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and stores the new model in a database for use by the system
during the next user interaction. The method may also
include making task-type classification decisions based on
the detected morphemes from the user’s input communica-
tion.
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1
METHOD AND SYSTEM FOR
AUTOMATICALLY DETECTING
MORPHEMES IN A TASK CLASSIFICATION
SYSTEM USING LATTICES

This application is a continuation of U.S. patent applica-
tion Ser. No. 14/081,234, filed Nov. 15, 2013, which is a
continuation of U.S. patent application Ser. No. 13/784,086,
filed Mar. 4, 2013, now U.S. Pat. No. 8,612,212, issued Dec.
17, 2013, which is a continuation of U.S. patent application
Ser. No. 09/956,907, filed Sep. 21, 2001, now U.S. Pat. No.
8,392,188, issued Mar. 3, 2013, which is the non-provisional
application claiming benefit of U.S. Patent Provisional Pat-
ent Application No. 60/235,861, filed Sep. 27, 2000, which
is incorporated herein by reference in its entirety. The
non-provisional application is also a continuation-in-part of
U.S. patent application Ser. No. 09/690,721 (U.S. Pat. No.
7,085,720, issued Aug. 1, 2006) and Ser. No. 09/690,903
(U.S. Pat. No. 6,681,206, issued Jan. 20, 2004) both filed
Oct. 18, 2000, which claim the benefit of U.S. Provisional
Application No. 60/163,838, filed Nov. 5, 1999, which are
also incorporated herein by reference in their entireties.

TECHNICAL FIELD

The invention relates to automated systems for commu-
nication recognition and understanding.

BACKGROUND OF THE INVENTION

Conventional methods for constructing spoken language
systems involve training speech and language models prior
to operation by transcribing speech input and finding exist-
ing patterns. This speech is manually transcribed and each
utterance is then semantically labeled. The resultant data-
base is exploited to train stochastic language models for
recognition and understanding. These models are further
adapted for different dialog states. Examples of such meth-
ods are shown in U.S. Pat. Nos. 5,675,707, 5,860,063,
6,044,337, 6,173,261, 6,021,384 and 6,192,110, each of
which is incorporated by reference herein in its entire.

This transcription and labeling process is a major bottle-
neck in new application development and refinement of
existing ones. For incremental training of a deployed natural
spoken dialog system, current technology would potentially
require transcribing millions of transactions. This process is
both time-consuming and prohibitively expensive.

SUMMARY OF THE INVENTION

The invention concerns a method and corresponding
system for building a phonotactic model for domain inde-
pendent speech recognition. The method may include rec-
ognizing phones from a user’s input communication using a
current phonotactic model, detecting morphemes (acoustic
and/or non-acoustic) from the recognized phones, and out-
putting the detected morphemes for processing. The method
also updates the phonotactic model with the detected mor-
phemes and stores the new model in a database for use by
the system during the next user interaction. The method may
also include making task-type classification decisions based
on the detected morphemes from the users input communi-
cation.

BRIEF DESCRIPTION OF THE DRAWINGS

The invention is described in detail with reference to the
following drawings wherein like numerals reference like
elements, and wherein:
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2

FIG. 1 is a block diagram of an exemplary speech
recognition system of the invention;

FIG. 2 is a block diagram of an exemplary speech
recognition system of the invention used in conjunction with
a task classification system;

FIG. 3 is a flowchart illustrating an exemplary phonotac-
tic model updating process;

FIG. 4 is a flowchart illustrating an exemplary phonotac-
tic model updating process in a task classification system;

FIG. 5 is a detailed flowchart of the exemplary task
classification process shown in FIG. 4;

FIG. 6 is an exemplary excerpt from the set of acquired
acoustic morphemes;

FIG. 7 is a graph illustrating the on-line learning experi-
mental results as compared to the estimates from text
transcriptions; and

FIG. 8 is a graph illustrating the on-line oracle experi-
mental results as compared to the estimates from text
transcriptions.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

Traditional ASR techniques require the domain-specific
knowledge of acoustic, lexicon data and more importantly
the word probability distributions. However, this invention
concerns a method for unsupervised learning of acoustic and
lexical units from out speech data. The new lexical units are
used for fast adaptation of language model probabilities to a
new domain. Starting from a lexicon and language model,
the relevant language statistics of task classification systems
may be learned.

The invention concerns spoken language systems that
adapts on-line to new domains. State-of-the art research or
deployed spoken dialog systems perform constrained tasks
(e.g., travel information, stock quotes, etc.) and they achieve
high task completion rates. These systems are programmed
to answer users’ queries as long as they belong to the apriori
defined domain. However, conventional spoken dialog sys-
tems do not react to changes in the task (e.g., a new category
for a call-routing task) and adapt to unseen speech and
language events. The crucial features for such an adaptive
system are the acoustic and lexical units.

The conventional large vocabulary speech recognition
framework requires acoustic and language model to be
trained on domain-specific data. This data is usually col-
lected through human-to-machine interaction protocols and
speech utterances are transcribed for the purpose of acoustic
and language model training. These models perform poorly
in out-of-domain conditions and are not suitable for on-line
learning of language. This is true despite the fact that large
vocabulary lexicons can have millions of words and reduce
the out-of vocabulary rate to zero. However, the main reason
for such poor performance is the mismatch of the language
mode probabilities.

An alternative approach to large vocabulary recognition is
to model phone sequences. There has been active research
on this topic and high phone recognition rates have been
achieved for restricted domains and language. While it is
widely accepted that phone recognition performance is
inferior to word-based large vocabulary speech recognition
tasks (where large databases are available to train language
models), phone recognition allows a system to perform
task-independent speech recognition. For these reasons,
task-independent speech recognizers should combine the
accuracy of a word-based system and the acoustic event
granularity of a phone-based system.
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Baseline approaches to the teaching of speech recognition
systems are found in U.S. Pat. Nos. 5,675,707 and 5,860,
063, 6,173,261, and 6,192,110, which have been incorpo-
rated above herein by reference in their entireties.

While the morphemes may be non-acoustic (i.e., made up
of non-verbal sub-morphemes such as tablet strokes, ges-
tures, body movements, etc.), for ease of discussion, the
systems and methods illustrated in the drawings and dis-
cussed in the below concern only acoustic morphemes.
Consequently, the invention should not be limited to just
acoustic morphemes and should encompass the utilization of
any sub-units of any known or future method of communi-
cation for the purposes of recognition and understanding.

Furthermore, while the terms “speech”, “phrase” and
“utterance”, used throughout the description below, may
connote only spoken language, it is important to note in the
context of this invention, “speech”, “phrase” and “utterance”
may include verbal and/or non-verbal sub-units (or sub-
morphemes). Therefore, “speech”, “phrase” and “utterance”
may comprise non-verbal sub-units, verbal sub-units or a
combination of verbal and non-verbal sub-units within the
sprit and scope of this invention.

Non-verbal speech may include but are not limited to
gestures, body movements, head movements, non-re-
sponses, text, keyboard entries, keypad entries, mouse
clicks, DTMF codes, pointers, stylus, cable set-top box
entries, graphical use interlace entries and touchscreen
entries, or a combination thereof. Multimodal information is
received using multiple channels (i.e., aural, visual, etc.),
The user’s input communication may also be derived from
the verbal and non-verbal speech and the user’s or the
machine’s environment. Basically, any manner of commu-
nication falls within the intended scope of the invention.
However, for ease of discussion, we will focus on verbal
speech in the examples and embodiments set forth below.

FIG. 1 is an exemplary block diagram of an exemplary
speech recognition and understanding system 100 that uti-
lizes acoustic morphemes. The speech recognition and
understanding system 100 may include a phone recognizer
110, an acoustic morpheme detector 120, a phonotactic
model learning unit 140, and a phonotactic database 130.

In the speech recognition and understanding system 100,
the phone recognizer 110 may receive an input communi-
cations, such as speech, from a user, customer, etc., in the
form of verbal and/or non-verbal speech. As discussed
above, the input speech may, of course, be expressed in
verbal speech, nonverbal speech, multimodal forms, or
using a mix of verbal and non-verbal speech.

The phone recognizer 110 is the task-independent com-
ponent of the speech recognition and understanding system
100 which transcribes speech utterances from one domain
and is trained on another domain, Prior to being integrated
in the system 100, the phone recognizer 110 may be initially
trained from an off-the-shelf database, for example. The
database may be generated from recordings of users talking
with human agents, responding to the prompt “AT&T How
may help you?” (HMIHY). The characteristics of this data
and early experiments are detailed in U.S. Pat. No. 5,675,
707, for example, which has been incorporated herein by
reference in its entirety. In any event, the phone recognizer
110 may be of any known design and performs the function
of recognizing, or spotting the existence of one or more
phone in the users input speech.

In an embodiment for recognizing non-acoustic mor-
phemes, the phone recognizer 110 may be replaced in the
figure by a sub-morpheme recognizer. The sub-morpheme
recognizer would operate similar to the phone recognizer
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110, but it would receive raw non-acoustic or a mixture of
acoustic and non-acoustic speech from the user. Again,
although the invention encompasses non-acoustic speech,
for ease of discussion, only acoustic morphemes will be
discussed in reference to the figures.

The acoustic morpheme detector 120 detects the acoustic
morphemes present in the recognized phones from user’s
input request. The acoustic morphemes detected by acoustic
morpheme detector 120 may be used for processing by any
number of automated systems known to those of ordinary
skill in the art. For example, the acoustic, morphemes
detected by the acoustic morpheme detector 120 may
include a large number of verbal and non-verbal speech
fragments or sub-morphemes (illustrated as phone-phrases
for ease of discussion), each of which may be related to one
of a predetermined set of task objectives. In this respect,
each of the acoustic morphemes may be labeled with its
associated task objective. FIG. 2 shows an example of one
such task classification system 200, as discussed below.

The acoustic morphemes detected by the acoustic mor-
pheme detector 120 are also provided to the phonotactic
model learning unit 140 for building a new phonotactic
model. The phonotactic model learning unit 140 generates a
new phonotactic model based on the detected acoustic
morphemes found in the recognized phones from the user’s
input speech. The newly generated phonotactic model is
then stored in the phonotactic model database 130 for use by
the phone recognize 110.

FIG. 2 shows the use of detected acoustic morphemes
resulting from the automatically generated phontotactic
model in a task classification system 200. The task classi-
fication system 200 may include a task classification pro-
cessor 210 along with the same elements as the speech
recognition and understanding system 100. The task classi-
fication processor 210 may apply a confidence function,
based on the probabilistic relation between the recognized
acoustic morphemes and selected task objectives, and makes
a decision either to implement a particular task objective, or
makes a determination that no decision is likely in which
case the user may be defaulted to a human or automated
system for assistance. Within this framework, on-line esti-
mates of word or morpheme probabilities are learned for
task-independent speech recognition, in fact, a classifier that
operates on words, morphemes (acoustic and non-acoustic),
and/or sub-morphemes, etc., may be used within the spirit
and scope of the invention.

An exemplary process of the invention will now be
described in FIGS. 3-5 with reference to the exemplary
structure shown in FIGS. 1 and 2. FIG. 3 illustrates a
possible process of automatically building a phonotactic
model using acoustic morphemes for use in the speech
recognition and understanding system 100. The process
begins at step 3010 and proceeds to step 3020 where the
phone recognizer 110 receives raw speech from a user and
recognizes phones in the speech using the current phonot-
actic model stored in the phonotactic model database 130. In
the phonotactic model, each word in the speech corpus is
replaced with its most likely pronunciation and trained
n-gram model based on the Variable N-gram Stochastic
Automaton (VNSA).

The acoustic morpheme detector 120 may detect phone
sequences by computing information theoretic measures,
such as the weighted mutual information I, (x,y)=P(x,y)MI
(x,¥)=Px,y)log P(x,y)/P(x)P(y), where x and y are two
phone sequences. Weighted mutual information compen-
sates for probability estimates biases introduced by rare
events in the mutual information, MI(x,y). Alternative and
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computationally expensive methods for computing acoustic
morphemes are entropy-minimizing units and multi-gram
approaches. It can be shown both theoretically and experi-
mentally that the n-best [, is a close approximation of the
exact entropy minimization problem. Such methods are
shown in U.S. Pat. No. 6,021,384, which has been incorpo-
rated by reference above.

Excerpts from the detected acoustic morphemes are
shown in FIG. 6. The first and second column contain the [,
and MI values, the third and fourth are the corresponding
acoustic morpheme sequence and its most likely word
sequence. The phonotactic model learning unit 140 may for
example, incorporate the top N (N=500) acoustic mor-
phemes in the stochastic phonotactic models which takes
advantage of the long-spanning acoustic morphemes.

After the acoustic morphemes have been detected, the
process proceeds on a dual track of processing and training.
In the processing track, in step 3040, the acoustic mor-
phemes are output for processing. One of the possible
processes for detected acoustic morphemes may be to the
map them into word sequences using a lexical access unit.
In general, this process is not needed if the semantic units are
not based on words. However, word-based language models
are the natural candidates for cross-domain modeling, given
the large availability of transcribed speech databases and the
effectiveness word-based large vocabulary speech recogni-
tion.

Acoustic morphemes can be mapped to zero, one or many
word sequences, for a given baseform lexicon. A conserva-
tive strategy to lexical access may be taken which considers
only the exact match between baseforms in the lexicon and
acoustic morphemes. This conservative strategy is dictated
by the need to learn the most relevant lexical features of the
domain with high precision and high rejection. These lexical
features may be used to adapt on-line san off-the-shelf large
vocabulary language model. The acquisition algorithm dis-
cussed above has selected 500 units that were matched
against their most likely word mapping drawn from the
lexicon. For example, in FIG. 6, a list of words and phrases
was compiled. While the list of lexical items is short, due to
the conservative strategy, they cover 40% of the probability
mass of the speech corpus.

Alternatively, the detected acoustic morphemes may be
used by a task classification system 200 from FIG. 2, as
depicted in the exemplary flowchart shown in FIG. 4. FIG.
4 includes steps 4010, 4020, 4030, 4050, 4060 and 4070 that
correspond to steps 3010, 3020, 3030, 3050, 3060 end 3070
of FIG. 3. However, FIG. 4 also includes step 4040 where
the task classification processor 210 makes task classifica-
tion decisions based on the detected acoustic morphemes.

As an example of processes that may be performed as pail
of a possible task classification process using acoustic
morphemes, FIG. 5 is provided. In FIG. 5, from step 4030
where acoustic morphemes are detected from recognized
phones from a users input communication, the process
proceeds to step 4040 and sub-steps 4041-4049 in which the
task classification processor 210 performs task classifica-
tions based on the detected acoustic morphemes. The task
classification processor 210 may apply a confidence function
based on the probabilistic relation between the recognized
acoustic morphemes and selected task objectives, for
example.

In step 4041, the task classification processor 210 deter-
mines whether a task can be classified based on the detected
acoustic morpheme. If the task can be classified, in step
4047, the task classification processor 210 routes the user/

20

25

30

35

40

45

50

55

60

65

6

customer according to the classified task objective. The
process they goes to step 4070 and ends.

If the task cannot be classified in step 4041 (i.e. a low
confidence level has been generated), in step 4043, a dialog
module (located internally or externally) the task classifica-
tion processor 210 conducts dialog with the user/customer to
obtain clarification of the task objective. After dialog has
been conducted with the user/customer, in step 4045, the
task classification processor 210 determines whether the task
can now be classified based on the additional dialog, if the
task can be classified, the process proceeds to step 4047 and
the user/customer is routed in accordance with the classified
task objective and the process ends at step 4070. However,
if task can still not be classified, in step 4049, the user/
customer is routed to a human for assistance and then the
process goes to step 4070 and ends.

Referring back to FIG. 3, after the acoustic morphemes
have been detected in step 3030, they may be used in a
processed for building a phonotactic model using the pho-
notactic model learning unit 140 for ultimate use by the
phone recognizer 110 in recognizing phone sequences in the
users next utterance. In building the phonotactic model, the
phonotactic learning unit 140 transforms a prior probability
distribution from one domain to another without speech
transcriptions (on-line adaptation). This is the primary con-
straint of an adaptive spoken dialog system, which can react
and recover to novel events is the syntactic and semantic
input channel. Most of the literature in language model
adaptation is for batch processing (with speech transcrip-
tions) and assumes that the probability space is the same
both for the source and target domain, namely the word
sequence space.

The building of the phonotactic model by the phohtactic
model learning unit 140 according to the invention involves
at least two stochastic modeling processes. The first is to
map phone sequence statistics into word statistics. If the
most likely pronunciation of the word collect is K ae I eh K
t, then P(collect)=P(K ae I eh K t). In general terms:

P ine@) = D PU)

tieBy

where f, is a baseform of the word w drawn from the set B,
It is assumed from here forward that P, (0)=~P(f,), where
f, is the most likely pronunciation.

FIG. 7 is a scatter plot (log P, mp(®), log P, .. .())
(aSteI‘iSk) and (log PHMIHY((’U)S log Pswitchboard((‘u)) (CirCIe)s
where both Py ®) and P, np0a-2(®) have been esti-
mated from the hand-labeled speech transcriptions. Most
word probability estimates lie along the diagonal (dashed
line) and closely approximate the true empirical distribution
Prmery{®). In order to get an upper bound on the on-line
probability estimates the phone sequence with lowest string
edit distance from the reference phone transcription was
computed. Thus, we have compiled the or phone transcrip-
tion training set and estimated P_,,... onzine(®)-

FIG. 8 is a scatter plot of the log-probabilities for the
on-line oracle estimates. From FIG. 8 we see that the
probabilities of the selected words and phrases have been
estimated with high precision with respect to the best
possible guess (oracle).

The second problem is to transform the word probability
vector of the prior distribution using the word statistics
learned on-line. Given the small lexical coverage and large
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probability mass of the acquired features the two distribu-
tions have been merged with following scheme:

P o tine (@) wes
l-«a

B

Prarges (@) =
e Pusitciboard(@) we S

where:

O=Z,, oL ontine( W), P=ZerP (@)

and S is the sec of selected words. This model has been
tested to measure the perplexity of the HMIHY test set
perplexity for a unigram model. The unigram perplexity on
the HMIHY test set, in matched language model condition
(Peasrzr{®)) 1s 128.3. The test perplexity using the switch-
board language model (P, ,,.1500(®)) 1 715.9. The test set
perplexity was tested with the new word probability P,,,..,
() and achieved a 39.4% relative improvement (433.9) with
respect to the switchboard baseline.

Once the new phonotactic model is built, in step 3060 it
is stored in the phonotactic model database 130 for use by
the or recognizer 110 during the user’s next utterance or
interaction. The database 130 may be any mechanism,
memory, file etc. capable of storing information and data
known to those of skill in the art.

As shown in FIGS. 1 and 2, the method of this invention
may be implemented using a programmed processor. How-
ever, method can also be implemented on a general-purpose
or a special purpose computer, a programmed microproces-
sor or microcontroller, peripheral integrated circuit ele-
ments, an application-specific integrated circuit (ASIC) or
other integrated circuits, hardware/electronic logic circuits,
such as a discrete element circuit, a programmable logic
device, such as a PLD, PLA, FPGA, or PAL, or the like. In
general, any device on which the finite state machine
capable of implementing the flowcharts shown in FIGS. 3-5
can be used to implement the speech recognition and under-
standing system functions of this invention.

While the invention has been described with reference to
the above embodiments, it is to be understood that these
embodiments are purely exemplary in nature. Thus, the
invention is not restricted to the particular forms shown in
the foregoing embodiments. Various modifications and
alterations can be made thereto without departing from the
spirit and scope of the invention.

What is claimed is:

1. A method comprising:

recognizing, via a processor and with a current phonot-
actic model, phonemes using a combination of speech
and touchscreen input from a first user input, to yield
recognized phonemes;

transforming a prior probability distribution from a first
domain to a second domain without speech transcrip-
tions to yield a transformed prior probability distribu-
tion, wherein the first domain and the second domain
comprise word sequence spaces;

creating, via the processor, a new phonotactic model
associated with the second domain using morphemes
detected from:
the recognized phonemes; and
the transformed prior probability distribution associ-

ated with the first domain, wherein the first domain
is distinct from the second domain;

replacing, via the processor, the current phonotactic

model with the new phonotactic model in a database;
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recognizing, via the processor, further phonemes in sec-

ond input using the new phototactic model.

2. The method of claim 1, wherein the recognizing of the
phonemes is further based on an environment of a user.

3. The method of claim 1, wherein the morphemes are
expressed in multimodal form.

4. The method of claim 1, wherein the morphemes in the
speech are derived from an action of a user.

5. The method of claim 4, wherein the action of the user
comprises a focus of attention of the user.

6. The method of claim 1, operating in conjunction with
one of a telephone network, Internet, an intranet, a cable
television network, a local area network, and a wireless
communication network.

7. A system comprising:

a processor; and

a computer-readable storage medium having instructions

stored which, when executed by the processor, result in
the processor performing operations comprising:
recognizing, using a current phonotactic model, pho-
nemes using a combination of speech and touch-
screen input from a first user input, to yield recog-
nized phonemes;
transforming a prior probability distribution from a first
domain to a second domain without speech transcrip-
tions to yield a transformed prior probability distri-
bution, wherein the first domain and the second
domain comprise word sequence spaces;
creating a new phonotactic model associated with the
second domain using morphemes detected from:
the recognized phonemes; and
the transformed prior probability distribution asso-
ciated with the first domain, wherein the first
domain is distinct from the second domain;
replacing the current phonotactic model with the new
phonotactic model in a database;

recognizing further phonemes in second input using the

new phototactic model.
8. The system of claim 7, wherein the recognizing of the
phonemes is further based on an environment of a user.
9. The system of claim 7, wherein the morphemes are
expressed in multimodal form.
10. The system of claim 7, wherein the morphemes in the
speech are derived from an action of a user.
11. The system of claim 10, wherein the action of the user
comprises a focus of attention of the user.
12. The system of claim 7, operating in conjunction with
one of a telephone network, Internet, an intranet, a cable
television network, a local area network, and a wireless
communication network.
13. A computer-readable storage device having instruc-
tions stored which, when executed by a computing device,
result in the computing device performing operations com-
prising:
recognizing with a current phonotactic model, phonemes
using a combination of speech and touchscreen input
from a first user input, to yield recognized phonemes;

transforming a prior probability distribution from a first
domain to a second domain without speech transcrip-
tions to yield a transformed prior probability distribu-
tion, wherein the first domain and the second domain
comprise word sequence spaces;

creating a new phonotactic model associated with the

second domain using morphemes detected from:
the recognized phonemes; and
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the transformed prior probability distribution associ-
ated with the first domain, wherein the first domain
is distinct from the second domain;

replacing the current phonotactic model with the new
phonotactic model in a database; 5

recognizing further phonemes in second input using the
new phototactic model.

14. The computer-readable storage device of claim 13,
wherein the recognizing of the phonemes is further based on
an environment of a user. 10

15. The computer-readable storage device of claim 13,
wherein the morphemes are expressed in multimodal form.

#* #* #* #* #*
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