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Abstract put. Where the general purpose parsers tend to pro-

Natural Language Understanding is an es-
sential module in any dialogue system.
To achieve satisfactory performance lev-
els, real time dialogue systems need the
understanding module to be fast, accurate,
and robust. Especially given the difficulty
of obtaining sufficient training data, build-
ing a system that satisfies all these require-
ments is a hard problem. In this paper, we
propose and compare a number of statisti-
cal learning based approaches to language
understanding for a dialogue system. All
the approaches result in systems that per-
form reasonably well despite being trained
with very little data.

Introduction and Related Work

vide case-frame structures, that include the standard
core case roles (Agent, Patient, Instrument, etc.), di-
alogue oriented domains tend to require additional
information about addressees, modality, speech acts,
etc. Where general-purpose resources such as Prop-
Bank and Framenet provide invaluable training data
for general case, it tends to be a problem to obtain
enough training data in a specific dialogue oriented
domain. We in this paper propose and compare
a number of approaches for building a statistically
trained domain specific parser/natural language un-
derstanding system (NLU) for a dialogue system.

Our NLU system is a part of Mission Rehearsal
Exercise (MRE) project (Swartout et al., 2001), a
large system that is being built to train experts, in
which a trainee interacts with a Virtual Human us-
ing voice input. The virtual human includes speech
recognition, language generation, and speech syn-
thesis modules as well as a dialogue reasoner that

With the availability of semantic resources likeinteracts with other components that model the task

FrameNet (Baker et al., 1998) and more recentl§tatus, trainee characteristics, and so on. The pur-
PropBank (Kingsbury et al., 2002) a number of0se of our NLU parser is to convert the sentence

statistically trained semantic parsers have been rélfings produced by the speech recognizer into inter-
ported in the recent past, including Gildea and Junal shallow semantic frames for the dialogue mod-

rafsky (2002), Pradhan et al. (2004), FleischmaHle. Our engine has to operate in real time, has to
and Hovy (2003). All these parsers use statisticdl€ €asily ported to new domains, and has to be ro-
training approaches with interesting combinations dfust against the somewhat unpredictable and noisy
features to obtain reasonable performances on gefitput of the speech recognizer.

eral purpose semantic-parsing tasks. However, de-These requirements are by no means trivial. The
spite their good general purpose capabilities, thesmisy output of the speech recognizer and the abil-
parsers do not cover specific domains well, espdéy to operate in real time means that our systems
cially when these domains involve somewhat uneannot use any of the available statistically trained

usual terminology and rather detailed semantic ousyntactic parsers (Charniak, 1997; Collins, 1997) to



obtain syntactic features for an input sentence. TH&2 Data
reasons for this are the two-fold problems with they training data is a parallel corpus &f7 sen-

state of art syntactic parsers: (1) their inability tGences with manually created semantic frames. Our
operate in real time; (2) their inability to parse th@egt set contains0 sentence-frame pairs, some of
noisy speech output correctly. This leaves us Witfypich include words that are not present in the lex-

only a sparse feature set of words/ngrams for & Sefion and/or have not been seen in the training data
tence to be used to train our parsers. This makes tQe 5re present in the lexicon.

problem much harder.
The rest of the paper is organized as follows: Se@.3 Classes

tion 2 describes the input representation, input da@ur very limited training data poses a prob_
and classes, Section 3 gives a detailed descriptionigln, To overcome this problem to some extent,
the different parSing methOdS, Section 4 describeﬁe group lexical items into an Onto|ogy of

the experimental set-up, Section 5 presents the igtasses; any entities that fall into any of these

dividual results as well as a Comparison of the difc|asses are substituted by the Corresponding
ferent methods, and Section 6 discusses some futiigss name in the training data. The classes are:

directions that we wish to pursue.

AddresseeNamdgenerally a person) : johnson

Location : assembly areparea| Celic| LZ . . .

In this section we discuss the format of the data thatSquad (organization) : first squadsecond squad
we use for the parser and the classes of entities ugedthird squad squad one . . .
in our domain.

3 Parsing Methods
2.1 Representation 3.1 Voting Model

The parser output representation is a (possWe use a simple_conditional probability model
ble nested) frame that consists of a set of (/ | W) for parsing. The model represents the
slot-value pairs; each pair we call a ‘frameProbability of producing slot-value pafr as an out-

element’ or ‘meaning element’. For conve-Put given that we have seen a particular word or
nience, we collapse the nested frame represefi=gramW as input. We use the collapsed frame
tation into a flat representation in which theform, thereby recording the nesting of meaning el-

attributes are composed in sequence, as showff’ents. We combine three such models in the sys-
tem: unigram-based, bigram-based, and trigram-

| Sentence:clear the landing zone sergeant based. LetC(f; | w;) be the number of times
meaning elemenf; is seen as output given that we
‘ have seen unigramy; anywhere in the input sen-

| Corresponding Frame

Nested form Collapsed form tence. Similarly, leC/(f; | w;_1w;) be the number

s of times f; is seen as output with bigram;_;w;
:addressee sgt | s.addressee sgt anywhere in the input an@'(f; | w;_sw;_1w;) be
:mood imperative. s.mood imperative the corresponding number with a trigram input.
sem [ _ a) Unigram Model:
:type action s.sem.type action
:event clear s.sem.event clear P | w;) = C(fi | wy)
‘patient LZ s.sem.patient LZ U SR C(f [ wy)
:time present s.sem.time present

1 b) Bigram Model:

The values are represented in a lexicon and C(fi | wj—1wj)

their superclasses in an ontology (see next section). P(fi | wj-1w;) = Y1 O(fr | wj—1wy)



c) Trigram Model: Level 1: The first filter is a heuristic based on
the observation that two meaning elements with the
__ CUi | wjowj1wj) - -
= — : : ~ same attribute almost never occur in the same frame.
2 k=1 Ok [ wj—2wj1w;) (Here, recording frame nesting in the tables pays
These models record the probability of corresporsff.) For each attribute from the candidates, this fil-
dence of a word/ngram and a meaning elemerier chooses only the meaning element with highest
Other than immediate ngram adjacency, the moaveight.
els record no long-distance dependencies betweenlLevel 2: The second filter is also a heuristic, based
words and no dependencies among meaning elen the observation that in this domain two meaning
ments. Despite this extreme simplicity, the modelglements with the same value seldom occur in the
perform surprisingly well. same frame. This filter further reduces the list of
Our two-stage procedure for generating a frameandidates by choosing only the meaning element
for a given input sentence is: first find candidatevith the highest weight for each value.
meaning elements for each word/ngram input, and Level 3: The third filter is a cutoff. It selects the
then select/filter from among all the candidates. top portion of the remaining candidates (based on a
Finding Candidates: Given a string of words, thigutoff value) to form the complete frame.
step finds a set of all the meaning elements that _
correspond with each word/ngram and hence may2 Maximum Entropy
be a part of the final frame. We first replace alllo explore other approaches to the problem than the
words/ngrams in the input sentence that belong #®mple voting based approach (Section 3.1), we cast
one of the three classes (Section 2.3) by their correur problem as a problem of ranking using a classi-
sponding class labels and store them. We then gefier.
erate a set of candidate meaning elements separatelyn this setting, each slot-value pair occuring in the
for each unigram, bigram, and trigram of the inputraining data is considered a class. The feature set
sentence, each with an associated conditional probensists of the unigrams, bigrams and trigrams in
ability, using theP(f | W) tables. the training data. The corresponding feature values
The set of candidates obtained after using eithé@re the product of the term frequencies (tf) and in-
of the above models will of course contain manyerse document frequency (idf)—tf*idf for each un-
duplicate meaning elements, as different words/rigram, bigram and trigram in the training data. The
grams may ‘vote’ for the same candidates. As disslassifier is trained on the entire training data. The
cussed in (Feng and Hovy, 2003), we simply add athsk of building a frame for a sentence then reduces
the probability scores a candidate meaning elemetst selecting the top-n classes preferred by an input
receives and assign this as the candidate’s weight:feature vector.
We first use the Maximum Entropy (Berger et

P(fi | wj—owj_1wj)

n n al., 1996; Ratnaparkhi, 1996) classification ap-
Wit(fi) = Y_P(fi|lw;)+ > P(fi|wj_1w;) proach. For conducting our experiments, we use the
j=1 j=2 MEGA (Daune Ill, 2004) Maximum Entropy clas-
n sification package.
+ Z P(fi | wj-2wj-1w;) Our procedure for generating the frame again is a
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two step process as in Section 3.1, differing mainly
Filtering: In this step we select the most probain the way the set of candidates is generated.
ble meaning elements from among the candidates toFinding Candidates: Given a string of words, we
obtain the final frame for an input sentence. obtain all unigrams, bigrams, and trigrams and their
We have found that a multi-level filtering schemecorresponding tf*idf feature values. We give this
for selecting the final frame is key for improving feature vector as input to MEGA, which as its output
accuracy and speed. This step-by-step procedypeoduces a ranked list of slot-value classes that this
uses carefully designed heuristics to reduce the delature vector may correspond to along with their
of candidates down to the final frame. corresponding weights.



Filtering: The filtering step then is the same as in

Section 3.1. P(f,wi,...,wy
Pfiw) = DU )

3.3 Support Vector Machines P(wy, ..., wn)

In Section 3.2 we showed how we cast our problem Th€ problem of estimating the joint probability
as a classification task. So we decided to use anothiak?1: -+ ) Of several words occurring together to
commonly used classifier, Support Vector Machindor™M @ string of textX has received a lot of attention
(Burges, 1998), to perform the same task. in r(_ecent years among resear_chers inthe |r_1format|on
For our experiments, we use the libsvm (Chan{;et”eval commumty. The main qhallenge is to take
and Lin, 2005) package. We use libsvm in multiclas!t© @ccount the interdependencies that exist among
classification mode which uses the “one-againsil® individual words while still making the compu-
one” approach (Chang and Lin, 2005) for multiclas&ation feaS|b_Ie. Several dlﬁerent _methods_ were sug-
classification. Also the libsvm option for “probabil- 9€Sted starting from the most trivial technique where
ity estimates” is set, so that it is trained to producé‘” words assumed to be distributed identically and

probability estimates for each class (which generatéddependently from each otherP(zy, ..., z,) =

a ranked list of classes), instead of just the class lali=1 £(i). Other approaches include Probabilistic

bel. The system uses a linear kernel with the co&@tent Semantic Indexing (PLSI) (Hoffman, 1999)
parameter C set t6.125. The classes and feature@"d Latent Dirichlet Allocation (LDA) (Blei et al.,
vectors are the same as for the Maximum Entrop:;oos), where the authors model text collections by
classifier (Section 3.2). a finite set ofk topics and the joint probability is

With the above parameter settings, our two Ste)5iewed as a mixture of the individual topic language

procedure for generating a frame is then exactly tH@odels.
same as in Section 3.2. Lavrenko (Lavrenko, 2004) offers a more general

approach where the word interdependencies are de-
3.4 Language Model fined by an unknown parameter vectdrand the

In Section 3.1 we showed how we estimate the proY0rds are taken as conditionally independent—they
ability of observing a particular slot-value pair given2'€ independent for a given instance of éheector.
that we have observed a set of terms (i.e., unigram/ith the help of the de Finetti’'s theorem, he showed
bigrams, and trigrams). We can approach this prolShat in this case the joint distribution can be repre-
lem also from the perspective of language modelSented as follows:

LetW = wq, ..., w, be the observed utterance, Jet n

be the set of all slot-value pairs, and Ietf|WW) be Plat, o wn) = /969 { i Pg(mi)}p(e)

the probability of using a particular slot-value pair _ _ _
f € F to interpret the utterancl’. In statistical ~ 1he variablel is the vector of hidden parameters,

language modeling (Ponte and Croft, 1997), wor is the set of all possible parameter settings. Each
occurrences are considered to be random events af i) iS the appropriate probability distribution for
their probability is given by some distributions  individual words. The quantity(¢) is a probability
which is called thdanguage model If we can es- Measure that tells us which parameter veétes a
timate the language model for the slot-value pair®iory more likely. The author gives several approx-
then we can construct our target interpretatioas Imations for that expression for differefit, (),

a set of the most likely slot-value pairs. Thus, our al2ndp(-). One of them is of particular interest to us.
gorithm has two steps: (1) order dllc F by their _leen a set of tralnlng string$, the joint distrib-
P(f|W) and (2) select the top portion of the order-Ution can be approximated as

ing to form the final frame-'. 1 m
We construct the conditional probabilify( f|1V) P(xy,...,an) = 5] > H 7s(@i) 1)
using the joint probability of observing the s€5i=1

slot-value pair f together with utterance wordswhere|S| is the size of the training set and(z;)
WA,y eery Wy s is the empirical probability distribution of words in



string s. It is estimated by the relative term fre-4 Experimental Setup

guency with an additional smoothing factor: i .
As mentioned before, we train all our systems on

() = )\W#(% s) b1 )\W)Zs #(z,s) a training set ofl77 sentence-frame pairs. All the
|| POME] parameters for the different methods are optimized

where#(z, s) is the number of times word ap- using cross validation on the training data. The sys-
pears in string;, |s| is the length of the string, and tems are then tested on an unseen test sl sén-

the constand\,, is the tunable parameter that can pdences. The sentences in the unseen test set are from
determined from the training data. the same domain, but do contain words not present

Equation 1 assumes that all wordscame from in the training set and in some cases not even present

the same vocabulary. We can show that in the cad&the lexicon .

of two different vocabularies, the joint distribution FOr the test sentences, the frames generated by
has the following form: each system are compared against the manually built

gold standard frames, and Precision, Recall and F-
1 m .
P(f, w1, .oy wy) = E Z or. (f) H . (w;) SCOres are calculated for each frame as follows:
=1

se{Fs,Ws
{7, Wi} _# of correct slot—value pairs by system

# of slot—value pairs by system

(2) Precision
Here s iterates over the set of training pairs that
maps an utterandd’; to its frame interpretatiot’.
¢r(f) is the empirical probability distribution of

__ F of correct slot—value pairs by system
Recall = # of slot—value pairs in gold—standard

slot-value pairs in frameé': F-sCore— 2 x Precision * Recall
4(f, F) S #(f, F) Precision + Recall
or(f) = Ao + A=) <=7 -
|F| >IF To compare the systems againt each other, for
Combining these estimations we get the followingach system we calculate an average Precision, Re-
expression foP(f|W): call, and F-score. Also to test the statistical signifi-
m cance of these scores, we conduct a one-tailed Stu-
P(f|W) = 2s gbﬂ(fn)lni:l mw, (wi) dent’s t test (Manning and Schtze, 1999) on the F-
25 [T mw, (wi) scores of these systems for the test cases. The

Note one problem with this approach: the wordsgesults are reported below.
in the utterance are assumed to be exchangeableFinally, since we are training on very limited data,
e.g., sentences “the area is secured” and “is the ari¢é&s important to see the effect that the size of train-
secured” will have the same probabilities, whiching data has on the performances of the different sys-
may potentially lead to questions interpreted atems. To access this, we train our systems}Icm‘
statements and vice versa. We deal with the prolbRe training data, then oglof the training data, then
lem by including local order dependenciesrif{w) on %, and finally on the full training data. We record
in the form of a trigram model: the average F-scores of the systems on the test data

in each case and then plot the learning curves for the
#(w_sw_jw, s)

ms(w) = A\ 2w 2w 1.9) different systems.
b At waww,s) 5 Results
Zs #(w—Qw—la S) o
H#(w_1w, s) S #(w_w, 5) Table1 shows the average Precision, Recall and F-

+ A3 + A\ scores of the different systems for the test sen-
#(w_178) Zs #(w_178) . V H b d V H M H E
(w, 5) S f(w, 5) tences: \oting based (Moting), aximum ntropy
— o+ N2 ’ based (ME), Support Vector Machine based (SVM),
5] s sl Language Model based with unigrams (LM1) and
where)", \; = 1. Herew_; andw_» are the words Language Model based with trigrams (LM2). The F-
immediately preceding in s. scores show that the LM2 system performs the best

+ X5



Method| Precison| Recall| F-score a noticeable though not a large difference in system
Voting | 0.82 0.78 0.80 performances. It is good news that we do not have

MFE 0.77 0.80 0.78 to amass a large amount of training data before we
SVM 0.79 0.72 0.75 can begin using the NLU.

LM1 0.80 0.84 0.82

LM?2 0.82 0.84 | 0.83 6 Conclusions and Future Work

Table 1: Performance of different systems on testhis work illustrates that one can achieve fair suc-
data. cess in building a statistical NLU engine for a re-
stricted domain using relatively little training data

Tramng 3|ze\ Voting ‘ ME ‘ SVM ‘ LM1 and surprisingly using a rather simple voting model.
g 0.6871 | 0.6483 | 0.6224 | 0.6936 | The consistently good results obtained from all the

7 0.7335 | 0.6885 | 0.6717 | 0.7403 |  systems on the task clearly indicate the feasibility of

i 0.7417 ] 0.7215 | 0.7249 | 0.7688 |  using using only word/ngram level features for pars-
Full 0.7855 | 0.7723 | 0.7399 | 0.8151 | ing, and shows that the good performance obtained

... IS not accidental. Using just word/ngram features
Table 2: Average F-scores of the systems on differ- | ds up the svstems but also enables the
ent sizes of training data. not only spee up y .

parser to deal with ill-formed English sentences.

This work also points to the advantages that the
though the system scores in general for all the systatistical paradigm gives us over the rule based par-
tems are very close. adigm. First, it gives us the ability to experiment

To test the statistical significance of these scorewith different learning methods. Second, it makes
we conduct a two-tailed paired Student's t test (Marthe NLU very robust. Agreed, that none of the
ning and Schtze, 1999) on the F-scores of these sysstems always produce)0% correct output, but
tems for the0 test cases. The test shows that thereone simply fail either when malformed input is pro-
is no statistically significant difference in their per-vided. In our domain, many instances of malformed
formances. NLU outputs are not catastrophic, since even partial

Finally, Table 3 shows the average F-scores of tHegames may fulfill some useful function in certain
different systems on the different amounts of traineircumstances. Finally, it makes the parser easily
ing datd. Figure 1 shows the corresponding learnportable. The merging of statistical learning meth-
ing curves. The F-scores and learning curves cleartyds and a lexicon/ontology has allowed us to port
show that even small chunks of training data makeur NLU to a new domain in a rather short time. In
under three months, the NLU was operational in a
completely new domain.

The tiny amount of training data has been aug-
mented by the inclusion of a lexicon and associ-
. ‘ ‘ : ated ontology of class labels. We are conducting
09 SRR experiments with out-of-lexicon words to determine
: whether the NLU can be extended to handle them if
not completely then at least gracefully.

e | | Also, we are planning to build a hybrid sys-
col ] tem that combines the outputs of the different ap-
] proaches/methods in a way so as to take best of each
02| ] approach.
] Analysis of the problem and our experience while

% o 05 ' building the NLU has taught us several lessons. The

. comparable results obtained by using the different

Figure 1: Learning curves for the different systemsmethods clearly indicate that getting any further per-

!F-score table fot. M2 would be provided with the final
submission.
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formance boost would either require a significantal Daune Ill. 2004. Notes on CG and LM-BFGS op-
increase in the amount of training data or a de- timization o_f_Iogistic regression. Notes available at
tailed analysis of the problem cases. Simply us- NtP//www.isi.edu"hdaume , August
ing new learning algorithms is unlikely to help ourbonghui Feng and Eduard Hovy. 2003. Semantics-
cause. Since building more training data is a slow oriented language understanding with automatic
and painful process, we have identified a number of 2daptability.  InProceedings of Natural Language
problem cases that we wish to deal with first. One Processing and Knowledge Engineering
major problem that has consistently hurt system pebaniel Gildea and Daniel Jurafsky. 2002. Automatic la-
formance is complex, multi-clause utterances. To Peling of semantic rolesComputational Linguistics,
take care of this problem, we are making efforts 28(3):245-288.
along with our colleagues in the speech community. Hoffman. 1999. Probabilistic latent semantic index-
to build a real-time speech utterance-chunker. This ing. In Proceedings on the 22nd annual international
utterance-chunker would try to use acoustic as well ACM SIGIR conferencgages 50-57.
as linguistic cues to break a multi-clause utterangeay| Kingsbury, Martha Palmer, and Mitch Marcus.
into smaller phrase-length chunks that the NLU can 2002. Adding semantic annotation to the penn tree-
deal with gracefully. We are eager to discover any Pank. InProceedings of HLT Conference
performance benefits. Victor Lavrenko. 2004.A Generative Theory of Rele-
Finally, this work leads us to believe that even vance Ph.D. thesis, University of Massachusetts at
though the problem of building a good Natural Lan- Amherst.

guage Understanding system is far from solved ye&!hristopher D. Manning and Hinrich Schtze. 1999.

one can obtain reasonable results, despite relatively Foundations of Statistical Natural Language Process-
little training data, with a variety of statistically ing. The MIT Press, Cambridge, MA.

trained approaches. Jay M. Ponte and W. Bruce Croft. 1997. Text segmen-

tation by topic. InProceedings of the First European
Conference on Research and Advanced Technology for
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