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Abstract. Biological sequence comparison is one of the most impor-
tant tasks in Bioinformatics. Due to the growth of biological databases,
sequence comparison is becoming an important challenge for high per-
formance computing, especially when very long sequences are compared.
The Smith-Waterman (SW) algorithm is an exact method based on dy-
namic programming to quantify local similarity between sequences. The
inherent large parallelism of the algorithm makes it ideal for architectures
supporting multiple dimensions of parallelism (TLP, DLP and ILP). In
this work, we show how long sequences comparison takes advantage of
current and future multicore architectures. We analyze two different SW
implementations on the CellBE and use simulation tools to study the
performance scalability in a multicore architecture. We study the mem-
ory organization that delivers the maximum bandwidth with the mini-
mum cost. Our results show that a heterogeneous architecture is an valid
alternative to execute challenging bioinformatic workloads.

1 Introduction

Bioinformatics is an emerging technology that is attractring the attention of
computer architects, due to the important challenges it presents from the per-
formance point of view. Sequence comparison is one of the fundamental tasks of
bioinformatics and the starting point of almost all analysis that imply more com-
plex tasks. This is basically an inference algorithm oriented to identify similari-
ties between sequences. The need for speeding up this process is consequence of
the continuous growth of sequence length. Usually, biologists compare long DNA
sequences of entire genomes (coding and non-coding regions) looking for matched
regions which mean similar functionality or conserved regions in the evolution;
or unmatched regions showing functional differences, foreign fragments, etc.

Dynamic programming based algorithms (DP) are recognized as optimal
methods for sequence comparison. The Smith-Waterman algorithm [16] (SW) is
a well-known exact method to find the best local alignment between sequences.
However, because DP based algorithm’s complexity is O(nm) (being n and m
the length of sequences), comparing very long sequences becomes a challenging
scenario. In such a case, it is common to obtain many optimal solutions, which
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can be relevant from the biological point of view. The time and space require-
ments of SW algorithms limit its use. As alternative, heuristics solutions have
been proposed. FASTA [13] and BLAST [4] are widely used heuristics which
allow fast comparisons, but at the expense of sensitivity. For these reasons, the
use of parallel architectures that are able to exploit the several levels of par-
allelism existing in this workload is mandatory to get high quality results in
a reduced time. At the same time, computer architects have been moving to-
wards the paradigm of multicore architectures, which rely on the existence of
sufficient thread-level parallelism (TLP) to exploit the large number of cores. In
this context, we consider the use of multicore architectures in bioinformatics to
provide the computing performance required by this workload. In this paper we
analyze how large-scale sequence comparisons can be performed efficiently using
modern parallel multicore architectures. As a baseline we take the IBM CellBE
architecture, which has proved to be an efficient alternative for highly parallel
applications [11][3][14]. We study the performance scalability of this workload in
terms of speedup when many processing units are used concurrently in a mul-
ticore environment. Additionally, we study the memory organization that the
algorithm requires and how to overcome the memory space limitation of the
architecture. Furthermore, we analyze two different synchronization strategies.

This paper is organized as follows: Section 2 discusses related work on parallel
alternatives for sequence comparison. Section 3 describes the SW algorithm and
the strategy of parallelism. Section 4 describes the baseline architecture and
presents two parallel implementations of the SW algorithm on CellBE. Section 5
describes the experimental methodology. Section 6 discusses the results of our
experiments. Finally, section 7 concludes the paper with a general outlook.

2 Related Work

Researchers have developed many parallel versions of the SW algorithm [7][8],
each designed for a specific machine. These works are able to find a short set
of optimal solutions when comparing two very long sequences. The problem of
finding many optimal solutions grows exponentially with the sequences length,
becoming this a more complex problem. Azzedine et al [6] SW implementation
avoids the excessive memory requirements and obtains all the best local align-
ments between long sequences in a reduced time. In that work, the process is
divided in two stages: First, the score matrix is computed and the maximum
scores and their coordinates are stored. Second, with this information, part of
the matrix is recomputed with the inverses sequences (smaller than the original
sequences) and the best local alignments are retrieved. The important point is
that the compute time of the first stage is much higher than the needed in phase
two. Despite the efforts to reduce time and space, the common feature is that
the score matrix computation is required, which is still the most time-consuming
part. There are some works about the SW implementations on modern multicore
architectures. Svetlin [12] describes an implementation on the Nvidia’s Graphics
Processing Units (GPU). Sachdeva et al [15] present results on the use of the
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CellBE to compare few and short pairs of sequences that fit entirely in the Local
Storage (LS) of each processor. Sánchez [10] compares SW implementation on
several modern multicore architectures like SGI Altix, IBM Power6 and CellBE,
which support multiple dimension of parallelism (ILP, DLP and TLP).

Furthermore, several FPGAs and custom VLSI hardware solutions have been
designed for sequence comparison [1][5]. They are able to process millions of
matrix cells per second. Among those alternatives, it is important to highlight
the Kestrel processor [5], which is a single instruction multiple data (SIMD)
parallel processor with 512 processing elements organized as a systolic array.
The system originally focuses on efficient high-throughput DNA and protein
sequence comparison. Designers argue that although this is a specific processor,
it can be considered to be in the midpoint of dedicated hardware and general
purpose hardware due to its programmability and reconfigurable architecture.

Multicore architectures can deliver high performance in a wide range of ap-
plications like games, multimedia, scientific algorithms, etc. However, achieving
high performance with these systems is a complex task: as the number of cores
per chip and/or the number of threads per core increases, new challenges emerge
in terms of power, scalability, design complexity, memory organization, band-
width, programalibility, etc. In this work we make the following contributions:

- We implement the SW on the CellBE. However, unlike previous works, we
focus on long sequences comparison. We present two implementations that
exploit TLP and DLP. In the first one, the memory is used as a centralized
data storage because the SPE LS is small to hold sequences and temporal
data. In the second one, each SPE stores parts of the matrix in its own LS
and other SPEs synchronously read data via DMA operations. It requires
to handle data dependencies in a multicore environment, synchronization
mechanisms between cores, on-chip and off-chip traffic management, double
buffering use for hiding data communication latency, SIMD programming
for extracting fine-grain data parallelism, etc.

- As a major contribution, we use simulation techniques to explore the SW
performance scalability along different number of cores working in parallel.
We investigate the memory organization that deliveres the maximum band-
width with the minimum hardware cost, and analyze the impact of including
shared cache that can be accessed by all the cores. We also study the impact
of memory latency and the synchronization overhead on the performance.

3 Algorithm Description and Parallelism

The SW algorithm determines the optimal local alignment between two se-
quences of length lx and ly by assigning scores to each character-to-character
comparison: positive for exact matches/substitutions, negative for insertions/
deletions. The process is done recursively and the data dependencies are shown
in figure 1a. The matrix cell (i, j) computation depends on results (i − 1, j),
(i, j − 1) and (i − 1, j − 1). However, cell across the antidiagonals are indepen-
dent. The final score is reached when all the symbols have been compared. After
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computing the similarity matrix, to obtain the best local alignment, the process
starts from the cell which has the highest score, following the arrows until the
value zero is reached.

3.1 Available Parallelism

Because most of the time is spent computing the score matrix, this is the part
usually parallelized. The commonly used strategy is the wavefront method in
which computation advances parallel to the antidiagonals. As figure 1a shows,
the maximum available parallelism is obtained when the main antidiagonal is
reached. Before developing an specific implementation, it is necessary to under-
stand the parameters that influence performance. Figure 1c and table 1 illustrate
these parameters and their description. The computation is done by blocks of a
determined size. We can identify three types of relevant parameters: first, those
which depend on the input data set, (the sequence lengths lx and ly); second,
those which depend on the algorithm implementation like b, k (the vertical and
horizontal block lengths); and third, those which depend on the architecture (the
number of workers p and the time Tblock(b,k) required to compute a block of size
b∗k). There are studies on the parallelism in this kind of problems [2][9], Instead
of developing a new model, we just want to summarize this remarking that the
total time to compute the comparison can be expressed as follows:

Total timeparallel = Tseq part + Tcomp(b,k) + Ttransf(b,k) + Tsync(b,k) (1)

Where Tseq part is the intrinsic sequential part of the execution; Tcomp(b,k) is
the time to process the matrix in parallel with p processors and with a specific
block size b ∗ k; Ttransf(b,k) is the time spent transferring all blocks with size
b ∗ k used in the computation; and Tsync(b,k) is the synchronization overhead.
Each synchronization is done after a block of size b ∗ k is computed. On one
hand Tcomp(b,k) basically depends on p, b and k, as the number of processors
increases, this time decreases, The limit is given by the processors speed and the
main antidiagonal, that is, if ly and lx are different, the maximum parallelism
continues for |lx − ly| stages and then decreases again. Small values of b and k
increases the number of parallel blocks, making the use of a larger number of
processor effective. On the contrary, larger values of b and k reduce parallelism,
therefore Tcomp(b,k) increases. On the other hand, Tsync(b,k) also depends on b, k.
Small values of them increase the number of synchronization events, which can
degrade performance seriously. Finally, Ttransf(b,k) increases with large values of
b and k but also with very small values of them. The latter situation happens
because it increases the number of inefficient data transfers due to the size.

4 Parallel Implementations on a Multicore Architecture

Comparing long sequences presents many challenges to any parallel architecture.
Many relevant issues like synchronization, data partition, bandwidth use, mem-
ory space and data organization should be studied carefully to efficiently use the
available features of a machine to minimize equation 1.



Long DNA Sequence Comparison on Multicore Architectures 251

Table 1. Parameters involved in the execution of the SW implementation on CellBE

Name Description

b Horizontal block size (in number of symbols (bytes))

k Vertical block size (in number of symbols (bytes))

lx Length of sequence in the horizontal direction

ly Length of sequence in the vertical direction

p Number of processors (workers), SPE is the case of CellBE

Tblock(b,k) Time required to process a block of size b ∗ k

Fig. 1. (a) Data dependency (b) Different optimal regions (c) Computation distribution

To exploit TLP in the SW, a master thread takes sequences and preprocess
them: makes profiling computation according to a substitution score matrix, pre-
pares the worker execution contexts and receives results. Those issues correspond
to the sequential part of the execution, the first term of equation 1. Workers
compute the similarity matrix as figure 1b shows, that is, each worker computes
different rows of the matrix. For example, if p = 8, p0 computes row 0, row 8,
row 16, etc; p1 computes row 1, row 9, row 17, and so on. Since SIMD registers
of the workers are 16-bytes long, it is possible to compute 8 symbols in parallel,
(having 2 bytes per temporal scores), that is, k = 8 symbols. Each worker has to
store temporal matrix values which will be used by the next worker, for exam-
ple, in figure 1b, computing block 2 by p0 generates temporal data used in the
computation of block 1 by p1. This feature leads to several possible implemen-
tations. In this work, we show two, both having advantages and disadvantages,
and being affected differently by synchronization and communications.

4.1 Centralized Data Storage Approach

Due to the small size of the scratch pad memory (LS of 256KB in CellBE, shared
between instructions and data), a buffer per worker is defined in memory to store
data as figure 2a shows. Each worker reads from its own buffer and write to the
next worker’s buffer via DMA GET and PUT operations. Shared data correspond
to the border of consecutive rows as shown in figure 1b. That implies that all
workers are continuously reading/writing from/to memory, which is a possible
problem from the BW point of view, but it is easy to program. The Ttransf(b,k)
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Fig. 2. (a) SPEs store data in memory. (b) SPEs store data in an internal buffer.

term of equation 1 is minimized using double buffering. It reduces the impact
of DMA operation latency, overlapping computation with data transfer. Atomic
operations are used to synchronize workers and guarantee data dependencies.

4.2 Distributed Data Storage Approach

Here, each worker defines a small local buffer in its own LS to store temporal
results (figure 2b). When pi computes a block, it signals pi+1 indicating that a
block is ready. When pi+1 receives this signal, it starts a DMA GET operation
to bring data from the LS of pi to its own LS. When data arrives, pi+1 hand-
shakes pi sending an ack signal. Once pi receives this signal, it knows that the
buffer is available for storing new data. The process continues until all blocks are
computed. However, due to the limited size of LS, the first and the last workers
in the chain read from and write to memory. This approach reduces data traffic
generated in previous approach. However it is more complex to program.

There are three types of DMA: between workers to transfer data from LS to LS
(on-chip traffic), from memory to LS and from LS to memory (off-chip traffic).
Synchronization overhead is reduced taking into account that one SPE does not
have to wait immediately for the ack signal from other SPE, it can start the
computation of the next block and later wait for the ack signal. Synchronization
is done by using the signal operations available in the CellBE.

5 Experimental Methodology

As a starting point, we execute both SW implementations on the CellBE with
1 to 16 SPUs. We evaluate the performance impact of the block size and the
bandwidth requirements. Then, using simulation, we study the performance
scalability and the impact of different memory organizations. We obtain traces
from the execution to feed the architecture simulator (TaskSim) and carry out
an analysis in more complex multicore scenarios. TaskSim is base on the idea
that, in distributed memory architectures, the computation time on a processor
does not depend on what is happening in the rest of the system, as it happens
on the CellBE. Execution time depends on inter-thread synchronization, and
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Fig. 3. Modeled system

Table 2. Evaluated configurations ranked by L2 bandwidth and Memory bandwidth

Number of Banks 1 2 4 8 16

L2 Cache Organization Bandwidth [GB/s] 25.6 51,2 102.4 204.8 409.6

mics/dram per mics 1/1 1/2 or 2/1 1/4 or 4/1 2/4 or 4/2 4/4

Memory Organization Bandwidth [GB/s] 6.4 12.8 25.6 51.2 102.4

Each combination of L2 BW and memory BW is a possible configuration, e.i, 2 L2 banks and 2 mics

with 2 dram/mic deliver 51.2 GB/s to L2 and 25.6 GB/s BW to memory

the memory system for DMA transfers. TaskSim models the memory system in
cycle-accurate mode: the DMA controller, the interconnection buses, the Mem-
ory Interface Controller, the DRAM channels, and the DIMMs. TaskSim does
not model the processors themselves, it relies on the computation time recorded
in the trace to measure the delay between memory operations (DMAs) or inter-
processor synchronizations (modeled as blocking semaphores).

As inputs, we use sequences with length 3.4M and 1.8M symbols, for real
execution. However, to obtain traces with manageable size for simulation, we
take shorter sequences ensuring available parallelism up to 112 workers, using
block transfer of 16KB. The code running on PPU and SPU side are coded in C
and were compiled with ppu-gcc and spu-gcc 4.1.1 respectively, with -O3 option.
The executions run on a IBM BladeCenter QS20 system composed by 2 CellBE
at 3.2 GHz. As a result, it is possible to have up to 16 SPEs running concurrently.

5.1 Modeled Systems

Figure 3 shows the general organization of the evaluated multicore architectures
using simulation. It is comprised of several processing units integrated into clus-
ters, the working frequency is 3.2 GHz. The main elements are:

- A control processor P: a PowerPC core with SIMD capabilities.
- Accelerators: 128 SIMD cores, connected into clusters of eight core each.

Each core is connected with a private LS and a DMA controller.
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- A Global Data Bus (GDB) connects the LDBs, L2 cache and memory con-
trollers. It allows 4 8-bytes request per cycle, with 102.4 GB/s of bandwidth.

- Local Data Buses (LDB) connects each cluster to GDB. Each GDB to LDB
connection is 8-bytes/cycle. (25,6 GB/s).

- A shared L2 cache distributed into 1 to 16 banks as table 2 describes. Each
bank is a 8-way set associative with size ranging from 4KB to 4MB.

- On-chip memory interface controllers (MIC) connect GDB and memory, pro-
viding up to 25.6 GB/s each (4x 6.4 GB/s Multi-channel DDR-2 modules).

Our baseline blade CellBE-like machine consists of: 2 clusters with 8 workers
each, without L2 cache, one GDB providing a peak BW of 102.4 GB/s for on-
chip data transfer. One MIC providing a peak BW of 25.6 GB/s to memory.
And four DRAM modules connected to the MIC with 6.4 GB/s each.

6 Experimental Results

6.1 Speedup in the Real Machine

Figures 4 and 5 show performance results for the centralized and distributed ap-
proaches on CellBE. The baseline is the execution with one worker. Figures show
the performance impact of the block size (parameter b of table 1). When using
small block sizes (128B or 256B), the application does not exploit the available
parallelism due to two reasons: First, although more parallel blocks are available,
the number of inefficient DMAs increases. Second, because each block transfer
is synchronized, the amount of synchronization operations also increases and
the introduced overhead degrades performance. With larger blocks like 16KB,
the parallelism decreases, but the synchronization overhead decreases. Less ag-
gressive impact is observed in the distributed SW because the synchronization
mechanism is direct between workers and data transfers are done directly be-
tween LSs. With blocks of 16KB, performance of both approaches is similar (14X
for centralized and 15X for distributed with 16 workers), that is, synchronization
and data transfer in both approaches are hidden by computation.

6.2 Bandwidth Requirements

Data traffic is measured in both centralized and distributed cases. With these
results, we perform some estimation of the on-chip and off-chip BW require-
ments, dividing the total traffic by the time to compute the matrix. Figure 6
depicts results of these measures. Up to 16 workers, the curves reflect the real
execution on CellBE, for the rest points, we made a mathematical extrapolation
that gives some idea of the BW required when using more workers. Figure shows
that centralized SW doubles the BW requirements of distributed case when us-
ing equal number of workers. The reason is that in the centralized case, a worker
sends data from a LS to memory first, and then, another worker bring this data
from memory to its own LS, besides, all the traffic is off-chip. In the distributed
case, data travels only once: from a LS to another LS and most of the traffic
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is on-chip. For example, for 16 workers off-chip BW arrives to 9.1 GB/s in the
first case, and on-chip BW is around 4.7 GB/s in the second one. Although the
current CellBE architecture can deliver these BW for 16 cores, it is clear this
demand is unsustainable when more than 16 workers are used, as figure shows.

6.3 Simulation Results

This section presents simulation results according to the configurations of sec-
tion 3. We show results for both SW implementations using 16KB of block size.
We study the memory latency with perfect memory, the real memory system
impact, inclusion of L2 cache impact and the synchronization overhead impact.

Memory Latency Impact. We perform experiments using up to 128 cores,
without L2 cache, with sufficient memory bandwidth, with different latencies in
a perfect memory and without synchronization overhead. Figure 7 shows results
for the centralized SW. The first observation is that even in the ideal case (0
cycles), the execution does not reach a linear performance. This is because of
Amdahl’s law: with 1 worker, the sequential part of the execution takes 0.41% of
time, but with 128 workers it takes around 30.2% of time. Figure also shows this
implementation hides the latency properly due to the double buffering use. The
degratation starts with latencies near to 8K cycles, when more than 64 workers
are used. Finally, the performance does not increase with more than 112 cores
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because the simulated trace only has parallelism for this amount of cores, as
explained in section 5. Results for the distributed case exhibit similar behavior.

Real Memory System Without L2 Cache. Figures 8 and 9 show the perfor-
mance results when using several combinations of MICs and DRAMS per MIC,
without L2 caches. As shown, having 128 workers in the centralized case, the re-
quired BW to obtain the maximum performance is between 51.2 GB/s (2 MICS
and 4 DRAM/MIC) and 102.4GB/s (4 MICS and 4 DRAMS/MIC). Comparing
the results with the extrapolation of figure 6, we conclude that the required BW
with 128 workers is near to 65 GB/s. However, having some configurations like
them is unrealistic because of that physical connections do not scale in this way.
For the distributed case, 12.8 GB/s (1 MIC and 2 DRAMS/MIC) is sufficient to
obtaining the maximum performance. This is because the off-chip traffic in this
case is very small (figure 6). Basically all the traffic is kept inside the chip.

Impact of the L2 Cache and Local Storage. There are several ways to
include cache or local memory in the system. We evaluate two options: first,
adding a bank-partitoned L2 cache connected to the GDB; second, adding small
size of LS to each worker. These two models differ in the way data locallity
and interprocessor communication is managed. Figure 10 shows results for the
centralized case in which only one MIC and one DRAM module is used (6.4
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GB/s of memory BW) and a maximum 204.5 GB/s of L2 BW is available (L2
is distributed in 8 banks). As shown, the cache requirement is very high due
to that the matrix to compute is bigger than L2 and data reuse is very small:
when a block is computed, data is used once for another worker, after that, it
is replaced by a new block. Additionally, with many workers the conflict misses
increase significantly with small L2 caches, therefore, the miss rate increases and
performance degrades. Figure 11 show results for the distributed case, where each
worker has a 256KB LS (as CellBE) and there is L2 cache distributed in 8 banks
to access date that are not part of the matrix computation. Results show that a
shared L2 cache of 2MB is enought to capture the on-chip traffic.

Synchronization Overhead. To obtain small synchronization overhead it is
required to used a proper synchronization technique that match well in the tar-
get machine. So far, we have made experiments regardless of synchronization
overhead. Now, this is included in the performance analysis. Each time a worker
computes a block, it communicates to another worker that data is available, as
explained in section 4.1. We include this overhead assuming that the time to per-
form a synchronization event (signal o wait) after a block is computed is a frac-
tion of the requirede time to compute it, that is, Tsyncblock(b,k) = α ∗ Tblock(b,k).
We give this information to our simulator and measure the performance for dif-
ferent values of α. Figure 12 shows the experiment results for the centralized
SW implementation. As observed, the system assimilate the impact of up to
1000 nanoseconds of latency in each synchronization event. The results of the
distributed approach exhibit a similar behavior.

7 Conclusions

This paper describes the implementation of DP algorithms for long sequences
comparisons on modern multicore architectures that exploit several levels of
parallelism. We have studied different SW implementations that efficiently use
the CellBE hardware and achieve speedups near to linear with respect to the
number of workers. Furthermore, the major contribution of our work is the use
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of simulation tools to study more complex multicore configurations. We have
studied key aspects like memory latency impact, efficient memory organization
capable of delivering maximum BW and synchronization overhead. We observed
that it is possible to minimize the memory latency impact by using techniques
like double buffering while large data blocks are computed. Besides, we have
shown that due to the sequential part of the algorithm, the performance does
not scale linerly with large number of workers. It becomes necessary to perform
optimizations in the sequential part of the SW implementations.

We investigated the memory configuration that deliveres maximum BW to
satisfy tens and even hundreds of cores on a single chip. As a result, we deter-
mined that for the SW algorithm it is more efficient to distribute small size of LS
accross the workers instead of having a shared L2 on-chip data cache connected
to the GDB. This is consequence of the streaming nature of the application, in
which data reuse is low. However, the use of LS makes more challenging the
programming, because the communication is always managed at the user-level.

Finally, we observed that our synchronization strategy minimizes the impact
of this overhead because it prevents a worker to wait inmediatly for the response
of a previous signal. In this way, the application can endure an overhead of up
to thousand ns with a maximum performance degradation of around 3%.
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