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This paper proposes a new estimation algorithm for the parameters of an HMM as to best
account for the observed data. In this model, in addition to the observation sequence,
we have partial and noisy access to the hidden state sequence as side information. This
access can be seen as “partial labeling” of the hidden states. Furthermore, we model
possible mislabeling in the side information in a joint framework and derive the
corresponding EM updates accordingly. In our simulations, we observe that using this
side information, we considerably improve the state recognition performance, up to 70%,
with respect to the “achievable margin” defined by the baseline algorithms. Moreover, our
algorithm is shown to be robust to the training conditions.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

In a wide variety of applications in time series analysis
ranging from speech processing [1-8], bioinformatics
[9,10] to natural language processing [11-14], the observa-
tion sequence is represented as a stochastic process,
depending on another stochastic process that generates
a sequence of hidden (unobserved) states. With certain
conditional independence properties regarding the obser-
vations as well as the states, this is known as Hidden
Markov Model (HMM) [1,15]. In this paper, we particularly
concentrate on discrete-time finite-state HMM with finite
alphabet, which is described by two families of random
variables: the hidden state sequence Z; and the obser-
vation sequence Y. The random variables in the state
sequence Z; form a stochastic, discrete-time Markov chain
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and the observation Y,, conditioned on the present hidden
state Z, is independent with the past and future observa-
tions as well as the hidden states. The corresponding
conditional independence structure of the model is shown
as a directed acyclic graph [16] in Fig. 1a. Hence, an HMM
is completely characterized by the set of parameters
A= (x,A,B), where Aj; is the state transition probabilities,
Bjj is the observation emission probabilities and z; is the
initial state probabilities. A detailed description of the
model can be found in [1]. Estimation of these model
parameters A = (z,A, B) is an important problem in applica-
tions using HMM [1,6,7,9-14,17,18]. Since there is no
closed form solution for the set of parameters that max-
imizes the probability of the observation sequence
given the model, instead, iterative algorithms such as the
Expectation-Maximization (EM) algorithm[19,20] (or
equivalently the Baum-Welch method [21]) is used to
obtain a local optimal solution [1]. In this paper, we derive
a new set of iterative EM equations that yield a locally
optimal solution for the model parameters, when the
ordinary model of the observation sequence, e.g., as in
[1], is different. In our model, in addition to the observa-
tion sequence y, (upper case letters are used to denote the
random variables and the lower case letters are used
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Fig. 1. (a) The conditional independence structure of an HMM with discrete-time finite-states z, and observations y, of a finite alphabet. (b) The conditional
independence structure of an HMM with partial and noisy access x, to the state sequence.

to denote the corresponding realizations), we observe a
part of the hidden state sequence as side information.
More precisely, at every time instant t, we observe the
hidden state z; as x, with probability z, i.e., with 1—z
probability the state stays hidden. This gives partial access
to the state sequence as side information which is, in our
work, incorporated in the corresponding parameter esti-
mation problem and the associated EM algorithm. We
emphasize that the state observations are not necessarily
confined to a time interval but may even be sparsely and
randomly distributed along the complete time span of the
application. In the limiting case, if z is 0, then there would
be no state observation, and we recover the ordinary,
unsupervised HMM training. Therefore, our model pro-
vides a generalized framework by letting partial access to
the state sequence. Moreover, we also allow that a state
observation might be corrupted with noise such that if z; is
ever observed then P(X;#z;|Z; = z;) = 1—p. Then the corre-
sponding conditional independence structure in this case
of partially observable states is shown in Fig. 1b. Under
these new circumstances, we explicitly provide the math-
ematical derivations of the new set of iterative EM equa-
tions that incorporates the side information and estimate
the model parameters accordingly. In these derivations,
the probability that a state observation is incorrect, 1 —p, is
assumed to be known and it is provided to our algorithm
as a parameter, p, which defines the confidence on the side
information. Simulations show that our method is robust
to the confidence parameter p, even if it does not exactly
match with the underlying true quality of the side infor-
mation, pPyye-

Since the hidden state sequence is partially observed,
our work falls into the category of Partially Hidden Markov
Model (PHMM) training (note that this term is used in [22]
in a different context). Similar to semi-supervised learning,
PHMMs use both “labeled” (in our context the state
information) and “unlabeled” data to obtain improved
model training. Such an approach is suitable, when we
have access to a limited amount of labeled data along with
a large amount of unlabeled data. This happens, as an
example, in speech processing applications [8], where
labeling, i.e., transcription, is naturally costly [8,23], hence
only limited amount is affordable, and transcriptions may
contain errors. Furthermore, by allowing noisy access to
the states, we model “mislabeling” event that may occur
during labeling stage. PHMMs, to the best of our knowl-
edge, date back to the studies [12-14] in the area of
Natural Language Processing. In these studies, tagged text,
corresponding to the known states of a PHMM, is first

analyzed through a relative frequency modeling to con-
struct an initial model, then this model is fed into the
ordinary HMM training algorithm. However, these studies
do not rigorously show how the partial state information is
incorporated within the ordinary HMM parameter estimation
framework. The Maximum Likelihood Estimator (MLE) for
the model parameters in a special case of PHMMs, where
only a certain state from the state space in the underlying
Markov chain is known, is theoretically (consistency and
asymptotic normality of the estimator) analyzed in [11].
However, the equations for computing the MLE (using the
EM algorithm or other Likelihood maximization techniques)
in this special case of PHMM are not derived. In [18], iterative
EM equations for a general case, where each observation can
only belong to a pre-defined set of acceptable states are
given, but no complete derivation is provided. On the
contrary, we explicitly derive the new set of iterative EM
equations for the PHMM parameter estimation problem,
when there is partial access to the underlying hidden state
sequence. Furthermore, the partial observation of the state
sequence might be prune to noise in our model and this case
is not considered in the existing literature.

After we provide the brief description of the basic
HMM framework and the parameter estimation equations
in Section 2, we derive the new set of iterative EM
equations that incorporates partial and noisy access to
the state sequence as side information in Section 3.
Simulations are presented in Section 4 and the paper
concludes with final remarks in Section 5.

2. Problem description

In this section, we briefly describe the basic framework for
the HMM parameter estimation problem [1]. For the sake of
notational simplicity, we study discrete-time finite-state HMM
with finite alphabet. However, our derivations for incorporat-
ing the side information in Section 3 can be readily extended
to the case, where the observations come from a continuous
distribution and outcomes are vectors. A discrete-time HMM
with finite alphabet is formally a Markov model, for which we
have a sequence of observations, y, drawn from a finite
alphabet V = {vq,v,, ..., vy, }, ie, y,€V, 1<t<T. We also have
a sequence of hidden (unobserved) states z;€S = {s1, 5, ...,
sn,}, where S is the set of possible states, generated from a
Markov process. Namely, P(Z; = zt|Z§’] = zﬁ—l) =PZ; =z
|Z¢_1 =z;_1), where (and in this paper) the upper case (bold)
letters are used to denote (a collection of) random variables
and the lower case (bold) letters denote the correspon-
ding (collection of) realizations, ie., z{™! ={z1,25, ..., Z_1},
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similarly for Z{~'. The observation sequence y;,ys,....¥; is
generated based on the state sequence zi,z,...,%:, ie.,
P(Y: =y 2} =24, Y =yt = P(Y; = y|Z: =2;). We con-
sider A as the transition matrix, where A; represents the
transition probability from state s; to s;, Aj=P(Z; =Ssj|Z;_1
=s;). Similarly, B is the observation probabilities at each state,
ie, Bj=P(Y;=vjlZ;=s;). In order to complete the HMM
observation model, we also define the initial state probabil-
ities as z; = P(Zy =s;). Thus, 1 = (x, A, B) represents the para-
meter set that completely characterizes the HMM model as
shown in Fig. 1a.

As for the HMM parameter estimation problem, the
Maximum Likelihood (ML) estimation, arg max;P(Y =y|A),
y=1{¥1.¥2,..-.¥7}, is locally solved iteratively using the
Expectation Maximization (EM) algorithm [1]. Then the
iterative re-estimation formulas for the HMM parameters
providing the ML estimate are as follows:

A Z[ — 1€t(l ]) D
Aj= Bj= .
! Tl Y Ire)

11 ()
—1lye=wi?e N .
‘% zi=y100).

M

Here, ¢:(i,j) is defined as the probability of transition at
time t from state s; to s;, given the observations y and the
current parameters of the model, i.e.,

e(l,)) =PZi =5si,Zt11 =51Y =Y. 2),

and y,(i) is defined as the probability of being at state z,=s;,
given the observations and the model, i.e.,

NS
= 3 ed(ij).
j=1
These iterative re-estimation formulas can be computed
efficiently through the well-known forward-backward
procedure [24,25], which is based on the forward and
backward variables and the corresponding recursions. The
forward variable, a(i), along with the recursion in [1] is
given by the following:

N, .
a(i) =P(Y| =¥}, Zc = 5il) =By, >, ar_1(DAji,

ish
ay(i)=ziBy,, 2<t<T,

which is the probability of observing y; and being at state
z:=S5;, given the model 4. Similarly, the backward variable
is given by the following:

p() = P(Yt+1 = Yt+1 |Ze =i, 4)
= Z BeaDA;By,,,» pr) =1, 1<t<T-1,

which is the probability of observing ytTH, given the state
z,=s; and the model. By noting that P(Zf_s,,ZtH =sj,
Y =yl4) = a(DAyBy,,, A1) and PY =yl = 33 | 2 ja
(K)AwByy,,, fr1 (D, we obtain

at(l)Al] Ve ﬂt+1 (])
v 3N a(ABy, B (D

Then the iterative re-estimation formulas for the HMM
parameters given in (1) can be computed efficiently using
the forward-backward recursions. As a result, given the
training data, we estimate the HMM parameters A by the
iterative re-estimation procedure defined by the EM

S[(i,j) =

algorithm. Namely, given the HMM parameters 44_; at an
iteration g, we re-estimate the model parameters as
Aq using the re-estimation formulas in (1). This procedure
is guaranteed to improve the likelihood of the observa-
tions at every iteration and converge to a set of HMM
parameters 4, which is at least locally optimal (cf. [1] and
the references therein).

In the following section, we incorporate the noisy side
information into the HMM framework. To this end,
we introduce the “incomplete-data problem” [19], derive
the conditional expectation of the complete-data log like-
lihood to obtain the iterative re-estimation formulas and
finally adapt the forward-backward procedure for the case
of partially observable states.

3. HMM training with noisy and partial access to the state
sequence

In this section, we derive the new set of iterative EM
equations for the HMM parameter estimation, when we
have noisy and side information on the hidden states.
Here, we have an observation sequence y.€y = {¥1,Y, ...,
yr}, with partial and noisy access to the hidden states,
Zt€Z=1{21,2>, ..., 27}, as this side information. Each hidden
state zez might be observed as x with probability z, i.e.,
we do not necessarily have a state observation at a given
time instant. Hence, we have partial access to the hidden
state sequence. In addition to this partial access, a state
observation x might also be noisy such that P(X#s|Z =
s)=(1-p). We assume that if a state observation is
erroneous, then P(X =s31Z=s1)=1/(Ns—1), Vs1,52€S and
s1#S2. We here note that if the probability distribution of
the erroneous state observations concentrated at a parti-
cular state (for each observed hidden state), then we
would have more information about the underlying hid-
den states. For an instance, suppose we observed x=s and
it is erroneous, i.e., z#s. Then, z would be more likely to be
the state s* for which the corresponding erroneous state
observations concentrated at s#s*. This clearly would be a
favorable case in terms of the HMM parameter estimation
as well as the recognition of the underlying hidden states.
In this paper, we targeted the worst case, i.e., the case of
most ambiguous state observations, when there is an
error. Hence, we assumed that the probability distribution
of erroneous state observations is not concentrated and so
uniform. For ease of notation, we define the state observa-
tions at every time t as X;€X = {X1, X2, ..., X}, such that if z,
is ever observed as se&S, then x; =s. Otherwise, x; =Ssg,
where sg is a pseudo-state. This expands our state space to
S’ =Su{sp}. Thus, we model mislabeling and partial label-
ing jointly in one complete framework as shown in Fig. 1b.

After having described our model, in the following, we
first deduce the iterative re-estimation formulas of the
HMM parameters under partial and noisy access to the
hidden states. In the following, we consider the HMM as
an instance of the “incomplete data problem” and derive
the conditional expectation of the complete data log-
likelihood to apply the EM algorithm to the Maximum
Likelihood estimation. Then we present the forward and
backward recursions for an efficient computation of the
deduced re-estimation formulas.
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3.1. The re-estimation formulas for the HMM parameters
through likelihood maximization under partial and noisy
access to the states

The ML estimation of the HMM parameters in this case
of partial and noisy access to the hidden states is given by
the maximization of the log-likelihood of all observations
with respect to the model parameters

arg max log(P(Y =y, X =X]|4)).

Clearly, this maximization would have been computation-
ally more tractable if the hidden states z were completely
known, i.e., if we had x,=z, at each time t, in addition to
the observation sequence y, since then the corresponding
conditional probability distribution could be factorized
into a simpler form (due to Markov property). Hence,
considering the unobserved hidden states as the missing
data, it is more plausible to formulate this parameter
estimation problem as an instance of the “incomplete data
problem” [19] and consider the corresponding augmenta-
tion of the observations with the states as w = (y, X,z) as
the “complete data”. Then one can construct the following
relationship between the incomplete-data log-likelihood
log(P(Y =y, X =x]4)) and the complete-data log-likelihood
log(P(W = w|4)):

log(P(Y =y, X=X|2))>3Q(z; ) log(P(W = w|2))
—YQ(z; 2) log(Q(z: 1))

= Eziy x,{(log(P(W = w12))) + C(2)},

where Q(z;)=PZ=z|]Y=y,X=X,1), C()=-Y:Q(z 1)
log(Q(z; 7)) and the expectation is with respect to the
random variables Z conditioned on (Y, X, 1). Based on this
construction, we can readily maximize the conditional
expectation of the complete data log-likelihood through
the EM algorithm (cf. [19] and the references therein) in
order to maximize the incomplete data likelihood as
originally intended. The EM algorithm works iteratively
between two separate steps, known as E-steps and M-
steps, such that at iteration g, the E-step calculates
Q(z;4q-1) and the M-step maximizes the conditional
expectation Ezyx,, ,(log(P(W =w|lg))) with respect to
the 44 and note that C(14_1) does not affect the maximiza-
tion in the M-step of iteration q. We emphasize that since
the complete data log-likelihood here is factorizable, the
ML estimation of the HMM parameters becomes compu-
tationally more tractable when it is posed as an incom-
plete data problem. Indeed, we show that the forward-
backward procedure stays applicable in this case of partial
and noisy access to the states. We now deduce the re-
estimation formulas for the HMM parameters.

Let Q(z;Aq—1) =P(Z=1z|Y =y,X=X,14_1) be the output
of E-step, then M-step carries out the following maximiza-
tion:

arg max Ezyx s, , (log(P(W =w|29)))
q

=arg maxy Q(z; 4g—1) log(P(Y =y, X =X,Z =z|y)),
49z

which, using the product of conditional probabilities, yields
arg max Ezjy x.;,., (10g(P(W = Wq)))
=arg rr}ﬁlx;Q(z; 2q-1) log(P(Y =y X=X,Z=12, 1)
PX=X|Z=12,1q)P(Z=1z|2g)).

Since X is independent with 24 conditioned on Z and Y is
independent with X conditioned on (Z, 44), we obtain

arg max Ezyy x, , (Iog(P(W = wl4g)))
q
=arg maxy.Q(z; 4g-1) log(P(Y =yIZ =2, 4q)
q z
PX=X|Z=2)P(Z=12|}y)),

where we can drop the factor P(X = X|Z = z) since it does not
depend on 14 and reach

arg max Ezyyx., , (10g(P(W = w|1g)))
= arg max ;Q(z; 2q-1) 10g(P(Y = Y|Z =7, 9)P(Z = 2| 29)).
2

We point out that the maximization in (2) does not involve
the side information X, except that Q(z;4_1) is related to x.
However, since Q(z;14_1) is calculated in E-step before
M-step starts in the course of our algorithm, it only brings
constant factors to the maximization in (2) and, hence, it does
not affect the M-step derivations. Therefore, rest of the
derivations follows the regular M-step derivations of the EM
algorithm for the ordinary HMM parameter training and we
estimate the transition probabilities as

Aij _ ZZQ(Z; /‘Lq—l)ZZ;H ljz, = SiAZey1 =)}

EZQ(Z; iq—l)zg;]] 1(zf =5
. Y2l iz = sinze = siPZ=2]Y=y,X=X,1q-1)
T X gty PZ=2Y =y, X=X, 0g1)

where 15, is the indicator function such that it outputs 1 if h,
as a statement, is satisfied; and O otherwise. Here, the
indicator function in the numerator and the denominator
marginalizes the probability P(Z =z|Y =y, X =X, 44_1), since
the outer summation is over all possible hidden state
sequences. Hence, we obtain

_ ST-UPZ =51,Zi1 =SilY =Y, X=X, 2g_1)
YIZLUPE =silY =y. X=X, 14-1)
_ I &, )
{270
Here, (i, j) is the probability of transition at time t from state

s to s;, given the observations y, the side information X, and
the model 144, ie.,

e(i,))=PZ;=si, 21 =51Y =y, X=X,1), 3)

Ay

and 7,(i) is the probability of being at state z; =s;, given the
observations, the side information and the model 441, ie,

Ne
7)) =PZe=siY =y, X=x)= ¥ &)

j=1
Note that the state transition probabilities are estimated,
given the side information, as the expected number of transi-
tions from state s; to s; divided by the expected number of
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times in the state s;. Similarly, Bij is given by

B;— 2{2111(yrivj‘)7t(i)
’ 1247

which is, given the side information, the expected number of
times in the state s; and observing v;, divided by the expected
number of times in the state s;. Also, the set of initial
probabilities for the hidden state z; is estimated as #; =
71(1). We next derive the forward and backward recursions in
order to efficiently compute the EM estimate of the HMM
parameters.

3.2. Forward and backward recursions

To derive the forward and backward recursions in this
case of partially observable hidden states, we first update
the variables of the forward-backward procedure, which
incorporates the side information x. The updated forward
variable is defined as

@ (i) =P(Y| =yi.X] =X, Z; =s;|4), 4)

the probability of observing (yi.x}) and being at state
z:=S5;, given the model A. Note that z, is the correct and the
underlying hidden state, whereas x| are the state observa-
tions, for which we might have (1) x; = sg corresponding to
the case that z, is not actually observed and (2) noisy, if z;
is actually observed. Similarly, the backward variable

Be)=P(Y} =yl 1. X =X]11Zc =51, ), 5)

is the probability of observing (ytTH,x{H), given the model
and the state z,=s;. The updated forward and backward
variables are the key variables of incorporating the side
information. The following proposition explicitly relates
these variables to the side information and provides the
corresponding recursions.

Proposition 1. For the updated forward and backward
variables defined in (4) and (5), we have

N
(i) = v(xt, 5By, X Ajae_1(), 2<t<T,
ish

— . Ns — .
pi)= 3 VX1, )P (DAByy,,,,  1<t<T-1,

j=1
where  v(Xe,$i) = Tiy, = 5p)(1=7) + 1ix, = 5)7D + Tixsinn,  #So0}
7(1-p)/(Ns—1), si#So, Sj#So.
Proof. Using the marginalization over the random vari-
able Z;_, we can obtain a.(i) as

Ns

a()= ) P(Yﬁ = Y§,X§ :Xﬁ,zt =5i,Z¢1 =Sjld),

j=1

which can be expressed, using the product of conditional
probabilities, as

Ns
ai)= Y PYi=y.Xe=x.Zr=sY; ' =y X!
j=1

t—1
=X 1= Sj,ﬂ,)

P =y X =X Ze = s10)).

By definition of the updated forward variable, we get
N
5f(i) = Z PY:=y,Xe=Xt,Zt = S,‘|Y§7l = y€71 ,X?]
j=1

t-1 _
=X ,Zi_1=S;,)2:-10),

where Markov Property is applied to reach

Ns
a()= Y PYr=yu.Xe =%, Zt =Si|Zi_1 =8}, Dac_1())
it

N
= X P(Ye=y.Xe =Xt|Zt =5, Z,_1 =}, YP(Z;
=1

Ns
=silZi1=spMa1()= Y PYe=y.X:
it
=Xt|Zt = $;, DP(Zy = $i|Zi_1 = S}, DaA_1()).

Since X, and Y, are independent conditioned on (Z;, 1), we
obtain

N )
al(i)= Y P(Ye =Y. Xt =Xc|Zt =i, DAjia;_1())
i1

N, .
= Y PXt =x¢1Zt =i, DP(Ye = Y| Zt = si, DAjia—1()).
j=1
Then, by definition of the probability of error events in the
side information, we get the proposition for the updated
forward variable as

N, .
(i) = v(xe, 5By, X Ajdc_1(), 2<t<T.
iS4

As for the initialization, we set a; (i) = v(x1, $;)7;Bjy, . Simi-
larly, the corresponding recursion for the updated back-
ward variable can be found as

N,

Bh= Y vXe1.5)Br1(DAByy,.,. 1<t<T-1,
j=1

for which we have the initialization gp(i)=1. ©

Here, p reflects the confidence that we have on the side
information and it is a parameter in our training algorithm.
Ideally, when given a set of data, p (named as p,.,;, in Section
4) should be set according to the underlying true noise level,
1—DPirue, Which is unknown. This brings an immediate trade-
off between setting the confidence too low or too high, when
an accurate guess about 1—p,,. is not present. If we have too
high confidence, then our algorithm basically overfits to the
noise in the side information, which degrades the state
recognition performance as discussed in Section 4. On the
other hand, if we have too low confidence, then our algo-
rithm does not fully exploit the side information to its limit.
We discuss this later in Section 4, when investigating the
robustness of our algorithm to the confidence parameter
P (Pain 10 Section 4).

We next present the following proposition that relates
e¢(i,j) to the updated forward and backward variables in
order to exploit the recursions given in Proposition 1 in
the estimation of the HMM parameters in our new
framework.

Proposition 2. With the definitions in (4) and (5), we have
gt(i,j) = P(Zt = si,Zt+l = SJ|Y =Yy, X=X, A)
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By, v(Xes1, SPA@ (DB 11 ()
- P(Y=y,X=x|1) ’

where D(XHl’sj) = l(xrﬂ = 50)(1_7) + ](XM = S])Tp + l‘xt—l#sj/\xwl#sﬂ)
7(1—-p)/(Ns—1), sj#So.

Proof. Splitting the observations asy = (¥, V;.1, ytT+2), and
the side information as x = (xt,xm,xtﬂrz), (3) yields

T T

P(Zp1 = Sj» Xt+2 = XZ+2= Yf+2 = ytT+2 12)
PY =y,X=x|2)

xP(Zy =5, X = x4 Y =

T T

=Sjs Xt+2 = XLZ’ Yt+2 = y{+2= A).

Since (Z¢, X{"™',Y{™") is independent with (X[,,,Y},,) con-
ditioned on (Z;,1,4), we obtain

e(i,j) =

t+1
y1 |Zt+1

P(Z1 =5, XtT+2 = X{+27YZ+2 = ytT+2|’1)
PY =y, X=x|1)
xP(Zy = s;, X = X7 YT =yt Z g =55, 2),

e(i,j) =

which, re-arranging the conditional probabilities, yields
P(Zi =i Zee1 =5 X = XY =yt )

P(Y =y,X=X|1)
xP (x:+2 =X{,2. Y2 =V{12|Zci1 =55, 2)

 PZii =5 Xe1 = X1 Vi = Vel Ze =5, X{ =X, Y =yi. )
B P(Y =y, X=x|2)

e(i.j) =

P(Zi1 =55, Xep1 =Xei1, Y

directly evaluated. Hence, we propose to use the following
scaling scheme of [26] in order to avoid such issues. Let us
define the normalization factor ¢,

= _ and 2 ca(i)=1,

¥ @) i=1
then we normalize the forward variable @, (i) as c;a;(i) at each
time t after it is calculated with respect to the recursions given
in Proposition 1. Similarly, we also normalize the backward
variable g, (i) with ¢ as c;4,(i) at each time t. Then it is easy to
see that the re-estimation formulas, i.e., whether they are
computed with the normalized or unnormalized forward and
backward variables, remain intact. Namely, consider the
re-estimation formulas for the state transition probabilities
calculated with the normalized forward and backward vari-
ables as

A= f—]et(l])
! Y-y
YIZY By, v(Xei1,5)AGCea@e(DDey 1811 ()
il ,N; 1Biyeo, X1, S)AGC@ (DD 1By 1 ()

where C;=T]¢_ ;¢ and Dyy4

CtDt+] = H;f: 1C,', Vt,

A — ZT711Et(i ])
)

=TI!_ .. Hence, noting that

=Y1lZe = si, Var()Bey1 ()

D= P =y, X=x1)

_ PXep1 =Xe11, Vo1 =

=Yt |Ze1 = sszf =S, WP(Zr 11 = sj|Zr =S, /‘L)a[(l)ﬂt+](])

PY =y,X=x|2)
wherein, Markov Property is used to reach

PXey1 =Xe1, Yo =

=Ye111Zev1 =8, WPZ 1 = Sj1Z¢ = 51, VA (D) 111 0

el ))= P(Y=y.X=x/)

Since X, is independent with Y., conditioned on (Z;,1,4), we obtain

P(Yty1 =Yei11Zey1 = Sj WPKey1 = Xe11Zey1 = Sj, WP = Sj1Z¢ —Sz,l)(lt(')ﬂtn(l)

e(l,))=

xPZ: =51, X7 =X{, Y] =V 14)
XP(XLZ = xtT+2aYZ-+2 = y.tr+2|zt+1 = Sj, A).

Since (Ze1,Xe1, Yey1) and (X4, YY) are independent condi-
tioned on (Z;, 1), and recognizing the terms @(i) and 3, 1 (j),
we obtain

Then, due to the definition of the probability of error event
in the side information, we get the proposition as

By, v(Xes1, SPAac (DB 11 ()
PY =y, X=X|4)

el j) = |

Based on the new set of equations as well as the recursions
defined in Proposition 1, we incorporated possibly corrupted
side information into the HMM training framework. We
finally point out that the forward and backward variables
tend to O exponentially [15,26] as we are provided longer
sequences, ie., @r(i)—0, and B,(i)—0,Vi, as T—oo. This
would create in practice stability issues, i.e., numeric under-
flow, on any computer if the recursions in Proposition 1 were

PY =y, X=x|2)

1 - 1C12t - 1 jym (Xt ,Sj)Ayat(l)ﬂHl (])
;r_ 1Gi [_]1 j: 1 J)'m V(Xt+1asj)Auat(l)ﬂt+1U)

ZZ;H Bjym v(Xei1, Sj)AijEr(i)/_ng 0
P jN‘: 1By vXe1, SAGar(Df 1 ()

Similarly, the estimates for the conditional observation prob-
abilities B; as well as the initial state probabilities 7; also
remain exact with this normalization scheme. Therefore, this
normalization provides the numerical stabilization of the
proposed estimation method. In the next section, we provide
examples that demonstrate the performance of the new set of
training updates under different scenarios.

4. Simulations

In this section, we demonstrate the performance of our
method through simulations using data generated with
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the following HMM parameters:
Ng=3, Ny=3, z=[03 03 04], and

0.8 0.19 0.01 06 03 0.1
A=1001 08 019|, B=|01 06 03
0.19 0.01 0.8 03 0.1 06

For these simulations, we generate a test sequence of
length 500 and a training sequence of length 250 along
with the side information of a relatively high noise level,
1—puwe = 0.4, and a relatively low noise level, 1—p e =
0.2, with 7 ranging from O to 0.6. We emphasize that the
exact noise level may not be known by the algorithm.
Hence, we provide p,.,;, to the algorithm which may not
be equal to the p,,.. Here, the parameter p,,;, reflects the
confidence (equivalently the expected noise level) that we
have on the side information. Since this confidence on the
side information might not be accurate, i.e., p,i, does not
necessarily match with p., for analyzing the sensitivity
of our method to the confidence parameter, we train our
algorithm with different choices for p.,: (1) we set
confidence that is in the proximity of pyue (Pirain~Ptrue)s
i.e., Prain€{0.55,0.6,0.65}, if p;rye = 0.6 and py,i,€{0.75, 0.8,
0.85}, if piue = 0.8, (2) we set too high confidence on the
side information (Py.in > Puue) 1-€4 Pyrain = 1, When py €
{0.6,0.8} and, (3) we set too low confidence (P ain < Pirue)s
i.e., Pirain = 0.5, when p,. = 1. Using the training sequence,
we first estimate the unknown model parameters, Ay, By,
and 7. Then, on the test sequence, the hidden state
sequence is estimated by the Viterbi algorithm [27,28] using
the estimated model parameters. We apply our method on
500 different pairs of test and training sequences and we
present the resulting average state recognition error rates
for all the cases aforementioned. In order to show the
efficacy of incorporating the side information by our
method, we compare the state recognition error rates of
our algorithm with (1) Baseline Performance, the state
recognition error rate if the model parameters are estimated
by the ordinary HMM parameter estimation. This is the
performance, which is readily achievable with no side
information. (2) The Oracle, the state recognition error rate

if the true model parameters are directly used in the state
estimation on the test sequence. This is the performance
limit if the HMM training algorithm is run on infinite
amount of training data, which is only asymptotically
achievable. (3) Limit of Algorithm, the state recognition
error rate if the side information is completely accurate
and the algorithm is trained with complete confidence on
the side information, i.e., pyye = 1, Dirain = 1. Finally, this is
the performance limit that our algorithm can gain at most
by exploiting the side information. Here, we name the
difference between the Baseline Performance and the Oracle
as the “achievable margin” since no algorithm can obtain
state recognition improvements more than the achievable
margin, provided that, as in this work, first the model
parameters are estimated and then used in the Viterbi
algorithm for state recognition.

Our simulations show that the performance of our
method, provided that piain~Diwe improves with the
amount of side information that is indicated by z. In
particular, when we have accurate access to the hidden
states, i.e., Pyue = Prain = 1, the state recognition rate in the
test sequence, labeled as Limit of Algorithm in Fig. 2,
consistently approaches to the Oracle as ¢ increases and
reaches ~90% gain (the performance improvement over
the baseline corresponds to ~90% of the achievable mar-
gin) with 30% additional information on states, i.e., 7= 0.3,
as shown in Fig. 2. This proves the efficacy of our method
with incorporating the side information. On the other
hand, in the case of noisy access to the hidden states such
that 20% of the state observations are mislabeled, i.e., Py e
=0.8, our method (when pi,~Pe) is able to provide
substantial gain, 70%, at z = 0.3. In this case, as 7 increases,
the recognition approaches to Limit of Algorithm showing
that our algorithm optimally incorporates the side infor-
mation under noise asymptotically. Even if the noise level
is further increased up to a level as high as 40% mislabeling,
we still obtain a gain that consistently increases with «,
when pain~Puwe- Thus, our method is robust to noise.
Nevertheless, the algorithm must not rely on the side
information with too high confidence. Specifically, when
we have the confidence p,.,;, = 1 in case of high noise level,

05 ¢0%0%00 009

=== Oracle

¢
¢ 00000000‘090‘00 oo Baseline Performance

Pirye=0-6 ~ Py =055
@1 Pyye=0.6 ~ Py =06
[ #1 Pye=0.6 ~ Py in=0.65
1 @ P06 ~ Pign=0.1
Pirue=0-8 ~ Pyrgin=0.75
Piye=0-8 ~ Pyrgin=0-8
Pirye=0-8 ~ Py =0-85
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Fig. 2. Simulation results for different scenarios. Our algorithm is trained with p,.,;,€{0.55,0.60, 0.65} when p,,,,. = 0.60 and p,.,;,€{0.75,0.80,0.85} when
Dirue = 0.80. The State Recognition Error Rates are estimated by the Viterbi algorithm. Performance of our algorithm is compared against three performance
limits: (1) Baseline Performance, error rate by ordinary HMM using no side Information, (2) Oracle, error rate if the true model parameters are used in state

recognition, and (3) Limit of Algorithm, py.i, = Pwwe = 1. See the text for details.
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i.e., Pyue = 0.6, we do not obtain any improvement com-
pared to the baseline. On the contrary, the algorithm does
not fully exploit the side information to its limit, if the
confidence is too low. For instance, in case of p.,=0.5
and py. = 1, the rate of performance improvement with
7 is significantly slower than that of Limit of Algorithm, i.e.,
Dirve = 1, Prrain = 1. According to our simulations, setting the
confidence in the proximity of the true noise level is
sufficient to obtain the maximum gain, i.e., our algorithm
does not require an exact match between p. . and py.in-
This demonstrates that our algorithm is also robust to the
mismatches in the confidence parameter.

5. Conclusion

In this paper, we introduced a new parameter estima-
tion algorithm for HMM, when we have partial and noisy
access to the hidden state sequence as side information.
This side information can be seen as partial labeling,
“possibly wrong”, of the hidden states. In this work,
we model mislabeling and partial labeling of the hidden
states jointly in one complete framework. This framework
naturally recovers the unsupervised HMM training if the
partial access to the hidden states is turned off. In our
simulations, we observed that, using this side information,
we considerably improved the state recognition perfor-
mance, up to 70%, with respect to the “achievable margin”.
Moreover, our method is shown to be robust to the
training conditions. Finally, since this framework includes
possible mislabeling events, our algorithm models realistic
training conditions more accurately than the ordinary
HMM training. Hence, we expect the same performance
improvement in other examples.
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