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Abstract
Emerging DNA sequencing technologies open up
exciting new opportunities for genome sequencing by
generating read data with a massive throughput.
However, produced reads are significantly shorter and
more error-prone compared to the traditional Sanger
shotgun sequencing method. This poses challenges for
de-novo DNA fragment assembly algorithms in terms
of both accuracy (to deal with short, error-prone
reads) and scalability (to deal with very large input
data sets). In this paper we present a scalable parallel
algorithm for correcting sequencing errors in highthroughput short-read data. It is based on spectral
alignment and uses the CUDA programming model.
Our computational experiments on a GTX 280 GPU
show runtime savings between 10 and 19 times (for
different error-rates using simulated datasets as well
as real Solexa/Illumina datasets).

1. Introduction
Recently, a number of second-generation DNA
sequencing technologies has been introduced.
Compared to the traditional Sanger shotgun technique
these new technologies can generate a massive amount
of read data at lower cost [11, 14, 18]. Examples of
already available second-generation technologies are
sequencers
from
454
Life
Sciences/Roche,
Solexa/Illumina, and Applied Biosiciences/SOLiD.
However, the length of produced reads is significantly
shorter compared to the Sanger method. For example,
the Illumina Genome Analyzer can generate 1.5 billion
base-pairs (bps) of sequence data in a single-end 60hours run with a read length of 36.
Established methods and tools for DNA fragment
assembly have been designed and optimized for Sanger
shotgun sequencing (i.e. read lengths of around 500bps
and 6-to-10-fold coverage) and generally do not scale
well for high-coverage short read data. Thus, there is a

need for scalable fragment assembly tools that can deal
with high-throughput short-read (HTSR) data.
Consequently, several such tools have been introduced
recently. SSAKE [20] and SHARCGS [5] are based on
a simple k-mer extension approach. However, this
approach is inaccurate for assembling repeat regions.
In order to resolve repeats the graph-based approach to
assembly has been introduced in [13], which was then
implemented in the Euler assembly package. Euler-SR
[3] is a recent extension of Euler to assemble HTSR
data. Graph-based assembly approaches are highly
sensitive to sequencing errors and therefore require
error correction as a necessary pre-processing step.
Unfortunately, this step is highly time-consuming for
large amounts of data used in second-generation
sequencing projects.
In this paper we present a parallel algorithm for
correcting sequencing errors in HTSR data using the
CUDA programming model. It is based on the spectral
alignment problem and uses a Bloom filter data
structure in order to take advantage of the CUDA
memory hierarchy. We show how this leads to
significant runtime savings between 10 and 19 times
on low cost CUDA-compatible graphics hardware.
The rest of this paper is organized as follows. In
Section 2, we introduce the spectral alignment
approach to sequential error correction. Features of the
CUDA programming model are highlighted in Section
3. Section 4 presents the parallel error correction
algorithm. The performance of our CUDA implementation is evaluated in terms of runtime and correction
accuracy in Section 5. Finally, Section 6 concludes the
paper.
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Error correction is a preprocessing step for many
DNA fragment assembly tools. A common and
accurate approach is to compute multiple alignments of

shotgun reads and then detect and correct errors in
certain columns of these alignments [1, 19].
Unfortunately, calculating multiple alignments is too
time-consuming for HTSR data. The approach used in
this paper is based on spectral alignment [4, 13], which
uses the following definitions and concepts.
Given are a set of k reads R = {r1,…,rk} with ⎪ri⎪=L
and ri ∈ {A, C, G, T}L for all 1 ≤ i ≤ k and two integers:
multiplicity m (m>1) and length l (l < L).
Definition 1 (Solid and weak): An l-tuple (i.e. a
DNA string of length l) is called solid with respect to R
and m if it is a substring of at least m reads in R and
weak otherwise.
Definition 2 (Spectrum): The spectrum of R with
respect to m and l, denoted as Tm.l(R), is the set of all
solid l-tuples with respect to R and m.
Definition 3 (T-string): A DNA string s is called a
Tm.l(R)-string if every l-tuple in s is an element of
Tm.l(R).
The spectral alignment problem (SAP) to error
correction can now be defined as follows:
Definition 4 (SAP): Given a DNA string s and
spectrum Tm.l(R). Find a Tm.l(R)-string s* in the set of
all Tm.l(R)-strings that minimizes the distance function
d(s,s*).
Depending on the error model of the utilized
sequencing technology the distance function d(⋅,⋅) can
either be edit distance (suitable for 454 Life
Sciences/Roche) or hamming distance (suitable for
Solexa/Illumina).
Euler-SR
contains
two
corresponding heuristics to approximate the SAP. One
is based on edit distance and uses the dynamic
programming approach described in [4]. The other is
based on hamming distance and uses the iterative
approach presented in [13]. We focus on
Solexa/Illumina technology and therefore the latter
approach is chosen in this paper.
The main idea of the iterative approach is as
follows. Let us assume there is an error (mutation) at
position j in read ri. Then, this mutation creates min{l,
j, L−j} erroneous l-tuples that point to the same
sequencing error. The iterative SAP heuristic
associates the correction of ri at position j to the
transformation of min{l, j, L−j} weak l-tuples into
solid l-tuples. The heuristic searches for such
corrections using a voting procedure, which is
described in detail in Section 4. It should also be
mentioned that it is not always the case that an error
leads exactly to min{l, j, L−j} weak-to-solid
transformations. This can be caused by three factors:
1. Several errors are located within distance l.
2. Correct l-tuples are considered weak.
3. Erroneous l-tuples are considered solid.

The first case can be included in the heuristic by
considering up to Δ (Δ≥1) corrections within a weak ltuple. However, this also increases the time complexity
of the heuristic. The second and third case can be
minimized by an optimal choice of the parameters m
and l. This choice depends on a, the average number of
reads covering an l-tuple of the sequenced genome (a =
N⋅(L−l)/G, where G is the genome length)).

3. CUDA Programming Model and Tesla
Architecture
CUDA (Compute Unified Device Architecture) is
an extension of C/C++ to write scalable multi-threaded
programs for CUDA-enabled GPUs [12]. CUDA
programs can be executed on GPUs with NVIDIA’s
Tesla unified computing architecture [8]. Examples of
CUDA-enabled GPUs include the GeForce 8, 9, and
200 series.
CUDA programs contain a sequential part, called a
kernel. The kernel is written in conventional scalar Ccode. It represents the operations to be performed by a
single thread and is invoked as a set of concurrently
executing threads. These threads are organized in a
hierarchy consisting of so-called thread blocks and
grids. A thread block is a set of concurrent threads and
a grid is a set of independent thread blocks. Each
thread has an associated unique ID (threadIdx,
blockIdx) ∈ {0,…,dimBlock−1} × {0,…,dimGrid−1}.
This pair indicates the ID within its thread block
(threadIdx) and the ID of the thread block within the
grid (blockIdx). Similar to MPI processes, CUDA
provides each thread access to its unique ID through
corresponding variables. The total size of a grid
(dimGrid) and a thread block (dimBlock) is explicitly
specified in the kernel function-call:
kernel<<<dimGrid, dimBlock>>> (parameter list);
The hierarchical organization into blocks and grids
has implications for thread communication and
synchronization. Threads within a thread block can
communicate through a per-block shared memory
(PBSM) and may synchronize using barriers. However,
threads located in different blocks cannot communicate
or synchronize directly. Besides the PBSM, there are
four other types of memory: per-thread private local
memory, global memory for data shared by all threads,
texture memory and constant memory. Texture
memory and constant memory can be regarded as fast
read-only caches.
The Tesla architecture supports CUDA applications
using a scalable processor array. The array consists of
a number of streaming multiprocessors (SM). Each
SM contains eight scalar processors, which share a
PBSM of size 16KB. All threads of a thread block are

executed concurrently on a single SM. The SM
executes threads in small groups of 32, called warps, in
single-instruction multiple-thread (SIMT) fashion.
Thus, parallel performance is generally penalized by
data-dependent conditional branches and improved if
all threads in a warp follow the same execution path.
Previous work on using CUDA for Bioinformatics
focused on sequence alignment [10, 16] and molecular
dynamics simulations [9]. MUMerGPU [16] processes
HTSR data for re-sequencing applications; i.e.
produced reads are aligned to a known reference
genome sequence using a suffix tree. The approach
presented in this paper is targeted towards de-novo
sequencing where the reference genome sequence is
unknown.

4. Parallel Error Correction with CUDA
The computational domain of the SAP approach to
error correction consists of a set of reads R that need to
independently access the spectrum Tm.l(R). Hence, we
use a kernel to represent the sequential processing
necessary for the correction of an individual read ri.
The kernel is then invoked using a thread for each ri ∈
R.
Algorithm 1: Single-mutation voting algorithm used
in the CUDA kernel.
Input: Read ri[0…L−1] and spectrum Tm.l(R).
Output: Voting matrix Vi[][] of size L×4
for j := 0…L−1
for c ∈ {A, C, G, T} Vi[j][c] := 0;
for j := 0…L−(l +1)
if (ri[j…j+l−1] ∉ Tm.l(R))
for p := 0…l−1
for c ∈ {A, C, G, T}\{ri[j+p]}
if (ri[j…j+p−1]⋅c⋅ri[j+p+1… j+l−1]
Tm.l(R)) Vi[j+p][c]++;
// ⋅ denotes string concatenation

∈

Our CUDA kernel consists of two phases. The first
phase is the single-mutation voting algorithm outlined
in Algorithm 1. It identifies all l-tuples of the given
read that are not in the spectrum set. Each single-point
mutation of these l-tuples is then tested for
membership in the spectrum. If successful a
corresponding counter in the voting matrix is
incremented. Errors can be fixed based on high values
in the voting matrix. In certain cases; e.g. when two
errors are close two each other, the single-mutation
voting algorithm cannot correct the errors. However, it
is still possible to identify the read as erroneous and to
trim it at certain positions or discard it. Algorithm 2

outlines the fixing/trimming/discarding procedure used
as the second phase of our CUDA kernel.
Algorithm 2: Single-mutation fixing/trimming/
discarding procedure used in the CUDA kernel.
Input: Read ri[0…L−1] and Voting matrix Vi[][] of
size (L−(l+1))×4.
Output: Fixed, trimmed, discarded or unchanged read
maxV := max{Vi[j][c] ⎪0≤j≤L−(l +1); c∈{A,C,G,T}};
(maxj,maxc) := argmax0≤j≤L−(l +1) ; c∈{A, C, G, T}{Vi[j][c]};
if (maxV = 0) return ri; // input read is error-free
rci := ri[0…j+maxj−1]⋅maxc⋅ri[maxj+1… L−1];
// ⋅ denotes string concatenation
corrected_flag := true; trimmed_flag:=false;
for j := 0…L−(l +1)
if (rci[j…j+l−1] ∉ Tm.l(R)) corrected_flag := false;
else trimmed_flag:=true:
if (corrected_flag) return rci; // return corrected read
else if (trimmed_flag) return rci[k1…k2];
// return trimmed read, where rci[k1…k2] is the
//longest substring of rci in which all l-tuples
//belong to Tm.l(R)
else return ε; // return discarded read as empty string
The time complexity of the kernel is dominated by
the first phase. The most important operation that
determines the runtime of the voting algorithm is the
spectrum membership test. The overall amount of
membership queries by a single thread is
(L−l)⋅(1+p⋅3⋅l), where p is the number of l-tuples of the
read that do not belong to the spectrum. Hashing can
perform membership tests to a hashing table in
constant time. An efficient way to store a frequently
accessed hash table in CUDA is to use the read-only
texture memory. However, the hash table can become
prohibitively large for the amount of l-tuples generated
by in HTSR sequencing projects. Therefore, we have
decided to use probabilistic hashing based on the
space-efficient bloom filter data structure to store the ltuples of the spectrum.
A Bloom filter represents a set of given keys in a
bit-vector. Insertion and querying of keys are
supported using several independent hash functions.
Bloom filters gain their space-efficiency by allowing a
false positive answer to membership queries. Space
savings often outweigh this drawback in applications
where a small false positive rate can be tolerated,
particularly when space resources are at a premium.
Both criteria are met for the CUDA error correction
algorithm. In the following, we briefly review the
definition, programming, querying and false positive
probability of Bloom filters.

Definition: A Bloom filter is defined by a bit-vector
of length m, denoted as BF[1..m]. A family of k hash
functions hi: K → A, 1 ≤ i ≤ k, is associated to the
Bloom filter, where K is the key space and A =
{1,…,m} is the address space.
Programming: For a given set I of n keys, I =
{x1,…,xn}, I ⊆ K, the Bloom filter is programmed as
follows. The bit vector is initialized with zeros; i.e.
BF[i] := 0 for all 1 ≤ i ≤ m. For each key xj ∈ I, the k
hash values hi(xj), 1 ≤ i ≤ k, are computed.
Subsequently, the bit-vector bits addressed by these k
values are set to one; i.e. BF[hi(xj)] := 1 for all 1 ≤ i ≤
k. Note that, if one of these values addressed a bit
which is already set to one, that bit is not changed.
Querying: For a given key x ∈ K, the Bloom filter
is queried for membership in I in a similar way. The k
hash values hi(x), 1 ≤ i ≤ k, are computed. If at least
one of the k bits BF[hi(x)], 1 ≤ i ≤ k, is zero, then x∉I.
Otherwise, x is said to be a member of I with a certain
probability. If all k bits are found to be one but x∉I, x
is said to be a false positive.
False Positive Probability: The presence of false
positives arises from the fact that the k bits in the bitvector can be set to one by any of the n keys. Note that
a Bloom filter can produce false positive but never
false negative answers to queries. The false positive
probability (denoted as FPP) of a Bloom filter is given
by [2].
1

1

1

1

Obviously, FPP decreases as the bit-vector size m
increases, and increases as the number of inserted keys
n increases. In our Bloom filter implementation using
one-dimensional linear texture memory we have
chosen k = 8 and m = 64×n, which leads to FPP =
3.63e-08.
The memory requirement for storing the voting
matrix Vi[][] in Algorithm 1 can be reduced to l×4
Bytes by using cyclic indexing. The amount of
memory required for storing the voting matrix and the
read is therefore 4×l + L bytes per thread. This leads to
a requirement of 4×20 + 35 = 115 bytes for typical
parameters used for Solexa/Illumina HTSR data (l=20,
L=35). Therefore, PBSM could be used to store this
data. However, this would limit the number of threads
per block to 128. Furthermore, it would negatively
affect the maximum number of thread blocks per
multiprocessor (MTBPM). In general, there is a tradeoff between PBSM usage and MTBPM: increased

PBSM usage decreases MTBPM. Lower MTBPM
results in a lower warp occupancy and efficiency. The
CUDA occupancy calculator tool recommends a usage
of less than 4KB PBSM for our implementation.
Therefore, we have decided not to store the voting
matrix in PBSM but in local memory.
Furthermore, if the number of reads exceeds the
total number of threads used in the kernel our
implementation allows processing several reads per
thread. Overall, the steps of our CUDA implementation
are as follows.
1. Pre-computation on the CPU: Program the
Bloom filter bit-vector by hashing each l-tuple
in the spectrum.
2. Data transfer from CPU to GPU: Transfer
bloom filter bit-vector and read data to the
allocated texture and global memory on the
GPU.
3. Execute CUDA kernel.
4. Data transfer from GPU to CPU. Transfer the
set of corrected/trimmed reads to the CPU and
save them to a file.

5. Performance Evaluation
We have evaluated the performance of our CUDA
implementation
using
several
simulated
Solexa/Illumina-style datasets as well as a real
Solexa/Illumina dataset. The simulated datasets have
been produced by generating random reads with a
given error-rate from a reference genome sequence. In
order to test scalability, we have selected yeast
chromosomes (S.cer5, S.cer7) and bacterial genomes
(H.inf, E.col) as reference sequences of various lengths
(ranging from 0.58Mbp to 4.71Mbp). Three datasets
have been created for each reference genome sequence
using per-base error-rates of 1%, 2%, and 3%. Each
dataset uses a constant read length of L=35 and has a
coverage of C=70. Thus, the size of simulated input
datasets varies from 1.1M to 9.4M reads. The real
dataset consists of 3.9M unambiguous reads of length
35
each
and
was
downloaded
from
http://www.genomic.ch/edena.php. It has been
obtained experimentally by Hernandez et al. [7] using
the Illumina Genome Analyzer for sequencing the
Staphylococcus Aureus strain MW2 (H.Aci). We have
estimated the error rate of this dataset as 1% by
aligning each read to the reference genome using
RMAP [17]. The 12 datasets used for our performance
evaluation are summarized in Table 1.

Table 1: Datasets used for performance evaluation.
ID

A1
A2
A3
B1
B2
B3
C1
C2
C3
D1
D2
E

Reference genome
(GenBank ID)

Genome
Length

S.cer 5 (NC_001137)

0.58M

S.cer 7 (NC_001139)

1.1M

H.inf (NC_007146)

1.9M

E.col (NC_000913)

4.7M

S.aureus(NC_003923.1)

2.8M

Errorrate

1%
2%
3%
1%
2%
3%
1%
2%
3%
1%
2%
1%

Coverage

Read
length

Number of
reads

1.1M

2.2M
35

70

3.8M
9.4M
43

3.5M

Table 2: Runtime comparison (in seconds) between parallel CUDA and sequential Euler-SR error correction.

Dataset
Euler
CUDA
Speedup

A1
118
11
10.7

A2
187
14
13.6

A3
257
15
17.1

B1
239
20
11.9

B2
389
25
15.6

B3
535
28
19.1

We have measured the runtime of these 12 datasets
on an NVIDIA GeForce GTX 280 with CUDA version
2.0 and CUDA driver version 177.73. The GTX 280
comprises 30 SMs, each containing 8 SPs running at
1.3GHz. The total size of the device memory is 1GB.
The card is connected to an AMD Opteron dual-core
2.2GHz CPU with 2GB RAM running Linux Fedora 8
by the PCIe 2.0 bus. The performance of our CUDA
implementation is compared to a single-threaded C++
code running on the same CPU. It is taken from the
error correction for Solexa/Illumina data in Euler-SR
(using the version from Aug., 14th, 2008), which is
available at http://euler-assembler.ucsd.edu. The code
is a serial implementation of the single-mutation error
correction algorithm presented in Section 4. It stores
the spectrum in a sorted vector and then calls the
efficient STL function std::lower_bound() for
membership queries. CUDA does generally not
support STL functions, which was one of the reasons
to use a Bloom filter data structure instead. Table 2
shows the runtime comparison between the sequential
and the CUDA implementation for all datasets using
the default parameters l=20 and m=6. The CUDA
timings include pre-computation time on the CPU,
CUDA kernel time, and CPU-GPU data transfer time.

C1
455
44
10.3

C2
750
56
13.4

C3
1026
65
15.8

D1
1253
108
11.6

D2
1979
139
14.2

E
510
40
12.7

CUDA kernels are executed using 256 thread-blocks
and 256 threads per block. The Euler-SR code is
compiled using GNU GCC 4.1.2 with the Full
Optimization (-O3) enabled.
The speedup values in Table 2 indicate the
following trends:
y
The speedup increases for higher error rates.
The trend can be explained as follows. The singlemutation voting algorithm contains the data-dependent
conditional branch “if (ri[j…j+l−1]∉Tm.l(R))” (see
Algorithm 1) that is executed for each l-tuple in the
given read. This leads to inefficiencies in the CUDA
implementation due to the SIMT execution model (see
Section 3). Threads, for which this statement is true,
execute another 3⋅l membership tests. Threads, for
which this statement is false, need to wait for these
threads within the same warp to finish these tests. The
number of error-free reads is decreasing for higher
error rates, e.g. for L=35, 70%, 49%, and 34% of reads
are error-free for error-rates of 1%, 2%, and 3%,
respectively. Thus, the number of waiting threads per
warp is decreasing for higher error-rates, which in-turn
improves the efficiency of the CUDA implementation.

Table 3: Definitions of TP, FP, FN, and TN for the read identification classification test.

Read condition
Algorithm
outcome

erroneous
TP
FN

Fixed, trimmed, or discarded
Unchanged

error-free
FP
TN

Table 4: Performance of the read identification classification test measured in sensitivity and specificity for
each dataset. The number of reads in the four sets TP, FP, TN, and FN is also shown.

A1
A2
A3
B1
B2
B3
C1
C2
C3
D1
D2
E

TP

FP

FN

TN

Sensitivity

Specificity

339,716
578,346
746,559
643,112
1,093,320
1,411,258
1,128,563
1,920,114
2,476,651
2,734,051
4,651,747
951,063

12
24
10
25
34
32
26
24
36
122
196
90

696
2,337
4,179
1,343
4,449
8,200
2,360
7,868
14,612
5,963
19,460
3,814

813,320
573,056
403,052
1,537,422
1,084,129
762,526
2,698,039
1,901,030
1,337,898
6,539,234
4,608,147
2,474,218

99.800%
99.600%
99.443%
99.791%
99.594%
99.422%
99.791%
99.591%
99.413%
99.782%
99.583%
99.600%

99.999%
99.996%
99.998%
99.998%
99.997%
99.996%
99.999%
99.999%
99.997%
99.998%
99.996%
99.996%

Table 5: Reads in TP that have not been discarded (i.e. they are either corrected or trimmed). The percentage
of reads in the corrected/trimmed dataset that are accurately corrected/trimmed is also given.

Dataset
Corrected/
Trimmed (in %)
Accuracy (in %)

A1
A2
95.4 92.2

A3
88.8

B1
94.9

B2
92.1

B3
88.8

99.5 99.1

99.1

99.5

99.1

98.7 99.5 99.1 98.7 99.5 99.1 99.4
that the algorithm identifies erroneous reads with very
high accuracy.
Our implementation outputs four datasets:
unchanged reads, corrected reads, trimmed reads, and
discarded reads. The union of unchanged, corrected
and trimmed reads is usually taken as an input dataset
to a subsequent de-novo DNA fragment assembly
algorithm. Therefore, we have further analyzed the
reads that have been classified as TP. The amount of
corrected/trimmed reads relative to the number of
discarded reads is shown Table 5. Furthermore, Table
5 shows the accuracy of the actual correction/trimming
operation; i.e. if correction/trimming is done at the
correct read positions.
Table 5 shows that the percentage of
corrected/trimmed reads decreases compared to the
discarded reads for higher error-rates. This can be
explained by the larger number of erroneous reads with
more than one error for higher error-rates. These reads
cannot be corrected with the single-mutation voting

We have further analyzed the accuracy of our
CUDA implementation in terms of
y
Identification; i.e. identifying reads as
erroneous or error-free.
y
Correction; i.e. correcting reads, which have
been identified as erroneous.
The identification of erroneous reads can be defined
as a binary classification test. The corresponding
definitions of true positive (TP), false positive (FP),
true negative (TN), and false negative (FN) are given in
Table 3. Sensitivity and specificity measures are then
defined as:
sensitivity

;

specificty

.

Table 4 shows the specificity and sensitivity
measures for the 12 tested datasets. It can be seen that

C1
95.0

C2
92.2

C3
D1
88.9 94.9

D2
E
92.2 79.9

algorithm; and will therefore be either trimmed or
discarded. A further observation is that the percentage
of corrected/trimed reads is lower for the real dataset
(i.e. dataset “E”) than for the simulated datasets with a
similar error-rate (1%). The likely reason for this is
that errors in real reads are not as evenly distributed as
in our simulated reads. A recent paper [6] has reported
that error rates in Solexa/Illumina reads range from
0.3% at the beginning of a reads to 3.8% at the end of
reads.

[5]

[6]

[7]

6. Conclusion and Future Work
Emerging HTSR sequencing technologies presents
a major bioinformatics challenge. In particular,
Bioinformatics tools that can process massive amounts
of short reads are required. A promising approach to
address this challenge is to write scalable software for
modern many-core architectures such as GPUs. In this
paper we have presented the design, implementation
and testing of a parallel short read error correction
method using the CUDA programming model. In order
to derive an efficient CUDA implementation we have
used a space-efficient Bloom filter for hashing and
taken advantage of the CUDA memory hierarchy. Our
performance evaluation on a commodity GPU shows
speedups of up to 19 times for datasets of various sizes
and error rates.
HTSR technologies such as Solexa/Illumina are
capable of generating much larger datasets than the
ones used in this paper. Therefore, our future work
includes testing the scalability of the presented
algorithm on even bigger datasets and for different
read/tuple-lengths. The produced software will also be
made publicly software available. Furthermore, we are
planning to improve the correction performance of real
datasets by running a double-mutation or triplemutation voting algorithm on the trimmed and
discarded read datasets
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