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II. Background

15 Voice recognition (VR) represents one of the most important
techniques to endow a machine with simulated intelligence to recognize user
or user-voiced commands and to facilitate human interface with the machine.
VR also represents a key technique for human speech understanding.
Systems that employ techniques to recover a linguistic message from an

20 acoustic speech signal are called voice recognizers. The term “voice
recognizer” is used herein to mean generally any spoken-user-interface-
enabled device.

The use of VR (also commonly referred to as speech recognition) is
becoming increasingly important for safety reasons. For example, VR may be

25 used to replace the manual task of pushing buttons on a wireless telephone
keypad. This is especially important when a user is initiating a telephone call
while driving a car. When using a phone without VR, the driver must remove
one hand from the steering wheel and look at the phone keypad while
pushing the buttons to dial the call. These acts increase the likelihood of a car

30 accident. A speech-enabled phone (i.e., a phone designed for speech
recognition) would allow the driver to place telephone calls while
continuously watching the road. In addition, a hands-free car-kit system
would permit the driver to maintain both hands on the steering wheel during

call initiation.



2 Speech recognition devices are classified as either speaker-dependent
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15  spoken u terances with the previously trained utterances (stored as templates)

and taking the best match. For example, if the name “John” were one of the
trained names, the user could initiate a call to John by saying the phrase “Call
John.” The VR system would recognize the words “Call” and “John,” and
would dial the number that the user had previously entered as John's
20  telephone number. Garbage templates are used to represent all words not in
the vocabulary.
Combining multiple VR engines provides enhanced accuracy and uses
a greater amount of information in the input speech signal. A system and
method for combining VR engines is described in U.S. Patent Application No.
25 09/618,177 (hereinafter ‘177 application) entitled “COMBINED ENGINE
SYSTEM AND METHOD FOR VOICE RECOGNITION”, filed July 18, 2000,
and U.S. Patent Application No. 09/657,760 (hereinafter ‘760 application)
entitled “SYSTEM AND METHOD FOR AUTOMATIC VOICE
RECOGNITION USING MAPPING,” filed September 8, 2000, which are
30 assigned to the assignee of the present invention and fully incorporated
herein by reference.
Although a VR system that combines VR engines is more accurate than
a VR system that uses a singular VR engine, each VR engine of the combined

VR system may include inaccuracies because of a noisy environment. An



herein by reference. Al though a VR systemthat conbines VR engines is nore
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of the cowbimesvs7VR system nay i ncl ude inaccuraci es becauPETAfSOH00800 Sy
environment. An WD 02/ 059871 PCT/ US02/ 00890 3 input speech signal nay not
be recogni zed because of background noi se. Background noise may result in
no match between an input speech signag and a tenplate fromthe VR
systeni s vocabulary or nay cause a msnmatch between an input speech signa
and a tenpipiespesshn sigaal/Rmay sk MesregogoizesubecanseWfebaddgroendsneisemat ch

bet ween t | ' . welne | t..speegh signal is
rej ected. dﬁg@%&d?ﬁ&rg%{s}}ﬂ%%gﬁ%ﬁ%g r%ta gﬁr?p%’%&ﬁ ﬁgtmﬁbllég}g%c‘fp % raﬁéig ond to

t he i nput asteeepltsifonal thes V@heysterhs voeabllR B st vy ddesera smidralitcbondi tion
is al so kgo as substi utioa_lbeca se atn I ncarrect te%a}gg i s supstituted
for a cor 8@@6‘?%@6} ARRUL PRERM HBDYi ABAL 2t KHP ia#’p Rast SYPH® Sin the
case of baekaraung WiRds thdre ifle® matth mme@é@rm.!e%?ht l@%@é‘&{ Siendl avi ge that
can cause a r(fj ection or a msmatch is when a cell phone is used for voice
di al i ng whemplaiei theritigsPeese sigpak issiriettndsi 4y imismaich; sesultawher a

m cr ophong.| Ity | I | | £l § noi se
may degrag%ﬂ@%)aﬁ%gﬁ %&%n@i%ﬁfgghgﬁafg ﬁg%racﬁﬁgg%ggé gﬁ%gfle tlgn or a
m smat ch. Vihsydtem. slhenmlismaichronditionis alsaknowmsas substjeiien becastseanni snat ch

is when t i I i t 1 crophone placed on the visor or
a headseﬁﬁﬁg?%ﬁg?%eg é%ﬁfégbggiﬁgtgﬁﬁf& %I‘Cl(a). egﬂ t%%“&ﬁ?%c‘m. Noi se caused by
convol@ti onal dirsémbbdimentthat dmprases VRvadcutraaynial theajase ofibdckgrequency 20

i smat ch. _Conv.ol utional, distortiop,is d dent factors, such
i ot ance BORIBAPHETmONE KX OE PBFBRIA e DL TR S HORe

i cr ophoner aafBUEtE iswhpR atdelipline B &iskA 8 V6ite dlalirtewhile@iBihg @ndet c.
Such conditions may degrade vaqi ce recognitiqgn accuracy. Traditionally,

prior VR maHt spseeh sign deeFrae sthe mlF{E%?rhqr@ ipioripted HYaRdisIvEL i onal
noi se. HOWEY®MmoiRACHBeOXAGitR R $6aI@DidOdy HeSFREE P¥ideNRcognition and

15  accuracy and cause a rejection or a mismatch. ‘
Another example of noise that can cause a rejection or a mismatch is
when the speech signal received at a microphone placed on the visor or a
headset is subjected to convolutional distortion. Noise caused by
convolutional distortion is known as convolutional noise and frequency

20  mismatch. Convolutional distortion is dependent on many factors, such as
distance between the mouth and microphone, frequency response of the
microphone, acoustic properties of the interior of the automobile, etc. Such
conditions may degrade voice recognition accuracy.

Traditionally, prior VR systems have included a RASTA filter to filter

25  convolutional noise. However, background noise was not filtered by the
RASTA filter. Such a filter is described in U.S. Patent No. 5,450,522. Thus,
there is a need for a technique to filter both convolutional noise and
background noise. Such a technique would improve the accuracy of a VR
system.

30 In a VR system, whether it is a speaker-dependent or speaker-
independent VR system, the number of templates that can be stored in a
memory of both of these types of VR systems is limited by the size of the
memory. The limited size of the memory limits the robustness of the VR

system because of the limited number of templates that can be stored. A



RASTA filter. Such a filter is described in U S. Patent No. 5,450, 522.
Thus, there is a need for a technique to filter both convol utional noise
and backgooaussnoi se. Such a techni que woul d i nprove t hePagdsnzeBIdf a VR
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menory of both of these types of VR sygtens is [imted by the size of the
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02/ 059871h{f’%&{ﬁ{%%rggﬁgg%sreg\é@@%@%%gqiegﬁg&od t hat increases the nunber of

t enpl at es can nmenory of these VR systens is desired.
SUMVARY 5 The described enbodi nents are directed to a system and net hod

for inproving storage of tenplates bgjl\a% recognition system In one
aspect, a systemand nethod for voi Bﬁ}ieti on includes recording a
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used. In another aspect, mu-law compression and expansion are used. In one
15 aspect, the VR models are Hidden Markov Models (HMM). In another aspect,
the VR models are Dynamic Time Warping (DTW) models.

In one aspect, a voice recognition (VR) system comprises a training
module configured to extract features of a plurality of utterances to generate
extracted features of the utterances, create a plurality of VR models from the

20 extracted features of the utterances, and lossy-compress the plurality of VR
models to generate a plurality of lossy-compressed VR models. In one aspect,
the VR system further comprises a feature extraction module configured to
extract features of a test utterance to generate extracted features of a test
utterance, an expansion module configured to expand a lossy-compressed VR

25 model from the plurality of lossy-compressed VR models to generate an
expanded VR model, and a pattern-matching module that matches the
extracted features of the test utterance to the expanded VR model to generate

a recognition hypothesis.

30
BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows a VR frontend in a VR system;



the VR system further conprises a feature extraction nodule configured to
extract features of a test utterance to generate extracted features of a
test uttwpaRoess7an expansi on nodul e configured to expandP&T/US02/00890

| ossy-conpressed VR 25 nodel fromthe plurality of |ossy-conpressed VR
nodel s to generate an expanded VR nodel, and a pattern-nmatchi ng nodul e
that matches the extracted features di the test utterance to the expanded

VR nodel to ge ate., a recognit 30 BRI EF DESCRI PTI ON OF THE
DRANGS  FI & HCehehews W&%ﬁ@%&fﬁ E(Payf?og%t)éﬁh %Mgquswefch

PCT/ US02/ ga88@nt:5 FI G 2 shows an exanpl e Hi dden Markov Mdel (HW for a
speech segnent; FIG 3 shows a frontend of an HW nodule of a VR systemin

accor dance wit FlGn 3eﬁ]b@‘d$n%rfr0nt§n#| o an EdN modulenpéd ViR sistgna inu- | aw
conpandi ”9@%9%&%&%%?&@8& 1{18& conpression; FIG 5 shows a frontend

havi ng an aw co ng Schere’ i nstead  of | og conpression; FIG 6 shows
a plotbof a fi ¥&@. @shm\rs ianfobeieadttatving achudawogitfipindihg dcherieiinsteadd t he
nmu- Log fun%;t%%on with. C=50; FIG 7 shows a frontend in accordance with an
embodi menP? 178 FYRIESSI%%y conpr essi on and mu-1aw expansion; FIG 8 shows a

frontend in aC@@@d@@h@w‘éﬂatﬂiioﬁﬂzndrm&hgfﬁﬁtAllﬁwr@lﬁpaﬂ@Wg@éﬁ@ﬂh@iﬁét@ﬁdand
A-| aw expa ilon; 15 FIG 9 shows a bl ock di agramof input, processing, and

out put of © 03?‘&?]3?%@10& ocess to generate nodels in accordance with one

enbodi nent; FI GIG1Q shows @ Y& DYt ¢iReldn a&&Ofrﬂﬁr&qﬁema%noefBaeﬁQg fyrent ;
and FI G 11 shows a VR s emin accord nce w an enbodi nent tHat uses

expandd onfwrctiosnand et @g fartioodeiith gePPng voi ce recognition.
FIG. 7 shows a frontend in accordance with an embodiment using mu-

- law compression and mu-law expansion;
FIG. 8 shows a frontend in accordance with an embodiment using A-
law compression and A-law expansion;
15 '~ FIG. 9 shows a block diagram of input, processing, and output of a
training process to generate models in accordance with one embodiment;
FIG. 10 shows a VR system in accordance with one embodiment; and
FIG. 11 shows a VR system in accordance with an embodiment that

uses expansion of compressed-trained models during voice recognition.
20

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

A VR system includes a frontend that performs frontend processing in

25  order to characterize a speech segment. Figure 1 shows a VR frontend 10 in a

VR system. A Bark Amplitude Generation Module 12 converts a digitized

PCM speech signal s(n) to k bark amplitudes once every T milliseconds. In

one embodiment, T is 10 msec and k is 16 bark amplitudes. Thus, there are 16

bark amplitudes every 10 msec. It would be understood by those skilled in

30 the art that k could be any positive integer. It would also be understood by
those skilled in the art that any period of time may be used for T.

The Bark scale is a warped frequency scale of critical bands

corresponding to human perception of hearing. Bark amplitude calculation

is known in the art and described in Lawrence Rabiner & Biing-Hwang Juang,
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HMM models are trained by computing the "j" static cepstral
parameters and "j" dynamic cepstral parameters in the VR frontend. The
training process collects a plurality of N frames that correspond to a single
state. The training process then computes the mean and variance of these N

20  frames, resulting in a mean vector of length 2j and a diagonal covariance of

length 2j. The mean and variance vectors together are called a Gaussian

- mixture component, or “mixture” for short. Each state is represented by N

Gaussian mixture components, wherein N is a positive integer. The training
process also computes transition probabilities.

25 In devices with small memory resources, N is 1 or some other small

number. Ina smallest footprint VR system, i.e., smallest memory VR system,

a single Gaussian mixture component represents a state. In larger VR

systems, a plurality of N frames is used to compute more than one mean

vector and the corresponding variance vectors. For example, if a set of twelve

30 means and variances is computed, then a 12-Gaussian-mixture-component

HMM state is created. In VR servers in a distributed voice recognition (DVR)

system, N can be as high as 32.
An HMM model is a probabilistic framework for recognizing an input

speech signal. In an HMM model, both temporal and spectral properties are
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15 ‘triphones because they depend on the phones to the left and right of it.
Context-dependent phones are also called allophones.

A phone in the VR art is the realization of a phoneme. In a VR system,
context-independent phone models and context-dependent phone models are
built using HMMs or other types of VR models known in the art. A phoneme

20 is an abstraction of the smallest functional speech segment in a given .
language. Here, the word functional implies perceptually different sounds.
For example, replacing the “k” sound in “cat” by the “b” sound results in a
different word in the English language. Thus, “b” and “k” are two different
phonemes in English language.

25 Transition a; is the pi'obability of transitioning from state i to state j. a,
transitions from the start state 32 to the first state 36. a,, transitions from the
first state 36 to the second state 38. a,, transitions from the second state 38 to
the third state 40. ay; transitions from the third state 40 to the end state 34. a,,
transitions from the first state 36 to the first state 36. a,, transitions from the

30 second state 38 to the second state 38. ay; transitions from the third state 40 to
the third state 40. a,; transitions from the first state 36 to the third state 40.

A matrix of transition probabilities can be constructed from all
transitions/probabilities: ay wherein n is the number of states in the HMM

model;i=1,2,...,n;j=1,2,..,n When there is no transition between



Typi cal sub-word units are context-independent (Cl) phones and context-
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filtet? ngimberipe thet the easdpn waqeency can be different from 4 Hz, depending on :
the task.

The filtered log Bark amplitudes are then processed by the Cepstral
Transformation module to generate the 2* coefficients, once every T
milliseconds. An example of a bandpass filter that can be used in the VR

20 frontend are the RASTA filters described in U.S. Pat. No. 5,450,522 entitled,
“Auditory Model for Parametrization of Speech” filed September 12, 1995,
which is incorporated by reference herein. The frontend shown in Figure 3
reduces the effects of channel mismatch conditions and improves VR
recognition accuracy.

25 The frontend depicted in Figure 3 is not very robust for background
mismatch conditions. One of the reasons for this is that the Log compression
process has a non-linear amplification effect on the bark channels. Log
compression results in low amplitude regions being amplified more than high
amplitude regions on the bark channels. Since the background noise is

30 typically in the low amplitude regions on the bark channels, VR performance
starts degrading as the signal-to-noise ratio (SNR) decreases. Thus, it is
desirable to have a module that is linear-like in the low amplitude regions and

log-like in the high amplitude regions on the bark channels.
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approximation of the logarithmic curve of the sampled signal.

Both the mu-law and A-law companding schemes operate on a
logarithmic curve. Therefore the logarithmic curve is divided into segments,
wherein each successive segment is twice the length of the previous segment.
The A-law and mu-law companding schemes have different segment lengths

20 because the mu-law and A-law companding schemes calculate the linear
approximation differently.

The G.711 standard includes a mu-law lookup table that approximates
the mu-law linear approximation as shown in Table 1 below. Under the mu-
law companding scheme, an analog signal is approximated with a total of

25 8,159 intervals.
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TABLE1 °
The G.711 standard includes a A-law lookup table that approximates
5 the A-law linear approximation as shown in Table 2 below. Under the A-law
companding scheme, an analog signal is approximated with a total of 4,096
intervals.
Value Range Number of Intervals | Interval Size
0-32 32 2
33-48 16 4
49-64 16 8
65-80 16 16
81-96 16 32
97-112 16 64
113-127 16 128
TABLE 2
10

The G.711 standard specifies a mu-law companding scheme to
represent speech quantized at 14 bits per sample in 8 bits per sample. The
G.711 standard also specifies an A-law companding scheme to represent

speech quantized at 13 bits per sample in 8 bits per sample. Exemplary 8-bit
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In the  fontend instead of the log compression scheme, as shown in Figure 4. Figure

4 shows the frontend of an embodiment using a mu-law compression scheme,
i.e., a mu-Log compression module 20. The Bark Amplitude Generation

10  module 12 is coupled to the mu-Log Compression module 20. The mu-Log
Compression module 20 is coupled to a RASTA filtering module 18. The
RASTA filtering module 18 is coupled to a Cepstral Transformation module
16.

A digitized speech signal s(n), which includes convolutional distortion

15  enters the Bark Amplitude Generation module 12. After the Bark Amplitude
Generation Module 12 converts the digitized PCM speech signal s(n) to k bark
amplitudes, the convolutional distortion becomes multiplicative distortion.
The mu-Log Compression module 20 performs mu-log compression on the k
bark amplitudes. The mu-log compression makes the multiplicative distortion

20 additive. The Rasta filtering module 18 filters any stationary components,
thereby removing the convolution distortion since convolutional distortion
components are stationary. The Cepstral Transformation module 16 .
computes j static cepstral coefficients and j dynamic cepstral coefficients from
the RASTA-filtered output.

25 In another embodiment, an A-law compression scheme 21 is used in
the frontend instead of a log compression scheme, as shown in Figure 5.
Figure 5 shows the frontend of an embodiment using an A-law compression
scheme, i.e., an A-Log compression module 21. The Bark Amplitude module
12 is coupled to the A-Log Compression module 21. The A-Log Compression

30  module 21 is coupled to a RASTA filtering module 18. The RASTA filtering
module 18 is coupled to a Cepstral Transformation module 16.

Both Mu-log compression and A-log compression are lossy
compression techniques. Any lossy compression technique can be used for

compressing the k bark amplitudes. Lossy compression is when the resultant



frontend instead of the |og conpression schene, as shown in Figure 4.
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conpr essi Q@s(gﬁﬁloﬁﬁpg@%grb(gﬁt VRSi%l@ﬁlelr@atm{. identical to the source. Lossy
15 Figure 6 shows a plot of a fixed-point implementation of the Log;,()
function and the mu-Log function, with C=50. Figure 6 shows that for low
amplitude signals, the mu-Log function is more linear than the Log;y()
function, whereas for high amplitude signals, the mu-Log function is
logarithmic. Thus, the mu-Log function is a non-uniform quantizer since it
20  treats low amplitude and high amplitude signals differently.

In some recognition schemes, the backend operates on the bark channel
amplitudes, rather than static and dynamic cepstral parameters. In the
combined engine scheme described in the ‘177 application and the ‘760
application, the DTW engine operates on bark channel amplitudes after time-

25  clustering and amplitude quantization. The DTW engine is based on template
matching. Stored templates are matched to features of the input speech
signal.

The DTW engine described in the ‘177 application and the ‘760
application is more robust to background mismatch conditions than to

30  channel mismatch conditions. Figure 7 depicts a frontend of an embodiment
that improves the DTW engine for channel mismatch conditions. Figure 7
shows a frontend in accordance with an embodiment using mu-law
compression and mu-law expansion, i.e., the mu-Log compression module 20

and the mu-law expansion module 22. The Bark Amplitude module 12 is
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mul aw_expand for expanding filter outpgts to produce bark anplitudes. In
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25 clusteri rPg and anplitude quantization. The DTWengine is based on
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embodiment, the product [R(i)*D] is in the 0-to-127 range. The Mu-Log
15 expansion puts the Bark’(i) in the bark amplitude range and the adverse
effects of channel mismatch conditions are removed by the RASTA
processing.
Figure 8 depicts an embodiment for improving the DTW engine for
channel mismatch conditions. Figure 8 shows a frontend in accordance with
.20 an embodiment using A-law compression and A-law expansion, i.e., an A-
Log compression module 24 and an A-law expansion module 26. A Bark
Amplitude module 12 is coupled to the A-Log Compression module 24. The
A-Log Compression module 24 is coupled to a RASTA filtering module 18.
The RASTA filtering module 18 is coupled to the A-law expansion module 26.
25 The A-Log Compression module 20 performs A-log compression on k bark
amplitudes. The Rasta filtering module 18 filters any stationary components
from the k bark amplitudes, thereby removing any convolution distortion
since convolutional distortion components are stationary. The A-log
expansion module 26 performs A-log expansion of the RASTA-filtered bark
30 amplitudes.
Not only can Mu-law and A-law compression and expansion be used
in the frontend of a VR system to characterize a speech segment, but in one
embodiment, they are used for compressing and expanding states of a VR

model. In one embodiment, the VR system compresses and expands means



conpressi on and nu-| aw expansion, i.e., the mu-Log conpression nodule 20
and the nu-| aw expansi on nodul e 22. The Bark Anplitude nodule 12 is WO
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model 54 of the training process to generate models, also called templates, in
15  accordance with one embodiment. The training process involves computing
components of all states for all words in the VR vocabulary, including
garbage models to represent Out-Of-Vocabulary (OOV) utterances during
recognition. A training corpus comprised of multiple utterances of the
vocabulary words to be recognized is created by recording a large number of
20 users. The training corpus is the input 50 into the training module 52 that
processes the training corpus to create the output of the training module 52,
- compressed models for the vocabulary words and OOV utterances 54. The
training module 52 creates models from the training corpus and compresses
those models. In one embodiment, the training module 52 comprises a
25 feature exiraction module (not shown) that creates models from the training
corpus 50 and a compression module (not shown) that compresses those
models.
In one embodiment, the training module 52 creates HMM models and
performs A-law compression of the HMM models. The A-law compression
30 enables storage of more models than using no compression scheme for the:
same amount of storage space, i.e., memory. In another embodiment, the
training module 52 creates DTW models and performs mu-law compression
of the DTW models. The mu-law compression enables storage of more

models than using no compression scheme for the same amount of storage
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15 embodiment, the pattern-matching module 62 is a DTW module that matches
features to DTW models and thereby produces recognition hypotheses.
Figure 11 shows a VR system in accordance with an embodiment that
uses expansion of compressed-trained models during voice recognition. A
feature extraction module 70 extracts features from a test utterance s(n). The
20 features are transferred to a backend module, the pattern-matching module
72. The pattern-matching module 72 matches the features to models for the
vocabulary words and OOV utterances 74 that have been processed by an
Expansion Module 76 for means and variances. Using a grammar (not
shown) specified by a VR application (not shown), the pattern-matching
25  module 62 obtains models from the Expansion Module 76. A VR application
typically is service logic that enables users to accomplish a task using the VR
system. The service logic may be executed by a processor on a subscriber
unit. The service logic is a component of a user interface module (not shown)
in the subscriber unit.
30 The grammar specifies the active vocabulary using word models in
small vocabulary VR systems and sub-word models in large vocabulary VR
systems. Typical grammars include 7-digit phone numbers, dollar amounts,

and a name of a city from a set of names. Typical grammar specifications



training nodule 52 creates nodels fromthe training corpus and conpresses
those nodels. In one enbodi nent, the training nodule 52 conprises a 25

feat ure ewDria©s980n nodul e (not shown) that creates nodel sPCTALOL/b0894 r ai ni ng
corpus 50 and a conpression nodul e (not shown) that conpresses those
nodel s. I n one enbodi nent, the training nodule 52 creates HW nodel s and
performs A-law conpression of the HWhgodel s. The A-law conpression 30
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15  produces recognition hypotheses. In another embodiment, the pattern-
matching module 72 is a DTW module that matches features to expanded
DTW models and thereby produces recognition hypotheses.

Those of skill in the art would understand that information and signals
may be represented using any of a variety of different technologies and

20 techniques. For example, data, instructions, commands, information, signals,
bits, symbols, and chips that may be referenced throughout the above
description may be represented by voltages, currents, electromagnetic waves,
magnetic fields or particles, optical fields or particles, or any combination
thereof.

25 Those of skill would further appreciate that the various illustrative
logical blocks, modules, circuits, and algorithm steps described in connection
with the embodiments disclosed herein may be implemented as electronic
hardware, computer software, or combinations of both. To clearly illustrate
this interchangeability of hardware and software, various illustrative

30 components, blocks, modules, circuits, and steps have been described above
generally in terms of their functionality. Whether such functionality is
implemented as hardware or software depends upon the particular
application and design constraints imposed on the overall system. Skilled

artisans may implement the described functionality in varying ways for each



uses expansion of conpressed-trained nodels during voice recognition. A
feature extraction nodule 70 extracts features froma test utterance s(n).
The 20 fwetoansss’are transferred to a backend nodul e, thePgatiser/onspamt chi ng
nodul e 72. The pattern-matching nodule 72 nmatches the features to nodels
for the vocabulary words and OOV utterances 74 that have been processed by
an Expansion Mdule 76 for neans andjyari ances. Using a grammar (not
shown) specified by a VR application (nhot shown), the pattern-matching 25
modul e 62petiicilas appichtiony %mttmhamam@ﬁam@udemmnwhﬁm ldppot bet i on
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rodul %5 721\/|Iatch1ng Module 62 and the Expansion Module 76 may advantageously be

executed in a microprocessor, but in the alternative, the Bark Amplitude

Generation 12, RASTA filtering module 18, Mu-log Compression module 20,

A-log Compression module 21, Mu-log Expansion module 22, A-log

Expansion module 26, the Cepstral Transformation module 16, the Training

20  Module 52, the Pattern Matching Module 62 and the Expansion Module 76

may be executed in any conventional processor, controller, microcontroller, or

state machine. The models/templates could reside in RAM memory, flash

memory, ROM memory, EPROM memory, EEPROM memory, registers, hard

disk, a removable disk, a CD-ROM, or any other form of storage medium

25 known in the art. The memory (not shown) may be integral to any

aforementioned processor (not shown). A processor (not shown) and

memory (not shown) may reside in an ASIC (not shown). The ASIC may
reside in a telephone.

The previous description of the embodiments of the invention is

30 provided to enable any person skilled in the art to make or use the present

invention. The various modifications to these embodiments will be readily

apparent to those skilled in the art, and the generic principles defined herein

may be applied to other embodiments without the use of the inventive

faculty. Thus, the present invention is not intended to be limited to the



nodul e that matches the features to expanded HWM nodel s and thereby 15
produces recognition hypotheses. In another enbodi nent, the pattern

mat chi ng wodals9872 is a DTW nodul e t hat mat ches features PoTASpAMSed DTW
nodel s and t hereby produces recognition hypotheses. Those of skill in the
art woul d understand that information and signals may be represented using
any of a variety of different technol gqgies and 20 techni ques. For exanple,
data, instructions, comuands, information, nals, bits, synbols, and

chi ps t haemhedimeniseshoven beteintsigobe aﬁwdg%dh@ wiglestsdopei consistentbe

repr esent waves, magnetic fields
or parti cﬁggpmepﬁlﬁagf‘%% nlgallé&géri‘tfépaglrlfl (ﬁEélBg%gﬂg%gﬁconbl nation thereof. 25
Those of skill WBATIS CEAAMERIpr eci ate that the various illustrative

| ogi cal bl ocks, nmodules, circuits, and al gorithm steps described in
connection wth the enbodi nents disclosed herein may be inplenmented as

el ectronic hardware, conputer software, or conbinations of both. To
clearly illustrate this interchangeability of hardware and software,
various illustrative 30 conponents, blocks, nodules, circuits, and steps
have been described above generally in ternms of their functionality.

Whet her such functionality is inplenmented as hardware or software depends
upon the particular application and design constraints inposed, on the
overall system Skilled artisans nmay inplenent the described functionality
in varying ways for each WD 02/059871 PCT/ US02/ 00890 17 particul ar
application, but such inplenentation decisions should not be |nterpreted
as causing a departure fromthe scope of the present invention. As
exanples, the various illustrative |ogical blocks, nodules, and napping
described in connection with the enbodi nents disclosed herein may 5 be

i npl emented or perfornmed with a processor executing a set of firmware
instructions, an application specific integrated circuit (ASIC), a field
programuabl e gate array (FPGA) or other, programmbl e | ogic device,

di screte gate or transistor logic, discrete hardware conponents such as,

€.g.



regi sters, any conventional programmabl e software nodul e and a processor,
10 or any conbi nation thereof designed to performthe functions descri bed
herei n. TWO 0¥Bs8yst em conponents, such as the Bark Anplit ®de/uSenenssi i on
12, RASTA filtering nodule 18, Mi-1o0g Conpression nodule 20, A-log

Conpr essi on nodul e 21, Mi-1og Expansion 22, A-log Expansion 26, the
Cepstral Transformation nodule 16, theggTraining Mdule 52, the Pattern 15
Mat chi ng Modul e 62 and the Expansi on Modul e 76 may advant ageously be
executed in a mcroprocessor, but in the alternative, the Bark Anplitude
Generation 12, RASTA filtering nodule 18, Mui-1o0g Conpression nodul e 20,
A-1 og Conpression nodule 21, Mi-|1og Expansi on nodul e 22, A-1og Expansion
modul e 26, the Cepstral Transfornati ofLAdBe 16, the Training 20 Mdul e
52, the Pattern Matching Mddul e 62 and the Expansion Mddule 76 may be
executed in any conventional processor, controller, mcrocontroller, or
st ate machi ne. AThetinodief sbict eequigatiten (VR),dongsigiegi n RAM nmenory, flash

menory, ROM nenory,. EP ry.,. EEPROM nenory, registers, hard disk, a
removabl e di sk,recé’\é@ﬂ&mﬁ%ﬁggﬂ UETIBEeS or m of st or age medi um 25 known i n
the art. The merBhytifsdéatahaney) theeplubglityndegttatarices ahgenéfa®s exeatteaned

processor (not shown), A processor (not shown) and nenory (not shown) may
resi de?i nfeaturgs) ﬂ(‘ﬁé‘!“@ﬁ%&\ﬁ?‘ﬂ%@&l Cmy reside in a telephone. The

previous descri-RbiRR APt OOIRERIRIL ol $hé BYBAEIAfaBured bAhEVI ded to
enabl e any person skill'ed in"the art to make or use the present 1nvention.

The vafi opdunabisly pf uHeramess;tandt hese enmbodi ments will be readily apparent to

those skilled i I . i I NCi i i may be
appl i ed to of hi st tessil it BRuGRRFRE TEEBI NIRRT,
Thus, 8helgesgsmempresseehVRonodelsnot intended to be linited to the WO

02/ 059871 PCT/ US02/ 00890 18 enbodi nents shown herein but is to be accorded
the wi dest scope consistent wth the principles and novel features

di scl osed2her eiline MDD & GathNERuttBer comprising expanding the plurality of
2 lossy-compressed VR models to generate a plurality of expanded VR

models.

3. The method of claim 2, further comprising comparing a expanded VR

2 model of the plurality of expanded VR models to features of a test utterance.

4. The method of claim 2, further comprising extracting features of a test

2 utterance.

5. The method of claim 4, further comprising matching the extracted features
2 of the test utterance to an expanded VR model of the plurality of expanded

VR models to generate a match.

6. The method of claim 5, further comprising generating a hypothesis for the
2 match.

7. The method of claim 1, wherein the lossy-compression is A-law
2 compression of the plurality of VR models to generate a plurality of A-law

compressed VR models.



WO 02/ 059871 PCT/ US02/ 00890 19 CLAIMS 1. A nethod of voice recognition
(VR), conprising: 2 recording a plurality of utterances; extracting
features wborls9spl urality of utterances to generate extra®Ce&dSoziodseat ures
of the plurality of utterances; creating a plurality of VR nodels fromthe
extracted features of the 6 plurality of utterances; and | ossy-conpressing
the plurality of VR nodels to generatgpa plurality of 8 |ossy-conpressed
VR nodel s. 2, The thOdrﬁgf claim3l1, fur he[ conpri si ng. expandi n? t he

pl ural i t ySofhepmeshed. obrglnien sbd Wiergind FSYHEPBERSSIOT | Lo r B of
expandgd VR r conpari ng
a expg%ded VR m§)1 (Ial?bf tpgepﬁg%hgg)afaﬁhsghg?é%igﬁg%ﬁg/ﬁ I?rlglgié)ﬁ dt)f(r)]lglfueatures

of a test utlawremepressed VRimodelshod of claim 2, further conprising
extracting features of a test 2 utterance. 5. The method of claim 4,
further conprising matching the extracted features 2 of the test utterance
to an ex pandEh:b h‘l%thodeif ddint He wherenl they crehtek phurdéity of/FV Runeddstave gener at e

a matc further conprising generating a

hypot h£5| S f%ﬁdtw M ?Si{ﬁm )rret hod of claim1, wherein the

| ossy-conpression is A-law 2 conpression of the plurality of VR nodels to
generate a plurali ty of A-law conpressed VR nodels. WD _02/059871

PCT/ US02/ 88w meshed of aige dhsdheseinc the ﬁﬁefte%@r@ﬂlﬁy ©h 'R g8eqels swpr essi on
is mu-3aw 2y Mce@ﬁ:h@wé} lﬁé;g)pW)rIﬁJ)a 1¥. of VR nodels to generate a

pl ural | ty of | aw conpr VR rmde
11.The method of claim 7, further comprising expanding an A-law -
2 compressed VR model from the plurality of A-law compressed VR models

to generate an expanded VR model.

12.The method of claim 8, further comprising expanding a mu-law
2 compressed VR model from the plurality of mu-law compressed models to

generate an expanded VR model.

13.The method of claim 11, further comprising extracting features of a test

2 utterance.

14. The method of claim 12, further comprising extracting features of a test

2 utterance.

15.The method of claim 13, further comprising matching the extracted
2 features of the test utterance to an expanded VR model of the plurality of

expanded VR models to generate a match.

16.The method of claim 14, further comprising matching the extracted
2 features of the test utterance to an expanded VR model of the plurality of

expanded VR models to generate a match.

17.The method of claim 15, further comprising generating a hypothesis for
2 the match.



9. The nethod of claim1l1l, wherein the created plurality of VR nodels are 2
H dden Mar kov Models (HMVs). 10. The nethod of claim1l, wherein the created
pl ural it ywofozvssmpdel s are 2 Dynam c Tine Warpi ng (DTW modalsg2/os20 The
method of claim7, further conprising expanding an A-law 2 conpressed VR
nodel fromthe plurality of A-law conpressed VR nodels to generate an
expanded VR nodel. 12. The nethod of chaim 8, further conprising expanding a
mu-law 2 conpressed VR nodel fromthe plurality of mu-Iaw conpressed

nodel s to nerate an expanded VR nodel. 13. The nethod of claim 11,
further cé&%?h% meghesttaf sdainn § 65 athereconsprisingegeneratingt ahypethesisaforThe

met hod, of clt@ [ﬁ}l&l%h further conprising extracting features of a test 2
utterance net hod of claim 13, further conprising matching the
extracted 2 features of the test utterance to an expanded VR nodel of the

pl urality1§ anded r@&ﬁgﬁ m enerate a.mtch %1 tho of

clai m 14, [fuftt r?éer(%ﬂ%?\ Ve gO’E‘Wélsé% P RIS BOHR the t est
utterance toatexprateeds¥Rapldellitp foftllﬁeraﬂtdésab géﬂex@te eﬂméuﬂeetatﬁ{i%snodel S
to generate af tch. 17. The rret hom‘éﬁ rther orrprl SI n
generating @ihifotHEEaRCesocrease o plygadisn . F401p 890 21
18. The net %Qttﬁfes 6F AhdidBrarides LRI 15 bhgjr@% Q@}?lh%lﬁt?gofavm%gl%s' s for

2 the match. 19. vol ce recg}gnltlon ( stem corrprl ng a training
nodul e confl’fgtge@étl‘atgatrduéaltty tlosrsyatomté@s Rpnoéelsi ty of utterances to
generate extracted features of the utter ances create a plurality of VR
nodel s fromthe extracted 4 features of the utterances, and | ossy-conpress
t he pl ur a0t TheVR\4pstamdef slaimnd 9amthet @nappsingal i ty of | ossy-conpressed VR
model's, a feature extraction module configured to extract features of a test
utterance to generate extracted features of a test utterance;
4 an expansion module eonfigured to expand a lossy-compressed VR

model from the plurality of lossy-compressed VR models to generate an
6 expanded VR model; and

a pattern-matching module that matches the extracted features of the

8 test utterance to the expanded VR model to generate a recognition hypothesis.

21. A voice recognition (VR) system, comprising;:
2 a plurality of lossy-compressed VR models;
a feature extraction module configured to extract features of a test
4  utterance to generate extracted features of a test utterance;
an expansion module configured to expand a lossy-compressed VR
6 model from the plurality of lossy-compressed VR models to generate an
expanded VR model; and
8 a pattern-matching module that matches the extracted features of the

test utterance to the expanded VR model to generate a recognition hypothesis.

22. A voice recognition (VR) training system comprising:
2 a feature extraction module configured to extract features of a plurality
of utterances and generate a plurality of VR models for the extracted features

4  of the plurality of utterances; and



20. The VR systemof claim 19, further conprising: 2 a feature extraction
nodul e configured to extract features of a test utterance to generate
extract edwPDeawsases of a test utterance; 4 an expansi on nodarasevedspgured to
expand a | ossy-conpressed VR nodel fromthe plurality of |ossy-conpressed
VR nodel s to generate an 6 expanded VR nodel; and a pattern-matching
nodul e that matches the extracted featgres of the 8 test utterance to the
expanded VR nodel to generate a recognition hypothesis. 21. A voice
recogni tion W@coﬁ%é%é’s%lorpﬁmadlé B Figdrét b Yoyl efesEQﬁé%/;ﬂﬁfH]RgQﬁsed VR
nodel s; a feature extraction nodul e gonflgured to extract features of a
test @ utMlerwdsds-t o generate extracted features of a test utterance; an
expansi on nodul e configured to expand a | ossy-conpressed VR 6 nodel from
the plurality of |ossy-conpressed VR nodels to generate an expanded VR
nodel ; and 8 a pattern-matching nodul e that matches the extracted features
of the test utterance to the expanded VR nodel to generate a recognition
hypot hesis. 22. A voice recognition (VR) training systemconprising: 2 a
feature extraction nodule configured to extract features of a plurality of
utterances and generate a plurality of VR nodels for the extracted features
4 of the plurality of utterances; and WO 02/059871 PCT/ US02/ 00890 22 a
conpressi on nodul e configured to | ossy-conpress the plurality of 6 VR
nodel s.



