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Abstract. Data-to-text generation systems tend to be knowledgedtzasg man-
ually built, which limits their reusability and makes theimé and cost-intensive
to create and maintain. Methods for automating (part ofstrstem building pro-
cess exist, but do such methods risk a loss in output qualitytiis paper, we in-
vestigate the cost/quality trade-off in generation systeittding. We compare six
data-to-text systems which were created by predominantiynaatic techniques
against six systems for the same domain which were creatgudapminantly
manual techniques. We evaluate the systems using intangienatic metrics and
human quality ratings. We find that there is some correlabietween degree of
automation in the system-building process and output gu@tiore automation
tending to mean lower evaluation scores). We also find theretlare discrep-
ancies between the results of the automatic evaluationieaeind the human-
assessed evaluation experiments. We discuss caveatsdsiagssystem-building
cost and implications of the discrepancies in automaticramdan evaluation.

1 Introduction

Traditional Natural Language GenerationL6) systems tend to be handcrafted know-
ledge-based systems. Such systems tend to be brittle, Expda create and hard to
adapt to new domains or applications. Over the last decasig an particular following
Knight and Langkilde’s work on n-gram-based generate-seldet surface realisation
[13,16],NLG researchers have become increasingly interested in systetare auto-
matically trainable from data. Systems that have a tramabinponent tend to be easier
to adapt to new domains and applications, and increasedhatitm in system building
is often taken as self-evidently a good thing. The questiphawever, whether reduced
system building cost and increased adaptability are aetiavthe price of a reduction
in output quality, and if so, how great the price is. This imttaises the question of how
to evaluate output quality so that a potential decrease ealetected and quantified.

In this paper we set about trying to find answers to these mqusstWe start, in
the following section, by briefly describing the corpus ofatreer forecasts which we
used in our experiments. In the next section (Section 3), utkne four different ap-
proaches to building data-to-text generation systemsiwiniolve different combina-
tions of manual and automatic techniques. Next (Sectionelji@scribe ten systems in



the four categories which we used in the original set of a@rpenmts. In Section 5 we
describe the human-assessed and automatically computkton methods we used
to comparatively evaluate the quality of the outputs of #redystems. We then present
the evaluation results and discuss implications of disamejes we found between the
results of the human and automatic evaluations (Section 6).

In material not previously reported in Belz & Kow 2009 [5], wéso present the
results of some follow-up experiments involving two adafital, newly built systems,
which we carried out in order to look into the impact of altime input representations
on the fully automatically trainable systems (Section A present some further dis-
cussion of (i) issues in assessing the extent to which amyisés been built manually,
and (ii) the implications of the discrepancies we see betvadomatic and human-
assessed evaluations (Section 8).

2 Data

The main component of the Prodigye TEO corpus is a set of pairs of wind data (in-
put) and corresponding wind forecast text (outguEhe ProdigyMETEO outputs were
extracted from the SumTimeETEO corpus [26]. We used only those forecasts from
SumTimeMeTeEOthat are for the period 06:00-24:8MT. These are issued in the a.m.
and make up roughly half of SumTimeeTEO. An extract from an example forecast
file (for 50c¢t200Q03) is shown in Figure 2. From this subset of forecasts, we &xe
tracted all ‘wind statements’ except the one for the longyeaautlook (i.e. all wind
forecasts statements under points 2, 3 and 4, for 10m and 6@iy.the first wind
statement from each a.m. forecast was included in Prodigyeo (for full details of
the corpus creation process, see the corpus release nptes [2

The ProdigyMETEO inputs (an example of such an input can be found at the top of
Table 1) are vectors of time stamps and wind parameters, arel'reverse-engineered’,
by automatically aligning wind speeds and wind directianthie forecasts with time-
stamps in the wind data file (an extract from the wind data €ite5fOct 2000 is shown
in Figure 1). In order to do this, wind speed and directionthim data file have to be
matched with those in the forecast. This was not entirebigiitforward, because of-
ten there is no exact match in the data file for the wind speadsdaections in the
forecast. The strategy adopted was the same as in wveT 81 work, in order to
make the systems comparaBlerom each of these alignments, numerical data vectors
were automatically created; e.g. the example at the topldEThis the input vector for
50c¢t200003. The input vector is a sequence of 7-tugles, simin, Smaz, Ymins Gmaz, t)

! In response to requests for our data, we have now releasedaigira version of the Prodigy-
METEO Corpus which also includes outputs from the 10 systems ithestin Section 4 that
were built with this data, as well as some additional humathared wind forecasts. The cor-
pus can be downloaded here: http://www.nltg.brightonkdbome/Anja.Belz/ For full details
of the corpus contents, see Belz, 2009b [2].

2 Reiteret al. selected the time stamp of the data in the table that mostlglosatched the data
in the forecast, and if there was not a close enough matchdiwéved a time stamp from the
time expression in the forecast, and finally, if that coultl m®done with enough confidence,
then time was left unspecified.



al11/Q12/Q13_FlELDS

05-10- 00

05/06 SSW 18 22 27 3.0 4.8 SSW 2.59
05/09 S 16 20 25 2.7 4.3 SSW 2.39
05/12 S 14 17 21 2.5 4.0 SSW 2.29
05/15 S 14 17 21 2.3 3.7 SSW 2.28
05/18 SSE 12 15 18 2.4 3.8 SSW 2.38
05/21 SSE 10 12 15 2.4 3.8 SSW 2.48
06/00 VAR 6 7 8 2.4 3.8 SSW 2.48

Fig. 1. Meteorological data file for 05-10-2000, a.m. (names of el anonymised).

FORECAST _FOR: -
| 170 12/Q13 FIELDS
2. FORECAST 06-24 GMI, THURSDAY, 05-Cct 2000
=====WARNI NGS: RI SK THUNDERSTORM =======
'\D/{ KTS% CONFI DENCE: HI GH
16- 20 GF\’ADUALLY BACKI NG SSE_THEN
NG_VARI ABL %1( g BY LATE EVENI NG
08-

8
ACKI NG SSE_THEN
NG VAR ABLE 12 BY LATE EVENI NG

Fig. 2. Wind forecast for 05-10-2000, a.m. (names of oil fields amaisged).

wherei is the tuple’'siD, d is the wind directions,,,;, ands,,,,, are the minimum and
maximum wind speedsy,,;, andg,,q. are the minimum and maximum gust speeds,
andt is a time stamp (indicating for what time of the day the datzaigd).

In order to obtain these input vectors, we chunked the fatdeats into adjacent
phrases, each of which realises one 7-tuple. Each foreoastsponds to at least one
7-tuple. One or more parts of a 7-tuple may not be realisedgiven forecast. A-1
value for a timestamp means that the procedure described above failed to idemtify
time for a segment. A *-’ value means that the correspondimgiunformation is not
included in the forecast text.

The ProdigyMETEO corpus consists of 483 wind data/forecast pairs. For the pur
poses of the experiments reported in this and previous papercreated 5 randomly
determined subdivisions of the corpus into training and tieda, for 5-fold cross-
validation. For all generation methods that involve tragnfrom data, we repeated the
training and testing process 5 times, once for each folds asandard under cross-
validation. For the automatically computed evaluationhods, we therefore compute
scores for each of the 5 test sets, and then average overltherder to be able to com-
pare the forecasts produced by our systems directly to thaxkiced by the original
SUMTIME systent we had to remove a small number of forecasts from each test set
for which we did not have SumTime system outputs.

In the human-assessed evaluation experiment (see Sec@pmbere we used 22
randomly selected forecast dates, we needed exactly opatdutm each system for
each of the 22 dates. For the trainable systems we therefodomly selected a fold
for each date to obtain an output from.

8 The SUMTIME-Hybrid system to be precise (see Section 4.1).



Input [[1, SSW 16, 20, -, -, 0600] , [ 2, SSE, -, -, -, -, NOTI ME] , [ 3, VAR, 04, 08, -, - , 2400] ]

Corpus SSW 16- 20 GRADUALLY BACKI NG SSE THEN FALLI NG VAR ABLE 4-8 BY LATE
EVENI NG

SUMTIME-Hybrid |ssw16-20 GRADUALLY BACKI NG SSE THEN BECOM NG VARI ABLE 10 CR LESS
BY M DNI GHT

PCFGgreedy SSW 16- 20 BACKI NG SSE FOR A TI ME THEN FALLI NG VAR ABLE 4-8 BY LATE
EVENI NG

PCFGroulette SSW 16- 20 GRADUALLY BACKI NG SSE AND VAR! ABLE 4- 8

PCFGViterbi SSW 16- 20 BACKI NG SSE VAR ABLE 4-8 LATER

PCFG2gram SSW 16- 20 BACKI NG SSE VARI ABLE 4-8 LATER

PCFGrandom SSW 16-20 AT FI RST FROM M DDAY BECOM NG SSE DURI NG THE AFTERNOON

THEN VARI ABLE 4-8

PSCFGsemantiC SSW 16- 20 BACKI NG SSE THEN FALLI NG VARI ABLE 04- 08 BY LATE EVEN NG
PSCFGUNStructuredissw 16- 20 GRADUALLY BACKI NG SSE THEN FALLI NG VARI ABLE 04- 08 BY
LATE EVENI NG

PBSMT-UNStructure(less ssw 16-20 SOON BACKI NG SSE BY END OF THEN FALLI NG VARI ABLE
04- 08 BY LATE EVEN NG

PBSMT—StrUCtUred GUSTS SSW 16-20 BY EVENI NG STEADI LY LESS GUSTS GRADUALLY BACKI NG
SSE BY LATE EVENI NG M NONE BY M DDAY THEN AND FALLI NG UNKNOWN
VARI ABLE 04- 08 LATER GUSTS

Table 1. Example input with corresponding outputs by all systemsfeord the corpus (for 5 Oct
2000).

3 Four Waysto Build an NLG Systems

In this section, we describe four approaches to buildinglage generators involving
different combinations of automatic and manual techniguaditional handcrafted sys-
tems (Section 3.1); handcrafted but trainable probailgikistntext-free grammarCFQ
generators (Section 3.2); partly automatically consedand trainable probabilistic
synchronous context-free grammasCFQ generators; and generators automatically
built with phrase-based statistical machine translate®sT) methods (Section 3.4).
In Section 4 we explain how we used these techniques to theldystems in our eval-
uation.

3.1 Rule-based NLG

TraditionalNLG systems are handcrafted as rule-based deterministicioleeigakers
that make decisions locally, at each step in the generatiocegs. Decisions are en-
coded as generation rules with conditions for rule appbeatoften in the form of
if-then rules or rules with parameters to be matched), lsea the basis of corpus
analysis and expert consultation. Reiter and Dale’s inflakh997 paper [23] recom-
mended thalLG systems be built largely “by careful analysis of the targgt torpus,
and by talking to domain experts” (p. 74, and reiterated arb@8p61, 72 and 73).
Handcrafted generation tools have always formed the najir@tNLG research,
a situation virtually unchanged by the statistical reviolutthat swept through other
NLP fields in the 1990s. Well-known examples include the surfaadisers Penman,



FUF/SURGE and RealPro, the referring expression generation compgemesated by
Dale and Reiter, and content-to-text generators built @MRPIRO and PLAN-Doc
projects, to name but a very féw.

3.2 PCFG generation

Context-free grammarsEG) are non-directional, and can be used for generation as
well as for analysis (parsing). One approach that ases for generation is Probabilis-

tic Context-free Representationally UnderspecifigtiRu) language generation [1]. As
mentioned above, traditional. G systems tend to be composed of generation rules that
apply transformations to representations. The basic meaRu is that as long as the
generation rules are all of the formelation(arg, ...arg,) — relationi(argi, ...argp)

... relation, (argi, ...argq), m > 1,n,p,q > 0, then the set of all generation rules can
be seen as defining a context-free language and a singlehlistia model can be
estimated from raw or annotated text to guide generatioogases.

In this approach, &FG is created by hand that encodes the space of all possible
generation processes from inputs to outputs, and has neialechaking ability. A
probability distribution over this baserGis estimated from a corpus, and this is what
enables decisions between alternative generation rules toade. Th@CRu package
permits this distribution to be used in one of the followihgete modes to drive gener-
ation processes: (i) greedy — apply only the most likely atleach choice point; (ii)
Viterbi — apply all expansion rules to each nonterminal &ate the generation forest for
the input, then do a Viterbi search of the generation for@gtgreedy roulette-wheel
— select a rule to expand a nonterminal according to a nofoumirandom distribution
proportional to the likelihoods of expansion rules.

In addition there are two baseline modes: (i) random — wheregation rules are
randomly selected at each choice point; and (ii) n-gram —revladl alternatives are
generated and the most likely is selected according to aram-ganguage model (as in
NITROGEN[13] and its succesSSGrALOGEN [16]).

For the linguistically constrained weather forecastingndo, pcRU generators
trained on raw corpora have been shown to perform well [1{,fbumore complex
domainsitis likely that manually annotated corpora wiliseded for training therc
base generator. As this is in addition to the manually cocgtdCFG base generator,
the manual component PCFGgenerator building is potentially substantial.

3.3 PSCFG generation

Synchronous context-free grammasEcs) are mostly used in machine translation
[10], but have also been used for simple content-to-texegaion [28]. The simplest
form of scFGcan be viewed as a pair oFGs G, G with paired production rules such
that for each rule irt7; there is a rule irGo with the same left-hand side, and the same
non-terminals in the right-hand sidr{s). The order of non-terminals on tireis may
differ, and eaclRHS may additionally contain any number of terminals in any orde
An SCFGcan equivalently be seen as a single gram@iancoding a set of pairs of

4 See http://www.nlg-wiki.org/ for information about allebe systems and their creators.



strings. A probabilistiscracis defined by the 6-tupl& = (N, 7., T¢, L, S, \), where
N is a finite set of non-terminal§, 7; are finite sets of terminal symbols,is a set
of paired production rulesS is a start symbokE A/, and ) is a set of parameters that
define a probability distribution of derivations und&r Each rule inL has the form
A — (a;B), whereA e Nya e NUT, ", 3€ NU7Z;%,andN C N. scFcs can be
trained from aligned corpora to produce probabilistic (@eighted’)scFcs.

In MT the two CFGs that make up ascFGare used to encode (the structure of)
the two languages which thet system translates between. Translation wittearc
then consists of (i) parsing the input string with the solateyuagecra to produce
a derivation tree, and then (ii) generating along the samigat®n tree, but using the
target languageFGto produce the output string.

When usingscFas for content-to-text generation one of the paimtss encodes
the meaning representation language, and the other thedf)jdanguage in which text
is supposed to be generated. A generation process therstoosi(i) ‘parsing’ the
meaning representatiomR) into its constituent structure, and, in the opposite direc
tion, (ii) assembling strings of words corresponding tostinent parts of the inpwRr
into a sentence or text that realises the entire

We used thavasp~! method [27, 28] which provides a way in which a probabilistic
SCFGcan be constructed for the most part automatically. Theitvgiprocess requires
two resources as input: @G of MRs and a set of sentences paired with thews.
As output, it produces a probabilisFG The training process works in two phases,
producing a (non-probabilisti§CFGin thelexical acquisition phase, and associating
the rules with probabilities in thearameter estimation phase.

The lexical acquisition phase uses thea++ word-alignment tool, an implemen-
tation [17] of iBM Model 5 [8] to construct an alignment ofRs with NL strings. An
SCFGis then constructed by using tivr CFG as a skeleton and inferring the gram-
mar from the alignment.

For the parameter estimation phasaspP~! uses a log-linear model from Koehn
et al. [15] which defines a conditional probability distritmn over derivation® given
an inputmr f as

PA(D|f) o< P(e(D))* T] wa(r(d))

deD

wheree(D) is the output sentence that the derivatibnyields andw, (r(d)) is the
weight an individual rule used in a derivation, defined as

wA(A = (a, 0)) =
P(Bla)*2 P(a]B)** Pu(Bla)™ Pu(a|8)* exp(—|al)*®

whereP(3|a) andP(«|3) are the relative frequencies@ainda, P, (5|a) andP, («|5)
are lexical weights, anekp(—|«|) is a word penalty to control output sentence length.
The model parameteps are trained using minimum error rate training.

Compared to probabilisticFGs, probabilisticscras trained withwAsP~! have a
much reduced manual component in system building. In therJahenL grammar for
the output language, the mapping frams to word strings and the rule probabilities



are all created automatically, moreover from raw corpotgengas irrCFGs, only the
rule probabilities are obtained automatically.

3.4 SMT methods

A Statistical Machine Translatiors {1 T) system is essentially composed of a translation
model and a language model, where the former translatesestanguage substrings
into target language substrings, and the language modetndigies the most likely
linearisation of the translated substrings. The currantigt popular phrase-basssiT
(PBSMT) approach translates phrases (arbitrary sequences o$watHer than phrases
in the linguistic sense), whereas the originaiv models’ translated words. Different
pPBSMT methods differ in how they construct the phrase transldtbie.

We used the phrase-based translation model included imt®&es toolkit [14]
which is based on the noisy channel model, where Bayes’'ssulsed to reformulate
the task of translating a source language styirigto a target language strirégas find-
ing the sentenceé such that = argmax, P(e)P(f|e). The translation model (which
gives P(fle)) is obtained from a parallel corpus of source and targetuagg texts,
where the first step is automatic alignment usingdhea ++ word-level aligner. Word-
level alignments are used to obtain phrase translatios paing a set of heuristics. A
3-gram language model (which givé¥e)) for the target language is trained either on
the same or a different corpus. For full details refer to Koehal. [15, 14].

pBsmToffers a completely automatic method for constructing getoes from given
corpora of pairedirs and realisations, on the basis of which #@smTapproach con-
structs a mapping fromirs to realisations.

4 Ten Weather Forecast Text Generators

41 SUMTIME-Hybrid

We included the original S8MTIME system [24] in our evaluations. This rule-based
system has two modules: a content-determination modul@anidroplanning and re-
alisation module. It can be run without the content-detaation module, taking con-
tent representations (7-tuple sequences as describedtiors2) as inputs, and is then
called SIMTIME-Hybrid. SUMTIME-Hybrid is a traditional deterministic rule-based
generation system. Table 1 shows an example forecast fr@®uth1 TIME-Hybrid sys-
tem (and corresponding outputs from the other systemsyileddelow).

4.2 PCFG generators

We also included fivggcRU generators for thelETEO domain created previously [1].
ThepcRu base grammar for the Prodigye TEO data is a set of generation rules with
atomic arguments that convert an input into a set of fordeasts. To create inputs for
thepcRU generators from the corpus input vectors (Section 2), fifstmation is added
(automatically) to each of the 7-tuples encoding whetherctiiange in wind direction
compared to the preceding 7-tuple is clockwise or antitchdse; whether change in



wind speed is an increase or a decrease; and whether a 7dtipéelast in the vector.
Then, the augmented 7-tuples are converted into nontelsniridn arguments.

A probability distribution over the base generator was imlgi@ by the multi-treeban-
king method [1] from the (un-annotated) ProdigyeTEO corpus. This method first
parses the corpus with the basec and then obtains rule-application frequency counts
from the parsed corpus which are used to obtain a probaHbibtyibution by straight-
forward maximum likelihood estimation. If there is morethane parse for a sentence
then the frequency count increment is equally split ovegsin alternative parses.

4.3 PSCFG generators

We created two probabilistic synchronatsG (PSCFQ generators for thelETEO do-
main usingwAsP~!. The main task here was to creaters for wind data represen-
tations. We used two different grammars (resulting in twifedent generators). The
‘unstructured’ grammar encodes raw corpus input vectogsnaumted as described in
Section 4.2, whereas the ‘semantic’ grammar encodes eget®ons with recursive
predicate-argument structure that more resemble senfantis. These were produced
automatically from the raw input vectors.

Both therscFGunstructured and thescFGsemantic generators were built in the
same way, by feeding therc for wind data representations and the corpus of paired
wind data representations and forecastsAsP~! which then createdscra from it.

44 PBSMT generators

We also created two generators with thesestoolkit. The main question here was
how to represent the ‘source language’ inputs. Whiler methods are often applied
with no linguistic knowledge at all (and are therefore blagito whether paired inputs
and outputs arsL strings or something else), it was not clear how well theyldcope
with the task of mapping from number/symbol vectorsvto strings. We tested two
different input representations, one of which was simply dlugmented corpus input
vectors as described abowvesEMT-unstructured), and another in which the individual
7-tuples of which the vectors are composed are explicitlgkerhby predicate-argument
structure pBsmT-structured). As in Wong & Mooney’s content-to-text gerienawork
[28] we wanted to test the effect of treating the structurekeis as tokens.

We built two different generators by feeding the two diffeireersions of the paired
corpus tomoses We did not use a factored translation model (the words used i
weather forecasts did not vary sufficiently), and we did nottour parameters to opti-
mise forBLEU (or other) scores, a method commorsmT in [7, 18].

5 Evaluation Methods

5.1 Automatic evaluation methods

The two automatic metrics used in the evaluations;® andsLEU,® have been shown
to correlate well with expert judgments (Pearson’s= 0.82 and0.79 respectively)

Shttp://cio.nist.gov/esd/ emaildir/lists/mt _list/bin00000.bin
6ftp://jaguar.ncsl.nist.gov/nt/resources/nteval -vlib. pl



System NIST Homogeneous subsets
corpus 4.062| A

PCFGgreedy 3.361 B

PSCFGsemantic 3.303 B

PSCFGunstructured 3.191 B | C

PCFGroulette 3.033 CcC| D
PBSMT-unstructured 2.924 D
PCFGViterbi 2.854 D | E
PCFG2gram 2.854 D | E
SumTIME-Hybrid 2.707 E|F
PCFGrandom 2.540 F
PBSMT-structured 2.331 G

Table 2. Mean forecast-levelIST scores and homogeneous subsets (Tulsay, alpha = .05) for
test data.

in the METEO domain [3].BLEU-z is an n-gram based string comparison measure,
originally proposed by Papineni et al. [19] for evaluatidnvor systems. It computes
the proportion of word n-grams of lengthand less that a system output shares with
several reference outputs, and ranges from 0 to 1. Settirg4 (i.e. considering all
n-grams of length< 4) is standardNisT [11] is a version ofsLEU, but whereBLEU
gives equal weight to all n-grams|ST gives more importance to less frequent (hence
more informative) n-grams, and the rangeno§T scores depends on the size of the
test set. Some research has shomsT to correlate with human judgments more highly
thanBLEU [11, 25, 3].

5.2 Human evaluation

We designed an experiment in which participants were askedté forecast texts for
Clarity and Readability on scales of 1-7. Clarity was expgdias indicating how under-
standable a forecast was, and Readability as indicatingfluent and readable it was.
After an introduction and detailed explanations, partiois carried out the evaluations
over the web. They were able to interrupt and resume the &tiafuat any time.

We randomly selected 22 forecast dates and used outputdti@aD systems de-
scribed in Section 4 for those dates (as well as the correlipgiiorecasts in the cor-
pus) in the evaluation, i.e. a total of 242 forecast textsugéd a repeated Latin squares
design where each combination of forecast date and systassigned two trials. As
there were 2 evaluation criteria, there were a total of 98&idual ratings in this exper-
iment. An evaluation session started with three trainingneples; the real trials were
then presented in random order.

We recruited 22 participants from among our universityeajjlues whose first lan-
guage was English and who had no experienaeLf We did not try to recruit master
mariners as in earlier experiments reported by Belz anceRE, because these ex-
periments also demonstrated that the correlation betweematings by such expert
evaluators and lay-people is very strong in thierEo domain (Pearson’s = 0.845).



System BLEU Homogeneous subsets
corpus 1.00 A

PCFGgreedy .65 B

PSCFGsemantic .637 B

PSCFGunstructured .617 B C

PCFGViterbi 57 CcC | D

PCFG2gram .561 D

PCFGroulette 516 D | E
PBSMT-unstructure@ .500 E
SUMTIME-Hybrid | .437 F
PBSMT-structured | .338 G
PCFGrandom .269 H

Table 3. Mean forecast-levedLEU scores and homogeneous subsets (Tuw®y, alpha = .05)
for test data.

6 Results

For each evaluation method, we carried out a one-wagvA with ‘System’ as the
fixed factor, and the evaluation measure as the dependdablarin each case we
report the main effect of System on the measure and (if igisiBcant) we also report
significant differences between pairs of systems in the foffmomogeneous subsets
obtained with a post-hoc TukeysD analysis.

Tables 2 and 3 display the results for #heeu andNIST evaluations, where scores
were calculated on test data, using 5-fold cross-validaystem names are shown in
the first column, mean forecast-level scores in the secordlite remaining columns
indicate significant differences between systems. The wagad the homogeneous
subsets is that two systems which do not have a letter in camane significantly
different withp < .05.

For theBLEU evaluation, the main effect of System BrEU score was (¢ 2420) =
248.274, atp < .001. PCFGgreedy,PSCFGsemantic andscFaGunstructured come
out top, although only the first two are significantly bettear all other systems.us-
TIME-Hybrid, PBSMT-structured an@crFGrandom bring up the rear, with the remain-
ing systems distributed over the middle ground. A strikiaguit is that the handcrafted
SumMTIME-Hybrid system comes out near the bottom, being signifigamtirse than all
other systems exceptraGstructured anéBsmT-random.

For thenisT evaluation, the main effect of System BoEU score was (¢ 2420) =
108.086, atp < .001. The systems were ranked in the same way as iBtiE® evalua-
tion except for the systems in the D subset. The correlagtwéen thenIST andBLEU
scores is Pearson/s= .739, p < .001.

The main results from the automatic evaluations are thatwlePSCFGsystems
and therCcFG system with the greedy generation algorithm are best dvétalvever,
the human evaluations produced rather different results.

Figure 3 is a series of bar charts representing the resuttsedfiuman evaluation
for Clarity. For each system (indicated by the labels on tfexis), there are 7 bars,
showing how many ratings of 1, 2, 3, 4, 5, 6 and 7 (7 being thg besystem was given.



Scores on data from human evaluatipn

Clarity | Readability| NIST | BLEU
SUMTIME-Hybrid| 6.06 6.18 5.71 | 0.52
PSCFGsemantic | 5.79 5.70 6.76 | 0.65
corpus 5.79 5.93 8.45 1
PCFGgreedy 5.79 5.63 6.73 | 0.67
PSCFGuUnNstruc 5.72 5.84 6.61 | 0.64
PCFGroulette 5.29 5.56 6.07 | 0.52
PCFG2gram 5.29 5.29 5.23 | 0.52
PCFGViterbi 4.90 5.34 5.15 | 0.51
PCFGrandom 4.43 4,52 452 | 0.25
PBSMT-Unstruc 3.70 3.93 5.38 | 0.49
PBSMT-Struc 2.79 2.77 4.21 0.33

Table 4. Mean Clarity and Readability ratings from human evalugtias T andBLEU scores on
same 22 forecasts as used in human evaluation.

So the left-most bar for a system shows how many ratings ofyktes was given, the
second bar how many ratings of 2, etc. Systems are showndendaing order of mode
(the value of the most frequently assigned rating, e.g. PfmFGunstructured on the
left, and 1 forrBsMT-structured on the right). ThescFGunstructured and @ TIME-
Hybrid systems come out top in this evaluation, withCFGsemanticpPCFGroulette
andpcFGgreedy close behind. ConversehgsmT-structured clearly came out worst,
with no ratings of 7 and a mode of £¢€ompletely unclear).

Figure 4 consists of the same kind of bar charts, for the Rebityaatings. Here the
SuMTIME-Hybrid system is the clear winner, with no ratings of 1 or 2J &2 ratings
of 7 (=excellent, all parts read well). It is closely followed bgCcFGunstructured, the
corpus forecasts areisCFGsemantic. AgainpBsMT-structured is clearly worst with
no ratings of 7, although this time the mode isF{irly bad).

We also looked at the means of the ratings, and these are shaha second and
third columns of Table 4. The means have to be treated withesoamtion, because
ratings are ordinal data and it is not clear how meaningfig ito compute means.
However, it is a simple way of obtaining a system ranking famparison with the two
automatic scores (shown in the remaining two columns oféeldbtomputed over the
system outputs used in the human evaluation). In terms ohse&mTIME-Hybrid
comes out top for both Clarity and Readability. In Clarityis followed by the two
PSCFGsystems, the corpus files (the only forecasts actually ewritty humans), and
PCFGgreedy which have virtually the same means. For Readglmttpus aneSCFG
unstructured are ahead p6CFGsemantic andCFGgreedy (in this order). Bringing
up the rear for both Clarity and Readability, as in thsT evaluations, iSPBSMT-
structured, withPCFGrandom and andBsmT-unstructured faring somewhat better.

There are some striking differences between the automati©iaman evaluations.
For one, the human evaluators rank thev& IME-Hybrid system very high, whereas
both automatic metrics rank it very low, just aba®@rGrandom anéBsmT-structured.
Furthermore, the metrics ramig sMT-unstructured more highly than the human evalua-
tors, placing it above the® TIME-Hybrid system and in the case 0fsT, also above
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Fig. 3. Clarity ratings: Number of times each system was rated 1, 2, 8, 6, and 7 on Clarity.
Systems in descending order of mode (most frequent rating).

two of thePCFG systems (Table 2). In fact, the human and the automatic atiahs
agree only that thescrFGsystems an@crGgreedy are equally good.

7 Issues Around Input Representations

The different input representations required by our systene all derived from the
basic sequence of 7-tuples described in Section 2, augchbytiaformation regarding
segment position, changes in wind speed (increase/degraad direction (clockwise/
anti-clockwise). The exact nature of each system’s inppitegentations, e.g. whether
they are structured or flat, is in part determined by systera.ty

In Figure 5, we give examples of the input representatiogsired by each system.
For thePCFG and PSCFGsystems input representation is determined entirely by the
specific grammar used by the given system (the same is triee &um TIME-Hybrid
system). As all fourCFGsystems use the same base grammar, they all take the same
predicate-argument sequences as inputsKs&&-* input representation in Figure 5).
The twopPscFGsystems have different content representation gramnradshair input
representations therefore also diffes€FG* in Figure 5).

The pBsSMT systems differ from the others in that the entire mappingiiemat-
ically constructed, and in principle any input represeatet could therefore be used
in the corpus of paired inputs/outputs that are fed to théesyduilding component
(as long as inputs are sequences of tokens). In our previ@esiments, we tried out
two alternatives (seeBSMT-* in Figure 5). As mentioned above, we first used input
representations with structure markers (predicate nabraskets, commas) in place
(pBSMT-structured). However, as can be seen from our results€3&hi3 and 4), sim-
ply removing these structure markers (agBsMT-unstructured) results in a significant
improvement in terms of all evaluation methods we used.
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Fig.4. Readability ratings: Number of times each system was ratet 3, 4, 5, 6, and 7 on
Readability. Systems in descending order of mode (mosti&eiyrating).

In order to investigate the difference further we createdmT-structured-2, a mi-
nor variation derived from thessmT-structured representation by removing only com-
mas and brackets (leaving the predicate names in).

We also experimented with a rather more different inputesentation. By looking
at the phrase tables used in the othBsMT generators, we observed that thesmT
systems often run into problems, because numbers are usedliffierent meanings
(e.g. a number can be a segment index or a wind speed), andhthgeptables have
no way of distinguishing between one use of the same numlzkaaather. The in-
formation about which numbers are indices and which are wpekds is there in the
input representations—the first and second elements of &digple are segment in-
dices, whereas the sixth and seventh elements are windsspéed thePBSMT train-
ing mechanism has no way of utilising positional informati&o for the fourth input
representatiorresMT-tagged, we inserted (in a fully automatic process) thesnig
positional information explicitly in the form of ‘tags’,@. short words that precede each
relevant token in the input (tags in bold):

PBSMT-tagged -1 dir sswdir2 wind 16 wind2 20 n n six

wi ndchange sane ctrclock dir _sse dir2 wind n wind2 n n n mnone

1 wi ndchange down unknown dir _var wind 04 wind2 08 n n zero

TheNIST andBLEU scores for the two newBSMT systems are shown in Table 5
and 6, respectively, along with scores for the other BBSMT systems and the corpus
texts, for ease of comparison. We are using the same latterditate the homogeneous
subsets as in Tables 2 and 3.

The results forssmT-structured-2 indicate that removing commas and tags leads
to the bigger part of the improvement framssmT-structured tePBSMT-unstructured,
but the latter still outperforms it.



System Input Representation
Basic input rep. | 11, ssw1s, 20, -, -, 0600], [2, SSE, -, -,-,-, NOTI ME], [ 3, VAR, 04, 08, -, -, 2400] ]
PCFG* Segment I nit (-1, SSW 16, 20, n, n, si x)

Segnent (2, - 1, sane, ctrcl ock, SSE, n, n, n, n, m none)

Segnent (3, 1, down, unknown, VAR, 04, 08, n, n, zer o)

PSCFGSemantic | segnent (1, f al se, nowi ndchange, wi nd(di r (ssw, x) , 16, 20) , nogust , si x)

segnent ( 2, f al se, wi ndchange(sane, ctrcl ock), w nd(dir(sse, x),n, n), nogust, m none)
segnent (3, true, wi ndchange(down, unknown) , wi nd(di r (var, x), 04, 08) , nogust , zer o)
PSCFGuUNStruct. | -1 .ssw16 20 n n six

2 -1 same ctrclock .SSE n n n n mnone

3 1 down unknown _VAR 04 08 n n zero

PBSMT-structured segnent init ( -1, ssw, 16, 20, n, n, six)

segnent ( 2, -1, sane, ctrclock , .sse, n, n, n, n, mnone)

segnent ( 3, 1, down , unknown , .var , 04, 08, n, n, zero)
PBSMT-UNStruct. | -1 ssw 16 20 n n six
2 -1 same ctrclock _.sse n n n n mnone

3 1 down unknown _var 04 08 n n zero

COerS SSW 16- 20 GRADUALLY BACKI NG SSE THEN FALLI NG VARI ABLE 4-8 BY LATE EVENI NG

Fig. 5. Example input representations for different generatans§fOct 2000).

System NIST | Homogeneous subsets
corpus 4.062 | A

PBSMT-tagged 3.173 B,C
PBSMT-unstructured 2.924 D
PBSMT-structured-2| 2.831 D
PBSMT-structured | 2.331 G

Table 5. PBSMT systems: Mean forecast-levelST scores and homogeneous subsets (Tukey
HSD, alpha = .05) for test set (cross-validated).

PBSMT-tagged is the best performing of thesMTsystems; in terms ofIST scores
there is no significant difference between it and the toggoering system ¥CFG
greedy). This shows that in the case of data-to-text geioaraystems built using
PBSMT methodology, very substantial improvements can be actlibyaewriting in-
put representations. Of course, such improvements arevazhby additional manual
work—error analysis and redesigning representations—sndannot claim that the
PBSMT-tagged system was created entirely by automatic techsi@ltbough this took
no more than three hours, and if the new tagging techniqudearsefully applied to
other generation tasks, we can treat the cost as one-off.

8 Discussion

In Section 3 we effectively ranked our four system-buildngthods in terms of how
much manual effort they involve, which gave us the followiagking, in decreasing
order: IMTIME, PCFG*, PSCFG*, PBSMT-*. Not one of our four evaluation methods



System BLEU Homogeneous subsets
corpus 1.00 A
PBSMT-tagged .576 C,D
PBSMT-unstructured .500 E
PBSMT-structured-2| .481 E
PBSMT-structured .338 G

Table 6. PBSMT systems: Mean forecast-levBLEU scores and homogeneous subsets (Tukey
HSD, alpha = .05) for test set (cross-validated).

produced exactly the same rank order for these four grouptsif(iwe base the com-
parison on the best system score in each group nor if we basetite average), i.e.
we could not have predicted output quality rankings with ptate accuracy from the
degree of automation of the system-building process. Nestass, while there is no
significant correlation between degree of automation atieBLEU or NIST, there is

a significant correlation between degree of automation attu®larity and Readability.

To establish this, we ranked our original 10 systems in oafedegree of au-
tomation as follows: 8MTIME, {PCFGgreedy,PCFGViterbi, PCFGroulette, {PCFG
2gram,pCFGrandont, {PSCFGsemanticPSCFGunstructured, PBSMT-unstructured,
pPBSMT-structured (curly brackets indicating joint rank). Werttedmputed Spearman’s
Rho between the automation ranks and the system-level Bidigdand Clarity scores,
resulting inp = —.59, Sig. (1-tailed)= .036 for Clarity, andp = —.549, Sig. (1-
tailed) = .05 for Readability/ Rho values foBLEU andNIST were close to 0, and not
significant.

Our main finding in this research is thus that degree of autioma system build-
ing can (to some extent) predict human-assessed intriogies, but automatic metric
scores cannot be predicted with it. This conclusion relieshe estimation of degree
of automation being accurate; it also raises the questibiwfto interpret the discrep-
ancy between human-assessed and metric scores. Below k&t leach of these issues
in slightly more detail.

Assessing System Building Cost: In order to arrive at our estimation of degree of au-
tomation, we made the following assumptions: cost was defisgperson-months spent
in system building from the point at which the system-buildecided to build a wind
forecast text generator in theeTEO domain up to the point at which the system ex-
isted in the form in which we evaluated it; resources avéldb the system builder
from the beginning of this process were theTEO corpus in either the SMTIME or
the FRRODIGY version, andany existing software. Given these assumptions, thens-
TIME-Hybrid system took on the order of a year to biilthe PCFG systems on the
order of 1 month, theescrFGsystems 1 day, and theBsMT systems 1 hour; within
some of the groups we were able to draw finer distinctions {eepcFGrandom and

" We are using 1-tailed significance tests here, because viedstaut with a 1-tailed (or direc-
tional) hypothesis, namely that increasing automationld/t®ad to decreasing scores, and we
were testing the strength of the correlation, rather thardtfection.

8 Belz [1], estimated on the basis of personal communicatibin B Reiter and S. Sripada.



PCFGhgram systems use off-the-shelf tools for selection). éNohthe systems used
existing, reusable generator modules.

The above system ranking is thus appropriate and accurate icase. In the more
general case, however, it is not necessarily the case thdttefted systems rank high-
est andPBSMT systems lowest in terms of system-building cost (as definddd pre-
ceding paragraph). For example, not all parts of a completelnually constructed
system will have necessarily been built for a given system {hey might have been
reused), while use of a fully automatic system-building et can hide substantial
manual effort. The cost of building handcrafted systemddaeary well be reduced
with a good set of reusable libraries, or a well designed diorspecific programming
language (where “domain” here refers to “natural languageegation”). Handcrafted
systems could also be partly expressed in terms of some Fgnax@mar which in turn
can be made cheaper through judicious use of automatioextomple, using a meta-
grammar compiler such asvG [20]). On the other hand, as we saw in Section 7, it is
possible to invest manual effort in improving fully automeatystem-building methods,
in order to try and improve their evaluation scores. In owectis was no more than a
few hours, but clearly this could be an open-ended process.

The main point here is that system-building cost must bebésteed on a case-by-
case basis, not generically on the basis, say, of systenotygpeneration methodology.
While manual effort may well be amortised in the future bessa(part of) a system is
reusable, or, conversely, maintenance costs may accrbe ifuture, these do not fall
under the building-cost heading.

Implications for Evaluation Methods: Given the discrepancy between our human-
assessed and automatic evaluation methods, one might wehid are ‘more right'?
BLEU in particular has come in for some hefty criticism over raggrars, with some
papers (e.g. [9]) exposing individual examples of higleu scores for patently bad-
quality outputs, and vice versa. We can identify such examjpl our data too, e.g.:

System Output BLEU
corpus N-NNE 16-20 RISING 20-24 FCR A TIME TH'S AFTERNOON| 1

SUMTIME-Hybrid|n nNe 16-20 1 NCREASI NG 20-24 BY M D AFTERNGON 0.43
PCFG N-NNE 16-20 | NCREASI NG 20- 24 FOR A TIVE M D PER o0| 0.65

There is really nothing wrong with the above@TIME-Hybrid output, in fact there is
evidence that master mariners prefer more precise statewitme [22], but itssLEU
score is low (whereas the human evaluators give it clear 7s).

Yet human evaluation does not always produce ideal scotfesresomething that
is perhaps not discussed frequently enough (but see e)gHj4han evaluators are no-
torious for their lack of agreement with other evaluatord anen themselves [21]; and
individual scores can be just as unintuitive as in the caga bf). Again, we can find
examples in our data (scores from two evaluators for eadhedtito forecasts):

% The systems only used reusable interpretors and compiladdition to the training tools.



System Output Clar|Read|
PCFG2gram  |ssw26 - 30 VEERING SW32 - 36 VEERING WeW20 - 24| 3 2
BACKI NG SW 28 - 32 5 6
PBSMT-UNSLrUCtior LESS S'LY 05 - 10 THI'S EVENI NG | NCREASI NG 7 7
10 - 14 BY LATE EVENI NG 1 1

In the first example above, the high readability score by #ueosd evaluator does not
seem justified, because of the repetitiorvedring and the absence of ‘link words’ be-
tween segments suchten andand; in the second example, clearly the two evaluators
who gave these scores could not disagree more, and agathéd fegh scores that are
unjustified—a forecast cannot start widhless.

Both automatic metrics and human evaluators are fallibledividual cases. What
matters more is how they perform on the whole, on a set of dasitpiliinappropriate
scores are noise that disappears ‘in the statistical wsdm, all is well, otherwise (and
only then) there is a problem.

Without a third, objective point of reference, we cannot beesvhich of our eval-
uation methods is ‘more right’. What we have found again agedrain our evaluation
experiments (see also Gatt & Belz [12], and Belz et al. [6thkia this volume), is
that different types of evaluation do not necessarily agridle each other, and that we
should not regard any single one of them as an objective mea$guality, but rather
as assessing one particular aspect of systems. If we wamtindiforecasts to be sim-
ilar to the corpus forecasts, theneu andNIST can probably give us a fair indication
of that type of similarity; if we are interested in how reatand clear human read-
ers (think they) find our forecasts, then we should look atGlaity and Readability
scores.

9 Conclusions

Reports of research on automating (part of) system builditen take it as read that
such automation is a good thing. The resulting systems arefrem compared to hand-
crafted alternatives in terms of output quality or otherlgyariteria, and little is there-
fore known about the loss of system quality that results faotomation. The existence
of several independently developed systems formE&EO domain of weather fore-
casts, to which we have added six new systems in the resegpolted in this paper,
provides a unique opportunity to examine the system bugldiost vs. system quality
trade-off in data-to-text generation.

We investigated 12 systems which fall into four categoneterms of the manual
work involved in creating them, ranging from completely mahto completely auto-
matic system building. We used two automatically assesegglis-similarity metrics
and two human assessed quality criteria to evaluate syst¥enfound some significant
correlation between degree of automation of system bugldimd the human-assessed
Clarity and Readability criteria, but no correlation beénehe former and either of the
automatic metrics.

We found striking differences between the results fronmstefhuman acceptability
and measurements of corpus similarity. Relative to the lmuratings, the automatic
metrics underestimated the quality of the handcrafted BIME-Hybrid system, but



overestimated the quality of the automatically constrdisti@T systems. This will not
come as a surprise to those familiar with the machine trédosl@valuation literature
where this is a major complaint abogitEu [9]. From our research (see also e.g. [22]
it seems clear that when the quality of diverse types of aysis compared, automatic
metrics such ag8LEU on their own do not give a complete and reliable picture, and
carrying out additional evaluations is crucial.

Increased reusability and adaptability of systems and ocorpts have cost and
time benefits, and methods for automatically training systérom data offer advan-
tages in both these respects. However, careful evaluainedded to ensure that these
advantages are not achieved at the price of a reduction terayguality that renders
systems unacceptable to human users.
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