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Abstract

The rapid increase of digitized text documents has accentuated the need for reliable
automatic methods that discern the important information from the unimportant. In the
legal domain of court judgements, this process is done mostly manually by specialized
legal editors, which is a time-consuming process. However, court judgement summaries
are an essential part of a legal practitioner’s workflow, as they are shorter in length, thus
enabling faster and more specific search for relevant case-laws. Furthermore, summa-
rized versions of court judgements allow the legal practitioner to intuitively focus on its
main points and thus acquire a better understanding of it.

Recent advances in Machine Learning have enabled better performance in Automatic
Text Summarization (ATS) systems, in terms of automatic evaluation metrics. Moreover,
deep pre-trained Language Models enable the use of ATS without large amounts of training
data. However, most methods are trained and evaluated for the news-article domain,
which differs from the court-judgements domain as the latter includes longer documents,
having significantly different structure and making use of specialized legal terminology.

In our work, we attempt to automatically summarize Greek court judgements using
machine learning methods. To that end, we first conduct an extended survey of the au-
tomatic text summarization literature; the methods, the datasets and evaluation metrics
used and the criticism that has been applied to them. Then we proceed by constructing
a dataset of Greek court judgement texts and their summaries. We build an extractive
summarization system, based on the LexRank algorithm, that extracts the most important
sentences from a judgement. We train an Encoder-Decoder Deep Learning model based
on the BERT architecture, using open-sourced checkpoints trained on Greek parliamen-
tary corpora and use it to model abstractive summarization as a sequence generation task.
We evaluate our methods using the ROUGE-family of automatic evaluation metrics and
also conduct a human evaluation study.

We show that domain informed preprocessing and including judgement classification
information can increase the performance of our abstractive summarization methods. We
provide a comparison of different variations of our extractive summarization methods. Le-
gal experts’ evaluation shows our extractive methods perform average, and our abstractive
methods, while generating moderately fluent and coherent text, have low scores in the
relevance and consistency metrics, indicating the need of methods factually aligned to

the judgement text.

Keywords: Automatic Text Summarization, Court Judgements, Machine Learning,
Neural Networks, Natural Language Processing, BERT, ROUGE, Legal-Al






IlepiAnyn

H taxeia avgnon tov yn@omonpuévev KEPEVROV £XEL EVIEIVEL TNV AVAYKI Y1d a§l0rmoteg
autopateg peBodoug mou Popouv va EEXMPIoOUV TI§ ONHUAVIIKEG A0 TG HI-ONHAVIIKESG
nAnpogopieg. Zinv vopodoyia, n dadikaoia auvtr eivar xpovoBopa kabwg yivetatr kupimg
Hn-auvtopatorotnpéva aro eSe181KeUPEVOUS VOIKOUG OUVIAKTeG. ‘'Ouwg, ot meplAnyelg &i-
KAOTIK®V anodpAcemv £ival armapaitnto KOPPATL tng PONg Epyaciag evog VORIKOU, adou Aoy
TOU PIKPOTEPOU PHKOUG Hivouv tnv duvatdinta yia ypnyopotepn) Kat ITo OTOXEUHEVH avali)tn-
O OXETIKLG VOP0AOYiag Kat MANPECTEPT] KATAVONOT] T®V KEVIPIKOV onpeiov toug. Ilpdopateg
£&elielg otov Xxwpo g Mnxavikng Mabnong, ivouv tnv duvatotnta yia KaAutepeg ermbooeig
ota ouotruata Auvtopatng Mepidnyng Kewpévou (ATIK), BAoet autopdtov PEIPIK®V a§loddyn-
ong. EmmmAéov, ta Babid npo-sknaibeupéva MNwooika Moviéda smtpérouv v xpron AITK
ouoTNPATEV X®PEIS peydlo apBpo dedopévav pe epappoyeg Kuping oe apbpa e1droemv ta
orola, OP®G, £€X0UV PMIKPOTEPO NEYeDog, Hlapopetiky] doprn KAl eAAax10t VOR1KL opoAoyia.

Znv napovoa epyacia, poornaboupe va mapaydayoupe autopateg nepldnyelg EAAnvi-
KOV d1KAOTIKOV arnopAoemv Xprnotponoloviag pefodoug Mnyavikng Mabnong. I'a autod tov
okord, die§dyoupe exktetapévn PBAoypadikn pedét v pebodwv Autdpating IepiAnyng
Kewpévou, tov ouvodav Sedopévav Kal Tov HEIPIK®OV a§loAdynong Iou XProiiornoouvial.
Zinv ouvexela, ouAdéyoupe €va ouvolo debopévav anotedovpevo aro EAAnvikég Awkaott-
kég Amogaoels. Kataokeudloupe éva ovomnua efaywywkrc nepiAnyng, Pacifopevo otov
alyopiBpo LexRank, to omoio e§dyetl amno tg anodacelg TG rmo Onpavilkég mpotaocelg. Ex-
nadevoupe éva poviedo Kodikorountr)-Arokwdikorowntr] BaBidg Mabnong rmou Paocidetat
oV apxtiektovikny) BERT, xpnowonoigviag ripo-sknaideupéveg oe EAAnvikd vopika keijpe-
va napapérpoug, ou datiBeviat eAevbepa, Kal 10 XPNOIOMIOIOUHE Yid TV POVIEAOTIOW 0N
TOU IPOBAIATOG NG £eUdepn ¢ Tepifinyng oav éva mpoBAnua napaynyng akodovdiag xket-
pévou. Ot 1€bodoi pag aglodoyouvial KAvVoviag Xpror) NS OIKOYEVELAS AUTOUAT®OV PETPIKMV
ROUGE kat péoe pedéng aviporuvng a§loAdynong ano vopikoug.

Agixvoupe ot 1) e§e1d1keUpéVn V1A S1IKAOTIKEG ATIOPACELS TIPO-EMESEPYATIa KEWEVOU KAl
n oupnepiAnyn mAnpogopiag Katnyoplomnoinong I®vV S1KaoTK®V arnopAcenv BeATidvel v
eniboon v peBodev pag eAevdepng tepiinyng. Iapéxoupe pia pedétn a§loddynong da-
@POpwV mapaddayov v pebodwv efaywykng nepiinyng. H a§lodoynon and vopikoug de-
ixvel wg ot efaywykes pEBodot arodidbouv pétpla, eve ot peéBodotl eAsvdepng mepiAnyng
mapdayouv replAnYelg pErplag euppadelag Kat ouvoxng aAAd XapnAng oxXeukotnIag Kat ou-
VEMElAG PE T0 KEPeVO g S1KAOTIKNG arnodaong, urodeikvioviag tnyv avaykn yia pebodoug
ePiANYng MouU CUPPKOVOUV MPAYHATOAOYIKA HE TO TIPOG MEPIANYT] KEIJIEVO.

A&Ze1g KAe1d1a: Autoparn Mepidnyn Kepévou, Akaotikég Anopdoeig, Mnyavikry Mdaénon,

Neupwvikd Aiktua, EneSepyaoia duoikng Maoooag, Texvnu) Nonpoouvr kat Aikato
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Euxapiloticg

Ba 116sda PWTIoTRG va euxapiotom tov Ap. Mdpio Koviapn yia tnv nmoAvtipn Bonbeia
TOU KATd TV EKNIOVN 0T 6 epyaociag avutg. H evBappuvor), ta oxoAla Kat o1 mapatnproetg
TOU ftav Kabopilotikeg oty eKmovnon g epyaoiag. Emiong, 9a n16eda va suxapilotron tov
kaOnynt) k. [avaylot Toavaka yia 1o 011 pou £€dwoe v duvatotnta va acoAn0o pe autod
10 9¢pa, aAdd kat yua v e§a1petiky) ouvepyaoia pag Katd v emiBAeyn g epyaciag auvtrg.

H owoyéveld pou pou €6moe 1a péoa, v Aveor), ToV X®WPOo KAt IV YUXIKL evlappuv-
on mou Xpelaldpouv yia va OAOKANP®OO® TV @oitnon pou otnv oxoAr). Toug suxaplot®
arneploplota yla avto.

N1®©O® UTIOXPEWOT] VA EUXAPIOTHO® TATIEVA TNV IIAPLA ITOU HE aveEXTNKe Kab'oAa ta Xpovia
t0v onoudwv pou. Madi mpoBAnpATIOINKAPE KAl KAVAPE TOU £aUTOUS 114G KAAUTEPOUS,
aradnpaikd addda kat euputepa. Ta meploootepa mpdypata, aro ta Atya rmou épaba ta
Xpovia autd, ta épaba xapig os autnyv.

TéAog, 9a 1Beda va S®ow TI1G TT0 EYKAPDIEG EUXAPIOTIESG OV OTO IIPOOMITIKO 1OU AAITTOon
Dell Inspiron 5737-4417. Katd 1) 81dpKela 10V Orouddv HoU evNAKI®ONKApe Kat TeAKd
yepaoape padi. Yo 1ov 11X0 ToU XaAaopPEVOU aveplotripa 0oU AuBnkav Kat ypddtnrav O0Aeg
0ol aoKnoelg g oxoAng. '‘Ola autd, mavia 6imda and pa prpida, di6n ) pnatapia cou
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Extetapévn EAAnvikn IlepiAnyn

0.1 Ewayoyn

Zoupe otnv emnoyr tng minpodopiag, Omou 1 moootnta tng rnpociapBdavouoag mAnpo-
Qopiag Kat n avaykn enegepyaociag mg aviavovratl otabepd. ‘'OAo KAl MeploooTEPA Keipeva
YPNO0Io1oUvIdl Kdl EVORPATOVOVIAL 0 S1APOopeS £PAPPOYEG OTIOU O XProtng HPIopel va
kateBaoel, Padel kat enegepyaotel peyado ninbog debopévav. IToAAég etaipeieg Texvnig
Nonpoouvng (TN) ekpetadAevovial ta audavopeva os TArfog debopéva yia va exknaidevocouv
aAyopiBuoug Texvnirig Nonpooudvng o1 01toiol UIopouV va epappootouv o 51apopoug Tope-
1g. 'Opwg, ta dedopéva sival xpriowa - yia g Pnxaveg Kat yla toug avlporioug - povo av
HIopouv va xprnotporoinBouyv eite aneubeiag oe KAmowa AAAn epappoyn Petd anod enedep-
yaoia. Emopévag, n nepiAnyn evog Kepévou - onwg opiletat ano tov Radev: «tva keipevo
TTOU TIAPAYETAL Ao €va 1] TEPLO0OTEPA AAAA KElPEVA KAl TO OIMOI0 TEPLEXEL TNV ONPIAVIIKA
mAnpogopia amo auto/d Xopig va €xel mave aro 10 Piood peyebog tou(g) [ | - propet
va eivat oAU Xprjotin adpou PEIOVEL ONIAVIIKA T0 PeyeBog Tou Kelévou Xwpig va xabet to
VONd tou, Kaf1otoviag €101 EPIKTL TV XP1)01 HEYAAUTEP®V KETHEVQV.

H epeuvnukr] kowdtnta otov xopo tmg Texvning Nonpoouvng éxet diayxpovikd Seiet ev-
drapépov oto va Bpebouv 1€Bodot Autopatng [epidnyng Kepévou (ATIK), kuping yia keipeva
e1drjoe@v. Ztnv npoorndabela autr) £€Xouv XpnotpornoinOei moAAég EBobol mpospXOEVES a-
o Vv Ynodoylouky) FAwocoloyia pexpt v Mnyavikyy Mdabnon. Ot mepioootepeg 1€6odot
poortaboyoayv va e§AYOUV TIG IO ONLAVIIKEG TTPOTACELS TOU Keévou (efaywyucn) tepiinyn),
adou 1o va rapaxBei véo Kelpevo mepiAnyng ouvaptroel ToU apX1KoU KePEVOU (eAsudepn
nepinyn) dev etvat Arav duvatdv pe oupBatikég peBodoug Mnyavikng Mdabnong 1 Yrodo-
yloukrg Mwooodoyiag. Eviourtoig, n nipdopatn avdnorn tou epeuvnukoy evilapepoviog yla
oV X®0Po TV Aiktuewv Babiag Mnyxavikyg Mabnong - n oroia rpbe wg amotédeopa ng au-
EAVONEVEG UMOAOYIOTIKIG 10XU0G TV OUYXPOVAOV UTIOAOYIOTOV Kal TV MeydAav Asbouévav
(Big Data) - £xe1 dwoel v duvatdtnta Kataokeung pebodeov e kaAutepeg kavotnteg Ia-
paywoyng 'wooag (Language Generation) kabiotoviag tnv eAsvdegpn nepiinyn epikt). Ta
Alktua Babidg Mnyavikng Mdbnong ekrnaidevovial KAvoviag Xpron peydAou mAr0oug Ket-
pevikov 6edopévav Kat, ouxvd, o Kodikag addda kat ta i6ta ta diktua, dratiBeviat cav Aoyt-
OMKO avolktou kwdika, Sivoviag os eP1ocoTeEpA dtopa Tty Suvatotnia va Xpnoii10roijcouV
nipo-ekntatdeupéva MNwooika Moviéda os eTTIPIEPOUG EPAPHOYES, OTIOG I TIEPIANYI) KEIEVOU.
[poogpateg §eAifelg OoTIg APXIIEKTOVIKEG SIKTUGV HUNXAVIKAS NABnong, 0rog 1 apXIEKTOVIKY)
Transformer | ], elval mo arodotiKEG UTIOAOYIOTIKA KAl £MOPEVAG PITOPOUV va EKIIAl-
Seutouv pe peyadutepo mAr0og Sedopéveov. H apyutektoviky) MAwoowkou Moviédou BERT

(Bidirectional Encoder Representations from Transformers) [29], i1 oroia PBaciletal otnv



Extetapévn EAAnvikn IepiAnyn

apxttektoviky] Transformer, €xet Bpet epappoyr] o€ TANO0G EPEUVITIKGOV KAl BLOPRNXAVIKOV
TOPEDV.

Tnv rapouoa gpyaocia, afloAoyoupe toug alyopibpuoug autdpatng mepiAnyng Keypuévou
oe Sikaoukég aropdoelg. O topéag tng vopoAoyiag, OUYKPITIKA He AAAOUG TOHElG, €XeEl
UTIAPEel apyog oto va eKPETaAAeUtel TG @PEAeieg g PNP1o1oinong tewv Kepévav. 'Ouwg, ta
TeAeutaia Xpovia, 0Ao Kat TEPIO0OTEPA S1KAOTNPla PNPIOTIO0UV TI§ ATIOPACELS TOUS KAl TG
61abetouv eAetbepa péom tou Atadiktuou, divoviag €10t v duvatotnta o VOPIKOUG, S1KAOTEG
Kat S1IkNyopoug va £xouv npooBaon os tepActio MAnog Sikactuk®v armopacexmv. Evioutorg,
évag VOUIKOG O Or0i0g Wayvel Malilég S1IKAOTIKEG ArOPATELS, TIPETEL VA £EeTATEL e§AVIANTIKA
TTO1EG TOU £1val XPI)O1HES WOTE ATTO AUTEG - PEO® TV VOUIK®V TOU YVOOE®V aAAd Kal epmelpiag
- va e§Aayel Ta KEWPEVIKA AMOCIIAopatd IoU ToU £ival Xprjotia Kat va Katavoroet £1§ Badog
mv epappooteéa vopodoyia. Ot mepAPelg S1IKACTIK®OV AMTOPACEDV CUYKEVIPOVOUV TA KUPI®G
onpeia g Aropaong o KeIPEVO HIKPOTEPOU peyeboug, divoviag £totl v Suvatotta 1o
arodotikyg (o 9¢pa xpovou) avaditnong OXETIKYG VopoAoyiag.

Mexpt v dekaetia tou 90, 10 PeyaAutepo PEPOG NG MEPANYERDV VOPIKAOV KEPNEVOV AAAd
kat g Sabikaciag e€aynyrg minpogopiag arnd vopika keipeva, yivoviav and e§eibikeu-
HEVOUG VOUIKOUG OUVIAKTEG. 'ON®g €KTOTE, AOYIOMIKA QAKA P0G TOUG XProteg [ , 36]
€xouv avarttuxbel wote autég ot diadikaoieg va Popouv va autopatornofouv HEPIKOG.
Tt pépeg pag, mave and 2000 veoueig emiXelproelg Spactnplorolouvidl OTovV X®OPO TS

Texvning Nonpoouvng yia Nopikd Keipeva [ l.

0.1.1 Nopwxka Keipeva

Ta vopika keipeva eival Keipeva mou €xouv ouviayBel yia Stapopoug okoroug, adda
O0Aa oxetidovial oe kAo Babpd pe tov vopo - eite AOYy® TG appodlotnIag T0U OUVIAKIN
(i.x Akaotng, NopoB£tng), Adym TV avapop®v ImoU MEPLEXOUV 0 AAAd VOHIKA Kelpeva, 1)
Aoyw g Yepatodoyiag Toug rmou adopd v PUOHIOT TOV SIKAIOPATOV KAl T®V UTIOXPEDCEDV
101010V Kat Seopov. Ot o ouyxvol TUTIOl VOPIKOV KEPEVOV [ I, epapxnpévor Baocet g

10XU0G T0UG ®G MNyav dikaiou | ], elvat o1 mapakAt®:

e Juvtdypatd: td oroia aroteAouv g depedimdelg apyEg rmou apopouv 1o nog Slotke-

itat éva kpdAtog.

e NopoOsoia: n oroia reptAapBavel T0ug vOI0UG TOUG 01toioug eortiet éva vopofetiko
oopa Kat pubuidouv Tt eivatl EMMTPENTO Ao TOV VOH0. Zuvhfng, 01 VOL01 0pyavavovTal
Yepatikd o kKOd1KeG mapopolag depatodoyiag, onwg eri napadsiypatt o [Towikog

Kodikag.

e AlKACTIKEG AMOPACELG: 01 oroieg reptdapBavouv ta 1) evbiapeoa 1 teAkd anote-
Aéopata puag 6ikng, 2) v kpion tou Sikaotnpilou yia ta yeyovota Kat td EMXEpnpata
G KABe mMAeupdg KaB®G KAl TOV EPAPHPOCTEDV VOPKV, 3) TV anogact) Tou 61Kkaotnpiou

O yparttr| popoer).

e TupBoAata: ta oroia eivatl apoBaieg cupPeVieg petadl cupBaAAOPEVOVY PEPHOV, NEOR

T®V OTIOI®V TIapayovtdl apoiBaieg UIrtoXpewoels.
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0.1.2 Kivnrpo kat Zuvetopopa Epyaoiag

Ta vouikd keipeva €xouv eeAixBel onpavuxkd péoa oug Yietieg mou napfAbav anod v
npwtn Xpnon toug. Ta mpwta Keipeva 181wtikou dikaiou rtav oupBodala, 61abnkeg kat vo-
HIKEG TIPASELS eyyeypappéveg o mvakideg ard rmdd oty Zoupepia nepinou 5000 xpovia
npwv. Ilapopoing, ta mpota Keipeva dnpooiou Sikaiou, On@g VOPol, ePpaviotnkav otnv
Meoorotapia pe toug vopoug tou Bactdta Oup Nappou kat apyotepa tov kodika tou Xa-
poupaprt va anoteAovv yveotd napadetypata.

Tv Apxaia EAAGSa ta vopikd Ketpeva petady 18iwtov agpopovoav dépata oreg KAnpo-
VoHd, eRIoplo Kat Aoutd oupBoAaia, eve ta Kelpeva rmou pubuidav nog ot apxaiot EAAnveg
nofliteg {ouoav oe kABe [10An-kpdatog (moueia) HiEpepav anod meploxr| oe EPLOXL) AOY® TV
dlagpopav otnv srukpdtnon g Pntopikng t€xvng, 1o moco dtadedopévn nrav n vopopddeia
Katl ta dwkaotpa | ] kat AAA@V KO1VOVIKO-TTIOATIK@V AOY®V TTou pubuidav nolog Sswpo-
vvtav noAitng. 'veotoi vopor eptdapBavouv Tou vopoug tou Apdxkovia (620 .X), yveotot
yla IV auotpotnid ToUg Kal ol Oroiol petappubpiotnkav amnd 10ug vOPoug Tou LOA®VOG
(593 n.X).

H vopikr) mapddoon g Popaikng Autokpatopiag, av Kat apyika Paociotnke otnv Ap-
xaia EAAnvikr), oty ouvéxela egedixOnke ave§dptnta, pe v ermpporn g va avaypagpetat
éviova oto S1kaliko cuotnpa g Bulavtivrig Autokpatopiag aAAd Kat MOAA®V CUYXPOVOV
kpatowv. Ta onpepvd vopika keipeva dtapépouv otnv Hour T0UG KAl OTO TIOG AvaPEPOUV
aMAa keipeva. Emiong kavouv xprjon emionpng yA®ooag Katl VOHIKLG opoAoyiag.

Y& kOt meplmwor, 1 eUpubun Ae1toUpyia TOV OUYXPOVOV KOWVAVIOV TTPOUITODETEL pa
KOUATOUpA 0£6a0}110U TV KAVOVEV Kal TV Je0P@V TOU eMBAEMIOUV TV PN 0T T0Ug (Kodtog
6wkaiov). MdAiota, Sa pPropouce va UmootpiXiel G 0 oUYXPOVOG IOALTIONOG, OIS TOV
yvopidoupe, Bacidetal oto kpdtog dikaiou. Emopéveg, ot vopot adAd kat n eppnveia toug,
HE0® TV 1KACTIKOV ArToPACERV, £X0UV TepAoTia Baputnta yia v pubpion tng Kabnpepivig

{wng Tou KAOe MOoAitn KAl UNAPEIAKT] onpacia yia 1oV moAttiopo kabe Aaou.

0.1.2 Kivntpo rat Zuvelopopa Epyaoiag

Ta kivnpa oto va Sigpeuvooupe TPOITOUS AUTONATNG TIEPIANYNG KEIPEVOV H1IKACTIKGOV

anopAace®v ota EAANVIKA €ival td MAPAKAT® :

e Ta vopika reipeva €xouv peydeg S1apopég pe ta Keipeva mou Xpnotponotouviatl ou-
vrBwg oty AIIK: ta dpBpa e1dnoewv. Eival peyadutepa oe péeyebog, eEPIEXOUV VOIKT)
opoAoyia kat ToAAEG avapopeg oe dAAa keipeva. MéBodot ou dev AapBavouv untoyvy
autég 11§ H1adopég PNIopoUv va XAoOUV CNPIAVIIKEG TTANPodopieg 1 va pnv eivat kav

£PaAPPOoIEG AOY® TOU PEYEDOUG TOV KETPEVQV.

e O péoog vopikog €odevetl ToAAEG Mpeg KABe eB86o1ada oto va waxvet, va d1aBdadel kat
va avalduel H1KACTIKEG AroPACElS TIOU £ival OXETIKEG Pe v unoBeon mou S0uAeuet,
[MapadAnAa, owmv EAAGSa - pe e€aipeon nmpoopateg rpoordabeleg poviedornoinong Kat
€UKOANG 61a0eong Kelpévev otov X®po g vopobeoiag [66, 5] - ev unapyxouv ou-
ykpiowa egpyaleia yla AKAoTKEG anopAacelg. Avarrtioooviag Kat aglodoyoviag je-
906oug autopaing nepiAnyng EAANViKov Atkaotikgv AnIopAcE®mV, EUEATIIOTOUHE TTOG
9a mapéxoupe xprioma epyaleia kat anotedéopata rmou Sa Bonbricouv v Snpoupyia

TETOLRV TTAATHOPH®V.
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Extetapévn EAAnvikn IepiAnyn

H ouvelogpopd g epyaciag pag EYKeltal otd MApAKAT® :

e Anpoupyia autdpatev npoypappdie®v cuddoyng dedopévav S1KaoTKOV aropioemv
ano 1o EAAnvikd XupBouAilo tng Emikpateiag kat tov Apesio [Iayo. Awabétoupe ta
bdedopéva edetibepa adou ta opyavooape oe oUvoAo Sedopévev . To ouvolo Sebopévav
avaldvetatl KAl ouykpivetat pe dAda ouvoda Sedopévev yia AIIK, xpnolporniowwviag

PETPIKEG TTOU €xouv rpotabei otnv oxetkr) PBAoypadia.

e YlormowoUpe pebodoug E§aywyikrc Iepifinyng Baotopéveg 1) otov aiyopiOpo LexRank
[34] kat 2) otnv mapardayr tou Biased LexRank | I, kavoviag xpron pebodwv

po-enegepyaciag Keévou eEe1SIKEUPEVES OTOV TOPEA TOV ATKAOTIKOV ATIOPATEDV.

e Yloroloupe néBodo EAsvdepng Iepifinyne KAvoviag Xprorn g apXiteKtovikng Kadi-
Koot - Anokwdikorout] pe BERT. Xpnowonowoupe Bdapn yia to BERT poviédo
TTOU €£X0UV TIpo-eknadeutel oe EAAnvikd vopka ketpeva kat v EAAnvikr wikipedia
Kat ta oroia &xouv SiateBel wg avoiytog kwdkag [69]. Aoxpdoupe Sidpopeg pe-
9660ug nipo-crnedepyaoiag kepévou e§edikeupéveg otig SIKAOTIKEG ATTOPACELS, 1€ OKO-
O TNV CUPIEPIANYI) 600 10 Suvatdv MEPIO0OTEPNS ONIAVIIKLG AN popopiag oto (re-
POP1oEVOU PHKOUG) Keipevo €10060u tou poviédou. Erurdéov, a§lodoyoupe v ou-

VEIOPOPA TG E€10AY®YHS TV EMONPEIWOERV Katnyopiag (class tags) g dikaotukng

anodpaong, oy Mapaywyn mg nepiAnyng mg.

e AZ10Aoyoupe Toug alyopifpoug pag Kavoviag Xprorn autopatev PHEIPIK®V a§loAdynong
neplAnyenv kat Sie§ayayoupe pedétn avBporuvng agloddynong pe vopkoug. Ertiong,

HETPAIE TNV OUOXETION PETASU TV SU0.

e [a toug OKOIOUG g HeAéng avOparivng aloddynong Kat tng 81adoong twv culde-
X0EVIeV S1KACTIKGOV ATIOPACE®V, AVATTTUCCOULE Pid £PaApPoyr] §1a81KTU0U Kal KAVOUE

ta 6edopéva Srabéopa péon piag REST dienagprg Aoyiopikou (API).

0.2 Mnyavikyy Mabnon kat Enefepyaocia Puoikng F'Avooag

0.2.1 Opuwopoi

O 6pog Mnxavikny Mabnon avagépstat otov xwpo g Texvnig Nonpoouvng, 6rou ai-
yop18po1 (povieda) pabaivouv ot i6101 TOG va Avcouv arodotikd £va nmpoBAnpa Xepig v a-
VAYKD TIEPATTEP® AVOPOITIVOU TIPOYPAPHATIOHOU Y1d VA OPlOTOUV KAVOVEG ETTIAUCHG TOU. ITIG
TIEPLO0OTEPEG EPAPHIOYES AUTO YIVETAL KAVOVTIAG XPI)01 ouvoAdev Sedopévav ta oroia xwpilo-
VIat o€ UTIOOUVOAd eKmalfeuong: TOU Xpnotporoleitatl yla v eKnaibeuotn) tou poviédou, ent-
KUP®ONG: TIOU XP1NOIOIOEITal Y1a va EMKUPWOOOUHE APXITEKTOVIKEG EIMAOYEG TOU HOVIEAOU
oV 8ev PIOPOUV va eKnatbeuTouv Katd v diadikaoia eknaidsuong, Kat €Ayyouv: 10 01oio
XPNOotpomoteital yia Tov €AeyX0 g £mMidoong 10U PovieAou Kat 1o omoio dev eival yvaotod os
Kavéva ano 1a rnpoavagpepbévia otadia. Xinv nepintwon nou 1o ouvodo debopévav, mEpav

1wV 6ebopévav e1006ou, H1abétel kat erurAgov edopéva ermbupnmg §660u yia kabe eicodo

1
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https://github.com/DominusTea/LegalSum-Dataset/releases/tag/v1.0.0

0.2.1 Opiopoi

101e éxoupe EmbAsnopusvn Mnyavikry Madnon, eved aAAwg Mn-smbAsnousvn. O 1topéag g
Mnxavikfig Mdabnong Piovet pia epeuvntike aval@wripaor), apou 1 au§non g UIIoAOY1oTL-
KI)G 10XU0G KAl Tou peyeboug tov dabéopev avorxtov dedopévav, divouv v duvatotnta
eKTA16£UONG POVIEAGV 1€ TIEPIOCOTEPES TIAPANETPOUG, TA OIOId PITOPOUV VA KATACKEUACOUV
«Babutepeg avarntapaotaceilgy tov Hedopévav e100dou kat e§6dou (Babia Mrxaviky Mabnon).
I8iaitepo gpeuvnuikd evdiapépov €xel 600el, mpoopatwg, otnv Avto-embAsmousvn Mnyavikn
Madnon érou 1o poviedo pabaiver arnod debopéva embupnirg §06ou mou €xouv napaydet
avtopdteg anod ta dedopéva e10660u.

O 6pog Enetepyaocia duokrg MNwooag (EDT) avadEépetal otov motoViKO TOPEA TTOU
Oiepeuva peBodoug Katavonong IOV PUOKOV YAQCO®V, d1Aadr) YA®oo®V Iou £X0UV IIPOKUYPEL
Xwpig oxeblaopo. Alaxpovikd, kavel Xprion pebodwv tng Yrodoyioukng I'Awooodoyiag, g
Emotmpng Ynodoyotov kat ing I'veowakng Emotfung. To ouyxpovo mapadeiypa, opeg,
epappoyov E®T kavet xprion pebodav Babiag Mnxavikng Mdabnong yia v avarnapdotaor)
ACewv KAl MPotdoe®v Iapdyoviag eVIUNIOOIAKA ATOTEAL0oUatd 08 TOHEIG MG 1 UNXAVIKE
petagpaon [ I, n auvtopa nepiAnyn Kewpévev [77] aAAd Katl ) KAtaoKeUr] YA®OOIKGOV
povtédev [112] ta oroia poviedorolouv v rmbavotnta piag akodoubiag Aégewv debopévng

plag akoAouBiag mou £xet rponynOei.

Transformer

To Transformer [ ] artotedei plia apX1TEKTOVIKI] VEUP®VIKOU H1KTUOU TT0U BpioKetl epap-
poyn oe AnHog d1aPpopeV TOPE®V OTIOG 1] AuTopat MepiAnyn keyévou [77], n katavonon
Bivteo [14] kat n pnxaviky petagpaon [ l. H apyxttektoviky] tou Sivetal oto Zxnpa
H npototurtia g apXlteKToviKNG aUthg £yKettal oto ot dev artotedeital anod oute avadpo-
pika diktua adAd oute ouvedikuika Siktua. AvifEtwg, yla tnv poviedonoinon tou context
KATd TV KATAOKEUT] avanapaotace®v yia kabe token €1066ou, xprnowpomnoieitat povo pia
mapaAdayrn ToU PnxXaviopou IPoooXNS: 1 auto-Tmpoooxh Ne TIOAAATIAEG KePAAEG.

Yrobétoviag cwo06boug K, V, Q, o punxaviopog auto-mipocoxrg urodoyilet to Sidvuopa

IPOCOXNS
T

V.

orou K =V = Q oy nepirmwon g avto-nipocoyng. To Transformer urtodoyidel h kepadég

Attention(K, V, Q) = softmax( V) (1)

(6nAadn davuopata mpoooyng), yia myv idia eicodo, poBdAdoviag ta dravuopata £10060u

XPNOHOMOI®VIAG H1adOPETIKOUG ITIVAKES Yia KAOe Kedalr):

QW?.) 2
MultiHeadAttention(K, V, Q) = [head;, ..., head,]W° (3)

head; = Attention(KWX, , VWV

i i’

érou o mivakag WO anoppogpd v Sidotaon tov h kepadov. Enedn to diktuo Transformer
bev eivat avadpoiké Kat enopévag o dravuopia £10060u eloayetal pia povo @opd oto Siktuo,
uloBeteital £vag MP@IOTUTIOG TPOTIOG £10AY®YNG TG IMAnpogopiag tornobeoiag os kKaBe token
10U dravuopatog 10060U. ZUYKEKPIHEVA, AV TO POVIEAO £XEl E0WTEPIKY H1A0TAOT] dppdel KAl

péyiloto pnkog €w0odou N, t6te mapayoupe Savuopata avarnapdotaong tonobeoiag PE €
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Extetapévn EAAnvikn IepiAnyn

Output
Probabilities

Add & Norm
Feed
Forward
J

——F— ) | EErom )~

Add & o MUt ead
Attention
Nx
Nx a9d & Norm Ad; S NEY Scaled Dot-Product Attention Multi-Head Attention
asked
Multi-Head Multi-Head
Attention Attention
) = =]
\ J ———
Positional A Positional trP duct I
Encoding 4 b Encoding oo
I Input ] I Output I
Embedding Embetddlng
Inputs Qutputs a KoV
(shifted right)
(a) H mAnong apxuektovikn evog UO- (B") Aptotepa: o unyaviouog mpoooxrg scaled dot-
VIEAOU  K@OLKOTONTN-AToK®OIKOTION TN product. Aeia: o unyaviopuog mpoooxns e moAAa-
Baowougvo oto transformer nAsc kepaieg
ZxfApa 1. Ipagwn amewkovion v (a) €vdg tranformer poviéflov kwdukomomny-

anokwdkorom, kat (3) g uedodou mpoooxnc ue TOAAATAES KepaEg.

RNXdmodel 3¢ eEG:
PE sin(i/10000%/ dmoder’) , j even
v cos(i/10000@~1D/dmedety | j odd
1a ortoia aBpoiloviat pe 1o Sidvuopa e10660uU.

H apytektovikn tewv transformers €xe1 kupimg HU0 mAsoveKtrpata Evavtl IMPOYEVESTEPDV
APXIIEKTOVIKGV : 1) £XE1 YPAPHIKI] TTIOAUTIAOKOTNTA ®G IIPOG TO PEYEDOG £10060U - Evavtt g
TEIPAYRIVIKAS TRV avadpopikev Siktuev 2) Adye tng pn vrnaping avadpourg, ot diepyaoieg
UTIOAOY10P0U TOU HOVIEAOU PIopouVv va rapadAndomnioinBbouv oe peyddo Babpo kat ermiong
arogevyetal PoBAfata PndeviooU 1) ATEP1ooU TOU ONIATOg AVAVE®ONS TOV Bapev Katd
v exnaidevor). 'Opwg, n éAAewyn avadpoprg srmBdalet €éva dve oplo peyeboug oto Sidvuopa
e1o0dou.

0.2.2 Avanapaotdoelg AL§E@V KAl KEPEVOV
TF-IDF

H péBobog avartapaoctaong Aégewv tf-idf eival pa armdry aAdd 61adedopévn pébodog rou
Baoiletat owv ouyxvotta kabe AfEng oe éva keipevo adAd kat o pia OUAAOYH KEPEVQV
yevikotepa. Me autdv tov tporio Aé€elg rou epgavidoviatl oe rtoAAd Keipeva €X0UV PHIKPOTEPT
Tupn. ‘Etot pa mpotaon S = {1,..., w;, ... wr} evdg Kepévou d; o€ éva OUVOAO KEIPEVOV
D propel va avanapaoctafei ®g éva Bag of Word Siavuopa pfjroug 600 10 mAn00g tov

dlapopetikmv Aégewv 010 Ac€iko kat tpn to tf-idf okop g kdOe AéEng otnv avtiotoixn 9éon
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0.2.2 Avartapaotdoelg Aé§emv Kal KEPEVEV

tou Stavuopatog r oroia npoxkurttel arod v Yéorn g AéEng oto Ae§iko DC eri OAwv Twv

Keévev D, epooov autn n Aégn undpxetl oto d;, aAdiog 0. Mabnpatuka:

tf(w, d) = log(Count(w, d) + 1)

df(w, D) = Z 1
deD : wed
D
D=

{f - idf(w.d, D) = f(w. d) - idf (w, D)
{f — idf(S.d. D) = [(tf — idf (wi, d, D))", ... (¢f — idf (wypcy. d. D))"7=°]

Word2Vec

O1 Word2Vec avanapactdaoeig [91] eivatr pia pébodog avarnapdotaong mou Paociletat
otnv urobeon Ot 1 A£EE1g ATTOKTOUV T0 vonpa toug BAcel tov ouyKkeipevev Aégemv toug. 'Etot
exkrtaldevoviag évav ailyopidpo auto-ermBAseniopevng pabnong o onoiog pabaivel mapdAAnda
va Sexwpilet rmoteg Aételg Sa propovoav va eival CUYKEIIIEVES KAl TTOEG HI)-OUYKEIEVEG Pid
AéEng. Tia va 1o KGvel autd kabe A£gn mpoBardetal o éva evdiapeoo davuopatkd Xopo
o ortoiog artotedel kat to word2vec diavuopa g Aégng. Exmaibevoviag tov alyopiOpo pe
Srapopeg mapadrayeg oe peyddo rmAnbog Kepévav, KataAnyoupe pe avanapaotdoeig Aégemv
Ol OITOiEG £XOUV EVORNATOOEL TNG OnUactodoyia g KABe A¢§ng Onwg auty) ekPppdadetatl anod

Vv mbavotntag ePPAaviong tng AéEng pe ocuyKeipeveg AAAeg AéEelg.

BERT

Ot avantapaoctdoeig BERT (Bidirectional Encoder Representations from Transformers)
artotedouv pa adAayr) apadetypatog oty BBAloypadia 1oV avarapaotaoe®v KEPEVOU yid
pnxavikn pdadnorn, agou KAavouv Xprorn evog kewdikorountr] Transformer péow tou oroiou
propouv va rapaxbouv apgidpopeg avanapaoctdoelg yia Kabe Aggn tou Kepévou e10060u,
ot oroieg pdAtota e§aptovial kat ano oAeg 1g dAdeg ouykeipeveg AéCelg - SnAadn ta oup-
ppadopeva.

To povtédo ekmatdevetatl 1) oto PoBAnpa tng eUPEONG KPUUHEVOV ALEE@V TOU KETPIEVOU,
6nldabr) Atgewv mou €xouv aviuikataotabei amo éva [MASK] token kat 2) oto mpoBAnpa
poBAeyng av pia mpotacn £ivat i enopevn piag aAing. Kat yia ta 8Uo npoBAnpata propo-
UV va KATAOKEUAOTOUV aUTOPAteg oUvoAd dedopévav kabiotoviag €10l Vv eknaideuor) Tou
povtedou éva poBAnpa auto-srmBAeniopevng pabnong.

Ia va pnopouv va poviedoroinfouv kat ta §Uo npoBAnpata and v apXlEKTOVIKI ToU
d1ktvou, 10 Siavuopa ewo0odou petaoxnpati¢etal mpoobetoviag £va token katnyoplornoin-
ong rou uropet va xpnoworowndei yia va e§axdei minpopopia katnyopiag oto mpoBAnpa
ipoBAeyng enopevng mpotaong, Kat ta tokens diaxwpiopou £10660u, pe Ta onoia Popouv
va StagoportotnBouv ta (evoexopevag) SeX®P1otd KOPPATia tou diavuopdteov e100dou (Zxnpa

). Ertiong avaloya pe to tprpa (rou opidetat petadyu tov S1avuopdiev S1axeplopiou e10080u)
nipootifetal oe kKAOe token £va iavuopa TPNPATOG, TO 01010 eival ekmatdeuotin mapdPeTPog

ToU HikTUoU.
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ot (o) () ) () ) () ) Y ) ) ()

Token

Embeddingg |E|C.SJH En',' H Edn-g || Els EcJte E'SEPI H E1e |Ellk-=: |E:Ia\« | E-'ng ‘E'S[PI |
* & e k& * = & - - -

Segment

oo | En ) [ B ][ B ][ B (BB J[E [ & ] [& ][ & J[ & ]
* &+ 2+ + # +* + * - + +

Paosition

crmenaecs | B0 ][ B[ & ][ & (& ][ & [ & J[ & J[ B ][ & ]| Ew ]

Ixnpa 2. To ovomua pustacynuatiopuov gwodou g apxitektoviknc BERT. Ze kade token
eto0bov mpootidetar ta dravvouata tonodeoiag Kat ta dtavvouara unuarog. Inyn: [29]

H apyuektovikyy BERT Aoy g duvatotntag ekmnaibeuong oe oAv peyala ouvola de-
dopévmv Ta oroia kataokeudadovial emiong €UKOAd, £6woe TV duvatdtnta eKaideuong moAu
HeydAmv POVIEA®V Ta OItoia Xprotpornolouviatl yia va s§axbouv pabiég avanapaotdoeig Ket-

PeviK@V Hebopévav.

0.3 Avutopaty IIepiAnyn Nopwkou Kepévou

0.3.1 Ewayoyn

H autopatn nepidnyn repévov, ano wmyv Snpioupyila g oav €PEUVITIKOG TOREA TNV
dekaetia Tou ‘50 PEXPL TIS PEPES 1aAG, EXEL BPel EPaployr) o€ MOAAA €161 KEPEVOV - KUPIOG
apbpa e1dnoewv Kat ermotnpovika apbpa. H xpnowmowmta g eival mpodpavg amo 1o ye-
yovog Ot ta odoéva kat ausavopevou mAnboug yrerorowpéva debopéva eivat xprioa, av
Kdl JOVOo av, HIIopouv va XPnotponoinfouv anod toug XProteg T®V aVIIoTOiX®V EQApPHOoY®V
] aro dAdeg Sadikaoieg enefepyaoiag toug. Ttov topéa g vopoloyiag, n yn@lornoinon
1OV IANPOPOPIRV HTav ouvhOmg apyr), KAt ITou propet va anodobel otnv eK'pUOERS EPTITL-
OTEUTIKOTTA TV EYYPAP®V ITOU XPI1OIHOIT00UVIAL, OtV avAayKn oeBaopou tov vopev mept
nPooEIKOV dedopévev, adAd kat otnv adpdvela ou ouyxva xapaktnpidel nmapadooiakoug
TOHElG OMOG 1] VOUIKT).

H xpnowomta epappoymv AIK yia 61kactikég arnopAcelg Uopel va yivel Katavontn
HEO® oV rapakdte napadeypdtov: 1) Alkaotiipla Kat opyaviopoi €xouv egelbikeupéveg
0nAdeg VORIKOV GUVIAKI®V Yid VA CUVIACOOUV MEPANYPELS TOV HIKAOTIKGOV anodpdosmv. Au-
TOPATOIoI®VTAS HEPOS NG OXeUKAG dtadikaoiag Sa divoviav n duvatotnia otoug VORIKoug
OUVIAKIEG VA APIEPWOOUV TIEPIOCOTEPO XPOVO Ot AAAeg appodiotntég toug. 2) Ot diknyodpot
Kal vopkoi xpewadetat va 61aBdoouv 0AOKANpeg TIG H1KAOTIKEG ATIOPACEIS OOTE va JIO-
PECOUV VA €EAYOUV TA UMEPAOTIOTIKA EMUXEPNIATA TG KAOe rAeupdg. Ot replAnYelg autov
TOV KEIPEVOV UITOPOUV va TOUG £EOTKOVOUTO0UV XPOVOo aAAd Kal va EMMIPEPOUV TTOCOTIKEG
HEAETEG OTOV TOPEA TOV VOHIKQOV EMIXEIPNPAT®V Ol ortoieg 6ev 9a fltav ePiKiég POvo Pe Un-
autopatonopéveg repltdnyelg. 3) Ot S1KNyopotl ou MPOETOTAdoUV Td EMIXEIPNATA TOUG
yla pia unobeon xpetadetat va wagouv yla rapdpoleg Sikaotikég unobéoetg, ermAéyoviag ta
avtiotolxa armooracpata KAvoviag XPHon g £UMnelpiag Kal 10V YVOOEDV ToUG, €101 WOTE
va PIopEcOoUV v AITOKINooUV Hpia €1§ Bdabog katavonon tng epappootéag vopodoyiag. H

avAayvoor) TV MEPANPEDV £ival IO EUK0A0G KAl Atyotepo XpovoBopog Tportog yia va mpay-
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0.3.2 Zuvola dedopévav

patwdel auty] n avaykn, CUYKPLTIKA PE TV avayveor 0Ang g S1kaotikng anodaong.

0.3.2 ZTuUvola Ssdopivav

Ta ouvoAa Sedopévav yia ATIK mpogpyxovial Kuping aro tov 1opéa 1oV apfpav evpépe-

ong. Xapakinplotika avapepoupe ta ouvoda dedopévav NYT | I: pe apbpa e1brjoewv anod
10 avtiotoiyo reptodiko, CNN/Daily Mail [94]: pe dpbBpa €16r10emv and 1oUg aviiotoiXoug
EVIIEPWTIKOUG 10TOTOTIOUG, Katl 1o Newsroom ouvolo dedopévav [46] to omoio epmepiexet

apBpa and 38 dapopetikd dnpoocoypadikd éviurnia. Ta ovvoda dedopévav autd, Aoy g
@UOo1G¢ OV dnpooloypadkov dpbpav, epmnepiexouv «kAoe» (biases): 1) efaywyuco bias [70]:
10 OIT0I0 ONUAiVEL OTL 01 TIEPIANPELS OUXVA HUIOPoUV va ouviaxBouv 1Kavoroumukda egayo-
viag povo Aggetg (1) kat 0AOKANPEeG) MPOTACELS TOU APXIKOU Kelévou, 2) bias omnu tonodeoia
OV oNUavTkeOv mAnpogopwdv: [61, ] kaBag o1 onpaviikég mMAnpogopieg evog ApBpou
ouvnbwg Bpiokoviatl oy apyn tou. Emiong, ta ouvvoda Sedopévav AIIK mou eprepiexouv
avBporvy moAAanAEg avBpoIveg TIEPANYELS Yia 1o 1810 apbpo ouxvda avadeikvuouv v
Slapavia TV avOp®IVEOV CUVIAKI®OV OT0 Tt arotedel pia KaAr repiAnyn [70].

Ta ouvola debopévav yia autopatn mepiAnyn VORIKOV KEPEVAV €ival OJIOAOYOUHEVROS
Awyotepa. Evdesikuxa, avagpépoupe ta Billsum [67]: pe ouvodo 6edopévav and vopoug
Tou Apepikavikou Koykpéoou, Sikaotikég arnogdaoelg and Kavadika dikaotrpia [145] kat
dikaotikég anopaoeig anod 1o Avotato Aikaotpio g Ivdiag [16]. o xopo tev neptAfyemv
VOUIK®V KETPEVROV, BeV YVOPI{OUPE avTioTolXn OUCTNHATIKY PEAETN TTOU VA PETPAEL TTOOOTIKA

Vv Urapdn tev npoavadepbeviwv biases.

0.3.3 AAyopiOpog LexRank

O aAyopiBpog LexRank [34] avrjkel otoug aAyopiBpioug rou Bacidovtal o ypadoug Kat ot
0I10{01 XPNOTIOIT0I0UVIAL Y1d TV e6ay®YT ONHAVIIKOV MTPOTACE®V/ ATOCTIAOHATOV artd va
keipevo. O adyopiBpog LexRank ripotdOnke tautoyxpova Kat avegaptnta and aAAn epeuvn-
iKY opada pe v ovopaocia TextRank [89]. O aAyopiBpog Baociletal otov PageRank [ ]
aAyopiBpio, yla €Upeotn ONPAVIIKOV KOPBmV ot €va ypdgpo Paocet tng ava-Jeuyn opolotnTtag
TOUG.

"E0te {1a ouvaptnor opootntag petasu 6o npotdoswv sim(u,v). To okop onpavuxkotnta
KABe potaong u Sivetatl amod v MAPAKAT® OXEOT 1] OToid EPAPHOLETAl EMAVAANTITIKA Yid
KAOe mpodTaoh péXPl va undpdel cUyKAlon :

sim(u, v)

d
=—+(1-d 4
plu) = + )ve;j[u] S S 5P 4)

OTTOU 0 TIPOTOG ABPOIoTIKOG OPOG % Xpewadetal ya v ouykAlon tou adyopiBpou kat mpo-
1doe1g pe PiKkpn opoldtnta Ye@pouvial Jn-yertovikoi. Autr) n pébodog ermrpéret v Urapsn
TOAAATIA®V OUCTAS®V € ONIIAVTIKEG TIPOTACELS, O AviiBeon e MPOYEVESTEPOUS aAyopiOpioug
ou PBaocidoviav povo og Pa KEVIPIKY TpoTaot).

Mua rapadAayn tou adyopibpou 1) oroia gival xpriowun yla nepiAnyrn Keipévev n oroia
eCe1dkevetal oe éva 9épa (query) eivat o Biased LexRank aAyop16pog [101], o ornoiog tporto-

rotet v e8iowon 4 av§avoviag Tov 6po § Kal EMOPEVRG TNV CNUAVTIKOTNTA TV TPOTACEDV
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Extetapévn EAAnvikn IepiAnyn

IOV £ival OXeTIKEG Pe 10 9€pa q Pacet piag ouvdaptnong oXeTkottag rel:

B rel(u, q) B sim(u, v)
p(U) - deeCOrpus rel(z, q) " (1 d) Z Zzeadj[v] Sim(z’ U)p(v) (5]

veadju]

O1 oUVapPTOEIg OXETIKOTNTAG ITOU PIIOPOUV va Xpnotpononfouv sival eite ouvaptroelg ou-

Xvotntag Aégewv:

rel(u, q) = " log(tf(w, u) + 1)-log(tf (w, q) + 1)-idf (w)

weq
elte ouvaptroelg opodTNTAS (OTIMG TTX AMOCTACH CUVIHIITOVOU) 08 KATo10 X®wpo Siavuopati-
KI)G avarnapaotaong IOV IIPOoTAcE®V
u-q

rel(u,q) = ————
[l - liql|

0.3.4 Apxttertoviky Kodikonountn-Anokwdikonountr)

H ap)1teKToVIKY] KOSIKOTOTL)-ATTOKOO KOO Tr), ATtoteAEl pia eupéwng 61adebopévn 11€6o-
80 yla avaduor oeiplakev debopévav Kat mapaywyr oelplakov 506av (Exfpa 3). Zuvhoeig
ePAPPOYES £ival 1 PNXAVIKL PETAPEAOT], 1] autopatn mepiAnyn Kat n mpoBAeyn XPOvooel-
pPWV.

~cl> §<'f'_., >

Ixnpa 3. Ipagikn ancucdvion g Acwrovpyiag vog povtéfou apyutektovikric Kobikomomt)-
Anoxwbikoromn. IInyn: [3]

H apyxutektovikr) anotedeitatl ano Vo avadpopikd Poviédd: 1oV KE@OGIKOIIONTr] KAl ToV
armok@Skoront]. O KOSIKOIoNTg Kataokeudadel pa avartapdaotaon (Sidvuopa context)
g akoAoubiag e1066ou, apou v enefepyaotel oeplakd, naipvoviag S1aPopPeTKEG £0RTE-
pikég kataotaoelg (hidden states) - pe v tedeutaia €00TEPIKT] KATAOTAOT VA AVIIOTOXET
oto Hidvuopa context. O arokedikorointrg AapBavel kat ene§epyddetal oelplakda auvty) v
avanapdaoctact) Vv oroia Kat XProtoIIolEl yid va Iapaydayetl Emmiong oe1plakd v akodoubia
e€odou.

[ToAAEG @OpPEG, N MAPATIAVE APXITEKTOVIKY] EUIMAOUTI(ETAL PE €vav UNXAVioo TIPOCOXNS
[9], €101 wote 1o Hravuopa context va Paociletatl oe 6Aeg 11g evdiapeoeg hidden states tou
KOSKonow ] (Kat 0xt povo oty tedevutaia) KAl PAaAlota Pe TPomno §1adopetikod yia KAbe
otadio anokedikonoinong (Exnua 4).

XpNo1PomoIWVIaAG AUTEG TIG APXLTEKTOVIKESG 1€ VEUP®VIKA SiKTUd, EGOCOV UTIAPX0UV GUVOo-

m Diploma Thesis



0.3.5 Metpikég A§l0AoynoNg

Encoder

Ixnpa 4. Ipagikn ancucovion g Acitovpylag vog povtéflou apxuiektovikric Kobducomoutr-
Anoxwmbucoromtn pue mpoooxn. Ilnyn: [45]

Aa dedopévev pe eAeubepeg IEPIANYELS avadopdg TV S1IKACTIKAOV ATIOPACEDV, NITOPOUHE va
ekaldevooulie 10 H1KTUO OTO va TIapayel eAeUBepeg MEPIANYPELG, KATL TIOU £X€1 SOKIJ1AOTEL P

ermruyia ywa apBpa ednoswv [77].

0.3.5 Metpirég A§l0Aoynong
Avtopateg Metpikég

Ot autopateg Petpikrég agloddynong rmou Xpnotpornoovvial yia v a§loddynon pebodov
autopatng repiAnyng Keypévev eivat moAdég. Ot meploodiepeg Paoilovial oty As§ikoypa-
(1KLY OpOOINTIA TRV MEPIANYPEDV TIOU £X0oUuVv napaxBel autdpata KAl 1OV MEPANYPYEDV TTOU
£xouv ouvtaiel avBpwriot. Ot petpikég ROUGE (Recall Oriented Understudy for Gisting
Evaluation) [73] Baoidovtal moik1AOTpOn®wg o AUtV TNV Ae§IKOYypAPIKI] OPO10TTA KAl AIT0-
1eAoUV TG PETPIKEG ASIOAOYNONG [TOU CUVAVIOVIAL OUXVOTEPA OV OXETKY) BBAoypadia. Ot

petpikég ROUGE opidoviatl wg eEng:

e ROUGE-N: 1 oroia petpdet v N-gram eruxkdAuyrn petady autdpata mapayopevng
nepiAnyng S kat piag nepiAnyng avagpopdg R:

2 geGRAM(N.R) COUNtmatching 9

2.geGRAM(N,R) count(g)

ROUGE — N(R, S) =

H petpikn eivatr Baciopévn otnv avakAnorn agou 10 TOC00TO T®V EMKAAUTITOPEVOV

N-gram vrnoAoyidetat eri tov N-gram tng repiAnyng avapopdg.

e ROUGE-L: 1 oroia petpdel 10 PAKOG NG MEYAAUTEPTG KOG urtakoAoubiag Aéewv

[OU UTAPX0UV PETady MPOTACE®V 1§ AUTORATNG MIEPIANYNS KAt trg repiAnyng avago-
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pag. IMa va opiooupe v ROUGE-L yia pa niepiAnyn avagopdg R Kat pia autopatn
nepiAnyn C, o1 meplAnyelg Xopidoviat otig EMmMPEPOUS TIPOTACELS TOUG KAl OTHV OUVEXELA

urtodoyiletat to péco pnkog twv Méyiotewv Kowvev Yriakodoubiov (MKY) toug wg €&§1g:

2irer | Yeec (MKY(r, 0)}]

ROUGE - L(R, C) = =

H petpikn avtn divel tnv Suvatdtnta rmocotikonoinong g euppadelag g avtopatng
MePIANYng Kat padiota o erminedo rmpotdoenmv Kat ox1 arid diadoyikov Aégewv. 'Opag,
Sev AdapBavet urtdoywv 1) v Unapdn Kowev UrtakoAoubiiv PiKpAOTePOU PHKOUG artd Tty

MKY xat 2) 1o rmAfj00g tov Kevav Sl1actnpdtov petady tov Aéewv-pedov tov MKY.

o ROUGE-W: yevikeuetl v ROUGE-L petpikn Sivoviag S1apopetiko Bapog o€ KABs Kowvr)
urtakoAouBia avaloya pe 1o 1000 ouveXOpeveg eivatl ol Aégelg g, artodiboviag £tot

Ayotepo BApog o KOEG UTIAKOA0UBieg e TTOAAEG Pn-ouveXOeveg AECelG.

O1 mapandve PEIPIKEG UTIOAOYI{oUV v avakAnor), aAdd cuyvotepa otnyv BBAoypadia xpn-
oworoteital to Fl-score toug 1o omoio uroloyiletal g o appovikog pécog twv ROUGE

HEPIKAOV Yia akpiBela KAl avarAnon.

Metpirég avOpormvng a§toddynong

Ot autdpateg petpikég pag divouv v duvatotta ypryopng adloddynong tewv pebodav
auvtopatng neplAnyng kepévou oe peyala ouvola dedopévov. 'Opwg, poodpateg PeAETeg
[35, 70] beixvouv Mg 1 OUOXETION TOV AVOPOIIVAOV HPETPIKOV HE TIS AUTOPATES HMETPIKESG
etvat pérpla 1 kat acbevng. Ta autd Sewpeitar anapaitnin n €MITALOV EMKUP®OL TRV
Xpnotpornooupevey pebddov e xprion avbpwriivng agloddynong. Ta kpitfiptla rou ouvnBeg

Xpnowporotovuviat [70] etvat:

e IYETIROTNTA: TO KATA IO0O 1] TEPIANYN €Xel OUAAABEL TIS ONUAVIIKEG TANPOPOPies

TOU KEPEVOU.
e Tuvénmela: 10 Katd 1ooo 10 KEIPEVO Katl 1) IepiAnyn cUPP®VOUV MPAayAatoAoyiKA.

e Eu¢ppadeia: 10 Katd nooo to Keipevo riepridapBavel mpotdoeig mouv eivatl uwnAng mot-

outag, 1 Kabe pia Sexwplotd.

e TuvoxH: 10 Katd roco Baowun eivat n doprn pe v oroia ot 16éeg TOU KeEEVOU

0pPYav@OVOVTAl o€ TIPOTACELS OTO KETHEVO TNG TEPIANYnG.

'Onw®g, 1 KAtaoKeur ouvodev Sedopévav avBparivng agloAdynong nepAnpeav eival 5UCKoA0
npoBAnua, kabwg anatteitatl peydio mAnBog a§lodoynteov o1 0roiot KaAouviatl va aPplepOoouV
peyado Xpoviko diaoctnpa yla my avayvaon) ToV KEPEVEV Kat TV eptAnyeanv toug. Emiong,
Otn TEPIMI®OT VOPIKOV KEPEVAOV OTIOG Ol O1KAOTIKEG AropAcelg, Kpiveral arapaiinto ot
a&l0AoynTEG va £X0UV EMAPKI] VOUIKI] KATAPTION Y1d VA PIOPOoUV vd KATAVON|OoUV td Keipeva

KAl Vv odttd TV MEPIANYPEDY TOUG.
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0.4 Tlpotewvopeveg MéBodot kat Ilelpapatika Anotedéopata

0.4 IIpoteivopeveg M£Oodot kat Ilerpapatira AnoteAéopata

0.4.1 Kataokeur] Zuvodou Sedopévaov

Me évauopa 1) 1o audnpévo minbog epyatowpav rou dartavouv ot 'EAAnveg vopikoi otnv
avayveorn Kat avaiuor §1KaoTtiKov anopacedv addd Kat 2) v EAAeyrn) aviiotolxou ouvolou
6edopévav yia EAAnvikd dikaotrpla, Kataokeudadoupe mpoypappiata culloyng dedopévav
and Toug 10TOToIoUS TV dikaotnpiev tou Apeiou IIdyou kat tou ZupBoudiou ng Ermikpate-
iag. Zinv mepattépem avaluor, XProtpoIioloupie povo ta dedopéva amod 10 mpwto, Kabwg ta
6edopéva amo 1o XupBouAio ng Emikpateiag dev mepieiyav nepldnyelg kat eniong kpidn-
Kav XapnAng mnototntag Aoy nmpoBAnpdteov otnv Yyn@lornoinor| Toug anod 1o dikaotplo. A-
@rvoupe yia peddovukn douleld v anobopuBnor autdv tov Sedopévev kat tnv a§loddynon
XPNoPoTNTag TV 8edopévav Imou MPOKUITIouV arnod avty v diadkaoia.

Kavovtag xprjon evog mpetok0AAou daypadng pn-Xpnotpev anodpdoenv (Exnpa 5) ka-
taokeualoupe éva ouvolo Sedopévav 6,370 delypdt®v To 011010, TTEPAV TOU KEHEVOU KAl NG
neplAnYPng g S1KACTIKNG Anodaong, EPIEPIEXEL PETASESOIEVA OXETIKA 1€ TV ATOPAOoT] KAt
1a ortoia &ivovrat otov [Tivaka 1. Kavoupe 61a0£01110 10 oUvoAo Sedopiévav pag pe ty eAniba
Va anoted€oel KivhTpo yla MEPLOoOTEP] EPEUVA OTNV EPEUVITIKY EPLOXY] TG £redepyaaniag

01KAOTIK®V AroPpAcERV-.

Asbypoma apyikig
TUARDYTG
(v=7607)

AmeppipBnoay B giyow S0 url 1) AeEKEC opoIGTITEC
KOl OT0 KEIJEVO Kol oTrnv TepiAnwn pe ahha Seiypora.
(v=1208)

h 4

h J

Agiypoma Xepic SIMAG
(v=6399)

AmeppigBnaav 31T SEv eiyov TIEPIANWEIC
(n=29)

h J

Tehikd Sefypora
(v=6370)

Ixnpa 5. Ipagukn anekovion ou rpwtokdAaou dnuovpyiag ouvofou 6e60uUEV@Y TOU ako-
Aouvdndnke. To v avagépetar 010 TANSOG KEWEVOV TOU amou£vouv/amoppintoviat e Kade
otadio.

0.4.2 IIpoteiwvopeveg pEO0So1 autopatng nepiAnyng

Efayoyikrn nepidAnyn

XpnoworotoUpe tov adyopiBpo LexRank kat a§liodoyoulie toug rapakdie cuvbuaopoug
OUVAPTI|OE®V OP010TNTAG IIPOTACE®V KAl H1aVUOPATIKOV avariapaotdoe®dV IOV ITPOTACERDV.

'Eote s1, s3 6U0 mpotaoceg:

2
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Extetapévn EAAnvikn IepiAnyn

Metadebopéva Aikaotikev Anopdoewv Apesiou Ilayou

MetadeSopéva Tunog Zuvayopevo Ileprypadr)
b6edopévou

Katmyopia String H yevikfy katnyopia otnv ornoia tagwvo-

Umodeong pnénke n andépaorn ard TOUG VOUIKOUG
ouvtakteg tou Apeiou Ildyou. Kabe vu-
nodeon avrkel oe pia akpBwg Katnyo-
pia.

Euxéteg String O1 eTKETEG ITOU AVIIOTOLXOUV OTrV KABe U-

Unmodeong OO0, OTIOG ErMONPEWONKAV And T0Ug
VOUIKOUG OUVTAKieg tou Apeiou Ilayou.
KdaBe unobeon propet va €xetl roAAarAég
EUKETEG.

Tunua String v To CUYKEKPIIEVO TUNPA KAl TO £160G Tou

Sucaotnpiov (rt. TTowiko, IoAttko, KTAr.) rmou dika-
O€ TV OUYKEKPIEVT UTIOOEOT).

'Etog ékboong Integer v To étog mou €§e806n n anogaon tou 61-
Kaotnpiou.

Avayveplotiko String v To avayveplotiko nou aredobn oty a-

anogaong nopaon anod 1o dikaotrplo. Eivatl pova-
61k6 ava amnogaor rou e&nyxOet anod to
1610 Tunpa tou dikaotnpiov.

Ilnyaio URL String v O ouvdeopog otnv HTML 1otocediba tou

Apeiou ITayou ano v oroia aviAnOnkav

ta 6edopéva.

Mivakag 1. Ta uctadebousva mov ouAAgxdNKav yia 1 auvoio ebouévav Sukaoctik®v amo-
@aocewv tou Apeiou Ilayou. Ta petadedoucva Tov ouvayovTal AUuIoOUATwG ano euadg, Saoet Tou
KEWEVOU 10060V, EMONUEIOVOVTAL UE v OTNV avTicoToLyn otnin.
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0.4.3 Ilepapatikd Aniotedéopata

e Opowdtnta KooV AEe@v: 11 CUVAPTNOL OHO010TNTAg TOU Xprotporioteitat otov Tex-

tRank kat urtoAoyilet 1o rAf100g TV KOGV Aege@V:

Is1 N sy
log(|s1]) + log(|s2l)

SiMe(S1, S2) =

e Amnootaorn cuvnuutovou oe Tf-Idf BoW avanapaoctdoeig: n ouvdptnorn opowdtntag Kat

N 1€B0dog avarapdotaong @V MPOTace®v ou ulobet|Onke otov LexRank, omou xpn-

oworoteital n anootaon cuvnuitovou nave os Tf-1df BoW avanapaotaoeig

_ Tf - Idf(s)) - Tf - Idf(sp)
ITf — Tdf(s))l| x ITf - 1df(s2)ll

Sirncos_tﬁdf(sl, s2) =1

e Amnootaorn ocuvnuitovou oe Word2Vec+idf BoW avanapaoctdoeig: 0rou Xpnotponotlovpie

npo-eknatdevpéva unigram word2vec Siavuopata IPotace®v ta Oroia MmPOoKUITIouV
@G péoa dlavuopata v ALewv mou g arotedouv otabpiouéveg ermti to idf okop tng

KaBe piag.

_ W2V(s1) - W2V(sp)
IW2V(s1) | X [[W2V(sp)|

Simyop(s1, S2) = 1

Emiong, a§liodoyoupe kat tov alyopiOpo Biased LexRank orou yia Aégeig 9¢pata kavoupe

XPHon TV tags tng unobeong KAt yia OUVAPTNOT) OXETIKOTITAG TV OUVAPTIOT] KOOV ALEewmV.

EA¢uOepn IepidAnyn

YAormowoupie 1o poviédo Kodikonount-AnokwSikornount pe Xprjon BERT nou nipotddnke
yla mapayeyn eAeubepav riepldnpenv oto [77]. Ta Bdpn 10U KOSIKOTIOUTE] ApX1KOITO10UVTal
He 1a mpo-exkmadevpéva Bapn tou EAAnvikou BERT mou 6iatibeviat eAetBepa. Mépog tav
Sebopévav mpo-exmnaidevong unnpde n eAANVIKY PETAPPAOT] TOV KOIVOBOUALUTIKMV TIPAKTL-

KoV T0U Eupoko1voBouldiou, 1o11€ag OXETIKOG HE TOV TOHPEA TV S1IKACTIKGOV ATIOPACEDV.

0.4.3 IIsipapatira AnoteAéopata
Avtopateg Metpikég
AZioAoyoupe tig pebodoug autdpang repiAnwng S1KAoTKOV aroPAcew@v Irou avartuia-

pe péon v petpikov ROUGE, xpnotponooviag 0§ mePANYelg avapopdg Tig EPIANYELS

10U oUAAexBéviog ouvodou Gedopévav. Ta amotedéopata divovral otov mivaka

3Xpnotomnoovpe v tedeia «.» ©¢ UTIOS1A0TOAT], av kat Sev ouvnBiletat ota EAANVIKA, yia v opoidpopgn
napouoiaon T®V anoteAeopdtev Kad'oAn v epyacia pag.
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Extetapévn EAAnvikn IepiAnyn

Metpikég ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L ROUGE-W
LexRanKis jqf 71.46 42.90 23.78 17.29 8.35
LexRankqqm 71.51 42.10 22.02 15.09 7.09
LexRankyoy 69.63 39.63 19.69 12.93 6.05
Biased Lexrank 67.73 41.05 22.06 15.50 7.33
Random Sentence 70.64 40.26 19.77 13.41 6.28
BERT 62.90 38.52 20.64 14.37 5.28
BERT(RE) 62.80 38.51 20.39 14.19 5.21
BERT(RE+RM) 62.08 38.83 21.26 14.42 5.28
BERT(RE+RM+C) 64.24 40.40 22.27 15.34 5.64
BERT(RE+RM+LR) 62.01 37.89 20.32 13.71 4.99
BERT(RE+RM+LR+C) 63.98 39.85 21.90 15.33 5.64

Mivakag 2. Anoteféouata aviduarng aflofoynong oe 6vo unuata a) efaywyuceg uedodot, )
ugdodot eflevdepng mepifinyng. Ot efaywyucés uedodor e{ayouv mMPOTACEIS UEXOL VA GTATOUV
10 1owmAdoto unKog g mepifinyng avagopag. Xug uedodoug efsvdepng mepliinyng, peta-
oxnuatidovue 1o Kellevo 10060V Kat ovouatifovpe avtiotoiywes ta poviéfa: RM: mepitta amo-
ondouata v Keyévou agaipovvial, RE: avadiataln tou Keyévov @ote 10 anotéAsoua mg
6ikne va meplaubavetal Tavia otv apxn tou, LR: ugi®on Tou KeWEVOU 010 ULoO UNKOG UECE
tou ajlyopiduov LexRanks gy, C: ouumepifinyn tov eUKEIOV KAtnyopiag otnv apx? tou Ker-
uevou ewoodou. Ztov mivaka avagpipoviar ot mooootiaieg F-1 tuég tov ROUGE petpikov. H
KkaAUtepn ugdodog yia kade UTPIK avd karnyoplia ajyopiduov Tepiinyng, ETONUEIOVETAL UE
£vTovoug xapaKtnipeg.

IMapatnpoupe MG 0 £§ayylKOg aiyopiOpog mou anodidel kaAutepa eival o LexRank
pe g tf-idf avanapaoctaocelg npotacewv. H kakr) emidoon towv word2vec avanapaotdoemv
ogeldetal otV KAk mowotnta v 8edopévav mou xpnoporno|énkav yia v eknaidsuon)
toug. H pébodog Biased LexRank eivat kaAuteprn anod v tuxaia emAoyn npotace®yv, Opeg
XE1pOtepn aro tnv arAr] LexRank KAt 1ToU Unode1kvuet 0Tt 01 TIPOoTAcelg e UWnAr] As§iko-
YPAPIKY] opoldTnta HE TG €TKETEG KATNYopilag dev eival KATAvVAYKNV 01 XPnolOTEPES OV
eaywyn nepiAnyng.

Zuig pebodoug edetbepng mepiAnyng, doxipadoupe diadopeg peBodoUG TTOU €XOUV OKO-
o Vv ouprnepiAnyn oto diavuopa €10060U, 600 T0 duUVATOV PEYAAUTEPOU HPEPOUG ATIO TIG
XpProteg mAnpogopieg tou Kewpévou 1) Avadiatadn tou Kelpévou £10060U (OTE TO ATIO-
1édeopa g anodaong va sivat mavia otnv apyr] 10U KEPEVOU KAl ETMOPEVOS VA E10AYETAL
Aavia oto PoviéAdo, 2) Apaipeon YEVIKOU /TIEPLITIOU KEWEVOU TG AnOpaong Iou ivatl ACXETO
He TV ouoia g, ON®G NHIEPOUNVIEG, ovopata S1Kaot®v, KA. 3) ZupnepiAnyn 1oV EUKEIOV
Katnyopiag oto keipevo e10060u, 4) Meiwon tou peyeéboug Tou KelpEvou £10060U OTO P00 Pe
xpron tou adyopiBpou LexRanKyy jqf.

IMapatnpoupe nwg n avadiatadn Kepévou Kat 1 adpaipeor reptttoy KeEvou BeAtiovouv
edapprg v emnidoon tou poviédou. Meyddn PeAtinon ng emidoong oe 0Aeg NG HETPIKEG
UTIAPXEL OTaV OUPIEPIAAPBAVOUIE OTO KETPEVO £10000U T1§ ETIKETEG KATNYOP1AG, KATL TIOU OF
OUVAPTNON KAl TRV AMTOTEAEORATOV TV £E5aY®OYIKWV aAyopiOpav, pag odnyel oto cuprnépaocpa

OTL: av Kat 1 Ae§ikoypadikr) opoldtta rpotdoenmVv e TI§ ETKETEg Katnyopiag dev apkel yia

H npo-exnaibeunévn apyitektovikyy BERT mou Xpnotwponoovje, emmBdAAel 1o 61dvucua £10660U va éxel
péyloto pnkog 512 tokens. e mepinmoon peyadvutepng £10660u, Kpatouviatl povo ta 512 npota tokens
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0.5 Egappoyn Atadiktuou

TG €§ayWYIKEG MEPIANYELG, £ival OPOG XPHOTHAL Yid TNV IIAPAY®YT] OUYKETHEVIKOV AVATIApd-
OTAoE®V yia 10 Keipevo kat Bonbaet €10t otnv napaywyr eAeubepav niepdfjpenv. Tédog, 1
pelwon tou peyeboug Tou Kepevou €10080U pEom tou adyopibpou LexRankys igf, paivetal va
Helovel v anodoon KATl Iou arodiboupie oto ot 1o rapaxfév keipevo e10060u £xel XAoeL
peyddo PEPOG NG E0MTEPIKNG CUVOXING TOU, KAl EMOPEVOS dladépel atobntd anod ta Keipeva

1a oroia xpnowpornow)Onkav ya v npo-eknaidevon tou BERT poviédou.

Metpikég AvOpomvng AfloAoynong

MeAetoupe erumAéov v enidoon t@v alyopibpev pag os mévie (5) tuyxaia ermAsypéveg
arto 10 UTIOoUVOA0 5edoievav eAEYXO0U H1KAOTIKEG ArOPACELS, PE0K avOpwrtvng a§loddynong
aro £81 (6) vopkoug. Ot agiodoyntég, adtodoyouv 1) 11g eAeuBepeg mepAfjyelg Pdoet tov
HEIPIKOV OXETIKOTNTAG, EUPPADEIAG, OUVOXIG KAl OUVEIELAG KAl 2) TS ECAYRYIKEG TEPIANPELS

Baoel poévo g oxetkotntag toug. Ta amoteAéopata divovrat otov Iivaka

[TepiAnyn Zxeuxkomta Eugppabeia Xuvoxry Zuvénela
Avagpopag 3.9 3.7 3.7 3.7
BERT(ntapayx0beioa) 1.9 3.1 3.3 1.8
LexranKis iqf 2.9 - - -
Biased LexRank 3.0 - - -

IIivakag 3. Anoteéouata avdpomvng aflofoynaong oe kiiuara Aikept [72] 1-5. Zt0 mpato
UEPOC TOU Tivaka, ouykpivovtal ot EAcUOEpeg TEPIANWELS avapopdg UE TG E1EUDEPES TTept
Jnyeg mou mapdayoviar ano 1o BERT povtéfo. Zto deUtepo pépog tou mivaka, ovykpivoviat ot
oapopeg efaywyucéc uedodor avtoparng tepiinyng uetalv Toug.

[Mapatnpoupe g, 0OV adopd TIS PETPIKEG EUPPASEIAS KAl OUVOXHG, Ol TIEPIANYELS TOU
BERT poviélou agiodoyouvial @g rapopoleg aAdd Alyo Xeipdtepeg aro tig meptlAfyelg ava-
@opdag. Autd unodelkvUuel TG 0 aAyop1Bnog pag divel v Suvatotnia mapayeynsg KEPEVOU
ou d1aBadetal eUKoAa KAl €€l E0MTEPIKY] ouvoxr. ‘Opwg, ot meplinyelg tou BERT po-
VIEAOU €lval ApKETA XEPOTEPES OO0V APOPA TIG PEIPIKEG OXETIKOTNTAG KAl OUVETEIAS. AUTO
onpaivel Otl, CUYKPITIKA € TS TIEPIANYELS avadpopdg, ol autopata rnapayxBeioeg eAeubepeg
nieplAnyelg 6ev oupnepltAapBavouv 0Aa ta onpavuka dedopéva g S1kaotikng anodaong Kat
ertiong elvat rmo mbavov va eivatl mPayPatoAoy1lKdA ACUVETIELG 1€ AUTEG - KAvoviag avadopd
oe avunapyta yeyovota 1 oe Aabog vopoug.

O1 e€aywyikég pébobot €xouv pérpla arotedéopard, apdyoviag OKOp OXETIKOTTAS OU-
YKpilowa pe autd v neplinyenv avagopds. O ardog LexRank alyopiBpog kat n biased

napaAdayn tou dev @aivetal va £€X0UV OUCLAOTIKEG S1aPOPES.

0.5 Ed¢appoyn Awadirtuou

I'a toug oKOTIOUG NG EUKOANG IPOYPAPPATIoTiKLG 61d0s0ong Tou oUulAexBeviog cuvolou
bebopévav kabng kat mg die§aywyng pedéng avBparuvng aglododynong, avarruiape pa
epappoyn Sadiktvou xpnotponowwviag to Aoylopiké JHipster. H avarttuyBeioa epapiioyn)

€XEL evoNATEPEVEG Suvatotntieg autopatou building kat eAéyyou.
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0.5.1 Movtédo Aedopévav Edpappoyng

Aopoupe ta debopéva kavoviag xpron g ydwooag JDL (JHipster Domain Language
®OTe va Propoupe va adonojooupe g Suvatdinieg autdopatng napaymynsg Kodika tou

JHipster. H doun tov debopévav divetal oto Zxnpa 6

BertSummary 1.4

* / text : TextBlob
an type : String*

CaselLaw
text : TextBlob* )
aﬁmgﬁ%ﬂex@mb LexRankSummary | | .,
subsetld © Integer* | ——s| text : TextBlob
) type : String*
CaselLawTags
text : String* BertRating
fluencyScore : Float
(1.9 relevanceScore : Float
consistencyScore : Float
SurveyEntity coherenceScore : Float
type : String /\
isCompleted : Boolean*
(1.1) \(1.9) —| LexRankRating

relevanceScore : Float
L1_%)
UserExtended
L]

id : Long‘ )
name : Strin

priviledges :%meger"

Ixfpa 6. Avanaodoraon tou uovteAou twv Se50UEVOV Uag, OTOU avaypa@ovtal ta ENUEO0US
nebia Tou KAde avTIKEUEVOU KadWC Kat Ol OXE0ELS UETACU TOV AVTIKEUEVDU.

Kda0Oe pedétn adlodoynong avuotoryidetat povadikda pe évav xprjotr kat rroAdariaég BERT
1)/xat LexRank a§ioAoyrioeig and g oroieg n kabe pia avuorowyidetat (pe pa oxgon ITodAda-
nipog-'Eva) pe pa nepidnyn. Kabe mepidnyn avuiotoikidetal pe pua dikaotkr anodégaon,
péow plag oxéong IToAdd-mpog-Eva. Télog kdBs Sikaotikn amdpaor, oxetidetat pe pa
oxéon [ToAAa-mipog-IToAAd pe TG etikéTeg Katnyopiag.

To naparnave oxnua, divel v duvatdtnta dieaywyng pedetwv orou otov Kabe xpriotn
AVTIOTOLXEL 1110 TIPOCMITOTIONEVT (KAl evOEXONEVRS H1adOPETIKT ATIO TOUG AAAOUG XP1OTES)

peAétn aglodoynong.

0.5.2 TIIpoypappatictiky Aenagpn Epappoyng

'Exovtag opioet 1o poviedo dedopévav, oxedidoape kat vdonowjoape éva RESTful API
ylad €10ay®yr], avayveor, evinpépnon kat diaypadn dedopévav amno v Baon (CRUD oper-
ations). Ot katdAAnAa darmoteupévol Xprioteg PItopouv va £Xouv IpooBaoct ot Pid QPAIKY)
yla tov xprjot Sieradr) 6iadiktvou, PEO® NG 0roiag PIopouv va KAVoUVv XPnor| TV Ipod-

vagpepBHEVIOV Asttoupylov (Zxnpa 7)
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0.5.2 TIlpoypappatiotiky Aentagn Epappoyng

Create or edit a Bert Summary
o

3
Text

cuKe@avTIKn SUCENENEN 51a TOU TUNOU. QValpEon KATABIKAGTIKNG ANEPACEWS PE TNV EMKANGN TNS EAAEUWEWS E161KNG Kat EPNEPIS”
£PappOYNE oLGIAATIKNG NEVIKNG BIATAEFWC. AVAIPE! KAl napansjneL

viag, sopaipevng wat

Type

ourmodel_21_3

Case Law

1490

e ==

Ixfpa 7. Anuovpyia/evnugpwon uiag nepiinyne BERT ano mu Semagn e 61aduktuarnc
EQappoyns Hag.

case-law-resource ”~
GET /api/case-laws/{id} v
/api/case-laws/{id} ~
[m /api/case-laws/{id} v
/api/case-laws/{id} v
GET /api/case-laws v
/api/case-laws v
GET /api/case-laws/count ~
case-law-tags-resource N
[ GET /api/case-law-tags/{id} Vl
/api/case-law-tags/{id} v
[m /api/case-law-tags/{id} vl
/api/case-law-tags/{id} v
GET /api/case-law-tags v
/api/case-law-tags v
GET /api/case-law-tags/count v
case-law-tags-resource ~
GET /api/case-law-tags/{id} i
Parameters
Name Description
ol rea

integer(sinted) 2
(path)

e )

‘ Responses

Server response

Code Details

200 Response body

Zxnpa 8. AnMotUnwon 0dovng TwL eyypdpev tekunpioong tou APl (tdvw) kai g extedeong
gvog API request péow g diemagng tov SwaggerUl (katw).
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Ot xprioteg propouv va £pBouv oe amneubeiag ernadr pe 1o avarrtuxbév REST API kat
1a AN £yypada teKpnpinong tou, ornog gaivetat oto Txnpa 8, péon g dlenadng mnou

avarrtudape Kavoviag Xprion tou Aoylopikou SwaggerUl.

0.5.3 ZeAida Siefaywyng pedétng avlOponivng a§loddynong

Ta v napayeyt g otooedidag Siedaywyng g pedéng avbpwrivng aglodoynong,
KaGvoupe xprion g B1BA100rkng dnuoupyiag Siadiktuakng Sierapng yia die§aywyrn pedetov
SurveyJS. To diaypappa pong g S1ad1Ktuakrg epappoyrg yua tyv Sie§aywyr] tmg peAétng
nou avarttuape, Siveral oto LxApa 9. Z1o mpweto PEPOS g HeAéng agloAdynong rou
avarttu§ape e€nyeitat ) Sour) g peAéng, divetat Evag 06nyog andvinong IOV EpWIHoE®V Kat
T CUPPETEXOVTA ATOPA ATIAVIOUV EPWINOEIS OXETIKEG HE TO YVOOTIKO TOUG ETTINESO OTOV XOPO
G VOUIKAG. ZT0 SeUTePO PEPOG, Ol CUPHETEXOUOES 1) apXiKa eEAYOUV EMMONUEINOES Yia
10 1o1a £ival ta CNPAVIKA Arooracpata tou Kelpévou 2) aglodoyouv eAeubepeg rieplAnyetg
kat 3) aflodoyouv e€aywyikeg niepldnyetg, pe myv dadikaocia va enavadapBdvetat yia 6Aeg

TG S1KAOTIKEG anoPAcelg Tou £€xouv avatebel oto kKABe atopo.

Mépog 1o (Mevikég TTAnpo@OpiEg Kol Mépog 20 (EpwtnpotoAdylo yio tnv adioAéynon Hedodwv
Nopikr) epTeIpia) oUTOHATNG TIEPIANYING SIKACTIKWV OTIOQPATEWY
. . 0dnyde,
I'evikéc MANPoQopieg Epumpatordyioy N
R [ Egayuyf highiights |
+ Xpoviat TIPUKTIKIAG 0TV VOIKT . Oplogdc HETRIKGY VBTV 5
+ EKMaideuTikO eMinedo omy uilc)\'ovncnc_ ) ’ ‘ AZI0AGYNOT ENEOBEPWY TIEPINIYELY |
VOUIKI + Napadeiypa agioAdynang eiaynyikmv :]
« Qpec avayvnaong dIKaoTKY | Kail s)\s(JQapmy TepIELY T8
e . Biaotky amdgaon. , ‘AﬁloAéynon EEOVYIKGV nepl)\r’]wewv|
« Exmipopevn xpnaipotnta piag « Napdadeiypa eEaywyn highlights amo
spappoyng ANK yia SIKAoTIKEG BIKACTIKY amogaan.
ATMOQATEIC

N T J Y,

ApXIKr) oeAida Epeuvag
(Zkomog kal dopir) £pEVVOC)

IXOAI (TTPOQIPETIKE)

]
l

Téhog £peuvag

NopIKag

Ixnpa 9. Awdypauua porig tou dtaductuvakou nepibaifoviog Siemagrc otnu geAiba diefaywyng
me ueAemng avdpwmivng aflofoynong.

0.6 EmniAoyog

0.6.1 Zulntnon

H Autopatn epidAnyn Kewpévou (ATIK) eivatl pia evepyrn €PEUVITIKI MEPLOXT], Oou Sti-

agopeg PéBodot aglorolovvrat yla va ouvoytotel éva Keipevo, xopig va xabouv ot o onpa-

m Diploma Thesis



0.6.1 Zudnmon

VIIKEG TIANpodopieg eviog Tou. Ot peBodotr ATIK pmopouv va eivatl Xpr)oteg O€ TIEPUTIOOELS
OIIOU 1] AVAYV®OT 0AOKANPOU TOU KEPEVOU gival egalpetikd xpovoBopa, addd kat oe diade-
dopéveg ePapPoyES OTIOG 1] TAPAY®YY TTEPANYE®V H1aS1IKTUAK®OV 10T00eAIB®V yla PNXAVES
avadnnong, nepiAnyrn BiBAie®v/oevapiav yia tv EUKOAOTEPN MApay®yr petadedopivav Kkat
ONJACI0AOYIKY OUVOEDT)/avadiinorn KEPEVRV, AUTONATL) ITAPAYEYT IEPIANYPEDV Y1d ETTIXEL-
proeig Paciopévn oe TI0AAEG, SEXDPIOTEG KPITIKEG, KATT.

Zv vopodoyia, n avaykrn yua adidrmota cuotpata AlIK eivat peydAn. Nopkoi, Sika-
OTEG KAl EPEUVITEG XPELAETAL VA PAXVOUV PI-AUTOPATOIIOU|EVA Y1d VOIOUG KAl VOLLOAOY1ieg
d1kaotnpi®v oYXeTIKOUg Pe trv umnobeor oty ornoia SouAevouv. H meplAnyn vopikov Ket-
Bévev eivat dUokoAn umobeon, adou Ta Keipeva autd £Xouv peyado pEyebog, mepiEXouv
VOHIKL] 0poAoyia Kat IPoUIoB£IouV VOHIKY YV@OT Yld TV KATAvOonon Toug. LIV MePinteon
g ePIAnYng §1KAoTIKGOV arnopace®v, 1 8oudeld auty) ouvrBeg evarnotibetatl os e§e1bikeu-
HEVOUG VOMIKOUG GUVTAKTEG 1] H1KAOTEG TTOU £pyAdovidal OT0 EKACTOTE H1KAOTLP10.

Zinv napouoa gpyaocia, vlomolovpe drapopeg pebodoug autopatng repiAnyng dikaott-
KoV anopdoswv and EAAnvikd dwkaotrplia. Enedr) Sev unfjpxe avtiotoixo ouvodo 6eo-
Bévav, avarrtuape AoylopiKO autopatng ouldoyrg 6ebopévav S1KaouKOV arnopdoemv ard
11§ 10t00€Aideg TV Sikaotpieov: 1) tou Apeiou Ilayou kat 2) tou ZupBouldiou tng Emukpa-
teiag (ETE). To ouvolo 6edbopévav aro to LZupBouAio tng Emikpateiag ev xpnoponoteitat
yla v eknaibevon) 1) adlodoynorn v pefodeov pag kabwg 1) Sev nmeptdapBavel meplAnwelg
1OV S1IKaoTKOV anoddosmv Kat 2) mepiExel Aabn katd v dadikacia g Yynelomoinong
TOV KEWPEVRV. LZUykpivoupe 1o ouvolo debopévav tou Apeiou Ildyou pe aviiotoixa ouvola
6edopévav yia ATIK xpnoponoloviag OXETIKEG PEIPIKEG TG BiBAloypadiag.

Avarttt€ape éva ouompa efaywyikng nepiinyng Ppaciopévo otov adyopidpo LexRank, to
ortoio e§Ayel TG ONUAVIIKEG TIPOTACELS TOU KEIPEVOU. AKOLN, UAOIIOIOUE KAl CUYKpivoupe
S1apopeg apadAayEg g oUVAPTNONG OPO10TNTAS MTPOTACERDV TTOU XP1OIH0IIO0LElL 0 aAyop1B-
pog.

Axourn, avartu€ape éva ovotpa elevdeong nepiinyne Baociopévo oto oxrpa Kediko-
oty - Artokwdwkortowntr] pe apxtektovikyy BERT. To poviédo kavel xprjon Pap®v mpo-
eknaldeupévev oe vopika Keipeva otv EAAnvikn yAoooa, ta oroia diatiBeviat eAeuBepa
oav AOy10p1KO avoixtou Kadika [69]. To poviedo enaveknaidevetal oto npoBAnpa g efle-
U8gpn¢ Tepiinyng Kavoviag XProrn ToU ouvoAou 6edopévav ano tov Apeto ITdayo.

O1 1€boboi pag agloroyouvial avtopata peoe v ROUGE petpikov. Bpiokoupe ot to
£8ayRyIKO oUuotnpa autdpatng repiAnyng rou vAorotfjoape, arnodibet KaAUtepa oe 0XE0T)
pe éva ocuotpa tuyaiag egayoyng npotacewv, adda €xel nepopla PBedtimong. AxoOpn,
Bpiokoupe rog n e§e181keupévn o H1KACTIKEG ATIOPACEIG MIPO-EMECEPYATia KEEVOU Kabwg
KAt 1 ouprnepiAnyn tewv petadebopévav katnyopiag tng anopaong otnv dnuioupyia eAevBe-
png mepiAnyng, PeAtiwvel v enidoorn 10U POVIEAOU.

Ate€dyoupe perétn avOparvng agloAoynong e VOIKoUg o1 ortoiot a§lodoyouv tig mept-
Anyerg (autopateg & avadopag) PACEL TG OXETKOTNTAG, OUVETIELAG, OUVOXNS KAl EUPPASELAS
toug. Ta anoteAéopata yia g pebodoug efaywyikng nepifinyng deixvouv unooyopeva, adpou
@aiveral va KkatagpEépvouv va e§ayouv KATo1d arod td OXETIKA AOoTIAoRATa TV Ketpévay. Ot
PEBoBOL e/levdepng TEPIANYNG TIAPAYOUV £UYADTIEG, £XOUCEG OUVOXI] TEPIANWELS Ol OTIOLES

OU®G, ouxvd, dev elval ouvenEelg IPAYHATOAOYIKA PE TO KEIPEVO TG H1IKACTIKAG aropaong
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KAl 8ev ePmePlEXOUV PeYAlo PEPOG ONIAVIIKYG MANpodopiag mou Ppioketal oe avtyv. Ae-
dopévou tou 1ooo xpovoBopa eival yla toug VORIKOUG ITOU CUPHETEIXAV OtV €pguva 1ag 1
€PYAO1AKI] TOUG UMOXPE®OT va S1aBdadouv S1KAOTIKEG ATOPAOELG, TTIOTEVUOUNE TIOG 1] TIEPAl-
Epw £peuva yia pebodoug AITK voRKaV KEEVEV TIOU €ival KaAutepa oto va cuAlapBavouv
T1G ONPLAVIIKEG TTANPOPOPIEG Kat 10 oUVerr] pe To §00Ev Keipevo, Sa nTav 181attépws Xpron

yla toug vopkoug otrv EAAGSa.

0.6.2 MecAAovtiky AouAsla

Zav peddovukn doudeld, n apovoa epyacia Propel va enekrabel 0ToUg MAPAKAT® TO-

peig:

o AOKIIEG € S1APOPETIKEG APXITEKTOVIKEG VEUPROVIK®V SIKTUMV: OTIOG 1EPAPYIKA HOVIEAQ
Transformer rou eneSepyadovial TUNPATIKA KAl 1€PAPXIKA KAOe 11EPOG TOU KEWIEVOU
[ ], 1) Brapopetikoi pnxaviopotl IIPOCoX1G Ol OIT0101 PEIDVOUV TV TETPAY@VIKI] UTIO-

AOY10TIKY] TTOAUTAOKOTNTA TOU prXaviopou self-attention [12, 65].

e Eilodyoviag meploplopioug Katd v eKnaideuon 10U PoviEAOU IOU €UVOOUV TV mapa-
YOV MEPANYPEDV TIOU €ival IPAYHATOAOYIKA CUVETIEIG PE TO TIPOG CUVOWI) KETHEVO.
Auto priopet va erteuxBel P€ow €10aYDYIKAG «apvnuKeV rapadetypatowvs ( negative
samples) katd v dadikaoia exkmnaidevong [76], 1) pE€ow ng aro Koivou ekmaidsuong
otnv nepiAnyn aAAd Kat v apay®yr] EPOTHOEMV-ATIAVIHOE®V OXETIKOV 1€ TO KETPIEVO

sto0bou | , 95].

o Aetaywyr] pedéng peyadutepou deilypatog n oroia propel va Sooet Xprjotpeg mAnpo-
popieg yia Vv 814pBpwor v EAANVIKGOV SIKACTIKGOV KEIEVOV, PEon dladikaoiov ega-
YOYNS VOUKGOV EMXEPNPATOV | , ] 1 Ing attodoyiag g SikaoTkng anodaong
[22]. To ouvoldo 6edopévav auto propet va Xpnotponoinel yla nmepattép® melpapatt-

opoug efaywykng aldd rat eievdepng epiAnyng.
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Chapter “

Introduction

We live in the era of information, where both the quantity of information and the need
to process it are steadily increasing. More documents are getting digitized and integrated
into various applications, where the user is able to download, search and process large
amounts of data. Many Al companies utilize the growing size of open data to train Artificial
Intelligence algorithms that can be applied in a variety of domains. However, the data are
valuable - for both machines and humans - only if they are usable either directly or in a
downstream task. Therefore, a summary of an input text - as defined by D.Radev [110]
“(...) a text that is produced from one or more texts, that conveys important information
in the original text(s), and that is no longer than half of the original text(s) and usually
significantly less than that.” can be very valuable as a summary can reduce significantly

the size of a text without losing its meaning.

The Artificial Intelligence (Al) research community has been interested, for many
decades, in finding ways of Automatically Summarizing Textual (ATS) data, particularly
news articles and scientific papers. In this pursuit, many approaches ranging from com-
putational linguistics to machine learning have been tried. Typical ATS approaches at-
tempted to extract the most important sentences from each text (extractive summariza-
tion), as generating new text based on an input context (abstractive summarization) was
not achievable with classical machine learning or computational linguistics methods.
However, the recent rise in popularity of Deep Machine Learning (ML) Networks - which
was the result of increased computational power in modern day computers and Big Data
- has enabled better Language Generation through which abstractive summarization is
feasible. Deep ML networks are trained on vast amounts of textual data and are, af-
terwards, open-sourced thereby giving everyone the ability to use pre-trained Language
Models for their specific downstream task, such as text summarization. Recent advances
in ML Network architectures, such as the Transformer architecture [ ] can be more
computationally efficient and thus enable efficient training on larger amounts of data.
BERT (Bidirectional Encoder Representations from Transformers) [29] is a Transformer-
based Language Model architecture that has been widely used in research and business

applications.

In our work, we evaluate automatic summarization algorithms on Legal Texts; and
specifically court decisions. The law domain has been, comparatively to other sectors,

slow to embrace the benefits of document digitization. However, in the recent years an



Chapter 1. Introduction

increasing number of courts digitize part of their decisions and make them available
through the Internet, providing law practitioners, judges and scholars with quick access
to an enormous number of past court decisions. However, a person searching through
lists of past-court judgements still has to browse a very large number of them in order to
extract, using their law knowledge and experience, relevant passages and gain in-depth
understanding of the applicable case-laws. Summaries of court judgements are focused
on the main points of the court judgements and considerably shorter in length than
the main court judgement text, enabling less time-consuming search for relevant court
judgements.

Up until the 1990s, most of the summarization and information retrieval was done
manually by specialized legal editors. However, soon after many user-friendly software
[ , 36] were developed in order to partially automate those processes. Nowadays, more
than 2000 Legal-Al startups are in the market [ 1.

1.1 Legal Text

Legal text refers to texts, of varying purposes, that are related to law - either by the
authority of the author, their topic being connected with the rights and obligations of
institutions and individuals, their cross-reference of other legal texts, etc. The most
common types of legal texts [ ], sorted by their importance as sources of law [ 1,

include:

e Constitutions: which consist of fundamental principles that concern the way a

state is governed.

e Statutes: which are laws which are enacted by a legislative body and regulates
what can be done and what cannot be done according to law. Typically, they are

organized in codes which cover specific subjects such as the Penal Code.

e Court decisions: which include 1) court rulings: the interlocutory or final outcome
of a trial, 2) orders: the court ruling in a written form, 3) opinions/judgements: which
is present in written format the court’s opinion about the facts relevant to the trial,

applicable laws etc. The aforementioned terms are often used interchangeably .

e Contracts: which are mutual agreements between parties and by which mutual

obligations are generated.

Private legal texts has evolved over thousands of years. [ ] trace the first contacts
at Sumer around 5000 years ago; where contracts, wills, deeds were inscribed in clay
tables. Similarly, public legal texts such as statutes first appeared in Mesopotamia with
King Ur-Nammu'’s laws and later the Code of Hammurabi being well known examples.

In Ancient Greece, private law was concerned with inheritance, commerce and con-

tracts, while public law regulated how an Ancient Greek citizen (politis) lived his life in

'In the rest of our work, we will also use the terms interchangeably as the dataset we have constructed
contains documents which include both the court judgement and the court order.
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1.1 Legal Text

an Ancient Greek city-state (politeia). Each city-state had major differences in their laws,
based on the way they were organized, the nature of public rhetoric, law literacy and
courts| ] and socio-political factors that regulated who was considered a citizen. One
of the earliest mentions of Greek law can be found in Homer’s Iliad and Odyssey in which:
the transition from informal law to a politeia, where an institutionalized legal system is
created, is highlighted [2]. The first actual inscriptions of Ancient Greek law can be found
in the laws of Gortyn and Dreros, both ancient cities in Crete. The public law code of
Draco (620 BC) regulated life in Ancient Athens known for its harshness, until they were
reformed by the law code of Solon (593 BC). Many philosophers were interested in law;
Plato’s Laws analyzes practical and philosophical problems in Ancient Greek law, Plato’s
Apology of Socrates is a fictional retelling of Socrate’s legal defense during his trial, Aris-
totle’s philosophy of law can be found in his books: Politics, Nicomachean Ethics and
Rhetoric.

The first known written legal text in Ancient Rome is the Law of the Twelve Tables,
which dates from the mid-fifth century BC and arose from the political struggles between
the class of plebeians and the patricians. It was based on Ancient Greek law and governed
all areas of law: civil procedure, public law and private law. Other significant laws in
the Roman legal system include: Lex Canuleia, Leges Liciinae Sextiae, Lex Ogulnia, Lex
Hortensia which regulated the rights of the Plebeians. The legacy of Rome’s legal system
cannot be overstated. The Byzantine Empire largely followed Roman Law but adjusted it to
the Orthodox and Hellenistic traditions. Rome’s public law influenced greatly the public
law of many Nations in the Medieval and Modern eras, with the exception of England

which developed its own version of Common Law.

Modern legal texts can have varying amount of internal structure, and a fair amount
of cross-document references. Moreover, the language used is formal and makes use
of law specific terminology. Different nations’ legal systems and texts although sharing

similarities, have major differences.

In any case, a well-functioning society requires a culture of respect for the law and
institutions that oversee the observance of those laws (rule of law). Indeed, it can be
claimed that modern civilization, as we know it, depends on the existence of the rule of
law. Therefore, the laws and their interpretations, as they are expressed through court
judgements, are very important both as a regulating force of its citizen’s everyday life, and

as pillar upon which the existence of modern civilization is based.

However, a view of the rule of law that is only procedural and thus irrespective of
the laws’ actual content cannot lead to a liberal society. Economist and legal theorist
F.A.Hayek, points [ , p- 230-235] that the transition from customs to modern rule of
law was a result of laws being general and abstract while also specifying the framework
within individuals can make their decisions. Thus, supposing the laws are universally

applied, then each individual can determine the legal outcomes of their actions”.

2For a view that accepts the value of both laws-based, formal definitions of the rule of law, while also
making the case for the importance of legal procedures and institutions (such as courts), the reader is
referred to [ ].
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1.2 Thesis Motivation

In our work, we attempt to build methods for summarizing greek court decisions and
evaluate those methods using both automatic metrics and human evaluation. Our work

is motivated by the following remarks:

e Legal Texts have significant differences from texts that are typically used in ATS re-
search, news articles. Legal texts are comparatively longer, make use of specialized

legal terminology and often cite other legal texts.

e The average law practitioner has to spend many hours per week to search for,
browse, read and analyze judicial rulings which are relevant to a court case he

works on.

e Applying domain-agnostic ATS methods to legal text, can miss valuable domain-
specific information or be downright unfeasible due to significant differences in

legal text which require preprocessing and adapting most methods.

e In Greece, the digitization of Greek legal documents is underdeveloped. However,
recent attempts to model and mine legal documents [66, 5] make accessing and
searching Greek legislature easier, although to this date we do not know of any
comparable tools for Greek judicial decisions. By developing methods for automatic
summarization of Greek court judgements we aim to evaluate whether those meth-
ods can provide valuable information which can then be used for downstream tasks
in the aforementioned platforms, such as interlinking and semantic search of court

judgements.

1.3 Thesis Contribution

In our work, we evaluate algorithms for both extractive and abstractive text summa-

rization of legal documents. Our thesis contributions are the following:

e Development of automated scraping scripts for downloading court decisions from
the Greek Court of Cassation and the Greek Council of State. After following a data
deduplication protocol, the scrapped data are organized into a dataset that we make

openly available”.

e Analysis of the documents and comparison with other text summarization datasets,

using metrics proposed in the ATS literature.

e Implementation of an Extractive Summarizer using the LexRank [34] algorithm and
its variant; the Biased LexRank [101], while using a domain-specific preprocessing
pipeline.
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1.4 Thesis Outline

e Implementation of an Abstractive Summarizer using an Encoder-Decoder BERT ar-
chitecture. We make use of the BERT model pretrained on legal-texts and wikipedia
open-sourced by [69]. We test several methods of domain-informed preprocessing
which aim to fit as much relevant information as possible into the model’s input
which is limited in size. Furthermore, we asses the value of informing our model’s

summary generation with the inclusion of the court judgement’s tags in the input.

e We evaluate all algorithms using automated metrics, whose preprocessing pipeline
is also adapted to our Greek legal court decisions domain. We also conduct a hu-
man evaluation study of our methods and measure the correlation between human

evaluators scores and the scores provided by automated evaluation metrics.

e For the purposes of human evaluation and the dissemination of the collected data,

we develop a web application. We also make the data available through a REST API.

1.4 Thesis Outline

The thesis is outlined as following:

e Chapter 2 provides a brief overview of Machine Learning. A short history of the path
from Artificial Intelligence to Machine Learning outlined. General definitions and
typology for most current machine learning applications is provided. Subsequently,
machine learning methods are defined; starting from simple networks, and mov-
ing on to deep learning, and their comparative advantages and disadvantages are
analyzed. Furthermore, algorithms for training neural networks and regularization

methods are explained.

e Chapter 3 provides background knowledge on Natural Language Processing (NLP)
methods. Common NLP applications for general and legal text are listed and ana-
lyzed. The preprocessing interface between a text and a computer is expanded on
in detail. Subsequently, the construction of rich word/document representations
is examined, through methods common in the literature. Finally, the problem of

modeling language for text generation is described.

e Chapter 4 is concerned with Automatic Text Summarization (ATS) methods for general-
purpose and/or legal text. An extended list of the datasets used for automatic text
summarization is provided, while their common biases are discussed. Extractive
and abstractive automatic methods of summarizing text are defined. A detailed
analysis of automated evaluation metrics for summarization and their correlation
with human judgement is included. We make separate mention of how general-

purpose text summarization work fits into summarizing legal text.

e Chapter 5 contains our proposed methods and contribution to the court judgements
automatic summarization problem. The data collection process is defined and the

dataset collected is analyzed. We introduce the methods used for summarizing
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legal text in our dataset and explain the pre/post processing pipeline. Experimental

results for both automated and human evaluation are provided and discussed.

e Chapter 7 explains the implementation of our Web application. The technology
stack used to develop and deploy our application is analyzed. We provide examples
of our database schema and the API we developed. Finally, we expand, in detail, on

the web interface for our human evaluation study.

e Chapter 8 provides our conclusions on our findings, the limitations of our work,

and discusses possible future work.
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Chapter E

A Brief Overview of Modern Machine Learning
Methods

2.1 Introduction

From research to commercial applications Artificial Intelligence (AI), and more specif-
ically its subfield; Machine Learning (ML), seems to be everywhere nowadays - captur-
ing the public’s interest with its seemingly wondrous achievements, while also receiving
criticism when it falls short of expectations. Common modern applications of Machine

Learning include among others: text applications such as automatic text translation [9]

& summarization [77], image/video automatic generation applications: | s ], music
generation and accompaniment [30], autonomous driving [ ], applications in simulat-
ing protein folding [56], material science applications [ l.

Artificial Intelligence (Al) can be defined as the scientific discipline, in the field of com-
puter science, that tries to develop and evaluate methods of enabling computers to exhibit
behavior corresponding to - but sometimes even surpassing - the human capabilities of
learning, reasoning and acting rationally. However, a discipline which deals with such
abstract notions cannot be expected to have an all-encompassing definition, as is evident
with the various definitions collected in the Artificial Intelligence textbook by Russel &
Norvig [ . Subsequently, many approaches have been applied in Artificial Intelligence
research such as: Biological equivalency/Cognitive Science methods, Knowledge-based
methods, Symbolic methods, statistical methods, et alia.

Machine Learning (ML) is a subfield of Artificial Intelligence which studies how to
best make Al-algorithms adaptive to a set of data, commonly referred to as training-
data. Either by purely statistical methods or by a combination of statistical and symbolic
methods, a machine learning program “learns by experience” by reasoning on patterns
found in the training data and making inferences from them. A special subcategory of
Machine Learning is Deep Machine Learning, which leverages very large amounts of data
in order to train computer algorithms to generate very resource-heavy representations
and reason using them.

In this chapter, we will: 1) give a brief overview of the history of Artificial Intelligence
and Machine Learning, 2) provide definitions for commonly used typologies of Machine

Learning, 3) describe basic and deep Machine Learning methods and 4) explain how a
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neural network is trained.

2.2 A Brief history of Machine Learning

The term Artificial Intelligence, at least in its modern sense of the word, was first
coined by John McCarthy in the 1956 “Dartmouth Summer Research Project on Artificial
Intelligence” workshop. The Dartmouth workshop is credited as being the founding event
of Artificial Intelligence as a independent research discipline, uniting research previously
done under the field terms of: control theory, cybernetics, automata theory, et alia.

However, authors in [ ] consider the 1943 paper “A Logical Calculus Of The Ideas
Immanent In Nervous Activity” by Warren McCulloch and Walter Pitts [88] as the first
research paper in what is today considered Artificial Intelligence. There, the authors in-
spired by a theoretic neurophysiological model of the brain, describe a model of neurons
(later defined as perceptrons in Al literature) that get excited by neighbouring synapses
rendering the neuron on or off. Furthermore, they show that their model is computa-
tionally equivalent with a Turing Machine with each neuron activation corresponding to
the truth of a propositional logic statement, thereby bridging their work with that of Alan
Turing and the Propositional Logics developed by Bertrand Russel and Alfred Whitehead.

A theoretical model of intelligent machines has been proposed and soon the ques-
tion whether thinking machines can exist becomes a serious scientific and philosophical
question. Alan Turing’s 1950 paper on “Computing Machinery and Intelligence” | ] asks
the same question, but also the question of identifying intelligence in a machine (the
famous Turing Test), while also introducing early versions of what will later be called
Reinforcement Learning and Genetic Algorithms.

Several distinct research programs began, as optimism for the future of Al was high.
In 1958 the first perceptron network was implemented by Frank Rosenblatt in the Cornell
Aeronautical Laboratory [ ]. while in 1962 he proved [ | that some learning rules for
the single layer perceptron networks can always converge to a solution, provided that
solution existed for the given network. However, as it was shown in the 1969 textbook
on Perceptrons [92] by Marvin Minksy and Seymour Papert, in most cases a solution for
any single layer perceptron network did not exist. Single-layer networks could not mimic
a XOR gate.

The research on Neural Networks slowed significantly, while other research directions
were explored. Expert Systems were systems where human prior knowledge was encoded
in a knowledge database that the system used to produce inferences. These systems used
some type of symbolic logic, and often incorporated uncertainty in the form of fuzzy logic.
Expert Systems were introduced by the 1965 Stanford Heuristic Programming Project,
leading to applications in medical consulting [6] or even chatbots | ] With the creation
of the LISP and PROLOG Logical Programming languages, the development of expert
Al systems became easier and extremely popular, both in research and commercially.
However, it soon became evident that knowledge acquisition and programming was not
an easy task. Even in the case of purely logical programming Al systems with little prior

knowledge required, the state space of solutions that a symbolic logic solver had to search
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greatly exceeded the computational resources that existed.

What followed is commonly referred to as “Al winter” [93], when public and private
funding were largely cut after what were seen as failures of successfully implementing
Al systems in real-life. The “Al winter” was followed by an “Al spring” (1990s-present),
as (once again) more researchers became interested in connectionist Machine Learning
models, that leveraged statistics to make predictions, over the paradigms of expert sys-
tems and symbolic models. Multiple layers of perceptrons (MLP networks) were shown to
be universal approximators of every function [54], while the Backpropagation algorithm ;
an algorithm to efficiently train feedforward MLP networks * , became more popular.

Nowadays, Machine Learning is an established and well funded scientific field. Large
technology corporations have invested for machine learning solutions in various fields;

finance, health, transportation, translation, among others.

2.3 A Taxonomy for Machine Learning

As we have previously discussed, there have been many approaches in Machine Learn-
ing. Subsequently, the various conceptualizations of Machine Learning learning lead to
different taxonomies. A widely accepted one, is based on the type of feedback the Machine

Learning model uses to learn.

2.3.1 Supervised Learning

Supervised Learning is one of the most common type of Machine Learning feedback.
The Machine Learning model is presented with input-desired outputs pairs of data (labeled
data) and is asked to learn the mapping between input and output (reference) data.
Supervised Learning can be a useful approach in problems where the output of various
types of inputs can be easily observable and thus collectable into a training data set.
However, this is not always possible.

Supervised Learning can be divided into two categories depending on the type of output
data given. In some cases, a model learns better if, in conjuction to learning what to

predict, it learns what not to predict (Constrastive Learning).

2.3.2 Unsupervised Learning

Unsupervised Learning involves only a set of input data, without the corresponding
desired output data (unlabeled data). The Machine Leaning model is asked to learn
patterns in the input data, that can be used in order to cluster the input data into different
classes, or generate new input data by computing a probability density function over
the inputs (generative models). Unsupervised Learning can be quite useful in problems
where human/automatic labeling of the data cannot be done due to the size of data or

the computational resources required.

The backpropagation algorithm was discovered independently multiple times, although it’s generally ac-
cepted that it was popularized by Rumelhart’s paper [ ]. For the curious reader, we refer to Schmidhuber’s
post on the history of the Backpropagation algorithm [59]
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2.3.3 Semi-supervised Learning

Semi-supervised Learning can be seen as a combination of Supervised and Unsuper-
vised Learning. It leverages a large amount of unlabeled data and a (usually smaller)
amount of labeled data. The model is trained on the labeled data and uses them to label

the unlabeled data, thereby utilizing the whole dataset.

2.3.4 Self-supervised Learning

Self-supervised Learning is another way of combining an unlabeled set of data, with
supervised learning techniques. (Pseudo-)Labels are automatically generated for the un-
labeled data by the characteristics of the data themselves and the model is trained to
predict those labels. In cases where those pseudo-labels are easy to generate correctly,
this approach can be used to train models on very large sets of unlabeled data, that

couldn’t possibly be labeled manually.

In the case of Natural Language Processing, common ways of generating the pseudo-
labels are: masking certain words found in the text and train the model to predict, giving
a part of the text to the model and asking it to predict its next sentence. Those techniques
can also work contrastively by asking the model not to predict some other random word

or sentence that can be found in the text.

2.3.5 Reinforcement Learning

Reinforcement Learning is different from the approaches we have previously discussed,
as the model acts as an agent that learns to model the problem’s inner states in a sequence
of inputs as well as an optimal policy for every step of the sequence. The agent doesn’t
use labeled data, but tries to maximize a cumulative reward function, which reinforces
the desired behaviour of our agent (in reaching the end goal using a small number of

steps, minimizing other penalty functions, etc.)

2.3.6 Transfer Learning

Transfer learning is a general way of training machine learning models, which enables
the utilization of other previously trained models (pre-trained models). In essence, a model
is trained using as input data the inner representations of the same data produced by a
pre-trained model, often trained to solve a different problem. It is based on the assumption
that the inner representations learned by the pre-trained model, can be generalized into

different domains and tasks (Representation Learning).

This technique is very useful when the data or the computational resources are limited.
It has become an active area of research, as it can be viewed as a way of generalizing &

transferring knowledge between different domains.
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2.4 Basic Concepts and Methods in Machine Learning

We will now introduce and define several concepts and methods that are essential for
an understanding of how most machine learning models are trained. Henceforth, we will
denote with x € R the input vector of n-dimensions, with § = f(x;0) € R™ the output
of a machine learning model with parameters 8, and with y € R™ the desired output of
the model. Furthermore, let X denote the set of all input vectors x, and Y, Y the set of
all corresponding output reference and predicted vectors, respectively. We further denote
with N the cardinality of X.

2.4.1 Loss Functions

A loss function measures how well a machine learning model maps the input data to
the desired output data. Higher loss function values correspond to model instances that
don’t fit the data as well as model instances with lower loss function values.

A per-instance loss function L(f(x;;0),y;) measures the loss in a single instance of
input data x;, model output ¥; and reference output y;. We can also define the loss

function over the whole dataset by averaging the single-instance loss values:
1 &
LYVY) = = Z; L(y.. §)

The goal of training a machine learning model, is to adjust its parameters 6 so that the
loss function is minimized:
0" = argming £L(Y.Y)

Different loss functions have been proposed that may fit different types of data better:

e Mean Square Error: In regression problems, where the model is asked to predict

vector values as output, we can define the means square error (MSE) as follows:
L &
o 1 a2
Lyse(Y,Y) = N ;:1 Ily: — ¥ill

The square on distance metrics assigns proportionally bigger loss values for dis-

tances that are bigger, but is susceptible to outlier data.

e Mean Absolute Error: Similarly to the MSE error, if we omit the square on the

distance metric we can define the mean absolute error (MAE) as follows:
1 N
Luae(Y. V) = Zl lly: - Vil

The MAE loss function has the disadvantage of not being differentiable at y = §,
leading to uncomputability of the gradient at this point unless the loss function is

altered locally.
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e (Categorical) Cross-Entropy Loss: In cases where a machine learning model is
asked to classify input vectors x; into a category ¢; from a set of M-categories C, a
cross-entropy loss is used. This loss leverages the definition of the cross entropy

between two probability density functions:

H(f.g) = - f J()log(g(x))dx

or in the discrete case:

H(p,q) = - ) p(x)log(q(x))

which measures the number of bits required to distinguish the true distribution p

from the estimated distribution q.

Assuming, the model outputs are the estimated membership probabilities of x; to

each of the m-classes”, that is:

A

yi:[dl,u-,aM]

M
where: @; € [0, 1] Vi and a=1
i=1

and the reference membership distributions is Y; = [ay, ... ay], °, we can similarly define

a cross entropy loss for the model’s output:

M
H(y;, ¥i) = — Z a;jlog(&y)
=

2.4.2 Activation Functions

Activation functions are non-linear functions that are used in machine learning mod-
els, in order to enable learning classifiers for non-linearly separable classes of data or
generally non-linear functions. These functions were conceived as a way of mimicking a
neuron’s binary state of ON or OFF. In essence, they map the input to a fixed interval
[a,b] * using the mapping f: R — [a, b]. Below, we will list only the most commonly used

ones:

e Signum/Step: The signum function maps the input to either O or 1.

0,x<0
Jx) =
1, x>0
This may be closer to the original conceptualization of a perceptron [88], but it is not

commonly used in modern neural networks since the derivative is zero everywhere

2This is achieved by applying a softmax function over the outputs of the network. If it has not already
been applied to the model’s output, then it has to be applied by the loss function.

3which is usually to a one-hot vector where the only non-negative element is at the index corresponding
to the class that x; belongs to

4Most commonly a=0,b=1 or a=-1, b=-1. The interval can be also open instead of closed.
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except at x=0 where the function is not even differentiable. This prohibits the use

of differential algorithms for the learning.

e Sign: The sign function maps the input to either -1 or 1.

-1, x<O0
Jx) =

1, x>0

The sign function is quite similar to the signum function, and the same reasons for

inability to be used in neural networks apply.

e Sigmoid: The sigmoid function has the characteristic shape of the greek letter
sigma: “¢”:

J) =

1+e™*
Its main problem is that its derivative has small values when f(x) is close to O or 1,

which leads to limited learning in those neurons.
e Hyperbolic Tangent: The hyperbolic tangent function (tanh) essentially rescales
and shifts the sigmoid function:

e —e*
eX + e X

SO =

The input is mapped to [-1,1], and the gradient is steeper than the sigmoid’s. How-
ever the problem of the derivative approaching zero when f(x) is close to -1 or 1, still

applies.

e Rectified Linear Unit: The Rectified Linear Unit (ReLU) function is one of the most

widely used activation functions. It is defined as:
J() = max(0, x)

In contrast with activation functions, ReLU has a scale-invariant derivative and is
less computationally expensive. However, its sparse activations come with the cost

of neurons with zero valued ReLU activation, getting stuck to a zero-valued gradient.

e Leaky Rectified Linear Unit: Leaky ReLU is a version of ReLU which addressing

the zero-valued problem of vanilla ReLU when x < 0.

ax, x< 0
J) =

x, x>0
where a is a pre-defined parameter (leakage factor).

e Parametric Rectified Linear Unit: The Parametric Rectified Linear Unit (PReLU)
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function makes PReLU’s leakage factor learnable while keeping the same formula:

ax, x< 0
Jxa) =

x, x>0

2.4.3 Linear Regression

Linear Regression is a method of modeling linearly the relationship between a number

of input variables, X, and a scalar output y. Formally:

n
O=wo+ Z wix; = W [15X] = W Xayg
i=1

where the “aug” subscript denotes a vector extended with the value 1 at index 0. Most
commonly, an MSE loss is used to fit the Linear Regression model to the data. Minimizing

the loss gives as the optimal linear regression model parameters:

VLMSE(Y,?) =0 =
w' = XTX)"'y =XTY

where the T superscript denotes the Moore-Penrose of a matrix.

The optimal parameters can be calculated directly via matrix multiplications and in-
versions, when the Mooore-Penrose inverse exists. However as more data are inserted
to X, it is possible X loses its full-rank property and, thus XTX, becomes non-invertible.
Therefore, other optimization approaches can be required such as: SVD factorization,

Gradient descent - which can also be computationally more efficient.

Generalized Linear Regression

The Linear Regression model as described above can only act as linear combination
of its inputs X. Thus, in order to fit a non-linear function a non-linear transformation of

the inputs is needed.

Let @ : R* — RM be that non-linear transformation:
®(x) = [01(X),... Dy(x)]"
Similarly to before, the optimal parameters are give by:

w' = (®T®)'PY
where ® = [®(x;)7;...; ®(xn)]

The model can now fit non-linear data if the basis-functions transformation is selected

appropriately. However, the model remains linear in its nature.
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2.4.4 Logistic Regression

Logistic regression is a method of modeling the relationship between input variables
x and a categorical output y. In essence, the logistic regression model classifies the input

into one class j, by modeling the probability of the input belonging to class j:

gy=P(C=jlx;w)

Binary Classification

When there are two classes, y can be either O or 1 and thus a sigmoid activation

function (Section ( )) suffices the map the model’s output to (0,1):
N 1
v= 1+ e WX

Multinomial Classification

When the model is asked to classify the input to M>2 classes the sigmoid function
would not suffice, since the {j; probabilities would need to be normalized to have a sum
equal to 1. To this end, the softmax function is used as it both maps each {j; into the (0,1)

interval as well as normalizes all {j; to make up a probability function:

To measure the discrepancy between our model’s predicted class membership distribution
and the reference distribution, the cross-entropy loss function (Section: ) is used:

N M

LX, W) == > > yhlog(i(xi, W)
i=1

i c=1

where y! is an indicator function of the membership of x; to the c-th class. The loss func-
tion cannot be minimized analytically and, therefore, a gradient descent-type of method

needs to used.

Non-linearly separable classes

The model described so far can only be trained to separate classes that are linearly
separable, that is there exists a line, in the case of 2-D data, or a hyperplane, in the case
of more dimensions, which can separate the data into two classes. The decision surfaces
must be convex, which doesn’t always fit the data.

In order to solve this problem, the data can be projected using a non-linear mapping
®(x) : R* — RK. The logistic regression model would still be linear in terms of the ® feature

space, but non-linear in the space of the inputs.
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2.4.5 Support Vector Machines

Consider the two-classes classification problem. The classification methods we have
described so far have attributed equal importance to every point’s distance from them
decision hyperplane. The SVM algorithm assigns importance only to the points that are
“difficult” to classify, i.e the support vectors which are the points closest to the decision

hyperplane (see figure 2.1). The goal is to find the maximum-margin hyperplane between

Yo

Figure 2.1. A 2-D classification problem example, and its solution using SVM. Source: [32]

General Mathematical formulation

Assume a linear perceptron-like model:
g=w'x+b

Also, assume class 1 corresponds to y=1 and class 2 corresponds to y=-1 °. Our goal is
to find the optimal hyperplane that maximizes the margin between the support vectors of
the two classes. If X, X_ are support vectors of class 1 and class 2 respectively then the

margin m can by calculated by the formula:

_ 2 T _ T _
m=—sincew X, +b=1landw x_+b=-1

lIwli

Therefore, the optimization goal can be reformulated to

. 2
My ||W]|

such that y(w'x;+b) > 1, Vi

with the equality holding true for the support vectors.

5This is arbitrarily chosen since the equation c(w’x + b) defines the same hyperplane, regardless of c
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How to find the support vectors

It can be easily seen, that the support vectors of each class must be in its convex
hull”. This can’t happen due to the convex hull’s convexity.

The support vectors of each class can be found by iterating over every possible pairing
between a point in the convex hull of class 1 and a point in the convex hull of class 2. The
pairing that is selected as the support vectors of each class is the one that corresponds

to the largest margin.

Solving the optimization problem

In solving the optimization problem, we can make use of a very useful theorem:

Theorem 2.1 (Representer theorem). The optimal w that maximizes the hyperplane margin

subject to the margin classification constraints, is a linear combination of the training points

N

3k

W= § a;YiX;
i=1

The a; = O for all non support-vector points, since the insertion of a non support-
vector point into the SVM training problem should not alter the optimal hyperplane

Thus the w* square of the norm is:

Wl = (W W) = 7" aayyx, )

N N
=1 j=1

£

An equivalent form of the problem using the previous result is the following:

min

L a; ;Y yi{X;, X;)

N N
i=1 j=1

£

J

N

such that yi(z ajyi(Xj, X;) + b)z 1,: Vi
J=1

The solution of the second formulation has O(N®) complexity (analogous to the cube of

the number of samples), while the first formulation has O(n®) complexity (analogous to

the cube of the dimensions of the input samples). In both cases, the optimization problem

can be solved using quadratic programming.

The “Kernel Trick”

The kernel trick refers to a trick that reduces the computational complexity of the
second formulation of the quadratic optimization that was presented above. Assume,

instead of applying SVM to the original input space of the vectors X, we apply SVM to the

5The convex hull of a set X is unique and can be defined as the smallest convex set of its points that
contains it, i.e that each other point lies inside the convex area defined by the convex hull

"The q; coefficients are the Lagrange coefficients introduced by the Lagrangian function: L(w,b,a) =
Hiwl? - =Y, auly(@ - 1]
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space of the input vectors transformed by a non-linear transformation ®(x) : R" — RM,
This, similarly to previous methods, would enable classification of non-linearly seperable

classes. The second optimization problem takes the form:

min Z a;ajy;yjke(X;, X;)

N N
a
=1

i=1 j=1

N

such that yi(Z ajyik(X;, X;) + b)z 1,: Vi
J=1

where k(x;, Xj = (®(xi). ®(xj)) is a kernel function which measures the distance between

the samples Xx;, X; after they have been transformed by ®. By selecting directly a kernel

function, we can bypass the computationally expensive calculation of ®(x;), ®(x;), and

their inner product.

2.5 Deep Learning Methods

Having described many common methods for machine learning , we now turn our
attention to deep methods for machine learning, and particularly neural-network methods
for supervised learning problems °. The term “deep” refers [45] to the multiple layers of
(non-linear) modules, that the input data must pass before reaching the output layer of
the model. This enables learning of different hierarchies of representation for the same
data - that are hopefully richer than the input’s original features - while also offering the
model complexity needed to fit demanding tasks.

As mentioned briefly in Section , the rise in deep neural networks came after the
re-discovery of the backpropagation algorithm and the trend of collecting bigger datasets.
Both are respectively necessary for the efficient and sufficient training of deep neural
networks.

We begin our discussion with the Perceptron algorithm, explaining its conception and
its limitations. Then we will explain how the Perceptron algorithm can be used to in a

straight-forward deep learning model: the Multiple Layers Perceptron (MLP) model.

2.5.1 Perceptron

Perceptrons are the backbones of most modern deep learning networks. They model
a conceptualization of how neurons work by linearly combining their inputs, that can be
seen as excitation from neighbouring neurons transmitted via the synapses (Figure ),
and output an ON/OFF value by applying an activation function over the aforementioned
linear combination.
Formally:
y=f(WTx + b) 2.1

8This is not to say that there cannot exist any deep learning architecture that doesn’t use neural networks.
On the contrary, methods like deep forests [ | can, similarly to deep neural networks, employ multiple
hierarchies of data representations. Furthermore, there are deep unsupervised learning methods, such as
Variational AutoEncoders (VAE) [64] and deep Self Organized Maps (SOM) [74]
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Figure 2.2. An illustration of the biology of a neuron. Source: [119]

However, a simple one-layer perceptron network cannot solve a number of non-linear
regression or classification tasks. As an example, the XOR logic gate problem is often

mentioned. This requires more perceptron layers to be solved, as we will see in 2.5.2

2.5.2 MultiLayer Perceptron Networks (MLP)

The MultiLayer Perceptron (MLP) Networks are composed of a number of individual
perceptrons (neurons), that can be connected with other perceptrons directly. If those
connections are acyclic, then the network is feedforward, as the information goes from
the start of the network to its end, without any type of feedback or recurrency. In that
case, the neurons can be divided into layers; the input layer which consists of the neurons
are presented with the input directly, the output layer which consists of the neurons
that generate the network’s output, and hidden layer which consists of the intermediate
neurons that generate inner representations of the data (see Figure 2.3). This leads us to

the following formulation for the activation value of the j-th neuron in the i-th layer:
Dy = £ wOTR(E-1) i
hPx) = £ (wTh D (x) + bf) (2.2)

Notice once again, the use of an activation function f which is almost always non-linear.
In fact, if all the activation functions in the MLP network are linear, then the network has
the same estimating power as a 1-layered perceptron networks with sufficient number of
neurons”’. However, a 2-layered MLP network, with sufficient number of neurons, can be
much stronger than a single layer perceptron network (see Figure 2.4). In fact for many
non-linear activation functions, an MLP with sufficient number of hidden layers can act

as a universal approximator of every function [54].

2.6 Training a Neural Network

Having described the architecture of most common Deep Learning models, we will now

discuss how these models are trained. Deep learning models, regardless of the complex-

9This is true, because a composition of linear operations, which is what happens in an MLP network with
only linear activation functions, can be decomposed into multiple perceptron linear outputs.
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hidden units

Figure 2.3. A schema of a 2-layered feedforward MLP network. The information traverses
the network from left to right. Source: [18]

ities of each individual architecture, contain a great amount of learnable parameters'’.
By the term training we refer to the algorithm of learning values for those parameters,
through data.

In this section, we will mention only learning the parameters of fully differentiable

neural networks, since the opposite case is outside of our work’s scope'’.

2.6.1 Gradient Descent & Backpropagation Algorithm

The mathematical formulation for training a network f with learnable parameters 6
using a set of inputs X and corresponding outputs Y'?, optimizing a loss function £, is

the following:

. 1
min L(Y.f(X. )= ngn@(XZwL(y,f<x, 0)) 2.3)

where L is the per sample loss function.
The Gradient Descent algorithm updates the network’s parameters 6 iteratively by
moving them towards the direction of —Vg.L(Y, f(X, 8)) which is the direction in which

the £ loss function diminishes more quickly:
Onew = 0 — TlVg_L(Y,f(X, 0)) (2.4)

where 7 is a hyperparameter called learning rate and regulates how quickly the param-

eters move towards the direction which minimizes the loss more quickly. As the loss

00f course not all of the model’s parameters are learnable. Those which are not, are called hyper-
parameters and they are usually tuned by picking the values that perform best in a subset of the dataset
called validation set. Common hyper-parameters can include the network’s depth, the data’s representation
length, the optimization algorithm used, etc.

A non-differentiable process that could be employed in a neural network is randomly sampling from a
learnt distribution. However this can be made differentiable by thereparameterization trick (see [64])

12Those outputs can be either predefined, as is the case in supervised learning, or generated automatically
by using the inputs set X as is the case in self-supervised learning (see Section 2.3)
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Figure 2.4. A schema of a 2-layered feedforward MLP network that implements the XOR
logical function, using the sign function as activation. Since XOR requires the intermediate
calculation of the NAND and OR gate result, it would not be possible to not use an interme-
diate layer.

function is minimized, the learning rate n can be decreased to allow for more fine-grained
movements in the parameter space. Some important notes regarding the Gradient De-

scend algorithm are the following:

e If the Loss function over the parameter space 0 is not convex: its possible that the
algorithm converges to a local minimum point which corresponds to non-optimal
parameters . Furthermore, if the algorithm reaches a saddle point '*, it will finish

without reaching even a local minimum.

e The algorithm is not efficient: in order to update the parameters just once, the
gradient has to be computed with respect to the whole dataset X. This is not
optimal since the dataset may contain duplicates which do not contribute anything

towards the direction of the gradient.

Stochastic Gradient Descent

In practice, Gradient Descent cannot be used to train big neural networks with large
datasets. A stochastic variation of gradient descent (Stochastic Gradient Descent-SGD)
aims to solve the problems listed above by iteratively minimizing the loss as a function of

a single sample from the dataset.

Onew =0- nVBL(y’f(Y, 0)) (2.5)

This enables faster training, and adds variance to the # movement in the parameter space.

However, it also makes the learning curve more noisy.

13A saddle point of a smooth function f can be defined as a point which is neither a local minimum nor
maximum point but has an indefinite Hessian matrix, i.e the derivatives over each parameter axis is zero.
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In practice, in order to take advantage of the parallelization property of our network’s
forward pass, the gradient is calculated, in parallel, for multiple samples of the dataset
referred to as a batch and afterwards averaged. In this way, assuming the computer
has enough memory to parallelize the operations, the training process can be sped up

considerably.

Smarter Descent

Many approaches have been proposed in order to make optimizing using SGD both
faster and smoother. The momentum-SGD leverages the values of previous movements of
the parameter to inform the current movement: 6, = 6; — n-m; where m; = Am;_; + (1 —
AVeL(y.f(y, 0)). Taking into account the previous movement can speed up convergence.

Other, more complex, approaches include RMSprop [50], Adagrad [31] and Adam [63]

Backpropagation Algorithm

So far we have described the way the parameters are updated after the gradient has
been calculated. But how can the gradient itself be calculated efficiently in order to update
all the parameters in the network? The answer to this question is the backpropagation
(BP) algorithm re-popularized for modern Neural Networks in [ 1.

Assume a L-layered neural network f with parameters 8, input x and reference/gen-
erated output y, ¥ respectively. During the forward pass, the input must pass through all

of the L-layers of the network:
- L) (L1 1
y =/, 0) = 9((L)) (fg((L—l))(- .. 9((1)) (x)))

Thus, minimizing the per-sample loss function L over each j-th layer parameter 8?) using

the chain-rule: A A _
OL(y.§(x)) _ AL(y. §(x)) of

200 e 200

(x)

In terms of network topology, starting from output to input, the intermediate partial
derivatives are calculated layer-by-layer and stored for the calculation of the previous
layer’s partial derivatives in a dynamic programming fashion. This update of the network’s
parameter from end to start is called a backward-pass.

Of course, implementing this into a computer is more difficult. The network topology
corresponds to a computational graph that must be pre-calculated before the forward and
backward passes commence. Furthermore, must common software that implement the
BP algorithm do it in a vectorized way, calculating gradients instead of partial derivatives,
for for better performance. For a more extensive analysis of the algorithm, we refer the

reader to [45].

2.6.2 Regularization

Very important to the training of deep machine learning models is the use of regu-

larization techniques. In order to better understand the way regularization affects the
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performance of a network we will first explain the concepts of model overfitting and un-
derfitting.

Model Overfitting/Underfitting

Underfitting refers to the performance of a model which doesn’t fit the data well
enough. Consider the case of the logical XOR gate, which we described in Section
The perceptron clearly underfits the dataset, despite being trained on every sample from
it. It is not computationally complex enough to fully learn the input-output mapping. In
general, a model underfitting the training data may be because of 1) Not enough train-
ing steps over the data, 2) The model having inadequate computational capacity ~ or 3)
something is wrong (e.g a bug) with the optimization algorithm.

Overfitting is the opposite of underfitting the training data. In fact, the model has
more than enough computational capacity to learn the input-output mapping, that learns
to mimic it perfectly. This, however may lead to worse results for samples from a test set
which was not used for training the model (Figure 2.5).

We can express overfitting and underfitting in terms of the model performance in
a training set and a test set. Bias refers to bad fit of the training set’s data, while
variance refers to high discrepancy between the model’s fit to the training and the test
data. Underfitting happens when the bias is high and the variance is low, while overfitting
happens when the bias is low and the variance is high. However, a model with high
computational capacity can still achieve a good bias-variance balance using regularization

techniques.

Early Stopping

Early stopping is one of the most widely known and practised way of avoiding overfit-
ting the model. The model’s loss is evaluated separately in a subset of the whole dataset;
the validation set. When the model starts overfitting the training data, the loss on the
training set keeps decreasing but the loss on the validation set remains relatively un-
changed or even increases (see Figure ). Therefore, it is clearly beneficial to stop the
training at this point, in order to ensure that the model will generalize well enough to

unseed data.

Weight Regularization

Weight regularization refers to a process where the model’s loss function is augmented

with a weight penalty term:

LY, Y,0) = LY, Y)+A-Q0) (2.6)

14By computational capacity we refer to the cardinality of the set of functions that our model can learn. It
depends both on the number of its parameters and its architecture as well. For example, an intermediate
layer is always needed for constructing a XOR gate using Neural Networks. Furthermore, in regression
models a linear model cannot learn to model a - say - 4rth degree polynomial function.
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Typical examples of weight penalties include the L, norms:

Q) =1161P = o[> 180, p=1 2.7)
;€0

A weight penalty forces the model to learn smaller values for its parameters. Most
notable cases are p=1 where the type of penalty is called Lasso, and p=2 where the type
of penalty is called Ridge or weight decay. A Lasso penalty is not differentiable at §; = O
which can be problematic for gradient descent algorithm. However, due to to having a
derivative equal to sign(9;) everywhere else, its time 8; is updated a term is subtracted or
added to it depending to if §; is positive or negative respectively. This means that after
many optimization steps, some parameters will be close to zero, which can be helpful in
applications such as feature selection, where parameter sparsity is desired. Note, that a
Lasso penalty treats big and small parameter values the same.

A weight decay penalty, on the other hand, is fully differentiable which is optimal
for gradient descent algorithms. Furthermore, since its derivative with respect to 9; is a

linear function of §;, bigger parameters face bigger penalty.

Most Accurate Model

High Bias based on primary test set Low Bias
Low Variance High Variance

Underfitting

Overfitting

Most
Generalizablg

Error Rate

Training Phase

Model Complexity

. P . . * . .
et L "
L ] L ] LI}
. e .. .
) e [ ) ... e ._’. o
L L LA . Le® Ty
(e .y .g
x X x
UNDERFITTED GOOD FIT CGWERFITTED

Figure 2.5. The bias-variance tradeoff when fitting a model on a training set, validating its
parameters in a validation set (here denoted with “Primary Test set” and finally evaluating
its performance on a test set (here denoted with“ External Test set”) Source: [114]

Dropout Layers

Dropout is a type of neural network layer, first introduced in [127], which randomly

sets some parameters of the network equal to zero during training. This is inspired from
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a voting method technique. Assume a committee of K estimators which averages output
of the estimators y;. It can be shown that if the errors of each estimator are uncorrelated
between them then the expected error of the committee is the expected error of a single
estimator divided by K.

Inspired by the previous discussion, let M = [my, ..., mg], m; € Bernoulli(p) be the
masking vector that masks a subset of the network’s parameters each forward+backward
pass. The model, essentially minimizes the loss function mingEy,[£(Y, X, m)] instead of
the function ming £(Y,X). However, instead of having to learn K estimators as in our
committee example, a network with dropouts is trained from a committee of thinned
networks. This way it mimicks the effect of having multiple networks, that have been
trained seperately, making a prediction.

During inference, after the training has ended, the dropout no longer deactivates any
networks units. However, to alleviate the discrepancy between training with dropout and

inferring without, the weights of the final network are multiplied by p

Batch Normalization

A Batch Normalization layer simply normalizes the data over the batch-dimensions.
This means that each feature of the data is projected to a N(0, 1) normal distribution, after
the mean and variance of each feature has been calculated over the batch dimensions.
Formally, let the batch X = [x;,...,Xg] € RB*D where B is the size of the batch and D
is the dimension of each input sample. Then the transformed batch X = [X1,...,Xg] is

calculated as following:

x
Il

1 &8
2 D
Bbglxb, peR

B
1
2 2 D
— E - ,o€eR
o B b:1(xb ne, o

Xp — M
g

Xp

This technique has been shown to work well in practise, but the theory behind why
it’s working is not so clear. Assume 2 network’s nodes A, B that are connected by a
Batch Normalization layer. The original paper [55] that introduced the technique claims
it reduces the “internal covariance shift” of the distribution of layer’s A outputs across
different batches. Therefore layer B can learn its parameters easier, as the outputs from
A don’t constantly change distribution. Furthermore, layers normalized to N(0,1) can be
more computationally efficient and robust to different hyperparameter values.

On the other hand, the authors of | ] claim the internal covariance shift is not
reduced by Batch normalization, and in any case it doesn’t seem to have any correlation
with model performance. They further claim that the reason Batch normalization seems to

help is because it smoothens the loss function leading to easier parameter optimization.

15T get a mathematical intuition on why this should be the case, the reader is referred to [ , 45]
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Layer Normalization

Layer Normalization [8] is quite similar to Batch Normalization as they both calculate
a mean and a variance. However, in Layer Normalization the mean and the variance are
calculated over each dimension of the input, for each input independently from other
inputs in the same batch - while in Batch Normalization the mean and variance are
calculate for each feature separately across the batch dimension.

Layer Normalization, thus, offers a way to avoid the internal covariance shift without
having to use batch size > 1. Furthermore, it offers a way of normalizing hidden states
activations between successive steps of a recurrent neural network. Finally, a network
using Layer Normalization has exactly the same behaviour during training and testing, as
it doesn’t need to store the mean and variance of each layer’s activation from the training

set in order to normalize samples in the test set.

2.7 Modern Machine Learning Networks

In this section, we describe the architectures of several neural network methods cur-
rently used in the literature, assessing their respective advantages and disadvantages.We
introduce the Recurrent Neural Networlk architecture (RNN) and explain its usefulness in
modeling sequential data. Then, we define the Long Short-Term Memory (LSTM) networks
and explain how they overcome some problems faced by RNNs. The attention mecha-
nisms, which can be used by the previous networks, will also be defined. Finally, we

define the Transformer model and explain its computational efficiency.

2.7.1 Recurrent Neural Network (RNN)

Despite MLP’s universal approximation property, they are not suitable for a class
of problems. Consider the problem of the input being x = xM, ... .x™] e R™Tx | je
sequential data. Those data can be a time-series, a text, a video, etc. A human processes
this type of data and answers questions related to them sequentially, while keeping in
mind what information they have processed so far.

A Recurrent Neural Network (RNN) [9] is an attempt of modeling that behaviour using
a neural network, where the already processed information from the previous inputs of
the sequence is encoded into a hidden state vector ° (see Figure ).

Formally, let ¥ be the i-th output token generated by the RNN and h” the i-th hidden

state, then:

h® = gy (Wrnh™ + Wiex® + by, 2.8)
)A,(i) — gz(Wyhh(i) + by) (2.9)
Notice, the lack of superscripts for all the model’s parameters. The same parameters are

applied for each part of the sequential input, the only difference being in the current part

of the sequential input x” and the current hidden state h”.

18The term context vector is also common in the literature.
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f Unfold

Figure 2.6. A schema of an RNN with its outputs omitted. Left: A conceptual way of the
direction of information across the network. Right: The computational graph of the networl,
if the sequence of computations is unfolded.

Classifying the different problems that can be solved by an RNN

Assume that the input sequence has length T, and the reference output sequence has
length T,,. We can categorize the problems that can be solved by an RNN based on the
relationship of those lengths, following many classic texts on the subject [45, 3]. As we

will see (Figure 2.7) each problem requires a slight modification of the RNN architecture.
e Ty =Ty =1:The RNN is a simple 1-layered MLP network.

e Ty =1, Ty > 1: The RNN acts as a decoder-only model where instead of the hidden
vector, the predicted output is passed auto-regressively to the next step. This is
typical in applications where x is already a contextually enriched vector ‘. A typical
example would be predicting a text just from its starting word. The auto-regressive

process terminates, after an end-of-input token is generated.

e Ty > 1, Ty =1 : The RNN passes the hidden state vector through each step. How-
ever, the output is not sequential as it is calculated only at the last step. Typical
examples would include problems where the output is either a value (weather fore-
casting), or a class membership prediction vector (text classification, music senti-

ment classification).

e Ty =Ty >1 : The RNN in each step calculates a part of the output as well ass
passes the hidden state to the next step. Typical examples of this architecture

would include syntax parsing, Named Entity Recognition, etc.

The Encoder-Decoder model

From our previous discussion we have left out the case of Ty # Ty, Tx > 1, Ty > 1.
This is an example of an encoder-decoder architecture °, where both the length of the
input as well as the length of the output can vary and thus be different. The model
doesn’t generate output just passes the hidden state vector (encoder model) until all the
input has been captured in a context vector. Then the model acts like a regular RNN,
generating output until an <end-of-input> token is generated (see Figure ). Typical

examples include: machine translation, text summarization, etc.

7This can be achieved by a pre-trained network, or as a result of an encoder-decoder architecture (see the
T, # Ty, T, > 1, T, > 1) case
18The term Sequence-to-Sequence (Seq2Seq) is used interchangeably in the literature.
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Figure 2.7. An illustration of different RNN architectures corresponding to different problems. The
hidden vector here is denoted with “a”. Source: [3]
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Figure 2.8. A schema of an Encoder-Decoder RNN model where the input’s context is
captured the encoder model into a context vector c. The context vector informs the decoder
model, as it auto-regressively generates the output sequence. Source: [45]

Advantages and Disadvantages of RNNs

RNNs provide a way of sequentially modeling the representation of input data and
sequentially generating the representation of the network’s output. Therefore, there are
suitable for most problems where the input our the desired output is sequential.

However there certain problems with the architecture that hinders the model’s training

and its ability to retain information from a long input.

e Retaining the context from a long input: The hidden state vector h as well as
the context vector, due to their limited size, cannot encode sufficiently well all the
information of the input sequence. The information at the start of the sequence
may be used to generate part of the output’s start (in the the T, = Ty > 1) case,
but it doesn’t necessarily inform the output’s last tokens because the hidden vector
may have changed a lot by encoding information from the input’s later tokens.
Implicitly learning which tokens must be payed attention by the network leads as

to the attention mechanism, that will be detailed in Section

e Unidirectionality: The architecture described so far is unidirectional, i.e the input
is parsed and the output is generated from left to right. This is not optimal since
there are problems, for example machine translation, where the translation of a
word depends not only on the preceding words but on the words that follow as well.
The most common solution proposed to enable bidirectionality into the networks
is to have 2 separate RNNs, one parsing left-to-right and the other right-to-left,
parse the input and generate the corresponding hidden/context vectors which can

be merged into one either by averaging or concatenating.
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e Vanishing/exploding gradients: The RNNs use, like all the Deep Learning models
we have introduced, the gradient descent algorithm for training, which involves the
calculation of the gradient of the loss over the network’s parameters. Due to the re-
current architecture of the network, the gradient tends to either vanish (i.e becomes
extremely small) or explode (i.e becomes extremely large). Clipping the gradient can
alleviate the exploding gradient problem, but solving the vanishing gradient prob-
lem requires a more complex network architecture as the one presented in Section
2.7.2.

2.7.2 Long Short Term Memory Network (LSTM)

Having introduced the RNN and some of the problems it faces, we will now introduce
the Long Short-Term Memory (LSTM) [52] network architecture which is an expansion
of the RNN architecture. LSTMs are designed to avoid the vanishing gradient problem
by introducing a cell memory vector ¢® which is propagated to the next state after it is
modified by a tanh activation function. The tanh function’s second derivative has nice
properties that make vanishing gradients less propable.

Outside of the inner calculations that happen in a single step, the LSTM acts exactly
like an RNN, propagating information recurrently to the next step and generating output

every step if it is needed (Figure 2.9).
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Figure 2.9. A schema of an Long Short-Term Memory Network. Source: [100]

Formally, the calculations that happen at the step t are the following,

£0 = o(Wx(® + Uth ™ + by) (2.10)
i = o(Wix® + Gih D + by) (2.11)
0 = o Wox + Ugh®D + b, .12
u® = tanh(WuX(t) +Uyh™Y + bo) (2.13)
e® = 0 g =D 4 §O 5 g® (2.14)
h® = oY © tanh(c?) (2.15)

where © denotes pointwise vector multiplication, o denotes the sigmoid activation function

and tanh they hyperbolic tangent activation function (Section 2.4.2).
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Equations ( , , ) implement gates that the network uses to update its cell
memory and hidden state. The forget gate (Equation ) which information from the
previous step’s cell memory ¢!‘~! will be forgotten in the current step. Similarly, the input
gate (Equation: ) learns which parts of the previous step’s hidden vector h‘"Y and
the current input x¥ will be stored into the current step’s cell memory ¢'"V. However,
the network still uses a hidden state and thus must learn via an output gate (Equation:

) which information to propagate to the next step’s hidden state, while keeping in
mind the current memory cell vector.

LSTMs are a big improvement over classic RNN architectures, as they enable retaining
context over longer sequences without facing the vanish gradient problem. However they
still cannot retain context from a very long sequence, since the hidden state and cell
memory vectors (which hold the context of a whole sequence) can only hold so much

information. In section we will see how this problem can be approached.

2.7.3 Attention Mechanism

The main problem of both RNN and LSTM architectures is that: a fixed-length context
vector may not be enough to encode all the information from a long sequence of input,
unless the context vector increases in size which is very taxing in terms of computational
complexity. An attention mechanism for Encoder-Decoder Network architectures was
introduced in [9], where the context vector ¢V is calculated separately for each step i,
each time paying different attention to parts of the input as those are encoded in the
hidden states h® .

Formally (following the notation used in [23]), let h®, sU) denote the hidden states of
the encoder and the decoder at the timestep i and j respectively. Then, the context vector

¢U) at decoding step j is informed by the encoder’s hidden states as following:

T

¢ = > azh® (2.16)
i=1

a; = softmax(a(s(j_l), h(i))) (2.17)

where a denotes an alignment function. Typical examples of alignment function include

1) scaled dot product: a(m,n) = '5—% which scales the dot product similarity function by
the state vector’s representation dimension length, 2) general multiplicative: a(m,n) =
vIsoftmax(n”Wm) and 3) general additive: a(m,n) = vl softmax(W;n + Wyom), where
va, W; are learnable parameters.

Notice that the alignment functions above, are differentiable. The same applies for the
calculation of the attention scores a;. This implies that the attention scores are softly
distributed over all possible timesteps, thereby this kind of attention mechanism is called
soft attention. Furthermore, the attention takes into account all hidden states, therefore

it’s characterized as global attention

19There are ways of applying hard attention and also calculating the context vector locally, but those are
outside of the premise of our work.

Diploma Thesis



Chapter 2. A Brief Overview of Modern Machine Learning Methods

Output
Probabilities

Add & Norm
Feed
Forward
J

——F— ) | EErom )~

foc S Nl fead
Attention
Nx
Nx Add & Norm
Add & Norm Vs ) . -
Multi-Head Multi-Head Scaled Dot-Product Attention Multi-Head Attention
Attention Attention
o e I o s
! ) U
Positional & A Positional
Encoding Encoding -
Embedding Embedding ention
I
Inputs Qutputs
(shifted right) Q K VvV

(a) The full architecture of an Encoder-
Decoder model using the transformer (b) Left: the scale dot-product attention function.
module. Right: The Multi-head attention module

Figure 2.10. A schema of (a) the transformers encoder-decoder mode and (b) the multi-
head attention module

Self-Attention

What happens when the network’s output is not a sequence? The attention mecha-
nism we described above would not be able to separately attend to each of the decoder’s
hidden state, since there is only one. SelfAttention’’ is a method of employing attention
when a decoder’s hidden states are not available.

In essence, the model learns to attend to its own input without having any other
information:

a(n) = Vz;softmax(Wn) (2.18)

The Self-attention mechanism will be further elaborated on Section 2.7.4.

2.7.4 Transformer Network

The Transformer network was first introduced by (Vaswani, et al.) in 2017 [137], and
since it has found extended success in most Machine Learning applications, such as Text

Summarization [77], Video Understanding [14] and Machine Translation [153].
We will now describe formally the transformer module’s architecture (Figure 2.10a).

We assume the transformer network’s input vector size is denoted with N and the hidden-

representation size is denoted with dpogel-

2°The term intra-attention is also used, albeit less often.
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Multi-Head Attention module

The transformer module uses a variation of the self-attention mechanism we defined
in Section (Figure ). Assuming inputs K, V, Q, which in the encoder of the
transformer network are all equal to the previous layer’s output - hence the use of self

attention, the scaled dot-product attention function (see Section ) is applied:
T
Vi

The Multi-head attention module, performs the scaled dot-product attention function h

Attention(K,V, Q) = softmax( )V (2.19)

dmo (s
times, after having previously projected the K, V, Q inputs from RN*dmoe o RNxhx=3e

The result is h attention heads which are afterwards concatenated into a single matrix
and then projected again to a RV*dmedel matrix:
head; = Attention(KWX, VWY, QW?) (2.20)

MultiHeadAttention(K, V, Q) = [head,. . .., head;|W° (2.21)

The resulting vector has the same shape as the output of a single self-attention module,
however because of the multiple attention heads the network can attend to each input in

multiple ways.

The Transformer Encoder-Decoder Model’s architecture

The transformer network is not recurrent, therefore the whole input is passed as
input to the network, at once. The input representation is constructed (for example
using a Section embedding) generating a RVN*%medel yector, where N is the length
of input and dpeqge is the dimension of the input representation. In order to encode
positional information to each part of the input, we generate positional embedding vectors

PE € RVXdmoael 59 follows:

PE;5; = sin(i/ 10000%/dmode)

PE; 9,1 = cos(i/ 100002/ dmodcr)

The rest of the encoder’s architecture is straight forward: partial results are added and
normalized (see Section ), and the encoder’s output is passed as input to the next

encoder. The decoder acts similarly with the encoder module with some differences only:

e The Multi-Head Attention applied to the currently shifted output is masked so as the

decoder attends only to tokens up to the token that have been until now generated.

e The decoder has a second Multi-Head Attention module which attends to the encoder

stack’s output.
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Main differences with recurrent networks

The Transformer architecture has three main differences from the recurrent architec-

tures we discussed in previous sections.

1.

Non-recurrency: The Transformer network is not recurrent. This is helpful for var-
ious reason. Firstly, the vanishing gradient problem is avoided, since the gradient’s
maximum path length is not dependent on the length of the input sequence n, while
in both RNN and LSTM it increases linearly with n. Secondly, the minimum number
of sequential operations needed for a whole sequence to traverse the network is not
dependent on the length of the input sequence, while in both RNN and LSTM it in-
creases linearly with n. This enables parallelization of the computations, which are
not possible in recurrent networks. Thirdly, the positional information is inserted

directly into the input sequence, via the positional embeddings mechanism.

. Per-layer computational complexity: Each layer of the transformer has O(n? - d)

computational complexity, while recurrent networks have O(n - d?). This means,
that transformers are more efficient when the data dimension length is bigger than
the length of the data.

. Fixed input-output length: The architecture described above has the disadvan-

tage of not being able to handle input and output sequences of arbitrary length.
Instead, the maximum length of both input and output must be specified before
the network is even trained. Therefore, encoding long texts using a Transformer
Encoder-Decoder model may lead to splitting the input into multiple parts and cre-

ating separate representations that have no contextual information between them.

Overall, the advantages of the transformer over the recurrent networks have enabled

training bigger models more efficiently. A further use of transformers that has been

widely adopted in many Machine Learning applications is the creation of Transformer

networks pretrained on very large amounts data, in a self-supervised fashion [29, 69].

Those networks can later be used in other applications with minimal or no fine-tuning.

This provides a way of having rich contextual representations without having to pay the

computational cost of training a very large neural network.
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Chapter E

Natural Language Processing

3.1 Introduction

Natural Language Processing (NLP)" is the scientific discipline that tries to formally
understand natural languages. A natural language is a language that has evolved through
its usage, without following any clear predefined rules. NLP makes use of research in the
fields of Linguistics, Computer Science, Cognitive Science, and most recently Statistics
and Artificial Intelligence, in order to produce a rich understanding of 1) how a language
evolves and is used in theory and in practise and also 2) how to extract information from
natural language texts.

Between the 1960s to 1990s the most prominent paradigm of Natural Language Pro-
cessing was the symbolic one, where the process of formalizing natural languages was per-
formed through the construction of formal rules that concerned the morphology, syntax
and semantics of the language. This was based on the on a realist “linguistics paradigm
which supported that the language’s structure (syntax&semantics) are not derived by ex-
perience but are fixed in advance. Chomsky’s quote [26] “One’s ability to produce and
recognize grammatical utterances is not based on notions of statistical approximation
and the like” puts it succinctly.

From 1990s up to the present, the current paradigm of of NLP has changed. This
change can be attributed to the revival of the empiricist school of linguistics, which claims
that humans can learn language (syntax, semantics, etc.) by using their cognition. If
humans can learn language by using general rules that can be distilled from their cogni-
tion, then the same applies for computers which can learn using statistics. That intuition
gave rise to the statistical NLP paradigm that is most popular today. The recent advances
in Deep Learning have been incorporated successfully in statistical NLP” and have been
deployed in various NLP problems both in research and in industry.

However, in the recent years purely statistical methods for NLP have been criticised for

'Pre 2000’s the terms Language Technology, Language Engineering were used interchangeably with Natural
Language Processing

2The classic Statistical NLP textbook [83] by Manning and Schuetze make the case for the general dis-
tinction between realist and empirical linguistics. We find this naming makes many major philosophical
assumptions behind the motivations of each paradigm, that are too general to be true. Therefore, we use
them sparingly as both realism and empiricism in philosophy and linguistics represent vast amounts of
literature.

3In the rest of our work the term NLP will be used exclusively for its statistical sub-discipline, since
symbolic NLP is outside of our work’s reach.
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their lack of explainability. Therefore, an interest of hybrid models that use both neural
networks for their rich representations and symbolic methods for their explainability, has
grown with mixed results so far [48].

In the following sections of this chapter we will introduce practical applications of
NLP, discuss how a text is preprocessed for NLP tasks and finally delve some of the most
important topics in modern NLP; how to represent words and documents, and how to

model language using them.

3.2 Applications

Natural Language can be identified everywhere around human activity. Furthermore,
humans may need to automate some of their cognitive processing that happens using this
language, using NLP. Therefore, the application landscape of modern NLP is vast both in
terms of types of natural languages that are used, as well as in terms of what processing
and what output is expected by the process. In this section, we will outline few of the

modern NLP topics both in general domain language and in legal-domain language.

3.2.1 Applications to General-Purpose text

In this section we will list and briefly define NLP tasks for general-purpose text or tasks
that are common in multiple domains. General-purpose text usually refers to text that is
generated for and by the general public; this text should not contain a lot of specialized

terminology. Figure provides a map of most common NLP tasks.

e Text Classification: refers to the NLP task of predicting which class does an input
text belong to. Common applications include news categorization, movie genre

classification, etc.

e Token-level classification: includes tasks that require a separate classification
for each token of the input sequence. Common tasks in this category include: a)
Named Entity Recognition (IVER) which is the task of identifying which tokens
correspond to a named entity, and sometimes categorizes the token to an entity
type, such as Organization, Location, etc, b) Part-of Speech Tagging (POS) which
is the task grammaticaly tagging each token to a particular part of speech, such
as verb, noun, etc, and c) Syntactic Parsing: where the syntactic dependencies

between the input tokens are identified.

Several NLP tasks are thought to be more difficult, as solving them requires deeper un-
derstanding of the natural language”. Those tasks belong to the Natural Language Un-
derstanding (NLU) subset of NLP tasks.

e Summarization: is the task of generating a summary for a given input text. This
supposes the NLP algorithm can understand the text and extract information from
it.

40Of course which task is difficult is up to debate and surely is a function of our own historical biases.
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e Question Answering: where the Question Answering system must answer a ques-
tion, most of the times also given a text as input. This requires understanding of

both the text and the question.

e Sentiment Analysis: is the task of extracting the sentiment of a text. The task
is not trivial, since the use of irony, metaphors, or the simple use of a contrasting

word such as “but” can flip the sentiment of a sentence.

S
NLP
Text Categorization/ e

Classification |N||-_Lu

Named Entity Recognition
(NER)

Relation Extraction

,f' Question Answering (QA) .
Part-of-Speech Tagging ; i

(POS) + Sentiment Analysis Paraphrase & Natural .
| Language Inference

[

Syntactic Parsing Semantic Parsing J

Dialog Agents

Coreference Resolution o
... Summarization

Machine Translation ~=

Figure 3.1. A map of common tasks in modern NLP. Source: [48]

3.2.2 Applications specific to Legal Text

The question of when and how to apply modern NLP methods to legal texts is recent
one. Until recently, most legal NLP methods focused on building expert rule-based sys-
tems often representing legal-texts with complex domain-specific ontologies”. Recently,
with the rise of big-data and end-to-end methods for NLP, there has been an increased
interest in applying Deep Learning models to Legal Text analytics. Below, we will outline

few of the tasks that those models are asked to solve:

e Court Decision Prediction: which is concerned with predicting the outcome of a
judicial trial. [20] applies a hierarchical BERT architecture to predict the outcome
and the specific violations as ruled by the European Convention of Human Rights
(ECHR). Similarly, [24] employs deep learning models to predict the prison term,
both in total and separately for each charge, for cases ruled by the China’s Supreme
People’s Court. Applying large BERT models pre-trained on legal-texts has also
been shown to increase predictive performance [85] on Romanian court rulings
concerning bank disputes, as well as in classification tasks concerning European

contracts, court rulings and laws [21].

S5For further details, we refer the reader to K.Ashely’s textbook [7] on Al and Legal Analytics.
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e Court Decision Summarization: The summarization of judicial decisions is an
emerging topic in legal NLP. The performance of various extractive and abstractive

models is explored in [44]

e Rationale Extraction: which concerns the extraction of word/sentence/paragraphs
that contain the rationale of a judicial decision texts. Researchers in [22] extract the
rationale using a hierarchical variation of the BERT model where constraints placed
for increasing the quality of extracted rationals are expressed through regularizers

in the model’s loss function.

e Legal Question Answering: is similar to general information-retrieval tasks. The
model is asked to find legal text that is relevant to an input query. The approach
of using neural networks with attention is explored in [60] using Vietnamese legal

questions.

3.3 Text Preprocessing

Text preprocessing refers to the process transforming “raw” natural language to a

format that is more easy to further process for a specific task.

o Tokenization: is the process by which the input text is segmented into separated
tokens. Each token may correspond to an individual word (word tokenization) or
part of a word -if subword tokenization is used; which tokenizes each infrequent
word in multiple tokens corresponding to a character or a sequence of characters.
Tokenization is important because tokens is the most fine-grained piece of informa-
tion that an NLP model can analyze, and therefore the model can output information

up to the token granularity.

e Sentence Segmentation: Several tasks require the input be segmented into its

«y”

sentences. In many domains this is easy, since the “.” (dot), the exclamation “!”, or
the “question mark” (?) symbol suffice. However, in many domains the raw input
may be noisy; through the use of slang language, emoticons, etc, while the afore-
mentioned symbols may be part of an abbreviation or a mathematical equation and
therefore not signify the end of a sentence. In those cases, expert-defined rules and

statistical methods can be used to improve performance of sentence segmentors.

e Stopwords: are words that are very common in a natural language and in cer-
tain applications may be ommited since they don’t offer much (or even hurt) the
model’s performance, while they may also bias the evaluation results. Common

stopwords include: 1) determiners (“a”, “the”, “my”), 2) coordinating conjunctions

(“but”, “neither”, “for”) and 3) prepositions (“upon”, “behind”, “after”).

e Lemmatization/Stemming: is the process of replacing the words in the input
sequence with their lemmas or stem, which in both cases is a morphological property
of a word. This is useful for NLP applications that require limited vocabulary or do

not need to differentiate between words of the same stem/with the same lemma.
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e Text Enriching: information from Syntactic Parsing, Named Entity Recognition,
or even task/domain-specific information can enrich the tokenized input text with

further information useful for further NLP.

3.4 Word & Document Representations

3.4.1 Introduction

Words, sentences and documents are straight-forward concepts for humans, however
a computer needs a way of representing a word, a sentence or a document in its memory.
This representation, if it is to be beneficial for further analysis, may need to encapsulate
the semantics of each word and even the semantics of the context the words appears in.

Human cognition already does so often by 1) drawing information from the lemmatiza-
tion of each word, 2) disambiguiating the word’s sense, 3) paying attention to each word’s
connotation or sentiment, etc”.

In this section, we will introduce ways a computer can better represent a word, sen-

tence or document via vectors or matrices.

3.4.2 Representation via Denotation

A simple way of thinking about representing a word is by ignoring the information

provided by its context and simply denotating the word.

Vocabulary Indices

The most straight-forward way of denotating a word in a computer is assigning it
to a unique number. Assuming a vocabulary of words V, we can construct a mapping
from each word to a vocabulary index (an integer): f,(w) : V — N. This can be easily
implemented in a computer via a hash-map. Furthermore, it’s a method that can express
new words that are not in the dictionary, simply by mapping them to the next integer
after the last one used.

Using this method to represent a sentence is simple. A sentence is a list of vocabulary
indices that correspond to the word it contains in order. Likewise, a document can be
represented as a list of sentences.

However, the method doesn’t encode any semantic information to the words itself.
The indexes are randomly assigned to each word and vocabulary indexes that are close
in value may correspond to words with completely different meanings, connotations, etc.

Similarly, words with similar meanings may not have similar vocabulary indices.

One-hot encoded embeddings

Attempting to distinguish the vocabulary index from each word’s meaning, it is easy

to devise the one-hot encoding method. In this representation method, each word still

5For a more extended analysis of how human cognition may infer information from lexical semantics, the
reader is referred to the Jurafksy & Martin classical textbook on Speech and Language Processing [58]

Diploma Thesis



Chapter 3. Natural Language Processing

corresponds to a vocabulary index but is instead represented as an one-hot vector at this

specific index. Formally, let f,n, be the mapping function of this representation:

fon(w) : V= {0, 1}V

Jon(w) = 15 )

For example, if the word “language” is mapped to the vocabulary index f,(language) = 4
and the vocabulary has 5 words, then it will be represented by the vector [0, 0,0, 1, 0]
which is non-zero only at index 4.

Representing sentences can be just as straight-forward, by simply generating a |V|-
length vector which is non-zero and equal to one only in the positions that correspond to

indexes of words they contain.

3.4.3 Frequency-based Representations

Merely denoting each word’s occurrence (or absence) in a sentence is sub-optimal in
terms of encoding as much of a sentence’s meaning as possible, since it ignores how often
the word occurs in the sentence and also how often the word occurs in other independent

sentences. This observation leads us to frequency-based representations.

Count Vectorization

A Count Vectorization method treats a document as a Bag of Words (BoW).The doc-
ument is represented as a |V| length vector which is non-zero and equal to the word’s
number of occurrences in the document, only at the indices that correspond to vocab-
ulary indices of words found in the document. In other words, the ones of the one-hot

encoded vectors are replaced by the count of each word.

Weighted Count Representations

Simply counting the number of occurrences in one document can be sub-optimal
since there words that are unique to a document and, therefore not only their frequency
inside a particular document must be taken into account, but also their (in)frequency in
other documents.

Formally, let D = {d;, ..., dp} be a collection of documents (i.e a collection of separate
collections of words) and tf(w, d), idf(w, D) refer to the per-document term frequency

and inverse document frequency metrics respectively. Then those can be formulated as

following:
tf(w, d) = log(Count(w, d) + 1) 3.1)
df(w, D) = Z 1 (3.2)
deD: wed
, _|D|
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where the log function is used to avoid integer overflow if the dataset is very large. This
method allows us to formally represent both 1) how important is a word to a particular
document, by using the tf(w,d) score, and 2) how infrequent it is in other documents, by
using the idf(w,D) score. A score that takes both aforementioned scores into account is
the tf-idf score, where the term-frequency score and the inverse-document-frequency are

simply multiplied:

tf —idf(w, d, D) = tf(w, d) - idf (w, D) (3.4)

The tf-idf can straightforwardly replace the count used in the Count Vectorizer method,
generating document vectors that take both in-document frequency, and frequency in

seperate documents into account.

Sparse Representations & the Curse of Dimensionality

However, in most practical applications the Vocabulary size |V| is quite large, leading
our previously discussed representation methods to generate sparse vectors. These vec-
tors will be non zero on only a small percentage of their indices. This can be problematic

for several reasons:

e Memory Inefficiency: The representations are very memory inefficient prohibiting

or significantly slowing down any computational process between multiple vectors.

e Curse of Dimensionality: Most Machine Learning models and optimization meth-
ods cannot learn well when the number of dimensions in the input data is large.
Adding more dimensions in the data requires exponential more training samples in

order to not hinder the model’s training.

If a representation method is to be used effectively in modern machine learning architec-
tures, it must generate dense representations where more information is encoded in less

dimensions.

3.4.4 Distributional Semantics & Continuous Word Representations

In this section, we will describe how modern dense representations came to be by
leveraging the distributional semantics hypothesis. Furthermore, we will explain the

most common of those methods in greater detail.

The Distributional Hypothesis

The distributional hypothesis states that the meaning of a word is related to its con-
text, which can be directly expressed by the distribution of the words that this particular
word is used in conjunction with. The hypothesis came into prominence in the 1950’s
from American linguists such as Zellig S. Harris who rejected the structuralist school
of linguistics and its concepts of signifier and signified. Perhaps the most succinct de-

scription of the distributional hypothesis’ main premise was given by the philosopher

Diploma Thesis m



Chapter 3. Natural Language Processing

L.Wittgenstein | I: “For a large class of cases—though not for all—in which we em-
ploy the word "meaning" it can be defined thus: the meaning of a word is its use in the
language.”

In term of constructing a useful word representation, the distributional hypothesis is
quite useful. If we assume that all the syntactical and semantic information of a word
lies in its context, then by modeling the distribution of its context we can encode all the

information a word contains.

Word2Vec

The Word to Vector (commonly abbreviated to Word2Vec) representation algorithm,
introduced in [91], is a step towards using the distributional hypothesis to train a neural
network in a self-supervised (Section 2.3) way. In fact word2vec is not a single algorithm
as the original paper introduced two separate algorithms: Continuous Bag of Word
(CBOW) and Continuous Skip-gram (CSG).

The authors redefine the representation construction problem: as a problem of finding
optimal parameters w, ¢ such that a logistic regression could predict correctly for a target
w and a context window L, if some words belong to w’s L-window context. The positive
examples include the L-nearest words to w in a single document, while negative examples
can be drawn by selecting noise words from the vocabulary via their unigram probability.
The loss function, if the target words are projected to w and positive/negative context

words to ¢., c. respectively, takes the form:

L. L.
L= —1og(]_[ P(+lw.c}) ]—[ P(+w.¢}))
i=1 i=1

L, L

= —log( ) o(w- )+ ) o(-w-¢))
i=1 i=1
After training, one could use just the w vector representations, an average of w, ¢, or
even set w = ¢ during training. Both CBOW and CSG minimize the loss function above,

with their difference being on which is the algorithm’s input

e Continuous Skip-gram predicts given a target word, whether the contexts words

are indeed context words.

e Continuous Bag of Words predicts given a list of context words, whether a word is

indeed a target word.

GloVe

The Global Vector for Word Representation (GloVe) [ ] attempts to construct a single-
layer linear projection model, like word2vec, however it also uses global corpus statistics.
The intuition is that, using the corpus’ co-occurrence matrix and ratios of co-occurrences

can be beneficial. Specifically, if w;, w; are co-occur often while wy is a word that co-

P(k in context of i)

occurs with either w; or wj, then the co-occurrence ratio (I in context of )

would be large.
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However, if wj co-occurs with both or neither w;, w; then the ratio would be small.
Therefore, this ratio can be used to train a similarity function, since in the first case we
would like the representations to be close while in the second case the representations

should not be close to each other.

Starting from this assumptions and making other necessary assumptions, the authors
prove that the word vector representations can be found by minimizing an equation like
the following:

w?v"vk + b; + by — log(Xix) =0

where X;) denotes the number of co-occurrences of wy in the context of w;, w; denotes
the vector representation of word w; and wj the vector representation of context word

wy using separate vectors for context words. This equation can be minimized directly by

using linear regression (Section ).
FastText
FastText [19] is an extension of word2vec’s skipgram embedding algorithm. The

authors notice that tokenizing each word into a separate token ignores the morphological
structure of each word and may lead to words that were not in the training data not have a
vector representation. Therefore, they propose a subword representation of a word where
a word consists of a start and end token and all possible character n-grams can be found
in the sentence. The word representation is constructed by averaging the embeddings
of its subwords. The inclusion of the start and end tokens helps the model differentiate

when a morpheme is used inside a word, as a suffix or a prefix.

This approach leads to representations that perform better in word analogy tasks and

in word similarity tasks.

3.4.5 Contextualized Representations

The representation methods outlined so far generate static embeddings, that is em-
beddings that once the training-phase is finished remain the same for each word - regard-
less of the context inside which each word is used. The methods leveraged each word’s

context to generate the embeddings but during inference the context is ignored.

The problem discussed above is easier understood in the case of polysemy, where a
word has multiple senses that depend on the context it’s used. A static representation
algorithm would learn just one (context-free) vector for the word and would not have any

way of disambiguating between its senses.

Recent advances in deep learning architectures has motivated research on better ways
to initialize parts of the network using other networks pre-trained on other tasks. Using a
deep neural network as the pre-trained part of the network enables encoding of contextual

information, along with high-level features that the network learns because of its depth.
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CoVe

The Context Vector(CoVe) [87] representation approach is based on contextualizing
words by extracting word vectors from a deep neural network model. Specifically, a
bidirectional LSTM Encoder-Decoder model with attention (Section ) is trained on a
machine translation task. After the training is finished, the model’s encoder is used to
generate a sequence of hidden states that correspond to contextual representations for
each word. Those representation are used as input to a different task-specific model.

The authors show that their approach benefits the performance of models trained for

different tasks, such as Question Answering and Text Classification.

ELMo

The Embeddings from Language Model | ] representations, similarly to CoVe, gener-
ate contextual representations from a bidirectional LSTM with attention. Their approach

differs, however, on 2 points:

e The ELMo is trained on the language modeling (see Section ) task, which can
be done in a semi-supervised manner - making use of both labeled and unlabeled

data, thus taking advantage of very large unlabeled datasets.

e Furthermore, the input to the model is character-based not word-based. The in-
put is convoluted via a Convolutional Layer, in order to construct cross-character

representations.

Their approach improved the State of the Art in several Natural Language Understand-

ing/Inference tasks.

GPT

OpenAl’s GPT model [ ] uses a transformer model acting as a decoder to solve the
language-modeling problem. The transformer architecture can capture longer contexts
than a conventional LSTM model, while also being more faster to train.

During fine-tuning the model to different tasks, the input can be restructured in order
to fit input data’s format that is required by each task (Figure 3.2)

The authors fine-tune the trained model on different tasks such as Question Answer-
ing, Semantic Similarity and Classification, achieving state of the art results in most
datasets. However, the use of the Transformer’s architecture decoder renders the rep-
resentations generated by GPT unidirectional. This is because, in order to avoid biasing
a model with the expected outputs, a Transformer decoder’s self-attention module must
mask the part of the input sequence that is to the right of the last input token it has

generated.

BERT

The Bidirectional Encoder Representations from Transformers (BERT) [29] represents

a paradigm shift in the representation learning literature, as it uses a Transformer En-
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Figure 3.2. Left: The Transformer [137] decoder architecture used for Language modeling
in OpenAl’s GPT [112]. Right: The input data transformation required in order to use GPT
on different tasks. Source: [112]

coder which can leverage the bidirectional context of each word. Figure 3.3 provides a
direct comparison with previous models, highlighting BERT’s ability of generating both
contextualized and bi-directional representations.

The model is pre-trained on two tasks:

BERT (Qurs) OpenAl GPT

Figure 3.3. A comparison of the way representations are generated by the neural network
models we have described. Notice that only BERT learns bidirectional contextual represen-
tations directly. GPT [112] learns uni-directional representations, while ELMo [1 12] learns
separate unidirectional contextual representations that merged together. Source: [29]

1. Masked Language Modeling: This task replaces conventional uni-directional lan-
guage modeling, which can be used to learn contextual representations encoding
information only from one direction of the text. In this task, 15% of the input tokens
are considered masked and are either: 1) replaced by the [MASK] token (80%), 2) re-
placed by a random token (10%) or 3) remain unchanged. The model is thus trained
to predict the masked word. The reason masked words are not always replaced by
the [MASK] token is to avoid big mismatches between pre-training and fine-tuning

where the [MASK] token may not be present.

2. Next Sentence Prediction: In this task, the model is asked to predict whether as
sentence B follows a sentence A in the text. To add negative learning examples,
in 50% of the cases a random sentence is selected from whole corpus. Posing the
problem as a binary classification task is useful, since if instead the next sentence
was just masked and the model was asked to reproduce it, then this task would

be significantly more under-constrained and thus less easy to learn from, while the
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representations learned would include contextual information only from the first

sentence.

The BERT model adopts a flexible input/output representation system (Figures: 3.4, 3.5):

e All words are tokenized using the WordPiece subword tokenizer. This minimizes out-
of-vocabulary words and enables learning of morphological information. However it

significantly increases the number of tokens in each sentence.

e A [CLS] token is inserted at the start of each sentence. This token can be used to

for classification tasks, such as the Next Sentence Prediciton pre-training task..

e Seperation [SEP] tokens are inserted between segments that we wish to denote
are separate. For example in the Next Sentence Prediction pre-training task, a

separation token would be inserted between the two sentences. Furthermore,

o (o) (o) () () () () ) ) ) () o)

Token

Embeddings |E|CLSJH Eoy H Edn-g || B Eute || Esery H Ere |El|ke: |E=m | E"lng ‘E'S[P] |
+* +* - -+ +* -+ - +* +* +* -

Segment

rdeoanes | Ea | (B | [ B ] B0 (&0 ][ &0 |[& |[ &0 ] [ | & | [[& |
+* +* - -+ +* +* -+ +* +* +* -+

Paosition

mvesangs | € |[ B |[ B [ & J[ B [ & [ & J[ & & J[ & J[Eu)

Figure 3.4. BERT'’s input transformation system. Each word is tokenized using Word-
Piece’s subword tokenizer, a [CLS] token is added at the start of each sentence, and [SEP]
tokens seperate (question, answer) pairs. Source: [29]

@: Mas‘k‘ M Ma‘s‘ M \ /ﬁlﬁ@mn StarVEnd Spal\

BERT ” BERT
—{—Cr

o— O
1 I
Masked Sentence A - Masked Sentence B Question &« Paragraph
\ Unlabeled Sentence A and B Pair / Question Answer Pair

Pre-training Fine-Tuning

Figure 3.5. BERT’s pretraining and finetuning on a general two-sentence task. C denotes
the contextual embedding of the [CLS] token, while T; denotes the contextual embedding of
the inputs i-th token. Source: [29]

Beyond BERT

Several variations of BERT have been proposed which aim at either: 1) generating

representations that are as good as BERT’s but are smaller in terms of memory footprint
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BERT
) EEE- &
O i L i T

Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:
MMLI, QQP, QNLI, STS-B, MRPC,

RTE, SWAG
Start/End Span
BERT

le])- =]

Question Paragraph

(c) Question Answering Tasks:
SQuAD w11

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColA

BERT
ele ] -
[

Single Sentence

(d) Single Sentence Tagging Tasks:
CoMLL-2003 MER

Figure 3.6. BERT’s finetuning on four different tasks. Note that BERT’s input transforma-
tions are general enough to encode several tasks, with either one or many input sentences
and with either a classification output or a sentence generation output. Source: [29]

and require less computational power to generate, 2) changing the network’s architecture
in order to get more robust training and/or train on larger corpora, 3) generating rep-
resentations for domain-specific texts, where the language may be domain-specific and
therefore general-domain representations would not suffice.

DistilBERT [121] compresses BERT into a smaller and faster model, by training a
smaller model to mimic the output distribution of BERT. The distilled model can have
almost equal performance to BERT in several tasks.

RoBERTa [78] optimizes the original BERT’s model training, by changing the Masked
Language Modeling task to include different masks each time it encounters a sample,
making slight changes to the NSP task, and selecting more robust hyperparameter val-
ues. BART [71] extends BERT’s architecture by adding a decoder module, which enables
arbitrary noising operations on the input pre-training data.

Pre-training from scratch or adapting pre-trained models on domain-specific data can
be very useful for domain-specific tasks. Notable examples include: 1) LEGAL-BERT [21]
where the model is trained on data from legislation, court cases, contracts 2) SCIBERT [11]
where scientific publications from multiple domains are utilized for training 3) FinBERT
[146] which pre-trains a BERT model on financial data and afterwards uses it to tackle

the financial sentiment task.
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3.5 Modeling Natural Language

Natural Language Modeling, most commonly abbreviated to LM, refers to the problem
of modeling a language that has been naturally evolved through its use without any
predefined rules. The modeling of a language can be thought as a probability problem
where the model is tasked with finding the probability of a word-sequence occurring.

Formally:

T
P(w) = P(wy,...,wr) = 1_[ P(wi|wy, ... wi_1) (3.5)
i=1

where the rightmost part is a direct use of the chain rule of probability.

A computer can, given a corpus C, directly model the probability P(w;|ws, ..., wi1)
by the formula:
COUNT(wj; after w; ... w;_; in C)

P(wilwy, ..., wi—1) = 3.6
( l| ! ' 1) COUNT(LUl ... Wi—1 In C) ( )

It is easily seen that even with a large C some sentences which are not present in C, will
be mapped to zero probability. This problem would be most evident in longer sequences of
words. Furthermore, simple word interjections or omissions between words of a sentence,
can result to a sentence having drastically different probability of occurring. In the next

sections, we will discuss ways to mitigate the aforementioned problems.

3.5.1 N-gram

N-gram modeling is a direct application of equations , with the simplification of
limited memory’, that is a word occurring can be modeled as a function of itself and only

a certain number of the words preceding it. Formally:
P(wiwy, ... wi-1) = P(wilwi_y, ... wiy) = (8.7)

T
P(w1 Ce wT) = l_[ P(wilwi_N e wi_l) (3.8)

i=1
This method enables the modeling of the probabilities for longer sequences, without need-

ing to have extremely large amounts of data.

However, the N-gram memory simplification may produce wrong results when in order
to predict the next most probable word - it is necessary to refer to textual context more
than N-1 words away. Furthermore, the probability distribution produced by N-grams
remains extremely sparse. Moreover, the memory required to store the probability dis-
tribution function grows exponentially with N, which is directly linked with the curse of

dimensionality problem (see Section ).

“This is often referred to as a Markovian Assumption.
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3.5.2 Generalizing N-grams
The problem of unknown words

Unknown words is an important problem for a Language Model, since an N-gram
method such as the one described in cannot directly model the probability of a sen-
tence containing a word that is not found in the vocabulary (OOV).

The most common solution to this, is inserting an Unkown Word token [UNK] into the
vocabulary. However, the problem of modeling its probability remains. The simplest way
to model is to already have a vocabulary, which can be used to replace all of corpus words
that are not in it to the [UNK] token. The [UNK] token’s probability in any N-gram can be

then easily calculated as with every other token.

3.5.3 Smoothing

We can directly smoothen the probability density function in several straightforward
ways. For example add-k smoothing modifies equation by adding a constant factor
into its numerator and the same factor multiplied by the cardinality of the N-gram token
vocabulary:

COUNT(wj; after wy ... w;_y in C) + k

P(wilwy ... wi—p) = 3.9
(Wi, 1) COUNT(wy ... wey in C) + V|V - k (8.9

3.5.4 Neural Network based Language Modeling

In order to avoid the computational complexity and sparsity problems that N-grams
face, most Language Modeling nowadays uses Neural Network models. Usage of neural
networks for language modeling was pioneered in the 1991 paper [90] by R.Miikkulainen
and M.G.Dryer, however the method was popularized for larger neural networks in 2001
by Y.Bengio et al [13]. They implemented as simple 3-layered network where for predicting
the i-th word of the output the N previous words were projected into their corresponding
context vectors and passed through 2 layers of the network before being squashed into a
word probability distribution by a softmax layer.

The intuition behind neural language modeling is simple. Due to the curse of dimen-
sionality, learning a satisfactory language model directly from the words themselves and
without utilizing their semantics is impossible. Therefore, probability of N-grams should
not change by a lot when some of their tokens are replaced by syntactically or semanti-
cally similar tokens. This would require using word representations that can encapsulate
this information, which is something that deep neural network achieve.

Modern Language Models leverage the rich information encoded in embedding that are
generated by deep neural networks. As we have seen in Sections , , Encoder-
Decoder models such as RNN and LSTM can auto-regressively generate a sequence by
predicting each time the next most probable token (i.e implementing a LM), will using
rich representations of the tokens that preceded it. Finally, the breakthrough of the
Transformer Encoder-Decoder (Section ) model implements a Language Model with

contextualized representations.
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3.5.5 Evaluating a Language Model

Given a language model that can map each sequence of words w to a probability, how
can we evaluate its performance on a test set that wasn’t used during training? A most
common way of to validate the model statistically using the perplexity function which
for a single test-sample instance measures how probable (according to the LM) is the
test-sample.

Let TS = {t;, ..., ty} be a set of test-samples where each test sample is a sequence of
tokens t; = w; ... wy. Extending the perplexity approach to a set of test-samples gives

us:
PP(TS) = 27~ Zi1 log2P(t)

where both the logarithm and the power function are used for numerical stabilization pur-
poses. Lower complexity is desirable since it means that an unseen sequence corresponds
to higher probability by the Language Model.

A perplexity score correlates both with the similarity of the train/test datasets, as
well as with the inherent difficulty in learning the test dataset. Furthermore, it’s cor-
pus dependent meaning perplexities scores of models trained in different data cannot be
compared directly.

In practise, perplexity is never used as the only automatic metric of measuring a
Language Model’s performance. Its main disadvantage are 1) penalizing the generation
of samples not found in the training set, but which are equally valid 2) being overly
sensitive to word reordering/interjections which generally don’t change the semantics of
a sentence that much. What perplexity can tell us is how well a model has fit the data
given to it. Domain-specific automatic metrics for language generation, such as ROUGE
[73], METEOR [10] and BLEU [ ] are commonly used for evaluation generated language

for a specific task.
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Chapter ﬂ

Automatic Legal Text Summarization

4.1 Introduction

Radev et al | | defines a text summary as “(...) a text that is produced from one
or more texts, that conveys important information in the original text(s), and that is no
longer than half of the original text(s) and usually significantly less than that. Text here is
used rather loosely and can refer to speech, multimedia documents, hypertext, etc”. Due
to manual summarization being complex and time consuming, from the 1950s significant
research effort has been put into ATS focusing on summarizing, primarily, news articles
and scientific journals, but recently on many other domains as well.

The intuition behind research in ATS is that the exponentially growing volume of
digitized data is valuable only if it can be easily used by users directly or in downstream
processes. Typical downstream processes of ATS systems currently in use are news page
snippet generation in search engines, information retrieval and metadata generation.

In the legal domain, the information digitization has been typically slow. This can
be attributed to the confidentiality of the texts used, the need to respect privacy laws
and inertia which can be typical in traditional sectors, such as law. However, the ever
increasing amount of digitized data in the law domain, the heterogeneity of the data’s
users and the data themselves has given rise to a need for ATS methods specialized for
the law domain [36, , 39].

Up until the 1990s | ], the information retrieval from legal texts was conducted
mostly manually, as automatic systems were just beginning to become commercially
used. Consider the following three cases where ATS systems for legal court judgements
can be useful: 1) Courts and organizations have specific teams of legal editors tasked
to manually write a summary of a court’s case. Automating part or all of the relevant
process can allow legal editors to focus on other tasks of their job and contribute into
more court judgements getting digitized with a summary. 2) Legal professionals and
scholars have to read the entire judicial judgement to extract the main arguments of
each side. Summaries that include these arguments can save them time, and allow for
quantitative research in the field of legal arguments which wouldn’t be possible by just
manual summarization. 3) Lawyers, preparing their arguments for a case need to search
for relevant past court judgements texts, selecting, through knowledge and experience,

relevant passages, in order to acquire the in-depth context understanding they need.
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Browsing through summarized versions of the judgments is intuitively easier and less
time-consuming allowing them to focus on the main ideas and thus acquire a better
understanding. Therefore, it is clear that ATS systems for legal texts can be very useful
for many people working or researching in the legal domain, and that successful ATS
systems that can meet the needs of diverse stakeholders; such as academics, lawyers,
judges and simple citizens, need to be domain specific and adaptable.

In the following sections we will: 1) describe common datasets that are used in text
summarization while also mentioning their disadvantages, 2) provide a review of the most
common methods used in ATS, 3) discuss the automatic metrics used in evaluating ATS
systems, as well as the criticism that has been applied to them, and 4) analyze the ATS
methods developed specifically for the law domain, while mentioning the domain-specific

challenges.

4.2 Datasets for General-Purpose Text Summarization

4.2.1 Introduction

In the following section we will introduce several text summarization datasets that are
commonly used in the ATS literature. For each dataset we will mention its size, the type
of text it contains and compare it with the other datasets that are commonly used. The
datasets mainly come from the news-domain, which leads to several disadvantages such

as the extractive bias and the information layout bias that we will expand on.

4.2.2 Common Datasets

In this section, we list some of the most common dataset used in Automatic Text
Summarization research. We expand on each dataset’s text domain and its properties
concerning automatic summarization model training. The datasets are listed in chrono-

logical order.

The DUC, TAC conferences

The Document Understanding Conference (DUC, | ]) dataset consists of manually
and automatically generated summaries of English newspaper and newswire articles, re-
leased as part the shared summarization task hosted at the DUC from 2001 through
2007. Each edition comes with different variations of the summarization task, includ-
ing general/query-based summarization and single-document/multi-document summa-
rization. From 2008 to this day, DUC’s summarization task has been included in the
Text Analysis Conference (TAC). The TAC datasets cover multi-document summarization,
query-based summarization, update summarization and various other tasks.

Both datasets use texts from the news domain and, almost always, in the English
language [33]. Although the datasets are useful for evaluation purposes, due to their

limited size they’re not typically used for training neural models [68]. In addition, as we
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expand on in Section , the DUC datset contains human evaluation results for part

of the texts’ summaries.

The NYT news dataset

The New York Times (NYT, [ ) dataset contains over 650k articles from the New York
Times magazine and summaries manually written by library scientists. It has been mostly
used to train and evaluate extractive summarization models and phrase-importance pre-

dictors [70].

The CNN/Daily Mail corpus

The CNN/Daily Mail corpus [94] contains over 312k text-summary pairs of articles
automatically scraped from the CNN and Daily Mail news websites. The corpus was
produced by modifying an existing corpus used for passage-based question answering
[49]. Each summary is manually created by the article’s author and consist of the main
bullet points accompanying the article’s main text. The dataset has been use extensively

on model training and evaluation for both extractive and abstractive ATS models.

The Wikisum dataset

Wikisum [75] is a multi-document summarization dataset containing summaries of
3.8M topics corresponding to a title of a Wikipedia article. The summary is the article’s
lead section while the cited articles (found in the Wikipedia article’s references section) and
the non- overlapping results of searching the topic on Google constitute the documents
to be summarized. The dataset contains text that is significantly longer in size and its
reference summaries contain more novel unigrams compared to traditional news datasets,
such as CNN/Daily Mail and Gigaword, highlighting its importance on training abstractive

models.

The Wikihow dataset

Wikihow is a large scale summarization dataset containing over 230k articles from the
WikiHow knowledge base. Each article contains multi-step instructions explaining how
to perform a certain task that can be solved in a series of steps. Each step has a one
sentence summary and a more detailed explanation. The article summary consists of each
step’s one sentence summary while the rest of the text is the document to be summarized.
The authors highlight: 1)the dataset’s large proportion of novel unigrams in its reference
summaries and 2)the small length of its reference summaries sentences (compared to
each article’s sentence length), as its major advantages over common datasets from the

news domain.

The XSum dataset

The XSum dataset [96] consists of 226,711 BBC articles and their respective one-

sentence summary. Each summary is written by the article’s original author and it
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serves as a preface to the article. This dataset is targeted for training and evaluating
abstractive ATS systems, since simply extracting sentences from the input text would
result in summaries considerably larger than the reference summaries. Furthermore,
the authors support their claim of abstractiveness in their dataset by comparing the
percentage of novel n-grams in the reference summaries that are not present in the
source texts. Their comparisons show that XSum is more abstract than other news-
domain datasets such as CNN/Daily Mail and NYT.

The Newsroom Dataset

The Newsroom dataset [46] consists of 1.3M articles from 38 major news publications
and their respective summaries written by the article’s author or the newsroom editor.
The summary writing methodology varies from publication to publication, thus the dataset
contains summaries that vary in terms of being more extractive or more abstractive. The
authors proposed metrics for measuring the extractiveness and the abstractiveness of
a summary and create subsets of their dataset into Newsroom-Abs, Newsroom-mixed,

Newsroom-ext based on each subset’s measure.

TIFU

The TIFU dataset [61] contains 120K posts scraped from Reddit’s TIFU discussion
forum where the users post personal mishaps of varying topics. Every post contains a
relevant title and a summary (denoted by TLDR - an abbreviation for Too Long Didn’t Read
) written by the post’s author. The TIFU-short version of the dataset uses the post’s title
as its summary, while the TIFU-long version uses the post’s TLDR summary. The authors
find that their dataset has 1)considerably higher abstractiveness and 2)the source text,
in each example, has more uniform distribution of relevant (to the reference summary)

information compared to traditional news-domain datasets.

4.2.3 Criticism of the Datasets

There has been extensive discussion on the datasets used for training and evaluating
ATS systems. In this section we present some of the criticism found in the literature as

summarized, mainly, in [70].

Summarization as an under-constrained task

The authors in [70] sample 100 random articles from the CNN/Daily Mail dataset and
asked annotators to summarize them under two settings: 1) constrained: under which
the annotators had to write a summary that answers a set of 3 questions relative to the
article, and 2) unconstrained: under which they had to summarize what they thought to
be important. In both settings, the annotators had to highlight the parts of the article
they found useful in writing the summary and the sentences that were selected by at least

n annotators were kept.
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The results point to summarization being a moderately under-constrained task as 1)
it is shown, that higher n results in significantly fewer sentences selected as important by
at least n annotators and 2) annotators disagree more when they are asked to summarize
under the unconstrained setting. However, the metric the authors used does not take

into account the abstractive nature of manually written summaries.

Information layout bias

Datasets consisting of news articles usually follow the inverse pyramid pattern, namely,
the closer one sentence is to the article’s start, the more likely it is to be important in
writing the article’s summary. Thus, abstractive models trained on these datasets tend to
be less abstract, since they can just repeat phrases from the beginning of the document
[125, 96] and don’t generalize well in more diverse datasets or datasets in other domains
[57].

[70] measure the positional distribution of the sentences that annotators highlight as
important for writing their summary of a randomly selected CNN/Daily Mail article, and
find (see Fig.4.1 ) that, on average, almost 60 % of the important sentences are situated
in the first third of the article.

10
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Length of the article (%)

Figure 4.1. Source: [70] Measuring how a sentence position in the article correlates with its
probability of being highlighted by a human reviewer as important for writing a summary.

Several dataset selection approaches have been proposed for reducing this bias. The
TIFU [61] dataset attempts to alleviate this bias by choosing a discussion forum as the
source of the summarization documents, since forum posts are more conversational and
thus include less positional bias in their dispersion of important information . The News-
room dataset [46] aims to reduce the information layout bias by including articles from

various news publications thus including more diverse summarization strategies.

In conclusion, the inherent information layout bias in news articles datasets may be
utilized to generate better summaries. However this approach may be too shallow for

datasets in other domains, such as scientific articles, dialogue, forum posts, etc.
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Extractive Bias

The extractive bias of a certain dataset is defined as the average n-gram overlap of each
document, summary pair in the dataset. In essence, this measures how often a summary
contains words and/or phrases not found in the document to be summarized. This bias
varies between each dataset but, in general, more diverse datasets, datasets that include
short summaries and datasets that contain documents from less formal topics exhibit
less extractive bias in their reference summaries [61].

The extractive bias has been utilized in summarizing news articles in [ ] where a
pointer-generator network is trained to generate summaries by both using words from
the whole network’s vocabulary and copying words from the input text. However, it is not
clear if the pointer-generator architecture can be of benefit in domains that do not exhibit
extractive bias in their summaries. Furthermore, the copying mechanism may not be

desired in cases where an abstractive summary is preferred.

4.3 Datasets for Legal Text Summarization

There exist several datasets for Legal Text Summarization, although due to the vast
cross-country differences in the legal and specifically the judicial domain, those datasets
may differ a lot even when they are written in the same language. For example, court
judgement texts may contain or not contain headings indicative of the text’s inner struc-
ture and may also have significant writing style differences that make thematic segmenta-
tion methods non-transferable to court judgements in other datasets [16]. Furthermore,
there is not consistent use of already collected legal text summarization datasets, as every
researcher trains and evaluates their methods in a dataset they collect for their specific

research purposes, often enriched with non-standardized human annotations.

In this section, we list and describe several court-judgements summarization datasets.

Rechtspraak

The Rechtspraak dataset, provided by Pandora Intelligence', consists of 403,585 legal
judgements from the “Rechtspraak” Dutch court. Each judgement text comes with the
court’s summary, the category label corresponding to the case and the court’s verdict on

the case.

BillSum

The Billsum [67] dataset contains 22,218 US Congressional and 1,237 Californian
bills, both with their corresponding reference summaries. The goal dataset creators is
to enable training and testing summarization models to different bill-related domains

(Congressional & Californian in this case).

1
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4.3 Datasets for Legal Text Summarization

Indian Supreme Court

The authors in [16] collect 17,347 judgements by the Supreme Court of India, from
the years 1990-2018, along with their summaries created by Westlaw India“. The same
authors in [17] collect 7,100 Supreme Court of India legal cases along with their headnotes
that serve as short abstractive summaries. They further task human experts to segment

the document into Rhetorical Role segments, and summarize each segment separately.

Multi-LexSum

The Multi-LexSum [ ] dataset consists of 40,000 federal U.S large-scale civil rights
lawsuit documents collected by the Civil Rights Litigation Clearinghouse (CRLC) organiza-
tion. Each document contains several texts corresponding the complaint,motion,judicial
opinion or settlement of the legal case, and thus collectively each text is very large in size.
The dataset also contains abstractive summaries written by CRLC experts for 9,000 of
the CLRC documents, with the summaries coming in different granularities: from tiny(25
words) to long( 650 words). The input document size along with the expert-generated and
curated summaries makes the Multi-LexSum dataset idea for evaluating Legal Multi-

document Summarization methods on multiple summary granularities.

Canadian Courts

The dataset introduced in | ], contains 28,733 legal cases, that took place in Cana-
dian courts, along with their corresponding human-generated summaries. A subset of
the summaries and the main texts were classified by law-students into the following

categories: issue, conclusion, reason, neither of the above.

US Board of Veterans’ Appeals

The US Board of Veterans’ Appeals legal cases dataset, introduced in [ ], contains
35,000 veteran’s appeal cases concerning whether the appellant was to be compensated
for their service-connected Post-traumatic Stress Disorder (PTSD). Each case’s summary
is drafted by single judges or their staff attorneys. For a subset of the dataset, the
authors provide extractive summaries, additional abstractive summaries and thematic

classification data.

Biases in Legal Text Summarization Datasets

The literature in text summarization dataset biases has not been systematically ex-
tended to the domain of legal texts. That can be attributed to the lack of standardized
datasets, and the differences between the legal text summarization datasets.

In| ], the inter-annotator agreement on the court judgement thematic segmentation
task is found to be moderate. This points to the thematic tagging task being not under-

constrained. The development of extensive annotation guidelines was explored in | ,

2
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l. We know of no systematic analysis of the position bias or the extractive bias in the

legal text summarization literature.

4.4 Automatic Summarization Methods

Automatic Summarization Methods can be classified by the type of summaries they
generate, into three categories: 1) extractive methods; which create summaries by ex-
tracting the most important segments of a text, 2) abstractive methods; which generate
a summary from scratch, without extracting segments from the text, and 3) hybrid meth-
ods; which combine the two previous approaches.

Furthermore, ATS methods may differ depending on the textual domain they are ap-
plied on, since both 1) the input text, 2) the evaluation metrics used measuring the
summary’s quality and 3) the type of summary required, is usually specific to the domain
the ATS method is applied.

A different taxonomy of the ATS methods found in the literature, can be based on
the number of input documents. Single-document ATS methods summarize a single
document, with typical applications being the summarization of a news article, a book,
an email, etc. Multi-document ATS methods generate a summary for multiple docu-
ments, with common applications including summarizing restaurant/hotel reviews, twit-
ter thread/hashtags, etc. Several other classifications can be made, which are extensively
detailed in [33]

In our work we will discuss exclusively the Single-document ATS methods, both ex-
tractive and abstractive, while also describing ATS methods specific for the legal-texts

domain.

4.4.1 Extractive Summarization

Extractive Summarization methods generate a summary by extracting the most im-
portant sentences from the text’. The basic pipeline (Figure ) of all extractive methods

can be generalized as follows:

1. Each textual segment is preprocessed and a representation is constructed corre-

sponding to it.

2. Through each segment’s representation, the method assigns scores that correspond

to each segment’s probability of being extracted for a summary.

3. Using the aforementioned scores, a selection is made and post-processing transfor-
mations can enforce a summary constraint or make changes to its form (such as

re-order the sentences).

Following [33, 97], we classify the extractive methods in the sections below.

3From here on, when we refer to sentences in this section we will not necessarily mean grammatical
sentences, but sequences of tokens. Similarly with words we will generally refer to tokens.

100 Diploma Thesis



4.4.1 Extractive Summarization
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Figure 4.2. A general workflow of an extractive ATS system. Source: [33]

Linguistic Features based methods

The first approach on automating extractive summarization was proposed by Luhn
in 1958 [80]. A list of words that are “significant” for a certain topic was compiled.
Those words were modeled to be neither overly common, nor rare in the topic’s corpus.
Sentences that were eligible for extraction had to include “significant” words® no more
than 4-words apart, and the sentence’s significance score was the ratio of the square of

the significant words it contained over its length.

Frequency based methods

Luhn’s hard cut-off between significant words and insignificant words can be replaced
by a statistical formula that measures how important that word is in the sentence. The
tf-idf score (see Section 3.4.3) measures the word’s importance in a sentence while also
lowering the importance of words that are common across different documents. A similar

to Luhn’s sentence extraction criterion with modified sentence scores can be applied.

Document Centroid Based Methods

The MEAD software [111] used multiple documents to calculate the average tf-idf
score of each word, thereby creating a centroid tf-idf score. Each sentence’s importance
was calculated by adding the tf-idf score of each of its words that exceeded a tf-idf score
threshold.

Similarly for single-document summarization, a centroid-based approach consists of
finding the average tf-idf sentence representation in a text and afterwards selecting the
sentences that are most similar to the centroid (usually the cosine distance function is
used). This approach, although successful, fails to model inter-sentence importance as

each sentence is compared only to the centroid sentence.

4Later ATS literature referred to those words as “topic words”
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Graph based methods

Graph-based approaches attempt to bypass the problems faced by the centroid sen-
tence approaches, by constructing a graph of the sentences where each node denotes the
similarity between each sentence. Sentences whose similarity score is below a certain

threshold can be thought as non-adjacent.

A straight-forward way of modeling each sentence’s importance using the PageRank
[ ] algorithm was proposed independently in the LexRank algorithm [34], and the Tex-
tRank algorithm [89]. LexRank was proposed for multi-document summarization while
TextRank was applied to single-document sentence or keyword extraction. They have

further minor differences in the text preprocessing and the parameterization of the algo-

rithm.
The basic intuition was to apply the PageRank [103] algorithm over the sentence-
graph:
d sim(u, v)
pw=—+0-d . p(v) (4.1)
N Z Zzeadj[v] sim(z, v)

veadj[ul
Each sentence’s score measures its centrality, that is its importance in the cluster of
sentences that are similar to it. This enables having multiple sentence clusters with
important sentences that are different between each cluster, whereas previous centroid-

based algorithms had just a centroid sentence as a template.

The scores are updated iteratively until the algorithm converges. The convergence is
guaranteed by properties of stochastic matrices in a Markov Chain. More specifically, a

vectorized version of equation is:
T T
p=(dU+(1-ad)S) p=ATp 4.2)

where p is the centrality scores vector, S the cross-sentence similarity matrix and U is a

matrix whose every element is equal to 1/N.

A corresponds to a transition matrix of a Markovian chain. For p to converge into a
stationary distribution, it suffices that A is such that the Markovian chain is irreducible

and aperiodic”. By inserting the “dumping factor” d the convergence is guaranteed.

There are many variations of the TextRank/PageRank algorithm. One particularly im-
portant in query-based summarization is the Biased LexRank algorithm [101]. It modifies
equation by increasing the dumping factor for sentences that are most relevant to the
query and similarly decreases it for not relevant sentences:

rel(u, q) sim(u, v)

=d +(1-d 4.3
p(u) ZzeCorpus rel(z, q) ( ) Z Zzeadj[v] sim(z, U)p(v) ( ]

veadj[u]

5¥i,jAn : A"(i,j) # 0. This means that every state is reachable by another state. The inclusion of the term
dU guarantees that.
bged{n: A"(i,i) >0} =1, Yi.
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Relevance functions that can be used include a word-frequency function:

rel(u, q) = . log(tf(w, u) + 1)-log(tf (w, g) + 1)-idf (w)
weq
or in the case of vector embeddings vector similarity functions, such as the cosine distance
function :
u-q

rel(lu,q) = ———
D= Tull Tl

Matrix Decomposition based methods

Those methods attempt to model the topics found in each text and then extract sen-
tences that are closest to each topic. This method is called Latent Semantic Analysis (LSA)
[ ] and its based on the Singular Value Decomposition of the documents sentence-token
matrix.

Formally, let A € R™" be the sentence-token matrix where m is the size of the docu-
ment’s vocabulary and n is the number of its sentences. Typically, each sentence-token
element corresponds to its tf-idf score, but other sentence-token representation methods

can be applied. SVD decomposes the matrix into:
A=UzV’ (4.4)

where U € R™", 3 € R, VT ¢ C™" with X being a diagonal non-negative matrix.
Diagonal matrix 3 = {012, e orzl} captures the importance of each topic in the document,
while each row of matrix VT corresponds to the topic-based representation of each sen-
tence. Therefore, each row i in matrix D = X VT corresponds to the significance to of
topic i in every sentence of the document. In order to select only the most important top-
ics in modeling the document (similarly with applying a similarity threshold in previous

methods) the matrices can be pruned as in Figure

sentences 78 k

..
.
ke ., " sentence
*s vaclors

L= Sa Sl R

term
vectors

Figure 4.3. A schematic of the LSA method using SVD on the term(toker)-sentence matrix.
Only the k-most important topics are taken into consideration, by pruning the corresponding
rows and columns as shown. Source: [128]

Having decomposed the token-sentences matrix, there are several ways of extracting

the most important sentences:
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e A straightforward approach is to select one sentence for each topic; the sentence

that is closest to the topic as modeled in each row of V7.

e Another approach, is to take into consideration the topic’s significance as well as

all the topics in each sentence by calculating for each sentence the score function:

(4.5)

This way the most important sentences would be those that are most similar to

significant topics.

Deep Learning based methods

We now turn our attention to deep learning methods for extractive summarization.
Those methods utilize the rich representations generated by deep neural networks in
order to select which text segments should be extracted for a summary.

Recurrent neural networks have been used in order to select which sentence will be
extracted. [25] use a Convolutional Neural Network to encode each sentence separately
and afterwards use those the sequence of those encodings as input into an LSTM network

(Figure 4.4)

attention

document 5
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senienc.e
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] O
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sentence

encoder [ 1

convolution

these are words in the sentence

Figure 4.4. Combining a convolutional sentence encoder with an LSTM document encoder.
Source: [25]

In [77] the BERT bidirectional-transformer network is used for predicting whether a
sentence should be extracted or not. Bert enables use of contextual sentence embeddings

that are useful in cross-sentence tasks. A vanilla BERT encoder cannot generate sen-
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tence level representations, as its output vectors are grounded to token representations,
including [CLS] token’s representation which can be used as a representation for the
whole document. The architecture is modified (Figure 4.5) by interchanging the segment
embeddings between sentences and by inserting a [CLS] token between each sentence.
Those [CLS] token’s BERT embeddings will afterwards be used for the binary classification

of the extraction label.

Original BERT BERT for Summarization

Input
Document [CLS] n [SEP]]

Token
Embeddings

.

Segment

+
-
Embeddings
+

Position
Embeddings

Transformer Layers ] Transformer Layers

Contextual | [ - = o = - ™ . . - ™ N = - . ™ ..
o i) ) ] o) i ) ) i o)

Figure 4.5. Adapting the original BERT encoder (left) to produce sentence level tokens for
extractive summarization (right). Source: [77]

4.4.2 Abstractive Summarization

Abstractive ATS methods generate summaries without needing to copy words or seg-
ments from the document. This adds increased flexibility in the summary generation
process, as the generated summary doesn’t necessarily have to use words only found
in the input document. Furthermore, it enables generating shorter but more succinct
summaries than those generated by extractive ATS methods which extract sentences that
may include overlapping information.

However, abstractive ATS systems require a deeper understanding of the input text in
to produce a good summary. Deeper understanding of the input text is usually achieved
using neural network deep representations, while deeper understanding during summary
generation requires a sophisticated enough language model.

In the following sections we will introduce modern approaches to abstractive text
summarization utilizing deep neural networks. We focus on deep neural methods, since

they are the first to reach satisfactory results in abstractive summary generation.

Deep Neural Network methods

In [27] recurrent neural networks with attention are utilized in order to generate ab-
stractive summaries. [94] insert additional POS, NER tags in each word embedding to
better capture key-words, and furthermore introduce a “switch” mechanism that can
decide in the case of Out-of-Vocabulary tokens whether to generate each new token by
using the decoder’s output or by copying the correspondent word from the input text.
The copying mechanism is further explored in [125], where the generated word probabil-

ity distribution is instead calculated by mixing the word probability distribution of the
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Figure 4.6. A general schema of an abstractive ATS system. Source: [33]

decoder output with the word probability distribution of copying the word from the text.
They further introduce a coverage regularization mechanism that ensures the attention
weights are activated evenly throughtout the text.

The BERT architecture was first used for abstractive summarization in [77] where a
BERT encoder pretrained on extractive summarization was trained in conjunction with
a BERT decoder to produce abstractive summaries. BERT’s architecture is extended in
[71] by the insertion of a dedicated decoder module which enables better pretraining on
language generation tasks such as summarization. The PEGASUS pretrained encoder is
utilized in [129] where the problem of training using the cross entropy loss on only one
reference summary is mitigated by contrastive learning on different “silver” summaries.
Similarly, [79] use contrastive learning on a distribution of silver summaries so that the
probability of generating each candidate summary is related to their quality, as judged by
the model.

4.5 Evaluation Metrics for Summarization

4.5.1 Introduction

Several Metrics have been proposed for the evaluation of Automatic Text Summariza-
tion models. We can categorize those metrics to 1) automatic metrics; which don’t require
any human evaluation of the summaries, and 2) human evaluation metrics; which require
manual evaluation by a human. Automatic metrics enable faster and less expensive eval-
uation of large amount of summaries, compared to human evaluation metrics. However,
as we will expand on in Section 4.5.3, those automatic metrics may not necessarily agree
with human judgement. Therefore, ATS methods are, almost always, also evaluated by

humans.

4.5.2 Automatic Evaluation Metrics

In [40], the automated evaluation metrics are categorized into intrinsic metrics, which
measure the summary’s quality based on a reference summary, and into extrinsic metrics,
which measure the summary’s quality on the basis of the summary’s usefulness in solving

other tasks, such as Question Answering and Information Retrieval.
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Intrinsic summarization metrics aim to measure the lexical or semantic overlap be-
tween the generated summary and the reference summary, as a proxy for evaluating
the summary’s informativeness and quality. Informativeness refers to the coverage the
generated summary provides over the reference summary or the original document and
is measured mainly using lexical overlap metrics such as ROUGE [73], BLEU | ] and
METEOR [10]. Quality refers to desired properties of the generated summary, such as
grammaticality, redundancy, coherence and readability. The degree to which these qual-
ities, as measured by human reviewers, are correlated to lexical overlap metrics is still
debated in the literature [99, ] and researchers in automatic summarization often in-

clude human evaluation of their summaries to measure these qualities.

BLEU

BLEU (Bilingual Evaluation Understudy) [ ] is a language-agnostic evaluation metric
designed for evaluating machine translation. BLEU is a precision-based N-gram overlap
metric, which means it calculates the N-gram overlap between reference and candidate
translation normalized by the number of N-grams present in the candidate translation.
More formally, the BLEU-N score of a set of candidate translations C and a reference

translation S is given by:

2iceC 2geGRAM(N,c) Counteip(g, S)

BLEU — N(C, S) =
ZCGC deGRAM(N,c) count(g, S)

where GRAM(N, c) denotes the set of N-grams in text c, and countg,(g, S) the number of
occurrences of the N-gram g clipped by the number of its occurrences in the reference
translation S, in order to avoid awarding high scores to candidate translations that repeat
the same "reasonable" N-gram. The authors also introduce a brevity penalty to encourage

matching candidate-reference translation length.

ROUGE

ROUGE (Recall Oriented Understudy for Gisting Evaluation,[73]) is a software pack-
age that was developed specifically for evaluating automatically generated summaries. It
includes a variety of lexical-overlap evaluation metrics, each aiming to measure differ-

ent aspects of the summarizer’s performance. It has been widely adopted as the most-

prominent automatic evaluation metric in machine text summarization [1, 40]. Below we
define each ROUGE variants, as described in the original paper [73], and explain their
differences:

e ROUGE-N: measures the N-gram overlap between the candidate summary and a set
of reference summaries, namely, if we define RS to be the set of reference summaries,
and GRAM(N,S) as the set of all N-grams in a candidate summary S:

) ) COUNtmatching(9)
ROUGE — N(RF, S) _ ref _sumeRF ZigeGRAM(N,ref _sum) matching

Z ref_sumeRF Z geGRAM(N,ref _sum) Count(g )
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108

which favours candidate summaries with common N-grams across multiple ref-
erence summaries, as the denominator normalizes the nominator’s sum over all
possible reference summaries N-grams. In the case of a single reference summary,
the ROUGE-N definition is simplified to:

2 COUNtinatehing(9)
ROUGE - N(ref_sum, S) = —9=SRAMWref_sum) maiching

ZQEGRAM (N,ref _sumy) count(g)

The metric is recall oriented because the percentage of overlapping N-grams is cal-

culated over the N-grams found in the reference summaries.

ROUGE-S: measures the Skip 2-gram overlap between a reference summary X and a
candidate summary Y normalized by the number of skip 2-grams in the reference/-
candidate summary, depending on if recall or precision is measured. In essence,
skip 2-grams find pairs of words that are common in both reference & candidate
summary and appear in the same order in both of them, while also allowing for gaps
of a predefined maximum length dgp. If dsiyp is set equal to zero, then ROUGE-S
is equivalent to ROUGE-2. If dgp is increased more common pairs of words are

captured which may lead to spurious matching.

ROUGE-SU*: is an generalized extension of the ROUGE-S metric. It allows for
arbitrary values of dg, (€. ROUGE-SU4 uses dgp = 4), and also captures unigram
overlap (which can be achieved by adding to both reference and candidate summary

a dummy word-token every dgyj + 1 words.

ROUGE-L: measures the length of the longest common subsequence of words found
in both generated and reference summary. A subsequence of words is defined as a
sequence of words which can be found in the original sequence in the exact relative
order they appear in the subsequence. The LCS score is normalized by the candidate
summary’s length, when measuring recall or the reference summary’s length when

measuring precision accordingly. More formally,

LCS(ref _sum, cand_sum)

LCSg(ref _sum, cand_sum) = cand |
cand_sum

LCS(ref _sum, cand_sum)

LCSp(ref _sum, cand_sum) = o |
ref_sum

In order to define ROUGE-L for whole summaries, we define each sentence in both
candidate and reference summary to be a separate sequence of words. The ROUGE-

L score of a candidate summary C and a reference summary R is defined:

3 cr LCSu(r. C)

ROUGE - L(R, C) = =

where the nominator is divided by number of words in the reference summary in or-

der to measure recall, and LCSy denotes the union-Longest Common Subsequence
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which, more formally, is defined as:
LCSy(r, C) = | Ueec {largest_subsequence(r, ¢)}|

This approach has obvious advantages over ROUGE-N as it 1) allows for measuring
fluency in the candidate summary and 2) matching lexical overlap on a sentence
level basis and not strictly in consecutive word order. However LCS-score does not
change whether or not there are common subsequences of smaller length than LCS
and penalizes simple changes in the order of the words which may not change the

meaning of the text.

e ROUGE-W: generalizes the ROUGE-L metric by assigning different credit to each
LCS depending on how consecutive are its words, this way penalizing LCS with
many non-consecutive words. The Weighted LCS is calculated using a Dynamic
Programming table that stores at each pair of word indices i,j (iterating over reference
and candidate summary respectively) the length of consecutive matches at position
i,j and a Dynamic Programming table that calculates the Weighted LCS up to the
indices i,j awarding bigger scores to indexes pairs that correspond to bigger length

of consecutive matches.

ROUGE-112|L have become the standard methods to evaluate an automatic summariza-
tion system’s performance in informativeness and fluency [86]. However, it is often found
to be very weakly correlated with a human reviewer’s judgement of those aspects [35].
There have been attempts to extend ROUGE metrics beyond simple lexical matching,
which we describe below. However, they are not widely used in the literature, although

they claim higher correlation to human judgements.

¢ ROUGE-WE: [98] extends the original ROUGE metrics beyond exact N-gram match-
ing. It uses soft semantic matching, by calculating the similarity of the Word2Vec
[91] vectors of the reference and candidate N-grams. In order to reduce the number
of OOV N-grams, which would be more for large values of N and on ROUGE-SU",
n-grams Word2Vec representations are composed by the element-wise product of

their word’s Word2Vec vectors.

e ROUGE-2.0: [41] offers improvements over the original ROUGE metrics, adding
synonym matching, stop-words removal, and topic-oriented evaluation based on
POS tagging.

e ROUGE-G: is a graph-based approach that aims to offer joint lexical and semantic
similarity evaluation. The authors utilize WordNet [38] on which a topic-sensitive
version of PageRank is run in order to create representations for every set of word
senses. The vectors semantic similarity is combined with the original ROUGE’s

lexical similarity to calculate the final evaluation score.
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METEOR

METEOR (Metric for Evaluation of Translation with Explicit ORdering) [10] is an auto-
matic machine translation evaluation metric introduced as an improvement of the BLEU
metric, that we described in section , based on lexical alignment. The authors mea-
sure harmonic means, as they deem BLEU'’s brevity penalty insufficient, and pre-align the
uni-grams of the reference and the candidate translation using the Porter Stemmer Algo-
rithm and synonimity. Then, the regular lexical unigram-overlap metrics are calculated,
as in BLEU and ROUGE, however here the harmonic mean (F-score) is used. In addition,
the authors aim to award longer n-gram overlap by penalizing over-fragmented align-
ments: the candidate translation is split into chunks of consecutive uni-grams aligned

with the corresponding consecutive uni-grams in the reference translation.

BERTScore

BertScore [ ] is an automatic evaluation metric used to evaluate performance in text
generation tasks, such as machine translation, summarization and image captioning. The
metric proposes computing the similarity of the contextual embeddings of the reference
and the candidate text. The metric, by not using N-gram matching such as those found
in conventional text generation evaluation metrics, aims to offer a more robust evaluation
system. More formally, letx = (x;,...,Xn), ¥y = (Y1, ..., Yn) be the tokenized reference and
candidate text accordingly. The tokenized text is contextually embedded by a pretrained
BERT model:

X = BERT(x), Y = BERT(y)

where X = (X1,...Xp), Y = (Y1,... Yw) € RV*W with D being equal to the BERT’s model
hidden size and D to the model’s context window. Therefore, soft-matching each one of
the D token’s contextualized embeddings in X with its most similar in Y (and reversely),

using the cosine vector similarity function, grants us the following metrics

1 XiTYj
BERTScoregr(X,Y) = — Z max

x| 24 uey XY

1 X.Ty.
BERTScorep(X,Y) = — Z max ———>

Iyl ooy N Xl Yl

Frequent words might dilute the results as they are rarely indicative of cross-text similar-
ity. Therefore, the authors also normalize by each token’s idf score and apply plus-one
smoothing to get an idf value for OOV words. The authors offer an evaluation framework
that is language-agnostic and doesn’t require much fine-tuning, but comes with serious
computational costs which is severely increased if there is no pretrained BERT model in

the language used.
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4.5.3 Criticism of the Automatic Evaluation Metrics

As we described in the introductory section 4.5.1, automatic evaluation of a summary
may be conducted using various criteria, ranging from informativeness to cohesiveness to
factuality and coherence. This is very difficult to be achieved with metrics, as the lexical-
overlap metrics defined in Section 4.5.2, not designed for this purpose. In the rest of this
section, we shall give a brief overview of the main points of criticism, towards the most

commonly used summarization evaluation metrics, as found in the recent literature.

Weak correlation with human evaluations:

ROUGE metrics were initially evaluated on the DUC dataset by checking their corre-
lation with human judgement. Human judgement is usually calculated, following [42],
as the average human score on coherence, fluency, consistency and relevance. However,
[108] has shown that the DUC dataset contains relatively lower scored human evalua-
tions and that most of the inter-metric disagreement happens on higher human-rated
summaries Fig. 4.7. More recent work [15], on the more widely used CNN/Daily Mail
dataset finds that the inter-metric disagreement can also take place in lower scoring
ranges.

ROUGE ’s correlation with human judgement on the CNN/Daily Mail dataset is in-
vestigated in [70], finding weak correlation for summaries generated by extractive and
abstractive ATS systems. [35], recently made a comprehensive study on 12 common
evaluation metrics for automatic summarization comparing different model architectures
trained on CNN/Daily Mail. Fluency and coherence scores are found to be very weakly
correlated with most metrics. Relevance shows weak or moderate correlation with most

metrics which is expected since most metrics are based on token overlap.
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Figure 4.7. Disagreement of various evaluation metrics in different scoring ranges. Source:
[108]
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Evaluating faithfulness/factuality

The extent to which automatic abstractive summarization systems "hallucinate" facts
is explored in [86]. It is shown that most summaries generated by abstractive summariza-
tion systems contain "hallucinations” (i.e inferences using information mostly extrinsic to
the main input text) and thus are unfaithful. However only a small percent of unfaithful
summaries are factual, and in fact, faithfulness and factuality are weakly correlated with
the ROUGE-N, ROUGE-L, BERTScore metrics, pointing to the metrics being inadequate
to evaluate summaries under those aspects.

[42] investigate the correlation of various automatic evaluation metrics with intrinsic
summary properties such as Consistency and fluency. A moderate negative correlation is
shown between the novel N-gram evaluation metrics and human-evaluated Consistency
and, thus, faithfulness may be at odds with summaries generated by abstractive systems,

which are prone to include more novel N-grams in their summaries.

4.5.4 Human Evaluation Metrics

Automatic metrics can be useful for measuring the informativeness of a summary,
however as we saw in section , they can be mediocre indicators of a summary’s
quality. Therefore, it is not uncommon to have human annotators score the quality of an
automatically generated summary. The human evaluation data can be used to improve
the metrics used to evaluate summarization tasks [35] and provide a more robust frame-
work of evaluating summaries. The human studies are usually conducted via Amazon’s
Mechanical Turk. Generally, recent literature that employs human annotators uses the

following criteria [70]:

e Relevance: The degree to which a summary has captured the important content

from the source.

e Conmsistency: Consistency measures the factual alignment between the summary

and the source text.

e Fluency: The degree to which the summary contains individually fluent/high qual-

ity sentences.

e Coherence: Coherence measures the degree to which the source text’s main ideas

are meaningfully organized into different sentences

Due to the recent research interest in abstract ATS systems, there has been increased
concern on the factuality and faithfulness of the generated summaries [86, 42]. Faithful-
ness is defined as the degree to which a summary contains only information contained in
the main text, which is very similar to the consistency metric. Factuality is defined the
degree to which the statements found in the summary are true; thus a summary may be
factual but not faithful to the main text. Abstractive summaries tend to be unfaithful to
the source text and there is active research interest in quantifying the percentage of valid

summary “hallucinations” [86].
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4.6 Summarizing Legal Texts

4.6.1 Domain Informed Preprocessing

Legal Texts - and in our case; court judgements - can be highly structured texts often
divided in thematic segments. Typically, there exists an introduction and a conclusion
segment which include information about the court’s composition, the date and place the
court’s judgement were made, the names of the defendant/appellant, etc. Furthermore,
there exists a context segment where information specific to the case are displayed as
well the ruling of a lower court if that exists. In many cases this segment is composed
by the arguments of each side. Finally, the court’s judgement is analyzed in a _judgement
section.

Various preprocessing pipelines can be found in the literature. [43] normalize the text
by replacing legal abbreviations with their full form. In [4] information from the header
(introduction) section were removed as its information was considered irrelevant for the

summarization task. Text-specific entities and dates in [ ] are extracted using PoS

tagging.

4.6.2 Further Difficulties

Legal texts exhibit various differences with typical texts used in training and evaluating

ATS systems.

e Legal texts are have bigger length than texts from most common text summarization
datasets, that very often come from the news-articles domain. This can significantly
increase the computational cost of pre-processing the data, as well as training neu-
ral networks. Moreover, increased length may lead to the need of segmenting the
input text creating separate segment-representations which fail to capture inter-

segment relationships .

e The use of legal terminology is very common in legal texts, whereas common text
summarization datasets contain little to no legal terminology. Therefore, pre-trained
models on a non-legal domain may need significant fine-tuning in legal-domain texts

to ensure good model performance.

4.6.3 Related Work
Feature-based methods

The starting point of applying modern NLP/Machine learning methods on summa-
rizing legal texts was based on feature-based approaches’. The LetSum [36] software
application segments the text into thematic segments corresponding to: Introduction,
Context, Juridical Analysis and Conclusion, based on domain-specific linguistic features
and relative position in the text. Afterwards, each sentence is scored according to the the-

matic segment it belongs using relative position information and tf-idf scores. Sentences

7Combining linguistic and frequential features as expanded in Section
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are selected until a category is represented by a pre-specified percentage of extracted

sentences.

In [39] the use of in-text citations in Federal Court of Australia cases is explored for
both citations in the text and citations of the text. Each citation’s importance is calculated

using a centrality algorithm based on textual similarity.

The CaseSummarizer [109] software application uses an average tf-idf word score as
a sentence score where each sentence’s score is adjusted using domain-specific features
such as the number of dates it contains, the number of named entity references it contains

and the position of the sentence.

Graph-based methods

In [62] a sentence-graph is constructed where each directed edge weight corresponds
to content embedding of the first node to the second, and key-sentences in each connected
component are selected by their key-word strength, while complimentary sentences that

explain facts, proofs, or rules following directed links to the key-sentence.

The performance of unsupervised extractive algorithms such as TextRank for plain-
English summarization of contracts is explored in [84], where it is shown that extractive
algorithms do not perform well because of the linguistic differences and abstractiveness

differences between the reference summaries and the input legal text.

Machine Learning methods

Methods mentioned so far require significant amount of expert-level knowledge to
determine the domain-specific features that are used in the algorithms. In [47], House
of the Lord judgements were manually labeled with Rhetorical Structure features® and
Relevance scores for each sentence. Afterwards, a Machine Learning model was trained
on predicting Rhetorical structure features and relevance scores using automatically ex-

tracted lexical features.

Rhetorical Structure tagging is further explored in [123] where the rhetorical structure
labels are predicted using Conditional Random Fields CRF's trained on linguistic and NER
features. Each sentence is ranked according to a K-mixture model using tf, idf scores
and sentences are extracted based on their rhetorical structure label and according to

pre-specified percentages for each label.

In [147] a Naive Bayes Classifier is trained on labeled Canadian court cases data. The
features used include: 1) relative position, 2) HTML emphasis tag features (found in the
original text, 3) legal genre which is identified using lexical features and 4) tf-idf sentence

SCOres.

8Rhetorical Structure theory is a computational theory of in-text discourse. It models the text’s coherence
by assigning tags to each textual segment. Each tag corresponds to the rhetorical role this segment (nucleus)
plays in the text, and is further linked (relation) to other text segments (satellites). More information is
available at https://www.sfu.ca/rst/0lintro/intro.html
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4.6.3 Related Work

Deep Learning methods

Recent approaches to legal text summarization make the case of using deep neural net-
works, as they can generate rich representations of the data and, thus, capture semantic,
syntactic textual information with greater precision than other methods.

[150] train a CNN classifier to predict the outcome of an appeal to the US Board of
Veterans. Sentences that were found to be highly predictive of the case outcome were
selected as candidate sentences. The sentences were further classified into a thematic
segment, and one sentence from each segment was selected to be in the summary. They
find that the predictive quality of a sentence concerning the case’s output is not neces-
sarily correlated with its informativeness in a summary.

In [4], an extractive summarization labeled dataset is created by labeling sentences in
the text as sentences as extractable, if they are similar to the case’s abstractive reference
summary. Afterwards a CNN and an LSTM model are trained to classify the sentences.

The summarization problem in | ] is posed as a Legal Arguments Text-mining prob-
lem, where using a manually labeled dataset, a neural network is tasked with classifying
each sentence to either: 1) Legal Issue, 2) Conclusion, 3) Reason, 4) Non-IRC - which is re-
served for sentences that do not belong to either of the three aforementioned categories. In
follow-up work | ], the same authors attempt to label the whole dataset using sentence
representation similarity between sentences in the main the text and labeled sentences
in the reference summary.

The deep learning methods mentioned so far correspond to extractive ATS models.
In [37] apart from extractive neural models, the performance of deep neural networks
in abstractive summarization of legal court cases is explored. They find the abstractive
summaries generated by attentive LSTMs and Seq2Seq Transformer networks are similar
in fluency with human-generated summaries. However in some cases,they may be com-
pletely irrelevant to the input text and mention nonfactual information. Similar results

are reported in [S81].
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Proposed Methods

In this chapter, we firstly describe the data collection protocol we followed for con-
structing our dataset. Then, we compare our dataset with other text summarization
datasets on token-level statistics and evaluate the suitability of extractive summariza-
tion methods using Extractive Fragment analysis [46]. Finally, we propose several ATS
methods for summarizing the court decisions in our dataset and define the corresponding

pre/post processing pipelines.

5.1 Constructing a Dataset for Greek court decision summa-

rization

5.1.1 Motivation

The digitization of rulings made by Greek courts is still in its growing stage, since
there are no available APIs to serve the needs of law practitioners and scholars. Most
Greek courts, in fact, do not offer any digital copy of their rulings, and those that do -
doing so in the form of HTML pages, making querying and searching more difficult while

also requiring significant text pre-processing.

However, law practitioners in Greece have to spend many hours every week to browse
through many past court judgements, selecting those that are relevant to their case and
reading them through. A dataset that can be made available through a REST API can
reduce the time spent on searching for relevant judgements, and also be used to train ATS
models that can generate summaries for judgements that do not come with one, which
can also assist law practitioners in gaining in-depth understanding of a court-judgement

faster.

We make the dataset collected for the purposes of our thesis available open-source",
with the hope it encourages further research into the area of Legal Text Summarization

for low-resource languages such as Greek.



https://github.com/DominusTea/LegalSum-Dataset/releases/tag/v1.0.0
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5.1.2 Data Crawler

For the aforementioned reasons, a web crawling script was developed using Python’s
sCRAPY” framework. Upon surveying the Greek courts’ websites, two courts were found
to have digitized part of their rulings making them applicable for our dataset; the Greek
Court of Cassation” (Apeiog [Tayog), and the Greek Council of State™ (ZupBouAio ng Ert-
rpateiag). Two separate crawlers were developed, one for each separate court that offered
some of its rulings in digital format. The data-crawlers collected the court’s decision main
text in both cases and the decision summaries for the AreiosPagos rulings, since the
summaries where not available for the rulings of the Greek Council of State. Further-
more, court decision metadata; such as date, type of court, category tags, were collected
or inferred when possible.

For the rest of our work, we used only the AreiosPagos dataset, since having reference
summaries was crucial for evaluating our methods and training the methods that use
Neural Networks. Furthermore, a large number of the older Council of States judgements
contained transcription errors such as: missing words, missing sentences, randomly
interjected escape characters. Fixing those errors when possible or automatically identi-
fying and excluding erroneous documents was not feasible as about half or the documents
would have to be omitted and significant amount of time would have to be spent into fixing

the rest, therefore we leave it as future work.

5.1.3 Data Analysis

In this section we expand on the data exclusion protocol we followed for the dataset
creation and discuss the results of the data analysis we conducted on the resulting dataset
by comparing its token-level length statistics and extractive fragment coverage and density

with other text summarization datasets.

Data Collection Protocol

The data crawler successfully scraped 7,607 samples of judicial decision & summary
pairs, issued by the Areios Pagos court from 1990 to 2018. Along with the main text and
summary, for each decision we collect additional metadata that correspond to the order
number and type of court case, the year the decision was issued, the division of the court
that issued it. The metadata are presented in Table

We check for duplicate entries, which could be a result of either a bug in our scrapping
software or the Areios Pagos’ website, by ensuring that each dataset entry corresponds to
a unique url. No duplicates were found fitting the previous criteria.

We conduct further duplicate-entries checks by implementing a string-matching dedu-
plication process on each pair of decisions texts. In order to avoid checking lexical
similarity between each pair of texts which would have computational complexity of

O(n = (n— 1))/2, we check only pairs of decision that belong to the same case category.

2
3
4
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5.1.3 Data Analysis

AreiosPagos Court Judgements captured Metadata

Metadata Data type Inferred Description

Case category String The general category that each court case is clas-
sified to by the Areios Pagos court’s legal editors.
Each case belongs to one category.

Case tags String The category tags that correspond to each court
case, as classified to by the Areios Pagos court’s
legal editors. Each case may have multiple tags.

Court division String v The specific court division and its type (e.g Penal,
Civil, etc.) of the Areios Pagos court that issued the
court decision.

Issue Year Integer v The year that the court issued its decision.
Court’s case String v The identifier given by the court for the particular
identifier case. It is unique among cases judged by the same

court division, but not across them.

Source URL String v The URL to the original Areios Pagos HTML web-
page from which the text, summary and metadata
were sourced.

Table 5.1. The metadata collected for our AreiosPagos court judgements dataset. The
metadata that were automatically inferred by us using the judgements main text are labeled
with a v'in the Inferred column.

In order to further reduce the computational cost, for each decision we check only the 20
closest to it chronologically. The document similarity is calculated via the fuzzywuzzy

fuzzy string matching python library.

The result of this analysis, points to many categories having some documents with
duplicate texts. We manually investigate each category and remove the duplicate entries

complying to the following deletion criteria:

e Both text and summary are duplicates. Differences in dates, names of the judges,

lawyers and appellants are ignored.

e Almost duplicate texts with very different summaries are not deleted. Upon manual
inspection, those texts had several sentences that led to the case summary being
very different. Therefore, we consider them “hard cases” and keep them in the

dataset.

This process removed 1,208 samples from our dataset. We further remove samples that
have null summary (-29 samples). The final dataset contains 6,370 samples. A general

schema of the dataset creation protocol we followed can be seen in Figure

Diploma Thesis 119


https://github.com/seatgeek/fuzzywuzzy

Chapter 5. Proposed Methods

Web crawler samples
(n=7607)

Excluded for having duplicate url or lexical similarities
in main text and summary.
(n=1208)

h

h 4

Deduplicated

samples

(n=6399)
N Excluded for having null summaries
7 (n=29)

v
Appropriate
deduplicated samples
(n=6370)

Figure 5.1. A schema of the dataset creation protocol we followed. n refers to the number
of samples that remain/are excluded at each step.

Data Exploration

In this section we provide information about basic token-level statistics of our dataset
and compare it will other text summarization datasets.

Our data is organized into 504 unique categories. The data are over-dispersed over
the categories labels as the average category frequency is 0.198% with standard deviation
equal to 0.5549. Furthermore, the category labels correspond to quite different with each
other court cases, indicating high diversity in our dataset. The 10 most frequent case

category labels are highlighted in Figure 5.2.

Class category frequency of the 10 most frequent classes
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Figure 5.2. The 10 most frequent categories in our AreiosPagos dataset. The x-axis
corresponds to the category labels. The y-axis corresponds to the absolute frequency of
each category.

We further explore lexical properties of our dataset by calculating statistics concern-
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5.1.3 Data Analysis

Dataset Comparison on token-level length statistics

Statistical Property AreiosPagos Rechtspraak Newsroom CNN-DailyMail

#Documents 6,399 403,585 1,321,995 311,672
Avg.tokens/doc 2,398.6 2,341.5 658.6 766.0
Avg.sent/doc 51.49 140.6 - 29.74
Avg.tokens/sent 46.5 16.6 - 25.75
#Summaries 6,370 403,585 1,321,995 311,672
Avg.tokens/sum 88.1 62.1 26.7 25.75
Avg.sent/sum 5.36 3.41 - 3.72
Avg.tokens/sent 17.8 - - -

Table 5.2. Statistical properties of text summarization dataset using average ratios of
token-level lengths for document and summaries and their sentences. AreiosPagos and
Rechtspraalk are legal court-cases text datasets, while Newsroom and CNN-DailyMail are
news-domain summarization datasets. Results on the Newsroom dataset are reported from
[46]. Results on the CNN-DailyMail, Rechtspraak datasets are reported from [S1]. The upper
part of the table, presents statistics on the judgements’ main texts , while the lower part
presents the statistics on the judgement summaries.

ing the average length in tokens, the average number of sentences and the average token
in every sentence. A comparison of our dataset with other text summarization datasets
is shown in Table . Our court-decisions dataset contains longer document and sum-
maries, both in terms of tokens and in terms of sentences. Furthermore, sentences in the
main texts are also significantly longer than sentences in news-domain datasets.

In order to analyze the similarities between each court-decision text and its corre-
sponding summary, we replicate the Extractive Fragment analysis found in [46] and
compare our dataset with news-domain datasets. Each reference summary is divided
into segments such that each segment corresponds to the longest possible segment of
consecutive words found both in the reference summary and the main text.

Let T, S be a text, summary pair and ¥ (A, ) be the set of the corresponding extractive
fragments. The Extractive Fragment Coverage measures the percentage of words in the
summary that are also extractive fragments; that is they can also be found in the main
text.

c== 3 5.1)

S| feF(AS)
In order to measure how extractible is a summary from a text, the Extractive Fragment
Density metric is defined which attributes higher density scores to texts that have longer

extractive fragments:

1
D=— FP? (5.2)
1S S G?Z(z;\ S)
Our dataset’s results compared to other datasets are illustrated in Figure . Our dataset

is rather homogeneous in terms of coverage, as over 80% of the words in the reference
summary can be found in the text. In terms of density, our dataset is most similar to
the CNN/Daily Mail dataset, having high density score which means that the reference

summaries can be modeled by a fewer amounts of extractions than the extractions needed
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for other datasets. We also find considerable variance in the density axis, indicating that
some judgements may be summarized by less sentence extractions than others. Overall,
the aforementioned remarks imply that extractive summarization methods may generate
useful summaries, provided lexical overlap is a good indicator of a candidate summary’s

quality.

However, our dataset exhibits high compression scores, as the average length ratio of
text to summary is 44; which is 3-4 times bigger than the compression score of news-
domain datasets. This indicates that summarizing court judgement texts can be more
computationally expensive compared to news-domain datasets, if the whole text is used
as input. Furthermore, pre-trained neural-network methods that have a fixed input size
constraint, may need to be retrained with a bigger input size cap, or used as they are but

with their inputs truncated or condensed.

Areios Pagos
n=6370

3 =44l

DUC 2003-2004
n=4214
c=47:1

CNN / Daily Mail
n=287,227
c=14:1

New York Times
n = 457,006
c=12:1

Newsroom
n= 995,041
c=17:1

-

K

02 04 06 08 02 04 06 08 02 04 06 08 02 04 06 08 02 04 06 08

Extractive Fragment Coverage

(a) A comparison of the Extractive Fragment Coverage-Extractive Fragment Density relationship for
the AreiosPagos dataset compared to other text summarization datasets. Leftmost: the AreiosPagos
dataset (ours). Right: News-domain datasets as reported in [46]. The AreiosPagos dataset is homo-
geneous Coverage as most words in the summary appear in the main text. In terms of Extractive
Fragment Density, the AreiosPagos dataset shows more variance than the other datasets, while
having generally high scores.

10

AreiosPagos

n=6.370

c=44:1

Extractive Fragment Density

0.0 0.2 0.4 0.6 08 10
Extractive Fragment Coverage

(b) The full range of the kernel density estimate
plot of the AreiosPagos dataset

Figure 5.3. Plots of the Extractive Fragment Density/Coverage for various summarization
datasets. Data observations are plotted using a kernel density estimate method. n denotes
the number of documents in the dataset, and c refers to the compression ratio of the main
text’s length over the summary’s length.
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5.2 Proposed Automatic Summarization Methods

In this section we describe the models we propose for tackling the problem of summa-

rizing Greek judicial decisions.
5.2.1 Extractive Summarization Models

LexRank

We propose and evaluate several versions of the LexRank [34] extractive summariza-
tion algorithm. More specifically, we evaluate different similarity functions used to mea-
sure cross-sentence similarity.” Let s;, so be two sentences. We evaluate the following

LexRank similarity function & sentence representation combinations:

e BoW with Common Words sentence similarity: Cross-sentence similarity is defined

as the number of words found in both sentences normalized by the sum of both

sentences’ lengths. Formally:

|s1 N sy
log(|s1]) + log(|sal)

Simey(sy, S2) =

This essentially implements the similarity function used in the TextRank algorithm
[89], aside from some minor changes in the parameterization of the power method

used to converge to the LexRank sentence scores.

e Tf-idf BoW with cosine sentence similarity: This is the cross-sentence similarity met-

ric used in the LexRank [34] paper, in which, the cross-sentence similarity is given

by the cosine distance of the tf-idf BoW sentence vectors. Formally,

TE-1df(s;) - Tf-Idf(s,)
ITE-1df(s))| x [ITE-Idf(sy)l|

Sirncos_tﬁdf<sl, S2)=1-

where the Tf-Idf vectors are calculated in a BoW fashion, by the sum of the one-hot

vectors of each word in the sentence weighted by the word’s idf score:

TF1Af(S) = > Tindex(uy1df (1)

wes

where index(x) € [1, Nyocas] and 1; € [0, 1]Neeca> denotes the indicator function and is

non zero only at the position of the index i.

e Idf modified BoW Word2Vec with cosine sentence similarity : We construct the sen-

tence vector by averaging its words unigram Word2Vec vectors (which are pre-
calculated using the Gensim | ] library). The cross sentence similarity is calculate

using the cosine distance vector metric. Formally:

_ W2V(s)1) - W2V(sp)
IW2V(s1) | X [[W2V(s2)ll

Simyo,(S1, S2) = 1

5We modify and extend the LexRank implementation [82] found on Github, by adding more sentence
similarity metrics and domain-specific preprocessing steps that we will elaborate on in section 5.3.
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where W2V(s) = ) s Word2vec(w)/|s| and each w2v word vector is scaled by the
word’s idf value. We use the train+validation subsets of the AreiosPagos dataset

and the full Council of State dataset for training the Word2Vec representations’.

Biased LexRank

We implement the biased LexRank algorithm [101] by extending our default LexRank
implementation (based on [82]). As mentioned in section , the biased version of
the algorithm changes the way the damping factor is distributed to each sentence, from
attributing it uniformly to biasing it according to a prior belief on the importance of each
sentence. Here, this is achieved by utilizing the semantic similarity of each sentence with
the judgement’s tags, as described in . The semantic similarity of each sentence with

the judgement tags is calculated using the common words sentence similarity function.

5.2.2 Abstractive Summarization Models

We implement a standard Encoder-Decoder framework for abstractive summarization
based on the model proposed in [77]. Both the Encoder and the Decoder are multi-layer
bidirectional Transformer models. The Encoder is initialized using the Greek BERT’s [69]
weights. Part of the Greek BERT’s training data was the Greek part of the European
Parliament Proceedings Parallel Corpus, a domain which can be similar with our legal
judgements domain. The model was implemented using Huggingface’s transformer library

[143].

5.3 Proposed Preprocessing & Post-processing Pipelines

5.3.1 The Preprocessing pipeline
Extractive Summarization Preprocessing

The extractive summarization models we have described in section , require each
input text to be segmented to its sentences and each sentence to be tokenized into sep-
arate words. Additionally, due to the Greek language’s additional complexity (e.g word
declension) further pre-processing steps, such as stop-word removal and word lemmatiza-
tion, must be made in order to avoid a rapid increase of the vocabulary size. Specifically,

we utilize the spacy library [53, 28] to implement the following preprocessing pipeline:

e The sentences are separated from each other, paying special attention to domain-
specific acronyms that could potentially lead a punctuation sentence segmentor to

end a sentence prematurely.
e Each sentence is tokenized into separate words using spacy’s dependency parser.

e Stop-words are removed and tokens are lemmatized.

“Including the Greek Council of State may have been a poor choice, as upon later inspection it became
evident that a large part of its document contained text of poor quality. For more information see Section
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e If token vectors are required by the algorithm, the pipeline returns the vectors found

in the spacy language module used.

Abstractive Summarization Preprocessing

The abstractive summarization model is not compatible with the pipeline we described

above. This is due to several reasons:

e Since the pretrained greek-BERT representations are utilized, we are not able to
use our pipeline’s tokenizer since we would have to ensure an exact match between
the tokens the model was trained with and the models produced by our pipeline’s
tokenizer. In addition, the tokens greek-BERT was trained on are produced by a
subword tokenizer, which splits words not found in its vocabulary to known word

parts found in the vocabulary (such as prefixes and suffixes).

e The model has a practically fixed vocabulary size, since increasing it would re-
sult into a large increase in computational complexity during training & inference.

Therefore, learning BERT representations for new tokens would not be cost-efficient.

Consequently, we utilize greek-BERT’s default subword tokenizer which:

e Splits the input, both judgement & judgement summary, into tokens. When a word

is not found in the tokenizer’s vocabulary, then it is split into known subwords.

e Input is truncated and/or padded to accommodate the model’s hidden size con-
straint of 512 tokens.

e Each token is encoded into the corresponding token id, an integer ranging from 1

to Nyocab-
e The input is moved to the GPU (if it is available) using PyTorch’s | ] CUDA API.

e We experiment with text reordering; moving the last part of the text which contains
the court’s decision, to the start of each input string. This way the court’s decision

will never be truncated due to the model’s 512 maximum input size.

e We further experiment with removing duplicate whitespace tokens, as well as the
beginning and the ending of each text which correspond to general information
about the date of the trial, the location it took place, the names of the judges, the
appellants and the lawyers. The aim is to fit much important data as possible to
the 512-tokens input.

e We experiment with including the category tags, that correspond with each court
case, at the start of every input. The main text is separated by the tags using a

special separator token “[SEP]”.
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5.3.2 The Post-processing pipeline

In the case of extractive summarization, the sentences extracted from the text are con-
catenated, in the order they appear in the input text, to form the generated summary. An
exact match between our generated extractive summaries and the reference summaries
is not possible, since the latter are abstractive in nature. To ensure a fair comparison
we constrain our generated extractive summaries to be at three times the length of our
reference summaries.

In the case of abstractive summarization, the model output token ids that are decoded
into words using the model’s tokenizer. Furthermore, special tokens which the tokenizer

adds by default are omitted from the final summary.
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Experimental Results

In this chapter, we analyze the results of the automatic evaluation of our methods
using the ROUGE metrics. In addition to automatic evaluation, we also provide the results
of human evaluation of the generated summaries by legal-experts, measure the correlation
of the human evaluation scores with the automatic ROUGE metrics and evaluate the
inter-evaluator agreement both on their evaluation scores and their human-generated

sumimaries.

6.1 Automated Evaluation

6.1.1 Motivation

Manual evaluation of court judgement summaries is a time-consuming process that
requires from the evaluators to be legal-experts and be focused enough to apply their
specialized knowledge in reading and understanding the court judgement’s main text
and, afterwards, evaluating summaries based on the text they read. Therefore, in order
to evaluate the whole test subset of our dataset, we resort to automatic evaluation. We
choose to use the ROUGE lexical-overlap metrics, as is the norm in most ATS research

literature.

6.1.2 Automated Evaluation Pipeline

The evaluation of the generated summaries is conducted using the ROUGE [73] auto-
matic metric. We modify a python re-implementation’ of the original Perl ROUGE script,
by adding options for stemming greek words, and improving the tokenization and sen-
tence segmentation on our dataset. We insert options of removing greek stopwords and/or

stemming every word. Figure presents a schema of the automatic evaluation pipeline.
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Reference & Generated

Generated Summary ——» summaries preprocessed
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preprocess p'FJe“ne summaries preprocessed Generated vs Reference

ROUGE Score
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Summary

Figure 6.1. A schema of the automatic evaluation pipeline. Both reference, evaluator
highlight-summaries and generated summaries are preprocessed. The ROUGE metrics
are used to compare generated and evaluator-highlight summaries versus the reference
summaries.

6.1.3 Automated Evaluation Results

The results of our methods using the ROUGE automatic evaluation metric, after stem-
ming and stopword removal, are shown in Table 6.1. The extractive summarization meth-
ods extracted the most important sentences until three times the length of the reference
summary was reached. The abstractive summarization methods generated summaries of

arbitrary length, as they have learned when to end a summary during the training phase.

In the extractive LexRank methods, we tested different cross-sentence similarity met-
rics finding the tf-idf score to be best. We attribute the Word2Vec sentence representations
poor results, to the bad quality of the Council of State dataset texts used for training the

Word2Vec representations (see Section 5.1.2 for more information).

The biased LexRank method, was found to be worse than regular LexRank pointing to
the category tags being less relevant for sentence extraction. However, biased LexRank

outperformed the random sentences baseline.

For abstractive methods, we tested different prompt engineering methods, with the
aim of including as much relevant information to the 512 tokens of the input. We check
the following methods which were described in Section 5.3.1: 1) Rearranging the input
text so that the court case’s result is always included in the start of the text and is never
truncated due to the maximum input size limitation, 2) Removing general text that is
irrelevant to the case, such as date, name of appellants and judges, etc., 3) Including
the case’s category tags in the input, 4) Halving the input document using our LexRank

algorithm.

We find that text reordering and removal offer slight increase in performance. Includ-
ing the category tags resulted in greatly increased performance, which can be attributed
to the tags offering contextual information for the rest of the input text. Furthermore,
halving the input text using LexRank decreases the model’s performance. This may be
explained by the halved text becoming very different from the texts that were used to
pre-train the BERT model, as removing half of the document can significantly alter its

coherence and also remove important information.
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Method ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L ROUGE-W
LexRanKs jaf 71.46 42.90 23.78 17.29 8.35
LexRankcom 71.51 42.10 22.02 15.09 7.09
LexRankyoy 69.63 39.63 19.69 12.93 6.05
Biased Lexrank 67.73 41.05 22.06 15.50 7.33
Random Sentence 70.64 40.26 19.77 13.41 6.28
BERT 62.90 38.52 20.64 14.37 5.28
BERT(RE) 62.80 38.51 20.39 14.19 5.21
BERT(RE+RM) 62.08 38.83 21.26 14.42 5.28
BERT(RE+RM+C) 64.24 40.40 22.27 15.34 5.64
BERT(RE+RM+LR) 62.01 37.89 20.32 13.71 4.99
BERT(RE+RM+LR+C) 63.98 39.85 21.90 15.33 5.64

Table 6.1. Automatic evaluation results presented in two segments of the table corre-
sponding to a) Automatic extractive summarizers, b) automatic abstractive summarizers.
The extractive methods extract sentences until they reach three times the length of ref-
erence summary. In the abstractive models we modify the inputs and label the models
accordingly; RE:the text is rearranged so the case result is always included and at the start
of input, RM: unnecessary parts of the text are removed, C: the case’s category tags are
included at the start of the input, LR: the input document if halved using LexRanksqr. The
ROUGE scores are F1 scores given in percentages (%) form. The ROUGE-L/W scores are
reported without stopword removal for the BERT methods. The best performing automatic
method in each category is in bold.

6.2 Human Evaluation

6.2.1 Motivation

The Automatic Evaluation metrics we used in Section allow for fast evaluation of
large number of summaries, without any human supervision. However, as those metrics
factor in only lexical overlaps, their scores may not necessarily be indicative of a sum-
mary’s quality, as we have seen in Section . In order to get a more precise evaluation
of our methods’ performance, as well as study the correlation between the automatic
metrics and human judgement, we need to carry out a human evaluation study. The
human evaluation study was conducted through our web application interface which will

be further explained in Section

6.2.2 Human Evaluation Pipeline

Human evaluation of court judgement summaries in our dataset is a challenging task,
as in order to ensure high quality standards in evaluation, we have to limit our human
evaluator pool exclusively to people with at least undergraduate level experience in the
legal domain. Furthermore, our human evaluators have to devote significant amount of
time in reading the court judgement texts and evaluating their summaries, actively using
their legal domain knowledge and abilities. Therefore, only six (6) human evaluators

actually responded to our study’s call for participants. Details about our respondents’
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age and legal domain knowledge can be found in Section . We leave as feature work
the replication of our study’s results using a bigger sample of legal experts.

In order to ensure the survey’s estimated completion time was reasonable, we selected
court judgements that had length less than the average judgement length in the test

dataset. The resulting average completion time was 42.5 minutes (std: 3.30).

Specifically, the evaluators were instructed to:

1. Read the court’s judgement text and highlight the sentences they believe are impor-

tant in creating a summary.

2. Evaluate abstractive summaries of the judgement.

3. Evaluate extractive summaries of the judgement.

For the evaluation metrics, we modify the metrics introduced in [70] to our court

decisions domain:

e Relevance: The degree to which a summary has captured the important content

from the judicial decision.

e Consistency: The factual alignment between the summary and the judicial deci-

sion’s main text.

o Fluency: The degree to which the summary contains individually fluent/high qual-

ity sentences.

e Coherence: Coherence measures the degree to which the main ideas of the judicial

decision summary are meaningfully organized into different sentences

In the case of extractive summaries, the evaluators are asked to evaluate the sum-
maries only on the Relevance metric, since the others are not applicable to extractive
summaries. The abstractive summaries generated by the BERT model are in lower case
form and contain no diacritics. Therefore, in order to avoid biasing the human evaluators,
we lowercase and remove the diacritics from the reference summaries as-well.

We construct extractive summaries using the human evaluators’ highlights from each
text. The human evaluators’ highlights are used to extract from each text the correspond-
ing segments and construct extractive summaries, which after truncated to match the
length of the extractive summaries generated by our Extractive Summarization methods,

can be directly compared them.

All evaluators are assigned the same five (5) court judgements and their human evalu-
ation scores are analyzed for inter-evaluator agreement and their correlation with ROUGE

metrics is measured. Figure provides an outline of the human evaluation pipeline.

130 Diploma Thesis



6.2.3 Study participant information

Automatic
Evaluaton| [ —*

ROUGE scores

Generated Summary
Preprocessed ROUGE.’Hum_an
Human Evaluation generated summary | ) SCOTe correlation

preprocess Human E\{aluauon —» Human Evaluation Scores
Metrics

Pipeline Preprocessed » —»Inter-evaluator agreement

reference summary

Reference Summary

Human Evaluators

Figure 6.2. A schema of the human evaluation pipeline. Reference summaries are pre-
processed to match the BERT generated summaries. The human evaluation metrics are
used to measure inter

6.2.3 Study participant information

We first present our study’s participants information about their legal-domain educa-
tion knowledge, familiarity with practising law and reading court judgements as well as

their usefulness estimation for a Court Judgements ATS system.

Our evaluator sample appears to have very good knowledge of the legal-domain, as
most of them are currently enrolled or have obtained a Master’s degree in a law-related
domain (Figure 6.3a). Furthermore, our study participants have good familiarity with the
law-domain as 4/6 have practised law with 2/6 practising law for over 4 years (Table
6.3b).

Reading court judgements is a familiar task for most of our study’s participants,
as shown in Figure 6.4a. All, except one of the participants spend over 2 hours weekly
reading court judgements. One participant even spends 8-16 hours weekly. This supports
our opinion that a good performing ATS system for court judgements would be beneficial
for law practitioners. This position is further supported by our study participants’ own
usefulness estimation of such app if it was to be created (Figure 6.4b). All but one of the
legal-experts that participated in our study rate the usefulness of such an application as
“8-10” in the Likert scale [72].
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Figure 6.3. Our study participants’ familiarity with the law-domain by: (a) their law-
domain educational level, (b) years of practising law.
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Judgements by our study’s participants. Y-axis ticipants, of an ATS application for court judge-
corresponds to number of participants. ments.

Figure 6.4. Answers by our study’s participants corresponding to (a) average weekly hours
spent on reading court judgements, (b) estimated usefulness of an court judgements ATS
application.

6.2.4 Human evaluation metric results

In order to evaluate our methods’ performance, we ask the human evaluators to eval-
uate our abstractive summaries, and the reference summaries in terms of Relevance,
Consistency, Coherence and Fluency. The evaluators also evaluate our LexRank and Bi-
ased LexRank extractive summaries in terms of Relevance. The aggregate results are

presented in Table 6.2

132 Diploma Thesis



6.2.5 Correlation of human evaluation & automatic metrics

Summary Relevance Fluency Coherence Consistency
Reference 3.9 3.7 3.7 3.7
BERT(generated) 1.9 3.1 3.3 1.8
LexranKis jqf 2.9 - - _
Biased LexRank 3.0 - - -

Table 6.2. Human evaluation results, on the modified human evaluation metrics using a
1-5 Likert scale. The first section of the table compares our BERT abstractive summariza-
tion method with reference summaries. The second section of the table compares human
evaluated Relevance score of the summaries generated by the vanilla LexRank and the
Biased LexRank algorithms.

We note that in terms of fluency and coherence, our abstractive model has similar but
lower performance to the reference summaries. That indicates that the generated text can
be read easily and is internally coherent and similar, in those regards, to the reference
summaries. However, our model under-performs compared to the reference summaries,
in terms of relevance and consistency. This means that compared to a reference summary,
it fails to capture the relevant information from the judicial judgement and also may be
factual inconsistent with it by referencing information not found in the original text.
Reference summaries appear to be much better at capturing the relevant context of the

court decision and are more factually consistent with it.

It is important to note that the reference summaries have surprisingly mediocre scores
in the fluency and coherence metrics, and what probably enabled the model to have com-
parable scores in those metrics is the pre-training phase. Furthermore, the relevance and
consistency scores of reference summaries are above average but not perfect, indicating
the need for better curated datasets and standardized practises in manual summary
writing in the Greek court judgements domain.

The extractive summaries performed relatively well, as the relevance score is close to
average and to the abstractive reference summary’s relevance score. However, a straight-
forward comparison between those methods is not sensible as extractive summaries are
very different from abstractive summaries. The vanilla LexRank with tf-idf similarity func-
tion and the biased LexRank had no statistical important difference in terms of Relevance

Score.

6.2.5 Correlation of human evaluation & automatic metrics

In order to asses the performance of the ROUGE automatic metrics in evaluating
summaries, we measure the Pearson correlation of each ROUGE metric score with each
human evaluation metric score (Table ). This analysis can serve as a way of finding
which ROUGE metrics can substitute which human evaluation metrics when the latter
are not easily available. We average the fluency and coherence metrics creating a metric
for internal readability. Similarly, we average the relevance and the consistency metrics

creating a metric for external summary factuality and relevance.
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Metrics Relevance Fluency Coherence Consistency Internal External Average
ROUGE-1 0.0390 0.2869 0.3050 0.1560 0.3167  0.0906 0.2037
ROUGE-2 0.2786 0.7645 0.2653 0.3133 0.4264 0.2953 0.3609
ROUGE-3 0.0622 0.6393 -0.0300 -0.0280 0.1686  0.0475 0.1080
ROUGE-L 0.0159 0.6644 0.2569 -0.0880 0.3933 0.0476 0.2204
ROUGE-W  -0.2172 0.6508 0.1037 -0.1782 0.2733 -0.2012 0.03605

Table 6.3. Pearson’s correlation of human evaluation scores and ROUGE metrics F1-scores.
For each human evaluation metric, the most correlated automatic metric is highlighted in
bold while the less correlated is underlined.

We find that the internal readability metrics; Fluency and Coherence are moderately
correlated with ROUGE metrics. Specifically, Fluency is positively correlated highly with
all ROUGE metrics, with the highest correlation being with the ROUGE-2 metric and the
ROUGE-L metric. Coherence has moderate positive correlation with ROUGE-2. This is
expected, as those metrics measure large lexical overlap with large (common) sequences
of words, and thus a summary that scores high on those metrics is expected to have
fluent and coherent sentences.

The external metrics show less correlation with the ROUGE-metrics, which is expected
as Relevance and Consistency are not properties of a summary that can be sufficiently
measured by lexical overlaps. In both cases, the ROUGE-2 metric seems to correlate
higher. However, we note the need of developing new metrics for court judgement text
summarization that correlate better with human judgement in terms of the text’s relevance
and consistency.

We note the existence of metrics, such as ROUGE-3 and ROUGE-W seem to offer little
in terms of human evaluation prediction capacity as they show very small positive or even

negative correlation with human evaluation.

6.2.6 Human Evaluators Highlights Analysis

In order to further assess our extractive methods, we analyze the highlights the human
evaluators extracted from each text. In table we present the automatic evaluation
scores of both the original highlight summaries and the highlight summaries truncated
to three times the length of the reference summary, similarly to the extractive summaries
that were generated by our methods for the automatic evaluation in Section

We note that the evaluators summaries are, in average, 6.4 times the size of the
reference summary which is significantly larger than the size constraint of 3.0 times
the reference summary we set for our extractive summarizers. This indicates that legal
experts prefer longer extractive summaries.

In terms of ROUGE score, the evaluators’ highlights summaries score higher than
our extractive summarization methods. Considering the mediocre human metric scores
of our extractive methods, the ROUGE scores seem able to capture the quality of an
extractive summary as they assign the higher score to a legal-expert summary and to a
automatically generated extractive summary that legal experts rate as mediocre.

Considering the mediocre human metric scores of our extractive methods, and the
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fact that the legal-expert generated extractive summaries score higher in terms of ROUGE
metrics, than automatically generated extractive summaries, we can conclude that the
ROUGE metric can be useful in assessing an extractive summary’s quality. However, we
note that when ROUGE metric scores are close, as is the case for LexRank and Biased
LexRank, the ROUGE metrics may not align with human judgement. In our human
evaluation survey, the extractive methods have similar Relevance scores (Table ), while
having small but noticeable differences in terms of ROUGE score.

We also compare, using the ROUGE metrics, the human-generated highlight sum-
maries with the automatically extracted summaries, considering the first to be reference
extractive summaries (Table ). We find that the vanilla LexRank method clearly out-
performs the Biased LexRank method. However, taking into consideration that the legal
experts assign similar relevance score to those methods (Table ), we note that small or
even moderate differences in terms of ROUGE score do not necessarily translate to differ-
ences in terms of human judgement. This may be explained by the fact that extractive
summarization is an under-constrained task and extractive summaries which show great
lexical overlap with a reference summary, thus having high ROUGE scores, may not be

the only type of summaries that perform well in terms of human judgement.
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Human/Auto Summaries ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L ROUGE-W sum/doc sum/ref

Eval.Highlights 64.56 40.72 23.21 13.93 6.56 0.170 6.43
Eval.Highlights(capped) 69.44 42.17 24.09 14.93 7.14 0.088 2.54
LexranKqs iaf 61.45 36.90 19.52 12.15 6.41 0.079 3.00
Biased LexRank 55.57 35.41 18.68 14.58 7.63 0.079 3.00

Table 6.4. Average length statistics and ROUGE F1-scores of the extractive summaries generated using the human evaluators’ highlights and the
automatically generated extractive summaries versus the reference abstractive summaries. The second row represents the evaluators’ highlights
summaries truncated to three times the length of the reference summary, matching the extractive summaries in Table . The last two columns
present the token-level length statistics of the summaries compared to the court’s judgement main text and reference summary respectively.

Auto Summaries (vs Evaluator highlights) ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L ROUGE-W

LexranKi jqf 80.24 46.66 24.86 16.14 7.26
Biased LexRank 74.23 42.49 21.81 16.84 8.00

Table 6.5. ROUGE metric comparison of automatic extractive summarization methods using the human evalutors’ highlights summaries as reference.
We report the average ROUGE-F1 score, over all evaluators and all court judgement summaries in our human evaluation study.

Summary Type Relevance Fluency Coherence Consistency Internal External Average
Abstractive 0.6405 -0.0215 0.0709 0.6400 0.0260 0.6754  0.4332
Extractive 0.4250 - - - - - -

Table 6.6. Krippendorf{f’s alpha agreement metric on each human evaluation metric for each summary type. The Internal metric is the average of
Fluency and Coherence metrics. The External metric is the average of Relevance and Consistency metrics. In the abstractive summaries category,
we include both reference and generated abstractive summaries as human evaluators were evaluated both in the same way and in a randomized
order without knowing if any of the summaries was written by legal experts.
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6.2.7 Human Evaluators Agreement

6.2.7 Human Evaluators Agreement

In Table , we measure the inter-evaluator(/annotator) agreement of human metrics
using the Krippendorff’s alpha metric for interval variables. Measuring the agreement
can be helpful as a way of quantifying which human metrics are well-defined and, thus,
human evaluators give similar scores. It can also be used to find human metrics which
are ambiguously defined or naturally more subjective, and thus inter-evaluator agreement
is low. Those results may be used to inform our interpretation of human evaluator metric
results downstream. Furthermore, low inter-evaluator agreement results can lead to more
thorough metric definitions for the low-agreement metrics.

We find that the human evaluators systematically agree on the external metrics: Rel-
evance and Consistency. Their evaluations seem to be more unreliable in terms of the
internal metrics, especially fluency. These findings are similar to [35] and indicate that
the task of the task of evaluating the summary’s inclusion or not of all the relevant in-
formation from the main text as well as its factual consistency with it is more objective
than the task of evaluating a summary’s fluency and inner coherence, which can be more
subjective due to differences in personal reading/writing style.

In order to measure the agreement on the highlights each evaluator had extracted
from the court’s decision text, we calculate for each text the average pairwise highlight
agreement between each pair of evaluators. Let Neyas be the number of evaluators and
H® the set of the Neyals highlight sets collected for text i.

) 1 . . ) .
e = 5=y 2, 2, IHO 0 HOIAHD U H?| 6.1)
evals\/Vevals HO HOZHO

The results in Table show large differences of highlighting style between the evalu-
ators. Furthermore, there is large variance in the highlights agreement between each
question, which may be attributed to the different highlighting style of each evaluator and
also qualitative differences in the texts. This result further supports the position that
extractive summarization is an under-constrained task, as each evaluator has a different
approach in generating an extractive summary. This remark however, as we saw in Table

, does not imply that human evaluation of extractive summaries is under-constrained,

as manually generating an extractive summary is quite different from evaluating an au-

tomatically constructed one.

ql q2 q3 q4 qd5 average

0.2619 0.0908 0.1531 0.2556 0.3957 0.2314+ 0.141

Table 6.7. Average pairwise highlight agreement on each question over all human evalu-
ators. The pairwise agreement is calculated as the ratio between the intersection and the
union of the two sets of highlights.

2We use the implementation in
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Chapter

Web Application

7.1 Introduction

For the purposes of disseminating the data collected for our court judgement dataset
and conducting a human evaluation study on automatic summarization methods for
court judgements, we developed a web application using the JHipster framework . Our
application has built-in support for automatic building, testing and deployment.

In the following sections, we first describe the technology stack used for developing
our application, both client-side and server-side. Then, we outline the entities in our
database schema and explain the RESTful API developed for the dissemination of our
dataset’s documents. Finally, we expand on our application’s Survey Page, by explaining

in detail every page of the survey and giving a general outline of the whole process.

7.2 Technology Stack

In this section, we describe the technology stack of the frameworks we utilized for
developing our web application. The stack for the most part, follows the stack of the au-
tomatically generated template web application using JHipster, with our stack including

support for Survey generation.

7.2.1 Client-side stack
Application Development

We use Angular as our main web-application development framework for Typescript.
In order to develop responsive front-end interfaces, we utilize the Bootstrap CSS frame-
work. The internalization throughout the client-side stack takes place using the i18n

internalization framework.

Development Workflow

We use npm as the Javascript package manager for our application. In order to have
quick and optimized building times for our development server we utilize the Webpack

module bundler.

hitps://www.jhipster.tech/ is a code-generation framework for web-development.
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7.2.2 Server-side stack

The server-side application is built and run using the Maven project management
software. The application is configured using Spring Boot. We use MySQL for our
RDBMS system. The server-side application is a complete Spring application, using
Spring to create a REST MVC application, utilizing Spring Security for authentication
and access-control and Spring Data JPA for the JPA based data access layers.

7.2.3 Testing

We utilize JUnit5 and Jest for Unit and UI tests respectively. The Angular code is

tested using the Cypress framework.

7.2.4 Version Control

We use git as our version control software. Distributed version control is achieved by
hosting our code in GitHub. Our database schema changes are version-controlled using

the liquibase framework.

7.2.5 Survey Page

We use the SurveydJS framework in order to generate and display our dynamic survey
for each participant in the study. The framework is supported in Angular with a powerfull
API that enables dynamic survey customization before, during and after the survey’s
completion.

In our case, the survey is dynamically and independently generated for each partici-
pant in the study, inserting the questions that correspond to that particular participant
and localizing the study to the participant’s web client currently selected language. After

the survey is completed, the participant’s answers are stored in our database.

7.3 Data Model & API

One of the main purposes of our web application is disseminating the dataset of
court decision documents we have collected. To that end, we develop a data model that

structures our data and we make the structured data available through a RESTful API.

7.3.1 Data Model

In order to develop a database relationship schema that is compatible with JHipster,
we construct a JHipster Domain Language (JDL) data model”. This way, our application
can automatically: 1) update the database and the liquibase changeset, 2) create a JPA
entity, a Spring Data JPA Repository and a Spring MVC REST Controller, for the server-

side of our application, 3) create Angular component, router and service corresponding

2
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to the entity as well as HTML views for the visualization of the entity data, 4) generate
integration and performance tests.

We structure the data in the JDL data model that is displayed in Figure 7.1.

BertSummary

# 4 text : TextBlob
(1.9 type : String*

1.7

CaselLaw
text : TextBlob* .
aﬁmgﬁgﬂg‘fﬂ%b LexRankSummary  ; .,
subsetld : Integer® [ text : TexiBlob
.9 type : String*
CaseLawTags
text : String* BertRating
fluencyScore : Float
(1.9 relevanceScore : Float
consistencyScore : Float
SurveyEntity coherenceScore : Float
type : String / \
isCompleted : Boolean®
(1.1) \{1.% —| LexRankRating

relevanceScore : Float
Ja IS

UserExtended

‘r?a:ng r'-lgtrm (1..1) -

priw\edges :anteger*

Figure 7.1. A JDL schema of the entity fields and the cross-entity relationships in our
database.

Each Survey Entity is uniquely identified with the User it corresponds to. Each Survey
Entity is related to multiple BERT or LexRank summary ratings, with each BERT/LexRank
summary rating entity being related - using a Many-to-One relationship - to a BERT
summary or a LexRank summary, respectively. Each summary entity is related Many-to-
One to a case-law entity, that corresponds to a judicial judgement text, its corresponding
reference summary, as well as metadata such as the classification tags corresponding to
the judgement and the url to the webpage from which the judgement was scrapped.

Our database schema allows for surveys independently customized to each legal ex-

pert, by including different judgements and summaries to be evaluated.

7.3.2 API

Having defined the database model, we generated RESTful API that corresponds to
CRUD operations on the database entities. We utilize SwaggerUI to expose the API to the
users, by generating a web-interface which consists of the API complete documentation
as well as an interface for sending and displaying the results of an API request. The API
requests are secured through JSON Web Tokens (JWT) using the Spring Security access-
control framework. Our documentation web-interface page, automatically authenticates
the API requests, by including the JWT token to the requests under the hood, thus
enabling for secure but simple use of the API through the web interface.

Figure 7.2 includes an example of the web interface for creating or updating an al-
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ready existent BERT summary entity. Figure 7.3 includes a screen-capture of our API’s
documentation interface and Figure 7.4 presents the graphical interface of sending an

API request through our documentation’s interface page.

Create or edit a Bert Summary

D

3

Text

GUKoavTIKN Suc@EnUNCN 5la ToU TUNOU. avValpESN KATASIKATTIKNG ANoQacewS JE TNV ENKANGN TNG EAAEWEWC E18IKNG KAl EPNEPITATWHEVNG AITIOAOYVLAE, ECPAANEVNG EPPNVELAG Kal

EQAPUOYNG OUTIACTIKNG MOIVIKNG S1aTAEEWE. QvalpeL Kal NApanEWNEL y

Type

ourmodel_21_3

Case Law

1490

Locai |

Figure 7.2. Creation/Update interface for the Bert Summary entity through our applications
web interface.

case-law-resource ~
|ﬂ /api/case-laws/{id} v‘
PUT /api/case-laws/{id} v
Im /api/case-laws/{id} V]
et sapi/case-laws/{id} v
|ﬂ /api/case-laws v‘
| /api/case-laws V‘
|E /api/case-laws/count v‘
case-law-tags-resource N
|m /api/case-law-tags/{id} \4‘
PUT /api/case-law-tags/{id} A\
Im /api/case-law-tags/{id} v]
e /api/case-law-tags/{id} v
|m /api/case-law-tags v‘
| /api/case-law-tags V‘
|ﬂ /api/case-law-tags/count v‘

Figure 7.3. Our REST API’s documentation interface. Screen-capture displays the interface
for two entities of our database.
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case-law-tags-resou rce A~
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Figure 7.4. Screen-capture of sending a REST API request and displaying its result through
our documentation page’s interface.

The API endpoint for sending HTTP RESTful requests to our web-application for a
particular entity is “http://WEB_SERVER_IP:PORT/api/ENTITY_NAME”, where WEB_-
SERVER_IP, PORT denote, respectively, the IP that hosts the web application’s server and
the PORT through which the web server listens to HTTP requests. The CRUD operations
supported by our web-application are implemented as GET, POST, PUT, DELETE, PATCH

HTTP requests that we will expand on in the following subsections.

GET-Requests

Get requests are supported in the following endpoint formats:

o BASE URL/api/ENTITY_NAME/id: where the entity item with the specified id is

returned.

e BASE_URL/api/ENTITY_NAME/count[?parameter.filterFunc=value]|*: where the
number of entity items is returned. This query can be passed with several parameter

values to limit the entities that will count towards the returned count value.

o BASE_URL/api/ENTITY_NAME|[?parameter.filterFunc=value]*[?page=pv][?size=sv][?sort=sv]:
where the entity items that match the parameter values specified are returned. The
items can be returned in a specified sorting order. Furthermore, the output re-
sponse is paginated and the request can specify the page index and size that will be

returned.
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DELETE-Requests

Delete request endpoints take the form of BASE_URL/api/ENTITY NAME/id and

correspond to the specified entity’s deletion.

POST/PUT/PATCH-Requests

Those request endpoints follow the format: BASE_URL/api/ENTITY_NAME/id and
correspond to an entity item’s creation/update/partial update, respectively. The POST,
PUT requests must contain the full item’s schema in the request body, while the PATCH

request can contain only part of the item’s schema as it corresponds to partial update.

Request Parameters

As mentioned previously, our GET requests can specify parameter values that the
returned entity items’ attributes must have. The parameters available through our REST
API are the following:

e greaterThan/greaterThanOrEqual/lessThan/lessThanOrEqual: which are appli-
cable only for integer entity attributes and implement the corresponding mathemat-

ical comparison operators. The parameter value is an integer.

e contains/mnotContains: which apply only to string entity attributes and restrict
the response output only to entities whose attribute string value contains/does not
contain a substring specified by the parameter value. The parameter value must be

of string type.

e equals/notEquals: which are applicable to all entity attribute types and implement
the equality/inequality mathematical operator. The parameter value has the same

type as the entity attribute that is compared with.

e in/notIn: which are applicable to all entity attribute types and implement the list
membership operation. The parameter value is an array whose items have the same

type as the entity attribute that this parameter applies to.

e specified: which applies to all entity attribute types and controls whether an entity
attribute must be specified in order that the entity is included in the response

output. The parameter value is boolean.

e distinct: which takes a boolean parameter value and controls whether duplicates
are allowed in the response output or not.
User Resource

The user resource endpoint BASE_URL/api/admin/user[/login_id] is available only
to authenticated users with administrator privileges. Through this endpoint, the admin-

istrators have access to CRUD operations for the User entities.
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e GET requests: Return the user specified by the login_id parameter, or all users in
a paginated form, if this parameter is not used. In the second case, the page-index,
page-size and sorting criteria can be specified as request parameters, similarly to
the Entity GET-requests.

e DELETE requests: The user with the specified login_id is deleted.

e POST/PUT requests: correspond to the insertion/update/partial update of an User
entity. The request body must include the full schema of the inserted /updated entity

item.

User JWT-controller Resource

The user jwt-controller resource authentication endpoint (BASE_URL/api/authenti-
cate) serves POST requests that include in their body: the username, the password and
a “remememberMe” flag. The request returns a jwt token to the user, if the password
corresponds to the specified username. The jwt token is used for user authentication

through all other API requests.

Account Resource

This resource includes the register endpoint (BASE_URL/api/register) which serves
only POST requests. The request’s body must include values for all attributes of the User
entity’s schema. The authenticate endpoint (BASE_URL/api/authenticate) serves only
GET requests which include the JWT token in the request body and returns whether
that JWT corresponds to an authenticated user or not. Finally, the user activation end-
point (BASE_URL/api/authenticate) serves GET requests that contain a confirmation-
key (sent to new users via their registered email) parameter and returns whether a user
can be activated using this key.

The following endpoints are available only to authenticated users:

e BASE_URL/api/account: which serves both GET and POST requests and return-

s/updates the User’s account information.

e BASE_URL/api/reset-password/[init | finish]: which serves POST request that ei-
ther initialize the password reset process by sending the corresponding password-
reset email containing the password-reset key, or reset the password using the

password-reset key and and the new password, respectively.

The web application, at the time of writing of our thesis, is currently hosted at

. User access can be granted through request.

7.4 Survey Page

For the human evaluation study, we develop a web interface using the SURVEYJS

Javascript framework for dynamic survey creation. The web-interface page consists of

3
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two parts: 1) Part 1; where the structure of the survey is explained, an answering guide
is presented and the participants answer questions about their legal-domain knowledge.
2) Part 2; where the participants extract highlights from each judicial judgement text and
evaluate extractive and abstractive summaries corresponding to each text. A flowchart

schema of the survey page web-interface is presented in Figure 7.5.

Part 1 (General Information & Law Part 2 (Questionnaire on Automatic
Experience) Summarization of Court Judgements)

4 N E N

Questionnaire
Guide

General Information

| Highlight Extraction |

- Age

- Practising Law Experience

« Law-related education level

« Number of hours spent reading —*|
judicial judgements

. Evaluated usefulness of ATS for|
judgements

N T VAN Y,

Survey Landing Page
(Study purpose and structure)

- Human Evaluation Metrics definition

-« Example of evaluation for abstractive &|
extractive summaries, on a mock
judicial decision text.

- Example of evaluator generated
highlights for the judicial decision text

‘ Abstractive Summaries Evaluation |

‘ Extractive Summaries Evaluation |

Comments (optional)

L]
l

End of Survey

Legal Expert

Figure 7.5. A flowchart schema of the survey page web-interface.

7.4.1 Part 1: Participants General Information & Questionnaire Guide

In this section of the survey, the survey structure and purpose is explained, the
participant is given a guide on how the questions will be formatted and how to answer
them. Finally the participant answers general information questions about their law-
domain knowledge in terms of educational level and the hours spent reading judicial

decisions.

Survey Purpose & Structure

First, the legal-expert human evaluator is presented with the survey’s page landing
page. In this page, the purpose of conducting is explained and the structure of the survey
is outlined. Furthermore, the participant is given instructions of how to change the
survey’s language should they desire it; the survey page currently supports Greek and

English. The landing page can be seen in Figure 7.6.
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7.4.1 Part 1: Participants General Information & Questionnaire Guide

Survey On The Automatic Summarization Of Greek Judicial Decisions Using
Machine Learning

The survey is conducted for the purposes of my Diploma Thesis titled 'Automatic Summarization of Judicial Decisions' in the Electrical and Computer
ENgineering School of the National Technical University of Athens

Purpose of conducting the survey:
The purpose of conducting this survey is the evaluation of automatic summarization techniques on judicial decisions text, as well as measuring the correlation between human evaluators scores and the scores provided by automated evaluation
metrics

General Information:

The survey consists of two parts:

1. First Part (Participant Information & Answering the Questionnaire Guide):
o First, the participant answers personal information concerning themselves and questions about their experience studying and/or practising law.
o Afterwards, they are given definitions of the evaluation metrics based on which they will be asked to evaluate judicial decision summaries. The flowchart of the questionnaire is also explained in detail
2. Second Part (Questionnaire)
o The participants are asked to read the text of ajudicial decision, highlight the segments they think are the most relevant to a potential summary, and evaluate a number of textual summaries for this judicial decision, based on metrics
defined in Part 1.
o Inthe following page, the participant is asked to evaluate text-segment summaries, which consist of sentences extracted from the judicial decision’s main text. The summaries are highlighted the text itself, in bright yellow color.
o The participant s asked to evaluate the summaries of the next judicial decision and the aforementioned process Is repeated until the participant has evaluated the summaries of every judicial decision in the survey,

Warning: Please do not refresh the webpage, exit the survey using the navigation bar, or close your browser during the survey. This will delete all your temporary answers. In order to navigate the survey please use only the buttons "Previous",
"Next", "Complete” that can be found at the bottom of each page in the survey.

M@ooa Epeuvag M1a va aMete Ty y\dooa g £peuvag natiote oty pndpa mofiynang to koupni “Mdeoa” nou Bpioketal oto ndve Se6d pEPog TG {6ag, Tty ouvéxeia 6 bote v 10tooENiSa.

Survey Language: In order to change the language of the survey, press the "Language” button, which can be found inside the navigation bar, at the top right of the webpage. Afterwards, please refresh the webpage.

Figure 7.6. A screenshot of survey’s landing page. This page explains the purpose of the
survey, and also outlines the survey’s structure to the participant.

Participant General Information & Legal-Domain knowledge

In the next page, the participant is asked to answer questions relating to general
information about them; such as their age, questions relating to their legal-domain edu-
cational level and their time spent reading court decision texts. Finally, the participants
evaluate the usefulness of an automatic summarization app for court judgement texts.

The corresponding web-page can be seen in Figure 7.7.

Part 1 (General Information & Law Experience)
1. What's your age? *

Choose...v

2. Years of experience in practising law. *

Choose...v

3. Highest educational level obtained in a law-related educational program. *

[ Choose... v]
4, Average number of hours used in reading judicial decisions every week *

Choose...v

5. How useful would find an automatic summarization of judicial decisions app *

Choose...v
=3

Figure 7.7. A screenshot of survey’s general & legal knowledge questionnaire page.

Questionnaire Guide

In the following page, the participant is presented with a guide that explains the
questionnaire question’s format and how the participant must answer each question.
First, the metrics that the participant must use, are defined. Afterwards, a mock court

judgement text is given to the participant in order to familiarize them with the segment
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highlight task they will have to complete in each court judgement text. Finally, the
participant is presented with mock abstractive & extractive summaries of the text and
a metric evaluation table, so they understand their format in the rest of the survey. In

Figure 7.8, we provide two screen-captures of the aforementioned page.

7.4.2 Part 2: Questionnaire on Automatic Summarization of Court Judge-
ments

In this part of the survey, the participant evaluates extractive and abstractive sum-
maries of the judicial judgement texts. In the case of abstractive summaries, the partici-
pant is presented -in random order - the reference summary of the court’s judgement and
the summary generated by our abstractive summarization method. In the case of extrac-
tive summaries, the participant is presented with the extractive summaries generated by

our LexRanksiqr and Biased LexRank methods.

Highlight Extraction & Abstractive Summaries Evaluation

The participant is given the court judgement’s main text and is asked to extract the
segments they assess to be relevant to a potential summary of the judgement. The
participant selects each segment separately which registers as a highlight after the corre-
sponding “highlight” button is pressed. Afterwards, the participant evaluates abstractive
summaries of the judicial judgement. Those consist of a reference summary; generated
by the court’s legal editors, and an automatically generated summary; generated by our
abstractive summarization method. The aforementioned process can be seen in Figure
7.9.

Extractive Sumnmaries Evaluation

In the evaluation of extractive summaries, the human evaluators were presented with
the main text of the court decision with the extracted summaries highlighted in bright yel-
low color (Figure 7.11). After reading each extractive summary separately, the participant

rates it and proceeds to the next extractive summary for the same judgement text.

End of Survey

After completing the survey, the human evaluators are presented with an optional text
prompt for adding any comment they have on the survey and the questions asked (Figure
7.10).

15. (Optionaly) Please write any comments you have concerning the survey itself, the questions asked and the summaries you were presented.

Previous
Figure 7.10. A screenshot of optional text prompt for comments that is given to the evalu-
ators after completing the survey.
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7.4.2 Part 2: Questionnaire on Automatic Summarization of Court Judgements

Page3of 10
Part 1(Questionnaire Guide)

In the following pages, you will be presented with judicial judgements and some summaries of them. You will be asked to rate the summaries based on the following criteria:

+ Relevance: The degree to which a summary has captured the Important content from the judicial decision.

+ Consistency: The factual alignment between the summary and the judicial decision.

+ Fluency: The degree to which the summary contains individually fluent/high quality sentences

« Coherence: Coherence measures the degree to which the main ideas of the judicial decision summary are meaningfully organized into different sentences

First, the judicial decision's text will be presented in non-highlighted form, like below:

ApBp6G XXXX/20XX TO AIKAZTHPIO TOY APEIOY MATOY Z MOINIKO TMHMA (.......)

A
You are asked to read the judicial dedision’s text, while highlighting the sentences/segments that you think are important in writing a summary of the decision. This can be done by
selecting the corresponding textual seament, using the left-click, and afterwards pressing the button "Highlight Text". This process must be repeated for each sentence/segment you
think is important.

Highlight Text

(a) First part of the questionnaire guide page.

Afterwards, you are asked to evaluate candidate summaries for the Judicial decision, which will have the following form:

Summary: 1
Keipevo MepiAnwng 1(.....)

Summary: 2
Keipevo Meplhnwng 2 (....)

In order to avoid biasing the evaluation results, the summaries have their diacritic signs removed and all their letters are set to lower-case.

The criteria/metrics will be in the Form of the following table:

6. Metrics

Bad Good
Metric 10 o]
Metric: 20 o]

Afterwards and after pressing the "Next" button, you will be transfered to the next page of the survey, which includes a highlighted version of the judicial decision. The summary here
consists of sentences extracted from the main text, which have been highlighted using a yellow color. You will be asked ta evaluate this summary aswell (e the extracted/highlighted
sentences). This process may be repeated for a different set of highlights/summary for the same judicial decision

Previous
Next
(b) The evaluation metrics interface for abstractive summarization in our survey’s guide page.

Figure 7.8. Two screen-captures of the questionnaire guide page.
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Judicial Decision's Main Text:

APIGMOX 1444/2008

TO AIKAZTHPIO TOY APEIQY NATOY

Z'MOINIKO TMHMA

ZuykpotABnKe and toug Alkaatég: Mpnydplo Mdpahn, NMpoedpetovta Apeonayitn (kwAuopévou tou Avtnpoédpou tou Apeiou MNdyou Mixanh Aétan), wg apxaldtepo
péhog tng ouvBéaewg, AMéEavbpo Nikdkn (oplaBévta pe Tyv un' apiBy. 30/2008 npan tou Mpoédpou tou Apeiou Nayou) - Ewonyntr, Ocobwpa Mkoivn, Avbpéa Tadhia
(optoBévra pe Tnv un' apiBp. 44/2008 npdén tou MpoéSpou Tou Apeiou Mayou) kat EAeuBEpio Makhio, Apeonayiteg,

ZuviiABe o dnpdoia ouvedpiaon oto Katdotnuad tou otig 9 Anpihiou 2008, pe v napouaia Tou Avteloayyehéa tou Apeiou MNayou Ztéhou Mkpolou (yiati kwAletal o
Eloayyehéaq) kai Tng Mpappatéwg Xpiativag ZrauponoUhou, yia va SIKACEL TNV aitnon TWY aVaLPETEIOVTWY - KATNYoPoupévwy: 1. X1, nou eknpoowniBnke and Toug
ninpegouaioug diknyopoug Tou ABavdoio Zaxapladn kar Euotdbio Mkoton kai 2. X2, nou eknpoowniBnke and tov nAnpetolole Siknyépo tou ABavacio Zaxapiddn,
nepi avaipéoewg tng 3652/2006 ano@doews tou Tpiweholg Epeteiou @eaoahovikng. Me nohrukidg evdyovta tov W1, Siknyopo, nou napactabnke autonposwnuwe.
To TpipeAég Epeteio Oeaoahovikng, pe Tnv we dvw andpaci tou Siétale 6oa Aentopepllc ava@épovial ' autr), kal ol avalpegeiovTeg - KatnyopoUpevol {itolv TV
avaipeon authg, yia Toug Adyouc nou avapépovial atnv and 3 AekepPpiou 2007 aitnof Toug avaipECewe, n oNoia KATAXwWpioTNKE 0TO OIKEI0 NIVAKIO PE Tov aplbud
2086/2007.

Aol dxouge Toug nAnpefolaiouc Siknydpoug Twv avaipeoeldvTwy, kaBug kal Tov NoATikG evayovta pe Tv idlétnTa Tou Siknyopou, nou {Aitnaav éoa
avapépovial 0Ta OXETIKA NPAKTIKA Kal Tov AvTeloayyeNéq, Nou NpOTEWVE va Yivel SekTh n npokelpevn aitnon avaipeanc.

Summary: 1
OUKO@QVTIKN buconpnon &1a Tou TUNou. QVALPEDT| KATAdIkATIKNG ANePacewg PE TNV ENKANGN TG EAMEIWEWS EBIKNG KL EPNEPICTATWLEVNG QUToAoyIag, ECQAApEVNS
EPUNVELTC KAl EQAPUOYNG 0UOIATTIKNG NoWIknG S1aTagEwe, Quaipel kal Napanepnel.

Summary: 2

OTOIXELa SUCENUNOTC anAng Kal cUKO@avTkng &1a ToU TUNOU. avTlpacn atloAoyIKOU Kal S1aTaKTIKOU. Napadoxn oTo GKEMTIKO OTL Ol KATNYopoUpEvol, £kS0TNG Kal
SleuBuvtng epnpepIbag o MpWIog KaL oUVTAKTNS o HeUTepog, TEAeaav TNy aflonowvn npadn tng aning Suoenpnang 6ia Tou Tunou, akoAouBuw Pe To S1aTakTiko g
npoaPalopevne ano@acewc karadikagtnkay yia guko@aviikn Suaenunan §la Tou Tunou. avalpean yia eAhewyn vopiung Baong (apbpo 510 §1 atoix. € knd). avalpel kat
napanepneL

(a) The main text and a set of abstractive summaries in our survey.
7. Please rate the relevance, fluency, coherence and consistency of the highlighted summary 1

Very Poor Poor Mediocre Good Very Good

Relevance ©

Fluency ©

Coherence O

O O O O
O O O O
O O O O
O O o0 O

Consistency©

(b) The evaluation metrics interface for abstractive summarization in our survey.

Figure 7.9. Two screen-captures of the abstractive summarization evaluation in our survey.
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s1say ], woidiq

TO AIKAZTHPIO TOY APEIOY NATQY
' MOINIKO TMHMA

Tuykpotifinke and touc Akagtéc: Tpnydpio Mayadn, MpoeGpetovia Apeonayity (kwhuopévau tou Avinpaépou tou Apziou Nayou Mixaih Aétan), we apxaiétepa péhog g auvBéaewe, AMéEavBpo Nikdkn (opiofiévia pe Ty un' apiBp. 30/2008 npan tou Npoédpou tou Apeiou Mayou) - Eonynt, Beobipa
ki, Avbpéa Todha (opioBévea e v un' apif. 44/2008 npdfn tou MpoéGpau tou Apelou Nayou) kai EAeuBépio Makhio, Apeanayitec

T uvriAGe oe bnpoata ouveGpiaon oto Kardatnyd tou atig 3 Anpikiou 2008, g v napoucia Tou Avteioayyeéa tou Apeiou Mdyou Exéhiou TkpdZou (pari kuhetat o Eioayyehéac) kal g Fpappatéw Xpuotivag Zrauponolhou, yia va Gikdos| T aftnan Twy avaipegeldviuy - kamyopoupevwy: 1.X1, nou
exnpoowniBnke and touc MnpeEousiouc Snyopouc tou ABavdato Zaxapiddn kai Euotdfio Mkan kat 2. X2, nou exnpoawniBinge and tov nnpetoato Snyépo tou ABavioio Zaxapidén, nepi avaipéoew g 3652/2006 anodaewc tou Tpiweholc Epeteiow Ocaoahovikng, Me noAmkdg evdyovta tov U1,
Biknyapo, nou napaotdbnke autonpooinwe,

To Tpipehéc Epenelo Bzaoatovikng, e Ty e v andgaar tou biérale doa Aemtopepic avapépovtal o' auth, kat ol avaipeceioveg - katnyopodpevot {yrodv my avalpean auric, yia toug Adyoug nou avagépovtal oty and 3 AexePpiou 2007 altar toug avaipéazw, N onoia kaTaxwploTe 010 oIkl
nivdkio pe Tov apiBpd 2086/2007.

Ao dkouge Toug nAnpegolatoug Giknydpoug Twy avaipeaeidvruy, kabic kat Tov nohudg evdyovta pe Ty Bi6tTa tou Biknydpou, nou {fmaav 6oa avaépovial ota oxetikd npaxtikd kai tov Aveeloayyehéa, nou npGTEVE va vivel Gextr n npokeiuevn aitnan avaipeanc.

TKEDBHKE ZYMOONA ME TO NOMO

H afionown npdén me Suognunoews nephappave, odugwyva ue to apBpo 362 MK, QvIKEWEVIKWE e Tov und Tou Bpdotn ioxuplopd svdimiov tpltou A idboon ue onotodAnote tpdno yia kdnotov Aoy yeyovdtog, Suvauévou va Bhawel vt A tv unddnwn autol unoxewevikdg Be T ywian tou Gpdatn,
bt 10 1oxupt{duevo | Biabiboevo veyovd fva karahnho va BAdwer v T A T undAnyn dhtou katt BéAnan dnw loxuptoBei evdmov tpitou f} Biabdoe! to Tolodto Phantikd yeyovac, EEaMou, yia tn atowetoBétnan e unéd tou dpBpou 363 tou 16iou kidika npoBAenougvne agidnowng npdtewe g
ouko@avtiki; SuonuAgewe anauefal, eni nheov Twy ava@epBEvTLY aToielwy, Gnw To we dvu yeyovde, To onoio oxupiofinke A diEGwat o Gpaatng eival weubéc kat autdc va Terel ot yian ¢ avaknbeiag tou. O axuplopd fi n Biddoan Tou Guo@nuLoTIKoU yeyovoTa, Knopei va yive! kat bla Tou tnou,
ondre undpyet yia toug uneubivoug Tou evtiiou éykAnua anhig f oukopavifc Suoaiunang Sia tou Tinou, to onolo, ETd Ty katdpynan we To dpBoo dvo Tou N. 2243/1994 (nou iUt and tg 30.10.1994) Ghwv Tuww e1diktv nepi inou SlatdEzuwy, ouvteheftal and Tg ibieg akpiBii npodnoBéae(; nou
anarodvial yia v ankf kat guko@avtikn duagiipnan. Etny npokeevn nepinwan, pe Ty npooPakhapewn anopaan, dnuwe £f autic npokdmel, To ToeNé; Epetelo Geooadovikng kipugE evixouc ToU; QVaIPEOEIOVIES, Ya T0 61 "0T7 .. OTI; ... IoXUpiaTrkay yia AMov ev Vo1 Toug eubéc yeyovde nou
ymopodoe va BAdwer Ty Ty ka undAnuA Tou. I UYKEKPILEVD 0 Pev X1 we ekGaTne kat SieuBuvinc g epnuepifag ... - .., N0 KUKAO@EPNGE 0T .., © B X2, g ouvidking Tn¢ v Adyw egnuepifas kataxipioay dplpo 010 @UN TN ....., 010 oncio avaépoviav du "undpxouy neh\d epwtnuanikd yia my
nipiny Gioiknan tou Afuou ..., kafidc xdfnkav 330.000 Eupd ya ta axodeia T ..., N AponyoULEvn Gloiknan Tou Afpou .... Eénpate Ta xpAuata npokeyEVoU va KaNIWE| TIC AETOUDYIKEC avaykeg Twy axoAEiwy Te neptoxic, nhnv dpwc Gev To énpag yia o £rog 2002°. Me Tov Tpdno autd donvav va yiver
Bexrd e T Aayikn 6t 0 eykardv W1, we Afpapxoc ..., o Bidatpa and 1.1,1998 £we 31.12.2002 bev diEBeoc to noad twv 330,000 £upt yia Tic GX0AKES QVAYKEC TG NepIEPES ToU Afpou ... To é1o¢ 2002, pohoviT autd ebxav e1anpaxBel yia o Adyo autd. Ta doa bs unootipifav oto npoavagepdé dpfipo
Kal UnEnEoayv oty avtiAnwn Tou avayvwaTikod kool T ev Adyw epnuepidac fav v ywiost touc weubn, kaBe n ahdBeia fArav 6t o eykahdv s my npoavapepBeioa Gidtra tou SiEBeas oha ta kovbiia nou GoBnkav oto Af0 ... \ia TIC GXOAKER QVAYKES TN NEPIPEREINS TOU, XuWpic va oo os JEpoC
autdv afdBeto kar pnopodoay va engépouy peiuan oty TR katundAnwn tou eykaholviog, kaBug frav avriBeta oty eunpéncia kainfiky'. E€aMou, to Epereio armodoyveac v katabikaotiks tou kpion, SiEhaPe oo akentkd ¢ ano@aoew ot and ta ekubépeva o' quid npayuaTka nepITatika
nhfipuwg anadeixfnkay a atd to vopo oTouela yia Ty oToieloBéTan T avtkelEvikfc ka unokewevikiG undotaan ni anobibouevng atoug katnyapoupévous npdéng tng anic uagiunang Sia tou Tinou kat npéneLva knpuxBodv évaxol katd to diatakTikd. E tot Guu Gev npokdntel oapiG kal
oplopévwg yia noia afidnown npdén katedikaoe to epeteio Toug avaipeatiovteg, dnAad vt autr g anhf Suapnpriaew A yia exelvn e ouxoaviikic SuoonuAcEwe,

Tuvenuc kabigratal avEQIKTOC 0 GKUDWTIKGC ENEYXOC, Qv TV poKEIEvn nepimTooon Ta und Tou dikdoavtag Sikaatnpiou yevouEva GskTd neplaTaTika, kat Ty nepl npayudtwy avéAeykn kpion tou, unfixBnoav opic 1 6xi omo vopo kat éxal n npooBadpsvn andpaon, Adyw T¢ aadmelac autic, oTepita
vopune fdanc ka unénee ot nhnppéksa Tou dpBpou S10 nap. 1 otolx. B KMA. Enopévic 0 and m Gidraé aut bedtepog Adyoc T avaipéosw eival faopoc kal i autd npéneLva yivel Sext n kpivdpevn aitnan, va avaipeBe! € oAokAipou n we dvw andgaan kaiva napanepgBei (dpfpo 519 KNA)
undBean ya via oulfman oto i Sikaotrpio, suykpotodpev and dAhouc Bikaotés, extoc and exeivoug nou bikaoay nponyoupvLE

TATOYZ AQTOYZ AYTOYZ

Avatps{ v 3652/2006 andpacn tou Tpiehalc Epeteiou Beaoatovikng, Kat

Mapanépnel v undBeon yia véa sulyman ato ifio Sikaotipio, To onoio Ga ouykpotBei and dMouc Skaotéc, extoc and exeivoug nou bikaoav nponyouLEVWE,
KpiBnke kat anogagiotinke atnv ABfva otig 30 Anpidiou 2008, Kat

hnpooielbnke oty ABriva, o Snudaia cuvebpiaan oto akpoathpid tou, oig 2 louviou 2008.

O MPOEAPEYON H rPAMMATEAT

Figure 7.11. A screenshot of the extractive summarization evaluation in our survey.
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Chapter E

Conclusions

8.1 Discussion

Automatic Text Summarization (ATS) is an active research field, where various meth-
ods are used to automatically shorten a text, while preserving the most important or
relevant information within the original content. ATS methods can be beneficial in cases
where manually reading the whole text is very time consuming. Furthermore, ATS meth-
ods can be useful for downstream tasks such as, web-page snippet generation for search
engines, screenplay/book summarization that enables easier metadata tagging and se-
mantic linking/searching, generating a consensus summary of a business by summariz-
ing a number of individual reviews, etc.

In the legal domain, the need for robust and reliable ATS systems is large. Law
practitioners, judges and scholars have to manually search for statures and caselaws
that are relevant to their work. Summarizing legal texts is hard task; as those texts are
often long and contain legal terminology. In the case of summarizing court rulings, the
job is often outsourced to specialized legal editors.

In this work, we experiment with different methods of automatically summarizing
judgements from Greek courts. Because of the lack of any Greek court-judgement dataset,
we developed web-crawling scripts in order to construct two datasets of Greek court judge-
ments; 1) The AreiosPagos dataset, which contains judgements, and their corresponding
reference summaries and category tags, from the Greek Court of Cassation, 2) The STE
dataset, which contains judgements and corresponding metadata from the Greek Coun-
cil of State, but doesn’t contain any reference summaries. We compare the AreiosPagos
dataset with several other text-summarization datasets using metrics common in the
relevant literature.

We developed an extractive summarization system based on the LexRank algorithm,
that extracts the important sentences from the judgement’s text. We compare several
variations of the sentence similarity function used by the system.

We also developed an abstractive summarization system using an Encoder-Decoder
model based on the BERT architecture. The model uses weights pre-trained on greek
legal tasks using typical BERT self-supervised tasks, that were recently open-sourced by
researchers [69]. The model is fine-tuned on our AreiosPagos dataset.

Our ATS systems were automatically evaluated using the ROUGE metrics. We find
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Chapter 8. Conclusions

that our extractive summarization methods outperform the random sentence baseline,
but there is still room for improvement. For the abstractive summarization methods,
we find that domain-specific text preprocessing, that removes redundant information
from the text and incorporates case-specific category descriptions, improves the model’s
performance.

We further evaluated our systems with the help of legal experts in terms of the rel-
evance, consistency, coherence, fluency of the generated summaries. The results of the
extractive summarizers look promising, as they manage to capture some of the relevant
passages in the court judgement texts. The abstractive summarizers produce relatively
fluent and coherent summaries which, however, fail to be factually consistent with the
judgement’s main text or capture all the relevant context information that a summary
must have. The large amount of time that our human evaluators spend every week read-
ing past court judgements indicates that research in legal ATS systems that are better at
capturing all the relevant passages in a summary and are more factually grounded, could

be beneficial for the Legal practitioners in Greece.

8.2 Future Work

Our work can be extended into three different ways: 1) By studying how various
different neural network architectures can benefit the generated summaries’ quality, 2)
study the human evaluation performance on neural network architectures that take ac-
tively aim to produce factually consistent summaries 3) By developing domain-specific
automatic evaluation metrics and preprocessing.

Different Neural Network architectures that can be explored include:

e Hierarchical Transformer Networks: which can bypass the transformer’s quadratic
complexity, by first generating segment-level representations and afterwards merg-
ing them into a document-level representation. The document-level representations
can be constructed either naively by concatenation or averaging, or by further Trans-
former transformation as in | ]. This approach may greatly improve maximum

input size limit that exists in the BERT architecture.

e Different Attention Mechanism: which reduce the quadratic complexity of the orig-
inal self-attention layer. Those include the Longformer [12] and the Reformer [65]
architectures. However, those models require pre-training from scratch, which was

outside of the score of our work.

In terms of studying abstractive summarization models that apply factuality constraints

during training, our work can be extended by:

e Incorporating negative summary samples during training with contrastive learning,
as in [76]. This can help the model to avoid being unfaithful to the input text. In
the court-judgements domain, negative summaries can be generated by replacing

case-law citations with random ones.
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e Jointly learning to summarize while also learning to generate and answer questions
relating to the input court judgement text. This has been shown to produce more

faithful abstractive summaries | , 95].

In terms of future work on domain-specific evaluation metrics and preprocessing, we

would like to experiment with:

e Conducting a large-scale human evaluation study where the evaluators are asked
to highlight important sentences from a court judgement. This dataset can be used
to measure the correlation between human evaluation and automatic metrics, while

also serve as a way of constructing better extractive summarization systems.

e Developing domain/language-specific methods for textual segmentation and tag-
ging in Greek court-judgements. Tagging via mining legal arguments | , ]
or extracting a judgement’s rationale [22] seem promising. This information can be

used downstream to inform both extractive and abstractive summarization systems.

Finally, our work can be extended by using the ““upBouvAio tng Erukpateiag” Court Judge-
ment dataset we collected, for further training and evaluation of our methods. This would,
however, require development of 1) denoising processes that would clear the data from
transcription noise and 2) quality evaluation processes that asses the fidelity of the texts

after the denoising process.
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Appendix

Web application API

We make the API generated by the the Springdoc-openapi library for our application
available through this link. However for brevity reasons, here we report only the part that
corresponds to our entity’s schema.

"schemas": {

"BertRating ": {
"type":"object",
"properties ":{

"id |
"type":"integer",
"format":"int64"

t

"fluencyScore ": {

"maximum": 10,

"exclusiveMaximum": false ,

"minimum": 0 ,

"exclusiveMinimum": false ,

"type":"number",

"format":" float"

b
"relevanceScore ":{

"maximum”:10,

"exclusiveMaximum": false ,

"minimum": 0 ,

"exclusiveMinimum": false ,

"type":"number”,

"format":" float"

b
"consistencyScore ":{

"maximum”:10,

"exclusiveMaximum": false ,

"minimum": 0 ,

"exclusiveMinimum": false ,

"type":"number”,

"format":" float"

}
"coherenceScore ": {

"maximum”:10,

"exclusiveMaximum": false ,

"minimum": 0 ,

"exclusiveMinimum": false ,

"type":"number”,

"format":" float"

b

"surveyEntity ":{
"$ref":"#/components/schemas/SurveyEntity "

}

"bertSummary " : {

"$ref":"#/components/schemas/BertSummary"

b
"userExtended " : {
"$ref":"#/components/schemas/UserExtended"

}

}

"BertSummary " : {

"required ": [
"type”

1.

"type":"object",
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"properties ":{

"id "
"type":"integer",
"format":"int64"

.

"text":{
"type":"string"

b,

"type ":{

"type":" string"

}

.
"SurveyEntity ": {
"required " : [

"isCompleted"

1.

"type":" object",

"properties ":{

"id "
"type":"integer",
"format":"int64"

b,

"type":{

"type":" string"

}

"isCompleted ": {
"type":"boolean"

}

}

b,
"User":{

"required " :[
"activated",
"login"

1.

"type":"object",

"properties ":{

"id "
"type":"integer",
"format":"int64"

}

"login ":{
"maxLength":50,
"minLength": 1,
"pattern":"A(? >[azAZ0—9I$&x+=2"_{| }~. —|+@[a—2zA-Z0—9 —|+(?:\\.[aZAZ0—9 —]+)*) | (?>[_.@AZa—2z0—9—]H$" ,
"type":"string"

}

"firstName ":{
"maxLength":50,
"minLength":0,
"type":"string"

b,

"lastName " : {
"maxLength":50,
"minLength":0,
"type":" string"

}.

"email ": {
"maxLength":254,
"minLength":5,
"type":"string"

}

"activated ":{
"type":"boolean"

}.

"langKey " : {
"maxLength":10,
"minLength":2,
"type":" string"

}

"imageUrl": {
"maxLength":256,
"minLength":0,
"type":"string"

b,

"resetDate":{
"type":"string",
"format":" date—time"

}

}

.
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"UserExtended ": {
"required ": [
"id",
"name" ,
"priviledges"
1.
"type":" object",
"properties":{
"id |
"type":"integer",
"format":"int64"

b,

"name " : {
"maxLength":2147483647,
"minLength": 1,

"type":" string"

.

priviledges ":{
"maximum":2 ,
"minimum": 0 ,
"type":"integer",
"format":"int32"
b
"hasExtendedUser": {
"$ref":"#/components/schemas/User"
}
"bertratings ":{
"uniqueltems": true,
"type":"
“items ":{
"$ref":"#/components/schemas/BertRating

array",
},

"isRespondent ": {
"$ref":"#/components/schemas/SurveyEntity "

}
}
b,
"CaseLaw ": {
"required ":[
"subsetld",
"url"
1.
"type":" object",
"properties ":{

"id " {
"type":"integer",
"format":"int64"

}

"text":{
"type":"string"

b,

"summary " : {
"type":" string"

.

"url":{

"type":" string"

B

"subsetld ": {
"maximum":2 ,
"minimum": 0 ,
"type":"integer",
"format":"int32"

}

}
}.

"LexRankSummary " : {
"required ": [
"type"”

1.
"type":" object",
"properties":{

"id "
"type":"integer",
"format":"int64"

I

"text":{

"type":" string"

}

"type":{

"type":" string"

I
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"caseLaw":{

1

"$ref":"#/components/schemas/CaseLaw"

"CaseLawTags " {
"required " : [

"text"
1,
"type":" object",
"properties ":{
"id " {
"type":"integer",

I

"format":"int64"

"text":{

I8

"type":"string"

"caseLaws": {

I

"uniqueltems": true,

"type":
"items ":{

array",

"$ref":"#/components/schemas/CaseLaw"

"AdminUserDTO " : {

"required ": [
"login"

1.

"type":"object",

"properties ":{
"id " {

I

"type":"integer",
"format":"int64"

"login":{

I

"maxLength":50,
"minLength": 1,

"pattern":"A(? >[a—zA-Z0—91$&*+=?"_{|}~.

"type string"

"firstName ": {

I8

"maxLength":50,
"minLength":0,
"type":"string"

"lastName " : {

I

"maxLength":50,
"minLength":0,

"type":"string"

"email ":{

}

"maxLength":254,
"minLength":5,

"type":" string"

"imageUrl": {

I8

"maxLength":256,
"minLength":0,
"type":"string"

"activated ":{

I

"type":"boolean"

"langKey " : {

I8

"maxLength":10,
"minLength":2,
"type":" string"”

"createdBy ":{

I

"type":" string"

"createdDate ":{

}

"type string",

"format":" date—time"

"lastModifiedBy ": {

1

"type

string"

"lastModifiedDate ": {

—]+@[a—2zA—Z0—9—]+(?:\\.[a—2ZA—Z0—9—]+)*) | (?>[_.@AZa—=20—9—]+)$",
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"type":
"format":"date—time"

string",

}

"authorities ":{
"uniqueltems": true,
"type":"array",
“items ":{

"type":"string"

}
"ManagedUserVM " : {
"required ": [
"login"
1.
"type":"object",
"properties":{
"id |
"type":"integer",
"format":"int64"

}
"login ":{
"maxLength":50,
"minLength": 1,
"pattern":"A(? >[a2zAZ0—98&*+=2"_{|}~. —]+@[a—2ZAZ0—9—]+(?:\\.[a—2ZAZ0—9—]+)*) | (?>[_.@AZa—20—9—]H$" ,
"type":" string"
1

"firstName ": {
"maxLength":50,
"minLength":0,
"type":" string"

},

"lastName " : {
"maxLength":50,
"minLength":0,

"type":" string"
b
"email ": {
"maxLength":254,
"minLength":5,
"type":" string"
B

"imageUrl": {
"maxLength":256,
"minLength":0,
"type":" string"

}

"activated ":{

"type":"boolean"

I

"langKey " : {
"maxLength":10,
"minLength":2,
"type":" string"

}

"createdBy ": {
"type":" string"

I

"createdDate ": {
"type":"string",
"format":" date—time"

.

"lastModifiedBy ": {

"type":" string"

e

"lastModifiedDate ": {
"type":"string",
"format":" date—time"

.

"authorities ":{
"uniqueltems": true ,
"type":"array",
"items ":{

"type":"string"

I

"password " : {
"maxLength":100,
"minLength":4 ,

"type":" string"
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}
"LoginVM " : {
"required ":[
"password",
"username"
1.
"type
"properties ":{

":"object",

"username " : {
"maxLength":50,
"minLength":1,

string"

"type":
b,
"password ": {
"maxLength":100,
"minLength":4,
"type":" string"
}
"rememberMe " : {
"type":"boolean"

}

b,

"JWTToken " : {

"type":"
"properties ":{

"id_token":{

"type":"string"

object",

b,

"KeyAndPasswordVM " : {
"type":"
"properties ":{

"key ":{

"type":

object",

string”

}

"newPassword " : {
"type":"string"

.

"PasswordChangeDTO " : {
"type":"object",
"properties ":{

"currentPassword ": {
"type":" string"

}

"newPassword " : {

"type":"string"

b,

"UserDTO " : {
"type":"
"properties ":{

"id "
"type":"integer",
"format":"int64"

object",

'
"login":{
"type":"string"
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Appendix E]

Model Hyperparameters

B.1 LexRank Summarizer

For the LexRank summarizer we set the cross-sentence similarity threshold to 0.03.

The PageRank submodule of the LexRank algorithm uses a dumping factor = 0.85

B.2 BERT Encoder-Decoder Summarization Model

B.2.1 Architecture

Our model’s encoder uses the pre-trained weights from the Greek (base-uncased)
BERT model [69] . Our model also uses Greek BERT’s WordPiece subword tokenizer.

B.2.2 Training

The models are trained for 3/4 epochs with learning rate of 5e-5 with a linear learning
rate schedule. The optimiser selected is HuggingFace’s implementation of the AdamW
algorithm, using the default hyperparameters of 8; = 0.9, 82 = 0.999, ¢ = 1le — 8. During
both training and validation steps, the batch size is set to 2. During inference, we set
the minimum summary length equal to 8, generated using n=5 beams, applied bi-gram

blocking and applied a exponential length reward of 1.3.
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Appendix

Summaries Examples

In this appendix, we present examples of generated and reference summaries, along

with the court decision text, from the test subset of our dataset.

C.1 Abstractive Summaries

Reference summaries are presented exactly as they were shown to human evaluators;
uncased and with the diacritics removed, in order to match the output format of the

generated summaries.

C.1.1 Testcase-1

° otoixela duopnpnong aming Kat CUKOPAVIIKNG §1d TOU TUITOU. avtl-
(@aOo1) AlTIOAOYIKOU KAl S1aTAKTIKOU. ITapadoxn OT0 OKEITIIKO OTL Ol KATNYOPOUHEVOL, £KSOTNG
Kat S1eubuving epnueptdag 0 MPOTOG KAl OUVIAKTNG 0 SeUtePOg, Tedecav v aglormotvn npagn
g anAng duopnpnong dia tou turnou, akoAoubwg pe 1o Slataktiko tng rpooBaddopevng aro-
(PAOEMSG KATASIKAOTNKAV Y1d CUKOQAVIIKY SUCONUINOon 61a Tou TUIoU. avaipeon yida eAAswyn

vopung Baong (apbpo 510 §1 ototy. £ krb). avalpel KAl MAPATIEQIIEL.

e Generated Summary: oukopaviikn duodpnunon 6ia TOU TUIIOU. AVAlPECH KATASIKAOTIKNG
AnoPace®g Pe TtV EIMKANOT G AAe1Peng £101KNG KAl EPMEPIOTATOHEVIS AlTloAoylag, eodpal-

HEvVNG £pUNVELAg KAl EPAPIIOYNG OUCLAOTIKNG ITOWVIKNG S1aTadems. availpetl Kat IapaIepret.
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API®MOZ 1444/2008

TO AIKAZTHPIO TOY APEIOY ITATOY

Z TIOINIKO TMHMA

ZuykpotOnke ard toug Akaotég: Tpnyopio Mapadn, IMpoedpevovia Apeorayitn (k@Auopévou tou Aviirpoidpou tou Apeiou ITayou Mixand Afton), g apXaiotepo
nédog g ouvbioemg, AAé§avdpo Nikakn (opiobévia pe v urt apdp. 30/2008 rpagn tou Ipoédpou tou Apeiou Ilayov) - Etonynuy, @codopa I'koivn, Avépéa Toodia
(op1oBévta pe v urt apBp. 44/2008 rpagn tou Ipoédpou tou Apeiou Ilayou) kat EAeubépio MdaAAio, Apeornayiteg.

ZuvnAbe oe dnpoowa cuvedpiaon oto Katdotnua tou otg 9 Arnpidiou 2008, pe myv napouoia tou Avieloayyedéa tou Apeiou Iayou ZtéAwou Fkpodou (yiati kwAvetat o
EwayyeAdéag) kat g Fpappatées Xpiotivag Ztauporovlou, yia va §1KACEL TV aitnor) oV avaipeseiovioy - Katmyopoupévav: 1. X1 , mou eKnpoomrm)fnke ano toug
TiAnpegoucioug diknyopoug tou ABavacio Zaxaptadn kat Evotddio I'kéton kat 2. X2, TOu eKIPOCEITONKE ard tov mAnpegouoto diknyodpo tou Abavacto Zaxaptadn,
Tiept avalpéoeng mg 3652/2006 anopacens tou Tpiuedovs Egeteiou @ecoalovikng. Me roAttikag evayovia tov W1, diknyopo, mou napactddnke autonpooones. To
Tppedég Egeteio ®sooadovikng, Pe Vv 0§ Gve andgaor] 1ou diétage 0oa Aemopepds avapipoviatl o’ autr], Kal 01 avalpeoeiovies - KAtyopoUHEVoL {ntovv v avaipeon
autrg, yia toug Adyoug rou avagépoviat oty and 3 AekepBpiouv 2007 aitnor} toug availpéoemgs, 1 Oroia Katax®PiotKe o010 OKeio mvAakio pe tov aptdpé 2086/2007.
Agou arkouoe Toug MANPE§OVOI0UG SIKNYOPOUS TRV AVAIPECEIOVI®OV, KABMG KAl TOV ITOATIIKOG EVAYOVIA HE TV 1816T1Ta T0U S1KNy6pou, IMou {fioav 6oa avagpépoviatl ota
OXEUKA MPAKTIKA KAt Tov Avieloayyedéa, Iou MPOTEve va Yivel SeKtr) 1 IpoKeipevn aitnon avaipeong.

SKEPOHKE LYMPQNA ME TO NOMO H a§dnotvn ripdgn g Suopnuroeng riepthapbavel, oupgoava pe o apbpo 362 I1L.K., avikelpevikgg je 1ov uno ou dpaotn
10XUPIOPO EVAITOV TPITOU 1} 51a6001 P OMO1081MOTE TPOITO Yl KATO10V AAAOV YEYOVOTOG, Suvapévou va BAdyet v Tty 1} TV UMOANYI aUTOU UMOKETHEVIKAOG Se
yvoon tou §pdaotr, 0Tt 10 10XUp1gopevo 1) Sradibopevo yeyovog eival katdAAndo va BAdyet v tyr 1) v unoAnyn aAdou kat ) 9£Anon Onwg 10xUptodei evartiov tpitou 1
8108001 10 T010UT0 PAAITKO yeyovos. E§aAdou, yia ) otoixetobetnon g umo tou apbpou 363 tou 16i0u kGEKA IPOBAETIOPEVNG AIOTIOVNG MPATERS NG CUKOPAVTIKHG
Suopnunoeng anatteitat, erni Méov TV avaPepBEVIOV OTOIXEI®V, OMMG T0 WG AVe YEYOVOG, To ortoio oxupiodnke 1 81€dwoe o Hpaotng, eivat Peudég Kat autdg va tedel
oe yvoon g avainbeiag tou. O 10xuplopdg 1 1 61adoon tou SUCPNUICTIKOU YeYOVOTOg, HITOPel va yivel Kat 8ia Tou TUrou, omdte UMdpxel yia Toug urneubuvoug
T0U eviipou éykAnpa amdng 1) ouKoavukng duoerpnong dia tou trnou, 1o oroio, petd v Katdpynon pe 1o apbpo povo tou N. 2243/1994 (rou w0xvel ano wg
30.10.1994) 6Aev oV £81KGOV mept TUnou dwatafemv, ouviedeitat and tg ideg arkpBmg POUIOOECELS TIOU AATOUVIAL Yid TV Arr] Kat CUKOQAVIIKI|] Suo@rpnorn.
Vv MIPOKEPEVT TEPireon, pe v rpooBaldopevn anopact], OMwg €& autrg MPoKUITEL, 10 Tpipedés Egeteio @eooalovikng krjpuge evoxoug Toug avaipeoeiovieg, yia
10 Ot "oty ...... OTS ... 10XupioKav yia GAAov ev yvoOOoeL T0UG WPeubEg YEYOVOS TTOU PImopouce va BAAWEL TV THUI| Kat UMOANYI) tou. Zuykekpipéva o pev X1 og
£k80NG Kat H1eubuving G ePNPEPIdAS ... - ..., TTOU KUKAOPOPNOE 011 ..., 0 6e X2, 0§ oUVIAKING NG £V AOY® epnuepidag Kataxoploav apbpo oto QUALO g ..
oroio avagépovrav 6t Urdpxouv modAd epepatkd yla my nponv doiknon tou Afpou ...., kabong xaénkav 330.000 eupd yia ta oxodeia g ......, 1 TIpONyouUpevVn

oto

61oiknon tou Afpou ..... £10£npage 1a XPHPATa IPOKEIPEVOU VA KAAUWEL TIG AEITOUPYIKEG AVAYKES TOV OXOAEi@V NG Meptoxng, mnv 6pwg dev 1o énpade yia 1o £tog
2002". Me tov Tporo autd agrvav va yiver 8extd pe 1) Aoyikn ot 0 eykadov W1, wg Afjpapxos ...... , 10 Sraotpa ard 1.1.1998 éeg 31.12.2002 Sev 51£0£0e 10 11006
v 330.000 eup® yla TG OXOAKEG AVAYKES NG MEPIPEPELAS TOU AfjpoU .... 0 £tog 2002, podovott autd eixav eonpayBei yia to Adyo auvtd. Ta doa de vrootpgav
oto TpoavagepBEv ApOpo Kat UMENeoav oty aviAnyr T0U avayveoTIKoU KOwou g ev A6ye ednuepibag rjtav ev yvooet toug weudr), kabog n aAnbewa rjrav ou o
eykalav pe v rpoavagepbeioa 1610tta tou 61€0eoe 6Aa ta kKovduAa rou §60nkav oto Afjpo ..... V1a TG OX0AKEG AVAYKES TG TIEPIPEPEIAG TOU, XWPIG Va aPrioet HEPOG
autev adidbeto Katl pPropovoav va erpEPOUV PEIRON OtV TN Kat UNOANYn tou eykalouviog, kabag rrav aviiBeta oty surpéneta kat ndwkn”. E&aAAou, 1o Egeteio
attodoyeviag v Katadikaotik) 1ou kpion, §1éAaBe 010 OKenMKo NG anodpdcems Ot anod ta eKOERevVa ¢' auto PAYHATIKA MEPIOTATIKA MANPKS arodeixnkav ta katd
10 VOpO otoixeia yia v otoiXel004t0n G AVIKEIEVIKAG KAl UITOKEIPIEVIKEG UNOotaong et anodidopevng otoug Katnyopoupnévoug mpdagng tng aring duogpnunong
61a tou TUrou Kat rpénet va knpuxHouv évoxol katd to Siataktiks. Etol opeg Sev rmpokurtel capog Kat oplopévaeg yia rnoia agiornown npdgn katedikaoe to epeteio
toug avatpeoeiovieg, dniadrn yt avt g ardng SuoPnUNoeng 1) yla eKEIV G CUKOPAVIKEG SUOPNUNoeng. Tuvenog kadiotatal avépikiog 0 aKUPOTIKAGG EAEYX0G, av
0TIV IPOKETPEVI) TIEPIITIROT) TA VIO TOU S1KACAVIOG S1KATPiou yevopeva SEKTA MEPIOTATIKA, KATA TV MEPT MPAYHATOV avéAeyKn Kpion tou, ur)xbnoav opbog 1) oxt
01O VOpO Kat 101 1] pooBaAddpevn anopaon, A6Y® g acaPelag avtrg, otepeitatl vopng Baong kat unéneoe oty minpuédeia ou apbpou 510 map. 1 otoiy. E KIIA.
Eropévag o ard ) didtagn auvt SeUtepog AOyog g avalpeoeng eivat BAotpog Kat yU auto MPETet va yivel Sextr) 1 Kpvopevn aitnor), va avaipeBei £ 0AokAnpou 1 &g
ave anopaor Kat va napareppOei (apbpo 519 KIIA) n undbeon yia véa oudnon oto i610 ikaotrpto, CUYKPOTOUPEVO ard dAAoug S1KaoTEG, EKTOG AId EKEIVOUG TOU
SiKacav MmponyoupEvag.

TIA TOYZ AOTOYZ AYTOYZ Avaipei v 3652/2006 arogpaon tou Tpipedoug Egeteiou @eooadovikng. Kat Iaparépret v unobeon ya véa oudrnon oto idio
81kaotrp1o, 1o oroio da cuykpotnBei and addoug S1kaotég, eKTOg arnd ekeivoug rou dikacav nponyovpévag. Kpibnke kat anogaociodnke owyv Abrjva oug 30 Arnpidiou
2008. Kat Anpootetbnke oty Abrjva, oe dnpooia ouvedpiaon oto akpoatr)pio tou, oug 2 Iouviou 2008.

O ITPOEAPEYQN H TPAMMATEAY

C.1.2 Test case -3

° ATTOPPLUITIEL TIG AL OELS AVAIPEOERS G arapadeKteg, §10TL orpePovial
Kata Bouleupatog rou Sev EMITPEIETAL AVAIPEDT) KAl 1] Heutepn yla tov eriripooHeto Aoyo ot a-

oknOnke pe SnAmor OTov 10ayyeAed TOU APELOU ITAYOU, X®PIG VA CUVIPEXEL VO TEPUTIROT).

e Generated Summary: aroppuIIETtal 1 AltOn AVAPEO0ERS, KOS AVUIIOOTPIKT), AOY® I

apaotacng Tou KANTEUOEVTIOG AVAPETEIOVIOG.
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C.1.2 Testcase -3

API®MOZX 1345/2008

TO AIKAZTHPIO TOY APEIOY ITATOY

ZT TIOINIKO TMHMA - ZE XYMBOYAIO

ZuykpotiBnke ano toug Aikaotég: Iedpylo Zapavivo, Avurpdedpo Apeiou ITayou, Baoideio Aukoudn kat Avépéa TooAwa - Ewonyntr, Apeonayiteg. Me tnv napouvsia
Kat ou Avietoayyedéa tou Apeiou Ildyou Baoeiou Mapkr) (yiati k@Avetat o Ewoayyedéag) kat g Fpappatées Medayiag Adgou .

Zuvrdbe oe ZupBovAto oto Katdoupd tou oug 4 AskepBpiou 2007, mpoxepévou va arogavOet yua v aitnon g avaipeoeiovoag - katmyopoupévng X1, mnou dev
Tnapaoctddnke oto oupBoUAto, Tepi avaypéoewg tou urt apdp. 275/2007 Bouldevpatog tou ZupBoudiou Egetov ABnvav. To ZupBoudio EQetov ABnvev, pe 10 o ave
BouAeund tou Siétade doa AErTTOpEPGOS avaPEpovtal ¢’ autd, Kat 1 avaipeceiouoa - Katnyopoupevn {ntet twpa tv avaipeor) tou Boudeupatog ToUTou, yia 1oug A0youg rou
avapépoviat otig and 3 kat 8 Maptiou 2007 attrioeig g avaipEoE®S, Ol OIOIEG KATAaX®PIoTNKaV 010 01KEl0 MVAKIO pe Tov apdpo 426/2007. ‘Enetta o AvieioayyeAéag
ou Apeiou ITayou Baoidelog Mapkrg ewonyaye yia kpion oto ZupBouAto ) oxetikn Sikoypagia pe mv npdtacr) tou Avieloayyedéa tou Apeiou ITayou Ztédou kpodou
e apOpo 274/29.6.2007, oy oroia avapépoviat ta akodouba: Ewodyw, oupgeva pe to apbpo 476 nap.1 K.ILA.: a) v unap®. 64/8-3-2007 aitnon avaipéoeng
g Katnyopoupévng X1, n oroia aoknfnke oto 6vopa Kat yia Aoyaptaopo g and tov diknyoépo ABnvev Iedavvn Bapoutd, duvapet g ano 5-3-2007 nipocaptnpévng
oy aitnon Kat Vopipeg dempnpévng £50uotodotr)oemg Kat oTpePetal Katd tou unaptd. 275/2007 Boudevpatog tou ZupBoudiou Egetov ABnvav kat B) v aro 3-3-
2007 tautéonpn aitnorn) g id6ag avaipeoeiovoag X1 npog tov Etoayyedéa tou Apeiou ITayou, yia avaipeon erniong 1ou avetépe vrap®. 275/2007 Boudevpatog tou
ZupBoudiou Egetov ABnvov, exkBéto 6e ta akodouba: Katd t) didtagn tou apbpou 463 K.IT.A. £vB1ko €00 PIOPei va aoKroel POvo eKeiVOg TIOU 0 VOROG Tou Sivet
pntd auto 1o Sikaiopa, kata de 10 apbpo 476 map.1 tou idou Kwbika, 10 £vB1ko NECO aroppirntetal g anapadeKto, eKTOG TOV AAA®V MEPUTIOCEDV ITIOU avadEpoviat
ot Siatagn aut Kat 6tav acknOnke evavtiov Boulevpatog, yia to omoio dev rpoBAéretat. EZaAAou ano ) Sidtagn tou Gpbpou 476 map.2 tou autou wg dve Kodika,
TIOU TPV aro v tpororoinor g pe o apbpo 38 N. 3160/2003 6pide Ot "Katd g aArnodaocng 1 ©ou PouleUpatog Imou aroppirtet 1o éviko 11€00 G anapddeKto
EIUTPETIETAL POVO avaipeon™ Katl Petd v ev Adym Tpororoinon analeipbnke n @pdaon "1 tou Poulevpatog”, mpokurtet ot ev mpoBAénetat TAéov avaipeon Katd tou
Boulevpatog rou aroppirttet 10 £v81Ko péoo wg anapadexto (Al 776/2006, AIl 297/2006). Ipénet oto onpeio autd va toviobei 6t i avetépe diatadn tou apbpou 476
nap.2 K.ILA., rou, petd v avukatdotaor) g pe to apbpo 38 N. 3160/2003, mepiopilet 10 S1KaiOHa AOKI0EOSG AVAPECERS EVAVIIOV BOUAEUNATOG IOV ATOPPIITIEL TV
£Qeon WG anapddextr), oupriopevetat pe ta apbpa 4 rap.1 xkat 20 nap. 1 ou Tuvtaypatog, adou oUte Avior pUBNIOT MEPEXEL, TTOU VA CUVENAYETAl SUOHEVT| PETaXeiplon
oplopévav Sladikev, oute otepet tov S1ad1ko ard 1o dikaiopa rapoxng évvoung npootaciag ano ta dikaotrpla, §00£viog padiota Kat 1ou 0Tt 0 KOwog vopoBEng Sev
uroxpeoUTal arno to uviaypa va deortider £vika péoa Katd TeV arnopAcem@v Katl, ®§ €K TOUTOU, 0 51a81kog propet kat ogeidet va urodoyidel, katd v ekdikaon g
UroBEcemg Tou, OTt eivat evBexopevo 1 péAdouca va exdoBel anopaon va pny UNOKetat oe £v8ika PEca, Mapd 10 YEYovog OTL AUTA ETUTPETIOVIAY KATA TNV £vapgn Kat Katd
m Sidpketa g dixng (1) tng rowikng Siwgeng). 'Omnou kpibrke avaykaia n KabEpwon ev8ikou NECOU UITPEE P AMOTUTIROT) TG BOUANCERS TOU GUVIAKTIKOU VOROoBET
ne g e1d1kég npoBAéyels v apbpav 95 nap.1 Blavaipeon teAeoidikov aroPpacewy oV S10KNTKOV Sikaotnpiov yia uvrnépBaon e§ovoiag 1 napdBaon vopov) kat 96
map.2 Zuviaypatog (Egeorn oto appodio tTaKKoO S1KACTP10 KATA TOV AMOPACEMY AOTUVOHIKOV apXOV KAl apX®V aypotikyg aopdaletag). Aev etvat Se aviibeteg ot avatépe
Slatagerg ovute kat rpog 1o apbpo 6 map.1 g ETAA, rou katoxupmvel v apxn g dikaing 8ikng, ano v oroia §ev ouvayetal UMOXPE®OT) Tou €BVIKOU vopobEtn yia
KaO1pwor evBikev péowv, addd oute Kat oto apbpo 26 Tou ZUVtaypatog, 1o oroio kadiepavel v apxn g dlakpioens v egouoiav (AT 1486/2005). Sty npokeévn
Tepirmwon arno ta éyypaga g Sikoypadpiag, ta ornoia erurperttmg ermokoret o Apetog ITayog yia v £pguva Tou napadeKTtoU g atijOEng avalpEoE®s, IIPOKUITIOUV Ta
£¥ng: To Tpuedég MAnppedeiodikeio ABNveV pe my unap®. 8969/7-2-2005 andgaot) 10U KAPUSe £voxn v avaipeoeiovoa katnyopoupévn X1 yla ug rpdgetg mg
napaBdaoewg tou N. 2971/2001 xat tou N. 1337/1983 kat ng enéBale cuvoAikr] mowvr| @uAakioemg evog (1) £toug kat tplav (3) pnveov. Kata mg anodaceng avtig n
avaipeoeiouoa AoKNoe £Qeot), 1) oroia KnpuxOnke anapddektn pe to ripooBaddopevo vrap®. 275/2007 Bouvdeupa tou Zupboudiou Egetov ABnvav. Katd tou og ave
opeg Boudevpatog Sev erutpéretal, cUPPEvVa He ta rpoektedévia, va aoknOet avaipeon. Me ta ebopéva autd kabiotatat pavepd 6t 1 avaypeoeiovoa AOKNOE avaipeon
Katd Boulevpatog, evaviiov tou ornoiou dev empénetal va aoknOei této1o évéiko péco, dnAadl) AoKnoe I EMMIPENOREVO oAUty évBiko péco. Enopévag ot Kpvopeveg
AUTOELS avalpéoemg TPENEL, KATEPappoyr) mg diatagemng tou apbpou 476 nap.1 K.ILA., va anoppipbouv og arnapddekteg Kat va katadikaobei n avapeosiovoa ota
Sikaoukda £§oda. Avegdptmra ané autd 1 and 3-3-2007 aitnon avaipéoens, mou acknonke pe dndwon otov Eloayyedéa tou Apeiou Tayou, mpérnet va anopptdpbei og
anapadextn Kat yla v §rg emrpoodeto Adyo: Ano ug datdgels v apbpwv 473 map.2 kat 474 mnap.1 K.IL.A. POKUITEL 6T, KATA YEVIKY) apX1], T Aitnorn avaipioens
aokeital pe 61nAwon 1ou Sikaloupévou §1adikou evoriov twv 0plopévey aro v teAeutaia opyaveyv, ota oroia dev nepdapBavetat kat o Ewcayyedéag tou Apeiou ITayou.
H kate§aipeon doknon avaipéoeng pe Sndmon mou erudibetat otov EloayyeAéa tou Apeiou Tlayou propei va yivel pévo evavtiov KatadikaotkAg arnopdcens, ot 8e kat
evavriov ortotacdrnriote AAAng, 1 oroia dev £xel autov tov xapaxktpa (Al 578/2005, AIl 295/2001), onwg eivat Kat 1) anopaor), e v ornoia anoppirtetat, 1 £peon
g arapadektn, npdypa rouv oupBaivel otnv Kpvopevn unodeor.

I'A TOYZ AOTOYZ AYTOYZ Ilpoteive: A) Na aroppipbouv og arnapadekteg: a) n urap®. 64/8-3-2007 aimon avapéoeng g X1 katd tou vriap®. 275/2007
Boulevpatog tou ZupBoudiou Egetov ABnvov kat B) n and 3-3-2007 tavtdonun aitnon g idlag avaipeoeiovoag X1 mpog tov Etoayyedéa tou Apeiou Ilayou, yua
avaipeon ertiong U avetépe unap®. 275/07 Boulevpatog tou ZupBoudiou Egetov ABnvov. Kat B) Na katadikaobei i avaipeoeiovoa ota dikaotikd £§oda. Abrva,
9-5-2007

O Avteloayyedéag tou Apeiou ITayou Ztédiog K. Tkpogog Apou dkouoe tov Avieloayyedéa, Iou avadepOnKe oty Mapanave e10ayyeAKr) potaoct Kat £MEtd arnoxopnoe,
SKEDPOHKE TYMPQNA ME TO NOMO EIIEIAH, cupgaeva pe ) Sidtagn tou apbpou 463 8. a’ tou Kodika IMowikng Aikovopiag "év61ko péco Umopet va aoKroet Hovo
£Keivog, IOV 0 VOpOG Tou Bivel prtd auto to Sikainpa™. Enopéveg, av pe kanowa diatagn kabopifoviat opiopéva npdomrna, og dikaiovpeva, £§ aviidlaotoArg MPOKUITEL
ou Bev Sikatovvtat kat dAda, pn pvnpoveuspeva npooerna. Iepattépm, katd 1o apbpo 476 rmap. 1 twou idou Kadika, 1o évBiko péoo anoppirtetal og anapadexto,
£KTOG TV AAAGV MEPUTIROEDY IOV avagépovtat ot Sidtagn auvtr) Kat otav aokronke evaviiov Boudevparog, yia to oroio dev npoBAénetat. E§aAdov, ano ) didtagn tou
apBpou 476 mnap. 2 10U autov wg dve Kodika, rou mptv arno v tporonoinot) mg pe 1 dpbpo 38 tou N. 3160/2003 6pide ot “"Katd g anopaong 1) 1ou Boudevpatog
TIOU AItoppirtiet 10 £vH1Ko PECO @G anapAdeKTo EMMTPEMETAl POVO avaipeon)” Kat PHETA v eV AOY® TPOITOIoinor araleipOnke n gpdaoct 1) Tou BOUAEUPATOG”, TIPOKUITIEL OTL
8ev mpoBAénetat rAéov avaipeon Katd 1ou BouAeUpatog Tou anoppintet 1 £véiko n€co wg anapadekto. Lto onpeio autod mpénet va AexOei ou 1 nmapandave diatagn tou
apBpou 476 nap. 2 K.ILA., rou, 6nwg orpepa 10XVEL, MePLopidel 1o Hikaiopa aoKroems avalpEoemg Katd 1ou BOUAEUNATOG TTOU ATTOPPIITIEL TNV £PEoT OGS anapadextr,
&ev avtikertat ota apbpa map. 1 kat 20 map. 1 tou Zuvtdypatog, apou dev repiéxetl aviorn pubutor, rmou va cuvernayetat uopevr) petaxeipion kanowwv dadikev, aAl’
oUte otepei Tov 61A81K0 arnd 1o Hikaiepa Napoxng évvoung rnpootaciag ano ta dikaotpia, adov paiiota Kat 0 Kowvog vopobétng dev uroxpeoutat ano o Zuviaypa va
Yeormidel £vOika péoa Katd twv arodpacemv Kat, @g €K TOUToU, 0 81adikog propei kat opeilet va vrodoyidet, Katd v ekdikaon g VMOBECEDS TOU, 6Tt givat eviexOpevo,
1) anépaor) mouv mpoKettat va ekdoOei va pr ripooBaddetat pe £vika péoa, mapd to Yeyovog 6Tt autd rTpénoviav Katd my évapdn kat katd ) Stapketa g dikng (1) g
TOWIKAG S1fewg). ‘Orou kpibnke avaykaia 1 9€oruorn £vEKoU PECOU, UIPEE PITE 1 AMOTUTIROT TG BOUAT0E®G TOU OUVIAKTIKOU VOROBE He TG e181kEG TPoBAEWELg
v apbpaev 95 map. 1 B’ (avaipeon tov tedecibikev anopacemv v S101kNUKOV dikaotnpiev yia unépbaon e§ouoiag 1 napdBaor vopou) kat 96 map. 2 tou Tuvidypatog
(épeon oto appod10 TAKTKG H1KACTIPI0 KATA TOV AMOPACEGY AOTUVORIKGOV apX®v KAl apX®v aypotikig acpdletag). Aev eival e aviiBeteg o1 avatépn Siatddelg oute
Kat 1mpog 1o apbpo 6 rmap. 1 g EXAA, nou katoxupmvel v apxn g dikaing dikng, amoé v omnoia Sev cuvayetal UMOXPEwor) Tou eBvikou vopobitn yia kabiépwon
£vBIK®V Péowv, addd oute kat oto apBpo 26 Tou ouvtaypatog, 1o oroio kabiepovel Vv apxn g dlakpioens tov efouoiov. TEdog, and ug datdgels tov apbpav 473
map. 2 kat 474 nap. 1 tou Kodika Iowikrg Aikovopiag ouvayetat 0tt, Katd YEVIKI) apxt), 1) aiton avaipéoemg aokeitat pe 8rieon tou ikatoupévou diadikou evoruov
WV opyavev rou opifovtat and myv tedevtaia g ave dtdtadn, petady v ornoiev dev meplapBavetat kat o Etoayyeleug tou Apeiou ITayou. H kat e§aipeon aoknon
avap£oeng pe drdeon mou ermbidetat otov eloayyedéa tou Apeiou ITayou propet va yiver povo evaviiov KatadikaotKg aropacens, oxt 8e Kat evavtiov ornotacdrrote
GAAng, n oroia Sev éxel autdv Tov Xapakinpad, 0TS eival kat n anoépaon, pe v oroia anoppintetatl n épeon wg anapadextn. Ev mpokepéve, and ta éyypapa
mg dikoypagiag, ta oroia ermMIPEnTRg erokonovviatl ard v Apeto ITayo, yua v £pguva 10U mapadektoy g AlNOERS AVAPECERS, TIPOKUITIOUV ta akodouba: To
Tppedég MAnppedetodikeio ABnvav, pe v 8969/7.2.2005 anogpaot) tou, KNpuge évoxn v avaipeceiovoa katnyopoupévn X1 yia ug ripagetg mg napabaoens tou N.
2971/2001 kat tou N. 1337/1983 kat g enéBale ouvodikn) mowvr) QUAaKicemg evog £1oug Kat TV pnvav. Katd g anogdcsmg avtig, 1 avaipeosiovoa aoknoe
£@eor, 1) oroia KnpuxOnke arapadextn, pe o 275/2007 Bovleupa tou Zupbouldiou Egetdv ABnvav, Katd Tou oroiou 1 KatyopoUREV AOKIOE TG KPIVOHEVES AITI|OEIS
avalp£oens. TUPPeVA, OPKS HE 60a avapépovial Maparndve ot peifova orEWn, Katd 10U wg ave Bouleupatog dev errpénetal va aokndei to £€v81Ko pEoo g avalpLoens
KAl EMOPEVAG, Ol KPIVOHEVES ALIOEIS AVAPECEDS, IOV ouvekdikagovrat, Adym g petady toug rnpodndng cuvageiag, MPEMel, KAt epappoyr) g datddeng tou apbpou
476 nap. 1 tou Kadika Iowikng dikovopiag, va anoppipbouv wg anapadekteg kat va katadikacbet n avaipeoeiovoa ota dikactika £8oda (Gpbpo 583 map. 1 KIIA).
Avegaptna ard autd, n ané 3 Maptiou 2007 aftnon avaipéoemg, n ornoia acknBnke pe dndwon mpog tov Ewoayyedéa tou Apeiou Tayou, rpérnet va anoppidpbet wg
anapadextr), apou cUPPEVA HE Ta aVRTEP® EKTIOEPEVA, AOKNOT avalp£oens pe dndmor, ermmdidopevn otov Elcayyedéa tou Apeiou Ilayou propet va yivel povo evavtiov
KATASIKACTIKIG ArOPACERG, IEPIITIOOT] MOU BEV GUVIPEXEL EV IIPOKEIHEV®.

T'IA TOYZ AOT'OYZ AYTOYZ AIIOPPIIITEI a) v 64/8.3.2007 aitnon avaipéoeng tng X1 katd tou 275/2007 Boudevpatog tou ZupBoudiou Egetdv ABnvev kat ) tv
a6 3.3.2007 tautdonun aitmon g i6lag avaipeoeiovoag X1 rnov aocknonke pe Sndeor) g rpog tov ewoayyedéa tou Apeiou Iayou yla avaipeon eniong 1ou avetépe
275/2007 Boulevpatog tou ZupBoudiou Egetov ABnvov. Kat KATAAIKAZEI v avaipeosiovoa ota Sikaoukd ¢§0da, ta omoia avépyoviat oto mooo twv diakooiov
eiroot eupo (220€). Kpibnke kat anogaoiotnke oty Abrjva ot 14 Maptiou 2008. Kat, Ex666nke oty Abrjva otig 20 Maiou 2008.
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Appendix C. Summaries Examples

C.2 Extractive Summaries

C.2.1 Testcase-1

LexRank algorithm

TO AIKAZTHPIO TOY APEICY MATOY

7' MOINIKO TMHMA

ZEuykpotBke ano toug Aikaotég Mprydmo Mayahn, Npoebpedovia Apeonayitn (kuwuopévou tou Avinpogdpou tou Apelou Ndyou Mxanh Aftan), wg apraidtepo pétog mg ouvBéoewe,
AhéEavbpo Nuedxn (opioBevia pe v un’ apiBy. 30/2008 npaén tou Mpogbpou tou Apeiou Ndyou) - Eionyn, Seobwpa Mkaiv, Avbpéa Tooha (opuoBévia pe ty un' apiBy. 44/2008 npakn tou
Npoebpou tou Apeiou Nayou) kat EAeuBepo Makhio, Apeonayitec,

T wviABe gt dnpéma ouvebpioon oo Katdompd tou oug 9 Anpikiou 2008, pe Ty napoudia tou AvtewsayyeAéa tou Apeiou Mayou Zréhou Mkpalou (narl kwhderal o Eoayyeréac) kal g
Tpapparéwe Xpiotivag Zrauponohou, yia va Swdoe: Ty ainon Twy QvaipesaidvTwy - katnyopoupévwy: 1. X1, nou eknpoctwniBnke and toug nAnpetoustoug diknydpoug tou ABavdmo
Zaxapiabn kot Evardfio Medron kal 2. X2, nou eknpogwnnBnke and tov minpeEoloio Siknydpa tou ABavamo Zaxapiadn, nepl avaipéoewe g 3652/2006 anopdoswd Tou Tpipehols Epetelou
Beaoahovikng, Me nodmkwe evayovta tov W1, Sinyopo, nou napaotddnke autonpogwnwg,

To Tpiwehéc Egetelo Beooakavikng, pe v wg dvw andoacr tou GiEtake doa Aemmopepwe avapEepovial o’ auth, kal ol avaipeoEioves - katnyopolueval {ntody Ty avalpean Qutig, yia Toug
Adyour nou avagépovtal atny and 3 AekepBpiou 2007 ainon toug avaipéaEwe, n onola kataxwplotnke oo oikelo Mvdkio pe tov apiByd 2086/2007.

A ol arouge Toug nAnpetodmoug Binydpoug Twy avaipeaEIavTLY, KaBLg Kal Tov NoATIKLG EvayovTa Je Ty BidtnTa tou Swnydpou, nou {ftnoay 600 avapépavial aTa OXETIKA NPaKTIkd
ka1 Tov AVTELoayyeNE, nou npdtewe va yivel Sextd n npokeipevn afnon avalpeong,

ZKEDOHKE TYMPONA ME TO NOMO

H abénown npdén e duspnyhoewe nepibapBdvel, clpguwva pe to dpBpo 362 MK, avikepEKLE ue Tov und tou bpdatn wxupiopd evamiov tpitou i &idboan e onolobrinote tpono ya
kdnoigv didov yeyovdtoc, Suvayévou va BAdwe! Ty Tpd A Ty undAnyn autod unokelpevikas Be T yviwaon tou Spdotn, éu o axupi{suevo f Safibdyevo yeyovag eval kardAAnko va BAAWEL
TV T A TV undAnyn aikou kal ) BEdnan dnuwe wxuploBel eviuniov Tpitou f Suabuiozl to tiodto BAantkd yeyovde, EEGNAoU, wa T otoweBETnon e und Tou dpBpou 363 Tou biou
ktbika mpoPenopévne afignong npdkewe te oukopavikAg duspnuhoews anaieital, eni nAéov Twv avagepBeEvTIv oToEILY, Gnwe To we dvu yeyovde, To onolo wxupioBnke A hiEbwae
o dpaatng, elval weubés kol autag va TeAEl o yvwan g avadnBeiag tou. O wxuplopse f n Sidboan Tou buopnuatikod yeyovdtag, pnopei va yivel ka1 ia Tou tinou, onéte undpxel via Toug
unzuBivoug tou evtigou Eyknpa ankic f oukopavtikdc buoprunang &ia Tou Tinou, To onalo, perd Ty katdpynon pe To dpBpo povo Tow N, 2243/1994 (nou woxdel and tng 30.10.1994) Hhuwv
Twy bty nepl winou Biatdfewy, ouvteAeital and g ibies akpiBwe npolnoBeoeic nou anamodvial ya v ani kal cukogavtik dusgAunan. Iy npokelévn neginTwan, pe Ty
npooPahhapevn andadn, onwe e£ autr; npokdntel, To Toiehés Epeteio Beooaovikng knpuEE EVOXOUC TOUC QVQIPETEIQVTES, V1A T0 0T1 0T ..... OTLC ... LOXUpioTrkay yia dNhov EV yWwoEl
Toug weubéc yeyovde nou pnopolos va BAdwel Ty T kot undhnwn tou. I uykexpipéva o pev X1 we exbotng ka BieuBuvtic tng epnueplac ... - .., mow kukAopapnae ot ..., 0 68 X2, we
OUVTAKTNE TNG Ev Adyw epnuepibag kataxwpioav dpBpo oto @OMo TC ..., 010 onolo avagépovtay on “undpxouy nokAd Epwnuatkd yia T npuny biolknan tou Aduou ..., kaBg xabnkay
330,000 eupt ya 1a oxoAgia T ....., N nponyoupevn biolknon tou Afpou ..... ElTEnpakE ta xprApata NpokeEwEvou va kahde g Asmoupyikéc avayked Twv axoheiwy Tg neploxic, nhny duwe
Gev 1o énpafe yia o Erog 2002°, Me Tov tpdno autd dpnvay va yivel Sektd pe ) Aoy Ao eykah Y1, we ARpapxoc ....., To Biaapa and 1.1.1998 &wg 31.12.2002 bev biEbeoe o nood
Twy 330,000 Eupw yia TIC oxoAKEC QVAYKEG TG NEpIPERELRS Tou Aol .... To étag 2002, pohové autd eixav elonpaxBei yia to Adyo autd. Ta doa be unootipibay oto npoavapepBév apBpo
K0l unéngoay oty avtinwn Tou avayvwarikod kowal g v Adyw epnuepibar frav ev ywwoel toug wewbn, kafwc n ahiBaia ftav 6t o eykahiv pe v npoavapepBeion lidtra ou Siédeoe
ahata kovbihia nou b80nKkay ato Afpo..... yia I oXoMKEC QVdyKEC TN NEPIPEPEIDG ToU, Xwplg va apAoel pépoc autiv abiaBeto ka1 pnopoloay va EM@EpOUY pEiusan atny Tph kol undnwn
Tou eykahadvroc, kaBu frav avtiBera oy eunpéneia kal nfur’. EEdAou, o Epetelo amodoyuwvrag T katadkaotik tou kpion, SiEhafe ato oxentikd T anopdoewd ot and ta
E£xTIBEPEVa 0’ auTd npayuatikd neplotatikd nidpwe anobeix@nkay ta katd To viuo otoixla yia Ty oToelnBETon T avTkewEvIKTC Kal UNoKEWEVIKAC undataont enl anobibapevnc otoug
KaTnyopoupgvous npdkng e anig Suagrunang Gia tou tinou kai npenelva knpuxBoly évaxol kard to Slataktikd. E 1ol Gpuwe Gev npoklnTE gaqig Kol oplopéve wia noia afidnonn npdtn
katebikaoe to epeteln toug avaipeaeiovteg, dndad v aut me anddg Suopnunoew f vid exelvn T oukopavtikic duopnuioewe,

Euventwe kabioraral avEQIKTOg 0 akUpWTIKAE EAEYXDC, Qv OTny NpOKEWEVN NEpinTwan Ta und tou bikdoavtog dikaotnpiou yevbusva bextd nepioatikd, kard Ty nepi npaypaTwy avekeykTn
kpian tou, unfxBnoav opBuc r 6x1 oto vauo kal éxol n npoofaliduevn andpaon, Ayw g asdgeias authc, otepeital vopipng Baong kal unéneas oty nAnupérsia ou dpBpou 510 nap. 1
oo, E'KMA. Enopéviwg o and tn &idtaln aut Sedtepog Adyoc e avaipéoews eival fmpog katy' autd npénelva yiver Sexr n kpwwauevn aitnan, va avapeBel £ odokhdpou n we dvuw
anopaon katva napanepoBel (apBpo 519 KNA) nundBeon wa véa oulfitnan oo ibio Sikaatripio, ouykpotodyevo and dlhoug Sikaatég, ektag and exeivouc nou dikaoav nponyoupévwe,

T& TOYZ AQTOYZ AYTOYZ

Ayaipei v 3652/2006 andpaan tou Tpweholt Epereiou Seooakovikng Kal

Napanéunel my unaBean ya véa aulfitnan oto ibio bikaompie, o onolo Ba ouykpotnBel and aMoug Sikaatés, ektd and exsivous nou dikaoay nponyoupEvwe,
KplBrke ka1 anogacioBnke oty Alrhva i 30 Anpthiou 2008, Ko

AnpomedBnke oy ABrva, oz bnpdoa ouvebpiaon oto akpoatipid Tou, amig 2 louviou 2008,

Figure C.1. LexRank algorithm on test case 1.
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C.2.1 Testcase -1

Biased LexRank algorithm

TO AIKAZTHPIO TOY APEIOY MATOY

7' MOINIKO TMHMA

T uykpotriBnke and toug AkaoTéc: [pnyopio Mapaln, Mpoedpedova Apeonayitn (kwhuopévou tou AvtinpoeBpou tou Apeiou Mayou Mixanh Aétan), we apxaidtepo péhog g ouvBéoewe,
AhéEavbpo Nuedxn) (opiaBévea pe Ty un' apiBy. 30,2008 npdfn tou Mpoédpou tou Apeiou Ndyou) - Eionyntr, Seobwpa Mkdivn, Avbpéa TodMa (opioBévra pe Ty un’ apiBy. 44/2008 npdkn
tou Mpoédpou tou Apeiou NMayou) ku EeuBépio MaAhio, Apeonayiteg,

LuviitBe ot dnudma ouvebpiaan oto Kardotnpd tou oug § Anpiiou 2008, pe Tv napouaia tou Avizioayyeréa tou Apelou Mayau Iéhou MkpdZou (wari kwhietal o Eoayyehéac) katng
Tpapparéwe Xpiotivag Etauponodhou, yia va SIkAoel Ty aftnon Tw QvaipEoEIdvTwy - KaTnyopoupévwy: 1. X1, nou exnpoawnrBnke and Toug nAnpetoudioug Biknydpout Tou ABavdmo
Fanamabin ka1 Euvotafho Mkdron kot 2. X2, nou exnpoownnBnke and tov mnpefolon Swnydpo tou ABavamo Zaxapadn, nepl avaipéoewe tg 3652/2006 anopdoews tou Tpipehotc
Eqereiou Geooahovikne, Me nohmkwe evayovta tav W1, iknydpa, now napactdfnke autonpoowni,

To Tpiweéc Epetelo Beooakovikng, pe v we dvw andpaar tou GiEtake doa Aemmopepwc ava@EpovTal o QuTs, kal ol avaipeoeiovies - katnyopoluevol {tolv tny avaipesn autic, yia Toug
hayout nou avagépovtal oy and 3 AekepBpiou 2007 afmon toug avaipécewe, N onola kataxXwpiomke oo okelo Nvako pe tov apBpa 2 086/2007.

Aol dkouoe Toug nAnpeEoloouc BiknyOPOUE TwWy avaipeaEavTwy, kaBug kal Tov noAmkwe Evayovea pe v ibidtnta tou biknydpou, nou iftnoay doa ava@épovial oTd oXETIKA NpakTikd
ka1 1ov AviEioayyeNE, nou npdtewve va yivel bektd n npokeipevn aftnon avalpeong,

IKE@OHKE IYMDOMA ME TO NOMO

H abénown npdén e duopnyhoewe nepitapBdvel, olp@uwva pe to dpBpo 362 M.K., avikeLEVIKLWE BE Tov und Tou bpaan wxupiopd eviniov tpitou | Sidboan ue onowfrinote tpdno yia
kanoov aiov yeyovatoc, Suvayévou va BAGwe Ty Ty A Ty undhnyn autod unokepevikag Be ) ywion tou Spdatn, du o wxuplppeva f fafibopevo yeyovog evar kataAAnko va FAawe
T T A Ty undAnyn dhkou kai T Béinon dnwe xupuoBei eviniov tpitou A Siabuoel to towodto BAantiké yeyovde. EEANAoU, yia tn atowenBénan g und tou dpBpau 363 tou biou
ktbika npoPAenopévne akignowng npdEewe e oukopavtkAg Susonuioews anaieital, eni nAgov Twv avapepBévTuv oTolxiu, Gnwe To we dvu yeyovde, to onolo \oxupioBnke A biEbwoe
o dpaatng, elvar yeubes kaautde va tekei o yvwaon g avadnBeiag tou. 0 wxupapde i n fidboon tou Suopnuankod yeyovdtoc, pnopei va yivel kal fia Tou Tinou, oNATE UNAPKEL yia TOUG
uneuBivou tou evtiyou éyknpa ankng i oukopavtikds Susgrpnan Sia tou Tinou, o onoin, pErd T katdpynon pe 1 apfipo péva tou N. 2243/1994 (nou woxveL and trg 30.10.1994) Ghwv
Twy ety nepl tinou Siardfewy, ouvteAeitar and g ibieg akpip; npodnoBeoei; nou anatodvial yia v anii kal ouko@avtik duggrAunan. Iiny npokawévn nepinTwan, PE Tv
npooBadapevn andpao, onwe e autig npokdntey, to Towehes Epetein Beooahovikng kpubE EVOXOUG TOUC QYQIPECEIQVTES, Y10 10 OT1 "0TH) ... T ... .OXURIOTNKQY yia dKhov eV yWOEL
Toug eubEc yeyovac nou pnopolos va Fhawen Ty T katundAnw) wou. Zuykekpipiva o pev X1 we ekbomne ko SievBuvig i epnpepibag.....- ., nou kukhogopnae ot ..., o Ge X2, wg
ouvtdkng tng &v Adyw eqnueplba kataxdpioay apbpo oto @UQ T ..., ato analo avapépaviay du "undpxouy noAd epwinuatkd yia Ty npwny diolknon tou Adpou ..., kaug xaBnkay
330,000 eupt yia 1a oxoAgia T ....., N nponyoopeyn Biolknon tou Afpou ..... Ei0ENpatE Ta XprpaTa NPoKEWEVOU va KaAWEL T AETOUpYIKEG QVAYKEG TwY OXOAEIWY TG NEPLOXAG, MAny Opweg
fiev 1o enpafe yio  Etog 2002". Me tov Tpdno autd dpnvay va yivel Sektd pe Aoyl on o eykakiv Y1, we Ajpopxog ....., T fidampa and 1.1.1998 éwe 31.12.2002 bev fizBeoe 1o nood
Twv 330,000 £upt yia T, oxoMKES QVAYKE TG NEPIPEPELQC Tou Afpou ... To £1og 2002, pahové autd eixav eionpaxBel yia to Adyo autd. Ta daa be unootimav ato npoavapepBév appa
ka1 unéneoay otny avtiAnn Tou avayvwarikod kowol tg ev Adyw pnuepiBac frav ev ywwoel Toug wewds, kabc n adBaa fitav én o eykahwy pE Ty npoavapepBeion it Tou
fiéBeoe oha 1 kovBiihia nou GoBnkov oto Afpo .... yio g oxohikER QVAYKES TG NEDIPERELE TOU, Xwpic va agnoel pépo autdy abidfeto kal pnopodoay va ENpEpoUY PElwon oy Tpr kot
undhnyn tou eykadalvtoc, kaBuwe frav aviiBera oty eunpéneia ket nBikd”. EEaou, to Epeteio amohoywyvrag my katabikaatikn tou kpion, BigAafe oto okentikd T anopdoewe 6tiand ta
E£xTIBEPEVa o' auTd npayuatkd neplotatikd nhApwe anobeix@nkay Ta kard To vouo otoixela yia Ty otoelnBETan T avTikeEvIkr KAl UnokeWEVIKT; undataont enl anobibapevnc otoug
Katnyopoupevous npakng g ankig Suagiunang ia tou tinou kot npenetva knpuxBody Evaxot kard to Siataktkd. Eto puwe Gev npokdnTe capiwc Kol oplopevwe yia noia afinown npatn
katebikaoe to epeTelo Toug avatpeaeiovteg, Snhadn v autr e ankAg Suopnpnoewe f yia exelvn TG oukopavtikic SuopnufoEwe,

Tuventwe kablotatal aveQIKTog o akUpWTIKGE EAEyXDC, av oTny npokewévn nepimwan ta und tou bikdoavtog dikaotnpiou yevbueva bextd nepiotatid, katd Ty nepi npaypatwy avekeykTn
kpian tou, unixBnoay opBuc ) 6xi oo vopo kal Exol n npooPaldduevn andgaon, Adyw g aod@Eewas authc, otepeltal voppng Baong kot unéneoe oty nhnupélaa tou dpBpou 510 nap. 1
oo, E' KA. Enopévg o ano tn &idrafn au Bedtepog Adyag e avaipeewe eival fampog katy autd npénet va yive Bextr n kpwvopevn aitman, va avaipeBel ef ohokhipou n we dva
andmaan katva napanepoBel (dpBpo 519 KNA) rundBean yia véa oulfitnan oto ibio Sikaotpio, ouykpotodyeva and aloug Sikaotés, ektdc and exeivous nou Sikacav nponyaupévwe,

T4 TOYE AOrOYZ AYTOYZ

Avaipel tv 3652/2006 andgaan tou Tpweholc Epeteiou Beooahovikng, Kat

Napanzunel v unaBean wa véa aulfjnan oto ibio Sikaotgio, o onoio Ba ouykpotnBel and aAoug Bikaatés, ektdg and exsivous nou Gikaoay nponyoupEvwe,
¥, pifinke ka1 anopaoiofnke oty ABqva onig 30 Anpriiou 2008, Kat

AnpoaiedBke oty ABrva, ot Snpdma auvedpiaon ato akpoatipio Tou, ang 2 louviou 2008.

Figure C.2. Biased LexRank algorithm on test case 1.

Diploma Thesis 171



Appendix C. Summaries Examples

C.2.2 Test case -3

LexRank algorithm

TO AIKAZTHPIO TOY APEIOY MATOY

IT NOINIKO TMHMA - ZE EYMBOYAIO

TuykpoTABnke and Touc Akagtéc Mewpyo Zapavive, Avtinpdsdpo Apziou Ndyou, Baofheio Auko0bin kat Avbpéa Tadhia - Etanyntr, Apeonayite,
Me v napousia kat tou Avteioayyeréa tou Apeiou Mdyou Baohelou Mapkr (nati kuhdetal o Boayyehéac) kantng Mpapparéwe Nehayiag AdTou .

TuviGe oe ZupPolhio oo Katdotnud tou oug 4 Ackepfpiou 2007, npokelpévou va anogavBel yia T aitan e avaipegtlougac - katnyopoupévng X1, nou Sev napaatdnke oto supfoliio,
nepl avaipéaewe Tau un' apiBy. 275/2007 Poudeduarac tou ZupBouriou Epettv ABnvdv. To ZupBolhio Eperdv ABrviy, pe To we dvi Bodheupd tou Biétale doa Aentopepdic avapépovial @’
autd, kat n avalpeotiouoa - katnyopodpevn Jtel tpa v avaipon tou foukedparog todtou, yia toug Adyoug nou avagépovtal ati and 3 a8 Maptiou 2007 adasl; Tg avaipeew, of
onolec kataxwpioTkay 1o alkeio Mvakio pe Tov apiBpd 426/2007

Eneita o Aviaoayyeréag tou Apeiou Ndyou Baoiheioc MapkAc eorvaye yia kplon oto ZupBolho T axenikn Sikoypagla pe Ty npdtaon tou AvieioayyeAéa tou Apeiou Nayou Zxéhiou Mkpolou
1 apiBud 274/29.6.2007, atny onala avagépoval ta axkdhoufa:

Eiodyw, alpuwva pe to dpBpo 476 nap.1 KIN.A: a) Ty un'apif. 64/8-3-2007 aftnan avaipéaew Te katnyopaupévg X1, n onola ackfiBinke oto dvopa kal yia heyapiaopd tng and tov
Biknyopo ABnviv lwdwn Bapoutd, Suvuel tne and 5-3-2007 npocaptnuévng oty alon ka! vopipwe Bewpnpévng efoumobotioewe kat otpépetat kard tou umapiB. 275/2007 fouhedpatag
Tou ZupPoudiou Epetwv ABnviv kat B) v and 3-3-2007 tautdonun aiman e ibag avaipeosiouaac X1 npog tov Eioayyeréa tou Apeiou Mayou, via avalpeon £niong Tou avatépu un'apid.
275/2007 Boukedpatoc tou EupBouliou Enetdv ABnviy, exBétw & ta akdhouba

Kaed T Gidagn tou dpBpou 463 K.N.A. évbiko péao pnopel va aoknoel povo exelvoc nou o vopoc Tou bivel pntd autd to Sikaiwya, katd &¢ to apBpo 476 nap.1 tou ifou Kibika, o éviiko
LiE0D anoppintetal we anapdbexto, xtag Twy My nepnTwoswy nou avagépavtal otn didran auth kat otav agkiBnke evavtiov fouleduarog, yia o onalo Gev npoBénstal. E éaMhou and
n Gidmatn Tou dpBpou 476 nap.2 Tou autod wg dvuw Kidika, nou npwv and Ty Tpononainar TG pe to dpBipo 38 N. 3160/2003 dpi(E &1t "katd tn andpaang A tou Bouledyatoc nou anoppimel
10 évhiko péoo we anapdbekto entpénetal pdvo avaipean ka petd T ev Myw tpononoinan anakeipBnke n opdon " tou fouledpartog’, npokdmtel 6t Sev npofhénetalnicov avalpean
katd tou foukedparog nov anoppintel to vk péoo wg anapdbexto (AN 776/2006, AT 297/2006). Mnénel ato anpelo autd va toviaBel o 0 avwrépuw Bidaén ou dpfipou 476 nap.2 KA,
miou, Petd Ty aviikatdatacn T e 1o dpBipo 38 N, 3160/2003, nepiopilEi To Gixaiwpa aokioswe avaipéoewd evaviiov fouleduatag nou anoppinte! T épeon we anapdbextn, cupnopedeTal
Ve Ta apBpa 4 nap.1 kan 20 nap. 1 tou Zuvtdypatod, agol olte dvion pUBYION MEpIEXEL mou va guvendystal Suayevn petaxe(plon opioyévwy adikwy, olte otepel tov Biabke and to
dkaiwya napoxic éwopng npoataaiac and ta fkaatipla, Gofevroc pdhiota kal Tou Gt o kawvac vopoBétne Gev unaxpeotal and to Zoviaypa va Geonile vbika pEoa katd Twy anogdoswy
¥a, we ex 1o07ou, 0 Siddikoc pnopel ka opeilel va unohoyiley, katd Ty exbikaon T unoBéaedg tou, du sivar evbexdpevo n pEMousa va exboBel andpacn va pnv undkenal os vdika péoa,
napd 1o yeyovac Gt autd entpenoviav katd Ty evapén ki kata tn Sidpkeia te Siknc (7 e nowkic Susewe). Onou kpifinke avaykaia n kafiepwon evbikou pégou unApEe pni anotdnwan
¢ Poulnoewe Tou ouvtaktikol vopoBEm pe g ebikes npofhéwac twy dpBpwv 95 nap.1 B'(avaipeon eAembixwy anopaoewy twy Sowntkdy Skaomplwy yia unépPaon etouoiag i
napdfaon vopou) ka1 96 nap.2 Euvtdypatoc (Epeon oto appodio TAKTS SikaoTApLo kaTd Twv ano@acEwy ATUVOIKIY ApXY Kal apxiv aypotkrc acpdheiac). A eival b avrifersc ol
avwtépw Slatdéeic olte kat npog to apfpo 6 nap.1 e EZAA, nou katoxupawvel v apxA te dikaing &ikne, and tv onola dev ouvdyetal unoxpéwan tou eBvikol vopoBetn yia kafiépwan
evbikwv péatv, aAhd olte ka1 oto dpBpo 26 Tou Tuvtdyuatod, To onolo kaBiepdver tv apxi e Sakploewe twy efouodiy (AN 1486{2005).

TNV NpOKEEVN NEpiMTwon and ta £yypaga e bikoypaglac, Ta onold enpentd; smokontl o Apaoc Ndyoc yia Ty épsuva Tou napabextol T ainasws avaipEgewe, NpokITouy Ta eic
To Tpiehéc Minppereiodiksio ABnvav pe Ty un'apif. 8969/7-2-2005 andgaan tou kipuEs évoxn Ty avaipeeiovaa katnyopaupévn X1 via Tic npager; e napafdaewc tou N, 2971/2001 kal
Tou N. 1337/1983 kau me enBake auvohikr nowr puhakioewe evac (1) o kartpidv (3) pnviv. Katd e anomaoews autdg n avaipecelouaa doknoe Epean, n onoia knpuxBnke anapdbextn
1 to npoaPaiddyeve un'apid. 275/2007 Bodieupa tou ZupPouhiou Epetiv ABnvav. Katd tou we dvw dpwe oulebpatoc bev enrtpéneTal, oUpmuva pe Ta npoekTeBevia, va aoknBei
avaipean.

Me ta Gebopgva autd kabiotaral @avepd ot n avalpeosiousa acknae avaipeon kard Bouedpatoc, evavtiov tou onalou Gev enitpénstal va acknBel tetolo £vaiko pEgo, Gnhadh doknae pn
nitpendpevo a'autiy Evbiko péoo. Enapéviuc ol KpIVOYIEVEC IThoEIC avalpéaswe npéneL kat sqpappoyn e daratewc tou dpBpou 476 nap.1 KM.A. va anoppigfolv we anapdbektee kaiva
katabikaoBel n avalpeotiouoa ota dkaotika EEoda.

Avetaptnra and autd n and 3-3-2007 aitnon avaipéosw, nou aoknAnke pe dfwon otov Eloayyeréa Tou Apelou Ndyou, npénst va anopploBel we anapadextn katyia tov effc mnpoofiero
hoyo: And i Slardfeic twv apBpwy 473 nap.2 ka1 474 nap.1 K.MA. npok(nTel 4T, katd yevikr apxn, 1 aitnon avaipéaswe agkeital pe didwon tou Sikaioupgvou Giadikou eviniov Twy
opoévuy and Ty teheutala opyaviwy, ota onola Sev nepthapBdvetal kat o Boayyehéag Tou Apelou Nayou. H kate€aipzon doknon avaipéoewe pe bihwan nou embibetar otov Eloayyeréa
Tou Apeiou Mdyou pnopet va yive: povo evavtiov katabaaikic ano@dcewe, 6xt 6¢ ka evavtiov onolacdinote akAng, n enola Gev £xel autdv Tov xapaktipa (AT 578/2003, AT 295/2001),
anuc £ival kat n and@aan, pE Ty onoia anoppimeTal, 1 épeon we anapdbextn, npdypa nou cupPaivel otrv kpopevn undBean,

Figure C.3. LexRank algorithm on test case 3.
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C.2.2 Testcase-3

M4 TOYZ AOTOYZ AYTOYZ

Mpoteivi:

A) Na anappipfoly we anapdbertec; a) nun'api. 64/8-3-2007 aftan avaipéoswe Tng X1 kard tou un'apd. 275/2007 Boueluatoc tou ZupBouliou Egetdiv ABnviy kat B) n and 3-3-2007
tautanun aftnon tg iblac avaipeasiouaac X1 npac tov Elaayyehéa Tou Apeiou Ndyou, yia avaipson eniong Tou avwtépw un'aptd. 275/07 Bouhelparac tou EupBouliou Epetdv ABnviv, Kat
B) Na katabikaobsi n avaipeosiousa ota bikaotkd £6oda.

Abrva, 9-5-2007

0 Avieloayyeréac Tou Apelou Ndyou rehiog K. Tkpdlog

Amoll dkouos Tov Avteloayyehen, nou avaqépBke oty nopandv eoayye Akn npaTaoT kal ENEa anoxmpnaE,

IKEDOHKE ZYMDONA ME TO NOMO

EMEIAH, ouppuwva pe ) didradn tou apBpou 463 £6. o' tou Kuwbika MowAc Akovopiac "eviiko uéoo pnopel va aoknoE! pdvo exeivor, nou o vouoc tou Givel pnd autd to bikaiwpa”.
Enopévwe, av us kanowa Gidratn kaBopiloveal opiopéva npdawna, we Sikaidyeva, £ avudiagtodrc npokuntel ot dev Gikawdvial kat dida, pn vnuoveudyeva npdowna. Nepaépw, katd To
apBpo 476 nap. 1 tou iblou Kibbixa, To Evbiko PEao anoppinteTal we anapadekTo, ExToc Twv aAhwy NEPINTWMOEWY Nou avagepovtal atn fidrafn aut kat dtav aokdBnke evavtiov
Boudedpatoc, yia to onaio Gev npofhénetar. EEMou, and tn &1draln tou dpBpau 476 nap. 2 Tou autol we dvw Kbdika, nou npw and v tpenonoinad T ue To dpBpo 38 Tou N. 3160/2003
GpiE ot “katd me andpaans A tou Bouheduatag nou anoppimel to Evbiko pEgo we anapddekto entpEnETal wvo avaipean' kat petd Ty ev Adyw tpononoinan anaheipdnke n opdon " tou
[ouredparoc”, npokdntel an bev npoAénetal nAgov avaipeon katd tou Bouledpatoc nou anoppintel To £vGIKO PEOD WC anapabekTo. ITo anpeio autd npéngl va AexBel ot n napandvi
Gideaén 1ou dpBpou 476 nap. 2 K.N.A., nou, énw ofuena (axUel, neplopilet to Gikaiwpa aokAgswe avaipéaewe katd tou foukedyatog nou anoppintel v Epean we anapddexn, Gev
avtikema ota dpBpa nap. 1kar 20 nap. 1 tow Euvtdypdroc, acol Gev NepIEXE! avian pUBRLON, nou va guvendyetal Suapevi petaxeipion kdnotwy iadikwy, oAl olte otepei tov G1adiko and T
Gikaiwpa napoxng éwopng npootaciag and Ta dkaatiple, agod pahioTa kat o kowdc vopoBéng bev unoxpeodtal and to Ziviaypa va Beonife vbika pEoa katd Twv ANODATEWN KL, WG EK
Toutou, o Giddikag unope kat ogeiter va unohoyile, kard v exbikaan g unoBéoew Tou, 0Tl £ival vBexduEvo, n andoacn nou npdreital va exdofel va un npooBdhetal pe Evbika péaa,
napd o yeyovac ot autd Enitpénoviay katd ty Evaptn kat katd t didpkea tne Gikng (A T nomknc BiiEswe). Onou kpifinke avaykain n Beonion evbikou péoou, unipe prA n anotunwan
¢ Poulrioew Tou ouvtaktkod vopoBetn pe i eibikec npoBhéwe twv apBpwv 95 nap. 1 f' (avalpeon twv teAeoibikwy anopdaswy twy Sloknmky Sikagtnpiuwy yia unépBacn efoudiac
napdBaan vopou) kat 36 nap. 2 tou Zuvtdypatoc (Epean oto apuddlo taxkd Gkaatriplo katd Twy anopaoswy QOTUVOLIKLY apxiv ka1 apxuv aypotikic acadhaiad). Asv elval b avtiBetec or
aviutépw Blatdkeic olte kat npoc To dpBpo 6 nap. 1 g EZAA, nou katoxupuvel Ty apxn tne Gikaing Gikne, and v onola dev ouvdyetar unoxpéwan tou £bvikol vopoBeTn yia kaBiépwan
Evbikwv peawv, alha olte katato dpBpo 26 Tou ouvtaypaToc, T onoio kaBlepivel Ty apxn e blakpioewe Twv eEouoiiy. TEMac, and tg dardteic twy dpBpwy 473 nap. 2 kai 474 nap. 1 tou
KibGika Mowikrc Acovopiag cuvayetal 6t katd yevikr apd, n aitnan avaipéoswe aokeftal pe dnhwan tou ikaioupévou biabixou evimov twy opydvwy nou opifovial and Ty Teheutaia wg
v Gidrakn, penal Twy onolwy Gev nepapBaverar kat o Eloayyehelc tou Apsiou Ndyou. H kar' e€aipeon doxknon avaipéoswe pe dijwan nou enibibetal otov ewoayyeréa Tou Apeiou Nayou
LInopel va yivel povo evavTiov katabkagTiknc ano@actwe, 0% be kal evavtiov onowobnnote AMAE, 0 onoia Gev X1 aUTOV TOV XapaxTpa, ONWE £ival kal f and@aar, Ue Ty onola
anoppimTETal N Epeon we anapabektn.

Ev NpoKEIEvL, and Ta £yypaga tne Sikoypapiac, Ta onola £NTpENTUC EnwokonolvTal and tov Apeio Mdyo, yia Ty £psuva tou napabexTol Te AIoewe QvalpETEwE, NpoKiNTow Ta
akdhouba: To Tppehéc Mnupeheobikeio ABnvav, pe  8369/7.2.2005 andpaoi tou, kipute Evoxn Ty avaipeasiouoa katnyopoupévn X1 yia g npdfe g napaBdaewe tou N, 2971/2001
Kan ou N, 1337/1983 kar e enéPae ouvohikd nown puAakioswe voc ET0UC Kal TaLY Pnvey. Kata e ano@acew autic, n avaipeasiouoa doknos Epean, n onala knplxBnke anapdbexm,
1€ 10 275/2007 Bodeupa tou ZupBouliou Eqetiv ABnviy, katd tou analou n katnyopoupévn AoKNTE TIC KpIVGUEVEC QTAgEI avalpéaewc, ZUpuwva, Guuwc LE Gaa avagépovial napandvi
atn peilova axewn, katd Tou we dvw foukedpatoc Gev entpensta va aoknBel To Evdiko PECO TN QVQIPEGELIG KAl ENOEVLUC, L KPIVOLEVES QITAOEIG QvapETEW, nou auvekdikdlovial, Adyw
¢ petadl Touc npadnAne ouvapelac, npenel, kat epappoyn te diatdtewc tou apBpou 476 nap. 1 tou Kibbika Nowuwer Gkovopiag, va anoppipBolv we anapabektec kaiva katabikaoBein
avaipesiouoa aa dikaarikd ££06a (ApBpo 583 nap. 1 KNA). Avefdptnra and autd, n and 3 Maptiou 2007 aitnan avaipéaswe, 1 onoia agkrifnke pe GAtwon npoc Tov Eloayyehéa tou Apeiou
Nayou, npénerva anoppipfel we anapabextn, apol aluguva pe w avwiEpw extBépeva, doknon avaipéoewd pe bnAwaon, enibibapevn otov Eoayyehea Tou Apeiou Nayou propei va yivel
LGv0 Evavtiov katabikaoTikAc ano@aoEewe, NEpNTwaT Nou GV CUVTDEXE! v NPOKEILEVL.

rIA TOYZ AQTOYE AYTOYE ATOPPITTE a) trv 64/8.3.2007 afton avaipéoewe tne X1 kard tou 275/2007 Bouhedparac tou ZupBouhiou Epetdv ABnvdv kat f) thv and 3.3.2007 tautdanun
afmon e ibiac avaipeoeiouaa X1 nou aokfnke us Gihwan T npac Tov egayyehéa Tou Apeiou Mdyou via avaipean eniang Tou avwtépw 275/2007 ouhelpatac tou ZupBouliou Epetdv
Abnvibv. Kat KATAAIKAZE T avaipeagiouoa ota bikaotikd £Eoba, Ta onoia avépxovral 0To noad Twy Slakodiwy eikoot eupt (220€).

KpiBinks ka1 anopaaionke oty ABfva ot 14 Mapriou 2008, Kai,

ExGofinke atnv ABrva ot 20 Maiou 2008,

Figure C.4. (Cont.) LexRanlk algorithm on test case 3.
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Appendix C. Summaries Examples

Biased LexRank algorithm

TO AIKAZTHPIO TOY APEIOY MATOY

IT NOINIKO TMHMA - ZE ZYMBOYAIO

TuykpotABnke and touc Akaaréc Mewpyio Zapavivg, Aviinpdebpo Apeiou Ndyou, Baaiheio Aukolén kat Avbpéa Tadha - Ewanyntr, Apeonayitec.
Me v napouaia kat tou Avieioayyeréa Tou Apziou Néyou Baaikeiou Mapkn (yiati kwhietal o Elgayyehéad) kal g oappatéws Mehayiog Addiou .

TuviABe oe ZupBolhio oo Katdotnud tou ouc 4 AskepBpiou 2007, npokeévou va anogavBel yia v aitnan e avaipeaeiouaas - Katnyopoupévng X1, mou Gev napaatddinke oo oupBotio,
nep! avaipéoewe tou un' apiBy. 275/2007 Poudetpatoc tou ZupPouhiou Epetdiv ABnviv. To ZupBothio Epetiv ABnviby, pe 1o we avw Poueupd tou Biétae doa Aentopepd)c avapepovial o'
autd, ki n avalpecelouaa - katnyopoduevn (el wpa Ty avaipean Tou Poudslpatoc To0ToU, Vid TOUG Adyoug nou avagépovtal otigand 3 ka8 Maptiou 2007 aitigel; TG avaipeqELg, ol
anoiec kataxwplotnkav oTo ol mvakio pe Tov apifipd 426/2007,

Enema o Avieoayyehiac tou Apeiou Nayou Bagiheiog Mapkric eiaryaye yia kpion oo ZupBolhio T oxenk dkoypamia ue Ty npdtaon tou AviewoayyeAéa tou Apelou Nayou Exéhiou Mkpalou
1 apiBud 274/29.6.2007, otnv onaia avagépovial Ta akdhouba;

Fioayw, olpguwva pe o dpBpo 476 nap.t KN.A: o) v un'apid. 64/8-3-2007 aitnon avaipéaewe Te katnyopoudévne X1, n oneia aokrfBnke oto dvopa kaiyia Aoyaplaaud Te and Tav
Siknydpo ABnviv lwavwn Bapoutd, Suvduel The and 5-3-2007 npogaptnuévnc oty aitan kat vopipwe Bewpnpévne efouaobotiosw kal otpépetal katd Tou un'apif. 275/2007 Bouhedpatog
10U ZupPoudiou Epetdv AGnviv kat B) v and 3-3-2007 tautdonpn aimaon T (flag avaipeosiouaac X1 npog tov Elsayyehéa tou Apeiou Nayou, yia avaipeon enione Tou aviwtepu un'aplf.
2752007 Boukedparac tou FupBouliou Epettv ABnviv, ekBétw Se ta akdhouba:

Kard tn Gidtatn tou GpBpou 463 KN.A. Evbiko péo pnopel va aaxnoel pdvo ekivog nou o vapos tou &lvel prtd autd 1o dikalwpa, katd &z to apBpo 476 nap.t Tou (Giou Kibika, 10 £vliko
|IE0 anoppinteTal we anapdbexTo, extdc Twy dAMwv nEpINTWoswy nou avaqépovial atn &idratn auth ka dtav aoknfnke evavtiov fouedparoc, yia to onoio Gev npofAénetal EEGNhou and
0 &idraln tou dpBpou 476 nap.2 Tou autod we dvw KiSika, nou npiv and Ty tpenanaingf me pe o apBpo 38 N. 3160/2003 6pile ot "katd T andpaonc A Tou Pouledyatec nou anoppintel
T0 £VAIK0 PEOD W anapadekTo EnitpéneTal Ldvo avaipean” kal petd Ty ev Adyiw tpononainon anakeiqpfnks n opdon " tou Boukedparoc”, npokontel ot dev npofAénsTal nAzov avaipzon
xata tou Pouledpatac nou anoppinte to EvBiko péao we anapdbexto (AN 776/2006, AN 297/2006). Mpénet oto anpeio autd va toviofel ot n avwtépw didraln Tou apBpou 476 nap.2 KN4,
miou, PETA TV avTikataotact e e 1o dpBpo 38 N. 3160/2003, neptopilei to Sixaiwpa aokioewe avaipéoswe evavtiov fouledparoc nou anoppimel Tv épeon we anapdbertn, oupnopedetal
Ve Ta apBpa 4 nap.1 ka 20 map. 1 tou Zuvtdyparad, agod olte dvian pOByLon nepIEXE), nou va ouvendystal Guopevr Jetaxeipion opiopévioy dabikwy, olte otepel tov &uabiko and o
dikaiwpa napoxfc Evwounc npootagiac and ta sikaatipia, Gofévroc pahiata kai Tou ATl o kawac vopoBEtne dev unoxpeolital and to Zivayya va Beonier éviika peoa katd Twv ano@dosy
¥a1, we K 1o0tou, 0 Gabikes unopel kat o@eitel va unohoyilg, katd Ty exbikaan tng unoBEosd Tou, 6t sival evbexdpeve n péAhouoa va exbobiel and@aan va pnv undkertal os evdika paa,
napd To yeEyovoc ot autd enpénoviay katd my Evapkn kat kard T Sidpkeia g Giknc (7 e nomknc Gizwe). Onou kpifinke avaykaia n katépwan evbikou pecou unnpke pntr anotdnuwan
¢ fouhnoewe Tou ouvtakTkol vopoBem pe tg eibiwe npoféwew twov dpBpuwy 95 nap.1 B'lavaipeon tehembikwy anopdoewy Twv Sowntkdv Sikaotnpiwy yia unéppaon fouciac i
napaPaan vopou) kal 96 nap.2 Ewvtayuatod (Eoean ato appddio TAKTIKS SikacTiplo katd Twy ano@aosiy aoTUVOJIIKWY apxiy Kal apxiv aypotkAc aopdieiac). Asv ival 6z avtiBerec ol
avwtépw blatdfel olte kat npog to apBpo & nap.1 g ELAA, NouU kQToXUpUVEl Ty apxn TS Slkaing Gikng, and ty onoia Gev ouvdyetal unoxpéwan Tou sBvikol vopoBetn yia kafiEpwan
evBikuv péawy, ahhd olte kawato dpBpo 26 Tou Zuvedypatac, T onoio kaBiepdvel Ty apxd T Glakpioewe Twy eEouaidv (AN 1486/2003).

v npokelévn nepinTwan and ta éyypaga tng bikoypaglag, Ta onofa enipenti eniakonel o Apelog Ndyog yia Ty £peuva Tou napabekTol TS anAcEwWE avaipéoewe, mpokdmowy ta e6Ac
To Tpuehéc Minpperewbikeio ABnvdy e T un'apif. 8369/7-2-2005 anépaon tou kipuEe évoxn Ty avaipeatiousa katnyopoupévn X1 yia g npatei g napaBaoewe tou N. 2971/2001 kal
TouN. 1337/1983 kat g enéBade ouvahikn nowd puiakioewe evac (1) éouc kat toudv (3) pnviiv. Kard g anoqdgewe autie n avaipeceiovaa doknae égean, n onoia knplxBke anapdbext
1 To npoofaldpeve un apif. 275/2007 Botheupa tou ZupBouliou Epetiv ABnvdv. Katd tou we dvw épwe oule0paros ev entpénetal, olppuva pe Ta npoekteBéva, va aoknBel
avaipean.

Me 1a debopéva autd kaBiotaral @avepd 6t n avaipeosiousa Aoknas avaipeon katd foudsdpatac, evavtiov Tou onolou Gev EnrpEnETal va agknBel Tétolo évbiko pPEao, nhabn doknat un
ENITPENGUEV 0'auTAv Evliko péoo. Enopéviss ol KpVOLEVEC AITATELC avaipéaew NPEnEl, kar'eqappoyn e Sardfewe tou apBpou 476 nap.1 K.N.A, va anoppipBolv we anapddextee kaiva
xaradikaobi n avaipeosiousa ota ikaoika £6pba.

AveEaptnra and autd nand 3-3-2007 afmon avaipécew, nou aokrenke pe dihwon atov EloayyeAéa tou Apeiou Ndyou, npensl va anoppipBel we anapddextn katyia wov Eqc emnpdofeto
Adyo: And ¢ Guatdéel Ty apBpuwv 473 nap.2 kat 474 nap.t KA. npokImTEL 4T, katd yevikn apxn, N aftnan avaipéoswe aoketal pe dnAwon Tou Sikaloupevou Slabikou EVInIov Twy
optlopévwy and m teheutala opydvwy, ota onoia dev nephapBavetal kat o Bwayyehéag Tou Apeiou Ndyou. H katefaipean doknon avawpéaswe pe 6Ahwon nou emdibetal otov Eloayyeréa
Tou Apelou Mayou propei va yivel pévo evavtiov katabikaomikic anopdoew, o bt kal evavtiov onolaabAnate AANG, n onoia Gev £xe1 autdv Tov xapaxtpa (AN 578/2005, AN 295/2001),
OnwC Eival kat n and@aan), |1€ Ty onoia anoppinTeTal, 1) épeon we anapabextn, npdyua nou gupPaivel oty kpvapeyn undfean.

Figure C.5. Biased LexRank algorithm on test case 3.
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C.2.2 Testcase-3

MATOYZ AQrOYZ AYTOYZ

Mpoteivi:

A) Na anoppigBolv we anapdbexteq; a) nun'apif. 64/8-3-2007 aitnon avapéasws g X1 katd tou un'apid, 275/2007 Boudedparog tou ZupPouliou Egettv ABnviv kai B) n and 3-3-2007
Tauthanyn aitnan Ty iblag avaipeoeioucac X1 npac tov Eoayyehéa tou Apeiou Ndyou, yia avalpean eniang Tou avwtépw un'api. 275/07 Bouledpatag tou ZupBouliou Epetiv ABnvdiv. Kai
B) Na katafikaoBei n avaipeoeiouoa ota fikaotkd £Eoba.

ABiva, 852007

0 Avtewayyeag Tou Apeiou Ndyou Ztéhoc K. Tkpdlog

Apol axouas Tov Avteioayyehéa, nou avagépBnke oty napandvi £loayyENKT NpGTaaN Kal ENETA anoxwpnaE,

IKEDOHKE DYMDONA ME TO NOMO

EMEIAH, oUpquwva pe T &idraén tou dpBpou 463 £0. o' Tou Kdbika Mowiknc Akovopiac "&viiko péoo pnopel va ackfosl pavo £xglvoc, nou o vopoc tou Givel pred autd to Swaiwpa’.
Enopévwe, av pe kanola bidratn kaBopilovial opopéva npdowna, we bikaoiyeva, e£ avublaatodic npokOmel ot Gev Gkaodvtal kat dhha, pn pvnpoveudueva npdcwna. Meparmépu, Katd o
dpfipo 476 nap. 1 tou ibiou Kwaika, To £vdiko péao anoppinTetal we anapdbekto, sxToc Twv dMwy nEpINTWOEWY nou ava@époveal otn Gidraln auth kat drav akrBnke svavtiov
Boukedparoc, yia o onolo &ev npoBhénstal. EEdMou, and t &idrafn tou dpBpou 476 nap. 2 Tou autod we Avw Kwbika, nou npiv and tiv tpononainad te pe to dpBpo 38 tou N. 3160/2003
Gpig 6t “ward g andoaong i tou Boudedpatog nou anoppintel to évbiko PEGD WG anapddekto entpénenal uovo avaipean' kat peTd Ty ev Adyw Tpononainon anakeipBnke n opdon ' Tou
foukedparoc, npokontel ot Gev npoPAEnetar Agov avaipean kard tou Bouledpatoc nou anoppintel T £vbiko PETO W anapabexTo. Ito onpeio autd npenetva AexBel ot n napandvi
didnafn Tou dplpou 476 nap. 2 K.I.A., nou, dnw oruepa LoxUel, nepuoplZer to Gikalwpa aokAgews avaipéaewe katd tou Bouhelpatoc nou anoppintel v £pean wg anapddextn, Gev
avrikerma ota apfipa nap. 1 ka 20 nap. 1 tou Zuvtdyparog, agol bev nepiéxel avion piBpon, nou va guvendystal Suopevi petaxeiplan kanotwy diadikwy, all' olte atepei tov Gidbiko and o
dikalwpa napoxrc évvoung npoatasiag and ta Sikaotipa, apol péhata kat o kowdd vopoBing Gev unoxpeoltal and to Zviaypa va Bzonilel évbika peoa kard Twy ano@ACEWY KA, WC EK
ToUtov, 0 Giabikoc pnopel kat opeitel va unohoyilg, katd tnv exbikaan tg unoBéozu tou, 0Tl lval evBexduevo, n andgaan nou npdkerta va exbodelva pn npoofdhenal pe évbika péoa,
napd To yeyovac ot autd enpénovay kard T evapén kat katd ) Sidpkeia tne Sikng (7 e nowkdc Siiéswe). Onou kpiBnke avaykain n Béomon Evbikou péoou, unfpts pnTA n anotinwan
¢ Boudqoewe tou ouvtaktkol vopoBem pe ug edbiké npofhéwsic twy dpBpwv 95 nap. 1 B (avaipeon twv TeAeoibikwy anomdaswy twv Sokntkdy dkaatnpiwy yia unépfaon efouniag i
napdpaan vapou) kat 96 nap. 2 tou Zuvtdyparog (Eoeon ato appodio TakTkd GKaoTipio katd Twy anoaoswy agTUVONIKLY apxwy Kai apxiv aypotikic aoodheiac). Asv eivar b avtiBerec ol
avwtépw Guardéeic olte kat npoc o dpBpo 6 nap. 1 g EZAA, nou katoxupuver Ty apxi T dikaing &ikng, and my onola dev guvayetal unaxpéwan Tou £8vikol vopoBetn yia kabiEpwan
£vOIKwv pEowv, thhd oute kaloTo dpBpo 26 Tou ouvtdypatod, to onolo kaBlEpdvel Ty apxn g Siakpioewe Twv efouaiy. TEAoc, and T datat e twy apBpuwy 473 nap. 2 ka1 474 nap. 1 Tou
Kdbbixa Mowikrig Awovopiag ouvaystar de, katd yevikd apxd, n aitnon avaipéoewe aokeital pe Sikwan tou Sikawupévou Slabikou svbmiov Twy opydvwy nou opifovial and Ty tedeutala we
Qv Gidratn, perall wwv onolwy Sev nepthapBaverar kat o EiayyeAeds Tou Apeiou Nayou. H kart' ebaipeon doknon avaipéoswe pe Siwan nou enibibetar otov eloayyehéa Tou Apeiou Nayou
nopEi va yiver Bovo evavtiov kaTodKaoTkn anomAacewe, X1 b kal evavtiov onoloobnnote ANNG, n onoia Gev £XEl QUTOV TOV XaPaKTApa, ONW £Val kaln andpaon, Pe Ty onola
anoppinTETal N EQEOT W anapddekn.

Ev npokeiévu, and Ta éyypaga e dikoypaglac, Ta onola entpentil entoxonodvial and tov Apew Ndyo, yia Ty Epeuva Tou napadektal T aoEwe avaipEaEwe, npoklnTowy Ta
akhouBa: To Towehéc Minuueheiodiksio ABrviv, pe Tv B969/7.2.2005 and@act Tou, kipUEE Evaxn TV avaipeaEiouaa katnyopoupévn X1 yia tic npdgew e napaBaoewe tou N. 2971/2001
ka1 tou N. 1337/1983 ka1 e enéPake ouvohikr nowr pulakioswe evic Exoug kat oy pnviv. Katd T ano@doswe autic, n avaipeasiouaa doknos Eean,  onola knplxfnke anapddektn,
1 T0 275/2007 Bodeupa tou ZupBoudiou Epetuw ABnyiy, katd Tou onoiou n kaTnyopoupEvn AoknaE TIC KpIVOEVES AITOEIC avalpécewe, ZOpmuwva, Spwe PE 600 avapépovial napandv
a1 pelfova oxewn, kard Tou we dvw Bouketpatoc bev enmpenetal va aoknBel to fvbiko PEao TG QVAIPECEW kal ENoPEVWE, OF KPIVOLEVES QUTNOEL QvaIDETEWC, nou ouvekbikalovial, Adyw
¢ petakl Touc npddnng cuvdpeiac, npénel, kat epappoyn e dardfewe Tou dpBpou 476 nap. 1 tou Kibka Nowknc dikovoulac, va anoppipfoly we anapadextec kai va katabikaabein
avalpeoeiouga ata dkaotikd £Eoba (dpBpo 583 nap. 1 KNA). AveEdptnta and autd, n and 3 Maptiou 2007 aftnon avapeaewe, 1 onola agkiBnke pe dihwaon npoc tov Eloayyehéa tou Apeiou
Ndyou, npénsi va anopptpBei we anapdbextn, apol olpwva B Ta avitépw ekubipsva, doknan avaipéoswe ue dtwan, snibibapevn otov Eoayyehéa Tou Apelou Mdyou pnopei va yivel
Li6vo evavriov katabikaamkc ano@aoewe, NepinTwan nou eV GUVTDEXEL EV NPOKENEVW.

MIA TOYZ AQTOYE AYTOYZ AMOPRINTEl a) v 64/8.3.2007 aiton avaipéoswe tg X1 kard tou 275/2007 Pouledpatog tou EupBouhiou Epetdv ABnvcv kat B) tv and 3.3.2007 tautdanun
aitnon e ifiac avaipsoeiovaac X1 nov aokAfinke u 6Ahwan TNg npoc Tov siayyehéa Tou Apeiou Ndyou yia avaipean enfane Tou avwépw 275/2007 Boudedpatoc Tou Zupfouliou EpeTuv
ABnviv. Kat KATAAIKAZE] tv avaipeosiouoa ota Sikaotikd ££oba, Ta onola avépxovial oto nood Twy dlakoaiwy elkoot supd (220€).

Kpibinke ka1 anogaaiotnke otnv ABAva g 14 Maptiou 2008. Kay,

ExGofinke oty ABiriva amig 20 Maiou 2008.

Figure C.6. (Cont.) Biased LexRanlk algorithm on test case 3.
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