
J  
E u r o p a , s c h e s P _   MM  M  II  II  INI  1  1  MM  IN  M  II  I  II 
European  Patent  Office  B «  

*  . .   ,  ©  Publication  number:  0  3 8 7   6 0 2   B 1  
Office  europeen  des  brevets 

E U R O P E A N   PATENT  S P E C I F I C A T I O N  

©  Date  of  publication  of  patent  specification:  27.07.94  ©  Int.  CI.5:  G10L  5 / 0 6  

©  Application  number:  90103824.0 

@  Date  of  filing:  27.02.90 

Method  and  apparatus  for  the  automatic  determination  of  phonological  rules  as  for  a  continuous 
speech  recognition  system. 

©  Priority:  14.03.89  US  323479  ©  Proprietor:  International  Business  Machines 
Corporation 

@  Date  of  publication  of  application:  Old  Orchard  Road 
19.09.90  Bulletin  90/38  Armonk,  N.Y.  10504(US) 

©  Publication  of  the  grant  of  the  patent:  @  Inventor:  Bahl,  Lallt  Rai 
27.07.94  Bulletin  94/30  RD  1,  Box  28, 

Elisha  Purdy  Road 
©  Designated  Contracting  States:  Amawalk,  New  York  10501  (US) 

DE  FR  GB  IT  Inventor:  Brown,  Peter  Fltzhugh 
390  Riverside  Drive, 

©  References  cited:  Apt.  14A 
EP-A-  0  238  693  New  York,  NY  10025(US) 
EP-A-  0  238  697  Inventor:  Desouza,  Peter  Vincent 
EP-A-  0  313  975  1301  Whilte  Hill  Road 

Yorktown  Heights,  New  York  10598(US) 
Inventor:  Mercer,  Robert  Leroy 
669  Viewland  Drive 
Yorktown  Heights,  New  York  10598(US) 

©  Representative:  Jost,  Ottokarl,  Dipl.-lng. 
IBM  Deutschland  Informationssysteme 
GmbH, 
Patentwesen  und  Urheberrecht 
D-70548  Stuttgart  (DE) 

CD  GmbH, 
-̂ 1  Patentwesen  und  Urheberrecht 
©  D-70548  Stuttgart  (DE) 
CO 

00 
oo 

Note:  Within  nine  months  from  the  publication  of  the  mention  of  the  grant  of  the  European  patent,  any  person ®  may  give  notice  to  the  European  Patent  Office  of  opposition  to  the  European  patent  granted.  Notice  of  opposition 
Q,.  shall  be  filed  in  a  written  reasoned  statement.  It  shall  not  be  deemed  to  have  been  filed  until  the  opposition  fee 
LU  has  been  paid  (Art.  99(1)  European  patent  convention). 

Rank  Xerox  (UK)  Business  Services 
(3.  10/3.09/3.3.3) 



EP  0  387  602  B1 

Description 

The  present  invention  relates  generally  to  the  field  of  speech  recognition  and  specifically  to  a  method 
and  apparatus  for  processing  speech  information  to  automatically  generate  phonological  rules  which  may  be 

5  used,  for  example,  to  facilitate  the  recognition  of  continuous  speech. 
Most  speech  recognition  systems  operate,  at  least  at  a  high  level  of  abstraction,  in  substantially  the 

same  manner.  Discontinuous  spoken  words  are  converted  to  sampled  data  electrical  signals  which  are  then 
analyzed  to  generate  a  sequence  of  tokens  representing  specific  sounds.  These  tokens  are  analyzed  to 
determine  which  word  or  words  correspond  to  the  sequence  of  tokens.  The  words  so  determined  are 

io  provided  as  the  output  of  the  speech  recognition  system. 
Many  speech  recognition  systems  of  this  type  analyze  only  discontinuous  speech,  that  is  to  say  words 

spoken  with  interstitial  pauses.  This  limitation  makes  the  systems  easier  to  design  since  phonological 
models  of  words  spoken  in  this  manner  tend  to  be  more  consistent  than  the  rules  which  may  apply  for  the 
more  natural  continuous  speech.  These  phonological  models  are  used  in  the  analysis  of  the  sampled 

75  electrical  signals. 
An  exemplary  system  for  recognizing  discontinuous  spoken  words  is  described  below  in  reference  to 

FIGURES  1-4,  labeled  "prior  art."  In  the  described  system,  each  word  in  a  prescribed  vocabulary  is 
represented  as  a  sequence  of  component  parts  known  as  phonemes.  Each  of  these  sequences  is  known  as 
a  "baseform"  and  represents  an  idealized  pronunciation  of  the  word.  Traditionally,  Phonetic  baseforms  have 

20  been  generated  by  phoneticians. 
In  the  system  described  below,  each  phoneme  in  a  baseform  is  represented  by  a  statistical  model 

called  a  "phonemic  phone  machine."  A  phonemic  phone  machine  represents  a  phoneme  as  a  probabilistic 
combination  of  sound  samples  called  "fenemes"  or,  more  simply,  "labels."  Statistics  are  developed  for 
each  phone  machine  by  analyzing  a  known  spoken  text.  Some  known  speech  recognition  systems  use 

25  baseforms  which  have  fenemes  rather  than  phonemes  as  their  component  parts.  In  this  instance,  a  fenemic 
phone  machine,  i.e.  one  in  which  each  feneme  is  represented  as  a  probabilistic  combination  of  fenemes,  is 
used  to  model  the  pronunciation  of  the  feneme.  The  exemplary  system  shown  in  FIGURES  1-4  uses 
phonemic  baseforms  and  phonemic  phone  machines. 

Once  the  statistics  for  the  phone  machines  have  been  developed,  they  may  be  used  to  analyze  the 
30  sampled  data  signal  representing  fenemes  derived  from  individually  uttered  words  to  determine  one  or 

more  likely  sequences  of  phonemes  that  correspond  to  the  sampled  data  signal. 
This  sequence  of  phonemes  is  then  compared  to  selected  ones  of  the  baseforms,  which  incorporate  the 

likely  sequences  of  phonemes,  to  decide  which  words  from  the  prescribed  vocabulary  are  most  likely  to 
have  been  spoken. 

35  This  type  of  voice  recognition  system  works  reasonably  well  for  discontinuous  speech  because 
individually  spoken  words  tend  to  conform  to  the  idealized  baseforms.  However,  in  continuous  speech, 
coarticulation  among  the  words  tends  to  reduce  the  conformance  of  a  spoken  word  to  any  idealized  model, 
such  as  a  baseform. 

A  phonetic  baseform  may  be  compensated  for  coarticulation  effects  by  specifying  rules  which  change 
40  the  baseform  based  on  the  context  in  which  it  is  pronounced.  Typically,  these  rules  are  also  specified  by 

phoneticians.  But,  due  to  the  wide  variety  of  coarticulation  effects  which  may  occur  even  in  a  limited 
vocabulary,  the  specification  of  these  modifying  rules  can  be  a  formidable  task. 

U.S.  Patent  4,759,068  to  Bahl  et  al.  relates  a  method  by  which  a  string  of  tokens  derived  from  spoken 
words  are  analyzed  to  derive  a  sequence  of  individual  fenemes  which  most  closely  corresponds  to  the 

45  spoken  words.  This  patent  discloses  the  structure  of  a  typical  speech  recognition  system  in  detail. 
U.S.  Patent  4,559,604  to  Ichikawa  et  al.  relates  to  a  pattern  recognition  system  in  which  an  input  pattern 

is  compared  against  a  set  of  standard  patterns  to  define  a  set  of  patterns  that  are  more  likely  than  any  other 
patterns  to  be  a  match  for  the  input  pattern.  A  specific  one  of  these  selected  patterns  is  inferred  as  the 
most  likely  based  on  one  of  four  preferred  criteria  of  inference. 

50  U.S.  Patent  4,363,102  to  Holmgren  et  al.  relates  to  a  speaker  identification  system  which  develops  a 
plurality  of  templates  corresponding  to  known  words  spoken  by  a  corresponding  plurality  of  speakers.  An 
individual  speaker  is  identified  as  having  the  smallest  probabilistic  distance  between  his  spoken  words  and 
the  templates  corresponding  to  one  of  the  known  speakers. 

Other  related  speech  recognition  systems  are  described  in  EP-A-238693  and  EP-A-238697. 
55  It  is  an  object  of  the  invention  to  provide  a  method  and  apparatus  for  automatically  generating 

phonological  rules  which  describe  differences  in  pronunciation  of  a  set  of  words  based  on  the  context  in 
which  the  words  are  spoken. 

2 
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It  is  a  further  object  of  the  invention  to  utilize  these  phonological  rules  to  recognize  continuously  spoken 
words. 

The  present  invention  is  embodied  in  a  continuous  speech  recognition  system  which  includes  a  set  of 
language  components  that  describe  a  predetermined  vocabulary  of  words.  Vocalizations  corresponding  to  a 

5  known  text  are  processed  to  associate  samples,  representing  the  vocalizations,  with  the  language  compo- 
nents.  The  samples  associated  with  language  components  that  are  phonologically  similar  are  clustered  to 
determine  different  pronunciations  of  that  component.  These  samples  are  then  processed  to  develop  a 
decision  mechanism  which  relates  the  clusters  to  data  indicating  the  contextual  occurrence  of  the  language 
components  represented  by  the  samples.  This  decision  graph  defines  phonological  rules  which  describe 

io  variations  in  the  pronunciation  of  the  various  language  components  due  to  the  context  in  which  the 
component  occurs. 

BRIEF  DESCRIPTION  OF  THE  DRAWINGS 

75  FIGURE  1  (prior  art)  is  a  block  diagram  of  a  known  speech  recognition  system. 
FIGURE  2  (prior  art)  is  a  block  diagram  of  an  acoustic  processor  suitable  for  use  with  the  speech 

recognition  system  shown  in  FIGURE  1. 
FIGURE  3  (prior  art)  is  a  block  diagram  of  the  speech  recognition  system  shown  in  FIGURE  1  showing 

more  detail  of  the  stack  processor  element. 
20  FIGURES  4A  and  4B  (both  prior  art)  are  state  diagrams  representing  Markov  models  which  may  be 

used  in  several  contexts  by  the  speech  recognition  system  shown  in  FIGURE  1  and  in  the  embodiment  of 
the  present  invention. 

FIGURE  5  is  a  block  diagram  of  a  speech  recognition  system  which  includes  an  embodiment  of  the 
present  invention. 

25  FIGURES  6A,  6B  and  6C  are  flow-chart  diagrams  which  illustrate  the  operation  of  the  phonological  rules 
generator  shown  in  FIGURE  5. 

FIGURE  7  is  a  flow-chart  diagram  illustrating  a  Poisson-polling  procedure  which  may  be  used  in  the 
present  invention. 

FIGURES  8A  and  8B  are  diagrams  useful  for  explaining  the  concept  of  a  pylonic  condition  and  of  a 
30  binary  tree  having  pylonic  conditions. 

FIGURES  8C  and  8D  are  flow-chart  diagrams  illustrating  a  method  for  constructing  a  binary  decision 
tree  having  pylonic  conditions,  which  may  be  used  in  the  rules  generator  shown  in  FIGURE  5. 

FIGURES  9A  and  9B  are  flow-chart  diagrams  illustrating  a  method  for  defining  a  single  component 
question  of  a  pylonic  condition. 

35  In  isolated  speech  recognition,  good  results  can  be  obtained  with  one  static  acoustic  model  for  each 
word  in  a  vocabulary.  Since  there  is  only  neglibible  coarticulation  between  words  that  are  spoken  in 
isolation,  the  pronunciation  of  any  given  word  changes  very  little  from  one  instance  to  the  next  and  so,  the 
pronunciation  of  the  word  is  adequately  represented  by  a  static  model. 

In  continuous  speech  recognition,  however,  a  single  static  acoustic  model  is  inadequate.  This  is  due  to 
40  the  substantial  coarticulation  among  words  that  are  spoken  without  interstitial  pauses.  Thus,  each  word  may 

have  many  possible  pronunciations. 
One  way  to  deal  with  this  variability  is  to  employ  phonological  rules  to  model  the  effects  of 

coarticulation.  Using  these  rules,  there  is  still  a  single  acoustic  model  for  each  word  in  the  vocabulary,  but  it 
is  no  longer  static.  Each  word  model  represents  the  pronunciation  of  a  word  in  the  absence  of  coarticulation 

45  and  is  called  a  baseform.  The  phonological  rules  operate  on  the  baseforms,  transforming  them  where 
appropriate,  to  reflect  the  effects  of  coarticulation.  Consequently,  the  actual  word  models  used  by  the 
speech  recognition  system  can  vary  dynamically  according  to  the  context  in  which  the  word  occurs. 

The  success  of  this  approach  clearly  depends  on  the  accuracy  and  sufficiency  of  the  phonological 
rules.  Traditionally,  phonological  rules  ahve  been  created  manually  by  linguists  skilled  in  the  art  of 

50  phonetics.  But  generating  a  complete  set  of  phonological  rules  for  even  a  relatively  small  vocabulary  can  be 
a  very  large  task. 

The  embodiment  of  the  invention  described  below  includes  an  automatic  phonological  rules  generator 
which,  by  analyzing  a  training  text  and  corresponding  vocalizations,  can  generate  a  set  of  phonological 
rules.  These  rules  are  applied  to  a  speech  recognition  system  in  the  embodiment  described  below.  They 

55  may  also  be  applied  to  a  speech  synthesis  system,  to  change  the  pronunciation  of  a  word  depending  on  its 
context,  or  they  may  simply  be  analyzed  by  linguists  to  increase  their  knowledge  of  this  arcane  art. 

To  describe  how  phonological  rules  may  be  used  in  a  continuous  speech  recognition  system,  it  is 
helpful  to  first  describe  a  system  for  recognizing  isolated  speech.  FIGURE  1  is  a  block  diagram  of  a  speech 
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recognition  system  such  as  is  disclosed  in  U.S.  Patent  No.  4,759,068  to  L.R.  Bahl  et  al.,  which  is  hereby 
incorporated  by  reference.  This  system  is  described  briefly  below  and  then,  as  appropriate,  selected 
aspects  of  the  system  are  described  in  more  detail. 

In  the  system  shown  in  FIGURE  1,  speech  input,  provided  by  a  microphone  and  amplifier  (not  shown) 
5  are  applied  to  an  acoustic  processor  1004.  The  processor  1004  analyzes  the  spectral  characteristics  of 

speech  input  over  a  succession  of  1  centisecond  intervals  and  assigns  a  label  (i.e.  a  feneme)  to  each 
interval.  The  labels  are  selected  by  the  acoustic  processor  from  an  alphabet  of  distinct  labels  based  on 
some  combination  of  characteristics  of  the  input  speech  during  the  centisecond  intervals. 

The  labels  produced  by  the  acoustic  processor  1004  are  applied  to  a  stack  decoder  1002.  The  decoder 
io  1002  interfaces  with  a  fast  match  processor  1006,  a  detailed  match  processor  1008,  a  language  model  1010 

and  a  work  station  1012.  The  decoder  1002  is  controlled  via  the  work  station  1012  to  condition  the  detailed 
and  fast  match  processors  1008  and  1006  and  the  language  model  1010  to  transform  the  sequence  of 
fenemes  into  a  sequence  of  words  which  are  provided  to  the  work  station  1012. 

The  fast  match  processor  1006  and  the  detailed  match  processor  1008  use  respectively  different  sets 
is  of  probabilistic  finite  state  machines,  i.e.  phone  machines,  to  associate  the  feneme  sequences  with  words 

from  a  fixed  vocabulary.  The  fast  match  processor  1006  uses  a  set  of  relatively  crude  phone  machines  to 
quickly  select  a  few  of  the  more  likely  words  from  the  vocabulary.  The  detailed  match  processor  uses  a 
more  rigorous  set  of  phone  machines  to  select  a  most  likely  word  from  the  few  provided  by  the  fast  match 
processor. 

20  Since  the  fast  match  processor  1006  and  detailed  match  processor  1008  produce  matches  based  only 
on  the  speech  input  during  the  time  interval  occupied  by  a  spoken  word,  the  words  produced  are  in  terms 
of  their  phonetic  content.  Consequently,  the  output  values  provided  by  the  detailed  match  processor  may 
represent  a  group  of  homophones.  The  homophones  provided  by  the  detailed  match  processor  1008  may 
be  true  homophones  or  near-homophones.  A  word  is  a  near-homophone  to  another  word  if,  even  though  it 

25  is  not  a  true  homophone,  it  cannot  be  reliably  distinguished  from  the  other  word  on  the  basis  of  the  signals 
provided  by  the  acoustic  processor  1004,  using  the  probabilistic  techniques  employed  by  the  detailed 
match  processor.  An  example  of  a  near-homophone  pair  are  the  names  of  the  letters  "B"  and  "D".  To  avoid 
confusion,  any  use  of  the  term  "homophone"  in  this  specification  includes  the  concept  of  a  near- 
homophone. 

30  The  language  model  1010  is  used  to  determine  which  word  is  correct  from  a  group  of  homophones. 
The  language  model  1010,  used  in  this  embodiment  of  the  invention,  determines  which  word  of  a  group  is 
the  most  likely  based  on  the  the  preceeding  two  words  derived  by  the  speech  recognition  system.  The 
words  determined  by  this  language  model  analysis  are  the  output  of  the  speech  recognition  system. 

FIGURE  2  is  a  block  diagram  of  apparatus  suitable  for  use  as  the  acoustic  processor  1004.  In  FIGURE 
35  2,  an  analog  electrical  signal,  representing  an  acoustic  wave  input  (e.g.  natural  speech),  is  applied  to  an 

analog-to-digital  converter  (ADC)  1102.  The  ADC  1102  develops  digital  samples  representing  the  acoustic 
wave  at  a  prescribed  rate.  A  typical  sampling  rate  is  one  sample  every  50  microseconds.  The  samples 
provided  by  the  ADC  1102  are  applied  to  a  time  window  generator  1104  which  divides  the  digital  samples 
into  overlapping  groups  of,  for  example,  400  samples.  The  groups  of  digital  samples  provided  by  the  time 

40  window  generator  1104  are  applied  to  a  fast  Fourier  transform  (FFT)  element  1106. 
The  FFT  element  1106  processes  the  sample  groups  to  provide  a  signal  SA  which  includes  a  sequence 

of  spectral  vectors.  Each  of  these  vectors  may  be,  for  example,  a  set  of  200  output  signals  which  represent 
the  power  of  the  acoustic  wave  in  200  mutually  distinct  frequency  bands.  Each  spectral  vector  represents 
the  acoustic  wave  during  a  10  millisecond  (1  centisecond)  interval. 

45  The  signal  SA  provided  by  the  FFT  element  1106  is  then  processed  to  produce  labels  {or  fenemes), 
y1,  y2,  ...  yf.  Four  processing  elements,  a  feature  selection  element  1108,  a  cluster  element  1110,  a 
prototype  element  1112,  and  a  labeller  1114,  act  together  to  produce  the  fenemes  from  the  signal  SA. 
These  elements  operate  in  two  modes,  a  training  mode  and  a  labeling  mode.  In  both  modes,  the  feature 
selection  element  1108  combines  selected  values  of  the  vector  signal  SA  to  generate  a  vector,  AF,  of 

50  acoustic  feature  signals.  In  addition  to  the  power  level  of  a  particular  frequency,  an  element  in  the  acoustic 
feature  vector  may  represent,  for  example,  the  overall  loudness  of  the  signal;  the  loudness  in  a  particular 
band  of  frequencies;  or  an  indication  of  when  the  acoustic  input  is  above  a  threshold  of  feeling,  Tf,  or  a 
threshold  of  hearing,  Th. 

In  a  training  mode,  the  acoustic  feature  vectors  produced  from  a  relatively  large  set  of  acoustic  inputs 
55  are  generated  and  stored  in  the  cluster  element  1110.  If  each  of  these  stored  vectors  is  considered  to  be  a 

point  in  a  state-space  defined  by  a  state  vector  of  possible  acoustic  features,  then  the  set  of  all  points 
produced  by  the  training  data  may  be  grouped  into  clusters  of  points  in  the  state-space.  Each  point  in  a 
given  cluster  represents  a  one  centisecond  sample  of  a  vocal  sounds  which  is  statistically  similar  to  the 

4 
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sounds  represented  by  the  other  points  in  the  cluster. 
Each  of  the  clusters  in  the  state-space  may  be  thought  of  as  a  being  representative  samples  of  a 

probability  distribution.  Each  of  these  probability  distributions,  which  may,  for  example  be  assumed  to  be 
Gaussian  distributions,  defines  a  prototype  for  a  label  or  feneme.  When  the  acoustic  processor  1004  is  in  its 

5  training  mode,  the  cluster  element  provides  the  clusters  to  the  prototype  element  which  fits  a  Gaussian 
distribution  to  each  cluster,  defining  a  prototype  label  which  represents  all  points  in  the  cluster.  When  the 
acoustic  processor  is  in  its  labeling  mode,  these  prototypes  are  used  by  the  labeller  1114  to  assign  labels 
to  the  feature  vectors  produced  by  the  feature  selection  element  1108.  An  exemplary  system  for  generating 
prototype  labels  in  this  manner  is  disclosed  in  a  paper  by  A.  Nadas  et  al.,  "Continuous  Speech  Recognition 

io  With  Automatically  Selected  Acoustic  Prototypes  Obtained  By  Either  Bootstrapping  Or  Clustering",  Pro- 
ceedings  of  the  ICASSP  1981,  pp.  1153-1155. 

FIGURE  3  is  a  block  diagram  of  the  speech  recognition  system  shown  in  FIGURE  1  but  showing  the 
stack  decoder  1002  in  greater  detail.  The  central  element  in  the  stack  decoder  is  a  search  processor  1020. 
As  set  forth  above,  when  a  sequence  of  labels  is  applied  to  the  stack  decoder,  the  search  processor  1020 

is  first  applies  it  to  the  fast  match  processor  1006.  The  processor  1006  eliminates  all  but  a  few  of  the  more 
likely  words  in  the  vocabulary  as  matches  for  the  sequence  of  labels.  The  words  determined  by  the  fast 
match  processor  1006  are  then  applied  by  the  search  processor  1020  to  the  detailed  match  processor 
along  with  the  sequence  of  labels.  The  detailed  match  processor  1020  determines  which  of  these  supplied 
words  is  the  most  likely  to  correspond  to  the  supplied  sequence  of  labels. 

20  The  methods  implemented  by  the  search  processor  1020,  fast  match  processor  1006,  detailed  match 
processor  1008  and  language  model  1010,  used  in  the  present  embodiment  of  the  invention,  are 
substantially  the  same  as  those  set  forth  in  the  above  referenced  U.S.  Patent  4,759,068.  An  exemplary 
implementation  is  described  below. 

In  the  recognition  system  shown  in  FIGURE  3,  each  word  in  a  dictionary  is  represented  as  a  sequence 
25  of  phonemes  and  each  phoneme  is  represented  by  a  phone  machine.  A  phone  machine  is  a  Markov  model 

of  the  pronunciation  of  a  phoneme  which  defines  a  probabilistic  relationship  between  the  phoneme  and  a 
sequence  of  labels. 

In  the  fast  match  operation,  the  sequence  of  labels  produced  by  the  acoustic  processor  1004  is 
matched,  by  the  fast  match  processor  1006,  to  simplified  phone  machines  representing  words  in  the 

30  vocabulary.  These  words  are  arranged  in  a  tree  structure  for  use  by  the  processor  1006,  so  that  words 
having  common  initial  phonemes  have  common  paths  through  the  tree  until  they  are  differentiated.  The  fast 
match  processor  1006,  provides  a  set  of  words  that  are  more  likely  to  match  the  sequence  of  labels  than 
other  words  in  the  vocabulary.  These  words  are  then  analyzed  by  the  language  model  1010  to  eliminate 
any  words  that  are  unlikely  based  on  their  context  in  view  of,  for  example,  the  two  most  recently  recognized 

35  words.  This  process  produces  a  relatively  small  set  of  candidate  words  which  are  then  applied,  with  the 
sequence  of  labels  provided  by  the  acoustic  processor  1004,  to  the  detailed  match  processor  1008. 

The  detailed  match  operation  uses  a  set  of  more  rigorous  phone  machines  to  match  the  labels  10 
provided  by  the  acoustic  processor  1004  to  the  set  of  candidate  words.  Exemplary  phone  machines  which 
may  be  used  by  the  detailed  match  processor  are  described  below  in  reference  to  FIGURES  4A  and  4B. 

40  Following  this  description,  modifications  to  this  phone  machine  to  produce  simplified  phone  machines  for 
the  fast  match  processor  1006  are  described. 

A  phonemic  phone  machine  1200  is  shown  in  FIGURE  4A.  This  phone  machine  models  the  pronunci- 
ation  of  a  phoneme  as  a  Markov  process.  Phonemic  phone  machines  are  concatenated,  as  indicated  by  a 
phonetic  baseform,  to  produce  a  Markov  model  of  the  pronunciation  of  a  word. 

45  The  phone  machine  1200  includes  seven  states,  S1  through  S7,  and  13  transitions,  tr1  through  tr13, 
between  selected  ones  of  the  states.  Each  transition  has  a  probability  associated  with  it  and,  in  addition, 
each  of  these  transitions  except  the  ones  indicated  by  broken  lines  (i.e.  tr11,  tr12,  and  tr13)  has  associated 
with  it  a  vector  of  200  probability  values  representing  the  probability  that  each  of  the  respective  200 
possible  labels  occurs  at  the  transition.  The  broken-line  transitions  represent  transitions  from  one  state  to 

50  another  in  which  no  label  is  produced.  These  transitions  are  referred  to  as  null  transitions.  The  solid-line 
transitions  represent  vocalizations  in  a  transition  from  one  state  to  another.  The  broken-line  transitions 
represent  transitions  from  one  state  to  another  which  take  no  time  to  complete  and  for  which  there  is  no 
vocalization,  in  other  words,  in  which  a  label  is  absent  from  the  word  model.  Where  a  transition  both  begins 
and  ends  in  one  state,  it  represents  a  vocalization  that  is  held  for  more  than  one  sample  period  (i.e.  1 

55  centisecond). 
A  fenemic  phone  machine  1210  is  shown  in  FIGURE  4B.  This  machine  models  the  pronunciation  of  a 

feneme  as  a  Markov  process.  All  fenemic  phone  machines  have  the  structure  illustrated  in  FIGURE  4B;  two 
states,  Si  and  Sf,  and  three  transitions,  tr1  ,  tr2  and  tr3.  Each  of  the  transitions  tr1  and  tr2  has  a  transition 
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probability  and  a  vector  of  200  probability  values  representing  the  probability  that  any  of  the  200  fenemes 
may  be  produced  during  the  transition.  The  transition  tr3  is  a  null  transition.  Fenemic  phone  machines  may 
be  concatenated  in  the  same  manner  as  phonemic  phone  machines  to  generate  Markov  models  describing 
the  pronunciation  of  a  word.  These  models  may  be  produced  automatically  by  replacing  the  fenemes,  in  a 

5  feneme  sequence  representing  a  word,  by  respective  fenemic  phone  machines.  The  fenemic  phone 
machine  is  presented  as  an  alternative  to  the  phonetic  phone  machines.  In  the  discussion  of  the  speech 
recognition  system  shown  in  FIGURE  3,  all  references  to  phone  machines  are  to  phonetic  phone  machines. 

In  the  detailed  match  processor  1008,  the  sequence  of  labels  produced  by  the  acoustic  processor  1004 
is  matched  to  the  sequences  of  phone  machines  associated  with  the  respective  candidate  words  produced 

io  by  the  fast  match  operation.  An  exemplary  matching  procedure  which  may  be  used  in  both  the  fast  match 
processor  1006  and  the  detailed  match  processor  1008  is  the  well  known  "forward  probability"  technique 
described  in  an  article  by  F.  Jelinek,  entitled  "Continuous  Speech  Recognition  by  Statistical  Methods" 
Proceedings  of  the  IEEE,  Vol.  64,  1976,  pp.  532-556. 

The  model  shown  in  FIGURE  4A  is  simplified,  for  use  by  the  fast  match  processor  1006,  by  replacing 
is  the  each  of  the  200  value  label  probability  vectors  associated  with  the  various  transitions  in  the  word  model 

by  a  single  200  value  probability  vector.  Each  element  in  this  vector  is  the  largest  corresponding  value  in  all 
of  the  vectors  used  in  the  model.  Many  fewer  calculations  are  needed  to  evaluate  these  simple  phone 
machines  than  are  needed  to  evaluate  the  more  rigorous  phone  machines. 

As  set  forth  above,  after  both  the  fast  match  operation  and  the  detailed  match  operation,  the  search 
20  processor  1020  invokes  the  language  model  1010  to  determine  if  the  newly  selected  word  fits  in  the  context 

of  the  previously  selected  words.  In  addition  to  paring  down  the  list  of  candidate  words  for  application  to  the 
detailed  match  processor,  the  language  model  1010  distinguishes  between  the  set  of  homophones  provided 
as  a  result  of  the  detailed  match  operation.  The  language  model  used  in  the  system  shown  in  FIGURE  3  is 
a  three-gram  language  model,  or,  stated  otherwise,  a  language  model  having  statistics  on  the  likelihood  of 

25  occurrence  of  groups  of  three  consecutive  words. 
The  following  example  illustrates  the  operation  of  the  language  model  1010.  Assume  that  the  phrase 

"To  be  or  not  to  be"  has  been  spoken.  After  processing  by  the  fast  match  and  detailed  match  processor,  a 
first  homophone  group,  comprising  "TO",  "TOO"  and  "TWO"  is  determined  by  the  search  processor  1020. 
Since  this  is  the  start  of  the  phrase,  no  context  is  available  and  so,  the  language  model  1010  is  invoked  as 

30  a  one-gram  language  model,  providing  the  relative  provbabilities  of  occurrence  of  the  three  words  in  the  first 
homophone  group.  This  homophone  group  is  stored  by  the  search  processor  1020.  When  the  next  word  is 
processed  by  the  system,  a  second  homophone  group  containing  the  words  "BE",  "BEE",  "B"  and  "D" 
may  be  produced.  The  letter  "D"  is  included  in  this  group  because  it  is  a  near-homophone  of  the  other  "B" 
words;  in  other  words,  even  though  it  is  not  a  homophone  of  the  "B"  words,  it  is  treated  as  one  because  it 

35  cannot  be  reliably  distinguished  from  them  using  the  statistical  models.  Based  on  these  two  groups  of 
words,  the  words  "TOO"  and  "BEE"  are  eliminated  as  being  unlikely.  This  leaves  three  possible  two-word 
combinations:  "TO  BE",  "TWO  B"  and  "TWO  D". 

The  next  word  applied  to  the  recognizer  produces  a  third  homophone  group  containing  the  words  "OR", 
"OAR"  and  "ORE".  Applying  this  group  and  the  possible  two-word  combinations  to  the  language  model 

40  eliminates  the  word  "TWO"  from  the  first  group,  the  words  "B"  and  "D"  from  the  second  group  and  the 
words  "OAR"  and  "ORE"  from  the  third  group.  This  process  continues  until  the  entire  phrase  has  been 
parsed. 

The  sequence  of  words  determined  by  the  search  processor  1020  using  the  fast  match  processor  1006, 
the  detailed  match  processor  1008  and  the  language  model  1010,  as  outlined  above,  is  the  output  of  the 

45  speech  recognition  system. 
As  set  forth  above,  this  prior  art  speech  recognition  system  may  have  difficulty  recognizing  continu- 

ously  spoken  words  because  it  uses  phone  machines  that  have  fixed  probability  values  for  the  fenemes 
produced  at  transitions  between  states.  When  the  coarticulation  of  two  words  changes  in  the  pronunciation 
of  a  constituent  phoneme  of  one  of  the  words,  the  detailed  match  processor  may  consider  that  pronunci- 

50  ation  to  be  an  unlikely  match  to  a  correct  target  phoneme  represented  by  the  fixed  phone  machine  model. 
In  this  instance,  the  speech  recognition  system  may  produce  an  erroneous  result. 

The  embodiment  of  the  invention  described  below  provides  a  solution  to  this  problem.  In  this 
embodiment,  a  phonological  rules  processor  (PRP)  1030  is  included  in  the  speech  recognition  system.  This 
processor  develops,  from  the  training  data,  phonological  rules  regarding  the  pronunciation  of  phonemes  in 

55  context.  These  rules,  which  account  for,  among  other  things,  coarticulation  effects,  are  applied  to  the 
detailed  match  processor  1008  to  change  the  phone  machines  used  by  the  processor  1008  based  on  the 
context  of  the  words  to  be  recognized. 
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The  PRP  1030  used  in  this  embodiment  of  the  invention  is  a  programmed  digital  computer,  which  is 
desirably  separate  from  the  search  processor  1020.  The  PRP  1030  communicates  with  the  search 
processor  1020  via  a  PRP  interface  circuit  1032.  The  PRP  1030  operates  in  two  modes,  a  training  mode  in 
which  it  develops  phonological  rules  from  a  known  text  and  an  operational  mode  in  which  it  uses  these 

5  phonological  rules  to  recognize  unknown  spoken  words. 
The  following  is  a  summary  of  the  operation  of  the  PRP  1030.  Details  of  the  program  controlling  the 

PRP  1030  are  set  forth  below  in  reference  to  FIGURES  6A  through  9D.  In  its  training  mode,  the  PRP  1030 
determines  which  feneme  sequences  in  the  training  text  represent  which  phonemes.  The  feneme  se- 
quences  for  each  phoneme  are  then  clustered  into  groups  which  represent  similar  pronunciations  of  the 

io  phomeme.  The  last  step  in  the  training  mode  generates  a  binary  decision  tree  which  predicts  the 
pronunciation  of  a  phoneme  based  on  the  context  in  which  it  occurs.  The  left  (L)  context;  i.e.  those 
phonemes  preceding  the  target  phoneme,  the  right  (R)  context;  i.e.  those  phonemes  following  the  target 
phoneme;  and  the  length  of  the  word,  in  syllables,  in  which  the  target  phoneme  occurs  are  used  as 
contextual  indicators  in  generating  the  graph. 

is  In  its  operational  mode,  the  PRP  1030  is  provided,  by  the  search  processor  1020,  with  the  current  L 
context  and  with  a  phonetic  baseform  of  a  target  word.  Based  on  this  information,  the  processor  1030  finds 
sequences  of  fenemic  phone  machines  that  define  baseforms  for  respective  phonemes  in  the  target  word. 
These  fenemic  baseforms  are  applied  to  the  detailed  match  processor  1008.  The  detailed  match  processor 
1008  forms  a  Markov  model  of  the  word  by  concatenating  these  fenemic  baseforms,  and  then  uses  the 

20  model  to  determine  the  likelihood  that  a  feneme  sequence  to  be  recognized  represents  the  target  word. 
FIGURES  6A,  6B,  and  6C  constitute  a  flow-chart  diagram  which  describes  the  program  controlling  the 

PRP  1030.  FIGURES  6A  and  6B  describe  the  training  mode  and  FIGURE  6C  describes  the  operational 
mode.  In  step  1602  of  FIGURE  6A,  all  of  the  training  data  is  labeled  using  the  fenemic  alphabet.  This 
procedure  differs  from  the  normal  labeling  of  input  data  as  it  is  received  because  the  steps  below,  which 

25  define  the  phonological  rules,  access  this  data  repeatedly.  The  next  step,  1604,  uses  the  labeled  training 
data,  a  known  text  represented  by  the  training  data  and  an  alphabet  of  phonetic  baseforms  to  gather 
statistics  which  define  phonetic  phone  machines  corresponding  to  the  phonetic  baseforms.  These  statistics 
may  be  determined,  for  example,  by  using  the  well  known  forward-backward  algorithm  to  apply  the  labeled 
training  data  to  the  phonetic  baseforms  as  indicated  by  the  known  text.  Next,  the  phonetic  phone  machines 

30  defined  by  this  process  are  aligned,  at  step  1606,  to  feneme  sequences  in  the  labeled  training  data.  This 
alignment  operation  uses  the  well  known  Viterbi  alignment  algorithm.  The  forward-backward  algorithm  and 
the  Viterbi  alignment  algorithm  are  described  in  a  paper  by  L.R.  Bahl  et  al.  entitled  "A  Maximum  Likelihood 
Approach  to  Continuous  Speech  Recognition" 
IEEE  Transactions  on  Pattern 

35  Analysis  and  Machine  Intelligence,  vol.  5,  No.  2,  March  1983,  pp.  179-190. 
The  next  step,  1608,  extracts  all  feneme  sequences  corresponding  to  individual  phonemes  in  the 

training  text.  These  feneme  sequences  are  grouped  according  to  the  phonemes  they  represent.  The 
sequences  in  a  particular  group  correspond  to  different  possible  pronunciations  of  the  phomeme  associated 
with  that  group. 

40  At  step  1610,  a  fenemic  baseform  is  generated  for  each  feneme  sequence  in  each  group.  This 
operation  copies  the  feneme  sequence,  converts  the  fenemes  in  the  copied  sequence  into  fenemic  phone 
machines  and  then  concatenates  the  fenemic  phone  machines  to  generate  a  fenemic  baseform.  An 
exemplary  fenemic  phone  machine  is  described  above  in  reference  to  FIGURE  4B.  Each  baseform 
represents  a  sequence  of  fenemic  phone  machines  which  models  the  pronunciation  of  the  particular 

45  phoneme  from  which  the  underlying  feneme  sequence  was  derived.  In  the  next  step,  1612,  the  forward- 
backward  algorithm  is  used  to  get  trained  statistics  for  the  constituent  fenemic  phone  machines  in  each 
fenemic  baseform.  These  trained  statistics  are  used,  as  set  forth  below,  to  cluster  the  fenemic  phone 
machines. 

The  program,  at  step  1614,  selects  a  first  phoneme  and  its  corresponding  group  of  fenemic  baseforms 
50  to  generate  a  set  of  phonological  rules  that  describe  contextual  differences  in  the  pronunciation  of  the 

phoneme.  The  step  1616  begins  this  operation  by  annotating  each  feneme  sequence  in  the  chosen  group 
with  its  L  and  R  context  and  with  the  length  of  the  original  word  from  which  the  feneme  sequence  was 
derived.  In  this  embodiment  of  the  invention,  the  L  context  includes  five  phonemes  occurring  in  the  training 
text  before  the  original  phoneme  from  which  the  sequence  was  derived  and  the  R  context  includes  the  five 

55  phonemes  occurring  after  the  original  phoneme.  After  executing  the  step  1616,  the  program  transfers 
control  to  the  step  1618  of  FIGURE  6B  as  illustrated  by  the  connector  A  in  FIGURES  6A  and  6B. 

In  the  step  1618,  the  program  clusters  the  feneme  sequences  in  the  selected  group  using  their 
associated  fenemic  baseforms.  This  step  associates  feneme  sequences  which  represent  similar  pronunci- 
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ations  of  the  selected  phoneme  into  respectively  different  sub-groups,  called  clusters.  Each  of  these 
clusters  is  assigned  a  unique  identifying  number.  The  clustering  operation  for  the  fenemic  sequences  is 
described  below  in  reference  to  FIGURE  7. 

At  step  1620,  the  program  annotates  each  feneme  sequence  in  the  group  with  its  cluster  number.  Each 
5  cluster  number  indicates  a  class  of  similar  pronunciations  of  the  selected  phoneme. 

A  step  1621,  following  step  1620  divides  the  training  data  into  two  parts,  the  first  part,  called  generating 
data,  is  used  to  generate  questions  for  the  binary  decision  tree,  as  set  forth  below.  The  second  part,  called 
checking  data,  is  used  to  ensure  that  the  questions  produced  using  the  generating  data  are  generally  valid 
and  not  just  valid  for  the  specific  set  of  generating  data. 

io  The  next  step,  1622,  uses  the  generating  and  checking  data  to  build  a  decision  graph  which  may  be 
used  to  predict  a  cluster  number  from  the  L  and  R  contexts  and  word  length  data  of  a  given  feneme 
sequence.  In  this  embodiment  of  the  invention,  the  decision  graph  is  a  binary  tree  based  idiot-system 
having  pylonic  conditions.  An  idiot-system  is  a  self-taught  expert  system,  that  is  to  say,  an  expert  system 
constructed  without  expert  guidance.  In  general  terms,  this  graph  partitions  the  feneme  sequences  in  a 

is  group  into  subsets  located  at  the  leaves  of  the  tree,  each  feneme  sequence  in  a  subset  represents 
substantially  the  same  pronunciation  of  the  phoneme.  The  construction  of  the  decision  tree  is  described 
below  in  reference  to  FIGURES  8A  through  8D,  9A  and  9B. 

The  decision  tree  is  traversed  to  reach  a  subset  by  asking  questions  about  the  context  of  the  given 
feneme  sequence.  These  questions  are  automatically  generated  and  are  arranged  in  "pylons"  at  the  nodes 

20  of  the  tree.  A  pylon,  as  explained  below  in  reference  to  FIGURES  8A  and  8B,  divides  data  at  a  node  into 
two  proper  subsets.  Ideally,  these  subsets  contain  approximately  equal  numbers  of  different  clusters. 
However,  even  when  the  subsets  are  not  equal,  the  division  produced  by  the  pylon  tends  to  result  in  an 
increase  in  the  information  known  about  the  contents  of  each  child  subset  relative  to  that  known  about  their 
parent  subset  The  construction  of  the  binary  tree  continues  until  the  automatic  rules  generator  cannot 

25  extract  any  more  information  from  the  annotated  feneme  sequences.  When  tree  construction  has  ceased, 
each  leaf  of  the  tree  includes  a  set  of  feneme  sequences  which  describe  a  pronunciation  of  the  selected 
phoneme  in  a  set  of  contextual  circumstances. 

The  next  step  in  the  program,  1624,  generates  a  set  of  baseforms  for  the  phoneme,  one  baseform  for 
each  leaf  of  the  decision  tree.  Each  of  these  baseforms  consists  of  a  sequence  of  fenemic  phone  machines. 

30  A  baseform  may  be  generated,  for  example,  by  generating  one  or  more  generic  baseforms  from  all  of  the 
different  fenemic  sequences  at  a  leaf  node  and  then  gathering  statistics  on  the  fenemic  phone  machines 
which  constitute  the  generic  baseforms  using  the  forward-backward  algorithm. 

After  generating  the  fenemic  baseforms  for  each  leaf  of  the  decision  tree  for  the  selected  phoneme,  the 
program,  at  step  1626,  determines  if  the  selected  phoneme  was  the  last  one  in  the  phoneme  alphabet.  If 

35  not,  the  program  selects  the  next  phoneme  in  the  alphabet  and  then  branches,  via  connector  B,  back  to 
step  1616  of  FIGURE  6A  to  generate  a  decision  tree  for  the  newly  selected  phoneme.  If,  however,  the 
selected  phoneme  at  step  1626  is  the  last  one  in  the  alphabet,  the  program  branches,  via  the  connector  C 
to  step  1630  of  FIGURE  6C. 

The  flow-chart  diagram  in  FIGURE  6C  illustrates  the  operation  of  the  speech  recognition  system  shown 
40  in  FIGURE  5.  At  step  1630,  received  utterances  are  labeled  by  the  acoustic  processor  1004  using  the 

fenemic  alphabet,  as  set  forth  above  in  reference  to  FIGURES  1  and  2.  Next,  at  step  1632,  a  sequence  of 
fenemes  (labels)  generated  in  response  to  an  utterance  is  applied  to  the  fast  match  processor  1006,  which 
operates  as  set  forth  above,  to  provide  a  preliminary  set  (short  list)  of  likely  words  which  the  sequence  of 
labels  may  represent. 

45  Phonetic  baseforms  for  each  of  these  words  and  the  relevant  L  context,  obtained  from  the  previously 
recognized  words  are  applied  to  the  phonological  rules  processor  1030  by  the  search  processor  1020.  At 
step  1634,  the  processor  1030  uses  the  word  length,  in  syllables,  of  the  applied  word,  the  supplied  L 
context  and  partial  L  and  R  contexts  derived  from  the  applied  baseform  to  find  appropriate  fenemic 
baseforms  for  the  phonemes  that  constitute  the  word.  The  processor  1030  then,  at  step  1635,  replaces  the 

50  corresponding  phonemic  phone  machines  in  the  detailed  match  processor  with  a  fenemic  phone  machine 
derived  by  concatenating  the  fenemic  baseforms  of  the  phonemes  as  determined  from  the  decision  tree. 

Also  at  step  1635,  the  detailed  match  processor  1008  evaluates  the  target  label  sequence  against  the 
phonetic  baseform  of  the  applied  word,  as  set  forth  above  in  reference  to  FIGURE  3.  However,  using, 
instead  of  a  phonemic  phone  machine,  the  detailed  match  processor  uses  a  fenemic  phone  machine 

55  derived  from  fenemic  baseforms  supplied  by  the  phonological  rules  processor  1030.  An  evaluation  of  this 
type  is  carried  out  for  each  word  in  the  short  list,  as  indicated  by  the  steps  1636  and  1637.  Values 
indicating  the  likelihood  that  the  target  label  sequence  matches  each  of  the  words  are  applied  to  the  search 
processor  1020.  These  likelihood  values  are  used  by  the  search  processor  1020,  at  step  1638,  to  select  the 
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most  likely  word  from  the  short  list  as  the  word  to  be  applied  to  the  language  model  1010. 
The  language  model  1010  operates  as  set  forth  above  to  choose  a  word  from  among  any  homophones 

represented  by  the  most  likely  phonetic  baseform  as  determined  by  the  search  processor  1020.  In  addition, 
the  language  model  1010  may  evaluate  the  sequence  of  previously  recognized  words  to  determine  if  any 

5  word  in  the  sequence  is  unlikely. 
If  the  sequence  is  found  to  be  likely,  at  step  1642,  the  most  recently  recognized  word  is  applied  to  the 

work  station  1012  at  step  1644.  If,  However,  it  is  determined  that  the  sequence  is  unlikely,  at  step  1646,  the 
phonological  rules  processor  1030  and  the  detailed  match  processor  1020,  may  be  used  to  reevaluate  each 
word  in  the  sequence  against  the  other  words  in  its  short  list.  A  more  complete  R  context  is  available  during 

io  this  reevaluation  step  since  likely  words  following  each  of  the  target  words  have  been  determined.  This 
additional  context  may  allow  for  a  more  accurate  recognition  of  a  word  by  allowing  the  phonological  rules 
processor  1030  to  provide  a  more  accurate  set  of  fenemic  phone  machines  to  the  detailed  match  processor 
1008. 

At  step  1648,  each  of  the  reevaluated  selections  is  applied  to  the  language  model  1010  to  choose  a 
is  word  from  among  its  homophones.  The  resulting  words  are  applied,  at  step  1650,  to  the  work  station  1012. 

After  step  1644  and  after  step  1650,  the  program  branches  back  to  step  1630  to  obtain  a  sequence  of 
labels  generated  by  the  next  utterance.  The  voice  recognition  process  continues  with  this  sequence  of 
labels.  To  avoid  unnecessary  complexity,  the  voice  recognition  algorithm  has  been  described  as  a  serial 
process.  However,  it  is  contemplated  that  a  pipelined  process  may  also  be  used.  In  a  pipelined  system,  the 

20  processing  steps  performed  by  the  acoustic  processor  1004,  fast  match  processor  1006,  detailed  match 
processor  1008  and  language  model  1010  may  be  overlapped. 

As  set  forth  above,  FIGURE  7  is  a  flow-chart  diagram  which  provides  more  detail  of  step  1618  of 
FIGURE  6B,  i.e,  the  algorithm  for  clustering  the  the  annotated  feneme  sequences.  This  algorithm  is  based 
on  a  model  which  treats  the  production  of  fenemes  in  a  fenemic  sequence  as  a  Poisson  process.  In  the 

25  algorithm,  the  fenemic  phone  machines  generated  in  step  1612  of  FIGURE  6A  provide,  for  each  feneme 
sequence,  an  expected  frequency  of  occurrence  for  each  feneme  in  the  feneme  alphabet.  In  addition,  the 
feneme  sequences  in  the  clusters  provide  an  observed  frequency  of  occurrence  for  each  feneme  in  the 
alphabet.  The  expected  and  observed  frequencies  of  two  clusters  are  statistically  compared  to  determine  if 
it  is  likely  that  the  observed  sequences  of  two  cluster  were  generated  by  the  same  fenemic  phone  machine. 

30  If  this  likelihood  is  above  a  predetermined  threshold  and  if  the  clusters  are  mutually  most  similar,  then,  the 
clusters  are  combined.  This  process  continues  with  the  combined  clusters  until  no  more  clusters  can  be 
combined. 

The  first  step  in  this  algorithm,  1702,  establishes  an  initial  set  of  clusters  by  assigning  each  feneme 
sequence  to  its  own  cluster.  This  step  associates  an  observed  feneme  histogram  -  that  of  the  feneme 

35  sequence  -  and  a  Markov  model  -  that  of  the  corresponding  fenemic  baseform  -  with  each  cluster.  Next,  at 
step  1704,  expected  frequencies,  u,,  for  each  feneme,  i,  in  the  feneme  alphabet  are  calculated  using  the  an 
approximation  defined  by  equation  (1). 

40  N 
U.  =  S  X.  P r ( f .   |  F  )  ( 1 )  

j = l J   1 

45  In  equation  (1),  fi  denotes  the  ith  feneme,  Fj  denotes  the  jth  fenemic  phone,  where  there  are  a  total  of  N 
phones  in  the  phone  alphabet,  Xj  denotes  the  observed  frequency  of  fj  in  the  histogram  of  the  cluster,  and 
Pr(fi|  Fj)  denotes  the  probability  that  the  feneme  fi  is  generated  by  the  fenemic  phone  Fj  as  determined  from 
the  Markov  model. 

The  next  step  in  the  flow-chart  of  FIGURE  7,  step  1706,  compares  each  cluster  to  all  other  clusters  to 
50  determine  whether  the  clusters  should  be  joined  into  a  single  cluster.  To  perform  this  step,  the  program 

calculates  a  log  likelihood  ratio  comparing  the  two  clusters.  If  the  log  likelihood  ratio  is  denoted  by  L,  the 
function  -2L  has  an  asymptotic  chi-squared  distribution.  Accordingly,  two  clusters  may  be  regarded  as 
significantly  different  if  the  value  of  the  function  -2L  exceeds  a  constant  K.  This  constant  may  be  changed 
to  change  the  number  of  clusters  which  are  finally  generated.  In  the  present  embodiment  of  the  invention, 

55  the  value  of  K  is  selected  to  produce  between  50  and  100  clusters  from  approximately  3000  fenemic 
sequences.  The  equation  (2)  defines  an  approximation  of  the  log  likelihood  ratio  which  has  been  determined 
by  the  inventors  to  produce  acceptable  results. 
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5 N 
n  1 I n  (M1)}  + 

N 
w n  2 I n  (M3)}  -  

N 

15 
n  2 I n  ( 2 )  

In  the  equation  (2),  the  terms  Mi  and  M2  denote  the  two  clusters  which  are  being  evaluated  and  the  values 
ni  and  n2  denote  the  respective  numbers  of  feneme  sequences  in  these  two  clusters.  The  term  M3  denotes 

20  a  cluster  which  would  be  produced  by  combining  the  clusters  Mi  and  M2.  The  variable  i  denotes  one  of  the 
N  fenemes  in  the  feneme  alphabet,  the  values  Xi  and  yi  denote  the  means  of  the  observed  feneme 
frequencies  for  the  feneme  i  in  the  respective  clusters  Mi  and  M2,  and  the  terms  u.i(Mi),  u.i(M2)  and  u.i(M3) 
denote  the  expected  feneme  frequencies  for  the  feneme  i  in  the  respective  clusters  Mi  ,  M2  and  M3.  Values 
for  u.i(Mi)  and  U\(M2)  may  be  determined  using  equation  (1),  values  for  u.i(M3)  may  be  calculated  using  an 

25  approximation  set  forth  in  equation  (3). 

Ui  (M3  )  =  {m  Ui  (Mi  )  +  n2  U|  (M2  )}/(m  +  n2  )  for  i  =  1  to  N  (3) 

In  step  1708,  the  values  -2L  are  determined  for  each  cluster  pair  evaluated  in  step  1706  and  the  compared 
30  cluster  pairs  which  have  the  smallest  -2L  values  that  are  less  than  the  threshold  value  K  are  combined.  The 

expected  feneme  frequency  values  for  the  combined  clusters  are  the  values  u.i(M3)  calculated  using  the 
equation  (3). 

At  step  1710,  the  number  of  clusters  after  the  combining  operation  of  step  1708  are  compared  with  the 
number  that  existed  before  step  1708.  If  these  numbers  not  equal,  the  program  branches  to  step  1706  to 

35  attempt  to  further  combine  the  existing  clusters.  If  these  numbers  are  equal,  however,  no  more  clusters  can 
be  combined  and  the  program  branches  to  the  step  1712  which  assigns  identifying  numbers  to  the  clusters. 
As  set  forth  above,  these  identifying  numbers  are  used,  at  step  1620  of  FIGURE  6B  to  annotate  the  feneme 
sequences. 

FIGURES  8A  and  8B  illustrate  the  concepts  of  a  binary  decision  tree  having  pylonic  conditions  and  of  a 
40  pylonic  condition,  respectively.  The  tree  structure  shown  in  FIGURE  8A  has  three  decision  nodes,  NO,  N1 

and  N2  as  well  as  four  leaf  nodes,  L1  ,  L2,  L3  and  L4.  Each  decision  node  has  associated  with  it  a  pylonic 
condition  which  is  illustrated  in  more  detail  in  FIGURE  8B.  To  build  a  decision  tree  of  the  type  shown  in 
FIGURE  8A,  a  set  of  data,  in  this  instance  a  set  of  annotated  feneme  sequences,  is  used  to  generate  a 
pylonic  condition,  for  example,  the  one  at  node  NO.  This  condition  divides  the  data  into  two  distinct  portions, 

45  one  (i.e.  N1)  for  which  the  pylonic  condition  evaluates  to  "true"  and  one  (i.e.  N2)  for  which  it  evaluates  to 
"false."  The  data  at  the  node  N1  is  then  used  to  generate  a  second  pylonic  condition  which  divides  that 
data  into  two  portions,  L1  and  L2.  In  the  same  manner,  the  data  at  node  N2  is  used  to  generate  a  third 
pylonic  condition  which  divides  the  data  at  node  N2  into  the  two  portions  L3  and  L4.  In  the  present 
embodiment  of  the  invention,  the  data  at  the  leaf  nodes,  L1  through  L4  represent  respectively  different  ways 

50  of  pronouncing  a  given  phoneme  based  on  the  context  in  which  the  phoneme  occurs. 
FIGURE  8B  illustrates  an  exemplary  pylonic  condition.  Generally,  a  pylonic  condition  comprises  several 

questions,  in  this  instance,  five  questions.  Each  of  these  questions  has  the  form  "is  Xj  member  of  the  set 
Si"  (i.e.  Xi  e  Si),  where  Xj  denotes  a  particular  contextual  indicator  for  a  feneme  sequence  being  tested  and 
Si  denotes  a  set  of  possible  values  for  that  contextual  indicator.  For  example,  if  the  groups  of  feneme 

55  sequences  being  evaluated  represent  different  pronunciations  of  the  phoneme  "B",  an  exemplary  question 
may  be,  "is  the  feneme  sequence  followed  by  an  'R'",  i.e.  is  the  first  phoneme  in  the  right  context  of  the 
target  feneme  sequence  (Xj)  a  member  of  the  set  (Si)  of  "R"  phonemes. 
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For  the  first  question  shown  in  FIGURE  8,  Q1,  all  of  the  data  used  to  generate  the  question  is  marked 
"false".  When  the  question  is  evaluated,  some  of  this  data  -  that  for  which  the  answer  to  the  question  is 
"yes"  -  is  marked  "true."  The  question  is  deemed  to  be  effective  if  it  causes  the  data  to  be  predicted,  i.e. 
the  cluster  number,  to  be  segregated  between  the  data  now  marked  "true"  and  "false".  Stated  in  another 

5  way,  if,  the  set  of  "false"  data  after  the  question  has  a  significantly  greater  proportion  of  sequences 
annotated  with  the  cluster  number  Q  than  the  set  of  "true"  data,  or  vice-versa,  then  the  question  is  deemed 
to  be  effective.  This  concept  of  segregation  is  known  in  information  theory  as  a  eduction  in  the  entropy  of 
the  data,  since  more  is  known  about  the  composition  of  the  data  in  each  of  the  subsets  than  was  known 
about  the  composition  of  the  data  in  the  original  set.  A  question  is  included  in  a  pylonic  condition  only  if  it  is 

io  found  to  be  an  effective  question. 
The  data  marked  "true"  by  the  question  Q1  is  then  used  to  evaluate  a  question  Q2.  The  question  Q2 

may  change  some  of  the  "true"  data  to  "false".  The  efficacy  of  the  question  Q2  is  evaluated  in  the  manner 
described  above  and,  if  the  question  is  determined  to  be  effective,  the  question  is  kept.  Data  marked 
"false"  by  the  equation  Q2  is  combined  with  the  data  that  remained  "false"  after  Q1  was  evaluated.  This 

is  combined  data  is  then  used  to  evaluate  a  question  Q3.  "True"  data  determined  by  Q3  is  combined  with  the 
data  that  remained  "true"  after  Q2  was  evaluated  and  the  combined  data  is  used  to  evaluate  a  question  Q4. 

This  process  continues  until  no  more  questions  can  be  found  that  further  reduce  the  entropy  of  the  data 
marked  "true"  and  "false."  When  this  occurs,  for  example  in  node  NO  of  FIGURE  8A,  the  data  marked 
"false"  is  operated  on  in  a  similar  manner  to  generate  the  pylonic  condition  at  node  N1  and  the  data 

20  marked  "true"  is  operated  on  to  generate  the  pylonic  condition  at  node  N2.  Leaf  nodes,  for  example,  L1 
through  L4,  are  produced  when  no  questions  can  be  found  that  further  reduce  the  entropy  of  the  data. 

FIGURES  8C  and  8D  illustrate  an  exemplary  algorithm  for  constructing  the  binary  decision  tree, 
described  above  in  reference  to  step  1622  of  FIGURE  6B.  The  algorithm  set  forth  in  FIGURES  8C  and  8D  is 
a  recursive  algorithm,  that  is  to  say,  one  that  may  invoke  a  copy  of  itself.  Each  invocation  of  the  algorithm 

25  splits  a  set  of  data  into  two  proper  subsets  as  determined  by  a  pylonic  question.  In  each  invocation,  the 
algorithm  invokes  itself  once  for  each  of  the  two  developed  subsets  to  determine  if  further  division  of  the 
subsets  is  desirable.  When  the  final  invocations  determine  that  no  more  divisions  are  desirable,  the  binary 
decision  tree  is  complete. 

The  first  step  in  this  algorithm,  1802,  marks  all  of  the  generating  and  checking  data  as  "false".  This 
30  action  establishes  an  initial  condition  for  the  data  used  to  generate  and  evaluate  the  pylonic  questions. 

The  step  1804  generates  a  question  of  the  form  Xi  e  Si  which  minimizes  the  conditional  entropy  of  the 
generating  data  that  is  marked  "false"  and  which  produces  a  net  reduction  in  the  entropy  of  the  checking 
data.  The  algorithm  used  in  the  step  1804  is  described  below  in  reference  to  FIGURES  9A  and  9B.  If  this 
question  is  "good"  as  determined,  at  step  1804,  step  1806  causes  it  to  be  stored  in  the  pylon  at  step  1810. 

35  If  it  is  not  good,  a  null  question,  x-,  e  O,  is  added  to  the  pylon  at  step  1808.  The  null  question  does  not 
change  any  "true"  data  to  "false"  or  any  "false"  data  to  "true."  The  question  generated  by  the  steps  1804, 
1806,  1808  and  1810  is  applied  to  data  marked  "false"  to  mark  some  of  that  data  "true."  Consequently,  this 
question  could  only  be  one  of  the  questions  Q1,  Q3  or  Q5  described  above  in  reference  to  FIGURE  8B. 
Steps  1812,  1814,  1816  and  1818  are  used  to  generate  questions  that  operate  on  data  marked  "true"  to 

40  mark  some  of  that  data  "false".  Step  1812  finds  a  question  of  the  type  x-,  e  Si  which  minimizes  the 
conditional  entropy  of  the  data  marked  "true"  and  which  produces  a  net  reduction  in  the  entropy  of  the 
checking  data.  If  the  question  generated  at  step  1012  is  "good"  it  is  stored  via  steps  1814  and  1816  in  the 
pylon  (e.g.  as  Q2  or  Q4  in  the  example  shown  in  FIGURE  8B).  If  the  question  is  not  "good"  then  the  null 
question  is  stored  at  step  1818. 

45  Following  step  1818,  step  1820  determines  if  the  last  two  questions  stored  in  the  pylon  were  null.  If  they 
were  not,  some  additional  reduction  in  entropy  may  be  had  by  adding  more  questions  to  the  pylon.  This 
condition  is  also  met  after  step  1816  is  executed.  Accordingly,  the  "NO"  branch  of  the  step  1820  and  the 
step  1816  both  transfer  control  to  step  1804  which  generates  the  next  question  for  the  "false"  data. 

If,  however,  the  last  "true"  question  and  the  last  "false"  question  were  both  the  null  question  (i.e.  the 
50  "YES"  branch  from  the  step  1820),  then  the  step  1822  checks  the  questions  that  were  stored  in  the  pylon.  If 

at  least  one  non-null  question  was  stored  in  the  pylon,  the  decision  tree  building  algorithm  invokes  itself  at 
step  1824,  providing  the  generating  and  checking  data  that  is  marked  "true"  as  the  respective  generating 
and  checking  data  for  the  first  invocation,  and  at  step  1826,  providing  the  generating  and  checking  data  that 
is  marked  "false"  as  the  respective  generating  and  checking  data  for  the  second  invocation.  Each  of  these 

55  invocations  builds  sub-nodes  of  the  tree.  The  step  1824  builds  the  right  sub-nodes,  as  illustrated  in  FIGURE 
8A,  and  the  step  1826  builds  the  left  sub-nodes. 

If  the  step  1822  determines  that  only  null  questions  were  stored  in  the  last  pylonic  condition,  then,  at 
step  1830,  the  generating  data  and  checking  data  for  the  node  are  combined  and  the  node  is  designated  a 
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leaf  node.  After  step  1830,  a  step  1832  is  executed  which  returns  control  to  the  main  program  (i.e.  step 
1624  of  FIGURE  6B),  to  step  1826  or  to  step  1828,  depending  on  whether  the  decision  tree  generating 
algorithm  was  invoked  at  step  1622,  1824  or  1826,  respectively. 

The  algorithm  for  generating  and  checking  individual  questions  for  the  pylonic  condition  is  shown  in 
5  FIGURES  9A  and  9B.  The  object  of  this  algorithm  is  to  find  a  set,  Si,  of  values  for  a  context  variable,  x„ 

such  that  the  question  x-,  e  Si  divides  the  feneme  sequences  into  subsets  which  yield  as  large  a  reduction  in 
entropy  as  possible.  To  generate  one  question  for  a  pylonic  condition,  the  algorithm  described  below 
generates  11  questions,  one  for  each  context  variable.  Only  one  of  these  11  questions  is  retained,  the  one 
which  produces  the  largest  reduction  in  entropy  when  applied  to  the  generating  data.  This  question  is  then 

io  verified  on  the  checking  data  as  set  forth  above  in  reference  to  step  1804  of  FIGURE  8C. 
There  are  two  types  of  sets  Ŝ   phonemic,  for  the  right  and  left  context  variables  and  numeric  for  the 

word  length  context  variable.  Initially,  the  set  Si  for  a  given  context  variable  is  empty,  i.e.  a  null  set.  For 
phonemic  sets,  one  phoneme  at  a  time  from  the  phoneme  alphabet  is  tried  as  an  initial  or  seed  entry  for  the 
set.  The  algorithm  then  applies  each  possible  phoneme  in  the  phoneme  alphabet,  one  at  a  time,  as  an 

is  addition  to  the  set  Si  to  determine  which  addition  produces  the  largest  reduction  in  entropy  when  the 
question  is  applied  to  the  generating  data.  Next,  each  entry  in  the  set  is  deleted  on  a  trial  basis  to 
determine  which  one  deletion  produces  the  largest  reduction  in  entropy  for  the  generating  data.  This 
process  continues,  first  trying  to  add  a  one  new  entry  to  the  set  and  then  trying  to  delete  one  existing  entry 
from  the  set  until  no  further  reduction  in  entropy  is  noted.  This  question  is  selected  as  the  best  question  for 

20  the  given  context  variable.  The  generation  of  a  set  Si  for  the  word-length  context  variable  procedes  in  the 
same  manner  outlined  above,  except  that  possible  word  lengths,  in  syllables,  are  substituted  for  phonemes 
from  the  phoneme  alphabet. 

When  11  questions  have  been  found,  one  for  each  of  the  11  context  variables,  the  question  which 
produces  the  largest  reduction  in  entropy  when  applied  to  the  generating  data  is  selected  as  the  "best" 

25  question.  This  best  question,  x-,  e  Si,  is  then  tested  on  the  checking  data  to  ensure  that  there  is  a  net 
reduction  in  the  entropy  of  that  data  as  well. 

Entropy,  as  it  is  used  herein,  connotes  a  measure  of  the  absence  of  information  about  a  situation.  In  this 
instance,  it  is  a  measure  of  the  absence  of  information,  or  disorder,  in  a  set  of  annotated  feneme 
sequences.  The  cluster  number  annotations  of  the  set  of  sequences  are  used  to  determine  the  amount  of 

30  disorder,  or  entropy,  of  the  set  and  the  context  annotations  are  used  to  subdivide  the  set  to  produce 
subsets  having  less  disorder  than  the  parent  set.  An  equation  which  defines  the  entropy  H(Y)  of  a  discrete 
random  variable  Y  having  n  possible  values,  yi  ,  y2  yn  is  defined  by  equation  (4). 

35  n  
H(Y)  =  -S  P r ( Y   =  y.  )  log. ,   P r (Y  =  y.  )  ( 4 )  

i = l   1  1  1 

40  If  X  is  another  discrete  random  variable  having  m  possible  values,  xi  ,  x2  xm,  then  the  average 
conditional  entropy  of  Y  given  X  is  defined  by  equation  (5). 

m  n  
45  H(Y|X)   =  -S  P r ( X = x . )   S  P r ( Y = y .   |X=x.   )  l og0   Pr(  Y=y.  |X=x  .  ) 

j = l   J  i = l   x  j  z  i  j  
( 5 )  

50  Given  a  sample  of  data  for  the  random  variable  X,  an  estimate  of  the  conditional  entropy  H(Y|X)  can  be 
obtained  by  replacing  the  probabilities  in  equation  (5)  by  the  frequencies  of  occurrence  and  relative 
frequencies  of  occurrence  of  the  values  yi  and  Xj  in  this  sample.  In  the  description  of  the  algorithm  set  forth 
below,  the  expression  H(Y|S)  where  S  is  a  set  of  data  means  an  approximation  of  the  conditional  entropy  of 
Y  given  X  where  the  only  x{s  that  are  used  as  samples  are  x{s  that  are  in  the  set  S.  Before  starting  the 

55  question  generating  algorithm,  it  is  assumed  that  two  tables  exist,  one  of  all  phonemes  in  the  phoneme 
alphabet  and  one  of  all  possible  word  lengths. 

The  first  step  in  the  question  generating  algorithm  is  to  assign  a  value  of  0  to  the  variable  i.  In  the  next 
step,  1904,  the  value  of  i  is  incremented.  Step  1906  compares  i  to  N,  where  N  is  the  number  of  possible 
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context  variables.  In  the  present  embodiment  of  the  invention,  N  equals  11.  If,  at  step  1906,  i  is  less  than  N, 
step  1910  is  executed  to  initialize  the  set  Si  to  contain  the  first  possible  value,  vi  ,  of  the  context  variable  x-, 
and  initialize  the  variable  to  contain  the  conditional  entropy  value  of  the  random  variable  Y  given  the  set 
of  context  values  Sj.  At  step  1912,  the  value  of  H|  is  saved  in  a  variable  H0.  At  step  1914,  each  possible 

5  context  value  is  tried  as  an  additional  entry  to  the  set  Si  to  determine  which  one,  when  added  to  the  set  Si, 
produces  the  largest  reduction  in  conditional  entropy  of  the  random  variable  Y.  In  step  1916,  the  selected 
context  value,  designated  v',  is  included  with  the  elements  of  the  set  Si  in  a  set  S',  and  the  minimum 
conditional  entropy  value  determined  at  step  1914  is  saved  in  a  variable  H'. 

At  step  1918,  the  value  H'  is  compared  to  the  value  to  determine  if  there  has  been  a  net  reduction  in 
io  entropy  by  adding  the  context  value  v'  to  the  set  Sj.  If  so,  a  step  1920  replaces  Si  with  S'  and  replaces 

with  H'.  The  next  step,  1922,  attempts  to  delete  each  entry  in  the  set  Si  to  determine  if  deleting  any  one 
entry  would  produce  a  net  reduction  in  the  conditional  entropy  of  the  random  variable  Y.  The  deleted 
context  value  which  produces  the  lowest  conditional  entropy  value  is  designated  v";  the  set  of  context 
indicators,  Si  minus  v",  is  designated  S";  and  the  minimum  conditional  entropy  value  determined  at  step 

is  1922  is  designated  H".  If,  at  step  1924,  H"  is  found  to  be  less  than  H„  step  1926  is  executed  which  assigns 
S"  to  Si  and  assigns  H"  to  H,. 

At  step  1928,  the  value  of  is  compared  to  the  value  H0  that  was  saved  at  step  1912  to  determine  if 
there  has  been  a  net  reduction  in  entropy  of  the  generating  data  by  adding  v'  to  and/or  deleting  v"  from  the 
set  Ŝ   If  there  has  been  a  net  reduction,  the  YES  branch  of  the  step  1928  branches  to  step  1912  to  attempt 

20  to  further  reduce  the  conditional  entropy  of  Y  by  adding  and/or  deleting  another  context  indicator  as  set 
forth  above. 

If,  however,  it  is  determined  that  there  has  been  no  reduction  in  entropy,  the  NO  branch  of  step  1928 
branches  to  the  step  1904,  which  increments  the  variable  i,  to  generate  a  set  Si  for  the  next  context 
variable. 

25  When  N  conditional  entropy  values,  (Hi's)  have  been  determined,  one  for  each  of  the  N  context 
variables,  the  step  1906  branches  to  the  step  1930.  Step  1930  finds  the  set  Si  which  produced  the  largest 
reduction  in  entropy  and  assigns  the  index  of  that  set  to  the  variable  i.  Step  1932  then  computes  two 
relative  frequency  distributions,  P'  and  P",  in  the  generating  data  based  on  the  set  Sj.  P'  is  the  relative 
frequency  distribution  of  the  random  variable  Y  given  that  Xj  is  a  member  of  Si,  and  P"  is  the  relative 

30  frequency  distribution  of  the  random  variable  Y  given  that  Xj  is  not  a  member  of  Si.  Thus,  these  distributions 
relate  to  the  "true"  and  "false"  child  nodes  of  the  parent  node  described  by  the  frequency  distribution  P. 

The  next  step  in  the  algorithm,  1934,  calculates  and  sums  the  conditional  entropies  of  the  two  child 
nodes  using  smoothed  distributions,  Q'  and  Q",  derived  from  the  distributions  P,  P'  and  P"  as  indicated  by 
the  equations  (6)  and  (7). 

35 
Q'(Y|Xi  e  Si)  =  wP(Y)  +  (1  -w)(P'(Y|Xi  e  Si)  (6) 

Q"(Y|Xi  <£  Si)  =  wP(Y)  +  (1-w)(P"(Y|Xi  <£  Si)  (7) 

40  The  smoothed  distributions  Q'  and  Q"  are  substituted  into  the  equation  (5)  for  the  conditional  frequency 
distributions  Pr(Y  =  yi|X  =  Xj)  to  obtain  two  equations  which  are  used  to  calculate  the  conditional  entropies  of 
the  checking  data  at  "true"  and  "false"  child  nodes,  respectively. 

The  smoothed  relative  frequency  distributions  Q'  and  Q"  are  used  instead  of  the  distributions  P'  and  P" 
because  there  may  be  context  values  which  occur  in  the  generating  data  for  the  parent  node  but  do  not 

45  occur  in  the  generating  data  of  one  or  the  other  of  the  child  nodes.  If,  in  this  instance,  the  frequency 
distributions  P'  and  P"  were  used  in  the  equation  (5)  to  calculate  the  conditional  entropy  of  one  of  the  child 
nodes,  the  log2  factor  in  the  equation  (5)  would  have  an  invalid  zero  valued  argument. 

The  smoothed  distributions  Q'  and  Q"  may  be  derived,  for  example,  by  changing  the  value  of  w  from 
0.1  to  1.0  in  steps  of  0.1  and  choosing  the  value  of  w  which  minimizes  the  sum  of  the  conditional  entropies 

50  derived  using  the  distributions  Q'  and  Q".  This  sum  is  a  conditional  entropy  value  which  is  assigned  to  a 
variable  He,  as  indicated  in  step  1934. 

The  next  step,  1936,  uses  the  frequency  distribution,  P,  of  the  parent  node  and  the  equation  (4)  to 
calculate  the  conditional  entropy,  Hu,  of  the  checking  data  at  that  node.  Step  1940  compares  He  and  Hu.  If 
He  is  less  than  Hu  then  the  question  has  caused  a  net  reduction  in  entropy  for  the  checking  data  and  the 

55  question  is  marked  "good"  at  step  1942.  Otherwise,  the  question  is  marked  "bad"  at  step  1944.  These 
marked  indications  are  used  at  the  steps  1806  and  1814  to  selectively  add  a  question  to  a  pylonic  condition 
as  set  forth  above  in  reference  to  FIGURE  8C.  As  described  above  in  reference  to  FIGURE  6B  when  the 
phonological  rules  processor  1030  has  generated  the  binary  decision  tree,  it  then  the  generates  fenemic 
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phone  machines  for  each  leaf  of  the  tree.  This  process  is  represented  by  step  1624  of  FIGURE  6B.  In  the 
tree,  each  phoneme  is  represented  by  a  set  of  leaves  representing  alternative  pronunciations  of  the 
phoneme  based  on  the  context  in  which  it  occurs.  Each  of  the  phone  machines  produced  in  the  step  1624 
is  a  statistical  model  of  an  alternative  pronunciation  of  the  phoneme  represented  by  one  of  the  leaves. 

5  FIGURE  10  is  a  flow-chart  diagram  that  illustrates  how  the  phonological  rules  processor  1030  uses  the 
binary  decision  tree  to  generate  these  fenemic  phone  machines.  The  program  illustrated  by  FIGURE  10 
access  each  leaf  of  the  decision  tree  in  turn  using,  for  example,  a  recursive  binary  tree  traversing  algorithm. 
Algorithms  of  this  type  are  well  known  in  the  art. 

In  FIGURE  10,  this  algorithm  is  represented  by  the  subroutine  call  NEXT  LEAF.  By  repeatedly  invoking 
io  this  subroutine,  each  leaf  in  the  binary  decision  tree  will  be  examined  in  turn. 

The  first  step,  11002,  in  the  program  shown  in  FIGURE  10,  initializes  the  variable  LEAF  to  0.  The  next 
step,  11004,  invokes  the  subroutine  NEXT  LEAF  to  select  the  first  leaf  in  the  tree.  Step  11006  then  collects 
all  feneme  sequences  that  belong  to  the  selected  leaf.  These  feneme  sequences  are  clustered  at  step 
11008  using  the  same  algorithm  described  above  in  reference  to  FIGURE  7.  Assuming  that  the  data  used  to 

is  generate  and  check  the  decision  tree  includes  approximately  3000  feneme  sequences  for  each  phoneme, 
and  that  the  binary  decision  tree  partitions  these  3000  sequences  to  form  50  to  100  leaves  of  leaves  for 
each  phoneme,  the  clustering  step  11008  desirably  divides  the  feneme  sequences  at  each  leaf  into 
approximately  five  clusters. 

Step  11010  generates  a  fenemic  baseform  for  each  of  the  clusters  in  the  selected  leaf.  This  is 
20  accomplished  using  the  forward-backward  algorithm  as  described  in  the  above-referenced  paper  by  Jelinek 

et  al.  The  next  step  11012  connects  these  fenemic  baseforms  into  a  network  which  defines  a  compound 
baseform.  The  network  is  formed  by  defining  artificial  initial  and  final  states  with  null  transitions  from  this 
initial  state  to  the  first  state  of  each  fenemic  baseform  of  the  selected  leaf  and  from  the  last  state  of  each 
fenemic  baseform  to  the  artificial  final  state.  A  compound  baseform  is  illustrated  in  FIGURE  10A  for  a  leaf 

25  having  five  clusters  of  fenemic  sequences.  Step  11014  tests  the  variable  LEAF  to  determine  if  it  represents 
the  last  leaf  in  the  tree.  If  not,  the  program  branches  back  to  step  11004  to  select  the  next  leaf  and  generate 
its  compound  fenemic  baseform.  If  step  11014  determines  that  the  last  leaf  has  been  processed,  step 
11016  is  executed  which  stores  all  of  the  compound  baseforms  in  a  table  indexed  to  the  leaves  of  the 
decision  tree. 

30  In  its  operational  mode,  the  phonological  rules  processor  1030  is  invoked  for  each  of  a  sequence  of 
phoneme  in  a  phonetic  word  model  provided  by  the  fast  match  processor  1006.  The  supplied  phonemes 
are  annotated  with  their  contexts.  Using  these  context  annotations,  the  processor  1030  locates  the 
phonological  leaf  corresponding  to  each  phoneme  in  the  sequence.  The  compound  fenemic  baseforms  for 
each  leaf  are  concatenated  to  generate  a  fenemic  phone  machine  for  the  entire  word.  This  fenemic  phone 

35  machine  is  applied  to  the  detailed  match  processor  as  set  forth  above  in  reference  to  step  1635  of  FIGURE 
6C. 

Claims 

40  1.  A  method  for  automatically  generating  phonological  rules  regarding  the  pronunciation  of  language 
components,  comprising  the  steps  of: 

A)  processing  a  training  text  and  vocalizations  representing  the  training  text  to  obtain  a  plurality  of 
samples  representing  the  language  components  of  said  vocalizations; 
B)  selecting,  from  among  the  plurality  of  samples,  a  set  of  samples  representing  respective 

45  instances  of  a  selected  language  component  in  the  vocalizations; 
C)  annotating  each  of  said  selected  samples  with  an  indicator  of  at  least  one  language  component  in 
a  contextual  relationship  with  the  said  selected  sample; 
D)  generating,  from  said  further  annotated  selected  samples,  a  decision  tree  that  separates  the 
selected  samples  into  respectively  different  leaf  groups  based  on  said  context  indicators,  each  of 

50  said  leaf  groups  representing  a  pronunciation  of  said  selected  language  component  in  a  respectively 
different  context. 

2.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  1  wherein: 
Step  C)  further  includes  the  steps  of: 

55  C1)  grouping  said  annotated  selected  samples  into  a  plurality  of  clusters,  each  cluster  representing  a 
respectively  different  pronunciation  of  said  selected  language  component;  and 
C2)  further  annotating  each  selected  sample  with  an  indicator  of  the  cluster  to  which  it  belongs; 
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3.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  2  wherein: 
said  language  components  are  phonemes; 
said  samples  are  sequences  of  fenemes  having  distinct  types,  each  of  said  sequences  of  fenemes 
corresponding  to  a  respective  one  of  said  phonemes;  and 

5  step  C1)  includes  the  steps  of: 
assigning  each  sequence  of  fenemes  to  a  respectively  different  prototype  cluster; 
calculating  the  expected  frequency  for  each  type  of  feneme  in  the  prototype  cluster; 
statistically  comparing  the  expected  frequency  for  the  fenemes  in  each  prototype  cluster  to  the 
expected  feneme  frequencies  for  all  other  prototype  clusters  to  generate  a  statistical  difference  value 

io  for  each  pair  of  clusters; 
combining  pairs  of  prototype  clusters  that  exhibit  a  statistical  difference  which  is  less  than  a  threshold 
value  to  generate  new  prototype  clusters. 

4.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  3  wherein  the  step  of 
is  statistically  comparing  each  prototype  cluster  to  all  other  prototype  clusters  includes  the  steps  of: 

generating  a  plurality  of  probabilistic  models,  each  model  representing  a  Markov  model  of  the 
pronunciation  of  the  phoneme  represented  by  a  respectively  different  one  of  said  prototype  clusters; 
generating  a  plurality  of  histograms,  each  histogram  representing  the  relative  frequency  of  occurrence 
of  each  feneme  in  a  respectively  different  one  of  said  prototype  clusters; 

20  calculating,  for  each  pair  of  prototype  clusters,  a  log-likelihood  ratio  that  the  histograms  for  each 
prototype  clusters  in  said  pair  match  the  expected  feneme  frequencies  of  a  single  probabilistic  model 
representing  a  combination  of  the  respective  probabilistic  models  for  said  pair  of  prototype  clusters, 
wherein  a  sign  inverted  version  of  said  log-likelihood  ratio  is  the  statistical  difference  value  for  said  pair 
of  clusters. 

25 
5.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  1  ,  further  comprising  the 

step  of  generating,  for  each  leaf  group  of  said  decision  tree,  a  probabilistic  model  representing  the 
pronunciation  of  the  language  component  represented  by  the  samples  of  said  leaf  group. 

30  6.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  5,  wherein  said 
probabilistic  model  has  the  form  of  a  Markov  model  representing  the  relative  frequencies  of  the 
samples  of  the  leaf  group. 

7.  The  method  for  automatically  generating  phonological  rules  set  forth  in  Claim  5  wherein  the  step  of 
35  generating  a  probabilistic  model  for  each  leaf  of  the  group  includes  the  steps  of: 

grouping  the  samples  of  the  leaf  into  a  plurality  of  clusters,  each  cluster  representing  a  respectively 
different  pronunciation  of  the  language  component  represented  by  the  samples  of  the  leaf  group; 
generating,  from  said  plurality  of  clusters,  a  respective  plurality  of  statistical  models  each  of  said 
statistical  models  having  the  form  of  a  Markov  model;  and 

40  augmenting  said  plurality  of  statistical  models  by  adding  a  common  initial  state  and  a  common  final 
state  to  each  model  to  generate  said  probabilistic  model. 

8.  A  method  for  automatically  generating  a  decision  graph  relating  to  a  set  of  sample  values  comprising 
the  steps  of: 

45  A)  annotating  each  of  the  sample  values  in  said  set  with  an  indicator  of  a  first  attribute  of  said 
sample  values; 
B)  further  annotating  each  of  the  sample  values  in  said  set  with  an  indicator  of  a  second  attribute  of 
said  sample  values,  and  characterized  in  said  set  of  further  annotated  samples  having  a  predeter- 
mined  entropy  value  measured  with  respect  to  said  second  attribute  indicator;  and 

50  C)  generating  a  test  question,  in  terms  of  the  first  attribute  indicator  of  said  further  annotated 
samples,  which  tends  to  divide  said  further  annotated  sample  values  into  first  and  second  groups, 
wherein  said  first  and  second  groups  of  samples  have  a  combined  entropy  value,  measured  with 
respect  to  said  second  attribute  indicator,  that  is  less  than  said  predetermined  entropy  value. 

55  9.  The  method  for  automatically  generating  a  decision  graph  set  forth  in  Claim  8  wherein  step  C)  includes 
the  steps  of: 
grouping  the  annotated  sample  values  in  said  set  into  a  plurality  of  clusters  according  to  the  second 
attribute  of  said  sample  values;  and 
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further  annotating  each  of  said  annotated  samples  with  an  indicator  of  the  cluster  to  which  it  belongs  as 
said  second  attribute  indicator. 

10.  The  method  for  automatically  generating  a  decision  graph  set  forth  in  Claim  9,  further  including  the 
5  steps  of: 

generating  a  first  further  test  question  in  terms  of  the  first  attribute  indicator  of  the  sample  values  in 
said  second  group  which  transfers  sample  values  from  said  second  group  to  said  first  group  to  form 
revised  first  and  second  groups  of  sample  values  having  a  reduced  combined  entropy  value  measured 
with  respect  to  said  second  attribute  indicator;  and 

io  generating  a  second  further  test  question  in  terms  of  the  first  attribute  indicator  of  said  sample  values  in 
said  first  group  which  transfers  sample  values  from  said  first  group  to  said  second  group  to  form  further 
revised  first  and  second  groups  of  sample  values  having  a  further  reduced  combined  entropy  value 
measured  with  respect  to  said  second  attribute  indicator. 

is  11.  The  method  for  automatically  generating  a  decision  graph  set  forth  in  Claim  10,  wherein: 
said  sample  values  are  respective  sequences  of  fenemes  representing  respective  vocalizations  of 
phonemes; 
said  first  attribute  of  said  sample  values  relates  to  the  phonetic  contexts  in  which  the  sequences  of 
fenemes  occur;  and 

20  said  second  attribute  of  said  sample  values  relates  to  the  vocalizations  represented  by  said  sequences 
of  fenemes. 

12.  The  method  for  automatically  generating  a  decision  graph  set  forth  in  Claim  9,  wherein  each  sample 
values  in  said  set  of  sample  values  includes  a  sequence  of  subsample  values  having  distinct  types  and 

25  the  step  of  grouping  the  annotated  sample  values  in  said  set  into  clusters  includes  the  steps  of: 
assigning  each  sample  value  to  a  respectively  different  prototype  cluster; 
calculating  an  expected  frequency  for  each  type  of  subsample  in  each  prototype  cluster; 
statistically  comparing  the  expected  subsample  frequency  of  each  prototype  cluster  to  the  expected 
subsample  frequencies  of  all  other  prototype  clusters  to  generate  a  statistical  difference  value  for  each 

30  pair  of  clusters; 
combining  pairs  of  prototype  clusters  that  exhibit  a  statistical  difference  which  is  less  than  a  threshold 
value  to  generate  new  prototype  clusters. 

13.  The  method  for  automatically  generating  a  decision  graph  set  forth  in  Claim  12  wherein  the  step  of 
35  statistically  comparing  the  expected  subsample  frequency  of  each  prototype  cluster  to  the  expected 

subsample  frequencies  of  all  other  prototype  clusters  includes  the  steps  of: 
generating  a  plurality  of  probabilistic  models,  each  model  representing  a  Markov  model  of  the 
sequences  of  subsamples  represented  by  a  respectively  different  one  of  said  prototype  clusters; 
generating  a  plurality  of  histograms,  each  histogram  representing  the  relative  frequency  of  occurrence 

40  of  each  type  of  subsample  in  a  respectively  different  one  of  said  prototype  clusters; 
calculating,  for  each  pair  of  prototype  clusters,  a  log-likelihood  ratio  that  the  histograms  for  each 
prototype  clusters  in  said  pair  match  the  expected  subsample  frequencies  of  a  single  probabilistic 
model  representing  a  combination  of  the  respective  probabilistic  models  for  said  pair  of  prototype 
clusters,  wherein  a  sign  inverted  version  of  said  log-likelihood  ratio  is  the  statistical  difference  value  for 

45  said  pair  of  clusters. 

Patentanspruche 

1.  Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  bezuglich  der  Aussprache  von  Sprach- 
50  komponenten,  das  folgende  Schritte  umfaBt: 

A)  Verarbeiten  eines  Lerntextes  und  von  Vokalisierungen,  die  den  Lerntext  darstellen,  zur  Erlangung 
einer  Vielzahl  von  Proben,  die  die  Sprachkomponenten  dieser  Vokalisierungen  darstellen; 
B)  Auswahlen  einer  Probenmenge,  die  entsprechende  Falle  einer  ausgewahlten  Sprachkomponente 
in  den  Vokalisierungen  darstellt,  aus  der  Vielzahl  der  Proben; 

55  C)  Kommentierung  jeder  der  ausgewahlten  Proben  mit  einem  Indikator  von  mindestens  einer 
Sprachkomponente  in  einer  kontextbezogenen  Beziehung  zu  der  ausgewahlten  Probe; 
D)  Erzeugen  eines  Entscheidungsbaums  aus  den  zusatzlich  kommentierten,  ausgewahlten  Proben, 
der  die  ausgewahlten  Proben  anhand  der  Kontextindikatoren  in  jeweils  verschiedene  Blattgruppen 
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aufteilt,  wobei  jede  der  Blattgruppen  eine  Aussprache  der  ausgewahlten  Sprachkomponente  jeweils 
in  einem  unterschiedlichen  Kontext  darstellt. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  1  ,  wobei 
Schritt  C)  ferner  folgende  Schritte  enthalt: 

C1)  Einteilen  der  kommentierten,  ausgewahlten  Proben  in  eine  Vielzahl  von  Clustern,  wobei  jeder 
Cluster  jeweils  eine  unterschiedliche  Aussprache  der  ausgewahlten  Sprachkomponente  darstellt;  und 
C2)  weiteres  Kommentieren  jeder  ausgewahlten  Probe  mit  einem  Indikator  fur  den  Cluster,  zu  dem 
sie  gehort. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  2,  wobei 
die  Sprachkomponenten  Phoneme  sind; 
die  Proben  Fenemfolgen  unterschiedlicher  Art  sind,  wobei  jede  der  Fenemfolgen  einem  entsprechen- 
den  Phonem  entspricht;  und 
Schritt  C1)  folgende  Schritte  enthalt: 
Zuordnen  jeder  Fenemfolge  zu  jeweils  einem  unterschiedlichen  Prototypcluster; 
Berechnen  der  erwarteten  Haufigkeit  fur  jeden  Fenemtyp  im  Prototypcluster; 
statistisches  Vergleichen  der  erwarteten  Haufigkeit  der  Feneme  in  jedem  Prototypcluster  mit  den 
erwarteten  Fenemhaufigkeiten  fur  alle  anderen  Prototypcluster,  urn  fur  jedes  Clusterpaar  einen  statisti- 
schen  Differenzwert  zu  erzeugen; 
Vereinigen  von  Prototypclusterpaaren,  die  eine  statistische  Differenz  aufweisen,  die  kleiner  als  ein 
Schwellenwert  ist,  urn  neue  Prototypcluster  zu  erzeugen. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  3,  wobei  der  Schritt 
des  statistischen  Vergleichens  jedes  Prototypclusters  mit  alien  anderen  Prototypclustern  folgende 
Schritte  enthalt: 
Erzeugen  einer  Vielzahl  probabilistischer  Modelle,  wobei  jedes  Modell  ein  Markov-Modell  der  Ausspra- 
che  des  jeweils  durch  einen  unterschiedlichen  Prototypcluster  reprasentierten  Phonems  darstellt; 
Erzeugen  einer  Vielzahl  von  Histogrammen,  wobei  jedes  Histogramm  die  relative  Auftrittshaufigkeit 
jedes  Fenems  in  jeweils  einem  unterschiedlichen  Prototypcluster  darstellt; 
Berechnen  eines  logarithmischen  Wahrscheinlichkeitsverhaltnisses  fur  jedes  Prototypclusterpaar  dafur, 
daB  die  Histogramme  fur  jeden  Prototypcluster  in  diesem  Paar  mit  den  erwarteten  Fenemhaufigkeiten 
eines  einzelnen  probabilistischen  Modells  ubereinstimmen,  das  eine  Kombination  der  entsprechenden 
probabilistischen  Modelle  fur  das  Prototypclusterpaar  darstellt,  wobei  eine  Version  des  logarithmischen 
Wahrscheinlichkeitsverhaltnisses  mit  umgekehrtem  Vorzeichen  der  statistische  Differenzwert  fur  das 
Clusterpaar  ist. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  1,  das  ferner  den 
Schritt  umfaBt,  daB  fur  jede  Blattgruppe  des  Entscheidungsbaums  ein  probabilistisches  Modell  erzeugt 
wird,  welches  die  Aussprache  der  Sprachkomponente  darstellt,  die  durch  die  Proben  der  Blattgruppe 
dargestellt  wird. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  5,  wobei  das  probabi- 
listische  Modell  die  Form  eines  Markov-Modells  hat,  welches  die  relativen  Haufigkeiten  der  Proben  der 
Blattgruppen  darstellt. 

Verfahren  zur  automatischen  Erzeugung  phonologischer  Regeln  gemaB  Anspruch  5,  wobei  der  Schritt 
der  Erzeugung  eines  probabilistischen  Modells  fur  jedes  Blatt  der  Gruppe  folgende  Schritte  enthalt: 
Einteilen  der  Proben  des  Blattes  in  eine  Vielzahl  von  Clustern,  wobei  jeder  Cluster  jeweils  eine 
unterschiedliche  Aussprache  der  durch  die  Proben  der  Blattgruppe  reprasentierten  Sprachkomponente 
darstellt; 
Erzeugen  einer  entsprechenden  Vielzahl  statistischer  Modelle  aus  der  Vielzahl  von  Clustern,  wobei 
jedes  der  statistischen  Modelle  die  Form  eines  Markov-Modells  hat;  und 
VergroBern  der  Vielzahl  statistischer  Modelle  durch  Hinzufugen  eines  gemeinsamen  Anfangszustands 
und  eines  gemeinsamen  Endzustands  zu  jedem  Modell,  urn  das  probabilistische  Modell  zu  erzeugen. 

Verfahren  zur  automatischen  Erzeugung  eines  zu  einer  Menge  von  Probenwerten  gehorenden  Ent- 
scheidungsgraphen,  das  folgende  Schritte  umfaBt: 
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A)  Kommentieren  jedes  Probenwerts  in  der  Menge  mit  einem  Indikator  fur  ein  erstes  Attribut  der 
Probenwerte; 
B)  zusatzliches  Kommentieren  jedes  Probenwerts  in  der  Menge  mit  einem  Indikator  fur  ein  zweites 
Attribut  der  Probenwerte,  und  dadurch  gekennzeichnet,  daB  die  Menge  zusatzlich  kommentierter 

5  Probenwerte  einen  festgelegten  Entropiewert  besitzt,  der  bezuglich  des  zweiten  Attributindikators 
gemessen  wird;  und 
C)  Erzeugen  einer  Testfrage  in  Form  des  ersten  Attributindikators  der  zusatzlich  kommentierten 
Proben,  welche  die  Tendenz  aufweist,  die  zusatzlich  kommentierten  Probenwerte  in  erste  und  zweite 
Gruppen  aufzuteilen,  wobei  die  ersten  und  zweiten  Probengruppen  einen  vereinten  Entropiewert 

io  besitzen,  der  bezuglich  des  zweiten  Attributindikators  gemessen  wird  und  kleiner  als  der  festgelegte 
Entropiewert  ist. 

9.  Verfahren  zur  automatischen  Erzeugung  eines  Entscheidungsgraphen  gemaB  Anspruch  8,  wobei  Schritt 
C)  folgende  Schritte  enthalt: 

is  Einteilen  der  kommentierten  Probenwerte  in  der  Menge  in  eine  Vielzahl  von  Clustern  gemaB  dem 
zweiten  Attribut  der  Probenwerte;  und 
zusatzliches  Kommentieren  jeder  der  kommentierten  Proben  mit  einem  Indikator  fur  den  Cluster,  zu 
dem  sie  gehort,  als  der  zweite  Attributindikator. 

20  10.  Verfahren  zur  automatischen  Erzeugung  eines  Entscheidungsgraphen  gemaB  Anspruch  9,  das  ferner 
folgende  Schritte  enthalt: 
Erzeugen  einer  ersten  weiteren  Testfrage  in  Form  des  ersten  Attributindikators  der  Probenwerte  in  der 
zweiten  Gruppe,  welche  Probenwerte  von  der  zweiten  Gruppe  in  die  erste  Gruppe  ubertragt,  urn 
uberarbeitete  erste  und  zweite  Gruppen  mit  Probenwerten  zu  bilden,  die  einen  verminderten  vereinten 

25  Entropiewert  besitzen,  der  bezuglich  des  zweiten  Attributindikators  gemessen  wird;  und 
Erzeugen  einer  zweiten  weiteren  Testfrage  in  Form  des  ersten  Attributindikators  der  Probenwerte  in  der 
ersten  Gruppe,  welche  Probenwerte  von  der  ersten  Gruppe  in  die  zweite  Gruppe  ubertragt,  urn  weitere, 
uberarbeitete  erste  und  zweite  Gruppen  mit  Probenwerten  zu  bilden,  die  einen  weiter  verminderten 
vereinten  Entropiewert  besitzen,  der  bezuglich  des  zweiten  Attributindikators  gemessen  wird. 

30 
11.  Verfahren  zur  automatischen  Erzeugung  eines  Entscheidungsgraphen  gemaB  Anspruch  10,  wobei 

die  Probenwerte  entsprechende  Fenemfolgen  sind,  die  entsprechende  Vokalisierungen  von  Phonemen 
darstellen; 
das  erste  Attribut  der  Probenwerte  den  phonetischen  Kontext  betrifft,  in  welchem  die  Fenemfolgen 

35  auftreten;  und 
das  zweite  Attribut  der  Probenwerte  die  durch  die  Fenemfolgen  dargestellten  Vokalisierungen  betrifft. 

12.  Verfahren  zur  automatischen  Erzeugung  eines  Entscheidungsgraphen  gemaB  Anspruch  9,  wobei  jeder 
der  Probenwerte  in  der  Menge  der  Probenwerte  eine  Folge  von  Unterprobenwerten  unterschiedlicher 

40  Art  enthalt  und  der  Schritt  der  Einteilung  der  kommentierten  Probenwerte  in  der  Menge  in  Cluster 
folgende  Schritte  enthalt: 
Zuweisen  jedes  Probenwerts  zu  jeweils  einem  verschiedenen  Prototypcluster; 
Berechnen  einer  erwarteten  Haufigkeit  fur  jede  Unterprobenart  in  jedem  Prototypcluster; 
statistisches  Vergleichen  der  erwarteten  Unterprobenhaufigkeit  jedes  Prototypclusters  mit  den  erwarte- 

45  ten  Unterprobenhaufigkeiten  aller  anderer  Prototypcluster,  urn  fur  jedes  Clusterpaar  einen  statistischen 
Differenzwert  zu  erzeugen; 
Vereinen  von  Prototypclusterpaaren,  die  eine  statistische  Differenz  aufweisen,  die  kleiner  als  ein 
Schwellenwert  ist,  urn  neue  Prototypcluster  zu  erzeugen. 

50  13.  Verfahren  zur  automatischen  Erzeugung  eines  Entscheidungsgraphen  gemaB  Anspruch  12,  wobei  der 
Schritt  des  statistischen  Vergleichens  der  erwarteten  Unterprobenhaufigkeit  jedes  Prototypclusters  mit 
den  erwarteten  Unterprobenhaufigkeiten  aller  anderen  Prototypcluster  folgende  Schritte  enthalt: 
Erzeugen  einer  Vielzahl  probabilistischer  Modelle,  wobei  jedes  Modell  ein  Markov-Modell  der  jeweils 
durch  einen  unterschiedlichen  Prototypcluster  reprasentierten  Unterprobenfolgen  darstellt; 

55  Erzeugen  einer  Vielzahl  von  Histogrammen,  wobei  jedes  Histogramm  die  relative  Auftrittshaufigkeit 
jeder  Unterprobenart  in  jeweils  einem  unterschiedlichen  Prototypcluster  darstellt; 
Berechnen  eines  logarithmischen  Wahrscheinlichkeitsverhaltnisses  fur  jedes  Prototypclusterpaar  dafur, 
daB  die  Histogramme  fur  jeden  der  Prototypcluster  in  diesem  Paar  mit  den  erwarteten  Unterprobenhau- 

18 



EP  0  387  602  B1 

figkeiten  eines  einzigen  probabilistischen  Modells  ubereinstimmen,  das  eine  Kombination  der  entspre- 
chenden  probabilistischen  Modelle  fur  dieses  Prototypclusterpaar  darstellt,  wobei  eine  Version  des 
logarithmischen  Wahrscheinlichkeitsverhaltnisses  mit  umgekehrtem  Vorzeichen  der  statistische  Diffe- 
renzwert  fur  dieses  Clusterpaar  ist. 

5 
Revendicatlons 

1.  Un  procede  de  generation  automatique  de  regies  phonologiques  concernant  la  prononciation  de 
composants  de  langage,  comprenant  les  etapes  suivantes: 

io  A)  le  traitement  d'un  texte  d'entraTnement  et  des  vocalisations  representant  le  texte  d'entraTnement 
pour  obtenir  une  pluralite  d'echantillons  representant  les  composants  de  langage  desdites  vocalisa- 
tions; 
B)  la  selection  parmi  la  pluralite  d'echantillons,  d'un  ensemble  d'echantillons  representant  des 
exemples  respectifs  d'un  composant  de  langage  selectionne  dans  les  vocalisations; 

is  C)  I'annotation  de  chacun  desdits  echantillons  selectionnes  avec  un  indicateur  d'au  moins  un 
composant  de  langage  dans  une  relation  contextuelle  avec  ledit  echantillon  selectionne; 
D)  la  generation,  a  partir  desdits  autres  echantillons  selectionnes  annotes,  d'un  arbre  de  decision  qui 
separe  les  echantillons  selectionnes  en  groupes  de  feuilles  respectivement  differents  en  se  basant 
sur  lesdits  indicateurs  de  contexte,  chacun  desdits  groupes  de  feuilles  representant  une  prononcia- 

20  tion  dudit  composant  de  language  selectionne  dans  un  contexte  respectivement  different. 

2.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  1,  dans  lequel 
I'etape  C)  comprend  en  outre  les  etapes  suivantes: 

C1)  le  groupage  desdits  echantillons  selectionnes  annotes  en  une  pluralite  de  grappes,  chaque 
25  grappe  representant  une  prononciation  respectivement  differente  dudit  composant  de  langage 

selectionne,  et 
C2)  I'annotation  supplemental  de  chaque  echantillon  selectionne  avec  un  indicateur  de  la  grappe  a 
laquelle  il  appartient. 

30  3.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  2,  dans  lequel: 
-  lesdits  composants  de  langage  sont  des  phonemes, 
-  lesdits  echantillons  sont  des  sequences  de  fenemes  ou  labels  de  types  distincts,  chacune 

desdites  sequences  de  labels  correspondant  a  un  phoneme  respectif  desdits  phonemes, 
et  dans  lequel  I'etape  C1)  comprend  les  etapes  suivantes: 

35  -  I'attribution  de  chaque  sequence  de  labels  a  une  grappe  prototype  respectivement  differente, 
-  le  calcul  de  la  frequence  prevue  pour  chaque  type  de  label  dans  la  grappe  prototype, 
-  la  comparaison  statistique  de  la  frequence  prevue  des  labels  dans  chaque  grappe  prototype  aux 

frequences  des  labels  prevues  pour  toutes  les  autres  grappes  prototypes  afin  de  generer  une 
valeur  differentielle  statistique  pour  chaque  paire  de  grappes, 

40  -  la  combinaison  de  paires  de  grappes  prototypes  qui  presentent  une  difference  statistique  qui  est 
inferieure  a  une  valeur  de  seuil  pour  generer  de  nouvelles  grappes  prototypes. 

4.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  3  dans  lequel 
I'etape  de  comparaison  statistique  de  chaque  grappe  prototype  a  toutes  les  autres  grappes  prototypes, 

45  comprend  les  etapes  suivantes: 
-  la  generation  d'une  pluralite  de  modeles  probabilistes,  chaque  modele  representant  un  modele  de 

Markov  de  la  prononciation  du  phoneme  represente  par  une  grappe  respectivement  differente 
desdites  grappes  prototypes, 

-  la  generation  d'une  pluralite  d'histogrammes,  chaque  histogramme  representant  la  frequence 
50  relative  de  I'apparition  de  chaque  label  dans  une  grappe  respectivement  differente  desdites 

grappes  prototypes, 
-  le  calcul  pour  chaque  paire  de  grappes  prototypes,  d'un  rapport  d'apparence  logarithmique  pour 

que  les  histogrammes  de  chacune  des  grappes  prototypes  de  ladite  paire,  correspondent  aux 
frequences  de  labels  prevues  d'un  modele  probabiliste  unique  representant  une  combinaison  des 

55  modeles  probabilistes  respectifs  pour  ladite  paire  de  grappes  prototypes,  dans  lequel  une  version 
a  signe  inverse  dudit  rapport  d'apparence  logarithmique  constitue  la  valeur  differentielle  statisti- 
que  pour  ladite  paire  de  grappes. 
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5.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  1,  comprenant 
en  outre  une  etape  de  generation,  pour  chaque  groupe  de  feuilles  dudit  arbre  de  decision,  d'un  modele 
probabiliste  representant  la  prononciation  du  composant  de  langage  represente  par  les  echantillons 
dudit  groupe  de  feuilles. 

5 
6.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  5,  dans  lequel 

ledit  modele  probabiliste  se  presente  comme  un  modele  de  Markov  representant  les  frequences 
relatives  des  echantillons  du  groupe  de  feuilles. 

io  7.  Le  procede  de  generation  automatique  de  regies  phonologiques  selon  la  revendication  5,  dans  lequel 
I'etape  de  generation  d'un  modele  probabiliste  pour  chaque  feuille  du  groupe,  comprend  les  etapes 
suivantes: 

-  le  groupage  des  echantillons  de  la  feuille  dans  une  pluralite  de  grappes,  chaque  grappe 
representant  une  prononciation  respectivement  differente  du  composant  de  langage  represente 

is  par  les  echantillons  du  groupe  de  feuilles, 
-  la  generation,  a  partir  de  ladite  pluralite  de  grappes,  d'une  pluralite  respective  de  modeles 

statistiques,  chacun  desdits  modeles  statistiques  se  presentant  sous  la  forme  d'un  modele  de 
Markov,  et 

-  I'augmentation  de  ladite  pluralite  de  modeles  statistiques  par  I'addition  d'un  etat  initial  commun  et 
20  d'un  etat  final  commun  a  chaque  modele,  afin  de  generer  ledit  modele  probabiliste. 

8.  Un  procede  de  generation  automatique  d'un  graphique  de  decision  concernant  un  ensemble  de  valeurs 
d'echantillon,  comprenant  les  etapes  suivantes: 

A)  I'annotation  de  chacune  des  valeurs  d'echantillon  dudit  ensemble,  avec  un  indicateur  d'un 
25  premier  attribut  desdites  valeurs  d'echantillon, 

B)  I'annotation  supplemental  de  chacune  des  valeurs  d'echantillon  dudit  ensemble  avec  un 
indicateur  d'un  second  attribut  desdites  valeurs  d'echantillon,  et  caracterise  en  ce  que  ledit 
ensemble  d'echantillons  a  annotation  supplementaire  presente  une  valeur  d'entropie  predeterminee 
mesuree  par  rapport  audit  second  indicateur  d'attribut,  et 

30  C)  la  generation  d'une  question  test  exprimee  dans  les  termes  du  premier  indicateur  d'attribut 
desdits  echantillons  a  annotation  supplementaire,  ce  qui  tend  a  diviser  les  valeurs  desdits  echantil- 
lons  a  annotation  supplementaire  en  premier  et  second  groupes,  dans  laquelle  lesdits  premier  et 
second  groupes  d'echantillons  presentent  une  valeur  d'entropie  combinee  mesuree  relativement 
audit  second  indicateur  d'attribut,  qui  est  inferieure  a  ladite  valeur  d'entropie  predeterminee. 

35 
9.  Le  procede  de  generation  automatique  d'un  graphique  de  decision  selon  la  revendication  8,  dans  lequel 

I'etape  C)  comprend  les  etapes  suivantes: 
-  le  groupage  des  valeurs  d'echantillons  annotes  dans  ledit  ensemble,  dans  une  pluralite  de 

grappes  selon  le  second  attribut  desdites  valeurs  d'echantillon,  et 
40  -  I'annotation  supplementaire  de  chacun  desdits  echantillons  annotes  avec  un  indicateur  de  la 

grappe  a  laquelle  il  appartient,  comme  ledit  second  indicateur  d'attribut. 

10.  Le  procede  de  generation  automatique  d'un  graphique  de  decision  selon  la  revendication  9,  compre- 
nant  en  outre  les  etapes  suivantes: 

45  -  la  generation  d'une  premiere  question  test  supplementaire  exprimee  dans  les  termes  du  premier 
indicateur  d'attribut  des  valeurs  d'echantillon  dans  ledit  second  groupe,  ce  qui  transfere  des 
valeurs  d'echantillon  dudit  second  groupe  audit  premier  groupe  pour  former  des  premier  et 
second  groupes  revus  de  valeurs  d'echantillon  ayant  une  valeur  d'entropie  combinee  reduite 
mesuree  par  rapport  audit  second  indicateur  d'attribut,  et 

50  -  la  generation  d'une  seconde  question  test  supplementaire  exprimee  dans  les  termes  du  premier 
indicateur  d'attribut  desdites  valeurs  d'echantillon  dans  ledit  premier  groupe,  ce  qui  transfere  des 
valeurs  d'echantillon  dudit  premier  groupe  audit  second  groupe  pour  former  des  premier  et 
second  groupes  supplementaires  revus  de  valeurs  d'echantillon  ayant  une  valeur  d'entropie 
combinee  reduite  supplementaire  mesuree  par  rapport  audit  second  indicateur  d'attribut. 

55 
11.  Le  procede  de  generation  automatique  d'un  graphique  de  decision  selon  la  revendication  10,  dans 

lequel: 
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-  lesdites  valeurs  d'echantillon  sont  constitutes  de  sequences  respectives  de  labels  representant 
des  vocalisations  respectives  de  phonemes, 

-  ledit  premier  attribut  desdites  valeurs  d'echantillon  concerne  les  contextes  phonetiques  dans 
lesquels  surviennent  les  sequences  de  labels,  et 

-  ledit  second  attribut  desdites  valeurs  d'echantillon  concerne  les  vocalisations  representees  par 
lesdites  sequences  de  labels. 

Le  procede  de  generation  automatique  d'un  graphique  de  decision  selon  la  revendication  9,  dans  lequel 
chacune  des  valeurs  d'echantillon  dans  ledit  ensemble  de  valeurs  d'echantillon,  comprend  une 
sequence  de  valeurs  de  sous-echantillon  de  types  distincts  et  I'etape  de  groupage  des  valeurs 
d'echantillon  annotees  dans  ledit  ensemble,  en  grappes,  comprend  les  etapes  suivantes: 

-  I'attribution  de  chaque  valeur  d'echantillon  a  une  grappe  prototype  respectivement  differente, 
-  le  calcul  d'une  frequence  prevue  pour  chaque  type  de  sous-echantillon  dans  chaque  grappe 

prototype, 
-  la  comparaison  statistique  de  la  frequence  de  sous-echantillon  prevue  de  chaque  grappe 

prototype,  aux  frequences  de  sous-echantillons  prevues  de  toutes  les  autres  grappes  prototypes 
afin  de  generer  une  valeur  differentielle  statistique  pour  chaque  paire  de  grappes, 

-  la  combinaison  de  paires  de  grappes  prototypes  qui  presentent  une  difference  statistique  qui  est 
inferieure  a  une  valeur  de  seuil  afin  de  generer  de  nouvelles  grappes  prototypes. 

Le  procede  de  generation  automatique  d'un  graphique  de  decision  selon  la  revendication  12  dans 
lequel  I'etape  de  comparaison  statistique  de  la  frequence  de  sous-echantillon  prevue  de  chaque  grappe 
prototype  aux  frequences  de  sous-echantillons  prevues  de  toutes  les  autres  grappes  prototypes, 
comprend  les  etapes  suivantes: 

-  la  generation  d'une  pluralite  de  modeles  probabilistes,  chaque  modele  representant  un  modele  de 
Markov  des  sequences  de  sous-echantillons  representees  par  une  grappe  respectivement  diffe- 
rente  desdites  grappes  prototypes, 

-  la  generation  d'une  pluralite  d'histogrammes,  chaque  histogramme  representant  la  frequence 
relative  d'apparition  de  chaque  type  de  sous-echantillon  dans  une  grappe  respectivement  diffe- 
rente  desdites  grappes  prototypes, 

-  le  calcul,  pour  chaque  paire  de  grappes  prototypes,  d'un  rapport  d'apparence  logarithmique  pour 
que  les  histogrammes  de  chacune  des  grappes  prototypes  de  ladite  paire,  correspondent  aux 
frequences  de  sous-echantillon  prevues  d'un  modele  probabiliste  unique  representant  une  combi- 
naison  des  modeles  probabilistes  respectifs  pour  ladite  paire  de  grappes  prototypes,  dans  lequel 
une  version  a  signe  inverse  dudit  rapport  d'apparence  logarithmique  constitue  la  valeur  differen- 
tielle  statistique  pour  ladite  paire  de  grappes. 
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