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FirstPhase:
1993-1996,G

erm
an

!

E
nglish

and
Japanese

!

E
nglish

�

Second
Phase:

1997-2000,
G

erm
an

$

E
nglish

and
G

erm
an

$

Japanese,
10.000

w
ords

for
G

erm
an

and
E

nglish,2500
for

Japanese;21
partner

institutions
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W
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V
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W
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T
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R
epair

G
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 Synthesis

C
orrection

T
he

T
opics

of
this

P
aper

W
e

aim
atm

aking
the

bestuse
of

the
m

ultiplicity
of

parsers
and

strategies
em

ployed
in

the
system

in
order

to
m

axim
ise

the

1.
R

obustness
and

2.
E

fficiency

of
the

system
.

W
e

discuss
the

follow
ing

points:

�

T
reatm

entof
Self-R

epairs

�

C
ontrolof

SeveralParsers

�

Integration
of

PartialA
nalyses

�

Selection
of

R
esults

In
this

paper,w
e

focus
on

the
linguistic

processing
stream

of
the

V
erbm

obilsystem
.

T
reatm

ent
of

Self-R
epairs

�

T
he

“repair
correction”

step
itself

relies
on

the
classicaltreatm

entof
speech

repairs
as

R
eparan-

dum
(R

D
),

Interruption
point

(IP),
E

dit
Term

(E
T

)
and

R
eparans

(R
S)

as
in

“[M
onday]R

D
IP

[no]E
T

[T
uesday]R

S ”.

�

T
he

w
ord

lattice
correction

of
repairs

divides
into

tw
o

phases
of

search,
given

a
preprocessed

w
ord

lattice
as

input,w
here

w
ord

boundaries
are

classified
according

to
prosodic

cues
w

hether
they

m
ightconstitute

a
w

ord
boundary

im
m

ediately
follow

ing
a

reparandum
.

�

Firstthe
w

ord
lattice

is
collapsed

to
a

Partof
lattice.

�

Second
a

setof
nodes

prosodically
m

arked
as

interruption
points

is
selected.

�

Foreach
ofthese

nodes
a

probabilistic
m

odelon
PO

S
sequences

is
used

to
classify

the
incom

ing
and

outgoing
w

ord
sequences

into
R

D
,

E
T,and

R
S.W

e
use

a
specialized

tag
set

for
that

step
w

hich
covers

sem
antic

features
as

w
ell

according
to

their
linguistic

relevance
for

the
repair

phenom
enon.

�

T
he

lastphase
—

the
editing

step
—

m
onotonically

adds
new

edges
to

the
w

ord
lattice

spanning
the

originalR
D

E
T

R
S

sequences
butbeing

labelled
only

by
the

R
S

label.

�

W
ithin

the
V

erbm
obilcorpus

w
ith

spontaneous
negotiation

dialogues
about20%

ofthe
utterance

exhibit
self-repairs.

W
e

can
currently

isolate
about

94%
of

the
reparanda

correctly
given

the
correct

string
and

irregular
boundary,

if
w

e
restrict

ourselves
to

the
self-repairs

w
ith

less
than

five
w

ords
(95%

of
the

corpus).

C
ontrolof

SeveralP
arsers

�

Four
different

parsing
m

ethods
are

incorporated
in

the
“Integrated

Processing”
m

odule.
A

ll
of

these
produce

sem
antic

representations
in

the
sam

e
form

alism
,

w
hich

can
be

com
bined

w
ith

each
other.

1.
T

he
first

m
ethod

is
a

deep
linguistic

H
P

SG
parser,w

hich
is

not
very

robustbutproduces
very

detailed
descriptions

for
its

inputs.

2.
T

he
second

m
ethod

is
a

probabilistic
contextfree

gram
m

ar
L

R
-parser,w

here
the

gram
m

ar
and

the
stochastic

param
eters

are
derived

from
a

tree
bank.

T
he

gram
m

ar
is

supplied
w

ith
a

sem
antic

construction
m

echanism
.

H
ow

ever,the
representations

itproduces
are

usually
less

detailed
than

those
of

the
H

PSG
parser.

In
m

any
cases

w
here

the
H

PSG
fails

the
probabilistic

gram
m

ar
stillproduces

an
interpretation.

3.
T

he
third

m
ethod

is
a

chunk
parser

based
on

cascaded
finite

state
autom

ata,
producing

rough
interpretations

on
analysable

fragm
ents

of
the

input.

4.
A

s
a

fall-back
an

H
M

M
-based

dialogue-act
recognizer

is
used

as
the

fourth
m

ethod.
T

his
m

ethod
produces

a
tem

plate
intepretation

for
the

dialogue
act

recognized
in

each
input

w
here

specialslots
like

w
eekdays

and
clocktim

es
are

filled
by

additionalrules.

�

T
he

backbone
of

the
m

odule
is

an
A

*-lattice-search
w

ith
a

trigram
-based

rest
cost

calculation
w

hich
guides

the
search

of
allthe

parsing
m

ethods
through

the
inputlattice.

�

Since
the

increasing
robustness

of
the

m
ethods

(increasing
from

H
PSG

to
dialogue-act

based
analysis)

corresponds
to

their
decreasing

precision
and

com
putational

resources
needed,

the
“Integrated

Processing”
m

odule
as

a
w

hole
can

be
param

etrized
to

show
an

anytim
e

behaviour.

Integration
of

P
artialA

nalyses

�

In
m

any
cases,no

parser
w

illfind
an

analysis
spanning

the
w

hole
inpututterance.

T
his

m
ay

be
due

to
speech

recognizer
errors,

spontaneous
speech

phenom
ena

w
hich

have
not

been
caught

earlier,and
ungram

m
aticalities

in
the

utterance
itself.

�

A
lthough

a
com

plete
analysis

w
ould

be
preferable,the

parser
can

usually
com

e
up

w
ith

a
setof

partial
analyses

in
these

cases
w

hich
can

often
be

assem
bled

to
yield

larger,
m

ore
m

eaningful
units.

T
his

is
the

basic
idea

of
w

hatw
e

callrobustsem
antic

processing.

�

T
he

task
of

robustsem
antic

processing
then

consists
of

three
subtasks:

1.
store

the
partialresults

in
a

chart-like
data

structure
(w

hich
w

e
calla

V
IT

H
ypothesis

G
raph

(V
H

G
),

2.
com

bine
the

partialresults
on

the
basis

of
rules,yielding

new
entries

in
the

V
H

G
,

3.
select

a
result

from
the

V
H

G
,

i.e.
a

sequence
of

partial
results

(or
a

com
plete

one,
if

available),if
no

parser
w

as
able

to
find

a
spanning

analysis
in

the
tim

e
available.

4
5

3
4

1
22

3
7

8
7

8
6

7
6

8
4

7
5

7
5

6
5

8
5

8
4

8
4

8
6

8
4

8
4

6
1

4
1

8

3: w
ir  (168.0) []

1: d
en

  (195.0) []
2: u

n
s  (195.0) []

54: zw
ei  (360.0) []

47: w
o

ch
en

  (775.2) [39]

39: w
o

ch
en

  (783.0) []

30: treffen
  (1023.0) []

74: n
aech

sten
  (1680.0) []

63: zw
ei + w

o
ch

en
  (2184.9) [54,47]

90: zw
ei w

o
ch

en
  (2208.0) []

105: d
en

 n
aech

sten
  (3024.0) []

106: w
ir treffen

 u
n

s  (3480.0) []

73: n
aech

sten
 zw

ei  (3599.0) []

64: d
en

 n
aech

sten
 zw

ei  (5475.0) []

83: n
aech

sten
 zw

ei w
o

ch
en

  (7665.6) [75]

75: n
aech

sten
 zw

ei w
o

ch
en

  (7743.0) []

89: d
en

 n
aech

sten
 zw

ei w
o

ch
en

  (10403.0) []

86: d
en

 + n
aech

sten
 zw

ei w
o

ch
en

  (10298.0) [1,83]

98: d
en

 n
aech

sten
 zw

ei w
o

ch
en

  (10299.0) [89]

113: w
ir treffen

 u
n

s + d
en

 n
aech

sten
 zw

ei w
o

ch
en

  (23327.1) [106,98]

�
C

onsider
as

an
exam

ple
the

utterance

(1)
W

ir
treffen

uns
in

den
nächsten

zw
eiW

ochen.
(W

e
(w

ill)
m

eetduring
the

nexttw
o

w
eeks)

and
assum

e
thatthe

speech
recognizer

dropped
the

preposition
in,as

itis
justa

shortw
ord.

�

In
this

case,the
parser

w
illanalyze

the
inputas

tw
o

fragm
ents,a

sentence
(w

ir
treffen

uns)
and

a
nom

inal
phrase

(den
nächsten

zw
ei

W
ochen).

T
hese

tw
o

fragm
ents

are
stored

by
the

robust
sem

antic
processing.

A
rule

stating
that

a
tem

poral
N

P
such

as
den

nächsten
zw

ei
W

ochen
can

be
re-interpreted

as
a

m
odifier

is
applied,

entering
a

new
edge

into
the

chart.
T

his
tem

poral
m

odifier
edge

is
then

com
bined

w
ith

the
edge

for
the

proposition,
yielding

a
com

plete
and

accurate
analysis

of
the

com
plete

utterance.

T
he

V
IT

F
orm

at

vit(
vitID(sid(102,a,ge,0,200,1,ge,y,semantics),

%
Segment

ID
[word(das,r0,[lh14]),

%
WHG

String
word(geht,r1,[lh16])]),

index(lh12,lh11,ih13),
%

Index
[decl(lh18,hh17),

%
Conditions

gehen_passen(lh16,ih13),
pron(lh14,ih15),
arg1(lh16,ih13,ih15)],
[ccom_plug(hh17,lh11),

%
Constraints

in_g(lh18,lh12),
in_g(lh16,lh11),
in_g(lh14,lh11),
leq(lh11,hh17)],
[s_sort(ih15,object),

%
Sorts

s_sort(ih13,move_sit)],
[prontype(ih15,third,demon)],

%
Discourse

[num(ih15,sg),
%

Syntax
pers(ih15,3),
gend(ih15,neut)],
[ta_tense(ih13,pres),

%
Tense

and
Aspect

ta_perf(ih13,nonperf),
ta_mood(ih13,ind)],
[pros_mood(lh18,prog)]

%
Prosody

)�

T
heory-independentunderspecified

sem
antic

representation.

�

A
lso

carrying
syntactic,prosodic,sortaland

discourse
inform

ation.

Selection
of

R
esults

�

In
search

of
a

good
spanning

sequence
of

V
IT

s
w

e
select

V
IT

s
to

com
bine

on
the

basis
of

a
stochastic

m
odelon

V
IT

s
and

com
bine

the
V

IT
s

them
selves

using
sym

bolic
rules.

�

In
order

to
have

som
e

em
pirical

source
of

inform
ation

w
e

designed
a

special
V

IT-N
-G

ram
m

describing
the

probability
of

V
IT

sequences.

�

It
is

used
in

com
bination

w
ith

som
e

heuristics
preferring

longer
V

IT
s

w
hich

are
m

ore
likely

to
representa

correctanalysis.
In

addition,w
e

give
increasing

penalties
to

the
less

precise
m

odels.

�

T
he

m
axim

ization
form

ula
is

roughly
(neglecting

som
e

details)
as:

V

=

m
axV

n0 "

∑0

�

i�

n L
ogP

(V
i )

+

L

(V
i )

+

W

(V
i ) #

w
here

L
stands

for
a

length
penalty

and
W

for
a

penalty
for

certain
sources

(parsing
m

ethods).

�

In
first

tests
som

e
em

pirically
determ

ined
length

and
source

w
eights

led
to

acceptable
results.

In
the

future,itis
planned

to
adjustthe

w
eights

using
optim

ization
procedures

on
idealoutputs.
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