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Abstract. The evaluation of a large implemented natural language processing
system involves more than its application to a common performance task. Such
tasks have been used in the message understanding conferences (MUCs), text
retrieval conferences (TRECs) as well as in speech technology and machine
translation workshops. It is useful to compare the performance of different
systems in a predefined application, but a detailed evaluation must take into
account the specificity of the system.

We have carried out a systematic performance evaluation of our text
analysis systermANKA. Since it is a semi-automatic, trainable system, we had
to measure the user’s participation (with a view to decreasing it gradually) and
the rate at which the system learns from preceding analyses. This paper
discusses the premises, the design and the execution of an evaluatinraof
The results confirm the basic assumptions of our supervised text analysis
procedures, namely, that the system learns to make better analyses, that
knowledge acquisition is possible even from erroneous or fragmentary parses
and that the process is not too onerous for the user.

1 Introduction

This paper describes the evaluation of the trainable semi-automatic text analysis
systemTANKA (Text ANalysis for Knowledge Acquisition). TANKA aims to build
interactively a semantic representation of a technical text. Throughout the
development offANKA we have performed diagnostic evaluations of the system’s
components. Now that these components are complete, the whole system must be
tested on new texts in different domains.

There has been increased interest in the evaluation of natural language processing
tools over the last few years. The message understanding conferences (MUCs) are a
direct reaction to a lack of standardization in the evaluation of such tools. The MUC
competitions compare the performance of different systems on some uniform,
predetermined text processing task. The motivation for and background of the MUC
competitions are described by Grishman & Sundheim [13].

Although these competitions have successfully emphasized the importance of
evaluation for the NLP community, they have also revealed certain limitations. In
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particular, researchers have noted that the predefined tasks in evaluation competitions
result in applications that are designed to score well, but are not portable [16].
Furthermore, little attention has been paid to the evaluation of interactive systems and
the role of users [14].

To address these issues, Sparck Jones and Galliers ([18], [19]) offer more general
strategies for evaluating generic NLP systems. They note that “there is far too much
variety in the situations and subjects of evaluation to come up with a definite
[evaluation] scenario” [19: 193].

Hirschman & Thompson [14] note that different kinds of evaluation make
different assumptions about the distribution of test data. While it is important to test a
system on all types of input it is designed to handle, sulifgmostic evaluatiomioes
not reflect the performance of the system on actual texts. The distribution of linguistic
phenomena in the test suite of a diagnostic evaluation is almost certainly not the same
as the distribution of phenomena in complete real texts, which form the test suite for a
performance evaluationFor performance evaluations, it is important to identify
criteria (what is being evaluatedneasuregwhat properties of performance reflect
the criteria) andnethodghow the measures are analyzed to arrive at an evaluation of
the criteria).

The evaluation methodology described in this paper is necessarily specific to
TANKA. Nonetheless, we have attempted to adhere to the precepts of a more rigorous
approach to NLP system evaluation.

2 TheTANKA System

Analysis iInTANKA consists of recognizing semantic relationships signalled by surface
linguistic phenomena. The system uses as ldtlpriori semantic knowledge as
possible. Instead, it performs detailed syntactic analysis using publicly available part-
of-speech lists and lexicons and produces a tentative semantic analysis. This analysis
is proposed to a participating user who usually approves the system’s proposal. In the
case of an incorrect or incomplete analysis, the user may also be required to supply
elements of the semantic interpretation. Delitlal. [12] offer a detailed description

of TANKA.

2.1 The DIPETT Parser

Syntactic analysis imANKA is performed byIPETT (Domainindependenparser of
english TechnicalTexts), a broad coverage Definite Clause Grammar parser whose
rules are based primarily on Quiekal.[17].

DIPETT takes an unedited, untagged text and automatically produces a single initial
parse of each sentence. This first good parse tree is a detailed representation of the
constituent structure of a sentenceDIHETT is unable to produce a single complete
parse of a sentence within a time limit imposed by the user, it will attempt to produce
parses for fragments within the sentence (such as if possible, clauses and phrases).
Delisle [10] and Delisle & Szpakowicz [11] present a complete discussiomPBIT
and related parsing issues. A WWW version of the parser with a simplified interface
will be released soon.



62

2.2 The HAIKU Semantic Analyzer

Semantic Relationships.Given the parse trees produced bETT, the HAIKU
semantic analyzer [12] identifies the semantic relationships expressed by related
syntactic constituents. The semantic relationships are expressed at three levels:
between connected clauses, within clauses (between a verb and each of its arguments)
and within noun phrases (between a head and each of its modifiers). The semantic
relationships thatiAlKU assigns to syntactic structures at each of these levels appear
in Table 1. Theclause level relationship@CLR9 are assigned to connected clauses,

the casesare assigned to verb-argument pairs andnthhen modifier relationships
(NMR9 are assigned to modifier-noun pairs.

There are several observations to make about these semantic relationships. The
lists are amalgams of similar lists used by researchers in discourse analysis, case and
valency theory and noun phrase analysis. For each of our three lists, we identified an
initial set of relationships and then did an extensive survey of the lexical items that
mark them. This survey identified several omissions and redundancies in the lists. We
further validated the relationships by checking their coverage on real English texts.
Details of the construction process and validation appear in our publications [7, 2], as
well as comparisons of our relationships to other lists [6, 3].

The next observation is thaiiku does not depend on these particular lists of
relationships. The techniques it uses at each level of analysis would work with any
other closed list of semantic relationships.

Finally, several relationships appear in more than one list, reflecting the fact that
the same semantic relationship may be realized at different levels of syntax. Merging
the relationships into a single unified list for all three levels is a consideration for
future work.

Semantic AnalysisSHAIKU tries to assign semantic relationships with a minimusm of
priori hand coded semantic knowledge. In the absence of such precoded semantics
HAIKU enlists the help of a cooperating user who oversees decisions during semantic

CLRs Cases NMRs
Causation Accompaniment Location_tq Agent Objegt
Conjunction Agent Manner Beneficiary  Possessor
Cooccurrence Beneficiary Material Cause Produgt

Detraction Cause Measure Container Propefty
Disjunction Content Object Content Purpose
Enablement Direction Opposition Destination Result
Entailment Effect Order Equative Sourcs
Precedence Exclusion Orientatiory Instrument State
Prevention Experiencer Purpose Located Time

Frequency Recipient Location Topic

Instrument Time_at Material

Location_at Time_from

Location_from Time_through
Location_through Time_to

Table 1.Semantic relationshs in HAIKU
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analysis. To lessen the burden on the user, the system first attempts automatic
analysis. It compares input structures to similar structures in the text for which
semantic analyses have been stored. Since it does not have access to a large body of
pre-analyzed textAIKU starts processing from scratch for a text (or a collection of
texts) and acquires the needed data incremeritally.

Clause level relationships are assigned whenever there are two or more connected
finite clauses in a sentence. For each clans&TT provides a complete syntactic
analysis including tense, modality and polarity (positive/negative). It gives us the
connective (usually a conjunction) and the type of syntactic relationship between the
clauses: coordinate, subordinate or correlative.

The CLR analyzer looks up the connective in a dictionary that maps each
connective to the CLRs that it might mark. Since the connectives are a small closed
class, the construction of such a marker dictionary is not a large knowledge
engineering task. Once constructed, it can be used for any text. Using the subset of
CLRs, HAIKU holds competitions between each pair of relationships based on the
syntactic features of the clauses. The CLR with the most points after all competitions
is the one suggested to the user for approval. The CLRs and the CLR analyzer are
described by Barker & Szpakowicz [6].

Within a clause, the parser identifies the main verb and its arguments: subject,
direct and indirect objects, adverbials and prepositional phrases. From this
information, the case analyzer buildscase marker patterfCMP) made of the
symbolspsubj , pobj , piobj , adv and any prepositions attached to the verb. To
assign cases to the arguments of a given verb, the system compares the given
verb+CMP to other verb+CMP instances already analyzed. It chooses the most
similar previous verb+CMP instances and suggests previously assigned cases for this
verb+CMP. Delisleet al. [12] and Barkeret al. [7] describe case analysis and the
cases in detail.

Within noun phrases, the parser identifies a flat list of premodifiers and any
postmodifying prepositional phrases and appositives. The NMR analyzer first
brackets the flat list of premodifiers into modifier-modificand pairs [4], and then
assigns NMRs to each pair. NMRs are also assigned to the relationships between the
head noun of the noun phrase and each postmodifying phrase. To pick the best NMR,
the system first finds the most similar modifier-modificand instances previously
analyzed. Next, it finds the NMRs previously assigned to the most similar instances
and selects one of these relationships to present to the user for approval.

3 The Evaluation Exercise

TANKA is intended to analyze an unedited English technical text. Technical texts
usually lack humour, intentional ambiguity, and other devices that would make

1 An alternative to starting analysis from scratch would be to accumulate the semantic

analyses from session to session. The extent to which the acquired knowledge from one text
(or domain) would be useful in the analysis of a different text is a consideration for future
work.



64

analysis more difficult. Copeackt al.[9] describe a study to investigate the character
of texts typically considered technical. So in order to evaluat&A we ran it on a
real, unedited technical text.

Individual components obIPETT and HAIKU have been tested on a variety of
technical texts including an income tax guide, a fourth generation programming
language manual, a building code regulatory text and a computer installation guide.

The most thorough previous test of the system was reported by Barker & Delisle
[5]. For that experiment, we chose a text [15] with fairly simple syntax to ensure a
high number of successful parses. That text describes a technical domain (weather
phenomena) using simple language. We refer to this book adotidstext and the
experiment as theloudsexperiment. We chose a simpler text in the belief that the
higher parse success rate would allow the system to acquire more knowledge (since
semantic analysis is based on the results of syntactic analysis). What we found instead
was that the simpler text used very general terminology and carried less content. We
also noted that even if a sentence was parsed incorrectly or in fragments, much of the
knowledge in the sentence could still be acquired, either from the incorrect or
incomplete parse tree, or from other sentences containing the same or similar
concepts (we refer to this egnceptual redundangy

For the evaluation described in this paper, we chose a more syntactically complex
text [1]. The text has more complex constructions, but it also uses more specific
terminology and contains more information and less “fluff”. We refer to this book as
thesmall enginesext and the experiment as thmall enginegxperiment.

3.1 The Evaluation Methodology

The small enginesxperiment was held at I'Université du Québec a Trois-Rivieres
over five days. Just over 15 hours were spent during timed semantic analysis
interaction. One of the authors drove the system while another timed the interaction
on each sentence and recorded details of the interaction. All interaction decisions
were made collectively, adding time to the interactions for discussions, but hopefully
also eliminating personal biases. The system was run in Quintus Prolog 3.2 on a
Sparc-20 with a 120 second CPU time limit for parsing per sentence.

The first step in runnin@IPETT andHAIKU on a text is to build a lexicon for the
text. DIPETT has a built-in part of speech labeller. The labeller uses the Collins
wordlist to create a lexicon containing all parts of speech of all the words in the text.
The resulting lexicon contains extraneous entries, since not every part of speech of
every word appears in the text. We used a concordance tool to check the lexicon for
extraneous entries. We should note that the lexicon construction stage is not as much
work as tagging the text with part of speech information; nor does it give parsing as
big a headstart. Many words appear more than once as different parts of speech in the
text. The lexicon may contain several entries for each word, even after deleting the
extraneous entries. The construction of the lexicon required a short day’'s work for
1200 words.

For the analysis of each sentence, we started a stopwatch as soon as parsing was
complete. We then examined the parse and recorded details of parse completeness
and correctness. Interaction then proceeded through clause level relationship analysis,
case analysis and noun modifier relationship analysis. For each of these levels of
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analysis, we recorded the degree of difficulty of the interaction. After all interactions
in semantic analysis were complete, we stopped the stopwatch and recorded the total
interaction time for the sentence.

The degree of difficulty of interaction (what we refer tooasi§ was recorded as
an integer from0 to 3. 0 means that the interaction is trividl.is assigned to an
interaction that requires a few moments of reflecti@nrates an interaction as
requiring serious thought, but eventually a semantic relationship is assigme@ns
that even after much contemplation no relationship is deemed appropriate for the
given input.

3.2 Examples of Interaction

To understand the criteria of our evaluation better, it is useful to show the
reproductions of the different kinds of interactions witkiku. The user’s input is
shown bold and underlined

Figure 1 shows the interaction for the CLR assignment for sentence 119 from the
small enginegext. The sentence has two finite clauses connected by the subordinator
as From the parse tree, the system identifies the connective, the main clause and the
subordinate clause. It looks agin the marker dictionary and finds that it may mark
Cooccurrencectmp ), Causationdaus ), Enablementgnab), Entailment éntl ) or
Prevention grev ). The system holds competitions between each pair of relationships
(ten competitions for this example) based on the syntactic features of the clauses. The
CLR analyzer chooses Causation as the most appropriate for the sentence, since it
finishes with the most points.

Figure 2 shows the case interaction for sentence 164 frosmthk enginegext.

String #119: Asthe crankshaft rotates, its gear turns the gear on the camshaft
and causes it to rotate, too.

There is a Clause-Level Relationship marked by ‘as’:

its gear turns the gear on the camshaft and causes it to
rotate, too

as
the crankshaft rotates

CLR competitions among [ctmp,caus,enab,entl,prev]
Results (maximum is 8):

ctmp caus enab entl prev
[ — B — R — B —— R —— +

2 8 1 6 3
The CLR Analyzer’s best suggestion(s) for this input:
(1) Causation (caus)

> Please enter a number between 1 and 1: 1
Your CLR assignment will be stored as:
the crankshatft rotates
<causes>
its gear turns the gear on the camshaft and causes it to
rotate , too

Figure 1. Clause level relationship analysis interaction for sentence #119
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String #164: Electric starter motorgrank an engine by spinning the flywheel.

CURRENT SUBJ : electric starter motors
CURRENT VERB : crank
CURRENT COMPL : an engine by spinning the flywheel

CMP found by HAIKU: psubj-pobj-by
> Do you wish to overrule this CMP? N

S4: new verb with known CMP; new CP (relative to this verb).
Candidate CPs with example sentences:
(1) agt-obj-inst the carburetor controls the crankshaft speed
by the amount of fuel/air mixture it allows
into the cylinder.
(2) agt-obj-manr they do this by seeing that the oil is
changed at the proper time and that greasing
and tune-ups are carried out regularly.

if appropriate, enter a number between 1 and 2: 1
CMP & CP will be paired as: psubj/agt pobj/obj by/inst

Figure 2. Case analysis interaction for sentence #164

This sentence has one clause with the main @bk The case analyzer constructs
the case marker pattepsubj-pobj-by based on information in the parse tree. In
the previous sentences, the verank has never occurred. However, the system has
seen the CMP twice: once with the vexdntrol and once with the vertio. In those
two instances the corresponding case patterns were Agent-Object-Instrument and
Agent-Object-Manner. The system suggests these two case patterns to the user, who
chooses the first, since “spinning the flywheel” is the Instrumeni@hodused) to
“crank an engine”.

For the noun phrasthe threaded part of the plump sentence 142, the NMR
analyzer will assign two NMRs: one betwedbreadedandpart and one betwegpart
and plug. The interaction in Figure 3 shows the interactiontfoeaded partonly.
The system has never sdbreadedas a modifier opart, but it has seethreadedas
a modifier of other modificands anpart as a modificand with other modifiers.
NMRA calculates a score for each of the NMRs that have been previously assigned
whenthreadedwas a modifier and wherart was a modificand. Property receives the
highest score for this pair.

String #142: The lower electrode is fastened to theeaded parif the plug.

HAIKU: Noun-Modifier Relationship Analysis of current input ...

Match type 3: (threaded, _, nil) or (_, part, nil)
[prop]: 4.66667

For the phrase ‘threaded part’
> Do you accept the assignment:
Property (prop): threaded_part is threaded

[n/a/<nmr>/Y] Y

Figure 3. Noun modifier relationship analysis interaction for sentence #142
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4 The Evaluation

Three main criteria guided the evaluation of our system. First, we wanted to evaluate
the ability ofHAIKU to learn to make better suggestions to the user. Since the system
starts with no prior analyses on which to base its suggestions, the user is responsible
for supplying the semantic relationships at the beginning of a session. To measure
HAIKU's learning, we compared the cumulative number of assignments required from
the user to the cumulative number of correct assignments suggested to the user by the
system over the course of analyzing shaall enginesext.

Second, we wanted to compare the number of relationshipsishat analyzed
with the total number of such relationships in a téxt,(the number ishould have
analyzed). Since it would not be feasible to count by hand the total number of
relationships even in a text of several hundred senteweesampled relationships at
random from the text to find the proportion thatku analyzed. This proportion can
be thought of as a measure Récalf of the kind of knowledgeiAlku has been
designed to acquire.

Third, we wanted to evaluate the burden that semi-automatic analysis places on
the user. Since burden is a fairly subjective criterion, we looked at the amount of time
spent by the user on each sentence as well as the onus rating described in section 3.1.

4.1 Evaluating the Parser

In order to evaluate the performanceHafku, it is important to look at the results of
parsing, the input taAIKU .

Of the 557 sentences that we analyzed, 55% received a complete parse. That does
not necessarily mean that the parses were correct. In fact, only 31% of the 557 parses
were perfect. Another 9% were good enough not to affect semantic analysis. That
means that for 60% of the sentences, parse errors were serious enough to affect
semantic analysis. Most often, these errors meanttkiett was unable to make a
semantic relationship assignment for a given input. Fortunately, due ¢ortbeptual
redundancymentioned in section 3, much of the knowledge in these difficult
sentences was acquired by the system anyway.

4.2 Evaluating CLR Analysis

The HAKU module most affected by parse errors is the clause level relationship
analyzer. In order to make an assignment, CLRA needs a complete and correct parse
at the top-most level. A second problem with CLR analysis is that CLR data is the
sparse: every sentence usually has several noun phrases and at least one finite clause,
but relatively few have multiple connected finite clauses. Note however that because

2 All semantic relationship assignments are either accepted by the user if correct or supplied

by the user if the system’s assignments are incorrect. TherBfecalls partnerPrecision
is @ meaningless measureHimku (i.e., it is always 100%).
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the CLR data is so sparse, the proportion of relationships analyzedy can be
measured directly without sampling.

In the clouds experiment, the system correctly determined 73% of the CLRs
assigned, while the user assigned the other 27%. lsntd enginegexperiment, the
system determined 76% of CLRs automatically. Fordloadstext, there were 76
connected clauses requiring CLR assignments, 67% of which received analysis. For
the small enginegext, however, only 28% of the clause pairs received analysis. The
small number of clause level relationships actually capturedabyu for the small
enginestext is a direct result of the error rate in complete parses of structurally
complex sentences.

4.3 Evaluating Case Analysis

For case analysis we first compare the number of case patterns that the system
determined correctly with the number the user had to supply directly. 584 clauses in
the small enginegdext received a case analysis. The system is considered to have
determined the case pattern correctly if the correct case pattern was among those
suggested to the user. The system made an average 4.4 suggestions for clauses for
which it could make any suggestions at all.

Figure 4 plots the cumulative number of assignments made by the user against the
cumulative number of correct assignments among the system’s suggestions. After
fewer than a hundred clauses, the number of correct system assignments overtook the
user assignments for good. By the end of the experiment, the system had suggested a
correct case pattern for 66% of the assignments.

In order to evaluate the proportion of clauses in the text that received a case
analysis, we took 100 verbs at random from the text, determined their case marker
pattern manually and found that for 97 of them there was a corresponding case pattern
in HAIKU's output. Therefore, with 95% confidence we claim thaiku extracted
between 91.5% and 98.9% of the case patterns in the text. This high coverage is due

400

350 1 —system

300 + user

250
200
150 +
100 +

number of CP assignments
(cumulative)

50 +

0 f f f f f
1 101 201 301 401 501
number of clauses

Figure 4. Case pattern assignments
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to the fact that the user is given the opportunity to correct case marker patterns that
are incorrect because of misparses.

4.4 Evaluating NMR Analysis

In thesmall enginegxperiment, 886 modifier-noun pairs were assigned an NMR. As
with case analysis, we consider the system’s assignment correct when the correct
label is among its suggestions to the user. The system made an average 1.1
suggestions (when it could make any suggestions at all).

Figure 5 shows the cumulative number of NMR assignments supplied by the user
versus those determined correctly by the system. Again, after about 100 assignments,
the system was able to make the majority of assignments automatically. By the end of
the experiment, the system had correctly assigned 69% of the NMRs.

To evaluate the number of modifier-noun relationships #aatu captured, we
took 100 modifier-noun pairs at random from the text and found that 87 of them
appeared irHAIKU's output. At the 95% confidence level, we can say thraku
extracted between 79.0% and 92.2% of the modifier-noun relationships smdie
enginegext.

4.5 User Burden

We said in section 3 that tledoudstext was chosen for its relatively simple syntax to
ensure a large number of successful parses. Correct parses guarantee the maximum
amount of semantic analysis (and therefore user interaction). Making the user as
active as possible would allow us to observe trends in user time and burden over the
course of a session wittANKA. The main trends observed were that user time was
directly related to sentence length and complexity, and that the average user time
(adjusted for sentence length) decreased over the course of analyzing the text. As it
turns out, we observed the same trends irsth&ll enginegxperiment.

700

600 + —system
—— user

500

400 +

300

200 +

100 +

number of NMR assignments
(cumulative)

0 f f f f f f f f
1 101 201 301 401 501 601 701 801

number of modifier-noun pairs

Figure 5. Noun modifier relationship assignments
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The average number of tokens (words or punctuation) isrtredl enginesentences
was 15.4. The average number of CLRs per sentence was 0.05, while the average
number of case patterns was 1.2 and the average number of NMRs was 1.7. On
average, we spent 1 minute, 49 seconds on each sentence. By coincidence, the
average user time for thedouds experiment was also 1 minute, 49 seconds for an
average of 0.1 CLRs and 0.9 case patterns per sentence (NMRs were not evaluated in
thecloudsexperiment).

The onus numbers for each level of semantic analysis in shwll engines
experiment appear in Table 2.

onus 0 1 2 3 average
CLRA 18 4 0 0 0.19
0

0

CA 480 89 15 0.20
NMRA 808 71 7 0.10

Table 2.0nus ratigs for semantic angsis

5 Conclusions

Three main conclusions can be drawn from the evaluation, corresponding to the three
criteria presented in section 4. The first is that the system learns. By using partial
matching on a growing set of semantic patterns, the system can come up with
analyses of inputs that it has never seen before.

The second conclusion is that the system can acquire knowledge from the text
even with fragmentary parses and misparses, although case analysis and NMR
analysis are less sensitive to parse errors than CLR analysis. As mentioned earlier,
this result is due to two things. First, many of the key concepts in a text are repeated
frequently. Second, the fragments in fragmentary parses are often large enough to
cover one or more phrases or even whole clauses. This conclusion is significant, since
one of the main problems of systems that rely on detailed parsing is the parse error
rate, due to the brittleness of grammars. Our evaluation shows that the amount of
knowledge acquired is not necessarily limited by the proportion of perfect parses.

Finally, the evaluation showed that our system is not too onerous for the user. We
extracted fairly complete knowledge from more than 500 sentences in a technical
domain in just a few days. We also showed in section 4 that after a brief training
period the system made the majority of semantic relationship assignments, with the
user merely accepting the analyses. Finally, we observed that the average user time
decreased over the course of the experiment.
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