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Abstract

Sampled string matching is a very effective technique to reduce the search
time for a pattern within a text at the cost of a small amount of additional
memory, used for storing a partial index of the text. This approach has
recently received some interest and has been applied to improve both online
and offline string matching solutions, improving standard solutions by more
than 50%. However, this improvement is currently only achievable in the
case of texts on large-sized alphabets, and remains small (or absent) in the
case of small-sized alphabets. In this article we propose an extension of the
approach to text-sampling, known as Character Distance Sampling, to the
case of small alphabets, obtaining an improvement of up to 98% compared
to standard solutions in the case of online string matching. We also extend
this approach to the case of offline string matching, introducing a sampled
version of the suffix array, obtaining performances up to 5 times higher than
the search obtained on the standard suffix array. Differently from what has
been done by previous solutions, our idea is not based on the reduction of
the number of indexed suffixes, but on the construction of the index directly
on the sampled text.

Keywords: Text processing, experimental algorithms, string matching

IThis paper is based on preliminary results appeared in Proceedings of the 22nd Italian
Conference on Theoretical Computer Science (ICTCS 2021) [13] and in Proceedings of the
25nd Prague Stringology Conference (PSC 2021) [T1]
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1. Introduction

Exact string matching is a fundamental problem in computer science and
in the wide domain of text processing. It consists in finding all the oc-
currences of a given pattern z in a large text y where characters of both
sequences are drawn from an alphabet 3.

It is a fundamental problem in computer science with applications in
many other fields, like natural language processing and information retrieval.
It is also a critical problem in computational molecular biology and plays a
very important role in biological sequences analysis, mainly due to the con-
stantly growing amount of molecular data extracted from living organisms.
For this reason sequence matching techniques play a very important role in
various applications in computational biology for data analysis. In addition,
as the size of data increases, the space required to store this data and the data
structures useful for solving the problem is also constantly increasing, which
is why it is necessary to adopt new efficient approaches that can drastically
reduce the space used while preserving the effectiveness of the search.

Applications require two kinds of solutions: online and offline string
matching. Solutions based on the first approach assume that the text is not
preprocessed and thus they need to scan the input sequence online, when
searching. Differently, solutions based on the second approach try to dras-
tically speed up searching by preprocessing the text and building a data
structure that allows searching in time proportional to the length of the pat-
tern. For this reason such kind of problem is known as indexed searching.
Sampled string matching is a technique that has recently received interest
and which is halfway between the two just described solutions, allowing both
to be improved. Its goal is to significantly cut down the space requirements
of indexed matching, on the one hand, and drastically reduce searching time
for the online solutions, on the other hand. However sampled string matching
allows so far to search efficiently only in the case of natural language texts or,
in general, when searching on input sequences over large alphabets, while its
performances degrade when the size of the underlying alphabets decreases.

In this paper, we present an extension of a previous approach [12], called
Character Distance Sampling (CDS), in two separate directions.

e We extend CDS to small alphabets obtaining a more feasible solution
in the case of biological data like genome or protein sequences and,
in general, in the case of small alphabets. Our proposed approach
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makes use of condensed characters in order to enlarge the size of the
underlying alphabet and, as a result, speed up the searching process
and reduce the space consumption of the resulting sampled text.

e We adapt the proposed sampling approach also in the case of the offline
search by developing a sampled variant of the suffix array based on
the CDS approach. Differently from what has been done by previous
solutions, our idea is not based on the reduction of the number of
indexed suffixes, but on the construction of the index directly on the
sampled text.

From our experimental results it turns out that the use of condensed
alphabets leads to reduce the space consumption up to 80% and to speed
up the online searching process up to 98%, significantly improving the re-
sults obtained by the previous text sampling approach. We also conducted
experimental tests for offline search, obtaining, also in this case, significant
improvements. Specifically, the new approach presented in this paper allows
a reduction of search times up to 5 times, compared to the times obtained
using the standard data structure.

The paper is organized as follows. First we briefly review previous so-
lutions related with our work making appropriate references to the most
relevant literature. In Section [3| we briefly review the Characters Distance
Sampling approach introduced by Faro et al. [12] and extend it to condensed
alphabets. Then, in Section [} we show how to apply our sampling approach
to the online string matching case, while its application to the case of offline
string matching is presented in Section [5] Finally, in Section [6] we present
experimental results and draw our conclusions in Section [7]

2. Related Results

Formally, the ezact string matching problem consists in finding all the
occurrences of a given pattern z, of length m, in a large text y, of length n,
where characters of both sequences are drawn from an alphabet ¥ of size o.

Online string matching solutions assume that the text is not preprocessed
and thus they need to scan the input sequence online, when searching. Their
worst case time complexity is ©(n), and was achieved for the first time by
the well known Knuth-Morris-Pratt (KMP) algorithm [24], while the optimal
average time complexity of the problem is ©(nlog,(m)/m) [38], achieved for
example by the Backward-Dawg-Matching (BDM) algorithm [6].

3



73

74

75

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

Many string matching solutions have been also developed in order to
obtain sub-linear performance in practice [9]. Among them the Boyer-Moore-
Horspool (BMH) algorithm [2, 20] deserves a special mention, since it has
inspired much work. Memory requirements of this class of algorithms are
very low and generally limited to a precomputed table of size O(mo) or
O(c?) [9]. However their searching time is always proportional to the length
of the text and thus their performances may stay poor in many practical
cases, especially for huge texts and short patternsﬂ

Differently, solutions based on indezed searching try to drastically speed
up searching by preprocessing the text and building a data structure that
allows searching in time proportional to the length of the pattern. The
literature in this research area is truly extensive and citing all the solutions
proposed over the years would go beyond the scope of this paper. However,
among the most efficient solutions to such problem we mention those based on
suffix trees [9], which find all occurrences in O(m+-occ)-worst case time, those
based on suffix arrays [2], which solve the problem in O(m + logn + occ) [2],
where occ is the number of occurrences of x in y, and those based on the FM-
index [15] (Full-text index in Minute space), which is a compressed full-text
substring index based on the Burrows-Wheeler Transform (BWT) allowing
compression of the input text while still permitting fast substring queries.
However, despite their optimal time performanceEL space requirements of
full-index data structures, as suffix-trees and suffix-arrays, are from 4 to 20
times the size of the text.

While the size of a compressed indexes, as the FM-Index [I5], is typically
less than the size of the text, it turns out that their space requirement is too
large for many practical applications.

An alternative solution to full indexes is to compress the input text and
search online directly the compressed data in order to speed-up the search-
ing process using reduced extra space. Such problem, known in literature
as compressed string matching, has been widely investigated in the last few
years. Although efficient solutions exist for searching on standard compres-
sions schemes, as Ziv-Lempel [33] and Huffman [3], the best practical be-

2Search speed of an online string matching algorithm may depend on the length of the
pattern. Typical search speed of a fast solution, on a modern laptop computer, goes from
1 GB/s (in the case of short patterns) to 5 GB/s (in the case of very long patterns) [4].

3Search speed of a fast offline solution do not depend on the length of the text and is
typically under 1 millisecond per query.
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haviour are achieved by ad-hoc schemes designed for allowing fast searching
129, [7, 23, 36], [16]. These latter solutions use less than 70% of text size ex-
tra space (achieving a compression rate over 30%) and are twice as fast in
searching as standard online string matching algorithms. A drawback of such
solutions is that most of them still require significant implementation efforts
and a high time for each reported occurrence.

One of the most interesting solutions to the problem are compact data
structures. Such structures are equipped with native tools for handling text
directly in its compressed form [31]. In general, however, they are not able
to compress text by orders of magnitude, offering only complex functionality
in the space required by raw data.

When working on repetitive texts the BWT, featuring long runs of equal
consecutive symbols, has enormous potential in terms of compression [32]
and compact data structures benefit from this feature. These include, for
example, a complete index for pan-genomics read alignment using prefix-
free parsing [26]. A relevant compressibility measure for a repetitive text
is indeed the number r of runs in their BWT. Based on this measure, the
Run-Length FM-index [2§] is able to efficiently count the number of occur-
rences of a pattern using O(r) space and in log-logarithmic time per pattern
symbol. Although it can be also extended [I7, [I8] in order to be able to
locate the positions of such occurrences without using additional space, such
data structures are designed to be efficient only in the case of very repetitive
texts.

2.1. Sampled String Matching

An alternative solution to the problem is sampled string matching, in-
troduced in 1991 by Vishkin [37], which consists in the construction of a
succinct sampled version of the text (which must be maintained together
with the original text) and in the application of any online string matching
algorithm directly on the sampled sequence.

Although any candidate occurrence of the pattern may be found more
efficiently, the drawback of this approach is that any occurrence reported in
the sampled-text requires to be verified in the original text. Apart from this
point a sampled-text approach may have a lot of good features: it may be easy
to implement if compared with other succint matching approaches, it may
require very small extra space and may allow fast searching. Additionally it
may also allow fast updates of the data structure.
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Apart the theoretical result of Vishkin, the first practical solution to
sampled string matching has been introduced by Claude et al. [5] and is
based on an alphabet reduction. In this paper we refer to this algorithm
as Occurrence Text Sampling (OTS). Specifically, if we let y be the input
text, of length n, and let  be the input pattern, of length m, both over an
alphabet X of size o, the main idea of the OTS approach is to select a subset
of the alphabet, S c¥ (the sampled alphabet), and then to construct a
partial-index as the subsequence of the text (the sampled text) ¢, of length
n, containing all (and only) the characters of the sampled alphabet 3. More
formally gli] € 3, for all 1 < i < A. However, since y contains partial
information, a table p is maintained in order to map, at regular intervals,
positions of the sampled text to their corresponding positions in y.

It turns out that the OTS approach leads to solutions which are to be up
to 5 times faster than standard online string matching and 2 times faster than
standard offline string matching on English texts. Such results are obtained
with an extra space requirement which is only 14% of text size[]

More recently Faro et al. presented a more effective sampling approach
based on character distance sampling (CDS) [12} [11], obtaining in practice
a speed up by a factor of up to 9 on English texts, using limited additional
space whose amount goes from 11% to 2.8% of the text size, with a gain in
searching time up to 50% if compared against the OTS approach. We will
describe in more detail the ideas on which the CDS approach is based in the
next section, in which we will extend their application to search for texts
on smaller alphabets using a technique based on condensed alphabets. In
fact, it should be emphasized that both OTS and CDS approaches to exact
string matching prove to work efficiently only in the case of natural language
texts or, in general, when searching on input sequences over large alphabets,
while their performances degrade when the size of the underlying alphabets
decreases.

4We also notice that some partial improvements have been thereafter presented by
Grabowsky and Raniszewski [I9]. They proposed a more convenient indexing suffix sam-
pling approach, with only a minimum pattern length as a requirement. Their experiments
show that the resulting solution achieves competitive time-space tradeoffs on most stan-
dard benchmark data.
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3. Character Distance Sampling and Condensed Alphabets

In this section we briefly present the sampling approach known as Char-
acter Distance Sampling (CDS) and extend it to the case of condensed al-
phabets.

Let y be the input text, of length n, and let  be the input pattern, of
length m, both over an alphabet ¥ of size 0. We assume that all strings can
be treated as vectors starting at position 1. Thus we refer to z[i] as the i-th
character of the string x, for 1 < i < m, where m is the size of x.

We elect a set C' C X to be the set of pivot characters. Given this
set of pivot characters we sample the text y by taking into account the
distances between consecutive positions of any pivot characters ¢ € C' in y.
More formally our sampling approach is based on the following definition of
position sampling of a text.

Definition 1 (Position Sampling). Let y be a text of length n, let C C X
be the set of pivot characters and let ng be the number of occurrences of any
c € C in the input text y.

First we define the position function, ¢ : {1,..,nc} — {1,..,n}, where (i)
1s the position of the i-th occurrence of any character of C in y. Formally
we have

(1) §5()<5(2+1) foreach1 <i<ng—1
(17) yl[d(i)] € for each 1 <i <n¢
(13i) y[o(z) + 1. (5(2 + 1) — 1] contains no c € C for each 0 < i < ng¢

where in (iii) we assume that §(0) =0 and 6(nc + 1) =n+ 1.
Then the position sampled version of y, indicated by v, is a numeric
sequence, of length ne, defined as

Y= <5(1>76<2)775(n0)> (1>

Example 1. Suppose y = “agaacgcagtata” is a DNA sequence of length 13,
over the alphabet ¥ = {a,c,g,t}. Let C' = {a} be the set of pivot characters.
Thus the position sampled version of y is y = (1,3,4,8,11,13). Specifically
the first occurrence of character a € C is at position 1 (y[1] = a), its second
occurrence is at position 3 (y[3] = a), and so on.

Example 2. As in Ezample [1, assume y = “agaacgcagtata” is a DNA se-
quence of length 13, over the alphabet ¥ = {a,c,g,t}. Let C = {a,c} be the

7
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set of piwot characters (now C contains two characters). Thus the position
sampled version of y is y = (1,3,4,5,7,8,11,13). Note that in this example
we sitmply added the two positions, 5 and 7, where the character ¢ occurs.

Definition 2 (Characters Distance Sampling). Let C' C ¥ be the set of pivot
characters, let nc < n be the number of occurrences of any pivot character
in the text y and let & be the position function of y. We define the characters
distance function A(i) = 0(i + 1) — 0(2), for 1 <i < ng — 1, as the distance
between two consecutive occurrences of any pivot character in y.

Then the characters-distance sampled version of the text y is a numeric
sequence, indicated by y, of length nc — 1 defined as

y = <A(1)7A(2)’ - A(”C - 1)> (2>
=(6(2) = 4(1),...d(nc) — é(nc — 1))

Plainly we have
nc—1

d A <n-1.

Example 3. Lety = “agaacgcagtata” be a text of length 13, over the alphabet
Y ={a,cqg,t}. Let C ={a} be the set of pivot characters. Thus the character
distance sampling version of y is y = (2,1,4,3,2). Specifically y[1] = A(1) =
5(2) —6(1) =3—-1=2, while y[3] = A(3) =0(4) —§(3) =8 —4 =14, and so

on.

Definition 3 (Rank of a character). Let x be a pattern of length m, and
let c € X.. We define ¢ : X — {0..m} as the function which associates any
character of the text with the number of its occurrences in x. The rank of
the character c is the position of ¢ in the alphabet X, if we assume that all
characters are sorted by their ¢(c) values in non increasing order. If two
characters of the alphabet have the same number of occurrences, then their
relative order is irrelevant. To avoid confusion, we assume that they are
arranged in lexicographic order. More formally the rank of ¢ is given by the
cardinality of the set {k € X | ¢(k) > ¢(c) or (¢p(k) = ¢(c) and k > ¢)} + 1

Example 4. Let again y = “agaacgcagtata” be a text of length 13, over the
alphabet > = {a,c,g,t}. The values associated by the function ¢ to the four
characters of the alphabet are ¢(a) = 6, ¢(c) = 2, ¢(g) = 3 and ¢(t) = 2,
respectively. Thus the character a has rank 1, while t has rank 4. The
characters ¢ and g have rank 2 and 3, respectively.

8
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It is important to notice that the description of the CDS approach pre-
sented in this paper is slightly simplified compared to that introduced in [12].
Specifically, in the original approach described in [12], use was made of the
k-bounded position function, & : {1,..,n.} — {0,..,k — 1}, where k is a
given threshold constant and dx(¢) is the position (modulus k), i.e.0x(i) =
[0(7) mod k|, for each i = 1,...,n.. Then then k-bounded-position sampled
version of y, indicated by g, is a numeric sequence, of length n. defined as
¥ = (0k(1),0(2), .., x(n.)). Plainly we have 0 < y[i] < k, foreach 1 < i < n,.

Although this allows to store each element of the sampled version of the
text using only log(k) bits, in order to be able to retrieve the original i-th
position 6(), of the pivot character, from the i-th element of the k-bounded
position sampled text g, we need to maintain a block-mapping table T which
stores the indexes of the last positions of the pivot character in each k-block
of the original text. Then, if we assume that the text y is divided in [n/k]
blocks of length k, with the last block containing (n mod k) characters,
then we have 7[i] = max ({7 : 0(j) < ik} U{0}), for 1 <i < [n/k]. Thus it
is trivial to prove that 7[i] = j if and only if 0(j) < (ik) and §(j + 1) > (ik).
In addition, since the values in the block mapping 7 are stored in a non
decreasing order, i.e. 7] < 7[i + 1], V 0 < i < [n/k], it follows that
3(j) = (7[b] — 1)k + 9[j], where b = min{i : 7[i] > j}.

In practical cases, the choice of k = 256 would allow the sampled text to
be stored using ne bytes, plus the additional space of 4n/k bytes to maintain
the block-mapping table.

In this paper, we simplified the representation of the CDS approach by
dropping the 7 table and keeping only the sampled text by storing each
position with 4 bytes. On the one hand, this makes the approach more
efficient from a practical point of view by avoiding the computation of the
d(i) value at each step of the algorithm. On the other hand, this increases
the space required for storing the partial index. However, this disadvantage
is largely mitigated by the extension of the approach to condensed alphabets,
presented in the next section.

3.1. Extension to Condensed Alphabets

Let y be an input string, of length n, over an alphabet X of size . Given
a constant parameter ¢, with 1 < ¢ < n, we define the condensed alphabet
Z?(,q), related to y, as

{ce¥ | c=yli.i+qg—1] forsomel1 <i<n-—qg+1}
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Roughly speaking Zg‘n is the set of all different substrings of length ¢ (or
g-grams) appearing in y. We define the g-condensed version of y as follows.

Definition 4 (¢-Condensed Sequence). Let y be a text of length n over an
alphabet X of size o and let ng” be the condensed alphabet, related to vy,
for a given constant parameter q. We define the q-condensed version of
the sequence y as the sequence, of length n — q + 1, of all consecutive (and
overlapping) substrings of length q appearing iny. More formally

Y@ = (y[l..q],y[2..¢ + 1], y[3..¢ + 2], .., y[n — ¢ + 1..n])

Example 5. Assume y = “agtagcgcagt” is a DNA sequence of length 11, over
the alphabet ¥ = {a,c,g,t}. Then we have

y? = (ag, gt,ta, ag, gc, cg, gc, ca, ag, gt)
YB3 = (agt, gta,tag, agc, geg, cgc, gca, cag, agt)

y@ = (agta, gtag, tagc, agcg, gege, cyca, geag, cagt)

Definition 5 (¢g-Characters Distance Sampling). Let C' C E:,(Jq) be the set of
pivot characters, let nc < n be the number of occurrences of any pivot char-
acter in the text y'9 and let § be the position function of y'9. We define the
g-characters distance function A as the distance between two consecutive
occurrences of any pivot character in y'?, where A (i), for1 <i < ng—1, is
the distance between the (i + 1)-th and the i-th occurrence of any occurrences
of any pivot character in y(‘J).

Then the g-characters-distance sampled version of the sequence y is a
numeric sequence of length nc — 1, indicated by g9 and defined as

7 = (A1), AD(),... AV (e~ 1) ®

Example 6. As in the previous Ezample[J] assume y = “agtagcgcagtagta” is
a DNA sequence of length 15, over the alphabet 3 = {a,c,g,t}. If we suppose
q=2 and C = {“ag"} is the set of pivot characters, then we have

) = (1,4,9,12)
7® = (3,5,3).

Similarly, if we suppose ¢ = 3 and C = { “agt” } is the set of pivot characters,

then we have
g3 = (1,9,12)

g®¥ = (8,3).

10
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In this paper we do not go into the way for a correct selection of the set
of pivot characters, and even we leave the details of an analysis about what
is the best subset to be chosen. However in our experimental evaluation (see
Section @ we will show how it is enough to put a single character in the
set of pivot characters. Such a character is selected on the basis of its rank
value, where we remember that the rank of a character ¢ corresponds to its
position in the alphabet > when we assume that all characters are sorted by
their frequencies inside the text (see Definition [3)).

As we will note later, even the choice of the most frequent character of
the alphabet (be it a single character or a g-gram) is enough to obtain a good
efficacy, both in terms of search time and in terms of space used for storing
the partial index. In the following two sections we will show how to apply
sampling techniques in the two main scenarios, that of online searching and
that of offline searching.

4. Online Sampled String Matching

In this section we show how the sampled text-based approach can be
adopted to solve the online string matching problem. Specifically, in a first
phase, we briefly present how the OTS approach is used in this scenario.
Next we present the solution for online string matching based on the CDS
approach, also based on a condensed alphabet. Such algorithms make use
of an auxiliary string matching algorithm, used for searching the sampled
pattern on the sampled text, and they work well with most of the known
string matching algorithms. However, since the sampled patterns tend to be
short, we assume that the search phase is implemented using the Horspool
algorithm, which has been found to be fast in such setting. Such assumption
is the same as that adopted in the paper by Claude et al. [5]

4.1. Online Searching Using the OTS Approach

Claude et al. [5] presented a very efficient algorithm for online string
matching based on their OTS approach. Specifically, let y be the input text,
of length n, and let x be the input pattern, of length m, both over an alphabet
S of size o. In addition let 3 C ¥ be the sampled alphabet, and let g be
the sampled text of length 7, containing all (and only) the characters of the
sampled alphabet.

The OTS algorithm constructs a sampled version of the input pattern,
Z, of length m during the searching phase. Such pattern is then searched in

11
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the sampled text. Since y contains partial information, for each candidate
position ¢ returned by the search procedure on the sampled text, the algo-
rithm has to verify the corresponding occurrence of x in the original text. For
this reason it uses information maintained in the table p to map positions of
the sampled text to their corresponding positions in the original text. The
position mapping p has size |n/h|, where h is the interval factor, and is such
that p[i] = j if character y[j] corresponds to character g[h xi]. More formally
we have, for 1 < i < |n/h|

pli] = j, if y[j] is the (h x i)-th occurrence in y of any character of 3

The value of p[0] is set to 0. In their paper, on the basis of an accurate
experimentation, the authors suggest to use values of h in the set {8, 16, 32}.

Then, if the candidate occurrence position j is stored in the mapping
table, i.e if p[i] = j for some 1 < i < |n/h], the algorithm directly checks
the corresponding position in y for the whole occurrence of x. Otherwise, if
the sampled pattern is found in a position r of g, which is not mapped in
p, the algorithm has to check the substring of the original text which goes
from position p[r/h| 4+ (r mod h) —a + 1 to position p[r/h + 1] — (b — (7
mod h)) — a + 1, where « is the first position in 2 such that z[a] € 3.

Notice that, if the input pattern does not contain characters of the sam-
pled alphabet, i.e. m = 0, the algorithm merely reduces to search for x in
the original text y.

Example 7. Suppose y = “abaacabdaacabee” is a text of length 15 over the
alphabet 2 = {a,b,c,d}. Let 3= {b,c,d} be the sampled alphabet, by omitting
character “a”. Thus the sampled text is y = “bcbdcbec”. If we map every
h = 2 positions in the sampled text, the position mapping p is (5,8,12,14).
To search for the pattern x = “acab” the algorithm constructs the sampled
pattern T = “cb” and search for it in the sampled text, finding two occurrences
at position 2 and 5, respectively. We note that §[2] is mapped and thus it
suffices to verify for an occurrence starting at position 4, finding a match.
However position §[5] is not mapped, thus we have to search in the substring

y[p(2) + 3 — 1..p(3)], finding a match at position 10.

The real challenge in their algorithm is how to choose the best alphabet
subset to sample. Based on some analytical results, supported by an experi-
mental evaluation, they showed that it suffices in practice to sample the least
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frequent characters up to some limitﬁ are removed from the original alpha-
bet. Under this assumption their algorithm has an extra space requirement
which is only 14% of text size and is up to 5 times faster than standard online
string matching on English texts.

4.2. Online Searching Using the CDS Approach

Let y be an input text of length n over an alphabet X of size o, let ¢ > 1
and let Eéq) be the condensed alphabet over ¥. In addition let C' C %@ be
the set of pivot characters.

During the preprocessing phase the algorithm performs a scanning of the
text y and builds the corresponding position sampled text §(9.

Let now x be an input pattern of length m and let m¢ be the number of
occurrences of any pivot character in (9. The searching phase can be then
divided in three different subroutines, depending on the value of m¢e. All
searching procedures work using a filtering approach. The idea behind such
searching procedures is to take advantage of the sampled text ¢(@ computed
during the preprocessing phase in order to quickly locate any candidate sub-
string s of the original text which may include an occurrence of the pattern.

If such candidate substring s has length m then the algorithm simply
performs a character-by-character comparison between the pattern and the
substring. Otherwise if the candidate substring s has length greater than m,
then a searching procedure is called, based on a standard exact online string
matching algorithm, for searching the pattern x in s.

In what follows we describe in details the three different searching proce-
dures which are applied when m¢ = 0, mg = 1 and m¢ > 1, respectively.

Case 1: mg =0

If the pattern contains no occurrence of any pivot characters, we have that
me is equal to 0. Under this assumption the algorithm searches for the
pattern x in all substrings of the original text which do not contain the pivot
characters. Specifically such substrings are identified in the original text by
the intervals [6(® (i) + 1..8D(i + 1) + ¢ — 2], for each 0 < i < n¢, assuming
§@90) =0 and 0@ (ng +1) =n—q+ 2.

®According to their theoretical evaluation and their experimental results it turns out
that, when searching on an English text, the best performance are obtained when the 13
most frequent characters
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SEARCH-0(z, 99, y, q)
m < len(z)
ne « len(y)
(@ [0] <0
7 Dne+1] +n—q+2
fori < 1tonc+1do
if (O[] — 9y D[i—1] +¢—2>m) then
I gD —1]+1
7 g D[] +q—2
search for x in y[l..r|

XN O T W W

Figure 1:  The pseudocode of procedure SEARCH-0 for the sampled string matching
problem, when no pivot character occurs in the input pattern x.

Specifically, for each 1 < ¢ < ng + 1, the algorithm checks if the value
7D (i) — D (i—1)+q—2 is greater or equal to m. In such a case the algorithm
searches for x in the substring of the text y[y@[i — 1] + 1.9@[i] + ¢ — 2]
using any standard string matching algorithm. Otherwise the substring is
skipped, since no occurrence of the pattern could be found at such position.
The pseudocode of procedure SEARCH-0 for the sampled string matching
problem, when no pivot character occurs in the input pattern z, is depicted

in Figure

Case 2: mg =1

If the pattern = contains a single occurrence of any character of the set
C, then the length of the sampled version of the pattern is still equal to 0.
However also in this case the algorithm is able to efficiently take advantage of
the information precomputed in ¢(%) using the positions of the pivot character
in (@ as an anchor to locate all candidate occurrences of z.

Specifically, let o be the unique position in & which contains the pivot
character, i.e. we assume that z]a..a+¢—1] = ¢ and that both z[1..c—1] and
x[a+1..m] do not contain any pivot character. Then, for each 0 <i < ngs—1,
the algorithm checks if the value (@ (i — 1) — @ (i — 2) is greater than a — 1
and if the value 3@ (i) — @ (i — 1) is greater than m — a. In such a case
the algorithm merely checks if the substring of the text y[y@[i — 1] — a +
1.9 D[ — 1] — a 4+ m] is equal to the pattern. Otherwise the substring is
skipped. As before we assume that y(0) = 0 and y(nc+1) = n+ 1. The last
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SEARCH-1(z, 49, ., q)

1. m <« len(x)

2. nc <« len(y)

3. a<+ min{i: 29[ e C}

4. ¢D[0] + 0

5 9 9ne+1]+n—q+2

6. fori<1tonc+1do

7. if (9@} —1)—-9y9[—2]>a—1and
yD[i] — yD[i — 1] > m — a) then

8. I+ 9D[i—1]-a+1

9. 7 gD —1] —a+m

10. compare z and y[l..7]

Figure 2:  The pseudocode of procedure SEARCH-1 for the sampled string matching
problem, when the pattern x contains a single occurrence of the pivot character.

alignment of the pattern in the text is verified separately at the end of the
main cycle. The pseudocode of procedure SEARCH-1 for the sampled string
matching problem, when the pattern x contains a single occurrence of the
pivot character, is depicted in Figure

Case 3: mg > 2

If the number of occurrences of any pivot character in C' is greater than
1 then the algorithm uses the sampled text ¢9 to compute on the fly the
sampled version 9 of y@ and use it to search for any occurrence of z(@.
This is used as a filtering phase for locating in y any candidate occurrence.

First the character distance sampled version Z of = is computed. Then
the algorithm searches for Z in § using any exact online string matching
algorithm. Notice that ¢ can be efficiently retrieved online from the sampled
text g, using relation given in ({2)).

For each candidate occurrence ¢ of Z located in ¢, an additional procedure
must be run to check if such occurrence corresponds to a match of the whole
pattern z in y. For this purpose the algorithm checks if the substring of the
text y[yD[i]—5?[0]..9'9 [i]+m—1] is equal to x, where (@ [0] is the position of
the first occurrence of the pivot character into the pattern. The pseudocode
of procedure SEARCH-2" for the sampled string matching problem, when the
pattern x contains at least 2 occurrences of the pivot character, is depicted
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SEARCH-27(z, 99, y, q)
m <« len(z)
(29, m) + COMPUTE-DISTANCE-SAMPLING (7, m, C)
search for z(@) in (@
for each i such that (@ = §(@[i..i +m — 1] do
L g0 — [0
7 g D[] +m —1
compare x and y[l..r]

N OUE W=

Figure 3: The pseudocode of procedure SEARCH-271 for the sampled string matching
problem, when the pattern x contains at least 2 occurrences of the pivot character.

in Figure [3

4.8. Complexity Issues

In this section we prove that, assuming an underlying auxiliary string
matching algorithm with a linear worst case and a O(nlog(m)/m)) average
case time complexity, the resulting algorithm based on Character Distance
Sampling over condensed alphabets achieves an optimal O(n) time complex-
ity in the worst-case and a O(nlog(m)/m)) time complexity in the average
case. The following lemmas prove that procedures SEARCH-0, SEARCH-1
and SEARCH-2%, respectively, achieve, under suitable conditions, optimal
time complexity in both worst and average cases.

Lemma 1. Le x and y be two strings of size m and n, respectively, over an
alphabet 3 of size 0 > 1. Let C C £ be set of pivot characters and let 9
be position sampled version of the text y. Under the assumption of equiprob-
ability and independence of characters in X2, the worst-case and average time
complexity of SEARCH-0 are O(n) and O(nlog, m/m), respectively.

Proof. In our argumentation we refer to the pseudo-code reported in Figl[]
In order to evaluate the worst-case time complexity of SEARCH-0, we can
notice that each substring of the text is scanned at least once in line 8, with
no overlap. Thus if we use a linear algorithm to perform the standard search
then it is trivial to prove that the whole searching procedure requires

ne—1

TO (n) = O(m) + Z 0 (A9 (1)) = O(n).
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where, the O(n) term is related to the pre-processing of the pattern, while
each O(A@W(4)) term corresponds to the time required to process the sub-
string y?[0(4)..0(i + 1)].

Assuming that the underlying algorithm has an O(nlogm/m)) average
time complexity, on a text of length n and a pattern of length m, we can
express the expected average time complexity as

ne—1 .
C A9 (4)log, m nlog, m
70 — E ( = VJTTor T ) =T I
(") 0 < m ) 0 ( m )

i=1
[

Lemma 2. Le x and y be two strings of size m and n, respectively, over
an alphabet ¥ of size 0 > 1. Let C C X9 be the set of pivot characters
and let 49 be the position sampled version of the text y. Under the as-
sumption of equiprobability and independence of characters in X, the worst-
case and average time complexity of the SEARCH-1 algorithm are O(n) and
O(nlog, m/m), respectively.

Proof. In our argumentation we refer to the pseudo-code reported in Fig[2] In
order to evaluate the worst-case time complexity of the procedure, notice that
each character could be involved in, at most, two consecutive checks in line
10. Specifically any text position in the interval [§(i —1)41..5(i) — 1] could be
involved in the verification of the substrings y[6(i—1) —a+1..6(i—1)+m—q/]
and y[6(i) —a+1..6(¢) +m —«]. Thus the overall worst case time complexity
of the searching phase is Tl (n) = O(n).

In order to evaluate the average-case time complexity of the procedure,
notice that the expected number of occurrences in y? of the set of pivot
characters is given by E(n.) = n/o. Moreover, for any candidate occurrence
of x in y, the number E(insp) of expected character inspections performed
by procedure VERIFY, when called on a pattern of length m, is given by

m—1 i
1 o
E(i =1 -] <
(insp) + ZZI <0> S -7
Thus the average time complexity of the algorithm ican be expressed by
Talvg(n) = E(n.) - E(insp) =
0(3)-0GH) =

0 (3%)

o—1
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obtaining the optimal average time complexity O(nlog, m/m)) for great
enough alphabets of size ¢ > (m/log, m) + 1, and for k > o. ]

Lemma 3. Le x and y be two strings of size m and n, respectively, over
an alphabet ¥ of size 0 > 1. Let C C X9 be the set of pivot characters
and let 49 be the position sampled version of the text y. Under the as-
sumption of equiprobability and independence of characters in X, the worst-
case and average time complexity of the SEARCH-2T algorithm are O(n) and
O(nlog, m/m), respectively.

Proof. In our argumentation we refer to the pseudo-code reported in Fig[3]
In order to evaluate the worst-case time complexity of the algorithm in this
last case notice that, if we use a linear algorithm to search y for z, the
overall time complexity of the searching phase is O(n. + n,m), where n,
is the number of occurrences of z in y. In the worst case it translates in
O(n.m) worst case time complexity. However it is not difficult to suppose
to implement procedure VERIFY based on a linear algorithm, as KMP, in
order to remember all positions of the text which have been already verified,
allowing the algorithm to run in overall T..(n) = O(n) worst-case time
complexity.

In order to evaluate the average-case time complexity of the algorithm
notice that time required for searching z in y is O(n.logm./m.). Moreover,
observe that the number of verification is bounded by the expected number
of occurrences of the pivot character in y, thus, following the same line of
Theorem [2] the overall average time complexity of the verifications phase is
O(n/(c — 1)). Thus the average time complexity of the algorithm can be

expressed by
2 n.logm n
7" — Do e
) = 0 (M) o (1)

obtaining the optimal average time complexity O(n log, m/m) for great enough
values of o, such that o > (m/log, m) + 1. O

5. Offline Sampled String Matching

In this section we describe an approach to indexed searching which makes
use of a suffix array constructed over the sampled version of the text. In our
evaluation we have chosen to use the suffix array [30] as a reference point since
it can be counted among the most efficient standard solutions to the offline
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string matching problem and because this solution was previously adopted
by Claude et al. [5] for comparison with their approach to text sampling.

We report that the suffix array data structure can be improved in various
ways. For instance it can be effectively compressed with relative Lempel-Ziv
(RLZ) dictionary compression, in such a way that arbitrary sub-arrays can be
rapidly decompressed, thus facilitating compressed indexing [34] [35]. Among
other possibilities we also report that a Suffix Array can be enhanced by rep-
resenting a sequence of integers using Fibonacci encodings, thereby reducing
the space requirements while retaining the searching functionalities [I]. In
addition a Suffix Array can be improved in efficiency in various ways [25].
However, these improvements are beyond the scope of this work, which in-
tends to verify how a sampled text-based approach can improve the search
efficiency of offline approaches, although it is possible to imagine that differ-
ent data structures can achieve different improvements.

We remember that a suffix array is a sorted array of all suffixes of a
string. Such data structure has been introduced by Manber and Myers in
1990 [30] as a simple, space efficient alternative to suffix trees [9]. It has been
extensively studied in the last three decades and in 2016 Li, Li and Huo [27]
gave the first in-place O(n)-time construction algorithm that is optimal both
in time and space, where in-place means that the algorithm only needs O(1)
additional space beyond the input string and the output suffix array.

Formally, given a text y of length n, the suffix array s, of y is defined
to be an array of integers providing the starting positions of suffixes of y
in lexicographical order. This means that s,[i] contains the starting posi-
tions of the i-th smallest suffix in y and thus for all 1 < i < n, we have

y[sylt — 1].n] < y[s,[i]..n].

Example 8. Let y = “agaacgcagtata” be a text of length 13, over the alpha-
bet ¥ = {a,c,g,t}. The suffic array, s,, contains the starting positions of all
suffizes of y, arranged in lexicographical order. Specifically we have:
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sl =12 — {(a)

sy[2] =2 — (aacgcagtata)
sy[3] =3  — (acgcagtata)
sy[d] =0 — (agaacgcagtata)
sylb] = — (agtata)

sy[6] =10 — (ata)

s,[71 =6 — (cagtata)

5,18 = — (cgcagtata)
sy9 =1 — (gaacgcagtata)
s,[10] = — (gcagtata)
sy[11] = — (gtata)

s,[12] =11 — (ta)

sy[13] =9  — (tata)

The time complexity needed to build suffix array is O(n?log(n)) if an
O(nlog(n)) algorithm is used for sorting the array of all suffixes. However,
there are many efficient algorithms to build suffix array [22]. Once the suffix
array is built, it is possible to search a pattern using the suffix array by a
binary search in O(nlog(n)) time. However it has been proved that we can
report all occ occurrences of a pattern in a text in O(m + log(n) + occ) [2].
In the following two subsections we show how the suffix array based solution
can be adapted to the OTS and CDS approaches presented in this paper.

5.1. Offline Searching Using the OTS Approach

To turn the sampling approach into an index, Claude et al. use a suffix
array to index the sampled positions of the text. When constructing the suffix
array, only suffixes starting with a sampled character will be considered, but
the sorting will still be done considering the full suffixes. The resulting
sampled suffix array is like the suffix array of the original text where suffixes
starting with unsampled characters have been omitted.

Example 9. Let again y = “agaacgcagtata” be a text of length 13, over the
alphabet ¥ = {a,c,g,t}. The sampled suffic array, sy, contains the starting
positions of all suffixes of y beginning with a character with the sampled alpha-
bet, arranged in lexicographical order. Specifically, assuming that 3= {a, g},
we have:
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sgl2] =2 — (aacgcagtata)
sgl3] = — (acgcagtata)
sgld] = — (agaacgcagtata)
sgld] = — (agtata)

sgl6] =10 — (ata)

sgl7l =1  — (gaacgcagtata)
sgl8] =5 — (gcagtata)

sgl9] =8  — (gtata)

Search on the sampled suffix array is carried out as follows. Given a
pattern x the algorithm finds the first sampled character of the pattern.
Assume such character is at index j of x. The pattern is then partitioned into
the prefix z[1..j — 1] and the suffix starting with the first sampled character
x[j..m]. The algorithm then searches the sampled suffix array for the suffix
of the pattern like in an ordinary suffix array. Each candidate occurrence
located by this search will then be verified by comparing the prefix x[1..5 — 1]
against the text. Observe that the OTS suffix array can be used for searching
a text only for patterns that contain at least one sampled character.

5.2. Offtine Searching Using the CDS Approach

The algorithm we propose is divided into two phases: a first preprocessing
phase which consists in the construction of a sampled version, sy, of the suffix
array and a searching phase which is used to search any pattern x of length
m in y making use of the suffix array s; and the sampled text y. We notice
that, as it happens in any offline string matching solution, the preprocessing
phase is performed only once for the construction of the partial index, while
the searching phase can be run for an indeterminate number of queries. We
notice also that the algorithm must maintain the original text y, the sampled
version of the text y and the corresponding suffix array s;.

We are now ready to describe the preprocessing and the searching phase
of our new proposed algorithm.

As before, let y be an input text of length n over an alphabet X of size
o and let C' C X be the set of pivot characters. During the preprocessing
phase the algorithm builds and stores the position sampled text y of y. This
requires O(n)-time and O(n.)-space, where n, is the number of occurrences
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of any pivot character in y. Subsequently a suffix array of y is constructed
on the fly using information maintained in .

As a consequence, when constructing the suffix array of g, the algorithm
takes into account only suffixes beginning with a pivot character in the origi-
nal text, drastically reducing the space requirement for maintaining the whole
index.

Definition 6 (CDS Suffix Array). Let y be a text of length n, let C C X
be the set of pivot characters and let ng be the number of occurrences of
any ¢ € C in the input text y. Le 6 : {1,..,nc} — {1,..,n} be the position
function and let 1 be the position sampled version of .

The CDS suffix array sy of y is defined to be an array of all index posi-
tions i, with 1 <i < ne — 1 such that y[sy[i — 1]..nc — 1] < g[syli]..nc — 1].

Example 10. Let y = “agaacgcagtata” be a text of length 13, over the al-
phabet 2 = {a,c,g,t}. Let C = {a} be the set of pivot characters. Thus the
position sampled version of y is y = (1,3,4,8,11,13), while the character
distance sampled version of y is § = (2,1,4,3,2).

The sampled suffiz array, sz, contains all positions in y, starting with a
pwot character ¢ € C, arranged in lexicographical order with respect to the
suffizes of y. Specifically we have:

sll] =1 —(1,4,3,2)
sgl2] =4 —(2)

s3] =0 —(2,1,4,3,2)
S§[4] =3 — <37 2)

slo] =2 —(4,3,2)

Thus, sz[0] =1 indicates that the smallest suffiz, in lezicographical order
relative to g, begins at position y[1] iny (it is y[1..4] = (1,4, 3,2)). Similarly
sy|1] = 4 indicates that the second suffiz begins at position y[4] in y.

During the searching phase the algorithm uses the suffix array of the
sampled text s; as an index to quickly locate every occurrences of a sampled
pattern T in y. Each of these occurrences is treated as a candidate occurrence
of z in y, and as such it will be verified by a comparison procedure.

The searching algorithm works as a standard search on a suffix array. It is
based of the fact that finding every occurrence of the pattern z is equivalent

22



567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

to find every suffix in ¢ that begins with the . Thanks to the lexicographical
ordering of the suffix array, all such suffixes are grouped together and can
be found efficiently with a single binary search, which locates the starting
position of the interval.

For the sake of completeness we observe that both the OTS and the
CDS suffix arrays resemble a sparse suffix array [21], which indexes regularly
sampled text positions. However, such data structure only need to make one
search of the sampled pattern, while using a sparse suffix array h searches
are needed if the suffix array indexes every h-th position. The drawback of
such data structures is that they can only be used for patterns that contain
at least one sampled character, whereas the sparse suffix array can be used if
the pattern length is at least q. The variance of the search time when using
the sampled suffix array is also larger than when using a sparse suffix array
because in the sampled suffix array we have much less control over the length
of the string that is used in the suffix array search.

5.3. Complexity Issues

In order to to compute the time complexity needed for searching a pattern
x, of length m, in a text y, of length n, we assume that ne is the number
pivot characters appearing in y. Then finding the first position of a sampled
pattern Z of length m¢ in a suffix array s; of length ne takes O(me log ne)-
time [2] while finding the set of all p occurrences of z in y takes O(p)-time.
Since each occurrence must be verified in the original text we need O(mp)
additional time for the verification phase. The overall time complexity of the
searching algorithm is then O(m¢ log(nc) + mp).

It is important to notice that such complexity leads to a worst-case sce-
nario that cannot be compared with the O(mlog(n))-time complexity ob-
tained by suffix arrays. Indeed, the verification phase component O(mp),
which is not required in standard suffix arrays, may in many cases be domi-
nant over the search phase compontent O(m¢ log(ne)).

If we assume, for instance that y = (abc)” and x = (abc)™ !(ach)™ and
the set of pivot characters is C' = {a}, the sampled suffix array reports all
text positions as candidate occurrences and the verification needs to be run
n time. This scenario leads to an overall worst-case time complexity equal
to O(nm) overall.
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6. Experimental Results

In this section we present experimental results obtained by comparing
the new proposed sampling approaches (using values of ¢ ranging between 2
and 4) against the standard Character Distance Sampling (CDS) approach
(obtained with ¢ set to 1). Experimental evaluations were conducted in both
the online and offline scenarios.

We compare our approaches against the Occurrence Text Sampling (OTS)
approach and against the standard solution for which no text sampling is
includedf] In order to conduct a comparison as fair as possible we also im-
plemented the OTS approach using g-grams, for values of ¢ ranging between
2 and 4

All algorithms have been implemented using the C programming lan-
guage, and have been tested using a variant of the SMART[| tool [I0] prop-
erly tuned for testing string matching algorithms based on a text-sampling.
Tests have been executed on a MacBook Pro with 4 Cores, a 2.7 GHz In-
tel Core i7 processor, 16 GB RAM 2133 MHz LPDDR3, 256 KB of L2
Cache and 8 MB of Cache L3. The code of the algorithms used to per-
form the experiments presented in this section is available online at https:
//www.dmi.unict.it/faro/SAMPLING/.

All algorithms, for both the online and offline scenarios, have been tested
on two 100MB text buffers containing a real biological sequence and a natural
language text in the English language. Specifically the biological sequence
is a collection of newline-separated gene DNA sequences (without descrip-
tions, just the bare DNA code) obtained from files 01hgp10 to 21hgp10,
plus Oxhgp10 and Oyhgp10, from Gutenberg Project. Each of the 4 bases is
coded as an uppercase letter A, G, C, T, with few occurrences of other special
characters. The natural language text buffer is the concatenation of English
text files selected from etext02 to etext05 collections of Gutenberg Project,
where the headers related to the project have been deleted so as to leave just
the real text. Both sequences are available for download in the P1zzA& CHILI
Corpus (http://pizzachili.dcc.uchile.cl).

In the experimental evaluation (for both online and offline searching),

6The standard solutions taken as a reference point are the Boyer-Moore-Horspool al-
gorithm for the online scenario and the search on suffix arrays for the offline scenario.

"The SMART tool is available online for download at http://www.dmi.unict.it/
~faro/smart/ or at https://github.com/smart-tool/smart.
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patterns of length m were randomly extracted from the sequences, with m
ranging over the set of values {2¢|3 < i < 8}. For each value of m, the mean
over the running times (expressed in hundredths of seconds) of 1000 runs has
been reported.

In our implementations we selected the pivot character on the basis of its
rank value, where we remember that the rank of a character c is the position
of ¢ in the alphabet X, if we assume that all characters are sorted by their
frequencies inside the text (see Definition [3)).

Then we evaluated the behaviour of our algorithms for different values
of the rank r of the selected pivot character and specifically for r ranging
between 1 (the most frequent character) and 16. Observe that if o is the size
of the original alphabet ¥, then ¢ is the size of the condensed alphabet ¥(@).
As a consequence, in the case of experimental tests on genome sequences and
q = 1, the value of the rank r is limited in the range between 1 and 4, since
4 is the size of the alphabet. We underline also that, in the case of the OTS
approach, the value of the rank r refers to variations of the size of the set of
sampled characters. Also in this case r ranges from 2 to 16.

6.1. Space Requirements

In the context of text-sampling string-matching space requirement is one
of the most significant parameter to take into account. It indicates how much
additional space, with regard to the size of the original input sequences, is
required by a given solution to solve the problem.

Text-sampling algorithms require to store the whole text together with
the additional sampled-text which is used to speed-up the searching phase.
Although sampled texts have the good property to allow a direct access to
the input text (when they are scanned sequentially), to be of any practical
interest they should require as little extra space as possible.

Fig. 4land Fig. [5[show the space consumption of the newly proposed text-
sampling approaches, in the case of a genome sequence and an English text,
respectively. Data are reported for different values of ¢ in terms of percentage
of memory used, in comparison with the original text size. We recall that,
in the case of CDS, memory space consumption is plotted on variations of
the rank of the pivot character. As expected, the function which describes
memory requirements shows a decreasing trend while the rank of the pivot
character increases. Similarly space consumption drastically decreases when
the size of ¢ increases.
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Figure 4: Space consumption of CDS approaches on a genome sequence, for different
pivot characters with rank ranging from 2 to 16 and for different values of the parameter
q, ranging from 1 to 4. Data are reported in terms of percentage of memory used relative
to the original text size.

Data reported in Fig. [d] related to the sampling of a genome sequence,
show that, when compared against the standard sampling approach (obtained
with ¢ = 1), the benefit in space consumption obtained by the approaches
based on condensed alphabets is impressive. Specifically the gain for CDS
ranges from 72% (for r = 1 and ¢ = 2) to 95% (for r = 16 and ¢ = 4).
In addition we can observe a sensible gain in the space consumption also in
comparison with the OTS algorithms implemented using condensed alpha-
bets.

Data reported in Fig. [f] related to the English text, show that, when
compared against the standard sampling approach (obtained with ¢ = 1), the
benefit in space consumption obtained by the approaches based on condensed
alphabets is even more advantageous. Specifically the gain for CDS ranges
from 90% (for r = 1 and ¢ = 2) to 98.8% (for r = 16 and ¢ = 4). Also
in this case, the CDS approach shows a significant reduction in the space
consumption when compared with the OTS approach implemented using
condensed alphabets.

For the sake of completeness we would like to point out that standard al-
gorithms for the online string matching problem require an amount of space
which is, in general, proportional to the length of the pattern and/or to the
size of the alphabet. In this particular case (a 5MB text buffer) the Boyer-
Moore-Horspool algorithm requires only 1.24 KB of memory for implement-
ing the occurrence heuristic (equivalent to a O(c)-space complexity), while
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Figure 5: Space consumption of CDS approaches on an English text, for different pivot
characters with rank ranging from 2 to 16 and for different values of the parameter g,
ranging from 1 to 4. Data are reported in terms of percentage of memory used relative to
the original text size.

some among the most effective algorithms (for instance WFRrq [4], SKipq
[8]) are implemented by means of a hash table of size 65536, requiring 0.2
MB of additional space. Thus it turns out that, under particular condi-
tions (texts of moderate lengths), the practical space requirements of our
proposed sampling algorithms are comparable with those of standard online
string matching solutions.

6.2. Online Searching

In this section we compare the different text-sampling approaches in terms
of online searching times. In this context we refer to the searching time as
the time needed to perform the searching of the pattern on both sampled
and original texts, including any preprocessing of the underlying algorithm.
However, in our analysis the searching time doesn’t include the preprocessing
time needed to construct the partial index.

Following the same lines of previous papers on sampled string matching
[5, 12] we tested all sampling solutions in combination with the Boyer-Moore-
Horspool (HOR) algorithm [20] for the implementation of the underlying
standard searching procedure. As a consequence, in our comparison we also
included the Boyer-Moore-Horspool string matching algorithm (in its stan-
dard implementation) in order to understand how much the proposed sam-
pling approach contributes to speed-up a standard online string matching
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In our experimental results we also included the best running time ob-
tained by OTS solutions implemented with condensed alphabets. Specifically
if OTS(g,) is the searching speed of the OTS algorithm implemented using
g-grams and rank r, we compute OTS(,,) as

OTS(y) = max (0TS()
1<r<16

Observe that the original OTS approach is obtained by setting ¢ = 1. Our
experiments showed that the values that yield the best results are ¢ = 3 and
r = 12 for searching genomic sequences, and ¢ = 4 and r» = 12 for searching
English texts. Thus we have reported only these values in the graphs.

In addition, for the sake of completeness, we also included in our ex-
perimental results three among the most efficient algorithm recently intro-
duced for the exact online string matching problem. Specifically we included
the Weak-Factor-Recognition algorithm [4] (WRF), the Brackward-Range-
Automaton-Matcher [I4] (BRAM) and the Skip-Search algorithm [§]. All
algorithms have been implemented in several variants using g-grams, for val-
ues of ¢ ranging from 1 to 8. Here again, we have only reported the results
obtained with the best variant for each algorithm.

Fig. [6] and Fig. [7] show the resulting searching times of all tested algo-
rithms when they were used for searching on a genome sequence and on an
English text, respectively. Results are expressed in terms of searching speed,
reported in Gigabytes per second (GB/s).

In general, the search speeds achieved by the new variants are extremely
high and their advantage over the performance of standard algorithms is
impressive. This is due to the fact that the main loop of the search phase
iterates over the sampled text, the length of which, as we have seen above,
is much shorter than that of the original text. Added to this is the fact that
the number of candidate occurrences is very low, especially for long patterns.

From experimental results on a genome sequence (Fig. @ it turns out that
in all cases the best results are obtained by the variants based on condensed

8 Although there exists many other searching algorithms able to show better practical
performances on biological data (see for instance [4, [8]) this kind of comparison goes
beyond the objectives of this paper. We expect that the proposed approach is able to
enhance the performances of different string matching algorithms with different, though
similar, rates.
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Figure 6: Searching speed on a genome sequence. Red lines represent the CDS, algorithm
implemented with 1 < g < 4, the solid gray-tones lines represent the standard algorithms
while the blue solid line represents the best searching time of the OTS solution imple-
mented with ¢g-grams. The x axis represents the rank r of the pivot character in the case
of the sampling algorithms, with 1 < r < 16.
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Figure 7: Searching speed on a natural language text. Red lines represent the CDS,
algorithm implemented with 1 < ¢ < 4, the solid gray-tones lines represent the standard
algorithms while the blue solid line represents the best searching time of the OTS solution
implemented with g-grams. The x axis represents the rank r of the pivot character in the
case of the sampling algorithms, with 1 < r < 16.
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alphabets. Specifically, in the case of short patterns (m = 8) the best running
times are obtained by the variant with ¢ = 2, but as the length of the pattern
increases, the variants with higher ¢ values prove to be faster and faster until
the variant with ¢ = 4 proves to be the fastest from m > 128.

As might be expected, search speeds also increase as the pattern length
increases, from speeds of just under 100 GB/s for m = 8 to speeds of just
over 2.000 GB/s for m = 256.

When using a value of ¢ greater than 1, the speed up obtained by CDS
is always greater than 50% and reaches the value of 90% under suitable
conditions, i.e. for ¢ = 4 and long patterns.

Observe that the behaviour of algorithms based in CDS follow a decreas-
ing trend for increasing rank values. Thus in most cases the better choice is
to use the most frequent element as the pivot character. Observe indeed that,
when the rank of the pivot character is greater than a given threshold, the
performances of the CDS algorithms based on ¢-grams sensibly degrades.
Specifically this threshold is approximately equal to 6 for short patterns
(¢ < 3 and m = 8), while it increases as the pattern gets longer or for greater
values of q.

Similarly, from experimental results on an English text (Fig. [7) it turns
out that the variants based on condensed alphabets obtain the best results
in all cases. Again, the best choice for short patterns is ¢ = 2, but as the
length of the pattern increases, the variants with higher ¢ values prove to be
faster and faster until the variant with ¢ = 4 proves to be the fastest from
m >= 64. The maximum speed reached by such solution is very close to
3.000 GB/s. When using a value of ¢ greater than 1, the speed up obtained
by CDS is always greater than 50% and reaches the value of 98% under
suitable conditions, i.e. for ¢ = 4 and long patterns.

We observe that on natural language texts and long patterns the be-
haviour of algorithms based in CDS follow a slightly increasing trend for
increasing rank values, but, in general, the search speed obtained from the
different values of the rank is comparable. As in the case of genome sequence,
in the case of short patterns, when the rank of the pivot character is greater
than a given threshold, the performances of the CDS algorithms based on
g-grams sensibly degrades.

Going into details of the improvement in terms of running times we ob-
serve that the original CDS approach (¢ = 1) leads to improvements which
are in percentage between 74% (in the case of short patterns) and 77% (in
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the case of long patterns) if compared with the underlying standard string
matching algorithm. The new CDS algorithms based on condensed alpha-
bets give instead much more evident improvements which range from 96%
(for short patterns) and 99.6% (in the case of long patterns) compared with
the same algorithm. This improvements translate into a gain up to 70% for
short patterns and up to 96% in the case of long patterns, if compared with
OTS approach.

6.3. Offtine Searching

In this section we compare the different text-sampling approaches in the
offline scenario. In this context we refer to the searching time as the time
needed to perform the searching of the pattern on the text-index. In our
analysis the searching time doesn’t include the preprocessing time needed to
construct the index.

Following the same lines of [5] we tested all sampling solutions using a
modified Suffix Array, as described in Section [5] Thus, in our comparison
we also included the original Suffix Array algorithm (STD), in its standard
implementation, in order to understand how much the proposed sampling
approaches contribute to speed-up a standard offline searching solution.

We mention that Ferragina and Manzini [I5] showed that it is possible
to search a pattern x of length m backwards in the suffix array of y without
storing it. A backward search means that we first search for the substring
x[m..m], then for the substring z[m—1..m|, and so on, until the whole pattern
x is found. In the computer science literature, any data structure that allows
to search a pattern x backwards in the (conceptual) suffix array of a text y is
called an FM-index of y. In our experimental results, however, we have not
used the backward-search technique, limiting ourselves to a simple binary
search within the suffix array constructed on the text .

Table. (1] and Table. [2| show the resulting performance of all tested algo-
rithms when they were used for searching on a genome sequence and on an
English text, respectively. Results are reported in terms of searching speed,
expressed in number of queries per second (QR/s).

For an easier reading of the results, we have listed in the tables, for
each algorithm, only the results of the variants with the best performance.
Specifically for OTS we reported the results with ¢ = 4 and r = 12, in the
case of genomic sequences, and ¢ = 3 and r = 12, in the case of natural
language texts. In the case of CDS we reported the results for pairs of values

(¢,7) € {(1,2), (2,8), (3,10), (4,8)}.
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m STD OTS(4712) CDS(LQ) CDS(Q’S) CDS(S,lO) CDS(478)

8 152 161 188 191 201 198
16 154 172 183 197 213 227
32 161 183 201 217 216 234
64 163 199 218 234 241 268
128 | 168 202 233 247 246 299
256 | 181 216 257 281 293 322

Table 1: Offline searching on a genome sequence. Values are reported in thousands of
queries per second. We used values g ranging from 1 to 4, values of r ranging from 1 to
16 and pattern lengths m ranging from 8 to 256. Best results have been bold-faced.

m STD OTS(3712) CDS(LS) CDS(2,8) CDS(gylo) CDS(478)

8 198 212 244 244 247 261
16 | 212 224 257 254 271 267
32 | 219 222 271 278 284 299
64 | 218 238 321 338 337 355
128 | 219 243 322 343 356 385
256 | 224 278 366 368 382 401

Table 2: Offline searching on a natural language text. Values are reported in thousands
of queries per second. We used values ¢ ranging from 1 to 4, values of r ranging from 1 to
16 and pattern lengths m ranging from 8 to 256. Best results have been bold-faced.
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From the experimental results it turns out that the standard solution
based on a suffix array offers performances of about 200K queries per second,
while the solutions based on the OTS approach oscillate between 200K and
300K queries per second, proposing a search speed mildly faster than the
previous one. The solutions based on the CDS approach, on the other hand,
offer significantly better performance, oscillating between 250K queries per
second (¢ = 1 and short patterns) and 400K queries per second (¢ = 4 and
for almost all values of m). These last solutions offer performances that are
therefore between 1.5 and 1.8 times faster than the standard solution.

Finally, we note that, as might be expected, there is no significant vari-
ation in the results for different values of m. In fact, although there is a
difference between the results, going from patterns of length 8 to patterns
of length 256, the gain obtained is at most just over 50%. This is due to
the fact that the search is only partially dependent, in its O(mlog(n)) time
complexity, on the length m of the pattern while the dominant factor consists
of the logarithm of the size n of the data structure.

7. Conclusions

In this paper we have presented an extensions of a text sampling approach,
called Character Distance Sampling, to the case of texts over small alphabets
and in the case of offline searching. The first extension was carried out
using condensed alphabets in which consecutive groups of ¢ characters are
assimilated to a single element of the alphabet, significantly extending its
size. The result obtained by this extension was to significantly lower the
execution time in the search phase while keeping the space used by the index
below the space used by the previous approaches. In our second extension
we have proposed a suffix array model built directly on the sampled text in
order to decrease the number of candidate occurrences and, consequently, the
time required for the response to each single query. This approach contrasts
with those currently proposed in the literature which are limited to reducing
the number of suffixes taken into account in the original data structure. The
experimental results proposed in our extensive experimentation, conducted
both on the online and offline scenarios, show how this new proposal offers
significantly better performances both in terms of space and in terms of
search time. Our future studies will focus in this direction in order to apply
sampled string matching to other problems related to text processing.
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