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Abstract— A remarkable pattern of evolutionary is that
many species have closely related gene sequences but differ
dramatically in gene order. It raises a new challenge in
aligning two genome sequences that we have to consider
changes at both the nucleotide level and the locus level such
as gene rearrangements, duplication or loss. Finding the
series of rearrangements at the same time with changes
at nucleotide level has been formulated as a combinatorial
optimization problem so called Pairwise alignment with
rearrangements by Vinh et. al. The best presented algorithm
for this problem, however, still has high computational cost
and is impractical for large genome sequences. We propose
an improved algorithm for aligning two genome sequence
considering rearrangements of segments in genomes. We
experiments our algorithm on Metazoa mitochondrial and
artificially generated genomes to show the improvement in
both alignment quality and computing complexity. Finally,
the proposed algorithm is integrated into an evolutionary
framework to further reduce the gap to the optimal solution.

Index Terms— Genome rearrangement, Incremental algo-
rithm, Metazoa mitochondrial genomes, Memetic algorithm

I. INTRODUCTION

The alignment cost between two genomes can be used
as a measure of genetic divergence between them. Besides
local evolution within individual genes, genomes also un-
dergo large-scale events such as horizontal gene transfer,
gene rearrangement, gene duplication, gene loss and inser-
tion. Recently it was realized that micro rearrangements
are abundant in genomic DNA [3]. They have been shown
to be responsible for numerous heritable diseases, called
genomic disorders and also in cancer [1] [10] [17] [20].

Such large-scale operations break our previous un-
derstanding about alignments and have demanded new
methods of aligning whole genomes. Some methodologies
for pairwise genome alignments have developed for com-
paring the human and mouse genomes. These approaches
were based either on local alignment [14] [19] or on a
local/global technique, in which the mouse contigs are
mapped on the human genome by a local aligner initially,
and then the homology is confirmed and refined by a
global aligner [7].

Pairwise genome alignment tools such as MUMmer
[9], GLASS [4], and WABA [12] use anchoring for
the alignment process. The aligner identifies a set of
local alignments in regions of high similarity among the
genomes and anchors are used to restrict the number

of possible alignments and then alignment is performed
using dynamic programming.

Previous approaches use only information at nu-
cleotides level and genomes are presented as sequences of
nucleotides. However, information from both nucleotide
and locus levels needs to be incorporated together to infer
the genome alignment. We present genomes as sequences
of characters that can be determined by annotations from
Genbank at NCBI (http://www.ncbi.nih.gov/), i.e., seg-
ments within and between annotated regions. They can
be also determined automatically by algorithms BLASTZ
[19], Glocal [6], or Mauve [8].

We consider the small-scale processes that act on the
nucleotide level: nucleotide substitution and nucleotide
deletion/insertion (indel) and the large-scale processes
act on locus level: character loss, character duplication,
and character rearrangement. Given two genomes, the
objective is to minimize the total cost to transform from
one genome to the other using operations from both
small-scale and large-scale levels. The total cost consists
of two parts: the edit cost between characters, inser-
tion/deletion(indel) cost of characters, and rearrangement
cost between character orders. The rearrangement cost
between two genomes can be calculated as the number
of breakpoints between two genomes or the number of
inversions need to transform the character order of one
genome to the character order of another genome.

The optimal pairwise alignment with rearrangements of
two genomes can be found by examining all permutations
of characters in genomes. However, this exact approach
is intractable and intolerable even for small instances.

II. PROBLEM FORMULATION

Given two genomes formulated as two sequences of
characters

X = (x1, x2, . . . , xp) and Y = (y1, y2, . . . , yq)

In an alignment of X and Y , gaps are inserted between
the characters so that identical or similar characters in X
and Y are aligned in successive columns. A sequence X is
a gapless sequence of X ′ if X can be obtained from X ′ by
removing all gap characters. For example X = (1, 2, 4, 3)
is a gapless sequence of X ′ = (1,′−′, 2, 4,′−′, 3,′−′).
We denote the set of gapless sequences of X by G(X).
Formally an alignment of a pair of sequences (X,Y ) is



defined as a pair of sequences (X ′, Y ′) satisfies X ′ ∈
G(X), Y ′ ∈ G(Y ) and |X ′| = |Y ′|.

The cost of an alignment (X ′, Y ′) is defined as

C(X ′, Y ′) =
l∑
i=1

c(x′i, y
′
i)

where c(xi, yj) ∈ R+ be the edit cost to transform
character xi to character yj . For convenient, we also
denote c(xi, y0) = c(xi,′−′) the cost to delete/insert
character xi and c(x0, yj) = c(′−′, yj) the cost to indel
character yj . The cost c(xi, yj) is often calculated as the
edit distance between two characters xi and yj . Recall
that each character is a gene or a segment of nucleotides
in a genome.

There is an infinite number of alignments of two
sequences (X,Y ). However, we are only interested in the
ordinary alignment of (X,Y ) i.e the alignment (Xo, Yo)
with the smallest cost

(Xo, Yo) = arg min
(X′,Y ′)∈G(X)×G(Y )

C(X ′, Y ′)

We also denote O(X,Y ) the cost of the ordinary align-
ment of X,Y that can be computed using dynamic
program technique [15] with a computational complexity
O(pq).

Denote PM(X) the set of all permutations of the
sequences X . Let R(X,Xr) be the rearrangement cost
function between sequences of characters X and its per-
mutation Xr ∈ PM(X). We can think of the rearrange-
ment cost as the number of needed operations to transform
X to Xr. Popular measurements of rearrangements cost
R(X,Xr) are breakpoint distance and inversion distance
[2] [11] [18].

Figure 1. Three types of rearrangements on a genome, pictures from
[22]

The problem pairwise alignment with rearrangement
(PAR) of two genome sequences has been defined by Vinh
et al. [21]. A PAR of two sequences X and Y is a pair of
sequences (X ′r = (x′1, x

′
2, . . . , x

′
l), Y

′
r = (y′1, y

′
2, . . . , y

′
l))

such that there exists permutations Xr, Yr of X and
Y respectively and (Xr, Yr) are gapless sequences of
(X ′r, Y

′
r ). We denote PAR(X,Y ) the set of all PAR of

(X,Y ) The cost of a PAR Ar = (X ′r, Y
′
r ) will be sum

of submission/insertion/deletion cost of characters and

rearrangement cost between character orders:

C(Ar(X ′r, Y ′r )) =
l∑
i=1

C(x′i, y
′
i)

+ [ R(X,Xr) +R(Y, Yr) ] (1)

The goal is to find an optimal PAR A∗r = (X ′r, Y
′
r ) with

the minimum total cost. Finding the optimal solution by
considering all pairs of permutation of X and Y will
take O(p!q!× p× q) and is conjectured to be in the NP-
Complete class. When p, q are about 20, that will be out
of computing capacity of current computer systems.

A. Breakpoint Distance

Given two sequences with same number of characters

X = (x1, x2, ..., xp) and X ′ = (x′1, x2, ..., x
′
p)

We say (xi, xi+1) is an adjacent pair in X =
(x1, x2, ..., xp). We also say (∆, x1) and (xp,∇) are
adjacent pairs, where ∆ and ∇ are special characters
that do not appear in X . If two characters x and y form
an adjacent pair in X but not in X ′, they determine a
breakpoint in X . The breakpoint distance between X and
X ′ is the number of breakpoints in X . and is denoted
by B(X,X ′). The number of breakpoint between two
genomes has some relation to the edit distance as half
the number of breakpoints is a lower bound on the
reversal distance. Both Breakpoint distance (and Inversion
Distance) can be calculated in linear time [2] [11] [18].

B. Previous Work

Vinh et al. introduced three hill-climbing algorithms to
find the PAR of two genome sequences (X,Y ), namely
Stepwise Addition, Character Moving and Simultaneous
Character Swapping. Among those, Simultaneous Char-
acter Swapping(SCS) outperforms other algorithms. The
technique to reduce the running time in SCS is performing
a set of best independent possible swaps at once. It
considers a set of simultaneously swappings of characters
at each iteration until no swapping can reduce the cost
of PAR. However, SCS still has the running time of
O(n4 × iteration) where n = p + q because it has to
recalculate the ordinary alignment of two sequences after
every swap of characters in sequences.

Then cost of the optimal PAR can be calculated as:

C(A∗r(X∗r , Y ∗r )) = min{O(Xr, Yr) +R(X,Xr) +
R(Y, Yr) | Xr, Yr permutations of X,Y } (2)

C. A Naive Local Search Algorithm

One simple algorithm to find a PAR is that we start with
sequences (X,Y ) and try to perform character swappings
in X or Y that lead to reduction of the total cost. After
a swap, assume that we have a new pair of sequences
(X ′, Y ′). We need to recalculate the ordinary alignment
of (X ′, Y ′) to see the cost reduction. This nave algorithm
also require O(n4) time for each iteration. Precisely it will



Figure 2. Two single swaps(left) and a couple-swap(right)

examine O(pq) possible swaps, and each one will take
O(pq) for recalculation of ordinary alignment. However,
we will avoid recalculation of ordinary alignment of two
sequences after each swap of characters and consider
different types of character swapping to obtain a much
better algorithm in next section.

III. FAST SWAPPING ALGORITHM

A. Cost estimating after swapping

Let (X ′, Y ′) be the ordinary pairwise alignment of
(X,Y ). We now look for characters swapping in (X ′, Y ′)
rather than in (X,Y ) like previous algorithms. Because
(X ′, Y ′) contain gap characters ’-’, we now allow swap-
ping between gap characters and characters in X and
Y . Swapping between gaps characters can be ignored
because it has no effect on sequences. We come up with
the first observation that if we swap two characters in X ′

or Y ′ the optimal ordinary pairwise alignment of new
sequences are not much different from old ones’. For
example, if we swap y′i and y′j in Y ′ the new optimal
ordinary alignment cost can be well approximated by:

NewCost ≈ OldCost− [C(x′i, y
′
i) + C(x′j , y

′
j)]

+[C(x′i, y
′
j) + C(x′j , y

′
i)] (3)

In fact, the cost of ordinary alignment of new sequences
after performing a swap is smaller or equal the cost in
the equation (3). Moreover, the rearrangement cost can be
updated easily in O(1) as the swapping characters may
affects only adjacent characters. Here, to simplify the time
complexity estimation, we calculate rearrangement cost as
the breakpoint distance. Hence, the total time required for
estimating the new total cost after a swapping is now O(1)
that is much faster than O(pq) in previous algorithms.

B. Swapping Characters

We consider two kinds of swap: single swap and
couple-swap. The first type of swap called Single swaps
exchange positions of two characters in X ′ or in Y ′.
A swapping of x′i and x′j in X ′ will be denoted by
SX′(i, j). The second type of swap is couple-swaps that
exchange simultaneously characters in both sequences.
A coupe-swap CS(i, j) exchanges x′i with x′j and y′i
with y′j . In other word, we can obtain same result of a
couple-swap CS(i, j) with two consecutive single swaps:
SX′(i, j) in X ′ and SY ′(i, j)in Y ′. A swap is said to
be good if it makes estimated total cost decreases that
implies the decreasing of actual cost. Note that if we
consider only single-swaps, we may skip good characters
swapping. It is possible that both SX′(i, j) and SY ′(i, j)
lead to worse (higher cost) alignment but combination of

them, CS(i, j), leads to a much better one. Single swaps
and couple-swaps have very different effects in improving
quality of an alignment. Single swaps usually produce
alignment with better edit/indel cost while couple-swaps
often reduce rearrangement cost of the alignment. Every
couple-swap will decrease or at least remain the ordinary
alignment cost.

Now we present the fast swapping method in the Algo-
rithm 1. The main idea is that we perform ‘good’ swaps
on alignment ordinary alignment (X ′, Y ′) of (X,Y ). In
addition, we update the optimal alignment using dynamic
algorithm only after each iteration. The algorithm stops
when no swaps are performed. Since the time complexity

Algorithm 1 Fast Swapping Algorithm
1: Initialize (X ′r, Y

′
r )← ordinary alignment of (X,Y )

2: while true do
3: for i = 1 to |X ′r| do
4: for j = 1 to |Y ′r | do
5: if ∃ good swapping S ∈

{ SX′
r
(i, j), SY ′

r
(i, j), CSXrYr (i, j) }

then
6: Perform swapping S;
7: Evaluate cost of new sequences;
8: end if
9: end for

10: end for
11: (Xr, Yr)← gapless sequences of (X ′r, Y

′
r );

12: (X ′r, Y
′
r )← ordinary alignment of (Xr, Yr);

13: if No Swaps Performed then
14: Return (X ′r, Y

′
r ) and terminate;

15: end if
16: end while

to perform a swap and evaluate new cost in line 6 and 7 is
O(1) and the time for scanning and performing possible
swaps from lines 3 to line 10 is O(n2) where n = p+ q.
Lines 11 to 12 take O(n2) for finding the optimal ordinary
alignment. Therefore, each loop from line 3 to line 15 can
be completed in O(n2). In summary, the time complexity
of the fast swapping algorithm is O(n2× iteration) where
iteration is the number of loops. In practice, the number
of iteration is bounded by a constant and running time of
the fast swapping algorithm is quadratic as shown in the
experiment section.

IV. MEMETIC ALGORITHM

Memetic algorithms are the combinations of Evolu-
tionary algorithms with local search. The hybridization
takes the advantages of both evolutionary adaptation of
a population and individual learning in lifetimes of its
members. By combining global and local search, Memetic
Algorithms have been shown to be orders of magnitude
faster and more accurate than EAs on many problems.
The general scheme for a memetic algorithm is shown in
Figure 3

All individuals in the population represent local optima,
which is ensured by applying local search after generation



Figure 3. Genetic algorithm. Parts marked with (*) are subjected to
changes in a Memetic approach.

and after application of the evolutionary operators. The
algorithm is presented in Algorithm 2.

Algorithm 2 Memetic Algorithm
1: Set of population P ← φ
2: Return the best individual in P
3: for i = 1 to popSize do do
4: p← generatePAR()
5: p← FastSwapping(p)
6: P ← P ∪ {p}
7: end for
8: while not converged do
9: Generate set of offsprint C using Crossover

10: for ic ∈ C do
11: ic ← FastSwapping(ic)
12: P ← P ∪ {ic}
13: end for
14: Apply mutation operator on P
15: P ← Selection(P )
16: end while

A. Initialization

The function generatePAR() in line 2 returns a ran-
domly initiated PAR of (X,Y ). Both X and Y are
shuffled and their ordinary alignment are found using
dynamic programming algorithm.

B. Crossover

Assume that we need to combine a ‘male’ PAR
(Xm = (xm1 , x

m
2 , . . . , x

m
n ), Y m = (ym1 , y

m
2 , . . . , y

m
n ))

with a ‘female’ PAR (Xf = (xf1 , x
f
2 , . . . , x

f
n), Y f =

(yf1 , y
f
2 , . . . , y

f
n)). First we set (Xc, Y c) ← (Xm, Y m)

and perform Couple-swaps on (Xc, Y c) such that after
swapping the gapless sequences of Xc equals to the
gapless sequences of Xf . By doing so, the child will
inherit the order of the sequence Xf in the ‘female’ PAR
and have the edit cost at most the edit cost of the ‘male’

PAR. We create an another child in a similar way with
‘male’ PAR in place of ‘female’ PAR and vice versa.

C. Mutation

The mutating is performed by applying some random
single-swaps on the PAR. The number of swaps is large
enough to guarantee that the PAR will escape from the
current local optimum.

V. EXPERIMENTAL ANALYSIS

A. Data Sets

As no local search algorithm has a polynomial guaran-
tee in the worst-case, extensive testing is required. We use
two main sources of data. One is a collection of 760 Meta-
zoa4 mtDNA genomes from Genbank at NCBI, which
was used, in the previous research by Vinh et al. [21]. The
second is collection of various size genomes artificially
generated through a simulated evolving process. Metazoa
mtDNA genomes are usually found in form of closed
circles. They undergo not only nucleotide transformations
but also gene rearrangements [5]. Each genome contains
about 16,000 base pairs and about same 37 genes [5].

Genomes are divided into segments6based on annota-
tions from Genbank at NCBI and each segment is now
considered as a character. After segmenting, a genome
has 50 characters on average. We use the same testing
method as in [21] for the first data source: 760 genomes
are divided randomly into 38 groups of size 20. The
PARs between any two genomes in the same group are
constructed. Thus, the number of evaluated pairs is 7220.
The results presented are averages taken over all the
instances in the data source.

To create artificial genomes, at the first step we generate
randomly genomes. Then, the evolving process simulates
both small-scale and large-scale operations on genomes
to produce final pairs. The mechanism is quite simple;
however, results are quite consistent between two instance
sources in term of both running time and quality of PAR.

B. Optimality Measurement

To evaluate the optimality of PAR returned by the
algorithm, we compare the cost of solution with an lower
bound of the optimal solution. Recall that the cost of the
optimal solution

OPT = C(A∗r(X∗r , Y ∗r ))
= min

X′
r,Y

′
r

{ C(X ′r, Y
′
r ) +R(X,Xr) +R(Y, Yr) }

< min{ C(X ′r, Y
′
r ) } (4)

For every PAR (X ′r, Y
′
r ) of (X,Y ) we can make (X ′r, Y

′
r )

have length n = p + q by adding/removing pairs of gap
characters ’-’ into it. Because there are exactly n = p+ q
non-gap characters in the PAR. Therefore by introducing
two new sequences of size n = p+ q

X+ = (x+
1 , x

+
2 , . . . , x

+
p , “− ”, “− ”, . . . , “− ”)

Y + = (y+
1 , y

+
2 , . . . , y

+
q , “− ”, “− ”, . . . , “− ”)



We have:

OPT < min{C(X ′r, Y
′
r ) | (X ′r, Y

′
r ) ∈ PAR(X,Y ),

|X ′r| = |Y ′r | = n}

= min{
n∑
i=1

C(x+
i , y

+
π(i))

| π is a permutation of {1, 2, . . . , n} }
= M(X,Y ) (5)

It is easy to see that (5 ) is a linear sum assignment
problem(LSAP) [16] or minimum cost perfect matching in
bipartite graph. Hence the lower bound M(X,Y ) can be
computed in O(n3) with Hungarian algorithm or Kuhn-
Munkres algorithm [13]

The optimality of a PAR (X ′r, Y
′
r ) with cost Cr is now

can be measured by:

M(X,Y )
Cr

× 100% (6)

The transformation cost between two characters x and
y is calculated as the minimum cost to change x into
y with nucleotide substitutions, insertions, and deletions.
The nucleotide substitution cost and the nucleotide indel
cost are set to 1 and 2 respectively. The indel cost of a
character x or y equals to the number of its nucleotides.

The algorithm to calculate inversion distance in O(n)
is rather complex [2]. However, it is known from pre-
vious work of Vinh et al. [21] that when trying differ-
ent rearrangement functions, both inversion distance and
breakpoint distance show similar results. Thus, we mea-
sure rearrangement cost R(X,Xr) as breakpoint distance
between X and Xr.

The memetic algorithm was implemented using the
GALib library, a C++ library of genetic algorithm compo-
nents written by Matthew Wall. This 7 year old library is
now showing its maturity, as the code is elegant object
oriented, which allows us to easily customize it and
combine it with the fast swapping method. The library can
be found at the author web site http://lancet.mit.edu/ga/.

We use Simple GA with typical parameters: popSize =
100, pcrossover = 0.9, pmutation = 0.006 to run the
algorithm through 100 generations. The result for MA is
very promising; however, we have to pay a high price for
the running time. On metazoa genomes, it takes up to 5
minutes to align a pair of average size genomes.

Results were taken average on 7220 pairs of metazoa
mtDNA genomes. The result for MA is very promising;
however, we have to pay a high price for the running time.
On metazoa genomes, it takes up to 5 minutes to align a
pair of average size genomes

The average results when testing on Metazoa mtDNA is
shown in table I. Both algorithms SCS and fast swapping
obtain high optimality ratio and fast swapping has slightly
better optimality ratio. However, fast swapping is a big
improvement in term of running time comparing to SCS.
Fast swapping algorithm runs about 30 times faster than
SCS and it needs on average only 3 iterations to align
genome sequences. The number of iteration in case of

TABLE I.
AVERAGE RESULTS ON METAZOA MTDNA

Ave. Optimality Ave. Running Time

SCS 99.39 % 0.46 s

FS 99.41 % 0.01 s

MA 99.79 % 5 m

SCS is 5 [21]. The second source data contains larger
genomic sequences. The sizes of genomes pairs were
chosen from powers of 10. As SCS takes too long time
when running on large genomes, results for genome
sequences with size larger than 102.5 is not available. The

TABLE II.
AVERAGE RUNNING TIME ON ARTIFICIALLY GENERATED GENOMES

Genome size 102 102.5 103 103.5

SCS 3.13 s 3 m 29 s n/a n/a

FS 0.03 s 0.31 s 2.02 s 27.27 s

quadratic running time of fast swapping enable it to align
very large genome sequences. Note that each character
in generated genomes is a sequence of 500 to 1000
nucleotides. Hence, genomes with millions of nucleotides
can be aligned in minutes on a personal computer. All the
experiments in this section are performed on a normal
Desktop 4 PC.

Fast swapping also gives better optimality ration when
aligning larger genome sequences as shown in table III.

VI. CONCLUSION

The Fast Swapping algorithm gives out better PARs
than the best-known algorithm Simultaneous Swapping.
Moreover, it is much faster with empirical running time
as low as the size of the input. SCS is only suitable for
genome sequence as large as 100 characters whereas fast
swapping can be applied for multi-thousands characters
genomes that contain millions of base pairs. However,
both algorithms are local search methods which depend
heavily on initial alignment configuration. Lightweight
fast swapping algorithm can be also combined in global
search method such as Simulated Annealing, Genetic
Algorithm, Ant Colony and so on to obtain even better
optimality ratio.

The proposed algorithms were tested only with break-
point distance as rearrangement cost function. However,
algorithm can be extended easily to work with any rear-
rangement cost functions. Then, required time to perform

TABLE III.
AVERAGE OPTIMALITY ON ARTIFICIALLY GENERATED GENOMES

Genome size 102 102.5 103 103.5

SCS 98.59 % 98.46 % n/a n/a

FS 99.07 % 99.56 % 99.82 % 99.95 %



a move in the fast swapping algorithm will mainly depend
on the time to update the new rearrangement cost.
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