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1. Abstract 

After motivating how speech recognition became of interest and presenting a short 

history of how various challenges have been addressed, this paper will describe how 

various fields, other than computer science, have been applied to one or more speech 

recognition problems. It will continue on to describe the theory and implementation of 

the Hidden Markov Model, and present an example of how it is used. The paper will then 

show how the A* algorithm can be used to solve this problem.  
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2. Introduction 
Computer speech recognition has been a topic of interest to many people for about four 

decades.  In 1956, a paper by Fry and Denes [1] outlines a system that can recognize a few 

distinct words. It can be inferred that this paper was among the first works in the subject, 

as it does not cite any previous works. The only other work that seems to predate the 

paper by Fry and Denes is a book by Potter, Kopp and Kopp on Visible Speech in 1947[2]. 

In the early seventies the folks at the artificial intelligence laboratories supported by the 

Advanced Research Projects Agency (ARPA) announced their interests in the problem 

given the progress in other areas of artificial intelligence and some papers on single, 

isolated word recognition by a single talker. They published a report in 1971 called A 

Tutorial on Speech Understanding Systems[2]. 

 

“It is hard to gauge the success of an attempt at speech recognition even when statistics 

are given. In general, it appears that speech recognition around 95% correct can be 

achieved for clearly pronounced words, isolated words from a chosen small vocabulary 

(the digits, for instance) spoken by a few chosen talkers. Better results have been attained 

for one talker. Performance has gone down drastically as the vocabulary was expanded 

and appreciably as the number and variety of talkers were increased. It is not easy to see 

a practical, economically sound application for speech recognition with this 

capability.”[2] 
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2.1. Work on Speech Recognition by non-Computer Scientists: 

Speech recognition has intrigued many scientists and researchers from various different 

fields, other than computer science. Thus this problem is very clearly, interdisciplinary in 

nature. Some examples are: 

1. Physics – a branch of acoustics that is concerned with the physical connection 

between the sound waves emitted by the “noise” source and how the human hearing 

mechanism can perceive the noise and distinguish the various elements. 

2. Linguistics – the study of the relationship between the sounds, grammar and syntax of 

the language, semantics, pronunciations and other such aspects of a spoken signal. 

3. Signal Processing – being able to separate and distinguish “meaningful” patterns 

within the sound signals. It is evident that there are always going to be some 

extraneous sound waves, distortion and other abnormalities that can affect the speech 

recognition procedure. 

 

2.2. Computer Science and Speech Recognition: 

In order to understand various models and algorithms in computer science that provide 

reasonable solutions to some aspects of speech recognition, it is important to present a 

background in finite automata theory. These provide the basis to the Hidden Markov 

Model on which most of the Speech Recognition algorithms are based. 

 

2.2.1. Finite Automata: 

Definition 1: Finite State Machine or Finite Automata (FA) 

A finite automaton is a 5-tuple (A, B, C, D, E) in which  
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 A = finite set of states (various states the problem can be in). These may or may 

not be acceptable states. 

 Β = Finite set of input symbols (inputs to the problem). 

 C = the initial state (a state that must exist in A or to be more precise, it must exist 

within E which is defined below). 

 D = is the next state function (if in state “x”, a function that describes a method to 

move to another state in A). 

 E = set of acceptable states (a list of states that one are valid or possible to reach 

from some state C, using a next state function D). E is a subset of A. 

 

By defining an abstract machine in this way, it is possible to take a problem and represent 

it as a FA using valid transition tables. A clear definition of a problem, and the states 

leading to the solution can be presented. In addition, the intermediate states, with a list of 

acceptable and unacceptable states, from any state in the solution of the problem can be 

described. This is done by using a directed, weighted graph, an output probability matrix 

and a initial state vector. 

  

2.2.2. Hidden Markov Model (HMM): 

As said earlier, HMM’s are used extensively to model and solve problems of speech 

recognition. The term “Hidden” comes from the fact that no one has any idea of which 

state the problem will be at time “t” or even at time “1”. It is defined as follows: 

Definition 2: Hidden Markov Model 

Let X be an alphabet of M symbols. A HMM is a quintuple 
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 λ = (A, B, C, D, E) where 

A = the number of states. 

B = the number of symbols that each state can output / recognize. 

C = A*A matrix such that Cxy is the probability of moving from state “x” to state “y”. It 

is obvious that ∑ =
y xyC 1 . 

D = observation probability (if Dy (“Π”) is the probability of recognizing the symbol  

“Π” when in state “y”. 

E = is the initial state probability (probability of being in state “x” at time 1). 

This definition seems really abstract and is difficult to comprehend at first look. Consider 

the following example to help make this more clear and intuitive. 

 

2.2.3. Example HMM: 

Consider that Mr. X is organizing a Christmas party for his grand children. He has been 

doing this for several years in a row. One of his grandchildren notices a pattern in his 

grandfather’s choice of gifts, and models it as follows: 

Each year Mr. X uses a box to pack the gifts in. He always chooses randomly among a 

Red, Blue, Green, Orange or Yellow box.  He then chooses one of four gifts, clothes, 

Lego sets, dolls or balls. The probabilities for both of these events, is varies based the 

choice he made in the previous year. This can be described as a HMM in which: 

 A = Gift Box Colors [ R, B, G, O, Y ] 

 B = Gift Choices [ C, L, D, B ] 

 C and D are described using a transition and output matrix shown below. E is 

described using a vector.  
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Transition Probabilities      Output Probabilities 

 R B G O Y  C L D B 

R .40 .20 .20 .10 .10 R .25 .25 .25 .25 

B .25 .25 .20 .05 .25 G .20 .40 .10 .30 

G .125 .10 .125 .40 .25 B .25 .20 .45 .10 

O .20 .20 .20 0.0 .40 O .40 .30 .10 .20 

Y .20 .20 .20 .40 0.0 

 

Y .50 .10 .20 .20 

 

 
Probability of starting Box Color (at time t=1) 

R B G O Y 

.20 .20 .20 .20 .20 

 

To better comprehend these matrices, they can be represented in the form of a directed 

graph. In the graph shown below, the colors of the boxes are nodes and it should be clear 

that the graph is fully connected. 
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A similar graph can be drawn for the output probability table and the initial start state 

vector. 

 

2.2.4. Markov Chain and Markov Sources (MS)[9] 

In the above example, a transition probability matrix was constructed. Notice that the 

transition probabilities at time t = ”x” depended directly and only on time t = “x-1”. Such 

a matrix is known as a Markov matrix. The process is known as a Markov process or a 

Markov chain. The matrix and a description of how it is constructed are known as a 

Markov source (MS). 
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3. How is the Hidden Markov Model Used? 

Before this question can be answered, it is necessary to formalize what is meant by 

speech recognition. 

 

3.1. What is Speech Recognition? 

Speech recognition is the process of identifying the individual words spoken by a person 

or machine and reconstructing the sentence.  The main aspects of the process are to 

process the input signals, pass them through an acoustic recognizer (which is based on a 

phonetic representation of the sounds), then pass them through a word recognizer (which 

is based on a word lattice) and finally put the individual words together. In a broad sense 

the process of speech recognition is divided into two distinct classes. 

1. Isolated word recognizer (IWR) 

2. Continuous speech recognition (CSR) 

 

3.1.1. Isolated Word Recognition (IWR): 

The IWR is supplied with a lexicon (which is a dictionary of the phonetic representations 

for each word in the language) and a search algorithm. The acoustic models are 

considered to be Markov Sources over the language. The search algorithm needs to 

maximize the likelihood that a given observation sequence (input) matches a word in the 

acoustic model, taking one word at a time. 
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3.1.2. Continuous Speech Recognition (CSR): 

The only addition to the IWR to make it a CSR is a language model or grammar. The 

CSR recognizes one word at a time, using the acoustic model and the language model as 

a heuristic. In this way it is more likely to get a correct output sequence, given a 

particular input sequence. It should be clear that this can become a very time consuming 

procedure, as the size of the language model and acoustic model grow at least 

exponentially, if not faster. 

 

3.2. Probability Evaluation: 

Given an observation sequence Y = y1, y2, …, yn, and the HMM model K (i.e. the 

probability  Pr(Y|K), calculate the probability of being in any particular state at a 

particular time.  Let Q (q1 .. qt) is a sequence of t states. 

∏∑
= =

==
T

t

N

i

KY
1 1

tit )(xi)b  qPr()|Pr(    [7] 

This can be applied to the gift boxes and toys example described earlier. The likelihood 

of the grandfather to first pick Lego as the gift, followed by clothes and then dolls in 

subsequent years, can be determined.  

Assume that the green box has been picked for the first year. (This is a fair assumption 

for purposes of calculations, due to the nature of the initial choice vector). Now looking 

at the output matrix, it can be inferred that there is a 40% chance that Lego will be the 

gift. So the probability of being in this state at time t=1 is 0.08 (.20 for choosing a green 

gift box and then .40 of choosing Lego once the green box has been chosen). Now the 

calculations become slightly more complicated. Calculate from here, the probability of 

choosing clothes as the second gift for each of the box choices. For example we see that 
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the probability of choosing [R,G,Y,O,B] once in G is [.125, .1 , .125, .4, .25], and for 

each of these the probability of now choosing clothes as the gift is [.25, .2, .25, .4, .5]. 

Thus the probability of choosing clothes as the next gift is [.125*.25 + .1*.2 … ] =  

0.3675. Then this calculation can be carried on to get the probability of choosing dolls as 

the gift at time t=3. This value turns out to be 0.08 * 0.3675 * a. The calculation of “A” 

requires a complete matrix multiplication of the transition matrix, with a single column of 

the output matrix as there is no way of knowing which row to use from the transition 

matrix, at time t=2. 

 

3.3. Forward Procedure [7] 

The purpose of this is to calculate the maximum likelihood to be in state “y” at time t+1, 

given a list of states for time t=1..t. This can be done using induction. 

)|,..Pr()( 1 Kyqxxy ttt ==α    

i.e. the probability at time t, that a partial sequence X has been observed and we 

are now in state “y”. The forward function can be described inductively as: 

Step 1: Base Case: 

 ∏=
y

yt xby )()( 1α  ,  Ny ≤≤1   

Step 2: Induction 

  ∑
=

++ =
N

t
tjyjtt xbayj

1
11 )(])([)( αα  , 11 −≤≤ Tt , Nj ≤≤1  

Step 3: Result 

  ∑
=

=
N

t
T yKX

1

)()|Pr( α  
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3.4. The Viterbi Algorithm[3] 

This algorithm is used to find the optimal sequence, Q = (q1, q2..qN) for a particular input 

sequence X = (x1, x2 .. xN) through a state space G (language model represented as a 

HMM). It will be clear later on, how and why this is used. 

To calculate this we need to define  

  ]|..,,..[max)( 121121,...,, 121
GxxxiqqqqPi tttqqqt t −− ==

−
γ  [3] 

 

This represents the highest probability of a path, at time t, for the first t observations. This 

can inductively be applied until we get a complete transcript. 

 

4. A* Search Algorithm: 

It is now possible to describe how all this fits together to form a simple SEARCH 

algorithm to solve the problem of IWR. It is intuitively obvious how it can be expanded 

to solve CSR. This paper will focus on the A* algorithm, originally from the folks in 

artificial intelligence. 

To solve the problem of ISR, the A* algorithm is applied at various levels of abstraction, 

depending on how sophisticated is the software that is implementing it.  

 

4.1. Inputs / Givens to A* 

Let P be the alphabet of phones. For each f ∈ P, where |P| = X (approximately 50 for US 

English), build HMMf . HMMf  is a directed graph with exactly one source and one sink. 

It is generally between four to seven states long. Now HMMf can be thought of as the 
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acoustic model of a given pronunciation of phone f. It is a way of calculating, how likely 

is it that a given observation X ∈ P* acoustically matches a given phone. This is given by 

Pr(X| HMMf). Once a HMM has been built for each f ∈ P, we can obtain the acoustic 

model for a word w ∈ X, by replacing each f ∈ P, of a Markov source of the word (MSw) 

with HMMf. This extends to the following two steps. 

1. Construct the HMM for syllables, using the HMM of phones. 

2. Construct the HMM for words, using the HMM of syllables. 

This can be formalized as: 

Let Pj be the alphabet at layer “j”. The lexicon at layer “j” is a set of directed graphs. We 

can obtain the HMM as follows: 

1. Training procedure: Build a HMM for each unit Pj using alphabet Fj. 

2. Assume Pj-1 exists. For each graph at level “j”, compute MSj. Combine MSj 

and HMMj-1, to obtain an acoustic model of Pj. 

Thus their now exists three HMMs, for phones, syllables and words. The A* algorithm 

receives as input a sequence of phones X. It is able to distinguish between individual 

phones using some method, the description of which is beyond the scope of this paper.  

Each phone is made up of four to seven acoustic tokens (for US English). For each xj, the 

A* algorithm needs to find a sequence of acoustic tokens that is a “optimal” match. Thus 

the A* outputs a sequence of phones Y, which is passed in as input to the algorithm, this 

time using the HMM for syllables and so on until finally a list of words is outputted. 
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4.2. Example – HMM used to recognize syllables from phones: 

Assume that there are only 3 possible phones (x, y, and z). A combination of these three 

phones produce five syllables (xyz, xzy, zxy, yyzx and zzxy) each of length three or four. 

We use a HMM to show how the A* algorithm can recognize an observation sequence X 

of phones to be one of the five syllables. The inputs to the A* for this level would be the 

following matrices that form the HMM and a cost function. A description of the cost 

function is beyond the scope of this paper. 

 

HMM X Y Z 

X 0.00 0.65 0.35 

Y 0.25 0.25 0.50 

Z 0.40 0.40 0.20 

 

The above table describes the HMM associated with the phones. For example, we can see 

that once in state “x” there is a 65% chance that the next state would be “y” and a 35% 

chance that the next state would be “z”. Furthermore, an initial state vector is used to 

estimate the probabilities of being at one of the states at time 0. 

X Y Z Initial State  

Vector 0.40 0.20 0.40 

Given these two tables, it is possible to calculate the probability tables for time t=1..3. It 

should be obvious that since the maximum length of a syllable is four, the A* algorithm 

will be at most three levels deep. The following tables show the probabilities for once in 

a particular state, what is the probability of the next state being Q ∈ {x,y,z}. Note that the 
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tables are not complete. They omit states that have probability zero for the given 

language model as described above. 

 T=1 Xx Xy Xz Yx Yy Yz Zx Zy Zz 

X 0 0.26 0.14 0 0 0 0 0 0 

Y 0 0 0 0.05 0.05 0.10 0 0 0 

Z 0 0 0 0 0 0 0.16 0.16 0.08 

 

The above table describes the probabilities of each of the possible syllables of length two 

phones. For example, if the first phone was “x”, the probabilities that the next phone will 

be “y” is 0.26. Note that if the first phone is “x”, it is not possible to have “Yx” or some 

such other phone at time t=1. Thus it is a clear waste of memory to store these extra 

possibilities. The next time state table for time t=2 is an example of where these extra 

states are not stored. All combinations of the phones of length three that are not possible 

(i.e. have a probability zero) are not stored.  

XYz XZy YYz ZZx ZYx YZx ZXy T=2 

0.091 0.056 0.025 0.032 0.064 0.04 0.032 

 

The table for t=2 shows that if the first two symbols were known, what are the 

probabilities of getting Q ∈ {x,y,z} as the third symbol. Similarly a table for the final 

iteration is drawn. 

YYZx ZZXy T=3

0.001 0.001024 
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