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SYNOPSIS

The project work entitled "Speech Enabling System" for Rishinet
Pvt Ltd, Banglore has been carried out to implement regional language

conversion in speech technology.

Rishinet Pvt Ltd is primarily involved in research and development
of "Speech Technology". This Technology is the ability of a computer to
"understand" and interpret spoken words. With the recent advances in both
software and hardware, it is offering an efficient and affordable alternative to
traditional input devices. Researchers are also interested in natural language
processing techniques as an extension of the speech recognition, providing a
more natural and intuitive interface. The accuracy of SR software has
reached well over 90%, but doesn’t throw your keyboard away yet. An
average of ten mistakenly recognized words on a total of hundred words still

makes it far from perfect.

There are hundreds of languages in the world, and thousands of

dialects but recording all of this speech-data is a very time consuming



process, and is part of the reason that speech recognizers today are only
available for the major dialects of the most common languages. Today I am
created a new speech recognizer for one of this regional language (Tamil)

with specific Phonemes.

This Project will give a brief overview of the technology is to
Understand the concept & implementation methodologies relevant to

Localization of Speech Enabling System.
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INTRODUCTION



introduction

Innovation is nothing but a series of gradual improvement

- Japanese proverb

t ; peech recognition is the process by which a computer (or other type of machine)
identifies spoken words. Basically, it means talking to your computer, and having it
correctly recognize what you are saying.

Industry Talk:

Gartner Group predicts that by 2002, speech recognition and visual browsing

capabilities will be integrated into mainstream operating systems.

e According to a recent survey of more than a thousand chief executives in
health care organizations by Deloitte & Touché Consulting, 40% planned to
use speech recognition within two years.

e Microsoft invested $45 million in Lernout and Hauspie in 1997 to accelerate
the growth of speech recognition in Microsoft I:roducts

e Both IBM/Lotus and Corel ére delivering to the market application suites that

feature speech recognition.
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However, there are other forms of speech recognition based on different grammars.

These grammars represent short-run solutions that can be used by more general

audiences.

The scope of the document is to Understand the concept & implementation
methodologies relevant to Localization of Speech Enabling Systems

o General Speech Recognition Theories

e Engines & Analysis

e SAPI

¢ Methodology
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Objective

The Objective of the company is to develop localized version of linguistic
software component which will be SAPI 5.0 Compliant.

Our work was to assist in the development of Phoneme structures for Tamil

Interactive System

Speech recognition offers certain users the best way to interact with a
computer and promises to be the dominant form of human-computer interaction in
the near future. Recent advances in software speech recognition engines and
hardware performance are accelerating the development and acceptance of the
technology. Most people are familiar with speech recognition applications based on
dictation grammars, also known as continuous speech recognition. These
applications require a large commitment from the user, who has to spend time
training the computer and learning to speak in a consistent manner to assure a high
degree of accuracy. This is too much of a commitment for the average user, who just
wants to sit down and start using a product. Users of this technology tend to be

those who must use it or are highly motivated to get it working for some other
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reason, like people with various physical disabilities. However, there are other forms
of speech recognition based on different grammars. These grammars represent short-

run solutions that can be used by more general audiences.
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R ishinet Pvt Ltd. is an ISO9001 ,entity whose prime focus is on providing quality

e-Solutions swiftly. The company commenced operations in 1996 with a team of
inspired professionals who brought with them, a wealth of IT related experience and a
single unified objective: to make the company a leading solution provider, with a
qualitative difference in the web space.
Rishinet houses on a sprawling complex that houses a carpet area of 6,000 sq.feet with the
capacity to seat 100 software professionals is not what we view as our only infrastructure.

The development facility stationed at Bangalore offers facilities such as

videoconferencing, state-of-the-art multi-platform servers and connectivity that ensures
swift working paces with a 24 hour global network service.
To effectively manage the overseas clientele and provide localized support, Rishinet has
set up technical support and marketing offices in USA and UK.
Our corporate culture is built on fundamentally simple principles with a focus on building

our team of quality people with professional values.



SPEECH ENABLING SYSTEM

Business Lines

A diverse yet highly evolved expertise base is what makes Rishinet the dynamic entity
that it is. Offerin‘gs have been demarcated into.four broad areas that include Software Services.
Co-Product Development, Professional Services and Smart Souring,
Software Services:

These services largely comprise of Consulting Services Architecture, Design,
Development & Enhancement Services, Web Enabling Services, Porting & Re-
Engineering Services; Sustenance Services and Testing Services.

Co-Product Development:

Rishinet is in a position to offer a range of product development services that call
upon our versatile mix of skills.
The product development stream enables them to offer the following services:

¢ Detailing of specifications

¢ Conducting a technical feasibility study.

o Co-architecting, engaging in design and development.

e Planning and implementing the feature enhancement of products.

Building in localization of products.
Professional Services:

In an industry where technical competence takes precedence over all else, we

bring to every solution and optimal mix of manpower expertise and technology. Rishinet
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has put in place a stringent process of selecting competent software professionals who are
assigned to projects according to their skill sets and core competencies.
Smart Sourci’ng:
- Rishinet assists diverse international client base in offshore outsourcing
of technically skilled manpower across a varied skill set base and

domain industry knowledge.
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2.1 Existing System

I ' he entire process involves, recognize users voice and converting them into words.
This process already available in the market, which performs only some specific

languages. No other functionality or analysis is done on the word is recognized.

2.2 Limitations of Existing system

. The existing speech recognition engines have no ability to process local
language.
. It is not flexible to make further study or analysis of the data and is not

user friendly. Hence it takes longer time and larger effort.

) Each new user must re-train the system to reduce confusion and improve
performance

. They require the greatest degree of computing resources

. The existing system does not have the advanced feature like Grammer

Compiler, Voice Command, Talk Back, i.e
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2.3 General theory
H uman speech recognition, the mapping of the acoustic signal to a string of words,

Is a complex‘ process. Many different levels of processing are involved, acoustic,
sublexical, lexical, syntactic, and so on. In addition, the acoustic manifestations of
linguistic units (phonemes, words) overlap in time and are greatly affected by factors such
as linguistic environment, acoustic conditions, spegking style and rate, speaker identity,

etc.

2.4 Engines and Anaiysis
D idfferent Types of Speech Engines Available on market Each Engines have its own

advantages and drawbacks Engines

PC Dictation - Packaged Software

Dragon Systems makes a dictation engine that can be adapted for specific
vocabularies.

e IBM ViaVoice web site for PC-based dictation application.

e Lernout & Hauspie sells a line of PC-based dictation software.

o FreeSpeech98 is a continuous speech dictation package from Philips

Speech Processing for your Windows PC.
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PC Recognition Engines

The AT&T Advanced Speech Products Group offers WATSON, with
SAPI-compatible speech recognition and speech synthesis, as well as
speaker verification technologie;.

Microsoft Research Speech Technology Group is developing the
Whisper engine.

Command Corporation makes the IN CUBE recognizer.

SRI Corp's STAR Lab has 25 people developing a wide band, continuous
speech recognizer called DECIPHER and has been doing some interesting
work with a new engine called Corona

Apple's Plain Talk incorporates speech recognition and synthesis into the
Mac OS.

The DDLinux page covers speech engines that have been ported to Linux
and even lists a handful of open source engines.

A variety of PC applications employ dictation engines provided by IBM

or Dragon
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Telephony and Call Center Engines

e Northern Telecom is developing speech recognition engines.

* Speech Works develops speech recognition engine technology for over-
the-telephone customer service and transactions.

e Voice Control Systems has a;quired several other speech recognition
companies including Pure Speech. They offers a broad line of telephony-
based speech recognition covering digits, cellular voice dialing, auto-
attendant, customer service, and transactions, as well as voice verification.
They were acquired in May 1999 by Philips Electronics.

e Nuance offers a continuous speech recognizer for large vocabulary
applications, including stock quotes.

e Fonix never came out with its own product but they did acquire the
excellent TTS reader AcuVoice and a medical dictation system from
Articulate Systems called PowerScribe.

* Locus Speech Corporation in Canada has recently announced a speaker-
independent, flexible vocabulary telephony speech engine in English and
French.

* Vocalis focuses on speech for computer telephony in Europe. Started in
1993 by a management buy-out of Logic’s Speech and Natural Language

Group, they are now a public company based in the UK.
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o Philips Speech Processing offers leading edge si;eech recognition,
including natural dialogue systems for telephony, consumer products and
the IT industry.

e Lernout & Hauspie specializes in a broad range of foreign languages and

has speech recognition, speech synthesis and speech compression.
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T he Drawbacks of existing system are avoided in the proposed system. The proposed
system and will be presented in the following form for further analysis.

¢ Recognizing words

e Text grammar format overview

e Grammar Rules

e Grammar Compiler

e Unicode for Local Language

RECOGNIZING WORDS

Recognizing words is choosing which of all the competitors activated by the
bits of acoustic stuff in the utterance accounts best for all those bits. As those bits
continue to stream in, listeners must also decide whether they belong to the current
word or instead the next word in the utterance; that is, they must also choose
among competing divisions of the utterance into words. Various kinds of statistical

knowledge (may) play a role in these decisions: acoustical statistics, phoneme
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statistics, diphone statistics, syllable statistics, word statistics, "di-word" statistics,

etc.

Text grammar format overview

The Extensible Markup Language (XML) format inside a GRAMMAR XML
element (block), is an "expert-only-readable” declaration of a grammar that a speech
application uses to accomplish the following:

e Improve recognition accuracy by restricting and indicating to an engine
what words it should expect.
¢ Improve translation of recognized speech into application actions. This 1s
made easier by providing "semantic tags," (property name, and value
associations) to words/phrases declared inside the grammar.
A GRAMMAR XML element appears in a XML source code file. The XML source
is compiled into a binary grammar format and is the format used by SAPI during

application runtime.

Grammar rules

Grammar rules are elements that SAPI 5.0 compliant recognition engines use
to restrict the possible word or sentence choices during the speech recognition
process. Recognition engines use grammar rules to control the elements of sentence

construction by utilizing the predetermined list of recognized word or phrase
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choices. This list of recognized words or phrase choices contained in the grammar
rules forms the basis of the recognition engine vocabulary. The phrase or sentence
uses each grammar rule element to determine the recognition path.

For example, examine the phrase describing travel plans, "I would like to travel
from Seattle to New York," and note that there are elements that determine the
- resulting information. This is a very simple illustration of what could be a very complex
problem. Determining the same travel plans W{thout limiting the method, direction, and
travel destination would result in an infinite number of travel options.

The resulting information can be determined by restricting the available choices
for a given sentence. Through this method, the resulting information can be composed
only from certain available choices, thus eliminating the possibility of an infinite number
of travel plan combinations.

I would like to travel from Seattle to New York.

[Method]
/N
Fly Drive
[Direction]

From To
[City]

Seattle

New York
[D}rection]

To From
[City]
Seattle
New York
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TOPLEVEL
A grammar tagged as top level can be in an active or inactive state. The rules that

import a grammar can override the Activation State of a rule. This conditional state can
be configured dynamically at runtime. If an Inactive grammar is included in another
grammar or grammar rule, ignore the inactive state. When a rule is activated, a speech
recognition engine will accept only speech satisfying at least one of the active rules

contained in the loaded grammar.

Non-terminal
A grammar node is considered to be non-terminal if it is the beginning of a choice

selection or a group of choice selections. For example, the grammar node Dog is non-
terminal when the subsequent choice selections are types of dogs. This type of grammar

is defined as non-terminal because of its choice selections.

Terminal
A grammar node is considered to be terminal if it's the only word in the

recognized vocabulary, which can be spoken

Grammar Compiler

The SAPI grammar compiler is divided into two parts, the front-end section and
the back-end section. The front-end parses the grammars described in XML and

optimizes the XML text formatted grammar if requested by the application.
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AWML Grammar —————+ Binary Gramhar

SAPI
xmil » Grammar ¥ .cfg
Compiler

For example, removal of left recursion. The front end then calls the back-end

compiler to convert the internal representation into the SAPI binary format.

Unicode for Local Language

The Unicode indic ranges are based on the Indian standard ISCII (Indian Standard
Code for Information Interchange, 1988). ISCII is a well thought out standard
comprising of all the major Indian scripts. In its Devanagari ranges, it tries to captﬁre all
the characters in any Indic Script. For example, while there are no equalent characters in
native Devanagari script for letter "ZHA' which is available in Tamil and Malayalam, (in
Unicode, TAMIL LETTER LLLA (U+0BB4) and MALAYALAM LETTER LLLA

(U+0D34)), ISCII, and hence Unicode, defines a dummy character for this letter.
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' . ¥ . Ma]'or ettt sresesee s

EESc:rlpt: Unicode Range | Languages |

) Hindi, Marathi,

Pevanagam U+0900 to U+097F Sanskric
. : Bengali,

Bengali §U+ 0980 to U+ 09FF Assamese

Oriya U+0B00 to U +0B7F Oriya

Tamil U+0BSO to U+OBFF Tamil

jTelugu :U +0C00 to U+0C7F fTelugu

Kannada U +0C80 to U+0CFF Kannada

Malayalam U+0D00 to U+0D7F Malayalam
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3.1 System Specification

' I ' o develop a Speech Enabling System the following hardware & software were used.
Initially users of this system will have to customize the system by pronouncing the

language through a micro phone for primary work synchronization.

Hardware Requirements

PROCESSOR Pentium II
PROCESSOR SPEED 233 MHz
RAM 32MB
SOUND CARD Yamaha

INPUTDEVICES Micro Phones, Speakers
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Software Requirements

Windows 98 / win NT

OPERATING SYSTEM
LANGAUAGE Visual C+ + 6.0,XML
DEVELOPMENT KIT Platform Software Development Kit
(PSDK)
Microsoft Speech SDK 5.0
a) | TTS Engine 14.5
Mb
b) | SR Engine 16 Mb
¢) | Dictation pad (DP)
INTERFACE Speech  Application  Programming
Interface (SAPI)
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3.2 Software

Extensible Markup Language

I he textual grammar format is an application of the XML. Every XML element
consists of a start tag (<SOME_TAG >). and an end tag (</SOME_TAG>) with a
case-insensitive tag name and contents between these tags. The start tag and the end tag

are the same if the element i1s empty.

Attributes

Attributes of an XML element appear inside the start tag. Each attribute is in the
form of a name followed by an equal sign followed by a string which must be
surrounded by either single or double quotation marks. An attribute of a given name
may only appear once in a start tag. In summary, the literal string cannot contain either
< or ', if the string is surrounded by single quotation marks. It may not contain ", if the
string is surrounded by double quotation marks. Furthermore, use all ampersand (&)
characters only in an entity reference such as &amp; and &gt;. When a literal string is

parsed, the resulting replacement text will resolve all entity references such as &gt; into
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its corresponding text, such as. In this specification, only the resulting replacement text

needs to be defined for attribute value strings.

Contents

The contents of an element consists of text or sub elements. Formal definitions of
valid contents in this specification are provided as regular and "multi-set” expressions.
The pseudo-element name "Text" indicates untagged text. With these definitions, the

XML specification defines the exact file syntax details.

Comments

The SAPI 5.0 XML parser treats HTML comment tags as unknown XML tag
elements. The engine should provide support for comments and other unknown XML

elements.

SAPI Utilization

SAPI uses XML content in the following two methods:
e The SAPI context-free grammar compiler, compiles the XML grammar

into a binary grammar format. The compiled binary grammar is loaded
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into the SAPI runtime environment from a file, memory, or object (DLL)
resource.
» The speech recognition (SR) engine queries the runtime environment for

available grammar information.

Definitions -

Untagged text declaring a sequence of words that the recognition engine will
recognize. Tentatively this text is only the not-necessarily-phonetic representation of
words used for reading words whose pronunciation is unknown to the user this form

will be called the spelling form.

Non-empty concatenated recognition contents

The contents of a number of XML elements in this specification such as, the P
element, contain a sequence of grammar constructs which are concatenated together (one
grammar construct after another). These grammar elements must be recognized in order

for the contents defined to be recognized.
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Speech SDK

Microsoft Speech SDK

T he Microsoft Speech API (SAP]) is a software layer allowing speech-enabled
applications to communicate with speech engines (Speech Recognition (SR) engines and
Text to Speech (T'TS) engines). SAPI inc‘ludes‘an Application Programming Interface
(API) and a Device Driver Interface (DDI). Applications communicate with SAPI via the
API layer and speech engines communicate with SAPI via the DDI layer.

A speech-enabled application and an SR engine do not directly communicate with each
other - all communication is done via SAPIL SAPI takes responsibility for a number of
aspects of a speech system, such as:

e Controlling audio input, whether from a microphone, files, or a custom
audio source; and converting audio data to a valid engine format.

e Loading grammar files, whether dynamically created or created from
memory, URL or file; and resolving grammar imports and grammar
editing.

e Compiling standard SAPI XML grammar format, and conversion of
custom grammar formats, and parsing semantic tags in results.

e  Sharing of recognition across multiple applications using the shared

engine. All marshalling between engine and applications is done by SAPL
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e Returning results and other information back to the application and
interacting with its message loop or other notification method. This allows
an engine to have a much simpler threading model than in SAPI 4, as SAPI
5 does much of the thread handling.

e Storing audio and serializing results for later analysis.

o Ensuring that applications do not cause errors ~ preventing applications
from calling the engine with invalid parameters, and dealing with

applications hanging or cr'ashing.

SAPI Architecture

SAPI model is divided into two distinct levels:

High-level SAPI

This level provides basic speech services in the form of command-and-control
speech recognition and simple text-to-speech output.
This level interface has two top-level objects-
1.Voice Command Object
e Voice Command interface is used to enumerate, create, and delete
voice menu objects. This interface is also used to register an

application to use the SR engine.
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Attributes interface is used to set and retrieve a mnumber of basic
parameters that control the behavior of the voice command system.
You can enable or disable voice commands, adjust input gain,
establish the SR mode, and control the input device

Dialogs interface gives you access to a series of dialog boxes that
can be used as a standard set of input screens for setting and

displaying SR engine information

2 Voice Text Object

Low-level SAPI

Voice Text interface provides a set method to start, pause, resume,
fast forward, rewind, and stop the T'TS engine while it is speaking
text.

Attribute interface provides playback speed (in words per
minute), speaking mode ( male, female, child, adult, and so on).
Dialogs interface can be used to allow users the ability to set and

retrieve information regarding the TTS engine

This level provides detailed access to all speech services, including direct

interfaces to control dialogs and manipulation of both speech recognition (SR) and

text-to-speech (T'TS) behavior attributes.
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MS SPEECH SDK Microsoft Speech Software Development Kit

PSDK Platform Software Development Kit

TTS Text to Speech Engine

SRE Speech Recognition Engine

DSR Direct Speech Recognition

SAPI Speech Application Programming
Interface

DP Dictation pad




SYSTEM DESIGN
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4.1 Input Design

T he application should provide the user given input through our voice. The style of
input is established during software requirements analysis and Design input styles will
vary the degree of human interaction. The inputs to the system are fully voice.
Sequentially, we have to give the input. The first thing the application has to do is to
choose the Input Media where the SR will occur. It does so by selecting a Speaker as an
Input media. The application then selects a voice for Speech Recognition Engine that
suits its needs, with the language corresponding to Speech to text The SR engine is then
connected to the desired Input Media. The application can begin to convert speak to text
by sending voice to the SR engine. As you can see all this seems to be very simple but
one of the main point is to connect the engine to audio hardware. At this time Microsoft
provides audio destination objects for wave file input and for multimedia devices. speech
recognition system uses four key operations to listen to and understand human speech.

They are:
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* Word separation-This is the process of creating discreet portio’ns of human
speech. Each portion can be as large as a phrase or as small as a single syllable or
word p.art.

* Vocabulary-This is the list of speech items that the speech engine can identify.

* Word matching-This is the method that the speech system uses to look up a
speech part in the system's vocabulary-the search engine pértion of the system.

* Speaker dependence-This is the degree to which the speech engine is dependent
on the vocal tones and speaking i)atterns of individuals.

Finally, the speech engine must balance all of these factors against the aspect of speaker
dependence. As the speech system learns smaller and smaller differences between words,
the system becomes more and more dependent on the speaking habits of a single user.
Individual accents and speech patterns can confuse speech engines. In other words, as the
system becomes more responsive to a single user, that same system becomes less able to

translate the speech of other users.
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4.2 Output Design

T he output is the essential element of any system. As the output can be presented in
many different ways, the appropriate method-should be used while presenting the user
with the output that is convenient for them. So the output is the prime element to be
designed in the system. As the application itself is a report writing utility, reports have to
be designed. Also dialogue which is the main form of interaction between the system and
the user, should be friendly and must provide the after information if any in a convenient

way.
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4.3 Process Design

R ecognized raw audio involves the following Process

1. Frequency Analysis
Raw audio Involved in to Various Digital Signal process In the Digital Signal
process in this process we can use Various Mathematical Algorithm like Pretty
Hairy mathematical Algorithms,  Fourier Transforms

2. Recognize Phonemes

Recognize the Pronunciation and broken up in to Phonemes(Pronunciation

Dictionary)
Example: - Original - The man Walked
Phonemes - Th-uh M-a-Nw-au-l-k-tD
3. Sound to phoneme Database

First broken Phonemes matched in to particular sound Database and converted to
Text. But this process takes long time

4. Phoneme Prediction
Predict which phonemes are likely to occur the particular context

For example ‘ f * sound never comes before “ s ¢
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Pictorial view

Sound To Phoneme
Database

Raw || — Frequenc 11— Recognize | — Construct

y Phonemes Text

Phonemes
Prediction

1

Pronunciation Word
Dictionary Prediction
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5. Word Prediction

Further reduce the phoneme candidate list

Example :-
Recognizer will listen ‘s “and ‘ h ‘ but the word

Prediction database says “ yes ” or “ yeh ”both are same
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5.2 System Testing

esting 1s an activity that ensures that a correct system is built. It is restricted to
being performed after the development phase is completed. But it is to be carried
out in parallel with all the stages of system development. Software testing has been

carried out by using the existing data and found to be matching well.

Testing Objectives

There are several rules that can serve as testing objectives. They are,
o Testing is a process of executing a program with the intention of finding
an error.
e A good test case is one that has a high probability of finding an
undiscovered error.

e A successful test is one that uncovers an undiscovered error.

If testing is conducted successfully according to the objection stated above, it

could uncover errors in the software.
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Testing has become an integral part of any system or project. When the software
is developed, before it is given to the user it must be tested whether it is solving the
purpose for which it is developed.

Testing is the process where the test data is prepared and is used for testing the

modules individually and later validated.

The following is the description of testing strategies, which are carried out during
the testing period. Code testing examines the logic of the program. The module testing,
to locate error in each module is tested individually. This enables us to detect errors and
correct it without affecting other modules. When the user finds no major problems with
its accuracy the system passes to a final acceptance test. This test confirms that the system

meets the original objectives, goals and requirements.
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5.2 System Implementaﬁcm

Implementation of Local Language Engine

SAPI provides a means for applications to set certain settings and configurations
on the SR engine. You want to implement local languages Engine means go threw the
following steps

1.Set the Sample Engine to the Default Engine

¢ In Control Panel, double-click the Speech icon.
e On the Speech Recognition tab, select the SAPI 5.0 Sample Engine from the

list of available engines.
e Sample Engine Basic Behavior

The sample engine randomly generates context free grammar (CFG)
recognition results based on the CFG grammar you select. The sample
engine will also generate other events, such as interference and

requestul etc.



SPEECH ENABLING SYSTEM

The engine does not perform the recognition based on an acoustic or
language model. Instead,‘ it retrieves the CFG grammar information
from SAPI and constructs random results.
2. Create the .wav files
According to thewiew string table and place this under the specified directory
‘. \resources’,
3. Grammar Creation
Each CFG grammar contains one or more rules. Rules can be top-level,
indicating that they can be activated for recognition. Each rule has an initial state
and additional states, connected by transitions. Fach transition can be one of
several types:
* A word transition indicating a word to be recognized
* A ruletransition indicating a reference to a sub-rule
* An epsilon (null) transition
* Some special transitions for such features as embedding dictation within a

CFG.

Sample XML Grammar

<GRAMMAR >
<RULE NAME="TOPLEVEL" >
<P> suemissno </P>
< /RULE >
</GRAMMAR >
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Create and compile the appropriate XML files using a grammar editor and
’conipiler.
4. Include the CFG binaries
Include the .dll by importing the CFG file names into srcomp.rc
5. Recompile the Source
Using VC+ + to recompile project
The implementation of the system in the organization comes as the last Step of the
system development. This phase of system consist of
* Testing the document programs with the sample input.
* Correction of any errors identified.
* Making necessary changes to the system with the actual data.
* Performing a parallel run of the system and find out any errors

* of calculation present and correct to them.

Training the user personnel.
As a part of the training program have made a seminar about the system To the user
group on the systems working. The users were found to be Satisfied with the system and

now trying to study the new system.
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6. Conclusion

"1 he combination of speech recognition and English Query represents a powerful

e,

way for a user to access information in a SQL Server database very quickly. For users
who work in an environment where speed and ease of access are critical, it holds
enormous promise for future applications. As hardware continues to become more
powerful and cheaper,. speech recognition should continue to become more accurate and
useful to increasingly wider

Soon, speech technology will allow people to access Web content from a cellular
telephone and connect to their corporate networks securely over smart wireless devices.
Speech-enabled devices, networks, and Web sites will provide a new and lucrative market
for software and hardware developers, and they will help wireless operators generate

greater service revenues.
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7. Future Enhancements

T here are enormous practical utilities and advantages with voice user interface
between user and machine. These systems with speech recognition could be used to
automate the industries, there by reducipg the man power to minimum. A speech is the
most natural and spontaneous way of communication with humans, it would be
extremely advantages to have speech communication with the machine. The data could
be entered in to the computer through the speech communication between man and
computer. Such communications increase the convenience of information transfer from
man to machine. Isolated word recognizer could be used at 20 to 100 word per
minute.(compared to 15 words per minute for a slow typist and about 45 words for a fast
one),While continuos speech recognizers could operate at 150 to 200 words per minute
handicapped person could operate various devices by spoken command, making him less
dependent on others. Speech recognition systems could be used for security purpose and

it is also used for language translators.

Microsoft SAPI 5.0 Enhancements

Full COM support (such as UNICODE and self registering DLLs);
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New DDI model for handling engine processing

- Application support for shared speech recognizer
System-wide management of objects including SR engines, TTS voices, audio devices, and
lexicons
New voice object for handling audio formats and barge-in; voice handles both synthetic
and recorded audio through same interface
Improved free-threading model for system fault tolerance
Handles all application interaction, parameter validation, and bad-application cleanup
Standard mechanism for invoking and managing user interfaces, such as user enrollment
and microphone setup
Applications can retain audio in any ACM format regardless of original format
Use of alternates for corrections
CFG namespace support for XML-based grammar format & load from Internet
CFG semantic tags allow nested properties, eliminating reparsing of recognized text

SAPI 3.0, 4.0a & 5.0 can coexist on the same machine

Consumer Speech Portal: A woman driving to the airport uses her mobile phone to call
a speech-controlled Web portal. By speaking into the phone, she can check her flight
status, listen to the latest business news, sell stock, and hear the weather forecast for her

destination city.
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Enterprise Speech Portal: A corporate sales representative on his way to meet a client
uses his cell phone to call into his company’s network and check his e-mail, voice mail,
and calendar,- retrieve the client’s address, and check the Customer Resource

Management system to find background information on the client.

Speech Customer Service: A system administrator at an off-site training seminar needs
to check the status of computers she ordered for her company. She uses her phone to call
the PC-manufacturer’s speech-enabled Web site and ask for the information she needs

about the order.

Speech Commerce: A consumer uses a smart phone to access an online bookstore.
Rather than pushing tiny buttons he simply says, “Show me the latest bestsellers.” When
the books appear, he can buy one with a natural-language speech command, such as “I

want to buy this book.” The Web site confirms his request by speaking it back to him.

Speech-enabled applications. Microsoft is developing solutions that will give end users
access to corporate and Web-based information from any mobile phone simply by
speaking. Speech-enabled applications include e-mail and personal assistant, as well as
mobile portal content and customer services. An overall speech shell wiil give callers a
single point of access and consistent interface to all speech-enabled applications Mobile
carriers will enable companies to offer employees these services securely over the

Internet.
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Speech page development. Microsoft is actively working with standards bodies to
develop XML techniques for defining speech-enabled dialog interactions. When coupled
with Microsoft’s powerful graphical develoément tools, this will open the speech-enabled
application industry to wireless developers, independent software vendors, and corporate
developers. Speech Gateways will connect to the voice network and “browse” XML-
based applications, or “speech pages,” allowiﬁg end users to access a broad range of

speech-enabled services through a single point of access.

Speech Gateway. Microsoft is developing a Speech Gateway for service providers. It will
offer a single speech interface to all applications and services. A speech shell application
will authenticate callers and offer them a customized range of services. The speech
interfaces to these services are defined by speech pages. The Speech Gateway works
together with a carrier wireless access server that can render the same core services to a

range of Web-enabled devices with screen and keypad interfaces.

Corporate technologies. Microsoft is working to provide companies with a corporate
wireless access server that makes data on the corporate network available securely in real-
time to mobile users. The server would act as the secure gateway between the corporate
network and the wireless public network. Companies will also be able to use a speech
access client to offer their employees access to corporate Microsoft Exchange-based and

other data from any telephone, via the wireless service provider’s speech gateway.
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Speech Web Benefits adding speech-enabled access to networked information offers a

number of advantages for both mobile operators and corporations.

Mobile operator benefits Speech portal services deliver a clear business benefit for
mobile operators. Subscribers will pay for more voice minutes because they’ll use their
wireless service to accomplish many tasks in ad,ciition to making standard telephone calls.
Speech technology can bring the Web to virtually all mobile phone users immediately.
End users don’t need to buy or use any new hardware or software.

Adding a speech interface to personalized value-added services will increase customer
loyalty and reduce customer churn.

Carriers can define and offer a wide range of speech-enabled services using the same
speech gateway platform and a single speech-shell user interface, accessible from a single
number.

By using an industry-standard XML markup language as the basis for speech-enabled
Web pages, service providers can easily add speech access to their core Web services. The
operator’s speech gateway can link to speech pages offered by third-party content
partners or corporate customers using the same XML standards.

Powerful tools for developing speech pages put the power to define and differentiate

speech services in the operator’s hands.
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Corporate Benefits Knowledge workers can access corporate messages, appointment
data, contacts, and data with no more equipment than a cellular phone.

By working with a mobile operator with a wireless access platform, corporations can
provide secure wireless access without investing in additional server or telephony
hardware or phone lines.

Corporations can add speech interfaces to existing Internet or intranet applications by

developing customized, XML-based speech pagés.
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Abstract

The dialogue strategies used by a spoken dialogue system strongly influence
performance and user satisfaction An ideal system would not use a single fixed strategy,
but would adapt to the circumstances at hand. To do 50, a system must be able to identify
dialogue properties that suggest adaptation. This paper focuses on identifying situations
where the speech recognizer is performing poorly. We adopt a machine learning
approach to learn rules from a dialogue corpus for identifying these situations. Our
results show a significant improvement over the baseline and illustrate that both lower-
level acoustic features and higher-level dialogue features can affect the performance of the

learning algorithm.



1 Introduction

Builders of spoken dialogue systems face a number of fundamental design choices
that strongly ‘influence both performance and user satisfaction. Examples include choices
between user, system, or mixed initiative, and between explicit and implicit confirmation
of user commands. An ideal system wouldn’t make such choices a priori, but rather
would adapt to the circumstances at hand. For in-stance, a system detecting that a user is
repeatedly uncertain about what to say might‘ move from user to system ‘initiative, and a
system detecting that speech recggnition performance is poor might switch to a dialogue
strategy with more explicit prompting, an explicit confirmation mode, or keyboard input
mode. Any of these adaptations might have been appropriate in dialogue D1 from the
Annie sys-tem (Kamm et al., 1998), shown in Figure 1.In order to improve performance
through such adaptation, a system must first be able to identify, in real time, salient
properties of an ongoing dialogue that call for some useful change in system strategy. In
other words, adaptive systems should try to automatically identify actionable properties
of ongoing dialogues. Previous work has shown that speech recognition performance is
an important predictor of user satisfaction, and that changes in dialogue behavior impact
speech recognition performance (Walker et al., 1998b; Litman et al., 1998; Kamm et al.,
1998). Therefore, in this work, we focus on the task of automatically detecting poor
speech recognition performance in several spoken dialogue systems developed at AT&T
Labs. Rather than hand-crafting rules that classify speech recognition performance in an
ongoing dialogue, we take a machine learning approach. We begin with a collection of

system logs from actual dialogues that were labeled by humans as having had “good” or



“bad” speech recognition (the training set). We then apply standard machine learning
algorithms to this training set in the hope of discovering, in a principled manner,
classifiers that can automatically detect poor speech recognition during novel dialogues.
In order to train such classifiers, we must provide them with a number of “features” of
dialogues de-rived from the system logs that might allow the sys-tem to automatically
identify poor recognition performance. In addition to identifying features that provide
the best quantitative solutions, we are also interested in comparing the performance of
classifiers derived solely from acoustic features or from “high-level” dialogue features, and
from combinations of these and other feature types. Note that we are free to invent as
many features as we like, as long as they can be computed in real time from the raw
system logs. Since the dialogue systems we examine use automatic speech recognition
(ASR), one obvious feature available in the system log is a per-utterance score from the
speech recognizer representing its “confidence” in its interpretation of the user’s
utterance (Zeljkovic, 1996). For dialogue D1, the recognizer’s output and the associated

confidence scores



Figure 1: Example dialogue excerpt D1 with Annie.

Actual Dialogue ASR ASR Confidence 1
Interpretation /

Al Annite here. l ( 1
Ul | Hello Annie, could you give me the REJECT ’ -4.84 j

information on a meeting I have tomorrow? | !
A2 | What was that? i
U2 | Ineed to find out uh, a meeting time and REJECT -4.20

place. Kim sent me a message on it
A3 | For all options say help me out ’ *]
U3 | Help me out ’ REJECT ( -6.35 1
A4 | Annie here ( / 1
U4 | Help. Help. l -1.74 1
A5 | Help. Say call or say send a message, help

followed by a label or a number Or say get

my messages
U5 | Get messages(user interrupts AS get me sips -3.33 W
A6 Speech and Image Processing Lab.
U6 | Help help -1.78 ;{
A7 | Help. Say the first and last name ... 1
U7 | Kim. Annie -3.81 j




are in the last two columns of Figure 1. These confidence measures are based on the
recognizer’s language and acoustic models. The confidence scores are typically used by
the system to decide whether it believes it has correctly understood the user’s utterance.
When the confidence score falls below a thréshold defined for each system, the utterance
is considered a rejection (e.g., utterances U1, U2, and U3 in D1). Note that since our
classification problem is defined by speech recognition performance, it might be argued
that this confidence feature (or features derived from it) suffices for accurate
classification. However, an examination of the transcript in D1 suggests that other useful
features might be derived from global or high-level properties of the dialogue history,
such as features representing the system’s repeated use of diagnostic error messages
(utterances A2 and A3), or the user’s repeated requests for help (utterances U4 and Ué).
Although the work presented here focuses exclusively on the problem of automatically
detecting poor speech recognition, a solution to this problem clearly suggests system
reaction, such as the stratégy changes mentioned above. In this paper, we re-port on our
initial experiments, with particular attention paid to the problem definition and
methodology, the best performance we obtain via a machine learning approach, and the
performance differences between classifiers based on acoﬁstic and higher-level dialogue

features.



2 Systems, Data, Methods

The learning experiments that we describe here use the machine learning program
RIPPER (Co-hen,1996) to automatically induce a “poor speech recognition performance”
classification model from a corpus of spoken dialogues.l RIPPER (like other learning
programs, such as C5.0 and CART) takes as input the names of a set of classes to be
learned, the names and possible values of a fixed set of features, training data specifying
the class and feature values for each example in a training set, and out-puts a classification
model for predicting the class of future examples from their feature representation. In
RIPPER, the classification model is learned using greedy search guided by an information
gain metric, and is expressed as an ordered set of if-then rules. We use RIPPER for our
experiments because it sup-ports the use of “set-valued” features for representing text, and
because if-then rules are often easier for people to understand than decision trees (Quin-
1an,1993). Below we describe our corpus of dialogues, the assignment of classes to each
dialogue, the extraction of features from each dialogue, and our learning experiments.
Corpus: Our corpus consists of a set of 544 dialogues (over 40 hours of speech) between
humans and one of three dialogue systems: ANNIE (Kammet al., 1998), an agent for
voice dialing and messaging; ELVIS (Walker et al., 1998b), an agent for accessing email;
and TOOT (Litman and Pan,1999), an agent for accessing online train schedules. Each
agent was implemented using a general-purpose platform for phone-based spoken
dialogue systems (Kamm et al.,1997). The dialogues were obtained in controlled

experiments designed to evaluate dialogue strategies for each agent. The exper-1 We also



ran experiments using the machine learning pro-gram BO‘OSTEXTER‘ (Schapire and
Singer, To appear), with results similar to those presented below. Elements required users
to complete aset of application tasks in conversations with a particular version of the
agent. The experiments resulted in both a digitized recording and an automatically
produced sys-tem log for each dialogue.

Class Assignment: Our corpus is used to construct the machine learning classes as
follows. First, each utterance that was not réjected by automatic speech recognition
(ASR) was manually labeled as to whether it had been semantically misrecognize or not.2
This was done by listening to the recordings while examining the corresponding system
log. If the recognizer’s output did not correctly capture the task-related information in
the utterance, it was labeled as a misrecognition. For example, in Figure 1 U4 and Usé
would be labeled as correct recognition’s,

while U5 and U7 would be labeled as misrecognitions.

Note that our labeling is semantically based; if U5 had been recognized as “play
messages”(which invokes the same application command as “get messages”), then U5
would have beenlabeled as a correct recognition. Although this labeling needs to be done
manually, the labeling is based on objective criteria. Next, each dialogue was assigned a
class of either good or bad, by thresholding on the percentage of user utterances that were
labeled as ASR semantic misrecognitions. We use a threshold of 11% to balance the
classes in our corpus, yielding 283 good and 261 bad dialogues.3 Our classes thus reflect
relative goodness with respect to a corpus. Dialogue D1 in Figure 1 would be classified as

“bad”, be-cause U5 and U7 (29% of the user utterances) are misrecognized.



Feature Extraction: Our corpus is used to construct the machine learning features
as follows. Each dialogue is represented in terms of the 23 primitive features in Figure 2.
In RIPPER, feature values are continuous (numeric), set-valued, or symbolic. Feature
values were automatically computed from system logs, based on five types of knowledge
sources: acoustic, dialogue efficiency, dialogue quality, experimental parameters, and
lexical. Previous work correlating misrecognition rate with acoustic information, as well
as our own 2 These utterance labeling were produced during a previous set of
experiments investigating the performance evaluation of spoken dialogue systems
(Walker et al., 1997; Walker et al., 1998a; Walker et al., 1998b; Kamm et al., 1998; Litman
et al.,1998; Litman and Pan, 1999). This threshold is consistent with a threshold inferred

from human judgements (Litman, 1998).

Figure 2: Features for spoken dialogues.
Acoustic Features
mean confidence, pmisrecs%1, pmisrecs%2, pmis-recs%3, pmisrecs%#4
Dialogue Efficiency Features
elapsed time, system turns, user turns
Dialogue Quality Features
rejections, timeouts, helps, cancels, bargeins (raw) rejection%, timeout%, help%,
cancel%, bargein% (nor-malized)
Experimental Parameters Features

system, user, task, condition



Lexical Features -

ASR text
The acoustic, dialogue efficiency, and dialogue quality features are all numeric-valued.
The acoustic features are computed from each utterance’s confidence (log-likelihood)
scores (Zeljkovic,1996). Mean confidence represents the average log-likelihood score for
utterances not rejected during ASR. The four pmisrecs% (predicted percentage of
misrecognitions) features represent different (cbarse) approximations to the distribution
of log-likelthood scores in the dialogue. Each pmis-recs% feature uses a fixed threshold
value to predict whether a non-rejected utterance is actually a misrecognition, then
computes the percentage of user utterances in the dialogue that correspond to these
predicted misrecognitions. (Recall that our dialogue
classifications were determined by thresholding on the percentage of actual
misrecognitions.) For in-stance, pmisrecs%1 predicts that if a non-rejected utterance has a
confidence score below then it is a misrecognition. Thus in Figure 1, utterances U5 and
U7 would be predicted as misrecognitions using this threshold. The four thresholds used
for the four pmisrecs% features are -1,-3,-4,-5, and were chosen by hand from the entire
data set to be informative.
The dialogue efficiency features measure how quickly the dialogue is concluded, and
include elapsed time (the dialogue length in seconds), and system turns and wuser turns (the

number of turns for each dialogue participant).



Figure 3: Feature representation of dialogue D1.

Mean pmisrecs | pmisrecs | pmisrecs -| pmusrecs | Elapsed | system | user
confiden | %1 %2 %3 %4 time turns turns

ce

2.7 29 29 0 0 300 7 7 1

The dialogue quality features attempt to capture aspects of the naturalness of the
dialogue. Rejections represents the number of times that the sys-tem plays special rejection
prompts, e.g., utterances A2 and A3 in dialogue D1. This occurs whenever the ASR
confidence score falls below a threshold associated with the ASR grammar for each
system state (where the threshold was chosen by the system designer). The rejections
feature differs from the pmisrecs% features in several ways. First, the pmis-recs%
thresholds are used to determine misrecognitions rather than rejections. Second, the
pmusrecs% thresholds are fixed across all dialogues and are not dependent on system state.
Third, a system rejection event directly influences the dialogue via the rejection prompt,
while the pmisrecs% thresholds have no corresponding behavior. Timeouts represents the
number of times that the system plays special timeout prompts because the user hasn’t
responded within a pre-specified time frame. Helps represents the number of times that
the system responds to a user request with a (context-sensitive) help message. Cancels

represents the number of user’s requests to undo the system’s previous action. Bargeins

represents the number of user attempts to interrupt the system while it is speaking.4 In



addition to raw counts, each feature is represented in normalized form by expressing the
feature as a percentage. For example, rejection% represents the number of rejected user
utterances divided by the total number of user utterances. In order to test the effect of
having the maximum amount of possibly relevant information available, we also included
a set of features describing the experimental parameters for each dialogue (even though
we don’t expect rules incorporating such features to generalize). These features capture
the conditions under which each dialogue waé col-4 Since the system automatically
detects when a bargain occurs, this feature could have been automatically logged. How-
ever, because our system did not log bargains, we had to hand-label them. The
experimental parameters features each have a different set of user-defined symbolic
values. For example, the value of the feature system is either “annie”, “elvis”, or “toot”,
and gives RIPPER the option of producing rules that are system-dependent. The lexical
feature ASR text is set-valued, and represents the transcript of the user’s utterances as
output by the ASR component.

Learning Experiments: The final input for learning is training data, ie., a
representation of a set of dialogues in terms of feature and class values. In order to induce
classification rules from a variety of feature representations our training data is rep-
resented differently in different experiments. Our learning experiments can be roughly
categorized as follows. First, examples are represented using all of the features in Figure 2
(to evaluate the optimal level of performance). Figure 3 shows how Dialogue D1 from
Figure 1 is represented using all 23 features. Next, examples are represented using only

the features in a single knowledge source (to comparatively evaluate the utility of each



knowledge source for classification), as well as using features from two or more
knowledge sources (to gain insight into the interactions between knowledge sources).
Finally, examples are represented using feature sets corresponding to hypotheses in the
literature (to empirically test theoretically motivated proposals). The output of each
machine learning experiment is a classification model learned from the training data. To
evaluate these results, the error rates of the learned classification models are estimated
using the re sampling method of cross-validation (\Weiss

and Kulikowski, 1991). In 25-fold cross-validation, the total set of examples is randomly
divided into 25 disjoint test sets, and 25 runs of the learning pro-gram are performed.
Thus, each run uses the examples not in the test set for training and the remaining
examples for testing. An estimated error rate is obtained by averaging the error rate on

the testing



3 Results

Summarizes our most interesting experimental results. For each feature set, we
report accuracy rates and standard errors resulting from cross validation.5 It is clear
that performance depends on the features that the classifier has available. The
BASELINE accuracy rate results from simply choosing the majority class, which in
this case means predicting that the dialogue is always “good”. This leads to a 52%
BASELINE accuracy. The REJECTION% accuracy rates arise from a classifier that
has access to the percentage of dialogue utterances in which the system played a
rejection message to the user. Previous research suggests that this acoustic feature
predicts misrecognitions because users modify their pronunciation in response to
system rejection messages in such a way as to lead to further misunderstandings
However, despite our expectations,

The REJECTION% accuracy rate is not better than the BASELINE at our desired
level of statistical significance. Using the EFFICIENCY features does improve the
performance of the classifier significantly above the BASELINE (61%). These features,
however, tend to reflect the particular experimental tasks that the users were doing. The
EXP-PARAMS (experimental parameters) features are even more specific to this dialogue
corpus than the efficiency features: these features consist of the name of the system, the
experimen-5 Accuracy rates are statistically significantly different when the accuracles

plus or minus twice the standard error do not overlap Since with the exception of the



experimental condition these features are specific to this corpus, we-wouldn’t expect
them to generalize.
Figure 4: EXP-PARAMS rules.

if (condition = mixed) then bad

if (system = toot) then bad

if (condition = novices without tutorial) then bad

default is good

~ The normalized DIALOGUE QUALITY features result in a similar
improvement in performance(65.9%).6 However, unlike the efficiency and experimental
parameters features, the normalization of the dialogue quality features by dialogue length
means that rules learned on the basis of these features are more likely to generalize.
Adding the efficiency and normalized quality feature sets together (EFFICIENCY +
NORMALIZED QUALITY) results in a significant performance improvement (69.7%)
over EFFICIENCY alone. Figure
5 shows that this results in a classifier with three rules: one based on quality alone
(percentage
of cancellations), one based on efficiency 6 The normalized versions of the quality
features did better than the raw versions. alone (elapsed time), and one that consists of a
Boolean combination of efficiency and quality features (elapsed time and percentage of
rejec_tions). The learned ruleset says that if the percentage of cancellations is greater than

6%, classify the dialogue as bad; if the elapsed time is greater than 282 seconds, and the



percentage of rejections is greater than 6%, classify it as bad; if the elapsed time is less
than 90 seconds, classify it as bad 7 ; otherwise classify it as good. When multiple rules are
applicable, RIPPER resolves any potential conflict by using the class that comes first in

the ordering; when no rules are applicable, the default is used.

Figure 5: EFFICIENCY + NORMALIZED QUALITY
if (cancel% > =6) then bad |
if (elapsed time > =282 secs)A(rejection% > 6) then bad
if (elapsed time <90 secs) then bad

default is good

We discussed our acoustic REJECTION% results above, based on using the rejection
thresholds that each system was actually run with. However, a posthoc analysis of our
experimental data showed that our systems could have rejected substantially more
misrecognitions with a rejection threshold that was lower than the thresholds picked by
the sys-tem designers. (Of course, changing the thresh-olds in this way would have also
increased the number of rejections of correct ASR outputs.) Re-call that the PMISRECS%
experiments explored the use of different thresholds to predict misrecognitions. The best
of these acoustic thresholds was PMISRECS%3, with accuracy 72.6%. This classifier
learned that if the predicted percentage of misrecognitions using the threshold for that

feature was greater than 8%, then the dialogue was predicted to be bad, otherwise it was

good. This classifier per-forms significantly better than the BASELINE, RE-JECTION%



and EFFICIENCY classifiers. Similarly, MEAN CONFIDENCE is another acoustic
feature, which averages confidence scores over all the non-rejected utterances in a
dialogue. Since this feature is not tuned to the applications, we did not expect it to
perform as well as the best PMISRECS% feature. However, the accuracy rate 7 This rule
indicates dialogues too short for the user to have completed the task. Note that this rule
could ﬁot be applied to adapting the system’s behavior during the course of the dialogue.
for the MEAN CONFIDENCE classifier (68.4%) is not statistically different than that for
the PMIS-RECS% 3 classifier. Furthermore, since the feature does not rely on picking an
optimal threshold, it could be expected to better generalize to new dialogue situations.
The classifier trained on (noisy) ASR lexical out-put (ASR TEXT) has access only to the
speech recognizer’s interpretation of the user’s utterances. The ASR TEXT classifier
achieves 72% accuracy, which is significantly better than the BASELINE, REJEC-TION%
and EFFICIENCY classifiers. Figure 6 shows the rules learned from the lexical feature
alone. The rules include lexical items that clea-rly indicate that a user is having trouble e.g.
help and cancel. They also include lexical items that identify particular tasks for particular
systems, e.g. the lexical item p-m identifies a task in TOOT.
Figure 6: ASR TEXT rules.

if (ASR text contains cancel) then bad

if (ASR text contains the) *(ASR text contains get)(ASR textcontains TIMEOUT)

then bad

if (ASR text contains today)”™(ASR text contains on) then bad

if (ASR text contains the)*(ASR text contains p-m) then bad



if (ASR text contains to) then bad

if (ASR text contains help)”(ASR text contains the)*(ASR text contains read) then
bad

if (ASR text contains help)”(ASR text contains previous) then bad

if (ASR text contains about) then bad

if (ASR text contains change-strategy) then bad

default is good

Note that the performance of many of the classifiers is statistcally
indistinguishable, e.g. the performance of the ASR TEXT classifier is virtually identical to
the classifier PMISRECS%3 and the EF-FICIENCY + QUALITY + EXP-PARAMS
classifier. The similarity between the accuracies for a range of classifiers suggests that the
information provided by different feature sets is redundant. As discussed above, each
system and experimental condition resulted in dialogues that contained lexical items that
were unique to it, making it possible to identify experimental conditions from the lexical
items alone. Figure 7 shows the rules that RIPPER learned when it had access to all the
features except for the lexical and acoustic features. In this case, RIPPER learns some
rules that are specific to the TOOT system. Finally, the last row of Figure 4 suggests that
a classifier that has access to ALL FEATURES may do better (77.4% accuracy) than

those classifiers that



Figure 8: EFFICIENCY + QUALITY + EXP-PARAMS rules.
if (cancel% > 4)"(system = toot) then bad
if (systemturns > 26)"(rejection% > 5 ) then bad
if (condition = mixed)”*(user turns > 12 ) then bad
if (system = toot)”*(user turns > 14 ) then bad
if (cancels > 1)*(timeout% > 11 ) then bad

if (elapsed time < 87 secs) then bad

default is good

This supports the conclusion that different feature sets provide redundant information,
and could be substituted for each other to achieve the same performance. However, the
ALL FEATURES classifier does perform significantly better than the EXP-PARAMS,
DIALOGUE QUALITY (NORMALIZED), and MEAN CONFIDENCE classifiers.
Figure 8 shows the decision rules that ‘the ALL FEATURES classifier learns.
Interestingly, this classifier does not find the features based on experimental parameters
to be good predictors when it has other features to choose from. Rather it combines

features representing acoustic, efficiency, dialogue quality and lexical information.



Figure 9: ALL FEATURES rules
if (mean confidence <-2.2)*(pmisrecs%4 > 6 ) then bad
if (pmisrecs%3 >7 )" (ASR text contains yes)"(mean confidence
<-1.9) then bad
if (cancel% > 4) then bad
if (system turns >29 )*(ASR text contains message) then bad
if (elapsed time < 90) then bad

default is good



4 Discussion

The experiments presented here establish several findings. First, it is possible to
give an objective definition for poor spee.ch recognition at the dialogue level, and to
apply machine learning to build classifiers detecting poor recognition solely from features
of the system log. Second, with appropriate sets of features, these classifiers significantly
outperform the baseline percentage of the ‘majority class. Third, the comparable
performance of classifiers constructed from rather different feature sets (such as acoustic
and lexical features) suggest that there is some redundancy between these feature sets (at
least with respect to the task). Fourth, the fact that the best estimated accuracy was
achiéved using all of the features suggests that even problems that seem inherently
acoustic may best be solved by exploiting higher-level information. This work differs
from previous work in focusing on behavior at the (sub)dialogue level, rather than on
identifying single misrecognitions at the utterance level (Smith, 1998; Levow, 1998; van
Zanten,1998). The rationale is that a single misrecognition may not warrant a global
change in dialogue strategy, whereas a user’s repeated problems communicating with the
system might warrant such a change. While we are not aware of any other work that has
applied machine learning to detecting patterns suggesting that the user is having problems
over the course of a dialogue, (Levow, 1998) has applied machine learning to identifying
single misrecognitions. We are currently extending our feature set to include acoustic-
prosodic features such as those used by Levow, in order to predict misrecognitions at

both the dialogue level as well as the utterance level. We are also interested in the



extension and generalization of our findings in a number of additiorial directions. In
other experiments, we demonstrated the utility of allowing the user to dynamically adapt
the system’s dialogue strategy at any point(s) during a dialogue. Our results show that
dynamic adaptation clearly improves system performance, with the level of improvement
sometimes a function of the system’s initial dialogue strategy (Litman and Pan, 1999).
Our next step is to incorporate classifiers such as those presented in this paper into a
system in order to support dynamic adaptatioﬂ according to recognition performance.
Another area for future work would be to explore the utility of using alter-native
methods for classifying dialogues as good or bad. For example, the user satisfaction
measures we collected in a series of experiments using the PAR-ADISE evaluation
framework (Walker et al., 1998c) could serve as the basis for such an alternative
classification scheme. More generally, in the same way that learning methods have found
widespread use in speech processing and other fields where large corporaare available, we
believe that the construction and analysis of s;poken dialogue systems is a ripe domain for

machine learning applications.
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Abstract

Miscommunication in speech recognition sys-
tems is unavoidable, but a detailed character-
ization of user corrections will enable speech
systems to identify when a correction is taking
place and to more accurately recognize the con-
tent of correction utterances. In this paper we
investigate the adaptations of users when they
encounter recognition errors in interactions with
a voice-in/voice-out spoken language system. In
analyzing more than 300 pairs of original and re-
peat correction utterances, matched on speaker
and lexical content, we found overall increases
in both utterance and pause duration from orig-
inal to correction. Interestingly, corrections of
misrecognition errors (CME) exhibited signifi-
cantly heightened pitch variability, while cor-
rections of rejection errors (CRE) showed only a
small but significant decrease in pitch minimum.
CME’s demonstrated much greater increases in
measures of duration and pitch variability than
CRE’s. These contrasts allow the development
of decision trees which distinguish CME’s from
CRE’s and from original inputs at 70-75% ac-
curacy based on duration, pitch, and amplitude
features.

1 Introduction

The frequent recognition errors which plague
speech recognition systems present a signifi-
cant barrier to widespread acceptance of this
technology. The difficulty of correcting sys-
tem misrecognitions is directly correlated with
user assessments of system quality. The in-
creased probability of recognition errors imme-
diately after an error compounds this prob-
lem. Thus, it becomes crucially important
to characterize the differences between origi-
nal utterances and user corrections of system
recognition failures both in order to recognize

when a user attempts a correction, indicating a
prior recognition €rror, and to improve recogni-
tion accuracy on these problematic utterances.
Analysis of data drawn from a field trial of
a telephone-based voice-in/voice-out conversa-
tional system demonstrates significant differ-

_ences between original inputs and corrections in

measures of duration, pause, and pitch. These
differences in turn aid in the development of de-
cision trees which distinguish between new in-
put and user corrections.

2 QOverview

We begin by describing the framework in which
the utterances used for these experiments were
collected. We then describe the acoustic fea-
tures used in the data analysis and decision tree
design and motivate this choice by considering
some related work. A report of the results of the
descriptive analysis follows and demonstrates
the significant differences among original inputs
and different types of corrections. We then turn
to the issues involved in the actual construction
and assessment of decision trees which identify
spoken corrections. The best of these classi-
fiers achieves 75% success rates. Finally, we
conclude with a plan to use these results to
improve recognition accuracy ou spoken correc-
tions and ease recovery from human-computer
miscommunication.

3 System, Subjects, and Errors

The utterances used in the design and analy-
sis of the decision tree classifiers were drawn
from approximately 60 hours of user interac-
tions in a field trial of the Sun Microsystems
SpeechActs system (Yankelovich et al, 1995).
SpeechActs provides a voice-only interface to
common desktop applications such as e-mail,
calendar, weather reports, stock quotes, and



time and currency conversions. The system
allows conversational interactions with speech
recognition provided by BBN’s HARK recog-
nizer and speech synthesis through Centigram’s
TruVoice system. A sample interaction appears
below.
SpeechActs: You have 14 new messages and
47 old messages. The first new
message is from Eric Baatz
regarding "report completed.”

User: Let me hear it.

SpeechActs: "The first draft is ready for
your comments. Eric.”

User: Reply and include current message.

SpeechActs: Preparing message to Eric Baatz.
Begin recording after the tone.
When finished, pause several seconds.

User: Eric, I'll get those to you '
this afternoon.

SpeechActs: Say cancel, send, or review.

User: Send.

SpeechActs: Message sent. What now?

User: Next message.

SpeechActs: New message two from Stuart
Adams, subject ”Can we meet at
3:00 today?”

User: Switch to calendar...

The field trial involved a group of nineteen
subjects. Four of the participants were members
of the system development staff, fourteen were
volunteers drawn from Sun Microsystems’ staff,
and a final class of subjects consisted of one-
time guest users There were three female and
sixteen male subjects.

All interactions with the system were
recorded and digitized in standard telephone
audio quality format at 8kHz sampling in 8-bit
mu-law encoding during the conversation. In
addition, speech recognition results, parser re-
sults, and synthesized responses were logged. A
paid assistant then produced a correct verbatim
transcript of all user utterances and, by compar-
ing the transcription to the recognition results,
labeled each utterance with one of four accuracy
codes as described below.

OK: recognition correct; action correct

Error Minor: recognition not exact; action correct

Error: recognition incorrect; action incorrect

Rejection: no recognition result; no action

Overall there were 7752 user utterances
recorded, of which 1961 resulted in a label of ei-
ther "Error’ or 'Rejection’, giving an error rate

‘of 25%. 1250 utterances, almost two-thirds of

the errors, produced outright rejections, while
706 errors were substitution misrecognitions.
The remainder of the errors were due to sys-
tem crashes or parser errors. The probability
of experiencing a recognition failure after a cor-
rect recognition was 16%, but immediately after
an incorrect recognition it was 44%, 2.75 times
greater. This increase in error likelihood sug-
gests a change in speaking style which diverges
from the recognizer’s model. The remainder
of this paper will identify common acoustic
changes which characterize this error correction
speaking style. This description leads to the de-
velopment of a decision tree classifier which can
label utterances as corrections or original input.

4 Related Work

Since full voice-in/voice-out spoken language
systems have only recently been developed, lit-
tle work has been done on error correction di-
alogs in this context. Two areas of related re-
search that have been investigated are the iden-
tification of self-repairs and disfiuencies, where
the speaker self-interrupts to change an utter-
ance in progress, and some preliminary efforts
in the study of corrections in speech input.

In analyzing and identifying self-repairs,
(Bear et al., 1992) and (Heeman and Allen,
1994) found that the most effective methods
relied on identifying shared textual regions be-
tween the reparandum and the repair. However,
these techniques are limited to those instances
where a reliable recognition string is available;
in general, that is not the case for most speech
recognition systems currently available. Alter-
native approaches described in (Nakatani and
Hirschberg, 1994) and (Shriberg et al., 1997),
have emphasized acoustic-prosodic cues, includ-
ing duration, pitch, and amplitude as discrimi-
nating features.

The few studies that have focussed on spoken
corrections of computer misrecognitions, (Ovi-
att et al., 1996) and (Swerts and Ostendorf,
1995), also found significant effects of duration,
and in Oviatt et al., pause insertion and length-



ening played a role. However, in only one of
these studies was input “conversational”, the
other was a form-filling application, and nei-
ther involved spoken system responses, relying
instead on visual displays for feedback, with po-
tential impact on speaking style.

5 Error Data, Features, and
Examples

For these experiments, we selected pairs of ut-
terances: the first (original) utterance is the
first attempt by the user to enter an input or
a query; the second (repeat) follows a system
recognition error, either misrecognition or re-
jection, and tries to correct the mistake in the
same words as the original. For example,

SYSTEM SAID: Please say mail, calendar,
weather, stock quotes or
start over to begin again.

USER SAID:MAIL

SYSTEM HEARD: MAIL

CODE: OK

SYSTEM SAID:  Switching to mail.
Your first message is ..

USER SAID:Read message four eight nine

SYSTEM HEARD: “nothing”

CODE: Rejection

SYSTEM SAID: Sorry ?

USER SAID:Read message four eight nine

SYSTEM HEARD: “nothing”

CODE: Rejection

SYSTEM SAID:  Still no luck. Speak clearly,
but don'’t over emphasize .

USER SAID:Go to message four eight nine

SYSTEM HEARD: Go to message four
please umm

CODE: ERROR

SYSTEM SAID: I heard goto new message 4.

In total, there were 302 of these original-repeat
pairs: 214 resulting from rejections, and 88 from
misrecognitions.

Following (Oviatt et al., 1996), (Shriberg et
al., 1997), and (Ostendorf et al., 1996), we
coded a set of acoustic-prosodic features to de-
scribe the utterances. These features fall into
four main groups: durational, pause, pitch, and
amplitude. We further selected variants of these
feature classes that could be scored automati-
cally, or at least mostly automatically with some
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Figure 1. A lexically matched pair where the
repeat (bottom) has an 18% increase in total
duration and a 400% increase in pause duration.

minor hand-adjustment. We hoped that these

- features would be available during the recog-

nition process so that ultimately the original-
repeat correction contrasts would be identified
automatically.

5.1 Duration

The basic duration measure is total utterance
duration. This value is obtained through a two-
step procedure. First we perform an automatic
forced alignment of the utterance to the ver-
batim transcription text using the OGI CSLU
CSLUsh Toolkit (Colton, 1995). Then the
alignment is inspected and, if necessary, ad-
Jjusted by hand to correct for any errors, such
as those caused by extraneous background noise
or non-speech sounds. A typical alignment ap-
pears in Figure 1. In addition to the sim-
ple measure of total duration in milliseconds,
a number of derived measures also prove useful.
Some examples of such measures are speaking
rate in terms of syllables per second and a ra-
tio of the actual utterance duration to the mean
duration for that type of utterance.

5.2 Pause

A pause is any region of silence internal to an
utterance and longer than 10 milliseconds in du-
ration. Silences preceding unvoiced stops and
affricates were not coded as pauses due to the
difficulty of identifying the onset of consonants
of these classes. Pause-based features include
number of pauses, average pause duration, total
pause duration, and silence as a percentage of
total utterance duration. An example of pause



Figure 2: Contrasting Falling (top) and Rising
(bottom) Pitch Contours

insertion and lengthening appear in Figure 1.

5.3 Pitch

To derive pitch features, we first apply the
FO (fundamental frequency) analysis function
from the Entropic ESPS Waves+ system (Se-
crest and Doddington, 1993) to produce a basic
pitch track. Most of the related work reported
above had found relationships between the mag-
nitude of pitch features and discourse function
rather than presence of accent type, used more
heavily by (Pierrehumbert and Hirschberg,
1990), (Hirschberg and Litman, 1993). Thus,
we chose to concentrate on pitch features of the
former type. A trained analyst examines the
pitch track to remove any points of doubling or
halving due to pitch tracker error, non-speech
sounds, and excessive glottalization of > 5 sam-
ple points. We compute several derived mea-
sures using simple algorithms to obtain FO max-
imum, FO minimum, F0 range, final FO contour,
slope of maximum pitch rise, slope of maximum
pitch fall, and sum of the slopes of the steep-
est rise and fall. Figure 2 depicts a basic pitch
contour.

5.4 Amplitude

Amplitude, measuring the loudness of an utter-
ance, is also computed using the ESPS Waves+
system. Mean amplitudes are computed over
all voiced regions with amplitude > 30dB. Am-
plitude features include utterance mean ampli-
tude, mean amplitude of last voiced region, am-
plitude of loudest region, standard deviation,
and difference from mean to last and maximum
to last.

6 Descriptive Acoustic Analysis

Using the features described above, we per-
formed some initial simple statistical analyses
to identify those features which would be most
useful in distinguishing original inputs from re-
peat corrections, and corrections of rejection er-
rors (CRE) from corrections of misrecognition
errors (CME). The results for the most inter-
esting features, duration, pause, and pitch, are
described below.

6.1 Duration

Total utterance duration is significantly greater
for corrections than for original inputs. In ad-
dition, increases in correction duration relative
to mean duration for the utterance prove signif-
icantly greater for CME’s than for CRE’s.

. 6.2 Pause

Similarly to utterance duration, total pause
length increases from original to repeat. For
original-repeat pairs where at least one pause
appears, paired t-test on log-transformed data
reveal significantly greater pause durations for
corrections than for original inputs.

6.3 Pitch

While no overall trends reached significance for
pitch measures, CRE’s and CME’s, when con-
sidered separately, did reveal some interesting
contrasts between corrections and original in-
puts within each subset and between the two
types of corrections. Specifically, male speakers
showed a small but significant decrease in pitch
minimum for CRE’s.

CME’s produced two unexpected results.
First they displayed a large and significant in-
crease in pitch variability from original to re-
peat as measured the slope of the steepest rise,
while CRE’s exhibited a corresponding decrease
rising slopes. In addition, they also showed sig-
nificant increases in steepest rise measures when
compared with CRE’s.

7 Discussion

The acoustic-prosodic measures we have exam-
ined indicate substantial differences not only be-
tween original inputs and repeat corrections,
but also between the two correction classes,
those in response to rejections and those in re-
sponse to misrecognitions. Let us consider the
relation of these results to those of related work



and produce a more clear overall picture of spo-
ken correction behavior in human-computer di-
alogue.

7.1 Duration and Pause:
Conversational to Clear Speech

Durational measures, particularly increases in
duration, appear as a common phenomenon
among several analyses of speaking style
[ (Oviatt et al., 1996), (Ostendorf et al.,
1996), (Shriberg et al., 1997)]. Similarly, in-
creases in number and duration of silence re-
gions are associated with disfluencies (Shriberg
et al., 1997), self-repairs (Nakatani and
Hirschberg, 1994), and more careful speech
(Ostendorf et al., 1996) as well as with spo-
ken corrections (Oviatt et al., 1996). These
changes in our correction data fit smoothly into
an analysis of error corrections as invoking shifts
from conversational to more “clear” or “careful”
speaking styles. Thus, we observe a parallel be-
tween the changes in duration and pause from
original to repeat correction, described as con-
versational to clear in (Oviatt et al., 1996),
and from casual conversation to carefully read
speech in (Ostendorf et al., 1996).

7.2 Pitch

Pitch, on the other hand, does not fit smoothly
into this picture of corrections taking on clear
speech characteristics similar to those found in
carefully read speech. First of all, (Ostendorf
et al.,, 1996) did not find any pitch measures
to be useful in distinguishing speaking mode
on the continuum from a rapid conversational
style to a carefully read style. Second, pitch
features seem to play little role in corrections of
rejections. Only a small decrease in pitch min-
imum was found, and this difference can easily
be explained by the combination of two simple
trends. First, there was a decrease in the num-
ber of final rising contours, and second, there
were increases in utterance length, that, even
under constant rates of declination, will yield
lower pitch minima. Third, this feature pro-
duces a divergence in behavior of CME’s from
CRE’s.

While CRE’s exhibited only the change in
pitch minimum described above, corrections of
misrecognition errors displayed some dramatic
changes in pitch behavior. Since we observed
that simple measures of pitch maximum, min-

imum, and range failed to capture even the
basic contrast of rising versus falling contour,
we cxtended our feature set with measures of
slope of rise and slope of fall. These mea-
sures may be viewed both as an attempt to
create a simplified form of Taylor’s rise-fall-

continuation model (Taylor, 1995) and as an

attempt to provide quantitative measures of
pitch accent. Measures of pitch accent and con-
tour had shown some utility in identifying cer-
tain discourse relations [ (Pierrehumbert and
Hirschberg, 1990), (Hirschberg and Litman,
1993). Although changes in pitch maxima and
minima were not significant in themselves, the
increases in rise slopes for CME’s in contrast to
flattening of rise slopes in CRE’s combined to
form a highly significant measure. While not

_defining a specific overall contour as in (Tay-

lor, 1995), this trend clearly indicates increased
pitch accentuation. Future work will seek to de-
scribe not only the magnitude, but also the form
of these pitch accents and their relation to those
outlined in (Pierrehumbert and Hirschberg,
1990).

7.3 Summary

It is clear that many of the adaptations asso-
ciated with error corrections can be attributed
to a general shift from conversational to clear
speech articulation. However, while this model
may adequately describe corrections of rejection
errors, corrections of misrecognition errors ob-
viously incorporate additional pitch accent fea-
tures to indicate their discourse function. These
contrasts will be shown to ease the identification
of these utterances as corrections and to high-
light their contrastive intent.

8 Decision Tree Experiments

The next step was to develop predictive classi-
fiers of original vs repeat corrections and CME’s
vs CRE’s informed by the descriptive analysis
above. We chose to implement these classifiers
with decision trees (using Quinlan’s (Quinlan,
1992) C4.5) trained on a subset of the original-
repeat pair data. Decision trees have two fea-
tures which make them desirable for this task.
First, since they can ignore irrelevant attributes,
they will not be misled by meaningless noise in
one or more of the 38 duration, pause, pitch,
and amplitude features coded. Since these fea-
tures are probably not all important, it is desir-



able to use a technique which can identify those
which are most relevant. Second, decision trees
are highly intelligible; simple inspection of trees
can identify which rules use which attributes
to arrive at a classification, unlike more opaque
machine learning techniques such as neural nets.

8.1 Decision Trees: Resulfé &
Discussion

The first set of decision tree trials attempted
to classify original and repeat correction utter-
ances, for both correction types. We used a set
of 38 attributes: 18 based on duration and pause
measures, 6 on amplitude, five on pitch height
and range, and 13 on pitch contour. Trials were
made with each of the possible subsets of these
four feature classes on over 600 instances with
seven-way cross-validation. The best results,
33% error, were obtained using attributes from
all sets. Duration measures were most impor-
tant, providing an improvement of at least 10%
in accuracy over all trees without duration fea-
tures.

The next set of trials dealt with the two er-
ror correction classes separately. One focussed
on distinguishing CME’s from CRE’s, while
the other concentrated on differentiating CME’s
alone from original inputs. The test attributes
and trial structure were the same as above. The
best error rate for the CME vs. CRE classi-
fier was 30.7%, again achieved with attributes
from all classes, but depending most heavily on
durational features. Finally the most success-
ful decision trees were those separating original
inputs from CME’s. These trees obtained an
accuracy rate of 75% (25% error) using simi-
lar attributes to the previous trials. The most
important splits were based on pitch slope and
durational features. An exemplar of this type
of decision tree in shown below.
normdurationl > 0.2335 : r (39.0/4.9)
normdurationl <= 0.2335 :
Inormduration2 <= 20.471 :
| Inormduration3 <= 1.0116 :

| | Inormdurationl > -0.0023 : o (51/3)
Inormdurationl <= -0.0023 :
| pitchslope > 0.265 : o (19/4))

pitchslope <= 0.265 :
pitchlastmin <= 25.2214:r(11/2)
pitchlastmin > 25.2214:

| minslope <= -0.221:r(18/5)

[1111 minslope > -0.221:0(15/5)
|normduration3 > 1.0116 :

| Inormdurationd4 > 0.0615 :
| Inormduration4 <= 0.0615 :
|

|

r (7.0/1.3)

| Inormduration3 <= 1.0277 :
| Inormduration3 > 1.0277 :
|normduration?2 > 20.471

|| pitchslope <= 0.281
|| pitchslope > 0.281

l
|
l
|
l
I

i r (24.0/3.7)
;o0 (7.0/2.4)

These decision tree results in conjunction
with the earlier descriptive analysis provide ev-
idence of strong contrasts between original in-
puts and repeat corrections, as well as between
the two classes of corrections. They suggest that
different error rates after correct and after erro-

‘neous recognitions are due to a change in speak-

ing style that we have begun to model.

In addition, the results on corrections of mis-
recognition errors are particularly encouraging.
In current systems, all recognition results are
treated as new input unless a rejection occurs.
User corrections of system misrecognitions can
currently only be identified by complex reason-
ing requiring an accurate transcription. In con-
trast, the method described here provides a way
to use acoustic features such as duration, pause,
and pitch variability to identify these particu-
larly challenging error corrections without strict
dependence on a perfect textual transcription
of the input and with relatively little computa-
tional effort.

9 Conclusions & Future Work

Using acoustic-prosodic features such as dura-
tion, pause, and pitch variability to identify er-
ror corrections in spoken dialog systems shows
promise for resolving this knotty problem. We
further plan to explore the use of more accu-
rate characterization of the contrasts between
original and correction inputs to adapt standard
recognition procedures to improve recognition
accuracy in error correction interactions. Help-
ing to identify and successfully recognize spoken
corrections will improve the ease of recovering
from human-computer miscommunication and
will lower this hurdle to widespread acceptance
of spoken language systems.

r (8.0/3.5)
o (19.0/8.0)
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