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ABSTRACT

The ASKNet system builds large scale semantic network s from natural language
documents. State-of-the-artlanguage processingtools, includin g parsersand se-
mantic analysers,are used to turn input sentences into fragments of semantic net-
work . Thesenetwor k fragments are combined using spreading activation-based
algorithms whic h utilis e both lexical and semantic information. The emphasis
of the system is on integrating informatio n from multipl e sourcesinto a single
X Q L Ads@hrce.

ASKNet has been shown to be extensible and able to produce large networks
ef A F L it QTWeQresulting networks have been shown to be of high quality by
manual inspection, and have beenused in real worl d tasks, producing results on
par with the best purpose-buil t systems.

What 1s ASKNet

The ASKNet (Automated Semantic Knowledge Network)[5] system automatically extracts
knowledge from natural language text and, using a combination of Natural Language Processing

(NL P) tools and spreading activatio n theory, builds a semantic network to represert that knowl-
edge.
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ASKNet uses the Clark & Curran Parser [3] and the semantic analysis tool Boxer [2] in order to
extract relations directly from the text, and therefore, unlike typical resources of its kind, ASKNet
doesnot limit the set of possible relations it can extract.

Once the information has been extracted from the text, and converted into a semantic networ k
fragment, that fragment is then integrated into the system’s general knowledge network using a
process known asthe update agorithm. This allow s the resulting networ k to contain informatio n
not obtainable from analysing the documents individuall .

In manual evaluations on newspaper data, this processwas found to produce aprecision mea
surement of nearly 80%][6].
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Info rmatio n Integration

One of the most importan t features of ASKNet is its ability to combine informatio n from multipl e
sources into asingle cohesive network . Mapping co-referent nodestogether provides a great deal
of the potential power of the network, and transform s it from a seriesof disconnected fragments
Into a sngle connected resource.

Informatio n Integration allows ASKNet to discover connections between entities which
have never been referenced in the same document. By integratin g the fragments of information
Into a cohesive network we can easily determine the relationship between these entities.

The Update Algorithm

ASKNet uses atechnique known asSpreadin g Activatio n whereb \ Aing a node sends activation
out to all of the neighbouring nodes. B\ Aing one or more of the nodes, and analysing the
pattern of activation spread in the network, we can determine the strength of the connections
between variou s entities.

In the example above, we can determine where to map the “bu” , “go” and “wh” nodes by
A Ud 4D nodes which have similar syntactic properties (for exampl H #ng both the “algore” and
the “gorevidal” n ode to correspond to the “go” node) and analysing their activation patterns.
Firin g the “georgebush” and “algore” n odes woul d cause activation feedback, whilH Ang the
“gor evidal” a nd “johnbush” nodes would not. Thus we can determine that it was George Bush
who beat Al Gore to the White House, and not another of the possible ssmantic combinations.

Speed & Network Size

By processingapproximatel y 2 millio n sentencesof newspaper text, ASKNet wasable to build a
networ k of over 1.5 million n odes connected by over 3.5 millio n links in less than 3 days. This is
a vast improvement over manually created networks, which have taken yearsto create networks
of less than half this sze.

As the gze of the network increases the time required to add additional nodes begins to in-
creaseexponentially. However, the localised nature of spreading activatio n ensuresthat after the
networ k reachesa threshold size (in this caseapproximately 850,000nhodes)the portion of the net-
work affected by any given A Ud.d®ases to grow and thus the time neededto expand the network
becomes linear with respectto the number of nodes added.

Measuring Semantic Relatedness

Humans are very good at judgin g the strength of relationships betweentw o terms, atask which, if
it can be automated, would be useful in a range of applications. Systems attempting to solve this
problem automaticall y have traditionall y either used relative positioning in lexical resources such
asWord Net, or distributional relationships in large corpora. This paper proposes anew approach,
whereby relationships are derived from natural language text by using existing NL P tools, then
Integrated into a large scale semantic network . Spreading activation is then used on this networ k
In order to judge the drengths of all relationships connecting the terms. In comparisons with
human measuements on the Rubenstein & Goodenough (RG) and Word Similarity-353 (ws-353)
datasets this approachwas able to obtain results on par with the bestpurpose buil t systems|[1, 7,
8], using only a relativel y small corpus extracted from the web[4]. This is particularl y impressive,
asthe network creation systemis a general tool for information collection and integration, and is
nots S HF L A& &d3iGn@d for tasksof this type.

WS-353 | RG
WikiRelate! 0.48 0.86
Hughes-Ramage 0.55 | 0.84
Agirre Et Al 0.66 0.89
PMI 0.41 0.80
ASKNet 0.62 | 0.86
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