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1 Overview of Prodigy-METEO contents

This is the documentation for the pre-alpha release of tbdigy-veTEO Corpus. The contents are structured as follows:

Pr odi gy- METEQ pr e- al pha top-level directory
dat a/
i nput s/ wi nd data
out put s/ wi nd forecast texts
human- aut hor ed/
cor pus/ wi nd forecast texts extracted fromthe original Sunili ne- METEO
forecast files
from dat a/ wi nd forecast texts produced by 3 new neteorologists in the
standard way directly fromoriginal Sunfinme-METEO wi nd data
rewitten/ wi nd forecast texts produced by 3 new neteorol ogi sts by

rewiting (inproving) original Suniine-METEO forecast files
syst em gener at ed/

Sunili me- Hybri d/ wi nd forecast texts generated by hand-crafted Sunili ne-Hybrid
system (Reiter et al.)
trai nabl e- syst ens/ wi nd forecast texts generated by trai nable systens: 5 PCFG
PBSMr/ systens, 2 PSCFG systens, and 2 PBSMI sytens; each system
fol d1/ exists in 5 versions, each trained on the training set
fol d2/ in one of the 5 folds
fol d3/
f ol d4/
fol d5/
PCFE
fol d1/
f ol d2/
f ol d3/
fol d4/
f ol d5/
PSCFE
fol d1/
fol d2/
fol d3/
f ol d4/
fol d5/
doc/
Pr odi gy- METEOQ. pdf det ai | ed docunentation on all aspects of Prodigy-
METEO (t hi s docunent)
bel z- kow enl g09. pdf paper describing the trainable systens included in this rel ease
Bel z & Kow, 2009, System Building Cost vs. Qutput Quality in
Dat a-t o- Text Ceneration, ENLG 09
scripts/

normal i se-for-human-eval uation.pl script for normalising wind forecast text before
eval uati on by human eval uators

normal i se-for-metric-evaluation.pl script for normalising wind forecast text before
eval uati on by automatic netrics

2 Inputsand human-authored forecast texts (outputs)
Pr odi gy- METEO bet a/ dat a/

The main components of the ProdigyeTEO corpus are a set of pairs of wind data (input) and correspondind
forecast text (output) which can be used for training/bngdyeneration systems; outputs from 10 systems that welte bu
with this corpus; and some additional human-authored woneldasts.

The idea is to release the data and other information negesseeproduce the results for theeTEO data we have
reported [2, 3], and to create nexeTEO systems and directly compare them to existing systems.

2.1 Corpusforecast texts (outputs)

Pr odi gy- METEO bet a/ dat a/ out put s/ human- aut hor ed/ Cor pus/ *. prn. 1

The ProdigyMETEO data was extracted from the SumTimeTEO corpus [6]. We used only those forecasts from
SumTimeMETEO that are for the period 06:00-24:@MT. These are issued in the a.m. and make up roughly half of
SumTimeMETEO). An example forecast file (50ct20@3B.prn) is shown in Figure 1. We then extracted all ‘windestat
ments’ except the one for the long range outlook (i.e. alldforecasts statements in Figure 1 under points 2, 3 and 4, for
10m and 50m. This produced the following files for the exanplgure 1:



50ct2000Q03.prn.1  SSW 16- 20 GRADUALLY BACKI NG SSE THEN FALLI NG VARI ABLE 04- 08 BY LATE EVEN NG

50ct200003.prn.2  SSW 20- 26 GRADUALLY BACKI NG SSE THEN FALLI NG VARI ABLE 08-12 BY LATE EVENI NG

50ct200003.prn.3  VARI ABLE 04- 08 SOON NNW | NCREASI NG 12-16 BY M DDAY THEN GRADUALLY BACKI NG W LY
06-10 BY LATE EVENI NG

50ct200003.prn.4  VARI ABLE 08-12 SOON NNW | NCREASI NG 15-20 BY M DDAY THEN GRADUALLY BACKI NG W LY
10- 14 BY LATE EVEN NG

50ct200003.prn.5 WLY 06-10 SOON BACKI NG SSW I NCREASI NG 34- 38 BY LATE AFTERNOON EASI NG 30- 34 BY
LATE EVEN NG

50ct200003.prn.6 W LY 10-14 SOON BACKI NG SSW | NCREASI NG 43- 48 BY LATE AFTERNOON EASI NG 38-43 BY
LATE EVEN NG

In this release, as in our recent work [2, 3], only the firstaviitatement from each a.m. forecast (with the extension
.1) has been included.

2.2 Wind data (inputs)

data/inputs/*.num 1

The wind data inputs are vectors of time stamps and wind patensy and were ‘reverse-engineered’, by automatically
aligning wind speeds and wind directions in the forecasth time-stamps in the wind data file (the wind data file for 5
Oct 2000 is shown in Figure 2). In order to do this, wind sperd @directions in the data file have to be matched with
those in the forecast. This was not straightforward, bexzadten there is no exact match in the data file for the wind
speeds and directions in the forecast. The strategy adogtethe same as in theuB TIME work, in order to make the
systems comparable.

From each alignment, numerical data vectors were autoatigticreated; e.g. the following is the input vector for
output 50c¢t200®3.prn.1 (the input filename is 50c¢t2Q08.num.1):

[[1, _SSW 16, 20, -, -, 0600],[2, SSE, -, -,-,-,-1],[3, VAR 04, 08, -, -, 0000] ]

The input vector is a sequence of 7-tuplésd, smin, Smazs Gmin, Imaz, t) Whereid is the tuple’sip, d is the wind
direction, s, s, ands;, ., are the minimum and maximum wind speegls;,, andg.,.... are the minimum and maximum
gust speeds, ands a time stamp (indicating for what time of the day the datzigl).

In order to obtain the input vectors, we chunked the foretgad$ into adjacent phrases, each of which realises one
7-tuple. Each forecast corresponds to at least one 7-t@ple.or more parts of a 7-tuple may not be realised in a given
forecast. A—1 value for a timestampmeans that the procedure described above failed to idemntifge for a segment.

A~ value means that the corresponding wind informationdd included in the forecast text.

2.3 Additional human-authored forecast texts (outputs)

dat a/ out put s/ hurman- aut hor ed/ f r om dat a/
dat a/ out put s/ human- aut hored/ rewritten/

In collaboration with Ehud Reiter (e.g. [5]) we created &iddial sets of human-authored forecast texts. We asked thre

meteorologists (labelled humanA, humanB and humanC in daextensions) who had not contributed to the SumTime-

METEO corpus to write forecasts for 20 dates by rewriting (impngyithe corpus forecasts; we asked the same three
meteorologists to write new forecasts from scratch (logkirst at data files) for a set of 18 different dates.

3 System-generated forecast texts (outputs)

dat a/ out put s/ syst em gener at ed/

3.1 SumTime-Hybrid

dat a/ out put s/ syst em gener at ed/ Sunili ne- Hybri d/ *. hyb. 1

The rule-based SumTime system (Reiter et al.) has two msdaleontent-determination module and a microplanning
and realisation module. It can be run without the contem¢rdeination module, taking content representations fletu
sequences as described above) as inputs, and is then caffedrBe-Hybrid. SumTime-Hybrid is a traditional determin-
istic rule-based generation system.

1Reiteret al. selected the time stamp of the data in the table that mostlglosatched the data in the forecast, and if there was notse @nough
match, they derived a time stamp from the time expressiohdrfdrecast, and finally, if that could not be done with enocgfidence, then time was
left unspecified.



OCEANROUTES SPECTRAL WAVE AND WEATHER FORECAST.
DUTY FORECASTER AVAI LABLE AT ALL TI MES. PHONE ABERDEEN [[[ phone nunber]]]
FORECAST FOR: -

[[[oil2]11/[[[oil2]11/[[[oil3]]] FIELDS

1. 1 NFERENCE 0300 GMI, THURSDAY, 05- Cct 2000

LOW (989 MB), JUST SW OF THE FAERCES, WLL DRI FT SLOALY SE TO LI E

OVER THE EAST SHETLAND BASI N (1008 MB) BY LATE TH S EVEN NG THEN

DRI FTI NG NE ALONG THE NORWEG AN COAST FRI DAY MORNI MNG FI LLI NG

A TRANSI ENT RI DGE OF HI GH PRESSURE W LL CROSS THE NORTH SEA FRI DAY

AFTERNOON EVENI NG AHEAD OF AN OCCLUDI NG FRONTAL SYTSEM WHI CH W LL

AFFECT THE NORTH SSE LATE SATURDAY MORNI NG ONWARDS.
[[[forecasterl]]]

2. FORECAST 06-24 GMI, THURSDAY, 05- Cct 2000
=====WARNI NGS: Rl SK. THUNDERSTORM =======
W ND( KTS) CONFI DENCE:  HI GH
10M SSW 16- 20 GRADUALLY BACKI NG SSE THEN FALLI NG
VARI ABLE 04- 08 BY LATE EVEN NG
50M SSW 20- 26 GRADUALLY BACKI NG SSE THEN FALLI NG
VARI ABLE 08-12 BY LATE EVEN NG
VWAVES( M CONFI DENCE: HI GH
SI G HT: ARQUND 3.0 FALLING 2.0-2.5 BY M D AFTERNOON
LATER MAI NLY AROUND 2.5
MAX HT: ARQUND 5.0 FALLI NG 3.0-4.0 BY M D AFTERNOON
LATER MAI NLY AROUND 4.0
PER( SEC) : SEAS: 05-06. SVELL: 09 LATER 08
WEATHER: CLOUDY W TH PATCHY RAIN AT FI RST, SOON BREAKI NG

PARTLY CLOUDY/ CLOUDY W TH SCATTERED SHOWERS,
RI SK THUNDERSTORM

VI S(NM : 3-5 | N FRONTAL M ST/ RAI N, SOON | MPROVI NG 10+
AROCUND M DDAY BUT FALLI NG 3-5 I N SHOVNERS
TEMP(C) : 10-12 LATER 08-12
CLQUD: 4-6 ST 500-700 6-8 SC 1200- 1800 SOON BREAKI NG
( OKTAS/ FT) 4-6 CUSC 1500- 2500 LOVERI NG 500- 1000 I N SHOVERS

W TH OCCASI ONAL CB 800
LIGHTNING RISK: NIL RI'SING H GH (60-80 PER CENT) BY LATE AFTERNOON

3. FORECAST 00-24 GMI, FRI DAY, 06- Cct 2000
W ND( 10M : VARI ABLE 04-08 SOON NNW I NCREASI NG 12-16 BY M DDAY
THEN GRADUALLY BACKI NG W LY 06-10 BY LATE EVEN NG
(50M : VARI ABLE 08-12 SOON NNW I NCREASI NG 15-20 BY M DDAY
THEN GRADUALLY BACKI NG W LY 10-14 BY LATE EVEN NG

SI G WAVE: AROUND 2.5 FALLING SLOALY 1.0-1.5 BY LATE EVEN NG
MAX WAVE: AROUND 4.0 FALLING SLOALY 1.5-2.5 BY LATE EVEN NG
VEATHER: SCATTERED SHOVERS, Rl SK THUNDER AT FI RST,
DYI NG QUT BY LATE EVEN NG
VI S: GOOD EXCEPT | N ANY THUNDERY SHOWERS
4. FORECAST 00-24 GMI, SATURDAY, 07-Cct 2000

W ND( 10M : WLY 06-10 SOON BACKI NG SSW | NCREASI NG 34- 38 BY
LATE AFTERNOON, EASI NG 30- 34 BY LATE EVEN NG

(50M : WLY 10-14 SOON BACKI NG SSW | NCREASI NG 43-48 BY
LATE AFTERNOON, EASI NG 38-43 BY LATE EVEN NG

SI G WAVE: 1.0-1.5 RI SING AROUND 5.0 BY LATE EVEN NG
MAX WAVE: 1.5-2.5 RI SING AROUND 8.0 BY LATE EVEN NG
WEATHER: PARTLY CLOUDY/ CLOUDY BECOM NG OVERCAST/ M STY

W TH RAIN BY LATE AFTERNOON EVENI NG
5A. LONG RANGE QUTLOOK: SUN 08-Cct 2000, AND MON 09-Cct 2000,

W ND( 10M : SSW 30- 34 EASI NG 16-20 BY M DDAY SUNDAY THEN
AGAI N | NCREASI NG 38-42 BY EARLY MONDAY MORNI NG THEN
VEERI NG SW DECREASI NG 20- 24 BY LATE MON. EVENI NG

SI G WAVE: AROUND 5.0 FALLING 2.5-3.0 BY M DDAY SUNDAY THEN
RI SING 6.0-6.5 BY M D MORNI NG MONDAY, FALLI N AROUND
4.0 BY LATE MONDAY EVEN NG

N. B. THE HI GHEST | NDI VI DUAL WAVE THAT MAY BE EXPERI ENCED | S OF THE
ORDER OF TW CE THE SI GNI FI CANT WAVE HEI GHT.

Figure 1: Complete wave and weather forecast issued 5 QcRili® a.m. (filename: 50ct20@B.prn)

items in triple square brackets ([[[...]I])-

. Anonymised



05-10-00

05/ 06 SSW 18 22 27 3.0 4.8 SSW 2.5 9
05/ 09 S 16 20 25 2.7 4.3 SSwW 2.3 9
05/ 12 S 14 17 21 2.5 4.0 SSW 2.2 9
05/ 15 S 14 17 21 2.3 3.7 SSw 2.2 8
05/ 18 SSE 12 15 18 2.4 3.8 SSW 2.3 8
05/ 21 SSE 10 12 15 2.4 3.8 SSwW 2.4 8
06/ 00 VAR 6 7 8 2.4 3.8 SSw 2.4 8
06/ 03 VAR 8 10 12 2.3 3.7 SSW 2.3 8
06/ 06 NNW 10 12 15 2.1 3.4 SSwW 2.1 8
06/ 09 NNW 12 15 18 1.9 3.0 SSW 1.8 8
06/ 12 NNW 14 17 21 1.7 2.7 SSwW 1.5 8
06/ 15 NW 14 17 21 1.6 2.6 SW 1.3 8
06/ 18 NW 12 15 18 1.4 2.2 WBW 1.3 9
06/ 21 NW 10 12 15 1.4 2.2 WBW 1.3 9
07/ 00 A 8 10 12 1.3 2.1 WBW 1.2 9
07/ 03 SW 12 15 18 1.3 2.1 WBW 1.2 10
07/ 06 SSW 16 20 25 1.5 2.4 WBW 1.1 10
07/ 09 SSW 24 30 37 1.8 2.9 WBW 0.9 10
07/ 12 SSW 30 37 46 2.7 4.3 SSW 0.6 10
07/ 15 SSW 34 42 53 3.4 5.4 SSwW 0.4 11
07/ 18 SSW 36 45 56 4.0 6.4 SSW 0.6 11
07/ 21 SSW 34 42 52 4.5 7.2 SSW 0.8 11
08/ 00 SSW 32 40 50 5.0 8.0 SSwW 1.2 11

Figure 2: Complete wind data file for 5 October 2000 (filenaB@ct200003.tab).

3.2 Trainable systems

dat a/ out put s/ syst em gener at ed/ t r ai nabl e- syst ens/

To create inputs to our generators, the input vectors asappgar in the corpus (see Section 2.2) are augmented with
the following information in an automatic preprocessinggdt whether the change in wind direction compared to the
preceding 7-tuple is clockwise or anti-clockwise; whettigginge in wind speed is an increase or a decrease; and whether
a 7-tuple is the last in the vector.

Then, the augmented 7-tuples are converted into a systenifispepresentation (e.g. in the case offlegGsystems,
this is nonterminals with arguments). Because of the diffees between system types, each takes slightly differputs.

For details of the generator building, training methodsiapdt representations for each type of system below, please
refer to Belz & Kow, 2010 [3].

321 PCFG Systems

dat a/ out put s/ syst em gener at ed/ tr ai nabl e-systens/ PCFG fol d*/ {test, train}/*. pcfg-2gram 1
dat a/ out put s/ syst em gener at ed/ trai nabl e-systens/ PCFG f ol d*/ {test, trai n}/ *. pcfg-greedy. 1
dat a/ out put s/ syst em gener at ed/ t r ai nabl e- syst ens/ PCFG f ol d*/ {test,train}/ *. pcfg-random 1
dat a/ out put s/ syst em gener at ed/ t r ai nabl e- systens/ PCFG fol d*/ {test,train}/*. pcfg-roulette. 1
dat a/ out put s/ syst em gener at ed/ t r ai nabl e- systens/ PCFG fol d*/ {test,train}/*. pcfg-viterbi.1

We have included the outputs of figERU generators for th&ETEO domain created previously [1]. Th®RuU base
grammar for theveTEO data is a set of generation rules with atomic arguments thratert an input into a set afL
forecasts.

A probability distribution over the base generator was imietd by the multi-treeban-king method [1] from the Prodigy-
METEO corpus. This method first parses the corpus with the basaand then obtains rule-application frequency counts
from the parsed corpus which are used to obtain a probadityibution by straightforward maximum likelihood esti-
mation. If there is more than one parse for a sentence thefnedgeency count increment is equally split over rules in
alternative parses.

3.2.2 PSCFG Systems

dat a/ out put s/ syst em gener at ed/ t r ai nabl e- syst ens/ PSCFQ fol d*/ {test,trai n}/ *. pscfg-semantic. 1
dat a/ out put s/ syst em gener at ed/ t r ai nabl e- syst ens/ PSCFQ fol d*/ {test,trai n}/ *. pscfg-unstructured. 1

We created two probabilistic synchronazise (PScFQ@ generators for thelETEO domain usingvasp~! [7]. The main
task here was to createcaG for wind data input representations. We used two differeatrgnars (resulting in two dif-



ferent generators). The ‘unstructured’ grammar encodesoapus input vectors augmented as described in Section 2.2
whereas the ‘semantic’ grammar encodes representatidmsaegiursive predicate-argument structure that more riekem
semantic forms. These were produced automatically fromawvenput vectors.

Both thepscFGunstructured and thescFGsemantic generators were built in the same way, by feetliegrc for
wind data representations and the corpus of paired windrdptasentations and forecastswasp~! which then created
PSCFG fromit.

3.2.3 PBSMT Systems

dat a/ out put s/ syst em gener at ed/ tr ai nabl e- syst ens/ PBSMT/ f ol d*/ {test,trai n}/ *. pbsnt-structured. 1
dat a/ out put s/ syst em gener at ed/ t r ai nabl e- syst ens/ PBSMI/ f ol d*/ {test,trai n}/ *. pbsnt-unstructured. 1

We also created four generators with thesestoolkit [4]. The main question here was how to represent fueifce
language’ inputs (the wind data). WhitvT methods are often applied with no linguistic knowledge &{ahd are
therefore blind as to whether paired inputs and outputsnvarstrings or something else), it was not clear how well
they would cope with the task of mapping from number/symlsaitors toNL strings. We initially tested two different
input representations [2], one of which was simply the augee corpus input vectors as described abeas(T-
unstructured), and another in which the individual 7-tgpdé which the vectors are composed are explicitly marked
by predicate-argument structuressmT-structured). As in Wong & Mooney’s content-to-text geniena work [7] we
wanted to test the effect of treating the structure marketslkens.

4 Recreating the complete 5-fold version of Prodigy-METEO

scri pt s/ nkcor pus- 5f ol d. pl

One of the main principles in designing this release of RypdieTEOWas to avoid duplication of data files.

This means that in order to comparatively evaluate new systgainst the existing systems for which outputs are
included in this release, outputs for all systems have taligried’ by creating either the 5-fold version of ProdiggTEO
(for which we are providing a script as described in thisise}t or some other aligned version.

For example, if you want to create a new trainable system aodyant to compare it to our systems, you need to
create the 5-fold version. Then for each fold, train youteyson the *.num.1/*.prn.1 pairs in the ai n/ subdirectory,
and evaluate it on the dates in thest / subdirectory. Evaluation scores then need to be averagedioy 5 folds.

Running the mkcorpus-5fold.pl script creates the follayiew directory immediately under the tBpodi gy- METEO- bet a/
top directory (here, only one date and all files for it are shas an example):

Pr odi gy- METEO- 5f ol d/
fol d1/
test/

3Apr2002_03. hyb. 1
3Apr2002_03. num 1
3Apr2002_03. pbsnt -structured. 1
3Apr2002_03. pbsnt -unstructured. 1
3Apr2002_03. pcfg-2gram 1
3Apr2002_03. pcfg-greedy. 1

3Apr 2002_03. pcf g-random 1
3Apr2002_03. pcfg-roulette. 1
3Apr2002_03. pcfg-viterbi.1
3Apr2002_03. prn. 1

3Apr2002_03. pscfg-semantic. 1
3Apr2002_03. pscfg-unstructured. 1

train/
fold2/
fol d3/
fol da/
fol ds/
NB: In order to be able to compare directly with the SumTime-Htybystem (for which we did not have outputs for
every date), this process deletes a small number of datés)from each test set.



5 ExampleUseof Prodigy-METEO

1. DownloadPr odi gy- METEQ.pr e- al pha. zi p from
http://ww. nltg. brighton. ac. uk/ hone/ Anj a. Bel z/ Prodi gy- METEOpr e- al pha. zi p

2. UnzipPr odi gy- METEOpr e- al pha. zi p
3. Run mkcorpus-5fold.pl

4. Build your system and train it 5 times using only the dathé@train subdirectory of one of the foldsfnodi gy- METEG- 5f ol d/
each time.

5. Run each version of your system on the inputs in the testttiry of the corresponding fold, so that you have added
test data outputs for your systems for each date isdi gy- METEO- 5f ol d/ f ol d*/test/

6. For each of th@r odi gy- METEO- 5f ol d/ f ol d*/t est/ test sets, and each system you want to evaluate, run your
chosen evaluation script(s), eBL.EU, then average scores over the 5 folds.

6 Contacts

Anja Belz, Brighton University, UK (a.s.belz@brighton.iak)
Eric Kow, Brighton University, UK

Prodigy Website: http://www.nltg.brighton.ac.uk/horeja.Belz/Prodigy
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