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870 Spoken Language Understanding

by pointing to his photo on a display. All thege references lead. to sem‘antic objec.ts that.ar-e
apparently distinct yet should be associated vylth th_e same physxca] entity. _Accor.dmgly, it is
often useful to segregate the conceptual manifestation and its reahznuons into different lay-
ers of abstraction so that the semantic objects can be better organized and managed. Type
abstraction allows the discourse sentence interpretation module to perform robust parsing,
since sentence fragments can be parsed into its semantic class type that can be filled into

slots with the same correspondent semantic type, as discussed in Section 17.4.1.
<!-- semantic class definition for ByRel that has type PER-
SON —-->
<class type="PERSON” name=”ByRel”>

<slot type="PERSON” name="person”/>
<slot type=”P_RELATION” name="p_relation”/>
<cfg>
<prod> [person] [p_relation] </prod>
<prod> [p_relation] of [person] </prod>
</cfg>
</class>
<!-- semantic class definition for ByName that has type PERSON too -->
<class type="PERSON” name="ByName">
<slot type=“FIRSTNAME” name="firstname”/>
<slot type=“LASTNAME” name="lastname”/>
<cfg>
<prod> [firstname] [lastname] </prod>
<prod> [firstname] </prod>
<prod> [lastname] </prod>
</cfg>
</class>
<!-- semantic class definition for FIRSTNAME and LASTNAME -->
<verbatim type="FIRSTNAME”
<cfg>
<prod> john | john's | peter .. </prod>
</cfg>
</verbatim >
<verbatim type=“FIRSTNAME"
<cfg>
<prod> smith | smith’s | shaw .. </prod>
</cfg>
</verbatim >
<!-- semantic class definition for P_RELATION -->
<verbatim type=”P_RELATION”
<cfg>
<prod> manager | father | mother | .. </prod>
</cfg>
</verbatim >

Figure 17.9 The semantic classes of type PERSON as implemented in Dr. Who.
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Finally, type abstraction provides a unified framework for resolving relative expres
sions in the discourse analysis module. Type matching often serves to impose sn-Onch g;_
s between real-world entities and relative expressions. The resolution of relative

traint X :
s discussed in Section 17.5.

expressions is
17.3.1.2.  Property Inheritance

[ntroducing inheritance into the semantic class hierarchy further augments the multilayer
abstraction mentioned above. Class 4 is said to inherit or be-derived from class B if class 4

ossesses all the attributes of class B. In this case, class 4 is called the derived class and
class B the base class. Inheritance is a mechanism to propagate knowledge and properties
through the structural relationships of semantic classes. It is crucial for many types of intel-
ligent behavior, such as deducing presumed facts from general knowledge and assuming
default values in lieu of explicit and specific facts.

Perhaps the strongest motivation to employ inheritance is to facilitate the multilayer
abstraction mentioned above. Very often, a base class is constructed with the general proper-
ties of a type of semantic objects, and a collection of more specific classes are derived from
the base class to support the various embodiments of the underlying type of the semantic
objects. For example, a semantic class hierarchy for the reference to a person can have the
methods (e.g., by name, job function) and the media (e.g., speech, handwriting) of reference
as the first layer of derived classes. One can then cross-match the viable means (e.g., by
name via speech, by name via handwriting) and develop the second layer of derived classes
for use in the real applications.

17.3.1.3.  Functionality Encapsulation

The goal of abstraction is to reduce the complexity in describing the world—in this case, the
semantic objects and their relations. One can inspect the quality of abstraction by examining
the extent to which the constructs, i.e., semantic classes, are self-contained, and how prolif-
erating they have to become in order to account for novel scenarios. Studies in data structure
and software engineering propose the notion of encapsulation, which suggest that individual
attributes have local rather than global impacts. This principle also serves as a guideline in
designing the semantic class.
Semantic class encapsulation can be elaborated in two aspects: syntactic and semantic.
The syntactic encapsulation refers to the constraint that each attribute in a semantic class can
only have relations to others from the same class. The collection for these relations is called
the Semantic grammar, which specifies how a semantic object of this type can be identified.
n Figure 17.9, the tag <CFG> specifies how the semantic class can be referred to syntacti-
aally via a context-free grammar (CFG). For the class ByRel, the specified syntax indicates
that expressions like Peter’s manager and manager of Peter are legal references to semantic
C!asg ByName. The semantic encapsulation, on the other hand, dictates the actions and the
Scourse context under which they may be taken by a semantic class. This is discussed fur-
ther in Section 17.5.
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872 Spoken Language Understanding

As described in 17.2.2, it is a nontrivial task to determine the types of speech acts. The
semantic frame is an abstraction of the speech acts, the domain know]edge, and sometimes
even the application logic. Once we have this rich semar_lt.ic representation, how to parse
spoken utterances into the semantic frames becomes the critical task. Nonetheless, the com-
bination of semantic frames and the semantic parser alleviates the need for a dedicated mod-
ule for determining speech acts.

Semantic frames and associated robust parsing (described in Section 17.4.1) have been
widely used in spoken language understanding. For detailed description of semantic classes

and frames, you can refer to [58, 65].

17.3.2. Conceptual Graphs

The semantic-representation requirement has led to development of a proposal to standard-
ize the logical form that may form the basis of the internal semantics and semantic inter-
change of natural language systems, including dialog processing, information retrieval, and
machine translation. The proposal is based on conceptual graphs derived from Charles
Sanders Peirce [38] and the various types of semantic networks used in artificial intelligence
‘research.

The conceptual graph (CG) proposal [53] specifies the syntax and semantics of con-
ceptual graphs as well as formats for graphical and character-based representation and ma-
chine-based exchange. In the terms of the proposed standard, a conceptual graph (CG) is an
abstract representation for logic with nodes called concepts and conceptual relations, linked
together by arcs. In the graphical representation of a CG, concepts are represented by rec-
tangles, and conceptual relations are represented by circles or ovals. The ordinary phrasing
for the association of relations (circles) to concepts (rectangles) is has a(n) for arrows point-
ing toward the circle and is a(n) for arrows pointing away.

Figure 17.11 illustrates a conceptual graph for the sentence Evic is flying to Boston by
airplane. The mnemonic meaning of the arrows is: Fly has an agent who is a person, Eric,
and a destination Boston. The proposal also specifies a linear form, as shown in Figure
17.10. In the form, concepts are in square brackets and conceptual relations are in parenthe-
ses. The hyphen means that relations of a given concept continue on subsequent lines, as
shown in Figure 17.11.

[Fly] -
(Agent) ->[Person: Eric]
(Dest)~->[City: Boston]
(Inst)->[Airplane]

Figure 17.10 A linear form representation of Fly has an agent who is a person, Eric, and a des-
tination Boston.
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City:
Boston

Airplane

Figure 17.11 CG display form for Eric is flying to Boston by airplane [53].

Each concept has a type and a (possibly empty) referent. An empty referent means that
at least one, unspecified example of the type is assumed to exist somewhere (an existential
quantifier). So, in Figure 17.10, the type is present, but the referent is left unspecified. In an
application, the referent can be completed by referring to a train-schedule database and in-
serting a particular instance of a scheduled train departure time, location, and number. The
valence of a relation is the number of required concepts that it links. For example, as shown
in Figure 17.12, the relation between would be a conceptual relation of valence 3, because
typically (something/somebody) is between one (something/somebody) and another (some-
thing/somebody), as in the familiar English idiom “somebody is between a rock and a hard
place” (meaning, to be in great difficulty). This corresponds to the linear form, as shown in
Figure 17.13.

Rock

Person | BETW

Place —¥»( ATIR Hard

Figure 17.12 CG display form for a person is between a rock and a hard place [53].

[Person]<- (Betw) -
<-1-[Rock]
<-2-[Place]->(Attr)->[Hard]

Figure 17.13 A linear form representation of A person is between a rock and a hard place.

174. SENTENCE INTERPRETATION

We follow the convention of most modern SLU systems—treating semantic parser as a two-
Step pattern recognition problem (speech recognition followed by sentence mtelpretatls(;ill)j
This convention has the advantage of modular design of SLU systems. Thus, the same
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874 Spoken Language Understanding

system can be used for text input. However, a unified semantic parser [50, 62] may achieve
better accuracy, because no hard decision needs to be made before picking the optimal se-

mantic representation. o
The heart and soul of the sentence interpretation module is how to convert (translate)

a user’s query (sentence) into the semantic representation. In other w_ords, one has to fill the
semantic slots with information derived from the content (words) in the sentence. In this
section we describe two popular approaches to accomplish this task. Although they can be
perceived as pattern matching methods, they differ in the matching mechanism.

17.4.1. Robust Parsing

Due to the nested nature of semantic classes, the semantic representation F in Eq. (17.1) can
itself be a tree of semantic objects. A user’s utterance may consist of disjoint fragments that
may make sense at the discourse level. For instance, in the context of setting up a meeting,
the utterance “Peter Duke at a quarter to two™ can be parsed into two semantic objects: a
person and the meeting time. Therefore, the sentence interpretation module must deal with
sentence fragments.

The analysis of spoken language is a more challenging task than the analysis of writ-
ten text. The major issues that come to play in parsing spontaneous speech are speech dis-
fluencies, the looser notion of grammaticality that is characteristic of spoken language, and
the lack of clearly marked sentence boundaries. The contamination of the input with errors
of a speech recognizer can further exacerbate these problems. Most natural language parsing
algorithms are designed to analyze grammatical input. These algorithms are designed to
detect ungrammatical input at the earliest possible opportunity and to reject any input that is
found to be ungrammatical in even the slightest way. This property, which requires the
parser to make a complete and absolute distinction between grammatical and ungrammatical
input, makes such formal parsers fragile for spontaneous speech, where completely gram-
matical input is the exception more than the rule. This is why a robust parser is needed.

In Chapter 11, context-free grammars (CFG) can be written to analyze the structure of
entire sentences. It is natural to extend CFG as a pattern matching vehicle. For example, a
question such as “Where would you like to go?” might be used to solicit a response from a
user, who might respond, “/ would like to fly to Boston.” The following grammar might be
used to parse the response:

S — NP VP

NP - N

VP — VCluster PP

VCluster — would like to Vv
V - go | fly

PP — prep NP

N — Boston | I

Prep — to
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The resulting phrase structure, characterizing the entire sentence, would be:

(s (NP [N I 1 1 (VP [VCluster would like to [V fly 1 1 [pp
(prep to ] [NP [N Boston]]ll}]

This structure in turn can provide the foundation for subsequent semantic analysis.
Thus, the grammar is adequfite for the example response and can be easily extended to cover
more city names by expanding the N — rule, i.e., by enlarging the lexicon. It has some defi-
ciencies, however. Some of the problems are purely formal or logical in nature, such as the
fact that “Boston would like to go to I can be equally parsed. These flaws can be addressed
with formal fixes (e.g., a more refined category system), but, in any case, they are not cru-
cial for the practical system designer, because pathological examples are rare in real life.
The deeper problem is how to deal with legitimate, natural variations.

The user might respond with any of the following:

To Boston

I'm going to Boston.

well, I want to start in New York and get to Boston by the
day after tomorrow.

I'm in a big hurry; I‘ve got a meeting in Boston.

0K, um, wait a second.. OK, I think I’ve gotta head for Bos-

ton.

The above sentences incorporate different kinds of variation for which a sentence cov-
erage grammar typically has trouble accounting. For this reason, dialog system designers
have gravitated to the idea of robust parsing. Robust parsing is the idea of extracting all and
only the usable chunks of simple meaning from an utterance, ignoring the rest or treating it
as noise or filler. Small grammars can be written that scan a word lattice (see Chapter 13) or
a word sequence for just those particular items in which they specialize. For example, a Des-
lination grammar, not intended to span an entire utterance, can skim each of the complex
utterances above and find the Destination in each case:

Destination — Preposition CityName
Preposition — to | for | in
CityName — Boston |

) The noise or filler elements might include nonspeech noise (cough, laugh, breath, hesi-
lation), elements of phatic communication (greetings, polite constructions), irrelevant ccl)m—
Mments, unnecessary detail, etc. As a user becomes accustomed to the limited y?t.pracfxcal
domain of a system’s operations, it is expected that variant phrasings would diminish, since
fhey take longer to utter and contribute very little, though disfluencies would always be an
Issue,
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I would like to fly to Boston

D © © O ©
NN\

Inglewood right today to Austin

Figure 17.14 Word graph for hypotheses [61].

The original word graph or lattice from the speech recognizer might consist of nodes,
representing points in time, and edges representing word hypotheses and acoustic scores for
a given span in the utterance. Figure 17.14 illustrates a sample of word graph for the exam-
ple “I would like to fly to Boston” with competing hypotheses. Using the Destination gram-
mar on the word graph in Figure 17.14 will skip the earlier parts of the possible sentence
hypotheses and identify the short fragment from node 6 to node 8 as a destination. If only
the Destination grammar were active, a new view of the word graph would result in Figure
17.15.

This example shows that potential and legitimate ambiguities can persist even with
flexible grammars of this type, but the key potential meanings have been identified. A robust
parser that is capable of handling the example needs to solve the following three problems:

o Chunking: appropriate segmentation of text into syntactically meaningful
units;
» Disambiguation: selecting the unique semantically and pragmatically correct

analysis from the potentially large number of syntactically legitimate ones re-
turned; and

® Undergeneration: dealing with cases of input outside the system’s lexical or
syntactic coverage.

Grammars developed for spontaneous speech should concentrate on describing the
structure of the meaningful clauses and sentences that are embedded in the spoken utterance.
The goal of the parser is to facilitate the extraction of these meaningful clauses from the
uterance, while disregarding the surrounding disfluencies. We use the semantic grammar in
the Dr. Who SLU engine [61] to illustrate how this works,
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N

Destination: Austin l

Figure 17.15 Word graph for hypotheses if only the Destination grammar is active [61].

As shown in Figure 17.9, a Dr. Who semantic class mostly contains a set of slots that
need to be filled with terminal words (verbatim) or with recursive nonterminal semantic
classes. Strictly speaking, this semantic class grammar can hardly be called a grammar,
since it is primarily used to define the conceptual relations among Dr. Who entities rather
than the language expressions that are used to refer to the entities. The syntactic expression
is specified by optional CFGs associated with each semantic class. In general, the syntactic
grammars need to deal with three kinds of variation in surface linguistic form:

1. Variation within a slot—When CFG is missing in the definition of semantic
classes, the grammar could allow flexible assembly of an expression. For ex-
ample, if the <cfg> tags in Figure 17.9 are omitted, any sequence that con-
tains a word of a P_RELATION typed class and a word of a PERSON typed
class can be an expression referring to a semantic object of ByRel such as
John’s father, father of John, or even John loves his father. Thus, CFGs are
often specified within the semantic slot to provide linguistic constraints with-
out over-generating.

2. Variation in the order of frame presentation—Many systems [64, 66] emplqy
an island-driven robust parsing strategy where the slots in the semantic
frames are filled by language fragments from parsing. Parsing of the slots 1s,
order independent. Thus utterances “Schedule a meeting with Lo_h_rl at 3 PM
and “Schedule a meeting at 3 PM with  John” can be processed without prob-
lems.

3. Disfluencies and irrelevancies—Disfluencies and irrelevancies are unavoid-
able for spoken language input. The system has to deal with real utterancels;
such as “I’d really like to know whether a meeting by 3 PM would be at a

possible for John.”
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To cope with these requirements, the robust parsing algi:)rithm‘[61] is t}"pically imple-
mented as an extension of the bottom-up chart-parsing algorithm discussed in Chapter 11.
There are a number of additional requirements for robust parsing:

e The requirement that a hypothesis and a partial parse have to cover adjacent
words in the input is relaxed here. This effectively skips the words and en-

ables the parser to omit unwanted words in input sentences.

e The combination of a hypothesis with a new partial parse taken from agenda
results in multiple new hypotheses. Those hypotheses may have different
critical position number. In other words, they are expecting different partial
parses. This effectively skips the symbols in a rule, so the parser can continue
its operation even if something expected by the grammar does not exist.

e The sequential order in which the partial parses are taken out from the agenda
is crucial here. A partial parse that has the minimum span and highest score
and that covers the word closest to the sentence start position (in that order)
has the highest priority.

In a robust parser, if there is already a parse g that has the same symbol and span as
the new parse A, we need to compare their scores so we only keep the better one. The parse
scoring can be the likelihood of the parse with respect to a heuristic CFG enhanced with a
mechanism of assigning probability for insertions and deletions. It can also be based on heu-
ristics when no training data is available. The typical heuristic values may include the num-
ber of words covered by a parse; the number of rule symbols skipped in the parse tree; the
number of nodes in the parse tree; the depth of the parse tree; and the lefimost position of
the word covered by the parse.

17.4.2.  Statistical Pattern Matching

The use of C¥Gs to capture the semantic meaning of an utterance can be augmented with
probabilistic CFGs or the unified language model described in Chapter 11. In the statistical
parser, the application developers first define semantic nonterminal and preterminal nodes.
A large number of sentences are then collected and annotated with these semantic nodes.
The statistical training methods are used to build the parser to extract semantic meaning
from an utterance.

For example, a statistical parsing algorithm [15, 26] takes one step further toward
automatic discovery of complex CFG rules. Instead of relying on hand-written CFG rules, it
builds a statistical parser based on the free-banked data where sentences are labeled with
parsing-tree structure. It identifies simple named classes like Date, Amount, Fund, or Per-
cent and only handles simple classes using the local context. Words that are not part of a
class are tagged as word, indicating that the word is passed on to the subsequent parser. The
subsequent statistical parser takes a classed sentence. It generates the most likely semantic
parse in a bottom-up leftmost derivation order. At each step in the derivation, the parsers use
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CART (se8 Chapter.4? RO B prob;}bilities i rilpitive parser actions such as assigning a
tag to 2 word or deciding when to begin a new constituent. A beam search is used to find the
parse With highest probability, The two-step parsing for the sentence “Please transfer one
jundred dollars from voyager fund to fidelity fund " is illustrated in Figure 17.16,

The hidden understanding model (HUM) [29, 30] is another statistical tern match.
ing techniques. Let W denote the sequence of words and S denote the meaning of the wtter-
ance. According to Bayes” rule, we have the following equation:

P(W|S)P(S)

P(S|W)= P(W)

(17.2)

The task of sentence interpretation can then be translated into finding the meaning represen-
ation § , such that

§ =argmax P(W | S)P(S) (17.3)
S

P(S) is the semantic language model that specifies the prior statistical distribution of
meaning expressions. The semantic language model is based on a tree-structured meaning
representation where concepts are represented as nodes in a semantic tree with subconcepts
represented as child nodes. Figure 17.17 illustrates such a tree-structured meaning represen-
tation for the sentence “United flight 203 from Dallas to Atlanta.” The Flight concept has
Airline, Flight_Ind, Flt_Num, Origin, and Destination subconcepts. Origin and Destination
subconcepts have terminal nodes Origin_Ind and City and Dest_Ind and City, respectively.
Each terminal node (like City) could be composed of a word or of a sequence of words.

Semantic language model P(S) is modeled as P(S, | S,_,, concept) , where concept is
the parent concept for S, and S,,. Based on this definition, the probability
P(Destination | Origin, Flight) is bigger than P(Origin | Destination, Flight) , since users
often omit the origin for a flight in an airline reservation system.

P(W|S) is called a lexical realization model, which is basically a word bigram
model augmented with the context of the parent concept:

P(W|$)= I1P0w 1 w,,,concept) (17.4)

Both the semantic language model and lexical realization model are estimated from a la-
beled corpus. Viterbi search is applied to find the best path of meaning representation §
dccording to Eq. (17.3).
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word word amount amount amount word fund fund word fund fund

please transfer one hundred dOUG’S f"0m voyager fund to ﬁdehty ﬁl’Td

(a) "
XFER \
SELL BUY
FUND-SELL FUND-BUY
null null d- amount null fund-sell null fund-buy
I | | I |
please transfer AMOUNT from FUND to FUND
(b)

Figure 17.16 An example class tree in IBM’s statistical class parser. (a) The sentence is classi-

fied into semantic classes. (b) The classed sentence is parsed into the semantic tree based on
CART [15].

FLIGHT [AIRLINE[United]
FLIGHT_IND[flight]
FLIGHT_NUM[203]
ORIGIN[ORIGIN_IND(from] CITY[DALLAS]]
DESTINATION[DEST_IND[to] CITY[Atlantal]]

Figure 17.17 A tree-structured meaning representation for United flight 203 from Dailas to At-
lanta in BBN's HUM system [29].
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17.5. DISCOURSE ANALYSIS

The sentence interpretatif)n module only attempts to inte
edge about the curr‘ent dialog status or d1§course. As wi
imes it is impossible o get the right interpretation without discourse knowledge. For
example, in the sentence “Show me the morning flight” one must have the knowledge what
the morning flight refers to in order to derive the real-world entitiy, even though the sen-
tence interpretation module comprehends perfectly what morning flight means.

Discourse information formed by dialog history is necessary not only for semantic in-
ference but also for inconsistency detection. Inconsistency detection is important in a dialog
system, since the dialog manggemem‘ module (described in Section 17.6) needs such infor-
mation to disambiguate the dialog flow when needed. For example, in an airline reservation
system, the returning date shoulq not proceed the departure date, which may be conveyed in
the previous dialog turns. The discourse analysis module needs to maintain a stack of dis-
course trees so that the semantic representation remains the same whether the information is
obtained through several dialog turns or a single one.

The goal of the discourse analysis module is to collapse the discourse tree by resolv-
ing the semantic objects into the domain entities. This process is also called semantic
evaluation. When the resolution is successful, the physical semantic object is officially
bound to the domain entities. The last process is often called semantic binding. Because an
entity can be identified by partial information (e.g., last name of a person), binding is neces-
sary for the system to grasp the whole attributes of the objects the dialog is concerned with.
Semantic binding is also critical for intelligent behaviors such as setting the discourse con-
text for reference resolution. The semantic evaluation and binding are the basics for driving
the dialog flow. The communication mechanism between discourse analysis and dialog
manager is typically event driven. Events that can be passed to the dialog manager are
evaluation succeeded, evaluation failed, invalid information, and value to be determined.
The discourse analysis module often needs to tap into the knowledge base with the semantic

object attributes and entity memory for semantic evaluation. The semantic evaluation usu-
ally proceeds from the leaves up toward the root of the discourse tree. The process ends
when the root node is converted, which indicates the dialog goal has been achieved. The
functions of Discourse analysis module are the following:

Ipret each sentence without knowl-
¢ mentioned in Section 17.2, some.-

* Converting the relative expressions (like tomorrow, next week, he, it, the
morning flight, etc.) in the semantic slots into real-world objects or concepts
(such as 1/5/2000, the week of 2/7/2000, John, John’s dog, etc.).

Automatic inference—Based on dialog history, the module may decide some
missing information for certain slots. For example, an airline reservation sys-
tem could infer the destination city for the origin of the return flight even
though it is not specified.

Inconsistency/ambiguity detection—Since the discourse analysis module can
perform automatic inference for some slots, it can perform consistency
checking when it is explicitly specified during the current dialog turn.
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