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Abstract

Natural languagegeneration (nlg ) systemsare computer software systemsthat pro-
duce texts in English and other human languages,often from non-linguistic input data.
nlg systems,like most ai systems,needsubstartial amounts of knowledge. However, our
experiencein two nlg projects suggeststhat it is dicult to acquire correct knowledge
for nlg systems;indeed, every knowledge acquisition (ka) technique we tried had sig-
nicant problems. In generalterms, these problems were due to the complexity, novelty,
and poorly understood nature of the tasks our systemsattempted, and were worsenedby
the fact that people write so dierently. This meant in particular that corpus-basedka
approachessu ered becauseit wasimpossibleto assenble a sizable corpus of high-quality
consistert manually written texts in our domains; and structured expert-oriented ka tech-
niquessu ered becauseexperts disagreedand becausewe could not get enoughinformation
about special and unusual casesto build robust systems. We believe that such problems
are likely to a ect many other nlg systemsaswell. In the long term, we hope that new
ka techniques may emergeto help nlg system builders. In the shorter term, we believe
that understanding how individual ka techniquescan fail, and using a mixture of di erent
ka techniques with dierent strengths and weaknessesgan help developers acquire nig
knowledgethat is mostly correct.

1. Intro duction

Natural languagegeneration (nlg ) systemsusearti cial intelligence (ai) and natural lan-
guage processingtechniques to automatically generatetexts in English and other human
languages,typically from some non-linguistic input data (Reiter & Dale, 2000). As with
most ai systems,an essetial part of building an nlg systemis knowledgeacquisition (ka),
that is acquiring relevant knowledgeabout the domain, the users,the languageusedin the
texts, and so forth.

ka for nlg can be basedon structured expert-oriented techniques, suc as think-aloud
protocols and sorting, or on machine learning and corpus analysis, which are currently very
popular in other areasof Natural LanguageProcessing.We have usedboth typesof tech-
niquesin two nlg projectsthat included signi cant ka e orts { stop (Reiter, Robertson, &
Osman, 2003), which generatedtailored smoking cessationletters, and SumTime-Mousam
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(Sripada, Reiter, Hunter, Yu, & Davy, 2001), which generatedweather forecasts. In both
projects, and for all techniquestried, the main problem turned out to be knowledgequality;
evaluation and validation exercisesidentied aws in the knowledge acquired using every
technique. The aws were due to a variety of factors, but perhapsthe basic underlying
reasonfor them wasthe nature of the writing tasks we were attempting to automate. They
were:

complex (as are many tasks that involve interacting with humans): hencea lot of
knowledgewas neededto cover the numerousspecial casesand unusual circumstances;

sometimesnovel (not done by humans): hence sometimesthere were no experts at
the task as a whole, and no existing corpora of texts to analyse;

poorly understood: hencewe did not have good theoretical models to structure the
knowledgebeing acquired, and Il in gapsin the knowledge acquired from experts or
corpora; and

ambiguous (allowed multiple solutions): hencedierent experts and corpus authors
producedvery di erent texts (solutions) from the sameinput data.

These problems of courseoccur to somedegreein ka for other expert system and natural
languageprocessingtasks, but we believe they may be especially seere for nlg .

We do not have a good solution for these problems, and indeed beliewe that ka is one
of the biggest problemsin applied nlg . After all, there is no point in using ai techniques
to build a text-generation system if we cannot acquire the knowledge neededby the ai
techniques.

In the longer term, more basicreseart into ka for nlg is badly needed.In the shorter
term, howewer, we believe that dewelopers are more likely to acquire correct knowledge
when building an nlg system if they understand likely types of errors in the knowledge
acquired from di erent ka technigues. Also, to somedegreethe di erent ka techniqgueswe
have tried have complemeriary strengths and weaknessesthis suggestsusing a variety of
di erent techniques, so that the weaknesse®f one technique are compensatedfor by the
strengths of other techniques.

In the remainder of this paper we give badkground information on nlg , ka, and our
systems;describe the various ka techniqueswe usedto build our systemsand the problems
we encourtered; and then discuss more generally why ka for nlg is dicult and how
di erent ka techniquescan be combined.

2. Background

In this section we give some background information on natural language generation and
knowledge acquistion and validation. We alsointroduce and brie y describe the stop and
SumTime-Mousam systems.
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2.1 Natural Language Generation

Natural LanguageGenerationis the sub eld of arti cial intelligencethat is concernedwith
automatically generatingwritten texts in human languages,often from non-linguistic input
data. nlg systemsoften have three stages(Reiter & Dale, 2000):

Document Planning decideson the corntent and structure of the generatedtext; for
examplethat a smoking-cessatiorletter should start with a sectionthat discusseghe
pros and consof smoking.

Micr oplanning decideson how information and structure should be expressedinguis-
tically; for example, that the phrase by mid afternoon should be usedin a weather
report to refer to the time 1500.

Surface Realisation generatesan actual text accordingto the decisionsmade in pre-
vious stages,ensuring that the text conformsto the grammar of the target language
(English in our systems).

nlg systemsrequire many types of knowledgein order to carry out thesetasks. In par-
ticular, Kittredge, Korelsky, and Rambow (1991) point out that nlg systemsneeddomain
knowledge (similar to that neededby expert systems), communication knowledge (similar
to that neededby other Natural LanguageProcessingsystems),and also domain communi-
cation knowledge (DCK). DCK is knowledgeabout how information in a domain is usually
comnunicated, including standard documert structures, sublanguagegrammars, and spe-
cialised lexicons. DCK plays a role in all aspects of languagetechnology (for example, a
speed recogniserwill work better in a given domain if it is trained on a corpus of texts
from that domain), but it may be especially important in nlg .

2.2 Kno wledge Acquisition and Validation

Knowledgeacquisition is the sub eld of arti cial intelligencethat is concernedwith acquir-
ing the knowledge neededto build ai systems. Broadly speaking the two most common
typesof ka techniquesare:

Tedniques based on working with experts in a structured fashion, sud as struc-
tured interviews, think-aloud protocols, sorting, and laddered grids (Scott, Clayton,
& Gibson, 1991;Buchanan & Wilkins, 1993);and

Tedniquesbasedon learning from data setsof correct solutions (such astext corpora);
these are currently very popular in natural language processingand used for many
di erent typesof knowledge, ranging from grammar rules to discoursemodels (for an
overview, seeJurafsky & Martin, 2000).

There are of courseother possibleka techniques as well, including directly asking experts
for knowledge, and conducting sciertic experiments. Some researtr has been done on
evaluating and comparing ka techniques, but sud researti can be dicult to interpret
becauseof methodological problems (Shadbolt, O'Hara, & Crow, 1999).

Researth has also been done on verifying and validating knowledge to ched that it
is correct (Adelman & Riedel, 1997). Verication techniques focus on detecting logical
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anomaliesand inconsistencieghat often re ect mistakesin the elicitation or coding process;
we will not further discussthese,as suc errors are not our primary concernin this paper.

Validation techniques focus on detecting whether the knowledge acquired is indeed correct
and will enable the construction of a good system; these are very relevant to e orts to

detect problems in knowledge acquired for nlg . Adelman and Riedel (1997) describe two

generaltypesof validation techniques: (1) having experts ched the acquired knowledgeand

built systems,and (2) using a library of test caseswith known inputs and outputs. In other

words, just asknowledgecan be acquired from experts or from data setsof correct solutions,

knowledgecan also be validated by experts or by data setsof correct solutions. Knowledge
canalsobe validated experimentally, by determining if the systemasa whole works and has
the intended e ect on its users. Of coursecare must be taken that the validation process
usesdi erent resourceghan the acquisition process.For example, knowledgeacquired from

an expert should not be validated by that expert, and knowledge learned from a data set
should not be validated by that data set.

There has not beena great deal of previous researén on knowledge acquisition for nlg ;
Reiter, Robertson, and Osman (2000) summarise previous e orts in this area. Generally
corpusanalysis(analysis of collectionsof manually written texts) hasbeenthe most popular
ka technigue for nlg , asin other areasof Natural LanguageProcessingalthough sometimes
it is supplemened by expert-oriented techniques (Goldberg, Driedger, & Kittredge, 1994;
McKeown, Kukich, & Shaw, 1994). Walker, Rambow, and Rogati (2002) have attempted
to learn nlg rules from userratings of generatedtexts, which can perhapsbe considereda
type of experiment-basedka .

2.3 STOP

stop (Reiter, Robertson, & Osman, 2003)is annlg systemthat generatedailored smoking-
cessationletters. Tailoring is basedon a 4-page multiple-choice questionnaire about the
smoker's habits, health, concerns,and soforth. An extract from a questionnaire is shavn
in Figure 1, and an extract from the stop letter generatedfrom this questionnaireis shavn
in Figure 2 (we have changedthe name of the smoler to presene con dentiality). From a
ka perspective, the mostimportant knowledgeneededin stop is what cortent and phrasing
is appropriate for an individual smoker; for example,

What information should be given in a letter? The example letter in Figure 2, for
instance, emphasiseshings the smoler dislikes about smoking, con dence building,
and dealingwith stressand weight gain; but it doesnot recommendspeci c techniques
for stopping smoking.

Should a letter adopt a positive “you'll feel better if you stop' tone (as done in the
letter in Figure 2), or should it adopt a negative “smokingis killing you' tone?

stop was never operationally deployed, but it was tested with real smokers in a clinical
trial, during which 857 smokers received stop letters (Lennox, Osman, Reiter, Robertson,
Friend, McCann, Skatun, & Donnan, 2001). This evaluation, incidentally, shavedthat stop
letters were no more e ectiv e than cortrol non-tailored letters.
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SMOKING QUESTIONNAIRE
Please answer by marking the most appropriate box for eat question like this: _

Q1 Have you smoked a cigarettein the last week, even a puff?
YES _ NO T
Please mmplete the foll owing questions Please return the questionraire unanswered in the
envelope provided. Thank you.

Please read the questions carefully.  If youare not sure how to answer, just give the best answer you can.

Q2 Homesituation:

Live _ Livewith T Livewith T Livewith T
aone husband/wife/partner other adults children
Q3 Number of children uncer 16livingat home — ......... 0......... boys ......... 0....... girls

Q4 Doesanyone dsein your household smoke? (If so, pease mark all boxes which apgy)
husband/wife/partner T other family member 1 others T

Q5 How long have you smoked for? ...20... yeas
Tick hereif you have smoked for lessthanayear T

Q6 How many cigarettes do you smokein aday? (Please mark the amourt below)
Lessthan 51 5-10% 11-15_ 16-207 21-30 1 3lamore t
Q7 How soon after you wake up do you smoke your first cigarette? (Please mark the time bel ow)

Within 5minutes T 6 - 30 minutes _ 31-60minutes T After 60 minutes T

Q8 Do yau find it difficult not to smokein placeswhereit is YES _ NO T
forbidden egin church, at thelibrary, in the dnema?

Q9 Which cigarette would you hate most to gve up? Thefirst oneinthe morning _
Any of theothers T

Q10 Do you smoke more frequently during thefirst hours after YES T NO
waking than during the rest of the day?

Q11 Do you smokeif you are soill that you are in bed most of the YES T NO

day?
Q12 Q13 If yes, are you intending to stop smoking
Are you intendingtostop YES T » within the next month?
smoking in the next 6 YES T NO T
months?
NO » Q14 If no, would you liketo stop smoking if it was
- easy?
YES T Not Sure _ NOT

Figure 1. First pageof example smoker questionnaire
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Smoking Information for Heather Stewart

You have good reasons to stop...

People stop smoking when they really want to stop. It is encouraging that

you have many good reasons for stopping. The scales show the good

and bad things about smoking for you. They are tipped in your favour.
THINGS YOU LIKE THINGS YOU DISLIKE

it makes you less fit

it's a bad example for kids

you're addicted

it's relaxing it's unpleasant for others
it stops stress other people disapprove
you enjoy it it's a smelly habit
it relieves boredom it's bad for you
it stops weight gain it's expensive

it stops you craving it's bad for others' health

You could do it...

Most people who really want to stop eventually succeed. In fact, 10
million people in Britain have stopped smoking - and stayed stopped - in
the last 15 years. Many of them found it much easier than they expected.

Although you don't feel confident that you would be able to stop if you
were to try, you have several things in your favour.

You have stopped before for more than a month.

You have good reasons for stopping smoking.

You expect support from your family, your friends, and your
workmates.

We know that all of these make it more likely that you will be able to stop.
Most people who stop smoking for good have more than one attempt.

Overcoming your barriers to stopping...

You said in your questionnaire that you might find it difficult to stop
because smoking helps you cope with stress. Many people think that
cigarettes help them cope with stress. However, taking a cigarette only
makes you feel better for a short while. Most ex-smokers feel calmer and
more in control than they did when they were smoking. There are some
ideas about coping with stress on the back page of this leaflet.

You also said that you might find it difficult to stop because you would put
on weight. A few people do put on some weight. If you did stop smoking,
your appetite would improve and you would taste your food much better.
Because of this it would be wise to plan in advance so that you're not
reaching for the biscuit tin all the time. Remember that putting on weight
is an overeating problem, not a no-smoking one. You can tackle it later
with diet and exercise.

And finally...

We hope this letter will help you feel more confident about giving up
cigarettes. If you have a go, you have a real chance of succeeding.

With best wishes,

The Health Centre.

‘oY

uos] Jaqoy % ‘epedus
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day hour wind wind speed wind speed
direction (10m altitude) (50m alt)

12-06-02 6 WSW 10 12
12-06-02 9 WSsw 9 11
12-06-02 12 WSsw 7 9
12-06-02 15 WSswW 7 9
12-06-02 18 SW 7 9
12-06-02 21 SSW 8 10
13-06-02 0 SSW 10 12

Figure 3: Wind data extract from 12-Jun-2002numerical weather prediction

Knowledge acquisition in stop was primarily basedon structured expert-oriented ka
techniques, including in particular sorting and think-aloud protocols. Knowledge was ac-
quired from v e health professionals;three doctors, a nurse, and a health psydologist.
These experts were knowledgeableabout smoking and about patient information, but they
were not experts on writing tailored smoking-cessationetters. In fact there are no experts
at this task, sinceno one manually writes tailored smoking-cessationetters.

It is not unusualfor annlg systemto attempt atask which is not currently performedby
human experts; other examplesinclude descriptions of software models (Lavoie, Rambow,
& Reiter, 1997), customiseddescriptions of museumitems (Oberlander, O'Donnell, Knott,
& Mellish, 1998), and written feedba& for adult literacy students (Williams, Reiter, &
Osman, 2003). Knowledge validation in stop was mostly basedon feedba& from users
(smokers), and on the results of the clinical trial.

2.4 SumTime-Mousam

SumTime-Mousam (Sripada, Reiter, Hunter, & Yu, 2002)is an nlg systemthat generates
marine weather forecastsfor o shore oil rigs, from numerical weather simulation data. An

extract from SumTime-Mousam 's input data is shavn in Figure 3, and an extract from the

forecast generatedfrom this data is shown in Figure 4. From a ka perspective, the main

knowledgeneededby SumTime-Mousam was again what content and expressionwas best
for users;for example,

What changesin a meteorologicalparameter are signi cant enoughto be reported in
the text? The forecastin Figure 4, for example, mentions changesin wind direction
but not changesin wind speed.

What words and phrasesshould be usedto communicate time? For example, should
1800be described as early evening(as in Figure 4) or as late afternoon?

SumTime-Mousam is currently being usedoperationally by a meteorologicalcompary, to
generatedraft forecastswhich are post-edited by human forecasters.

Knowledge acquisition in SumTime-Mousam was based on both corpus analysis of
manually-written forecastsand structured ka with expert meteorologists. Unlike the ex-
perts we worked with in stop , the meteorologistswe worked with in SumTime-Mousam
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FORECAST 6 - 24 GMT, Wed 12-Jun 2002

WIND(KTS)
10M: WSW 8-13gradually badking SW by early evening and SSW by
midnight.
50M: WSW 10-15gradually badking SW by early evening and SSW by
midnight.
WAVES(M)

SIG HT: 0.5-1.0mainly SW swell.
MAX HT: 1.0-1.5mainly SW swell.

PER(SEC)
WAVE PERIOD: Wind wave 3-5 mainly 6 secondSW swell.
WIND WAVE PERIOD: 3-5.
SWELL PERIOD: 5-7.
WEATHER: Partly cloudy becomingovercast with light rain around midnight.
VIS(NM): Greater than 10 reducedto 5-8in precipitation.

AIR TEMP(C): 8-10rising 9-11 around midnight.
CLOUD(OKT AS/FT): 2-4 CU/SC 1300-1800owering 7-8 ST/SC 700-900around
midnight.

Figure 4: Extract from forecastgeneratedfor 12-Jun-2002

were experiencedat writing the target texts (weather forecasts). The forecast corpus in-
cluded the numerical weather simulation data that the forecastersused when writing the
forecasts,as well asthe actual forecasttexts (Sripada, Reiter, Hunter, & Yu, 2003).

Knowledge validation in SumTime-Mousam has mostly been conducted by chedking
knowledge acquired from the corpus with the experts, and chedking knowledge acquired
from the experts against the corpus. In other words, we have tried to make the validation
technique asdi erent aspossiblefrom the acquisition technique. We are currently evaluating
SumTime-Mousam as a system by measuringthe number of edits that forecastersmake
to the computer-generateddraft forecasts.

3. Kno wledge Acquisition Techniques Tried

In this section we summarise the main ka technigues we used in stop and SumTime-

Mousam . For ead technique we give an example of the knowledge acquired, and discuss
what we learned when we tried to validate the knowledge. Table 1 givesa very high level
overview of the major advantages and disadvantages of the di erent techniques we tried,

when the di erent techniques were perhapsmost useful, and what typesof knowledgethey

were best suited to acquiring (using the classi cation of Section2.1). As this table shaws,
no onetechnique is clearly best; they all have di erent strengths and weaknessesProbably

the best overall ka strategy is to usea mix of di erent techniques; we will further discuss
this in Section 5.
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Techniques Adv antages Disadv antages When Types of
Useful Kno wledge
directly ask get big picture | many gaps, may initial domain,
experts not match practice prototype DCK
structured ka | get details, limited coverage, esh out depends
with experts | getrationale experts variable prototype on expert
corpus get lots of hard to create, robustness, DCK,
analysis knowledge texts inconsistert, unusual cases| communication
quickly poor models for nig

expert X problems local optimisation, improve all
revision in knowledge | not major changes | system

Table 1: Summary Evaluation of ka techniques for nig

3.1 Directly Asking Exp erts for Kno wledge

The simplest and perhapsmost obvious ka technique for nlg is to simply ask experts how
to write the texts in question. In both stop and SumTime-Mousam , experts initially
gave us spreadsheetr o wcharts describing how they thought texts should be generated.
In both projects, it also turned out that the experts' description of how texts should be
generateddid not in fact match how peopleactually wrote the texts in question. This is a
common nding in ka, and it is partially due to the fact that it is dicult for experts to
introspectively examine the knowledge they usein practice (Anderson, 1995); this is why
proponerts of expert-oriented ka prefer structured ka techniques.

For example, at the beginning of SumTime-Mousam , one of the meteorologists gave
us a spreadsheetwhich he had designed,which essetially encaded how he thought some
parts of weather forecastsshould be generated(the spreadsheetid not generatea complete
weather forecast). We analysedthe logic usedin the spreadsheetand largely basedthe rst
version of SumTime-Mousam on this logic.

One goal of our analysis was to create an algorithm that could decide when a change
in a parameter value was signi cant enoughsothat it should be mentioned in the weather
report. The spreadsheetused context-dependert changethresholds to make this decision.
For example,a changein the wind speedwould be mertioned if

the changewas 10 knots or more, and the nal wind speedwas 15 knots or less;

the change was 5 knots or more, and the nal wind speed was between 15 and 40
knots; or

the changewas 10 knots or more, and the nal wind speedwas over 40 knots.

The context-dependert thresholdsre ect the usageof the weather reports by the users(in
this case,oil compary sta making decisionsrelated to North Seao shore oil rigs). For
example, if a user is deciding how to unload a supply boat, moderate changesin wind
speed don't matter at low speeds(becauselight winds have minimal impact on supply
boat operations) and at high speeds(becausethe boat won't even attempt to unload in
very heavy winds), but may a ect decisionsat in-betweenspeeds. The context-dependert
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thresholdswould be expectedto vary accordingto the speci ¢ forecastrecipient, and should
be setin consultation with the recipiert.

From our perspective, there were two main piecesof knowledge encaled in this algo-
rithm:

1. The absolute sizeof a change determineswhether it should be mertioned or not, and

2. The threshold for signi cance dependson the context and ultimately on how the user
will usethe information.

3.1.1 Valid ation of Direct Expert Kno wledge

We cheded theserules by comparing them to what we obsened in our corpus analysis of
manually written forecasts(Section 3.3). This suggestedthat while (2) above is probably
correct, (1) may be incorrect. In particular, a linear segmemation model (Sripada et al.,
2002),which basically looks at changesin sloperather than changesin the absolutevalue of a
parameter, better matchesthe corpustexts. The expert who designedthe spreadsheetnodel
agreedthat segmemation was probably a better approach. He also essetially commerted
that onereasonfor his useof the absolute sizemodel wasthat this was somethingthat was
easily comprehensibleto someonenho wasneither a programmer nor an expert at numerical
data analysistechniques.

In other words, in addition to problemsin introspecting knowledge, it also perhapsis
not reasonableto expect a domain expert to be able to write a sophisticated data analysis
algorithm basedon his expertise. This is not an issueif the knowledge neededis purely
declarative, as it is in many ai applications; but if we need procedural or algorithmic
knowledge,we must bearin mind that domain experts may not have su cien t computational
expertise to expresstheir knowledge as a computer algorithm.

3.1.2 Role of Directl y Asking Exper ts for Kno wledge

Although the expert's spreadsheetin SumTime-Mousam was far from ideal, it was ex-
tremely useful as a starting point. It specied an initial systemwhich we could build fairly
easily and which produced at least vaguely plausible output. Much the samein fact hap-
penedin stop , when one of the doctors gave us a owchart which certainly had many
weaknesseshut which was usefulas an initial speci cation of a relatively easy-to-build and
somewhatplausible system. In both stop and SumTime-Mousam , asindeedin other nig
projects we have beeninvolved in, having an initial prototype systemworking as soon as
possiblewas very useful for developing our ideasand for explaining to domain experts and
other interested parties what we were trying to do.

In terms of the types of knowledge mertioned in Section 2.1, both the stop o wchart
and the SumTime-Mousam spreadsheetspeci ed domain knowledge (for example, how
smokers should be categorised)and domain communication knowledge(for example,the use
of rangesinstead of singlenumbersto communicate wind speed). The stop o wchart did not
specify any generic communication knowledge such as English grammar and morphology;
the author probably believed we knew more about sud things than he did. The SumTime-
Mousam spreadsheetdid in e ect include a few English grammar rules, but thesewere just
to get the spreadsheetto work, the author did not have much con dence in them.
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In summary, we think directly asking experts for knowledge is an excellet way to
quickly build an initial system, especially if the nlg dewelopers can supply communication
knowledgethat the domain expert may not possessBut oncethe initial systemis in place,
it is probably bestto useother ka techniques, at leastin poorly understood areassuc as
nlg . Howewer, in applications where there is a solid theoretical basis, and the expert can
simply say “build your system according to theory X', an expert's direct knowledge may
perhapsbe all that is needed.

3.2 Structured Exp ert-Orien ted KA: Think-Aloud Proto cols

There are numerous types of structured expert-oriented ka techniques, including think-
aloud protocols, sorting, and structured interviews (Scott et al., 1991). We will focus here
on think-aloud protocols, which is the technique we have used the most. We have tried
other structured ka techniques as well, such as sorting (Reiter et al., 2000); we will not
describe these here, but our broad conclusionsabout other structured ka techniques were
similar to our conclusionsabout think-aloud protocols.

In athink-aloud protocol, an expert carriesout the task in question (in our case,writing
a text) while “thinking aloud' into an audio (or video) recorder. We used think-aloud
protocolsin both stop and SumTime-Mousam . They were especially important in stop ,
where they provided the basisfor most content and phrasing rules.

A simple example of the think-aloud processis as follows. One of the doctors wrote a
letter for a smoker who had tried to stop before,and managedto stop for sewveral weeksbefore
starting again. The doctor made the following commerts in the think-aloud transcript:

Has he tried to stop smoking before? Yes, and the longest he has managed
to stop | he has ticked the one week right up to three months and that's
encouragingin that he has managedto stop at least once before, becauseit is
always said that the people who have had one or two goes are more likely to
succeedin the future.

He alsoincluded the following paragraphin the letter that he wrote for this smoker:

| seethat you managedto stop smokingon oneor two occasionsbeforebut have
gone badk to smoking, but you will be glad to know that this is very common
and most peoplewho nally stop smoking have had one or two attempts in the
past beforethey nally succeed.What it doesshaw is that you are capable of
stopping even for a short period, and that meansyou are much more likely to be
able to stop permanertly than somelody who has never ever stopped smoking
at all.

After analysing this sessionwe proposedtwo rules:
IF (previous attempt to stop) THEN (message:more likely to succeed)

IF (previous attempt to stop) THEN (message: most people who stop have a few
unsuccessfulattempts rst)
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The nal systemincorporated a rule (basedon seweral ka sessionshot just the above
one) that stated that if the smoker had tried to stop before, and if the letter included a
section on con dence building, then the con dence-building section should include a short
messageabout previous attempts to stop. If the smoker had managedto quit for more than
one week, this should be mentioned in the messageptherwise the messageshould mertion
the recencyof the smoler's previous cessationattempt if this waswithin the past 6 months.
The actual text generatedfrom this rule in the exampleletter of Figure 2 is

Although you don't feel con dent that you would be able to stop if you wereto
try, you have se\eral things in your favour.

You have stopped beforefor more than a month.

Note that the text produced by the actual stop code is considerably simpler than the
text originally written by the expert. This is fairly common, as are simpli cations in the
logic usedto decidewhether to include a messagen a letter or not. In many casesthis is
due to the expert having much more knowledge and expertise than the computer system
(Reiter & Dale, 2000, pp 30{36). In general,the processof deriving implemenable rules
for nlg systemsfrom think-aloud protocolsis perhapsmore of an art than a science,not
least becausedi erent experts often write texts in very di erent ways.

3.2.1 Valid ation of Str uctured KA Kno wledge

We attempted to verify someof the rules acquired from stop think-aloud sessionshy per-
forming a seriesof small experiments where we asked smokersto commeri on a letter, or to
comparetwo versionsof a letter. Many of the rules were supported by these experiments -
for example, peoplein generalliked the recap of smoking likesand dislikes (seeYou have
good reasons to stop. .. section of Figure 2). Howewer, one general negative nding
of these experiments was that the tailoring rules were insu cien tly sensitive to unusual or
atypical aspectsof individual smokers; and most smokerswere probably unusual or atypical
in someway. For example, stop letters did not go into the medical details of smoking (as
none of the think-aloud expert-written letters cortained such information), and while this
seemedike the right choice for many smolers, a few smokers did say that they would have
liked to seemore medical information about smoking. Another exampleis that (again based
on the think-aloud sessions)we adopted a positive tone and did not try to scaresmolers;
and again this seemedright for most smokers, but somesmokers said that a more “brutal’
approach would be more e ectiv e for them.

The fact that our experts did not tailor letters in such ways may possibly re ect the
fact that such tailoring would not have beenappropriate for the relatively small number of
speci ¢ casesthey consideredin our think-aloud sessions.We had 30 think-aloud sessions
with experts, who looked at 24 di erent smoker questionnaires(6 questionnaireswere con-
sidered by two experts). This may soundlike a lot, but it is a drop in the oceanwhen we
considerhow tremendously variable peopleare.

Commerts made by smokers during the stop clinical trial (Reiter, Robertson, & Os-
man, 2003) also revealed some problems with think-aloud derived rules. For example, we
decided not to include practical “how-to-stop' information in letters for people not cur-
rently intending to stop smoking; smoker commerts suggestthat this was a mistake. In
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fact, someexperts did include such information in think-aloud letters for such people,and
somedid not. Our decisionnot to include this information was in uenced by the Stages
of Changetheoretical model (Prochaska & diClemente, 1992) of behaviour change, which
statesthat “how-to-stop' advice is inappropriate for peoplenot currently intending to stop;
in retrospect, this decisionwas probably a mistake.

We repeated two of our think-aloud exercisesl5 months after we originally performed
them; that is, we went badk to one of our experts and gave him two questionnaireshe had
analysed 15 months earlier, and asked him to once again think aloud while writing letters
basedon the guestionnaires. The letters that the expert wrote in the secondsessionwere
somewhatdi erent from the oneshe had originally written, and were preferred by smolkers
over the letters he had originally written (Reiter et al., 2000). This suggestghat our experts
were not static knowledge sources,but were themsehes learning about the task of writing
tailored smoking-cessationletters during the courseof the project. Perhapsthis should not
be a surprise given that none of the experts had ever attempted to write such letters before
getting involved with our project.

3.2.2 Role of Str uctured Exper t-Oriented KA

Structured expert-oriented ka was certainly a useful way to expand, re ne, and generally
improve initial prototypesconstructedon the basisof experts' direct knowledge. By focusing
on actual casesand by structuring the ka process,we learned many things which the
experts did not mertion directly. We obtained all the types of knowledge mentioned in
Section 2.1, by working with experts with the relevant expertise. For examplein stop we
acquired domain knowledge (such asthe medical e ects of smoking) from doctors, domain
communication knowledge (such aswhich words to use) from a psycdologist with expertise
in writing patient information lea ets, and communication knowledgeabout graphic design
and layout from a graphic designer.

Howewer, structured expert-oriented ka did have some problems, including in partic-
ular coverage and variability. As mertioned above, 30 sessionghat examined 24 smolker
guestionnairescould not possibly give good coverage of the population of smokers, given
how complex and variable peopleare. As for variation, the fact that di erent experts wrote
texts in very di erent ways madeit di cult to extract rulesfrom the think-aloud protocols.
We undoubtably made somemistakesin this regard, such asnot giving "how-to-stop' infor-
mation to peoplenot currently intending to stop smoking. Perhapswe should have focused
on a single expert in order to reduce variation. Howewer, our experiencessuggestedthat
di erent experts werebetter at di erent typesof information, and alsothat experts changed
over time (so we might seesubstartial variation even in texts from a single author); these
obsenations raise doubts about the wisdom and usefulnessof a single-expert strategy.

In short, the complexity of nlg tasks meansthat a very large number of structured ka
sessionsnay be neededto get good coverage;and the fact that there are numerousways to
write texts to ful I a communicative goal meansthat di erent experts tend to write very
di erently, which makesanalysis of structured ka sessiondi cult.
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3.3 Corpus Analysis

In recen yearsthere hasbeengreat interestin Natural LanguageProcessingand other areas
of ai in using machine learning techniguesto acquire knowledgefrom relevant data sets. For
example,instead of building a medical diagnosissystemby trying to understand how expert
doctors diagnosediseaseswe can instead analysedata setsof obsened symptomsand actual
diseasesand usestatistical and machine learning techniquesto determine which symptoms
predict which disease.Similarly, instead of building an English grammar by working with
expert linguists, we can instead analyse large collections of grammatical English texts in
order to learn the allowable structures (grammar) of such texts. Such collections of texts
are called corpora in Natural LanguageProcessing.

There has been growing interest in applying suc techniques to learn the knowledge
neededfor nlg . For example, Barzilay and McKeown (2001) used corpus-basedmachine
learning to learn paraphrasepossibilities; Duboue and McKeown (2001) used corpus-based
machine learning to learn how NP constituents should be ordered; and Hardt and Rambow
(2001) used corpus-basedmadine learning to learn rules for VP ellipsis.

Somenlg researders, such as McKeown et al. (1994), have used the term “corpus
analysis' to refer to the manual analysis (without using machine learning techniques) of a
small set of texts which are written explicitly for the nlg project by domain experts (and
hence are not naturally occurring). This is certainly a valid and valuable ka technique,
but we regard it asa form of structured expert-oriented ka, in someways similar to think-
aloud protocols. In this paper, “corpus analysis' refersto the use of machine learning and
statistical techniquesto analysecollections of naturally occurring texts.

Corpusanalysisin our senseof the word wasnot possiblein stop becausewvedid not have
a collection of naturally occurring texts (since doctors do not currently write personalised
smoking-cessationletters). We briey consideredanalysing the example letters produced
in the think-aloud sessionswith machine learning techniques, but we only had 30 such
texts, and we believed this would be too few for successfullearning, especially given the
high variability betweenexperts. In other words, perhapsthe primary strength of corpus
analysisis its ability to extract information from large data sets; but if there are no large
data setsto extract information from, then corpus analysislosesmuch of its value.

In SumTime-Mousam , we wereableto acquireand analysea substartial corpusof 1099
human-written weather forecasts, along with the data les that the forecasterslooked at
when writing the forecasts(Sripada et al., 2003). Details of our corpus analysis procedures
and results have been preseried elsewhere(Reiter & Sripada, 2002a;Sripada et al., 2003),
and will not be repeated here.

3.3.1 Valid ation of Corpus Anal ysis Kno wledge

While many of the rules we acquired from corpus analysis were valid, some rules were
problematical, primarily due to two factors: individual variations betweenthe writers, and
writers making choicesthat were appropriate for humans but not for nlg systems.

A simple exampleof individual variation and the problemsit causeds asfollows. One of
the rst things we attempted to learn from the corpuswas how to expressnumbersin wind
statemerts. We initially did this by searding for the most common textual realisation of
ead number. This resulted in rulesthat said that 5 should be expressedas5, but 6 should
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form |F1 F2 F3 F4 F5 unknown | total
5/ 0 7 0 0 122 4| 133
05| 0 O 1 46 0 2 49
6| 0 44 0 0 89 2| 135
06| 0 O 364 154 0 13| 531

Table 2: Usageof 5, 05, 6, 06 in wind statemerts, by forecaster

be expressedas 06. Now it is probably acceptablefor a forecastto always include leading
zerosfor single digits (that is, use 05 and 06), and to newer include leading zeros(that is,
use5 and 6). Howewer, it is probably not acceptableto mix the two (that is, use5 and 06
in the sameforecast), which is what our rules would have led to.

The usageof 5, 05, 6, and 06 by ead individual forecasteris shavn in Table 2. As
this table suggests,ead individual forecasteris consisten; forecastersF3 and F4 always
include leading zeros, while forecastersF2 and F5 newver include leading zeros. F1 in fact
is also consistert and always omits leading zeros;for example he uses8 instead of 08. The
reasonthat the overall statistics favour 5 over 05 but 06 over 6 is that individuals alsodi er
in which descriptions of wind speedthey prefer to use. For example, F1 never explicitly
mertions low wind speedssuc as5 or 6 knots, and instead always usesgenericphrasessud
as 10 OR LESS, F2, F4, and F5 usea mix of genericphrasesand explicit numbersfor low
wind speeds;and F3 always usesexplicit numbersand never usesgenericphrases. Someof
the forecasters(especially F3) also have a strong preferencefor even numbers. This means
that the statistics for 5 vs. 05 are dominated by F5 (the only forecasterwho both explicitly
mertions low wind speedsand doesnot prefer even numbers); while the statistics for 6 vs.
06 are dominated by F3 (who usesthis number a lot becausenhe avoids both genericphrases
and odd numbers). Hencethe somewhatodd result that the corpus overall favours 5 over
05 but 06 over 6.

This exampleis by no meansunique. Reiter and Sripada (2002b) explain how a more
complex analysis using this corpus, whose goal was to determine the most common time
phrasefor ead time, similarly led to unacceptablerules, again largely becauseof individual
di erences betweenthe forecasters.

There are obvious methods to dealwith the problemscausedby individual variation. For
example,we could restrict the corpusto texts from oneauthor; although this doeshave the
major drawbadk of signi cantly reducing the size of the corpus. We could also use a more
sophisticatedmodel, such aslearning onerule for how all singledigit numbersare expressed,
not separaterules for eacy number. Or we could analysethe behaviour of individuals and
identify choices(such as presenceof a leading zero) that vary betweenindividuals but are
consisterlly made by any given individual; and then make such choicesparameters which
the user of the nlg system can specify. This last option is probably the best for nlg
systems (Reiter, Sripada, & Williams, 2003), and is the one usedin SumTime-Mousam
for the leading-zerochoice.

Our main point is simply that we would have beenin trouble if we had just acceptedour
initial corpus-derived rules (use 5 and 06) without question. As most corpus researtiers
are of course aware, the result of corpus analysis depends on what is being learned (for
example, a rule on how to realise 5, or a rule on how to realise all single-digit numbers)
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and on what featuresare usedin the learning (for example,just the number, or the number
and the author). In more complex analyses,such asour analysisof time-phrase choicerules
(Reiter & Sripada, 2002b), the result also dependson the algorithms usedfor learning and
alignment. The dependenceof corpus analysis on these choicesmeansthat the results of
a particular analysis are not guaranteed to be correct and needto be validated (cheded)
just like the results of other ka techniques. Also, what is often the best approad from an
nlg perspective, namely identifying individual variations and letting the user choosewhich
variation he or she prefers, requires analysing di erences between individual writers. To
the best of our knowledge most published nl corpus analyseshave not done this, perhaps
in part becausemany popular corpora do not include author information.

The other recurring problem with corpus-derived rules was caseswhere the writers
produced sub-optimal texts that in particular were shorter than they should have been,
probably becausesud texts were quicker to write. For instance, we noticed that when
a parameter changedin a more or less steady fashion throughout a forecast period, the
forecastersoften omitted a time phrase. For example, if a S wind rose steadily in speed
from 10 to 20 over the courseof a forecastperiod covering a calendar day, the forecasters
might write S8-12RISING TO 18-22,instead of S8-12RISING TO 18-22BY MIDNIGHT.
A statistical corpus analysis showed that the “null' time phrasewas the most common one
in sud contexts, usedin 33% of cases.The next most commontime phrase,later, wasonly
usedin 14% of cases. Accordingly, we programmed our systemto omit the time phrase
in such circumstances. However, when we asked experts to comment on and revise our
generatedforecasts(Section 3.4), they told us that this behaviour was incorrect, and that
forecastsweremore usefulto end usersif they included explicit time phrasesand did not rely
on the readersremenbering when forecast periods ended. In other words, in this example
the forecasterswere doing the wrong thing, which of coursemeart that the rule produced
by corpus analysis was incorrect.

We don't know why the forecastersdid this, but discussionswith the forecastmanagers
about this and other mistakes(such asforecastauthors describingwind speedand direction
aschanging at the sametime, even whenthey actually were predicted to changeat di erent
times) suggestedhat onepossiblecauseis the desireto write forecastsquickly. In particular,
numerical weather predictions are constartly being updated, and customers want their
forecaststo be basedon the most up-to-date prediction; this can limit the amount of time
available to write forecasts.

In fact it can be perfectly rational for human writers to “cut corners' becauseof time
limitations. If the forecastersbelieve, for example, that quickly writing a forecastat the
last minute will let them usemore up-to-date prediction data; and that the bene ts of more
up-to-date data outweighsthe costs of abbreviated texts, then they are making the right
decisionwhen they write shorter-than-optimal texts. An nlg system, howeer, facesa very
dierent set of tradeos (for example, omitting a time phraseis unlikely to speedup an
nlg system), which meansthat it should not blindly imitate the choicesmade by human
writers.

This problem is perhapsa more fundamertal onethan the individual variation problem,
becauseit can not be solved by appropriate choices as to what is being learned, what
features are considered,and so forth. Corpus analysis, however it is performed, learns the
choice rules used by human authors. If theserules are inappropriate for an nlg system,
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then the rules learned by corpus analysis will be inappropriate onesas well, regardlessof
how the corpus analysisis carried out.

In very general terms, corpus analysis certainly has many strengths, suc as looking
at what people do in practice, and collecting large data sets which can be statistically
analysed. But pure corpus analysis doesperhapssu er from the drawbadk that it givesno
information on why experts madethe choicesthey made,which meansthat blindly imitating
a corpus can lead to inappropriate behaviour when the human writers face a di erent set
of constraints and tradeo s than the nlg system.

3.3.2 Role of Corpus Anal ysis

Corpus analysis and macdhine learning are wonderful ways to acquire knowledgeif

1. there is a large data set (corpus) that covers unusual and boundary casesas well as
normal cases;

2. the menmbers of the data set (corpus) are correct in that they are what we would like
the software systemto produce;and

3. the menmbersof the data set (corpus) are consistent (modulo somenoise), for example
any given input generally leadsto the sameoutput.

Theseconditions are probably satis ed when learning rules for medical diagnosisor speet
recognition. However, they were not satis ed in our projects. None of the above conditions
were satis ed in stop , and only the rst was satis ed in SumTime-Mousam .

Of course,there may be ways to alleviate someof theseproblems. For example,we could
try to acquire generalcommunication knowledge which is not domain dependert (such as
English grammar) from general corpora sud as the British National Corpus; we could
arguethat certain aspects of manually written texts (such aslexical usage)are unlikely to
be adverselya ected by time pressureand henceare probably correct; and we could analyse
the behaviour of individual authors in order to enhanceconsistency(in other words, treat
author asaninput feature on a par with the actual numerical or semaric input data). There
is scope for valuable researt here, which we hope will be consideredby peopleinterested
in corpus-basedtechniquesin nlg .

We primarily used corpus analysisin SumTime-Mousam to acquire domain commu-
nication knowledge, such as how to linguistically expressnumbers and times in weather
forecasts,when to elide information, and sublanguageconstraints on the grammar of our
weather forecasts. Corpus analysis of coursecan also be usedto acquire genericcommuni-
cation knowledge sudh as English grammar, but as mentioned above this is probably best
doneon a large generalcorpus sud asthe British National Corpus. We did not usecorpus
analysisto acquire domain knowledgeabout meteorology Meteorologicalreseartersin fact
do use madine learning techniquesto learn about meteorology but they analyse numeric
data setsof actual and predicted weather, they do not analysetextual corpora.

In summary, madine learning and corpus-basedtechniques are extremely valuable if
the above conditions are satis ed, and in particular o er a cost-e ective solution to the
problem of acquiring the large amount of knowledge neededin complex nlg applications
(Section 3.2.2). Acquiring large amourts of knowledge using expert-oriented ka techniques
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is expensive and time-consumingbecausat requiresmany sessiongvith experts; in cortrast,
if a large corpus of consistert and correct texts can be created, then large amounts of
knowledge can be extracted from it at low marginal cost. But like all learning techniques,
corpus analysisis very vulnerable to the “Garbageln, GarbageOut' principle; if the corpus
is small, incorrect, and/or inconsistent, then the results of corpus analysis may not be
correct.

3.4 Exp ert Revision

In both stop and SumTime-Mousam , we made heavy use of expert revision. That is, we
showved generatedtexts to experts and asked them to suggestchangesthat would improve
them. In a sense,expert revision could be consideredto be a type of structured expert-
oriented ka, but it seemsto have somewhatdi erent strengths and weaknesseghan the
techniques mentioned in Section 3.2, sowe treat it separately

As an example of expert revision, an early version of the stop systemusedthe phrase
there are lots of good reasonsfor stopping One of the experts commerted during a revision
sessionthat the phrasing should be changedto emphasisethat the reasonslisted (in this
particular section of the stop letter) were onesthe smoker himself had selectedin the
qguestionnairehe lled out. This eventually led to the revisedwording It is enmuraging that
you have many gaod reasons for stopping which is in the rst paragraph of the example
letter in Figure 2. An example of expert revision in SumTime-Mousam was mentioned in
Section 3.3; when we showed experts generatedtexts that omitted someend-of-period time
phrases,they told us this was incorrect, and we should include such time phrases.

In stop , we alsotried revision sessionsvith recipiens (smokers). This waslesssuccessful
than we had hoped. Part of the problem wasthe smokersknew very little about stop (unlike
our experts, who were all familiar with the project), and often made commens which were
not useful for improving the system, such as| did stop for 10 daystil my daughterthrew a
wobblyand then | wanted a cigarette and bought some Also, most of our commeris came
from well-educatedand articulate smolkers, such asuniversity students. It washarder to get
feedba& from lesswell-educated smokers, such as single mothers living in council (public
housing) estates. Hencewe wereunsureif the revision commerts we obtained were generally
applicable or not.

3.4.1 Valid ation of Exper t Revision Kno wledge

We did not validate expert revision knowledgeaswe did with the other techniques. Indeed,
we initially regardedexpert revision asa validation technique, not a ka technique, although
in retrospect it probably makes more senseto think of it asa ka technique.

On a qualitativ e level, though, expert revision has certainly resulted in a lot of useful
knowledge and ideas for changing texts, and in particular proved a very useful way of
improving the handling of unusual and boundary cases.For example, we changedthe way
we described uneventful days in SumTime-Mousam (when the weather changedvery little
during a day) basedon revision sessions.

The commert was made during stop that revision was best at suggestingspeci c lo-
calisedchangesto generatedtext, and lessusefulin suggestinglarger changesto the system.
One of the stop experts suggested,after the system was built, that he might have been
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able to suggestlarger changesif we had explainedthe system'sreasoningto him, instead of
just giving him a letter to revise. In other words, just as we asked experts to "think-aloud'
as they wrote letters, in order to understand their reasoning,it could be usefulin revision
sessionsif experts understood what the computer system was "thinking' as well as what
it actually produced. Davis and Lenat (1982, page 260) have similarly pointed out that
explanations can help experts debug and improve knowledge-basedsystems.

3.4.2 Role of Expert Revision

We have certainly found expert revision to be an extremely useful technique for improving
nlg systems;and furthermore it is useful for improving all types of knowledge (domain,
domain communication, and communication). But at the sametime revision does seemto
largely be a local optimisation technique. If an nlg systemis already generating reasonable
texts, then revision is a good way of adjusting the system'sknowledgeand rulesto improve
the quality of generatedtext. But like all local optimisation techniques, expert revision
may tend to push systemstowards a “local optimum’, and may be lesswell suited to nding
radically di erent solutions that give a better result.

4. Discussion: Problems Revisited

In section 1 we explained that writing tasks can bedicult to automate becausetheseare
complex, often novel, poorly understood, and allow multiple solutions. In this section we
discusseadt of these problems in more detail, basedon our experienceswith stop and
SumTime-Mousam .

4.1 Complexit y

Becausenlg systemscommunicate with humans, they need knowledge about people, lan-
guage,and how peoplecommunicate; sinceall of theseare very complex, that meansthat in
generalnlg systemsneeda lot of complexknowledge. This is oneof the reasonswhy knowl-
edgeacquisition for nlg is sodicult. If we recall the distinction in Section 2.1 between
domain knowledge, domain communication knowledge, and communication knowledge, it
may be that communication knowledge (such as grammar) is genericand hencecan be ac-
quired once(perhapsby corpus-basedechnigues) and then usedin many applications. And
domain knowledgeis similar to what is neededby other ai systems,so problems acquiring
it are not unique to nlg . But domain communication knowledge, such asthe optimal tone
of a smoking letter and how this tone can be achieved, or when information in a weather
forecastcan be elided, is application dependert (and hencecannot be acquired generically)
and is also knowledge about languageand communication (and henceis complex). Hence
ka for nlg may always require acquiring complex knowledge.

In our experience,the best way to acquire complex knowledgerobustly is to get infor-
mation on how a large number of individual casesare handled. This can be doneby corpus
analysisif a suitable corpus can be created. It can also sometimesbe done by expert revi-
sion, if experts have the time to look at a large number of generatedtexts; in this regard
it may be useful to tell them to only commert on major problems and to ignore minor
di culties. But howewer the knowledgeis acquired, it will require a substartial e ort.
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4.2 Novelty

Of course, many ai systemsneed complex knowledge, so the above commerts are hardly
unique to nlg . But one aspect of nlg which perhapsis more unusual is that many of the
tasks nlg systemsare expectedto perform are novel tasks that are not currently done by
humans. Most ai “expert systems'attempt to replicate the performanceof human experts
in areassud as medical diagnosisand credit approval. Similarly, most languagetechnology
systemsattempt to replicate the performance of human language usersin tasks suc as
speet recognition and information retrieval. But many nlg applications are like stop ,
and attempt a task that no human performs. Even in SumTime-Mousam , an argumert
could be made that the task humans actually perform is writing weather forecastsunder
time constraints, which is in fact di erent from the task performedby SumTime-Mousam .

Novelty is a fundamenal problem, becauseit meansthat knowledge acquired from
expert-oriented ka may not be reliable (since the experts are not in fact experts at the
actual nlg task), and that a corpus of manually-written texts probably does not exist.
This meansthat none of the ka techniques described above are likely to work. Indeed,
acquiring novel knowledgeis almost the de nition of sciertic researd, so perhapsthe only
way to acquire such knowledgeis to conduct sciertic researt in the domain. Of course,
only someknowledgewill needto be acquired in this way, even in a novel application it is
likely that much of the knowledge needed(such as grammar and morphology) is not novel.

On the other hand, novelty perhapsis also an opportunity for nlg . One of the draw-
badks of corverntional expert systemsis that their performanceis often limited to that of
human experts, in which caseusersmay preferto consult actual experts instead of computer
systems. But if there are no experts at atask, an nlg systemmay be usedevenif its output
is far from ideal.

4.3 Poorly Understo od Tasks

A perhaps related problem is that there are no good theoretical models for many of the
choicesthat nlg systemsneedto make. For example, the ultimate goal of stop is to
change people'sbehaviour, and a number of colleagueshave suggestedthat we basestop
on argumertation theory, as Grasso,Cawsey and Jones(2000) did for their dietary advice
system. However, argumertation theory focuseson persuadingpeopleto changetheir beliefs
and desires,whereasthe goal of stop was more to encouragepeopleto act on beliefsand
desiresthey already had. In other words, stop 's main goal was to encouragepeople who
already wanted to stop smokingto make a seriouscessationattempt, not to corvince people
who had no desireto quit that they should change their mind about the desirability of
smoking. The most applicable theory we could nd was Stagesof Change (Prochaska &
diClemente, 1992), and indeedwe partially basedstop on this theory. Howevwer, the results
of our evaluation suggestedthat someof the choicesand rules that we basedon Stagesof
Changewere incorrect, as mentioned in Section 3.2.1.

Similarly, one of the problems in SumTime-Mousam is generating texts that will be
interpreted correctly despite the fact that dierent readershave di erent idiolects and in
particular probably interpret words in di erent ways (Reiter & Sripada, 2002a;Roy, 2002).
Theoretical guidanceon how to do this would have beenvery useful, but we were not able
to nd any suc guidance.

510



Acquiring Correct Knowledge for NLG

The lack of good theoretical models meansthat nlg dewelopers cannot usesuc models
to "Il in the cradks' betweenknowledgeacquired from experts or from data sets,ascan be
doneby ai systemsin better understood areassuc as scheduling or con guring madinery.
This in turn meansthat a lot of knowledgemust be acquired. In applications wherethere is
a good theoretical basis,the goal of ka is perhapsto acquire a limited amourt of high-level
information about seard strategies,taxonomies, the bestway to represen knowledge, etc;
oncethese have beendetermined, the details can be lled in by theoretical models. But in
applications where details cannot be lled in from theory and needto be acquired, much
more knowledge is needed. Acquiring sud knowledge with structured expert-oriented ka
could be extremely expensive and time consuming. Corpus-basedtechniques are cheaper if
a large corpusis available; however, the lack of a good theoretical understanding perhaps
contributes to the problem that we do not know which behaviour we obsene in the corpus
is intended to help the reader (and henceshould be copied by an nlg system) and which
behaviour is intended to help the writer (and henceperhapsshould not be copied).

4.4 Exp ert Variation

Perhapsin part becauseof the lack of good theories, in both stop and SumTime-Mousam
we obsened considerablevariation betweenexperts. In other words, di erent experts wrote
quite dierent texts from the sameinput data. In stop we also discovered that experts
changed how they wrote over time (Section 3.2.1).

Variability causedproblems for both structured expert-oriented ka (becausedi erent
experts told us di erent things) and for corpus analysis (becausevariation among corpus
authors made it harder to extract a consistert set of rules with good coverage). Howeer,
variation seemsto have beenlessof a problem with revision. We suspect this is because
experts vary lesswhen they are very con dent about a particular decision;and in revision
experts tended to focus on things they were con dent about, which was not the casewith
the other ka techniques.

In a sensevariability may be especially dangerousin corpus analysis, becausethere is
no information in a corpus about the degreeof con dence authors have in individual de-
cisions, and also becausedevelopers may not even realisethat there is variability between
authors, especially if the corpus does not include author information. In contrast, struc-
tured expert-oriented techniques such as think-aloud do sometimesgive information about
experts' con dence, and also variations betweenexperts are usually obvious.

We experimented with varioustechniquesfor resolvingdi erences betweenexperts/authors,
such asgroup discussionsand focusingon the decisionsmadeby oneparticular expert. None
of thesewerereally satisfactory. Given our experienceswith revision, perhapsthe best way
to reducevariation is to dewelop ka techniquesthat very clearly distinguish betweendeci-
sionsexperts are con dent in and decisionsthey have lesscon dence in.

5. Development Metho dology: Using Multiple KA Techniques

From a methodological perspective, the fact that dierent ka techniques have dierent
strengths and weaknessesuggeststhat it makessenseto usea mixture of seweral di erent
ka techniques. For example, if both structured expert-oriented ka and corpus analysis
are used, then the explanatory information from the expert-oriented ka can be usedto
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help identify which decisionsare intended to help the reader and which are intended to
help the writer, thus helping overcomea problem with corpus analysis; and the broader
coverageof corpus analysis can shov how unusual and boundary casesshould be handled,
thus overcoming a problem with expert-oriented ka .

It alsomay make senseto usedi erent techniquesat di erent points in the developmert
process.For example, directly asking experts for knowledge could be stressedat the initial
stagesof a project, and usedto build a very simple initial prototype; structured ka with
experts and corpus analysis could be stressedduring the middle phasesof a project, when
the prototype is eshed out and corverted into something resenbling a real system; and
revision could be usedin the later stagesof a project, when the systemis beingre ned and
improved.

This strategy, which is graphically showvn in Figure 5, is basically the one we followed
in both stop and SumTime-Mousam . Note that it suggeststhat knowledgeacquisition is
somethingthat happensthroughout the developmert process.In other words, wedo not rst
acquire knowledge and then build a system; knowledge acquisition is an ongoing process
which is closely coupled with the general software developmert e ort. Of course, this is
hardly a novel obsenation, and there are many dewvelopmert methodologiesfor knowledge-
based systems that stress iterative developmert and continual ka (Adelman & Riedel,
1997).

In the short term, we beliewe that using a developmert methodology that combines
di erent ka techniquesin this manner, and also validating knowledge as much as possible,
are the best strategiesfor acquiring nlg knowledge. We also believe that wheneer possible
knowledgethat is acquiredin oneway should be validated in another way. In other words,
we do not recommendvalidating corpus-acquiredknowledge using corpus techniques (even
if the validation is done with a held-out test set); or validating expert-acquired knowledge
using expert-based validation (even if the validation is done using a di erent expert). It
is preferable (although not always possible) to validate corpus-acquired knowledge with
experts, and to validate expert-acquired knowledge with a corpus.

Another issuerelated to developmert methodology is the relationship between knowl-
edgeacquisition and system evaluation. Although these are usually consideredto be sep-
arate activities, in fact they can be closelyrelated. For example, we are currently running
an evaluation of SumTime-Mousam which is basedon the number of edits that forecasters
manually make to computer-generatedforecastsbefore publishing them; this is similar to
edit-cost evaluations of machine translation systems(Jurafsky & Martin, 2000, page 823).
Howewer, theseedits are alsoan excellert sourceof data for improving the systemvia expert
revision. To take onerecert example, a forecasteredited the computer-generatedtext SSE
23-28 GRADUALL Y BACKING SE 20-25 by dropping the last speedrange, giving SSE
23-28 GRADUALL Y BACKING SE. This can be consideredas evaluation data (2 token
edits neededto make text acceptable),or aska data (we needto adjust our rules for eliding
similar but not identical speedranges).

In other words, real-world feedba& on the e ectivenessand quality of generatedtexts
can often be usedto either improve or evaluate an nlg system. How suc data should
be used depends on the goals of the project. In sciertic projects whosegoal is to test
hypotheses,it may be appropriate at somepoint to stop improving a systemand useall new
e ectiv enessdata purely for evaluation and hypothesistesting; in a sensethis is analogous
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Figure 5: Our Methodology

to holding bad part of a corpus for testing purposes. In applied projects whose goal is
to build a maximally useful system, howewer, it may be more appropriate to useall of the
e ectiv enessdata to improve the quality of the generatedtexts.

6. Conclusion

Acquiring correct knowledge for nlg is very dicult, becausethe knowledge neededis
largely knowledgeabout people,language,and communication, and such knowledgeis com-
plex and poorly understood. Furthermore, perhapsbecausewriting is more of an art than a
sciencedi erent peoplewrite very di erently, which further complicatesthe knowledgeac-
quisition process;and many nlg systemsattempt novel tasks not currently done manually,
which makesit very hard to nd knowledgeableexperts or good quality corpora. Perhaps
becauseof these problems, ewery single ka technique we tried in stop and SumTime-
Mousam had major problems and limitations.

There is no easysolution to these problems. In the short term, we beliewe it is useful
to usea mixture of dierent ka techniques (since techniques have di erent strengths and
weaknesses)and to validate knowledgewheneer possible,preferably using a di erent tech-
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nique than the one usedto acquire the knowledge. It also helps if dewelopers understand
the weaknesse®f di erent techniques, such asthe fact that structured expert-oriented ka
may not give good coverage of the complexities of peopleand language,and the fact that
corpus-basedka doesnot distinguish between behaviour intended to help the reader and
behaviour intended to help the writer.

In the longerterm, we needmore researt on better ka techniquesfor nlg . If we cannot
reliably acquire the knowledge neededby ai approacesto text generation, then there is
no point in using sud approades, regardlessof how clever our algorithms or models are.
The rst step towards dewveloping better ka techniquesis to adknowledgethat current ka
techniques are not working well, and understand why this is the case;we hope that this
paper constitutes a useful step in this direction.
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