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An appropriate definition and efficient computation of similarity (or distance) measures between two stochastic models are of
theoretical and practical interest. In this work, a similarity measure, that is, a modified “generalized probability product kernel,”
of Gaussian hidden Markov models is introduced. Two efficient schemes for computing this similarity measure are presented.
The first scheme adopts a forward procedure analogous to the approach commonly used in probability evaluation of observation
sequences on HMMs. The second scheme is based on the specially defined similarity transition matrix of two Gaussian hidden
Markov models. Two scaling procedures are also proposed to solve the out-of-precision problem in the implementation. The
effectiveness of the proposed methods has been evaluated on simulated observations with predefined model parameters, and on
natural texture images. Promising experimental results have been observed.
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1. INTRODUCTION

Hidden Markov model (HMM) has been adopted in a wide
variety of application areas including econometrics, compu-
tational biology, statistical process control, and speech recog-
nition. Recently, it was also introduced to image processing
applications such as face recognition [1, 2] and texture analy-
sis [3, 4]. A challenging problem for HMM is that given their
model parameters, how to define an appropriate similarity
(or distance) measure for two HMMs [5].

An appropriate similarity measure between two HMMs
is of theoretical interests and it can also be a useful tool in
various applications. For instance, in computational biology,
because of the availability of large libraries of profile HMMs,
there exists the possibility of comparing sequence families by
comparing the profiles of the families rather than comparing
the individual members of the families. It is also possible to
compare a sequence family instead of its individual members
towards an HMM that is trained to model a particular feature
[6]. In image retrieval applications, each texture image can be
modeled by a wavelet-domain HMM and the classification is

carried out by computing distances between the model of the
query image and those of all candidate images [4].

There have been some research efforts on this prob-
lem and several techniques are proposed in the literature
[4, 5, 6, 7, 8]. To begin with, denote A = (A, B, ) as the
model parameters of an HMM, where A is a state transition
distribution, B is the observation probability distribution, and
7 is the initial state distribution. Denote X = (x1,Xy,...,X7)
as an observation sequence generated by A. Observations x
can be either discrete symbols chosen from a finite alphabet
(x € V = {v),Va,...,Vy}) or continuous (vector) signals
(x € NP). In [5], a distance measure between two HMMs, A
and ', was proposed as

DL, = %[IOgP(X'IA) —log P(X'[A")], (1)

where X' is an observation sequence generated by the model
M. A symmetrized version of this distance measure is

DA\, A)+ DA, A)
5 .

Ds(A, 1) = (2)
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In [6], the coemission probability of two profile HMMs is de-
fined as

> PXIMP(X|A), (3)

XeVx:--xV

where A and A" are two profile HMMs. In [4], the distance be-
tween the two HMM s is computed based on Kullback-Leibler
(KL) distance:

P(X]|A)
P(X[1)

IXLAUzJ;D P(XI1)log axX. @)

XX N

Recently, a generalized probability product kernel (GPPK) be-
tween distributions, which represents the similarity between
two probability distributions p and p’, is proposed [8]:

Ky(p,p') = jﬂ p(x)Pp (x)Pdx, 5)

where normally p € {1/2,1,2,3,...}. The motivation be-
hind this method is to combine discriminative and genera-
tive estimations to exploit their complementary advantages.
In [8], the expected likelihood kernel, that is, K (p, p’), is used
to derive the similarity measure between Gaussian mixture
models, HMMs, and so forth. Some of the advantages of the
GPPK include the positive-definite, symmetric property and
the capability to handle a variety of generative models (in-
cluding HMMs) in a closed form (note that KL distance is
not positive definite, asymmetric and in many cases, it can
only be approximated by an upper bound). However, the
closed-form evaluation of GPPK is not readily available ex-
cept for p = 1. Whereas other values of p, especially p =
1/2, can also be of great interest in some cases, notice that
when p = 1/2, the GPPK is effectively the well-known Bhat-
tacharyya’s measure of affinity between two statistical distri-
butions [9]. In this work, we develop a modified GPPK to
efficiently evaluate similarity between HMMs in closed form
whereas the value of p can be chosen freely, that is, not con-
strained to 1. The modification is developed based on a new
interpretation of GPPK. Under this new interpretation, the
similarity measure of two HMMs is considered as the sta-
tistical average of similarities of all possible so-called costate
sequences drawn from the two HMMs.

Meanwhile, the brute-force computation of the simi-
larity between two Gaussian HMMs can be prohibitively
intensive, for example, the computational complexity is
O(BT(NN’)T1), where T is the number of transitions and
N and N’ are the numbers of states of two HMMs. In this
work, we propose two fast schemes which can drastically ease
this burden by reducing the computational complexity to
O(3T(NN')?) and O((NN")*log, T), respectively. The rela-
tive computational complexity of these two schemes depends
on the complexities of the two HMMs, for example, the num-
ber of states N and the number of transitions T' to be used
in the evaluation process. It can be measured by the ratio of
3T/NN'log, T.

Another important implementation issue of the pro-
posed similarity measure is the out-of-precision problem.

Because the computation of similarity between HMMs will
exceed the precision limit of any machines when T gets large,
we formulate two scaling procedures corresponding to two
proposed fast schemes. The scaling procedures can prevent
the computation from going beyond the precision range as
well as guarantee that the exact value of the similarity mea-
sure can be evaluated.

The paper is arranged as follows. Section 2 introduces
the similarity measure of Gaussian HMMs and its modifica-
tion. Section 3 presents the forward procedure and its scaling
procedure for computing the proposed similarity measure.
Section 4 presents the second fast scheme based on similarity
transition matrix, which is followed by the scaling procedure.
Section 5 provides the preliminary experimental results. We
conclude our work in Section 6.

2. SIMILARITY MEASURE OF GAUSSIAN HMMS
AND ITS MODIFICATION

One of the building blocks in deriving the similarity measure
of general HMM s is computing the similarity measure of any
arbitrary pair of observation distributions corresponding to
two specific states of these two HMMs, denoted as ;. For
Gaussian HMMs, the observation probability distribution is
Gaussian. Based on (5), the GPPK of two D-dimensional
Gaussians, p(x) ~ N (g, %) and p’(x) ~ N'(¢',X'), is com-
puted as

Yup 2 K,(p,p")
= | peorp ordx

— (27[)(172p)D/2 |2‘r |1/2 |Z| —p/2 ‘Z, | —p/2

— ! 7= ’ 1
X exp ( - g‘uTZ 'u— %u Ty + E‘u*TZTyT>,
(6)

where 2" = (pX7! + pX 1) and pt = p2lu + pT 1y
Note that the computational complexity of Yy 4+ is mainly
determined by the complexity of matrix determinants and
inverses (which both are O(D?)) in (6).

For Gaussian HMM, given the observation sequence X
and the model parameters A, the likelihood is

N

> meb(xolso) [ [0(xelse)ags ,  (7)

S0yeerST=1 t=

P(X|A) =

—_

where 7, is the initial state probability of state so, b(x|s;)
is the Gaussian distribution corresponding to state s¢, and
as,|s,, 1s the state transition probability from state s;—; to s;.
When p = 1, the GPPK of two Gaussian HMMs is

K,(A, A7)
=J P(XIV)P(XIN)dX
RDPx-+-xRD

N N’ T
Z Z TLso TTs), Yso.s) 1—[ Asy |51 915, Yssio
t=1

$05ST=1 50,87 =1

(8)
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where v, ¢, t = 0,1,2,..., T, is the GPPK of two Gaussians
corresponding to states s; and s; of two HMMs.!

The derivation of (8) is based on the definition of GPPK
with the value of p being set to 1. Here we take another per-
spective to derive the similarity measure that is exactly the
same as the one depicted in (8), whereas the value of p is
no longer constrained to be 1. For two HMMs A and 1A',
suppose from t = 0 to t = T that the state sequence is
s = (50,51,525...,57) and 8" = (s(,57,53,...,s7). Then we de-
fine a “costate” sequence as ss’ = (So, S0, 51,515 - - »S7,57). The
probability of such a costate sequence ss” with model param-
eters A and A’ can be computed as

T
P(SS,M,/V) = P(SM)P(SIM,) = Tlsy TTs;, nas,\s[,las{\s[,y 9)

t=1

Define the similarity of two state sequences as

T
Vs = 1_[ Vs,s;- (10)
t=0

The value of y,y is determined by the value of p used in
the computation of v, s, that is, the GPPK of two Gaus-
sians corresponding to two states s; and s; of two Gaussian
HMMs (see (6)). Then the similarity measure between A and
A’, given an arbitrary costate sequence ss’, is the product of
the probability of the costate sequence and the correspond-
ing similarity of the two state sequences, that is,

KP* (A, |ss") = P(ss" A, A ) yss

T T
= Tls) T l_[ sy |51 Bsis; n Vs.os,
=1 1=0 (11)

T

= 7.[507-[5(’)1//3())36 | | aSr\St—1a5H3;—1WSr,S;'
t=1

Then the similarity measure between A and A’ is obtained
by summing Kp* (A, A" [ss") over all possible costate sequences,
that is,

K (LX)

Z K;‘()L,A'Iss')
all ss’
N N’
> 2

50587 =1 50,0087 =1

T
TLso 7T, Wso.st l_[ As;ls-1 sils;y Ysposi -
t=1

(12)

From the above perspective, the resulting similarity measure
between two Gaussian HMMs is the same as that of (8),
but the value of p can be chosen freely rather than being

'Note that if p take values other than p = 1, it is difficult to compute the
GPPK of two HMMs in closed form based on the definition of GPPK.

confined to 1. From (11), (12), it can be seen that in the
new interpretation, the similarity measure of two Gaussian
HMMs is calculated as the statistical average of similarities of
all possible costate sequences of these two Gaussian HMMs.

The modification of GPPK in this work is developed
specifically for Gaussian HMMs, whereas (12) can still be
applicable to HMMs with discrete observation distributions
or other forms of continuous observation distributions. In
these cases, a new similarity measure vy, for the specific ob-
servation distributions needs to be developed. For two Gaus-
sian HMMs, the overall computation complexity for all pos-
sible pair of Gaussian states is O(D*NN’). For HMMs with
discrete distributed states, this computation is usually much
lighter than that of Gaussian states. For HMMs with mixture
Gaussian, assuming the numbers of mixtures for each state
are Ny, and Ny, respectively, the overall complexity of all pos-
sible pairs of states is O(D* N, N;,NN"). If large T is required
in the computation, the major computation load still lies in
the induction phase rather than in computing the similarities
between observation distributions.

3. FORWARD PROCEDURE

The brute-force computation of the similarity measure be-
tween two Gaussian HMMs, however, is prohibitively in-
tensive. The computational complexity in the evaluation of
the similarity measure under (12) is O(3T(NN’)T*1). Pre-
cisely speaking, there will be (NN")T*! — 1 additions and
(NN")T*1(3T — 1) multiplications. Clearly a more compu-
tational efficient procedure is needed.

In this section, we adopt a forward procedure which
is analogous to the popularly used forward procedure in
the probability evaluation of the observation sequence on
HMMs. First we define the forward similarity measure of two
Gaussian HMMs as

(Xr(i)j) = I<;0>i< (A>/V)Sr = l',S; = ])
505005571 §500ySh_ )

71

X (”So Tlsy Wy, s) 1—[ As, |5,y As) s,y Wse,s) Rilse_1 Bjls,_, WLj) >
t=1
(13)

that is, the similarity measure of two Gaussian HMMs when
only 0 < t < 7is considered and s; = i, s, = j. Then (i, j)
can be inductively computed as the following forward proce-
dure.

(1) Initialization:

ao(i, j) = 7r,~7t]'»1//l-,j, 1<i<N,1<j=<N". (14)

(2) Induction:

ar(iy ) =D D a1 (M, n)aimajinijs
m n (15)

l<7<T,1<i<N,1<j<N.
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This is because for 7 = 1, Then
a1(ij) = D D Tl Yimn@ilmjin Vi KAL) = 2 Z“T(i:j)
S (16)
= > > ao(m, n)aimajimVi; 3 N (20)
ariy j) = Z z Because K;‘ (M, A") and crer—y - - - ¢o may also go be-

80500571 Sy0nSe_y
71

X (”50”561//50,56 1—[ a51|5t—1a5;|5271wSt,S;a“Sr—laﬂS;ql/]f)j)

t=1
S22 D memves
Se-1 §)

((Sn ..... ST-2 §g5ene

T-2

X | |ast‘st—las”»(;fll//shs;asffl‘51—2a5;71‘5;72
t=1

.
-2

X 1/1511,5;1) (ai\sr—luj\s;q Wi»j))

= >0 > a1 (m, m)aimain i
(17)
(3) Termination:

Ky A)

=2 > ar(i, ).

i

(18)

The computational complexity of this forward procedure
is O(3T(NN')?). To be precise, there willbe NN’ (2+3NN'T)
multiplications and NN'(1 + (NN’ — 1)T) additions. Com-
paring to the brute-force computation, the complexity of the
forward procedure is much lower especially when T is large.

In (13), the initial state distribution 7 and the state tran-
sition probability distribution a are less than 1. It is apparent
that when 7 gets big, each term of the sum in (13) goes to
zero and the dynamic range of «, (i, j) will go beyond the pre-
cision range of any machine. Therefore a scaling procedure is
needed to maintain the value of (i, j) within the dynamic
range of the machine as well as guarantee that the exact value
of the similarity measure can be realized.

We denote a,(i, j) as the unscaled forward similarity
measure, a,(i, j) as the scaled forward similarity measure,

and éT(i, j) as the temporary variable for the computation
of a:(i, j). Below is the refined forward procedure with the
scaling procedure.

(1) Initialization. Let éo(i,j) = ag(i, j). Define the scal-

ing coefficient co as co = (3;; &o(i,j))*l. Let ap(i, j) =
codo(is ).

(2) Induction. Let ocT(z J) =D 2 e (m, n)a;|ma]\n1!/z]>
and ¢; = (3 & (i, )% then &: (i, j) = ;s (i, j).

(3) Termination. From the induction step, it can be found
that

Ge iy ) = cotie(iy j) = coar (i ). (19)

C = CpCpm1 vt

yond the dynamic range of the machine, we take the
logarithm

T
log (K* (A, 1)) = log (Z ZaT(i,j)) ~Sloge.  (21)
i t=0

<

From the scaling procedure, for each 1 T < T, the
values of the scaled as, @-(i, j), are kept within the dynamic
range of the computer by multiplying by a scaling coefficient
¢;. By exploiting the relationship between as and s, the exact
logarithm value of Ky (A, 1) is realized.

4. FAST SCHEME BASED ON SIMILARITY

TRANSITION MATRIX

Comparing to the brute-force computation of the similarity
measure between Gaussian HMMs, the forward procedure is
computationally efficient. However, this procedure does not
consider the time invariant property of state transition ma-
trices of two Gaussian HMMs and their corresponding Gaus-
sian similarity measures.

More specifically, denote the initial probability distribu-
tion vector of an HMM as

T
= [711 M o 7TN] . (22)
Denote the state transition matrix of an HMM as
apn a2 aiN
azr axn AN
A= {a;j} = (23)
aNi1 aN2 * - 4NN

Define the similarity matrix of all possible pair of Gaussians
coming from two corresponding Gaussian HMMs, A and A’,
as

v Y2 VIN'
Y21 Y YoN'

VY = {Wij} =1 . . . . (24)
UN1T YN2 " YNN

Let (x?j = ag(, j). Define 0{;‘” = aima}ny/mn as the tran-
sition similarity measure of two Gaussian HMMs when the
state number of these two HMMs are transferred from i to m
and from j to n, respectively. Then based on (22)—(24), we
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define the initial similarity vector and the similarity transi-
tion matrix of two Gaussian HMMs as

a = ((menr’)ovec (‘I’T))T

0 0 0 0 0 0
=[aj; - oy ap et dgy Ayt ayn
(25)
T
S=(A®A") o [vec(¥),vec(¥"),...,vec(¥")]
NN’
m pll IN' p21 2N’ N1 NN’
L A Y A A
11 IN' p21 2N’ N1 NN’
Ol - 0N @ NN N
11 IN' p21 2N’ N1 NN’
I L - A I\
= 11 IN" p21 2N’ N1 NN’ | >
Oy - 0N 03 -0 L BN
11 IN' p21 2N’ N1 NN’
08, -0 0 o - eN - oM
11 IN' p21 2N’ N1 NN’
| ONN -+ ONN ORI -+ - O3 - - NN - - - ORN |
(26)

where ® is the matrix operator of Kronecker product, ® is the
matrix operator of Hadamard product, and vec(-) is the vec-
tor operator [10]. The dimension of the initial similarity vec-
tor ap and the similarity transition matrix S is 1 by N X N’
and N X N" by N x N’, respectively.

Compare (25)-(26) with (14)—(18), it can be observed
that the sum of components of the initial similarity vector
@ is

sum (ap)
= sum([af; - - - afy o - Ay -k e o))
=> > alir ),
i
(27)

that is, the similarity of two Gaussian HMMs when 7 = 0. It
can also be observed that

sum(aoS) = > > a1(is ), (28)
i

that is, the similarity of two Gaussian HMMs when 7 = 1.
Likewise, for 7 = T, we have

sum(ao SS - - -S) => Yar(i,j) = Ky(LA). (29)
j

T i
Similar to (25), if we define

“}'\TN']y
(30)

where aj; = a:(i, j), then the forward procedure proposed in

the above section can be reinterpreted as the following matrix
manipulation.

T T T T T
o =[af; - afy agy s agy o afy

(1) Initialization. Compute & and S; see (25)-(26).
(2) Induction:

a=wa,1S 1l=<1t=<T (31)

(3) Termination:

Kf(LA) = sum(ar). (32)

From (31), we can see that at the induction step, the tran-
sition similarity matrix S is used iteratively. But the compo-
nents of the transition similarity matrix include state tran-
sition probabilities (a;js and a;js) and GPPKs (y;;s) corre-
sponding to all possible pairs of Gaussians coming from the
two HMMs. They are time invariant with regard to the value
of 7. Therefore, it is clear that in order to compute ar, which
is needed in the termination step, it is not necessary to follow
the induction step of (31). Rather, we can directly compute
the T-step transition similarity matrix S, that s,

s=s"; (33)

and the computation of S’ can be accelerated by the follow-
ing procedure (without loss of generality, we assume T = 2"):

S =g g™ 1 <i<np. (34)

So based on the similarity transition matrix, our new
proposed procedure is summarized as following:

(1) Initialization. Compute & and S.
(2) Induction:

8§20 =88 1 <i<py (35)
ar = a8, T =2 (36)

(3) Termination:
KAL) = sum(ar). (37)

The computational complexity of this fast procedure is
O((NN')*log, T). Specifically, there will be (NN")?log, T +
3(NN’)? multiplications and (NN’ — 1)(NN')*log, T +
(NN’)? additions. Comparing to the computational com-
plexity of the forward procedure, O(3T(NN")?), this fast
procedure is advantageous when T' > NN'. So in theory, one
can choose one scheme out of the proposed two by determin-
ing the value of 3T/NN" log, T. That s, if 3T/NN"log, T > 1,
the second scheme is preferred. Otherwise, the first scheme is
preferred. Because the computational complexity becomes a
more critical issue when T is large, the second scheme may
have a more practical advantage over the first scheme.

In (35), when i gets big, the values of the components of
$Y will go to zero and rapidly their dynamic range will again
go beyond the precision range of any machine. Then another
scaling procedure is needed.
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TaBLE 1: Model parameter settings of Gaussian HMMs.
Experiment I Experiment II
/11 /12 /13 /11 Az AS
x=1[06 04]T 7=1[06 04]" x=1[03 07]" x=1[06 04]T 7=[06 04]T 7=1[06 04]"
A 0.4 0.6 A 0.3 0.7 Ae 0.6 0.4 A 0.3 0.7 A 0.3 0.7 A 0.6 0.4
0.2 0.8 0.4 0.6 0.3 0.7 0.4 0.6 0.4 0.6 0.8 0.2
po=[1 107 po=[1 21" uo=103 51" po=12 4" po=102 3" uo=12 21
=03 11" w, =13 21" u, =[45 3.5]" w, =14 4" u, =14 31" u,=[4 21"

5|10 s _|1 0 5, |10
01 01 01
10 10 10
% = % = % =

5, |10 5|10 s, |10
01 01 01
10 10 10

%= 3, = 3, =

We denote S?) as the unscaled 2/-step similarity tran-
sition matrix, S@
A2
matrix, and §( ) as the temporary matrix for the computa-
tion of ). Denote ar as the scaled ar. Below is the refined
fast procedure embedded with the scaling procedure (again
we assume T = 2"),

" as the scaled 2/-step similarity transition

A2
(1) Initialization. Compute ap and S. Let S = S. Let the
(2%
scaling coefficient ¢ be as ¢y = (sum(S ))~!, where
A9 A%
sum(S ) is the sum of all components of S . Let
~ ~29
S@ = ¢S
. NCRIN i1\ Q(9i-1 A@)
(2) Induction.LetS =S@")82"" and¢;=(sum(S ));
o A2) ~
then S@) = ¢,S ,for1 <i < n. Hence ar = aS'D.
(3) Termination. From the induction step, it can be found

that
~ Ao A2 o
S =8 =¢8 =...=¢c2,---Z'S?;  (38)
then
ar = ao8" = ageu -2 S®) = ¢, 2 - ar
(39)

So the similarity measure Ky (A, A7) is computed as

KA 1) = sum(ar) = (cnc2 -+ &) 'sum(@r). (40)
Because K (A, A7) and cncﬁl,l -+ cd" will also go be-
yond the dynamic range of the machine, we need to
take the logarithm

n

log (K (4,1")) = log (sum(ar)) — > 2" log (ci).  (41)

i=0

From the scaling procedure, for each 0 < i < n, the values
of the components of the scaled 2/-step similarity transition
matrix $?) are kept within the dynamic range of the com-
puter by multiplying by a scaling coefficient ¢;. By exploit-
ing the relationship between the scaled and unscaled simi-

larity transition matrices (38), the exact logarithm value of
KP* (A, 1) is realized.

5. EXPERIMENTAL RESULTS

Our experiments include two parts. We first use simulated
model parameters to test the effectiveness of the introduced
similarity measure of Gaussian HMMs. Secondly we test the
effectiveness on a set of real texture images for classification.

5.1. Experiments on simulated model parameters

In this subsection, we perform two experiments. In each ex-
periment, three Gaussian HMM:s are used to test their rela-
tive similarity measure among each other. The model param-
eters of the Gaussian HMMs are manually set. In the com-
putation of similarity measures between Gaussians, we set
p = 1/2, that is, Bhattacharyya’s measure of affinity between
Gaussians [9]. The similarity measure of all possible pairs of
Gaussian HMMs among the three Gaussian HMMs are com-
puted for T = 0,1,2,2%,...,2'0 Table 1 lists the model pa-
rameters chosen for these two experiments (also depicted in
Figure 1).

The setting of simulated model parameters is based on
the consideration that it should be easy to make an in-
tuitive judgment of the relative similarity between these
models by just looking at the parameters of these mod-
els. For example, by looking at Figure 1 and parameters
in Table 1, one can intuitively tell that in experiment I,
Kos(A1,42) > Kos(A2,A3) > Kos(A1,A3); and in experiment
11, K()_s(A],/\z) > K(),S(AZ,A@) > KO'S(A],A.:‘)). Then in experi—
ments [ and 11, similarities of the HMMs pairs, for example,
1-2, 1-3, and 2-3, are computed with various settings of T,
for example, T = 0,1,2,22,...,2!% In Figure 2, it can be seen
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5L ]
0.3
0.7
4 0.4 7
0.6
5L _
0.7 0.6
03 0.4
0.7 0.6
03 0.4
L L L L L
1 2 3 4 5
(a)
T T T T T
5L |
0.7 0.6
4 — E : -
0.3 0.4
0.7 0.6
03 0.4
0.7
L < 1 >—>< Do 6 )
0.3 0.4
1k 4
L L L L L
1 2 3 4 5

FI1GURE 1: Gaussian HMMs used for experiments I and II.

that not only the similarities of pair 1-2 were always higher
than those of pair 1-3 and pair 2-3, but also the magnitudes
of the differences among these similarities increase exponen-
tially over T (note that a logarithmic scale was used for the y-
axis in Figure 2). This phenomenon suggests that with the in-
crease of T, the proposed similarity measure should become
more accurate in classification.

5.2. Experiments on texture classification

In this subsection, the method of similarity measure of
Gaussian HMMs is tested on texture classification. thirteen
texture images of Brodatz texture images (see the USC-
SIPI Image Database at http://sipi.usc.edu/services/database/
Database.html) are used for classification; see Figure 3. All 13
texture images are monochrome with size of 512 x 512. Each
texture image is divided into 16 128 X 128 nonoverlapping
sub-texture images for training and test.

—-10' f

-10% }

-10% ¢

—-10*

0 2 8 32 128 512

—e— logKo5(1,2)
—— IOgKO‘s(l,S)
—8— logKos5(2,3)

(a)

—-107!

—-100F

-10'

—~10% F

0 2 8 32 128 512

—e— logKo5(1,2)
—x— logKy5(1,3)
—&— lOgKOAs(Z, 3)

(b)

FIGURE 2: (a) and (b) Similarity measures of all possible pairs of
Gaussian HMMs in Figures la and 1b, respectively.

For each sub-texture image, a Gaussian HMM is trained
by the observation vector sequence generated from the sub-
texture image. The generation of the observation vector se-
quence can be summarized by using an 8 X 8-sized sliding
window to scan the sub-texture image with 75% (or 6 pixels)
overlap between consecutive steps from left to right and from
top to bottom. The windowed image blocks are normalized
to zero mean and further transformed by an 8 x 8 DCT. Only
the 3 X 3 lowest frequency coefficients in the DCT domain
are used to form the 9-dimensional observation vectors. All
consecutive observation vectors form the observation vector
sequence.
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FIGURre 3: Thirteen categories of texture images. From top to bottom and from left to right, they are bark, brick, bubbles, grass, leather,

pigskin, raffia, sand, straw, water, weave, wood, and wool.

5.2.1. Experimentone

In this experiment, for each class of texture, all 16 trained
HMMs are selected for each class. Then totally there are
13 X 16 = 208 HMMs involved. The similarity measures of
all possible pairs of HMMs among all selected 208 HMM:s

are computed with T = 4 and p = 1/2.2 Denote s,. as the
log of the similarity measure between the mth HMM of class
i and the nth HMM of class j. The similarity measures are
arranged by the following similarity measure matrix and de-
picted in Figure 4a:

L1 1,1 1, L3 1,13 1,13
S, S12 S1,16 S, S1.2 S1,16
L1 1,1 1,1 L3 1,13 1,13
21 S22 $2,16 S0 S22 $2,16
. i } (42)
13,1 13,1 13,1 13,13 13,13 13,13
S16,1 S16,2 S16,16 " * S16,1 S162  C 77 S16,16

The brightness of each pixel in Figure 4a represents the value
of similarity measure of the corresponding pair of Gaussian
HMMs, that is, the brighter the pixel, the greater the similar-
ity measure.

It can be seen from Figure 4a that within-class similarity
measures are normally higher than between-class similarity
measures, for example, the squares along the diagonal of the
similarity measure matrix are generally brighter than the cor-
responding off-diagonal squares. To illustrate this, Figure 4b
shows a sketch of squares along the diagonal of the similarity

2We excluded the influence of the initial probability distribution 7 by
substituting all 77;’s and ﬂ]’» ’s with 1/N’s and 1/N"’s. Due to the limited train-
ing data (just one sub-texture image is used in the training of HMM), the
initial probability distribution is unreliable and should be excluded from the

computation of similarity measures.

measure matrix and the corresponding off-diagonal squares
(the gray areas).

5.2.2. Experimenttwo

In this experiment, for each class of textures, 5 trained
HMMs are randomly selected. The selected 5 HMMs of each
texture class serve as class templates. All the corresponding
unselected 11 trained HMMs of each class serve as the test-
ing data. When an arbitrary testing HMM is sent to the clas-
sification system, its similarity measures towards all the class
templates of every texture class are computed. Then the sim-
ilarity of the testing HMM towards a particular texture class
is computed as the mean value of the similarity measures of
the testing HMM towards all the 5 templates of that texture
class. The identity of the testing HMM is assigned to the tex-
ture class which has the highest similarity measure towards
the testing HMM.

For the purpose of observing the convergence property of
the similarity measure when T gets big, we tested the recog-
nition rates (the rates according to which the testing HMM:s
are correctly classified) on T = 0,2°%,2',22,...,21% and the
p is set to be 1/2. When T = 0, the classification is actu-
ally based on the similarity measure of the observation dis-
tributions (Gaussian) of two HMMs and the state transition
matrix is not involved in the computation. Obviously, when
T gets big, the influence of the state transition matrix in the
computation of similarity score gets big. The recognition rate
when T = 0 is 0.8042. The recognition rates of other settings
of T’s values are depicted in Figure 5. An interesting obser-
vation is that, in this experiment, the recognition rate jumps
up from 0.8042 at T = 0 to 0.9510 at around T = 22, and
then converges at around 0.90 as T increases. We attribute
this phenomenon to the simple Gaussian models used for
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FIGURE 4: (a) Similarity measure matrix of 13 X 16 Gaussian HMMs
generated from 13 X 16 texture images. (b) Illustrative plot of
squares along the diagonal of the similarity measure matrix and the
corresponding off-diagonal squares.

HMM state distributions and the inaccuracy in model pa-
rameter estimations. With texture images, the assumption
of Gaussian model for our DCT domain feature vectors is
mostly for computational simplicity; and the estimation of
HMM model parameters for subimages from the same tex-
ture class may not be consistent due to the variant appear-
ances among these subimages (e.g., note the heterogeneous
appearance in the straw image in Figure 3). The suboptimal
property of the EM algorithm may also introduce some es-
timation error. Furthermore, it is reasonable to assume that
all three components of HMM model parameters (A, B, )
should share certain influence in determining the similarity
measures. However, as stated in the previous subsection, 7
is excluded from our experiment because of its inaccuracy
due to limited training data. Therefore when T = 0, the
similarity measure is solely determined by B. On the other

Recognition rate
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FIGURE 5: Recognition rates when T is set as 2°,2,...,210.

hand, when T — o0, A becomes more and more dominant in
the computation of similarity score. Therefore over the en-
tire range of T, there may be some point between 0 and o
where the combination of contributions from A and B get
maximized. Further studies will be conducted to address this
phenomenon. When the best T' value is not known, a com-
mon practice is to set T' equal to the length of the observation
sequences.

6. CONCLUSION

In this work, we introduced a similarity measure of Gaussian
HMM:s based on a modified “generalized probability product
kernel” definition. We also provided a new interpretation for
the derivation of this similarity measure. Two fast comput-
ing procedures embedded with corresponding scaling proce-
dures were presented. The similarity measure is evaluated on
simulated model parameters as well as texture images. En-
couraging results testified the effectiveness of the proposed
method for similarity comparison between Gaussian HMMs.
The method can be further generalized for the comparison
of mixture Gaussian HMMs and more complicated stochas-
tic models, and it may also find potential applications in
other data analysis areas. The Matlab code for the proposed
schemes will be available upon request.

ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers
for their insightful comments and constructive suggestions.

REFERENCES

[1] E Samaria, Face recognition using hidden Markov model, Ph.D.
thesis, University of Cambridge, Cambridge, UK, 1995.

[2] L. Chen, H. Man, and A. Nefian, “Face recognition based
on multi-class mapping of Fisher scores,” Pattern Recognition,
vol. 38, no. 6, pp. 799-811, 2005, Special Issue on Image Un-

derstanding for Digital Photographs.



Fast Schemes to Compute Similarities between Gaussian HMM:s

1993

[3] G.Fanand X.-G. Xia, “Wavelt-based texture analysis and syn-
thesis using hidden Markov models,” IEEE Trans. Circuits Syst.
1, vol. 50, no. 1, pp. 106-120, 2003.

[4] M. N. Do and M. Vetterli, “Rotation invariant texture charac-
terization and retrieval using steerable wavelet-domain hid-
den Markov models,” IEEE Trans. Multimedia, vol. 4, no. 4,
pp. 517-527, 2002.

[5] B.H.Juang and L. Rabiner, “A probabilistic distance measure
for hidden Markov models,” AT T Technical Journal, vol. 64,
no. 2, pp. 391-408, 1985.

[6] R. B. Lyngse, C. N. S. Pedersen, and H. Nielsen, “Measures
on hidden Markov models,” Technical Report RS-99-6, Basic
Research in Computer Science, Aarhus, Denmark, 1999.

[7] C. Bahlmann and H. Burkhardt, “Measuring HMM similar-
ity with the Bayes probability of error and its application to
online handwriting recognition,” in Proc. IEEE 6th Interna-
tional Conference on Document Analysis and Recognition (IC-
DAR °01), pp. 406—411, Seattle, Wash, USA, September 2001.

[8] T.Jebara and R. Kondor, “Bhattacharyya and expected likeli-
hood kernels,” in Proc. Conference on Learning Theory (COLT
’03), pp. 57-71, Washington, DC, USA, August 2003.

[9] E Aherne, N. Thacker, and P. Rockett, “The Bhattacharyya
metric as an absolute similarity measure for frequency coded
data,” Kybernetika, vol. 32, no. 4, pp. 1-7, 1997.

[10] J. Schott, Matrix Analysis for Statistics, John Wiley & Sons,
New York, NY, USA, 1996.

Ling Chen received the B.S. degree from
the Northwestern Polytechnical University,
China, in 1996, and the M.S. degree from
the University of Electronic Science and
Technology of China, China, in 1999, both
in electrical engineering. Currently, he is a
Ph.D. candidate in the Department of Elec-
trical and Computer Engineering, Stevens
Institute of Technology, Hoboken, New Jer-
sey. His research interests include biomet-
rics, machine learning, statistical pattern recognition, and neural
networks.

Hong Man received the B.S. degree from
Soochow University, China, in 1988, the
M.S. degree from Gonzaga University in
1994, and the Ph.D. degree from Georgia
Institute of Technology in 1999, all in elec-
trical engineering. He joined Stevens Insti-
tute of Technology in 2000, and currently he
is an Assistant Professor in the Department
of Electrical and Computer Engineering. He
is serving as the Director for Computer En-
gineering Undergraduate Program in the ECE Department, and
the Coordinator for NSA Center of Academic Excellence in In-
formation Assurance in the School of Engineering. He served as
a Member of the Organizing Committee for the IEEE International
Workshop on Multimedia and Signal Processing (MMSP) 2002
and 2005, Member of the Technical Program Committee for the
IEEE Vehicular Technology Conference (VIC) Fall 2003, and the
IEEE/ACM International Conference on E-Business and Telecom-
munication Networks (ICETE) 2004 and 2005. He is a Commit-
tee Member in IEEE SPS TC for Education. His research interests
include image analysis, medical imaging, multimedia networking,
and network security.




	1. INTRODUCTION
	2. SIMILARITYMEASURE OF GAUSSIAN HMMS AND ITS MODIFICATION
	3. FORWARD PROCEDURE
	4. FAST SCHEME BASED ON SIMILARITY TRANSITION MATRIX
	5. EXPERIMENTAL RESULTS
	5.1. Experiments on simulated model parameters
	5.2. Experiments on texture classification
	5.2.1. Experiment one
	5.2.2. Experiment two


	6. CONCLUSION
	ACKNOWLEDGMENT
	REFERENCES

