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Abstract

The role of context in natural language under-
standing (NLU) is generally accepted as being im-
portant to the task of ascertaining “correct mean-
ing.” This is particularly true during interpreta-
tion of otherwise ambiguous language constructs,
such as lexical ambiguity resolution, metaphor un-
derstanding, and indirect speech act interpreta-
tion. This paper presents a feedforward connec-
tionist model called sAIL2 which utilizes the con-
text obtained from the processing of previously
seen text to help resolve the ambiguity inherent
in indirect speech acts, specifically, in indirect re-
quests.

Introduction

The role of context in natural language under-
standing (NLU) is generally accepted as being im-
portant to the task of ascertaining “correct mean-
ing.” As Jarvella and Klein (1982) put it: “It
is not difficult to understand, and quite natu-
ral, that language in its ordinary use is depen-
dent on context.” This is particularly true during
interpretation of otherwise ambiguous language
constructs, such as lexical ambiguity resolution
(Small, Cottrell, and Tanenhaus, 1988), metaphor
understanding (Shinjo and Myers, 1987), and indi-
rect speech act interpretation (Gibbs, 1981). This
paper presents a feedforward connectionist model
called saiL2 which is based on the simple recur-
rent network (Elman, 1990) and the story gestalt
(St. John, 1992). SAIL2 utilizes the context ob-
tained from the processing of previously seen text
to help resolve the ambiguity inherent in indirect
speech acts, specifically, in indirect requests. The
context is used during the processing of the words
of individual sentences in order to develop their
“correct” pragmatic interpretation.

Consider the following two pieces of text:

(a) The survivors of the airplane crash gathered
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around the captain. He was taking inventory
of their goods. He asked a passenger, “Do you
have any matches?”

(b) The survivors of the airplane crash gathered
around the captain. He took out his cigarettes
but couldn’t find his lighter. He asked a pas-
senger, “Do you have any matches?”

In text (a), the question Do you have any matches?
is intended to be interpreted literally; the captain
wishes to know whether or not the passenger has
any matches. However, in text (b) the question is
intended as an indirect request for the passenger
to give the captain a match to light his cigarette.
Clearly, the context in which the question is put
forth determines (in part) the interpretation that
should be given the indirect request. This context
should be available during sentence processing to
help to derive the intended interpretation.

Feedforward connectionist models of NLU tradi-
tionally incorporate context into their understand-
ing process by use of the simple recurrent net-
work topology (Elman, 1990). However, this is not
done on a “global” level. Rather, the recurrent
relation is typically used at the “intra-sentence”
processing level when processing single sentences
or at the “inter-sentence” level when processing
multiple sentence texts. That is to say, in sin-
gle sentence processing, as the words of the sen-
tence are presented to the network sequentially,
the context represented by the sentence process-
ing to that point is introduced as part of the in-
put layer via a (simple) recurrent relation (Mi-
ikkulainen & Dyer, 1991; Schulenburg, 1992). In
systems which process multiple sentence texts, the
current context (the meaning of the text processed
so far), as captured by the unit activation of some
“Internal™ (hidden or output) layer of the network,
is introduced as part of the input along with the
meaning representation of the current sentence in
order to produce an updated context (St. John,
1992). These systems do not combine the differ-
ent contexts (those derived during intra-sentence
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Figure 1: The Story Gestalt Network Topology.!

and inter-sentence processing) to form part of the encoded propositions as sentence input.)
input during intra-sentence processing; i.e., the
intra-sentence processor does not benefit from the SAIL2

context produced during inter-sentence process-

ing.

St. John (1992) presents a connectionist model

the general network topology used by the story
gestalt model. The model uses a simple recurrent
network to encode the sentence propositions into
the story gestalt sequentially; as each new current
proposition (i.e., each new sentence) is presented,

the “hidden” story gestalt layer. A question (rep-
resented by the single predicate of a proposition)
1s presented along with the current story gestalt;
this is then fed through the intermediate extrac-

SAIL2 is a feedforward connectionist natural lan-
guage model which uses a simple recurrent net-
The Story Gestalt work topology to process sentences of a text se-
quentially, building a representation of the text
by use of the story gestalt. Figure 2 shows the

of text comprehension which processes proposi- network topology used by saiL2.?

tions (the “meaning” of individual sentences) at Input to SAIL2 is a set of English sentences com-
the inter-sentence processing level into a learned prising an integrated text. The words of each
representation (the story gestalt, capturing the sentence are processed sequentially by the intra-
“meaning” of the entire text). Figure 1 shows sentence processor. (See Schulenburg (1992) for

an explanation of the basic sentence processing
at the intra-sentence level used by SAIL2.) As
the processing for each sentence is completed, its
meaning representation is incorporated into the
story gestalt in the same manner as that used

it is combined with the previous story gestal, by St. John, with one exception; the represen-
fed thl‘OUgh the intermediate combination hidden tation of the question presented for t[aining the
layer, to produce the current story gestall. A gestalt is different. In saIL2, the question input
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“question/answering” regimen is utilized to train layer is an entire representation for a question in-

stead of the single predicate used by St. John; i.e.,
it is what an intra-sentence processor might out-
put as the representation for a question. E.g. a
question might be Who went to the store? which
tion hidden layer to form the complete proposition, could have the following case/role assignments:

which is an exact copy of some proposition previ-

by the predicate forming the question. The error
is computed and backpropagated through the net-
work all the way back to the current proposition
and previous story gestalt input layers. The model
has the ability to train the story gestalt as a “hid-
den” layer thus creating a representation for the
entire text. This is what I call the inter-sentence
processing level. (St. John’s story gestalt model
does not do intra-sentence processing; it uses pre-

ously presented to the model and is represented [(act go) (agent *?x) (to store)]

where *?* represents the unknown filler. The
answer given in the complete proposition output
layer (used to backpropagate the error), of course,
would include the unknown filler. This approach
does not limit the “questions” to one question for
each predicate type per text.

ZNote that the network topology implementing the
story gestalt as seen in Figure 1 is wholly contained
- within the network topology used by SAIL2 as inter-

'From St. John (1992). sentence processing.
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Figure 2: SAIL2 Network Topology.

During intra-sentence processing, the current
context of the entire input text as captured by
the story gestalt forms part of the input, along
with the words of the sentence and the current
sentence context. This is the main feature which
distinguishes SAIL2 from other connectionist NLU
models. (See the recurrent relation represented by
the dotted line going from the story gestalt to the
previous slory gestall forming part of the sentence
input layer in Figure 2.) This added input allows
the intra-sentence processor to use the context set
up by the previous text to help disambiguate any
potentially ambiguous (semantic) language con-
structs existing in the current sentence.

A series of simulations were run using SAIL2’s
network topology both with and without the story
gestalt context aiding the intra-sentence process-
ing to test the hypothesis that, with the context,
ambiguous language constructs (in this case, indi-
rect requests having both literal and indirect in-
terpretations) will be properly disambiguated and
that without the context, no disambiguation oc-
curs. The data used in these simulations are
three to four sentence texts (see the Appendix).
Each text sets up a context for the final sentence
(an indirect request) of the text which determines
whether that final sentence has a literal or an in-
direct interpretation. The data set was divided
into a training set and a testing set. Each text
was generated with a 0.9 probability of being in-
cluded in the training set; if a text was not in the
training set, it was in the testing set. For the sim-
ulations reported here, there were 1031 texts in
the training set and 121 texts in the testing set.
Each hidden layer of the network had 25 units; the
story gestalt had 15 units. The nput lezicon layer
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had 55 units; the current proposition layer had 86
units. There were 108 units in the question layer
and 103 units in the complete proposition layer.
Initial weights on the connections were randomly
generated in the interval (—0.3,0.3). Backpropa-
gation of the simple recurrent network was used
as the training algorithm.

The graph depicted in Figure 3 shows the overall
percentage of correct® units in the current propo-
sition output layer for the final sentences (the
indirect requests) in the testing set of texts for
two simulations, one simulation with the story
gestalt context aiding the intra-sentence process-
ing and one without. At first glance, it appears
that there is not much difference between the ac-
curacy shown by the two simulations; this con-
clusion, however, is misleading. After 600 train-
ing epochs (where the network incorporating the
story gestalt context begins to show signs of over-
training), there is an approximately two percent
difference between the accuracy for the two simu-
lations. For these simulations, two of the 86 units
in the proposition layer (or 2.3%) distinguish be-
tween the representations? for the direct and indi-
rect interpretations of the final (indirect request)
sentence of the text. Inspection of the activation of
the “ambiguous” units shows that they are correct
for the simulation incorporating the story gestalt
into intra-sentence processing and that they do not
reach their target values in the simulation without
the aid of the story gestalt. Thus, the difference

3Output units are “correct” if their activation is
within 0.1 of their target value.

“The representation used by SAIL2 for the current
proposition s localist implying that few of these units
are actually ambiguous.
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Figure 3: Percentage of Correct Units for Final Sentences in Text.

n accuracy can be attributed directly to the dif-
erence between the two simulations, namely, that
ne simulation incorporates the story gestalt con-
ext during intra-sentence processing and one does
1t. Also, the accuracy of the network topology
vithout the story gestalt context asymptotes ear-
ler and to a lower percentage; this is to be ex-
sected because that network topology cannot cor-
‘ectly compute the activation for the ambiguous
nits. Thus, the story gestalt context is necessary
luring intra-sentence processing to disambiguate
ndirect requests.

Related Work

This section briefly reviews two other connection-
st models which process multi-sentence texts. In
:he first, Miikkulainen and Dyer (1991) discuss
DISPAR, their system which processes script-based
stories into a slot-filler representation capturing
:he causal chain and role bindings of the story.
Processing stories in DISPAR is accomplished via
:wo “parsers,” a sentence parser (intra-sentence
srocessing) and a story parser (inter-sentence pro-
:essing), each of which is implemented as a sim-
ple recurrent network. These parsers act indepen-
lently; the output of the sentence parser is fed as
nput to the story parser. Unlike in SAIL2, there
s no story context given to the sentence parser.
Because of this lack, DISPAR would not be able
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to parse input which required context for pur-
poses of disambiguation. Furthermore, the rep-
resentation used by DISPAR limits its usefullness
to script-based stories. St. John (1992) presents
the STORY GESTALT, an idea which sAIL2 heavily
draws upon. Because the STORY GESTALT builds
its own representation of the text, it is not lim-
ited to the script-based stories of DISPAR. As pre-
sented, however, there are some differences be-
tween St. John’s work and that presented here.
In the STORY GESTALT, the sentences themselves
have been preprocessed. St. John rightfully ar-
gues that a preprocessor, such as the SENTENCE
GESTALT (St. John & McClelland, 1990) could be
added giving a topology similar to that of Miikku-
lainen and Dyer; however, the STORY GESTALT
would still suffer from the inability to process in-
dividual sentences requiring context for purposes
of disambiguation.

Future Work

SAIL2 is an ongoing experiment in connectionist
NLU. Specifically, SAIL2 is designed to explore the
importance of context during processing of am-
biguous language constructs such as indirect re-
quests. In the future, testing with SAIL2 will be ex-
panded to other types of ambiguity, such as lexical
ambiguity, metaphor, and other types of indirect
speech acts. The hypothesis is that SAIL2’s topol-



ogy incorporating context during intra-sentence
processing will prove necessary for successful am-
biguity resolution.

Conclusion

SAIL2 is a connectionist natural language under-
standing model which uses a simple recurrent net-
work topology to process sentences of a text se-
quentially. It builds a representation of the text
by use of the story gestalt. It incorporates the
story gestalt as part of the input during the pro-
cessing of the words of a sentence to help produce
the intended interpretation of indirect requests.
Experimental simulations show that without the
incorporation of the story gestalt (context) during
sentence processing, the network is unable to learn
to produce the intended interpretation of the indi-
rect requests; furthermore, the interpretation left
by the network in this case is ambiguous. Other
existing connectionist NLU systems which process
multiple-sentence text do not exploit the (story
gestalt) context in this way and therefore do not
have the ability to disambiguate potentially am-
biguous input.

Appendix

The testing and training texts were created us-
ing a text template, similar to the way used by
McClelland and Kawamoto (1986). Given slots of
the template were filled with various words yield-
ing specific texts. Two such templates are given
below; the first indicates a literal interpretation of
the question Do you have a(n) object? while the
second indicates the indirect interpretation. The
slots to be filled are indicated by the italicized
words. All punctuation was included as separate
input nodes to the intra-sentence processor.

o The survivors of the disaster gathered around
the leader. The leader inventoried the assets.
The leader asked the person, "Do you have
a(n) object?”

o The person went to class. The person needed
a(n) object2 for the event. The person did not
have a(n) object?2. The person asked the T/A,
”Do you have a(n) object2?”

Example fillers included:

o leader: captain doctor fire-fighter
o person: man woman boy girl
o object2: pencil book notebook

o event: exam quiz test experiment
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