Linking FrameNet to the Suggested Upper M erged Ontology

Jan Scheffczyk,! Adam Pease,> Michael Ellsworth!

linternational Computer Science Institute
1947 Center St., Suite 600, Berkeley, CA, 94704
{jan,infinity} @icsi.berkeley.edu
2Articulate Software
420 College Ave., Angwin, CA 94508
apease@atrticulatesoftware.com

Abstract
Deductive reasoning with natural language requires coimdpilexical resources with the world knowledge provided by
ontologies. In this paper we describe the connection of ENeh— a lexicon for English — to the Suggested Upper Merged
Ontology (SUMO). We express general-domain links betweamiéNet Semantic Types (ST) and SUMO classes in SUO-
KIF, the language of SUMO. Based on these links, we have dpeel a semi-automatic, domain-specific approach for
linking FrameNet Frame Elements (FE) to SUMO classes thaased on typical fillers of an FE in a particular domain.
We thus provide restricted, ontology-based types on tleedithf FEs. Our work will enable several lines of experimtota
for semantic parsing and ontology lexicalization.

1. Introduction based on frame semantics, which encodes language

Deductive reasoning with natural language re-2S interrelated semantic Frames (types of predication)
quires combining semantically rich lexical resourcesWith Frame Element (FE) arguments. SUMO is a large
with world knowledge provided by ontologies and formal ontology coded in first order logic. A sec-
databases. Concrete applications include semantRndary goal is the improvement of both resources as
parsing and question answering. While great progresa result of comparing and linking them.

has been made in natural-language retrieval tasks, usUMO, WordNet, and FrameNet all have their inher-
ing natural language to support deep, automatic reasnt weaknesses and strengths: SUMO lacks lexical in-
soning has progressed more slowly. The lack oformation but formally defines concepts in the world.
large lexicons, large formal ontologies and linguis-WordNet lacks formal definitions of concepts but has
tic frames, and most importantly, interrelationshipsyery good lexical coverage. FrameNet has lower
among these products is a major obstacle. Ontologiggxical coverage than WordNet but has a uniquely
like the Suggested Upper Merged Ontol6g8UMO)  rich level of semantic detail, e.g., predicate-argument
(Niles and Pease, 2001) or Cyc (Lenat, 1995) can bstructure. Part of the semantics of FrameNet is de-
used for reasoning but do not have adequate linguisined in OWL DL (Scheffczyk et al., 2006), but lacks
tic components. Linguistic resources like WordNetthe axiomatization of SUMO.

(Fellbaum, 1998) or FrameNe(Ruppenhofer et l., In this paper, we report on the first steps toward our

2005) provide means for syntactic and semantic anal- )
ysis of natural language but are not intended for gengoals. We expressed the FrameNet Semantic Types

eral reasoning. Given the maturity of these resourceéSTS) and their relations in the first-order logic lan-
combining them should result in significant benefits toguage of SUO-KIF (Genesereth, 1991; Pease, 2004),
natural-language applications the language of SUMO. We linked STs to SUMO

. . . . classes, thus asserting SUMO axioms on STs for free.
The primary goal of this work is to improve language

. . ; Iaach ST is linked to equivalent SUMO classes without
understanding technology, e.g., semantic parsing an

ontology lexicalization. We proceed by combining restricting the links to any particular domain. Based

lexical frame semantics (Fillmore, 1976) (as providedOn these links, we have developed a semi-automatic

by FrameNet) and formal world knowledge (as pro_approach to link Fr_ameNet Frame Elemer_1ts_ (FE) to
vided by SUMO). FrameNet is a large lexical resourceS.UNIO classes, taking advantage of_pre-eX|st|ng map-
pings from WordNet to SUMO (Niles and Pease,

IFor more information and downloads see 2003). This allows us to develop domain-specific links
http://www.ontologyportal.org. from FEs to SUMO by examining annotated examples
2For more information and downloads see from a particular domain (e.g., Weapons of Mass De-

http://framenet.icsi.berkeley.edu. struction). We thus provide restricted, ontology-based



types on the fillers of FEs, which should help semantigeople, and application in expert reasoning and lin-
parsers both with word sense disambiguation of predguistics. The ontology has been subjected to formal
icators and identifying which pieces of a sentence fillverification with an automated theorem prover and
FEs. has been extended with a number of domain ontolo-
This paper proceeds as follows: We introducegies, also open-source, that together number some
FrameNetin Sect. 2. and SUMO in Sect. 3. We preser20,000 terms and 60,000 axioms. SUMO has also
our design decisions for linking FrameNet to SUMO been mapped to the WordNet lexicon of 100,000 noun,
in Sect. 4. Sect. 5. shows how we linked the FrameNeterb, adjective and adverb word senses (Niles and
STs to SUMO for the general domain. In Sect. 6.Pease, 2003), which not only acts as a check on
we illustrate our semi-automatic approach to linkingcoverage and completeness, but also provides a ba-
FrameNet FEs to SUMO in a domain-specific way. Insis for application to natural language understanding
Sect. 7. we show how SUMO and FrameNet themtasks. It covers areas of knowledge such as tempo-
selves have benefited from our work. Sect. 8. sketchesl and spatial representation, units and measures, pro-
directions for future research. cesses, events, actions, and obligations. Most impor-
tantly, SUMO employsules. These formal descrip-
tions make explicit the meaning of each of the terms in
FrameNet (Ruppenhofer et al., 2005) is a lexical rethe ontology, unlike a simple taxonomy, or controlled
source for English, based on Frame semantics (Fi”keyword list.

more, 1976). A semantic Frame (hereafter simplyThere are associated natural-language generation tem-
Frame) represents a set of concepts associated Willates and a multi-lingual lexicon that allows state-
an event or a state, ranging from simple (Arriving, ments in KIF and SUMO to be expressed in multiple
Placing) to complex (Revenge, Criminatocess). For natural languages. SUMO has an open-source ontol-
each Frame, a set of roles (or arguments), calledgy management system called Sigma (Pease, 2003),

Frame Elements (FEs), is defined, about 10 per Fram@yhich incorporates a version of the Vampire theorem
We say that a word can evoke a Frame, and its syntagrover (Riazanov and Voronkov, 2002).

tic dependents can fill the FE slots. Semantic relations
between Frames are captured in Frame relations, each4. Toward Linking FrameNet to SUMO
with corresponding FE-to-FE mappings. FrameNefFrameNet and SUMO are both relatively mature re-
currently contains more than 780 Frames, coveringources, but their strengths must be combined in order
roughly 10,000 Lexical Units (LUs) = word senses; to reach their full potential for natural-language pro-
these are supported by more than 135,000 FrameNetessing (NLP). In particular, NLP applications using
annotated example sentences used as training data ferameNet require knowledge about the possible fillers
Frame and FE recognizing systems (Litkowski, 2004 for FEs. For example, a semantic Frame parser needs
Erk and Pado, 2006). to know whether a certain piece of text (or anamed en-
Fig. 1 shows a portion of the Attack Frame, whichtity) might be a proper filler for an FE — so it will check
inherits from the more general Frame Intention- whether thdiller typeof the FE is compatible with the
ally_affect (which in turn inherits from the Frame type of the named entity. Therefore, we want to pro-
Transitiveaction). In addition, Attack hasasingre-  vide Semantic Types (ST) as constraints on fillers of
lation to the Frame Hostilencounter. The FEs of the FEs.
Attack Frame are mapped to the corresponding FEs iframeNet has defined about 40 STs that are ordered
the related Frames. For example, the FE Assailant iy a type hierarchy. For example, the Assailant FE
the Attack Frame is mapped to the FE Agent in thein the Attack Frame has the ST Sentient. FrameNet
Intentionally act Frame. STs are similar to classes in SUMO, but ineaico-
raphicproject like FrameNet, STs play only a minor
3. The Suggested Upper Merged Ontology ?oler.) CoF;anared to SUMO classes gTs?/are)r/nuch shal-
SUMO (Niles and Pease, 2001) is an open sourcqgyer, have fewer relations between them (only have
formal ontology of about 1000 terms and 4000 deﬁ‘subtyping), and lack axiomatization. Thus, STs only
nitional statements. It is provided in first-order logic provide a shallow taxonomy.
(SUO-KIF), and also translated into DAML. It is now Therefore, we want to use SUMO classes as STs,

in its 75th version, having undergone five years of Ole’[hereby realizing a number of advantages almost for
velopment, review by a community of hundreds offge-

2. TheFrameNet Lexicon

3For further information on FrameNet see e Al applications can use the knowledge provided
http://Framenet.icsi.berkeley.edu. by SUMO.
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Figure 1: Abridged example Frame Attack and some connectatés.

e We can provide different STs suitable for partic- 1. We express STs in SUO-KIF, along with their
ular applications by bindings to SUMO domain hierarchy from FrameNet and also additional
ontologies. axioms that are not formally expressible in

) ) FrameNet (Sect. 5.).
e From the SUMO axioms, parts of FrameNet gain

axiomatization. 2. We link STs to SUMO classes by hand, which
] . asserts SUMO axioms on STs. Moreover, we
e SUMO benefits from FrameNet, supplementing  gain an initial indication of how FEs that have

its ontological knowledge with a proper lexicon STs associated should be linked in a hierarchy-
and annotated example sentences. preserving way (Sect. 5.).

Compared to other lexicon-ontology bindings (Niles 3. We have developed a semi-automatic approach to
and Pease, 2003; Burns and Davis, 1999), our bind-  |ink FEs to SUMO classes. For an FEwe take

ings offer a range of advantages due to specific char-  into account howf was annotated in a particular
acteristics of FrameNet and SUMO: FrameNet, in domain, how the STs of were linked to SUMO,
contrast to WordNet, models semantic and syntac-  and how other FEs that are connectedft(and

tic valences and exemplifies them with many high- their STs) were linked to SUMO (Sect. 6.).
quality annotations. Frame semantics naturally pro- S
vides cross-linguistic abstraction and normalization of-or €ach ST we want to find high-level SUMO classes

paraphrases. We have chosen SUMO as the form#pat express its meaning across all domains. For FEs,
ontology to map to for a number of reasons. Unlikehowever, our links should express the most specific
Cyc and DOLCE (Gangemi and others, 2002), sumMomeaning possible for a particular domain, so that we
has been mapped to all of WordNet. SUMO is muchdet a very constrained meaning, which is most useful
larger than DOLCE. Unlike Cyc, all of SUMO and its for semantic parsing. Moreover, our links to SUMO
domain ontologies are open source. express the literal meaning of FE fillers. In natural
We express all bindings from FrameNet to SUMO inlanguage almost everything can be construed as some-
SUO-KIF, which permits the use of SUMO tools with- thing completely different.

out any intermediate steps. Also, we use SUO-KIF to . .

defineyaxioms and ad-h(?c classes if no exactly corre- 5. Linking Semantic Typesto SUMO
sponding class can be found in SUMO. In our experi-The lower part of Fig. 2 shows a portion of the
ence this occurs often because FrameNet is driven byrameNet ST hierarchythe design of which is based
lexicographic concerns rather than the knowledge enen by linguistic principles. We chose STs which
gineering concerns that drive ontologies. The SUMO-

WordNet mappings include only instance, equivalent, “The obvious cases involve metaphor and metonymy
and subsuming relations to SUMO classes (or theikLakoff and Johnson, 1980), but many other more subtle

complements). They do not support arbitrary SUo_cases.emst. For e_xample, almost everything is mterpketab.
. as a literal container — people, houses, planets, most arti-
KIF expressions.

. : L facts — since they are physically existent, three-dimevadio
In order to simplify the linking of FEs and to preserve gniities with an interior that can be filled.

the hierarchy of FEs, we have taken the following ap-  50ther STs — including Event and State — are linked
proach: straightforwardly to SUMO.
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Figure 2: Bindings of a portion of the FrameNet STs to SUMO

best cover our most general and common FE fillersexample, SUMO distinguishes between physical and
We did not intend to produce STs corresponding taabstract entities. Also, the level of detail is different

WordNet synsets or SUMO classes, but many of thévetween SUMO classes and STs.

STs we formed in fact do correspond naturally. TheWe have developed the bindings based on our defi-
most important STs that daot correspond to SUMO nitions of STs and the SUMO class documentation.
classes are Source, Path, and Goal. We use SourceTbis manual approach is feasible for our 40 STs.
mark FEs whose fillers relate processes to their orikinking FrameNet's thousands of FEs is, however, a
gins. Similarly, Goal relates to destination relationslarge project, which should be partly automatized (see
and Path to path relations. We distinguish betweersect. 6.).

Locativerelations and Locations; Locations are oftenin Fig. 2 thick arrows indicate subclass relationships
used as the range of Locativelations. Relations in between STs and SUMO classes. Our bindings pre-
the Source and Goal class have Point as their rangeerve the hierarchies of both SUMO and STs. The
Relations in the Path class have Line as their rangebindings are, however, of various kinds:

Point and Line donot mean geometric figures but _
locations (which may be construed as geometric fig- ® SOmMe STs have one corresponding SUMO class,
ures). such as Shape, Time, Animabeing, or Loca-

tion. In such cases, we make the ST a subclass of

The upper part of Fig. 2 includes part of the SUMO
class hierarchy, which is slightly different from the
ST hierarchy because it follows knowledge engineer-
ing principles rather than linguistic principles. For

its corresponding SUMO concept without further
axioms.

e Some STs, e.g., Sentient, correspond to the in-



tersection of multiple SUMO classes. A Sentientln FrameNet we distinguish countable entities (Phys-
being is something alive that is able to reason. Irical_object) from non-countable entities (Material).
SUMO a SentientAgent does not need to be aliveTherefore, for every Physicalbject, a Counting pro-
e.g., organizations are also SentientAgents. Scess has the capability to count the Physiaject

we define a mapping with multiple inheritance to and vice versa. Similarly, for every Material, a Mea-
SentientAgent and Animal. suring process has the capability to measure the Mate-

. rial and vice versa.
e Some STs, such as Line, have a broader mean-

ing than the corresponding SUMO classes. Line capability

is an arbitrary linear region, whereas Transitway “o:Physical object <« (Counting,

is used for transportation. Therefore, we make patient, 70)

Transitway a subclass of Line. capability

. . . ?m:Material & (Measuring,

e For some STs we find classes in SUMO with a patient, 7m)

broader meaning, but instances of them that cor-

respond nicely. For example, for the 8lhsses 6. Linking Frame Elementsto SUMO

Source, Path, and Goal, we only find relation |, this section we introduce and demonstrate our semi-
stancedike origin, path, and destination. There- 5 yomatic approach to linking FEs to SUMO classes.
fore, we make the relation origin an instance 0fgjncq the [inks from FEs to SUMO are highly domain-
Source, path an instance of Path, and deStIn""t'ogpecific we will end up with many different bindings.

an instance of Goal: Therefore, we want to automatize the linking process
origin :  Source as much as possible.
path : Path

6.1. A Semi-automatic Approach

Our approach finds candidate classes in SUMO (or
Particularly for those cases where we do not find corany of its domain ontologies) that a particular FE can
responding SUMO classes, we refine the semantics dfe linked to, respecting both hierarchy preservation
STs, i.e., we express in SUO-KIF what distinguishesand the use of the FE in a particular domain. The filler
them from their superclass in SUMO. Also, we definetype of an FE is represented as a SUMO class. For re-
relations between STs themselves; we give some etricting the possible SUMO superclasses, we use the
amples below. following automated procedure:

We define the semantics of the ST Source as follows:
If some relatior?’rel is an instance of Source afidel
holds between some procegsand some sourcesre

then we k20W that the origin of the proce3sis the 2. Look up all WordNet synsets of the headword
Point?src. of each filler.

?rel : Source A origin(7p, ?src) A
Trel(?p, 7sre) 7src:Point

destination : Goal

1. Determine all fillers of the FE from annotations
of a particular domain.

3. Determine SUMO classes associated with the
WordNet synsets from the SUMO-WordNet

We express the semantics of Goal and Path similarly: mappings.

rel:Goal A destination(p,7gl) A Our approach is similar to the WordNet detour to
?rel(?p, ?gl) 7gl:Point FrameNet (Burchardt et al., 2005). Finally, we man-
?rel :Path A path(?p, ?pth) A ually analyzefrequency(how often a SUMO class is
Trel(?p, Tpth) ?pth:Line evoked by the fillers) andoverage(how many fillers

The ST Manner describes the manner attribute of %3 rSl;'(\)AO%C I;isdizoa\irjés:i of which should be high

rocess. Therefore, given such an attribute for som . ) .
P g , _g\le subject these candidate classes to the following
process, the manner of the process must be defined: . . .
conditions in order to preserve the associations of FEs
?attr :Manner A I7me to STs and the hierarchy of FE mappings in FrameNet:

attribute(?attr, 7pr) = manner(?pr, 7m)

’For this we employ the minipar parser, which
5The second order formulel(?p, ?src) is expressed claims to have a 88% precision and 80% recall. See
asholds(?rel, ?p, ?src) in SUO-KIF. http://www.cs.umanitoba.ca/ lindek/minipar.htm.
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e If an FE has STs associated then the filler typedomain) British National Corpd8 with 27 annota-
should be a subcla&®f each of the classes the tions for the Assailant FE.

STs are linked to (see Fig. 3a).

Fillers for the Assailant FE in the example domain-

specific corpora, their headwords, and frequencies are

If in FrameNet an FEf is a subtype of another ghown below:

FE ¢, then the SUMO classes associated with  Filler Headword| Frequency
should be subclasses of the SUMO classes assoit it 3
ciated withe; i.e., f is more restricted than(see its its 3
Fig. 3b). Iraqi Iraqi 2
Iran Iran 2
e Ifin FrameNet an FE is a subtype of another FE (o 1orist terrorist 2
e, which has STs, linked to some SUMO classes the US US 2
cs then f should be linked to subclasses @f Iraq Iraq 1
(see Fig. 3c). Al-Qaida Al-Qaida | 1
If there are conflicts (at least) one of the follow- his forces force 1
. " ] . . by lraq Iraq 1
ing conditions must hold: (1) There is a metonymic US US 1
or metaphorical mapping from the typical fillers in Us 1
this particular domain to a subclass of the FE's ST. Chédian forces fo.rcé 1

(2) We have found an error in the FE annotations,
the ST-SUMO links, the association of an FE to an
ST, the FrameNet mappings between FEs, the SUMO-

Lookup of the SUMO classes associated with Word-
Net synsets of these headwords results in:
SUMO Class or Instance

Frequency

WordNet mapping, or WordNet itself.
For a particular domain, we suggest beginning by link-
ing those FEs that are most frequently annotated.

Nation

ViolentContest

6.2. Example

UnitedStates : Nation

GroupOfPeople

We exemplify our approach with the Assailant FE of SocialRole
the Attack Frame, comparing attestations in a special
domain with those in the general domain. For the do-
main of Weapons of Mass Destruction and terrorism

Human
Group

' FunctionQuantity

we examine sentences from the Nuclear Threat Ini- NormativeAttribute

tiative Country Profiled and a separate smaller cor- EthnicGroup
pus with 21 text annotations for the Assailant FE. MilitaryUnit
For the general domain, we examine the main COrpuUS Newton

of FrameNet examples, which come from the (open- TerroristOrganization

Some fuzziness results from the headword “terrorist”
8In this list, by “subclass” we mean the reflexive transi- \whose synset is mapped to SocialRole. For our ex-

tive closure of subclass relationships.

SubjectiveAssessmentAttribuf

9See http://www.nti.org/eesearch/profiles/.

I—‘NI\JNI\JNI\JNI\JN%-&-&-&

10see http://www.natcorp.ox.ac.uk/.



periments we added SUMO-WordNet bindings fromturn is linked to SentientAgent (see Sect. 6.1.). Strictly
synsets like terrorist to the SUMO class Human. Ad-speaking, this would imply that they are impossible
ditional fuzziness is introduced by words like “force” filler types. In our example domain, however, nations
with many synsets. and ethnic groups are construed as sentient agents via
Fig. 4 shows part of the SUMO class hierarchy for thea standard and commonly understood metonymy.
Assailant FE, which we generate from the table abové-or the general-domain annotations in FrameNet we
and the corresponding table for the general domainget different results than for our example domain.
Each SUMO class has two associated numbers, showuzziness increases as seen by the 44% coverage of
ing the percentage of fillers that are covered by thisbstract classes. Again, this is due to words like “sol-
class and its subclasses: The first number is for oudier” (evoking the class Soldier — a subclass of So-
example domain; the second number is for the generalialRole). 52% of the fillers are classified as SelfCon-
domain. For example, the class Agent (and its subnectedObiject, resulting from fillers like “man” (evok-
classes) cover 71% of all fillers of the Assailant FEing Human) and “tank” (evoking Device). The class

in our example domain and 52% of all fillers in the Nation is not evoked at all in the general domain.
general domaint! Finally, SentientAgent covers a greater proportion of
First, we discuss the results for our example doAillers than in the special domain (48% vs. 29%).

main. Good candidate classes are low-level classeBhe main differences follow straightforwardly from
with coverage equal to the coverage of their superthe nature of the corpora: In the special domain Na-
classes. Whenever we hypothesize a superclass S tdns are valid Assailants because they are the major
such a candidate class, we also take into account othactors in this domain, whereas Humans are unlikely
subclasses of S, which may or may not be approprifand vice versa for the general domain).

ate for the domain at hand. This results in a few re-Our semi-automatic approach points us to appropriate
stricted classes with high individual coverage. For ex{iller types, providing a constrained semantics of FEs
ample, Nation is a good candidate — it has the sami a particular domain. A lot of human judgment is
coverage as its superclasses GeopoliticalArea, Geaitill required, e.g., for

graphicArea, and LandArea. We discard these super-

classes because: (1) GeopoliticalArea also has sub- ® deciding whether the superclass of an evoked
classes like StateOrProvince and City, which are ob-  class should be considered,

served to be unlikely fillers of the Assailant FE in our
domain, (2) LandArea has subclasses including Shore-
Area, Field, or Campground and thus is an even worse
candidate. GovernmentOrganization is a mixed candi- o determining sources of error or abstracting from

e determining proper candidate classes thahate
evoked by the data (like MilitaryOrganization),

date — it has ill-fitting subclasses like PublicLibrary errors (like eliminating the class Abstract al-
and PublicSchool but also the fitting subclass Mili- though it covers 44% of the fillers in the general
taryOrganization. PoliticalOrganization is agood can-  gomain).

didate because it only has subclasses MilitaryForce

and TerroristOrganization. Agent covers all mapped 7. Lessons L earned

fillers. It has, however, many ill-fitting subclasses an ) .
) ’ ’ y 9 . d\Ne found that the hierarchies of SUMO and the
is, therefore, not preferred. In summary, our algorithm R

FrameNet STs are quite similar. Therefore, we can

proposes that we link the Assailant FE to the union "~
of the SUMO classes Nation, PoIiticalOrganization,COnflrm that the SUMO ontology relates well to nat

Government, MilitaryOrganization, and EthnicGroup: gﬁ:\ﬂlgrj\?\;:)?gil,ervr::;pivr:lg: already indicated by the

Nation U Government U In addition, our research has helped us to find a num-
. PoliticalOrganization U ber of issues both in FrameNet and SUMO and resolve
Assailant C o i cGroupU them, as shown below:
MilitaryOrganization Through our research we identified the following de-

ficiencies with the FrameNet STs:
Nation and EthnicGroup aretsubclasses of Sentien-
tAgent, which is, however, a necessary condition be- 12ye propose that metonymy be detected by the fact that
cause the Assailant FE has the ST Sentient, which ig metonymic filler always implies the existence of a specific
non-metonymic filler. For example, from a Nation filler,

HSince we do not find SUMO classes for all FE fillers, one can construe the actual SentientAgents who are the As-
no class has a coverage of 100%. sailants. This is, however, beyond the scope of this paper.
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Figure 4: Generated partial SUMO class hierarchy for theafast FE

e STs were described by natural language, which ~ SUMO lacks this formal axiom, which will now
was ambiguous. Now, we have a clear axiomati- be added.

zation of STs and improved formal definitions. . )
e The relationcapacity should not allow a Time-

e The STs Source, Path, and Goal were sub-  Point as an argument. TimePoint is a subclass

types of Location. We now have a clear dis- of TimePosition, which in turn is a subclass
tinction between Location and the newly intro- of TimeMeasure and then ConstantQuantity. A
duced supertype of Source, Path, and Goal, Loca-  point in time is, however, not a quantity.
tive_relation.

8. Conclusion and Outlook
e The ST Aktionsarten was included despite de-

scribing meta information. So we removed theOur goal was to link FrameNet to SUMO to set the
ST Aktionsarten from FrameNet after discover-9round work for further experimentation in language
ing that all of its subtypes (including Event and Understanding technology, e.g., semantic parsing and
State) were better put elsewhere. ontology lexicalization. A particularly important sub-
goal is to constrain the filler types of FEs for specific
We also identified some issues in SUMO version 7%omains. This work relied on our manual linking of
(April 2006): STs to SUMO classes for the general domain. We
used SUO-KIF to express these links, which allows
nitiveAgent and a Formula. Formula is, how- us to express complex, axiom-based, formal int_errela—
ever, tharepresentatiorof knowledge and not the tlons and gives us a homogepeous representathn fea-
knowledge itself. So we will changenows and turing goo_d tool support. Using the ST-SUMO links _
similar relations to take a Proposition as range,tO constram the process, we have developed a semi-
which is an arbitrary bit of knowledge. e_lutomatlc approach that sgggests SUMO classes as
filler types for FEs. Suggestions are based on (1) typi-
e The class CorpuscularObject should have an axeal fillers of FEs, (2) FE-to-FE relations in FrameNet,

iom stating that its instances are countable thingsand (3) STs associated with FEs. We thus provide

e Some SUMO relations likénows relate a Cog-



restricted, ontology-based types on the fillers of FESA. Pease. 2003. The sigma ontology devel-
which we anticipate will help semantic parsers. opment environment. Inworking notes of
We plan to continue to link FEs to SUMO and re- the I1JCAI-2003 Workshop on Ontologies and
fine our semi-automatic approach by including addi- Distributed System Acapulco, Mexico. URL
tional heuristics. We also envision further integration http://sigmakee.sourceforge.net.
of WordNet, FrameNet, and SUMO in order to fosterA. Pease, 2004.SUO-KIF Reference Manualsee
reasoning over natural language resources. http://www.ontologyportal.com.
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