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Pruning of Hidden Markov Model with Optimal Brain Surgeon
by CHAN Kin Wah

Department of Electrical and Electronic Engineering

The Hong Kong University of Science and Technology

Abstract

In the training process of hidden Markov model (HMM), the topologies of HMMs,
which includes the number of states and the connectivity of states, are usually pre-set
based on experience or heuristic. However, it is uncertain whether one topology is
optimal in one particular task. Many model complexity measures have been proposed
for model selection such as Bayesian information criterion, minimum description
length, and minimum message length.

In this thesis, an alternate approach of reducing complexity of the well-trained
HMNMs is proposed. The classical neural network weight pruning technique, called
the Optimal Brain Surgeon (OBS), is adopted to pruning HMMs. In the method,
an HMM component is first pruned if it results in a minimal decrease in total log-
likelihood of the training data. The decrease in total log-likelihood is approximated
by the Taylor’s Series with the second derivatives information in total log-likelihood
function.

The experimental evaluation showed that pruning HMM transitions with OBS
method is able to reduce the topology of well trained, though perhaps over-fitted,
HMMs successfully. The algorithm removed transitions optimally and, as a result,
the memory and computation costs was reduced and the recognition performance of
the pruned HMM on unseen test data was also improved in some cases (and did not

get worse in all cases).

xii



The OBS method on HMM transition deletion is further extended to HMM state
deletion by removing all incoming and outgoing transitions of the state simultane-
ously. This method has greatly reduced the computation cost of OBS as well by
deleting multiple transitions in a single iteration. It was applied to a more complex
HMM that was used in the multi-band automatic speech recognition. It showed that
OBS in deleting states saves memory and computation costs by reducing the model
complexity and is more efficient than OBS on transition deletion since it requires

fewer number of iterations.
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Chapter 1

Introduction

In recent years automatic speech recognition (ASR) technology has been able to
achieve reasonable recognition performance and has been applied in many real-world
applications. For example, ASR has been widely used in command and control sys-
tems, dictation software and telephony applications. The usage of the hidden Markov
model (HMM) in ASR is one of the most important and dominant technologies used
in speech research community. HMM provides a successful framework in modeling
quasi-periodic speech signals and its recognition performance has been improved by
many extensions. Nowadays, the trend of ASR research shifts to handle more com-
plicated tasks with HMMs such as hybrid type of HMMSs [1]. This requires a larger
and more complex acoustic model with more parameters and the model structures of
these new algorithms are neither simple nor trivial compared to simple recognition
tasks.

One example which involves a complex topology is factorial HMM [2, 3]. It has
recently been applied into audio-visual ASR and multiband ASR recently. Factorial
HMM combines state sequences from many layers where the layers can be sub-band

features of speech signal in multi-band ASR or audio stream and video stream in



audio-visual ASR depending on the applications. It also defines a new term, meta-
state S, which is composed of M layers of state sequences S; = S§1),---,S§M).
When the transitions of K states in each layer is unrestricted, the dimension of the
transition matrix in factorial HMM will be KM x KM,

Another example which also involves a complex topology of HMM is multi-band
automatic speech recognition (MBASR) [4, 5]. The target of MBASR is the robust-
ness of speech recognition in noisy environments|6]. Researchers introduced compos-
ite HMM framework [7] to combine multiple HMMs which are trained for different
frequency bands (see Figure 1.1) so that the multi-band HMM can be interpreted as
an ordinary HMM. However, the composite HMM leads to a huge parameter size and
complicated topology. For example, if two sub-band HMMs with n states are com-
bined as a composite HMM with full asynchrony, the composite MBHMM contains
n? number of states. These examples of HMM extensions show a common character-

istic: both of the approaches construct new topologies of HMMs that require huge

parameter size in modeling.

348 !
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Figure 1.1: Composite HMM generated by combining 2 HMMs with 3 states respec-
tively



Traditionally, the topology of an HMM such as the number of states and the
connectivity of states are usually pre-defined by experience or heuristic. In a sim-
ple recognition task, a strictly left-to-right topology is usually employed since this
topology has already performed satisfactorily in many ASR tasks. However, it is
uncertain whether one topology is optimal for a specific task. The optimal topology
mentioned is the one that gives the minimum error with the minimal parameter size
and model complexity. Finding the optimal topology of HMM belongs to problem of
model selection. This is an active research topic that focuses on the tradeoff between
training error and model complexity[8]. It tries to determine an optimal balance
in the dilemma of modeling: if the model has too many parameters which allow a
higher degree of freedom, it may over-fit the training data; but, if the model has
too few parameters, it may not have enough power to learn the training data well
and, as a result, the recognition performance degrades because the model is unable

to represent the training data accurately (Figure 1.2).

recognition accuracy

e

Over-sized

model complexity
Optimal complexity

Figure 1.2: Relationship between model complexity and recognition performance



1.1 Model selection methods

In more complex recognition tasks such as the multiband ASR and factorial HMM
mentioned above, the requirements for computation power and memory usage are
greatly increased because the size of model is increased non-linearly. In such cases,
finding the optimal topology or optimal model selection becomes more critical in
order to reduce computation cost and memory usage. More importantly, a model
that has a large parameter size may suffer from the over-fitting problem. Gener-
ally, there are at least two approaches which can be used to solve the regulariza-

tion/generalization problem:

e In the model selection area, there are many well-known information-theoretic
metrics for model selection. Some examples are Bayesian information criterion
(BIC) [9], Akaika information criterion (AIC), minimum description length
(MDL) [10] and minimum message length (MML) [11, 12].

e A data driven method which refines HMM topology by training data is also a
possible solution of tackling generalization problem. J. Takami at el. proposed
a successive state splitting algorithm [13, 14| and Singer at el. proposed a
similar idea [15] based on the maximum likelihood criterion for optimizing
HMM topology. Both approaches grow the topology to a optimal size from a

small HMM according to their optimization criteria.

1.2 Proposed solution - Optimal Brain Surgeon

To tackle the risk of over-fitting in complex HMMs and to determine the optimal
HMM topology for ASR tasks, a well-known neural network weight pruning tech-

nique, Optimal Brain Surgeon (OBS) [16], is adopted into topology pruning in the



HMM framework. Instead of growing or splitting of HMM states from a small topol-
ogy [13, 15, 17], OBS achieves the same goal, but in the opposite way. It starts
pruning from a sufficiently large topology until it reaches the optimal size according
to some optimization criteria. This approach does not only address the problem of
finding an HMM topology which is optimal in a particular recognition task, but also
corrects and refines an over-fitted HMM topology by removing the least important
parameter(s) such that the costs of memory and computation can be reduced and,
in some cases, the generalization performance can be improved. This is particularly
important for the state-of-the-art applications of HMM as they are usually more
complex and yet the operating platforms such as hand-helds or wireless devices may
have limited computation capacity. The balance of performance and computation
cost is also a critical issue.

In this thesis, our focus is the removal of the connectivity between states; that
is the transition probabilities of HMM. Theoretically, Optimal Brain Surgeon (OBS)
deletes HMM state transition(s) so that it minimizes the loss on the cost function.
In the implementation of OBS algorithm, the model topology is reduced by pruning
away transition(s) that is(are) the least important. The saliency of each transition
in an HMM is represented by the approximated change in the total log likelihood of
the training data. The remaining transitions are re-adjusted so that the decrease in

the total log likelihood is maximally compensated.

1.3 Outline of thesis

In this chapter, the thesis objectives and the basic idea of the OBS theory are
stated. The rest of the chapters are divided into three parts: the background of OBS,
the theory and formulation of OBS on the HMM framework and the experimental

evaluations.



The first part of thesis, which give the background of OBS, is described in Chapter
2. The chapter is a literature review on OBS and its predecessor, Optimal Brain
Damage (OBD). Since OBS is an improvement over OBD and it shares the same
basis of OBD, we will explain the theory of OBD first. After that, we will cover the
introduction of OBS.

In Chapter 3 and 4, we will present the theory and the formulation of OBS on the
HMM framework. While OBS of pruning neural network weights is not subjected to
any constraints, the OBS applications on the HMM framework is a constrained opti-
mization problem. In Chapter 3, we will show that it can be formulated as a quadratic
programming optimization problem subjected to both equality and inequality con-
straints. The usage of Lagrange multiplier and Kuhn Tucker (KT) conditions will be
discussed. Chapter 4 is a short chapter which details the step in the calculation of
the Hessian matrix and shows all key equations required in the calculation. It is de-
rived from the first principle based on the forward-backward algorithm and Hessian
terms are calculated from the differentiation of forward probabilities.

Chapter 5 gives details of the experimental setup and the evaluation result. The
experiments will be focused on the impact of the OBS pruning algorithm on recog-
nition accuracy and the change in the computation cost after pruning. In the ex-
periments, both transition pruning and state pruning is evaluated with left-to-right
HMM in digit recognition task and composite HMM in multi-band recognition task
respectively. Finally, conclusion of the experiment results and contributions of this

thesis is made in Chapter 6.



Chapter 2

Background of Optimal Brain
Damage and Optimal Brain

Surgeon

Before explaining the theory underlying the work in this thesis, this chapter will
give a literature review on Optimal Brain Damage (OBD) [18] and Optimal Brain
Surgeon (OBS) [16]. Both OBD and OBS are classical weight pruning techniques in

the neural network community [19]. This chapter covers:

1. an introduction to OBD and OBS in the neural network (NN) field
2. the detailed formulation of OBS

3. a comparison of OBD, OBS and other methods

Since OBS is improved from the OBD method, this chapter will explain the theory
of OBD before discussing the OBS theory. The ideas and the formulations of both

methods will also be discussed. At the end of this chapter, a further-improved OBS



technique, the Unit-OBS, is briefly introduced as it is important for developing the

OBS in deleting states in the HMM framework.

2.1 History of Optimal Brain Damage and Optimal Brain

Surgeon

The traditional neural network pruning method for dealing with the generalization
problem is the magnitude based method. Weights of smaller magnitude in the net-
work are considered to be less needed. However, this concept is non-optimal since
network weights with small magnitudes sometimes are important in the learning
procedure.

In 1990, Le Cun, Denker and Solla derived an information theoretic technique
for pruning unnecessary neural network weights which is named as Optimal Brain
Damage (OBD) [18]. The name refers to the technique that performs weight removal
(damage) in neural networks (brain) optimally in order to reduce computation cost
and , in some cases, the removal also improve the generalization performance. Theo-
retically, the weight removal is based on the second derivative information of the error
function in the training set. The results showed that OBD method can delete over
half of the network weights so that the network’s speed improved significantly and
its recognition accuracy increased slightly. Optimal Brain Surgeon (OBS) [16, 20],
a descendant of the OBD technique was proposed by Hassibi and Stork (1993). It
further imposes the constrained optimization idea into the prediction of change in
the training error, given that a network weight is removed. Thus, instead of finding
which network weight is the least important to be removed, it also re-weight other
weights in a optimal way. Furthermore, OBS’s weight removal is considered more

optimal than OBD since OBS used a diagonal Hessian approximation while OBS



uses a full Hessian.

In later years, several variants of OBD/OBS have been proposed. For example,
the Early Brain Damage [21] which re-formulates the weight deletion solution without
the assumption of a converged network and Unit-OBS [22] which makes further

improvements on the efficiency of algorithm when a whole network unit is deleted.

2.2 Optimal Brain Damage

Optimal Brain Damage is the first neural network pruning technique which uses the
information of the second order derivatives of the training error function. The idea of
OBD is simple: it predicts the change in training error by approximating the training
error function with the Taylor series and deletes weight so that the change in the
training error is maintained as small as possible. Thus, for each network weight,
OBD method measures its corresponding importance - also called the saliency - by
measuring its influence on the training error. The saliencies are sorted and the least

important weights, which are indicated by their low saliencies are removed.

2.2.1 Taylor Series

The first step in the formulation of OBD is to approximate the change in the error
function (objective function) using the Taylor series. Recall from the basic principle
that any continuous function of order (n+ 1) and is differentiable can be expressed
as a Taylor series with n'’- order derivatives about a point z*. This case is illustrated
by Equation 2.1. It is certain that higher-order terms in the series are less significant
in approximating a function f(z) about a point. In Figure 2.1, it is shown that
the approximation is good around the point z*, but it diverges from the true error

function when it moves away from z*.



(x —z*)2+--- (2.1)

The objective function of the OBD is the mean squared error of the neural net-
work in the training process. Let’s denote the target network weights in a converged
neural network by the vector w*. The objective function - the training error - and
the change in training error are denoted as F(w) and §F respectively. The Taylor

expansion of change in the training error is given by

0E = E(w)— E(w")
E (w* X
N (1! Yo w) ¢ 2

= gT-5w+%(5wT-H-(5w+--- (2.2)

In equation 2.2, g is the gradient vector with elements ¢g; = g—iand H is the Hes-

sian matrix with elements h;; = #ﬁ;j . An alternative representation of equation
2.2 1is
oF 1 0’E
0E=(=—)T - ow+ = -owl . — -ow+--- 2.3
(aw) w+2 W ow? W (2.3)

2.2.2 Assumptions of OBD

With equation 2.2 expanded with Taylor series, the following is the formulation
of the saliency term which indicates its corresponding change in error if a weight
is removed. It should be noted that the calculation of the Hessian matrix H is
an expensive process. If there are N weights in the network, the total number of
distinct elements in Hessian matrix will be %N 2(the number of elements is reduced

by half because the Hessian matrix is symmetric). Modern applications of neural

10



F(x)

x true error

quadratic
””””””””” approximation

saliency
approx.
Sdliency -

Figure 2.1: Taylor series approximates the error function about a point x*

network contains thousands of weights and its calculation dominates in the weight
pruning algorithm. To solve this computation problem, Le Cun et al. introduced

three further simplifying approximations [18].

2.2.2.1 The diagonal approximation

It assumes that the change in training error 6 F is caused by deleting each weights
individually. The total dE term is the sum of each JE induced by deleting each
weight individually. All cross terms in the Hessian matrix are negligible so that
the Hessian matrix is diagonal. This assumption can greatly reduce the number
of elements in Hessian to the dimension of the weight vector. Equation 2.2 then

becomes

11



1
6E:gT-(5w+§Zhii5w?+--- (2.4)
A

2.2.2.2 The extremal approximation

In the OBD method, its target neural network is assumed to be well-trained. That
is, the network training has converged to the (local) minimum of the error function.
Mathematically, the gradient term in Equation 2.2 is zero at the converged point
w*. Therefore, the first term in the Taylor series can be ignored, and the change in

error function becomes

1 2
0E =5 Z hiidw? + - -- (2.5)

2.2.2.3 The quadratic approximation

In a Taylor series, it approximates the objective function around a point w*. If we
assume that the error function is quadratic, terms of order greater than 2 are ignored.

Finally, Equation 2.2 is further reduced to

1
0E = 3 higdw;] (2.6)
i
2.2.3 Algorithm of OBD
With the formulation of £, the OBD is summarized in Algorithm 1.

Two criteria maybe used to terminate the OBD algorithm. The first one is
setting a saliency threshold. Only the network weights that have saliencies less than
the threshold are deleted. The second criterion is a minimum number of network

weights in the network. It ensures that the network size is large enough to represent

12



Algorithm 1 The algorithm of Optimal Brain Damage
1. Define a sufficiently large network structure.

2. Train the network until its converges.

9’E
ow; dw;

3. For each network weight w;, determine its corresponding h;; =
4. For each h;;, compute its saliency %hiiw?
5. Sort all saliency values and delete network weight(s) with the lower saliencies

6. Iterate to step 275 until the terminating criterion is met

the training data. Both of the threshold and the minimum network size maybe

determined by cross validation method with a separate set of data.

2.3 Optimal Brain Surgeon

Optimal Brain Surgeon (OBS) was proposed by Hassabi et al. in 1993. It is an
extension of OBD which focuses on pruning network weights in the neural network
area. Both OBD and OBS share the same basic idea in that they use Taylor series
to approximate the error function. However, OBS makes several improvements over

the original OBD. The key differences of them are:

e the diagonal approximation on the calculation of Hessian matrix is dropped in

OBS

e OBS imposes the deletion of network weight as a constraint in the objective

function

e OBS does not only delete a network weight, it also updates all the remaining

network weights optimally after each deletion

In the following section, the derivation of OBS algorithm will be given. This includes

solving the constrained optimization problem by Lagrangian technique.

13



2.3.1 Constrained optimization

According to OBD, the change in error function §F is expanded in the form of a

Taylor series as in Equation 2.3.

E 1
(5E:(g—w)T-5w+§-5w

r OF

Assume that the network is trained to a (local) minimum and the error function is
quadratic, the first term and the high order (order greater than 2) terms in equation
2.3 are neglected. Furthermore, the goal of OBS is to set a network weight to zero
(deletion) in order to minimize the change (increase) in training error. Suppose we
have a weight vector w and the ¢* network weight wy will be deleted. The deletion

can be interpreted as the following equality constraint

or

eg-éw—kwq = 0 (2.7)

where vector eqis an unit vector with the g™ element being 1. Then, the objective

of OBS becomes minimizing the error function subject to the deletion constraint

2
min{min (% Cowl . G_E 5w)

q ow ow?2

eg-5w+wq=()} (2.8)

A typical method used to solve the constrained minimization problems is the
Lagrangian technique. A Lagrange multiplier A with the constraint in Equation 2.7
is inserted as a penalty term into the objective function dF = %5w -H - dw . The

Lagrangian form of the approximated change of the training error 6 E4(dw, A) for the

14



minimization problem becomes

At the minimum, we have

5B, (5w, A) = %5WT H - ow + - (el - bw + )

Both%annd%zO,thatis

Héw +Xel = 0

e£6w+wq =0

Substitute Equation 2.11 into Equation 2.10, we have

Tl  _
re,H e, = wy

Substitute back A of Equation 2.12 into Equation 2.10, we get

Wq

N Hgq

ow = H!. eq

Finally, the deletion of w, will increase the error by

2
Wy

1
0B = 2 Hgq

(2.10)

(2.11)

(2.12)

(2.13)

(2.14)

Note that H is a full Hessian matrix and [H™!],, is the element in the ¢** column

and ¢"* row of inverse Hessian. In Equation 2.14, the saliency for deleting network

weight wgis represented by dF,. Besides that, Equation 2.13 embeds the changes in

all network weights which include the deletion of weight w, and the optimal update

15



of all remaining weights in order to minimize the objective function. Every deletion

is applied to the weight of the least saliency.

2.3.2 Algorithm of OBS

The algorithm of OBS, shown in algorithm 2, is similar to that of OBD (section

2.2.3).

Algorithm 2 The algorithm of Optimal Brain Surgeon

1.
2.

3.

. Find the network weight wg that has the smallest saliency 6E, = %

Define a sufficiently large network structure
Train the network until its converge stage is reached

Compute the full inverse Hessian H !

e If
. ) . H g
the smallest saliency is smaller than a threshold, w, is deleted and proceed to

Step 5; otherwise, OBS terminates.

Use g from Step 4. and Equation 2.13 to update all the remaining network
weights

Iterate to Step 275 until the deletion of a weight will cause large increase in
the objective function dE,

2.4 An Improved variant: Unit-OBS

Although OBS is claimed to generalize better than OBD [23, 24|, there is still a

disadvantage: a calculation of full inverse Hessian matrix is needed to prune one

single weight in a large neural network. Since the inverse Hessian calculation costs

the most in terms of computation power, pruning of a large neural network would

require enormous computational cost. Therefore, unit-OBS [22], which is used to

remove one network unit for each Hessian calculation, was proposed by Stahlberger
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et al. In general, unit-OBS can remove a group of network weights in one single

Hessian calculation, so using unit-OBS can reduce the computation time drastically.

2.4.1 Introduction of selection matrix

The key point of deleting a whole network unit with the unit-OBS method is to
used a selection matrix as a generic indication of the multiple deletion constraints.
Recall that in equation 2.7, e§-6w+wq = 0, the equation enforces a single deletion
on weight ¢ by a unit vector e,. However, if unit vector e, is replaced by a selection
matrix M , where M = (egi1€q2 - - €¢4m) , then OBS can be generalized and used to
delete any m selected weights. The deletion positions are indexed by ¢l,492,---,qm

and the constraint is written as

(w+ow) ' M=0 with M= (eqi€q2 " - €gm)

The constrained optimization problem can be solved as usual using the La-

grangian method. The corresponding solutions become

1 .
6B, = Zw'M(M'H'M) M'w (2.15)

sw = —H 'M(M'H 'M)" M"w (2.16)

where § F,is the saliency of deleting network unit 4 and dw is the corresponding

update on all network weights

2.4.2 Unit deletion

Equation 2.15 and Equation 2.16 constructs a generalized functional form of the

OBS algorithm. To remove a network unit, all outgoing connections of this unit are
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labelled ¢1,q2, - - -, gm in the selection matrix M. Then the corresponding saliency is
calculated by using equation 2.15. With the same procedures as OBS, the smallest
saliency term implies the least increase in the training error induced by the unit
removal or the corresponding unit is least important unit to be deleted. Finally,
other weights are rearranged by Equation 2.16. The above procedures composes one
iteration of the unit-OBS method. The next iteration begins with calculation of the

Hessian and then the calculation of saliencies, and so on.

2.5 Comparison between OBD, OBS, Unit-OBS

A comparison of the neural network pruning method is shown in Table 2.1. The
differences between the algorithms, their strengths and weaknesses are analyzed.

In OBD, the foundation method of both OBS and Unit-OBS, the deletion of the
least important network weight is given by a closed form solution of the minimization
of the error function. The output of the OBD method contains only the saliency term.
Furthermore, it is also the only method that makes an assumption of the diagonal
Hessian matrix. Although the diagonal matrix saves a lot of computation when
compared to a full Hessian matrix operation, this assumption is proved to be the
cause of improper deletions [23].

In OBS and unit-OBS, a full Hessian matrix and inverse Hessian matrix is used.
Both methods consider the deletions of the network weight or the network unit as
constraints in the optimization problem. In the algorithm, the constraints are re-
formulated and imposed into cost function by Lagrangian technique. The solutions of
the Lagrangian function are the saliency for each deletion and the new rearrangement
of network weights.

Unit-OBS has a further improvement in reducing the computational cost. In a

large neural network, the deletion of a single weight by OBS requires calculating a
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OBD

[OBS

‘ unit-OBS

Goal - reduce the network | - reduce the network | - reduce the network
size by pruning by pruning network | size by pruning net-
network weights weights work units

- all remaining - all  remaining
weights will be weights will be re-
re-adjusted adjusted optimally
optimally

Methods - error function is - error function is - error function is ex-
expanded by Taylor | expanded by Taylor | panded by Taylor se-
series series ries

- cast as a - cast as a con-
constrained strained  optimiza-
optimization tion problem with an
problem with an equality constraint
equality constraint - solved by La-
- solved by grangian method
Lagrangian method

Assumptions | - assume a optimal - assume a optimal - assume a optimal

and approx- | network network network

imations - assume diagonal - assume full Hessian | - assume full Hessian
Hessian - quadratic - quadratic approxi-
- quadratic approximation on mation on Taylor se-
approximation on Taylor series ries
Taylor series

Major cal- | - calculate saliency - calculate saliency - calculate saliency

culations for each weight for each weight and | for each unit and up-

update all weights
optimally

date all weights opti-
mally

Table 2.1: Comparison of OBD, OBS and Unit-OBS
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Hessian matrix once, which is expensive and dominate the cost of OBS. To further
reduce the computational cost of OBS and Hessian, the deletions of multiple weights
is formulated as the deletion of a single network unit in the unit-OBS method . For
a network unit that has z connecting weights, the unit-OBS method would be able
to reduce the number of calculations of the Hessian by z times, as a result, unit-OBS

is also approximately = times faster than iterating OBS z times.
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Chapter 3

OBS in hidden Markov model

With the background of OBD and OBS was introduced in chapter 2, the theory of
OBS in HMM pruning will be presented in this chapter. The details of how Optimal

Brain Surgeon (OBS) is adopted to pruning transitions and states in the HMM will
be showed.

3.1 Introduction

The idea of adopting OBS in HMM pruning was inspired by a paper by Pedersen
and Stork [25], which is about pruning in HMM by using the pruning method of
the Boltzmann network. In practice, one can never be sure what topology should be
defined for a particular task before its training process. Without an efficient method
to change the topology dynamically, the HMM maybe predefined as over-sized. We
believed that the OBS idea for pruning a neural network could be borrowed and
applied to HMM pruning as a result of re-fining the over-sized and perhaps over-
fitted HMM. It works by reducing the redundant model parameters so that it saves
memory and computational costs.

In this chapter, we highlights the objectives and general idea of the OBS ap-
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proach. Later, we focus on the mathematical formulation of the OBS theory. Since
the architecture of the HMM is different from that of the neural network, several
modifications and assumptions on the theory are necessary to adopt OBS to the
HMM framework. We introduce the constrained optimization method as a solution
for OBS which is subjected to both equality and inequality constraints. Finally, an

overall algorithm of the OBS in the HMM framework will be discussed.

3.2 Transition pruning in hidden Markov model

Recognition with HMMSs do not solely rely on their transition probabilities. The
log-likelihood probability of a observation sequence is mainly contributed by the
probability density function (pdf) in each state (as shown in 3.1). Those pdfs maybe
modeled by some Gaussian mixtures in a continuous HMM or the probability asso-

ciated with the centroids of a vector quantization codebook in a discrete HMM.

p(S1|S1) D(SZOIZZ) p(S3IS3)
p(S2|S1) p(S3S2)
P(O1|S1) P(O1|S2) P(O1|S3)

AN ARZN

Figure 3.1: Example of a 3 states HMM with continuous probability density function
in each state
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3.2.1 Reasons of pruning transitions

Although transition probabilities are not the most important contribution when cal-
culating the log-likelihood, there are strong reasons for choosing transition as the

pruning element of HMM

e transitions act as a topology constraint of the HMM. Any change in transitions
(addition or deletion) directly induce topology change in the HMM and the
change in topology affects the search path of state sequence when calculating
likelihood. In some cases, removal of transitions may lead to removal of a whole

state in an HMM.

e transition probabilities have properties similar to those of weights in neural
network. They are both scalar terms that join the network units (states) and
construct the architecture of model. So that transition pruning in HMM frame-
work is similar to the theory of OBS in a neural network and it can be adopted

with only a few modifications.

Because of the reasons mentioned above, the focus in our research was to develop a
method capable to delete the least important transition probabilities in an HMM so
that the decrease of the total log-likelihood in the training data is minimal. It was
expected that the pruned HMM will lead to a modification on transitions and, more

importantly, on HMM topology.

3.2.2 Specific issues

Transition probabilities in the HMM controls the search of state sequence path dur-
ing the training and decoding process. They are scalar quantities which indicate how

likely the next state will be given that the accumulated probabilities in the previous

23



time are identical. In the neural network, the network weights can be any real num-
bers and do not have any constraints or magnitude bounds. However, transitions in
the HMM are constrained by the probability axioms. The first one is that probabil-
ity values should be between 0 and 1. The second is that the sum of all out-going
transitions from a state should be 1, since they are mutually exclusive events. Both
the constraints cause the differences in pruning weights in the neural network. Table

3.1 summarizes all differences between transitions and network weights

\ \ NN weights \ HMM transitions |
physical meaning scalar as a probability of state
multiplication factor transition
constraints none should be between 0 and 1,

all out-going transitions
of a state should
sum to 1

Table 3.1: Comparison of transitions in the hidden Markov model (HMM) and
weights in the neural network (NN)

Another important pre-caution in pruning HMM is to maintain a feasible deletion
of transition and ensure that the topology is reasonable. It is impossible that there
is no reachable path going through from the starting state to the ending state in the
pruned HMM. If this is the case, the HMM is broken by the pruning method. In
OBS method, every choice of transition deletion should be verified and ensure that

the HMM will not be broken by the OBS deletion.

3.3 Constrained optimization

According to the theory of OBS mentioned in Section 2.3 under the former work

of neural work, the central idea of weight pruning is to delete the least important
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weight(s) so that the change in the cost function is minimized. In the HMM frame-
work, pruning of a network weight in the neural network framework has changed to
pruning of a transition and the cost function has changed from the training error
to the likelihood of the training data. Since maximum likelihood is the criterion in
our HMM training, our cost function is to maximize the likelihood of training data
instead of minimizing th training error in the case of neural network. To summarize,
OBS in the HMM framework implies the deletion of the least important transition(s);
as a result, the decrease in the likelihood of training data is minimized.

Let us denote the change in log-likelihood as §L; the Hessian matrix and transi-
tion vector are represented by H and dw respectively. Thus, the cost function - the
change in likelihood - is approximated by using the Taylor expansion as mentioned

in equation 2.6 as the following

6L = %5wT -H-éw (3.1)

It is noticeable that the Taylor expansion of the likelihood on the training data
is identical to the cost function with training error. In fact, there are differences
between training error and training likelihood in regard to assumptions and approx-
imations. The approximations and assumptions will be analyzed in the following

sections.

3.3.1 Approximations

Before deriving the formulas of the OBS in the HMM framework, the assumptions
in the original OBS in NN should be modified. In section 2.3, the valid assump-
tions contains the quadratic approximation and the extremal approximation. The
quadratic approximation refers to the fact that the change in cost function is as-

sumed in a second order functional form so that the third and higher order terms are
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neglected in the equation 3.1. The extremal approximation assumes that the target
model is converged to a (local) maximum point in the training process. Therefore,
the gradient of the cost function is approximately zero and can be neglected.

It should be emphasized that full Hessian matrix is used in this approach. As
the paper by Stork et al.[24] pointed out that the diagonal approximation in the
Hessian leads to the wrong deletion in network weight. It is necessary to compute a
Hessian with higher computation cost but this is more accurate. Another reason is
because HMM, unlike NN, after deleting a transition of a state, the other out-going
transition of this state should be re-adjusted so that they sum up to 1. Thus, the

change in one transition should also update other related transitions.

3.3.2 Constraints

In the OBS method, a deletion in network weight is considered as a constraint in
the minimization of the cost function. In other words, instead of minimizing the
change in training error directly by using the differentiation method, the main idea
of solving this problem becomes minimizing the change in training error by deleting
a network weight and subject to a deletion constraint at the same time.

A well known approach for tackling constrained optimization is the Lagrangian
method. It imposes constraint(s) as a penalty function(s) into the cost function
so that the optimization technique such as differentiation method does not require
extra modification. The OBS is one of the examples that makes use of Lagrangian
as a solution for constrained minimization. A closed form solution of saliency and
re-calculation of other weights is formulated by using this method.

In the HMM framework, transition probabilities have additional constraints be-
cause of their definitions. Therefore, it is obvious that additional constraints should

be inserted into the Lagrangian. The three constraints of deleting a transition in an
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HMM are:

1. delete a specific HMM transition within all transitions
2. the sum of all out-going transitions from each HMM state should equal to 1

3. any transitions should be between 0 and 1.

Before the formulation of these constraints, it should be noticed that the first two
constraints are equalities and the third one is an inequality. With the introduction
of the selection matrix in the unit-OBS method [22], all transitions are re-arranged
in vector w. Assume that e, is an unit vector with the g""element equal to 1. The
equality constraint 1 which represents a deletion of the ¢*?element in transition vector

w can be written as

owg = —Wwg
or

eqT “(0wg+wg) = 0 (3.2)

The equality constraint 2, which enforces the sum of all out-going transitions in

each state equals one, can be written as

=l

MT (w +dw) =

or

=11

MTsw = (3.3)

where M is an n X m indicator matrix for an HMM with totally n transitions
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and m states. The elements of M are either 0 or 1. The 1’s in its k** column vector
indicates positions of the out-going transitions in the k" state. For example, if each

HMM state has 2 out-going transitions. The matrix M will look like

1 00
1 00
010
M=|01 0 (3.4)
0 01
0 01
- ' - nxm

This indicator matrix plays an important role in formulation; it collects all out-
going transitions in each state correspondingly so the “sum-to-one” constraint can be
formulated in a simple matrix form (like equation 3.8).

The constraint 3 is an inequality about restricting non-negative values on transi-
tion probabilities. It is noticed that the upper bound of the transition probabilities
can be eliminated because constraints 2 and 3 together implies the upper bound (less

than one). So, the inequality constraint will be

wt+dw > 0

or

\Y
|
g

ow

(3.5)
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3.3.3 Active-set method

With all constraints and cost function defined, the overall constrained optimization

problem subjected to equality and inequality constraints is re-written as

maximize
1o o
0L = Eéw -H - ow (3.6)
such that
e;f “(0wg+wy) = 0
MTsw = 0
w+ow > 0

This is a quadratic programming problem subjected to both equality and inequal-
ity constraints. In this thesis, we solve it by the active-set method. The active-set
method [26, 27, 28| is considered to be an approach with the usage of Lagrangian,
but it divides the problem into many sub-problems with equality constraint(s) by
maintaining a set of active equality constraints. Suppose there are many inequality
constraints which bounce the solution within a certain region. The optimal solution
for the optimization problem, either minimization or maximization, must lie on the
extreme point or constraint boundaries. To give a detailed explanation of the active-
set method, the concept is illustrated in Figure 3.2, and the method is presented

with the following example.
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Linear inequality problem

Consider active Add inactive
constraints constraints

Linear equality problem

Figure 3.2: Active set method with linear inequality constraints

3.3.3.1 An Example in constrained optimization

Consider the problem of minimization, that is

minimize

Lagrangian subjected to constraints 1 + 2z9 > 2 , 21 — 22 > —1 and —x1 > -3

The feasible region of the optimal solution is shown in the shaded area in Figure

3.3. The abscissa and ordinate are xzjand x2 respectively. The minimum point,

notated as xg, is the reference solution for this problem. It can be observed that the

solution must lie on one of the equality constraints z1 + 222 =2, 1 — x93 = —1 or

1‘1:3.

Therefore, the first step in solving this problem is to make an initial guess about

the active equality constraint. Suppose the solution zg is on the line 1 + 2x9 = 2

(this implies only constraint z1 + 2z9 > 2 is active). This leads to a minimization
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Figure 3.3: Plot of feasible solution and its feasible area

problem with equality constraints.

minimize
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Using the Lagrangian method, we solve equations

f(z)— A=0 and z1+2zy=2

(SN

and the solution is z = (£, 5)T, A =
Instead of solving this set of equations for a feasible solution, the active-set
method continues other possible sets of active constraints and solve other feasible so-
lutions. After all possible constrained optimization problems are solved, the solution

that gives minimum f(z) will be the global constrained minimization solution.

3.3.3.2 Kuhn Tucker conditions

According to the necessary conditions for optimality, solution zg is a local minimizer

over f(z) s.t. Az > b if

e corresponding Lagrange multiplier A > 0

e Hessian matrix H in the cost function is positive semi-definite

o f (z) = AT\

e \[(Az —b) =0
Since the solution matches all the necessary conditions, this is the local minimized
solution for this sub-problem. However, the initial guess in regard to the active con-
straint(s) was not sufficient to find the optimal solution for the overall optimization
problem. In this case, the major difficulty in solving optimization problem with in-
equality constraints was discovered; that is, it is necessary to check a large number
of possible combinations of active constraints in order to determine the optimal so-

lution. Undoubtly, there will be an exhaustive search into the active constraints and

the computation cost will be expensive.
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To tackle this problem, the active-set method does not only use Lagrangian in
solving each equality constrained optimization sub-problem, their Lagrange multi-

pliers also measure the following quantities
e important information in sensitivity analysis

e in case of problems with inequality constraints, estimation of the multipliers

indicates how to improve an estimation of the optimal solution

To conclude, the active-set method uses the Lagrange multipliers and its correspond-
ing function values as the searching criterion of the active constraints so that the

search times (iteration) can be reduced.

3.4 Algorithm of OBS in HMM

The overall method of OBS (as shown in Figure 3.4) is an iterative process which
deletes a single transition in each iteration. The OBS is terminated by one of the

following two criteria

e the largest saliency (6L) which indicates the least decrease in the log-likelihood

should be greater than a threshold.
e 3 limit on the number of deletions

The first criterion is important for preventing a dramatic drop in likelihood as well as
model performance. The second criterion guarantees a minimum model parameter

size.

3.5 State deletion by Unit-OBS

Besides the adoption of OBS from weight deletion in neural network to transition

deletion in HMM, the unit-OBS for unit deletion in network can also be adopted
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Training data, \‘
HMM set /‘

Y

Compute Hessian

Y

Estimate saliency Delete the least

for each feasible |mp0rtant transition

transition deletion and re—adjust other
transitions

A

Y

Sort all saliencies

Largest saliency > threshold NO

or
Iiieration no. > limit

YES

<Save Modified HM@

Figure 3.4: Flow chart of OBS algorithm in HMM pruning
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to state deletion of HMM. With the capability of multiple deletions, unit-OBS is
able to remove the least important state in the HMM in a single iteration. So that,
the decrease in cost function, which is the log-likelihood of the training data, is
minimized. Practically, removing a state S implies the removal of all incoming and

outgoing transitions of state S. The example is illustrated in Figure 3.5.

o oG
Xl

X-(=x¢

Figure 3.5: Illustration of deleting state S2 in HMM

For any state in an HMM, if no transition is connected to it, this state will not
be considered in the decoding and training procedures. By specifying appropriate

constraints, the general theory maybe applied directly to do unit-OBS in HMMs.

3.5.1 Modifications of constraints

The first modification is made to the deletion constraint. In multiple deletions, D is
defined as the set of deletion indexes {g: ¢ € D}. D indicates the set of transitions
to be removed. The elements in D are the incoming and outgoing transitions of
the state S that is to be removed. Thus, S has |D| connections and Equation 3.7

represents |D| equations to delete those in-coming and out-going transitions.
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owg = —w, whereq €D
or

e:‘; (0w +wy) = 0 (3.7

The second modification is made to the equality constraint (equation 3.8), which
ensures the sum of all out-going transitions in each state is equal to one, can be

written as

M” (w+ow) = 1
or

MTsw = 0 (3.8)

where matrix M, the indicator matrix, is composed of column vectors of either
0 or 1. The 1’s in its k™ column vector indicates the positions of the out-going
transitions in the k** state. Except the column which indicates the state to be
deleted, the column vectors of M are the same as the indicator matrix in the OBS
method. This matrix is used in formulation of unit-OBS for deleting a whole state.
For example, if there is an HMM with m states , n transitions and each state has
two outgoing transitions, then the indicator matrix M of deleting the third state

(the third column vector is removed) becomes
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[ 1 00 ]
1 00
010
010

M=1|0 0 0 (3.9)

0 00
0 01
0 01

L ’ d nx(m—1)

Finally, the inequality constraint on the boundaries of the transition probabilities
is kept unchanged. The upper bound of transition probabilities can be eliminated
because constraint 3.8 and 3.10 together implies the upper bound (less than one).
So, the inequality constraint contains the lower bound of state transitions and can

be notated as

wt+dw > 0

or

\Y,
|
g

(3.10)

ow
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With all constraints and cost function defined, the overall central optimization

problem in OBS is rewritten as a maximization of

1
dlogL = EéwT -H - ow (3.11)
subject to
eqT -(0wg +wq) = 0 where q € deletion set D
M 6w = 0

wt+déw > 0

This constrained optimization problem is a quadratic programming problem. The
formulation of this problem can be solved by using many standard numerical methods

such as the active-set method [26].

3.5.2 Implementation

The algorithm of the unit-OBS is similar to the algorithm of the OBS except that
the deletion element is changed from a transition to a state in HMM. The flow of

algorithm is illustrated in algorithm of unit-OBS (Algorithm 3).

One should note that the deletion of a state by unit-OBS cannot totally replace
the deletion of a transition by OBS in the task of refining the topology of HMMs.
The unit-OBS method performs state deletion by restricting those deletions around
one particular state. However, it is unable to fine-tune the topology of the HMM

with a single transition deletion. When comparing the unit-OBS and the original
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Algorithm 3 The algorithm of unit-OBS in HMM
1. Define a sufficiently large HMM and train the HMM until it converges

2. Compute the full Hessian H of this HMM with training data
3. Construct and solve the constrained optimization problem as equation 3.11.

4. Find the ¢'* state that has the largest saliency dlogL. If the saliency is greater
than a threshold 7', then connections of the ¢** state are deleted and proceed
to step 5; otherwise, OBS terminates.

5. Use g from Step 4. and update remaining transitions by the corresponding
constrained optimization result dw in Step 3

6. Iterate step 275 until the maximum number of iteration exceeded

OBS method, unit-OBS has the benefit of reduced computation cost, whereas the

OBS method can fine-tune the topology of an HMM in more detail.
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Chapter 4

Calculation of Hessian

The Hessian matrix plays an important role in our quadratic programming problem.
It provides the second order derivative information for the optimization method such
as the Active-set method used in this thesis. In this chapter, the detailed formulation

and implementation on Hessian matrix will be discussed, which includes:
1. the formulation of gradient and Hessian

2. their corresponding initial and ending conditions

3. other implementation issues

The Hessian matrix is derived from the first principle. The cost function for the
derivative calculation is the total log-likelihood of the training data which is calcu-

lated by the well known Forward algorithm.
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4.1 Cost function

The Hessian matrix H = % is the second derivatives of the cost function F with re-
spect to the change of the transition vector 0w. In this thesis, the total log-likelihood
of the training data is chosen as the cost function. There are both theoretical and
practical benefits for choosing the total log likelihood as the cost function. The

reasons are

e Likelihood has already been the optimization (minimization/maximization) cri-
terion for many classification problems such as HMM training, speaker adap-

tation, etc.

e Likelihood in log domain is efficient for computer programming of numerical
algorithm. It solves the under-flow and over-flow problems in numerical calcu-
lations that require high precision. Multiplication of floating-point values can

be also re-written as summation in log-domain.

e Log function is monotonic. The optimizations algorithms derived in likelihood

can also be adopted to log likelihood domain.

4.2 Notations

For the reference purpose in the following sections, the notations which appear in

formulas are defined in the following list

oW observation sequence of utterance u of duration T(*)

O, observation vector in one utterance at time ¢ , where t =1,...,T
A model parameters

aij transition probability from state i to state j
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b;(Oy) observation probability in state j at time ¢

a;(t) forward probability of Baum Welch algorithm in state j at time ¢
N number of states in the HMM
U total number of utterances in training set

4.3 Multiple observations

With multiple observations or multiple utterances in the training data set, the total
likelihood will be P(O | A) = [[, P(O™ | X). When it is transformed into log
domain, the total log likelihood becomes logP(O | ) = 3, logP(O™) | X). Tt is
noticed that the summation enable us to separate the calculation of the Hessian for

each utterance individually. Therefore, the gradient terms and the Hessian

OdlogP(0O|X)
da;;
8%logP(0O|N)

Ba. a terms for the whole training set can be written as
15 OQmn

dlogP (O | \) 3 dlogP (0™ | ))

Oa;j " Oajj

¥ dlogP (O™ | ) y OP(0O™ | X)

B 1 OP(0™ | ))
- zu: (P(O(u) N T am (41)
dlogP(O™)|})  dP(O™)|A)
0%logP (O | \) B Z 8( alg(o(u)\)\) X T day; )
Baijaamn N " 0amn
.S 1 y >P(O™ | \)
() (w)
B 1 o OP(O\" | \) o OP(O™ | \) (4.2)
P(O(“) | A)? Oa;j Oamn,

The transitions in the HMM are notated as a;; and @y,,,- In the formulation, the
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indexes 1, j, m,n can be any real integer smaller than N. From the above equations,
the Hessian matrix, with the log likelihood as cost function, can be decomposed into
summation of gradient and Hessian terms of each utterance in linear domain. To
simplify the representation, the notation O; indicates the observation vector at time

t in one particular utterance w in the following formulations.

4.4 General form

As mentioned in the beginning of this chapter, the log-likelihoods of the utterances
are calculated with the forward-pass in the well-known Baum-Welch algorithm. This
forward-pass algorithm is an iterative process where the forward probability term at
previous time ¢ depends on forward probability at time (¢ — 1). The details of the
forward probability formula in the Baum-Welch algorithm is covered by [29, 30]. The

following equations summarize the calculation of the forward probabilities:
e The initial condition : as(1) = msbs(O1)

e The iterative form : «4(t) = Zf,v:l[oz,«(t — 1)a,s)bs(0y)  where s =1,...,N

andt=2,...,T

e The cost function (Likelihood) : logP(O | A) = an(T) = N5 ap (T)ary where
s=1,...,N

The formulation of both gradient terms and Hessian terms are separated as real
state and null state because there are differences between their handling methods.
In each real state, which is also called emitting state, the observation probabilities
are required in calculation. Whereas, the calculation in null state does not require
any observation probability.

In this thesis, the HMM topology always contains begin and end null node. This

is illustrated by Figure 4.1 When there are N states in an HMM, state 1 will be the
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Figure 4.1: begin null state and end null state in HMM

begin null state and state N will be the end null node. Therefore, in the real state

calculations, the previous terms are ranged from 2 to N — 1

4.4.1 for real state (node)
N-1
a'rs (Ot)
1':2
N-1
das(t) _ [ ars + 2930 (1= 1) | by(0))
6az~j — aaij
82 a(t) 1020, (t — 1) day(t — 1) Oays
a a. = Z|: ars +
Baijaamn — aaijaafmn

3(1,1']' 8amn
0o, (t — 1) Days &%ayg
T - 1 8
+ 8amn 6aij + Baijaamna (t ) b (Ot)
_ Y [Bodlt=n), | da(t=1) du,
B —2 8aij8amn re 8aij 8amn

Oay(t — 1) Days
+ aamn aaz’j :| bs (Ot)
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4.4.2 for null state (node)

aas(t) ey [aar(t) Oays
— + t 4.7
o) = X e+ Gty (47)
as(t) = [ BPa(t) L 00 (t) Bury | Do (1) D, Pars @
E)a,-jaamn N —2 8aij(9amn " 8aij Bamn E)amn Ba,-j 6az-j8amn !
_ = BZQT(t) Oay(t) Oays + Oay(t) Oars (4 8)
—2 3aij8amn e aaij 8amn (')amn 80,1'7' ’

da

In the differentiation of transitions with respect to transitions, such as g :; , these

a

terms will equal 1 when r =4 and s = j. Otherwise, it will equal 0.

4.5 Initial and ending conditions

In forward pass probability, the initial and final terms are handled with the special
equations 4.9 and 4.10 respectively. The Section 4.5.1 and Section 4.5.2 illustrates

their corresponding derivatives.

as(l) = sts(ol) (49)
N-1
as(2) = [ar(1)ars]bs(O2)
r=2
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N-1

as(3) = [ar(2)ar5]b3(03)
r=2
N-1
an(T) = o (T)arn (4.10)
r=2
4.5.1 1st derivatives
das(1) _ Omsbs(01)
Baij N Baij
=0
0as(2) = 0oy (1) Oas
= T | + o2 (1) b
aaij {TE:; 6aij ars | + Baija( ) b (02)
80/1'5
- 8aijaz(1)b5(02)
0 1S
= BZijﬂ-ibi(Ol)bS(O2)

dais(3) — [0 (2) ] dais
= TS a5 & 2 bs 0
Oa;j {rz:; Oa;j Grs| + Baija 2) (Os)
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dan(T) _ {’“ [aa, (T)

Oa;n
—o;(T 4.11
e orn ]| + Gl )} (411)

4.5.2 2nd derivatives

0a;j0amn N
Pay(2) = [ 8%e(1) ]+6ai(1) Daiy , Doi(1) as |, ()
0a;;0amn - 6azj(9amn Oa;j Oamp O0amn Oaij N
=0
a3 _ [N 1[62%( ) ] 0i(2) Oasy | doa(2) dass |, 1
0a;j0amn = 0a;j0amn e 0aij Oamn Oamn Oaij s
a;(2) Oa;s ~ O0i(2) Oags
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{ 6az~j Bamn + 8amn Baij s( 3)
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N-1
Pan(T) _ {Z [ »ar(T) GTN] n 00;(T) dain N 9oy (T) ‘9aiN}(4_12)

aaijaamn — aaijaamn 8az~j Bamn aamn 80@'

4.6 Implementation issues

Since calculation of the Hessian matrix is computationally expensive and it costs
most of the computation time in the whole OBS method, the implementation method
which reduces the computation cost becomes critical. One of the simplest way that
can save computational cost is to make use of the symmetric property of the Hes-
sian matrix. The computation cost can be reduced by half by only calculating the
upper tri-angular Hessian elements and copying them to their corresponding lower
triangular elements.

Besides that, as the gradient and the Hessian matrix at time ¢ depend on those at
time (¢ —1), it is perfect to borrow the idea of dynamic programming and implement
the calculation across the time domain. The procedure stores intermediate terms at
time ¢ — 1 and time ¢. Both simple but useful methods should reduce computation

and memory storage considerably.
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Chapter 5

Experimental evaluations

In this chapter, we will present some experiments to evaluate our OBS method and
unit-OBS method in reducing HMM complexity. Although the theory of our OBS
should be general enough that it can be applied to all HMM classification tasks, we
will only focus on the automatic speech recognition (ASR) applications in this thesis.

This chapter is divided into 2 parts: the preliminary experiments and the appli-
cation experiments. In the first part, several preliminary experiments were designed
with a focus on proving focus on proof of the OBS theory and investigating some mi-
nor issues in the OBS algorithm such as the effect of Viterbi segments in the Hessian
calculation and the deletion choice made by OBS. In the second part, OBS was used
to reduced the complexity of a 16-state HMM, and unit-OBS was used to reduce the

complexity of a composite HMM [7] in a multi-band speech recognition task.

5.1 Preliminary experiments

In the preliminary experiments, an HMM of simple topology was used to show the
validity of our OBS-HMM algorithm, and to verify the approximations we made to

speed up the computation of the Hessian matrix. The investigation focused on the
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measurement of saliency for each deletion. Since the saliency term indicates the
importance of the deletion choices, we would like to compare the computed saliency
and the actual change in the total log-likelihood of the training data. Another
preliminary experiment was done to investigate the effect of forced alignment used
in the calculation of the Hessian matrix. Since the calculation of the Hessian matrix is
computationally expensive, we proposed to use speech segments generated by Viterbi

forced alignments to greatly reduce its computation.

5.1.1 Configuration of experiments

The HMMs used in the preliminary experiments were evaluated on the adult data
set of TIDIGITS [31]. This corpus contains a total of 8623 utterances of connected
digits in the training set and 8700 utterances of connected digits in the testing set.
The speech data were converted to 39 dimension mel-frequency cepstral coefficient
(MFCC) vectors consisting of 12 mfcc + 1 normalized energy term and their first and
second-order derivatives with cepstral mean subtraction. During MFCC conversion,
the window size and target rate is 25 msec and 10 msec respectively. It uses hamming
windowing and its pre-emphasis coefficient is 0.97.

There are 11 digit HMMs in the HMM set: digit “0” to digit “9” and "oh”. Each
of them has 16 states and 16 Gaussian mixture in each state. They were trained to
convergence using the Baum-Welch re-estimation algorithm. In the testing phase,
Viterbi algorithm was used in recognition without any grammar. In the experiments,
the HTK software toolkit [29] was used for both HMM training and recognition test.

The topology of the digit HMMs is shown in Figure 5.1. In additional to transi-
tions to the next state and self-loop transitions, we allowed single-state jumps from
each states. The reason for defining this topology is that we wanted to allow more

relaxation as well as more deletion choices for OBS. It is reasonable for more than
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Figure 5.1: Topology of the HMMs used in the preliminary experiments

one deletion choice available in each state so that the result of OBS was not re-
stricted within those self-loop transitions. The transitions are labelled with indexes
as shown in Figure 5.1. The indexes allow us to locate each transition deletion. In
this topology, the self-loop transitions are labelled as 1,4,7,10,13,... ; the transi-
tions to the next state are labelled as 2,5,8,11,14,... and the transitions of state
jump are labelled as 3,6,9,12,15,....

Notice that the OBS algorithm should be applied to a converged or over-trained
HMM set, otherwise the HMM performance will be significantly worse after deletion

due to the violation of the extremal assumption explained in Section 3.3.1.

5.1.2 Saliency and change in log-likelihood

The goal of this experiment is to prove that saliency is a good indicator which can
reflect the change in total log-likelihood after an HMM transition is deleted. We
evaluated the exact change in the total log-likelihood of the training data, denoted
as dlogL, since it is the physical meaning of the saliency.

In this experiment, the top 5 ranks of the least important deletions were inves-

tigated in the HMM digit “1”. The saliencies of OBS were generated by solving

51



constrained optimization problem mentioned in Section 3.3 and its exact changes in
total log-likelihood of the training data were generated by measuring the differences

between logL of HMM before deletion and logL of the modified HMM after deletion.

5.1.2.1 Results and analysis

OBS
Rank | Trans. index | saliency | dlogL
1st 12 -3.53e-36 | -1.00e-02
2nd 18 -3.89e+00 | -1.07e+01
3rd 39 -1.04e+01 | -1.09e+02
4th 3 -1.19e+01 | -1.13e+402
5th 33 -1.73e+02 | -1.22e+02

Table 5.1: Comparison between OBS saliency and the exact change in (Baum Welch)
log-likelihood if a transition is deleted from the digit “0” HMM

Table 5.1 compares the top 5 saliencies and the exact changes in the total log-
likelihood of training data of both OBS method. According to the OBS results, the
ranks of deletion given by saliency, which is an approximation of the change in log
likelihood, is the same as the ranks given by the exact change in the log likelihood
(6logL). This result justifies that saliency is a good approximation of the exact
change in the log likelihood (élogL) in regarding the rank order and, as a result, it

is also a good indicator for choosing the least important transition in an HMM.

5.1.3 Effects of Viterbi segmentation on the Hessian calculation

Since the calculation of Hessian is computationally expensive, an approach to speed
up the computation was investigated. In computing the forward probabilities using
the Baum-Welch algorithm, we suggested that only the utterance segments, which

are extracted by Viterbi [32] forced alignment, are used in calculating the Hessian

52



matrix. That is, Viterbi forced alignment was applied on all training utterances,
then based on this alignment and the target HMM X, all segments of label X were
extracted and used for computing the Hessian matrix. Since the lengths of utterances
are greatly reduced, the computational cost of Hessian can be reduced proportionally.

In this experiment, the deletion results with top 12 saliencies were computed
from segmented data and unsegmented data. OBS method was applied to both data

set with the same experimental setting.

5.1.3.1 Results and analysis

OBS on segmented data | OBS on unsegmented data
Rank | Trans. index (saliency A) | Trans. index (saliency B) | A:B
1st 6 (-2.511e-74) 6 (-2.425¢-74) 1.035
2nd 3 (-2.464e-48) 3 (-2.427¢-48) 1.015
3rd 11(-4.195¢+00) 11(-4.394¢+00) 0.955
4th 5 (-1.307e+03) 5 (-1.297e+03) 1.008
5th 10(-1.492e+-03) 10(-1.488e+03) 1.003
6th 2 (-1.506e+03) 2 (-1.516e+03) 0.993
7th 8 (-1.528e+03) 8 (-1.522e+03) 1.004
8th 4 (-6.690e+03) 4 (-6.487e+03) 1.031
9th 1 (-3.255¢+04) 1 (-3.229¢+04) 1.008
10th 7 (-4.657e+04) 7 (-4.640e+04) 1.004
11th 9 (-5.983e+04) 9 (-5.964e+04) 1.003
12th 12(-7.145e+04) 12(-7.141e+04) 1.000

Table 5.2: Comparison of the top 12 OBS saliencies computed from Viterbi seg-
mented data and unsegmented data for the digit “1” HMM

The experimental result is shown in Table 5.2. To compare the of saliencies
computed from segmented data (saliency A) and unsegmented data (saliency B),
their ratios (saliency A:saliency B) was also computed. We can observe that their
orders of sorted saliencies generated by segmented data and unsegmented data were

exactly the same. Their magnitudes were also very similar to each other. According
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to their ratio, the maximum ratio was only 1.035, which indicated a difference smaller
than 4% and it was in-sufficient to affect the saliency order that computed from
segmented data. From the results, we can conclude that the Hessian calculation
benefits from the Viterbi segmentation by reducing computational cost and it shows
no difference from the result generated from unsegmented data. Therefore, Viterbi
segmented data are preferred and will be used in the calculation of the Hessian matrix

in all remaining experiments.
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Algorithm 4 The algorithm of control method
1. for each transition, delete the transition and normalize other transitions of the
same state in the HMM

2. calculate its corresponding change in the total log-likelihood by the Baum
Welch algorithm

3. remove the least important transition according to the sorted list of changes in
the total log-likelihood

4. go back to Step 1 until no transition can be removed.

5.2 Application experiments

In this section, we applied OBS to prune HMM transitions and states in a left-to-
right HMM and a composite HMM respectively. The left-to-right HMM is used in
common speech recognition tasks and the composite HMM topology has been used
in multi-band recognition which integrates several left-to-right sub-band HMMs into

one large complex HMM.

5.2.1 Control method of experiments

To compare the deletion choices and evaluate the approximations made in the OBS
method, a control method is necessary. In transition deletion, the basic method in
choosing the least important transition is to manually remove each transition and
measure its corresponding change in the total log-likelihood of training data. This
brute force method should give the true importance of transitions as it measures
the exact change in the cost function. However, the control method requires an ex-
haustive search on all possible deletions within an HMM and, therefore, this method
is time-consuming and computationally expensive. The detailed procedure of this
control method is shown in Algorithm 4. In the later sections, the control method is

named as manual pruning.
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5.2.2 Complexity of manual pruning and OBS

To analyze the complexity of OBS and manual pruning method, several symbols
should be defined. In an HMM, the number of states is labelled as N and the total
number of transitions is labelled as M. The complexity of the Forward Algorithm in
the calculation of log-likelihood is notated as O(Tsw ) which also equals to O(N2xT).

In the manual pruning method, the main computational cost comes from the
Forward Algorithm. In one iteration of manual pruning, we need to execute the
compute Forward Algorithm for each transition. Therefore, the complexity of manual
pruning method in terms of complexity of Forward pass algorithm Ty is O(M X
Tew).

If further parameter re-estimation is applied to the HMM in each iteration of
manual pruning method, the transitions can be re-adjusted and the deletion choice
will be made based on the re-adjusted HMM. The total complexity of manual pruning
method plus re-training will be O(M x R x Ty ) where R is the average number of
re-estimation iterations.

In the OBS method, the main computational cost comes from the calculation
of Hessian matrix. The computational cost of quadratic programming problem is
minimal when comparing with the cost of calculation of Hessian matrix. Recall from
the equations of computing Hessian matrix in Section 4.4, the iterative equations
of computing gradient and Hessian are also based on the Forward Algorithm. The
complexity of the gradient computation and Hessian computation is O(M x N2 x T')
and O(M? x N? x T) respectively. To summarize, the overall complexity of the OBS
method can be approximated by O(M?2 x N2 x T) = O(M? x Tgw).

Practically, the manual pruning method should also include additional compu-
tational cost. In each Forward Algorithm, there are overheads of file IO. Since the

calculation of manual pruning method involves many times of Forward Algorithm,
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the overheads should be significant to the total computational complexity.

5.2.3 Pruning HMM transitions by OBS

We applied OBS method to pruning transitions of an HMM. In the following sub-

sections, we will evaluate:
e the deletion choice of OBS

e the recognition result of unseen test data

5.2.3.1 Configuration of experiment

The OBS method was applied on digit HMMs which were trained with the adult
training set of TIDIGITS. As mentioned in Section 5.1.2, the training set contains
8623 utterances of connected digits. The feature extraction of speech data is the same
as that mentioned in Section 5.1.2. The HMM set contains 11 digits. Each of them
is continuous density HMM consisting 16 real states with 16 mixtures per state. The
HMM topology used in experiment was strictly left-to-right with single-state jumps
illustrated in Figure 5.1.

Both of the OBS method and manual pruning method are applied to each HMM
individually. The speech utterances of training data are segmented by Viterbi forced
alignments. After one iteration round of all HMMs, the modified (pruned) HMMs
are concatenated to form a new HMM set. In some cases, the pruning method of

one HMM may be terminated but the other HMMs are continue the pruning.

5.2.3.2 Evaluation of deletion choice

The goal of the first evaluation is to verify the deletion choice based on the saliency or-
der given by the OBS method. The manual pruning method was used as a control to

compare with the OBS results. The manual pruning method shows the best deletions
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for pruning the HMM transitions without any optimization but a re-normalization

on remaining transitions.

| Rank | OBS (saliency) | Manual pruning (6logL) |

1st 12 (-3.53¢-36) 12 (-9.11e-02)
2nd | 18 (-3.89e-+00) 18 (-1.98e-+01)
3rd | 39 (-1.04e101) 3 (-1.10e+02)
4th 3 (-1.19e+01) 39 (-1.13e+02)
5th | 33 (-1.73e+01) 33 (-1.23e+02)

Table 5.3: Top 5 saliency based on OBS saliency and the manual pruning method
for the digit “0” HMM

Table 5.3 shows the top 5 saliency in the HMM of digit “0” according to the
OBS method and the manual pruning method. In the table, the saliency ranks are
shown in term of transition indexes which are arranged in the HMM shown in fig-
ure 5.1. We can observe that the deletion choices of OBS method are similar to
the manual pruning method. The OBS method does not only make the optimal
deletion of transitions, but also re-weight other transitions optimally after each dele-
tion. Whereas in the manual deletion method, the remaining transitions are just

renormalized non-optimally after each transition deletion.

5.2.3.3 Evaluation of recognition test

The optimization criterion of the OBS method is the total change in log-likelihood
in the training data. In Figure 5.2, it shows the total log-likelihood of training data
across each OBS iteration and each manual deletion iteration. In one iteration of the
OBS method and the manual method, one single transition was removed from each
HMM. Therefore, in a left-to-right HMM with 46 transitions initially, the twelveth
iteration implies pruning 12 out of 46 iterations which is about 25% of the transition

parameters. On the whole, each iteration also implies a removal of eleven transitions
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in the HMM set of eleven digits.

-8.13e+07 T

8.14e+07

-8.15e+07

-8.16e+07

-8.17e+07
-8.18e+07
-8.19e+07

-8.2e+07

-8.21e+07

Optimal Brain Surgeon —<— X
Manual Pruning ---£3--- \

total training log-likelihood ( -1e+10)

-8.22e+07

-8.23e+07

-8.24e+07

|

|

|

|

|

|

|

0

2

4

6

8

10

12

14

num of transitions deleted in each HMM

Figure 5.2: The change of total log-likelihood of training data by OBS

According to Figure 5.2, it shows an decreasing trend of training log-likelihood

across each iterations. The decreases in the training log-likelihood were induced

by each deletion of transition. In the first seven deletions, the deletion choices are

unimportant to the HMM set so that the decrease in the training log-likelihood is
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minimal. However, starting from the seventh deletion, the deleted transitions became
more significant and important to the HMM set, so the drops of the training log-
likelihood were larger. This showed that the OBS method successfully chose the less
important transitions to remove in each iteration. Furthermore, compared with the
manual pruning method, the OBS method was able to pick the “better” transitions
to remove so as to maintain a higher training log-likelihood afterwards. This was
because OBS also re-adjusted other transition weights optimally in order to minimize
the decrease in log-likelihood.

Although the goal of OBS in pruning transitions is to reduce the complexity of
HMM optimally, the overall recognition performance is also our concern. We want
to evaluate the generalization performance of the pruned HMM. Therefore, more
iterations of OBS were applied to the HMM set and the modified HMM set were
tested on the TIDIGITS testing set. We assumed that the deletion did not break
the HMMSs; there must be at least a feasible path join from the starting state to the
ending state. The overall accuracy of this HMM set across each OBS and manual
pruning iterations are shown in Figure 5.3.

From the result, the deletions of transition by OBS did not harm the recognition
performance in the first 15 iterations. On the contrary, the recognition performance
gradually increases from the baseline 99.2% to 99.4% in the 11th iteration. The main
reason is that OBS reduced the model complexity and changed the topology of HMM,
at the same time, it also re-distributed other transitions optimally. Starting from
iteration 15, the word recognition accuracy dropped below the baseline. Perhaps, by
then, the HMM set was over-pruned so that its generalization performance became
worse. But, in general, the result showed that the generalization performance of

HMM set was sightly improved in the recognition of the unseen test data.
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Figure 5.3: Recognition accuracy of HMM set after transition deletions

5.2.3.4 Types of transition pruned by OBS

To investigate the topology of the pruned HMM set, we counted the type of tran-
sitions deleted within 16 iterations of the OBS method. In the topology of HMM
used in Figure 5.1, there are 3 types of transitions: self-loop transitions, next-state
transitions and 1-state-jump transitions. The HMM set in iteration 16 was compared

with the reference HMM set and the difference in transitions was recorded.
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\ | self-loop | next-state | 1-state-jump |

number of transitions 174 176 148
number of deletion 16 32 111
percentage of deletion | -5 =9.2% | 2 =182% | I =75.0%

Table 5.4: Type of transitions deleted in the HMM by OBS

Table 5.4 shows that most of the transitions deleted (about 70%) by OBS is the
transitions of 1-state-jump. It suggest that, in the TIDIGITS recognition task, 1-
state-jump transitions are not useful. Obviously, the strictly left-to-right topology is
adequate for this task. However, in many advance cases, there is no prior knowledge

of what kind of topology is optimal for one particular task.
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5.2.4 Multi-band HMM pruning by Unit-OBS

In a complex HMM topology, there can be hundreds of transitions in each HMM. The
OBS method of deleting one transition per iteration is not an appropriate approach in
pruning a complex HMM topology as it will require many iterations in order to delete
a significant number of parameters. Thus, the unit-OBS method by deleting HMM
state is introduced as a faster approach in pruning large and complex HMM. In each
iteration of the unit-OBS method, multiple transitions around one particular state
are removed instead of deleting a single transition in the OBS method. Therefore,
the unit-OBS method leads to a large reduction in the number of iterations required

as well as a reduction in the computational cost.

5.2.4.1 Configuration of experiment

In this section, experiments of the unit-OBS method was applied to the composite
HMMs. The composite HMMs were used in the multiband HMM recognition tasks by
combining multiple left-to-right HMMSs from each frequency band to form a single
HMM topology (Figure 1.1). The sub-band HMMs were trained with the multi-
condition training set of the Aurora2 corpus [33]. In this multi-condition training
set, both continuous digits speech data in both clean and noisy conditions with 8440
speech utterances were used to train 2 sub-band HMMs. There are 8440 utterances
of both clean and noisy digits. Each sub-band HMM has a strictly left-to-right
topology with 16 real states and 16 mixtures per state . The recognition performance
of the multiband HMM set was tested on the unseen testing data set with a HTK
compatible recognizer [7]. The match-condition test set A in Aurora2, which contains
28028 utterances, was chosen as the testing set in this experiment. In reporting the
word accuracy of recognition tests, the utterances in clean condition and with SNR

-5 are ignored.
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5.2.4.2 Evaluation of recognition test

In Figure 5.4, the total log-likelihood of the training data set is plotted against each
iteration (i.e. deletion of one state in each HMM) of the unit-OBS method and the
manual deletion method. It shows that the declines in the training log-likelihood
were gradually increased across each iteration. The plot also shows that the training
log-likelihood levels given by the unit-OBS and the manual pruning method were
similar in this experiment. This observation can be explained by the change in log-
likelihood was not only produced by deletions of multiple transitions around the
deleted state, but, more importantly, the removal of state also leaded to a removal of
Gaussian mixtures. This removal of Gaussian mixtures was dominant in the change
in log-likelihood.

In Figure 5.5, the HMM set pruned by the unit-OBS method gives better recog-
nition performance than that of HMM pruned by manual pruning method during the
first 11 iteration generally. It shows a recognition rate increase slightly from 89.28%
to 89.35% in five iterations which is the best accuracy that this HMM set can achieve.
We would like to emphasize that one state is deleted in an HMM in each iteration.
In iteration 5, five states in each HMM were removed so that 5x11 = 55 states were
removed in the whole HMM set. The percentage of reduction of state in each HMM
is 5 / 46 ~ 11%. However, starting from iteration 12, the recognition performance of
HMM pruned by OBS is worse than that of manual pruning method. It was noticed
that, in the optimization criterion, the maximization of training log-likelihood does
not guarantee a strictly increase in testing accuracy performance. To summarize, the
result shows that the generalization performance slightly increased in this multiband
recognition task and the generalization performance given by OBS was better than

that of manual pruning.
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Figure 5.4: The change of total log-likelihood of training data by OBS

5.2.5 Recognition time of different HMM sets

The reduction of HMM complexity also reduce the computational cost in the pro-
cessing time of the HMM. To investigate the save in computational cost given by

OBS and unit-OBS, the user time used in the recognition test is recorded. In the
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Figure 5.5: Recognition accuracy of HMM set with deletion of state by unit-OBS

experiment, it shows that recognition time of the reference HMM set, the HMM set
with best generalization performance and the HMM set with maximum number of
parameter deleted. The results are shown in Table 5.5.

From the results, we can conclude that more parameters, which are transitions
or states in HMM, deleted, the recognition time became shorter. Although the

reduction in recognition time was proportional to number of parameters removed,
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OBS unit-OBS
HMM set ‘ Fiter. ‘ user time HMM set ‘ Ftiter. ‘ user time
reference 0 2780.80 reference 0 20651.79
best 11 2722.22(-2.11%) best 5 19906.90(-3.61%)
smallest 16 2586.69(-6.98%) | smallest 18 18803.13(-8.95%)

Table 5.5: Recognition time of different pruned HMM set

the percentage of reduction in recognition time was not as large as percentage of

removed parameters. For example, in the unit-OBS experiment, the reduction in

number of states in an HMM is 39%, but the recognition time saved is only 8.95%.

This is explained by the fact that recognition time depends not only on the number

states or transitions, but also other factors such as the number Gaussian mixtures

in used, number of active states in decoding, etc.
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5.3 Summary

In this chapter, the results of experiment evaluations in both OBS and unit-OBS
methods were shown. The OBS method performed transition deletion in a left-to-
right HMM set while the unit-OBS method performed state deletion in a composite
HMM set used in a multi-band speech recognition application. We can conclude

that:

1. 11 out of 46 transitions from each of the left-to-right digit HMM may be pruned
by the OBS method, which is nearly 25% of the total number of transitions
in each HMM. The recognition performance on unseen test data was increased
slightly from 99.2% to 99.4%. It shows that the OBS method does not only
remove the less important transition parameters in order to save memory and

computation, but it also improves the generalization of the resulting HMM set.

2. To speed up HMM pruning, the unit-OBS was conducted by removing the most
un-important states in an HMM. According to the results in Section 5.2.4, the
HMM may reduce 5 out of 46 states in 5 iterations, which is nearly 11% of
the total number of states in each HMM. Besides that, the performance of

recognition on testing set was improved from 89.28% to 89.35%.

It should be emphasized that the improvement in the generalization performance is
not guaranteed for all HMM topologies. In the over-fitted HMM topologies, the OBS
/ unit-OBS method may improve the generalization performance by reducing the less
important parameters. but, in a under-fitted case, the pruning of HMM parameters

may harm the performance.
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Chapter 6

Conclusion and future directions

In this chapter, the work and the main contributions in this thesis will be summa-

rized. The future directions on the OBS method are also discussed.

6.1 Contributions

In this thesis, the main contributions can be summarized as the following:

I. Adopting OBS in pruning neural network weights to pruning HMM

transitions

The pruning method, OBS, is derived for reducing HMM complexity successfully.
The main objective of the OBS method is to reduce the HMM complexity and to
refine the HMM topology optimally. It makes use of the solution of the quadratic
programming problem to perform transition deletion and re-weights the remaining
transition parameters. Despite of reducing model complexity, it also brings two
advantages to the pruned HMM: it reduces the memory and computation costs, and

possibly improves the generalization performance.

II. Adopting unit-OBS in pruning neural network units to pruning
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HMM states

The OBS method for pruning HMM transitions is also extended to unit-OBS
method for pruning HMM states. State deletion is achieved by allowing deletion
of multiple transitions around a state. This method is more suitable for pruning a
complex and large HMM topology since it requires fewer iterations than the OBS
method. The experimental results showed that unit-OBS can reduce the topology
of a composite HMM framework and, at the same time, save the computation and

memory costs and the improves its generalization performance.

6.2 Future directions

In the future, the OBS method maybe extended to several directions.

I. Combine OBS and unit-OBS into a robust method of topology se-
lection

It is possible to integrate OBS and unit-OBS method together as a single HMM
topology pruning method. Practically, this new method can optimally choose which
transition(s) or state(s) to be removed. Since the unit-OBS is restricted to delete all
transitions around one particular state, it is not considered as flexible as the OBS
method. If a large and complex HMM topology is pruned by unit-OBS method, it is
reasonable to remove more transitions individually in order to fine-tune the HMM.
This will leads to the investigation of when to start pruning with the OBS method

and when to stop pruning with the unit-OBS method

I1. Extend the OBS theory to global optimization of the whole HMM
set
Instead of refining each HMM topology independently within the HMM set, the

global optimization of the whole HMM set is worthy to be considered. In the global
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optimization of the HMM set, the inter-relationship and the discrimination between
models is taken into account. In this thesis, OBS / unit-OBS method is applied
on each HMM individually and optimizations are made independently. However,
this pruning algorithm has not considered to improve their discrimination abilities.
Other than that, deletion of model elements need not to be distributed evenly in
each model. If one model is over-sized more than the others, more deletions can
be made in this model in such a way that all deletions of parameters in HMMs are

distributed according to their needs.

71



Bibliography

1]

2]

3]
4]

[5]

[6]

S. Renals, H. A. Bourlard, N. Morgan, M. Cohen, and H. Franco, “Connection-
ist probability estimators in hmm speech recognition,” IEEE Transactions on

Speech and Audio Processing, vol. 11, pp. 161-174, 1994.

Z. Ghahramani and M. I. Jordan, “Factorial hidden Markov models,” in Proc.
Conf. Advances in Neural Information Processing Systems, NIPS (D. S. Touret-
zky, M. C. Mozer, and M. E. Hasselmo, eds.), vol. 8, pp. 472-478, MIT Press,
1995.

B. L. Pedro, “Factorial hidden markov models for speech recognition:.”

H. Bourlard and S. Dupont, “A new ASR approach based on independent pro-
cessing and recombination of partial frequency bands,” in Proc. ICSLP ’96,

vol. 1, (Philadelphia, PA), pp. 426-429, 1996.

H. Hermansky, S. Timberwala, and M. Pavel, “Towards ASR on partially cor-
rupted speech,” in Proc. ICSLP ’96, vol. 1, (Philadelphia, PA), pp. 462-465,
Oct. 1996.

S. Tibrewala and H. Hermansky, “Sub-band based recognition of noisy speech,”

in Proc. ICASSP ’97, (Munich, Germany), pp. 1255-1258, Apr. 1997.

72



|7

Y.-C. Tam, “Development of an asynchronous multi-band system for continu-
ous speech recognition,” master of philosophy thesis, Hong Kong University of

Science and Technology, Computer Science Department, May 2001.

R. O. Duda, P. E. Hart, and D. G. Stock, Pattern Classification, ch. 6.11. A

Wiley-Interscience Publication, 2001.

G. Schwarz, “Estimating the dimension of a model,” Annals of Statistics, vol. 6,

pp. 461-464, 1978.

P. G. Bryant and O. I. Cordero-Brana, “Model selection using the minimum
description length principle,” The American Statistician, vol. 54, pp. 257-77,
Nov. 2000.

A. Biem, J. Y. Ha, and J. Subrahmonia, “A bayesian model selection criterion

for hmm toplogy optimization,” in Proc. ICASSP 2002, pp. 989-992, 2002.

A. Lanterman, “Schwarz, wallace, and rissanen: Intertwining themes in theories

of model order estimation,” Aug. 2001.

J.Takami and S. Sagayama, “A successive state splitting algorithm for efficient

allophone modeling,” in Proc. of the ICASSP 92, pp. 573-576, IEEE, 1992.

J. Takami and S. Sagayama, “Automatic generation of hidden markov networks
by a successive state splitting algorithm,” SYSTEMS AND COMPUTERS IN
JAPAN, vol. 25, no. 12, pp. 42-537, 1994.

H. Singer and M. Ostendorf, “Maximum likelihood successive state splitting,” in

Proc. ICASSP 96, (Atlanta, GA), pp. 601-604, May 1996.

B. Hassibi and D. G. Stork, “Second order derivatives for network pruning:

Optimal brain surgeon,” in Advances in Neural Information Processing Systems

73



[17]

[21]

(S. J. Hanson, J. D. Cowan, and C. L. Giles, eds.), vol. 5, pp. 164-171, Morgan
Kaufmann, San Mateo, CA, 1993.

A. Girardi, H. Singer, K. Shikano, and S. Nakamura, “Maximum likelihood suc-
cessive state splitting algorithm for tied-mixture HMNET,” in Proc. Eurospeech
’97, (Rhodes, Greece), pp. 119-122; Sept. 1997.

Y. LeCun, J. Denker, S. Solla, R. E. Howard, and L. D. Jackel, “Optimal
brain damage,” in Advances in Neural Information Processing Systems II (D. S.

Touretzky, ed.), (San Mateo, CA), Morgan Kauffman, 1990.

R. Reed, “Pruning algorithms — A survey,” IEEE Transactions on Neural Net-
works, vol. 4, no. 5, pp. 740-746, 1993.

B. Hassibi, D. G. Stork, and G. J. Wolff, “Optimal brain surgeon and general
network pruning,” in Neural networks Theory, Technology, and Applications

(P. K. Simpson, ed.), pp. 56—62, -, 1996.

V. Tresp, R. Neuneier, and H. G. Zimmermann, “Early brain damage,” in Ad-
vances in Neural Information Processing Systems (M. C. Mozer, M. 1. Jordan,

and T. Petsche, eds.), vol. 9, p. 669, The MIT Press, 1997.

A. Stahlberger and M. Riedmiller, “Fast network pruning and feature extraction
by using the unit-OBS algorithm,” in Advances in Neural Information Processing
Systems (M. C. Mozer, M. I. Jordan, and T. Petsche, eds.), vol. 9, p. 655, The
MIT Press, 1997.

T. Ragg, H. Braun, and H. Landsberg, “A comparative study of neural network
optimization techniques,” in Proc. of the ICANNGA 97, Springer-Verlag, 1997.

B. Hassibi, D. G. Stork, and G. Wolff, “Optimal brain surgeon: Extensions

and performance comparison,” in Advances in Neural Information Processing

74



[27]

Systems (J. D. Cowan, G. Tesauro, and J. Alspector, eds.), vol. 6, pp. 263-270,

Morgan Kaufmann Publishers, Inc., 1994.

M. W. P. . D. G. Stork, “Pruning boltzmann networks and hidden markov

models.”

R. Fletcher, Practical Methods of Optimization, ch. 12, pp. 277-330. The Art
of Computer Programming, Reading, Massachusetts: John Wiley & Sons, sec-
ond ed., March 1990.

T. F. Coleman and L. Hulbert, “A direct active set algorithm for large sparse
quadratic programs with simple bounds,” Technical Report TR88-926, Cornell

University, Computer Science Department, July 1988.

E. Panier, “An active set method for solving linearly constrained nonsmooth
optimization problems,” Technical Report RR-0475, Inria, Institut National de

Recherche en Informatique et en Automatique, 1986.

P. C. Woodland, C. J. Leggetter, J. J. Odell, V. Valtchev, and S. Young, “The
1994 HTK large vocabulary speech recognition system,” in Proc. ICASSP 95,
(Detroit, MI), pp. 73-76, May 1995.

B.-H. J. Lawrence Rabiner, Fundamentals of Speech Recognition, ch. 6. Pearson

Education, 1993.

R. Leonard, “A Database for Speaker-Independent Digit Recognition,” in icassp,
1984.
M. S. Ryan and G. R. Nudd, “The viterbi algorithm,” Research Report CS-RR-

238, Department of Computer Science, University of Warwick, Coventry, UK,
Feb. 1993.

75



[33] H. G. Hirsch and D. Pearce, “The aurora experimental framework for the per-
formance evaluations of speech recognition systems under noisy conditions,” in
ISCA ITRW ASR2000 ’automatic Speech Recognition: Challenges for the Next
Millennium’, (Paris, France), Sept. 2000.

76



