2.2 Data Cache Performance

An important question is: How well can the cache per-
form under different programs? To answer this question,
we used Oprofile and PAPI to measure the cache per-
formance on an Opteron system with 64 KB L1 data
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Fig. 1

Number of data memory references per instruction. The average number of memory references per instruc-

tion is 0.213 for SPEC2000 (dark bars) and 0.224 for bioinformatics programs.
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Fig. 2 L1 D-cache performance for SPECint2000 and bioinformatics programs.

cache. Figures 2 and 3 show the measured results for all
programs. Figure 2 indicates that the average cache miss
rate of the six bioinformatics programs is higher than that
of SPECint2000, especially for MegaBlast. Figure 3 also
indicates that the cache miss rates of bioinformatics are
similar to those of SPECfp2000. Among the six bioinfor-
matics programs, MegaBlast has the highest data cache
miss rate. In Section 3, we discuss the reason in detail,

and will propose an optimized algorithm to improve its
memory and cache performance.

Profiling tools can only measure cache performance
under a fixed configuration. To analyze the cache per-
formance of these bioinformatics programs under differ-
ent memory organizations, we used SandFox to simulate
the behavior of these programs comprehensively. Figure 4
shows the simulation results for all the six bioinformatics
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Fig. 3 L1 D-cache performance for SPECfp2000 and bioinformatics programs.
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Fig. 4 L1 D-cache performance for bioinformatics programs with different cache sizes.

programs with different cache configurations. The sizes
of the cache varied from 32 KB to 1 MB. From Figure 4,
we noted that the cache performance of MegaBlast does
not significantly improve with larger caches, while the
other five programs are more sensitive to cache size
increases.

We observed the impact of different cache line sizes
and associativities. As shown in Figure 5, caches larger
than 256 KB have little benefit. We also simulated the
cache behavior with different line size and associativities

while fixing the cache size at 256 KB. We observed that
except for MegaBlast, the other five programs all show
sensitivity to different cache configurations to some
extent.

Our observations suggest that the six bioinformatics
programs except MegaBlast are memory-bound rather
than CPU-bound. Although the cache miss rate of the
other five programs is reduced significantly by tuning the
configuration at cache memory level, the rates are rela-
tively small so that the overall performances are not
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Fig. 5 L1 D-cache performance for bioinformatics programs with different cache line size and associativity

(associativity = line size). The size of cache is 256 KB.

expected to be improved. Therefore our focus is to utilize
other architecture-based optimization algorithms. Because
all the six programs of the bioinformatics application
comprise a Smith—Waterman’s dynamic programming
kernel, we expect that the optimization in instruction level
can improve the performance. We will look into reducing
the time and space costs, particularly for MegaBlast,
through analysis of computational behavior.

3 The Optimized Algorithms

3.1 Instruction Rearrangement in
Smith—Waterman’s Algorithm

As discussed in the previous section, the benefit of opti-
mizing the cache behavior of Smith—-Waterman’s algo-
rithm is expected to be limited. Bader performed a
comprehensive test using IBM MAMBO simulator and
implied that it is possible to optimize this algorithm at
instruction levels such as branch mispredictions or spe-
cial instruction sets.

Smith—-Waterman’s uses a dynamic programming
algorithm to compute the optimal local alignment score.
Given a query sequence A of length m, a database
sequence B of length n, a substitution score matrix G, a
gap-open penalty g and a gap extension penalty r, the
optimal local alignment score ¢ can be computed by the
following recursion relations:

ei,jzmax{ei,j_l»hi,j-l_q}—r (1)

f;',j=max{fi—1,j’hi—l,j_q}_r 2

h; ;=max{h;_, ; |+ o(Alil, BljD, e, ;. f; » 0} 3)
t= max{hi’j}

Here, ¢; ; and f; ; represent the maximum local alignment
score involving the first i symbols of A and the first j
symbols of B, and ending with a gap in sequence B or A,
respectively. The overall maximum local alignment score
involving the first i symbols of A and the first j symbols
of B, is represented by h; ;. Starting withe; ;=f, ;=h; ;=0
for all i = 0 orj = 0, the value of any cell cannot be com-
puted before the value of all cells to the left and above it
has been computed.

The Smith—Waterman’s dynamic programming algo-
rithm above can be easily implemented. The directly
implemented program is called a naive program. As
shown in equations 1, 2 and 3, the naive program needs a
number of branch instructions, which result in high costs
on current architecture. As long as % is less than the
threshold g + r, e or f will remain at zero along a column
or row in the dynamic programming matrix. So the
branches used to choose whether e or f contributes to &
occur in many missed predictions. Therefore, it is neces-
sary to decrease branch operations and mispredicted
branches.

In fact, equation 3 can be divided into two parts:

h{; =max{h

1 +o(A[, Blj]). e; ;» 0} (4)

i—1,j— i,J?

h,‘_l,_,'zmax{hi’fl,j,f;‘_l,j} (5)

Combining equation 2, we have
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fij=max{fi_\ ;=rhi;—q-r} pi=max{p;_,,z]} @®)
For a fixed j, setting p; = f; ;+ i * rand w; =i * r, then and
pi=max{p, , hi_;—q—r+w} (6) foj=pi—ixr ©)
So setting 3.1.1 Reducing mispredicted branches Through the
transformation of formulations above, the calculations of
u=hi\,—q-r+w, @) e and f are separated. The two calculation parts can be
placed in two while loops until e or f equals zero. Once
we have either of them is zero, it will be zero in the next align-
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Fig. 8 Comparison of the overall running time.

ment step because of the gap penalty. Thus, the number
of branches is greatly decreased. Accordingly, because
the values of e or fkeep still in a while loop, the predicted
branches can promise correctness.

3.1.2 Using SSE2 instruction sets Microparallelism is
an efficient method to speed up numerical kernels because
there are many vector operations (Demmel et al. 2005;
Frigo and Johnson 2005). Using the SIMD instruction set
to improve Smith—-Waterman’s algorithm has been widely
studied. Alpern, Carter, and Gatlin (1995) presented sev-
eral ways to speed up the algorithm including a parallel
implementation utilizing microparallelism by dividing
64-bit wide Z-buffer registers of the Intel Paragon 1860
processors into four parts and achieved more than a 5-
fold improvement over a conventional implementation.
Wozniak (1996) presented a way to implement the algo-
rithm using the Visual Instruction Set technology of Sun
UltraSPARC microprocessors and obtained a speedup of
about two relative to the same algorithm implemented
with integer instructions on the same machine. Rognes
and Seeberg (2000) presented an implementation of the
optimized Smith—Waterman’s algorithm for special
cases, using Intel’s MMX instruction set and represented
a speedup of six with the SWAT-optimizations.
However, some of the more efficient methods listed
above parallelize the computation along a diagonal. One
of the frequently used technologies is wave-front parallel
computation. One should note that the data in the dynamic
programming matrix must be rearranged so that cache
misses resulting from abnormality of input data along a
diagonal can be avoided. In addition, although there is no

dependence among cells in the diagonals, load unbalanc-
ing is a significant problem with this method because of
the different lengths of the diagonals. In our method, the
transformed dynamic programming formulations are used
so that the SSE2 program computes along a matrix row
instead of a diagonal.

In the SSE2 instruction set, the data length is 128 bits.
We assume that the vectors e, .5 5 Ry 415, ; and
Ja, .++15),; need to be updated. Once equation 1 finishes
calculating e, ,, s, ;, vector f and h can be computed
using equations 5 and 9, respectively. The order of calcu-
lation proceeds by matrix column. The cells in matrix &
only depend on the cells to the left and above them, the
cells in matrix e only depend on the cells to the left.
Because the eight cells located in one column have no
inter-dependence, it is easy to parallelize the computation
of matrix e and h. By the prefix computing above, we
eliminate some data dependence and can efficiently com-
pute matrix f. The parallel algorithm is described as Fig-
ure 10.

Although the inter-dependence in calculating f is not
eliminated completely, only two arithmetic operations
and a few logic operations are needed in calculating the
16 cells of matrix f. In the innermost loop, there are only
two logic operations and one arithmetic operation. When
implementing this algorithm, we perform a loop unroll
for the innermost loop.

3.2 High Spatial-Temporal Efficient MegaBlast

Although comprising the same dynamic programming
computational kernel, MegaBlast has abnormally high
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tion.

For G=1;j <n;j++)
/* Calculating the j column score value */
For(i=1;i < m/16;i++)
/* Calculating a group composed of 16 cells.*/
/*The matrix e, h, z, p, f and*/
/*max16 are 16 dimensions vector. */
Calculating vector e using equation 1;
Calculating vector h’ using equation 4;
Calculating vector z using equation 7;
Calculating vector p using equation 8§;
Calculating vector f using equation 9;
Calculating vector h using equation 5;
Updating the maximum score value vector max16;
endfor
endfor

Fig. 10 Algorithm 1: The parallel SSE2 implementa-
tion for Smith—-Waterman’s algorithm.

cache miss rates compared with other programs, as
shown in Figure 2. An analysis of its program flow is
necessary in order to understand its computational
behavior.

3.2.1 The original MegaBlast MegaBlast  utilizes
batch processing and a greedy algorithm to extend signif-
icantly similar segments. As a result, it is the fastest and
highest-throughput program in the NCBI BLAST
toolkits.® The basic flow of MegaBlast is the same as
other programs in NCBI BLAST. The goal of the first
step is to quickly locate ungapped similar regions in both
the query sequence and the subject sequence. It builds a

hash table based on the query sequence. Each entry in the
hash table locates a word with length w in the query
sequence. A hit is made with one or several successive
pairs of similar words, and characterized by its position
in each of the two sequences. All possible hits between
the query and database (subject) are calculated in this
fashion. Every hit that has been generated is then
extended. If an extended segment pair’s score is the same
as or better than S (a parameter of the program), it is
kept and called an HSP (highest scoring segment pair).
The HSP with the highest score is called the MSP (maxi-
mal segment pair). In the end, the program outputs the
MSPs with some p-value (an expectation value), which
is the probability to get at least one score equal to or
greater than that of the MSP by chance; i.e. the p-value is
the probability that one or more MSP exists, obtained
from the comparison of two random sequences (having
same length and composition as the sequences of inter-
est) whose score is equal to or greater than that of the
MSP obtained with the actual sequences. Assume that
for a set of query sequences O = {q,, ¢,, ..., q,,} and sub-
ject sequences S = {s,, §,, ..., 5,}, the length of word
or hit is w. The MegaBlast algorithm is described in Fig-
ure 12.

There are two problems in the MegaBlast algorithm.
First, because HSPs are selected from the alignment
results, which are generated by aligning one sequence
with all database sequences, all alignment results are kept
in memory until the search for all subject sequences is
finished. In the worst case, the memory cost is propor-
tional to the product of the sizes of two sequence sets
being compared.
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