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Abstract Because much knowledge is communicated via

textbooks, manualfiandbooks etc., a system like ours will
. be an extremely useful alternative to “traditional” knowledge
The paper describes a system that extracts knowledgegcquisition tools. In domains where an expository text is
from technical English texts. Our basic assumption is gyailable, its user-assisted processing with our system will
that in technical texts syntax is a reliable indication of hroyide a first, perhaps unpolished version of the knowledge

meaning. Consequently, semantic interpretati(_)n of the pase. This version may then be debugged and improved by
text starts from surface syntax. The linguistic com- he yser.

ponent of the system uses a broad-coverage, domain-

independent parser of English, as well as a user-assisted ~ We note the main features of our approach, along with
semantic interpreter that memorizes its experience. The the ensuing conditions of its applicability.

resulting semantic structures are translated into Horn , i )

clauses, a representation suitable for Explanation-based® Detailed surface-syntactic analysis of a fragment of a
Learning (EBL). An EBL engine performs symbol-level technical text precedes semi-automatic analysis of
learning on representations of both the domain theory  clause-level relations, Case relations and relations inside
and the example provided by the linguistic part of the =~ noun phrases (work in progress). The resulting semantic
system. Our approach has been applied to the Canadian structure is transformed semi-automatically into Horn
Individual Income Tax Guide and examples from itare ~ clauses. Our research hypothesis is that, in technical

used in the presentation. texts, syntax gives a reliable indication of meaning:
literal interpretation based on surface syntax is usually
1. Introduction appropriate [Kieras, 1985] and a high degree of

compositionality is possible. A standard, linguistic-
theory-neutral grammar of English based on Qairkl.
[1985] underlies the parser. Details of parsing and Case-
based semantic analysis are presented in Delisle [1994].

The goal of our project is knowledge extraction from texts.
We are building a system that accumulates knowledge using
the smallest possible domain-specific kernel prepared in
advance. In the case of texts that we characterize as technical,
our approach performs this extraction with advanced, * The system needs to be trainedtwy user. It remembers
precoded knowledge, assuming the assistance of a and generalizes the user's additions and changes to its
cooperative user. The system applies natural language semantic pattern dictionaries. Saturation with domain-
processing and machine learning techniques to process dependentinguistic knowledge is gradually achieved as
English technical text. The resultdsHorn clause rule base  the user moves forward in the given text; the intervention
representing knowledge about semantic relations among is eventually reduced to simple approwile are now
concepts presented by the text. We think that this can be working on the details.of a measure of user interaction to
done from scratch, provided the user trains the system in the be used as the yardstick of our system’s performance. It
initial phase of knowledge extraction. User intervention Will consider the amount of interaction (for example, the
should then decrease with time as the system effectively number of updates of the pattern dictionaries) and the east
learns from previous interactions.

1 It is widely accepted that technical texts are somehow

easier to process, despite the absence of any commonl
This work is supported by a strategic grant from the acceptable definition of what constitutes a technical text.
Natural Sciences and Engineering Research Council of We have assembled a checklist of linguistic properties
Canada. Thanks to Terry Copeck for commenting on a that make a text technical; a working paper is
very late draft of the paper. forthcoming.
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of interaction (for example, using Angluin’s [1988] Szpakowicz, 1991] of the part of the source text processed
oracle types). so far.

. i . The protonetwork is simultaneously passed on to the

* We assume rich syntactic knowledge and detailegirst module of MaLTe, which translates it into a set of
semantics of function wordsVe also rely on publicly Horn clauses. Translations of the narrative part of a text and
available domain-independent lexiéalowledge. The jts examples are distinguished. The Machine Learning

Collins dictionary [Karpet al, 1992] is used by the mogule, which includes an EBlengine, organizes these
parser for part-of-speech information. WordNet [Miller, jorn clauses into a domain theory.

1990] will be used for disambiguati@md for semantic ] o ] ]

clustering [Fenget al, 1994]. No domain-specific There are two main tasks in this operation. First, the
knowledge need be assumed: the system can be run wiigmain theory is accumulated and organized by a
its semantic pattern dictionaries |n|t|a||y empty. Ear|y hierarchization of Horn clauses into a stratified rule set in
experiments confirm that Case ana|ysis of a text SegmemhiCh levels of rules are Clearly delineated. This is achieved
starting with empty dictionaries can produce anby transformations of sets of clauses (for example,

acceptably high percentage of the system’s hypothes@bsorption) used in Inductive Logic Programming to
merely confirmed by the user [Delisle, 1994]. reorganize clause sets into logic programs. The second task,

essential to the MaLTe approach, applies EBL to the clausal
. - - . representation of the examples. The clausal representation of
The system acquires knowledge incrementally durin he explanatory text plays the role of domain theory. This

linear processing of the input text. Although the syste ives a compiled, generalized and operational rendering of

can return to previously processed fragments just aﬁée examples which includes the knowledge necessary to
human readers do, essentially it leads the user forward a xamp 9 y
%xplaln them.

learns useful facts even after a single pass over
fragment. The system performs learning at the symbol Horn clauses representing the results of EBL are turned
level in order to acquire accurate and sufficient knowledgéinto a (simplified) protonetworknd fed back into the
that will be used to represent the meaning of the text. Network Fragment Builder. When the domain theory is
sufficiently rich, it may be transmitted to a performance task
2. Organization of the System external to th ANKA/MaLTe system. One example of such
a performance task is a rule-based program producing income
The organization of the system is summarized in Figure fax returns. The skeletal rule base Containing the knowledge
(ovals represent modules, light rectangles denote data pasgit of this program would be acquired DENK A/MalLTe
between modules, heavy rectangles are permaneffrectly from the Income Tax Guide.

repositories). The MaLTesystem receives its linguistic

3 - , The system is being implemented in Quintus Prolog on
data from theT ANK A% system. DIPETY isTANK A's Sun SparcStations. The parser and the Case analyzer are

noncommittal surface-syntactic parser (Jacobs and Rayjly implemented. Prototypes of the machine learning
[1993] briefly discuss the role of inexact parsing in textmechanisms, the clause-level relationship analyzer and the
processing). A parse tree of the current sentence produced Byotonetwork to Horn clause translator are close to

DIPETT may be reorganized by the phrase reattachmeghmpletion. The reattachment module, the Network
module. The structurally correct parse tree is processed Wagment Builder and the noun-modifier relationship
HAIKU, a three-step interactive semantic analysis modulgyalyzer have been designed.

HAIKU suggests semantic relations among clauses in t . . .

. . Syntactic and Semantic Analysis
sentence (for example, causality, enablement, precedence),
then Case patterns in clauses and finally relations inside
noun phrases; the user confirms or overrides thosg8.1. The Parser
suggestions. Relations not encountered earlier are added to
HAIKU's semantic dictionaries (not shown in Figure 1).  The parser accepts most sentences found in a technical text.

Such a broad-coverage parser ensuresatiratisition of

The result, a composite graph containing syntactic andnowledge from text is reasonaldgmplete. Without a rich
semantic information about the sentence, is called gemantic model, syntax is the only support for meaning.
protonetwork(“early representation of the network”). DIPETT [Delisle and Szpakowicz, 1991; Delisle, 1994]
Within TANK A, it is passed on to the Network Fragmenthandles, fully or partially, about 90% of the sentences in

Builder that turns it into a fragmentary conceptual networkS@mpleuneditedtexts.
This fragmentary network will then be merged with a
growing conceptual network representation [Yang and

2 Machine Learning from Text
3 Text Analysis for Knowledge Acquisition
4 Domain-Independent Parser of English Technical Texts ® Explanation-Based Learning




~ TANKA ~ Linguistic theories of syntax such as GPSG, HPSG and

Pattern Dictionary. All dictionaries may be empty when the
system is first used on a new teftA does not need any
seed knowledge to work properly, though it does require
significant involvemenbf the user in the initial phase. The
amount of work decreases @# processes more sentences
and acquires more patterns.

SOURCE TEXT LFG use feature structures to encode linguistic objects:
these structures’ form and content depend on the underlying
theory. DIPETT is not committed to any particular

WORD LISTS & linguistic theory. Its DCG grammar formalism is theory-
PARSE TREES DIPETT DICTIONARIES neutral (as are other formalisms, for example, PATR-II).
\|/ Most of the grammar’s rules are based on Qutkal.
[1985]. DIPETT may be considered as a functional grammar,
(REAWACHMENT) that is, one in which syntactic analysis is based on syntactic
- N roles instead of only word order.
CLAUSE-LEVEL In addition to standard parsing functions, the parser
PARSE TREES RELATIONSHIP contains several subsidiary non-standard components:
ANALYZER simple tagger, a dynamic dictionary expansion facility, a
CLAUSAL memorizing device (that is, a well-formed substring table or
STRUCTURE passive chart) and an error explanation mechanism.
CASE | CASE
STRUCTURES ANALYZER 3.2. The Case Analyzer
(4;\ We have defined a Case system which is used Al .
NOUN-MODIFIER Six Cases appear in this paper's examplagent (AGT),
RELATIONSHIP | PROTONETWORK AccompanimentACMP), Beneficiary(BENF), Location to
\ ANALYZER ) (LTO), Object(OBJ), Time at(TAT). The complete list of
o HATKU st 28 Cases, as well as the motivation and the discussion of
other published Case lists are presented in Bagkeal.
CONCEPTUAL NETWORK [1993].
NETWORK FRAGMENT The Case AnalyzelQA takes a parse tree produced by
X BUILDER DIPETT and semi-automatically extracts the Case pattern
, that best represents its meaning. Cases are signaled by Ca:
' (" MATCHER/ NETWORK markers, which are realized in two waysxically, for
! FRAGMENTS example, a preposition that introduces a prepositional
1\ INTEGRATOR .. . _ . .
' _/  phrase, angbositionally, as subjectpisubj ), direct object
L bj ), indirect objectiobj ).
- —— N (Pobi) jectigiobj )
! CA accumulates Case patterns in its semantic
| P?g;ﬁgg_l\f\é%RK | PROTONETWORK| dictionariesand refers to them when processing new
: sentences. A sentence that has little in common with
' HORN previously encountered patterns may introduce new elements
! ) : .
+ [ DOMAIN THEORY., CLAUSES of kn.owlng.e. Th.ese are integrated into 'the mcremgntally
' GENERALIZED growing dictionaries. For a sentence similar to previously
‘| EXPLANATIONS, \ analyzed sentenqe@Asugggsts a §emantic interpretation for
i | (HORN CLAUSES) PROTONETWOR the user to confirm or rejec€A is instrumental to our
! TO HORN intent of turning knowledge-based text understanding into
vt TRANSLATOR knowledge acquisition. Knowledge acquired during this
E ' MACHINE operation con§titutes an important part of the conceptual
o LEARNING model of a text’s domain.
\: v \MECHANISMS ) The main data structures are stored in the Meaning
. - L
L MaLTe Dictionary, the Case-Marker Pattern Dictionary and the Case
1
V

The following definitions describEAterms used in the

Figure 1. ThdANKA and MaLTe Systems rest of this paper.



A Case-Marker Pattern (CMP) is an ordered list PY CA but are passed on for semantic processing by
sybsequent modules—for a description of the treatment of

of Case markers, representing the markers appearing INgsive verbs, see Delish al.[1993b]. The second clause is
clause. INCA a clause has only one CMP, that is, only one

. ; . : : ; Case Analyzed. The CMBBubj-adv-in  is associated with

syntactic analysis from which a unique CMP is derived. the clause’s main verb “serveCAfirst checks the Meaning
A Case Pattern (CP)is an ordered list of Case Dictionary to determine if the verb “serve” has appeared

abbreviations, representing the Cases appearing in a claupeeviously in the text and what CMPs and CPs have been
In CA a clause normally has only one CP, although it mayssociated with it. It also checks the CMP Dictionary to see
have more if the clause is semantically ambiguous. if the CMPpsubj-adv-in  has occurred previously and what
CPs have been associated with it. Based on this historical
data as well as information about which Cases the individual

verb in the text, and a list of Cases associated with eadp@Se Markers markGAsuggests a CP to the user. The user
marker in these CMPs. The Meaning Dictionary alsd"3Y. accept the suggested CP. or reject it and supply a new
contains entries for prepositional and adverbial Cas&P for this clause. The three dictionaries are then updated to

markers. Such an entry contains a fixed list of Cases tHgflect this Case assignment. The output for the sentence
marker can realize: details are in Baréeal.[1993]. (after successful Case assignment) would consist of the

following Case structures:

The Meaning Dictionary has entries for individual
words. A verb entry contains a list of CMPs found with this

The Case-Marker Pattern Dictionary has entries . . -
for CMPs. An entry contains a list of CPs already associate%f\se—.swcm.re( statementL”, be, psubj-pobf-of
with this CMP. Each CP is illustrated by an exampleni, Jim resident,'Canada)

sentence. This dictionary may be initialized with entries fokase structure(*statement2*, serve, psubj-adv-in,
a ”“”.‘ber of .Common CMPs. I8A a CP '.“ay be agt-lat-benf, 'Jim', abroad, ‘the armed forces')
associated with one or more examples since many

syntactically different clauses can have the same Casg3 The Clause-Level Relationship Analyzer
pattern.

The Case Pattern Dictionary has CP entries, each Case Analysis deals with semantic interpretation of the

containing a list of verbs associated with this CP in théelationships betv.vee'n a verb anq its arguments within a
text. clause. Semantic information is also conveyed by

relationships between clauses. In particular, the causal links

All three dictionaries are continuously updated. Aswhich are vital to the construction of rules from text are
mentioned above, a parsable clause should normally lmmonly found at the inter-clausal level. We are
associated with a unique CP. To accomplish @& first  completing an extension of the semantic analyzer onto
searches its dictionaries for tterget CPthat matches the Clause-Level Relationships (CLRs). The design of the CLR
CMP of the input sentence most closely, if not perfectlyAnalyzer CLRA) closely mirrors that of the Case Analyzer.
[Delisle et al, 1993a]. Next, an example sentence toFirst, a list of semantic relationships was constructed based
illustrate the target CP is fetched from the dictionary. If theon an exhaustive study of the lexical items signaling them.
CP and example sentence are not acceptable, the system apkis set was then checked for completeness against a
for the user’s help. number of works in traditional and computational

Note that order does not matter in patterns: it is onl inguistics. The current list of CLRS |sCausat'|on
their semantic interpretation that counts. Thuj-obj na'blemen,t'E'nta[lment Prevention Detraction,
at-by is equivalent tasubj-obj-by-at ;':md similarly Conjunction Disjunction Locatlpn Temporal Precedence_
AGT-OBJ-LAT-TAT is equivalent to AGT-OBJ-TAT-LAT.  poythoral ﬁggggf_ren%dmans have been presented in

Sentences from the following paragraph will be used as
examples to illustrat&C A as well as other processes
described in the rest of this paper.

During interactive semantic analys@3. RAis activated
when the current input sentence contains syntactically
connected clauses. The connective (a conjunction) is matched
“Jim is a member of the Canadian Armed Forces an@gdainst a list of potential CLR markers and the CLRs they
was posted to Lahr in 1989. Jim’'s wife moved withtypically mark. One or more CLRs from this list are
him to Lahr. He broke all residential ties with Canadasuggested to the user who is given the option of accepting a
Jim is a resident of Canada because he is serving abrogidggested CLR or assigning a new one.

in the armed forces.” Consider again the sentence “Jim is a resident of Canada

The fourth sentence above (“Jim is a resident of Canadzecause he is serving abroad in the armed for€&sRA
because he is serving abroad in the armed forces.”) contaifgcognizes two clauses in the input connected by the
two clauses, each of which will be analyzed separately bgonjunction “because”. It finds in its dictionary of CLR
CA The main verb of the first clause is the stative vergnarkers that “because” often marks Causation, Enablement
“pe”. Although stative verbs introduce facts about objectsand Entailment. The user can choose one of these or enter a
activities and their properties, they do not have Case$lew CLR. If Entailment is chosen, the analysis will be
Consequently, clauses with stative main verbs are not treatstpred as:



“Jim is serving abroad in the armed forces”
<entails>
“Jim is a resident of Canada”

“Jim is a resident of Canada because
he is serving abroad in the armed force$.

[ Input Text

Parse Tree

Clause-Level Relationship Analysis
clr_structure(entl, “Jim is serving abroad
in the armed forces”,

“Jim is a resident of Canada[’)

CLR [, —
Suggestions CLR Marker chtlonary]
Dictionary CLR Pattern Dictionary
Updates
\§

— Case Analysis

clr_structure(entl,*statement2*,*statement1j*)
case_structure(*statement2*,serve,

case_structure(*statementl*,be,

psubj-adv-in,agt-lat-benf,
‘Jim', abroad, 'the armed forces')

psubj-pobij-of,nil,
'Jim', resident, 'Canada’)

Case

Dictionary

Suggestions

Case Marker Dictionarﬂ

Case Marker Pattern Dictionayy

Meaning Dictionary

Updates

Case Pattern Dictionary

&

Figure 2. A Condensed lllustration @#1Ku

Semantic Processing

4. The Protonetwork-to-Horn Processor

4.1. Construction of Horn Clauses

In contrast to several other approaches (see section 5), th
conversion chain followed in MaLTe involves deriving a
linguistically justified semantic encoding, which is then
translated into first-order logic. For a moderate additional
computational cost, the resulting principled process is also
general and portable. Generality relies on the separation of
processing tasks from user interaction. The source of domair
knowledge is the user, who makes domain-dependent choice:
in disambiguation and Case or CLR assignment, while the
processes of parsing and semantic processing are inherentl
domain-independent.

Translation from semantics to logic is done after all
phrase reattachment and pronoun resolution have beer
completed. The input is the protonetwork material, which
includes the CLR structure of a sentence, the detailed Cast
structure of its clauses and the internal description of the
semantics of noun phrases.

The aspect of a clause (stative versus nonstative) is &
key factor. Stative clauses in a technical context are taken tc
be definitional (for example, “An eligible child could be
your child, your spouse’s child, etc.”), or they can describe
an attribute of an instance (“Jim is a member of the
Canadian armed forces."BlA1KU assigns no Cases to

stative clauses. We translate them with a predicate based ol
the attribute. Nonstative clauses (“Jim moved to Lahr”) are
assigned Cases whose labels are attached to the verb to fori
a specific predicate name (suchsase_agt_lat_benf ).

The algorithm follows a declarative description of the
tree structure produced by A1KU. The structural

organization corresponds roughly to the input grammar of
DIPETT, except that the structure to analyze is not a token
sequence, but Prolog terms. These terms correspond to th
sentence and its clauses; their nodes should be seen as me
functors, not predicates, since they can have variable “arity”
according to the presence or absence of optional syntactic
constituents.

At sentence level, the clause-level relationship is the
most important criterion to determine how to piece together
the elements of the Horn clause: withausation

The whole process of semantic analysis is summarizeinablemenandEntailment(the latter especially important

in Figure 2.

We have recently incorporated additional linguistic clue
in the semantic analysis of CLRs. The syntactic makeup
clauses themselves helps identify the semantic relationshi
between them. For example, the modality of their mai

in a tax guide), the module asserts a rule. When clauses ar
simply conjoined, it asserts two independent facts. The user

%\ asked for confirmation in all situations, which include

ore ambiguous relations like temporal precedence (which

r?ﬁay or may not denote causality).

verbs is useful in distinguishing between different causal Thus, the fourth sentence:

relationships, as the following example sentences suggest:
“If you claim expenses then yauusthave paid money for
services” Entailmenj; “If you paid money for services then

you mayclaim expenses'Hnablemernjt

“Jim is a resident of Canada because he is serving
abroad in the armed forces”

which is represented by :



explanation. In the system described in this paper, the

clr_structure(entl, *statement2*, *statement1*) . . . - .
narrative text is converted—in several steps—into a domain

case_structure(*statement1*, be, psubj-pobj-of, theory, and the examples in the text are used as the training

nil, 'Jim', resident, 'Canada’) instances.

case_structure(*statement2*, serve, psubj-adv-in, As described elsewhere [Delannetyal, 1993], we rely on

agt-lat-benf, "Jim’, abroad, ‘the armed forces’) transformations such as abstraction and absorption from
) ) Inductive Logic Programming to organize clauses into a

will be transformed into: meaningful, hierarchical knowledge base. The EBL process

is_resident_of(jim, canada) :- takes as input the Horn clause base produced by the

Protonetwork-to-Horn (PtH) module, as well as the clausal

representation of the examples from the text, and performs
If a clause has a negative polarity (“X is not eligible...”)EBL on them. We shall illustrate this process below.

then we have to assert a rule involving explicit negationSuppose that the domain theory (acquired in a manner

The most frequent situation, and the simplest, is to simplglescribed above) contains the following rules:

assert a fact because there is no entailment or 0pp°$iti‘%féim_child_care_expenses(P, C.E)-

relationship between the clause and other clauses, as in the

other sentences of the example: person_deduct_expenses(P),

eligible_child(C),

serve_agt lat_benf(jim, abroad, armed_forces).

is_member(jim, canadian_armed_forces).

post_obj_Ito_tat(jim, lahr, 1989). deduct_amount_expenses(E).

move_agt_acmp_lto(wife, jim, lahr). person_deduct_expenses(P) :-

break_agt obj_benf(jim, residential_ties, canada). is_resident_of(P, canaday), eligible(P).
Note that some inference or interaction may be needed
to relate different encoding of the same concepts, alset further facts from the example be produced by the PtH
canadian_armed_forces and armed_forces in the example. module as shown above. The EBL process continues,
producing first the proof tree as in Figure 3 (only a fragment
4.2. Learning is shown).

The logical translation of both the narrative and the example . , ) ,
sections of a text is fed to the learning module whicl§aim_child_care_expenses(jim, childl, €)

performs Explanation-based Learning (EBL). / \

EBL iS a |eaming method that genera“zes a Concept %rson_deduct_expenses deduct_amount_expense(e)
procedure description from a single example. Rather than (jim) RN
discriminating and generalizing from features of a large . A
number of examples, as in the standard inductive approach in
the spirit of ID3 [Quinlan, 1986], EBL uses an explanationg resident of eligible_child(child1)
of just one training instance as the basic learning tooljm, canada) A
Explanation is usually a deduction that justifies (for ‘ .
example, through a Prolog-style proof) the statement "this eligible_claimant(jim)
specific instance is an instance of the concept we are - R
learning”. The explanation is used for two purposes. Firstly, s

it identifies the relevant features of the example, which are

sufficient conditions for describing the concept [Mintin

al., 1990]. Secondly, generalization in EBL is performed by  serve_agt lto_benf

regressing the concept definition through the explanatoi(jm,abroad,armed_forces)

structure (for example, an AND tree). Consequently, the

generalization process often turns constants of the example

into terms, rather than just variables [Mitchetllal, 1986]. Figure 3. Fragment of the Proof Tree Produced
Those terms bring into the explanation certain relevant parts by the EBL Process

of domain knowledge. In order to produce an explanation, an
EBL learner must have a domain theory. If the theory is .
represented in the Horn clause format, it can be easily used EBL extracts from the whole collection of facts
to produce an explanation of the example. The concept c&yailable in a given example exactly those that are necessar,
be treated as a top-level Prolog goal, the example—ast prove that the gxample §at|sf|es the concept definition
conjunction of Prolog facts, and the domain theory acts as@€re, that it is an instance of the concept
Prolog program. If the goal, properly instantiated with thecl@im_child_care_expenses ). EBL also puts together
constants of the example, can be proven by a Prolog-lik€ompiles) all the knowledge necessary to show the
interpreter, EBL succeeds and the goal tree is treated as B¢mbership of the example in the concept. Moreover, there



is generalization in the second phase of EBL that consists focuses on the difficult questions of applying machine
regression of the domain theory rules through the proof treéearning in the attempt to understand the cognitive aspects of
Generalization will produce a useful (“operational”, in thelanguage learning. Cohen [1990] shows how crucially
EBL terminology) generalization, that is: learning from texts relies on a flexible definition of
operationality. His work concentrates on the learning aspects

without attempting to develop an integrated NLP-ML
serve_agt _lat_benf(P, abroad, armed_forces), system.

claim_child_care_expenses(P, C, E) -

. , 6. Conclusion
Such a rule is then added to the domain theory.

Consistent with the EBL paradigm, symbol-level learnin

has been achieved, and it has made the theory more ungMP propose a combination of partially automated text

than its general rendering (it applies ndivectly to all ~ Processing and explanation-based learning for knowledge
armed forces personnel stationed overseas), and at the saffgaction from unedited technical texts. Early experiments
time more general than the specific example provided in thghoW that this alliance yields more knowledge than standard
text. Unlike in simple inductive systems, the generalizatiori""ngu""ge processing methods alone; at the same time, novel

obtained is fully justified by the existing domain theory.  |earning problems and opportunities originate from the fact
that the domain theory is semi-automatically constructed

5. Related Work directly from the text. Such mutual enrichment of natural
language processing and machine learning lies in a largely
ncharted territory. Challenging questions arise from the
esign of the first version of the system. The transformation
of text fragments into a domain theory (expressed in first

classification knowledge from various textual material. ; ; ; ;
\ order logic) adequate for explanation-based learning requires
Silvestro [1988] and Gomez [1989] are two examples of thafytensive user participation, if the knowledge acquisition

arﬁlprgéllchl-( Mfoulin and Ro'ussea;.u [1992] desc;ibe a Sys}e@(ercise is to be meaningful. However, learning (inductive
V\]ﬁ '% 0OKS for ;r)]red,e_terrﬁm_ed, ixed patterns Ejodr exampl€qaneralization of user’s interventions) is expected to decrease
i, ‘because’, ‘when’) in the input sentences and decomposg,e amount of user interaction. The characterization of this

the original sentences into representations that stand Qo nt as a function of the properties of the text and of the

production rules or KB elementSiravegnaet al. [1992] radual saturation of the knowledge base through experience
present the SINTESI system. It extracts knowledge fron;

o X X =I5 an open research problem. Reliance on surface syntax as
short (4 or 5 sentences) descriptive diagnostic reports writtfie carrier of meaning is vindicated by the ability of the
in Italian, in order to summarize their technical content an

' . nguistic subsystem to work up from an empty domain-
support the constructing of a KB on car faults. All objectsghecific knowledge base. Research problems in learning

that may be of interest in a text are described in a KB that {51,de explanation-based learning in an unavoidably

available a priori and there is no incremental KB jhcomplete domain theory, dynamic modification of the

augmentation. operationality criterion according to the changing
Kim and Moldovan [1993] describe PALKA, a semi- performance task, and extension of learning from a first order

automatic KA system designed to facilitate the constructiofPgic rule base onto sorted logic.

of a large KB of semantic patterns accumulated from

corpora. PALKA requires mucla priori knowledge: a

general and domain-specific concept hierarchy and framgeferences

definitions telling the system what to look for in a text

(along with the relevant keywords). Liu and Soo [1993] havéAliprandi and Saviozzi, 1993] G. Aliprandi and G.

implemented a system that attempts to assign thematic roles Saviozzi, “A Supervised Learning Method to Solve PP-

to sentence elements using miniraglriori knowledge. The Attachment Ambiguities in Natural Language”,

system uses syntactic clues to propose an initial set of Proceedings Machine Learning and Text Analysis

potential thematic roles. This set is then pruned by applying Workshop, ECML-93Vienna 1993, 45-52.

heuristics and consulting the user.

e . u
Work on classification tasks, useful in knowledge base (KB
construction, uses text processing as a mearstodcting

[Angluin, 1988] D. Angluin, “Queries and Concept
Given the knowledge-intensive character of Natural Learning”,Machine Learning2(4): 319-342, 1988.

Language Processing, surprisingly little work has been dopt%arkeret al, 1993] K. Barker, T. Copeck, S. Delisle and S.

in applying machine learning techniques in the context o Szpakowicz. “An Empirically Grounded Case Svstem”
NLP systems. Hauptmann [1993] describes how a relatively sutF))mitted to thenterngtionaly\]ournal of Lexicogr};phy '
unsophisticated, rote-learning mechanism helps in the 36 pages '

acquisition of a mapping from syntax to the meaning of
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