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Abstract

We propose a novel method to obtain theN -best
list of hypotheses in hidden Markov model (HMM).
We show that the entire information needed to com-
pute theN -best list from the HMM trellis graph
is encapsulated in entities that can be computed
in a single forward-backward iteration that usually
yields the most likely state sequence. The hypothe-
ses list can then be extracted in a sequential manner
from these entities without the need to refer back
to the original data of the HMM. Furthermore, our
approach can yield significant savings of computa-
tional time when compared to traditional methods.

1 Introduction
In many tasks of large vocabulary speech recognition it is
desirable to find from the HMM graph theN most likely
state sequences given the observed acoustic data. The recog-
nizer chooses the utterance hypotheses on the basis of acous-
tic information and a relatively simple language model. The
existence of anN -best list enable us to combine additional
knowledge sources such as complicated acoustic and lan-
guage models into the recognition process[Ostendorf 1991].
Given the additional knowledge sources the list of sentence
can be rescored and reordered. Even without additional
knowledge sources theN -best paradigm can be used to im-
prove the recognition rate[Stolckeet al. 1997]. In this pa-
per we concentrate on the step of computing theN -best list.
The most likely state sequence can be found using a single
iteration of the Viterbi algorithm[Rabiner 1989]. A direct
generalization of this algorithm can be used to obtain theN
best state sequences. The only change is that for each time
index t and for each state we have to keep theN best sub-
sequences terminating at this state. However in this gener-
alized Viterbi approach we have to decide in advance on the
size ofN and we can not change it in the middle of the pro-
cess. Several modification of this algorithm have been pro-
posed in the last decade. These algorithms are based either
on a Viterbi search of a trellis or onA∗ search[Schwartz and
Chow 1991] [Schwartzet al. 1996].

We propose a novel method to obtain theN -best list in
HMM. The obtained algorithm is inspired by the divide and
conquer algorithm in[Nilsson (1998] for finding theM most

likely configurations in probabilistic expert systems. The
present algorithm also has the advantage of being an anytime
algorithm since we need not in forehand specify the number
of N best hypothesis that is wanted. Furthermore, our al-
gorithm can yield significant savings in computational time
compared to the traditional Viterbi algorithm.

2 Basic Structure
Consider a HMM withm hidden Markovian random vari-
ablesX1, . . . , Xm andm observed variablesY1, . . . , Ym such
that the distribution ofYt is determined byXt. Denote
X = {X1, . . . , Xm} andY = {Y1, . . . , Ym}. Typical val-
ues thatX andY can take are denotedx = (x1, . . . , xm) and
y = (y1, . . . , ym) respectively. The joint probability function
is:

P (x, y) = P (x1)
m
∏

t=2

P (xt|xt−1)
m
∏

t=1

P (yt|xt) (1)
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Figure 1: The HMM structure

This paper deals with the following decoding problem:
Given observationsy1 . . . ym, find theN most likely state se-
quences of the unobserved state-variables. In other words we
want to find theN values ofx that maximize the conditional
probability functionP (x, y) (viewed as a function ofx). A
single iteration of the forward-backward algorithm[Rabiner
1989] yields the following terms for each time indext:

ft(s) = max
{x|xt=s}

P (x, y) (2)

ft,t+1(s, s′) = max
{x|(xt,xt+1)=(s,s′)}

P (x, y)

We shall show that the entire information needed to compute
the N -best list is encapsulated in the expressions defined in



(2). In other words, onceft(s) andft,t+1(s, s′) are given,
there is no need to refer again to the trellis graph.

As a first example of the usefulness offt andft,t+1, we
apply them to obtain the most likely state sequence. One can
observe that the probability of the most likely state sequence
is :

max
x

P (x, y) = max
s

ft(s)

This equality remains the same for each indext = 1, . . . ,m.
To find the most likely state sequencex̂ = (x̂1, . . . , x̂m),
when this is uniquely determined, we note that

x̂t = arg maxs ft(s), t = 1, . . . , m

However to allow for the possibility that the maximizing state
sequence is not unique, it is better to apply the following rou-
tine:

(x̂1, x̂2) = arg max(s,s′) f1,2(s, s′)

x̂t = arg maxs ft−1,t(x̂t−1, s), t > 2
(3)

3 Introducing the algorithm
Denote the entire ensemble of possible state sequences byX
and let theLth most likely state sequence be denoted

xL = (xL
1 , . . . , xL

m).

Suppose at some stage in the algorithm thatx1, . . . , xL−1

have been identified. ThenxL is found by performing the
following steps:

PARTITION PHASE: HereX \ {x1, . . . , xL−1} is partitioned
into subsets.

CANDIDATE PHASE: For each subset in the above partition-
ing we compute the probability of its most likely state
sequence. These probabilities are referred to as the ‘can-
didates’.

IDENTIFICATION PHASE: The state sequence associated
with the highest candidate is identified.

In PARTITION PHASE, there is a large number of possible
partitions that one may consider. We seek a partitioning with
two properties. Firstly, it must be easy to compute the can-
didates. Secondly, the number of subsets in the partitioning
must be small, since eventually we need to compare the dif-
ferent candidates.

In the successively subsections it is shown how the second
and third most likely state sequences are found. In Section 4
the general case is considered.

3.1 The second most likely state sequence
Suppose the most likely state sequencex1 has now been iden-
tified. To identifyx2 we carry out the following steps.

PARTITION PHASE

Here,X \{x1} is partitioned into subsetsA1, . . . , Am defined
by

A1 = {x | x1 6= x1
1}

Ai = {x | x1 = x1
1, . . . , xi−1 = x1

i−1, xi 6= x1
i }, i ≥ 2.

(4)

CANDIDATE PHASE

We letP̂ (Ai) stand for the probability of the most likely state
sequence in the subsetAi, i.e.

P̂ (Ai) = max
x∈Ai

P (x, y),

and use a similar notation for other subsets.
The functionsft,t+1 satisfy that

P̂ (A1) = max{(s,s′)|s6=x1
1} f1,2(s, s′)

P̂ (Ai) = maxs 6=x1
i
fi−1,i(x1

i−1, s), i > 2
(5)

So, the second most likely state sequence has probability

P (x2, y) = max
i

P̂ (Ai).

IDENTIFICATION PHASE

If P̂ (Ai) = max{P̂ (Aj) : j = 1, . . . ,m}, thenx2 ∈ Ai, and
x2 can be identified by carrying out the following steps:

• x2
j = x1

j for j = 1, . . . , i− 1.

• x2
i = arg maxs 6=x1

i
fi−1,i(x2

i−1, s)

• x2
k = arg maxs fk−1,k(x2

k−1, s) for k = i + 1, . . . , m.

3.2 The third most likely state sequence

The identification of the third most likely state sequence is
done by a similar procedure as the case withx2.

PARTITION PHASE

Here, a partition ofX \{x1, x2} is constructed by refining the
above partitioning ofX \ {x1}. This is done in the following
way.

Supposex2 ∈ Ai. Then we partitioningAi \ {x2} into
subsetsBi, . . . , Bm defined by

Bi =
{

x | x1 = x2
1, . . . , xi−1 = x2

i−1, xi /∈ {x1
i , x

2
i }

}

Bk =
{

x | x1 = x2
1, . . . , xk−1 = x2

k−1, xk 6= x2
k

}

, k > i.
(6)

Thus, the subsets in{Bj : j ≥ i}) and {Aj : j 6= i})
constitute a partitioning ofX \ {x1, x2}.

CANDIDATE PHASE

As we shall prove in the next section (Theorem 1), the prob-
ability P̂ (Bk) for k ≥ i is a simple function of̂P (Ai):

P̂ (Bi) = P̂ (Ai)
maxs/∈{x1

i ,x2
i }

fi−1,i(x2
i−1, s)

fi−1,i(x2
i−1, x

2
i )

(7)

P̂ (Bk) = P̂ (Ai)
maxs 6=x2

k
fk−1,k(x2

k−1, s)

fk−1,k(x2
k−1, x

2
k)

, k > i.

Now, the third most likely state sequence has probability

P (x3, y) = max
{

max
j:j 6=i

P̂ (Aj) , max
j:j≥i

P̂ (Bj)
}

.



IDENTIFICATION PHASE

If the third most likely state sequencex3 belongs to one of
the subsetsAj (j 6= i), then it can be identified in a similar
way asx2 was identified. On the other hand, ifx3 ∈ Bj for
somej ≥ i, then

(x3
1, . . . , x

3
j−1) = (x2

1, . . . , x
2
j−1),

and the sequencex3
j , . . . , x

3
m is now successively identified

as follows:

x3
j =

{

arg maxs/∈{x1
j ,x2

j} fj−1,j(x3
j−1, s) if j = i

arg maxs 6=x2
j
fj−1,j(x3

j−1, s) if j > i

x3
k = arg maxs fk−1,k(x3

k−1, s), for k = j + 1, . . . ,m

Example To illustrate our algorithm, we consider a
simple HMM with 10 hidden variablesX1, . . . , X10, and
10 observed variablesY1, . . . , Y10. Each of the variables
are assumed binary with possible statesy andn. The initial
conditional probability functions associated with the HMM
are given in Table 1.

xt−1

xt

n
y

n y
P (xt | xt−1)

.6

.2
.4
.8

yt

xt

n
y

n y
P (xt | yt)

.9

.3
.1
.7

n y
P (x1) .6 .4

Table 1: The intial probabilities in the HMM

Suppose we obtain ‘evidence’ of the form

y = (y1, y2, . . . , y10) = (n, n, y, y, y, y, n, n, y, y).

To compute theN -best list given evidence, we initially
compute theft,t+1 functions shown in Table 2. By apply-
ing the routine in (3), we can now obtain the most likely state
sequence:

x1 = (n, n, y, y, y, y, y, y, y, y)

with probabilityP (x1, y) = .2591 · 10−3.
For the computation of the second most likely state se-

quence we proceed as follows. First, we partition the space
X \ {x1} into subsetsA1, . . . A10 defined in (4):

A1 = {x | x = (y, ·, ·, ·, ·, ·, ·, ·, ·, ·)
A2 = {x | x = (n, y, ·, ·, ·, ·, ·, ·, ·, ·)
A3 = {x | x = (n, n, n, ·, ·, ·, ·, ·, ·, ·)
A4 = {x | x = (n, n, y, n, ·, ·, ·, ·, ·, ·)
A5 = {x | x = (n, n, y, y, n, ·, ·, ·, ·, ·)
A6 = {x | x = (n, n, y, y, y, n, ·, ·, ·, ·)
A7 = {x | x = (n, n, y, y, y, y, n, ·, ·, ·)
A8 = {x | x = (n, n, y, y, y, y, y, n, ·, ·)
A9 = {x | x = (n, n, y, y, y, y, y, y, n, ·)

A10 = {x | x = (n, n, y, y, y, y, y, y, y, n)

x1

x2

n
y

n y
f1,2

.2590

.0192
.1151
.0512

x2

x3

n
y

n y
f2,3

.0278

.0021
.2590
.1151

x3

x4

n
y

n y
f3,4

.0030

.0046
.0278
.2590

x4

x5

n
y

n y
f4,5

.0005

.0046
.0046
.2590

x5

x6

n
y

n y
f5,6

.0025

.0234
.0046
.2590

x6

x7

n
y

n y
f6,7

.0234

.2185
.0046
.2590

x7

x8

n
y

n y
f7,8

.2185

.0971
.0971
.2590

x8

x9

n
y

n y
f8,9

.0234

.0046
.2185
.2590

x9

x10

n
y

n y
f9,10

.0050

.0093
.0234
.2590

Table 2: Theft,t+1 functions (the numbers are multiplied by
103)

Next, we use (5) to compute the probability of the most
likely state sequence in each subsetsAi:

P̂ (A1) = max{f1,2(y, n), f1,2(y, y)} = .0512
P̂ (A2) = f1,2(n, y) = .1151
P̂ (A3) = f2,3(n, n) = .0278
P̂ (A4) = f3,4(y, n) = .0046
P̂ (A5) = f4,5(y, n) = .0046
P̂ (A6) = f5,6(y, n) = .0234
P̂ (A7) = f6,7(y, n) = .2185
P̂ (A8) = f7,8(y, n) = .0971
P̂ (A9) = f8,9(y, n) = .0046
P̂ (A10) = f9,10(y, n) = .0093

Thus, the second most like state sequencex2 belongs to sub-
setA7, and can be found by carrying out steps (see Section
3.1):

(x2
1, x

2
2, x

2
3, x

2
4, x

2
5, x

2
6, x

2
7) = (n, n, y, y, y, y, n),

and

x2
8 = arg max

s
{f7,8(n, s)} = n

x2
9 = arg max

s
{f8,9(n, s)} = y

x2
10 = arg max

s
{f9,10(y, s)} = y

This identifies the second most likely state sequence.
To compute the third most likely state sequence we proceed

in a similar manner: First, we partitionA7 \ {x2} in subsets
of the form in (6):



B7 = {x | x = (n, n, y, y, y, y, ·, ·, ·, ·) ∧ x7 /∈ {n, y}}
B8 = {x | x = (n, n, y, y, y, y, n, y, ·, ·)}
B9 = {x | x = (n, n, y, y, y, y, n, n, n, ·)}

B10 = {x | x = (n, n, y, y, y, y, n, n, y, n)}
Then, we compute the probability of the most likely state se-
quence within each of the subsetsBi. From (7) we immedi-
ately obtain (̂P (B7) = 0 sinceB7 = ∅):

P̂ (B8) = P̂ (A7)
f7,8(n,y)
f7,8(n,n) = .2185 .0971

.2185 = .0971

P̂ (B9) = P̂ (A7)
f8,9(n,n)
f8,9(n,y) = .2185 .0234

.2185 = .00234

P̂ (B10) = P̂ (A7)
f9,10(y,n)
f9,10(y,y) = .2185 .0093

.2591 = .0078

Thus, the third most like state sequencex3 belongs to sub-
setA2, since

max{max
i6=7

P̂ (Ai), P̂ (B8), P̂ (B9), P̂ (B10)} = P̂ (A2),

and can be found by carrying out the steps described in Sec-
tion 3.2. This is left to the reader.

Table 3 shows the three most likely state sequences.

Configuration Probability
(multiplied by103)

x1 = (n, n, y, y, y, y, y, y, y, y) P (x1, y) = .2591
x2 = (n, n, y, y, y, y, n, n, y, y) P (x2, y) = .2185
x3 = (n, y, y, y, y, y, n, n, y, y) P (x3, y) = .1151

Table 3: The 3-best list

4 The general algorithm
The general algorithm for computing theN -best list identifies
theN most likely state sequences in a sequentialy manner.

Let Xi denote the possible states that the variableXi can
take.

Suppose at some stage in the algorithm that

• x1, . . . , xL have been identified;

• A partitioning, sayPL, ofX \ {x1, . . . , xL−1} is given.

• For each elementD in PL, P̂ (D) is known.

• xL ∈ D for some elementD in the partitioningPL, and
D has the following form:

D = {x | x1 = x′1, . . . , xi−1 = x′i−1, xi /∈ X ′i}, (8)

wherex′1, . . . , x
′
i−1 are known states, andX ′i is a known

subset ofXi.

The tasks involved in proving the correcteness of our algo-
rithm consist of:

Partition-phase: Construct a partitioning ofD \ {xL};
Candidate-phase: Compute the probability of the most

likely state-sequence in each element in the partitioning
of D \ {xL};

Identification-phase:

• Compare the ‘new candidates’ computed above with the
remaining candidates.

• Identify xL+1.

These three tasks are described in subsequent subsections.

4.1 Partition phase
SupposexL ∈ D, whereD has the form in (8). For the
following analysis it is convenient to writeD as

D = {x | x1 = xL
1 , . . . , xi−1 = xL

i−1, xi /∈ X
′

i }. (9)

Fork = i, . . . , m we define the subsetsDk as

Dk = {x | x1 = xL
1 , . . . , xk−1 = xL

k−1, xk /∈ X̄k}, (10)

whereX̄k is a subset ofXk given by

X̄k =
{

X ′

k ∪ {xL
k } if k = i

{xL
k } if k > i

The reader may easily verify that the subsetsDi, . . . , Dm par-
tition D\{xL}. Furthermore, it can be seen that each element
Dk has a similar form as that ofD.

4.2 Candidate phase
In this section we provide an efficient method to compute the
probabilitiesP̂ (Dk) (k = i, . . . , m). The method presented
here is similar to the the method in[Nilsson 1998], in that it
locally computes the probabilities of all candidates directly
from the functionsft,t+1.

A keypoint in proving our main result is that we can write
the joint probability function expressed in (1) as

P (x, y) =
∏m−1

t=1 ft,t+1(xt, xt+1)
∏m−1

t=2 ft(xt)
. (11)

For a proof, the interested reader is referred to[Dawid 1992],
where it is shown for more general graphical models, the
junction trees.

In addition, we will use that the functionsft,t+1 have the
following property, termedmax-consistency:

max
xt+1

ft,t+1(xt, xt+1) = ft(xt). (12)

Now we have

Lemma 1 LetE be a subset given by

E = {x : x1 = x∗1, . . . , xi = x∗i }.
Then

P̂ (E) = max
x∈E

P (x, y) =
∏i−1

t=1 ft,t+1(x∗t , x
∗
t+1)

∏i−1
t=2 ft(x∗t )

.

Proof: The probabilityP̂ (E) can be found by instantiating
x1 = x∗1, . . . , xi = x∗i in (11), and then maximize over the
remaining variables. Because of max-consistency (12) this
reduces to

max
x∈E

P (x, y) =
∏i−1

t=1 ft,t+1(x∗t , x
∗
t+1)

∏i−1
t=2 ft(x∗t )

,

which completes the proof.•



Lemma 2 LetD be given as in (9), and suppose

xL = arg max
x∈D

P (x, y).

Then for allk = i, . . . , m we have

P̂ (D) = max
x∈D

P (x, y) =
∏k−1

t=1 ft,t+1(xL
t , xL

t+1)
∏k−1

t=2 ft(xL
t )

.

Proof: Let k ≥ i, and defineD′ as

D′ = {x : x1 = xL
1 , . . . , xL

k }.
By Lemma 1 it suffices to prove that

max
x∈D′

P (x, y) = max
x∈D

P (x, y).

Clearly,
max
x∈D′

P (x, y) ≤ max
x∈D

P (x, y)

sinceD′ ⊆ D. Furthermore, we have that

max
x∈D′

P (x, y) ≥ max
x∈D

P (x, y)

becausexL ∈ D′ andxL = arg maxx∈D P (x, y). The result
follows. •

Now we are ready to state the main theorem. It presents a
straightforward procedure for finding the probability of each
subsetDk (defined in (10)) from the probabilitŷP (D).
Theorem 1 LetD be given as in (9), and suppose

xL = arg max
x∈D

P (x, y).

Then for allDk defined in (10) we have:

P̂ (Dk) = P̂ (D)
maxs/∈X̄k

fk,k+1(xL
k , s)

fk,k+1(xL
k , xL

k+1)
.

Proof: By Lemma 2 we have

P̂ (D) =
∏k−1

t=1 ft,t+1(xL
t , xL

t+1)
∏k−1

t=2 ft(xL
t )

, (13)

Furthermore, sinceDk can be written as

Dk = ∪s:s/∈X̄k
{x : x1 = xL

1 , . . . , xk−1 = xL
k−1, xk = s}.

we have from Lemma 1 that

P̂ (Dk) =

∏k−2
t=1 ft,t+1(xL

t , xL
t+1)

∏k−1
t=2 ft(xL

t )
max
s/∈X̄k

fk−1,k(xL
k−1, s) (14)

The result now follows from (13) and (14).•

4.3 Identification phase
Suppose that we are given a subsetD of the form

D = {x | x1 = x′1, . . . , xi−1 = x′i−1, xi /∈ X ′i}.
and want to identify the most likely state sequence, sayx∗, in
D. First, one note that

x∗j = x′j for j = 1, . . . , i− 1.

Now the sequencex∗i , . . . , x
∗
m is successively found by

x∗i = arg maxs/∈X ′i
fi−1,i(x∗i−1, s)

x∗k = arg maxs fk−1,k(x∗k−1, s), k = i + 1, . . . , m.

4.4 The algorithm
A pseudo code for ourN -best list algorithm is given below.

ProcedureN -best list:
Step 1 (Identify x1):

1. Computethe functionsft,t+1;

2. Identify the most likely state sequencesx1 as shown in
Section 3.1;

Step 2 (Identify x2):

•PARTITION PHASE Partition X \ {x1} in subsets
A1, . . . , Am as in (4);

•CANDIDATE PHASE ComputeP̂ (Ai) as in Section 3.1.

•IDENTIFICATION PHASE

1. Set the Candidate ListCL = {P̂ (Ai)};
2. pick the highest candidate, saŷP (Ai), in CL;

3. identifyx2 ∈ Ai as in Section 3.1; .

Step 3 (Identify x3, . . . , xN )

ForL = 2, . . . , N − 1 do

•PARTITION PHASE:

1. SupposexL ∈ D;

2. Partition D \ {xL} in subsetsDk, . . . , Dm as in (10).

•CANDIDATE PHASE: ComputeP̂ (Dk), . . . , P̂ (Dm) as in
Theorem 1.

•IDENTIFICATION PHASE:

1. Augmentthe Candidate List with the new candidates:

CL := CL ∪ {P̂ (Dk), . . . , P̂ (Dm)};

2. pick the highest candidate, saŷP (D∗), from CL;

3. identify xL+1 = arg maxx∈D∗ P (x, y) as in Section
4.3;

4. retract P̂ (D∗) from the Candidate List:CL := CL \
{P̂ (D∗)}.

END

Accordingly, the probability of theLth most likely state
sequence is either one of the candidates computed in theLth
step of the algorithm or it is one of the candidates computed
earlier and still on the Candidate List. The search over all the
candidates can be effectively performed in the following way.
We can sort the candidates on the Candidate List with their
associated subsets. InPARTITION PHASEwe split the subsets
that containedxL−1 (and hence was at the top of the list) into
several subsets. InCANDIDATE PHASE we merge the new
candidates into the sorted list according to their probabilities.
Now the state sequencexL belongs to the subset at the top of
the updated list.

Because the algorithm finds theN -best list sequentially,
we need not in forehand specify the number ofN best hy-
pothesis that is wanted. In stead, we may chose to find theN
most likely hypothesis whose total probability is at leastα,
where0 < α ≤ 1.



5 Complexity issues
We would claim that our method can be implemented with
lower complexity than traditional methods for finding theN -
best list.

To support this, we would briefly discuss the computational
complexity of our method by computing the number of ele-
mentary operations needed to perform the various tasks in the
algorithm. Let

γ = maxi |Xi| = the maximum number of elements
that a variable can have.

The operations performed by our algorithm can be divided
into three parts

1 Computing the functionsft,t+1 andft defined in (2).

and for eachL = 1, . . . , N :

2 In CANDIDATE PHASE, to compute the candidates as in
Theorem 1.

3 In IDENTIFICATION PHASE, to compare the candidates on
the Candidate List, and identifyxL.

Finding the functions in part 1 can be done by less than

γ2m operations.

In CANDIDATE PHASE, we generate for each stepL at most
m new candidates. The computation of a candidate takes
place via Theorem 1, and can be done withγ computaions,
i.e. computing all candidates in stepL = 1, . . . , N demands
at most

γmN computations.

In IDENTIFICATION PHASE, we compare, in stepL at most
mL elements (since at mostm candidates are generated in
each step). If we store the elements in a 2-3 search tree, then
the comparisons needed for insertingm new elements and
update the search tree is O(m log(mL)). Doing this for all
L = 1, . . . , N , the total number of comparisons needed is in
the order of

O

(

N
∑

L=2

m log(mL)

)

= O(mN log(mN)) .

Finally, in IDENTIFICATION PHASE, we identify xL as de-
scribed in Section 4.3, and the number of comparisons needed
is no larger thanmγ. Thus the total number of comparisons
cannot exceed

γmN.

Adding up these terms, we obtain that the whole process of
findingx1, . . . , xN is in the order of

O
(

γ2m
)

+ O(mγN) + O(mN log(mN)) .

To compare, a straightforward implementation of the Viterbi
search as described in[Forney (1973] uses in the order of

O
(

γ2Nm
)

.

We conclude that for largeγ, our method can yield significant
savings of computational time when comparing to traditional
Viterbi search.

6 Conclusion
We have presented in this paper a novel method to compute
theN most likely state sequences in HMMs. The algorithm
has two advantages compared to traditional methods. Firstly
it can yield significant gain in computational time. Secondly,
it is an anytime algorithm, and thus is also effective in cases
where we do not know in advance how many solutions are
needed. The main concept is to perform a small preprocessing
computation and then we can produce the sequences in an
incremental manner. We have concentrated in this paper on
applications of the algorithm to speech recognition problems.
The proposed algorithm, however, can be applied to many
other sources of information that are organized in a hidden
Markov model e.g. analysis of DNA sequences and real time
robot navigation.
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