
T
heoretical

M
odels

of
Text

N
orm

alization

�
�

=
observations/raw

text,e.g.,
.
.
.
3
B
R
,
2
B
A
,
.
.
.

�
�

=
pronounced

w
ord

sequence,e.g.,
.
.
.
t
h
r
e
e
b
e
d
r
o
o
m
,
t
w
o
b
a
t
h
,
.
.
.

tw
o

approaches

�

the
speech

recognition
approach

–
source-channelm

odel

��
�
� ��	�
� 


�
�
 �� �� �
� �� �
� 


�
�
 �� �� �
 ��

�

the
non-speech

recognition
approach

–
“direct”

m
odel

��
�
� ��	�
� 


�
�
 �� ��
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S
ource-C

hannel
M

odeling

abbreviation
expansion�

speech
recognition

�

constructlattice
ofpossibilities:�
 B

R� b
e
d
r
o
o
m� �

acoustic
m

odel

2
B

R
apt.

�

�

�

��

��

tw
o

bedroom

brew
ski

bear

apartm
ent

applet

appetite

�

find
bestpath

in
lattice

using
language

m
odel:

�
 a
p
a
r
t
m
e
n
t� t

w
o
b
e
d
r
o
o
m� �

language
m

odel
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D
irect

M
odeling

W
hy

use
directm

odeling?
��

�
� �� �
� 


�
�
 �� �� ��
� ��	�
� 


�
�
 �� �� �
 ��

�

w
hy

not?
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D
irect

M
odeling

H
idden

variable:
tags� ,e.g.,A

S
W

D
,LS

E
Q

,E
X

P
N

� ��	�
� 


�
�
 �� ��
�
� ��	�
� 


�

� �
 �� �� ��

�
� ��	�
� 


�

� �
 �� �� �
 �� �� ��

�

pick
m

ostprobable
tag

for
each

w
ord

using
decision

tree

N
U

M
...

l
i
v
e
s

a
t

1
2
3

N
o
r
m
a
n

S
t
.

...

�

given
tag,use

determ
inistic

function
to

generate
pronounced

w
ords

�
 o
n
e
h
u
n
d
r
e
d
t
w
e
n
t
y
t
h
r
e
e

� 1
2
3� N

U
M���

�

4
TextN

orm
alization



S
upervised

vs.U
nsuper

vised
Training

�

directm
odel�
 �� ��

–
m

axim
ize

likelihood
ofpronounced

w
ords�

�

supervised
training

�

source-channelm
odel�
 �� �� �
 ��

–
find

pronounced
w

ords�

to
m

axim
ize

likelihood
ofraw

text�

–
can

use
(unsupervised)

E
xpectation-M

axim
ization

training

�

use
better

m
odels�
 �� �� ,�
 ��

to
find

better
abbreviation

expansions

�

use
better

abbreviation
expansions

to
train

better�
 �� �� ,�
 ��
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O
ther

D
irections

source-channel
direct

�
 �� ��
tagging

�

�

�
 �� �� ��
abbr.

expansion

�

�

use
ofsource-channelm

odelto
predicttags

–
m

ixed
tag/raw

w
ord

language
m

odel

�

m
axim

um
entropy

m
odeling

vs.decision
trees

–
perform

ed
slightly

better
in

predicting
w

hich
letters

in
a

w
ord

are
deleted

in
abbreviations

(15.1%
vs.16.0%

error)

–
perform

ed
slightly

w
orse

in
predicting

the
tags

ofnum
bers

(1.07%
vs.0.82%

error)
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E
valuation

of
Text

N
orm

alization

goal:
evaluate

the
perform

ance
ofvarious

textnorm
alization

system
s

�

Linguistic
D

ata
C

onsortium
textnorm

alization
tools

–
prim

ary
tools

used
to

condition
new

s
text

in
speech

recognition
com

m
unity

�

F
estivaltextnorm

alization
tools

–
publically-available

speech
synthesis

package

�

our
system

easy?

�

w
e

have
hand-labeled

textas
the

reference
to

score
against

�

use
existing

speech
recognition

tools
to

calculate
W

E
R

’s
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Truth

hand-labeled
reference

text,
a.k.a.

Truth,
is

only
an

approxim
ation

of
the

truth�

incom
plete

labeling

–
com

m
on

expansions,e.g.,2
B
R�

t
w
o
b
e
d
r
o
o
m

or
t
w
o
b
e
d
r
o
o
m
s?

–
punctuation,e.g.,
M
a
i
n
S
t
.

�

“M
a
i
n
S
t
r
e
e
t

”
or

“M
a
i
n
S
t
r
e
e
t
.

”?

�

acceptable
alternatives

–
A
p
t
.
f
o
r
r
e
n
t
.
2
B
R
,
2
B
A
.

;
the

token
B
A

can
be

read
as

b
a
t
h

,
b
a
t
h
s

,
b
a
t
h
r
o
o
m,or

b
a
t
h
r
o
o
m
s

–
contextdependent:

l
a
r
g
e
2
B
R
a
p
t
.
w
/
2
B
A

�

labeling
error
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Truth

cannotuse
Truth

as
our

reference
textfor

(official)
scoring

�

evaluate
the

error
ofTruth

as
w

ell

�

produce
reference

textby
hand?

–
including

allvalid
alternatives

(in
a

context-dependentm
anner)

–
enough

data
to

getreasonable
estim

ates
ofthe

potentially
very

low
error

rates

–
for

allfour
dom

ains
exam

ined

�

fundam
entalproblem

:
w

e
are

very
lazy
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P
roposed

M
ethodology

�

judging
acceptability

vs.enum
erating

alternatives
–

instead
ofpreparing

reference
textand

use
program

to
score

–
have

hum
an

rate
correctness

ofeach
token

�

statisticalsam
pling

—
random

ly
selecttokens

to
score

–
w

antlarge
testsetto

cover
w

ide
range

ofphenom
ena

–
don’tneed

exact
error

rate
over

testset

�

im
portance

sam
pling

—
judicious

selection
oftokens

to
score

can
reduce

num
ber

ofsam
ples

needed
–

e.g.,new
s

text, �

1%
error

rate
—

sam
ple

500
tokens,see

5
errors

–
sam

ple
m

ore
w

here
the

errors
are

�

sam
ple

250
w

ords
and

250
num

bers,see
25

errors

�

scale
num

ber
oferrors

in
each

category
appropriately

to
calculate

overallerror
rate
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P
resenting

S
am

ples
to

a
H

um
an

3
3
0
0
+

*
s
f

1
0

R
m
,

5
B
R
,

t
h
r
e
e
t
h
o
u
.
.
.
d
r
e
d
P
L
U
S

S
Q
U
A
R
E
F
O
O
T
t
e
n
R
O
O
M
,
f
i
v
e
B
E
D
R
.
.
.

�

need
to

align
raw

textw
ith

norm
alized

text

–
alignm

entinform
ation

is
difficultto

extractw
hen

using
LD

C
tools

�

build
sim

ple
“translation”

m
odel

–
parallelcorpora,aligned

by
paragraph

–
w

ords
w

ith
sam

e
spelling

are
translations

ofeach
other

–
w

ords
thattend

to
co-occur

in
corresponding

paragraphs
are

translations
ofeach

other

�

0�

z
e
r
o

,
h
u
n
d
r
e
d,
t
h
o
u
s
a
n
d,
o
n
e

,
d
o
l
l
a
r
s,...

�

B
A�

B
A
T
H
R
O
O
M,
N�

N
o
r
t
h

,
+�

P
L
U
S
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R
esults

�
�

500
sam

ples
per

box,�

10
hours

hum
an

labeling
overall

�

token
error

rate:
fraction

ofspace-separated
tokens

in
raw

text
conditioned

com
pletely

correctly

�

punctuation
m

ustbe
correctas

w
ell,e.g.,

“&
i
n
d
r
-
p
k
g
.”

should
be

expanded
as

“a
n
d
i
n
d
o
o
r
p
a
r
k
i
n
g
.

”

�

paired
significance

tests

classifieds
new

s
text

pc110
new

s
recipes

F
estival

34.5%

 

1.8%
0.7%

 

0.7%
5.9%

 

1.1%
4.2%

 

1.0%
LD

C
32.4%

 

1.8%
0.2%

 

0.6%
6.3%

 

1.1%
3.0%

 

1.0%
m

4
12.3%

 

1.5%
0.4%

 

0.7%
3.4%

 
1.0%

2.6%

 

0.9%
Truth

9.6%

 

1.4%
0.3%

 

0.6%
2.2%

 
0.9%

2.6%

 

0.9%
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A
nalysis

of
E

rror
in

Truth

�

classifieds

–
punctuation

after
abbreviations:

“S
t
.

”�

“S
t
r
e
e
t
.

”

–
failure

to
detectnon-standard

w
ords:

O
H

,
S
E

,
P
H

,
a
c

�

new
s

text

–
num

eric
tokens

(m
onetary,sports-related)?

�

pc110
netnew

s

–
U

R
L’s,E

-m
ailaddresses:

h
t
t
p
:
/
/
c
g
i
.
e
b
a
y
.
c
o
m
/
a
w
-
c
g
i
/

�

recipes

–
plural/singular:

3
g�

t
h
r
e
e
g
r
a
m

–
form

atting
punctuation:

-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
-
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D
iscussion

(official)
evaluation

m
ethodology

�

im
portance

sam
pling

–
sm

allstartup
cost,requires

w
ork

for
each

system
evaluated

�

having
reference

textw
ith

acceptable
alternatives

–
requires

a
B

robdingnagian
am

ountofw
ork

initially,no
w

ork
thereafter

results

�

Truth
is

im
perfectbutuseful

�

our
m

4
system

significantly
outperform

s
LD

C
and

F
estival,

and
is

not
m

uch
w

orse
than

Truth
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