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1 Introduction

Hidden Markov Models (HMMs) are widely used in many pattern recog-
nition areas, including biological sequence modeling [Durbin et al., 1998],
speech recognition [Rabiner and Juang, 1993], optical character recognition
[Levin and Pieraccini, 1993] and information extraction [Freitag and McCal-
lum, 1999], [Freitag and McCallum, 2000], to name a few. In most cases, the
model structure, also referred to as topology, is defined according to some
prior knowledge of the application domain. Automatic techniques for induc-
ing the HMM topology are interesting as the structures are sometimes hard
to define a priori or need to be tuned after some task adaptation. The work
described here presents a new approach towards this objective.

Probabilistic automata (PA) form an alternative representation class to
model distributions over strings, for which several induction algorithms have
been proposed. PA and HMMs actually form two families of equivalent
models, according to whether or not final (or termination) probabilities are
included. In the former case, the models generate distributions over words of
finite length, while, in the later case, distributions are defined over complete
finite prefix-free sets [Dupont et al., 2005].

The equivalences between PA and HMMs can be used to apply induction
algorithms in either formalism to model the same classes of string distri-
butions. Nevertheless, previous works with HMMs mainly focused either
on hand-built models (e.g. [Freitag and McCallum, 1999]) or heuristics to
refine predefined structures [Freitag and McCallum, 2000]. More principled
approaches are the Bayesian merging technique due to Stolcke [Stolcke, 1994]
and the maximum likelihood state-splitting method of Ostendorf and Singer
[Ostendorf and Singer, 1997]. The former approach however has not been
shown to clearly outperform alternative approaches while the latter is spe-
cific to the subclass of left-to-right HMMs modeling speech signals.

In contrast, PA induction techniques are often formulated in theoreti-
cal learning frameworks. These frameworks typically include adapted ver-
sions of the PAC model [Ron et al., 1994], Identification with probability 1
[Carrasco and Oncina, 1999, Denis and Esposito, 2004] or Bayesian learn-
ing [Thollard et al., 2000]. Other approaches use error-correcting techniques
[Rulot and Vidal, 1988] or statistical tests as a model fit induction bias
[Kermorvant and Dupont, 2002].

All the above approaches, while being interesting, are still somehow lim-
ited. From the theoretical viewpoint, PAC learnability is only feasible for
restricted subclasses of PAs (see [Dupont et al., 2005], for a review). The gen-
eral PA class is identifiable with probability one [Denis and Esposito, 2004]
but this learning framework is weaker than the PAC model. In particular, it
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guarantees asymptotic convergence to a target model but does not bound the
overall computational complexity of the learning process. From a practical
viewpoint, several induction algorithms have been applied, typically to some
language modeling tasks [Dupont and Chase, 1998, Thollard et al., 2000]
[Dupont and Amengual, 2000, Llorens et al., 2002]. Experimental results in
these works show that automatically induced PA hardly outperform well
smoothed discrete Markov chains (MC), also known as N-grams in this con-
text. Hence even though HMMs and PA are more powerful than simple
Markov chains, it is still unclear whether these models should be considered
when no strong prior knowledge can help to define their structure.

The present contribution describes a novel approach to the structural in-
duction of HMMs. The general objective is to induce the structure and to
estimate the parameters of a HMM from a sample assumed to have been
drawn from an unknown target HMM. The goal however is not the identi-
fication of the target model but the induction of a model sharing with the
target the main features of the distribution it generates. We restrict here our
attention to features that can be deduced from the sample. These features
are closely related to fundamental quantities of a Markov process, namely
the stationary distribution and mean first passage times (MFPT). In other
words, the induced model is built to fit the dynamics of the target machine
observed in the sample, not necessarily to match its structure.

We show in section 2 that any HMM can be converted into an equivalent
Partially Observable Markov Model (POMM) [Callut and Dupont, 2004]. Any
state of a POMM emits a single letter with probability 1, but several states
can emit the same letter. Several properties of standard Markov chains are
reviewed in section 3. The relation between a POMM and a lumped process
in a Markov chain is detailed in section 4. This relation forms the first basis
of the induction algorithm presented in section 6.

HMMs are able to model a broader class of distributions than finite or-
der Markov chains. In particular, section 5 describes why HMMs, with an
appropriate topology, are well suited to represent long term probabilistic de-
pendencies in a compact way. We also argue why accurate modeling of these
dependencies cannot be achieved through the classical approach of Baum-
Welch estimation of a fully connected model. These observations motivate
the use of MFPT to guide the search of an appropriate model. The resulting
induction algorithm is presented in section 6. Comparative results given in
section 7 illustrate the superiority of POMM induction over variable order

Markov chains (equivalent to back-off smoothed Ngrams) and EM estimation
of a fully connected HMM.
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Figure 1: A HMM example.

2 Hidden Markov Models and Partially Ob-
servable Markov Models

We recall in this section the classical definition of a HMM and we show that
any HMM can be represented by an equivalent partially observable model.

Definition 1 (HMM) A discrete Hidden Markov Model (HMM) (with state
emission) is a S-tuple M = (3,Q, A, B,1) where ¥ is an alphabet, Q is
a set of states, A : Q x QQ — [0,1] is a mapping defining the probability
of each transition, B : Q x ¥ — [0,1] is a mapping defining the emis-
sion probability of each letter on each state, and v : Q@ — [0,1] is a map-
ping defining the initial probability of each state. The following stochasticity
(or properness) constraints must be satisfied: Vq € Q,Zq,eQ Alg,q) = 1;

Vg € Q.Y pex Blg,a) =1; 30 oulq) = 1.

Figure 1 presents a HMM defined as follows:
Y ={a,b}, Q@ ={1,2}, «(1) = 0.4;1(2) = 0.6;
A(1,1) =0.1; A(1,2) = 0.9; A(2,1) = 0.7; A(2,2) = 0.3;
B(1,a) =0.2; B(1,b) = 0.8; B(2,a) = 0.9; B(2,b) = 0.1

Definition 2 (HMM path) Let M = (X,Q, A, B,t) be a HMM. A path in
M is a word defined on Q*. For any path v, v; denotes the i-th state of v,
and |v| denotes the path length. For any word u € X* and any path v € Q*,
the probabilities Py(u,v) and Py (u) are defined as follows:

L) TT21 By wi) A, vie)| B, w) if U= |u| = |v] > 0,
Py(u,v) =4 1if|ul =|v]| =0 and
0 otherwise.

Py(u) =) P(u,v).

veEQR*

Pyr(u, v) is the probability to emit word w while following path v. Along any
path, the emission process is Markovian since the probability of emitting a
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letter on a given state only depends on that state. HMMs are used to model
processes for which the existence of such a path (or state sequence) can be
assumed while the actual states are not observed. Py;(u) can be interpreted
as the probability of observing a finite word u as part of a random walk
through the model. For instance, the probability of the word ab in the HMM
of Fig. 1 is given by: Py(ab) = Py(ab,11) + Py(ab, 12) + Py(ab,21) +
Py(ab,22) = 0.0064 + 0.0072 + 0.3024 4+ 0.0162 = 0.3322.

Definition 3 (POMM) A Partially Observable Markov Model (POMM)
is a HMM M = (¥,Q, A, B, 1) with emission probabilities satisfying: Yq €
@, 3Ja € ¥ such that B(q,a) = 1.

In other words, any state in a POMM emits a specific letter with probability
1. Hence we can consider that POMM states only emit a single letter. This
model is called partially observable since, in general, several distinct states
can emit the same letter. As for a HMM, the observation of a word emit-
ted during a random walk does not allow to identify the states from which
each letter was emitted. However, the observations define state subsets from
which each letter may have been emitted. Theorem 1 shows that the class of
POMNMs is equivalent to the class of HMMs, as any distribution generated by
a HMM with |Q| states over an alphabet 3 can be represented by a POMM
with O(|Q|.|X|) states.

Theorem 1 (Equivalence between HMMs and POMMs)
Let M = (X,Q, A, B,1) be a HMM, there exists an equivalent POMM M' =
(3,Q, A", B ).

Proof 1 Let M’ be defined as follows.
«Q=QxY,
e B'((q,a),z) =1 if x = a, and 0 otherwise,
A'((g,a), (¢, b)) = Blg,b)Alq, ¢'),
'((g,a)) = Xoyeq(d)B(d',a)A(d, q).

It is easily shown that M’ satisfies the stochasticity constraints. Let u =
Uy ... u be a word of ¥* and let v = ((q1,u1) ... (q,w)) be a path in M'. We
have:

Py (u, v)

V(g1 wn)) TTZ1 1B (g6, ), ) A" (g, 1), (Giers i) B ((qu, ), )
= Y eoUd)B(¢ w) A, q1) TTZ1 [Blai i) Agi, gig1)]
= Yyeo Pulu,dq - a1)Alq-1, q)
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Figure 2: Transformation of a HMM into an equivalent POMM.

Summing up over all possible paths of length | = |u| in M’', we obtain:

Parl) = eqn Par ()
= Zulte*1 Zq’EQ PM(u7 q,V1> quQ A(q\ml’ q)
= eqr Pu(u,va) = Py(u)

Hence, M and M’ generate the same distribution. [J

The proof of theorem 1 is adapted from [Dupont et al., 2005] showing
the similar equivalence between PA without final probabilities and HMMs.
An immediate corollary of this theorem is the equivalence between PA and
POMMSs. Hence we call regular string distribution, any distribution generated
by these models!. Figure 2 shows an HMM and its equivalent POMM. It
should be stressed that all transition probabilities of the form A’((q, -), (¢, b))
are necessarily equal as the value of A’((q,a), (¢',b)) does not depend on a
in a POMM constructed in this way. A state (¢, a) in this model represents
the state ¢ reached during a random walk in the original HMM after having
emitted the letter a on any state.

3 Markov Chains, Stationary Distribution and
Mean First Passage Times
The notion of POMM introduced in section 2 is closely related to a standard

Markov Chain (MC). Indeed, in the particular case where all states emit a
different letter, the process of a POMM is fully observable and the Markov

IMore precisely, these models generate distributions over complete finite prefix-free
sets. A typical case is a distribution defined over X", for some positive integer n.
See [Dupont et al., 2005] for further details.
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property is satisfied as, by definition, the probability of any transition only
depends on the current state. Some fundamental properties of a Markov
chain are recalled in this section. The links between a POMM and a MC are
further detailed in section 4.

Definition 4 (Discrete Time Markov Chain) A discrete time Markov
Chain (MC) is a stochastic process {X; |t € N} where the random variable
X takes its value at any discrete time t in a countable set () and such that:

P[Xt =dq | Xt—laXt—Qa"-aXO] = P[Xt =q ‘ Xt—17"'7Xt—p]-

This condition states that the probability of the next outcome only depends on
the last p values of the process (Markov property). When the set Q is finite,
the process forms a p order finite state MC.

In the rest of this paper, a MC refers to an order 1 model unless stated
otherwise. A MC can be represented by a 3-tuple 7" = (@, A, 1) where Q)
is a finite set of states, A is a |Q| x |@Q] transition probability matrix and ¢
is a |@|—dimensional vector representing the initial probability distribution.
The following stochasticity constraints must be satisfied: > ., t(q) = 1;
Vg€ Q. eqAle,d) = 1.

A finite MC can also be constructed from a HMM by ignoring the emission
probabilities and the alphabet. We call this model the underlying MC' of a
HMM.

Definition 5 (Underlying MC of a HMM) Given a HMM M = (¥, Q,
A, B, 1), the underlying Markov chain T" is the 3-tuple (Q, A, ().

Definition 6 (Random walk string) Given a MC, T = (Q, A, 1), a ran-
dom walk string s can be defined on Q* as follows. A random walker is
positioned on a state q according to the initial distribution v. The random
walker next moves to some state ¢’ according to the probability A(q,q’). Re-
peating this operation n times results in a n-steps random walk. The string
s is the sequence of states visited during this walk.

In the present work, we focus on regular Markov chains. For such chains,
there is a strictly positive probability to be in any state after n steps, no
matter the starting state.

Definition 7 (Regular MC) A MC with transition matriz A is regular if
and only if for some n € N, the power matriz A™ has no zero entries.
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In other words, the transition graph of a regular MC is strongly connected?®
and all states are aperiodic®. The stationary distribution and mean first pas-
sage times are fundamental quantities characterizing the dynamics of random
walks in a regular MC. These quantities form the basis of the induction al-
gorithm presented in section 6.

Definition 8 (Stationary distribution) Given a reqular MC, T = (Q, A,
L), the stationary distribution is a |Q|—dimensional stochastic vector w such
that w7 A = =T

This vector is also known as the equilibrium wvector or steady-state vector.
A regular MC is started in steady-state when the initial distribution ¢ is
set to the stationary distribution 7. The ¢-th entry of the vector 7 can be
interpreted as the expected proportion of the time the Markov process in
steady-state reaches state q.

Definition 9 (Mean First Passage Time) Given a reqular MC, T = (Q, A, 1),
the first passage time is a function f = Q x Q@ — N such that f(q,q') is the
number of steps before reaching state ¢ for the first time, leaving initially
from state q.

f<Q7q/) = lnf{t > 1 ‘ Xt = q/and XO = q}

The Mean First Passage Time (MFPT) denotes the expectation of this func-
tion. It can be represented by the MFPT matriz M, with M., = E[f(q,q)].

For a regular MC, the MFPT values can be obtained by solving the following
linear system [Kemeny and Snell, 1983]:

1+ Z Aqq”Mq”q’ Jifqg# ¢

VQ7qI € Q7 qu/ = 1 a7"74 )
— , otherwise.
Tq

The values M,, are usually called recurrence times®.

2The chain is said to be irreducible.

3A state i is aperiodic if Agl) > 0 for all sufficiently large n.

4An alternative definition, My, = 0, is possible when it is not required to leave the
initial state before reaching the destination state for the first time [Norris, 1997].
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Figure 3: A regular Markov chain 7} and the partition k = {{1,3}, {2}, {4}}.

4 Relation between Partially Observable Markov
Models and Markov Chains

Given a MC, a partition can be defined on its state set and the resulting
process is said to be lumped.

Definition 10 (Lumped process) Given a reqular MC, T = (Q, A, 1), let
¢ be the state reached at time t during a random walk in T. The set
k = {K1, Ko, ..., K.} denotes a partition of the set of states Q. The function
K, = QQ — k maps the state q to the block of k that contains q. The lumped
process T//k outcomes K, (¢®) at time t.

Consider for example the regular MC T} illustrated® in Fig. 3. A partition
K is defined on its states set, with k1 = {1,3}, ke = {2} and k3 = {4}. The
random walk 312443 in T} corresponds to the following observations in the
lumped process 11 //k: Kiki1KoK3k3k.

While the states are fully observable during a random walk in a MC, a
lumped process is associated with random walks where only state subsets are
observed. In this sense, the lumped process makes the MC only partially
observable as it is the case for a POMM. Conversely, a random walk in a
POMM can be considered as a lumped process of its underlying MC with
respect to an observable partition of its state set. Each block of the observable
partition corresponds to the state(s) emitting a specific letter.

5For the sake of clarity, the initial probability of each state is not depicted. Moreover,
as we are mostly interested in MC being in steady-state mode, the initial distribution is
assumed to be equal to the stationary distribution deriving from the transition matrix (see
Def. 8).



Learning Hidden Markov Models to Fit Long-Term Dependencies 9

Figure 4: A non markovian lumped process.

Definition 11 (Observable partition) Given a POMM M = (¥,Q, A, B,
L), the observable partition x is defined as follows:

Vg, € Q,K.(q) = Ki(¢') & Ja € ¥, B(q,a) = B(¢',a) =1

The underlying MC T of a POMM M has the same state set as M. Thus
the observable partition x of M is also defined for the state set of T. If each
block of this partition is labeled by the associated letter, M and T'//k define
the same string distribution.

It is important to notice that the Markov property is not necessarily sat-
isfied for a lumped process. For example, the lumped MC in Fig. 3 satisfies
P[Xt = K9 | Xt—l = Hl,Xt_Q = /{Q] = 0.2 and P[Xt = K9 | Xt—l = lil,Xt_Q =
k3] = 0.4, which clearly violates the first-order Markov property. In gen-
eral, the Markov property is not satisfied when, for a fixed length history,
it is impossible to decide unequivocally which state the process has reached
in a given block while the next step probability differs for several states in
this block. This can be the case no matter the length of the history con-
sidered. This is illustrated by the MC depicted in Fig. 4 and the partition
k= {{1,2},{3}}. Even if the complete history of the lumped process is
given, there is no way to know the state reached in ;. Thus, the probability
P[X; = ko | X4—1 = K1, Xi_9,...,Xp] cannot be unequivocally determined
and the lumped process is not markovian for any order. Hence the definition
of lumpability.

Definition 12 (Lumpability) A MC T is lumpable with respect to a par-
tition k if the lumped process T//k satisfies the first-order Markov property
for any wnitial distribution.

When a MC T is lumpable with respect to a partition x, the lumped process
T'//k defines itself a Markov chain.
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Figure 5: The MC 7T; lumped with respect to the partition x =

{1,2},{3,4}}.

Theorem 2 (Necessary and sufficient conditions for lumpability)

A MC is lumpable with respect to a partition k if and only if for every pair
of blocks k; and k; the probability A;;//k to reach some state of k; is equal
from every state in K;:

Vki, ki € K,Yq,q € ki, AijJ/Kk = Z Ay = Z Ay

q”El’ij q”Efij
The proof of this result is given in [Kemeny and Snell, 1983].

The values A;;//x form the transition matrix of the lumped chain. For ex-
ample, the MC T} given in Fig. 3 is not lumpable with respect to the parti-
tion k = {{1,3},{2},{4}} while it is lumpable with respect to the partition
k' = {{1,3},{2,4}}. The lumped chain T} //x’ is illustrated in Fig. 5.

Even though a lumped process is not necessarily markovian, it is useful for
the induction algorithm presented in section 6 to define the mean first passage
times between the blocks of a lumped process. To do so, it is convenient to
introduce some notions from absorbing Markov chains. In a MC, a state ¢
is said to be absorbing if there is a probability 1 to go from ¢ to itself. In
other words, once an absorbing state has been reached in a random walk, the
process will stay on this state forever. A MC for which there is a probability
1 to end up in an absorbing state is called an absorbing MC. In such a
model, the state set can be divided into the absorbing state set ()4 and its
complementary set, the transient state set (Qr. The transition submatrix
between transient states is denoted by Ar. A related notion is the mean
time to absorption.

Definition 13 (Mean Time to Absorption)

Given an absorbing MC, T' = ({Qa, Qr}, A, 1), the time to absorption is a
function g = Qr — N such that g(q) is the number of steps before absorption,
leaving initially from a transient state q.

g(q) =inf{t > 1[ X, € Qa, Xo = ¢}
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The Mean Time to Absorption (MTA) denotes the expectation of this func-
tion. It can be represented by the vector w = N.1,where N = (I — Ap)~!
and 1 is a |Qr|—dimensional vector with each component being equal to 1.

The ¢-th entry of w represents the mean time to absorption, leaving initially
from the transient state q. The N matrix used in the computation of w is
often referred to as the fundamental matriz.

Definition 14 (MFPT for a lumped process) Given a reqular MC'T =
(Q,A, 1), k a partition of Q and k;, k; two blocks of k, an absorbing MC
T"i s created from T by transforming every state of k; to be absorbing.
Furthermore, let w"i be the MTA vector of T"i. The mean first passage time
M;;//k from k; to k; in the lumped process T'//k is defined as follows:

Ty . 1
M;//k = Z W—qwqf if ki # Kkj and M //k = —,
qER; Ki Ki

where m, is the stationary distribution of state q in T and m,, = qurw g U8
the stationary distribution of the block k; in the lumped process T //k.

In a lumped process, states subsets are observed instead of the original
states of the Markov chain. A related, but possibly different, process is
obtained when the states of the original MC are merged to form a quotient
Markov chain.

Definition 15 (Quotient MC) Given a MC T = (Q, A, 1) and a partition
Kk ={K1,Ka, ..., K.} on Q, the quotient T /K is a r-states MC with transition
matriz A/k and initial vector I /k defined as follows:

Aij/k = Z Z ;T_:Aqq’7 Li/k = ZL(Q)

qEKi q'€ER; v qEK;

where T is the stationary distribution of T and m,, = quﬁi g

Figure 6 presents the quotient model of T} (shown in Fig. 3) with re-
spect to k = {{1,3},{2},{4}}. The stationary distribution of T3 is w =
0.29 0.11 0.14 0.46].

Note that for any regular MC T, the quotient 7'/ has always the Markov
property while, as mentioned before, this is not necessarily the case for the
lumped process T'//k. The following theorem specifies under which condition
the distributions generated by T'/x and T'//k are identical.

Theorem 3 If a MC T is lumpable with respect to a partition k then T'/k
and T //k generate the same distribution in steady-state.



12 INGI Research Report No. 2005-09

Figure 6: The quotient of T; with respect to the partition £ =

{{1,3}, {2}, {4}}.

Proof 2 When T is lumpable with respect to k, the transition probabilities
between any pair of blocks k;, k; are the same in both models:

Aijle=" :—q > Ag = Ayl :—: = Aij /K-

qer; "t g'en; qger; "

O

5 Modeling long-term probabilistic dependen-
cies

We argue in this section why Markov chains are not well suited to model
exactly, or even to approximate well, long term dependencies. This motivates
the use of more general models like HMMs or POMMs, provided they are
defined with an appropriate topology.

A stochastic process {X; |t € N} contains long-term dependencies if
an outcome at time t significantly depends on an outcome that occurred
at a much earlier time t: P(X; | Xy_1,...,Xy) # P(X; | H) when H =
{Xi—1,.... Xip} and p < t —t'. Hence, the relevant history size for such a
process is defined as the minimal size of H such that P(X; | X;_1,...,Xy) =
P(X|H), Vt,t' € N,t' < t. When the size of the relevant history is bounded,
Markov chains of a sufficient order can model the long-term dependencies.
On the other hand, if a conditioning event X, can be arbitrarily far in the
past, more powerful models such as HMMs or POMMs are required.

This phenomenon is further studied in section 5.1. Section 5.2 stresses the
importance of the model topology in order to learn long-term dependencies
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with HMMs. Section 5.3 provides a link between long-term dependencies
and MFPT.

5.1 Modeling long-term dependencies with finite order
MC

Let us consider the parametric POMM T} displayed on the top of Figure 7.
Emission of e or £ in this model depends on whether b or ¢ was emitted right
before the last consecutive d’s. Depending on the number of consecutive d’s,
the b or ¢ outcomes can be arbitrarily far in the past. In other words,
the size of the relevant history (i.e. the number of consecutive d’s + 1) is
unbounded. The expected number of consecutive d’s is however finite and
given by Y 0 0" = 1T19- Consequently, the expected size of the relevant
history is 1i9 + 1. It should be noted that when 8 = 0, Ty can be modeled
accurately by an order 2 MCS since the relevant history size equals 2.

A model would badly fit the distribution defined by Tj if it would first
emit f rather than e after having emitted b. The probability of such an event
i8 Popror = P(ts < to | Xy = b) where t¢ and t, denote the respective times
of the first £ or e after the outcome b. In the target model Ty, P...o = 0.
If the same process is modeled by an order 1 MC (middle of Figure 7),
P...o, = 0.5. Indeed, when the process reaches state d, there is an equal
probability to reach states e or £. In particular, these probabilities do not
depend on previous emissions of b or c. An order 2 MC, as depicted on the
bottom of Figure 7, would have P.,.,, = 0.475 when 6 = 0.95. In general,
the error of an order p MC is given by Pi.por = " For instance, when
0 = 0.95, the expected size of the relevant history is 21 and P, for such
a model is still 0.17. Bounding the probability of error to 0.1, would require
to estimate a MC of order p = [log; 45(0.2) + 1| = 33. An accurate estimate
of such a model requires a huge amount of training data, very unlikely to be
available in practice. Hence, POMMs and HMMs can better model long-term
dependencies when the relevant history size is unbounded.

5.2 Topology matters to fit long-term dependencies
with HMMs

Bengio has shown that the use of a gopod HMM topology is crucial in order
to model long term dependencies [Bengio and Frasconi, 1995]. Indeed, the

6 A state label b|a in an order 2 MC means that the process emits b after having emitted
a. The probability of the transition from state bla to state d[b encodes the second order
dependence P(X; = d|X;—1 = b, Xt—2 = a).
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Figure 7: A parametric POMM Tj (top) modeled by an order 1 MC (middle)
or an order 2 MC (bottom).
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classical Baum-Welch algorithm applied to a fully connected graph is hin-
dered by a phenomenon of diffusion of credit: the probability of being in a
state at time ¢t becomes gradually independent of the states reached at a pre-
vious time ¢’ < t. In other words, the dependencies on the past outcomes of
the process ends up vanishing. This phenomenon is related to the powers of
the transition matrix A used in the forward and backward recursions of the
Baum-Welch algorithm. Let ¢; be a row vector representing the distribution
of being in each state at time t. This distribution d steps further is given
by tiyq = 1, A% If the successive powers of A converges quickly to a rank
1 matrix’ then ¢,.4 becomes independent of ¢;,. In such case, the estima-
tion algorithm is likely to be stuck in an inappropriate local minimum of the
likelihood.

For a primitive matrix® A, the rate of convergence to the rank 1 can be
characterized using the Perron-Frobenius theorem [Meyer, 2000, Senata, 1981].
It implies that a primitive stochastic matrix has a unique eigenvalue equal
to 1 and that all other eigenvalues are strictly smaller than 1 (in absolute
value). If the rank of A is r, then the spectral decomposition of A is given
by

A=NU VT + U VI + .+ \U VT,

where \; is the i-th largest eigenvalue, in absolute terms, and U;, V; are
respectively the right-hand and left-hand eigenvectors associated with ;.
Furthermore, the spectral decomposition of A¢ is given by

A= \U VT + MUV + .+ MU, VE

that is, taking A to the power d amounts to take its eigenvalues to the power
d. Consequently, while taking the successive powers of A, \; = 1 remains
unchanged and all other eigenvalues are decreasing until cancellation. The
rate of convergence to rank 1 follows a geometric progression with a ratio
that can be approximated by the second” largest eigenvalue Ay, in absolute
terms.

Classically, the Baum-Welch algorithm is initialized with a uniform ran-
dom matrix!?. Such a matrix typically has a very low Ay. The Baum-Welch
algorithm is thus badly conditioned to learn long-term dependencies when
initialized in this way. On the other hand, initializing this algorithm with a
matrix having A\ close to 1 requires prior knowledge of the model topology.

"All rows of a rank 1 stochastic matrix are equal.

8The transition matrix of a regular MC is primitive.

9In the case of the POMM Ty of Figure 7, Ay = 6.
10Fach entry is uniformly drawn in [0, 1] and rows are normalized to sum up to 1.



16 INGI Research Report No. 2005-09

Table 1: MFPT in Tg5 (left), modeled by an order 1 MC (center) or an
order 2 MC (right).

(D] e | £ | [MC] e | £ | [MCG] e | £ |
b [ 21.0]670] [b 4401440 [® 42.85 | 45.15
c | 670210 |c 4.0 (440 [c 45.15 | 42.85

5.3 Long-term dependencies and MFPT

The MFPT in a lumped process T'//k contains information about the long-
term dynamics of the process. Indeed, the MFPT from the block x; to the
block k. is an expectation of the length of random walks starting with b
before emitting e for the first time:

B
=\ Luemey Plowe)

Let us assume that the emission of e is conditioned by the fact that the
process has first emitted b. The MFPT from b to e is equal to the expected
length of the relevant history to predict e from b. Table 1 shows some
interesting MFPT in the example T} of Figure 7 with # = 0.95. In the target
Ty, My. = M,y is equal to the expected size of the relevant history (21, see
section 5.1). Furthermore, there is a rather long expected time between the
outcomes b and f (equivalently between c and e). When Ty is approximated
by an order 1 MC, My, = My = M., = M, = 44. This means that
independently of whether (b or c) were emitted, the outcomes e and f are
expected to occur 44 steps later. An order 2 MC only slightly improves the
fit to the correct MFPT with respect to an order 1 model.

6 POMM induction to model long-term de-
pendencies

A random walk in a POMM can be seen as its underlying MC lumped with
respect to the observable partition, as detailed in section 4. We present here
an induction algorithm making use of this relation. Given a data sample,
assumed to have been drawn from a target POMM TP, our induction al-
gorithm estimates a model E'P fitting the dynamics of the MC related to
T P. The estimation relies on the stationary distribution and the mean first
passage times which can be derived from the sample.
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In the present work, we focus on distributions that can be represented by
POMMs without final (or termination) probabilities and with regular under-
lying MC. Since the target process T'P never stops, the sample is assumed
to have been observed in steady-state. Furthermore, as the transition graph
of T'P is strongly connected, it is not restrictive to assume that the data is
a unique finite string s resulting from a random walk through T'P observed
during a finite time!'!. Under these assumptions, all transitions of the target
POMM and all letters of its alphabet will tend to be observed in the sample.
Such a sample can be called structurally complete.

As the target process T'P can be considered as a lumped process, each
letter of the sample s is associated with a unique state subset of the observable
partition . All estimates introduced here are related to the state subsets of
the target lumped process. The starting point of the induction algorithm is
an order 1 MC estimated from the sample. For any pair of letters a,b the
transition probability A,y is estimated by maximum likelihood by counting
how many times a letter a is immediately followed by b in the sample. The
stationary distribution of this order 1 MC fits the letter distribution observed
in the sample. The letter distribution is however not sufficient to reproduce
the dynamics of the target machine. In particular, any random permutation
of the letters in the sample would define the same stationary distribution. In
order to better fit the target dynamics, the induced model is further required
to comply with the MFPT between the blocks of T'P//k, that is between the
letters observed in the sample. Given a string s defined on an alphabet 3,
let M denote a || x | 2| matrix where My, is the average number of symbols
after an occurrence of a in s to observe the first occurrence of b.

"1 The sample statistics could equivalently be computed from repeated finite samples
observed in steady-state.
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Figure 8: Splitting of state q.

Algorithm POMMSTATESPLIT
Input: A string s assumed to have been generated from a target POMM
A precision parameter €
Output: A POMM EP,,,
EP « initialize(s);
M  — sampleMFPT(s);
Lik « logLikelihood(EP,s);
repeat
Likey, < Lik;
EPey — EP;
foreach state q in E P, do
EPyey — optimizeMFPT(E Py, q, M);
Likypew < logLikelihood(E Pyew, S);
if Liknpew > Lik then
EP «— EPjew;
Lik — Likpnew;

: L’Lk‘—LZk(,u'r- .
until e <6

return FP,,,

Algorithm 1: POMM Induction by iterative state splitting.

Algorithm 1 describes the induction algorithm. Iterative state splitting
in the current model allows one to increase the fit to the MFPT as well as
the likelihood of the model with respect to s, while preserving the stationary
distribution. After the construction of the initial order 1 MC, M is esti-
mated from s and the log-likelihood of the initial model is computed. At
each iteration, every state g of the current model is considered as a candi-
date for splitting. During the call to optimizeMFPT, the considered state
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q is split into two new states ¢; and ¢» as depicted in Fig. 8. The input
states 1y, ...,1, and output states oy,...,0; are those directly connected to
q in the current model'?, in which all transition probabilities A are known.
The topology after splitting provides additional degrees of freedom in the
transition probabilities. The new transition probabilities x,y, z form the
variables of an optimization problem, which can be represented by the ma-
trices X (k x 2),Y (2 x 1) and Z (2 x 2). The objective function to be
minimized measures a least squares error with respect to the target MFPT:

W(X,Y,Z) = Zli'zl i;ﬁj(Mij — M,;;//k)?, where M,;//k is computed accord-
ing to definition 14. The best model according to the log-likelihood value
is selected and the process is iterated till convergence of the log-likelihood

function.

Solving the optimization problem

The following constraints are used during the optimization of MFPT in a
new candidate model. The first set of constraints ensures that the model
remains a proper POMM: all transition probabilities must remain between 0
and 1 (C.1) and the outgoing probability mass from any state must sum up
to 1 (C.2).

ngﬂjl,l’jggl jzl,,k’
0 < 211, 212, 221, 2020 < 1

Z};l yij+ 211+ 212 =1
Do Yotz =1 (C.2)
ZL‘jl—I—CL’jQZA ]:17,]{3

i5q
The second set of constraints guarantees that the stationary distribution

of the blocks is preserved. The input stream to a state ¢ is defined as 1.5, =

> yeq T Ayq and the stationary distribution can be formulated as 7, =

1ii"qq. If the input stream to an output state o; is preserved then 7,, remains

unchanged since A,,,; is constant. By induction, if the input stream to each
output state is preserved, the stationary distribution of every state different
from ¢; and ¢, is unchanged. Consequently, the stationary distribution of
every block but k, (the block containing ¢; and ¢) remains unchanged. As
the stationary distribution of the blocks sums up to 1, m,_ is then necessarily
preserved and 7, + 7, = m,;. Preserving the input streams to output states
is formulated as follows:

2Input and output states are not necessarily distinct.
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ﬂ-quli + 7Tq2y2i - Wquoi, \V/Z - 1, P ,l

where the stationary distribution vector 7 is obtained by solving the linear
system given in definition 8.

The optimization problem is non-linear both in the objective function
and the constraints (as m,, and m,, depend on the problem variables). This
problem can be solved using a Sequential Quadratic Programming (SQP)
method [Fletcher, 1987]. In our experiments, we used the SQP solver pro-
vided in the Matlab optimization toolbox. This method requires the deriva-
tion of the objective function with respect to the problem variables. The
objective function is derived hereafter with respect to a generic variable ~
which can be instantiated to any z,y or z:

W (X,Y, Z) al
é ) Z
v

) 2ull

1,7=1, i#£j

According to definition 14, the derivative of M;;//k is given by

aMij///ﬂ) 1 67?,1 awq
oy T, (Z T,

qEK;

The linear system related to the stationary distribution introduced in defi-
nition 8 can be rewritten as (AT — I)w = 0. Therefore, the derivative of the
stationary distribution can be obtained by solving the following system:

0 0AT
pim_ oA
oy oy
This derivation is straightforward as the only matrix to differentiate symbol-

ically is AT. According to definition 13, the derivative of the MTA vector is
a'w”

(AT -

given by = 88—;"]'1. It depends on the derivative!® of the fundamental
matrix N, (I — A7) 7! where &j = Q \ K

ONy . 0ds
af)/ TRy 8 Kj

Finally, the symbolic differentiation of the transition matrix A (or a sub-

matrix of A) is made component-wise: % = 11if A;; = v and 0 otherwise.
Two possible numerical difficulties might be encountered during the opti-
mization procedure. When all the input (output) transitions to (from) a state

. . . . 1 — —
13The derivative of an inverse matrix B! is given by: aB =-B 1%—‘33 L
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are close to 0, the matrices (I — Ag;) are nearly singular as the model nearly
becomes unconnected. In order to avoid this problem, variable updates must
be kept small enough. In addition, the inabililty of numerical solvers to set
variables exactly to their bounds is an important issue for structural induc-
tion. Indeed, if the solver cannot set transition probabilities to 0, each split
results in the full topology displayed in figure 8. While it is possible to cut
transitions that are below a given threshold, we propose to use the Lagrange
multiplier in order to detect the active box constraints (C.1). According to
the solver precision, a Lagrange multipliers is different from 0 when the cor-
responding constraint is active, i.e. the current solution is on the constraint.
At the end of the optimization procedure, the variables with an active box
constraint are set to their corresponding bound value (0 or 1).

7 Experiments

In order to report comparative performances of the proposed approach in a
controlled setting, a set of target models including long term dependencies
were randomly generated. The target POMM on the left of Figure 7 is
a typical example. Some states include a self loop transition with a high
probability (# > 0.5) such as the states labeled d in this example. These
states are called short-term as the prediction of the next symbol d given
previous d’s depends on a short history. Other states, called long-term, emit
a specific letter not found elsewhere in the model (such as the states labeled
e and f in this example) based on an unbounded history. A target model
is initially generated so as to alternate short-term and long-term states in a
cyclic fashion. The self-loop transition probability was fixed to § = 0.65 in
our experiments. This random generation gives rise to a transition matrix
Aj. In order to deal with a sufficiently general class of target models, this
transition matrix is interpolated with a random primitive stochastic matrix:
A «— 09A; 4+ 0.1A,4,q4. The resulting models are thus fully connected with
a tendency to include long term dependencies. As pairs of short term states
were chosen to emit the same letter, the relation between the alphabet size
and the number of states is here |Z| = 3|Q)|.

Test samples contain 100 sequences of length 1,000 which were randomly
generated from each target model. The test perplexity of each induced model
is reported below as a relative increase with respect to the target model
perplexity on the same test samples. Perplexity (PP) is related to the per
symbol log-likelihood and formally defined as:

PP = Q_TéH > ses loge P(z|T)
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where ||S]| denotes the total number of letters in the sample S and P(x|T)
denotes the probability of generating the string x from the model T'. Perplex-
ity can be interpreted as a measure of the average uncertainty for predicting
the next symbol at any given position in the test strings. An uninformed
model would predict any symbol of the alphabet ¥ with the same probabil-
ity 1/]3]. Such a model would have PP = |X|. The better a model fits a
target distribution, the lower the perplexity.

Figure 9 reports the learning curves obtained on average over 4 different
target model sizes. For each target model, results are averaged over 10 learn-
ing sequences of growing length and independently drawn from each target
model. We compare here the proposed POMM induction algorithm with EM
estimation (i.e. Baum-Welch) of fully connected HMMs and trigram mod-
els. EM estimation is repeated with 3 different random initializations of the
parameter values and the performance is reported only for the best model,
which offers the highest likelihood of the training sample. Moreover Baum-
Welch is iterated with fully connected HMMs of growing number of states as
long as the training sample likelihood significantly increases. Only the best
performances of this approach are reported here. Both POMMs and HMMs
are smoothed by defining a 107% minimal probability for any letter in any
context and renormalizing the model accordingly. Trigrams are smoothed
with a much more sophisticated technique known as the modified back-off
scheme [Kneser and Ney, 1995]. This model is equivalent to a variable order
Markov chain due to the back-off to lower order estimates.

POMM induction via state splitting always performs better than compet-
ing techniques. In particular, good performances are obtained typically with
learning sequences of size 2,000 while Trigrams and EM estimation generally
require more data. With such a sample size the test perplexity increase rel-
ative to the target model falls between 3 and 10 % depending on the model
size. This perplexity increase goes up to 35 % for EM trained models. Tri-
grams offer intermediate performances. Note that the Trigram quality is
most likely due to its specific smoothing technique which compensates for
the short-term model structure. In our current implementation, induction
from a sequence of length 1,000, generated from a target model containing 16
states, takes a few seconds for Trigrams, about 36 minutes for EM estimation
and 50 minutes for POMMSTATESPLIT on a standard PC.

8 Conclusion

We propose in this paper a novel approach to the induction of the structure of
Hidden Markov Models. The notion of partially observable Markov models
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Figure 9: Test perplexity increase (relative to the target model perplexity)
with respect to the size of the learning sequence. The plots include 1 standard
deviation intervals computed over 10 learning sequences in each case.

(POMMs) is introduced. POMMs form a particular case of HMMs where
any state emits a single letter with probability one, but several states can
emit the same letter. It is shown that any HMM can be represented by an
equivalent POMM. The induced model is constructed to fit the dynamics of
the target machine, that is to best approximate the stationary distribution
and the mean first passage times (MFPT) observed in the sample. HMMs are
able to model a broader class of distributions than finite order Markov chains.
They are well suited to represent in a compact way long term probabilistic
dependencies. Accurate modeling of these dependencies cannot be achieved
however through the classical approach of Baum-Welch estimation of a fully
connected model. These observations motivate the use of MFPT to guide the
search of an appropriate model topology. The proposed induction algorithm
relies on non-linear optimization and iterative state splitting from an initial
order one Markov chain. Experimental results illustrate the advantages of
the proposed approach as compared to Baum-Welch HMM estimation or
back-off smoothed Ngrams.

Our future work includes extension of the proposed approach to other
classes of models, such as lumped processes of periodic or absorbing Markov
chains. The current implementation of our induction algorithm considers all
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states of the current model as candidates for splitting. More efficient ways
of selecting the best state to split at any given step are under study. Appli-
cations of the proposed approach to larger datasets will also be considered,
typically in the context of language or biological sequence modeling.
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