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Abstract 
This is examine how artificial neural network can benefit a large vocabulary, speaker independent, continuous 

speech recognition system. There are speech recognition is based on the many technologies like MIT Technologies, 

hidden Markov models (HMMs) Technology. But now in these days people are going to change everything like they 

are talking with their phones and instruct them to send E-mails and text messages search for directions or find the 

web information. Currently most speech recognition are based on the Hidden Markov Model (HMMs), a statistical 

framework that supports both acoustic and temporal modeling. Despite their state-of-the-art performance, HMMs 

make a number of suboptimal modeling assumptions that limit their potential effectiveness. In computer science and 

electrical engineering, Speech Recognition (SR) is the Translation of spoken words into text.  Neural networks avoid 

many of these assumptions, like complex functions, generalize effectively, tolerate noise, and support parallelism. 

While neural networks 

can readily be applied to acoustic modeling, it is not yet clear how they can be used for temporal modeling. 

Therefore, we explore a class of systems called NN-HMM hybrids, in which neural networks perform acoustic 

modeling, and HMMs perform temporal modeling. We argue that a NN-HMM hybrid has several theoretical 

advantages over a pure HMM system, including better acoustic modeling accuracy, better context sensitivity, more 

natural discrimination, and a more economical use of parameters. These advantages are confirmed exper -imentally 

by a NN-HMM hybrid that we developed, based on context-independent 

phoneme models, that achieved 90.5% word accuracy on the Resource Management database, in contrast to only 

86.0% accuracy achieved by a pure HMM under similar conditions. In the course of developing this system, we 

explored two different ways to use neural networks for acoustic modeling: prediction and classification. 

1. Introduction 

Speech is a natural model for us to communicate with others. We learn all relative things from our surroundings 

during our childhood, without instruction and we continue to rely on communication throughout our lives. It comes 

so naturally to us that we don’t realize how complex phenomenon of speech is. The human vocal tract and 

articulator are biological organs with nonlinear properties, whose operation are not just under conscious control but 

also affected by factors ranging from gender to upbringing to emotional state.  What is the current state of the art in 

speech recognition? This is a complex question, because a system’s accuracy depends on the conditions under which 

it is evaluated: under sufficiently narrow conditions almost any system can attain human-like accuracy, but it’s 

much harder to achieve good accuracy under general conditions. The conditions of evaluation — and hence the 

accuracy of any system — can vary along the following dimensions:  

 

We verified that, in accordance with theory, the output activations of a classification network form highly accurate 

estimates of the posterior probabilities P(class | input), and we showed how these can easily be converted to 

likelihoods P(input | class) for standard HMM recognition algorithms. Finally, this thesis reports how we optimized 

the accuracy of our system with many natural techniques, such as expanding the input window size, normalizing the 
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inputs, increasing the number of hidden units, converting the network’s output activations to log likelihoods, 

optimizing the learning rate schedule by automatic search, backpropagating error from word level outputs, and using 

gender dependent networks. 

 

2 Vocabulary size and confusability 
 
As a general rule, it is easy to discriminate among a small set of words, but error rates naturally increase as the 

vocabulary size grows. 

 

2.1 Speaker dependence vs. independence. By definition, a speaker dependent system 

is intended for use by a single speaker, but a speaker independent system is intended for use by any speaker. 

Speaker independence is difficult to achieve because a system’s parameters become tuned to the speaker(s) that it 

was trained on, and these parameters tend to be highly speaker-specific. Error rates are typically 3 to 5 times higher 

for speaker independent systems than for speaker dependent ones (Lee 1988). Intermediate between speaker 

dependent and independent systems, there are also multi-speaker systems intended for use by a small group of 

people, and speaker-adaptive systems which tune themselves to any speaker given a small amount of their speech as 

enrollment data. 

2.2 Isolated, discontinuous, or continuous speech. Isolated speech means single words; discontinuous speech 

means full sentences in which words are artificially separated by silence; and continuous speech means naturally 

spoken sentences. Isolated an discontinuous speech recognition is relatively easy because word boundaries are 

detectable and the words tend to be cleanly pronounced. 

 

2.3 Task and language constraints. Even with a fixed vocabulary, performance will vary with the nature of 

constraints on the word sequences that are allowed during recognition. Some constraints may be task-dependent. 

 

2.4 Read vs. spontaneous speech. Systems can be evaluated on speech that is either read from prepared scripts, or 

speech that is uttered spontaneously. Spontaneous speech is vastly more difficult, because it tends to be peppered 

with disfluencies like “uh” and “um”, false starts, incomplete sentences, stuttering, coughing, and laughter; and 

moreover, the vocabulary is essentially unlimited, so the system must be able to deal intelligently with unknown 

words. 

2.5 Adverse conditions. A system’s performance can also be degraded by a range of adverse conditions. Past 

approaches to speech recognition have fallen into three main categories: 

 

2.5.1 Template-based approaches, in which unknown speech is compared against a set of prerecorded words 

(templates), in order to find the best match. 

 

2.5.2 Knowledge-based approaches, in which “expert” knowledge about variations in speech is hand-coded 

into a system. 

 

2.5.3 Statistical-based approaches, in which variations in speech are modeled statistically (e.g., by Hidden 

Markov Models, or HMMs), using automatic learning procedures. 
 

 

3. Neural Networks 

 
Connectionism, or the study of artificial neural networks, was initially inspired by neurobiology, but it has since 

become a very interdisciplinary field, spanning computer science, electrical engineering, mathematics, physics, 

psychology, and linguistics as well. Some researchers are still studying the neurophysiology of the human brain, but 

much attention is now being focused on the general properties of neural computation, using simplified neural 

models. These properties include: 

 

3.1Trainability-Networks can be taught to form associations between any input and output patterns. This can be 

used, for example, to teach the network to classify speech patterns into phoneme categories. 
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3.2 Generalization-Networks don’t just memorize the training data; rather, they 

learn the underlying patterns, so they can generalize from the training data to new 

examples. This is essential in speech recognition, because acoustical patterns are 

never exactly the same. 

 

3.3 Nonlinearity-Networks can compute nonlinear, nonparametric functions of their input, enabling them to 

perform arbitrarily complex transformations of data. This is useful since speech is a highly nonlinear process. 

 

3.4 Robustness-Networks are tolerant of both physical damage and noisy data; in fact noisy data can help the 

networks to form better generalizations. This is a valuable feature, because speech patterns are notoriously 

noisy. 

 

3.5 Uniformity-Networks offer a uniform computational paradigm which can easily integrate constraints from 

different types of inputs. This makes it easy to use both basic and differential speech inputs, for example, or to 

combine acoustic and visual cues in a multimodal system. 

 

 

3.6 Parallelism-Networks are highly parallel in nature, so they are well-suited to implementations on massively 

parallel computers. This will ultimately permit very fast processing of speech or other data. 

 

There are many types of connectionist models, with different architectures, training procedures, and applications, 

but they are all based on some common principles. An artificial neural network consists of a potentially large 

number of simple processing elements (called units, nodes, or neurons), which influence each other’s behavior via a 

network of excitatory or inhibitory weights. Each unit simply computes a nonlinear weighted sum of its inputs, and 

broadcasts the result over its outgoing connections to other units. A training set consists of patterns of values that are 

assigned to designated input and/or output units. As patterns are presented from the training set, a learning rule 

modifies the strengths of the weights so that the network gradually learns the training set. 

 

4 Fundamentals of Speech Recognition 

 
Speech recognition is a multileveled pattern recognition task, in which acoustical signals are examined and 

structured into a hierarchy f subword units (e.g., phonemes), words, phrases, and sentences. Each level may provide 

additional temporal constraints, e.g., known word pronunciations or legal word sequences, which can compensate 

for errors or uncertainties at lower levels. This hierarchy of constraints can best be exploited by combining decisions 

probabilistically at all lower levels, and making discrete decisions only at the highest level. The structure of a 

standard speech recognition system is illustrated in Figure 2.1. The elements are as follows: 

 

4.1 Raw speech- Speech is typically sampled at a high frequency, e.g., 16 KHz over a microphone or 8 KHz over a 

telephone. This yields a sequence of amplitude values over time. 
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4.2 Signal analysis -Raw speech should be initially transformed and compressed, in order to simplify subsequent 

processing. Many signal analysis techniques are available which can extract useful features and compress the 

data by a factor of ten without losing any important information. Among the most popular: 

 

 

4.3 Speech frames-The result of signal analysis is a sequence of speech frames, typically at 10 music intervals, with 

about 16 coefficients per frame. These frames may be augmented by their own first and/or second derivatives, 

providing explicit information about speech dynamics; this 

 

 

4.3 Acoustic models-In order to analyze the speech frames for their acoustic content, we need a set of acoustic 

models. There are many kinds of acoustic models, varying in their representation, granularity, context 

dependence, and other properties. 
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4.4 Acoustic analysis and frame scores-Acoustic analysis is performed by applying each acoustic model over each 

frame of speech, yielding a matrix of frame scores, Scores are computed according to the type of acoustic 

model that is being used. For template-based acoustic models, a score is typically the Euclidean distance 

between a template’s frame and an unknown frame. For state-based acoustic models, a score represents an 

emission probability, i.e., the likelihood of the current state generating the current frame, as determined by the 

state’s parametric or non-parametric function 

 

4.5 Time alignment-Frame scores are converted to a word sequence by identifying a  sequence of acoustic models, 

representing a valid word sequence, which gives the best total score along an alignment path through the matrix. 

The process of searching for the best alignment path is called time alignment. 

 

4.6 Word sequence-The end result of time alignment is a word sequence — the sentence hypothesis for the utterance. 

Actually it is common to return several such sequences, namely the ones with the highest scores, using a variation of 

time alignment called N-best search (Schwartz and Chow, 1990). This allows a recognition system to make two 

passes through the unknown utterance: the first pass can use simplified models in order to quickly generate an N-

best list, and the second pass can use more complex models I order to carefully rescore each of the N hypotheses, 

and return the single best hypothesis. 

 

4.7 Dynamic Time Warping: In this we motivate and explain the Dynamic Time Warping algorithm, one of the oldest 

and most important algorithms in speech recognition.The simplest way to recognize an isolated word sample is to 

compare it against a number of stored word templates and determine which is the “best match”. This goal is 

complicated by a number of factors.  

 

First, different samples of a given word will have somewhat different durations. This problem can be eliminated by 

simply normalizing the templates and the unknown speech so that they all have an equal duration. However, another 

problem is that the rate of speech may not be constant throughout the word; in other words, the optimal alignment 

between a template and the speech sample may be nonlinear. Dynamic Time Warping (DTW) is an efficient method 

for finding this optimal nonlinear alignment. vocabulary size. The only modification to the basic DTW algorithm is 

that at the beginning of each reference word model (i.e., its first frame or state), the diagonal path is allowed to point 

back to the end of all reference word models in the preceding frame. Local back pointers must specify the reference 

word model of the preceding point, so that the optimal word sequence can be recovered by tracing backwards from 

the final point (W,X,Y) of the word W with the best final score. Grammars can be imposed on continuous speech 

recognition by restricting the allowed transitions at word boundaries. 
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4.8 Hidden Markov Models 

The most flexible and successful approach to speech recognition so far has been Hidden Markov Models (HMMs). 

In this we will present the basic concepts of HMMs, describe the algorithms for training and using them, discuss 

some common variations, and review the problems associated with HMMs. 

step, a transition is taken into a new state, and then one output symbol is generated in that state. The choice of 

transition and output symbol are both random, governed by probability distributions. The HMM can be thought of as 

a black box, where the sequence of output symbols generated over time is observable, but the sequence of states 

visited over time is hidden from view. This is why it’s called a Hidden Markov Model. 

 

HMMs have a variety of applications. When an HMM is applied to speech recognition, the states are interpreted as 

acoustic models, indicating what sounds are likely to be heard during their corresponding segments of speech; while 

the transitions provide temporal constraints, indicating how the states may follow each other in sequence. Because 

speech always goes forward in time, transitions in a speech application always go forward. How states and 

transitions in an HMM can be structured hierarchically, in order to represent phonemes, words, and sentences. 

 

 

4.9 Algorithms 
There are three basic algorithms associated with Hidden Markov Models: 

4.9.1 The forward algorithm, useful for isolated word recognition; 

4.9.2 The Viterbi algorithm, useful for continuous speech recognition; and 

4.9.3 The forward-backward algorithm, useful for training an HMM. 

 

 

5 Review of Neural Networks 
 

5.1 Historical Development 
The modern study of neural networks actually began in the 19th century, when neurobiologists first began extensive 

studies of the human nervous system. Cajal (1892) determined that the nervous system is comprised of discrete 

neurons, which communicate with each other by sending electrical signals down their long axons, which ultimately 

branch out and touch the dendrites (receptive areas) of thousands of other neurons, transmitting the electrical signals 

through synapses (points of contact, with variable resistance). This basic picture was elaborated on in the following 

decades, as different kinds of neurons were identified, their electrical responses were analyzed, and their patterns of 

connectivity and the brain’s gross functional areas were mapped out. While neurobiologists found it relatively easy 

to study the functionality of individual neurons (and to map out the brain’s gros functional areas), it was extremely 

difficult to determine how neurons worked together to achieve high level functionality, such as perception and 
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cognition. With the advent of high-speed computers, however, it finally became possible to build working models of 

neural systems, allowing researchers to freely experiment with such systems and better understand their properties. 

 

McCulloch and Pitts (1943) proposed the first computational model of a neuron, namely the binary threshold unit, 

whose output was either 0 or 1 depending on whether its net input exceeded a given threshold. This model caused a 

great deal of excitement, for it was shown that a system of such neurons, assembled into a finite state automaton, 

could compute any arbitrary function, given suitable values of weights between the neurons (see Minsky 1967). 

Researchers soon began searching for learning procedures that would automatically find the values of weights 

enabling such a network to compute any specific function. Rosenblatt (1962) discovered an iterative learning 

procedure for a particular type of network, the single- 

 layer perceptron, and he proved that this learning procedure always converged to a set of weights that produced the 

desired function, as long as the desired function was potentially computable by the network. This discovery caused 

another great wave of excitement, as many AI researchers imagined that the goal of machine intelligence was within 

reach. 

 

5.2 Fundamentals of Neural Networks 

In this we will review the fundamentals of neural networks. There are many different types of neural networks, but 

they all have four basic attributes: 

o A set of processing units; 

o A set of connections; 

o A computing procedure; 

o A training procedure. 

 

 

5.2.1 Processing Units 

A neural network contains a potentially huge number of very simple processing units, roughly analogous to neurons 

in the brain. All these units operate simultaneously, supporting massive parallelism. All computation in the system is 

performed by these units; there is no other processor that oversees or coordinates their activity1. At each moment in 

time, each unit simply computes a scalar function of its local inputs, and broadcasts the result to its neighboring 

units. The units in a network are typically divided into input units, which receive data from the environment hidden 

units, which may internally transform the data representation; and/or output units, which represent decisions or 

control signals. In drawings of neural networks, units are usually represented by circles. Also, by convention, input 

units are usually shown at the bottom, while the outputs are shown at the top, so that processing is seen to be 

“bottom-up”.  The state of the network at each moment is represented by the set of activation values over all the 

units; the network’s state typically varies from moment to moment, as the inputs are changed, and/or feedback in the 

system causes the network to follow a dynamic trajectory through state space. 

 

5.2.2 Connections 
 

The units in a network are organized into a given topology by a set of connections, or weights, shown as lines in a 

diagram. Each weight has a real value although sometimes the range is limited. The value (or strength) of a weight 

describes how much influence a unit has on its neighbor; a positive weight causes one unit to excite another, while a 

negative weight causes one unit to inhibit another.  

 

Weights are usually one-directional (from input units towards output units), but they may be two-directional 

(especially when there is no distinction between input and output units). The values of all the weights predetermine 

the network’s computational reaction to any arbitrary input pattern; thus the weights encode the long-term memory, 

or the knowledge, of the network. 
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Weights can change as a result of training, but they tend to change slowly, because accumulated knowledge changes 

slowly. This is in contrast to activation patterns, which are transient functions of the current input, and so are a kind 

of short-term memory. A network can be connected with any kind of topology. Common topologies include 

unstructured, layered, recurrent, and modular networks. Each kind of topology is best suited to a particular type of 

application.  

 

5.2.3 Computation 
 

Computation always begins by presenting an input pattern to the network, or clamping a pattern of activation on the 

input units. Then the activations of all of the remaining units are computed, either synchronously (all at once in a 

parallel system) or asynchronously (one at a time, in either randomized or natural order), as the case may be. In 

unstructured networks, this process is called spreading activation; in layered networks, it is called forward 

propagation, as it progresses from the input layer to the output layer. In feed forward networks (i.e., networks 

without feedback), the activations will stabilize as soon as the computations reach the output layer; but in recurrent 

networks (i.e., networks with feedback), the activations may never stabilize, but may instead follow a dynamic 

trajectory through state space, as units are continuously updated. 

 

5.2.4 Training 
 

Training a network, in the most general sense, means adapting its connections so that the network exhibits the 

desired computational behavior for all input patterns. The process usually involves modifying the weights (moving 

the hyperplanes/hyperspheres); but sometimes it also involves modifying the actual topology of the network, i.e., 

adding or deleting connections from the network (adding or deleting hyperplanes/hyperspheres). In a sense, weight 

modification is more general than topology modification, since a network with abundant connections can learn to set 

any of its weights to zero, which has the same effect as deleting such weights. However, topological changes can 

improve boot generalization and the speed of learning, by constraining the class of functions that the network is 

capable of learning.  

 

5.3 A Taxonomy of Neural Networks  
We will give an overview of some different types of networks. This overview will be organized in terms of the 

learning procedures used by the networks. There are three main classes of learning procedures: 

  

5.3.1 supervised learning, in which a “teacher” provides output targets for each input pattern, and corrects the 

network’s errors explicitly; 

5.3.2 semi-supervised (or reinforcement) learning, in which a teacher merely indicates whether the network’s 

response to a training pattern is “good” or “bad”; and 

5.3.3 unsupervised learning, in which there is no teacher, and the network must find 
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regularities in the training data by itself. 

 

 
  

 

 

 

 

 

 

 

6. Back propagation 

 
Back propagation, also known as Error Back propagation or the Generalized Delta Rule, is the most widely used 

supervised training algorithm for neural networks. Because of its importance, we will discuss it in some detail in this 

section. We begin with a full derivation of the learning rule. Back propagation is a much faster learning procedure 

than the Boltzmann Machine training algorithm, but it can still take a long time for it to converge to an optimal set 

of weights. Learning may be accelerated by increasing the learning rate �, but only up to a certain point, because 

when the learning rate becomes too large, weights become excessive, units become saturated, and learning becomes 

impossible. Thus, a number of other heuristics have been developed to accelerate learning. These techniques are 

generally motivated by an intuitive image of back propagation as a gradient descent procedure. 

 

6.1 Databases 

We performed our experiments on NN-HMM hybrids using three different databases: ATR’s database of isolated 

Japanese words, the CMU Conference Registration database, and the DARPA Resource Management database. In 

this chapter we will briefly describe each of these databases. 

 

6.2 Japanese Isolated Words 
Our very first experiments were performed using a database of 5240 isolated Japanese words (Sagisaka et al 1987), 

provided by ATR Interpreting Telephony Research Laboratory in Japan, with whom we were collaborating. This 

database includes recordings of all 5240 words by several different native Japanese speakers, all of whom are 

professional announcers; 

but our experiments used the data from only one male speaker (MAU). Each isolated word was recorded in a 

soundproof booth, and digitized at a 12 kHz sampling rate. A Hamming window and an FFT were applied to the 

input data to produce 16 melscale spectral coefficients every 10 msec. 

Because our computational resources were limited at the time, we chose not to use all 5240 words in this database; 

instead, we extracted two subsets based on a limited number of phonemes: 

6.2.1 Subset 1 = 299 words (representing 234 unique words, due to the presence of homophones), comprised of only 

the 7 phonemes a,i,u,o,k,s,sh (plus an eighth phoneme for silence). From these 299 words, we trained on 229 words, 

and tested on the remaining 70 words (of which 50 were homophones of training samples, and 20 were novel 

words). Table 5.1 shows this vocabulary. 

6.2.2 Subset 2 =1078 words (representing 924 unique words), comprised of only the 13 phonemes 

a,i,u,e,o,k,r,s,t,kk,sh,ts,tt (plus a 14th phoneme for silence). From these 1078 words, we trained on 900 words, and 

tested on 178 words (of which 118 were homophones of training samples, and 60 were novel words). Using 

homophones in the testing set allowed us to test generalization to new samples of known words, while the unique 

words allowed us to test generalization to novel words (i.e., vocabulary independence). 
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6.3 Resource Management 

 

In order to fairly compare our results against those of researchers outside of CMU, we also ran experiments on the 

DARPA speaker-independent Resource Management database (Price et al 1988). This is a standard database 

consisting of 3990 training sentences in the domain of naval resource management, recorded by 109 speakers 

contributing roughly 36 sentences each; this training set has been supplemented by periodic releases of speaker-

independent testing data over the years, for comparative evaluations. Some typical sentences are listed. The 

vocabulary consists of 997 words, many of which are easily confusable such as what/what’s/was, four/fourth, 

any/many, etc., as well as the singular, plural, and possessive forms of many nouns, and an abundance of function 

words (a, the, of, on, etc.) which are unstressed and poorly articulated. During testing, we normally used a word pair 

grammar, with a perplexity of 60. 
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From the training set of 3990 sentences, we normally used 3600 for actual training, and 390 (from other speakers) 

for cross validation. However, when we performed gender dependent training, we further subdivided the database 

into males, with 2590 training and 240 cross validation sentences, and females, with 1060 training and 100 cross 

validation sentences. The cross validation sentences were used during development, in parallel with the training 

sentences. Official evaluations were performed using a reserved set of 600 test sentences (390 male and 210 female), 

representing the union of the Feb89 and Oct89 releases of testing data, contributed by 30 independent speakers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6.5 Classification Networks 

 

Neural networks can be taught to map an input space to any kind of output space. For example, in the previous 

chapter we explored a homomorphism mapping, in which the input and output space were the same, and the 

networks were taught to make predictions or interpolations in that space. 

Another useful type of mapping is classification, in which input vectors are mapped into one of N classes. A neural 

network can represent these classes by N output units, of which the one corresponding to the input vector’s class has 

a “1” activation while all other outputs  have a “0” activation. A typical use of this in speech recognition is mapping 

speech frames to phoneme classes. Classification networks are attractive for several reasons: 

 

• They are simple and intuitive, hence they are commonly used. 

• They are naturally discriminative. 

• They are modular in design, so they can be easily combined into larger systems. 

• They are mathematically well-understood. 

• They have a probabilistic interpretation, so they can be easily integrated with statistical techniques like HMMs. 

 

 

6.6 Input representation. What type of signal processing should be used? Should the resulting coefficients be 

augmented by redundant information (deltas, etc.)? How many input coefficients should be used? How should the 

inputs be normalized? Should LDA be applied to enhance the input representation? 
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6.7 Speech models. What unit of speech should be used (phonemes, triphones, etc.)? How many of them should be 

used? How should context dependence be implemented? What is the optimal phoneme topology (states and 

transitions)? To what extent should states be shared? What diversity of pronunciations should be allowed for each 

word? Should function words be treated differently than content words? 

 

6.8 Training procedure. At what level (frame, phoneme, word) should the network be trained? How much 

bootstrapping is necessary? What error criterion should be used? What is the best learning rate schedule to use? 

How useful are heuristics, such as momentum or derivative offset? How should the biases be initialized? Should the 

training samples be randomized? Should training continue on samples that have already been learned? How often 

should the weights be updated? At what granularity should discrimination be applied? What is the best way to 

balance positive and negative training? 

 

6.9 Testing procedure. If the Viterbi algorithm is used for testing, what values should it operate on? Should it use 

the network’s output activations directly? Should logarithms be applied first? Should priors be factored out? If 

training was performed at the word level, should word level outputs be used during testing? How should duration 

constraints be implemented? How should the language model be factored in? 

 

7 Conclusions 

 
A speech recognition system requires solutions to the problems of both acoustic modeling and temporal modeling. 

The prevailing speech recognition technology, Hidden Markov Models, offers solutions to both of these problems: 

acoustic modeling is provided by discrete, continuous, or semi continuous density models; and temporal modeling is 

provided by states connected by transitions, arranged into a strict hierarchy of phonemes, words, and sentences. 

 

While an HMM’s solutions are effective, they suffer from a number of drawbacks. Specifically, the acoustic models 

suffer from quantization errors and/or poor parametric modeling assumptions; the standard Maximum Likelihood 

training criterion leads to poor discrimination between the acoustic models; the Independence Assumption makes it 

hard to exploit multiple input frames; and the First-Order Assumption makes it hard to model co articulation and 

duration. Given that HMMs have so many drawbacks, it makes sense to consider alternative solutions. 

 

Neural networks — well known for their ability to learn complex functions, generalize effectively, tolerate noise, 

and support parallelism — offer a promising alternative. However, while today’s neural networks can readily be 

applied to static or temporally localized pattern recognition tasks, we do not yet clearly understand how to apply 

them to dynamic, temporally extended pattern recognition tasks. Therefore, in a speech recognition system, it 

currently makes sense to use neural networks for acoustic modeling, but not for temporal modeling. Based on these 

considerations, we have investigated hybrid NN-HMM systems, in which neural networks are responsible for 

acoustic modeling, and HMMs are responsible for temporal modeling. 
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