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Speech is a tantalizing mode of human
communication. On the one hand, humans
understand speech with ease and use speech
to express complex ideas, information, and
knowledge. On the other hand, automatic speech
recognition with computers is very hard, and
extracting knowledge from speech is even
harder. Nevertheless, the potential reward for
solving this problem drives us to pursue it.
Before we can exploit speech as a knowledge
resource, however, we must understand the
current state of the art in speech recognition and
the relevant, successful applications of speech
recognition in the related areas of multimedia
indexing and search. In this paper we advocate
the study of speech as a knowledge resource,
provide a brief introduction to the state of the art
in speech recognition, describe a number of
systems that use speech recognition to enable
multimedia analysis, indexing, and search, and
present a number of exploratory applications of
speech recognition that move toward the goal of
exploiting speech as a knowledge resource.

Today’s arsenal of tools to address the knowledge
management problem typically includes rela-

tional databases, text search engines, document clus-
tering and classification tools, and knowledge por-
tals. Relational database technology has existed since
the early 1970s and provides rich, robust access to
structured data—data easily represented as fields in
tables (e.g., employee records with name, birth date,
address, and salary fields). Text search technology
has been around for nearly as long, but has only re-
cently come into mainstream prominence as a tool
for finding documents on the World Wide Web. Doc-
ument clustering and classification tools go beyond
text search by automatically organizing collections

of documents into subgroups of related documents,
allowing a user to see a summary of the information
contained in the document collection and quickly
navigate to documents of interest. Knowledge por-
tals provide a single interface to all of these data man-
agement and access tools and may additionally pro-
vide access to other enterprise applications.1

Although these tools provide a tremendous amount
of functionality and sophisticated features, they work
primarily with explicit knowledge, or knowledge that
can be formally expressed in procedures, rules, man-
uals, documents, etc., and easily transmitted from
one person to another. An equally important kind
of knowledge in any organization is tacit knowledge,
or knowledge that is based on the personal experi-
ence, know-how, values, and beliefs of the individ-
uals who possess the knowledge. Tacit knowledge
does not easily lend itself to structured data repre-
sentations or even articulation in documents, lim-
iting the ability of structured data and document
management tools to support tacit knowledge man-
agement.

For tacit knowledge to be useful to anyone beyond
the individual who possesses it, it must be transferred
to other individuals through the process of social-
ization, or converted to explicit knowledge through
the process of externalization.2 Socialization occurs
when individuals get together and share their expe-
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riences and expertise through discussions, while ex-
ternalization occurs when expertise and experience
are codified in the form of rules, procedures, or even
documents that record those experiences with writ-
ten language. Socialization and externalization are
complex, cognitive, human interaction activities, and
we are a long way from automating these activities
with a computer. To significantly improve upon cur-
rent knowledge management tools, however, we
must move in that direction.

Toward that end we propose the following approach:
use microphones to record spoken discourse during
situations where tacit knowledge is likely to be re-
vealed, and apply automatic speech recognition to
convert the spoken discourse into a text transcript.
For example, a computer services consulting group
might meet after the close of a customer engagement
to discuss what went right, what went wrong, what
was learned, and how the next engagement might
be conducted better. At a minimum, automatically
creating a text transcript of this meeting is a crude
approximation of the externalization process
whereby experience is codified in a written docu-
ment. In the future, text analysis and natural lan-
guage processing techniques might be used to au-
tomatically summarize the transcript and distill
higher-level concepts from the discourse.

The viability of this approach depends on the ability
of automatic speech recognition to generate suffi-
ciently accurate transcripts in a variety of acoustic
environments and discourse situations. In this pa-
per, we explore the capabilities of speech recogni-
tion in a variety of applications related to knowledge
management. We begin with a brief tutorial on
speech recognition and a review of the various kinds
of speech recognition applications. Next, we review
a number of specific research projects that apply au-
tomatic speech recognition (among other technol-
ogies) to the problem of video analysis, indexing, and
retrieval. We then describe applications of automatic
speech recognition that are more exploratory, cov-
ering an area loosely called “speech mining.” This
work is representative of the overall approach we
recommend for solving the problem of managing
tacit knowledge. Finally, we offer some concluding
remarks.

Speech recognition applications and
concepts

Speech recognition applications may be seen as be-
longing to one of three categories: dictation or doc-

ument creation systems, navigation or transactional
systems (e.g., automated voice response systems),
and multimedia indexing systems. In dictation sys-
tems, the words spoken by a user are transcribed ver-
batim into text to create documents such as personal
letters, business correspondence, etc. In navigation
systems, the words spoken by a user may be used to
follow links on the Web or to navigate around an
application. In transactional systems, the words spo-
ken by a user are used to conduct a transaction such
as a stock purchase, banking transaction, etc. In mul-
timedia indexing systems, speech is used to transcribe
the audio (possibly extracted from the video) into
text, and subsequently, information retrieval tech-
niques are applied to create an index with time off-
sets into the audio. Advances in technology are mak-
ing significant progress toward the goal of allowing
any individual to speak naturally to a computer on
any topic and have the computer accurately under-
stand what was said. However, we are not there yet.
Even state-of-the-art continuous speech recognition
systems require the user to speak clearly, enunciate
each syllable properly, and have his or her thoughts
in order before starting. Factors inhibiting the per-
vasive use of speech technology today include the
lack of general-purpose, high-accuracy continuous-
speech recognition, lack of systems that support the
synergistic use of speech input with other forms of
input, and challenges associated with designing
speech user interfaces that can increase user pro-
ductivity while being tolerant of speech recognition
inaccuracies.

Speech recognition systems are typically based on
hidden Markov models (HMMs),3 which are used to
represent speech events (e.g., a word) statistically,
and where model parameters are trained on a large
corpus of speech data. Given a trained set of HMMs
there exists an efficient algorithm for finding the most
likely word sequence when presented with unknown
speech data. The recognition vocabulary and vocab-
ulary size play a key role in determining the accu-
racy of a system. A vocabulary defines the set of
words or phrases that can be recognized by a speech
engine. A small vocabulary system may limit itself
to a few hundred words, whereas a large vocabulary
system may consist of tens of thousands of words.
Large vocabulary speech recognition systems typi-
cally use a subword approach where phonetic sub-
word models are built instead of an explicit model
for each word in the large vocabulary. Such systems
also use a statistical language model that defines
likely word sequences in a particular domain to pro-
vide statistical information on word sequences. The
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language model assists the speech engine in recog-
nizing speech by biasing the output toward high prob-
ability word sequences. Together, vocabularies and
language models are used in the selection of the best
match for a word by the speech recognition engine.
Dictation systems are typically large vocabulary ap-
plications, whereas navigation and transactional sys-
tems are typically small vocabulary applications. Mul-
timedia indexing systems could be either large
vocabulary or small vocabulary applications.

Speech recognition systems provide the most prob-
able decoding of the acoustic signal as the recogni-
tion output, but keep multiple hypotheses that are
considered during the recognition. The multiple
hypotheses at a given time, often known as N-best
word lists, provide grounds for additional informa-
tion that may be used by an application. Recogni-
tion systems generally have no means to distinguish
between correct and incorrect transcriptions, and a
word lattice representation (a directed acyclic graph)
is often used to consider all hypothesized word se-
quences within the context. Figure 1 shows a word
lattice representation for the hypothetical recogni-
tion of the phrase “please be quite sure” together
with the multiple hypotheses considered during rec-
ognition. The nodes represent points in time, and
the arcs represent the hypothesized word with an as-
sociated confidence level (not shown in the figure).

The path with the highest confidence level is gen-
erally provided as the final recognized result, often
known as the 1-best word list. The N-best word lists
are typically used by speech recognition applications
to improve the usability and performance of appli-
cations such as dictation systems and multimedia in-
dexing systems.

Speech recognition accuracy is typically represented
in terms of word error rate (WER), defined to be the
sum of word insertion, substitution, and deletion er-
rors divided by the total number of correctly decoded
words. The WER can vary dramatically depending on
the nature of the audio recordings. Recent algorith-
mic advancements for a large vocabulary speech rec-
ognition task known as Voicemail (conversational
telephone speech from a single speaker) have re-
sulted in a lowered WER of 28 percent.4 The WER
for a large vocabulary speech recognition task known
as Broadcast News on prepared speech (as opposed
to spontaneous speech) from anchors in a studio is
reported to be around 19 percent.5 These numbers
reflect speech recognition benchmark evaluations on
selected evaluation data. In general, for a wide va-
riety of real-world speech data that includes com-
binations of speech with background noise, degraded
acoustics, and non-native speakers on a real-time
speech recognition system, the WER can vary between
35 and 65 percent.6–9 Retrieval on transcripts with

Figure 1 Recognition of phrase “please be quite sure” in a word lattice representation
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WER of 10–30 percent have been reported to yield
an average precision of 0.6–0.7 on test collections
of a few tens of hours. However, for real-world au-
dio with high WER of 60–70 percent, the precision
and recall have been reported to drop dramatically
to 0.17 and 0.26, respectively.6 Much of the work in
this field was promoted by the Text REtrieval Con-
ference (TREC), supported by NIST (National Insti-
tute of Standards and Technology). It has promoted
the research in spoken document retrieval by estab-
lishing benchmarks, organizing conferences, and cre-
ating an international competitive-collaborative re-
search environment.7,8,10,11

In summary, the specific speech applications such
as dictation, transactional, and indexing applications
are driven by distinct requirements for vocabularies
and vocabulary sizes, and by recognition accuracy.
Given the state of the art in recognition technology,
some applications lend themselves more favorably
to the successful use of speech recognition.

Dictation applications. Systems that support the syn-
ergistic use of speech and direct manipulation using
keyboard or mouse hold the appeal of improved us-
ability by providing a more natural interface to the
computer. Members of the medical, legal, and jour-
nalism professions have been using speech recogni-
tion to create their documents in order to eliminate
transcription time and improve productivity. Dicta-
tion applications are aimed at text entry or document
creation, such as dictation for electronic mail or word
processing. Depending on the specific application,
a particular language model may be selected in or-
der to obtain the best accuracy. Within a language
domain such as general English, perplexity is a mea-
surement of the number of equally likely word
choices given a sequence of words. In a high per-
plexity domain such as general English, it is more
difficult to predict a word given its preceding words
in a sentence, due to the large number of equally
likely words that may follow. In contrast, the radi-
ology domain, for example, has a lower perplexity
than general English, which leads to higher accuracy.
As a result, practitioners of health care and other
specialized areas in medicine have looked favorably
at integrating the use of speech recognition, since
eliminating transcription time and cost matches their
drive to improve productivity. This class of applica-
tions has the most stringent requirements for rec-
ognition accuracy of 95 percent or higher, since a
human user has to manually correct recognition er-
rors. Cost and time benefits due to eliminating tran-
scription costs may be achieved only if the accuracy

is high enough to require minimal error correction.
A key speech interface design issue has to do with
correction of recognition errors in order to maximize
throughput.12

Navigation or transactional applications. Navigation
or transactional systems such as telephony applica-
tions typically use a constrained set of words or gram-
mars for a particular application. Speech grammars
are an extension of the single words or simple phrases
supported by vocabularies. A speech grammar is a
structured collection of words and phrases bound to-
gether by rules. These rules define the set of speech
tokens that can be recognized by the speech engine
at a given point in time. Call centers and help-desk
functions such as airline schedules, telephone help
centers, and trading companies have started to take
advantage of speech recognition technology by de-
veloping small-vocabulary applications intended to
guide a user through a selection process based on
certain keywords. Such applications are naturally
more resilient to speech recognition errors, since they
are primarily intended to navigate through a struc-
tured set of questions leading to one of a small num-
ber of states. The switching of states is triggered by
the user speaking one of several trigger words valid
in a given state. The requirements for high speech-
recognition accuracy are not as stringent, because
a well-designed constrained vocabulary is capable of
achieving the desired goal—switching state in order
to navigate through a transaction.

Multimedia indexing applications. Indexing appli-
cations provide the ability to retrieve relevant audio
or video segments when presented with a textual
query. This is usually done by indexing the output
of speech recognition using words or subword units
as index terms. This has been referred to as “spoken
document retrieval” in scientific forums. A well-
known issue in spoken document retrieval is the con-
cept of in-vocabulary terms and out-of-vocabulary
terms. Since the speech engine matches the acous-
tics from the speech input to words in the vocabu-
laries, only words in the vocabulary are capable of
being recognized. Words in a vocabulary are recog-
nized based entirely on their pronunciations. Words
can have multiple pronunciations; for example, “the”
will have at least two pronunciations, “thee” and
“thuh.” Punctuation symbols are often associated
with several different verbal representations; for ex-
ample, the symbol “.” may be referred to as “peri-
od,” “point,” or “dot.” In addition, a word not in the
vocabulary will often be erroneously recognized as
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an in-vocabulary word that is phonetically similar to
the out-of-vocabulary word.

To address these problems, researchers have ex-
plored the use of subword representations based on
phonemes as index terms, with varying degrees of
success.13–16 A phoneme is defined to be any of the
abstract units of the phonetic system of a language.
Phonemes correspond to a set of similar speech
sounds, which are perceived to be a single distinc-
tive sound in the language. The accuracy of phone
recognition is limited, particularly in the case of short
words.14,15 However, for the purpose of retrieval of
out-of-vocabulary words or where the confidence
level associated with the recognized words is low,
there is considerable benefit in combining phonetic
information with the words for indexing. The use of
phonetic retrieval also makes “sounds-like” retrieval
applications possible.

Multimedia indexing research projects

Retrieval of structured data is often based on the
values of entries in the fields that format these rec-
ords; in contrast, retrieval of unstructured multime-
dia data requires content-based retrieval whereby the
contents of the data are examined for the presence
or the absence of an object, of words or phrases, or
of a visual action.

Multimedia retrieval approaches have been classi-
fied into expression-based and semantic approaches.
Expression-based techniques rely on an example or
a physical description of the information that is
sought, and semantic approaches rely on the actual
content of the media.17 Another characterization of
multimedia retrieval is based on query formulation
and data representation. A query-by-example tech-
nique, such as an image query to search an image
database18 or an audio query to retrieve a segment
of music, exemplifies an expression-based technique
whereby the query is specified in the same format
as the data. In contrast, the choice of a different for-
mat for query formulation from the data represen-
tation, such as a physical description of the required
information or a textual query to search an audio or
video database, exemplifies a semantic technique.
Clearly, the ultimate goal in multimedia retrieval is
to achieve semantic retrieval using fully automated
techniques. In recent times, perhaps the most sig-
nificant technological advance toward this semantic
ideal has been the application of automatic speech-
recognition technology to multimedia content that
contains speech in the audio portion.

Several researchers have been working on multime-
dia indexing techniques for extraction of semantic
information from unstructured video. This includes
a wide range of topics from computer vision, pat-
tern recognition, video analysis and summarization,
speech recognition, natural language understanding,
and information retrieval.13,19–22 One approach to
video retrieval is to apply image-retrieval techniques
to key frames extracted from the video. In this ap-
proach, an image is posted as a query, and similar
images are retrieved. There are two reasons why this
approach, in general, has not yet become popular.
First, in most practical situations the user does not
have such an image available to formulate the query.
Second, the state of the art in content-based image
retrieval has not yet reached the semantic level de-
sired by most users. Rather, it is typically done in a
feature space, such as color histograms, color lay-
out, color blobs, texture, and shape.18 A more pop-
ular approach to video retrieval is to search the au-
dio transcript using the familiar metaphor of free text
search.13 In this case, speech recognition is applied
to the audio track, and a time-aligned transcript is
generated. The indexed transcript provides direct ac-
cess to the semantic information in the video.

Although searching the audio using free text proves
to be almost as efficient as text searching, browsing
the video is much more time consuming than brows-
ing the text. This is because the user has to play and
listen to each of the retrieved videos, one by one.
This is unlike the situation with text, where a quick
glance at the result page is often sufficient to filter
the information. In the case of video, it is more ef-
ficient to browse the visual part, e.g., the video sto-
ryboard. A few pages of storyboard, each showing
ten or more key frames, can cover one hour of pre-
sentation. Usually these show the slides presented
during the talk.

We next describe briefly three representative re-
search projects on multimedia retrieval that include
a strong speech retrieval component. In addition, we
mention SpeechBot: a search engine for audio and
video content that currently has indexed 8427 hours
of content.23

Informedia. The Informedia research project21,24 has
created a terabyte digital library in which automat-
ically derived descriptors for the video are used for
indexing, segmenting, and accessing the library con-
tents. It combines speech recognition, image process-
ing, and natural language understanding techniques
for processing video automatically to produce a video
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“skim,” which reduces viewing time without losing
content. It offers three ways to view the search re-
sults: poster frames, filmstrips, and skims. The poster
frame view presents search results in poster frame
format with each frame representing a video “para-
graph.” The filmstrip view reduces the need to view
each video paragraph in its entirety by providing sto-
ryboard pages for quick viewing. The most relevant
subsections of the video paragraph are displayed as
key scenes, and key words are clearly marked. Com-
bined word and phonetic retrieval has also been ex-
plored in the Informedia project16 where an inverted
index for a phonetic transcript comprising phonetic
substrings of three to six phones have been used.
During retrieval, the word document index and pho-
netic transcription index are searched in parallel and
the results are merged. Experiments on a corpus of
about 500 ABC News and CNN (Cable News Network)
stories using combined word and phone indexes re-
sulted in an average precision of .67 with an overall
performance of 84.6 percent of that of a full-text re-
trieval system. However, for real-world audio with
high WER of 70–80 percent, the precision and recall
have been reported to drop dramatically to 0.17 and
0.26, respectively.6

Medusa. Cambridge University, in collaboration with
Olivetti Research Laboratory (ORL), has developed
the Medusa networked multimedia system, which is
in use on a high-speed ATM (asynchronous transfer
mode) network for a video mail application based
on word-spotting using a 35-word indexing vocab-
ulary chosen a priori for the specific domain. They
have developed retrieval methods based on spotting
keywords in the audio sound track by integrating
speech recognition methods and information re-
trieval technology to yield a practical audio and video
retrieval system.25 They used the phone-lattice scan-
ning approach, where the speech recognition system
generates a generalized subword, or phone lattice.
Spoken words can be decomposed into a sequence
of phone units and the precomputed lattices are
scanned for phone strings corresponding to the query
word. Subsequently, large vocabulary speech recog-
nition-based indexing has been combined with
phone-lattice scanning to yield 82–85 percent rel-
ative precision compared to perfect text retrieval, and
has proved to be better than either method alone.13

These results are based on a test collection of 300
messages used in a video mail retrieval application.

CueVideo. CueVideo is a research project at IBM Al-
maden Research Center that consists of an automatic
multimedia indexing system and a client/server video

retrieval and browsing system. Their approach to
multimedia retrieval is “Search the speech, browse the
video.” The video and audio are two parallel media
streams of information that are related by a com-
mon time line. Therefore, they take advantage of the
two parallel streams, using the audio stream for
search and the video stream for quick visual brows-
ing in a complementary manner to provide the de-
sired video search functionality. The video indexing
automatically detects shot boundaries, generates a
shots table, and extracts representative key frames
as JPEG (Joint Photographic Experts Group) files
from each of the shots. Several browsable video sum-
maries are generated using the indexing architecture
shown in Figure 2.

The audio processing starts with speech recognition
(using the IBM Speech Recognition system with
Broadcast News models4) followed by text analysis
and information retrieval. Several searchable speech
indexes are created, including an inverted word in-
dex, a phonetic index, and a phrase glossary index.
Another segment of the audio processing generates
the time-scale modification (TSM) audio in desired
speedup rates for the fast and slow moving story-
boards.26 A phonetic transcription of the input au-
dio is generated and overlapping triphone and quad-
phone sequences are selected as subword index
terms.27 This phoneme sequence representation is
augmented with additional phone sequences derived
from the observed phonemes in the transcription and
in the phoneme confusion matrix. Their results are
based on a test collection assembled from a corpo-
rate training data set that is being used in a realistic
environment for distributed learning. For query
terms that are out-of-vocabulary and are greater than
four characters long, phonetic retrieval in one hour
of reasonable quality speech (35 percent WER for the
in-vocabulary terms) results in an average recall of
88 percent and an average precision of 69 percent.
For higher WERs, retrieval performance is lower. For
in-vocabulary query terms, phonetic retrieval results
in an average recall improvement of 17 percent with
an average precision loss of 17 percent, even for high
WERs, over word-based retrieval.

Speech mining research projects

The multimedia indexing and retrieval applications
discussed thus far are aimed primarily at domains
where the data are professionally produced audio
or video stored on tape or disk and the main prob-
lem is to provide users with the ability to quickly find
a particular clip, fact, or piece of information. Some
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systems provide additional functionality, including
automatic summarization, clustering, classification,
and organization of the recorded information. These
systems typically operate off line, require 2 to 10 times
real time to analyze the recorded data, and gener-
ally assume high-quality produced recordings.

Although these systems can be invaluable for man-
aging recordings, such as broadcast news or corpo-
rate training videos, they are not directly amenable
to another rich, abundant source of information,
namely spoken discourse. Spoken discourse includes
any spoken conversation between two or more in-
dividuals that takes place anywhere, anytime. Spo-
ken discourse is a rich source of tacit information,
and often the only form in which the tacit informa-
tion is instantiated. Until very recently, it was nearly
impossible to capture and exploit this information.
Recent advances in speech recognition technology,
however, have allowed the exploration and devel-
opment of a number of interesting technologies and
applications that attempt to capture spoken dis-
course, convert the discourse to text, apply text anal-
ysis to the discourse, and exploit the knowledge dis-
covered in the discourse. In the rest of this section,
we explore some of these leading-edge applications
and discuss their future prospects.

A recent research focus at the IBM Thomas J. Watson
Research Center has been on how to capture spo-
ken discourse and analyze it in real time to both ex-
tract knowledge from the discourse and provide
additional, related knowledge to the discourse par-
ticipants. The need for this capability is driven by
three separate applications: meeting support, data
broadcasting, and call mining. Meeting support in
this context includes the ability to understand the
current meeting discussion and automatically pro-
vide related information to the meeting participants.
Data broadcasting is the process of exploiting the
unused bandwidth in a television broadcast to send
arbitrary data with the television program. In par-
ticular, the data should be related to the current tele-
vision program and provide an enhanced viewing
experience for the user, enriching the audio and vi-
sual television program with related facts, articles,
and references. Call mining is an effort to analyze
and index the telephone calls made or taken by cus-
tomer service representatives at call centers and help
desks. We consider these applications in more de-
tail below.

WASABI. The first two seemingly unrelated appli-
cations (meeting support and data broadcast) share
a common need for the ability to analyze speech in

Figure 2 CueVideo indexing architecture

MPEG = MOTION PICTURE EXPERTS GROUP
     AVI = AUDIOVISUAL INTERLEAVED
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real time and automatically discover relevant, col-
lateral information. Toward that end, the research-
ers at Watson have built a generic framework for an-
alyzing speech, called WASABI (Watson Automatic
Stream Analysis for Broadcast Information).28

WASABI takes speech audio as input, converts the au-
dio stream into text using a speech recognition sys-
tem, applies a variety of analyzers to the text stream
to identify information elements, automatically gen-
erates queries from these information elements, and
extracts data from the search results that are rele-
vant to the current discourse. The overall architec-
ture is shown in Figure 3.

The input to the system is the raw data stream, i.e.,
the captured audio of the discourse. The speech rec-
ognition system, IBM ViaVoice*, converts the audio
into a text stream, which WASABI feeds to one or
more analyzers. An analyzer performs a text anal-
ysis procedure on its input and produces an output

that may be fed to another analyzer or multiplexed
back into the original data stream. The task per-
formed by each analyzer depends on the application
in which the framework is applied. One of the more
important tasks performed by an analyzer is to au-
tomatically create a query from the input, use the
query to search a relevant knowledge repository, and
extract relevant information from the search results
that will enhance the input data stream.

Regardless of the task, the analysis must take place
in real time, or fast enough to keep up with the in-
coming data stream. The final enriched data stream
may be presented to the user in an appropriate user
interface, or archived to a data store for indexing
and future reference.

MeetingMiner. Meetings are an obvious source of
knowledge in any organization. They occur regularly
and in a variety of settings, and often suffer from two

Figure 3 WASABI architecture
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problems. First, depending on the formality of the
meeting, the content of the meeting will be captured
with limited success. Meetings that are more formal
may have actual minutes created by a designated
scribe. Less formal meetings, however, will be cap-
tured only by the notes taken by the meeting par-
ticipants, or worse, the collective memory of the par-
ticipants. The second problem common to most
meetings is that during the meeting the participants
do not have convenient access to all of the knowl-
edge resources that might be used to facilitate or en-
rich the meeting. These resources might be as sim-
ple as someone’s phone number, or they might be
more complex, such as a project database that iden-
tifies who is working on what and where expertise
on a particular topic can be found.

The WASABI framework is being applied to solve
these problems in a system called MeetingMiner.
MeetingMiner is essentially an agent that passively
captures and analyzes the meeting discussion and pe-
riodically becomes an active participant in the meet-
ing, whenever it finds information that it determines
is highly pertinent to the current discussion. The main
input to the system is an audio stream generated by
one or more microphones that capture the spoken
discourse of the meeting. The audio stream is con-
verted to a text transcript by the speech recognition
system, and the text transcript is processed by the
meeting analyzers.

The current set of meeting analyzers includes a
named entity recognizer, a topic tracker, and a ques-
tion identifier. The named entity recognizer iden-
tifies proper names in the text, such as people, places,
and organizations. It is based on the algorithms de-
veloped in the Textract system,29 and it uses a com-
bination of lexical clues (e.g., capitalization patterns,
punctuation, etc.) and dictionary lookups to iden-
tify named entities. The system uses the identified
names of people to search an employee database and
retrieve address, phone number, group affiliation,
project responsibilities, and expertise information.
This information is assembled in a custom address
book as the meeting progresses, providing instant
access to information about any individual who may
be mentioned during the course of the meeting.

The topic tracker uses a combination of automatic
text classification and statistical term frequency anal-
ysis to identify keywords in the text. The text clas-
sification system analyzes a sliding window of sen-
tences and classifies the window content into a
predefined taxonomy of topics. The current topic

combined with the identified keywords is used to
search related knowledge repositories and provide
a continuously updated “hit list” of objects that may
be relevant to the meeting. For example, during a
technical design meeting, the topic tracker might
send topic and keyword queries to a database of U.S.
patents and alert the meeting participants whenever
a highly relevant patent is found. This capability can
enhance the design session with relevant informa-
tion and help prevent time being spent on solutions
that already exist, or worse, are owned by compet-
itors.

The question identifier uses regular expressions to
identify various kinds of questions in the text tran-
script. In particular, the system identifies who, what,
when, where, why, and how questions and feeds them
to a question-answering system.30 The question-an-
swering system parses the question and returns a con-
cise phrase or small number of sentences that an-
swer the question. This capability works best with
questions seeking factual answers (e.g., “When are
the budget numbers due?”), as opposed to more
open-ended questions (e.g., “How can we improve
profitability?”). Of course, the effectiveness of the
question-answering component is limited by the in-
formation available for answering questions. Prager
et al.30 describe a system that automatically processes
free-text documents and creates a question-answer-
ing system based on those documents, allowing any
relevant collection of documents (corporate memos,
e-mail messages, reports, etc.) to be included in the
question-answering system.

The current MeetingMiner prototype is a Java** ap-
plication that uses the Java** Speech API (applica-
tion programming interface) to communicate with
the speech recognition engine. A screen shot of the
prototype is shown in Figure 4. The main window
in the prototype displays the transcript from the cur-
rent meeting, generated in real time. Each analyzer
displays its results in a separate window, customized
for the particular kind of information being dis-
played. Analyzers that generate time-sensitive data
may use audible alarms (chimes or synthesized
speech) to alert meeting participants to the existence
of the highly relevant information. Additionally, the
meeting transcript and analyzer output are archived
in a format that can be indexed, searched, and
“played back” later (with all of the analysis results
synchronized with the playback).

The MeetingMiner system is still in the early stages
of development and testing. A significant hurdle fac-
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ing the system is the performance of the speech rec-
ognition engine in the particularly challenging envi-
ronment of a meeting, where audio quality is
questionable, the discourse is broken and less gram-
matically correct, and there are multiple speakers,
possibly (most likely) trying to speak simultaneously.
Audio quality can be addressed to a certain extent
by custom meeting rooms designed with attention
to acoustics. Ideally, though, the system would place
minimal requirements on the recording environment,
allowing it to be portable and as nonintrusive to the
meeting participants as possible. Speaker-indepen-
dent speech recognition should improve as more ef-
fort is made to support speech recognition in these
challenging multispeaker environments. In the
meantime, progress is being made using separate
speech models custom trained for each meeting par-
ticipant.

Interest in the problem of capturing and supporting
meetings is growing. Waibel et al.31 from Carnegie
Mellon University (CMU) describe a system for cap-
turing, indexing, searching, and browsing meetings.
Their work focuses on building speech recognition
models suitable for the speaking modes found in
meetings and applying postprocessing steps on the
speech recognition transcripts to generate summa-
ries. They also explore the use of visual cues cap-
tured by video camera to aid in tracking the discus-
sion and to provide enhanced browsing capabilities.
Researchers at Bolt, Beranek and Newman (BBN,
now part of Verizon) have built a prototype system
called Rough’n’Ready,32 which uses speech recog-
nition, speaker identification, topic detection, and
named entity extraction to process and index video
based on the audio track. All of the BBN technol-
ogies are based on hidden Markov models.

Figure 4 Screen from MeetingMiner prototype
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Rough’n’Ready was originally designed to index and
organize broadcast news programs, but it could
easily be adapted to support meetings. Both
Rough’n’Ready and the system from CMU, however,
process the audio off line after the meeting has com-
pleted and ignore the potential benefits of on-line
analyses.

Of course, interest in supporting meetings predates
the recent possibility of using speech recognition and
automatic analysis. Moran et al. 33 have explored ex-
tensively the issues involved in capturing and exploit-
ing meeting content. The same group has also in-
vestigated the use of electronic whiteboards in
meetings to support collaboration and capture.34 A
more formal approach to meeting capture and anal-
ysis is taken by the IBIS system,35,36 which defines a
methodology for manually recording meetings and
classifying statements made so that the decision-mak-
ing process employed during a meeting can be more
easily traced and understood. Ultimately this work
on more formal methods of meeting analysis and the
results of user interface studies must be incorporated
into the new automatic meeting analysis systems.

Data broadcast. The second use of the WASABI frame-
work is to support data broadcasting, which is the pro-
cess of transmitting arbitrary data in the unused
bandwidth of a television broadcast.28 A high-def-
inition television (HDTV) channel has over 1.5
megabits/second of bandwidth available to send data
in addition to the audio and video program. This
bandwidth can be used to send any data that the re-
ceiver is capable of processing, though a particularly
interesting use of the bandwidth is to send collat-
eral information related to the currently broadcast
television program. For example, if the current
broadcast is a news program, the data channel might
contain text versions of related stories, biographies
of people mentioned in the news, geographical in-
formation for places mentioned, or links (URLs, or
uniform resource locators) to World Wide Web
pages that contain additional information. This is
clearly useful in a knowledge management context
where information (e.g., news, training, reports, etc.)
is distributed in the form of video programs. The
WASABI analysis can automatically enrich the video
with related facts and data from knowledge repos-
itories of particular interest to the end user.

The overall processing flow for data broadcasting is
very similar to that used in the MeetingMiner sys-
tem. This is shown in Figure 5. The audio/video
source is fed to a collection of real-time feature ex-

tractors that extract text and possibly visual features.
The system sends these features to the event ana-
lyzers, which classify the features into topics, extract
named entities (e.g., names of persons, places, dates,
etc.), and combine these events into a data structure
called the knowledge chain. The knowledge chain is
essentially a linked list that assembles all of the events
on a time line.

Once the knowledge chain has been created, the next
step is to find the collateral information that will be
broadcast with the program. This is done by auto-
matically generating queries based on the events re-
corded in the knowledge chain. Profiles (either per-
sonal or application-specific) can be used to guide
the query generation. The results from these que-
ries are then assembled, ranked, and sent to the mul-
tiplexer, which inserts the results into the broadcast
stream. The combined audio, video, and data chan-
nels are then broadcast to a receiver (e.g., a set-top
box or a TV tuner card in a PC) and displayed in a
user interface that shows the audio/video program
along with the collateral information. The receiver
may additionally have the capability to buffer or store
the program, allowing it to be interrupted while the
user explores the collateral information in more de-
tail.

SAMSA. The SAMSA (Speech Analysis, Mining and
Summary Application) project37 is an experiment in
the actual mining of outbound telephone sales calls
using text mining techniques. Telephone calls from
financial consultants were recorded on digital record-
ing tape over a period of several weeks, and then
processed using the IBM Research version of the
speech recognition engine optimized for telephone
calls and speaker-independent recognition.4 From
about 11000 call units, including empty calls, 529 calls
of substantive length for speech recognition process-
ing were selected.

The TALENT text mining processes have previously
been described.38 Briefly, the text mining system rec-
ognizes multiword names,29 locations, and organi-
zations,39 and detects relationships between terms
based on proximity and by common English language
patterns, such as appositives and parentheticals. In
addition, a context thesaurus can be constructed that
allows free-text indexing of sentences surrounding
each major term. This is similar to and inspired by
the Phrase Finder system.40

These calls presented a fairly difficult series of prob-
lems because of the wide variety of client voices to
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be recognized, as well as strong regional accents of
many financial consultants. The word error rate was
easily 60–70 percent after this speech recognition
processing. However, it was found that some post-
processing of these transcripts made text mining con-
siderably more fruitful.

For example, the raw data from the speech recog-
nition engine included timing information, and word
certainty analysis made it possible to insert punctu-
ation and eliminate words of low certainty. Punctu-
ation was particularly important to the text mining
system, since it prevents the system from forming in-
correct multiword phrases across sentence bound-
aries. For the same reason, the low-certainty words
were not removed but were replaced with “z” words
to prevent incorrect multiword discovery.

Once these documents had been postprocessed as
described above, they were processed using the

TALENT text mining systems and indexed using a con-
ventional search engine, both for document content
and to construct a context thesaurus index. It was
then possible to construct a simple client/server query
system using JavaServer** pages and a DB2* data
repository. A typical client search page from this sys-
tem is shown in Figure 6.

The results were surprisingly good. The context the-
saurus provided a number of extremely good terms
to refine and focus the query, and all of the retrieved
documents contained the query terms. Since the call
documents had no titles, the titles were constructed
using the (here fictitious) consultants’ names, any
person name discovered in the call, and a number
representing the call date and extension.

Since these calls did indeed have fairly low word rec-
ognition rates, a display of the actual call text would
be disconcerting and misleading. However, a display

Figure 5 WASABI data broadcasting architecture
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system was developed using DHTML (Dynamic Hy-
perText Markup Language) that displayed only the
salient recognized multiword terms in a readable size
font. The remainder were rendered as small as pos-
sible, as shown in Figure 7.

In addition, this display system was arranged so that
each highlighted term was hyperlinked to a Java-

Script** function that calls the browser’s audio player
to begin playback of the audio file from the time point
in the call where the term was displayed. This, then,
provided a convenient method of playing back the
call around the terms of interest.

Our conclusions so far from these experiments in-
dicate that while it is not possible to make accurate

Figure 6 The speech mining user interface, showing the context thesaurus terms (left) and call documents (right)
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transcripts of such telephone calls, it is quite pos-
sible to recognize a large number of salient terms
and index them for searching. Further, the number
of salient multiword terms this mining process dis-
covers compared to the number found manually is
quite high (greater than 65 percent) even when the
WER is as high as 70 percent. This, then, provides
call center supervisors and sales analysts with a
method of indexing and searching the vast quantity
of call information that is accumulated each month,
allowing them to discover sales trends and improve
sales training and customer response techniques.

Conclusions

Successful knowledge management applications will
ultimately need to solve the problem of capturing

and exploiting tacit knowledge. Current solutions
that focus on structured data and semistructured doc-
uments are limited to the knowledge that users are
willing (or forced) to document in these forms. Even
when users wish to document their knowledge, they
may be unable to articulate the tacit knowledge that
they use daily in an almost subconscious manner.
This leaves us with only the words and actions of the
user as an explicit representation of the tacit knowl-
edge they possess. Fortunately, we can easily cap-
ture words and actions with audio and video record-
ings. The challenge is to process these recordings and
extract the knowledge in a form amenable to fur-
ther analysis and reuse.

The most promising approach to accomplishing this
task is the use of automatic speech recognition to

Figure 7 A call and playback display
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convert recorded audio into text transcripts. In this
paper, we have explored the basics of speech rec-
ognition as well as a variety of speech recognition
applications. The most successful applications to date
involve relatively controlled environments with high-
quality audio recordings or highly constrained vo-
cabularies and grammars. Examples of such appli-
cations include the automated voice response
systems, dictation systems, and multimedia indexing
systems discussed in the second and third sections.

The successful application of speech recognition to
the knowledge management problem, however, re-
quires that the technology work well in the face of
a variety of obstacles, including poor-quality audio,
random background noise, and arbitrary discourse.
The exploratory speech mining systems described in
the fourth section are investigating these more chal-
lenging environments and looking at ways to enhance
speech recognition with other technologies, such as
text analysis and natural language processing. The
ultimate success of these systems will depend on both
better speech recognition technology and clever ap-
plication of text analysis techniques.

The prospects for fully exploiting tacit knowledge
are promising. The systems presented here show
great progress in building software solutions that can
process and exploit recorded audio and video. When
this is combined with trends in pervasive comput-
ing, where audio and video capture devices are be-
coming smaller, cheaper, and more powerful, we
have a compelling story for the future. Much work
remains in this important problem area, but the pre-
liminary results look encouraging.

*Trademark or registered trademark of International Business
Machines Corporation.

**Trademark or registered trademark of Sun Microsystems, Inc.
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