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Abstract 
We have developed a constraint-based parser capable of 
processing a word graph containing multiple sentence 
hypotheses. When syntactic constraints are a 
a word graph, our parser is able to prune 

plied to 
t lY e graph 

of many ungrammatical sentence hypotheses and limit 
the possible parses of the remaining sentences. How- 
ever, in many cases syntactic information alone is in- 
sufficient for selecting a single sentence hypothesis from 
a word graph. Hence, we have added semantic con- 
straints to our parser to further limit, ambiguity. In this 
paper, we review the constraint parsing al orithm and 
then provide a simple example illustrating B ow syntac- 
tic and semantic features can be used to prune word 
candidates from a word graph and eliminate incorrect, 
parses for the remaining sentences. We also report on 
the effectiveness of syntactic and semantic constraints 
for reducing the ambiguity of word networks. 

1 INTRODUCTION 
We [4] extended the Constraint Dependency Gram- 

mar (CDG) parser developed by Maruyama [1, 21 to 
process a gra 
sult from spo E: 

h of sentence hypotheses, as would re- 
en input, rather than single sentences, 

as would result from textual input. We also devel- 
oped a grammar containing 3 roles, 11 categories, 70 la- 
bels, 100 unary constraints, and 200 binary constraints, 
capable of parsing a wide variety of sentences includ- 
ing statements, yes-no questions, commands, and wh- 
questions. This grammar was constructed to demon- 
strate that syntactic and lexical constraints can be used 
quite effectively t,o eliminate ungrammatical sentences 
from a word graph. The constraint-based framework is 
appealing for a number of reasons: 

1. It supports a variety of knowledge sources (e.g., 
syntactic, semantic, prosodic) in a uniform frame- 
work. 

2. It has the ability to handle the syntactic irregular- 
ities common in spontaneous speech. 

3. It, is able to support the use of context when de- 
termining the meaning of a sentence (especially to 
reduce ambiguity). 

4. It is able to operate directly on word graphs pro- 
duced by a speech recognition front end. 

5. It is amenable to parallel implementation [3]. 

In this paper, we modify our parsing framework to 
incorporate semantic constraints into the set of knowl- 
edge sources used to parse word networks. First, we 

review how the parsin algorithm works and then de- 
scribe a simple examp e illustrating how syntactic and P 
semantic features can be used to prune word candidates 
from a word graph and eliminate incorrect parses for 
the remaining sentences. We also report on the effec- 
tiveness of syntactic and semantic constraints for re- 
ducing the ambi uity of word networks constructed for 
N-best sentence a ypotheses provided by BBN [5] from 
the ATE dat,abase (Air Travel Information System). 

2 SLCN PARSING 
We have adapted the CDG constraint network to 

handle multiple word candidates, calling it a Spoken 
Language Constraint Network (SLCN). This approach 
allows us to efficiently process multiple sentence hy- 
potheses while maintaining the flexibility of the CDG 
parsing method. Figure 1 depicts an SLCN derived 
from a word graph constructed for the sentence hy- 
potheses: A fish ecrt[sic] and U&es eats[sic]. 

Figure 1. An SLCN constructed from a word 
graph. 

By representing these hypotheses in a word graph, we 
are also able to process additional sentences (i.e., A fish 
cuts and Ofices cut) not present in the list of hypothe- 
ses, one of which might be the correct utterance. Word 
nodes contain informat,ion on the position of a word’s 
utterance (represented as an inte 

8. d’ b and e represent the time at w 
er tuple (b, e where 
lch the wor begins 

and ends, respectively), a set of roles (which indicate 
the various functions the word fills in a sentence), and 
a list of all word candidates with the same position. 
Also, edges join word nodes that can be adjacent in 
a sentence hypothesis. Though two roles are required 
to write a grammar that, is at least as expressive as a 
CFG [l], our example depicts a single role to simplify 
the discussion. The depicted role is the governor role, 
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which represents the function that a word fills given 
that it modifies its head. For example, given that the 
head of a noun phrase is a noun, the word the has the 
function of a determiner (i.e., DET) when it modifies 
the head noun. 

To parse an SLCN, each role for every word is ini- 
tially assi ned all role values allowed by each of the 
word can d: ldates for each of its parts of speech. A role 
value consists of a label (the function the word can 
serve, e.g., DET 
other word whit h 

and a modifiee (the position of an- 
can be in at least one of the same 

sentences as the word in question, or nil). Because 
more than one word candidate can appear in a word 
node and each candidate can have more than one part 
of speech, each role value must keep track of its word 
and part of speech. There are y * q * n = O(n) possible 
role values (where p the number of roles per word, and 
q, the number of different labels, are grammatical con- 
stants and n is the number of words) for each of the n 
word candidates in the word graph, giving O(n’) role 
values altogether and requiring O(n’) time to generate. 
Fi 
a 2 

ure 1 shows the initialization of the SLCN, if a is 
eterminer with the label DET, fish and o&es are 

nouns with the label SUBJ, and cut and eats are verbs 
with the label ROOT. 

Once the role values are enumerated, constraints are 
applied to eliminate the un 

k 
rammatical role values. A 

constraint is an if-then ru e which must be satisfied 
by the role values. First, vnary constraints (i.e., con- 
straints with a single variable) are applied, requiring 
O(L, * n2) time (where Ic, is the number of unary 
constraints). To apply a unary constraint, each role 
value for every role is examined to ensure that it obeys 
the constraint. A role value violates a constraint iff 
it causes the antecedent of the constraint to evaluate 
to TRUE and the consequent to evaluate to FALSE. 
A role value which violates a unary constraint is elimi- 
nated fromlts role. For example, if the following unary 

;;;::;;gulagg 
lied to figure 1, then the role value 
e eliminated from the governor role 

for a. The less-than predicate, (< (bl, el) (b2, e2)), 
returns true if el < b2. 
; ; A DET must modify something to its right. 
;; 1IL as a modifiee is eliminated. 

(if (equal (label x) DBT) 

(< (position x) (modifiee x)1) 

Figure 2 depicts the SLCN after two additional unary 
constraints are applied requiring ROOTS to have a nil 
modifiee and SUBJs to modify words after them. 

Figure 2 also illustrates how the CN is prepared 
for the propagation of binary constraints. Binary con- 
straints contain two variables and determine which 
pairs of role values can legally coexist. Arcs are added 
to the SLCN to keep track of which pairs of role val- 
ues can legally coexist given the binary constraints. All 
roles within the same word node are ‘oined with an arc; 
however, roles in different word no d es are joined with 
an arc iff they can be members of at least one common 
sentence hypothesis (i.e., they are connected by a path 
of directed ed 
ces for an SL 8 

es). To construct the arcs and arc matri- 
N, it suffices to traverse the raph from 

left to ri 
B 

ht and string arcs from each of t ‘i, e current 
word no e’s roles to each of the preceding word node’s 
roles (where one node precedes another iff there is a 
directed edge from the first, to the second node) and to 

each of the roles that the preceding node’s roles have 
arcs to. For example, there should be an arc between 
the roles for a and fish in figure 2 because they are 
located on a path from the be 
sentence the fish {eats, eat}. If 

inning to the end of the 
owever, there should not 

be an arc between the roles for a and ofices since they 
are not, found in any of the same sentence hypotheses. 

(SUE.-(J,II, 

Figure 2. An SLCN prior to binary constraint 
propagation. 

Each of the arcs has an associated arc matriz,.whose 
row and column indices are the role values from its two 
roles. The elements of the arc matrices can hold either 
a 1 (indicating that the two role values which index 
it can legally coexist) or a 0 (indicating that the role 
values cannot legally coexist). Initially, all entries in 
the matrices are set to 1 except for those entries in- 
dexed by role values pointing to words not contained 
in the sentence hypothesis supporting the arc. Only 
one of the arc matrices is depicted in figure 2. After 
the arc matrices are constructed in O(n4) time, the bi- 
nary constraints are applied to the pairs of role values 
that represent the indices for matrix entries, requiring 
O(Lb * n’) time (where kb is the number of binary con- 
straints). If a binary constraint fails for a pair of role 
values then they cannot, coexist in the same sentence, 
which is indicated by setting the entry in the matrix to 
zero. Fi ure 3 shows the state of the SLCN from figure 
2 after ‘i, t, e following constraint is propagated. 

.. A DET must modify a SUBJ. 

i;f (and (equal (label x) DET) 

(equal (label y) SUBJ)) 

(equal (nodifiee x) (position y))) 

Followin the 
network cou d stl 1 contain role values that would never ‘i 7 

ropagation of binary constraints, the 

be legal role values in a parse for the sentence. To 
determine whether a role value is still supported by an 
arc matrix, each of the matrices on the arcs incident 
to the role must be checked to ensure that the row (or 
column) indexed by the role value contains at least a 
sin le 1. If any arc matrix contains a row (or column) of 
OS or the role value, then that role value cannot coexist f 
with any of the role values for the other role and so the 
role value is not supported by the arc. In a constraint 
network for single sentences, filtering eliminates each 
of the unsupported role values for an arc from its role 
and all of the arcs associated with the role. However, 
filtering in an SLCN is complicated by the fact that the 
elimination of a role value on one arc associated with a 
role may not cause the role value to be eliminated for 
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the other arcs associated with that role. For example, 
even if the role value for eal in figure 3 is disallowed 
by the singular subject fish, those role values cannot 
be eliminated since they are supported by o&es, the 
subject in a different hypothesis. 

,S”eJ-,3.4,, 
Figure 3. An SLCN after binary constraint 
propagation. 

If arc(Rolel,Role2) does not support a role value 
r in Role1 then the role value should only be elim- 
inated from arcs of the form arc(Rolel,X) when 
arc(Rolel,Role2) and arc(Rolel,X) are members 
precisely the same set of sentence hypotheses. For ex- 
ample, given that DET-(3,4) is not supported b 
arc matrix for the arc between the governor r 

the 
ro es of 

a and fish, it should also be eliminated by the matrix 
associated with the arc between the governor roles for 
a and {eat, eats} since it is a member of the same sen- 
tence hypothesis as the non-supportin 
of the arcs supports the role value DE 4 

arc. Since none 
-(3,4 

be eliminated from the governor role of a. 1 
, it should 

f all of the 
role values in a role for a particular word candidate are 
eliminated by filtering, then that word candidate is no 
longer a supported word, and if all of the word candi- 
dates for a word node are unsupported, then the word 
node is also unsupported. Furthermore, word nodes 
which are no longer members of a legal sentence hy- 
pothesis because the only word they are adjacent to is 
unsupported will, through filtering, lose support. Fil- 
tering of an SLCN requires O(n4) time [4, 31. Following 
filtering, the remaining role values form parse graphs 
for the remaining sentences. 

3 SLCN PARSING AND SEMANTIC 
FEATURES 

Next, we discuss how syntactic and semantic fea- 
tures can be used to eliminate ungrammatical and se- 
mantically anomalous sentence hypotheses from the 
SLCN in figure 4. To correctly utilize features in con- 
straints, each role value must be assigned a single fea- 
ture value, not a set of values. If there is more than one 
feature value 
are duplicate cf 

ossible for a word! then the role values 
for each of them (Just as we create role 

values for each part of speech for each word, we also 
create role values for each feature for a word). If there 
are two feature types (sa number/person and case) 
to be used in constraints or a grammar, then the role r 
values will have to be duplicated and assigned feature 
values from the cross product of the features’ values. 
This could possibly lead to a combinatorial explosion 
of role values. Fortunately, there is an excellent strat- 

egy for keeping the number of role values down. The 
basic idea IS to store the sets of feature values with a 
single role value and then to initially propagate only 
constraints without feature tests, eliminating many of 
the ungrammatical role values. When constraints that 
test a particular feature are oing to be applied to the 
SLCN, a role value with mu tlple feature values is du- k. 
plicated and assigned a single feature value. The cor- 
respondin feature constraints should eliminate many 
of the dup icated role values. The process of selectin 4 
a feature and duplicating role values continues until al 4 
feature constraints have been propagated. 

Figlse 4. SLCN forthe semanticsexample. 

This analysis strategy requires several stages of con- 
straint propagation. Consider how feature analysis can 
be used to reduce the ambiguit,y of the SLCN in fig- 
ure 4. First, all syntactic unary and binary constraints 
without feature tests are propagated, eliminating many 
of the role values before feature information is used. 
Below is a table showing the remaining role values: 

Position: Word: 
(1,2) ahow 

row 

(2,3) re 

he 

(3,4) all 

(4.5) the 

(5,6) flights 

(6.7) to 

with 

(7,9) Atlanta 

Role Values: 
CROOT-nil 

;; A Command verb 

CBOOT-nil 

;; A Command verb 

IOBJ-(1,P) 
.. Indirect Object for node (1,2) 

;;BJ-(1,2) 

.. Indirect Object 

&TlOD-(4,5) 

;; A Special DET 

DET-(5,6) 

;; Determiner for node (5,6) 

DOlOBJ-(2,s) 

;; A DO in an S with an IOBJ 

UP-(5,6) 

.. PP modifying a lloun 

&P-(1,2) 

;; PP modifying a Verb 

IPP-(5.6) 

;; PP modifying a loun 

VPP-(1,2) 

;; PP modifying a Verb 

PPDBJ-(6,7) 

;; Object of a Preposition 

Next, case features can be used to reduce the ambi- 
guity in the network. Since me is objective case, he is 
subjective case, and both Atlanta and flights are com- 
mon case (i.e., they can go anywhere), each of these 
role values can be assigned a single case feature. If 
a constraint is 
with the label P 

ropagated which requires a role value 
OBJ to have either objective or com- 

mon case, then the single role value for the word he 
would be eliminated because of case incompatibility. 
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Subcategorization features can also be used to reduce 
the ambiguity in the network. Suppose that show and 
row can subcategorize for the objects indicated below: 

Position: Word: Role Values: Subcategorization: 
(1,2) show CROOT-nil Indirect A Direct Object 

show CROOT-nil Direct Object 

row CROOT-nil Direct Object 

We have developed constraints for an SLCN which use 
three roles to enforce verb subcate orization require- 
ments. These constraints eliminate t a e sin le role value 
for row and the direct object role value o f show, since 
neither accounts for the second object. 

Many impossible parses for the sentences in the word 
graph have been eliminated by syntactic constraints 
and two word candidates have been eliminated b syn- 
tactic feature tests. Semantic constraints can a so be T 
used to eliminate both word candidates and parses. Af- 
ter ropagating the syntactic feature constraints, node 
(f&77 h t as wo word candidates, each with two possible 
parses (the prepositional phrases can either attach to 
flights or to show). To further disambiguate this sen- 
tence, we assign semantic features to several key words. 

Position: Word: Role Values: Sem. Features: 
(1.2) show C-BOOT-nil demo-event 

(5.6) flights HEADIOUI-(3,4) move-event 

(6.7) to LPP-(5,6) toloc 

LPP-(5,s) to-time 

M'P-(5,s) to-pass 

VPP-(1,2) toloc 

VPP-(I,21 to-time 

V9P-(1,2) toposs 

with WP-(5,6) coagent 

WP-(5,6) sub-event 

IJ'P-(5,6) toposs 

VPP-(1.2) coagent 

V9P-(1,2) sub-event 

VPP-(1,2) toposs 

(7,9) Atlanta PP-OBJ-(6,7) location 

Semantic feature constraints can now be used to com- 
pletely disambiguate the word 
straint, uses the semantic type o P 

raph. The first con- 
the head word in the 

object of the preposition to restrict the semantic type 
of the preposition. 

;; A location that is an object of a preposition 

;; modifies a locative preposition. 

(if (and (equal (lab x) PPKIBJ) 

(equal (aodifiee x) (position y)) 

(equal (semantic-type x) location)) 

(member (semantic-type y) {toloc from-lot atloc))) 

After this constraint is propagated, the only remaining 
role values for the word to are the two with toloc as 
their semantic feature. Because the semantic type of 
each of the role values for with are incompatible with 
the semantic type of its object, it is eliminated as a 
word candidate. A final semantic constraint can now 
restrict the type of word to which a to_loc preposition 
can attach: 
" A toloc preposition modifies a q oveavent. 

;if (and (member (lab x) {IPP VPP)) 

(equal (mod x) (pas y)) 
(equal (semantic_type x1 toloc)) 

(equal (semantic-type y) move-event)) 

This constraint eliminates the role value V-PP-(1,2), 
giving a completely disambiguated word network. 

We have conducted a simple experiment to com- 
pare the effectiveness of syntactic and semantic con- 
straints for reducing the ambiguity of word networks 
constructed from sets of BBN s N-best sentence hy- 
potheses [5] from the ATIS database (Air Travel In- 
formation System . 
twenty sets of 10 k 

For this experiment, we selected 
-best sentence hypotheses for three 

different types of utterances: a command, a yes-no 
question, and a wh-question. The lists of the N-best 
sentences were converted to word gra 
duration of each node was determine B 

hs in which the 
by maintaining 

a syllable count through the utterance. We then de- 
termined for each eliminated word candidate whether 
a syntactic constraint or a semantic constraint was re- 
sponsible for the deletion. On the average, syntactic 
constraints eliminated 3.11 word candidates per SLCN. 
In contrast, semantic constraints were directly respon- 
sible for ehminatin 
Furthermore, the on y 4 

.66 word candidates per SLCN. 
constraints responsible for elim- 

inating word nodes were syntactic. However, semantic 
constraints are very effective at reducing the number of 
remaining parses following syntactic constraint propa- 
gation. 

Current spoken language recognition systems are 
not as accurate as humans,. in part, because they do 
not utilize the wide range of information that people do 
when understanding speech. SLCN parsing enables the 
incorporation of syntactic and semantic knowledge into 
the speech reco 
investigations a ong these lines will result in improved f 

nition process. We hope that further 

recognition accuracy. 
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