
 

 
 

 

DESIGN AND ANALYSIS OF 

BIOINFOMATICS 

ALGORITHMS ON AN FPGA 

PLATFORM 

 

 

CHEN YUPENG 

 

 

 

SCHOOL OF COMPUTER ENGINEERING 

 

 

A thesis submitted to the Nanyang Technological University 

in partial fulfillment of the requirement for the degree of 

Doctor of Philosophy 

2014 



 

II 

 

 



 

I 

Acknowledgement 

As a PhD student at Nanyang Technological University (NTU), I have got a 

great opportunity to access the most advanced technologies in a wide range of 

research areas. NTU provides me the chance to work with top researchers from 

all over the world. The well-equipped laboratory provides a very good 

environment to conduct my research work. All these experience is a great 

fortune and it will help me to continue my research in the future.  

I feel so lucky that I have two great supervisors: Dr. Douglas L. Maskell and 

Dr. Bertil Schmidt. I would like to express my deepest gratitude and respect for 

their tremendous patience, guidance, support, and insights over past five years.  

I would like to thank my friends Cui Jin and Liu Yongchao for the incisive 

discussions and their constructive suggestions. I would like to thank all other 

members in CHiPES for their help. I really have a great time in CHiPES. 

Finally, I would like to express my special thanks to my parents and my girl 

friend for their love and support.  

  



 

II 



 

III 

Table of Contents 

Acknowledgement ..................................................................................................... I 

Table of Contents .................................................................................................... III 

Abstract .................................................................................................................. VII 

Publications ............................................................................................................. IX 

Introduction ............................................................................................................... 1 

1.1 Overview ......................................................................................................... 1 

1.1.1 Cell/BE ..................................................................................................... 5 

1.1.2 GPU .......................................................................................................... 6 

1.1.3 FPGA ........................................................................................................ 6 

1.2 Objectives ........................................................................................................ 9 

1.3 Contribution .................................................................................................. 11 

1.4 Organization .................................................................................................. 13 

FPGA and Its Applications in Bioinformatics ........................................................ 15 

2.1 FPGA technology .......................................................................................... 15 

2.2 Sequence analysis using FPGA ..................................................................... 20 

2.3 Evolutionary biology using FPGAs .............................................................. 21 

2.4 Gene expression analysis using FPGAs ........................................................ 22 

2.5 Protein structure prediction using FPGAs ..................................................... 22 

2.6 Summary ....................................................................................................... 23 

Genome Search and its Implementation ................................................................. 25 

3.1 Background ................................................................................................... 25 

3.2 Pair-wise alignment basics ............................................................................ 27 

3.3 FASTA and BLAST ...................................................................................... 31 

3.4 NCBI BLASTN profiling .............................................................................. 35 

3.5 Previous work ................................................................................................ 38 

3.5.1 Software programs for sequence alignment ........................................... 38 

3.5.2 Heterogeneous systems for sequence alignment .................................... 41 

3.6 Summary ....................................................................................................... 48 



 

IV 

Word Matching Accelerator for BLASTN ............................................................. 49 

4.1 Hash function and its applications ................................................................ 49 

4.2 Word matching stage acceleration ................................................................ 54 

4.3 Parallel Bloom filter architecture .................................................................. 55 

4.4 False positive eliminator design .................................................................... 65 

4.5 Redundancy eliminator design ...................................................................... 69 

4.6 Performance analysis .................................................................................... 70 

4.6.1 Performance comparison against NCBI BLASTN Stage1 ..................... 71 

4.6.2 Performance comparison against Mercury BLASTN ............................ 76 

4.7 Summary ....................................................................................................... 82 

Introduction to Short Read Alignment .................................................................... 83 

5.1 Background ................................................................................................... 83 

5.2 Short read alignment solutions ...................................................................... 85 

5.2.1 Hash table ............................................................................................... 85 

5.2.2 Suffix tree and suffix array ..................................................................... 87 

5.2.3 Burrows-Wheeler transform ................................................................... 88 

5.3 Previous work ................................................................................................ 91 

5.3.1 Software alignment tools ........................................................................ 92 

5.3.2 Heterogeneous alignment tools .............................................................. 96 

5.4 Short read mapping analysis ....................................................................... 101 

5.5 Summary ..................................................................................................... 104 

Short Read Aligner Design and Implementation .................................................. 105 

6.1 Introduction ................................................................................................. 105 

6.2 Short read mapping on an FPGA ................................................................ 105 

6.2.1 Align Core design ................................................................................. 105 

6.2.2 Seed generation design ......................................................................... 115 

6.2.2.1 Seed generation on CPU ................................................................ 115 

6.2.2.2 Seed generation on FPGA .............................................................. 117 

6.3 Performance analysis .................................................................................. 122 

6.3.1 Hybrid aligner I analysis ...................................................................... 124 

6.3.2 Hybrid aligner II analysis ..................................................................... 129 



 

V 

6.4 Summary ..................................................................................................... 137 

Conclusion and Future Work ................................................................................ 139 

7.1 Conclusion ................................................................................................... 139 

7.2 Future work ................................................................................................. 141 

Bibliography ......................................................................................................... 145 

List of Figures ....................................................................................................... 155 

List of Tables ........................................................................................................ 157 

List of Abbreviations ............................................................................................ 159 

 

 

  



 

VI 

  



 

VII 

Abstract 

The appearance of newer sequencing technologies has largely improved the 

development of molecular biology and genomic research. A large volume of gene 

information or protein data can be generated with lower cost, which leads to the 

exponential growth of existing gene banks or databases. Thus, it becomes a 

challenging task for conventional algorithms or tools to extract information with 

biological significance among these ever increasing databases. There is an urgent 

need for innovative methods, algorithms, or tools to accomplish these complicated 

data analysis tasks on a more computationally powerful platform. After decades of 

development, the FPGA has proved itself in the field of high performance 

reconfigurable computation. For each generation, one can expect an immediate 

performance boost with the help of newer manufacturing technologies and a larger 

volume of resources on a single chip, both of which make it a competitive 

candidate for application acceleration. 

This thesis investigates the potential of solving bioinformatics problems utilizing 

the outstanding computation capability of FPGAs. To give a quantitative analysis 

on an FPGA’s performance, we choose two bioinformatics problems as the case 

study: genome search and short read alignment. An efficient architecture is 

proposed and implemented to maximize the performance of each application on a 

Virtex-5 FPGA platform.  

For the genome search problem, we focused on the most time-consuming stage of 

NCBI BLASTN. Two innovative data structures, a parallel partitioned Bloom filter 

and a block hash table, are proposed to improve the computation efficiency. The 

Bloom filter design can support 16 data queries simultaneously with high filtration 

efficiency; while the latter bypasses the stringent requirement of a perfect/near-

perfect hash function. The final system achieves over 10 times speedup against the 

single-thread NCBI BLASTN program testing with a 100kbase query sequence. In 
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addition, the experiments also show that the match rate together with the degree of 

parallelism influence the system’s overall performance.    

For the short read alignment problem, the key is to efficiently locate the segment 

with a high degree of similarity in the reference genome for each short read. We 

choose the banded Smith-Waterman algorithm as the align core to narrow down 

the search space. An innovative architecture is proposed to approximate the 

conventional algorithm but with a higher degree of parallelism. The align core 

alone achieves over 30 times speedup. The final design is a hybrid system utilizing 

both CPU and FPGA. The influence of different partitioning strategies is examined 

and the performance analysis also indicates that the performance bottleneck 

changes from the alignment computation to the candidate region search.  
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Chapter1  

Introduction 

1.1 Overview 

Computational Biology and Bioinformatics are fields involving analysis of a large 

amount of information of biological origins. Many research areas are involved in 

this interdisciplinary field, such as, sequence analysis, genome annotation, 

computational evolutionary biology, and so on. Taking sequence analysis as an 

example, many aspects of significant biological importance (such as RNA genes, 

genes that encode proteins, structural motifs, regulatory sequences, and repetitive 

sequences) can be studied by analyzing the sequence information. A genome 

comparison within a species can disclose similarity between protein functions, 

while the genome comparison among different species can be used to construct the 

phylogenetic tree. Computer programs are used daily to analyze sequences from 

more than 260,000 organisms, containing over 190 billion nucleotides [14] and the 

databases containing the biological information keep growing rapidly (they double 

their sizes approximately every 12-16 months). Figure 1.1 shows the growth of the 

GenBank DNA database and the UniProtKB/TrEMBL databases in terms of the 

number of base pairs (bps). The rapid growth of these databases poses an urgent 

need to accelerate the computational analyses in a corresponding manner. Another 

challenge in this field is that the analysis or computation process is very time 

consuming and sometimes it also requires intensive memory accesses. For example, 

DNA sequence analysis attempts to identify similar regions between two sequences 

from a biological point of view, i.e. maximize the number of identical base pairs 

while keeping the number of differences to a minimum, which requires complex 

computations. Another example with intensive computation is shotgun sequencing. 

Thousands of small overlapping DNA fragments (ranging from 35bp to 900bp) are 

generated which then need to be aligned to form a complete genome. The assembly 
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of these fragments is a complicated process, especially when the genome size is 

large. High-speed super computers can be applied to accelerate these analysis 

processes, but these machines are generally very expensive and limited in number. 

Their accessibility is still limited to small groups of researchers. A tool able to run 

on a lower cost general computation platform, such as a workstation or desktop PC, 

would be more attractive for molecular biologists. 

In general, three approaches exist to accelerate the computations involving this 

large volume of data. The first approach is to design parallel algorithms running on 

general-purpose multi-core processor based PCs. Multi-core central processing 

units (CPU) can achieve a speedup factor proportion to the number of cores. 

Amdahl’s law [9] gives a speedup estimation based on the number of cores and the 

fraction of computation that can be parallelized. If the cache within each core is 

optimally utilized rather than using the much slower main memory, an even better 

performance can be expected. The difficulty with this approach lies in how to 

parallelize the algorithm or the data flow to the different cores efficiently. The 

second approach is to utilize specialized parallel computing platforms. For example, 

graphic processing units (GPUs), IBM's Cell processors, and field-programmable 

gate arrays (FPGAs) are all popular platforms suitable for parallel data processing. 

These parallel platforms can be roughly divided into four groups based on the level 

of parallelism supported, bit-level parallelism, instruction-level parallelism, data 

parallelism, and task parallelism. The third approach is hybrid computation, a 

combination of the previous two approaches. The computation tasks can be 

roughly divided into two types: serial tasks and parallel tasks. Intrinsically serial 

tasks are suitable for single-core CPUs running at a high frequency, while parallel 

tasks can benefit greatly by allocating them to multiple accelerator cores. Most 

applications are usually a mixture of such serial and parallel tasks, and the best way 

to boost performance is by utilizing heterogeneous or hybrid architectures [19]. A 

hybrid system, with a heterogeneous combination of processing elements, has the 

advantages of both general purpose CPUs and other processing platforms. An 

algorithm can then be partitioned into different sections based on its computational 

profile. The computation-intensive parallel operations can be mapped onto the 
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parallel processing platforms, while leaving complex control logic and sequential 

computations to the general purpose processors.  

 

Figure 1.1 Growth of databases [91] 

The rapid growth of the biological databases, and the urgent need to accelerate the 

computational analysis involving these databases, using commodity computing 

resources (as highlighted above) provides the motivation for the work presented in 

this thesis. To provide a manageable focus, we narrow down our study to consider 

two fields in bioinformatics: genome search and short read alignment.  

A genome search identifies global or local similarities between two DNA 

sequences: a query sequence and a subject sequence. The general approach for the 

sequence alignment computation is based on dynamic programming algorithms, 

which solve a complex computation problem by finding optimal answers for its 

sub-problems with smaller scale. For two sequences of length m and n, the search 

space for the conventional dynamic programming algorithm is m×n. If a genomic 

DNA sequence consists of several billion bases, the search space will be extremely 

large and impractical for modern processors. Under such circumstances, many 
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heuristics have been proposed to accelerate the computation. Different heuristics 

provide different runtime performances, but with differing alignment accuracy. 

Among them all, FASTA [102] and BLAST [8] are two important heuristics 

widely used by the biology research community to solve sequence alignment 

problems. In this thesis, we propose an FPGA-favorable architecture to accelerate 

the most time-consuming stage of the NCBI BLASTN algorithm. The proposed 

architecture achieves high computation efficiency while maintaining a similar 

sensitivity to the original BLAST algorithm.  

The second field that we consider, short read alignment, can be treated as a special 

case of the genome search. The query sequence is changed from a long consecutive 

sequence into thousands or millions of short sequences (short reads). Short read 

alignment can also be computed utilizing the BLAST algorithm, but it is not a 

highly efficient heuristic to solve the short read mapping problem. Many tools have 

been proposed for this particular problem, such as Bowtie [65], BWA [67], SOAP 

[73, 74, 78], and so on. However, along with the rapid growth of the short read 

datasets, the requirement for a short read aligner with faster processing speed and 

high sensitivity will always exist within the bioinformatics community. As the 

computations among different reads are independent of each other, massive parallel 

computation can thus provide higher computation efficiency in solving such a 

problem. Again, to solve this problem, we choose FPGAs as our experiment 

platform due to their fine-grained pipelining and parallelism. A computationally 

efficient architecture is designed to accelerate the computation-intensive part of the 

short read alignment problem and also to maintain a high sensitivity and accuracy. 

The algorithms applied in both the genome search and the short read mapping 

involve intensive computations (sometimes also intensive memory accesses). The 

easiest way to improve the performance of these algorithms on a general purpose 

processor is to increase the clock frequency of the CPU. Alternatively, another 

solution is to increase the number of processor cores. However, while multi-core 

processors are able to provide an immediate performance improvement, there have 

been many examples showing that an algorithm, appropriately optimized for an 
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architecture with a higher degree of parallelism, can provide better performance 

[13, 27, 55, 123]. Heterogeneous computing systems provide yet another 

alternative solution for computations with little or no data dependency. Examples 

of such architectures include: Cell Broadband Engines (Cell/BEs), compute unified 

device architecture (CUDA)-enabled GPUs, or FPGAs, all of which can achieve a 

higher degree of parallelism than the current generation general purpose processors.   

1.1.1 Cell/BE 

The Cell/BE [28, 29] is a multi-core microprocessor architecture which is designed 

to provide more powerful computation capabilities than the conventional desktop 

processor. Normally, a Cell processor consists of four components: the external 

input and output structure, the main processor, named the Power Processing 

Element (PPE), eight co-processors, called the Synergistic Processing Elements 

(SPE) suitable for compute-intensive workloads, and a specialized high-bandwidth 

circular data bus called the Element Interconnect Bus (EIB). The Cell/BE is 

optimized to conduct single precision floating point computation. The SPEs are 

reduced instruction set computing (RISC) processors supporting 128bit single 

instruction multiple data (SIMD) operations for single and double precision 

instructions [45]. For a Cell processor running at 3.2GHz, the EIB has a theoretical 

peak bandwidth greater than 300GB/s [103]. The Cell/BE provides faster 

computation capability than state-of-art CPUs. Each core within the Cell/BE can 

run a separate program, which provides a higher degree of flexibility. Its memory 

coherence architecture, high-bandwidth data bus, and powerful peak computational 

throughput make the Cell/BE suitable for accelerating applications in the fields of 

multimedia, vector processing, supercomputing, cluster computing, distributed 

computing, bioinformatics, and so on. Compared to a CPU or GPU, it is slightly 

more difficult to program and is relatively more expensive, both of which limit its 

widespread usage. 
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1.1.2 GPU 

CUDA, initially developed by NVIDIA for graphics processing, is a popular 

architecture for high performance computing. Meanwhile, it is also a scalable 

parallel programming model and a software environment for various parallel 

computing applications [94]. Developers only need to focus on the parallel 

algorithm design with a minimal extension to the conventional C/C++ 

programming language, rather than using a new parallel computing language. One 

key feature for CUDA-enabled GPUs is that the computation task is executed by 

many concurrent threads, which enables massively parallel computing for data-

independent applications. Furthermore, CUDA provides a fast shared memory that 

can be shared among threads, which can further improve the performance of 

CUDA-enabled GPUs. For a Tesla C2050 GPU [122], it provides 448 CUDA cores 

with a maximum 1.03TFLOPS performance for single precision floating point 

computation, 3GB GDDR5 memory, 144GB/s bandwidth for memory access, and 

a Peripheral Component Interconnect Express (PCIE) x16 Gen2 bus to connect to 

the CPU. Independent data can be stored to the GPU's memory through direct 

memory access (DMA). Computation is conducted by the core arrays supporting 

massive parallelism. GPU memory provides a faster access speed than the main 

memory, which can further improve the computation speed. All these merits make 

a CUDA GPU a suitable platform for applications in the field of Computational 

Biology (CB). Generally, GPUs perform very well when it comes to single 

precision floating point arithmetic. The GPUs are quite suitable for processing a 

large set of independent data with the same operation. However, when extensive 

synchronization and communication are required by the algorithm, the 

performance improvements are diminished [19].  

1.1.3 FPGA 

FPGAs are integrated circuits designed to support customized configuration after 

manufacturing. The designer generates an FPGA bit-stream, usually derived from a 

hardware description language (HDL) representation of the required design, to 
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program FPGA functionally. The two most popular HDLs are VHDL [126] and 

Verilog [125]. The design flow for an FPGA application is somewhat different to 

that of a conventional software application, and is shown in Figure 1.2. Take 

Xilinx design flow as an example. The designer first creates the system design files 

using a HDL and assigns a user constraint file (UCF) to further specify the design. 

This constraint can be pin allocation, timing constraint, or area constraint. After 

that, the design files are converted into a device level netlist using a synthesis tool 

(shown as the second stage in Figure 1.2). Before implementation, a simulator is 

used to check the correctness of the design's functionality. Usually, this simulation 

stage is called functional simulation. The implementation stage can be further 

divided into three steps: Translate, Map, and Place & Route (PAR). The Translate 

step merges all of the input netlists and design constraints and generates a Xilinx 

native generic database (NGD) file. The logical design is thus represented using 

Xilinx primitives in the NGD file. The Map step converts the NGD file to FPGA 

physical components, such as slices, IO blocks (IOBs) and so on. The Map step 

outputs a native circuit description (NCD) file with precise switch delay 

information. The PAR step assigns a location in the FPGA for each component and 

connects them with interconnects. The propagation delay information is also added 

to the NCD file during PAR processing. Before undertaking board level testing, 

post-route simulation is used to examine the functional correctness and timing of 

the design. In fact, the simulation process is an iterative process. If any of the 

simulation processes identify errors in the implementation, the designer need revert 

to the first design stage to correct the identified errors. Once the simulation errors 

and user constraints have been satisfied, the next step is to generate a bit-stream 

file to configure the FPGA device. The bit-stream file can be downloaded directly 

to the FPGA, or converted to a PROM or JTAG file, to configure the device. 

Device testing is then performed. Unlike GPUs which provide parallelism among 

the processor arrays, FPGAs support massive fine-grained parallelism and 

pipelining at the circuit level. Modern FPGA architectures further boost their 

performance by inserting fundamental blocks, such as high speed memories, high 

performance multiplier cores, and so on. A more detailed introduction on FPGA's 
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features is presented in Chapter 2. Generally speaking, FPGAs are suitable for a 

wide range of high throughput applications, such as digital signal processing, 

aerospace and defense systems, bioinformatics, medical imaging, 

telecommunications, and so on. 

Design Synthesis Implement Program
Hardware 

verification

Functional 

simulation

Timing 

simulation

 

Figure 1.2 FPGA design flow 

Although current FPGA chips can support floating point operations, it is difficult to 

quantify an FPGA’s performance in terms of floating point operations, as the 

architecture is not optimized for floating point operations. The most powerful 

computation capability that FPGAs can provide lies in fixed point, integer, or bit-

operations [19]. The advantage of FPGA is in its high data throughput and 

relatively low power consumption, but the FPGA's price and development effort 

(particularly the effort needed to learn hardware design using a HDL and the use of 

the design tools) means they are used in niche areas, rather than as mainstream 

computing engines. An architectural comparison between CPU, GPU, Cell/BE, and 

FPGA, reproduced here as Table 1.1, is presented in [19]. The selected devices are 

all released in 2008. 
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Table 1.1 Summary of architectural properties
1
 [19] 

 
CPU 

GPU 

(AMD/NVIDA) 
Cell/BE FPGA 

Full cores 4 - 1 2 

Accelerator 

cores 
0 10/30 8 2016 DSP slices 

Intercore 

communication 
Cache None Mailboxes Explicit wiring 

SIMD width 4 64/32 4 Configurable 

Float operations 

per cycle 
16 1600/720 36 520 

Frequency 

(GHz) 
3.2 0.75/1.3 3.2 <0.55 

Single precision 

performance 
102.4 1200/936 230.4 550 

Power 

Consumption 

(Watt) 

130 220/187.8 90 4.3
2
 

Gflops/watt 0.8 5.5/5 2.5 13.7 

Mflops/USD 70 800/550 >46 138 

Accelerator 

bandwidth 

(GB/s) 

N/A 109/102 204.8 N/A 

Main memory 

bandwidth 

(GB/s) 

25.6 8 25.6 6.4 

Maximum 

memory size 

(GB) 

24 2/4 16 
System 

dependent 

1. The numbers are of current hardware, and are reported per physical chip. The CPU is an Intel 

Core i7-965 Quad Extreme, the AMD GPU is the FireStream 9270, the NVIDIA GPU is the Tesla 

C1060, the Cell/BE is the IBM QS22 blade, and the FPGA is the Virtex-6 SX475T. 2. The number 

is the device static on-chip power got from Xilinx Power Estimator (XPE). 

1.2 Objectives 

Despite some of the disadvantages, FPGAs have become an increasingly attractive 

platform for high performance computing (HPC). A number of compute-intensive 

applications have been accelerated using FPGAs, including some from the 

bioinformatics domain [60]. This has provided us with the motivation to further 
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investigate the FPGA acceleration of algorithms widely used by the bioinformatics 

community, since many of them are computationally intensive with a parallel data 

structure.  

Unlike general-purpose processors executing each instruction in a sequential 

manner, FPGAs can provide a finer degree of parallel computation due to their 

architecture (computation is conducted through circuits rather than instructions). 

However, the algorithms or heuristics widely used in bioinformatics are initially 

designed for software implementation. Thus, we need to modify the original 

algorithm to an FPGA-favorable version with a similar functionality. In certain 

cases, the FPGA architecture alone is not appropriate to efficiently implement the 

complete functionality. Therefore, a general-purpose processor is also required in 

the final design resulting in a hybrid system. The design procedure for our hybrid 

system firstly requires that we apply runtime profiling to locate the 

computationally intensive parts of a bioinformatics algorithm. Based on the 

profiling results, the algorithm is then partitioned into the software and hardware 

parts. A computationally efficient architecture is proposed for the hardware part 

and the control is left to the software part. The final design is then compared with 

the original algorithm. As bioinformatics covers a very large scope of research 

topics, it is impossible to propose an architecture suitable for all applications. 

Instead, we present an in-depth analysis of two specific problems to see if it is 

possible to improve their performance. Our research is thus focused on the efficient 

FPGA implementations of the following sequence alignment problems in 

bioinformatics: 

 Genome search: The genome search is one of the fundamental tasks in 

bioinformatics research as similarities between sequences can indicate 

similar function or structure. Many different methods for DNA sequence 

analysis exist today. Among all these search methods, BLAST is probably 

one of the most widely used tools for genome search. It consists of different 

filtration algorithms to mitigate the burden introduced by the intensive 

computations. However, as the volume of genetic database increases 

dramatically, BLAST becomes less efficient. Thus, there is an urgent need 
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for a faster solution to this genome search problem. As FPGAs have shown 

outstanding capability for parallel data processing, we believe that a highly 

efficient parallel processing structure on FPGAs can effectively improve 

the performance of a genome search. 

 Short read alignment: Next generation sequencing (NGS) is a new 

technology to overcome the barriers of deciphering DNA sequences. The 

appearance of NGS technologies has triggered ground-breaking discoveries 

and has stimulated a revolution in genomic research. Based on this 

sequencing technology, many hundreds of thousands or millions of short 

reads (of size from 25-500bp) can be generated in a relatively short time. 

Subsequently, this data must be reconstructed to infer the original DNA 

target, either through assembly or alignment to a reference genome. As one 

important branch derived from NGS technology, the short read alignment 

problem has generated considerable interests. Short read alignment requires 

data reconstruction of a high volume data set, which is a time-consuming 

process. In addition, it is computationally intensive and the memory 

overhead can also be very large (depending on the reference genome and 

the short read dataset). For general purpose processor based solutions, a 

tradeoff is made to balance the computation complexity and the alignment 

sensitivity. As the short reads are independent of each other, FPGAs are 

suitable platforms for conducting the alignment operations in parallel. 

Improving the computation speed is only one of the constraints for the short 

read alignment problem. To maintain a similar, or a better, sensitivity 

compared to the original algorithm is the other constraint, both of which are 

important in the field of DNA sequencing.  

1.3 Contribution 

As mentioned above, we investigate two problems in sequence alignment. We have 

designed and implemented specific architectures for each of them. Performance 

comparisons are also provided to give a comprehensive analysis between our 
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design and other popular tools in this field. The primary contributions of this thesis 

are summarized as follows. 

1. A reconfigurable accelerator for the word-matching stage of BLASTN:  

as the word-matching stage computation is the most time-consuming part of 

the NCBI BLASTN algorithm, acceleration of this stage can largely shorten 

the overall execution time. In this thesis, we present a computationally 

efficient architecture for the word matching computation on an FPGA. The 

proposed architecture achieves a faster processing speed while maintaining 

a similar sensitivity in comparison to the original BLASTN algorithm. 

Experiments under different test conditions indicate the performance 

bottlenecks for the current design. The influence of different architecture 

configurations is also examined in this thesis. The performance analysis on 

different design factors (the number of hash functions, the degree of 

parallelism, and the false positive probability) can be used as a guide for 

future architecture design.  

2. A hybrid short read aligner:  

In this thesis, we design and implement a short read aligner on an FPGA 

based on the "seed and extend" strategy. The computation is partitioned into 

the software part and the hardware part according to the runtime profiling 

conducted in advance. A parallel block-wise alignment core is proposed to 

approximate the conventional banded Needleman-Wunsch algorithm. 

Different partitioning methods have been examined, which leads to 

performance variations in the final system. Performance evaluation, using 

simulated as well as real datasets, shows that the proposed architecture 

achieves a faster processing speed and a better alignment quality for both 

single-end and pair-end alignments compared to two CPU-based aligners: 

GASSST and BWA. The analysis also indicates the performance 

bottlenecks for the current design. 
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1.4 Organization 

The rest of the thesis is organized as follows. 

1. Chapter 2 gives a brief introduction to both reconfigurable computing and 

biological sequence analysis.  

2. Chapter 3 provides an introduction to genome search and reviews the past 

implementations on this research topic.  

3. Chapter 4 presents the word matching accelerator on FPGA with a detailed 

investigation of the architecture design and performance analysis. 

4. Chapter 5 reviews the basics of the short read alignment problem and the short 

read aligners on different platforms. 

5. Chapter 6 introduces the hybrid short read aligner design and analyzes the 

performance difference under different partitioning strategies. 

6. Chapter 7 concludes the thesis and suggests possible avenues for future 

investigation. 
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Chapter 2  

FPGA and Its Applications in 

Bioinformatics 

2.1 FPGA technology 

For conventional computation methods, almost all can be divided into two 

categories, computation based on hardware circuits and computation based on 

software programs. A popular example of the first category is application specific 

integrated circuits (ASICs). ASICs are integrated circuits customized for a 

particular application rather than intended for general-purpose usage. They can 

achieve very fast processing speed with high computation efficiency and low 

power consumption. Despite their obvious advantages, ASICs also have several 

drawbacks that hinder their utilization in this area. The other category, software 

program-based computation, is far more flexible. A computation operation is 

accomplished by executing a set of instructions. By altering the composition of the 

instructions, the functionality of the system is changed without any modification to 

the physical structure of the processor. The price paid for this flexibility is far 

lower performance and less efficiency than ASICs. Instead of conducting the 

computation directly on the circuits, the computation converts to three steps: 

instruction fetching, instruction decoding, and execution. The resources on a 

general-purpose processor are reused in time, following these three steps 

repetitively. This results in extra computation overhead.  

Another platform which provides some of the benefits of both hardware circuits 

and software programmability is the FPGA. Generally speaking, FPGAs can 

provide a better performance than the software program, while also achieving a 

higher degree of flexibility than ASICs, which makes it one of the most widely 
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used reconfigurable devices nowadays. A typical FPGA architecture consists of 

different types of programmable functional blocks. These include configurable 

logic blocks (CLBs), embedded multipliers, on-chip memory blocks and 

programmable I/O blocks. The CLBs can be used to implement various logic 

operations. The embedded multipliers optimize the multiply operation to improve 

design performance. The on-chip memory blocks can provide fast memory access. 

The I/O blocks connect the chip to the peripheral components. All these functional 

blocks are connected through the programmable routing fabric. In practice, the 

design tools (e.g. ISE for Xilinx or Quartus for Altera) analyze the design 

described using HDLs, and decompose it into different basic functional blocks 

targeted to a specific FPGA device. The design tool will also determine the optimal 

interconnect path for all these blocks. The same FPGA device can be programmed 

repetitively, which provides a great flexibility on design modification on FPGAs.   

FPGA technology has a number of advantages in terms of performance, time to 

market, and cost [89].  

 Performance: as the only limitation on the number of "processing cores" 

on an FPGA is the physical size, designers can improve a design's 

performance by simply duplicating the circuits with the same functionality 

and then execute them in parallel. Fine-grained pipelining and massive 

parallelism take full utilization of the "inherent parallel" attribute of circuits. 

Meanwhile, current high speed I/O blocks attached to the FPGA chip can 

further improve a design's throughput.  

 Time to market: the flexibility that FPGAs provide shortens the prototype 

time. New designs and architectures can be implemented and tested on the 

same FPGA chip without going through the long fabrication stage of an 

ASIC design. Furthermore, a large number of commercial IP cores can save 

a great portion of the development time and provide guaranteed 

performance at the same time.  

 Cost: the non-recurring engineering (NRE) cost for FPGA design is much 

smaller than that of an ASIC design. The requirement of a digital system 
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might change over time and the customer would like to make incremental 

changes to the functionality. For ASIC solutions, this means a completely 

new design, as it is impossible to change the inner structure of an ASIC; 

however, for FPGA solutions, it is possible to make minor changes and 

download new programming data (a bitstream) to the FPGA chip. While an 

individual FPGA is relatively costly, for small to medium volumes, this 

cost is negligible compared to that of ASIC.  

Xilinx and Altera are the two major vendors in the FPGA industry. Together, their 

products have over 80% market share. Like other computing devices, FPGA 

products have evolved over time. For example, the Xilinx Virtex FPGA family 

(from Virtex-2 to Virtex-7) is shown in Table 2.1.  

Table 2.1 Xilinx Virtex-series specifications* 

 Virtex-II Virtex-II pro Virtex-4 Virtex-5 Virtex-6 Virtex-7 

Slices 46,592 44,096 89,088 51,840 118,560 178,000 

BRAM 

(Kbits) 
3,024 7,992 6,048 10,368 25,920 67,680 

Max I/O 1,108 1,164 960 1,200 1,200 1,100 

DSP 

slices 
N.A. N.A. 96 192 864 3,360 

Freq 

(MHz) 
650 1050 1028 1098 1098 1818 

* The Virtex-II series specifications refer to the XC2V8000, XC2VP100, XC4VLX200, 

XC5VLX330, XC6VLX760, and XC7VX1140T, respectively. The devices chosen here are the 

largest designs in their family. The frequency value listed is the toggle frequency for CLB switching 

of each device at the lowest speed grade.  

Table 2.1 shows that, from Virtex-II to Virtex-7, the volume of slices and on-chip 

memory has increased dramatically. Note that the Virtex-5 FPGA reports fewer 

slices than the Virtex-4 device. This is because a different slice organization has 

applied since Virtex-5 (i.e. each slice in a Virtex-5 FPGA contains 4 6-input 

lookup tables (LUTs) and 4 flip-flops; in contrast, the earlier generation slice 

contains 2 4-input LUTs and 2 flip-flops). A LUT is one of the basic components 

in an FPGA, used to implement combinational logic as truth tables. As more 

resources are available on a single FPGA chip, we can design and implement more 

complicated applications on a single FPGA device, which leads to greater 
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improvements in the FPGA's computation capability. The internal frequency has 

also improved after decades of FPGA development, but at a much slower speed 

comparing to that of the available resources. Besides expanding the volume of 

resources on a single chip, the FPGA vendors also integrate popular functional 

units as hard macros to better meet different application requirements. Many signal 

processing algorithms involve intensive multiply-accumulation computations. 

Prebuilt multiplier-accumulate circuits (known as DSP slices) are integrated to 

improve the performance and reduce logic consumption for this specific operation. 

Block RAMs (BRAMs) are another important on-chip resource, which can be the 

key factor for FPGA selection. The BRAM resources are integrated in blocks of 

18kbit or 36kbit on-chip, which provides fast memory access and can be fully 

customized by the user. There are also other hard macros within the FPGA chip to 

provide design convenience under different circumstances, such as digital clock 

management (DCM) for clock control, PCIe blocks for high speed data transfer, 

and so on.  

The development of FPGA products not only improves their performance but also 

boosts the appearance of new design concepts, such as system-on-a-programmable-

chip (SoPC). The processor core (as either a "hard" or a "soft" CPU) within a SoPC 

system provides extra flexibility to the FPGA device with only a slight 

performance sacrifice. The hard processor core uses dedicated silicon, while the 

soft core uses programmable FPGA resources to implement its functionality. The 

soft core can be fully tailored by the designer (e.g. customize the memory address, 

number of peripherals, and so on) to meet different embedded system requirements. 

Two examples of a soft core processor are Altera's Nios II and Xilinx's MicroBlaze. 

As the soft core processors are implemented using FPGA resources, their highest 

working clock frequency is limited by the FPGA technology.  

Another design concept for FPGA is to treat it as a co-processor (similar to GPU 

accelerator cards) attached to a general-purpose computer system leading to the 

heterogeneous computing model. The combined CPU-FPGA computing platform 

presents a number of opportunities. The general-purpose multi-core CPU, 
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operating at a high clock frequency (over 3GHz) is suitable for sequential multi-

threaded applications; while FPGAs, on the other hand, have a fine-grained parallel 

architecture, which can provide more efficiency for highly parallel operations. 

Thus, the heterogeneous model takes advantages of both general-purpose CPUs 

and FPGAs. A common computation task needs to be split into the software 

components and the highly parallel hardware components. These are then mapped 

to the different computing platforms. The communication between the two 

platforms can be accomplished using modern high speed data transfer interfaces, 

such as PCIe, HyperTransport, Ethernet, and so on. The heterogeneous model can 

provide a high performance solution for a target application, but more design effort 

is required during the development process. The final system's performance 

depends on finding an appropriate partition to the original computing task.    

In general, FPGAs operates at a relatively low frequency (compared to CPU or 

ASICs), but their architecture is quite suitable for massive parallel data processing. 

As many bioinformatics problems involve computation-intensive operations, 

FPGAs provide the opportunity to optimize these operations. Some of the attractive 

aspects that FPGAs provide in this area include: 

 A fine-grained pipelined architecture is suitable for mapping the searching 

algorithms used in computational biology. 

 A large number of IP cores supporting full customization can largely reduce 

the design time and guarantee the performance of bioinformatics algorithms.  

 High-level design methodologies use hardware description languages 

(HDLs) to speed up the design process and enable reuse of key modules 

across different bioinformatics applications sharing similar functionalities. 

 Newer devices based on the latest manufacturing technologies with better 

performance characteristics are regularly being introduced to the market. 

This provides an immediate performance boost as HDL-based design can 

be mapped to these latest devices with minimal effort. 
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 Devices are becoming cheaper every year. This allows platforms based on 

these devices to be used by an ever-increasing number of bioinformatics 

labs. 

 The raw data used for a DNA sequence representation can be coded using a 

2bit format. The fundamental operations typically based on character 

comparison can be more efficiently implemented on FPGA by customizing 

the data path width.  

 A DNA sequence can be transferred to the FPGA components in streaming 

format which is suitable for the spatial and temporal parallelism within the 

FPGAs. 

Bioinformatics is an interdisciplinary research field that uses computational 

methodologies or algorithms in computer science to analyze information gained 

from biological origins or to solve particular biology problems. Since it is closely 

related to computer science, tools developed for different bioinformatics 

applications are usually built on general-purpose processors. Along with the rapid 

growth of biological datasets, these software-based tools are facing greater pressure 

to process this large volume of data. FPGAs can be a competitive platform to solve 

some of the biological problems. In fact, we have already seen many FPGA 

applications in various research areas in Bioinformatics. Some of these are briefly 

described in the following sections.  

2.2 Sequence analysis using FPGA 

In Biology, DNA sequences are analyzed to find out motifs, repetitive sequences, 

regulatory sequences, and RNA genes. As the original data is presented using 

characters, sequence analysis can be viewed as the fundamental method to 

understand the relationship between different sequences, which also has a 

significant influence on other research areas in Bioinformatics. For example, an 

FPGA-based framework for pair-wise sequence alignment [13] has been designed, 

which can be parameterized to support different alignment algorithms, such as the 

Smith-Waterman algorithm [113] and the Needleman-Wunsch algorithm [93]. 
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Over 100 processing elements (PEs) are implemented to improve the performance 

of pair-wise comparison. This design reports a 62× speedup compared to the 

equivalent software implementation running on a general purpose PC. The Convey 

GraphConstructor (CGC) [27] is a commercial product designed for sequence 

assembly using both FPGAs and general-purpose CPUs. It optimizes the memory 

architecture for the intensive random memory access and shortens the computation 

time with the help of multiple FPGAs. CGC achieves a 6.2× speedup and reduces 

RAM consumption by 76%. An FPGA-based coprocessor to solve the gene 

identification problem was designed in [26] based on the Glimmer algorithm [33]. 

It presents a tree structure to implement the computation intensive part of the 

algorithm on the FPGA and achieves a 2.37× speedup compared to the CPU 

program. The process of finding protein motifs is accelerated in FPGA in [55] by 

utilizing Hidden Markov Models (HMMs) [61]. The HMMer engine implemented 

on the FPGA utilizes a systolic array structure to enhance the comparison 

operations achieving a 190× speedup over the same computation running in a 

general purpose CPU. We are also interested in improving the performance of 

sequence analysis algorithms using FPGAs and a more comprehensive literature 

review is given in Chapter 3 and Chapter 5, respectively.  

2.3 Evolutionary biology using FPGAs 

Evolutionary biology studies the evolutionary relationship among different species. 

Research in evolutionary biology includes phenomena explanation, phylogenetics, 

genetic architecture, and evolutionary synthesis. The study of evolutionary biology 

helps us understand the origin of species and predict possible changes based on 

existing population models. A co-processor structure is developed by [12] to 

accelerate median-based phylogenetic reconstruction, where the computationally 

expensive part (the break median core) is accelerated using an FPGA. This design 

achieves a speedup ranging from 5× to 189× under different test conditions. A 

different parallel architecture proposed by [5] accelerates the computation of the 

phylogenetic maximum likelihood function [39]. On-chip DSP resources are 

utilized to implement the "Basic Cells" of the FPGA core. Compared to the 
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software program running on a single core, this design achieves a speedup of 13.68. 

Another heterogeneous design [137] that aims to accelerate the phylogenetic 

likelihood function is built within the MrBayes [109] framework. This hybrid 

design implements multiple float-point operations in parallel and provides a 10× 

speedup relative to the software program. Alachiotis et al. [6] proposed a hybrid 

system to accelerate the computation of the discrete parsimony function. 512 

processing units (PRUs) are implemented on a Xilinx Virtex 6 FPGA achieving a 

speedup factor of 9.65.  

2.4 Gene expression analysis using FPGAs 

Gene expression is a process whereby a gene is synthesized to a functional gene 

product. Depending on the different types of gene, the functional gene product can 

be protein or functional RNA. The gene expression process includes several steps, 

such as transcription, RNA splicing, translation, and post-translational modification. 

By studying the gene expression, we can understand the function of a particular 

gene which can then be used to explain the cause of diseases, such as cancer. The 

inherent parallelism of the computation-intensive Bayesian learning method [42] 

(used for the reconstruction of gene regulatory networks) is explored by [105]. The 

reconfiguration capability is utilized to accomplish the network node score 

computation and the network structure update iteratively on the same FPGA. The 

performance evaluation demonstrates a speedup of 76 times over the software 

implementation. A parallel architecture on an FPGA platform [52] is introduced to 

accelerate the K-means clustering algorithm [82] which is widely used for 

Microarray data analysis. The 5-core FPGA design reports 51.7× speedup and 

206.8× energy efficiency.  

2.5 Protein structure prediction using FPGAs 

As an important branch in Bioinformatics, protein structure prediction is used to 

predict the structure of an amino acid sequence which can then be used to 

understand the function of the corresponding protein. Protein structure prediction 

has wide application potential, such as in drug design in the medicine industry or 
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novel enzyme design in biotechnology. For example, a fine-grained FPGA 

accelerator [133] is proposed to compute the Garnier-Osguthorpe-Robson (GOR) 

algorithm [43] for the secondary protein structure prediction. The evaluation 

experiments demonstrate a speedup factor of 430× over the original algorithm and 

110× over the multi-thread software implementation. Meanwhile, its power 

consumption is only 30% of that of the CPUs. Another CPU-FPGA co-design [56] 

maps the most computation intensive operations (float point arithmetic operations) 

onto an FPGA to reduce the overall computation time for the protein energy 

minimization algorithm. For a single FPGA board, it achieves 5 times speedup 

compared to the software program.  

2.6 Summary 

Since the FPGA's inception in the early 1980s, its performance has increased 

dramatically, with this trend likely to continue into the future. The FPGA's 

outstanding computation capability provides opportunities to solve a range of 

different kinds of bioinformatics problems. In this chapter, we have presented a 

brief introduction to some of the existing FPGA-based solutions in the different 

bioinformatics fields. This brief overview shows that there are many possible 

avenues where FPGA based parallel computation could be applied. As sequence 

analysis is fundamental to bioinformatics research, it has received more attention. 

In fact, sequence analysis also includes many sub-problems which could be 

investigated. To limit our research scope, we choose two important sequence 

analysis problems as case studies to explore the capability of FPGAs to boost the 

performance of bioinformatics applications: genome search and short read 

alignment, both of which consists of computation-intensive operations making 

them good candidates for FPGA acceleration. The details are presented in 

subsequent chapters. 
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Chapter 3 

Genome Search and its 

Implementation 

3.1 Background 

In modern molecular biology and genetics, a genome is a sequence, encoded either 

in DNA or RNA, containing an organism’s entire hereditary information. For a 

DNA sequence, it consists of alphabets represented by four letters  = {A, C, G, 

T}, where each character represents Adenine, Cytosine, Guanine, and Thymine, 

respectively. RNA is the transcription of a DNA sequence. After the translation 

process, the RNA can convert to proteins. For a standard protein sequence, it 

consists of 20 amino acids with letters  = {A, C, D, E, F, G, H, I, K, L, M, N, P, 

Q, R, S, T, V, W, Y}. However, a common question exists among biologists: how 

to effectively evaluate sequences with a large volume of characters to explore their 

function, structure, or evolutionary attributes from a biological point of view? 

Under such circumstances, sequence analysis methods [35] became a popular study 

area in Bioinformatics. The study of biological sequence analysis includes a very 

wide range of relevant topics, such as pair-wise sequence alignment, multiple 

sequence alignment, motif finding in DNA sequences, and so on. The difference 

lies in that the former algorithm only compares two sequences at a time, while the 

latter one compares multiple sequences in a single run. A common usage for pair-

wise sequence alignment is to identify homologous sequences (i.e. to locate all 

regions in a genome database similar to the query sequence). Sequences that show 

a high degree of similarity usually have a similar genetic function, which is very 

important for biologists to establish links between the new gene and known genes. 

Figure 3.1 shows an example for the pair-wise alignment. The “-” indicates a gap 

between two sequences.  
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A T TG T T A

A T TG TC A
 

Figure 3.1 Pair-wise alignment for two sequences of length 7 

Multiple sequence alignment has a slightly different application background. For 

example, sequences from different species may not exhibit a high degree of 

similarity biologically. Pair-wise alignment might fail to identify biologically 

important sequences with weak pair-wise similarities, but simultaneous comparison 

among many sequences often allows one to find similarities. Figure 3.2 shows an 

example of multiple alignment of three sequences, where "|" indicates an exact 

match and the unaligned character pairs indicate the appearance of mismatch. 

Although multiple sequence alignment is an extension of the pair-wise alignment, 

its computation is far more difficult, sometimes leading to NP-complete 

optimization problems [129]. 

A A T T G C C G C C

A T T G C G A C

T T T C

C

C C A C G

 

Figure 3.2 Multiple alignment of three sequences 

A sequence motif is a pattern that is widespread and has a biological significance 

among multiple nucleotide or amino-acid sequences. Motif finding can be treated 

as an algorithm to find short substrings that occur surprisingly often among a given 

set of sequences from a genome, which is important to understand the mechanisms 

that regulate gene expressions by identifying Transcription factor binding sites 

(TFBSs). Transcription factors bind themselves to regulatory regions (located 
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upstream of the gene). Relying on a single string to represent a motif often fails to 

represent the natural mutations appearing in real biological sequences. A more 

flexible representation of a motif is to use the profile matrix. A typical case of 

motif finding is shown in Figure 3.3. The substrings of length k (here,    ) from 

different positions of the original DNA sequence form the alignment matrix. The 

profile matrix illustrates the variation of nucleotide composition at each location of 

the substring. The consensus string represents the most popular element in each 

column of the alignment matrix. 

A T C C A G C T

G G G C A A C T

A T G G A T C T

T T G G A A C T

A A G C A A C C
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Figure 3.3 The alignment matrix, profile matrix and consensus string 

There are still more research topics in the field of genome sequence analysis. In 

this thesis, we focus our research on solving the pair-wise sequence alignment 

problem. In the subsequent sections, a more detailed introduction to pair-wise 

sequence alignment algorithms and related implementations will be presented.  

3.2 Pair-wise alignment basics 

Several well-known aligning methods exist for the pair-wise sequence alignment. 

The dot-matrix approach [85] is a qualitative, simple and straight forward method. 

A dot is inserted into the matrix constructed by the sequences to represent a 
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possible match. The dot plot for sequences with high degree of similarity will show 

a single line along the matrix’s main diagonal. However, the dot plot only provides 

a directly impression on the similarity between two sequences, it fails to quantify 

the degree of similarity. The easiest way to get a quantitative result is to compute 

the Hamming distance [46] (i.e. identify the number of different characters). The 

Hamming distance computation is simple, but it is not enough to disclose the true 

relationship between two sequences. It has several drawbacks for comparing DNA 

sequences: the Hamming distance calculation rigidly assumes that two sequences 

are of the same length and the i
th

 character of one sequence is already aligned to the 

i
th

 location of the other. However, mutation in the DNA sequence is an 

evolutionary process. DNA replication errors cause three types of error: 

substitution, insertion, and deletion of nucleotides. As insertions and deletions 

(indels) exist, there is no guarantee that the i
th

 character in one sequence 

corresponds to character of the same location in the other sequence. Under such 

circumstances, edit distance is applied to evaluate the similarity between two DNA 

sequences, which also allows sequences of different length. Although the details of 

the algorithms are slightly different across various applications, the basis for edit 

distance computation is the dynamic programming (DP) algorithm. For example, 

Figure 3.4 (a) shows the direct comparison for two 7bp sequences with a Hamming 

distance of 4; in contrast, when indels are allowed, the edit distance for the same 

sequence pair is 3, as shown in Figure 3.4 (b). Comparing the two Figures, it is 

clear that the search space for the edit distance is much bigger than that of the 

Hamming distance. In Figure 3.4 (b), its search space is the product of the two 

sequences.  
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Edit distance = 3

(b)

A T G T C A T

A T G T A CC G T A C

Hamming distance = 4

(a)

 

Figure 3.4 (a) Hamming distance (b) edit distance 

In practice, merely computing the number of edit operations is not enough to 

evaluate the degree of similarity between two DNA sequences. A scoring 

mechanism is applied in the alignment process to get the optimal alignment result. 

The scoring mechanism is quite different for DNA sequence alignment and protein 

sequence alignment. For the former, a series of scores are utilized (e.g. a penalty 

score for a substitution error; a bonus score for a match; a penalty score for a gap 

opening; a penalty score for a gap extension). For the latter, a more complicated 

substitution matrix is applied for the substitution errors. Two most widely used 

substitution matrices are the point accepted mutation (PAM) matrix [30] and the 
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block substitution matrix (BLOSUM) [48]. The PAM matrix and BLOSUM reflect 

the frequency that an amino acid is replaced by another amino acid during 

evolution. As, in this thesis, we are mainly focused on the computation of DNA 

sequences, the detailed introduction on the PAM and BLOSUM is omitted here. 

Normally, the two most widely used dynamic programming algorithms are the 

Needleman-Wunsch (NW) algorithm [93] for the global sequence alignment, and 

the Smith-Waterman (SW) algorithm [114] for the local sequence alignment.  

The general form of the global alignment problem is described below. 

Global Alignment Problem: 

Align two sequences to get the best global score constrained by a given scoring 

matrix. 

Input: Two strings (v and w), and a scoring matrix δ. 

Output: An alignment which maximizes the alignment score among all possible 

alignments of v and w. 

 

The corresponding alignment score Si,j of an optimal alignment between the i
th

 

location of v and the j
th

 location of w is as follows:  

         

               

               

                  

                                   (3.1) 

The scoring matrix can be different according to specific applications. However, in 

certain cases in molecular biology, the similarity between two sequences only 

exists in a short region and is quite different over the remaining regions. Under 

such a situation, the global alignment cannot find the homologous region as it tries 

to align the entire sequence. When biologically important similarities only exist in 

a certain region of DNA segments, biologists use local sequence alignment to 

conduct the computation. The general form of the local alignment problem is given 

below.  
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Local Alignment Problem: 

Find the best substring alignment between two sequences. 

Input: Two strings (v and w), and a scoring matrix δ 

Output: An alignment which maximizes the global alignment score among all the 

substrings of v and w using the score matrix δ 

Although the local alignment problem is seemingly more complicated than the 

global alignment problem, there is only a small difference in their mathematic 

representation (see Equation 3.2.) and they also share the same search complexity.  

        

 
 

 
               

               

                  

 

                                   (3.2) 

Generally, the dynamic programming based alignment algorithms can report an 

accurate alignment result between two sequences. However, the accuracy is only 

achieved with a high computation complexity overhead. For very long sequences, 

the computation complexity means that the algorithm may not be able to be run on 

modern PCs or workstations. As an example, consider the human genome (which 

consists of about 3.2 billion bases). If the query sequence is 10,000 bases, 32 

trillion scores are needed during the alignment process. Both the computation 

speed and memory consumption are beyond the capability of general-purpose 

computers. Thus, it is clear that the direct implementation of the dynamic 

programming-based algorithms is not feasible to solve the genome search problem. 

One alternative solution to handle this large volume of data is to use heuristics. 

However, this will affect the search sensitivity.   

3.3 FASTA and BLAST 

FASTA [102] is a software package for DNA and protein sequence alignment first 

presented in 1985, which plays a very important role in the development of 

sequence alignment tools. The heuristic applied by FASTA is simple: narrow the 
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search space before the time-consuming dynamic programming search. Although 

there are some differences between the DNA sequence search and the protein 

sequence search, FASTA can be divided into four steps:  

 Identify regions of high similarity (see Figure 3.5 (a)). Identical substring 

pairs of length k, named k-tuples (normally, k = 2 is used for protein 

sequences, and k = 4 or 6 for nucleotide sequences), are detected between 

the query and database sequence. 

 Rescan the score region using the score matrices leaving regions with high 

scores (see Figure 3.5 (b)). 

 Combine high scoring sub-alignments into a single larger alignment, 

allowing the introduction of gaps into the alignment (see Figure 3.5 (c)). 

 Use the banded SW algorithm [102] to calculate an optimal local alignment 

along the best matched regions (see Figure 3.5 (d)). 
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Figure 3.5 FASTA algorithm calculation steps [120] 

The Basic Local Alignment Search Tool (BLAST), the dominant database search 

tool in molecular biology, is a set of algorithms designed to analyze sequences of 

different biological origins, such as the amino-acid sequences from different 

proteins or the nucleotides of DNA sequences. Now, cited more than 30,000 times, 

the original paper [7] is also one of the most frequently cited papers with 

significant influence, published in the 1990s. The family of BLAST programs was 

born in 1990 with the development of BLAST1, which is very fast and dedicated to 

search regions of local similarities without gaps. In 1996-1997, two new versions 

of BLAST (NCBI BLAST [91] and WU-BLAST [131]) which allowed for the 

insertion of gaps were released. NCBI BLAST is maintained by National Center 

for Biotechnology Information, and WU-BLAST is designed by Washington 

University in St. Louis. In this thesis, our study concentrates on NCBI BLASTN. 
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The NCBI BLAST package consists of a variety of programs suitable for specific 

applications and is listed in Table 3.1. In addition, the current standard distribution 

of NCBI BLAST also includes PSI-BLAST [8] to identify distant homologs and 

MegaBLAST [136] to rapidly compare highly similar nucleotide sequences. 

Table 3.1 The BLAST family 

Type Function 

BLASTN Nucleotide query against a nucleotide database 

BLASTP Protein query against a protein database 

BLASTX Translated nucleotide query (6 frames) against a protein database 

TBLASTN Protein query against a translated nucleotide database (6 frames) 

TBLASTX 
Translated nucleotide query (6 frames) against a translated nucleotide 

database (6 frames) 

 

The main idea of BLAST is that a statistically significant alignment usually 

contains high-scoring segment pairs (HSPs). BLAST uses a heuristic approach to 

approximate the computation-intensive SW algorithm to find the high scoring 

regions, which is less accurate than the original SW algorithm but can achieve a 

speedup of over 50 times. BLAST is computationally efficient and has a relatively 

good accuracy making it a popular choice for research in molecular biology. 

Similar to FASTA, BLAST also narrows the search space by finding local identity 

regions first (called seed generation). Then, it extends the seeds to get HSPs. 

Finally, it utilizes the SW algorithm to get the final alignments. Generally, the 

search process of BLAST seems similar to FASTA, as both of them conduct the 

search from local identities. However, the extension strategy is quite different for 

these two algorithms. In BLAST, individual seeds are extended in both directions 

to get a match alignment, whilst, in FASTA, individual seeds contained in the same 

diagonal are merged and concatenated using a banded SW algorithm. In general, 

BLAST can provide faster processing speed than FASTA when searching for 

significant patterns between the sequences with comparative sensitivity. 
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3.4 NCBI BLASTN profiling 

BLASTN is composed of a pipeline of algorithms. With each stage of the pipeline, 

the associated algorithm becomes more computationally expensive and more 

sophisticated to identify biologically meaningful regions between the query 

sequence and the database sequence. The search space is gradually narrowed down 

by each pipeline stage. The stages, from the beginning to the last stage, are word 

matching, ungapped extension, and gapped extension. The rationale is that by 

reducing the amount of data (i.e. if irrelevant fractions are discarded as early as 

possible, the total computation time spent on the successive stages will be less). 

Figure 3.6 shows the data elimination process when data flows through the three 

pipeline stages of the NCBI BLASTN algorithm, where the highlighted part is the 

data flow. Past analysis on the various stages of the BLASTN pipeline reveals that 

the word matching stage is the most time consuming stage [60]. Thus, accelerating 

the computation of this stage will have the greatest effect on the overall 

performance. 
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Figure 3.6 Pipeline stages of NCBI BLASTN algorithm 

A w-mer is an exact substring match (of fixed length w) that occurs in both the 

query sequence and the database sequence or subject sequence. Normally, the 

default w-mer length is set to 11 for a nucleotide search. NCBI BLASTN speeds up 

the word matching stage computation by first examining w-mers on a byte 

boundary (i.e. an 8-mer). Figure 3.7 shows all possibilities that one 11-mer 
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contains 8-mer match. The solid boxes represent a matched 8-mer (two aligned 

bytes in memory). The dashed boxes represent all possible locations of an 11-mer 

relative to the two aligned bytes. The number inside the boxes represents the 

number of bases in the box. The word matching computation is done in two steps: 

(1) find all locations that have matched 8-mers, and (2) extend by three extra bases 

on both sides to get an 11-mer match. If two 11-mer occur in close proximity (for 

example, they overlap with each other), NCBI BLASTN implements a redundancy 

eliminator to avoid duplicate inspections in later stages.  

4 43

4 42 1

4 4 21

4 4 3
 

Figure 3.7 Possible 11-mer positions relative to byte boundary 

The next stage is ungapped extension. NCBI BLASTN extends a w-mer into a HSP 

in two steps. The w-mer is extended back towards the beginning of the two 

sequences, then forward to their ends. A match character pair will receive a reward, 

while mismatch pair will get a penalty. A HSP's score in each direction is the 

maximum summation of all its rewards and penalties. If the final score is higher 

than the present threshold, it will be sent to last stage for further examination. The 

last stage is gapped extension, which has the greatest computation complexity. A 

dynamic programming algorithm is applied in this stage to get the detailed 

alignment score allowing gaps.  

Even with these heuristic algorithms, BLAST searches still require a substantial 

amount of time due to the rapid growth of the genetic databases. To quantify the 

performance of NCBI BLASTN on a general-purpose CPU, an experiment is 
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conducted by [60] to measure the execution time consumed by the different stages 

of BLAST with the default parameter settings on a 2.8GHz Pentium 4 CPU, with 

an L2 cache size of 512KB and 1GB of RAM, running a Linux OS. The mouse 

genome (1.16 Gbase after removing repetitive sequences) is chosen as the target 

database sequence and queries of various lengths are selected randomly from the 

human genome. Table 3.2 records the percentage of time spent in each stage of 

NCBI BLASTN for various query sizes. A more detailed experiment is shown in 

Table 3.3 with respect to different query sizes. It is obvious that the word matching 

stage consumes over 80% overall computation time. Meanwhile, as the query size 

increases, the performance of word matching stage drops dramatically. This further 

leads to the overall throughput deterioration. For sequence alignment using a large 

database (billions of bases) and a long query sequence (millions of bases), it may 

take many hours even several days to finish the computation.  

Table 3.2 Percentage of time spent in each stage of NCBI BLASTN [60] 

Query size Stage1 Stage2 Stage3 

10Kbase 86.5% 13.3% 0.2% 

100Kbase 83.3% 16.6% 0.1% 

1Mbase 85.3% 14.65% 0.05% 

 

  Table 3.3 Performance of NCBI BLASTN software [60] 

Query size Throughput 
Stage1  

(time / base) 

Stage2  

(time / match) 
Stage3 

10Kbase 67.0 0.0129 0.231 71.3 

100Kbase 8.76 0.0951 0.225 58.9 

1Mbase 0.648 1.32 0.264 34.4 

Units Mbase/sec µsec/base µsec/match µsec/align 

 

Just as the databases are getting bigger and bigger, the usage of NCBI BLASTN is 

also growing. Currently, over 100,000 BLAST search requests are sent to NCBI 

each day. With the rapid-growing demands for conducting BLAST searches and 
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ever increasing large genomic databases, a faster version of BLAST can thus 

largely alleviate the current work burden. There have been several approaches to 

accelerate bio-sequence similarity searches. Some of these approaches use special 

hardware while others attempt to solve the problem in software. Hybrid approaches 

employ both general purpose computer and specialized hardware.   

3.5 Previous work 

3.5.1 Software programs for sequence alignment 

When thinking about approaches to accelerate BLAST computation, the first thing 

that comes to mind would be utilizing software optimization techniques. In fact, 

many software implementations attempt to achieve this goal. MegaBlast [136] 

applies a greedy method, optimized for sequences with only slight differences, to 

accelerate the nucleotide sequence search process. During the alignment process, 

when a longer word size is applied, MegaBlast achieves up to 10 times speedup 

compared to other common sequence similarity search programs. MegaBlast is also 

capable of processing much longer DNA sequences than the conventional 

BLASTN implementation in an efficient manner. Compared to NCBI BLASTN, it 

provides a much faster runtime performance by sacrificing sensitivity.  

The BLAST-like alignment tool (BLAT) [57], a software package for DNA and 

protein sequence analysis, is designed to speedup the search process between 

sequences with a high degree of similarity. BLAT first constructs an index of all 

non-overlapping k-mers in the genome sequence. The genome index is stored 

utilizing the inexpensive RAM space and can be reused for different search 

requests. With the help of the genome index, BLAT can quickly locate candidate 

regions (called hits) that are likely to have a high degree of similarity to the query 

sequence. Since it eliminates the need for repetitive scanning on the database, it 

achieves over an order of magnitude speedup comparing to BLASTN. As the 

number of candidate regions directly influences the search speed, BLAT applies a 

longer word length and restricts the hits to merely non-overlapping exact matches 
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to narrow the search space, which makes a trade-off between the processing speed 

and sensitivity. 

The Sequence Search and Alignment by Hashing Algorithm (SSAHA) [95] aims to 

improve the search speed for large DNA databases (e.g. billions of bases). Several 

optimizations are added as a preprocessing stage. Sequences in the database are 

first split into consecutive k-tuples (contiguous bases of length k), and then used a 

hash table to store the position information for each occurrence of the k-tuple. 

When a search starts, all k-tuples in a query sequence are mapped to a given 

location of the hash table. If there is a hit, the position information will be extracted 

for further analysis. The computation efficiency is gained by the hash queries. 

SSAHA search is three to four orders of magnitude faster than BLAST, while its 

memory footprint is less than the suffix tree-based methods. Both SSAHA and 

BLAT require the offline indexation of the entire database before being used for 

searches. A trade-off exists among sensitivity, processing speed, and the storage 

space required for the indices. In fact, these techniques are less sensitive than the 

original algorithm in practice. 

The PatternHunter series [84, 72] achieve both better runtime performance and 

sensitivity compared to BLASTN using different forms of pattern matching. They 

use a novel idea, the spaced seed model, to find all hits, which is based on the 

observation that hits at different positions of a region are not independent. The 

spaced seed model is designed to profit based on the following constraints: an 

appropriately chosen spaced model has a significantly higher probability to find at 

least one hit in a homologous region, while having a lower expected number of hits 

than the conventional consecutive seed model. If the spaced seed is not properly 

designed, there will be too many random hits, which will slow subsequent 

computations. In PatternHunter [84], a seed contains k discontinuous matched 

characters, where the relative positions of the k match locations are optimized in 

advance. PatternHunter II [72] implements the optimized multiple seeds scheme to 

further increase the sensitivity. PatternHunter reports a speedup of about 5-100 

times comparing to BLASTN according to different data sizes with a similar 
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sensitivity. PatternHunter II is over a thousand times faster than the SW algorithm 

for DNA sequence searches at approximately the same sensitivity. However, 

finding the optimal spaced seed of given weight and length is NP-hard [72]. 

Meanwhile, the optimal seed models are specific to a particular dataset, i.e. 

repetitive seed model computations are required for different datasets. 

The Diagonal Aggregating Search Heuristic (DASH) algorithm [59] works in three 

stages: (1) non-gapped alignments (diagonals) are identified with the help of the 

database indices; (2) these diagonals will be aggregated, if it is possible to conduct 

global alignment on the regions between them; (3) conduct dynamic programming-

based alignment at the end of each aggregated diagonals. The query sequence 

filtering algorithm is special in DASH. If a k-tuple occurs excessively often, it will 

be excluded from the first stage and corresponding frequency information will be 

stored in each segment of the database. DASH reported a faster computational 

speed than BLAST by an order of magnitude for small datasets, with greatly 

improved sensitivity for a nucleotide search. However, the performance of DASH 

is not clear for longer query sequences. 

MUMmer [32] is a new system for high resolution comparison of complete 

genome sequences. The system uses a combination of three ideas: suffix trees, the 

longest increasing subsequences (LIS) and Smith-Waterman alignment. The word 

matching stage design in MUMmer utilizes the suffix tree data structure which is 

more space efficient than the hashing strategy used in BLAST. As a useful attribute 

for the suffix tree structure, there is a unique path from the root to a leaf node to 

locate all suffixes within the suffix tree. Maximum unique matches (MUMs), 

which are used in later stages, are quickly identified with the help of the suffix tree 

and inspected by later stages. However, this system is built based on the 

assumption that the sequences are closely related, which limits its usage for finding 

alignments without exact matches. 

The BLASTP program is a popular tool, widely used by biologists, to conduct 

searches against protein databases. Three optimizations are applied in [31] 

targeting the hit extension stage of the BLASTP algorithm since it occupies 93% of 
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the overall execution time. First of all, the data format of the query sequence and 

the code for scoring matrix indexation are changed. Secondly, the extension 

computation is conducted using two consecutive characters at a time (rather than 

one character applied in the original algorithm). Lastly, a forestall mechanism is 

applied to prefilter hits that are less likely to generate high scoring pairs, which can 

reduce the work burden for the more time-consuming extension stage. For each 

optimization, this work reports speedups of 15%, 48%, and 63%, respectively. 

However, the optimizations introduced also generate some loss in sensitivity.  

As the fundamental process in many sequence analysis algorithms, approximate 

string matching against a large dataset plays an important role in Bioinformatics 

research. Biologists mainly use BLAST to locate candidate regions in DNA 

sequences, but BLAST is a heuristic approach which does not guarantee that all 

significant matches can be reported. An interesting auxiliary data structure is 

proposed in [25] to solve the approximate string matching problem with the help of 

the suffix array data structure. It maps the suffix array to the external memory, 

makes optimizations to improve the search efficiency and guarantees that all 

significant matches could be found. A quick lookup table (QLT) is applied such 

that binary searching on large intervals, needed for suffix tree simulation, is not 

required. This greatly improves the search efficiency of the suffix array. As this 

work uses a PC cluster to conduct computations, it provides two approaches to 

parallelize the computation, index partitioning (IP) and data partitioning (DP). 

Experiments showed that DP is a better choice than IP, if the error of the 

approximate string matching problem is large. Moreover, counting on the length of 

the DNA sequences, DP is probably more suitable than the IP strategy to conduct 

genome searches.  

3.5.2 Heterogeneous systems for sequence alignment 

Although software-based sequence aligners have already achieved a clear 

performance improvement compared to the original BLAST algorithm, they still 

face a great challenge brought by the ever growing databases. Structural 
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modification or custom hardware acceleration provides an alternative method to 

bypass obstacles that appear in the systems that rely on the general-purpose PC. 

Many designs to accelerate the sequence alignment process utilizing GPUs or 

FPGAs have appeared in the recent research literature. 

Embedded in the NCBI-BLAST code, GPU-BLAST [128] performs protein 

alignments up to 4 times faster than the single-threaded NCBI-BLAST without 

compromising the accuracy of the produced alignments. As the comparisons of a 

query against the substrings of the database can be executed in parallel, GPU-

BLAST develops a mechanism capable of distributing comparisons to different 

processors so that they were fully utilized and completed the assigned tasks at the 

same time. The parallelization efforts are mainly on the seeding and ungapped 

extensions steps, as these two steps consumed over 95% of the total execution time. 

Another key feature for GPU-BLAST lies in its data structure design. The location 

of each data structure in memory is carefully selected, depending on data size and 

the access frequency during execution. 

CUDASW++ [79] is an open-source protein sequence database search algorithm 

using the SW algorithm, programmed in CUDA C++ for multiple GPUs. It 

employed a combination of inter-task parallelization and intra-task parallelization 

to achieve performance boost on the SW algorithm. Three techniques are applied to 

improve the design's performance: (1) a coalesced subject sequence arrangement 

improves the performance for multiple-thread subject sequence access, (2) a 

coalesced global memory access structure maximizes the bandwidth for 

intermediate data storage, and (3) a cell block division method is designed to 

reduce the burden on the requirement of the global memory. As the data structure 

is chosen based on the merits of the CUDA architecture, CUDASW++ achieves a 

very good performance for the SW sequence search. 

FPGAs also have outstanding performance on parallel data processing and 

reconfiguration capability, which makes them a good option for algorithm 

acceleration. There are a number of designs that can speed up BLAST's 

performance using FPGA devices. 
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Tera-BLAST [123] is a commercial product designed by TimeLogic group. The 

Tera-BLAST design with a single J-series FPGA-accelerated similarity search 

engine achieves a speedup factor up to 434.2× over CPU-based NCBI BLAST+ 

and 161× over GPU-BLAST. In addition to the performance improvement, Tera-

BLAST also provides more flexibility to support all flavors of BLAST. 

Unfortunately, the implementation details of Tera-BLAST are not in the public 

domain. 

Another commercial product for BLAST-related computation is designed by 

SciEngines. This design accelerates the computation of the Smith-Waterman 

algorithm within the BLAST tool utilizing the RIVYERA FPGA-computer [112] 

which consists of 128 Xilinx Spartan3 FPGA chips. It achieves a 1600× speedup 

compared to a 3GHz single core desktop computer at a power consumption of 650 

Watts. Similar to the Tera-BLAST, the detailed architecture of RIVYERA is 

unknown. 

The conventional seed-based BLAST algorithm has been implemented on the 

RMEM architecture [66]: a combination of a FPGA board and a FLASH-NAND 

memory board. Both the seed and the neighborhood of each seed are indexed to 

accelerate the computation, which naturally increases the volume of the database 

index. For the human genome, the size of the index is about 45GB. The FLASH 

memory provides good support for this large volume of data. A systolic 

architecture is applied to compute the gap extension on the FPGA. It achieves over 

10 times speedup for short query sequences. The indexation method applied in this 

design can be a performance bottleneck for larger databases, as the database is 

duplicated multiple times due to the simple neighborhood strategy and thus the 

index utilization efficiency can be low under the low match rate conditions.  

RC-BLAST [88] is an early implementation of BLAST, which does not implement 

the entire application on the FPGA. Instead, it first profiles the application to 

identify the computation intensive segments. Then, it accelerates these critical 

segments using FPGA resources. This work also gives an illustration of the 

possible difficulties associated with the acceleration of this heuristic algorithm on 
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FPGAs. Although the final result is even slower than the software implementation, 

this is related to the FPGA technology used by the author. 

TUC-BLAST [116] is an FPGA design provided by the Technical University of 

Crete (TUC) to accelerate DNA searches for small query sequences (1000 

characters) regardless of the database size. The TUC architecture consists of N 

identical computing engines, each of which is a full implementation of all three 

pipeline stages of the algorithm. The hit finder and the extension unit are the basic 

processing components in this design. The hit finder stores a hash table of the 

query sequence using on-chip block RAMs (BRAMs) to speedup hit detection. The 

extension unit executes two comparisons in each cycle. It extends in both 

directions and compares the two pairs of letters. Due to its highly parallel structure, 

the TUC-BLAST implementation provides a significant performance improvement 

comparing to the BLAST program. However, for large query sequences, it is not 

wise to store the hash table using on-chip memory, as the BRAM resources are 

quite limited. In addition, it is not clear how to deal with hash collisions when 

constructing the hash table. 

Two new versions of BLAST are presented in [49]: TreeBLAST and 

ServerBLAST. TreeBLAST is designed based on the idea that the alignment 

process can be viewed as a series of merging computations and a tree structure can 

be used to merge different segments in an efficient manner. One advantage of such 

a structure is that each node within the tree only requires a small amount of 

resources. Another advantage is that it can be easily pipelined level-by-level. In 

each cycle, ungapped alignment scores are generated without sensitivity loss. The 

ServerBLAST structure consists three parts: a systolic array that holds the query 

sequence, the alignment of interest (AOI), and k scoring servers. The database 

sequence is streamed through the systolic array and only the relatively infrequent 

AOIs are sent to the scoring severs for further processing, which also relies on the 

classic BLAST assumption of low seed rates. 

The Washington University’s Mercury system [60] is a reconfigurable architecture 

supporting disk-based computations with high speed data transfer interfaces. Many 
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aspects of both BLASTN and BLASTP are studied when deploying these programs 

on the Mercury system: 

BLASTN on Mercury [60] presents several interesting ideas to accelerate the 

BLASTN word matching stage computation. The firmware system is decomposed 

into three sub-stages. The initial sub-stage implements a pre-filter using Bloom 

filters [17], which is an efficient method to quickly eliminate a large quantity of 

unrelated data with very small false positive errors; the middle sub-stage 

determines the corresponding query position of positive database w-mers 

(including both false positive and true positive answers) using a near-perfect hash 

table; the final sub-stage performs redundancy elimination which occurs when two 

matches have tail overlap. A detailed performance comparison between the 

Mercury firmware Stage1 implementation and NCBI BLASTN's software Stage1 

implementation is provided. Speedups from 18 to 45 times (based on different 

query sizes) are reported. 

Mercury BLASTP [54] is a hybrid architecture which decomposed the original 

operations into hardware parts and software parts. It is focused on accelerating the 

processing speed of the word matching stage for NCBI BLASTP. The BLASTP 

word matching stage is similar to that of BLASTN except for the use of two-hit 

modules due to the fact that protein sequences can generate more "matches". In 

order to generate alignment results with a similar sensitivity, it applies the same 

heuristics in hardware. The computation blocks are parallelized to achieve higher 

throughput rate. Special switch logic is designed to parallelize the hit generators 

and the two-hit modules. The effect of out-of-order, which is introduced by the 

parallel word matching modules, is closely examined and a related hardware 

design is also introduced to minimize this effect. The Mercury BLASTP 

implementation reports a speedup of 13 times over the software equivalent. 

A parallel structure is proposed by [47] to accelerate the gapped alignment of the 

banded Smith-Waterman algorithm within BLASTP utilizing the Mercury system. 

Its performance is evaluated with a simulator. A performance improvement of over 

54 times compared to that on a general purpose PC is reported. 
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Since the original ungapped extension algorithm in NCBI BLAST is not ideal for 

direct FPGA implementation, Mercury BLAST deploys a different, more FPGA-

favorable ungapped extension algorithm which is suitable to be deployed as a pre-

filter in front of NCBI BLAST stage2 [63]. The key features of this design are the 

fixed-size extension window and the systolic array based score computation 

scheme. The final design achieves over 20 times speedup against the BLASTN 

software due to its highly parallel and fine-grained pipelining architecture. 

Another solution focused on accelerating the BLAST algorithm is presented by 

[130] using a new language called Macah. Macah is a C-like language created to 

break the barrier between software programmers and the hardware circuit design 

(i.e. accomplish FPGA designs for developers with little experience on HDLs but 

more familiar with the widely used C language). The proposed design is a mixture 

of Macah codes (implementing the word matching stage) and the original NCBI 

BLAST program (the rest of pipeline stages, ungapped extension and gapped 

extension). When compiling the code into Verilog HDL, the Macah compiler 

makes optimizations on concurrent operations. To reduce the repetitive off-chip 

memory access, a perfect or a near perfect hash table is usually required, which can 

lead to a large memory footprint to avoid hash collisions. In this design, cuckoo 

hashing [101] is used for the construction of the off-chip SRAM hash table, which 

alleviates the pressure on memory consumption without introducing any sensitivity 

loss. This makes it more competitive for systems with limited workspace memory. 

Unfortunately, this Macah design provides no performance comparison with that of 

NCBI BLAST.  

Efficient dynamic programming algorithms exists for sequence comparison, but the 

significant scan time required becomes more and more severe as the database 

grows exponentially. A partitioning strategy is described in [97, 98] to implement 

bioinformatics database scanning using reconfigurable FPGA-based hardware 

platforms to gain high performance but with low cost. The SW algorithm is 

effectively mapped to fine-grained processing elements (PEs) resulting in an FPGA 

implementation that achieves about 170 times speedup for linear gap penalties and 
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125 times speedup for affine gap penalties, compared to a standard general-purpose 

processor. Strategies, which can further improve the system's performance using 

hyper-customization enabled by run-time reconfiguration, are also investigated. 

Instead of following the conventional method using lookup tables, pipelined 

systolic arrays are utilized in [132] to find string matches. Two functions are 

accomplished by the proposed systolic array, seed detection and hit extension, 

which are the two most time-consuming pipeline stages in the NCBI BLAST 

algorithm. The multi-seed detection array consists of multiple processing elements, 

each of which holds one query character. When the database stream flows through 

each array, comparisons are conducted in parallel. Successive word-hits are 

combined into a valid seed and passed to the extension stage. In this paper, 

performance comparisons are made to different algorithms in the NCBI BLAST 

family (running with an Intel P4 CPU), such as BLASTP, TBLASTN, BLASTX, 

TBLASTX, and BLASTN. Speedups of 17, 48, 14, 71, and 10 are achieved for 

query sequences of 3062 bases, respectively.  

To get speedups in the genetic sequence comparisons, the Smith-Waterman-Gotoh 

(SWG) algorithm [44] is implemented in [38] for sequence alignment on 

reconfigurable hardware. The SWG algorithm is a modification of the original SW 

algorithm to support gap penalties of a different form. The core of the 

implementation consists of a scalable pipeline, a controller and scratch-pad 

memory. The scratch-pad memory is introduced to support sequences larger than 

the pipeline length. The system achieves a speedup factor of 40 in a design that 

scales well with the size of the available hardware.  

Bioinformatics algorithms are mapped to high performance reconfigurable 

computer (HPRC) systems in [2]. The influence of different degrees of parallelism 

on the design’s performance is evaluated. Two systems, the SRC-6 and the Cray-

XD1, are selected as the test platform. To give comparable performance evaluation, 

both systems implement the original algorithm using a multi-node approach 

through the message passing interface (MPI). In this implementation, the query 

sequence is split and stored in each node, and the database sequence is broadcast to 
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all nodes for the similarity search. As expected, an order of magnitude speedup is 

achieved on both systems. The relationship between the number of nodes and the 

final performance is also evaluated: initially, the performances of both systems are 

linear to the number of nodes in the system; however, when the computation 

capability of the nodes is greater than the maximum communication capability, the 

performance drops as the communication overheads become the performance 

bottleneck of the whole design.    

3.6 Summary 

Genome sequence analysis, as an important research area in Bioinformatics, helps 

biological researchers understand the function of new genes and inspires the 

development of other related areas in genome research. Along with the rapid 

growth of the genomic databases, the need for an aligner with faster processing 

speed and reliable results always exists. Many tools for genomic sequence 

alignment have been designed over past decades either on general-purpose 

processors or utilizing heterogeneous platforms. When reviewing this rich 

literature, we find that seed-based heuristics is still an efficient approach to 

compute the degree of similarity even for a large database search. The performance 

improvements of past work are gained by utilizing better heuristic algorithms or 

optimizing different aspects of the existing heuristics. Heterogeneous designs take 

the outstanding computation capability of GPU or FPGA as an additional 

advantage to further optimize the target algorithm. Our FPGA accelerator design 

also belongs to the latter category: a more efficient parallel architecture to improve 

the performance of a seed-based algorithm (i.e. BLAST). The detailed architecture 

design is presented in the next chapter.  
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Chapter 4 

Word Matching Accelerator for 

BLASTN 

Based on the analysis given in previous chapter, the word matching stage is the 

most time-consuming part among the three stages of the original BLASTN 

algorithm. Therefore, accelerating the computation of this stage will have the 

greatest improvement on the overall performance. In this chapter, we propose a 

computationally efficient architecture to accelerate the data processing of the word 

matching stage utilizing FPGAs which are suitable candidate platforms for high 

performance computation due to their fine-grained parallelism and pipelining 

capabilities. 

As discussed in Section 3.4, the basic idea underlying a BLASTN search is 

filtration. An efficient filtration method can largely reduce the computation time. 

Unlike previous designs merely focusing on the degree of parallelism, our 

proposed architecture also takes the actual data relationship between the query 

sequence and the database sequence into account. Two major contributions are 

made in our word matching stage architecture design: a novel parallel partitioned 

Bloom filter (PPBF) design and a block wise hash table data structure. As hash 

functions are well implemented in both of the architectures, a brief description of 

the hash function is included here.  

4.1 Hash function and its applications 

A simple explanation of a hash function is a set of mathematical functions that can 

map data within a large data scope into a small data scope. The general form of a 

hash representation is       , where k is the key space, h is hash function, and x 

is the hash space. Hash functions are widely used for data indexing, context 
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compression, character comparison among large databases, duplicate record 

finding, web intrusion detection, encryption, finding similar strings in long DNA 

sequences, or many other application fields. Different hash functions will introduce 

a totally different performance evaluation, such as false positive probability, 

resource utilization, worst-case situation, and so on.  

Although hashing is commonly used in computing applications, the performance of 

hash functions for specific applications is far from optimal. For example, if a 

design is targeted to FPGA devices, a hardware favorable hash function should be 

chosen for the implementation. Ramakrishna et al. [99] provide an analysis of the 

performance of hash functions and make a comparison between practical 

performances with theoretical performance predictions. Three practical hashing 

functions are chosen: the bit extraction hashing function, the hashing function from 

the XOR method, and the hashing functions from the class H3 [22]. The results 

conclude that, hash functions that are chosen at random from the class H3 achieve a 

performance consistent with the theoretical prediction, which is better than that of 

the bit extraction and the XOR hashing schemes. 

The hash function for an off-chip hash table is more complicated than the ones 

used for Bloom filters. The main problem is related to hash collisions. A perfect 

hash function is one option to avoid hash collisions. An algorithm to construct 

minimal perfect hash functions (MPHF) is proposed in [18]. MPHF are hash 

functions generating no hash collision with minimum memory consumption, for a 

large set of keys utilizing external memory. The design of the algorithm considers 

four aspects: (1) the time required to construct the MPHF, (2) the space 

requirement for constructing the MPHF, (3) the computation complexity for the 

MPHF, and (4) the space consumption to represent the MPHFs. The proposed 

algorithm is simple and need just a small vector in the main memory to construct 

the MPHF. However, it is 34% slower than the fastest algorithm available to solve 

the same problem, which might impede its application when construction speed is 

the main concern. 
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A near-perfect hashing scheme is described in [20] for a dictionary of short bit 

strings, which is also used as part of the construction of Mercury BLAST. Near-

perfect hashing is a heuristic variant of the well-known displacement hashing 

approach to build perfect hash functions. The core building block of the scheme is 

the hash functions from the H3 family of full rank that guarantee uniformity of 

hashing. Two hash functions were chosen independently at random to further 

reduce the collision probability. Three aspects are taken into account for this design: 

(1) lookups in the dictionary usually required one probe; (2) the hash function 

should be simple enough to store on-chip and the dictionary should not require too 

much memory; and (3) the dictionary should be generated quickly. The 

experiments also demonstrate the performance of this novel hashing scheme. 

Although a perfect hashing based algorithm can provide good performance for off-

chip hash table access, the algorithm itself is likely to be quite complicated when 

the query sequence is fairly large. Cuckoo hashing [101] is a much simpler solution 

to avoid hash collisions. The main idea of this method is to use two hash functions 

instead of one, which provides two possible locations in the hash table for each key. 

The "kicking out" strategy also guaranteed that the hash table is collision-free. This 

algorithm has a constant worst-case bound on the time to do lookup. However, for 

a hardware implementation, each probe has to access two hash addresses in the off-

chip memory, which means that, in the majority of cases, Cuckoo hashing will 

require higher memory access overheads than other perfect hashing queries.  

The Bloom filter, a space-efficient probabilistic data structure conceived by [17] in 

1970, is widely used to solve the membership examination problem for a large data 

set. False positive answers are possible, but false negative answers are not. New 

elements can be easily added to the set, but it is very difficult to remove them from 

the hashed results. If more elements are added to the date set, the probability of 

generating false positive answers will grow correspondingly. As the Bloom filter 

can quickly eliminate irrelevant elements and only has false positive answers, it 

becomes an ideal tool for the BLASTN word matching stage implementation. 
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Bloomier filters [23] utilize two tables for hash computation, rather than the hash 

bit-vectors used in Bloom filters. One table stores encoded values used for index 

computation for the second table; the other table is an associative array with 

effective range of R, the value of which can be modified dynamically. If the query 

data does not belong to the programming set, the function will return an invalid 

value with high probability (close to 1); otherwise, the return value is within the 

predetermined range R. This data structure is designed to reduce the lookup time 

and space consumption for false positive answers. There are many other 

alternatives for Bloom filters and Bloomier filters, but the core of these data 

structures is still the hash function. 

The Bloom filter architecture has been used in a number of application fields 

besides bioinformatics. Various Bloom filter architectures have been proposed to 

achieve different functionalities. Multi-pattern matching algorithms for network 

intrusion detection systems (NIDS) are presented in [35] using multiple parallel 

Bloom filters on an FPGA, the performance of which is influenced by the number 

of patterns and the pattern length. The first algorithm performs the longest prefix 

matching (LPM) and the second algorithm is an extension of the first algorithm 

which handles long strings by combining with the Aho-Corasick algorithm [3]. The 

Bloom filter structures in these two algorithms effectively reduce the memory 

overhead and also accelerate the computation performance. 

A string matching engine is proposed by [96] for high speed NIDS applications 

based on the Bloom filter architecture. The string matching engine consists of three 

major components, a Bloom filter accelerator, a dispatcher, and a parallel hashing 

(PH) engine. Unlike conventional Bloom filter designs mostly focused on reducing 

the false positive rates, this Bloom filter accelerator only uses a small number of 

hash functions and memory space to alleviate the work load on the PH engine. A 

dispatcher is designed to dispatch data and balance the work load for different 

channels of the PH engine. The PH engine is constructed based on parallel hashing 

and offered a string comparison phase to guarantees no false positive string 

matching. 
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A memory efficient and cache-optimized algorithm is presented in [87] for 

simultaneously searching for a large number of patterns in a very large corpus. 

Two special data structures are proposed to boost the algorithm's performance, the 

feed-forward Bloom filter (FFBF) and the cache-partitioned Bloom filter. FFBFs 

applies a second bit array to extend the functionality of the conventional Bloom 

filters and a different set of hash functions are used to determine the insertion 

location of the second bit array. As additional hash functions are applied for the 

search, the false positive rate can be largely reduced, which drastically reduces the 

memory for cleanup. The cache-partitioned Bloom filter data structure is an 

optimization specific for CPU implementation. The Bloom filter is split into two 

parts: the first part is smaller than the CPU cache available; and the second part is 

larger but accessed infrequently. The cache-partitioned Bloom filter is as effective 

as the classic Bloom filter, but has a much higher processing speed. 

In network packet data stream, signatures need to be inspected under different 

application scenarios. [34] proposes a parallel bloom filter system to analyze 

stream data of various string lengths. It utilizes the multi-port embedded memories 

to support multiple concurrent memory accesses and the m-bit vector is divided 

into smaller segments, which will increase the false positive probability 

correspondingly. The proposed system is implemented on a Xilinx FPGA 

supporting 10,000 strings operating at 81 MHz. It also provides an analysis on the 

trade-offs between the memory resources and system performance, which is 

important for bloom filter architecture design. 

PERG [50] is a FPGA-based system created to accelerate the pattern search for a 

stream against the large fixed string database. It consists of three major 

components: inspection unit, metadata unit, and fragment reassembly unit. Within 

the inspection unit, multiple Bloomier filter units (BFU) are constructed to filter 

irrelevant data. Two hash functions are applied for each BFU based on the shift-

add-xor (SAX) [107] method. CRC checksums for each segment are stored in the 

BFU to reduce false positives. PERG can fit over 80,000 patterns into a single 
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FPGA chip, which achieves a 26× improvement in terms of memory density over 

other NIDS pattern match engine. 

The previous work on accelerating the hash function and its applications (described 

above) indicates that it may be possible to accelerate the NCBI word matching 

algorithm with the help of efficient hash implementations. The next section 

examines this possibility. 

4.2 Word matching stage acceleration 

The first stage of BLASTN is used to find "seeds" or word matches. A word match 

is a common substring of length w (referred to as a "w-mer") that appears in both 

the query sequence and the database sequence. Using the alphabet {A, C, G, T}, 

NCBI BLASTN reduces storage and I/O bandwidth by storing the database using 

only two bits per letter (or base). The default w-mer length for a nucleotide search 

is set to 11. The word-matching stage implementation of NCBI BLASTN first 

examines w-mers on a byte boundary (i.e. 8-mers) and then extends 8-mer matches 

in both directions to find possible 11-mer matches. If two matching 11-mers occur 

in close proximity, they are likely to generate the same HSPs. NCBI BLASTN 

therefore implements a redundancy eliminator to avoid repetitive inspections on 

the same segment in later stages. 

Our FPGA-based accelerator design for BLASTN does not follow exactly the same 

working mechanism presented in the NCBI BLASTN software. Instead, we have 

chosen FPGA favorable algorithms to achieve the same functionality. Our word-

matching stage design can be decomposed into three sub-stages, as shown in 

Figure 4.1. The first sub-stage is a parallel Bloom filter; the second sub-stage is a 

false positive eliminator to examine the data passed the parallel Bloom filters, and 

the last sub-stage eliminates redundant matches. The sub-stage composition is 

similar to that of Mercury [60], but the detailed architecture is very different. 
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Figure 4.1 Three sub-stages of our FPGA-based accelerator for the word matching 

stage of BLASTN 

4.3 Parallel Bloom filter architecture 

The word matching stage aims to find good alignments containing short exact 

matches between a query sequence and a database sequence. Such matches could 

be computed using data structures such as hash tables or suffix trees. One 

drawback for the hash table or the suffix tree solution is that the memory footprint 

can be very large for long sequences. An alternative solution to this filtration 

problem is to use a Bloom filter, which is a simple space-efficient randomized 

hashing data structure suitable for FPGA implementation.  

Bloom filters represent a set of given keys in a bit-vector. The provided hash 

functions support the insertion of keys (in the programming stage) or the search of 

keys (in the querying stage). The Bloom filter is a space-efficient data structure for 

membership test allowing a small portion of false positive answers. Since later 

stages can efficiently eliminate the false positive matches, the space savings far 

outweigh the introduction of false positive answers. 

A brief description of the Bloom filter's definition, working processes and false 

positive probability is presented below: 

Definition: a Bloom filter is defined by a bit-vector of length m, denoted as 

BF[1,..., m]. A set of k hash functions hi: K  A, 1  i  k, is associated to the 

Bloom filter, where K is the key space and           is the address space. 

Programming: for a given set I of n keys,            , I  K, the Bloom 

filter's programming stage is described as follows. First, the bit vector is initialized 
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with all zeros; then, for each key xj  I, the k hash values              , are 

computed; subsequently, set the bit vector to one according to the k hash values (i.e. 

BF[hi(xj)] := 1 for all  1  i  k). 

Querying: the querying stage of a Bloom filter works the same as its programming 

stage. For a given key x  K, compute k hash values             . If any of the 

k queries BF[hi(x)], 1  i  k, is zero, then the membership test is failed xI. 

Otherwise, x is treated as a member of I with a high probability. 

False Positive Probability: the appearance of false positive answers is due to the 

fact that the k bits in the bit-vector can be set to one by any of the n keys (i.e. 

different keys can be hashed to the same location). However, we should also notice 

that a Bloom filter only produces false positives but never false negative answers to 

the query. The false positive probability of a Bloom filter (denoted as FPP) is 

given by [17]: 

                
 

 
 
  
 
 

      
  

  
 

                     (4.1) 

It is clear that FPP is determined by three parameters, the bit-vector length m, the 

number of keys n, and the number of hash functions k. FPP decreases as the bit-

vector size m increases, and increases as the number of keys n increases. It can be 

shown that for a given m and n, the optimal number of hash functions kopt is given 

by:  

      
 

 
                                              (4.2) 

The corresponding FPP is then: 
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If we maintain a fixed FPP, the bit-vector size needs to scale linearly with the 

inserted key set. Table 3.4 shows the required Bloom filter size for FPP values of 

around 10
-5

 and around 10
-3

, and varying query lengths. About 2Mbit of memory is 

enough for scanning a database with a query sequence of length 100kbase and 16 

hash functions.  

Table 4.1 Bloom filter memory size (in bits) for different parameter combinations 

Query size (n) # of hash functions (k) Bit vector length (m) FPP 

1k 

16 

23,084 
1.53e-5 

10k 230,832 

100k 2,308,313 

1k 

8 

11,542 

2.91e-3 
10k 115,416 

100k 1,154,157 

 

The conventional architecture (i.e. the structure based on the definition of a bloom 

filter) for the identification of w-mers using a Bloom filter is shown in Figure 4.2. 

The Bloom filter has been programmed by parsing the query sequence into 

overlapping substrings of length w in the preprocessing step. One important 

observation for the conventional architecture is that the memory containing bit-

vector must support k random lookups for the same query w-mer, which poses a 

question for the FPGA designers - how to efficiently implement multiple hash 

queries?  
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Figure 4.2 The conventional architecture for identifying w-mers in a database 

stream using a Bloom filter 

Although the conventional Bloom filter architecture is efficient for the member 

ship test, its direct implementation is not suitable for a high performance design on 

an FPGA. Current embedded memories can only provide limited access during the 

same clock cycle (2 queries at the same clock cycle). Pipelining or memory 

duplication is required for multiple memory access requests. For example, Mercury 

implements the Bloom filters using the conventional structure. It doubles the clock 

frequency of the BRAMs to reduce memory consumption, but still requires four 

copies of the m-bit vector to process 16 hash queries at the same clock cycle. The 

limited on-chip memory becomes one bottleneck for the use of the Bloom filter.  

Our design takes advantages that mismatches appear far more frequently than 

matches in the BLASTN word matching stage and a match key has much tighter 

requirements than mismatches (once a key fails in any of the k hash queries, it will 

be defined as a mismatch; in contrast, a match key must pass all hash queries). The 

computation efficiency will be compromised, if a single key is sent to all hash 

functions for membership testing, especially under low match rate conditions. Thus, 
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our idea is to divide the k hash functions into different groups, with each group 

used for a different hash query. We apply three techniques to improve the 

throughput compared to the conventional Bloom filter architecture.  

 Partitioning: we first partition the Bloom filter vector into a number of 

smaller vectors, which are then queried by independent hash functions.  

 Pipelining: we further increase the throughput of our design using a new 

pipelining technique. 

 Local stalling: we use a local stalling mechanism to guarantee all w-mers 

are tested by the Bloom filter. 

In our design, we partition a Bloom filter of bit-length m into k embedded memory 

blocks (BRAMs) of length m/k as shown in Figure 4.3, where k is the number of 

hash functions. Each BRAM block is an independent and identical memory space. 

The hash functions applied randomly map the input keys into the range [0, m/k) of 

the localized BRAM. As a different set of hash functions are chosen, the 

partitioned false positive probability changes to: 

            
 

   
 
 

 
 

                               (4.4) 

For instance, using the parameters mentioned in Table 4.1, we will get |FPPpFPP|

 5.5e-8 for k = 16 and |FPPpFPP|  5.5e-20 for k = 8. Thus, the negative 

influence on the FPP introduced by the Bloom filter partitioning is negligible. 



 

60 

BF[m/k+1..2·m/k]

T

C

A

C

T

G

A

G

G

w
-m

e
r:

 s
[q

..
q

+
w

-1
] h1()

h2()

hk()
B

R
A

M
2

B
R

A
M

1
B

R
A

M
k

BF[1..m/k]

BF[(k-1)·m/k+1..m]

 

Figure 4.3 Partitioned Bloom filter architecture using on-chip BRAM modules 

In order to further improve the Bloom filter's throughput while keep the BRAM 

space consumption within a reasonable limit, we first present a space-saving 

pipelined partitioned Bloom filter with k/P hash functions, denoted as PPBF(k/P), 

where P is the degree of parallelism. Figure 4.4 shows one structure of the 

pipelined partitioned Bloom filter. Pipeline registers can be inserted along the bit-

AND path. In each clock cycle, it can support k/P different hash queries.  
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Figure 4.4 The PPBF architecture with k/P hash functions 

The hash functions used in the PPBF block are chosen from the H3 family [106], 

which can be efficiently implemented in hardware. An H3 hash function has the 
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following form: suppose the input data stream X with b bits is presented in binary 

format as X = <x1, x2, ..., xb>; we calculate the i
th

 hash function over X, hi(X) as: 

)(...)()()( 2211 bibiii xdxdxdXh                  (4.5) 

where " " is a bitwise XOR operator and "·" is a bitwise AND operator; di are 

predetermined random numbers in the range [0, ..., m-1]. Both the AND and XOR 

operations can be implemented in parallel to shorten the computation on FPGA. In 

addition, the total number of hash functions required is small. Thus, the resource 

needed for the hash function representation is negligible. Although hash collision 

might appear in both the programming and querying stage, the hash table lookup 

stage can eliminate all negative influences. 
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Figure 4.5 PPBF architecture with two hash functions 

The implementation of the PPBF architecture, with two different hash functions, is 

shown in Figure 4.5. Two sets of input signals are designed as the input ports: the 

query 11-mers (wmer1 and wmer2, each 22bits wide, representing 11 DNA 

characters), the position information (pos1 and pos2, each 32bits wide and thus 

supporting databases of up to 4 billion characters), and the state information (st1 

and st2, each 4bits wide, recording the number of PPBFs already passed). The hash 

function implementation follows equation 4.5, which maps each 22bit w-mer to the 
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hash space. The BRAM size is 128Kbit representing the "m/k-bit" vector, which is 

tunable for different FPP computations. The output control block monitors the 

status of each input w-mer and outputs only successful hash queries. The match 

signal indicates a true match w-mer and the stall signal is used to control the data 

flow of the next PPBF. Pipeline registers are inserted into hash function, BRAM 

and output control modules to improve throughput and introduce a 6 cycle latency. 

The second step is to implement P PPBFs in parallel. Figure 4.6 is an example 

containing eight PPBFs, where each PPBF is implemented using the architecture 

shown in Figure 4.5. This implementation reduces the FPP, making it more 

computationally efficient. We refer to the design in Figure 4.6 as an 8×2 parallel 

Bloom filter (denoted as PBF8×2). When we use dual port RAM for the "m/k-bit" 

vector module, each partitioned memory block can support an additional hash 

query at the same clock cycle. Thus, the system's throughput can be doubled. 

Assuming our design works with a 100MHz clock, it can thus achieve a theoretical 

maximum throughput of 1.6Gbases/s under the zero-matching condition (i.e. all 

querying w-mers fail at the first PPBF they met). 

PPBF1

Mux

Mux

W-mer 

buffer1

stall8

match2
stall1

Mux match1

PPBF8

Mux

W-mer 

buffer16

stall16
match9

stall16

Buffer cond

W-mer 

scheduler

Buffer end

Buffer end

stall8

match10
stall9

 

Figure 4.6 Parallel Bloom filter architecture consisting of eight PPBFs with two 

hash functions each 
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As shown in Figure 4.6, a w-mer passing one PPBF will be sent to the next PPBF 

for further examination to reduce the FPP, which would introduce a data collision 

between the match w-mer and the incoming new w-mer. To avoid such a collision, 

we apply a local stall mechanism as: if the output match bit of PPBFi equals zero 

for any 1  i  P, indicating that a mismatch is found, then a new w-mer is input to 

the PPBF; if the output match bit of any PPBFi  equals one, the corresponding w-

mer is passed to PPBF(i+1) for all 1  i  P-1; at the same time, a corresponding 

input w-mer from the w-mer buffer should be stalled, based on a local stall signal, 

to prevent a w-mer loss. The match output from PPBFP is sent to PPBF1 for further 

testing. A true match is generated if and only if a w-mer passes all PPBFs. The 

local stall signal is connected with w-mer buffers. Once the stall signal is high, 

corresponding buffer will stop popping data. 

Although the local stalling mechanism is applied to guarantee that there is no w-

mer loss, a processing speed difference will still appear among different w-mer 

buffers. This is because matches are not equally distributed in the database 

sequence. Some of the w-mer buffers would require a longer period to pop all w-

mers. Therefore, we also integrate a w-mer scheduler to control the w-mer flow. 

The rule for the w-mer buffer scheduling is: 
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If buffi is not empty

If buffi+1 is not empty

pop w-mer normally when there is no stall  

else

If there is no stall for all buffs

If only buffi is non-empty

pop w-mer to all PPBFs

else

pop w-mer normally

else 

pop w-mer to PPBF responsible for buffi+1

else

If all buffs are empty

load new w-mers to all buffs

 

Buffer cond is a control signal that informs the w-mer scheduler about the empty 

buffers. The hardware implementation of the scheduler is shown in Figure 4.7 (b). 

The scheduler consists of 16 sub-schedulers (SS) to control the data flow for each 

w-mer buffer. The SS module (shown in Figure 4.7 (a)) is the switch logic to 

determine the output w-mer. To reduce the latency for our PBF design, the 

scheduler is constructed using pure combinational logic.  
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Figure 4.7 (a) sub-scheduler and (b) scheduler architecture 
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4.4 False positive eliminator design 

The second sub-stage of our word matching accelerator design is false positive 

elimination, which includes two objectives: 

 Eliminate all false positive matches generated by the Bloom filters. 

 Get the corresponding position information in the query sequence for true 

positive w-mers. 

One solution for this sub-stage design is to use a hash lookup table. The position 

information of each w-mer from the query sequence is stored in the hash table. A 

hash table with one million entries storing position information for a 100kbase 

query sequence requires at least 17Mbit of memory space (17 bits are needed to 

represent 100k positions). It is clear that the memory required is significantly 

greater than that provided by the on-chip BRAMs (for our target FPGA chip, it 

only provides about 10Mbit BRAM resources). Thus, we have to store the hash 

table in an external SDRAM attached to the FPGA. 

Hash collision and duplicate keys are two common problems for simple hashing 

strategies. The former will hash two different queries to the same location, while 

the latter may miss additional position information. Both of them require extra 

access to the off-chip SDRAM to get the correct data. As off-chip memory access 

is much slower than the on-chip memory access, this can be a potential 

performance bottleneck for the word matching stage design.  

In previously reported designs, a perfect hash function [18] has been applied to 

construct the hash table. A perfect hash function for a set of n keys maps each key 

to a distinct table entry with no collisions among the keys in the set. However, a 

perfect function is not easy to generate, especially when the key set n is large. In 

addition, the representation of the perfect hash function usually needs a significant 

amount of FPGA resources and may compete with the Bloom filter design. The 

Mercury BLASTN design [57] implements the hash table using a near-perfect 

hashing strategy, which bypasses the constraint for a perfect hash function. 
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However, considerable effort is still required to get the "near-perfect" hash 

functions. Cuckoo hashing [101] is another effective hash strategy used to avoid 

hash collision, where two independent hash functions are used for a single hash 

query. However, additional off-chip hash table access may reduce the overall 

performance, and, it still cannot eliminate hash collisions for duplicate keys. In our 

design, we try a less complicated approach with few hash collisions, called the 

bucket hash.  

Our idea is simple: although it is difficult to find a perfect hash function for all n 

keys, it might be easier to find a perfect hash function (or a hash function with only 

limited collisions) for a subset of keys, if the size of the subset is small enough. 

Bucket hashing works as follows: 

 Firstly, sort the query w-mers into different buckets according to their 

prefix (if the prefix length is properly chosen, the number of w-mers in each 

bucket is relatively small). 

 Secondly, find a simple hash function that is collision-free for all w-mers in 

the same bucket. If it is not possible to find such a perfect hash function, 

uses the hash function with the minimum number of hash collisions. 

 Finally, construct a quick lookup table (QLT) which stores the "collision-

free" hash functions for each bucket. 

An example of the off-chip hash table construction using the bucket hashing 

strategy is shown in Figure 4.8. Query w-mers sharing the same prefix are 

programmed to a given area in the hash table without hash collision. For example, 

to support a 10kbase query sequence, we construct a QLT of size 24kbit with 4k 

entries. If a longer query sequence is applied, the number of w-mers in the same 

buckets will increase correspondingly. This puts a greater burden on finding a 

perfect hash function. In rare cases, it is difficult to get a perfect hash function with 

a simple representation. Under such circumstances, a secondary table is applied to 

store w-mers that would introduce a collision. A collision flag "C" is set to identify 

the colliding keys. As the total number of such w-mers is small, it only has a minor 

influence on the overall performance. Although bucket hashing can avoid hash 
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collisions for the majority of keys, an additional operation is still required for 

duplicate keys. 
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Figure 4.8 Hash table construction using bucket hashing 

As duplicate keys cannot be distinguished by hash functions, we construct a 

separate table, called a duplicate table, to store all duplicate keys. We also set a 

duplicate flag "D" field to indicate the appearance of a duplicate key. Each element 

in the primary table, the secondary table, and the duplicate table takes 64 bits. 

Figure 4.9 shows the bucket hash data path. The definitions for the primary, 

secondary, and duplicate table fields are: 

    En effective slot in the primary table, i.e., query w-mer was 

programmed into this slot during the programming stage 

    D duplicate flag 

    C collision flag 

    wmer query w-mer 

    PTR if the collision flag is "1", then it indicates a position in the 



 

68 

secondary table; if the duplicate flag is "1", then it indicates the 

address in the duplicate table; otherwise, it indicates the 

corresponding address in the query sequence 

    End flag that indicates no more duplicates or collisions for the current 

w-mer 

    XX unused bits (set to 0) 

 

QLT

H()w-mer En C D wmer PTR

Primary Table

D1 wmer1 PTR1

Secondary Table QPTR1 End QPTR2 End

...ACGTTGAGCTTC...

End

D2 wmer2 PTR2 End

Duplicate Table

 

Figure 4.9 Bucket hash data path 

There are several different cases for the hash table access. If a w-mer x maps to the 

primary table entry h(x) without collision and duplication, it only requires a single 

off-chip memory access. In the duplication-only case, the address we get from the 

primary table indicates a start location in the duplicate table; we should read out all 

the position information from this location until an "End" flag is met. If the 

collision flag is set in the primary table, we should access the secondary table 

based on the PTR recorded in the primary table; if duplication appears at the same 

time, the collision table access has a higher priority (i.e. first access the secondary 

table using PTR from the primary table; then, access the duplicate table using 

PTR1 or PTR2 and retrieve the correct duplicate position QPTR1 and QPTR2). The 

control logic of the hash table lookup is illustrated in Figure 4.10. The query w-

mers are also stored in the primary table and the secondary table. Each time we 

conduct a hash lookup, we will also compare the w-mer from the database against 
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the one from the off-chip table. Thus, we can guarantee that there is no false 

positive match after the hash table lookup stage. 

address ← h(x)

if ((C = 0) and (D = 1))

address ← PTR + DupOffset

// address for primary table

// only duplication appear

// address for duplicate table

else if (C = 1) // collision apepar

if (D = 0)

return PTRs

// no duplication jump to secondary table

// return PTRs until meet an END

else

address ← PTR + DupOffset

address ← PTR + SecOffset

return QPTRs // return QPTRs until meet an END

return QPTRs

// duplication appear jump to duplicate table

 

Figure 4.10 Hash table control logic 

4.5 Redundancy eliminator design 

In order to prevent generating the same sequence alignment repetitively during the 

ungapped extension stage of BLASN, a redundancy filter is applied to eliminate w-

mers that lead to the same ungapped extension stage. Each matching w-mer can be 

represented using its location pair (qi, dj), where qi and dj are the locations of the 

query and database sequence, respectively. The diagonal of this w-mer is defined 

as          . Redundancy matches are eliminated by examining their diagonals. 

In NCBI BLASTN, it also uses the feedback from the ungapped extension stage to 

eliminate redundancy matches. In contrast, our design is less stringent. We only 

eliminate "true overlapping" match w-mers, i.e., if two consecutive matches share 

the same diagonal and they have an overlapping part, we discard the latter as a 

redundant match. The non-overlapping diagonal will be updated, once a non-

overlapping match is found. An example of the redundancy eliminator is shown in 

Figure 4.11. For example, match alignment a and alignment b locate on the same 

diagonal and they are overlapped to each other. Thus, alignment b is a redundant 

match. In contrast, a gap exists between alignment c and d. Both of them can pass 
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the redundant filter. Although our heuristic is less stringent than NCBI BLASTN's, 

there is no significant influence on the overall performance.  
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Figure 4.11 Redundancy filter example 

4.6 Performance analysis 

The word-matching stage accelerator has been implemented using Verilog HDL 

and integrated into the DRC coprocessor system [34]. In the DRC system, a Xilinx 

Virtex-5 LX330 FPGA chip is available for the user application. A large volume of 

data can be store using the DRC system's off-chip memory, which consists of up to 

8GB of DDR2 SDRAM with a maximum bandwidth 3.2GB/s and 512MB of low 

latency RAM with a maximum bandwidth of 1.4GB/s. In each clock cycle, the 

parallel Bloom filter can receive up to 16 new w-mers to do the membership 

examination from local buffers. Table 4.2 records the resource utilization for our 

complete word matching design. 
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Table 4.2 Resource utilization 

 Resource used 

Number of Slice Registers 58,290 

Number of Slice LUTs 44,111 

Number of bonded IOBs 903 

Total Memory used (KB) 6,606 

 

The parameters used for the Bloom filter design are: m is set to 2,097,152 (2Mbit 

for m-bit vector); k is set to 16 (16 different hash functions); n is a variable 

depending on the query sequence length (we have tested different query sequences 

ranging from 10kbase to 100kbase in a single scan). In order to quantify the 

performance improvements of our word matching accelerator, we have designed 

several tests to simulate possible large-scale DNA sequence comparisons.  

4.6.1 Performance comparison against NCBI 

BLASTN Stage1 

We have compared our FPGA implementation to NCBI BLASTN version 2.2.9 

[91], running on a general-purpose workstation containing an Intel Core2 Duo 

CPU (3.2GHz) with 8GB RAM. Both the Virtex-5 LX330 and the Core2 CPU 

were released in 2006 using 65nm technology. As both platforms belong to the 

same technology generation, we think the performance comparison between them 

is a proper choice. The parameters for both the FPGA and the software program are 

set to the same default values. We have chosen the mouse genome (mm8, 

consisting of about 1.4Gbases after removing unknown characters and Ns, 

including 19 sequences) as the database sequence. Query sequences of different 

sizes have been randomly chosen from the human genome (hg18, 10kbase, 

50kbase, and 100kbase). The maximum clock frequency that our FPGA design can 

support is 133.68MHz (reported by the Xilinx timing analyzer after place and 

route). Thus in our experiment, we have tested our design with a 133MHz clock 
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frequency. Table 4.3 shows the sensitivity comparison between NCBI BLASTN 

Stage1 and our word matching accelerator. The database sequences are processed 

sequence by sequence. 

Table 4.3 Sensitivity comparison between NCBI BLASN and DRC accelerator 

Query 10kbase 50kbase 100kbase 

# of hits (FPGA) 9,027,656 39,686,463 82,305,804 

# of hits (NCBI Stage1) 5,223,591 29,364,313 61,974,681 

# of HSPs (FPGA*) 609 850 1270 

# of HSPs (NCBI Stage2) 609 827 1212 

# of matches (FPGA*) 609 850 1270 

# of matches (NCBI Stage3) 609 800 1183 

* The number of HSPs and matches are computed using a software program with the same 

parameter settings as the NCBI BLASTN. 

Our design reports more 11-mer hits compared to the NCBI BLASTN Stage1. In 

our word matching accelerator, the Bloom filter only introduces false positive 

results with no false negatives, which guarantees no sensitivity loss for the true 

matches. The off-chip hash table structure, which covers all situations (collision 

hits and duplicate hits can be examined by looking up the secondary table and the 

duplicate table, correspondingly), eliminates all the false positives from the Bloom 

filter stage. Thus, our FPGA design can report all 11-mer hits between the query 

sequence and the database sequence. In fact, the NCBI software might report fewer 

hits due to its optimizations on accelerating the word matching search process. For 

example, for a 100kbase query sequence, the software first scans the database 

sequence for 10-mer matches with a step length of two. Then, extends one extra 

base in both sides to get a 11-mer match with the search terminating once a match 

is found, if a long k-mer (k > 11) match exists, 11-mer hit losses will appear. The 

lost hits are expected to be re-examined by the ungapped extension stage which 

extends hits base-by-base in both directions. However, sensitivity loss might 

appear due to the optimizations applied in the word matching stage of the NCBI 

BLASTN software program. For example, for the 100kbase query sequence, the 

hits from our FPGA design can generate 1270 HSPs, while the hits from NCBI 
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Stage1 can only generate 1212 HSPs. In addition, we have further evaluated the 

performance on the gapped extension stage. Almost all HSPs generated by the 

FPGA pass the gapped extension stage, while, for NCBI BLASTN, a small portion 

of the HSPs are failed at this stage. Table 4.3 shows that our word matching 

accelerator design achieves a good sensitivity on hit generation. Beside sensitivity, 

we are also interested in the runtime performance of our FPGA accelerator, which 

is also the key concern of our design. Table 4.4 gives a runtime performance 

comparison between NCBI BLASTN and the DRC accelerator. 

Table 4.4 Runtime performance comparison against NCBI BLASTN Stage1 

Query 10kbase 50kbase 100kbase 

DRC word matching* 

(Mbase/s) 
1940 1580 756 

NCBI Stage1 1 thread* 

(Mbase/s) 
233 107 70 

Speedup 8.3 14.7 10.8 

NCBI Stage1 2 threads 

(Mbase/s) 
466 200 140 

Speedup 4.16 7.9 5.4 

NCBI Stage1 4 threads 

(Mbase/s) 
466 200 140 

Speedup 4.16 7.9 5.4 

*The throughput reported above does not include loading the database from the hard disk to the 

local RAM and other preprocessing stages. 

Table 4.4 shows a significant speedup compared to the single threaded NCBI 

software. We have also tested the throughput of the NCBI BLASTN Stage1 using 

different number of threads. As the computer used in this paper does not support 

hyper-threading, the two cores can process at most two threads at the same time. 

This explains why there is no performance difference between 2 threads and 4 

threads for NCBI BLASTN. The maximum query sequence size that our design 

supports in a single database scan is 100kbase. For query sequences longer than 

100kbase, we have to split the query sequence into multiple segments (e.g., t 

segments, where each segment is ≤ 100kbase). Then, the database needs to be 

scanned t times to complete the search process (Mercury has the same problem and 
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also splits large query sequences into segments of 10k bases due to limited on-chip 

BRAM resources). This naturally leads to a t-time slowdown in the effective 

throughput. If more on-chip memory space was available, the Bloom filter could 

support longer query sequences in a single database scan. 

When analyzing the speedups using different query sequences, one unusual 

situation is also observed. Table 4.4 shows a significant performance drop in 

speedup for the 100kbase query, which has a large number of hits. A possible 

explanation for this observation is that the Bloom filters need to stall the pipeline 

when the match hit FIFO is full if the Bloom filters generate too many hits (i.e. 

over one hit per clock cycle on average). This is further complicated by the limited 

bandwidth (maximum 100MHz × 64bit) to the off-chip memory in our Virtex-5 

based experimental platform. Theoretically, the off-chip memory can only support 

one hash lookup table access each cycle at 100MHz. Thus, when there is a high hit 

rate, the off-chip memory access becomes a performance bottleneck. To show that 

our architecture is scalable in terms of the query sequence length, we have 

conducted another experiment (shown in Table 4.5) using a set of query sequences 

which generate fewer hits. The query sequences are randomly chosen from the 

E.Coli genome (NC_008253, 10kbase, 50kbase, and 100kbase, respectively).  

Table 4.5 Performance comparison using E. Coli query sequences 

Query 10kbase 50kbase 100kbase 

# of hits (FPGA) 3,374,936 17,633,252 33,991,990 

# of hits  

(NCBI Stage 1) 
2,736,960 15,390,412 29,675,898 

DRC word matching 

(Mbase/s) 
2000 1780 1520 

NCBI Stage1 1 thread 

(Mbase/s) 
350 140 107 

Speedup 5.7 12.7 14.1 

NCBI Stage1 2 threads 

(Mbase/s) 
700 280 200 

Speedup 2.8 6.3 7.6 

 



 

75 

The performance drop between the 50kbase query and the 100kbase query for our 

FPGA design (Table 4.5) is only 14.6%, compared to a corresponding performance 

drop of 52% in Table 4.4. To examine the effect of match rate (or hit rate: defined 

as the number of hits divided by the database size), we define the expected number 

of match w-mers as the product of the match rate and the degree of parallelism. 

Then, for the hg18 100kbase query, the match rate for w-mer is about 5.86%. 

Sixteen w-mers are examined in parallel each cycle. Thus, 0.937 w-mers are 

expected to pass the Bloom filter stage each cycle (omitting the delays introduced 

by PPBFs and the effect of the local stalling mechanism to simplify the analysis), 

which approaches the theoretical upper bound of the off-chip memory access 

capability. If the off-chip table has to stop the pipeline to prevent hit loss, it will 

lead to drastic performance degradation. In contrast, for the E. Coli 100kbase query, 

the match rate is only about 2.4% and 0.388 w-mers are expected to pass the 

Bloom filters each cycle (well within the off-chip hash table's processing 

capability). When the supported query size (for a single iteration) is small, the 

number of expected match hits is small and the negative influence of match rate is 

negligible. However, longer query sequences can introduce a new constraint on 

future Bloom filter designs, which is not addressed in previous designs from the 

literature. In fact, the balance between the degree of parallelism, the maximum 

query size each iteration, and the match rate should be taken into account carefully. 

One possible solution to moderate the off-chip memory access bottleneck is to use 

memory with a higher bandwidth, such as DDR3, or provide multiple off-chip 

memory interfaces. 

Furthermore, we have also recorded the NCBI BLASTN Stage1 performance using 

query sequences from the human genome on a state-of-art Intel Core i7-870 CPU 

containing four processor cores (2.93GHz) and 8GB RAM. The results are shown 

in Table 4.6. It can be seen that a better performance is achieved as more CPU 

cores are available. However, our DRC accelerator still reports a slightly better 

performance compared to the software version running with eight threads. We 

believe that with the help of newer FPGA technologies, better performances can be 

expected with the same architecture. As far as we know, the latest Virtex-7 FPGA 
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chip can provide up to 85Mbit of block RAMs (in contrast, our Virtex-5 chip only 

provides 10Mbit of block RAMs). This indicates that we could support much 

longer query sequences or construct the hash lookup table using the on-chip 

memories to give faster access speed. Meanwhile, the Virtex-7 chips use a faster 

data transfer interface (e.g., DDR3), which also provides the potential to further 

increase our design's performance. 

Table 4.6 Throughput of NCBI Stage1 using Core i7-870 CPU with four cores 

Query 10kbase 50kbase 100kbase 

1 thread (Mbase/s) 233 127 82 

2 threads (Mbase/s) 466 233 155 

4 threads (Mbase/s) 700 466 280 

8 threads (Mbase/s) 1400 700 466 

 

4.6.2 Performance comparison against Mercury 

BLASTN 

Although Mercury BLASTN is not the first FPGA design that aims to accelerate 

the NCBI BLASTN alignment algorithm, it gives a thorough analysis on the 

performance bottleneck of the software program. Mercury BLASTN also shows a 

highly efficient and dedicated architecture to accelerate DNA sequence alignments, 

which is very helpful for designers to understand the influence of different stages 

(or sub-stages) on the overall performance. Our design is also following the sub-

stage structure given in Mercury BLASTN. Thus, it will be interesting to compare 

the merits of the two FPGA designs with a similar sub-stage structure. 

Table 4.7 shows the Stage1 throughput comparison between the Mercury system 

and our DRC accelerator under different query sizes (the Mercury throughput, as 

reported in [60], also uses the mm8 1.4Gbase mouse genome and the hg18 query 

sequences). For the short query size (e.g., 10kbase query), both designs achieve a 

similar throughput. As the query size increases, our design achieves a higher 

throughput rate than the Mercury design. For large query sequences (> 100kbase), 
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the slowdown due to the need to split the query sequence into multiple segments 

can be clearly seen. To further explore the influence of larger query sequences, we 

also conduct an extra experiment with a query sequence of 9Mbase from the 

human genome against the mouse genome. The effective throughput is 8.2Mbase/s 

(roughly 90 times slower than the 100kbase query throughput). This additional 

experiment also proves the correctness of the t-time slowdown prediction described 

in section 4.5.1.  

Table 4.7 Throughput comparison between the Mercury and the DRC accelerator 

Query 10kbase 50kbase 100kbase 1Mbase 

Mercury  

(Mbase/s) 
1400 700 350 35 

DRC 

accelerator 

(Mbase/s) 

1940 1580 756 80.6 

 

In Mercury, there are four Bloom filters working in parallel. Each Bloom filter has 

6 hash functions and a 32kbit memory for the bit-array. In total, it consumes 24 

hash functions and 128kbit block RAMs. In order to make a more qualitative 

comparison between two architectures, we have estimated the performance of our 

structure using the same amount of resources mentioned in the Mercury 

implementation. Table 4.8 shows the performance comparison with a 10kbase 

query sequence in terms of FPP. 

Table 4.8 Performance comparison between the Mercury design and our 8×2 PBF with a 

10kbase query sequence 

 Mercury DRC 8×2 

Total size of BRAM 

consumed 
128kbit 128kbit 

Total number of hash 

functions 
24 32 

w-mers preprocessing in 

parallel 
16 16 

FPP 0.35 0.045 
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Table 4.8 shows that our 8×2 partitioned Bloom filter achieves a better FPP. We 

can deduce that, with the same FPP requirement, our 8×2 partitioned Bloom filter 

can provide a higher degree of parallelism. Furthermore, our Bloom filter works 

well under low match rate conditions. For query/database pairs with a high match 

rate, we can apply a 4×4 Bloom filter architecture to reduce the ingest throughput 

while having no influence on the FPP. A minor negative effect of the partitioned 

Bloom filter design is that, for a matching w-mer, it takes more cycles to complete 

all hash queries. However, different configurations of Mercury's Bloom filter 

structure have a much wider influence on the whole design. As its Bloom filter 

uses a conventional structure, modifications on its structure will change the total 

number of hash functions, the FPP, the degree of parallelism, and the number of 

matches per cycle. If the structure does not fit the constraint on the hash table 

lookup stage, hits loss will also appear.  

The number of PPBFs applied in our PBF design determines the degree of 

parallelism. As each PPBF can support two hash queries at the same clock cycle, 

the system's degree of parallelism is 2×P (P is the number of PPBFs applied in the 

design), theoretically. However, it is hard to proclaim that an 8-PPBF design is two 

times faster than a 4-PPBF design. Eight PPBFs working in parallel also indicates 

more frequent local stalls (introduced by the false positives and the true matches), 

which can make the 8-PPBF design's performance drop faster. In addition, if the 8-

PPBF design generates more than one match each cycle, the performance will drop 

further to guarantee no sensitivity loss. 

The influence of the match rate r also varies depending on different Bloom filter 

architecture configurations. Assume that we do not count the stalls generated by 

each parallel partitioned Bloom filter. Table 4.9 shows the expected number of 

matches that can pass the partitioned Bloom filters for different configurations. For 

example, for a match rate of r = 0.05, the 16×1 architecture can support 32 w-mer 

tests in parallel (each PPBF supporting two w-mer tests) and generate 1.6 matches 

each cycle, which exceeds the processing capability of the hash table access stage. 
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However, the 8×2 architecture has only 0.8 matches. Thus, the 8×2 architecture is a 

better choice under such a match rate.  

Table 4.9 Expected matches for different architecture configurations 

 2×8 arch 4×4 arch 8×2 arch 16×1 arch 

Expected matches 

per cycle 
4r 8r 16r 32r 

 

If we take stalls into account, the analysis becomes more complicated. To simplify 

our analysis, we make the following assumptions: the match rate is r for each 

PPBF, the degree of parallelism is P and the number of hash functions in each 

PPBF is q (e.g., in the 8×2 architecture, P = 8 and q = 2); the FPP of each hash 

query is p, only one w-mer is examined for each PPBF. Then, we can establish an 

upper bound on the speedup (compared to the conventional Bloom filter 

architecture that processes 1 w-mer per cycle) as 

   
 

                      
    

                                  (4.6) 

where        represents the true matches from other PPBFs, 

              
     represents false-positive matches from other PPBFs ahead. If 

a w-mer passes one PPBF, it will stall the next PPBF data loading, which reduces 

the process speed correspondingly. For a single PPBF, the w-mer processing time 

is proportion to: the number of w-mers belonging to this PPBF, true matches from 

other PPBFs, and false positive matches from other PPBFs. Assume there are only 

P w-mers need to process. Thus, w-mer belonging to each PPBF is 1. The total true 

matches from other PPBFs will be r(P-1). The false positive match analysis is a bit 

more complicated than the true matches. Assume PPBF1 will send false positive 

matches to PPBF2. The number of false positives from PPBF1 will be    

     (each PPBF has q hash functions, thus its overall FPP is p
q
). The false 

positive matches from other PPBFs will be further reduced by multiply the factor 

p
q
. The total number of false positive matches for a single PPBF will be    

          
    . Therefore, the effective number of w-mers that our Bloom filter 
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design can support at each time unit is    
 

                      
    

. From Equation 

4.6, we get a rough performance evaluation of different architectural configurations. 

Figure 4.12 gives the estimated speedups for different architecture configurations.  

 

 
Figure 4.12 estimated speedups for different architecture configurations 

It is clear that along with the decrease in match rate r, the estimated speedups 

improve dramatically for architectures with a higher degree of parallelism (the 

16×1 architecture performance increases much faster than other architecture 

configurations). When the match rate is low, the speedups for different 

architectures are close to each other. However, many other parameters also 

influence the final speedup, such as the distribution of the matches and the 

processing capability in subsequent stages. For example, for r = 0.05 and p = 0.5, 
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the speedup S for the 8×2 architecture is 4.8 and S for the 16×1architecture is 5.97. 

Although S16×1 is slightly larger than S8×2, in practice, the 8×2 provides a better 

performance. If two configurations provide a similar S, it is safer, based on our 

experience, to choose the one with a lower degree of parallelism. Generally, the 

memory access is the word matching stage's performance bottleneck: the on-chip 

memory resources limit the number of hash functions working in parallel and the 

query sequence size supported, the off-chip memory limits the number of matches 

allowed each cycle.  

The Mercury design uses a near-perfect hashing strategy to reduce the number of 

hash collisions (for 25kbase query, it consumes 16kbit on-chip memory and 

generates several hash collisions). However, based on our observations, when hash 

collision is reduced, duplicate w-mers become the dominating factor than hinders 

the performance of off-chip memory accesses. As the query size increases, the 

number of duplicate w-mers will be much larger than that of hash collisions. As 

duplicate matches cannot be eliminated by any hash function, we apply a simpler 

method, bucket hashing, to reduce the number of hash collision and mitigate the 

on-chip memory space consumption. Our test with a 25kbase query sequence 

(randomly chosen from the human genome) results in 222 hash collisions and 1975 

duplicate w-mers using bucket hashing. In contrast, if we use a simple hash 

function with the same query dataset, it would produce 3461 collisions. Meanwhile, 

the on-chip memory consumption of our bucket hashing strategy is slightly bigger 

than 5kbit. Although bucket hashing produces more collisions than the near-perfect 

hashing, its influence on off-chip access is quite limited, when compared to that of 

duplicate w-mers. In addition, our on-chip quick lookup table consumes much 

smaller space than that of Mercury BLASTN (5kbit for our QLT, compared to 

16kbit for Mercury's displacement matrix), which could avoid competing memory 

resources with the Bloom filter stage.  

In general, our design can provide better computational efficiency under low match 

rate conditions than the conventional Bloom filter architecture. The performance 
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bottleneck lies in the memory access, which limits the throughput and parallelism 

for both the Mercury system and our word matching accelerator. 

4.7 Summary 

This chapter has presented an FPGA-based reconfigurable architecture to 

accelerate the word matching stage of NCBI BLASTN, which is a bio-sequence 

search tool of high importance to bioinformatics research. The performance 

comparison of our DRC accelerator to that of a single-threaded software 

implementation of NCBI BLASTN shows a speedup around one order of 

magnitude with modest resource utilization. The proposed system works especially 

well under low match rate conditions. The analysis of different architecture 

configurations reveals the performance bottleneck and the upper bound for 

speedups, which can be used as a guide for future designs.  
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Chapter 5  

Introduction to Short Read 

Alignment 

5.1 Background 

Short read alignment and short read assembly are two important problems in the 

field of DNA sequencing, both of which refer to DNA reconstruction from DNA 

fragments. Short read assembly assembles the DNA fragments to create the 

original sequence (De novo assembly). Short read assembler design is usually 

based on the overlap graph method or De Bruijin graph method [97]. As there is no 

pre-knowledge on the reference genome, the assembly of short reads is a very 

difficult problem, especially when the volume of the DNA fragments becomes very 

large. Figure 5.1 gives an example on the short read assembly process.  

Random reads

Detect overlaps

Assembly
 

Figure 5.1 Short read assembly 

Compared to the short read assembly, the short read alignment problem is much 

easier to implement. It is to find all locations in the reference genome that are 

identical or similar to the reads. Further analysis on these locations with mutations 
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can reveal the possible cause of diseases. Figure 5.2 shows an example of the short 

read alignment process.  
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Figure 5.2 Short read alignment 

In this thesis, we focus on solving the short read alignment problem. Short read 

alignment is similar to pair-wise sequence alignment. These short reads are 

generated through certain sequencing technologies. One of the most popular 

sequencing technologies is the shotgun sequencing technology [117, 10]. Shotgun 

sequencing works in two steps, read DNA fragments of size 500-700bp and 

assemble these short reads into a single long sequence. Although shotgun 

sequencing is one of the advanced techniques for genome sequencing from 1995 to 

2005, the appearance of next-generation sequencing (NGS) technologies changes 

the situation. NGS technologies (such as Illumina sequencing [53] and SOLiD 

sequencing [86]) boost the short read production with dramatically lower unit cost 

(e.g. over one billion short reads (from 25-500bp) can be generated in one 

instrument run [127], but also introduce certain degree of sequencing errors at the 

same time). These sequencing techniques have led to an explosive growth in the 

size of short read datasets. Thus, balancing between the mapping quality and the 

execution speed becomes a new challenge. Restrictive error models are often used 

to improve computation speed, whereas more flexible error models are generally 

too slow for large-scale applications. As the read length continues to increase and 

more errors are permitted in the final alignment, many current aligners [67, 68, etc] 

are becoming less efficient.  
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5.2 Short read alignment solutions 

Intrinsically, the short read alignment problem is still a string matching problem. 

Although dynamic programming based algorithms (e.g. the Smith-Waterman 

algorithm) can give an accurate answer to this kind of problem, it is too slow to 

apply directly for large volumes of data. The search space of a dynamic 

programming based algorithm is Ο(mn), where m is the length of reference genome 

and n is the length of query sequence. As the reference genome size is large and 

thousands or millions of short reads are required to be aligned against the reference 

genome, how to effectively narrow down the search space becomes the dominant 

factor that determines the solution's performance. The general form of the short 

read alignment problem is given below. 

Short read alignment problem: 

Find out the locations with a high degree of similarity in the reference genome for 

each short read  

Input: a set of short reads s1, ..., sn, a reference genome r, the number of maximum 

errors k 

Output: all locations in the reference genome where each short read has at most k 

errors 

Normally, three types of data structures are widely used to quickly narrow down 

the search space for the short read alignment problem. They are the hash table, 

suffix tree or suffix array, and BWT-based index. 

5.2.1 Hash table 

The string matching problem can be solved using a hash table data structure. The 

hash table is initialized with an empty table, working in two stages, the 

programming stage and the querying stage. In the programming stage, all 

substrings of length k from the reference genome must first be hashed to a certain 

location of the table, where k is a value smaller than the short read length. The 
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index of the substring and other related information should be stored in the hashed 

locations in the table. A hash collision might appear during the programming stage. 

A common solution is to apply the chaining technique, i.e. store the colliding 

elements using a linked list. Figure 5.3 gives an example of the chaining in a hash 

table. Suppose that ten integers (2, 5, 10, 12, 15, 20, 22, 32, 45, and 55) are 

required to be inserted into the hash table. The selected hash function generates 

only three hash addresses. Thus, if integers share the same hash address, they will 

be stored in a link list. The table structure can quickly determine whether the 

substring of the short read exists in the reference genome (constant access time, if 

the query is not hashed to a colliding location).  

10 20

2 12 22 32

5 55 15 45

 

Figure 5.3 Chaining in a hash table 

The hash table has a relatively simple structure and can provide significant speedup 

in practice. However, several drawbacks also limit its utilization. As the size of 

hash table is usually several times larger than the programming sequence, it will 

consume a huge memory space for long sequences. For example, a reference 

genome with one billion base pairs will require at least one billion entries to 

represent all its seed locations (omitting the appearance of hash collisions here to 

simplify the analysis). If each slot in the hash table is represented by a 32bit data 

word, it will require at least a 32Gbit memory for the complete table. For an even 

longer reference genome, the hash table might consume all memory on the host PC. 

In addition, as the memory access speed is fairly slow, the program's processing 
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speed can be limited by the intensive random accesses within the large hash table. 

When the hash collisions are taken into account, the accessing speed will be further 

reduced (this is because hash collisions require additional table access operations 

during the querying stage). Furthermore, although hash table is an efficient 

architecture to find out exact matches, it is quite difficult to solve the inexact 

matching problem use a single hash table, which will further increase the memory 

burden.  

5.2.2 Suffix tree and suffix array 

The suffix tree is another popular data structure suitable for the string matching 

problem. The suffix tree is a root tree structure constructed using all the suffixes of 

the text T of length m. Each edge represents a substring of the text. A preprocessing 

step, suffix tree construction, is required before the suffix tree search. The 

construction process will take Ο(m) time using Ukkonen's algorithm[124]. To 

answer the question of whether a query string occurs in the text, it only takes Ο(n) 

time, where n is the size of the query string. A typical example of string matching 

using a suffix tree is given in Figure 5.4 (a). The match locations of the substring 

"AT" can be quickly located with the help of the tree structure. Although the tree 

structure can be quickly constructed, it still occupies a lot of space. A further 

improvement of the suffix tree data structure is the suffix array (SA) which only 

stores the indices of the suffixes in a lexicographically sorted order. A special 

unique symbol '$', which is the smallest character among all characters in the 

original string T, is attached to the end of T. Figure 5.4 (b) gives an example of the 

suffix array data structure. The memory consumption of a SA construction (O(m)) 

is smaller than that of a suffix tree. The basic suffix array data structure takes 

O(     ) time in the worst case to complete the substring search, where n is the 

size of the substring. However, enhanced suffix arrays (with the help of additional 

tables) can achieve an optimal time complexity of O(n) [1]. The suffix tree and 

suffix array are highly efficient data structures for exact pattern search problems. 

However, when dealing with an approximate string matching problem, 

modifications on the search algorithm are required. One possible solution is to 
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search smaller exact match pieces first, which can lead to a tradeoff between the 

search speed and accuracy. An in-depth analysis on the suffix-based indexing 

method for approximate string matching is provided in [90]. 

root
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Figure 5.4 (a) Find string AT through the suffix tree for the text ATCATG (b) The 

suffix array of the text ATCATG$ 

5.2.3 Burrows-Wheeler transform 

The Burrows-Wheeler transform (BWT) [21] (or block-sorting compression) is an 

algorithm initially designed to improve the performance of data compression. 

When applying the BWT on a target character sequence, there is no influence on 

the sequence characters except that the order of them is permuted: substrings with a 

high occurrence rate will be grouped to the same region in a lexicographical order 

sharing the same initial character after transformation, which is very helpful to 

compress a sequence with many repeated characters. To give a better introduction 

to the Burrows-Wheeler transform, we take string "ACAACG" as an example 

(shown in Figure 5.5). Similar to the SA construction, a lexicographically smallest 

sentinel character "$" is appended to the end of the input text T to conduct the 

BWT computation. A Burrows-Wheeler matrix of T is generated, each row of 

which is a rotation of the input string T$ and is sorted in lexicographical order. The 

substrings sharing the same prefix are permuted together (e.g. row 3 and row 4 in 

the Burrows-Wheeler matrix share the same prefix "AC"). The BWT matrix is only 
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an intermediate stage of the Burrows-Wheeler transform. In practice, the rightmost 

column of the matrix is stored as the transformed string of T, BWT(T). The index 

number indicates the corresponding character's position in the original text T. 
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1 2 3 4 5 76
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Figure 5.5 The Burrows-Wheeler transform of string "ACAACG" 

One important property that BWT has is called "last first mapping": the i
th

 

occurrence of a symbol X in last column of the BWT matrix is also the i
th

 

occurrence of the same symbol in the first column of the matrix. The original string 

can be reconstructed using this property (see Figure 5.6). For example, the edge "G 

→ C" indicates that character 'C' is before character 'G' in the original string. Then, 

we can get a substring "CG". Meanwhile, this character 'C' happens to be the 

second 'C' in the BWT output string, which leads to the next edge "C → A". For 

the same reason, we know that the character 'A' is before character 'C' and get 

substring "ACG". This search process terminates, when it gets the edge "A → $". 

Thus, the original string "ACAACG" is reconstructed.  
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Figure 5.6 Text reconstruction routine 
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Based on this property, a backward search algorithm based on FM-index [41] is 

proposed. Two additional data structures are applied, a character table C and a 

occurrence table Occ(c,q). C[x] contains the total number of characters in text T 

that is alphabetically ≤ character x. Occ(c,q) is the number of occurrences of 

character c in prefix of T'[1..q], where T' is the output of BWT[T]. Define that Fst is 

the pointer to the start location of a substring in the matrix and Lst is the pointer to 

the end location of this substring in the matrix. To search a pattern P[1,n], the 

pseudo-code is listed as follows. 

Algorithm backward_search(P[1,n]) [41] 

i ← n, c ← P[n], Fst ←  C[c] + 1, Lst ← C[c+1]; 

while (Fst ≤ Lst) and (i ≥ 2) do 

 c ← P[i-1]; 

 Fst ← C[c] + Occ(c, Fst-1) + 1; 

 Lst ← C[c] + Occ(c, Lst); 

 i ← i - 1; 

if (Lst < Fst) then return "no substring P[1,n] exists in T"  

else return (Fst, Lst) 

Taking the same sequence T="ACAACG" as an example, Figure 5.7 shows the 

search steps to find the pattern "ACA" following the backward search algorithm. 

The "F" and "L" symbol indicate the Fst and Lst pointer correspondingly (labeled 

in bold) in the Burrows-Wheeler matrix.  
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Figure 5.7 The backward search for "ACA" in the text "ACAACG" 
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As the search algorithm is proportional to the size of the query pattern, the time 

complexity is thus Ο(n). The memory footprint is very small for a BWT-based 

backward search, which is also the key merit for its widespread utilization. 

Previous researchers have made a memory footprint comparison among different 

index methods targeting the human genome. The BWT-based indexation takes 

1.3Gbyte to index the whole genome; a suffix tree requires over 35Gbyte; a suffix 

array requires over 12Gbyte; and a hash table consumes over 12Gbyte [61]. It is 

clear that BWT-based indexation achieves a significant memory saving over other 

indexation methods.  

However, a common drawback exists for the data structures mentioned above. In 

molecular biology, mutation errors exist in the pattern (or short read), which leads 

to an approximate string matching problem. Three types of error are allowed, 

substitution, insertion and deletion (indel). The search space is thus increased 

according to the number of errors allowed. Under such circumstances, many 

strategies are proposed to accelerate the search process. Generally speaking, there 

is no perfect data structure for the short read alignment problem. Already, there 

have been many short read aligner designs based on the above data structures. A 

review on these designs can give us a better understanding of the design trends and 

can inspire new ideas for better solutions.  

5.3 Previous work 

"Seed and extend" is one of the most frequently used heuristics in short read 

mapping implementations. The basic idea is simple: since only a limited number of 

errors are allowed for a significant alignment, long exact match regions must exist. 

Discovering these exact matches (called common k-mers or seeds) can largely 

reduce the search space. The alignment errors can be further examined by applying 

the more computationally intensive Smith-Waterman-like alignment algorithms on 

the regions containing common k-mers. Detection of these common k-mers is 

usually performed using two approaches: (1) indexing of the input read dataset and 

scanning through the reference genome; (2) indexing of the reference genome and 
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aligning each read independently. Many tools have been developed utilizing these 

two approaches. However, in this section, we would like to categorize the 

alignment tools based on their implementation platform: software tools and 

heterogeneous tools.  

5.3.1 Software alignment tools 

BLAST [7] indexes the query sequence using a hash table data structure. The 

database is scanned with an 11-mer window (the default seed setting in BLASTN) 

to lookup exact matches, called seeds. The seeds are first extended without gaps to 

get high scoring pairs. Then, the SW algorithm is used to report local alignment. 

The BLAST program is a very large package, which can support different types of 

alignment. However, as it is not designed specifically for the short read alignment 

problem, its performance is quite slow compared to other popular alignment tools 

in this field. 

Examples of short read alignment tools based on read dataset indexation are MAQ, 

ZOOM, and SHRiMP. Past researches [84, 72] have shown that a spaced seed 

model can provide extra sensitivity in genome search. In fact, it can also benefit the 

computation of short read alignment. MAQ [67] uses six hash tables to index the 

read datasets to ensure that a sequence with ≤2 errors could be found. Meanwhile, 

each hash table is built by a specific spaced seed model, which improves the search 

sensitivity. Only the first 28bp of the reads (typically, the short read segment with 

fewer sequencing errors) are indexed to speed up the alignment process. MAQ 

introduces the quality score to evaluate the mapping quality and it also supports 

pair-end alignment. The pair-end mapping information can further improve the 

aligner's sensitivity. However, MAQ is only targeted to the short read datasets of 

length 30-40bp, and its performance for longer short reads is unknown. As multiple 

hash tables are applied, increasing the size of the short read dataset might further 

increase the memory consumption. 

ZOOM [77] minimizes the number of spaced seeds without any sensitivity loss for 

short reads of length 15bp to 64bp. Multiple spaced seed models are applied to 
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provide greater hit rate. For example, four spaced seeds with a weight of 13 can 

identify all two mismatch hits for 33bp reads. ZOOM constructs hash tables for the 

read set and scanned the reference genome. Different versions of the original 

ZOOM program extend its functionality: ZOOM-C combines a confidence score 

into mapping; insertion and deletion are allowed in ZOOM-I; ZOOM-P is designed 

for pair-end alignment.  

Three techniques are applied in the design of SHRiMP [110]: spaced seeds, q-gram 

filters, and vectorized Smith-Waterman algorithm. The spaced seeds provide 

higher sensitivity than the consecutive seed model. The q-gram filter can quickly 

isolate reads with multiple seed matches with a small window of the genome (i.e. 

identifying regions with high similarity), which largely narrows the search space. 

The vectorized SW algorithm utilizes "vector" execution unites to accelerate the 

alignment computation. Another interesting aspect within SHRiMP is that it 

supports color-space alignment (ABI SOLiD).  

Examples of tools based on reference genome indexation are SOAP, WHAM, 

BFAST, and GASSST. SOAP [73] is an early short read alignment tool targeting to 

reads of length 25-50bp. By default, at most two mismatches or one continuous gap 

with a size ranging of 1~3bp are accepted. A simple hash table is constructed based 

on the reference genome using the consecutive seed model.  

WHAM [76] uses a very special strategy to index the reference genome. The 

concept of fragment concatenation is utilized to reduce the number of hash 

collisions and space cost for hash table construction. WHAM supports alignment 

with gaps by allowing the indexed fragments to slide several characters from its 

original position. As the sequence data stored in WHAM is represented in a 

compact binary format, the conventional Needleman-Wunsch alignment on the 

character domain coverts to a series of bitwise operations, which can be efficiently 

implemented by modern processors. WHAM achieves a faster processing speed 

than Bowtie (one leading state-of-art aligner widely used for short read alignment). 

However, its performance drops to slower than Bowtie, when the number of 

allowed errors increases. 



 

94 

A BLAT-like fast accurate search tool (called BFAST) [51] is designed to support 

short read data produced by various sequencing platforms, such as Illumina and 

ABI SOLiD. Multiple indices with a spaced seed model are applied to increase the 

sensitivity of alignment. For example, for the human genome and a read dataset of 

length 50bp, ten indices are used. One of thes key advantages of BFAST is that it 

achieves a greater sensitivity and accuracy while maintaining an adequate 

processing speed, compared to other short read alignment methods.  

GASSST [108] follows the conventional "seed and extend" strategy to conduct the 

short read alignment. Different from other aligners, GASSST inserts an additional 

stage, the pre-filtration stage, between the seed stage and the conventional dynamic 

programming based extension stage. Different types of pre-filters are integrated 

into the pre-filtration stage, the tiled-NW (TNW) filter and the frequency vector 

(FD-vec) filter, to quickly eliminate irrelevant hits from the seed stage. Each layer 

of the pre-filters estimates the lower bound of the number of errors with increasing 

accuracy and complexity. The first layer filter is built within the L1 cache, which 

can provide the fastest access speed compared to the main memory. Compared to 

BFAST, GASSST has a simple data structure for reference genome indexation. 

Although GASSST has a slightly lower sensitivity than BFAST, it achieves a 

similar processing speed to that of BWA (one of the fastest short aligners to date). 

The strategy applied in GASSST gives a novel solution to the short read alignment 

problem.  

The third approach, based on the Burrows-Wheeler transform, addresses this 

problem by applying an occurrence table and a suffix array to store the reference 

genome in a space-efficient manner. Bowtie [65] employs a Burrows-Wheeler 

index which greatly reduces the memory consumption. Bowtie is one of the fastest 

alignment tools for short read alignment, but does not allow for indel errors. As the 

original backward searching algorithm only permits exact pattern matching, 

Bowtie applies a greedy depth-first search algorithm to support substitution errors. 

Both the forward and the reverse sequence of the reference genome are indexed 
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using BWT and a "double-indexing" technique is applied to mitigate the excessive 

backtrackings in the greedy search.  

BWT-SW [63] is the first software tool designed to accelerate the dynamic 

programming based local alignment algorithm with the help of BWT indexation. 

BWT indexing is applied to reduce the memory consumption of the suffix tree data 

structure while preserving a similar searching time. It uses the dynamic 

programming algorithm to compute the optimal alignment score between the query 

sequence and each substring within the suffix tree. A simple pruning strategy is 

applied to terminate dynamic programming as soon as the number of alignment 

errors exceeds the predetermined threshold. Experiments show that BWT-SW is 

much faster than the conventional dynamic programming algorithm. While BWT-

SW is able to find all local alignments, it is still several times slower than BLAST 

for long patterns.  

BWA [68] also uses the BWT-based backward search to find inexact matches 

between the reference genome and short reads. A special function is used to 

estimate the lower bound of the number of differences (substitutions or indels), 

which improves the efficiency of the search algorithm. Several aspects distinguish 

BWA from other BWT-based algorithms: (1) different penalty scores are used for 

substitutions, gap openings, and gap extensions; (2) BWA conducts a breadth-first 

search with a heap-like data structure; (3) an iterative strategy is applied to 

accelerate computing while maintaining the mapping quality; (4) limited errors are 

allowed in the seed of a read, which further improves the processing speed. 

Generally, BWA achieves a very fast processing speed with a high sensitivity.  

BWA-SW [69] is a tool designed for long read (several hundred base pairs) 

alignment. Unlike short read alignment, long reads are more fragile to structural 

mutations and assembly errors. The long reads might contain more gaps, which 

intrinsically expands the search space. BWA-SW also follows the "seed and 

extend" strategy. In BWA-SW, both reference genome and query sequence are 

indexed using the FM-method (a prefix trie for the reference genome and a directed 

acyclic word graph (DAWG) for the query sequence). Low-scoring matches are 
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pruned at each node, which reduces the scale of dynamic programming 

dramatically. Another optimization made in BWA-SW is that only non-

overlapping query sequence alignments are reported. BWA-SW achieves much 

faster processing speed than BLAT [57] and SSAHA2 [95] with higher or similar 

accuracy.  

SOAP2 [74] uses a bidirectional BWT to build the index of the reference genome. 

For an exact match, a hash table is applied to accelerate the location search process 

in the BWT reference index. For inexact matches, a "split-read" technique is 

applied to identify the mutations in the short reads. For pair-end alignments, it first 

aligns the paired reads independently. Then, refine the hits based on orientation 

relationship and distance. SOAP2 achieves much faster processing speed than 

SOAP with much less memory consumption, but its processing speed is slightly 

slower than Bowtie.  

5.3.2 Heterogeneous alignment tools 

Generally, short read mapping, particularly for large datasets, is computationally 

challenging. As the short reads are independent to each other, it provides the 

opportunity for massive parallel mapping. Thus, heterogeneous systems become a 

competitive candidate for this kind of computation task. Already, we have seen the 

development of hybrid short read alignment tools using the parallel computing 

capabilities of GPU to improve the algorithm's runtime performance.  

SARUMAN [16] is designed to first identify all match positions for each read 

under a given error threshold, and then, to generate one optimal alignment for each 

hit position without any heuristic. It works in two phases: the mapping phase and 

the alignment phase. The mapping phase applies a q-gram filter to find candidate 

alignment positions on the host computer. The alignment phase executes the 

modified Needleman-Wunsch algorithm on the attached graphics card. As no 

heuristic is added in the alignment process, SARUMAN guarantees full sensitivity 

while maintaining a high processing speed.  
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CUSHAW [81] is a CUDA compatible parallelized short read aligner utilizing the 

BWT and FM-indexation to improve its runtime performance and alignment 

sensitivity. CUSHAW applies a depth-first search strategy to reduce the memory 

consumption of each thread on the GPUs. During alignment computation, different 

types of memory are delicately organized to maximize the performance. Two types 

of alignments are supported: seeded alignment and end-to-end alignment. 

Alignments with gaps are not allowed in CUSHAW. Compared to other popular 

aligners, CUSHAW achieves a better alignment quality for both single-end and 

pair-end alignments with a faster processing speed. 

SOAP3 [78] is the newest version of the SOAP series, which combined the 

advantages of BWT-based indexation and parallelism provided by GPUs. As it is 

not a heuristic-based solution, no sensitivity loss will appear. SOAP3's 

optimizations are focused on two aspects: (1) reducing the randomized heavy 

memory access required by the original BWT search, while maintaining the search 

efficiency; (2) fully utilizing the GPU's processors by processing hard patterns (i.e. 

patterns with too many search branches) separately. SOAP3 achieves 7.5 to 20 

times speedup over BWA and Bowtie, respectively. However, SOAP3 currently 

only supports up to 4 mismatches, which may limit its application.  

Just like GPUs, FPGAs are also competitive candidates for massive parallel data 

processing. Many designs have proven that the runtime performance of the Smith-

Waterman algorithm can be largely improved with the help of FPGAs. The data 

dependency for the conventional SW algorithm is not very strong. Cells located at 

the same anti-diagonal can be computed simultaneously (the black line shown in 

Figure 5.8), which is the basis for the parallel implementation of SW algorithm.  
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Figure 5.8 Data dependency in the alignment matrix 

As the parallel processing cells are distributed in a regular format in the alignment 

matrix, the systolic array is a good choice for high speed implementation on an 

FPGA. The processing elements (PEs) were allocated horizontally in [134] 

(responsible for the column in Figure 5.8). Usually each PE will occupy 4 slices for 

implementation. One solution to reduce the resource consumption is to utilize 

runtime reconfiguration. However, this is a slow process and results in the 

performance degradation. Instead of runtime reconfiguration, the distributed RAM 

space can be utilized resulting in a PE design which consumes only 3 slices 

without any performance compensation. Another advantage is that the PE design is 

quite standard and can be used for ASIC designs. In the final system, 4,032 PEs are 

placed on an XCV1000E-6 device with an estimated highest clock frequency of 

202MHz. 

The conventional Smith-Waterman algorithm is implemented in [71] on an Altera 

FPGA with a Nios II soft processor to control the computation flow. Four working 

steps are included: (1) load the subject sequence and query sequence to local 

memory; (2) initialize the alignment matrix; (3) encode both the subject sequence 

and query sequence and load them to the 64×SCM block (the 64×SCM block 

consists 64 single cell modules (SCMs) supporting an 8×8 SW alignment); (4) 

perform the alignment computation. For longer sequences, the alignment matrix 
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can be partitioned into multiple 8×8 blocks and with the computation performed 

repetitively. The final system achieves up to a 160× speedup compared to the same 

algorithm running on a general purpose computer.  

Although a lot of FPGA-based architectures for the SW algorithm have been 

proposed to improve the alignment computation's runtime performance, systems 

specially designed for short read alignment are rare.  

A naive string matching approach is applied in [58] to find out the similarity 

between short reads and the reference genome. The reference genome segment is 

compared to multiple short reads stored on the chip. Low-level distributed RAM is 

utilized to simplify the base pair comparison process. A Gigabit Ethernet interface 

is applied to transfer data between the host PC and the FPGA board. The Virtex-6 

FPGA chip supports up to 600 short reads of length 64bp for a single reference 

genome scan working at a frequency under 200MHz. Compared to Bowtie (both of 

them do not support gaps), the FPGA design achieves a similar processing speed 

but with 100% sensitivity. However, gaps are not allowed in this design. 

An FPGA-based system is designed in [4] to align the query sequence to an 

ancestral state vector. The kernel algorithm is a parsimony-based phylogeny-aware 

short read alignment (PaPaRa) [14], which is similar to a dynamic programming 

algorithm but designed for evolutionary tree analysis. It uses the gigabit ethernet 

interface to provide fast data transfer between the host PC and the Virtex-6 FPGA. 

Score processing units (SPUs) are implemented to accelerate the alignment kernel 

and the trace-back steps are computed using the host PC. The final system achieves 

over 70x speedup compared to the original algorithm. 

Fernandez et al. [40] designs a short read aligner based on BWT-based indexing. 

Both of the I-table (storing the first occurrence of each character on the sorted 

BWT(ref)) and the C-table (storing the count of each character on a previous 

location of BWT(ref)) are stored using the on-chip memory resources. An 

additional sampled suffix array is applied to indicate the start location of the 

pattern in the reference genome. A finite state machine is designed to control the 
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data transfer from different storage structures. This design achieves two orders of 

magnitude speedup compared to Bowtie. However, several drawbacks largely limit 

its application: first of all, the limited on-chip memory resources restrict the 

supported reference genome length to several hundred thousand bases (490,000 

bases reported in this design) which is too small for real reference genomes. 

Second of all, mismatches are not supported in this design, which makes it a bit 

difficult to compete with current mainstream software-based short read aligners.  

A heterogeneous architecture is presented in [121], which is based on the algorithm 

described by PerM [24], to accelerate the computation of short read mapping. In 

this design, the host CPU discovers reads with high similarity to the reference 

using a hash index. Then, the candidate reads are delivered to the four-stage 

processing elements (PEs) in parallel via a broadcast bus. The stored results are 

reads with fewer alignment errors than the predetermined threshold. As 100 PEs 

were applied, the design can thus support a maximum 100 (read, ref) pairs 

alignment at the same time. This design achieves an order of magnitude speedup 

compared to the PerM software. However, gaps are not allowed in this design. As 

the Smith-Waterman algorithm increases the search space and resource 

consumption dramatically, it might largely limit the number of PEs supported on 

the same chip.  

An FPGA short read aligner is shown in [99] based on the algorithm used in 

BFAST. Two tables, a pointer table and a candidate alignment location (CAL) 

table, are constructed to index the reference genome. For each seed, both the 

forward and the reverse complement string are generated, but the implementation 

only uses the lexicographically smaller one to conduct the table lookup. A CAL 

filter is designed to avoid repetitive evaluation on the same (read, ref) pair. The 

Smith-Waterman algorithm is implemented using a systolic array structure to 

reduce computation complexity. The final system consists of eight Virtex-6 FPGA 

chips and 32GB DDR3 off-chip memory. Each of the FPGA chips is connected via 

a PCIe x16 network. This aligner achieves two orders of magnitude speedup 

compared to the original BFAST algorithm and an order of magnitude speedup 
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compared to Bowtie. One minor drawback for this aligner design is on its Smith-

Waterman algorithm implementation: 18 alignment engines are required to handle 

the rate of generated candidate pairs. A more efficient architecture for the Smith-

Waterman algorithm implementation can largely reduce its resource consumption.  

5.4 Short read mapping analysis 

The short read alignment problem is defined by two major aspects: (1) the large 

volume of datasets; and (2) the complicated alignment algorithms need to support 

different types of mutation errors. The naive approach for short read alignment is 

quite inefficient: all segments from the reference genome are considered to have 

equal importance. However, in practice, a short read will only achieve a high 

alignment scores at a small number of locations in the reference genome. Thus, 

most of the computational effort is wasted. Heuristics can largely improve the 

computation efficiency with a certain sensitivity loss. A well designed heuristic can 

boost the runtime performance while keeping the sensitivity loss within the 

acceptable scope. The search space for BWT-based heuristics will increase 

dramatically if more errors are allowed. Meanwhile, the computation for the 

backward search requires intensive table accesses (shown in section 5.2.3) and the 

table size can be larger than the on-chip memory size of an FPGA depending on 

the reference genome used, which is unlikely to be suitable for direct FPGA 

implementation. The hash-based heuristics separate the search process into two 

stages: the seed generation stage and the extension stage. The "seed" stage is to 

find the candidate regions with a high degree of similarity between the reference 

genome and the query read sequence. The conventional method is based on the 

hash strategy. It is simple and accurate, but it can generate too many candidate 

locations, which will put a significant burden on the subsequent extension stage. 

The extension stage extends the seed in both directions utilizing the DP-based NW 

algorithm. Before introducing the search algorithm of our FPGA implementation, 

we conduct a simple test to find the performance bottleneck in the conventional 

NW-based short read mapping. We record the runtime of three different stages, i.e. 

indexing, seed generation, and seed extension in the NW algorithm on a 
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conventional CPU using a single thread. In this test, we use one million simulated 

reads of length 76 each from the E. Coli genome and a 4% error rate. The results in 

Table 5.1 show that the extension stage is the most time-consuming operation. As 

the extension stage has a regular systolic architecture, this makes it suitable for 

FPGA implementation. However, the influence of the seed generation stage on the 

overall runtime performance is still vague, as in Table 5.1, it only occupies 13.5% 

of overall runtime and it consists of random memory accesses to a large lookup 

table. 

Table 5.1 Runtime performance for short read mapping with single thread on a quad-core 

AMD 2.1GHz CPU 

 Runtime (sec) Percentage of time spent 

Indexing 7.03 0.79% 

Seed generation 120.14 13.5% 

Extension 760.19 85.7% 

 

One method to moderate the extension stage computation is to add pre-filters 

designed to rule out areas with too many errors. The pre-filters are usually easy to 

compute but less stringent than the NW search. In our design, we choose a slightly 

different method to reduce the search space. In practice, a good short read 

alignment only allows a few errors (normally, the number of indels allowed is 

much less than that of substitutions). This provides us the opportunity to use 

another DP-based algorithm with a much smaller search space, the banded NW 

algorithm.   

For two given bases x and y over the nucleotide alphabet  = {A, C, G, T}, we use 

the following scoring scheme: 0 for a match (i.e. if    ), and 1 for a mismatch 

(i.e. if    ). Furthermore, a value of 1 is charged for each indel error. The 

computation of the DP alignment matrix between a read sequence (read[1..n]  
n
) 

and a substring of the reference genome (ref[1..m]  
m
) is given in Equation (5.1) 

for       and      . 
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                                         (5.1) 

where     if               ; otherwise,    . The DP matrix initializations 

are given by          and          for       and      . The optimal 

global alignment score with respect to the given scoring scheme is then the value 

S(m,n). In fact, short read alignment can be considered as a semi-global alignment, 

where only the query read needs to be globally aligned. This alignment can also be 

computed using Equation (5.1), but the optimal score is given by the minimal value 

in the last column of S, i.e. min{S(i,n)i{1,…,m}} and the gaps in the first 

column are thus omitted. The search space for conventional global alignment is of 

size    . The banded global alignment can limit the search process around the 

main diagonal. Figure 5.9 shows a typical case for banded semi-global alignment 

with a band width of one. The alignment score indicates the path with the least 

errors.  
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Figure 5.9 The conventional banded semi-global alignment 
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5.5 Summary 

As an important topic in next generation sequencing, short read alignment has a 

wide influence on the development of multiple areas in genomic analysis. Different 

data structures have been applied to improve the search efficiency of the short read 

alignment problem, and we have also seen various alignment tools developed 

either on general-purpose computers or on heterogeneous platforms. A review on 

the past designs provides us a better definition on the short read alignment problem, 

which can be a useful guide for a new aligner design which we will present in the 

next chapter. 
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Chapter 6 

Short Read Aligner Design and 

Implementation 

6.1 Introduction 

As mentioned in Chapter 5, the short read mapping problem is suitable for parallel 

implementation, as there is no data dependency among different reads. In this 

chapter, we concentrate on accelerating the short read alignment computation 

utilizing the parallel computing capability of FPGAs. Following the conventional 

"seed and extend" strategy, the runtime profile shown in Table 5.1 indicates that 

DP-based semi-global alignment is the most time-consuming stage. To better 

utilize the fine-grained pipelining and massive parallelism within FPGAs, we 

propose a block-wise alignment algorithm (implemented in the Align Core module) 

to approximate the score of the conventional dynamic programming algorithm. To 

evaluate the performance improvement of Align Core, we compare it against the 

extension stage of another popular tool GASSST, as both are built using the same 

"seed and extend" strategy. As the computation time for the extension stage is 

largely improved, we further integrate Align Core into a hybrid system and analyze 

the performance bottleneck for different system design strategies.  

6.2 Short read mapping on an FPGA 

6.2.1 Align Core design 

The banded global alignment algorithm largely reduces the search space, but the 

alignment score is still computed sequentially. In order to further utilize the 

parallelism inherent in FPGAs, we have modified the banded semi-global 

alignment to a fine-grained parallel version. Instead of computing the alignment 
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score directly using Equation (5.1), we first take only substitution errors between 

bases into account. The highlighted bases in Figure 6.1 indicate the best alignment 

(the best alignment is also highlighted with a solid line) between two sequences. 

As a good alignment permits only a limited number of errors, the optimal 

alignment score is usually related to the path with fewer 1's. This gives an insight 

as to how to conduct the alignment in parallel. As the paired match information is 

independent of each other, we can divide them into different blocks and compute 

the alignment score for each block in parallel. In each block, the score computation 

is still following Equation (5.1). As it is difficult to guarantee that the best 

alignment in the block is always part of the final alignment, we compute the 

alignment scores for three different diagonals at the same time within each block, 

labeled as (Su, Sm, Sl) to prevent possible sensitivity loss. Meanwhile, the start 

location (Pu, Pm, Pl) for each alignment in the block is also recorded. The start 

location will be used as a guide to concatenate two consecutive blocks. Assume 

that the band width is set to 1; the score for block1 is (S1u, S1m, S1l) and the 

corresponding start location is (P1u, P1m, P1l); the score for block2 is (S2u, S2m, S2l) 

and the start location is (P2u, P2m, P2l). The rule used for concatenation is as follows: 

for each score in block2, i = {u. m, l} 

   if  its start location is u 

  S = S2i + S1u 

  if (S > threshold) eliminate the alignment 

  else save the score and update the start location with P1u 

  if its start location is m 

  S = S2i + S1m 

  if (S > threshold) eliminate the alignment 

  else save the score and update the start location with P1m 

     if its start location is l 

  S = S2i + S1l 

  if (S > threshold) eliminate the alignment 

  else save the score and update the start location with P1l 

 

where the threshold is the maximum number of errors allowed for an alignment. 

Since the block scores are independent of each other, we can use a tree structure to 

concatenate multiple block scores in parallel to reduce the computation time. With 

the help of the block concatenate rule, the parallel block alignment algorithm 
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approaches a similar degree of similarity to that of the conventional banded NW 

algorithm. Our parallel block alignment algorithm is similar to the Four-Russian 

speedup technique [11] for block alignment, but we employ a different block 

partitioning strategy. Instead of partitioning the search space into overlapping 

square blocks, we divide the search space into consecutive "v-shaped" regions, 

without any overlapping. GASSST also introduces a tiled-NW filter to compute the 

alignment score in blocks. A small lookup table for 4bp long sequence pairs is 

applied for the block score computation. The lower bound score is also computed 

among three overlapping regions along the main diagonal. As this tiled-NW filter 

is the first stage for the cascading filters in GASSST, its performance for candidate 

hit elimination is quite limited. In contrast, our parallel block alignment algorithm 

can provide a high sensitivity on candidate elimination (see the experiment results). 

Figure 6.1 gives an example of the parallel block alignment computation for two 

12bp sequences. The bold lines in Figure 6.1 construct three blocks for alignment 

computation. After block reformation, we get a substitution matrix for each block. 

The alignment score computation in each block is determined by its substitution 

matrix. The start locations are labeled as {u, m, l} representing the upper diagonal, 

the main diagonal, and the lower diagonal, respectively. The threshold score is set 

to three. If the alignment score is higher than the threshold, the alignment will be 

ignored and labeled with the symbol "×". The block score computation is divided 

into two categories: the initial block alignment and the subsequent block alignment. 
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Figure 6.1 The parallel banded semi-global alignment 

The initial block score computation is the same as the conventional banded semi-

global alignment. The block b1 score computation in Figure 6.1 falls into this 

category. Its alignment score is S1 = (1, 0, 1) and the start location is (m, m, m). The 

score computation for block b2 and block b3 falls into the other category (the 

subsequent block alignment), and also follows Equation (5.1), but assumes that 

there are three possible start points (u, m, and l, respectively) for the alignment. 

Figure 6.2 shows the detailed computation steps for block b2. The dashed arrows in 
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Figure 6.2 indicate the trace-back paths of the alignment. Based on these paths, we 

can determine the start location for each score in the last column of the score 

section. The final score for block b2 is S2 = (1, 2, 2) and the start location is (m, m, 

m). Following the same method, the alignment score for block b3 is S3 = (1, 2, 3) 

and the start location is (u, u, uml) (for the same alignment score, there might be 

multiple start locations). In Figure 6.1, we use the arrows to represent the start 

locations after block alignment. For example, the arrow from S3l to S2u indicates the 

start location of 'u'; the arrow from S3l to S2l indicates the start location of 'l'. Then, 

by concatenating block b2 and b3, we get the alignment score S23 = (2, 3, ×) and the 

new start location (m, m, m). Following the same strategy, we can get the score for 

all three blocks as: S123 = (2, 3, ×). Then, the final alignment score is 2 (the same as 

the conventional algorithm). For the conventional alignment algorithm, it requires 

at least 12 cycles to get the alignment score. In contrast, our parallel algorithm only 

requires 6 cycles to get the final score (4 cycles for block alignment and 2 cycles 

for score concatenation). Thus, as the read length increases, we could expect 

greater computational efficiency. In practice, we have designed an FPGA aligner 

including twelve blocks, where each block can conduct an 8bp alignment. The 8bp 

aligner can produce one result each clock cycle due to its fine-grained pipeline 

structure, with a corresponding pipeline latency of 8 cycles. 

 

Figure 6.2 Alignment computation within the block 
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The Align Core has two working states: the initialization state and the processing 

state. In the initialization state, the Align Core is configured using setup commands. 

For example, the threshold score is set based on the thresh_setup command before 

alignment start. In the processing state, the (read, ref) pairs are input from the seed 

generation stage. The inner structure of Align Core is shown in Figure 6.3. 

Cmd 

Interface

(read, ref)

out FIFO

Align Engine1

Align Engine2

Best 

Alignments

set

set

op_done
 

Figure 6.3 The Align Core inner structure 

The Command Interface connects the FPGA aligner and the host PC through the 

HyperTransport interface. Customized commands (e.g. software reset, start, 

threshold setting, etc) are designed to control and monitor the FPGA alignment 

core's working state. The align engine implements the algorithm mentioned above 

to accelerate the alignment computation. Normally, a single alignment engine is 

enough to conduct the banded NW alignment, but in some occasional situations 

(characters outside the reference candidate region), the alignment score will be 

incorrect. Figure 6.4 gives an example of such special cases.  
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Figure 6.4 Special cases for semi-global alignment 

Case (a) is missing the extra character to the left of the candidate region. In Case 

(a), the final score will be S+1 (S indicates the candidate region alignment score, 1 

is the initial insertion) for the normal search. However, if the character to the left 

candidate region happens to be 'A', the correct alignment score will change to S. 

This will introduce a false negative answer in the final results. To prevent possible 

sensitivity loss, we expand the search space by applying two alignment engines. 

One is for the normal search; the other searches the reference region shifted by one 

base to the left. The "best alignments" module chooses the best alignment score 

between these two alignment engines and at the same time removes the duplicate 

results. The match information is then stored in the out FIFO. In contrast, Case (b) 

is missing extra characters to the right of the candidate region. As fewer 

nucleotides are computed, the alignment score could be less than its actual value, 

which adds false positive answers to the final results. To solve this problem, we 

also load one extra base to the right of the candidate region and compare it with the 

last character of the read. The alignment score from the lower diagonal will be 

updated with the extra base compare result.  

The alignment engine design (shown in Figure 6.5) follows the parallel banded 

NW algorithm mentioned above. It consists of three components: a head 

processing mode, twelve smaller alignment modules (Align8bp), and a concatenate 

module.  
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Figure 6.5 The alignment engine architecture 

The head-processing module conducts the semi-global alignment for the first four 

bases. Twelve Align8bp modules can support up to a 96bp alignment computation. 

The Align8bp module conducts the alignment computation using a substitution 

matrix of size 3×8 for each block. Its inner structure is shown in Figure 6.6. The 

score of three diagonals are updated simultaneously. Each cell in Figure 6.6 is 

initialized with the value in the substitution matrix.  

0 1 2 7

pipline registers

AlignModule
 

Figure 6.6 The Align8bp module inner structure 

The alignment score is updated along the path labeled in the inner structure. 

Meanwhile, the original start point for the alignment score is also updated. In each 

cell, both the score computation and start location updating are related to the 

comparison between different input scores. When all computations are done, the 

last column will report the block alignment scores and corresponding start 
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locations. The most time consuming path for the Align8bp module is the main 

diagonal score updating and start location updating. We have labeled the critical 

path with dashed arrows in Figure 6.6. As the start location updating depends on 

the score computation, we implement an AlignModule to update the alignment 

information for three diagonals at the same time. An example is shown in Figure 

6.7 to illustrate how we update the score and location information.  

S12

S11

1

0

S13

1

1 2
 

Figure 6.7 score and location updating 

Assume that we already know the scores from the previous layer (S11, S12, S13). To 

compute the scores for the next layer (S21, S22, S23), we need to first compute S21 

and S23; and then S22. Notice that         
      
      

  and         
      
      

 . 

Thus, S22 can also be computed utilizing (S11, S12, S13) and the match information 

(1, 0, 1). Based on this observation, we have designed our score updating structure 

(shown in Figure 6.8). 
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Figure 6.8 Score updating structure 

The "+1" and "+2" modules are used to estimate different worst case conditions for 

each score (e.g. S22 can be generated from S11 with a mismatch and a gap). The 

ScoreCompute module conducts the min() operation based on the match 

information (i.e. it chooses the proper scores from 9 different options). To further 

improve the AlignModule's performance, we also insert several registers to shorten 

the critical path, which introduces a 3 cycle delay. Four bits are applied to 

represent each alignment score and three bits are applied to represent each start 

location. The alignment concatenation module design follows the method shown in 

Figure 6.1 and it also uses a tree structure to reduce the computation latency.  

Currently, our design can support a maximum 100bp and a minimum 36bp short 

read alignment. For reads longer than 100bp, we can simply duplicate the Align8bp 

module to extend the Align Core's align capability. As the read length increases, 

the Align Core's performance will also drop. This is because more cycles are 

required to load the (read, ref) pair. For alignments allowing more gaps, the 

parallel block alignment algorithm still works except that the search space needs to 

be expanded. The current Align Core only supports alignments with a band width 

of one. To cope with more gaps, we need to expand our search space by adding 

more cells into the  Align8bp module (e.g. if two gaps are allowed, the Align8bp 
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module will require 5×8 cells in total; the connection between each cell is still 

similar to the one shown in Figure 6.6). 

6.2.2 Seed generation design 

As shown in Table 5.1, the seed generation stage occupies 13.5% of overall 

runtime. Initially, it was difficult to decide whether to put this part of the 

computation on the FPGA or on the CPU. Thus, we apply two different strategies 

on the seed generation stage design: Seed generation on CPU and Seed generation 

on FPGA, which leads to different structures on the final hybrid system.  

6.2.2.1 Seed generation on CPU 

In this strategy, both reference genome indexation and seed generation are 

computed on the host PC. In our genome indexing design, we choose a similar 

method to the one used in GASSST: shift the seed window of length k along the 

reference genome and construct a lookup table based on the coded seed; extra base 

information, on both sides of the seed, is recorded for the subsequent extension 

stage. GASSST only saves 16bp extra bases on each side of the seed, which is 

enough for pre-filter computation. However, these extra bases are not enough for 

the complete NW search for longer reads (e.g. read length of 76bp) and the missing 

segments thus need to be retrieved during runtime. Unlike GASSST, our design 

stores all the necessary data for a complete search during indexing. For example, 

for a 100bp read search, and a seed length of 19, we store 82bp on each side for 

possible alignment computation (81bp to achieve 100bp data length, and one extra 

base to prevent possible sensitivity loss), which will consume about 5 times the 

memory space than GASSST uses during indexation.  One alternative solution to 

reduce memory consumption is to store less base information and to retrieve the 

necessary data during the seed generation stage. The price is that more time is 

required for the seed generation computation. The overall system architecture is 

shown in Figure 6.9.  
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Figure 6.9 Hybrid aligner I - with one FPGA component 

Our experimental platform provides two types of off-chip memories for the Align 

Core module access: (1) 2GB of DDR SDRAM with 128bit bandwidth and a 

maximum clock frequency of 200MHz (referred to as the off-chip RAM1); (2) 

256MB of RLDRAM with 64bit bandwidth and a maximum clock frequency of 

200MHz (referred to as the off-chip RAM2). In practice, each base occupies 2 bits; 

the position information for the reference fragments is 32 bits; and the read 

identification number is 32 bits. For example, a 36bp alignment consumes at least 

208 bits for the alignment data. This requires four cycles to transfer the data 

through the off-chip RAM2 interface, while only two cycles are required for the 

off-chip RAM1 interface. Thus, choosing the off-chip RAM1 to store the candidate 

data provides more computational benefits. Unlike the (read, ref) data transfer, the 

constraint on the alignment results transfer is less stringent, as the number of good 

alignments is much smaller than the number of input candidate hits. The off-chip 

RAM2 provides enough bandwidth for the corresponding data transfer. Predefined 

commands are sent through the HyperTransport interface to configure Align Core's 

working modes. Unlike other designs which conduct the alignment read by read, 

our heterogeneous system computes the alignment chunk by chunk. As the number 

of candidate hits per read varies, we construct the candidate data chunk based on a 

fixed number of reads. In this implementation, the host PC generates all candidate 

hits for 10000 reads as a chunk and sends the associate data to FPGA for alignment. 

The data chunks are stored in the off-chip RAM1. When the chunk data is ready, 
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the host PC issues a start command to start the Align Core. All match results will 

be sent to the off-chip RAM2. When the chunk processing is finished, the Align 

Core sends back an operation_done flag to inform the host PC. After that, the host 

PC will read out the match information from off-chip RAM2.  

As our final system is a hybrid design including a general purpose CPU and an 

FPGA, a processing speed difference will appear between them. To maximize the 

FPGA's computation capability, multi-threading is supported on the host PC (i.e. 

the seed generation stage is multi-threaded). Since the FPGA only has a fixed 

interface for data transfer, different threads have to share the same FPGA Align 

Core. The scheduling among different threads is controlled by the operating system. 

The basic scheduling rule is based on priority: once a thread generates all the 

candidate hits and the Align Core is in idle state, it will get the Align Core's 

processing priority. The thread will keep the priority unless computation is 

completed. Meanwhile, other threads need to wait for priority after they generate 

the necessary data. If Align Core works much faster than seed computation on a 

single thread, the overall computation time can be further reduced.  

6.2.2.2 Seed generation on FPGA 

The seed generation stage design in the previous section includes two computation 

steps: read coding and match information retrieving. The original read dataset is 

represented using alphabet {A, C, G, T}. Before conducting the similarity search, 

we should first code each read with a binary format (2bits for each base). The 

match information retrieving step needs to access a pre-generated hash table and 

returns the reference segment and the corresponding position in the reference 

genome. As there are multiple off-chip memories attached to the FPGA device, we 

decide to store the position information and the reference genome into different 

memories to pipeline the access. The overall structure for our Hybrid aligner is 

shown in Figure 6.10.  
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Figure 6.10 The hybrid aligner II structure 

Similarly, the read data is also processed chunk by chunk. Unlike the CPU-based 

design, we store one chunk of reads using on-chip BRAMs (local reads) to permit 

fast data access. To reduce the BRAM consumption, the chunk size is set to one 

thousand. When the chunk data processing is finished, a new chunk of data is 

loaded into the same BRAM space. As the read coding step converts characters 

into binary strings, we still have to compute this step using a software program. In 

our design, the information retrieving step is put on the FPGA device (the Seed 

Engine module in Figure 6.10).   

The core of the Seed Engine design is the hash table construction. Software tools 

(e.g. GASSST) usually apply a flexible seed model, i.e. for different read lengths 

using different seed sizes. The advantage of the flexible seed model is that it can 

avoid generating too many candidate regions and alleviate the work burden for the 

extension stage. However, the flexible seed model also requires repetitive reference 

genome indexations. The hash table contents will be updated, if the read length 

changes. This naturally introduces extra computation effort. In our Seed Engine 

design, the constraint on the number of candidate regions is less stringent, as the 

Align Core is expected to provide much faster alignment processing speed. 

Therefore, a much simpler constant-length seed model is used. The reference 

genome only needs to be processed once and the results can be used for different 
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read datasets. Thus, the indexing is treated as a pre-processing step, which is not 

included in the overall alignment work flow. To evaluate the influence of different 

seed models, we record the number of duplicate seeds and alignments with 

different seed length settings in Table 6.1 (using the GASSST software 

implementations with one million simulated 76bp reads against the E. Coli 

genome). 

Table 6.1 Number of duplications and alignments for different seed lengths 

Seed length # of duplications # of alignments 

12bp 1,260,817 1,076,671 

13bp 504,104 1,049,721 

14bp 217,461 1,029,516 

15bp 124,197 1,028,288 

 

Table 6.1 shows that a longer seed length can effectively reduce the number of 

duplications, but the number of alignments reported also drops correspondingly. As 

duplicate seeds require extra computation time for hash table access, we arbitrarily 

choose 15bp as the seed length to avoid a large number of duplications while 

slightly sacrificing the alignment sensitivity. To quickly identify candidate regions, 

two requirements exist for the hash function selection: (1) a simple hash function 

representation, and (2) reduced collision generation. A complex hash function 

would compete with the hardware resources needed for the subsequent extension 

stage. On the other hand, if there are too many collisions, the additional off-chip 

memory access will reduce the overall performance.  

We apply the bucket hash strategy with hash functions chosen from the H3 family 

[106]. The bucket hash first divides the seeds into multiple buckets. A separate 

hash function is applied for individual buckets to guarantee that there are only a 

limited number of hash collisions. A seed is divided into two parts: the prefix and 

the suffix. Figure 6.11 gives an example of the hash query data path for a 15bp 

seed. As the DNA alphabet size is only four characters, 30bits is enough to 

represent a 15bp seed. The first 16bits are used as the prefix to construct the 

buckets; the remaining 14bits (suffix) are used for hash computation. The hash 
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table address is computed by combining both the prefix and the hash value. As 

collisions only appear among seeds in the same bucket, the bucket hash strategy 

can effectively reduce the number of collisions.  
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Figure 6.11 Hash query data path 

To avoid sensitivity loss for seeds which collide, an additional table, called the 

collision table, is also constructed. The definition of the primary table and the 

collision table fields are:  

    C 1bit, the collision flag 

    Count 7bits, the total number of seeds that were hashed to this slot 

    Ptr 24bits, if the collision flag is '0', it indicates the position in the 

reference genome; otherwise, it indicates the start location in the 

collision table 

    Pos 24bits, the match position in the reference genome 

For the E. Coli reference genome, the primary table consumes 64K×4K×32 bits of 

memory and the collision table consumes 421623×32 bits of memory. As both the 

primary hash table and the collision table are too large for the on-chip BRAMs, the 

primary hash table is stored in DDR2 SDRAM1 and the collision table is stored in 

RLDRAM (as shown in Figure 6.10). Storing them in separate memories allows us 

to pipeline the hash query rather than waiting for a complete query operation. Once 
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a match position in the reference genome is found, the Seed Engine will extract the 

related base information from SDRAM2 (the reference genome) to generate the 

valid (read, ref) pair for the extension stage. As the Seed Engine computation 

refers to data transfer between the FPGA and the off-chip memories. Its 

performance is largely influenced by these I/O operations. The estimated highest 

clock frequency for the Seed Engine design is around 250MHz (reported by the 

Xilinx synthesis tool).  

In addition to modifications on the Seed Engine design, we also integrate a new 

function into the hybrid system. Unlike the hybrid aligner I system design which 

only supported single-end short read alignments, the hybrid aligner II system can 

also support paired-end short read alignments. The paired-end alignment problem 

involves a pair of short read datasets and two parameters, an outer distance D and a 

standard variation d. Similar to the single-end alignment, each read in the pair (s1, 

s2) will firstly be aligned individually, which can be accomplished utilizing our 

FPGA-based short read aligner. Define that p1 is the start location in the reference 

genome that read s1 is aligned to; p2 is the start location in the reference genome 

that read s2 is aligned to. Then, an additional pairing scheme is applied to complete 

the paired-end search on the host PC. The pairing scheme includes three cases: (1) 

both s1 and s2 have matches in the reference genome; only s1 has matches in the 

reference genome; (3) only s2 has matches in the reference genome. The pseudo 

code for the pairing scheme is shown in Figure 6.12. For each SW(·) operation in 

the pseudo-code, we conduct the forward and the reverse complement Smith-

Waterman alignment of the short read to increase sensitivity.  
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Assuming that p1 is smaller than p2 

if both s1 and s2 can be aligned in the reference genome 

    for each match position p1 of s1 

 for each match position p2 of s2 

     if the              

  output the pair and break 

else if no match is found 

    if s1 has matches 

 for each match position p1 of s1 

     conduct SW(s2, ref) using reference segment of position p1+D-d 

         if the alignment score ≤ threshold 

  output the pair and break 

    else if no match is found 

 if s2 has matches 

     for each match position p2 of s2 

         conduct SW(s2, ref) using ref segment of position p2 -D-d 

             if the alignment score ≤ threshold 

      output the pair and break 

Figure 6.12 Pseudo code for the paired-end alignment 

6.3 Performance analysis 

We have implemented our short read aligner as a hybrid system. The FPGA part is 

implemented using Verilog HDL and targeted to a Xilinx Virtex5 LX330 device, 

which operated with a 200MHz clock due to limited choice of clock frequency. 

The performance of our hybrid system is compared with GASSST (version 1.26) 

and BWA (version 0.5.9). The fundamental work flow of our hybrid system is 

similar to that of GASSST, except that GASSST uses multiple pre-filters to 

eliminate irrelevant data before the computation intensive global alignment. 

Although BWA uses a totally different strategy (a BWT-based backward search) to 

conduct the short read alignment computation, it is probably one of the fastest 

aligners to date for alignments with a low error rate and is also a very popular 

choice in the bioinformatics community. Thus, we also include BWA in the 

performance evaluation. Gaps are allowed in all three designs. All tests are 

performed on a quad-core (each core running at 2.1GHz) AMD Opteron processor 

with 8Gbyte RAM running the Linux OS. The reference genome is the E. Coli 

NC_008253 dataset with 4.9 million residues. We have generated several 

simulated short read datasets using the wgsim utility program in the SAMtools 
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package [70] (version 0.1.17) with different error rate settings. In all our 

experiments, the percentage of identification is set to 90% and the number of gaps 

allowed is one. For example, for a 36bp read alignment, at most 3 errors are 

allowed (at most one indel error and the rest are substitutions or single nucleotide 

polymorphisms (SNPs)). SNP is a special case of base substitution. In our design, 

we also treat SNP as a substitution error. The other parameters for GASSST and 

BWA are set to the default values.  

As both of our hybrid system designs share the same Align Core, it is meaningful 

to give a separate runtime performance evaluation on this module. We compare the 

runtime performance between the filtration part in GASSST and our Align Core, 

assuming that the input data for each of them is available. As this experiment only 

compares the "alignment" section runtime, the runtime performance of BWA is not 

included. Three small simulated short read datasets (36bp) of varying error rates 

are used (The error rate is one parameter of the simulation tool SAMtools package. 

It represents the probability of mutation on a single character in the generated short 

read dataset). Each dataset contains one million reads. Table 6.2 reports the 

runtime comparison under different error rate settings. The GASSST filter runtime 

includes all filtration stages from the tiled-NW filter to the real NW filter 

computation using a single thread. The Align Core runtime also includes data 

transfer from off-chip memory to FPGA.  

Table 6.2 Alignment runtime comparison for one million reads 

 Runtimes (s) 

 4% error rate 6% error rate 8% error rate  

GASSST 55  46  37  

Align Core 1.6  1.47  1.31 

Speedup 34× 31.3× 28× 

 

Table 6.2 shows that the FPGA Align Core provides a much better runtime 

performance on the alignment computation (around 30 times faster than that in 

GASSST). As the filtration (or extension) stage is accelerated by the Align Core, it 

is no longer the performance bottleneck for the "seed and extend" strategy. Before 
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the performance analysis on different hybrid aligners, Table 6.3 gives a simple 

comparison on their resource utilizations. Obviously, hybrid aligner II consumes 

more resources, as the seed generation stage is implemented on the FPGA.  

Table 6.3 Resource utilization for different hybrid aligners 

 Hybrid aligner I Hybrid aligner II 

Number of slice registers 49,551 81,195 

Number of slice LUTs 74,595 78,218 

Total memory used (KB) 2,934 4,752 

  

6.3.1 Hybrid aligner I analysis 

In hybrid aligner I, the seed generation stage is built as software running on the 

general-purpose CPU and only the Align Core is designed on the FPGA chip. 

Before we analyze the runtime performance of this hybrid system, we test the 

alignment quality for different designs. We use two factors to assess the quality of 

an alignment tool: (i) the total number of alignments found by the tool (sensitivity) 

and, (ii) the number of true alignments found (accuracy). Since we know the exact 

positions of each read in the simulated datasets, the correctness of the reported 

alignments can be easily evaluated by comparing the position information. In 

practice, if an alignment position is within a maximum distance d (d=5 in all our 

evaluations) to the correct position, this alignment will be labeled as a correct 

alignment. Table 6.4 ~ 6.6 show the quality comparison between GASSST, BWA, 

and the hybrid aligner I using one million simulated reads with various read lengths 

and error rates.  
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Table 6.4 Alignment results for one million reads of 36bp 

  4% error rate 6% error rate 8% error rate 

GASSST 
# of align 911,549 783,381 623,104 

# of true align 895,100 769,279 611,690 

BWA 
# of align 923,874 659,382 485,416 

# of true align 907,488 647,651 476,416 

Hybrid 

aligner I 

# of align 912,163 784,263 624,140 

# of true align 895,714 770,164 612,709 

 

Table 6.5 Alignment results for one million reads of 76bp 

  4% error rate 6% error rate 8% error rate 

GASSST 
# of align 966,001 863,848 668,195 

# of true align 951,587 851,162 658,185 

BWA 
# of align 831,634 643,670 438,981 

# of true align 819,522 634,386 432,518 

Hybrid 

aligner I 

# of align 962,314 853,587 655,585 

# of true align 947,422 840,382 645,163 

 

Table 6.6 Alignment results for one million reads of 100bp 

  4% error rate 6% error rate 8% error rate 

GASSST 
# of align 976,574 905,030 728,123 

# of true align 963,265 892,342 717,972 

BWA 
# of align 835,099 655,336 454,092 

# of true align 814,047 646,444 447,858 

Hybrid 

aligner I 

# of align 980,917 918,196 765,215 

# of true align 963,954 901,372 750,350 

 

The alignment results show that BWA's sensitivity and accuracy drop dramatically 

compared to GASSST and our FPGA aligner, when the base error rate increases. In 

contrast, both GASSST and the hybrid aligner I maintain the performance within a 

relatively stable level: over 78% sensitivity for 6% error rate and over 60% 

sensitivity for 8% base error rate. All three designs provide over 98% alignment 

accuracy. Generally, the hybrid aligner I has a similar sensitivity and accuracy to 
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that of GASSST under these test conditions. To get a more comprehensive 

evaluation on three aligners, we also test their performances using larger datasets 

(20 million sequences of length 36bp, 76bp, and 100bp, respectively; the base error 

rate is set to 4%). The alignment quality is recorded in Table 6.7 and the runtime 

performance is recorded in Table 6.8. 

Table 6.7 Alignment results for 20 million reads with 4% base error rate 

  36bp 76bp 100bp 

GASSST 
# of align 18,233,687 19,318,463 19,524,380 

# of true align 17,907,896 19,034,347 19,255,520 

BWA 
# of align 16,627,236 16,627,675 16,687,423 

# of true align 16,331,206 16,387,736 16,464,717 

Hybrid aligner I 
# of align 18,245,101 19,242,887 19,614,500 

# of true align 17,917,304 18,947,439 19,277,337 
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Table 6.8 Execution time comparison among different parameter settings 

Execution time for 36bp reads under different thread settings 

 1 thread 2 threads 4 threads 

GASSST 35 min 37 sec 18 min 12 sec 13 min 26 sec 

BWA 21 min 54 sec 11 min 26 sec 7 min 57 sec 

Hybrid aligner I 13 min 41 sec 8 min 17 sec 5 min 32 sec 

Speedup1 2.6× 2.2× 2.43× 

Speedup2 1.6× 1.38× 1.43× 

Execution time for 76bp reads under different thread settings 

 1 thread 2 threads 4 threads 

GASSST 1 hr 7 min 14 sec 35 min 26 sec 23 min 2 sec 

BWA 50 min 48 sec 25 min 17 min 59 sec 

Hybrid aligner I 23 min 35 sec 15 min 50 sec 10 min 17 sec 

Speedup1 2.63× 2.24× 2.24× 

Speedup2 1.98× 1.58× 1.75× 

Execution time for 100bp reads under different thread settings 

 1 thread 2 threads 4 threads 

GASSST 1 hr 26 min 16 sec 44 min 26 sec 28 min 31 sec 

BWA 1 hr 10 min 57 sec 50 min 26 sec 23 min 55 sec 

Hybrid aligner I 23 min 35 sec 15 min 50 sec 10 min 17 sec 

Speedup1 2.71× 2.32× 2.16× 

Speedup2 2.23× 2.63× 1.81× 

(Speedup1 indicates the runtime comparison between the hybrid aligner I and GASSST; 

speedup2 indicates the execution time comparison between hybrid aligner I and BWA). 

Table 6.7 shows that BWA only achieves around 83% sensitivity, while GASSST 

and the hybrid aligner I achieve between 91% and 98% sensitivity, which means 

that both GASSST and the hybrid aligner I are more effective under this error 

setting. Since BWA can reuse the indexed reference genome for different read 

alignments, the execution time for BWA represents only the alignment 

computation part. In contrast, the execution time for GASSST and the hybrid 

aligner I includes reference indexing and read alignment computation. In this 

experiment, BWA provides faster processing speed than GASSST by taking 

advantage of the BWT-based search. The hybrid aligner I provides an average 
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speedup of 2.4 over GASSST and of 1.8 over BWA. Notice that the performance 

of the hybrid aligner I reported in Table 6.8 is partially multi-threaded, i.e. different 

threads share the same Align Core which only processes data from one thread at a 

time. One interesting observation is that no matter how many threads are applied, 

the hybrid aligner I achieves around 2 times speedup over GASSST. As Align Core 

alone can achieve over 30 times speedup against the filtration section in GASSST 

at this base error rate setting, it is clear that the processing capability of the Align 

Core is not fully utilized. This is because the software-based seed generation stage 

design cannot generate enough (read, ref) pairs to feed the Align Core. The general 

purpose CPU pre-caches part of the data from the main memory to accelerate 

consecutive memory accesses. Unfortunately, this mechanism makes the 

performance deteriorate significantly for random memory accesses. Therefore, the 

seed generation stage becomes the performance bottleneck after we accelerate the 

alignment computation. As our indexing strategy is slightly different from that of 

GASSST, the indexing runtime performances for two designs are also evaluated on 

Table 6.9. 

Table 6.9 Indexing time comparison for different read lengths 

 Runtime (s) 

 36bp 76bp 100bp 

GASSST 3.51 7  7  

Hybrid aligner I 4.93  8.44  8.44  

 

Although the indexing time required by the hybrid aligner I is slightly higher than 

that of GASSST, compared to the overall execution time, such influence is 

negligible. In general, the core of our design, the Align Core, provides competitive 

performance improvements to accelerate the most time consuming part of the short 

read alignment and also maintains a high degree of sensitivity and accuracy 

compared to the two other widely-used alignment tools.  
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6.3.2 Hybrid aligner II analysis 

In this version of our hybrid short read aligner design, we map the seed generation 

stage into the FPGA chip to further accelerate the computation process. Similar to 

the analyses made in 6.3.1, we first evaluate the execution time of GASSST, BWA, 

and the hybrid aligner II using one million reads with 4% error rate with different 

read lengths (36bp, 76bp, and 100bp, respectively). The experiment is also 

conducted under multi-thread conditions (shown in Table 6.10).  

Table 6.10 Execution time comparison among different thread conditions 

Execution time for 36bp read dataset (s) 

 1 thread 2 threads 4 threads 

GASSST 110  58  42  

BWA 64  34  22  

Hybrid aligner II 16  11  11  

Speedup1 6.8× 5.3× 3.8× 

Speedup2 4.0× 3.1× 2.0× 

Execution time for 76bp read dataset (s) 

 1 thread 2 threads 4 threads 

GASSST 216  116  78  

BWA 150  88  54  

Hybrid aligner II 30  21  21  

Speedup1 7.2× 5.5× 3.7× 

Speedup2 5.0× 4.2× 2.6× 

Execution time for 100bp read dataset (s) 

 1 thread 2 threads 4 threads 

GASSST 268  145  96  

BWA 214  104  71  

Hybrid aligner II 38  28  28  

Speedup1 7.1× 5.2× 3.4× 

Speedup2 5.7× 3.7× 2.5× 

 

Similar to the hybrid aligner I, the performance of the hybrid aligner II also 

improves with partial multi-threading. Table 6.10 shows that the hybrid aligner II 
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achieves a speedup of 7 over GASSST and of 5 over BWA with a single thread. 

Although the performance is much better than that of hybrid aligner I, the speedup 

is still less than that of Align Core alone. When alignment computation is no more 

the performance bottleneck, two other factors are responsible for the system's 

overall performance: the read coding and the Seed Engine processing. The read 

coding computation is simple, but the total number of bases is large. Therefore, we 

utilize Streaming SIMD Extensions 2 (SSE2) instructions to minimize its 

computation time. Notice that there is no performance improvement for the hybrid 

aligner II, when the number of threads changes from two to four. This indicates 

that system's performance might be limited by the shared FPGA aligner. To prove 

this, we further record the runtime consumed by the FPGA aligner under different 

thread conditions (shown in Table 6.11). 

Table 6.11 The runtime composition for one million 100bp reads 

 Runtime (s) 

 1 thread 2 threads 4 threads 

Total Execution time 38  28  28  

FPGA aligner runtime 13.4  21.65  21.57  

Percentage 35.2% 77% 77% 

 

When two threads are applied, the FPGA aligner's runtime is almost doubled and 

the percentage jumps from 35.2% directly to 77%. As the FPGA aligner is shared 

by two threads, it is reasonable to have such an observation. However, since the 

FPGA aligner becomes the dominant factor for the system's overall runtime using 

two threads, it is hard to expect further performance improvements when more 

threads are applied, as can be seen from the four thread experiment. As the FPGA 

aligner consists of two major components (the Seed Engine and the Align Core), 

and the Align Core is no longer the performance bottleneck, the only explanation 

for the performance limitation is the Seed Engine. Although the FPGA-based Seed 

Engine provides a higher band width (128bit bandwidth) and avoids the useless 

data pre-fetching for each hash table query, the intensive random off-chip memory 

access is still the performance bottleneck for the hybrid aligner II design. The Seed 



 

131 

Engine computation requires frequent off-chip memory accesses (multiple cycles 

are required for a complete off-chip memory access), which intrinsically limits its 

runtime performance. Several methods exist to mitigate the negative influence of 

off-chip hash table access: (1) using FPGA platforms with multiple off-chip 

memory interfaces (thus, allowing more hash lookups at the same clock cycle), or 

(2) using FPGA chips with larger on-chip memories (the collision table can then be 

stored using BRAM; thus a single off-chip access will be enough for a hash query). 

However, as the off-chip memory access is always slower than on-chip memory 

access and the hash table size is large, it is still difficult to get a great performance 

improvement on the overall execution time.  

Runtime testing with a single error rate might not be enough to evaluate the 

performance of the hybrid aligner II. We also test the runtime performance under 

different error rate conditions using simulated read datasets with a single thread. 

The performance is shown in Table 6.12.  

Table 6.12 Runtime performance under different error rate conditions 

76bp read dataset (s) 

 2% error rate 4% error rate 6% error rate 

GASSST 227  216  199  

BWA 109  150  162  

Hybrid aligner II 30  30  29  

Speedup1 7.6× 7.2× 6.8× 

Speedup2 3.6× 5.0× 5.6× 

100bp read dataset (s) 

 2% error rate 4% error rate 6% error rate 

GASSST 292  268  253  

BWA 153  214  221  

Hybrid aligner II 37  38  37  

Speedup1 7.9× 7.1× 6.8× 

Speedup2 4.1× 5.7× 5.9× 
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From Table 6.12, we see that more execution time is required for all three 

alignment tools, as a longer read length is applied. This is because a longer read 

length leads to a larger search space, which naturally requires more computation 

time. Another interesting observation is that, under different error rate conditions, 

the hybrid aligner II provides a relatively stable performance. In contrast, GASSST 

shows performance improvements and BWA shows performance deterioration, as 

the error rate increases. The search strategies applied within the tools can explain 

such a difference. BWA applies the BWT-based search algorithm, which consumes 

additional computation time when an error occurs. Therefore, its computation time 

will increase, if more errors exist in the read dataset. The GASSST computation is 

based on the "seed and extension" strategy. As the error rate increases, the number 

of seeds in the read decreases, which reduces the computation time required in the 

extension stage. The hybrid aligner II also uses the "seed and extension" strategy, 

but the FPGA aligner computation only occupies a small portion of the overall 

runtime under single thread condition. Thus, the error rate change only has limited 

influence on the execution time. Besides investigating the processing speed, we 

also record the alignment quality under different test conditions, as shown in Table 

6.13. 

The alignment results show that BWA's sensitivity drops dramatically compared to 

GASSST and the hybrid aligner II, when the base error rate increases. In contrast, 

both GASSST and the hybrid aligner II maintain a relatively stable performance: 

over 96% sensitivity for a 4% error rate and over 85% sensitivity for a 6% error 

rate. All three tools provide over 98% alignment accuracy. The alignment quality 

of the hybrid aligner II is slightly better than that of GASSST under above test 

conditions. The reason for the improvement is related to the seed model. GASSST 

uses a flexible seed model to ease the alignment computation. For longer read 

lengths, GASSST will use longer seed lengths under the default setting (e.g. a 16bp 

seed for the 76bp read dataset; and a 19bp seed for the 100bp read dataset), which 

is a trade-off between processing speed and sensitivity. In contrast, hybrid aligner 

II uses a constant seed model (a 15bp seed length), which thus provides extra 

sensitivity for longer read datasets.  
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Table 6.13 Alignment results for different read lengths and error rates 

2% error rate 

  GASSST BWA Hybrid aligner II 

76bp 
# of align 990,842 964,053 993,057 

# of true align 976,482 950,293 977,722 

100bp 
# of align 990,970 964,005 993,701 

# of true align 977,781 951,425 979,536 

4% error rate 

  GASSST BWA Hybrid aligner II 

76bp 
# of align 966,001 831,634 971,367 

# of true align 951,587 819,522 956,785 

100bp 
# of align 976,574 835,099 988,114 

# of true align 963,265 823,850 974,243 

6% error rate 

  GASSST BWA Hybrid aligner II 

76bp 
# of align 863,848 643,670 873,804 

# of true align 851,162 634,386 861,025 

100bp 
# of align 905,030 655,336 944,693 

# of true align 892,342 646,444 931,325 

 

We have also conducted a further performance comparison of GASSST, BWA, and 

the hybrid aligner II using larger read datasets. The simulated read datasets are 20 

million sequences of length 76bp and 100bp, with a 4% error rate. The alignment 

performance is shown in Table 6.14 for a single thread implementation.  
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Table 6.14 Alignment performance for 20 million read datasets 

4% error rate 76bp 

 # of align # of true align Execution time 

GASSST 19,318,463 19,034,347 67 min 14 sec 

BWA 16,627,675 16,387,736 50 min 48 sec 

Hybrid aligner II 19,424,609 19,137,326 9 min 54 sec 

4% error rate 100bp 

 # of align # of true align Execution time 

GASSST 19,524,380 19,255,520 86 min 16 sec 

BWA 16,687,423 16,464,717 70 min 57 sec 

Hybrid aligner II 19,760,231 19,484,102 12 min 32 sec 

 

In this experiment, BWA only achieves around 83% sensitivity, while GASSST 

and the hybrid aligner II achieve around 97% sensitivity. This indicates that both 

GASSST and the hybrid aligner II are more effective in finding good alignments 

under this error rate setting. On the runtime performance side, BWA provides a 

faster processing speed than GASSST. The hybrid aligner II achieves the fastest 

processing speed, while maintaining the sensitivity at a high level. In addition to 

the simulated short read datasets, we have also evaluated the alignment 

performance using the real dataset (short read sample from SRR519953, N's are 

replaced with a random character, in total 1,884,895 paired reads). The original 

read length within SRR519953 is 101bp. As our design only supports a maximum 

100bp short reads, we chop one character off from the 3'end. For the single-end 

alignment, we use first 1,888,895 short reads to conduct the test. Table 6.15 

records the alignment quality and the runtime performance with a single thread for 

three aligners. As the correct position for an alignment is unknown for the real 

dataset, we only use the number of alignment reads or aligned rate to evaluate the 

aligner's performance. It is clear that hybrid aligner II reports more alignments than 

the other two aligners with the fastest processing speed (over 6 times speedup).  
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Table 6.15 Single-end short read alignment using real dataset SRR519953 

 # of alignment Aligned rate Execution time 

GASSST 1,477,911 78.4% 467 sec 

BWA 1,472,773 78.1% 444 sec 

Hybrid aligner II 1,522,697 80.7% 65 sec 

 

As GASSST does not support paired-end alignment, the performance comparison 

is made only between BWA and the hybrid aligner II using one million simulated 

short reads. Before the performance analysis, we further introduce several 

parameters to evaluate the alignment quality: precision (defined as the number of 

true alignments/ total alignments), recall (the number of true alignments/ the 

number of reads), and F-score (F-score   
                  

                
). The F-score 

combines the influence of precision and recall together to evaluate the alignment 

quality. The comparison results are shown in Table 6.16. The paired-end read 

dataset is generated using wgsim utilities with an outer distance of 200, a standard 

variation of 20, and 4% error rate. The performance is tested with a single thread. 

Table 6.17 records the performance tested on the real dataset SRR519953.  

Table 6.16 Paired-end alignment performance 

100bp simulated reads 

 Aligned Precision Recall F-score 
Execution 

Time (s) 

BWA 1,940,132 99% 96.03% 97.49% 548  

Hybrid aligner 

II 
1,962,404 97.9% 96.05% 96.97% 108  

 

Table 6.17 Paired-end alignment with real dataset 

 # of alignments Aligned rate Execution time (s) 

BWA 3,002,675 79.6% 1037  

Hybrid aligner 2,841,262 75.3% 300  
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Table 6.16 results show that hybrid aligner II finds out more paired-end alignments 

than BWA, but with a slightly worse performance on precision for one million 

simulated 100bp reads. We also notice that the speedup achieved for paired-end 

alignment is smaller that of single-end alignment. These observations are related to 

the pairing strategy applied by BWA which further utilizes the advantage of BWT 

index to accelerate the pairing process. In Table 6.16, the hybrid aligner II reports 

more alignments, but BWA reports more alignments in Table 6.17. We believe 

such differences are also related to the pairing strategy. The reported alignments 

can be increased simply by increasing the search space (O(l1l2), l1 is the read length; 

l2 is the candidate region) in the pairing process, but the execution time will also 

increase correspondingly.  

The above experiments show that hybrid aligner II achieves a significant 

performance improvement when testing with a small reference genome (the E. Coli 

reference genome). While the hybrid system design is independent of the reference 

genome, the restricted memory size of the experiment platform (and not the 

implementation) limits the possibility to test with a larger reference genome, such 

as the human genome (with over three billion bases). If no partitioning is applied 

for the human genome and we use the minimal perfect hash function to construct 

the hash table, the system requires at least 12GBytes of memory for the hash table 

(three billion entries for the table and each entry points to an 32bit table content). 

In contrast, our experimental platform only has 2GByte of off-chip memory for the 

hash table, which is not large enough to support the human genome. In practice, the 

memory footprint is likely to even larger than 12GByte, as it is hard to get a 

minimal perfect hash function for the human genome. A different FPGA platform 

with more off-chip memory could support the short read mapping against the 

human genome using our proposed architecture. Another possible solution to 

support human genome is to apply BWT-based methods in the seed generation 

stage design to reduce the memory consumption. Utilizing multiple FPGA boards 

can also ease the reference genome size problem. In fact, [99] is a successful 

example of conducting the short read alignment against the human genome using 8 

FPGAs and 32GB of off-chip memory. 
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When comparing the performance of hybrid aligner II and hybrid aligner I, we find 

that hybrid aligner II outperforms hybrid aligner I with better alignment quality and 

processing speed under the various test settings. The constant seed model and the 

mapping of the seed generation stage to the FPGA do have obvious improvements 

on the design's performance. However, both hybrid aligner II and hybrid aligner I 

still share the same performance bottleneck - intensive random memory access in a 

large memory space. To provide multiple copies of the hash table on the off-chip 

memory can get a performance boost, but with a very large memory consumption. 

Since not all query seeds will be hashed to effective locations, it might be a more 

memory-efficient solution to add a pre-filter with much less memory consumption, 

which is also part of our future investigation. 

Already we have seen short read aligners built on other hybrid platforms, such as 

GPUs. CUSHAW achieves around 10 times speedup comparing to BWA (1GPU 

against 1CPU) tested with short reads from the human genome. Notice that the 

GPU used in CUSHAW is the NVIDA Tesla C2050 (released around the end of 

2009), which provides 3GByte of GDDR5 memory for each GPU [122]. In 

contrast, our hybrid platform is at least one technology generation older than the 

Tesla GPU (the LX330 FPGA was released in 2006) and only provides 2GB DDR2 

memory for hash table access. We can expect instant performance improvements 

once the design is migrated to a newer FPGA platform.  

6.4 Summary 

In this chapter, we have presented two hybrid systems to accelerate the mapping of 

short reads to a reference genome based on the "seed and extend" approach. We 

have proposed a banded parallel semi-global alignment architecture to accelerate 

the computation-intensive extension stage on an FPGA. Meanwhile, we also 

explore different mapping strategies on the seed generation stage design. When 

mapping the seed generation stage onto the FPGA chip, we apply a bucket hash 

structure to improve the seed generation computation. Multiple experiments are 

conducted to evaluate the hybrid systems' processing speed and alignment quality. 
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The performance comparison to the GASSST and BWA software implementations 

shows that both the hybrid aligner I and the hybrid aligner II achieve a high degree 

of sensitivity and require less overall execution time with only modest resource 

utilization. As a result, the performance bottleneck on the two hybrid systems 

changes from the extension stage to the seed generation stage.  
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Chapter 7 

Conclusion and Future Work 

7.1 Conclusion 

In this thesis, we have investigated the possibility of applying FPGAs to improve 

the computation performance of different problems in bioinformatics. As a case 

study, two important research areas in bioinformatics are chosen, genome search 

and short read mapping, both of which involve large amounts of data and 

complicated computations. As genetic datasets are dramatically increasing in size, 

this has placed a heavy burden on modern CPU-based toolsets. Thus, there is an 

urgent need for new solutions with higher processing speed, but with equivalent 

accuracy, to the existing tools in these (and other) bioinformatics fields. FPGAs 

have been shown to be competitive candidates for high performance computing in 

other domains, and thus are likely to provide an alternative solution for existing 

bioinformatics problems. Problems involving intensive computation, weak/no data 

dependency among operations and parallel data processing can be easily optimized 

utilizing FPGA platforms. However, problems involving complex control logic or 

intensive memory accesses might not be perfect for FPGA implementations. To 

better utilize the FPGA's computation capability, a heterogeneous architecture (i.e. 

CPU+FPGA) is proposed to meet the different algorithm requirements. Usually, 

the hybrid design involves three steps: profiling, partitioning, and implementation. 

The profiling step first identifies the most time consuming part in the algorithm. 

Then, the partitioning step maps the computation-intensive operations to the 

FPGA(s) and the complicated control to the general purpose CPUs. Lastly, the 

implementation step constructs an appropriate high performance architecture on the 

FPGA and connects the FPGA design to the CPU using standard high-speed 

interfaces. In this thesis, our algorithm implementations adopt this procedure.  
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For genome search, the target algorithm is NCBI BLASTN which is a bio-

sequence search tool of high importance to bioinformatics research. Among three 

operation stages in NCBI BLASTN, the word matching stage is the most time-

consuming part. Thus, accelerating this stage's performance can achieve the highest 

performance improvement. Our design includes two innovative structures, a highly 

efficient parallel Bloom filter and an optimized off-chip block hash table. The 

Bloom filter design can process 16 data words in parallel with high search 

efficiency. The comparison of the performance of our word-matching accelerator 

to that of NCBI BLASTN shows over 10 times speedup against the single-thread 

NCBI BLASTN program.  

For the short read alignment, the performance profiling shows that the extension 

operation is the most time-consuming part. Thus, we map this stage onto the FPGA. 

As the short read alignment problem also involves other operations, e.g. read 

coding, seed generation, and alignment output, it is difficult to determine the 

optimal partition of these operations in the first place. Two hybrid systems with 

slightly different partitioning strategies are presented to accelerate the mapping of 

short reads to a reference genome based on the "seed and extend" approach. We 

propose a parallel banded semi-global alignment structure to accelerate the 

extension stage supporting reads of different lengths. In one of our hybrid systems, 

a bucket hash structure is applied to improve the seed generation stage computation. 

The performance comparison to the GASSST and BWA software implementations 

under different test conditions shows that our FPGA aligner achieves a high degree 

of sensitivity and over 30 times runtime performance improvement.  

Although the word matching accelerator and the short read aligner target to 

different algorithms, they disclose similar design challenges that FPGAs should 

face for problems with large volumes of data. FPGAs only have a relatively limited 

on-chip memory resource (several million bits in the majority of cases), which 

narrows the options for large lookup table construction (or reference genome 

indexation) and inherently limits FPGAs’ computation power. One key advantage 

of FPGAs is that we can duplicate multiple modules to expand the data processing 
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capability. However, this can also introduce a new dilemma: the I/O bottleneck. 

Both the number of physical interfaces and the data transfer rate are not enough for 

frequent data communication with a large dataset. The duplicated resources will be 

in an idle state, if there is not enough input data. Another possible challenge is the 

computing limitation for a single FPGA. Recall that bioinformatics problems 

involve a large volume of independent data. A system with multiple FPGAs might 

be a more competitive candidate in this particular field.  

7.2 Future work 

Despite the above challenges facing FPGAs, existing FPGA-based designs exhibit 

high performance for parallel computing and fine-grained pipelining. The 

architecture optimization is probably one of the most attractive and important parts 

for an FPGA design, which determines the computation efficiency and overall 

performance. Different from other fields, bioinformatics algorithms usually apply 

heuristics to accomplish a complicated task. This provides us the freedom to 

propose FPGA-favorable heuristics or to tailor existing algorithms for FPGA 

implementation. These opportunities expand the space for FPGA design 

exploration. Thus, case studies are a proper choice for these design concept 

evaluations.  

The word matching stage design for the genome search problem is only the first 

stage of the NCBI BLASTN algorithm. Although the ungapped extension stage 

consumes less computation than the word matching stage, its independent data 

structure makes it very suitable for parallel implementations on an FPGA.  

In the short read mapping problem, we have proposed two hybrid system structures 

to accelerate its computation. However, the issue of intensive off-chip memory 

access is still waiting for a better solution. Meanwhile, the memory footprint for 

the "seed and extend" strategy is large. If it is possible to integrate the BWT-based 

search algorithm into our seed generation stage design, further performance 

improvements can be expected.  
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Both FPGAs and GPUs are competitive platforms for bioinformatics applications, 

but it is difficult to proclaim that FPGAs outperform GPUs in all circumstances. In 

fact, FPGAs and GPUs have advantages on different types of applications. GPUs 

can achieve good performance for applications involving the same operations 

executed on a large volume of data. Hundreds of CUDA cores can provide an order 

of magnitude performance improvement compared to general purpose processors. 

In contrast, the advantage of FPGAs lies in their fine-grained pipelining and 

massive parallelism. FPGAs can provide the freedom to fully customize the circuit 

to fit a specific application, and are especially efficient for fixed point, integer, or 

bit operations. However, as many applications contain complicated algorithms, an 

architecture merely relying on GPUs or FPGAs cannot achieve optimal 

performance. Heterogeneous systems consisting of CPU, GPU and FPGA can 

further expand a design's application scope and improve the performance and so is 

worthy of further study. To optimize the performance of a heterogeneous system, 

data flow balancing among different computing platforms is usually required, 

which can be an interesting direction for our future investigations.   

Fortunately, bioinformatics can provide a wide range of algorithms to examine the 

influence of different system-level optimizations or tradeoffs on a heterogeneous 

system. For example, the phylogenetic tree can be another interesting algorithm 

suitable for heterogeneous implementation. A Phylogenetic tree is a branching 

diagram that reveals the evolutionary relationship among different species. 

Normally, three types of methods exist to construct a tree: distance-based method, 

parsimony-based method, and maximum likelihood-based method. The distance-

based methods (e.g. UPGMA [106] and NJ [103]) reconstruct the tree utilizing the 

evolutionary distance matrix. Parsimony-based methods reconstruct the tree with 

the constraint of minimizing the number of changes. The maximum likelihood-

based methods reconstruct the tree with the constraint of maximizing the likelihood 

of the data. The maximum likelihood methods are computation expensive. 

Normally, heuristics are applied to reduce the computation cost. Examples of tools 

based on maximum likelihood methods are dnaML [39], fastdnaML [100], 

RAxML [118,119], and so on. Although the heuristics can reduce the computation 
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time, it still requires a lot of time on the repetitive computation of the likelihood 

function for each possible insertion point. Thus, it is possible to map the 

computation intensive operations onto an FPGA and construct a heterogeneous 

system to further reduce the tree reconstruction time.  

De novo short read assembly is another interesting and important field in next 

generation sequencing that might be suitable for FPGA implementation. Software 

tools, such as Velvet [135], AByss [113], SOAPdenovo [75], etc, have been 

developed to solve the short read assembly problem. Two main bottlenecks exist 

with these tools: (1) the computation is too slow, and (2) they require a tremendous 

memory space, which largely limits their application. Hybrid systems (i.e. 

CPU+GPU/ CPU+FPGA) can be an alternative to solve this kind of problem in a 

more efficient manner. Already we have seen hybrid designs (e.g. PASHA [80], 

[83]) that have been proposed to accelerate the assembly process. Since the 

memory footprint for the complete genome is large, the common solution is to split 

the genome into smaller chunks and assign the data chunks to the accelerators. 

FPGAs have demonstrated their outstanding capability on computation intensive 

operations, but the limited memory resources can be a potential bottleneck. If it is 

possible to further assign the memory access operations and similarity computation 

operations to different platforms (e.g. GPU+FPGA), an order of magnitude 

performance boost of the assembly process can be expected.  
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