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Abstract. To study the genetic variations of a species, one basic oper-
ation is to search for occurrences of patterns in a large number of very
similar genomic sequences. To build an indexing data structure on the
concatenation of all sequences may require a lot of memory. In this pa-
per, we propose a new scheme to index highly similar sequences by taking
advantage of the similarity among the sequences. To store r sequences
with k common segments, our index requires only O(n + N log N) bits
of memory, where n is the total length of the common segments and N
is the total length of the distinct regions in all texts. The total length
of all sequences is rn + N , and any scheme to store these sequences
requires Ω(n + N) bits. Searching for a pattern P of length m takes
O(m+m log N +m log(rk)psc(P )+ occ log n), where psc(P ) is the num-
ber of prefixes of P that appear as a suffix of some common segments
and occ is the number of occurrences of P in all sequences. In practice,
rk ≤ N , and psc(P ) is usually a small constant. We have implemented
our solution1 and evaluated our solution using real DNA sequences. The
experiments show that the memory requirement of our solution is much
less than that required by BWT built on the concatenation of all se-
quences. When compared to the other existing solution (RLCSA), we
use less memory with faster searching time.

1 Introduction

The study of genetic variations of a species often involves mining very similar
genomic sequences. For example, when studying the association of SNPs (single
nucleotide polymorphism) with a certain disease [3,1] in which the differences on
a few characters in the genomes cause the disease, the same regions of individual
genomes from different normal people and patients are extracted and compared.
These different sequences are almost identical except on those SNPs. The length
of each sequence can be from several million to several hundred million, and the
number of copies can be up to a few hundreds.

When studying these similar sequences, a basic operation is to search the
occurrences of different patterns. This seems to be straightforward as one can
consider a given set of similar sequences as a single long sequence and exploit clas-
sical text indexes like suffix trees or even better, compressed indexes like BWT
1 The software is available at http://i.cs.hku.hk/∼sbhuang/SimDNA/
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(Burrows-Wheeler Transform) to perform very fast pattern searching [9, 10].
However, these indexes would demand much more memory than ordinary com-
puters can support. Roughly speaking, a suffix tree requires more than 10 bytes
per nucleotide, and BWT requires 0.5 to 1 byte per nucleotide (other compressed
indexes like CSA [6] and FM-index [4, 5] have slightly higher memory require-
ment). Consider a case involving 250 sequences each of 200 million nucleotides.
To index all these sequences, even BWT would require about 40 Gigabytes, far
exceeding the capacity of a workstation. The problem of these naive solutions
lies on that they do not take advantage of the high similarity of these sequences.
In this paper we propose a new scheme to index highly similar sequences. It
takes advantage of the similarity to obtain a very compact index, while allowing
very efficient searching for any given patterns.

We first consider the following model of similarity of the input sequences. We
assume that the positions in a sequence at which the symbols are different from
other sequences are more or less the same for all sequences. One example is the
SNP locations in a set of genes. Details are given as follows.

Model 1: Consider r sequences T0, T1, . . . , Tr−1, not necessarily of the same
length. Assume that they have k segments C0, C1, . . . , Ck−1 in common. That
is, each Ti is equal to Ri,0C0Ri,1C1 . . . Ck−1Ri,k, where Ri,j (0 ≤ j ≤ k) is a
segment varies according to Ti. Note that some Ri,j can be empty and, for any
i′ �= i, Ri,j and Ri′,j may not have the same length.

Below we use n to denote the total length of all Cj ’s, and use N to denote
the total length of all Ri,j ’s over all Ti’s. Note that the total length of all Ti’s is
exactly rn + N . Since the sequences are highly similar, the length of each Ti is
dominated by n, and N << rn. Furthermore, N is usually larger than rk. The
problem is to design a space-efficient index to store the sequences while allowing
efficient search for any given pattern.

Our contributions: We develop a solution to solve the above problem by ex-
ploiting BWT and the suffix array data structures. Our solution requires O(n +
N log N) bits of memory. To search a pattern P of length m, our solution takes
O(m+m log N +m(log rk)psc(P )+ occ log n) time, where psc(P ) is the number
of prefixes of P that appear as a suffix of some common segments, and occ is the
total number of occurrences of P in all sequences. In practice, psc(P ) is usually
a small constant. It can also be shown that psc(P ) is upper bounded by O(log n)
for random sequences. We implemented our solution. To store 250 versions of a
sequence about 200M long, our solution only requires 2.7G memory. The mem-
ory requirement is only less than 7% of the memory required to store all 250
sequences using BWT. To search a pattern of length 500 in this collection of
sequences, it takes less than 0.5ms, thus our solution is practical.

We also extend our solution to another model of similarity of the input se-
quences. In this model, every pair of sequences have a few positions with different
nucleotides, but such positions vary from sequence to sequence. A typical exam-
ple is a set of genes from closely related species. In this case, we arbitrarily take
a sequence as a reference sequence, and the model is defined as follows.
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Model 2: Consider r sequences T0, T1, . . . , Tr−1, all of the same length n. Each
Ti (i �= 0) differs from T0 in xi positions, where xi << n. For i �= i′, the positions
at which Ti is different from T0 may not be the same as those of Ti′ .

With minor modification, our solution can also be applied to handle Model
2 with similar space and time complexity. [12] provides a solution (referred as
RLCSA) for Model 2. Their core idea is to make use of the run-length encoding
[11] to further compress BWT by considering the maximal segments in BWT in
which all symbols are the same (called runs). The key observation is that if we
concatenate all r sequences as a long sequence T , then construct BWT for T , the
expected value for the number of runs XT in T is bounded by X + O(s log L),
where X is the number of runs of BWT for T0, s is the sum of all xi’s, and L is
the total length of all sequences. Based on this bound, using our notation, their
space complexity is O((n + N log(rn + N)) log[(rn + N)/(n + N log(rn + N))]),
which is slightly worse than our solution. In practice, XT can be small. The
searching time complexities of both our and their solutions depend on a factor
which is related to the input data. We compare the two solutions based on real
experiments in Section 4.

2 Preliminaries

We give a brief review of two indexing data structures, namely, suffix array and
Burrows-Wheeler Transform (BWT) [2]. In the paper, we only consider DNA
sequences which are strings of 4 symbols, {A, C, G, T}, only.

Suffix array: Given a text T [0..n− 1], we define the suffix array of T , denoted
SA[0..n − 1], as follows. SA[i] = j if the suffix T [j..n − 1] is lexicographically
the i-th smallest suffix among all suffixes of T (and we say that the rank of the
suffix T [j..n − 1] is i). In other words, SA stores the starting positions of all
suffixes of T in lexicographical order. For any pattern P , suppose P appears in
T . We define the SA range of P with respect to T as [s, e] such that s and e
are respectively the rank of the lexicographically-smallest and largest suffix of T
that contains P as a prefix.

To find all occurrences of a pattern P in T , we can first compute the SA
range of P (using O(m log n) time [7]), afterwards the occurrences of P can be
retrieved from the suffix array directly one by one in constant time. To store
the suffix array of a text with n characters, we need to store n positions (more
precisely, n log n bits of memory) in addition to the text. Suffix array can also
be defined on a set of strings D0, D1, . . . , Dq−1 as follows. SA[i] = j if the string
Dj is lexicographically the i-th smallest among all given strings. The rank of Dj

is defined to be i. For any pattern P , suppose P appears as a prefix of some Di.
The SA range of P is defined to be [s, e] where s and e are respectively the rank
of the lexicographically-smallest and largest Di that has P as a prefix.

Burrows-Wheeler Transform (BWT): Given a text T [0..n − 1], the BWT
data structure, BWT [0..n−1], is defined as BWT [i] = T [j−1] where j = SA[i]
for SA[i] �= 0, otherwise, set BWT [i] = $, where $ is a special character not
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in the alphabet Σ and assumed to be lexicographically smaller than all other
characters. That is, BWT [i] stores the character immediately before the i-th
smallest suffix. BWT requires only the same amount of memory as for storing
the text. Using BWT and some auxiliary functions, we can compute the SA
range of a given pattern of length m in a backward manner (backward search)
in O(m) time [8, 9].

To retrieve the positions of an SA range, we only store part of the suffix array,
called sampled suffix array. Intuitively, we store one SA value for every α entries
for some constant α. More precisely, we store the SA[i] value for i = kα for
0 ≤ k ≤ ⌈

n
α

⌉
, i.e., we store the SA[i] value if the rank of the suffix T [SA[i]..n−1]

is a multiple of α. Retrieving the value for SA[i] where i is not a multiple of α
can be done by searching repeatedly the BWT data structure [8].

3 Our Solution

For Model 1, recall that the input is a set of r DNA sequences T0, T1, . . . , Tr−1,
each Ti can be partitioned into Ri,0C0Ri,1C1 . . . Ck−1Ri,k, where Cj (0 ≤ j ≤
k − 1) is a common segment that all sequences agree, and Ri,j (0 ≤ j ≤ k) is
called an R segment, which may be different for different Ti’s. Let n be the total
length of all common segments and N be the total length of all R segments.

Indexing data structure: Let C = C0$C1$ . . . $Ck−1$, where $ is a new sym-
bol and is lexicographically smaller than all other symbols. We store C as an
array of characters, together with another array StartC of the starting posi-
tions of each Ci in C which can be used to recover the text for any common
segment (see Figure 1 for an example, (b) shows the common segments, C, CR

together with StartC). We construct a BWT index for CR. Given a string P , we
can search the BWT index using PR to determine the SA range of PR, which
captures all the occurrences of PR in CR (that is, all occurrences of P in C).

Each Ti = Ri,0C0Ri,1C1 . . . Ck−1Ri,k. We consider every suffix d of Ti that
starts inside an R segment and refer it as a differentiating suffix. Note that N is
the total number of differentiating suffixes for all Ti’s. We sort the differentiating
suffixes of all Ti’s and construct a suffix array SAR[0..N − 1] such that SAR[i]
stores a reference to i-th lexicographically smallest differentiating suffix.

Before defining what is a reference, we need to show how each Ti and its R seg-
ments are represented. For each Ti, we only store its R segments. The segments
R0,0, . . . , R0,k, R1,0, . . . , R1,k, . . . , Rr−1,0, . . . , Rr−1,k are stored sequentially in a
character array T [0..N − 1]. We assign a segment number to each Ri,j , which
is its order in T . Precisely, the segment number of Ri,j is (k + 1)i + j. For ex-
ample, R0,0 is segment 0, R0,1 segment 1, and R1,0 segment k + 1 (see Figure
1(c) for an example of all R segments). Note that a segment number w can be
used to identify to which Ti this segment belongs, namely, i = �w/(k + 1)�. We
also construct an array StartT [0..r(k + 1) − 1] such that StartT [j] stores the
starting position of segment j in T . We are now ready to define a reference to
a differentiating suffix. It is essentially a pair of integers, (segment number w,
offset o), where T [StartT [w] + o] stores the first character of the differentiating
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Fig. 1. An example for the indexing data structure. (a) shows the input sequences, the
underlined segments are the R segments. (b) shows the common segments and content
of StartC . (c) shows the R segments and content of StartT . (d) shows all differentiating
suffixes in lexicographical order and also SAR, note that each entry in SAR stores the
pair (segment number, offset). (e) shows the example for SARo.

suffix. Given such a reference, we can recover every character of the suffix by
referencing the corresponding segments from T and C. Figure 1(d) shows an
example of all differentiating suffixes in lexicographical order and the contents
of SAR for the same example.

From SAR, we construct a subarray SARo that contains only those entries
with offset zero. In other words, SARo includes the differentiating suffixes start-
ing from the first character of an R segment. To save space, we only need to
store a segment number w in each entry of SARo as the offest is always zero. In
addition, let w correspond to the segment Ri,j , we store a number c-rank that
is the rank of the suffix $CR

j−1$CR
j−2 . . . $CR

0 among all suffixes of CR (if j = 0,
we set c-rank = −1). The latter is useful to determine if a pattern crosses the
boundary between a common segment and an R segment of some Ti. See Figure
1(e) for an example for SARo.

Space complexity: Given r similar sequences T0, T1, . . . , Tr−1, each can be
partitioned into k common segments and (k+1) R segments. For CR, we have a
BWT index and the array StartC of k entries. For T , we have the suffix arrays
SAR and SARo and the array StartT for the starting positions of all R segments.
The whole data structure requires O(n + N log rk + rk(log n + log N)) bits.



Indexing Similar DNA Sequences 185

Searching algorithm: Given a pattern P of length m, if it occurs in any of the
text Ti, there are three cases.
(1) P is completely inside a common segment.
(2) P is a prefix of a differentiating suffix of Ti (i.e., P starts in an R region).
(3) P can be partitioned into non-empty substrings P1P2 where P1 is a suffix of
a common segment Cj of Ti and P2 is a prefix of the following differentiating
suffix in Ti.

For Case 1, we search the BWT index of CR for PR. This takes O(m + occ1)
time, where occ1 is the number of Case 1 occurrences of P . For Case 2, we search
SAR for P . This takes O(m log N +occ2) time, where occ2 is the number of Case
2 occurrences of P .

Case 3 is the only non-trivial case, detailed as follows. Consider a particular
partition (P1, P2) of P . First, we search the BWT index of CR for the presence
of (P1$)R. Let LR1 be the resulting SA range. If LR1 is non-empty, P1 appears
as a suffix of some common segment. We then search the suffix array SARo

for P2 and let LR2 be the resulting SA range. For each x in LR2, suppose
SAR[x] = (w, c-rank ). Let i = �w/(k+1)� and t = w mod (k+1). By definition,
P2 has an occurrence in Ti, starting from the first character of Ri,t. Thus, if there
is a corresponding occurrence of P1 at the end of the common segment Ct−1, we
find a valid occurrence of P . We can make use of the c-rank stored in SARo

to perform the above checking in constant time. By definition, the c-rank value
stored in SAR[x] is the rank of the suffix $CR

t−1$CR
t−2 . . . $CR

0 with respect to
all suffixes of CR. Thus, if c-rank in within LR1, P1 must appear as a suffix of
Ct−1. This is summarized in the following lemma.

Lemma 1. Suppose P is partitioned into P1P2 as described above. For any x
in LR2, let SAR[x] = (w, c-rank ). Let i = �w/(k + 1)� and t = w mod (k + 1).
Then, if c-rank ∈ LR1, P has an occurrence in Ti, precisely, the concatenation
of the last |P1| characters of Ct−1 and the first |P2| characters of the differenti-
ating suffix Ri,tCtRi,t+1 . . . Ri,k.

Note that CR, StartC , T , and StartT are required for searching the suffix arrays
SAR and SARo. We put together the above ideas in Algorithm 1, which forms
the basics of the searching algorithm of Case 3. Note that BWT supports back-
ward searching. With the BWT index of CR, we can compute the SA ranges
for P [0], P [0..1]R, P [0..2]R, . . . P [0..m − 1]R incrementally using O(m) time; of
course, we can terminate the search as soon as an empty SA range is found.
Furthermore, from the SA range of P [0..i]R, we can compute the SA range of
(P [0..i]$)R in O(1) time using the auxiliary functions for BWT.

Time complexity: Below we denote psc(P ) to be the number of prefixes of P
which are suffixes of some common segments. In an iteration where (P [0..j]$)R

is found to have a non-empty LR1 (i.e., P [0..j] is a suffix of some common
segment), the corresponding LR2 may contain up to rk candidates and the
verification may take O(rk) time. The overall time required by Case 3 searching
is O(m + psc(P )(m log(rk) + rk) + occ3) time where occ3 is the number of Case
3 occurrences of P .
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Algorithm 1. Case 3 Search(P [0..m − 1])
Require: |P | > 0
Ensure: All Case 3 occurrences of P in T0, . . . , Tr−1

1: for j = 0 to m − 2 do
2: Using BWT of CR, find SA range LR1 of (P [0..j]$)R .
3: if LR1 is non-empty then
4: Find SA range LR2 of P [j + 1..m − 1] using SARo.
5: for each x ∈ LR2 do
6: Let SARo[x] = (w, c-rank ).
7: if c-rank ∈ LR1 then
8: Report the corresponding occurrence of P .
9: end if

10: end for
11: end if
12: end for

The problem of Algorithm 1 is that the time required in each iteration depends
on the size of LR2, yet it is possible that no entries in LR2 could form a valid
occurrence of P . To speed up the checking whether the c-ranks of the entries
captured by LR2 fall in LR1, we construct a 2-dimensional range search index
[13] of the c-ranks stored in SARo. Note that the value of each c-rank is in the
range [1..n]. Then given LR1 and LR2, we can find the existence of any c-ranks
specified by LR2 fall in the range LR1 in O(log n) time, and each occurrence can
be retrieved in O(log n) time. The time complexity of Case 3 becomes O(m +
psc(P )(m log(rk))+occ3 log n) time. The range search index requires O(rk log n)
bits. The overall result is summarized in the following theorem.

Theorem 1. Given r similar sequences T0, T1, . . . , Tr−1, each can be partitioned
into k common segments and (k + 1) R segments. Let n be the total length of
the common segments, and let N be the total length of the R segments. We can
build an indexing data structure using O(n + N log rk + rk(log n + log N)) bits
such that locating the occurrences of a pattern P of length m in the sequences
can be done in O(m + m log N + psc(P )(m log(rk)) + occ log n) time, where occ
is the total number of occurrences of P .

Extension to Model 2: Recall that in Model 2, we are given a set of r DNA
sequences T0, T1, . . . , Tr−1, all with the same length n, each Ti (i �= 0) differs
from T0 in xi positions. Let N =

∑
xi. We describe the version without using

range search index. Modifying it to use range search index is straightforward.
We redefine a differentiating suffix as a suffix in Ti such that this suffix starts

at one of the xi positions. There are N differentiating suffixes. Similar to Model
1, we store T R

0 as an array of characters and construct a BWT index for T R
0 . Note

that we do not have an array similar to StartC . Then, construct a suffix array
SAR for all differentiating suffixes. We can define an R segment as a maximal
region of characters in Ti which differ from the corresponding characters in T0

and label the R segments from 0 to s − 1 where s is the total number of R
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segments. We store T = R0R1 . . . Rs−1 as an array of characters. To recover each
differentiating suffix, we need an array StartT to store the starting position of
each segment in T and also the starting position of this segment in its original
sequence Ti. So, SAR will store a pair of integers (segment number w, offset o)
in order to reference a differentiating suffix.

From SAR, we construct SARo that contains only those entries with offset
zero. We construct an array B′ as follows. Let d = Ti[j..n−1] be a differentiating
suffix of SARo and rank of d in SARo is x. Then, consider T0[0..j − 1] and let
rank of T0[0..j − 1]R with respect to T R

0 be y. Then, we set B′[x] = y.
The searching algorithm is very similar. Given a pattern P , search P in SAR

to locate all occurrences of P which are completely inside a differentiating suffix.
Search PR in T R

0 using BWT to locate all occurrences of P in T0. The additional
checking we need here is for each occurrence of P in T0, we check if it also occurs
in the same position in each of Ti for all i > 0. The last case is to partition P into
P1 = P [0..j] (j < m−2) and P2 = P [j+1..m−1]. Then, search PR

1 using BWT.
Let the SA range returned be LR1. Search P2 using SARo and let the SA range
returned be LR2. For each x in LR2, check if B′[x] ∈ LR1. If yes, an occurrence
of P is found. The space complexity is O(n + N log N + s(log n + log N)) bits
while the time complexity is O(m + m logN + psc′(P )(m log s + s) + occ) where
psc′(P ) is the number of prefix of P that occurs in T0.

4 Evaluation

We first compare the memory consumption of our solution2 based on Model
1 with the following. Concatenate all sequences to a long sequence and apply
BWT directly on the long resulting sequence. We generate the texts as follow.
We use two chromosomes (Chromosome Y of length 25M and Chromosome 1 of
length 217M) and download the positions of SNPs for these chromosomes from
NCBI3. For Chromosome Y, 0.1% positions are SNPs. For Chromosome 1, 0.5%
positions are SNPs. Most of these SNPs are not consecutive, i.e., most of the R
segments are of length 1. The number of R segments (k + 1) are very similar to
the number of SNPs in both cases (23,677 and 980,618 for Chromosome Y and
1 respectively). We construct four test cases. Tests 1 and 2 use Chromosome Y
as Tests 3 and 4 use Chromosome 1. For Tests 1 and 3, we generate 50 texts
while for Tests 2 and 4, we generate 250 texts. For each text, for each position
of SNPs, we randomly generate a nucleotide. For the patterns, we randomly
select them from the texts with length varying from 50 to 500. For each length,
we repeat the experiment 100 times and obtain the average searching time. All
experiments were conducted in a personal computer with 8G memory and a dual
core 2.66GHz CPU.

For the BWT data structure for CR, we use 0.75bytes per character which
store 1/8 sampled SA for all our experiments. Table 1 shows the memory
2 There are a few implementation tricks we used to speed up the searching process.

Details will be given in the full paper.
3 ftp://ftp.ncbi.nih.gov/snp/organisms/human 9606/chr rpts



188 S. Huang et al.

consumed by our data structure and the memory required by using BWT to
store all texts. We can see that the amount of memory required by our solution
is about 2-9% of that required by using BWT. In fact, the smaller the amount
of SNPs, the more memory our scheme can save. For the searching performance,
Table 2 shows the searching time for different pattern lengths in both Test 2 and
Test 4. The searching time for Test 1 is similar to Test 2 and that for Test 3
is similar to Test 4. Note that the searching time for Test 2 is longer than that
for Test 4. The reason is because of the higher percentage of SNPs in Test 4.
The common segments are shorter and the searching will stop earlier (refer to
Step 3 of Algorithm 1). But then even for the slower case, searching a pattern
of length 500 can still be done in less than 0.5ms which is reasonably fast. This
shows that our solution is practical.

Table 1. Memory consumption of our solution

Text No. of No. of common Total length Memory
Chromosome length Texts (r) No. of SNPs segments (k) of R segments (N) Ours BWT
(Test 1) Y 25M 50 0.0247M (0.1%) 0.0237M 1.2M 35M 958M
(Test 2) Y 25M 250 0.0247M (0.1%) 0.0237M 5.9M 61M 4.8G
(Test 3) 1 217M 50 1.06M (0.5%) 0.98M 51M 716M 8.3G
(Test 4) 1 217M 250 1.06M (0.5%) 0.98M 253M 2.7G 41.6G

Table 2. Searching performance (in milliseconds) for Test 2 (250 copies of Chromosome
Y (25M)) and Test 4 (250 copies of Chromosome 1 (217M))

Ave. Searching Time (×10−3 seconds)

Pattern length 50 100 150 200 250 300 350 400 450 500

Test 2 0.083 0.127 0.170 0.211 0.252 0.295 0.334 0.372 0.410 0.450
Test 4 0.079 0.115 0.145 0.169 0.192 0.204 0.219 0.231 0.241 0.251

Table 3. Comparison of our solution with RLCSA (RLCSA v.1 requires less memory
with longer searching time; RLCSA v.2 can search faster but requires more memory.
The last column shows the ratio of our average searching time over theirs based on
RLCSA v.2).

No. of Memory Comparison in M Searching Time
Texts Ours (A) RLCSA v.1 (B) (A)/(B) RLCSA v.2 (C) (A)/(C) (Ours/RLCSA v.2)

25 102 113 90.3% 156 65.4% 13.2%
50 152 197 77.2% 277 54.9% 15.7%
75 203 277 73.3% 396 51.3% 17.6%
100 253 362 69.9% 514 49.2% 21.5%
125 304 445 68.3% 623 48.8% 23.2%

We also compare our solution with RLCSA for Model 2. We use simulated
data with text length 25M, mutation rate 1%. We compare their performance
using different number of texts. For the patterns, we follow [12] and use shorter
patterns with length 10 to 50. For each pattern length, we randomly retrieve
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1000 patterns from the texts and take the average searching time. RLCSA has
different settings, to compare memory consumption, we use the option which uses
the smallest amount of memory (with slower searching time). When comparing
the searching time, we use their option which can search faster but use more
memory. The results are shown in Table 3. The results show that we use less
memory and can search faster than RLCSA.

5 Discussion and Conclusions

Recall that the searching time of our solution depends on psc(P ), the number of
prefixes of P that is the suffix of some common segment Ci. If the sequences are
random texts, we can show that psc(P ) is upper bounded by O(log n) as follows.
Let P [0..c∗] be the longest prefix in P such that it is a suffix of some common
segment, say Ci[s− c∗ + 1..s]. It is obvious that psc(P ) = psc(Ci[s− c∗ + 1..s]).
Then, for any P , psc(P ) ≤ maxS′∈Δpsc(S′) where Δ is the set of all suffixes
over all common segments. Let Y = maxS′∈Δpsc(S′). To bound Y , we consider
a generalized suffix tree G for all common segments. For any S′ ∈ Δ, let u be the
node representing S′ in G, psc(S′) ≤ node depth of u which is upper bounded
by O(log n) for random texts [14].

We can further reduce the space complexity of our solution to O(n + N +
rk log(rk)) bits, closer to the lower bound of O(n+N) bits with a slightly increase
in searching time. Details will be shown in the full paper. For the evaluation of
our solution, we also tried different mutation rates, the performance is consistent
with the ones shown in the paper. We are now investigating how to extend the
scheme for approximate pattern matching.
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