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Abstract

The following informal note discusses short (4 sertence) paragraph of text (about parachutes),
its represeration, and the relationship betweenthat represeration and the semarnic graphs
derived from automatic natural languageprocessing(NLP) of the sertences. We discusswhat
common-sens&nowledgeis missing (assumed)in the text, what a target represeration of the
paragraph might look like, and the sizeand nature of the gap betweenthe target and the raw
semairtic graphswhich NLP provides. This is donewith aview to migrating from hand-crafting
of represenations towards automatic/assisted knowledge acquisition from natural/con trolled
languagedocumerts.

1 Intro duction

The following informal note discusses short (4 sertence) paragraph of text (about parachutes), its
represermation, and the relationship betweenthat represenation and the semariic graphsderived
from automatic natural languageprocessing(NLP) of the sertences. We discusswhat common-
senseknowledge is missing (assumed)in the text, what a target represertation of the paragraph
might look like, and the sizeand nature of the gap betweenthe target and the raw semaric graphs
which NLP provides. This is donewith a view to migrating from hand-crafting of represenations
towards automatic/assisted knowledge acquisition from natural/controlled languagedocumerts.

We start with the premisethat to sensiblyapply the knowledgein a paragraph, a systemshould
at least have a coheren model (\p-mo del”) of what the paragraph is saying. In a perfect world,
this model could be automatically built by piecing together, jig-saw style, the (NLP-generated)
semartic graphs for the paragraph's seriences+ for relevant background knowledge (eg. from
dictionary de nitions). Someissueswhich arise then are:

What might a coherert p-model look like?
How easily do NLP-generated semariic graphs t into this?
What additional ‘common-senseknowledgeis in the p-model but not explicitly stated?

The sampleparagraphis takenfrom a children's book about aviation. Two versionsof the semartic
graphs were generated,from two di erent NLP systems(EGSC and NLPWIN).



2 The Paragraph

The paragraph of interest is about parachutes, and is shovn below:

\P arachutes slow down a person falling through the air. This
means that he or she can land safely when bailing (jumping) out
of a plane. When open, a parachute creates lots of drag as air
pushes against its underside. This slows its fall."

Although apparertly simple, there is a large amount of unspoken, badkground knowledgerequired
to understand this paragraph, and to determine the unstated contexts in which the assertionsare
true. (This is the caseeven assumingthe sertencesare correctly parsed, word sensescorrectly
chosen,and anaphoraresoled correctly). Taken literally, and without any constraint on context,

a machine may draw many incorrect conclusionsfrom the paragraph, for example:

1. \P arachutes slow down a person falling through the air."
There is no needto be wearing the parachute.
There is no needto open the paradcute.

There is a single personin the world who can safelyjump (with or without a parachute).

The fact parachutes exist will save him/her.

Slowing eventually results in stopping. Thusthe personwill eventually stop and hover

in mid-air.

A parachute will only slowv down someoneif it feelssoinclined (similar to \P eoplevote

in elections.”)

2. \This means that he or she can land safely when bailing (jumping)
plane."

A pilot canjump out of a plane parked on the ground and land safely

out of a

Without a paradchute, the personwill do something elsesafely instead, eg. sing safely
(this conclusion follows from mistakenly identifying the import of \landing safely” to
be\landing safely", rather than (correctly) \landing safely").

Other unstated knowledge: To understand the relationship of this to the rst sertence,
seeral additional piecesof knowledge are required:

{ Jumping (here, out of a plane) results in falling.

{ Falling is followed by a landing.

{ If an object is being slowed, its speedwill be reduced.

{ Landing involves colliding with the ground, and fast collisions are dangerous.

3. \When open, a parachute creates lots of drag as air pushes against its under-
side."

There will be lots of drag on an open parachute lying on the ground.

The parachute doesn't have to be attached to anything (ie. doesn't needto have a
particular shape). It could be just open and thrown out of the plane.

The underside is owned by the parachute (incorrect interpretation of the possessig
relationship in \its underside”).

Other unstated knowledge:



{ The drag is on the parachute (unstated).

4. \This slows its fall."

Unstated knowledge:
{ It wasunstated that the parachute wasfalling, only the person. Needthe implica-
tion that if X is connectedto Y, and X is falling, then Y is falling also.
{ It was unstated that if the parachute slows, then so will the person. Need the
implication that if X is connectedto Y, and X slows, then Y slows also.

3 The Paragraph Mo del (p-mo del), and its Comp onents

Figure 1 shows (in an informal, graphical notation) a possiblerepresetation for the scenariothe
paragraph describes. The represetation is hand-built and is fairly minimal, intended to be the
smallest model which still covers the intended cortent of the paragraph. The graph depicts only
ground assertions,not the rules which would derive theseassertions,and thusis only a semi-formal
and incomplete way of depicting cortent. The graphical dashedboxesdenote situations, and their
contents denote situation-speci ¢ (uent) assertions. For example,

2. Falling-Situation

-
|
denotesthe ground assertion
agent(Falling01,Person0 1,Falli ng-Sitat uationO 1)

ie. Person01 is the agert of Falling01l in Falling-Situation01 . (Falling01 , Person0l,
and Falling-Sitatuation01 are Skolem instancesdenoting the individuals being talked about).
Nodeswith the samename are coreferertial.

Figures 2, 3, 4, and 5 highlight fragmerts of the p-model corresponding to the four sertencesin
the paragraph. Thesediagrams clearly show that the sertencesexplicitly state only a small part
of the scenariowhich they wereintended to convey, and that their correct interpretation depends
heavily on identifying the correct cortext in which to place them.

Figures 6, 7, 8, and 9 shaw the sameframents, and comparethem with the semariic graphs
obtained by direct NLP of the sentences(and beforeintersertence pronoun resolution).
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Figure 1: A possible p-model represerting the parachute scenario described in the paragraph.
(Dashed boxes denote situations, ie. their contained relations are uents).



"Parachutes slow down a person
falling through the air"
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Figure 2: Subgraph of the p-model corresponding to sertence 1.



"...after jumping out of a plane”
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I
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"This means that he or she can land safely..."

Figure 3: Subgraph of the p-model corresponding to sernence 2.
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"When open, it creates drag as air pushes
against its underside.”

Figure 4: Subgraph of the p-model corresponding to sertence 3.
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Figure 5: Subgraph of the p-model corresponding to sertence 4.



"Parachutes slow down a person falling through the air"
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Figure 6: NLP-generated semariic graphs corresponding to sertence 1.



"This means that he or she can land safely after jumping out of a plane."
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Figure 7: NLP-generated semariic graphs corresponding to sertence 2.
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"When open, it creates drag as air pushes against its underside."
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Figure 8: NLP-generated semariic graphs corresponding to sertence 3.
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"This slows its fall."
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Figure 9: NLP-generated semariic graphs corresponding to sertence 4.
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4 Discussion

We are interested in what a coheren represettation of the parachute paragraph might look like
(from which inference could then be performed), and its relationship to the semaric graphs
derived from NLP of that paragraph { ultimately with a view to migrating from hand-crafted rep-
reserations towards automatic/assisted knowledge acquisition from natural/controlled language
texts. Sewral interesting points of re ection can be drawn.

As is well known, knowledge in surfacetext is highly incomplete. This fact is re ected in
the precedingdiagrams where the NLP-generated semartic graphs cover only a part of the com-
plete represemnation. To explore this further, we distinguish and then discussthree causesof
incompleteness:

Linguistic ambiguit y: Inherent ambiguity in translating from the textual form to the semaric
(conceptual/logical) form, eg. in word sensedetermination, anaphora resolution, preposi-
tional phraseattachmernt, other parsing ambiguities, etc.

Missing background knowledge: Knowledgewhich is simply missing, both about the domain
(eg. peoplecan wear parachutes) and generalcommon-sensé&nowledge(eg. jumping results
in falling). The paragraph author assumedhe readerwill bring this knowledgeto bearwhen
reading the paragraph, to create a coherern interpretation.

Missing contextual knowledge: The paragraph sertencesare only true in an implicit context
{ that is, they cannot be taken literally (as Section2 makesclear). Rather, a coherert under-
standing also requiresidentifying the implicit contexts intended, and placing the assertions
within them, thus (correctly) limiting their applicability to just those conexts.

Linguistic  Am biguit y

Although creating semaric represenations using NLP is in generalan extremely hard task,
both EGSC and NLPWIN fared well at least with these four sertences (though both struggled
a bit with the third senence, seeFigure 8). Although neither perform intersertence anaphora
resolution, it is also plausible that this task is surmountable with appropriate techniques. The
Figures in this documert suggestthat the semaric graphscan t together to produce part of a
coheren paragraph represertation.

Missing Background Kno wledge

Section 2 listed someof the missing badkground knowledgerequired for a minimal understand-
ing of the paragraph; in addition, substartially more would be neededto answer questionsabout
the text. For example,the p-model in Figure 1 incorporates knowledge such as:

jumping meansto spring into the air,

falling is to descendby gravity, and descendinvolves movemert downwards,
landing results in coming to rest at a location,

slowing meansto reduce speed,

air is a gas,

ground is solid,

parachutes can be worn by people,
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two connectedthings will move at the samespeed,
etc.

Although none of these facts are stated in the text, it is possiblethat someor even much of
this knowledge could be extracted, at least in someform, from processeddictionary de nitions.
Howewer to do this, the sameambiguity and contextual issuesabove arise recursively, and de ni-
tions written from mismatching viewpoints posean additioanl challenge. For example, \falling"
can be viewed as either a state (as in this example) or an action, depending on the temporal reso-
lution which the task at hand requires. Somemedanism for identifying and merging (or keeping
distinct) de nitions written from di erent viewpoints would be required.

Missing Contextual Kno wledge

Finally, semaric graphs from both the explicit text plus badkground knowledge needto be
placed in the correct cortext { sertencescan rarely be taken literally, and will causehavoc for
inferencing if their context of applicability is not constrained. Guidance for placing graphs in
context might be provided by using scripts/schemata to specify valid p-model \skeletons", and
then instantiating them with the NLP-generated semariic graphs. For example, the parachute
p-model (Figure 1) can be viewed as instantiating a more generalschema about recovering from
danger, in which there is rst somepotentially dangeroussituation, then somecorrective action
is taken resulting in a safesituation:

| Situation with | then [Corrective|result | Situation with | | Safe |
| potentially dangerous—=|5ction by X =1 Potentially safe  — = —= resolution |
| outcome for X | | outcome | L |

In the parachute scenario,the dangeroussituation correspondsto some(unstated) problem during
ying, the corrective action corresponds to jumping and opening the parachute, and the safe
situation correspondsto the safelanding.

5 Summary

Givena paragraph, canthe semartic graphsfor eat seriencebe pluggedtogether (jig-saw style) to
create a coherert represenation of it, from which reasoning/question-ansvering can then follow?
In this exercise,the answer seemsto be a qualied \sort of'. On the one hand, the semariic
graphs were (at least here) reasonably accurate, and do t into a larger structure (assuming
intersertence anaphora resolution can be made reasonably accurate). On the other hand, the
surfacetext leavesa lot unsaid; someof the \missing jigsaw pieces" might be pulled from other
sources,eg. processedlictionary de nitions or hand-crafted; more challenging is determining the
implicit and changing cortext/assumptions behind the text, which needsto be usedto restrict
the validity of the semartic graphs, otherwise an inferenceenginewill produce garbage.

This exercisewas e ectively a brief excursion into looking at the full natural-language un-
derstanding task. Fortunately, there are also simpler variants of this with which some of these
issuescan be attacked, for example: working with a cortrolled (restricted) language;making the
assumptions,the underlying context, and shifts in context explicit in the text; and perhapshand-
coding represertations for a small number of \foundational® common-senseconceptson which
target paragraphsdepend. All thesewould be interesting to explore.

14



