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IlepiAnyn

O LTOAOYI0UOC TNG OUOIOTNTAG HETAED KEIUEVWY eival pia onuavtikn uebodog g avaivong
SeSopévav, 1 omoia ptopel va xpnoipomon el mepatepw oe TOAAEG KAl S1aPOPETIKES
epapuoyeg g EOT omwg eivan 1) avaktnon mAnpogopiag, ) avaivon cuvaioOnuatomy, n
unxavikn petagppaon ktA. H mapovoa epyacia peAetd Siagpopeg pebodovg yia tov
VITOAOYIOUO TNG ONUACI0AOYIKTG OUOIOTNTAG KEWEVWY. Baoiko xapaktnplotiko twv
neBOdmwv avtwy, lval 1 AvaTIAPACTACT) TG PUOTKNG YAWOOTAG VOG KEWWEVOL 08 aplOunTIKY)
LOP@T), LE TPOTO IOV VA cLAAAUPBAvVETAL TTAN poPopia Yia TNV onuacia Tov (embedding). Ot
pebodot faoidovtar otny unyavikn pddnon ya tnyv dnuovpyia twv embeddings twv
AEKTIKOV 0pmV Kal eEeTAOVTAL LE KPITNPIO TNV IKAVOTNTA TOVG VA EKTILOVV TNV avOpmmivn
KP10T Y1a TO VOO TOV KEWUEVOU.

JUYKEKPIUEVA, OTNV £PYACIA LEAETOVTAL KOSKOTOTES Y1 TNV Snpovpyia embeddings
AeEewv (word embeddings) kot twg pmropovv va cuvévaoTovv yia va GLAAAGoVY TO VOnua
pag tpoTaong, KaBwg Kal TPo-eKTASEVUEVOL KMOIKOTONTEG yia TNV Snuiovpyia
embeddings ntpotdoewv (sentence embeddings). ['a v nelpapatikn aloAdynon
XPNOoTomOnkayv Hikpa 18100y paPIKA KEIUEVA, AVTIIIPOCMITEVTIKA TNG AYYAKNG
YA®OOOG, KAl £va 0T AvOpOITIVEG LETPTOELS YA TNV OLOI0TITA TV KEPEVROV. Ta
QTOTEAEOLATA TV UETPTIOEMV SETYVOLV TG 1) YEVIKT) £IO00T) TV LOVTEA®Y VA EKTILOVV
™V avBp®mIvn avtAnyn eival kKaAn, xwpig ibaitepa kakeg emEO0EeIS. AV KAl KATO1
HOVTEAQ, TTETLYAV TTOAD LYNAT amtodooT, 1 kaAvTepn emidoon emteLYONKe OTNV TEPINMTWOT)
mov AdPape vtoyn to dataset pag, kavovrag fine-tuning éva povtédo oe auto.

Ag€erg Kherdua : opoom1a Kelévwv, onpacioroyikr opootnta, EOT, word
embeddings, sentence embeddings , tpo-ekma1devpEVOL KOOIKOTOMTEG , LETPO OLOIOTNTAG






Abstract

Computation of similarity between texts has been an important method of data analysis
which can be further used in different NLP applications like information retrieval,
sentiment analysis, machine translation. Generally, similarity between texts can be lexical
or semantic. This thesis presents different approaches of modeling the semantic similarity
between texts. The basic characteristic of these methods is the arithmetic representation of
texts as vectors, in a way that captures information about text’s meaning (embedding). The
methods are based on machine learning for the creation of the embeddings and are assessed
in terms of their ability to evaluate human judgments of similarity.

More specifically, in this thesis were studied models for creating word embeddings and
different methods to combine these embeddings in order to capture the meaning of a
sentence. Also, pre-trained sentence encoders were studied for creating sentence
embeddings. The presented methods are evaluated experimentally using a small dataset of
news and a dataset of the human ratings of the similarity of every pair of the texts. The
evaluation results suggest that the proposed methods have generally good performance,
without any model underperforming. However, the best performance measured was when
we fine-tuned one of the models in the used dataset.

Keywords : document/text similarity, semantic similarity, NLP, word embeddings,
sentence embeddings , pre-trained encoders , distributional semantics, similarity measure
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KE®PAAAIO 1

Ewsayoyn

AvTO TO KE@AAA10 TepAauPAvel pia cUVTOUT E10AYWYT) OTA JTHUATA TTOV
TIPAYUATEVETAL 1 EPYAOIA. TNV EVOTNTA 1.1 SlvovTal KATTO101 0p1oUol tov Ba pavovy
XPTOUOL O€ OAN TNV £KTACT] TOU KEWWEVOV. TNV evoTNTA 1.2 Tapovaotadetal n SuokoAia
TOV TTPOPATILATOC TNG LEAETNG TNG OUOIOTNTAG KEUEV®V LE EVA ATTAO TTAPASETY A KAl
aroca@nVvidetal o 0KOmog NG epyaciag. T evOTnTeg 1.3 Kal 1.4 Tapovoladetal To
€0POGC KA1 01 CLUVEIOPOPES TNG TTapovoag epyaociag, avriotoyd. TEAog, otnv evotnta 1.5
TIEPTYPAPETAL T} SOUT) TOL VITOAOUTOV KEUEVOUL.

1.1 Xpriowor Opopot

e aUTI TNV EVOTITA KATAYPAPOVTAL LEPTIKOTL 0PIOUOL EVVOIMV, O1 0TT0leg
XPNOLOITOIOVVTAL OTO KEIUEVO KAl LWITOPEL VA UMV €1vAL OIKEIEG OTOV AVAYV®DOTN.

1. Emelepyaoiag Qvoikng I'wooag / Natural Language Processing (E@I" / NLP)
elval evag S1emotuovikog KAASOG NG TEXVNTIG VONUOOUVNG, TNG VITOAOYIOTIKTG
YAWOOOAOYIAG KA TNG EMOTNUNG TNG TTAT|POPOPIKTG, TTOV AOYOAEITAL UE TIG
aAMNAemdpaocelg HeTAlD TV LITOAOYIOTWV KAl TV AvOpOITVKV (PUOTK®V)
YAwoomV. ITo CUYKEKPIUEVA, ATYXOAEITAL UE TO TTWS VA TTPOYPAUUATIOEL KATTIO10G
VITOAOYIOTEG Y1d TNV eMeCEPYAOia KAl AVAAVOT] LEYOAMV TTOCOTITOV PUOTKNG
YA®ooag.

2. Corpus eival pia ouAAoyn amto avBevikda keipeva opyavoueva oe datasets.
‘AvBevTikO’ 0NV MEPITTWOT) AUTH, SNAWVEL KEIUEVO YPAUUEVO ATTO KATTO0V 0TV
UNTPIKT) TOL YAwooa 1| Sidhekto. 'Eva corpus propel va amoteAeital amo
epnuepideg, puboTopruata puEYPL oUVTAYES Kat tweets.

3. Mnyavikn Ma6non / Machine Learning eival vmonedio Tng eMOTHUNG TOV
VITOAOYLOTGV IOV AvaTITUXONKE aIto T HEAETN TN AVAYVOPIOTG TIPOTVTTMV KAl
NG LITOAOY10TIKTC Bewpiag pabnong oty texvnT) vonuoovvr. H unyavikn
uadnon Siepevva T HEALTI KAL TNV KATAOKELT] aAyopiOuwy ov uropolv va
uaBaivouv amo ta SeSopeva kal va kavouv poPAEWelg oxeTikd pe avtd. Tetolon
AAYOP10101 AE1ITOVPYOUV KATAOKELALOVTAG LOVTEAA ATTO TTEIPAUATIKA Sedoueva,
TIPOKEIUEVOL VA KAvouv mtpofAewerg Pacilopeveg ota deSopeva 1y va eEayouvv
QTOPACELS TTOV EKPPALOVTAL WE TO AWTOTEAECUA.

4. Nevpwviko Sixtvo ovouddetal Eva KUKAwpa Stacuvdedepevmv povadmwv
eneepyaoiag mov ovoudadovpe Nevpamveg. TOUG LITOAOYIOTEG eival Eva
VITOAOYIOTIKO LOVTEAO JTOV XPNOUOITOLEITAL V1A TNV ETAVOT KATTO10V
VITOAOYIOTIK®DV TTPOLANUATOV.
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5. Embedding, paOnuatikda opidetal wg n ameikovion evog et o€ Eva AAO O€T. XTa
TAaiola aUTg TG epyaciag, embedding eival 1) aeKOVIOT TOL VOTUATOG EVOG
AEKTIKOV OpOv, 0€ £va S1AVLOUA TTPAYUATIK®OV aplOuav.

6. Ilpo-exmaibevueva Embeddings eivan ta embeddings mov pabaivovtat oe eva
task ka1 ypnowomolotvtal yla va Aboovv £va aAlo tapopoto task.

7. Exmaibevon MovtéAov eivar 1) Stadikacia kaBoplopov twv 18avikwv
TAPAUETPWV EVOG LOVTEAOV.

8. Transfer Learning eivai 1 IkavOTITA TOV VITOAOYIOTIKOD CUOTILATOG VA
XPNO1UOTTolEL Katola ato ta concepts sov pabaivel oe éva task oe Eva Ao
51O PETIKO.

9. Ground Truth eival TANpo@opia TTOL TPOEPYETAL ATTO AUEDT) Tapathpnon (..
EUTEIPIKA OTOLXEIN) KA OX1 WG ATOTEAET LA CUUTTEPACUATOG.

10. Fine tuning eivai 1 51a81kaocia KAtd TNV 07oia o1 IAPAUETPOL EVOS LOVTEAOV
mpooapuoldovtal pe akpifela e okomo va taplalovy e OPIOUEVEG
JTAPATI PT)OELG.

11. Baseline elval éva astA0 LOVTEAO TIOVL TTAPEYEL TKAVOITOMNTIKA ATOTEAETLATA V1A
eva poPAnua kat dev Ypeladetal e181KEG YVMOELS KAl XPOVO Yla va oxedlaoTel.
XPNOLOTTOIEITAL WC OTJLELD AVAPOPAS V1A TNV GUYKPLOT] TOV JTOC0 KAAA Eva AAAO
uovteho (ouvnBwg o mepimAoko) amodider.

1.2 Avokorio Merétng Oporotnrog Ketpévov ko Aroca@ivicn Xkomwov
Epyoaociog

“She had changed a lot since the last time we 'd seen her. “

“The legislature was instrumental in effecting changes to the benefit program.”

A0BEVTOV SVO LIKPQOV KEIWEVWV T) PPACEDV, OTTKOG TTAPATIAVK, OETOVLE TO EPOTNUA EAV
etvar opota. T'a évav avBpwrto, ov ek pUoewg enefepyadetal eDKOAA TNV QUOTKN
YAwooa kat Byadet cvpmepaouata yU auTh, 1| QIAVTOT) 0TO EPOTNUA VAL TTOAD AITATY).
To 1610 Opwg Sev 10xVEL KAl yia £va VITOAOYIOTIKO CUOTNUA, KAl AUTO YIATL 1) PUOIKT)
YAwooa otV pda&n eivan tohd SuokoAn. “...Eivat eéaipetixa Sipopovuevn... Emiong,
aMadet xat e€eAiooeTal CUVEXWG. .... ZVYXPOV®GS, eV ol avBpwirol kavovue eEAlpeTikn
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XP10ON TNGS YAWOOQG, EUAOTE ... TOAV KAKOL OTNV ETLONUN KATAVONOT) KAL TIEPLYPAPT)
TWV KAVOV@V 10V KUPepvovy v yAwooa.”
— YeAMda 1, Neural Network Methods in Natural Language Processing, 2017

KaBe ovumepaopa mavw otnv QUOIKT YA®OOA AITd £va LITOAOYIOTIKO GUCTNUA ival
SVokoA0. MAAOTA, ] OHOIOTNTA KEWWEV®V EIVAL VA ATTO TA AVOLYTA HeyaAa
TIPOPANLATA TNG TEXVNTIG VOLOOUVNG TA TEAELTALA 50 XPOVia.

'Otav OPKG LWAQLE YA OUO10TNTA, 0€ TL ava@epopaote; Tevikd, SVo keipeva
Bewpovvtal oo v HO1ALOVY 1. VONUATIKA/OTUACI0AOYIKA 1) 2. AekTikdA (surface
closeness). To p®TO £180¢ OLOIOTNTAG OVOUAETAL OT|LACI0AOYIKT) OLO10TNTA (semantic
similarity), ka1 1o Sevtepo Aektikn (lexical similarity). I1.y. onig ppaoeig “the cat ate the
mouse” kat “the mouse ate the cat food” , pmropovue ebkoAa va CLUTEPAVOLUE TTWG
potadovv, kabmg £xovv 3 KO1veEg AEEEIS, wOTOO0O0 dev pepouv To 1610 vonua. Kat avto
ELVAL OUAVTIKO, Y1ATL AV KAl 1] AEKTIKT) opolotnta Sev eival tedeing adiagopn wg mpog
TNV TANPOPOPIA TTOV LAG TIPOGPEPEL, 1| OT|LACIOAOYIKT) OUOIOTITA EIVAL AUTI) TTOV
TPOOEYYIEL TOV avBp®ITIVO TPOITO AVTIANYNG TIG OUOIOTNTAC.

YKOTOG TNG TAPOVOAG EPYACiAg, eival va HeAETNOEL TIG oUyxpoveg nefodoug pe Tig
07T01eC VA LITOAOYIOTIKO CUOTIUA WITOPEL VA EKTIUTOEL TNV OTUACI0AOYIKT) OLO10TNTA
LETACD KEWWEVOVY KAl VA TIG AELOAOYN 0L UE KPLTNPLO TNV AVTIOTOLXT avOpotivn
EKTIUNOT.

1.3 Evpog ¢ Epyoaciag

Av) n epyacia emkeVTpOVETAl 0NV HeEAETN HeBOSwV yia TOV LITOAOYIOUO TNG
OT|LACTI0AOYIKT)G OMOIOTNTAG LETAED IKP®V KEWUEV®Y. MEAETOVTAL TPOITOL [IE TOVG
07T010V¢ WITOPEL VA AVAYVOPLOTEL KAl avartapaotadel To vOnUa evog KEIMEVOL OF
apBuntikn pop@r). I'ia Tov 0komd avto, HeAeT@VTAL STIUOPIAT) LOVTEAA KOSIKOTTOINT®OV
ya v Snuovpyia embeddings Aé€ewv kat mpotacemv. KaBe povtédo adlomoreitan kat
TPOOAPUOETAL MOTE VA UITOPEL VA AEITOVPYEL Y1a TO HEYED0G TOL KEIUEVOL TTOV EXOVLLE.
Telog, ypnolposmoteital Eva pikpo dataset keluevov, ®ote va SOKILACTOVV TA LOVTEAQ

oV pagn.

1.4 Xvvero@opég g Epyaciog

H epyaoia mpoomaBel va mpoo@epet pia PTEPIOTATOUEVT) AVAAVOT] T®V OUYXPOVOV
ueBOSwV IOV XPNOIUOTOIOVVTAL YA TV LEAETN TNG OTNUACIOAOYIKTG OLOIOTTAG
KEWWEVWYV, KAl TAPAOETOVTAG TEIPAUATIKA TA ATTOTEAECLATA TWV IO ATAD®V AAAA KAt
70 TTEPMTAOK®V HeBOSwV Tpoa@Epet pia yevikn eikova yia v amodoorn tovg. Emiong,
OTNV £pyacia TapovolAETAl TO CLVOAKO BewpnTIKO LITOPAOPO TNG ONUACIOAOYIKNG
oHo10TNTAG.
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1.5 AuapOpwon Epyaciog

Y10 Kegpahaio 2, ytidetatl 1o Oewpntikod vitofabpo mov eival avaykaio yia v HeEAET
uag. Etval ywpiopévo oe tpia pépn: 2.1 AAyopiBuor Enuacioloyikng Oupolotntag 2.2
Word Embeddings 2.3 Sentence Embeddings ka1 2.4 Métpo Opodottag. tnv
ovveyela, oto Kepahaio 3, mapovoialovtat ot uebodot tov Ba peretnBovv otnv
epyaoia. Xto Kepdhao 4, yivetan n merpapatikr) aflohoynon twv pefodwv kat o
OXOANAOUOC TV TEPAUATIK®OV amoTeAeopatov. EmumAéov, yiveta fine-tuning pia ex
Twv uefodwv kat a&loloyovvtal ta amtoteAéopata. Télog, oto Kepdaiato 5,
KATAYPAPOVTAL CUUTEPACUATA TTOV TIPOEKLYPAV ATTO TNV EKITOVIOT) TNG TAPOVOAG
epyaoiag, kaBwg kal SuvaTeg eMEKTATEIG EPEVVAG TTOV LITOPOVV VA TTPAYHATOTIO B0V
OTO UEAOV.
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KE®AAAIO 2

OcopnTiko Yropabpo

210 KePAAAL0 AUTO avaAvetal To OewpnTiko LVIOPAOPO TNG OUOIOTNTAG KEIUEV®V.
Apykd, oty evotnta 2.1 mapovoiadovtal ot o Pfaocikeg katnyopieg aryopiOuwv
OT|LAO10AOYIKTG opototnTag, ot knowledge-based kat corpus-based aAyopiBuot. Etnv
evotta 2.2 mapovotlalovtal ta word embeddings kat Tpia facika povteda ya v
Snuovpyia Tovg. XNy evotnTa 2.3, avagepetal 1) faocikn Bewpia yia ta sentence
embeddings. TéAog, otnv evotnTa 2.4 £€TAOVTAL TA UETPA OUOIOTI TAG.

2.1 AkyoprOpor Enpacioroyikig Opowdtnrog

ApyKd, Yl TNV HEAETN TNG ONULACIOAOYIKT|G OLOL0TI TAG XPELACETAL VA EEETACTOVUE TV
onuaoia g idag g évvolag.

e mpwTo eminedo, N ‘ouotdotnTa’ avauesa oe SVo avtikeipeva etval Eva aplOunTiko
UETPO TOV TTOCO LO1AOVV KAl UITOPEL VA AEITOVPYEL WG U1A OPYAVWOTIKT] ApXT) LUE TNV
omoia (ta atoua) Ta&lvopovV avTIKEIUEVA, OXNUATI(OVV EVVOIEG, KAVOLV YEVIKEVOEIS.
Ye devtepo eninedo, ‘onuactoroyia’ (stov mpogpyxetal amo v apxaia EMnvikn A€ :
“onuavtikog”) elvai ) HeAET TG onuaociag. pag AEEng.

JUVOAKQ, Znuactoloyikn Opototta (£.0.) eival To HETPO NG EVVOI0AOYIKNG
ATO0TAONG HETAEL OV0 AeKTIK®OV OpwV (AEEelg, ppaoelg, keiueva), pe faon v
AVTIOTOLYIA TNG ONUAciag Toug. Ala@opeTika, 1 2.0. amavTael 0To 1000 OLOo101 Elval
600 AgKTIKO1 OPO1, WG KATTO1A GUVAPTNOT ATTOCTACTG, OTTOV N 16€A TN ATOOTAONG
avapeoa otovg 0povg Paciletanl 0TNV OUOIOTNTA TN ONUACIAG TOVG KAl YiVETal XpTon
KAITO10¢ TNYTC TANPOPOPIRYV. XAPAKTNPIOTIKA TAPASElyHATA TTNY®V TTANPOPOPIMYV TTOV
XPNOLOITOI0VVTAL, E1VAL TA OTULACIOAOYIKA S1KTLA, 01 UNYAVESG AVA) TNOELS, KAL 1)
Wikipedia.

O KaAOG 0P1OUOG TNC OTLACTIOAOYIKTG OLOIOTNTAG ATTACYOAEL TOUG epELVTTEG 6 KAl
apketeg Sekaetieg. v PiAoypagia, cuvaviaue vav oAD peyaio aplfuo amo
npotevoueveg pebodovg. Avapeoa toug, umopovue va Stakpivovpe dUo faocikeg
Katnyopieg mpooeyylong g 2.0. pe faon 1o €i80g TNG NYNG OV XPNOUOTOLEITAL : TIQ
corpus-based mpooeyyioeig kat ig knowledge-based.

AvTn) n evOTNTa avaAlel ev ouvtopia Kal Tig 510 TPOCEYYIOELG.
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2.1.1. Knowledge-based ALyép1Opor

O1 Knowledge-based aAyopiBuot opilovv Tnv onUac10AOYIKT) Opo10THTA
XPNOLOTTOIMVTAG TIAT|POPOPIES ATTO OT|LACI0AOYIKA SikTva 1) YeVIKA BACELS YVQOOoTC.

"Eva onpactoAoyiko diktuo eivat pia fAoT yvaong mov avasaplotd Tig OTUACI0AOYIKEG
oxeoelg Hetady evvolmv og pop@r) Siktvov. Ta onuacioroyika Siktva ovvhBwg £xovv
KOUPOUG TTOV AVTITIPOOWITEVOVY EVVOIEG KA1 GUVOEDELS TTOV AVTUTPOTMITEVOVV TIG
OT|LAO10AOYIKEG OXECEIS LETAED AVTMOV TV EVVOIQWV.

Synua 1. Toapaderypo Znpocioroykod Atktiov

Evewktika, oto WordNet, £va asd ta /o Snuo@iAn onuactodoyika Siktua, ot A&€elg
EVOVOVTAL L€ TIG ONUACIOAOYIKEG OYEDELS : CUVMVULUA, VITOWVUULA, KAl pepwvopa. Ta
OVLOLAO0TIKA, PTIUATA, EMPPTUATA Kt entifeta opadomolovvTal 0€ OET YVWOTIKGV
oLvEVLU®V (cognitive synonyms - synset), 7tov 1o kabeva ekppadel pia StapopeTik)
gvvola.

TCevikd, Ta onuactoloyikd Siktva kabwg Tpoo@Epovv pia SounueEva avamapaotaon
TV EVVOL®V, TA OT|LACI0AOYIKA HETPA 1oV Bacidovtal oe avta Aaupavouvv o
TPAYUATIKO VOTUA TV 0P®V, KAl Apd eival Xmpig ap@ionuia.Qotoco, kabwg “ot
Kavoveg g YAwooag faocidovian otnVv Xpron g kat alayeg ovpfaivouvv kabe popd
IOV O1 XPNOTEC TNV XPNOIUOTOI0VV Y1d VA ETNKOIVOVI|OOLV HETAEL Tovg”, TA
OTLACTI0AOYIKA SIKTLA XPEIAETAL VA EVI|LEPDVOVTAL CLYVA TTIPOKEIUEVOL VA
Stapop@avovv v Soun kat tnyv Anpogopia tovg. Mia tetola Stadikaoia, kooTtidet
TOOO0 O€ TOPOVC, 00O KAl 0€ XPOVO.
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Ynapyel mAnBwpa pefodwv mov exovv avamtuybel yia to mpoodiopiouo g 2.0. Svo
AEEEWV e TNV XP1I0T EVOG OTNUACI0A0YIKOU SkTOov. 'OAd auTd Ta LETPA BempPoLV wg
€10080 &va {eyog At EVVOLEG, KAl EMOTPEPOLV Uid TIUT oV Seiyvel v
OT|LAO10AOYIKT) OXE0N TOUC.AlaoOnTiKA, €va €180¢ LETPOU TNG OT|LACIOAOYIKT|G
OUO10TNTAG O€ €VA ONUACI0AOYIKO S1KTLO, Elval 1) ATTOOTAOT LETAED TV EVVOIOV: SO
Aeerg Bewpovvtan Mo Opoleg eav Bpiokovtal o kovtd oto dedouevo Siktvo. ITio
avaAvTikd, otnv BipAoypagia pmopovue va Bpovpe tpeig faocikeg S1apopeTikeg
PooEYYioelg yia Tov poadiopiouo g 2.0. o &va oNUAc10A0Y1KO S1KTVO, 01 0TTOlEG
elvat o1 e&ng :

‘path-based’ : ekTILOVV TNV OTLAGIOAOYIKT) OLOIOTNTA UETPMVTAC TOV AP1OUO TV
KOUBwV/akuwv tov xmpidouv S00 evvoleg oe £va 8e50UEVO OT|LAGTOAOYIKO
Siktvo

‘information theoretic’ : alomoloVv Vv €vvola tov ‘information content’.
Information content, IC, 1} aA\img ‘TANpo@opia meplexopevoy’, elvat Eva HETPO
oV TOON MANpPogopia Sivel pia Evvola. 'Evag tumkog opiopog tov IC eival wg :
IC(a) = -log p(a) , 67tov a €vag 6pog o€ eva 5e50UEVO ONUACIOAOYIKO SIKTLO KAl
p(a) n mBavotnta va ouvavtioovue tov 0po ‘a’ oe Eva dedouévo corpus.

Y11¢ ‘information theoretic’ mpooeyyioeig, n opHOIOTNTA EKTIHATAL WG pia
ovvaptmon tov I.C. mov Vo €vvoleg €xovv ko1vo, o€ eva Sedouevo
OT|LACTI0AOYIKO S1KTLO.

‘feature-based’ : E&w, 01 €vvoleg avammapioTavIal g 0T XapaKInplotikev. Ta
XAPAKTNPIOTIKA H1ag EVVOlag eptypa@ovTal amo AEelg, kat ouvnBwg apopovv
TO GUVOAO TV EVVOLQMV IOV LTTAYOVTAL 0 authVv. H opootnta emopevag, pmopet
Va 0p1OTEL WG Ui CLVAPTNON TOV KOVAOV KAl EEXWPLOTOV XAPAKTNPIOTIK®OV SO
EVVOLQV. AlloOnTIKA, 000 7110 TTOAAEG AEEEIC AAANAOETIKAADTTTOVTAL TOCO TT10
opoleg eivat ot dvo evvoleg.

Avtdg 0 TpOTOg TPOoEYYoNg Katayetal amto 1o ‘feature-model’ ov mpotdbnke
and tov Tversky to 1977. MAdAota, o Tversky 1)tav o pwTtog stov pe o
‘feature-model’ SratOnwoe Eva MTAAIG10 0PLOUOV TNG OTUACTIOAOYIKNG
oUo10TNTAG.

O mapastave knowledge-based peBodot propovv va enektaboiv kat yia 1o HETPO NG
opo10TNTAg PpAcewv opidovtag kavoveg ouvabpolong.
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2.1.2 Corpus-based A)lyop10por

O Seltepog Paoikog tpomog mpoogyylong g 2.0. eivan ta corpus-based semantics, 1
aMwg statistical 1y distributional semantics. Ot corpus-based akyopiBpot Bacidovtan oe
OLAMOYEG KeEVWV (corpus) Tig omoieg eneEepyadoval, TAAOTEPA e OTATIOTIKA HECA
KA1 OT|UEPA UE LOVTEAN VEVPWVIK®V SIKTVMV, y1a va eEatyovv mAnpogopia sov Ha
a@opda 1o vonua. To vonua pmopel va ava@epetal oe AEEELG, AAAA aKOUT KAl O
TIPOTACEIC.

“....] KATAVON O NG PUOIKNS YAWOOTAS QIALTEL UEYAAES TTOOOTITES YVWOTS VI TNV
uopgoloyia, mv ovvraén, mv onuactoAoyia kat v apayuatoroyia, kabwg xat yevikn
yvwon yia tov xoouo. H amokmon kat amokwdixomoinon 0Ang avtng myv yvwong eivat
eva aro ta Oeueliwdn eurodia yia mv myv avamtuén) amoTEAEOUATIKOV KAl LOXUPDV
YAwooikov ovotnuatwv. Orws Ta OTaTIoTIKA UEDA ... ) UNXAVIKT) udOnon pmopel va
vmooyebel v avtoua) aroxTnon AVTIS TS YVwong amo annotated 1 unannotated
ovMoyeg kelevov ”

—2Xeliba 377, The Oxford Handbook of Computational Linguistics, 2005.

IMa v e€aywyn g Anpo@opiag mov Ba apopd To vonua, xpnoiposmoleital ouviowg
To ovykeipevo maiolo (context). Ta distributional semantics Paociovtal otnv Bewpia
oV YAwoooAOoyov J.R. Firth : “You shall know a word by the company it keeps” , (1957)
ka1 g Stavepntikng voBeong (distributional hypothesis) : 80 A&€erg €xovv mapopolo
VO U, EAV XPNOUOTOI0VVTAL OE TTAPOLOIA CUYKEILEVA TAQLOL, 1 e AAA AOY1a, eav
gxovv opoia i mapopoia Stavoun (distribution) (1954). I1.x. Tooo 1o "okvAL" 600 ka1 N
"yata" eppavidovral ouyva kovtd otig Aé€elg "kmnviatpog” , “katokidio”, “Cwotpo@n)”,
KO QUTI) 1] CUVEUPAVIOT) ATOSEIKVVETAL TWE AWTOTEAEL VA EMTAPKEC OTOLXELO YA TNV
OUO10TNTA TOVG.

O ovvnOng tpomog, mov avamapiotatal n avaybeioa TAnpo@opia yia To vonua piag
AeEng/evog keluevov, etval aplBunmika peow dravuopdtwv. Me Eva HETpo ouo1oTnTag
£T01, WITOPOVUE VA VITOAOYICOUVLE TNV OUOI0TITA TV TTAPAYOLEV®V SIAVUOUAT®V, KAl
KAT €KTAOT), VA €XOVUE KAl TNV OUOIOTNTA TV AVTIOTOIX®WV AEEEWV/KEIUEVMV.

Jnv mapovoa epyacia, eEetadovtal HovteAd tov Pacifovtal og VEVPwVIKA SikTua yia
Tig Stavvouatikeg avamapaotacelg tov vonuatog Aegemv (word embeddings) kau
npotaocewV (sentence embeddings).

AegSopevov 0Tl 1 arrodoon Twv aiyopiBuwv eEaptatal oe peydio fabuo, amo to corpus
IOV XPNOUOTOLEITAL, ) Snutovpylia evog amtodoTiKoL corpus eival LPIOTNE ONUACIAG.
Qo01000, eva “1daviko corpus” ,01o Babuod g yvwong stov amoktnonke ota mAaiola
AUTNG TNG EPYACTiag, eV EXEL AKOUT OPIOTEL ATTO TOVUG EPEVVNTEC.
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2.2 Word Embeddings

Q¢ ‘Word Embeddings’ opidovpe Tig Siavuouatikeg avamapaotacelg AeEemv
TPAYUATIKGOV AplOUGV, TTOV KOSTKOTO0UV TO VONUA TV AEEEWV, e TPOTTO TTOU AEEEIG
IOV BPIOKOVTAL TTIO KOVTA OTO S10VUOUATIKO X®MPO AVAUEVETAL VA LO1AlOVV OTNV
onuaocia (meaningful space).

........

IMapaderypa evéekTikng avamapaotaot) g AeEng ‘man’ 0To 5-5140TATO XWPO.

AoBgvtog 0T | AEEN ‘woman’, eival Vonuatik@ ouyyevikn pe v AEEn ‘man’, 1 avamapaotaon mg Oa
TPETEL VA elval TETOIA ®OTe va BplokeTal KOvVTd e TV A¢En ‘man’ 6to S1avuouaTiko XwpPo.

O1 avamtapaotaoeig Aapupfavovral cuvnBwg pe v ekmaidevon evog VELPOVIKOD S1IKTVOV
o€ éva peyao corpus. To povtedo ekmaidevte va kavel poPAswerg pe faon tig Aegeig
Ka1 T0 ovykeipevo tovg mAaioto (context). Ta Bapn mov pabaivovtal kata v
eKTTAiSeVOoT), XPNOUOITOIOVVTAL V1A TNV AVATTAPACTACT) pUlag AeENG.

YV BiAoypagia, o 6pog ‘word embeddings’ ypnoposmoieitan 1coSvvaua pe Tov opo
‘distributed vector representations’.

Ta Paocika mAcovektnuata twv word embeddings eivat ta €€ng:

a

Ta Bapn Twv S1avuoudTwy £X0VV GUYKPLITIKT TIur], SnAadn tapopoleg Aegelg
£xovv mapopola Bapn, Kat apa kat kovtivi) 0€on otov Siavuouatiko Xwpo.

MIopoUpE VA AvaTTAPACTIICOVIE U AEEN e OXETIKA LKPO aplBuo
TAPAUETPWV.

ITapeyovv mAoVo1EC AVATTAPACTACELS Y1a TIG AEEELS, TTOAD TT10 10XVPES ATTO TN
XPNon Tov id1wv Tov A&femv, kaBmg HITopovV va pavepm®ooLV XapaAKTNPLOTIKA
TV AEEEWV TTOL dev eivan eppavn ota apxika dedopeva

"Exouv Vv 1kavotta yevikevong AOym TV KOGV XAPAKTPIOTIK®V HETASD TwV
EVVOLOV, KA1 AUTO TA KAVEL XPNO1UA 08 TTOAAEG epapuoyeg g E@T. ZuviOweg,
XPNOLOITOI0VVTAL WG YEVIKOV OKOITOU XAPAKTNPIOTIKA yia Ae€elg oe Stapopa
npoPAnuata g EQT.

Agv Yperalopaote e181kT) yvwoTn Topea yia tnv Snuiovpyia Toug.

Agv XpelalovTal CLAAOYEG KEIUEVMV LE TTAOVO10 GYOAIAOUO, AAAA LITOPOLV va
avtAnBolv amod peyaieg aoYoAaoTeg Mnyeg ov eivan 1161 dtabeoueg.

Télog, kaBwg mpokertan ya Stavoopata, Sivovv v Suvatotnta
a&lomoinong HadnUATIKOV EPYAAEI®V YA TNV EEAYMYT) XPT|OIUWV
OLUTTIEPACUATOV.

'‘O00V apopd Tov 0TOXO TNE EPYAOIAC, TTOV EIVAL O LITOAOYIOUOG TNG OTULACIOAOYIKNG
opo10tntag dvo keypevmv, ta word embeddings Sev mpoo@Epovv pia dueon Avon, aAa
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QITOTEAOVV EVA EPYAAEID TTOU UITOPOVUE VA XPNOH0TTo|oovpe. Ot TpOTOL PE Toug
07T010V¢ WITOPOVUE VA TA AEI0TTOICOVE YO VA EKTIUTCOVLE TO VOT|UA EVOC KEIUEVOD,
mapovoladovtal otny evotnta ‘MeAetn MebBodwv'.

Kown) mpaxkTtikr), eivan n xpnoposmoinon npo-gkmaidevuevov word embeddings yia pia
epyaoia, SnAadn n xpron embeddings amod poviEAA VEVPOVIKOV SIKTU®WV TTOV
OoXeS1A0TNKAVY Y1A VA VA KOSTKOTTO100V YEVIKEG OT|LACIOAOYIKEG OXETELS KAl
EKTTASEVTNKAV 08 LEYAAEG OUAAOYEG KELEV®V. AUTO OQPEIAETAL OTO YEYOVOG TTWG T
uadnon word embeddings anod to undev Sev eivat eUkoAn.

Mia amo tig peyaivtepeg ipokAnoeig otnv E®T eivan n éMenyn Sedopevmv
exmaidevong. Kabwg n EOT eivan éva extetapévo medio pe moAeEg S1apopeTikeg
EPAPLOYEC, TA TTEPIOCOTEPA OUVOAA SEGOUEVOV V1A CUYKEKPIUEVES EPAPLOYEG
TIEPIEXOVV LEPIKES YIA1Adeg ) pepikeg ekatovTadeg yiAadeg mapadetypata ekmaidevong
ta&vounuéva amo avlpwmovg. QoToo0, Ta oUyypova povteda Babiag pabnong g EOT
BAETOLV OPEAN QIO pHEYOAUTEPEG TTOOOTNTEG Sedouevmy, kal feATiovovtal Otav
eKmadeviovTal 0e EKATOUUDPLA, T} Sl1oekaToppvpla, oxoAlaoueva apadetypata
exmaidevong.

IMa va pmropesel va avTIHET®ITIOTEL AUTO TO TPOPANUA, 01 EPEVVTTEG AVEMTLEAY Hia
TANOwPA ATTO TEYVIKEG YA TNV EKTTAIGELOT YEVIKOU OKOITOU LOVTEAWYV, XPTOLOTTOIOVTAG
TNV TepAOTIA TTOCOTNTA Ao Kelpeva oto Sradiktvo (1 omoia Stadikaoia eival yvwotn

wg pre-training). To mpo-exTaAISEVUEVO LOVTEAO LWITOPEL OTNV CLUVEXEL VA
nmpooappootel pe akpifela (fine-tuned) oe epapuoyeg mg EOT mov amotehovvTal amo
LKpOTEPO OYKO Sedoucvwy. "Etot metvuyaivetal asmo v pia mhevpd, edtioon oty
akpifela kat amd v AAAn, €E01KOVOUNOT XPOVOU .

Ot tpatot 7tov €8e1&av v XpnouoTTa Twv mpo-ekmadevpevanv word embeddings
ntav ot Collobert ka1 Weston to 2008. H gpyaoiag toug opoonpuo ‘A unified
architecture for natural language processing’ 0x1 povo kabiepwoe ta word embeddings
wg €va Xp1o10 epyaieio yia Siagopeg epapuoyeg g EOT, ala emiong elonyaye myv
APYLTEKTOVIKT) VOGS VEUPWVIKOU S1KTVOV TT0v £€0e0e TV Ao yia TOMEG TpEXOoVOEg
npooeyyioeig. H tehikr) S1aSoon twv word embeddings pmopei va amtoSo0ei otoug
Mikolov k.a., tov to 2103 Snuiovpynoav o word2vec, £va LOVTEAO TTOV EMITPETEL TV
exmaidevon kat v xpron npo-ekmadevuevov embeddings.

SHUEPA, VITAPYOVV APKETA VEUPWVIKA LOVTEAQ TTOV €XOVV 0XeS1A0TEL yia va pabaivouvv
word embeddings. Etnv mapovoa epyacia Ba peAetoovpe Ta LOVTEAQ:
Word2Vec (by Google - 2013) , GloVe (by Stanford - 2014) , FastText (by Facebook -

2015),
ka1 Oa ypnouosooovpe mpo-ekmaidevpeva embeddings tovg.

[Tapaxatw mapovolalovTal CUVOTTIKA, TA 3 AUTA LOVTEAQ.
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2.2.1 Word2Vec

H npo kau Baowkn peBodoroyia yia tnv ekpuabnon Embeddings A&€ewv, 0mmg
avaeepOnke ndn, eivar to povredo Word2Vec (Mikolov et al., 2013).

To word2vec etvatr pia un-empPAemtopevn texvikn, mov Aaupavel wg 10060 pia cuAAOYT)
kelevv kat Sivel wg £€odo word embeddings. H ekmaiSevon tov embedding kabe
A&ENg yivetan e BAoT To CLYKEIUEVO TNG TAAI010, OTO COrpus KEIUEVWYV TTOV
XPNOLOTTOIEITAT KA T} aAvartapAoTtact yivetal og evav dtavuouatiko xopo N. (Kabe
AEEN avasmtaplotatal wg éva Stavvopa Staotaong N og autov Tov Xopo, 071ov 10 N=300
ouvvnBwg). To ovykeipevo mAAio1o opiletal wg TO TAPAOVPO TWV YEITOVIKWV AEEEWV.

To Word2Vec Sev eivan evag aAyopiBuog aAAad €xovv mpotabeil Svo Sragpopetika
texvikeg pabnong: To Combined Bag of Words (CBOW) kat to Skip-gram povtého. Kat
o1 6vo pueBodor eivan vevpwvika diktva Atywv emutedwv (shallow feed-forward NN with
one hidden layer), mov paBaivovv Bapn mtov ypnopomoovvial wg word embeddings.
To Skip-gram maipvel wg 10080 pia AEN ka1 mpoomadel va poPAEWEL TO CLUYKEIUEVO
TAAi010, eve) 1o CBOW ektelel v avtiotpopn diadikaoia, Aappavel wg eicodo eva
ovykeipevo mAaiolo kal spooradel va mpoPAewet v mBavotnta pag AeEng.

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
w(t-2) w(i-2)
w(t-1) w(t-1)

\SUM
/ e 2 ALY wit)| ——
wit+1) / w(t+1)
w(t+2) wi(t+2)
CcBOW Skip-gram

Zymua. 2. Ot dvo apyrtektovikég poviélmv tov Word2Vec. To CBOW npofiémet pio AEEN pe Baomn to
cvykeipevo mAaicto, kat to SKip-gram mpoPAémet Tig yopw AéEeig pag Aééng. ©arXiv:1301.371
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[Mapaxatw Sivetal n orTikomoinon g Aettovpyiag tov poviehov Skip-gramy peow
evog ammAov mapadeiypatog. 'Eotw 0Tt oto mapaderyua, xovpue eva AeEIAOY10 pE
100.000 povadikeg Ae€erg. Mia Ae€n e10060v, 0mwg 71.X. N A&En ‘orange’ Oa

avamapiotatat pe 1 otnv B€om Tov avTioTol el 0To ‘orange’ kAl O 0€ OAEG TIG VTTOAOUTEG

B¢oeig. H £€odog tov povtelov Ba eivat éva Siavvopa S1a0taong 100.000, 0710V Kabe
B¢on Ba mepreyel v mBavotTa n avtiotoyn AeEn va eival avikel 0To CUYKEIUEVO
AQio10 TG AEENG ‘orange.’

INPUT
- 0.64
0 . Probability of word
& 0.03 - " ;
book"” appearing
0 nearby “orange”
0 . 0.1
1
The word for
“orange” selected
| . 0.27 F:rol_:al?liliw of word
\ _ juice” appearing
0 ) nearby “orange™
0.77
u 1
One Hot Vector 300
100,000 x 1 Hidden Layer 100.000
Neurons OQutput Layer
Meurons

Yynuo 3. OnTikonoino Tov VELP@VIKOD SIKTHOL TOL HovTéAov SKip-gram yio évo Tuyaio Topadery Lo
©Otowardsdatascience.com

To o Staonuo amoteAeopa tov word2vec fTav 1 TAPATPNOT) OTL : O TPOIIOG JIOV Ol
Ae€erg mpoarhovtal 0Tov S1avVLOUATIKO XOPO ATOKAADIITEL OT|LLACI0AOYIKEG OXECELS
S10popwV TUTTWV, OTTKWE APTEVIKO-ONAUKO, XpOVOUC PIUAT®VY, XWOPA-TIPHOTEVOVOA KAl
KOT ETEKTAOT), €lval SUVATA CLUTTEPACUATA TNG LOPPNG :
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2.2.2 GloVe
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To povtero Glove (Global Vectors for Word Representation), tpotaBnke 1o 2014 aso to
mavemotnuo Stanford ko amoteAet enektaon tov Word2Vev. H Baowr) 18ea eivay, ot
avTi va Xprnouosoteital eva ‘mapadBupo’ tov opidel to tomko context, to GloVe Ppiokel
TIG OX€0E1G LETASD TV AEEEMV AITO LI UNTPA OUV-EUPAVIOTG AEEEWV.

H pntpa ovv-eupaviong AeEemv Sivel TANpo@opieg yia TNV ouyvoTTa He v omoia S0
Ag€erg eppavidovtan padi og €va peyaio corpus. I'ia v Snuiovpyia g, apyika opidetal
eva peyebog mapabvpov N (ovvhBwg 2 -10), KAl HETA HE EVA TTEPATUA O OAO TO KEIUEVO
LETPpOVTAL TOOEG POopEC KAOE Ceiyog AeEewv eppavidetal padi, Sniadn ywpiletal amo

ueypt kan N Aggerg.

I like

I [0 2

like 2 0

enjoy 1 0

X — deep 0 1
learning 0 O

NLP 0 1

flying 0 O

0 0

enjoy deep
1 0
0 1
0 0
0 0
0 1
0 0
1 0
0 0

learning NLP  flying

0

o O O = O O

0

_ O O O o o =

ynua 5. Mapdderypa pAtpog cvv-gpedvions Aéewv yio N=2

0

_ O O © © = O

O = = = O O O O
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https://developers.google.com/machine-learning/crash-course/embeddings/translating-to-a-lower-dimensional-space

H pntpa avt) amotelel Tov 01d}0 pabnong tov vevpwviko Siktvov tov GloVe. ITo
OUYKEKPIUEVA, 0 0TOX0G pabnong tov GloVe eival va pabet Staviopata AeEewv tE€TO1A
WOTE TO E0WTEPIKO YIVOUEVO TOVG VA 100UTAL PE TOV Aoyapifuo tng mbavotntag g
OLV-EUPAVIONG TOV AEEEMV.

H mBavomta g ovv-eugpaviong pag Ae€ng j o0evtog pag AeEng i, etvat o AOyog twv
POPW®V TIOL N AEEN j eLPAVICETAL OTO CLUYKEIUEVO TTAALO10 TNG i, TPOG TOV AP1OUO TV
(POPQV TTOL 0TTO1AdT|TOTE AM AEEN eppavidetal oto context Tng i. AnAadn €xovpe :

P, = P(jli) = i
Eke::onrext ka

, 0mov X 1 urftpa ovv-guPAVION S AeEewv kat Xy 0 aplBpog gopav mov n Aegn k
EUPAVICETAL OTO CLYKEIUEVO TTAQLO10 TNG AEENG i.

Omote, 0 AoyapiBuog g mBavotTnTag ovvepPaviong twv Aeewv Ba eivatl i00g pe o
Aoyap1Ouo g mapamave avaoyiag. Eival yvwoto mtwg o Aoyapifuog piag avaioyiag
oovTAl e TNV S1a@opd Twv Aoyapifumv. Katd autov tov 1pomo, avtdg 0 0TOX0G
uadnong ovoyetiel (tov Aoyapifpo Twv) avaloyl®v TV mbavot Ty GUVEUPAVIONG e
Stavvopatikeg Stagpopeg 0to Sravvopatiko xwpo. Kabawg o1 avaioyieg avteg pmopovv
va K®SIKOTTO100V KATIO1A LOPPT) VOT|LATOC, AUTH 1) TTANPOPOPIA KOOTKOITOIEITAL KAl 0G
Stavuopatikr Stagopd emiong. Avtog eival kal o AOYog, Tov Ta TpokvtovTa word
embeddings amodidovv moAL kaAd oe tasks avaioyiag AeEewv.

Juumepacpatikd, ot Snuovpyoi tov GloVe €detav 0Tt 0 Adyog Tng mbavotntag
oLV-eU@PAVIoNG S0 AeEewv (Tapa o1 MOBAVOTNTEG CLV-EUPAVIOTG ATTO LOVEG TOVG) Elval
QUTEG TTOV TIEPIEXOVV TTANPOPOPIA KA AVTH TNV TN po@opia tpooradnoav va tmv
KWO1KOIOoovV 0 S1avuopatikeg S1apopeg.

2.2.3 fastText

To fastText mov mpotaBnke to 2015 and v Facebook, amoteAel emiong, pia mpoektaon
tov Word2Vec. H Baown apyn miow amo to FastText, eivar 0Tt  poppoioyikn Sour)
pag AEENG (PEPEL ONLLAVTIKT] AN POPOPIA Yia TO VONUa pag Ag€ng. v mpdén, avto
amtodidetan pe TNV ouUTEPIANYT N-gram XApAKTp®V oV ekmaidevon.

Q¢ n-gram opidetal pia ouveyouevn akoAovBia n avikelpEvwy amo eva dedouevo
Setypa kepwevov N opdiag. Ta avtikeipeva wropolv va eival poviuata, oVAAAPEG,
ypauuata, A&€eig 1 (evyn BACEDV COUPWVA LLE TNV EPAPLLOYT.

KaBe A&En Aowtov, oto fastText avamapiotatal wg pia CLAAOYT) n-gram YapaKTHPwV,
emupoofeta amd Ty 16 v Aggn. INa mapadetypa, yia v A&En ‘matter’ pe n=3, o
n-grams YapakTtnpeg 0w avamaplotovtal amo to FastText eivan : <ma, mat, att, tte,
ter, er>. Ta < ka1 > , TpootiBevtal wg ouvoplakad cVpPBola, mov Eexwpidovv To n-gram
arto Vv i8a v AEEn.
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Me autov Tov TPOTI0, UITOPOVV VA LITOAOYILOVTAL KAl SIAVUOUATIKEG AVATTAPACTACELG
AeEewv mov Sev epavidovtal oto apyko corpus (out-of-vocabulary (OOV) Aé€etg),
aBpoidovtag Ta SlavhopaTa Twv CLOTATIK®V TOVG N-grams, S00EvImv 0TI TOLAGY10TOV
éva amtd avtd eivan Bploketal oto training corpus.

Telog, to fastText exmaiSevtatl va Bpiokel Tnv Ae€n mov Aeimel §00EvTog OAwVY TV
VITOAOUTWV AEEEWV OE Uid TPOTAOT).

2.3 Sentence Embeddings

Me 1ov 0po ‘Sentence Embeddings’ avag@epopaote o€ pia mapopola €vvola pe mpv, He
Vv Sl1a@opd OTL TOPA EXOVE ATOTUTIWOT] UIAG TIPOTAOTC 0€ Eva SIAVVOUATIKO XK PO.
To embedding pag mpoTaong pmopet va kKmdikomolel evav aplBud amo mapayovTeg
OLUTTEPIAAUPAVOUEVOVL TOV OT)UACTIOAOYIKOD VOT|LATOG , TNV CUVTAKTIKT) Sour Kat To
B¢pa. H kxwdikomoinon yivetal pe povieAa vevpwvik®v Siktvwv. H Baowkn 18ea eivan
OTL eKTTaSeVOLUE Eva VELPWVIKO S1KTLO yia va padet mwg va ovvdudoel kKaAltepa Ta
emuépovg word embeddings.

AvniBetwg pe v Mnyavikr 'Opaor, 6mtov ta convolutional vevpwvika Siktva
KLPLAPYOVV, LITAPYOVV TTOANOL TPOTTOL Y1 VA K®O1KOITo0el pia mpotaoT) He VELPOVIKA
Siktua. IIpoopateg epevveg £xovy e€etdoel un-emPAenopeveg kabwg kot
emPAemopeveg TEXVIKEG LAONON G He S1apopeTIkog OTOXOVS eKTAISELONG, TTPOKEIUEVOL
va paBovv yevikol okosoL kal otadepov UNkovg, avamapaoTaoelg TPOTACEDV.

O1 un-emPAemopeveg texvikeg, pabaivouv ta sentence embeddings wg &va vTOTPOTIOV
g nadnong va mpoPAETOLY pia CLVEKTIKT 51080XT) TPOTACEWYV 1) CUVEKTIKT) Sradoyn
VITO-TIPOTACEWV PEDA O€ pia TpoTaon. Avteg ol mpooeyyioelg (otnv Bewpia) pmopovv
Va XPTMOUOITIOI0VV 0TTO1A0T)TTOTE KEIUEVIKO OeT dedopevav (text dataset), apkel va
EPAAUPAVEL TPOTACELS/ VITO-TTIPOTACELG TTOL TTapaTifevTal e ouvekTiko Tpomo. Ta
Skip-thoughts Siavbopata eival To apyetumko mapadetypa g un emPAETOUEVNC
uadnong sentence embeddings. Eivat to 1008Uvapo tov skip-gram yia tig potaocelg :
npoontadel va mpoPAewer Tig mep1fariovoeg mpoTaoelg S00EVTog puiag IpoTacng.

O emPAenopeveg texvikeg pabnong amo v AN mAevpd, amartovy va dataset
OTUEWWUEVO Y1a KATola epapuoyr). To mo10g 01oY0g ekmaidevong pumopet va padet
sentence embeddings mov pmopovv ypnopomomnBovyv oe transfer tasks eivat Eva asmo ta
Baoikd epwTHUATA TOL CLYKEKPIUEVOL Tediov Epevvag. 'Evag amod Toug o Snuo@iAng
otoyog ekmaidevong eivar 1) E€aywyn Zvumepaocuatwv oe dvowkn 'wooa, ) omoia Ha
JIAPOVOIACTEL TTI0 AVOAVTIKA TTAPAKAT®.

2V mapovoa epyaocia, HEAETNONKAV TPO-EKTAIGEVUEVOL KMOOTKOITOTEG TTPOTATEDV
(pre-trained sentence encoders) mov eival oyediaopevol va mai&ouvv 1o 1810 poAo mov
maidovv Ta Word2Vec kat GloVe yua 1ig Aé€erg.

SUYKEKPIUEVA, ATYXOAOVLAOTE LUE TA :
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InferSent (Facebook, 2017) , USE (Google, 2018) , SentenceBERT (UKP- TUDA, 2019)

H avaAvtikr) mapovoiaon Toug yivetal otnv enouevn evotnta, “IIpotevoueveg
MeBoSor”.

2.4 Métpo Oporotrog

Ta mapayBévta word kat sentence embeddings, Snuovpyovvtat pe TpOTO WOTE Va
OLAAUBAVOLY OTUACTIOAOYIKT] TTANPOPOPIA Yia AEEEIS KA1 TTPOTAOCELS AVTIOTOLYA.
[Tpokeevov va EYOVE KATO1A YVQOT) yia To 71000 dVo embeddings poiadovv petadd
TOUC, KA1 Apa KAT ETEKTAOT KAl Y1A TO 7000 potadovv S0 AeEE1g/TPOoTATELS, TPEMEL VA
TA OUYKPIVOULLE.

I'U avuTd XpNOUOTTOI0VUE EVA LETPO OUOIOTNTAG, TTov AauPavel ta embeddings kat
EMOTPEPEL Evav aplBuo mov va deiyvel v opoloTnTa Toug. ¢ HETPO OUOIOTNTAG,
opidoupe pia TPAYUATIKT) CUVAPTIOT) IOV JTOCOTIKOIOLEL TNV OUO10TNTA avaueoa og 10
avTikeipeva, 1 Sl1apopeTiKA, HETPALL TwG/TO00 VO avTiKeipeva oyeTi(ovTal 1)
uotadovv peta&l tovg. To HETPo opol0TNTAS OLVHOWS eKPPAETAl WG Evag aplOuog
AvVAUECA OTO O KAl TO 1, OTTOV UNOEV ONUAlVEL EAQYIOTI OLOIOTTA KAL EVA JTTOAD VYPNAN.
‘000 70 KOVTA 0TO 1, TO0O 7110 TOAvVO eival 0Tt VO CLUYKPIVOUEVA AVTIKEILEVA VA elval
JT10 OUO1A, KA1 AVTIOTPOPA.

I"a Tov LVTOAOYIoUO TNG OUOOTNTAG avapeoa o Svo dtavoopata A = [X,, X, , ... , X,] Kal
B=1[y,¥., . ¥Yal, 500 KOWVA HETPA OLOIOTNTAG TTOV UITOPOVE VA XPT|OLOTTOUCOVLLE
elvan ta akoAovda :

* Evkeideria Amootaon

H EvkAeidera amootaon, opidetal wg 1 atd0TAOT) AVAUESA OTA TEAT] TOV S1AVUOUATOV,
1 S1aPopPeTIKA WG TO UNKOG TOV LOVOTIATION IOV TA CUVOEEL.

H amootaon Sivetat asno tov tomo: d =

A(x1,y1)

B(x2,y2)

>

Zynqua 6. Avamapactacn dtavuopdtov A kot B, yio n=2.
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% OpoloTTa ZuvnuITdovou

H opotomta cuvnuitovov opidetal wg To cuvnuitovo g ymviag 0 avaueoa ota
Stavuopata. 'H evaAAakTikd, T0 ouvnuitovo 00 S1avuopATmV opidetal wg T0 E0MTEPIKO
TOVC YIVOUEVO, S1AIPOVUEVO ATIO TO YIVOUEVO TV HETPWV TOVG :

A-B

sim (4, B) = cos(8) = —mgn

Av 6vo Stavoopata eivatl mapdAinAa, SnAadn oyxnuatifovv yovia 0 poipeg, £ovv
cos(0)=1, ka1 apa Bewpovvian Opola. Ala@PopeTIKA, Eva elval kKAOETA kAl elval 9O poipeg
uakpid, cos(90)=0 ka1 apa 1 opo1OTNTA Elval O.

H opotomta cuvnuitovov vitodoyilel v katevBuvon §o onueiwy 0TO XOPO TApA TO

TTO00 ATEXOLV PUETAED TOVG. AUTO onuaivel 0Tt ennpeddetal Atyo asto to ueyebog 1) to
7TO0O0 pEeyaAol eival ot apiBuoi.
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KE®AAAIO 3

IIpotewvopeveg M£O0601 Oporotnrog Keypévov

3T0 KEPAAAL0 AUTO avaAvovTal o1 HEBoS01 OT|LAGI0AOYIKTIG OUOIOTI TAG KEWUEV®YV TTOV
ueAetnOnkav. Ty evotta 3.1 meptypagovtal ot pebodot mov Bacidovtal otny Xpron
word embeddings xat otnv evotnta 3.2 ot pueBodot ov Pacidovrar oty Xprion sentence
embeddings.

3.1. M£0ooo1 pe ypnion Word Embeddings
3.1.1 Tf-1df Avavoopata

H nipwtn mpotewvouevn pebodog kat pia baseline tpoceyyion yia v apOunikn
avamapaotaon evog kelpevou eivat ta TE-Idf Stavbopata. Av kot Sev mpokertal yia
kaBapa embeddings, avamapiotolv Stavvopatika eva keipevo péow twv TE-1df fapav.

H Sadwikaoia elonyOn 10 1972 o pia epyaocia tov Karen Sparck Jones.

Me 1o Tf-Idf (Term Frequency - Inverse Document Frequency ) pmopotpe va
vroAoyicovpe &va Bapog yia kabe AEEN, tov SnAwmvel TV oNUAVTIKOTNTA TNG AEENG 0TO
KEUEVO TOV corpus 0To 07010 avnkel. H onuavtikomta avEavetal avaloyikda Le Tov
ap1Ouo TV PopwV oL pia AEEN eppavidetal oe €va keipevo (term frequency =
oLYVOTNTA OPOVL) AAAA AvVTIOTAOUIZETAN ATTO TNV GUYVOTNTA TOL OPOL GTO COTPuS
(inverse document frequency = avtioTpo@n GLYVOTNTA KEWWEVOUL).

H paBnpuatikr avamapaotaon tov Bapovg evog opou t oe éva eyypago d amo to Tf-Ifd
Sivetat amo tov TOTo :

Wid,t) =TF(d.t) *log( )

df (t)°

'Ostov N 0 ap1Buog twv eyypagwv oto corpus kat df(t) eivar o ap1Buog twv eyypapwv
IOV JIEPIEXOLV TOV 0PO t OTO corpus.

Kat’ autd tov Tposto, WtopoUie va avatapaoTiOoOVUE Eva KEIUEVO wg diavuoua pe
S1aotaon ion pe tov aplbuod twv povadik®mv Ae€ewv oto corpus kat Tiueg ta tf-idf fapn
TWV AEEEWMV TTOL AVI|KOVUV OTO KeIUEVO.

Omnote, oe avtnv v uEBodo, To amoteAeoua g opootntag Ha Paciletar otnv
OTUAVTIKOTNTA TV AEEE®V OV T £yypa@a poipadovial.

Yy tapovoa epyaocia, ypnoporouOnke n vAomoinon tov Tf-Idf tng BifAoOnkng
Gensim g Python.
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from gensim.corpora import Dictionary
from gensim.models import TfidfModel
from gensim import similarities

dct = Dictionary(data_stem)

corpus = [dct.doc2bow(line) for line in data_stem]

model = TfidfModel(corpus)

vectors = model[corpus]

scores = similarities.MatrixSimilarity(vectors,num_features=len(dct)

Kadwkog 1. Yroroinon Tf-1df pe tv Bprobrkn gensim

3.1.2 Méooc 'Opog Word Embeddings

Mia GAAN atAn) TPOCEYYLOT] YA TNV AVATTAPAOTAOT VOGS KEIHEVOL S1AVUOUATIKA, Elval O
VITOAOYIOUOG TOV peaov 0pov Twv word embeddings OAwv Twv AéEewv Tov.

IMa v evpeon Twv word embeddings, ypnoomolove mpo-exkmaidevpeva HOVTEAQ,
IOV TIEPIEYOVV ETOUES AVATIAPACTACELS V1A £VA TTOAD PeYAAo aplBuo Ae€ewv. Ia Aégerg
mov Sev Ppiokovtal 0To AeEIAOY10 TwV HoVTIEA®YV, To Stavuoua tiBetatl 100 pe undev.

'Ontwg avapepdnke kot tapamadve, ta word embedding povtéAa mov xpnoiuomolovue
etvar ta Wordavec, GloVe, FastText, kai ta mpoekmaiSevpeva HOVIEAA TOUG AVTIOTOLXA
elvan :

%’GoogleNews-vectors-negative300’, exe1 eknmaidevtel oto Google News Dataset
(mepimov 100m AEEELQ) KA TTEPIEYEL TTEPLTTOV 3 EKATOUUVPIA SIAVUOUATIKEG

AVATTAPAOTACEIG AEEEWV KAl (PPATEWV.

¥ glove.42B.300d’, £éxe1 exmandevtei oto Common Crawl' ko ;tepiEyel Siavuopatikeg
AVATIOPAOTACELS V1A 1.9 eKaTOppvpla tokens.

¥’'wiki-news-300d-1M.vec’, ekmaibevtnke mavew otnv Wlkipedia xat mepieyet 1
EKATOUUVPI0 AEEETG.

[Ma v @opTwon TV HovieAwV ypnotlpomotnOnke n B1pAoOnkn gensim g Python.

from gensim.models import Word2Vec , KeyedVectors
model = KeyedVectors.load_word2vec_format('GoogleNews-vectors-negative300.bin',
binary=True)

Kadikoag 2. Doptmon mpo-gknardevpévav word embeddings pe mv BipAodnkn gensim

' Common Crawl = “The Common Crawl corpus contains petabytes of data collected over 12 years of
web crawling. The corpus contains raw web page data, metadata extracts and text extracts.”, from
the official web page.
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3.1. 3 Smooth Inverse Frequency

Av ka1 0 peoog opog twv word embeddings pia mpotaong Bewpeitar kaho baseline,
telvel va Sivel ToAL Bapog o€ AEEELC TTOL elval UN-ONUAVTIKEG OT|LACI0AOYIKA (T1.. ‘Kav,
‘wrtopet’, ‘Oc’, ‘tote’, kTA. ) . To 2016, 0 Arora x.a., tpotewvav ta SIF embeddings, wg
Avon og avutod 1o poPAnua. H pebodog SIF vmoloyidel ta embeddings twv mpotadcemv
g evav otabopevo p.o. twv embeddings twv Aeewv g, CUVELACUEVO e Eva T)TT0
‘denoising’. Ta §vo Paoka pepn g neBodov eivan :

1.
2. Common component removal - Apaipeorn Kowvov Zuviotwowv

Weighting - Xta0uion

Algorithm 1 Sentence Embedding

Input: Word embeddings {v,, : w € V}, a set of sentences S, parameter a and estimated probabil-

ities {p(w) : w € V} of the words.

Output: Sentence embeddings {v, 15 € S}

e M ode e b e

for all sentence s in & do
Vg +— l% Zn-( - ml‘”.
end for
Form a matrix X whose columns are {v. : s € S}, and let u be its first singular vector
for all sentence s in S do
tg # L'g UU g
end for

Kodikag 3. Yevdokddikag Yroroyiopov SIF Embeddings ©’A Simple But Tough-To-Beat Baseline For

Sentence Embeddings”

Me&6oSog I'a tov Yrohoyiopo twv SIF Embeddings:

II.

I1I.

KaBe word embedding otaBuidetan kata a/(a + p(w)), 6sov a eivan pia
VIEP-TIAPAUETPOG, OPIOUEVT] ATTO TOVS OUYYPAPEIS 0TO 0.001 , Ko p(w) 1)
ovxvoTNTA TG A&ENG W 0To corpus. H vrep-mapapuetpog a mpocapuodel oeg
Aggerg etvan moooTika “ovvnOioueveg ” kat “acvvrBioteg”.

2V ouvveExew, yia kaBe mpdTaoT) LVTOAOYIZETAL O L.0. AVTAOV TOV OTADOUEVWV
word embeddings.

T&Aog, vrtoAoyiovtal 01 KUPlEG CUVIOTWOEG TV TTPOKLTOVTIWYV Sentence
embeddings. ka1 apaipeitar amto avtd ta sentence embeddings n TpwmTn
oLVVIOTOOA Tovg. Q¢ amoteéleoua, To SIF vrofabuidel aonuavteg AeEE1G OMTwWG
‘but’, Gust’, KTA ka1 KPATAEL TANPOPOPIA TTOV CUVEIOPEPEL TEPIOCOTEPO OTNV
onuacioAoyia g TpOTAONG.
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3.1.4 Word Mover’s Distance

"Evag Stapopetikog tpomog aglomoinong twv word embeddings yia v evpeon g
OUO10TNTAG, ElVAL HECK TOL OPIOUOV U10G CUVAPTIOTNG ATOOTAOTC.

Ymv mapovoa epyaoia ypnoiposotovpe to Word Mover’s Distance (WMD), pia
OLVAPTNOT) AWTOOTAOTG LETAEL KEWEVWYV, TTOV TTAPOVOIACTNKE TO 2015, TNV £pyacia
“From Word Embeddings To Document Distances”.

To WMD ypnowuomotei ta word embeddings twv A&€ewv §o keluévwv yia va puetproet
NV EAQ10TI ATO0TAOT JTOV 01 AEEEIG OTO MPOTO Keiuevo yperadovial va “taibeypouv”
OTO OTUACIOAOYIKO XMPO YA va “@pTacovv” Tig AEEe1g 0To SeVTEPO KEIUEVO.

A
document 1 o ’ ‘gr.eets’ document 2
ama
Obama o ./V T!]B
speaks . @ ., ‘speaks’ President
to President greets
the the
media ‘Chicago’ press
in g ‘media’ in
Illinois “ o Chicago
‘Mlinois® press
word2vec embedding

Zynua 7. Mia angucovion too WMD. © ‘From Word Embeddings To Document Distances’

[Mapamavm, ametkovidetal To Tapadelypa ov TAPOVCIACTIKE OTNV TIPWOTOTUI)
epyaoia. I'a nig mpotaoeig “Obama speaks to the media in Illinois” ka1 “The President
greets the press in Chicago”, mapatnpolpe ypnyopa mwg, av Kat £(ouvv Undevik)
AEKTIKT] OLOIOTNTA, 01 AEEEIG TOVG EIVAL OLOIEG OT|LLACIOAOYIKA, Kl apa Bplokovtat
KOVTA oTov Stavuopatikd xwpo. To WMD Baoci{opevo og autr| v QitAn apatnpnon,
VITOAOYIEL TIG AVTIOTOIXEG ATTOOTACELS TWV AEEEWV TOVG OTOV S1AVUOUATIKO XMPO KAl
eav elvan pikpeg ‘Ppiokel’ mwg ta keipeva eivan opola.

To WMD wot000, eivar pia stoAd apyn pedodog. Zvykekpuéva, eivar O(n*m) , 6stov n
= TO UNKOG NG TPOTAONG 1, M = TO UNKOG TNE TPOTAOTG 2.

model.wmdistance( [‘Obama’, ‘speaks’, ‘media’, ‘Illinois’ |, [‘President’, ‘greets’, ‘press’,
‘Chicago’] )

Kddikog 4. YTOAOYIGHOG TOPpATAVED TOPAdELYUATOS LE TO LOVTELD TTOL 1101 EYovpe PopTdceL amd Tov Kdmduka
2.
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3.2 M£0odor Bacrilopevor oe Sentence Embeddings

3.2.1 InferSent

To 2017, n opdda €pevvag tov Facebook xuvkAopdpnoe 1o InferSent, to mpmTo povieho
ya v padnon kabohikawv (universal) avamapaotaoewy TPOTACEWY Ue EMPAETOUEVT)

uadnon. Zvykekpiueva, to InferSent eivan evag mpo-ekmadevpuevog KmS1KOTONTNG
TIPOTACEMV TTOV PUETAPEPETAL KAAA 0€ S1apopeg eapuoyeg g EOT.

H Paoikr) kat kavotoua 18€a Twv CUYYPAPENY TTPOKEILEVOL va Adouv kaboAikeg
AVATIAPAOTACELS, TITAV VA EKTAISEVOOLY TO HOVTEAO TOVC, O€ eva task e€aywyng

ovumepacuatwv. H EEaywyn Svumepacuatwv oty ®vokr I'wooa (Natural Language

Inference) eivan the task g ta&ivounong evyapiowv mpoTAcE®V WG CUVETAY®YT)
/entailment , avtipaon / contradiction , 1 ovdetepo / neutral (kapia amo g Svo

JIPOTYOVUEVEG).

Ta ITelpapata ;ov dnuootedTnkav pad pe v epyaoia, £6e1§av nwg ta sentence
embeddings stov paBaivovtal pe auto Tov TPOTo, TAPOLOIALOVV TA KAAUTEPA
QTOTEAEOUATA HETAPEPOIUOTNTAG TTOV eixav petpnoel peypt 1ote.

3.2.1.1 Asvktovpyio Movtélov

Apykd, yua éva {edyog TpOTACEMV, YIVETAL 0 XWPIOUOG T®V EMUEPOVS AEEEMV, KAl
Bpiokovtal ta avtiotoya Glove Embeddings. Ztnv ouveyela, 1) apXITEKTOVIKT| TOU
VELPWVIKOV S1kTUOVL Tov InferSent asmoteAeitat ammo §vo pepn :

1. To mpwto eival 0 KWSKOTOU TG TPOTATEWV, TTOL deXOUEVOC WG 10080 TIg
S1avUoUATIKEG AVATTAPACTACELS TwV AeEEmV KAOe TpoOTAONG, KwS1KoMo1El TIg
JIPOTAOELG OE SlaviouaTa.

2. To Sevtepo pepog, eivar Evag NLI ta&ivountng, mov maipvet wg eicodo g
S1aVUOUATIKEG AVATTAPACTACELS TWV TTPOTACEWYV TTOL Snuiovpynonkav
sponyovevog, kat Sivel wg £€€odo pia kAaon petaly twv : entailment,
contradiction kot neutral.

Sentence O
—_— — MLI NLI
ferers) — PP E—
Encoder O Classifier Cutput
Sentence
Word Embeddings

Vectors

ynpa 8. Tevikn) Pon Tov InferSent.
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3.2.1.2 Exnaidogvon Movtérov

H exmaibevon tov povtélov €yve ya tov classifier, kot ovykekpiuéva mwg So0evtawv
V0 mpotacewv Ba kavel v cwoTn TPoPAeyn yia o eidog g oxeong tovg. To dataset
IOV ¥XPNoluomo)Onke yia to 0kosmo avto eivar o Stanford Natural Language Inference
(SNLI).

To SNLI eivat pia cvAAoy" artd 570 YIAMASeg {evyapla TPOTACE®V OTA AyYAKa,
YPAUUEVA AITO avOp@OITOUE, TTOL XEPWVAKTIKA TallvounOnkav pe évav ek twv
Xapaxktnpouwy : entailment, contradiction, and neutral.

¢ Aman is driving down a lonely road.

' Ablack race car starts up in front of a crowd of people. :
s e Contradiction

A smiling costured woman is holding an umbrella, ¢ "
r___'.'_'_'_'_'.'.'_'_'_'_'.'_'_'_'_'_'.'_'_'_'_'_'.'_'_'_'_'_'.'_'_'_'_'.'.'_'_'_'_'.'_'.'_'_'_'.'_'_'_'_'_'_'_'> Neutral

A happy woman in a fairy costume holds an umbrella.

A soccer game with multiple males playing.

Zynua 9. opdaderypo SNLI dataset.

H Paowkr) 16¢a twv ovyypagemv eival 0Tt 1] onUAcIoA0YIKT| (pUOoT) avutoL Tov task, pmopet
VA TO KATAOTIOEL VAV KAAO LITOPTPLO0 Yid TNV uadnomn avamapactacenV TIPOTACEDYV,
710V LA Bavovy kaboAikda xprioua xapaktnplotikd. Kabaog to povtédo ekmaidevetat
Yy va padet v onuacioAoyKn opoloTnTa yia Ta (EVYT TV TPOTACE®Y, TA sentence
embeddings pmropovv va xpnoipuomoinfovv yia Tov VITOAOYIOUO TNG OT|LLACIOAOYIKNC
OUO10TNTAG AVAUETA O TIPOTAOEIG.
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3.2.1.3 Koowomomtig Movtérov

E&epevvavtag S10popeg apYITEKTOVIKEG, 01 CUYYPAPELS KATEANEAV TG 1] APYLITEKTOVIKT)
LE TNV KAAUTEPN emiboon yia tov kwdikomowmntr) eivat eva au@idpopo LSTM
(bi-directional Long Short-Term Memory) diktuo pe max-pooling.

'Eva apgidpopo LSTM §iktvo enefepyadetar pia akoAovbia Ae€ewv ka1 o€ KAVOVIKT)
(forward LSTM) xau avtiotpopn oelpa (backward LSTM). 'Eton, yia pia akoAovBia n
AeEewv, eva bi-LSTM vmoloyidel éva oUvolo n Stavuopata kat kaBe Sivvuopa etvat pia
ovvevwon evog forward LSTM kat evog backward LSTM. Katomv, eva eminedo
ouikpuvong e@appoletal oe ke cuveVHUEVO S1AVLOUA, ETTIAEYOVTAG TNV LEYLOTH TIUT
atd kabe S1aoTaon Twv kpuerv enedwv (max pooling), yia Tov oxnuationd tov
otafepov pnkovg teAlko dSiavououa.

H ypnowomoinon evog ap@idpouov LSTM évavtt evog amhov LSTM emtpémnel
TEPLOCOTEPT) EKPPACTIKOTITA LE TNV XPTOT) TTEPLOGOTEPOL OLYKeIuEVOL. Ta aupiSpoua
LSTM &iktua eivan €vag Tposmog kpiong g “xpnouotntag” pag Ae&ng
XPNOLOTTOI®VTAG KA TIG TIPOTYOUUEVES KAl TIG EMOUEVEG AEEE1G O pia TpoTaoN.

‘ 81819 Max-pool
-\ -7-\ sentence length -> 4096
7 2 8 5 2

Concatenation

7 11 (6] |8 3 (2048, 2048) -> 4096
3 2 9 8 4

! ! ! | !
nt || (2 [|{Ths | [ha 1) [[7s | ?;;‘T;‘;qﬁm

| (| (] oo
11 1

—
—

Glove word embedding

‘ wil w2 ‘ ‘ w3 wi ‘ w5 (1->300)
T
Emily |buys |a | billion |cookies SNLI sentences

Zynua 10. Kodwkomomrig InferSent : Bi-LSTM + Max-Pooling.
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3.2.1.4 Kodwkag

import torch
from models import InferSent

model_version = 1

MODEL_PATH = "infersent%s.pkl" % model_version

params_model = {'bsize': 64, 'word_emb_dim': 300, 'enc_lstm_dim': 2048,
'pool_type': 'max', 'dpout_model': 0.0, 'version': model_version}

model = InferSent(params_model)

model.load_state_dict(torch.load(MODEL_PATH))

W2V_PATH = 'glove.840B.300d.txt'
model.set_w2v_path(W2V_PATH)

model.build_vocab(sentences, tokenize=True)

embeddings = model.encode(sentences , bsize=128)

Kadikog 5. Yhomoinon InferSent og Python.

3.2.2 USE

O Universal Sentence Encoder, USE , kukAo@Opnoe €va xpovo apyotepa, To 2018, amod
Vv Google. I[IpokeiTal yia pia GUAAOYT) LOVIEA®V Y1A TNV KOOTKOITOIN 0T KEWEVOL, UE
UTIKOG LEYAAVTEPO QIO AVTO ag AEENG (OTTmg TPOTACELS, PPATELS, T) LKPES
napaypagpot) oe embedding Staviouata.Kiplog 0tdoxog twv mapayouevoy sentence
embeddings eivan n petapepopuotta tovg oe Siapopeg epyaoieg g EQT, omwg eivan
TAELVOUNOT] KEWWEVOV, OTLLACIOAOY1KT] OLOIOTNTA, KOl OHAS0TToinomn.

Mia cuA\oyn amo tpo-ektaidevpeva povreda tov USE eivar StaBeoa oto
Tensorflow-hub.

"How old are you?" (8.3, 8.2, -]
“What iz your age? (8.2, 8.1, .] N
“My phone iz good. Embed (8.9, 4.6, _] R

Yynua 11. Baocwr aneicovion Asttovpyiog tov USE yia tnv €dpeon g onHOCIOA0YIKNG OHOLOTNTOG LETAED
npotdoemv. ©tensorflow.com

Yy mapovoa epyaocia xpnoiponomOnkav dvo €€ avtmv, Ta 1d1a pe avta ov
TAPOLOIACTNKAY KAl OTNV aApyIKn epyacia : To mpoTo HOVTEAO ekmmaidedetal pe evav
kwOkomou ) Transformer kat to Sevtepo pe Eva Deep Averaging Network (DAN). Ta
000 HOVTEAA EXOVV €va avTIoTAO oI akpifelag Kal amalToewy 0€ VITOAOYIOTIKOUG
TOPOVC.
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Kat ta §vo povteda, £xovv ekmaidevtel o€ MOAEG KA S1APOPETIKES TNYRV deSoUEVWV
(supervised kot unsupervised) kat oe Stapopetika tasks, pe okomd va cLAAEEOLY 000
TEPLOCOTEPT] YEVIKT OT|LLACI0AOYIKT) TTAT|po@opia eivan Suvatod. Evdelktika, ol
unsupervised mmyeg eivan : 1 Wikipedia, e1610¢e1g asto 1o Stadiktuvo, oeAideg
EPWTNOEWV-ATAVTNOEWV 0TO 51081k TLO, KAl (POPOLU CLINTNOEWV, VK WG supervised
corpus xpnotuomowOnke to SNLI.

[Tapakdtw, tapovolddovtal v cuvtopia kal Ta Vo HoVTEAQ.

3.2.2.1 Kmwdwonromtilg Transformer

To mpwTo povtero mtov Ba peAetnoovpe xpnoipomolel Tov kwdikomowntn Transformer.
To povtélo Transformer e10mx0On amo v Google oty epyacia “Attention is All You
Need” to 2018. Eival pia Kaivotopa apyITEKTOVIKT) TTOV OTOXEVEL 0TO VA AVOEL
sequence-to-sequence gpyacieg, evo XEIPICETAL LUE EVKOALA TIG EEAPTIOEIS LEYAANG
euPererag . Ta povreha sequence-to-sequence (Seq2Seq) a@opovV TNV UETATPOI)
akoAovBiwv (sequences ) astd evav Toped (71.X. TPOTACEIS 0TA AYYAIKA) 0€ akoAovBieg
o€ &vav Ao topea (.. ot idieg mpotaoelg peta@pacpeveg ota EAnvika).

O Transfomer sephapfavel 0o SIAPOPETIKOVE UNYXAVIOUOVS : EVAV K®SIKOTONTI) TTOV
“Srafader” to keipevo 10080V KAl EvAV ATTOKMSTKOITOTH JTOV TAPAYEL pia TpofAeyn
ywa 1o task. To povtéro Trasnformer, facidetan otV 18ea tov self-attention, SnAadn dev
enefepyadetan pia akolovBia 10080V ALEN-AEEN, aAAG AdauPavel wg 10060 0AOKAN PN
Vv akolovBia, kat £tol eneepyadetan TIg AEEEIG O OYEON UE OAEG TIC LITOAOUTEG AEEEIG
o€ pia mpotaon.

To povtédo USE mov Bacidetan oto povtédo Transformer, kavel xprion TV TUNUATOG
TOU K®WSIKOTON TN TNG APXIKIG APXITEKTOVIKTG Tov. IT10 CLuYKeEKPIUEVA, ATTOTEAEITAL ATTO
uia otoifa N=6 mavopolotunwyv emmnedwnv. Kabe eminedo exel éva self-attention tunua
akohlovBovpevo amo eva feed-forward Siktvo. Ta word-embeddings stov Sivovtatl g
£€000, TpooTifevtal 0To1YEl0-0TOIKEIO KAl S1a1pOoVVTAL AITO TNV TETPAYWVIKT pida TOV
UKoV NG TPOTAOT G, ®OTe va AneOel vtown n Stapopd 0To UNKOG TWV TPOTATEMV. ¢
£€o60 Aappavovpe eva sentence embedding Siaotaong 512.

Transformer Encoder Layer

[T [T

Feed Forward Network

Self-Attention

[TT] [LT]

hello world

Yynuo 12.Movtého USE pe kodicormomti Tranformer ©amitness.com
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AvTOG 0 KOOIKOITON TN G EXEL KAAUTEPT aKpifera aAAd LYNAOTEPESG ATTALTIOELS OE VTN
KO VITOAOYIOTIKOUC TTOPOVE AOYW TNE TTOAVITAOKNG APXITEKTOVIKTG Tov. Emtiong, o xpdvog
VITOAOYIOUOV KAIUAKGOVETAL SPAUATIKA UE TNV AVENCT) TOL UNKOVG TNG TTPOTACTG
€10080v, kabwg o self-attention ye1 moAvmAokotnTa O(n?), 6TOV N TO UNKOG TNG
POTAOTC.

import tensorflow_hub as hub

model = hub.load('https://tfhub.dev/google/universal-sentence-encoder-large/5")
embeddings = model(texts)

Kadkog 6. Doptmon USE poviédov pe kmdikonomty Transformer

3.2.2.2 Kodwonromtig DAN
Me 1o povtedo DAN, mpwta voAoyidetal o pecog 0pog Twv embeddings Twv AeSewv kat

twv bi-grams padi. Katomy, mepvave amo eva 4-emutedwv feed-forward vevpwviko
Siktvo ya v Snuovpyia twv sentence embeddings.

[T 1] 512-dim embedding

Final layer

Hidden layer 3

Hidden layer 2

Hidden layer 1
(117

average

HE N HEN HEN
hello world hello world

Deep Averaging Network

Zynua 13.Movtého USE pe koduconomt) DAN ©amitness.com

To kUp1o mAeovekTnua ToL Kndikosrou ) DAN eivatl 0Tt 0 XpOvog LITOAOYIGHOV gival
YPAUUIKOG OTO UNKOG TNG TPOTAONG E10050V.
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3.2.3 SentenceBERT

To povteAdo SentenceBERT, mtpotdOnke 10 2019 oav TpOIOMOIN0CT TOV YVOOTOU
npo-exkmaidevpevov poviehov BERT, pe tposmo mote va xprnoiomoleital yia v
eCaywyn onuactoloyik®v embeddings.

3.2.3.1 To povtéro BERT

To povtédo BERT, “Bidirectional Encoder Representations from Transformers”,
SnuovpynOnke kat Snuootetmke to 2018 arto v Google, kal AMOTEAETE AUETHOS TNV
state-of-the-art teyvikn omv E®T ya tnv dnuovpyia embeddings.

"Eva exktandevpévo BERT povtédo maipvel wg 10080 pia mpotaot kat divel wg £€0do
Stavvopata ywa kabe AeEn g mpotaong, ov mepriapfavovv mAnpog@opia yia v 0eon
Toug kat Tig mep1arovoeg Ae€erg. To povreho BERT kavetl xprjon Tov povteAov
Transformer yia v Snuiovpyia embeddings A&éEewv tov Aaufavovv vIoWYN OAOKANPO
TO OUYKEIPEVO TTAaio0 pag AeEng.

To BERT @miaytnke yia va kataiafaivel v spobeon miow ammo Ta antnuata
avadtmong.

Avto mou kavel 1o BERT xawvotopo, etvat 0Tt pokeitat yua v mpathn fabia
au@idpoun, un emPAETOUEVT) YAWOOIKT) AVATTAPACTACT), TTPO-EKTTAIOEVUEVT
XPNOLOTTOI®VTAG LOVO AITAO Keipevo (ovykekpiueva ekmtadevtnke otnv Wikipedia).

Mmopovpue va ypnoiposotrjoovpe to povieho BERT ya va e€ayovpe vynArg toiotntag
YA®WOOIKA XAPAKTNPIOTIKA arto Ta Sedopéva pag, 1 S1aq@opetikd Hropove va 1o
TPOCAPUOTOLLE e akpifela oe ovykekplueva tasks pe Sika pag Sedopeva.

Qot000, yia sentence-pair regression tasks mpofAeyng cuvexolg TIUNG, ATAITEL WG
€10080 ka1 T1g Svo mpotacelg padi, xwpidopeveg amo eva e181ko token [SEP]. Avto
JIPOKAAEL Hid TEPAOTIA LITOAOYIOTIKT] EMPBApLVOT Ao TNV pa mAevpa. Kat amto v
AAAN, pe auTo Tov TPoOTo, Sev mapdayovtal avefaptnta embeddings mpotaoewv.
Emiong, to povteAo BERT Sev exmaidetetal yia Tnv 6nUACI0AOYIKT) OLO10TNTA
npotTacemwVv katevheiav omwg ta povieda USE kan InferSent.

'Eto1, £xouvv avamtuyBel povTeAQ KAl VAOIIONOELS IOV XPNO1U0TTo10VV TO povtéAdo BERT,
ya v e€aywyn sentence embeddings pe onuacioAoykn mAnpogopia. v mapovoa
epyaoia, Ba ypnowomowmoovpe to SentenceBERT mov tpotaBnke amo 1o Open Source
by UKILab to 2019.
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3.2.3.2 Apprektovikn Movtélov SentenceBERT

To SentenceBERT ypnoiuomoiei Siamese BERT-Networks yia v e€aywyn
onuaoctoloyikwv embeddings mpotaocewv, mov pwropovv va cuykpifovv
XPNOUOTOIOVTAG ATAQ GLVTULTOVO.

Ynv apyttektovikn tov SentenceBERT, eivanl evowpatwpeveg 4 faocikeég evvoleg :

1. Attention - emtpenel otov alyopiBuo va dnuovpynoet ta embeddings
£0TIAOVTAG LOVO OTA TTI0 OTUAVTIKA PUEPT NG E10060V

2. Transformers - an attention based model with positional encodings
3. BERT - amoteleitan amnmo 24 layers amo Transformer blocks.

4. Siamese Network - pia kAdomn vevpwvik®v S1kTVwVv ov teptrapfavel Svo n
EPLO0OTEPA TTAVOLOI0TUITA LTTOSikTVA. [Tavopolotuma, 10Tt Exouvv Vv 1Sta
pLOon mapapetpwv, with the same parameters and weights parameter
updating is mirrored across both sub-networks. Exmaietvetat yia va paBaivet
uia cLVAPTNOT OUOIOTNTAG, KAl £TOT XPNOUOTOIEITAL V1A VA CUYKPLIVEL TNV
oUo10TNTA HETAEL 51O e1000wV.

3.2.3.3 Agrtovpyio Movtélov

To Sentence-BERT ypnouormoiel wg apyltektovikn eva Siamese Siktuo yia va mapéyet
600 TPOTATEIS WG E10080VG. AUTO TOV EMITPETEL VA emeEepyadetal VO TMPOTATELS LE TOV
15610 TpOITO TAVTOYPOVAL.

O1 tpotaoelg otnv ovveyela, mepvave oe BERT povteda kat eéva eminedo opikpuvong
(pooling layer ) yia tnv Snuiovpyia twv embeddings toug.

To emimedo opikpuvong pag emtpemnel va Snuiovpyovpe pia fixed-size avamapaotaon
YA TIG TTPOTAOELS E10050V TTOV TTOTKOIAOVV TO UTKOC.

Télog, Ta embeddings Twv mpotdoewv ¥pnolomolovvTal yia va Bpebel n opototta
TOUG HEOW TN CLVAPTINOTG OUOIOTNTAG GUVIULTOVOU.

u v
) )
pooling pooling
Zyfuo 14 . ATeikovion opyITEKTOVIKNG A 4 S1KTOOV
SentenceBERT.
O©https://www.sbert.net/ BERT BERT
Sentence A Sentence B
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3.2.3.3 IIpo-ekma1dEVUEVA HOVTELD

Jnv mapovod epyaoia, xpnoipomomdnkayv 3 Siapopetikd mpo-ekmadevpeva
SentenceBERT povtéha, e181ka feATiotomomueva oo task tng onuacioAoyikng
ouo10TNTAG.

O1 ovyypageig tov SentenceBERT ypnoipomoinoav to SNLI dataset kat to Multi-Genre
NLI (MG-NLI) dataset yia tnv Snuiovpyia piag cuAoyrg amd 1,000,000 (guyapla
TPOTACEWV Y1a TNV EKTAISELOT) TWV HOVTEAWV.

Ta HOVTEAA TTOV XPNOLOITOI0VUE Elval Ta akoAovda :

% “stsb-bert-base”

% “stsb-roberta-base”

% “stsb-distilbert-base”

from sentence_transformers import SentenceTransformer

sbert_model = SentenceTransformer('stsb-bert-base') #load the model
sentence_embeddings = sbert_model.encode(texts)

Kodwag 7. Doptwon ‘stsb-bert-base’ kon dnpovpyio embeddings.
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KE®DAAAIO 4

IHewpopatikn ASoloynon

Y& aUTO TO KEPAAAL0 AS10A0YOUVTAL TTEPAUATIKA TA LOVTEAQ VITOAOYIGLOV TNG
OT|LACTOAOYIKT|G OLOTOTNTA KEUEV®V TTOV JTAPOVCTIACTIKAV TTAPATAV®. TNV EVOTITA
4.1 meprypagetal to dataset pikpmV KEWEV®V OV XpTolpomomOnke, divovtal
mapadeiypata (euyaplov ToV KEHEVHOV Kt eptypagetal o dataset amo to omoio
AaBape 1o ground truth . v evotnta 4.2 meprypageta ) Sradikacia
TIPOEMEEEPYAOIAC KEWUEVOYV TTOL XPEIACTNKE Yia TNV XP1oT TV pnefodwv mov Pacilovtat
ota word embeddings. Xtnv evotnta 4.3 KAl 4.4, YIVETAL AVAPOPA OTNV ETAOYT TOV
UETPOL OUOIOTNTAG KAl TOV HETPOL atddoong avtiototya. TeAog, otnv evotnta 4.5
apatifevtal Ta TEIPAUATIKA AWTOTEAECUATA KA YIVETAL O GXOAIACUOG TOV.

4.1 Dataset ko1 Ground Truth

ITpoxkepevov va afloloyroovpe Tig mpotevoueveg pebodovg, Snhadn v akpifeia
TOUG, £VAG AITAOG TPOITOG lval va OUYKPIVOULUE TNV amt0800T) TOVG 08 OXECT) LE TNV
avBpwmvn kpion. ‘0o o oAD pia pebodog mAnoladel v avBpwivn kpior, T000 o
TTOAU Bewpeital mo akpifPrg.

To Paocwko dataset pag, etvar €va pikpo corpus amo 50 €101)0€1g EMAEYUEVES ATO
MPWTO0EANSEG £1810€1¢ TOV NAEKTPOVIKOD TAXLSPOUEIOL TNG AVOTPAAIAVTC
PaSiotnAedpaong. To dataset ouvoSetetan emiong amd pia cvAAOYN atd avBpwmveg
a&loloynoeig yia v opolotnta kabe evyoug e18noewv. TOoO TO corpus 0G0 KAl 01
avBpmmveg afloloynoelg, cLAAEXON KAV amtd Tov Lee kal Tovg ouvepyAaTeg TOL, yid TNV
epyaoia toug : “An empirical evaluation of models of text document similarity” to 2005.

Ta 50 e10N0e0YPAPIKA KEIUEVA KULAIVOVTAL 0€ UIKOG A0 51-126 AEEEIC, KAl KAAVTTTOUV
gva evpvL Pacua aso Bepata. TVUP®VA UE TAPATIPTOELS TOV TIPOTOTLITIOV Paper, To
corpus avto eivanl ‘within the normal range of English text for word frequency spectrum
and vocabulary growth’ ka1 omtdte pmopet va BewpnBel “avtmpoocmwmevtikd evog Hecov
AYYAIKOU KEEVOL”.

+ “China said Sunday it issued new regulations controlling the export of missile technology,
taking steps to ease U.S. concerns about transferring sensitive equipment to Middle East
countries, particularly Iran. However, the new rules apparently do not ban outright the

« transfer of specific items - something Washington long has urged Beijing to do. (54 words)”

TMopdadetypa keyévov Tov dataset.
O1 avBpwmiveg petproelg amotelovvral atd 10 aflodoynoelg yia kabe (eliyog KEUEV®V.
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O1 afloloynoelg eivar oe kAipata 5 onueiov (0ov 1 = “vynAd avopola” kat 5 = “vUYnid
opoia”). IIGA ocOUP®VA e TTAPATNPT)OELS TOV APYIKOV paper, “ot aflohoynoeig Sev
S1a(pEPOLVV OTUAVTIKA AVALETA OTA VITOKEIUEVA T) AOYW aplotepd-6e€ia B¢ong”, omote
yla v evpeon Tov ground truth, yia kaBe {etiyog kewuevwv Bpednke o p.o. Twv
AVTIOTOL(®V TTAPATIPTIOEWV, KAl KAVOVOTOlOnke otnv KAlpaka 0-1. TéAog, ol
ovoYeTioelg LeTaly TV StagopeTikwv avlpamvwv fabuoloyiwv eivan tepimov 0.6.

[Mapaxkatw mapovotalovtal dvo fevyapia keluevov. To mpato eivan eva mapadetypa
OHO1OTNTAG UE VPNAT) ovpupovia petald avapueoa otoug avhpmImoug, kal To SevTtepo eva
mapadetypa avopoloTnTag.

“The national executive of the strife-torn Democrats last night appointed little-known West
Australian senator Brian Greig as interim leader - a shock move likely to provoke further
conflict between the party's senators and its organisation. In a move to reassert control

over the party's seven senators, the national executive last night rejected Aden Ridgeway's
bid to become interim leader, in favour of Senator Greig, a supporter of deposed leader

Natasha Stott Despoja and an outspoken gay rights activist. (80 words)”

Queensland senator Andrew Bartlett has launched a last-minute bid to rescue the
Australian Democrats from a split that threatens to destroy the party. With nominations for
the party leadership to close on Wednesday night, Senator Bartlett met last night with
deputy leader Aden Ridgeway to offer him a place on a unity ticket and set up a reform
process to begin healing the party's wounds. Party sources said Senator Ridgeway, who
turned against former leader Natasha Stott Despoja, is still expected to contest the
leadership against one of her two supporters: Senator Bartlett or Brian Greig, installed as
interim leader by the party's executive last Thursday. (105 words)”

“The European Parliament is spoiling for a fight with Israel. It has voted to review the EU's
diplomatic links with the Jewish state, to impose an arms embargo and to threaten wider
trade sanctions. Many MEPs want to go further and dispatch a European military force to
the region in order to "protect the Palestinian people". (58 words)”

“Australia's Commonwealth Bank on Wednesday said it plans to cut about 1,000 jobs even
as it reported its profit rose 11 percent last fiscal year. Workers reacted angrily to the
planned cuts, which Australia's second largest bank said were designed to control costs.
The cuts will take effect this financial year. The bank reported net profit of 2.66 billion
Australian dollars ($1.4 billion) in the year to June 30, up from 2.4 billion Australian dollars
in the previous year. (79 words)”

[Mivaxoag 2. [apadetypota ovopoldTNToG KEWEVAY, L [L.0. avlpdmvev a&toroyncewv 1.1.
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4.2 Ilpoenelepyooio Kewpévov

Ma Vv Xpnon Twv uebodwv word embeddings, mponyndnkav Bacikd BAuata
mposmneEepyaaiag Tou dataset, OTwWG AnpuAToroinon, apaipson stop-word, onueiwy
OTIENG , APIBUWV KAl KATTOIWY Xapaktnpwy. To WordNetLemmatizer xpnoiormoinénke
yla TNV ANUUATOToinon Twy AEEEWV Kal yia va POPTWOOLHE TIC stopwords tng AyyAKAG
Mwooag xpnotpomotnoape tnv BiBAodnkn NLTK library.

Mapakatw mapovolalovtal Ta BAcika oTtadla emeEspyaciag EVOG KEIUEVOUL TTOU
TTPAyHATOroINONKAV. ZTASIO 1: APXIKO KEIUEVO. XTASIO 2 : LETATPOTT TOL KEIUEVOL OE
0, 2TAS10 3 : SIaXWPICHOC TWV AEEEWV PETAEL TOLC, KAl APAIPECH TIEPITTWV
XAPAKTNPWV. ZTASI0 3 : Anuuatortoinon.

“Prince William has told friends his mother was right all along to suspect her former
' protection officer of spying on her and he doesn't want any detective intruding on his own :
privacy. William and Prince Harry are so devastated by the treachery of Ken Wharfe, whom
+ they looked on as a surrogate father, they are now refusing to talk to their own detectives. :
(63 words)”

“«

prince william has told friends his mother was right all along to suspect her former
protection officer of spying on her and he doesn't want any detective intruding on his own
privacy. william and prince harry are so devastated by the treachery of ken wharfe, whom
they looked on as a surrogate father, they are now refusing to talk to their own detectives.

”

['prince’, 'william', 'told, 'friends’, 'mother’, 'right’, 'along’, 'suspect,
'former’, 'protection’, 'officer', 'spying', 'want, 'detective',

intruding', 'privacy’, 'william', 'prince’, 'harry', 'devastated', 'treachery', 'ken', 'wharfe/,
'looked!, 'surrogate’, 'father’, 'refusing’, 'talk’, 'detectives']

['prince’, 'william', 'tell', 'friend’, 'mother’, 'right', 'along’, 'suspect’,
'former’, 'protection’, 'officer’, 'spy', 'want', 'detective’, 'intrude,
'privacy’, 'william', 'prince’, 'harry’, 'devastate’, 'treachery’, 'ken',

wharfe', 'look!, 'surrogate’, 'father’, 'refuse’, 'talk', 'detective']

[Tivaxag 2. AvaroapdotooT otodinv eneEepyaciog KEWEVOVY TOL YPELAGTNKAV Y10, TNV HEAETN TV HeBOd®V OV
Bacilovtat e Word Embeddings.
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4.3 Métpo Opowdtnrog

[Telpapatika XpnoUoTOm|oape Kal Ta SV0 HETPA OUOIOTNTAG TTOV TTAPOVOIACTIKAV
oTNV £pyaocia, Kat oTig LETPNoelg pag Sev eiyaue karrora atodntr) Stapopd. Tehka, yia
TIG LETPT|OELG TTOV EYIVAV PN OILOITONONKE TO HETPO OUOIOTITAC GUVI|UITOVOU.

4.4 Métpo Anddoong

M1ia ko1va astoSeKTr) TIPOCEYYIOT), Y1 TV AoTiun o g akpifelag twv pefodwv
OT|LOO10AOYIKT)G OLOIOTNTAG, EIVAL AUTOC TOV GUOYETIOUOV TWV AWITOTEAECUATWV TOUG UE
TIg avTioTolyeg avOpwrmveg petprnoelg oto id10 task. H cuvaptnon cvoyxetiong
JTOOOTIKOTIOLEL TNV 10XV TOV YPAUUIK®DV HOVOTIK®V OXETEMV LETAED V0
XAPAKTNPIOTIKGOV.

Yy mapovoa epyaocia, vioBetovpe Tov ouvteAeoTr) ovoyetiong Pearson, wg HETPo TG
Suvaung g oxeong avaueoa otig avlpamveg aE10AOYTOEIS TNG OUOIOTNTAG KA TIG
vmoAoylotikeg Tipueg. O ouvteleotng ovoyetiong Pearson, opietal wg :

_cov(X,Y) _ E[(X — ) (Y — py)]
Xy Ox0y B Ox0y

,0mou X, Y tuyaieg petaPAnTEG, e avapevopueveg HETABANTEG Lix, Ly KO TUTIKES
QUTOKALOEIC Oy , Oy.

Yy tapovoa epyaocia, vrtoAoyilovpe v ovoyetion Pearson avaueca otig avOpwimveg
LETPT|OEIG KA TIG OUOIOTNTEG GUVIUITOVOL TV SIAVUOUATIKGOV AVATTAPATTACE®YV, YA
KkaOe eyypago kat Bpiokovpe Tov p.o. .

'Eva pétpo opo1otntag avayvmpidetatl 0Tt £xel KAOADTEPT Ar0d00Tn AV EXEL LPNAOTEPT)
BaBpoioyia cvoyxeTong (600 0 KOVTIA OTO 1.0 TOOO TT0 KAAQ) LE TG avOpmmiveg
LETPTIOELG, EVD avayvwpiletan 0Tt Sev oxetidetal pe v avOpmmvn eKTiunon eav 1
OLOYETION glvan O.
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4.5 Ileipopotikd AToTeAEoPATO KOl AVOAVGT)

Ta OUYKEVTPOTIKA TEIPAUATIKA ATOTEAECUATA YA KAOe ueEBoSo mov mapovolaotnke:

S —— -

MEGOAOZ PEARSON C.C.
tf-idf vectors 0.69860
word2vec 0.74974
avg. word embed glove 0.70909
fasttext 0.70306
Sif 0.70137
wmd 0.71030
0.68134
InferSent

Transformer 0.82307

model

USE

DAN 0.78589

model
'stsb-distilbert-base’ 0.68752
SentenceBERT ‘stsb-bert-base’ 0.70488
‘stsb-roberta-base’ 0.66598

[Tivaxag 4. Zvuykevipotkdc Hivakag Atotelecpdtmv
Cevika TyoMa :

To mp®TO L1006 ToL Tivaka agpopd pedodovg mov Bacilovtal otnv xprjon word
embeddings, ka1 to Sevtepo U106 0TV Y¥pron sentence embeddings.

Apykad, yia ta word embeddings, mapatnpovpe 0Tt kapia amo tig pefodovg Sev €xet
151aitepa KAKT) OLOYETION KA1 OAeG Bpiokovtal otny i01a kAipaka anmdéSoong.

Tnv xaunAotepn amodoon exovv ta tf-idf Stavdopata kat v aiednta kaAvtepa o .o.
twv Word2Vec embeddings.

[Tept twv tf-idf Stavvopdtwv, av kat mpokertar yua pia baseline tpoogyyion, aivetat
va uropovv va Swoovv yprioua amoteAeopata. H kaAr avtr) amodoor, mbavag
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ogeiletal otnv @UOT TOL €18 00YpaAPIKOL AeEoyiov Tov dataset pag, mov eival
APKETA AVOTNPO, KUPLOAEKTIKO, LIKPO KAL TIEPIEKTIKO, KAL TTEPLEXEL APKETA OVOUATAL.

[Ma v oAU kaAn anddoon twv Word2Vec embeddings, pmmopovpe va eikaocovpe
€VKOAQ, TG OPEIAETAL OTO YEYOVOG TG TO LLOVTEAO TTOV YPTOLOTTOI0VLLE Elval
exmtadevpevo oe e18noeoypaPikeg e1810€1g, kal apa ta embeddings mepieyovv
JTANPOPOPIA TT10 TTAOVO1A OTUACIOAOYIKA Y1d TO OEpa pag .

Télog, ot mpooeyyioeig SIF kat WMD, Sivouv pia kaArn amodoon emiong, Eemepvavtag
akoun kat tig peBodovg yia v Snuiovpyia sentence embeddings.

O1 sentence embeddings mpooeyyioeig pe v oe1pa Toug, S1apEPOVV APKETA LETAED
toug otV amodoor). To InferSent, £xel v yaunAotepn amodoorn cuvoAika, To
SentenceBERT av xat vtooyetan state-of-the-art asmoteAeopata, divel pia petpla
anddoon, eve 1o USE, kot ta §vo povtéda tov divouv amddoon mov Eemepva OAeg Tig
aAeg neBodoug, kat pmopel Bewpnbel eEPIOCOTEPO AITTO TKAVOITOUNTIKT) AITO EvAl
TIPO-EKTTASEVUEVO LOVTEAO.

H aio0nta xaAtepn amtddoon tov USE mBavmg va ovpPaiver yati exel
XPTNOUOTOOEL TOAD peyavtepn Paomn amo datasets, kal apketd StapopeTika petal
TOVG, Y1a va ekmmaidevtel, 1000 supervised 000 kat supervised, kat GLyYpOV®G
enmw@eleital g texvoroyiag Transformer.

Télog, kapia amod Tig ueBodoug Sev exel Adfel LITOWYN TO corpus IOV ¥PNOIUOITOLEITAL.
To teAevtaio Priua TG LEAETNC HAC, EIVAL AOUTOV VA TTAPOVE EVA LOVTEAO Kal va dovue
WG arrodidel OTav ekTASEVETAL TAVK GTO COrpus LAG.

AraAe€ape 1o SentenceBERT va kavovpe fine-tuning, mote va pabel kaAttepa Bapn to
povtedo. H Sradikaoia mapovoladetan mapakat.
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4.6 Fine-Tuning SentenceBERT

i. M€6oboc¢

H epyaoia tov Lee ocuvodetetan kat amo éva Sevtepo dataset pe emumAéov 314 e18n0€1g. Avto
TO apyeio ypnowomomOnke yia va kavovye fine-tuning 1o povtédo SentenceBERT.

Brjua 1 - Training Data :
ApyYKd, TTPETEL VA E10AYOVE OTO HOVTEAO [Lag Ta training data.

INa’ avutd xpnolpomolovue v KAQor InputExample, yia va amobnkedoovue ta
napadetypata mpog ekmaidevon

Brjua 2 - Loss function :

IMa va BeATiotomonoovue 1o SikTuo Hag, TPEMEL KATKE VA TTOVUE 0TO SIKTLO pag mota {evyn
TPOTACEMV VAL TAPOLOLA KAL TTPETEL VA EIVAL KOVTA 0TO S1AVUOUATIKO XOPO KA TTO10
Cevyn eivan avopola Kat sPETMEL va Bplokovtal ToA) Hakpld 0To S1aVUOUATIKO XMPO.

H opodmta avtov twv embeddings voAoyidetal XpnolLomoI®VIAG OLOIOTITA GUVTUITOVO
KOl TO AtoTeEAEoa ovykpivetan pe o gold similarity score. Avtd emtpémnel oto SikTLO Hag
va teAelomon fel kat va avayvwpioel TV OpoloTNTA TV TPOTACEWV.

Xpnouomotoape v ovvaptnor tf.keras.losses.CosineSimilarity.

Brjua 3 - Fit the model :

sbert_model.fit(train_objectives=[(train_dataloader, train_loss)], epochs=1,
warmup_steps=100)

Exmtandevovpe to povredo kahwvrtag model. fit().

ii. ArroteAécpata

Me 1o fine-tuning tov SentenceBert, metuyaivovue andSoon 0.91098, oL €lvatl Kot 1)
VYPNAOTEPN ATTOS00T) TTOL HETPTIOAUE AITTO OAA TA TTEPAUATA TTOV S1e€nyae.

M7opoUUEe VA TTAPATNPTIOOVLE, TTwG AV KAl oplopeva pre-trained poviéha divovv moAl
vYPnAeg amodooelg, Sev pmopove va SNUIoVPYNOOVUE LOVTEAA TTOV VA avTIAaBavovtal 6To
HEY10TO SLVATO TNV OTNUACcIoAOYia EVOG KEWUEVOD, eav Sev AngBOel vtoYn To 1610 TO KelpeVO
QIO TO HOVTEAO.
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KE®AAAIO 5

Eniloyog

3T0 KEPAAAL0 AUTO CUYKEVIP®VOVTAL TA CULITEPACUATA TA 0TTo1a EAYOVTAL QIO TA
Ke@ahaia tov exovv mponyndet oty evotnta 5.1. 'Enetta, oty evotnta 7.2,
TIPOTEIVOVTAL SUVATEG EMEKTACELS OTO EPEVVNTIKO KOUUATL 7Tov Ba pmopovoayv va
oe€ayBovv.

5.1 Xvpnepaocpora

STV TapoLOA £PYAOia KAVAUE Hia CUYKPI0T AVAUECA 08 S1aPOPETIKOVS TPOTTIOVS
TIPOOEYYIOELG, Y1A TNV EVPECT] TNG ONULACIOAOYIKTG OLOIOTNTAG AVALETA 0 SVO HIKPA
eildnoeoypapika keipeva. Xpnowomnomoaue embeddings Aé€ewv ka eidape mwg
LUITOPOVE VA TA GUVSVACOVLE V1A VA TTAPOVLE TO VOTUA L1AC OAOKAN PTG TTPOTACTG
KaBwg kAt po-ekTaSeLUEVOVG KWSTKOTOINTEG TTPOTACEWYV, Y1 VA SOVLLE TT0 LOVTEAO
WITOPEL VA KOSTKOTIONOEL KAADTEPA TO VOTLLAL L1AG TTPOTACTIC 7oL Sev £xel Eavadel. O
TPOTTOg afloAOYNOTC £YIVE LECW® TOV OLVTEAEOTN) ovoyeTiong Pearson. 'OAeg o1 peébodot,
QIO TIG TT10 ATTAEG, WG TIG TTI0 LYY POVES £81EAV TTOAD KOAA ATTOTEAECUATA.

5.2 Avvarteg Etextaoeig

EvSiagepov mapovoiadel 1 aflohoynon twv mapamave uedodwv yia Stagopetikng
pvong dataset, 7o peydia ko mo ovvOeta vonuatikd. Kabwg, to dataset mov
XPNOUOITOIOVLE, T)TAV TTOAD ALOTNPO AEEINOYIKA KAl TIEPIEKTIKO GTNV AN POPOpiA TTOV
peTepepe, Oa elye evila@EPoV va eEETACOVUE TTKC 01 ATTOSOCELS TWV TTAPATTAVE
LOVTEAWV S1AOPPOVOVTAL Y1 VA AOYOTEXVIKO KEIUEVO, T} 1A CUAAOYT] aTTO tweets.

EmutAgov, otnv mapovoa epyaocia, eidaue Evav tpomo aflomoinong tov poviehov BERT,
pneow tov SentenceBERT, yia Tnv ekTipunon g onUACIOAOYIKT|G OLOIOTNTAG.
EvSiagepov mapovoiadel ) e€epetivnon kat MA@V TpOmwmV a&lomoinong tov.
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ITAPAPTHMA

Ye auTo 1o mapaptnua mapatibetal to dataset pe ta 50 HIKPA Keipeva ov
XpnoosomnOnkav melpapatikda.

1. The national executive of the strife-torn Democrats last night appointed
little-known West Australian senator Brian Greig as interim leader - a shock move likely
to provoke further conflict between the party's senators and its organisation. In a move
to reassert control over the party's seven senators, the national executive last night
rejected Aden Ridgeway's bid to become interim leader, in favour of Senator Greig, a
supporter of deposed leader Natasha Stott Despoja and an outspoken gay rights activist.
(80 words)

2. Cash-strapped financial services group AMP has shelved a $400 million plan to
buy shares back from investors and will raise $750 million in fresh capital after profits
crashed in the six months to June 30. Chief executive Paul Batchelor said the result was
"solid" in what he described as the worst conditions for stock markets in 20 years.
AMP's half-year profit sank 25 per cent to $303 million, or 277¢c a share, as Australia's
largest investor and fund manager failed to hit projected 5 per cent earnings growth
targets and was battered by falling returns on share markets. (98 words)

3. The United States government has said it wants to see President Robert Mugabe
removed from power and that it is working with the Zimbabwean opposition to bring
about a change of administration. As scores of white farmers went into hiding to escape
a round-up by Zimbabwean police, a senior Bush administration official called Mr
Mugabe's rule "illegitimate and irrational" and said that his re-election as president in
March was won through fraud. Walter Kansteiner, the assistant secretary of state for
African affairs, went on to blame Mr Mugabe's policies for contributing to the threat of
famine in Zimbabwe. (98 words)

4. A radical armed Islamist group with ties to Tehran and Baghdad has helped
al-Qaida establish an international terrorist training camp in northern Iraq, Kurdish
officials say. Intelligence officers in the autonomous Kurdish region of Iraq told the
Guardian that the Ansar al-Islam (supporters of Islam) group is harbouring up to 150
al-Qaida members in a string of villages it controls along the Iraq-Iran border. Most of
them fled Afghanistan after the US-led offensive, but officials from the Patriotic Union
of Kurdistan (PUK), which controls part of north-east Iraq, claim an "abnormal”
number of recruits are making their way to the area from Jordan, Syria and Egypt. (106
words)

5. Washington has sharply rebuked Russia over bombings of Georgian villages,
warning the raids violated Georgian sovereignty and could worsen tensions between
Moscow and Thilisi. "The United States regrets the loss of life and deplores the violation
of Georgia's sovereignty," White House spokesman Ari Fleischer said. Mr Fleischer said
US Secretary of State Colin Powell had delivered the same message to his Russian
counterpart but that the stern language did not reflect a sign of souring relations
between Moscow and Washington. (80 words)
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6. A gay former student of a Melbourne Christian school is taking legal action
under equal opportunity legislation, claiming the school discriminated against him
because of his sexuality. Tim, 16, alleged a staff member at Hillcrest Christian College in
Berwick told him he "had the devil in him", and constant bullying by students prompted
the principal to tell him to hide his sexuality. He left the school several weeks ago and is
continuing Year 10 by distance education after he said homophobic bullies threw rocks
at his head, spat on him, called him names and slashed his belongings. (97 words)

7. Senior members of the Saudi royal family paid at least $560 million to Osama
bin Laden's terror group and the Taliban for an agreement his forces would not attack
targets in Saudi Arabia, according to court documents. The papers, filed in a $US3000
billion ($5500 billion) lawsuit in the US, allege the deal was made after two secret
meetings between Saudi royals and leaders of al-Qa'ida, including bin Laden. The
money enabled al-Qa'ida to fund training camps in Afghanistan later attended by the
September 11 hijackers. The disclosures will increase tensions between the US and
Saudi Arabia. (97 words)

8. Palestinian hired gun Abu Nidal, whose violent death was reported last week
from Baghdad, was murdered on the orders of Iraqi President Saddam Hussein after
refusing to train al-Qa'ida fighters based in Iraq, reports said yesterday. Iraqi
intelligence chief Taher Jalil Habbush said last Wednesday Abu Nidal had shot and
killed himself after being discovered living illegally in Baghdad and facing interrogation
for anti-Iraqi activities. But Western diplomats believe the radical militant was killed
for refusing to reactivate his international terrorist network. (82 words)

9. Hunan province remained on high alert last night as thunderstorms threatened
to exacerbate the flood crisis, now entering its fifth day and with 108 already dead and
hundreds of thousands evacuated. On the flood frontline at Dongting Lake, the water
level peaked at just under 35m on Saturday night, then eased about 3cm during the day
under a hot sun, with temperatures reaching 35C. But with the lake still brimming at
dangerously high levels, and spilling over the top of its banks in some places, locals
were fearful that a thunderstorm and high winds forecast to hit the region last night
would damage the dikes. About 1800km of dikes around the lake are all that stand
between 10 million people in the surrounding farmland and disaster. (126 words)

10. A U.S.-British air raid in southern Iraq left eight civilians dead and nine
wounded, the Iraqi military said Sunday. The military told the official Iraqi News
Agency that the warplanes bombed areas in Basra province, 330 miles south of
Baghdad. The U.S. Central Command in Florida said coalition aircraft used
precision-guided weapons to strike two air defense radar systems near Basra "in
response to recent Iraqi hostile acts against coalition aircraft monitoring the Southern
No-Fly Zone." (76 words)

11. Iraq and Russia are close to signing a $40 billion economic cooperation plan,
Iraq's ambassador said Saturday, a deal that could put Moscow at odds with the United
States as it considers a military attack against Baghdad. The statement by Ambassador
Abbas Khalaf came amid indications that Russia, despite its strong support for the
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post-Sept. 11 antiterrorism coalition, is maintaining or improving ties with Iran and
North Korea, which together with Iraq are the countries President Bush has labeled the
"axis of evil." (83 words)

12. U.S. intelligence cannot say conclusively that Saddam Hussein has weapons of
mass destruction, an information gap that is complicating White House efforts to build
support for an attack on Saddam's Iraqi regime. The CIA has advised top administration
officials to assume that Iraq has some weapons of mass destruction. But the agency has
not given President Bush a "smoking gun," according to U.S. intelligence and
administration officials. (67 words)

13. Drug squad detectives have asked the Police Ombudsman to investigate the
taskforce that is examining allegations of widespread corruption within the squad. This
coincides with the creation of a special unit within the taskforce to track the spending of
at least 10 serving and former squad members. The corruption taskforce, codenamed
Ceja, will check tax records and financial statements in a bid to establish if any of the
suspects have accrued unexplained wealth over the past seven years. But drug squad
detectives have countered with their own set of allegations, complaining to the
ombudsman that the internal investigation is flawed, biased and over-zealous. (103
words)

14. Queensland senator Andrew Bartlett has launched a last-minutebid to rescue the
Australian Democrats from a split that threatens to destroy the party. With nominations
for the party leadership to close on Wednesday night, Senator Bartlett met last night
with deputy leader Aden Ridgeway to offer him a place on a unity ticket and set up a
reform process to begin healing the party's wounds. Party sources said Senator
Ridgeway, who turned against former leader Natasha Stott Despoja, is still expected to
contest the leadership against one of her two supporters: Senator Bartlett or Brian
Greig, installed as interim leader by the party's executive last Thursday. (105 words)

15.  Very few women have been appointed to head independent schools, thwarting
efforts to show women as good leaders, according to the Victorian Independent
Education Union. Although they make up two-thirds of teaching staff, women hold only
one-third of principal positions, the union's general secretary, Tony Keenan, said. He
believed some women were reluctant to become principals because of the long hours
and the nature of the work. But in other cases they were shut out of the top position
because of perceptions about their ability to lead and provide discipline. (90 words)

16.  The Bush administration has drawn up plans to escalate the war of words
against Iraq, with new campaigns to step up pressure on Baghdad and rally world
opinion behind the US drive to oust President Saddam Hussein. This week, the State
Department will begin mobilising Iraqis from across North America, Europe and the
Arab world, training them to appear on talk shows, write opinion articles and give
speeches on reasons to end President Saddam's rule. (775 words)

17. Beijing has abruptly withdrawn a new car registration system after drivers
demonstrated "an unhealthy fixation" with symbols of Western military and industrial
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strength - such as FBI and 007. Senior officials have been infuriated by a popular
demonstration of interest in American institutions such as the FBI. Particularly galling
was one man's choice of TMD, which stands for Theatre Missile Defence, a US-designed
missile system that is regularly vilified by Chinese propaganda channels. (73 words)

18.  The United Nations World Food Program estimates that up to 14 million people
in seven countries - Malawi, Mozambique, Zambia, Angola, Swaziland, Lesotho and
Zimbabwe - face death by starvation unless there is a massive international response. In
Malawi, as many as 10,000 people may have already died. The signs of malnutrition -
swollen stomachs, stick-thin arms, light-coloured hair - are everywhere. (62 words)

19. In Malawi, as in other countries in the region, AIDS is making the effects of the
famine much worse. The overall HIV infection rate in Malawi is 19 per cent, but in some
areas up to 35 percent of people are infected. A significant proportion of the young adult
population is too sick to do any productive work. Malnutrition causes people to
succumb to the disease much more quickly than they do in the West, and hunger forces
women into prostitution in order to feed their families, making them more vulnerable to
contracting the disease. Life expectancy has been reduced to 40 years. (103 words)

20. The United Nations was determined that its showpiece environment summit -
the biggest conference the world has ever witnessed - should be staged in Africa. The
venue, however, could not be further removed from the grim realities of life in the rest
of Africa. Johannesburg's exclusive and formerly whites-only suburb of Sandton is the
wealthiest neighbourhood in the continent. Just a few kilometres from Sandton begins
the sprawling Alexandra township, where nearly a million people live in squalor.
Organisers of the conference, which begins today, seem determined that the two worlds
should be kept as far apart as possible. Tight security surrounds Sandton's convention
centre and five-star hotels, where world leaders will debate poverty, the environment
and sustainable development while enjoying lavish hospitality. (122 words)

21.  The Iraqi capital is agog after the violent death of one of the world's most
notorious terrorists, but the least of the Palestinian diplomat's worries was the disposal
of Abu Nidal's body, which lay on a slab in an undisclosed Baghdad morgue. Abu Nidal's
Fatah Revolutionary Council is held responsible for the death or injury of almost 1000
people in 20 countries across Europe and the Middle East in the three decades since he
fell out with Yasser Arafat over what Abu Nidal saw as Arafat's willingness to
accommodate Israel in the Palestinian struggle.

22.  The Federal Government says changes announced today to the work for the dole
scheme will benefit participants and taxpayers. Federal Employment Services Minister
Mal Brough says that from July 1 those taking part in work for the dole will be able to
perform extra hours to complete their mutual obligation more quickly to access training
credits. (61 words)

23.  The biowarfare expert under scrutiny in the anthrax attacks declared, "I am not
the anthrax killer," and lashed out today against Attorney General John Ashcroft for
calling him a "person of interest" in the investigation. For the second time in two weeks,
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the scientist went before a throng of reporters outside his lawyer's office to profess his
innocence and decry the attention from law enforcers that he contends has destroyed
his life. (72 words)

24.  China said Sunday it issued new regulations controlling the export of missile
technology, taking steps to ease U.S. concerns about transferring sensitive equipment to
Middle East countries, particularly Iran. However, the new rules apparently do not ban
outright the transfer of specific items - something Washington long has urged Beijing to
do. (54 words)

25.  Nigerian President Olusegun Obasanjo said he will weep if a single mother
sentenced to death by stoning for having a child out of wedlock is killed, but added he
has faith the court system will overturn her sentence. Obasanjo's comments late
Saturday appeared to confirm he would not intervene directly in the case, despite an
international outcry. (57 words)

26.  An Islamic high court in northern Nigeria rejected an appeal today by a single
mother sentenced to be stoned to death for having sex out of wedlock. Clutching her
baby daughter, Amina Lawal burst into tears as the judge delivered the ruling. Lawal,
30, was first sentenced in March after giving birth to a daughter more than nine months
after divorcing. (61 words)

27.  How did 2,300 allegedly unregistered missile warheads come to be stored on a
Canadian businessman's anti-terrorism training facility in New Mexico? U.S. and
Canadian officials are still trying to figure that out, but one security expert says the
mystery is a "chilling" one. David Hudak, 41, was arrested in the United States more
than a week ago when, according to court documents, agents searching his property
found the warheads stored in crates that were marked "Charge Demolition." (77 words)

28.  The Saudi Interior Ministry on Sunday confirmed it is holding a 21-year-old
Saudi man the FBI is seeking for alleged links to the Sept. 11 hijackers. Authorities are
interrogating Saud Abdulaziz Saud al-Rasheed "and if it is proven that he was
connected to terrorism, he will be referred to the sharia (Islamic) court," the official
Saudi Press Agency quoted an unidentified ministry official as saying. (65 words)

29.  Sri Lanka's government will lift a four-year ban on Tamil Tiger rebels on Sept. 6,
paving the way for peace talks with the insurgents scheduled for later that month in
Thailand, a government minister said Saturday. "We will lift the ban as promised,"
Minister for Rehabilitation Jayalath Jayawardena told The Associated Press. The lifting
of the ban is one of the key rebel conditions for resuming peace negotiations with the
government after a hiatus of more than seven years. (79 words)

30. A man accused of making hidden-camera footage up the skirts of women also
made child pornography of the worst kind, featuring the rape of children as young as 6,
police said Friday. The latest allegations suggest there's nothing humorous about
voyeurs who some may perceive to be making secret videos as a joke, Staff-Insp. Gary
Ellis said. "Approximately 20 per cent of voyeurs have also committed sexual assault or
rape,” Ellis said, reading from a recently released federal government report on criminal
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voyeurism. (83 words)

31. Police are combing through videotapes trying to spot the gunman dressed in
black who shot a 30-year-old man to death at a downtown massage parlour. The victim
was hit in the stomach and upper body and died about 3 1/2 hours later in hospital. The
woman was not hurt. Police urged business owners to turn over any security-camera
videotapes they might have that recorded people on the street at the time. Several such
videos are now being reviewed. (78 words)

32.  The Federal Government did not regret its actions 12 months on from the Tampa
asylum seeker crisis, Small Business Minister Joe Hockey said today. Mr Hockey said
the Government was not embarrassed by the Tampa issue, which began on August 27 of
last year when the captain of the Norwegian cargo ship rescued more than 400 asylum
seekers from an Indonesian ferry north of Christmas Island. (66 words)

33.  Atleast three Democrats are considering splitting from the party while no-one
has yet nominated to contest the leadership. Three of the "gang of four" senators who
ousted Natasha Stott Despoja from the leadership are considering forming a new
"progressive centre" party in the fallout from last week's turmoil. This would leave the
Democrats with a rump of three or four members. West Australian Senator Andrew
Murray said yesterday unless the Democrats left wing gave ground the party would
split. (80 words)

34. Ayoung humpback whale remained tangled in a shark net off the Gold Coast
yesterday, despite valiant efforts by marine rescuers. With its head snared by the net
and an anchor rope wrapped around its tail, the stricken whale was still swimming but
hopes for its survival were fading. A second rescue attempt was planned for dawn today
after rescuers braved heavy seas, strong wind and driving rain to try to free the whale.
(74 words)

35.  Prince William has told friends his mother was right all along to suspect her
former protection officer of spying on her and he doesn't want any detective intruding
on his own privacy. William and Prince Harry are so devastated by the treachery of Ken
Wharfe, whom they looked on as a surrogate father, they are now refusing to talk to
their own detectives. (63 words)

36.  The spectre of Osama bin Laden rose again today, urging Afghans to launch a
new Jihad, or holy war, and predicting the fall of the United States, in a hand-written
"letter" posted on an Islamic website. There was no hard proof that the scruffy missive
was genuine, but IslamOnline.net said it had been received by their correspondent in
Jalalabad, eastern Afghanistan, from an Afghan source who asked to remain
anonymous. The source claimed it was the "most recent letter" from the world's most
wanted man. (85 words)

37.  The Johannesburg Earth Summit is set to get under way with the promise that
leaders will take action on the environment, debt and poverty. South African President
Thabo Mbeki, speaking at the opening ceremony, said: "Out of Johannesburg and out of
Africa must emerge something that takes the world forward." But the absence of US
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President George W Bush was threatening to overshadow the summit. (65 words)

38.  Robert Mugabe strengthened his hold on the Zimbabwean government yesterday
by retaining the most combative hardliner ministers in a cabinet shuffle which offered
little hope of a moderation of the land seizures and other policies that have kept
Zimbabwe in crisis and brought international condemnation. (51 words)

39. Theydress in black and disguise their identities with bandannas and sunglasses.
Their logo is an image of the Southern Cross constellation, superimposed with a pair of
crossed boomerangs, which resembles a swastika. The Blackshirts are former husbands
aggrieved by their treatment at the hands of their ex-wives and the courts, who regard
themselves as the vanguard of a "men's rights" movement in Australia and say that their
actions will be remembered as marking a turning-point in history. (78 words)

40.  The real level of world inequality and environmental degradation may be far
worse than official estimates, according to a leaked document prepared for the world's
richest countries and seen by the Guardian. It includes new estimates that the world
lost almost 10% of its forests in the past 10 years; that carbon dioxide emissions leading
to global warming are expected to rise by 33% in rich countries and 100% in the rest of
the world in the next 18 years; and that more than 30% more fresh water will be needed
by 2020. (93 words)

41. Researchers conducting the most elaborate wild goose chase in history are
digesting the news that a bird they have tracked for over 4,500 miles is about to be
cooked. Kerry, an Irish light-bellied Brent goose, was one of six birds tagged in
Northern Ireland in May by researchers monitoring the species' remarkable migration.
Last week, however, he was found dead in an Inuit hunter's freezer in Canada, still
wearing his £3,000 satelite tracking device. Kerry was discovered by researchers on the
remote Cornwallis Island. They picked up the signal and decided to try to find him. (96
words)

42.  Russia defended itself against U.S. criticism of its economic ties with countries
like Iraq, saying attempts to mix business and ideology were misguided. "Mixing
ideology with economic ties, which was characteristic of the Cold War that Russia and
the United States worked to end, is a thing of the past," Russian Foreign Ministry
spokesman Boris Malakhov said Saturday, reacting to U.S. Defense Secretary Donald
Rumsfeld's statement that Moscow's economic relationships with such countries sends
a negative signal. (77 words)

43.  Pope John Paul IT urged delegates at a major U.N. summit on sustainable growth
on Sunday to pursue development that protects the environment and social justice. In
comments to tourists and the faithful at his summer residence southeast of Rome, the
pope said God had put humans on Earth to be his administrators of the land, "to
cultivate it and take care of it." "In a world ever more interdependent, peace, justice and
the safekeeping of creation cannot but be the fruit of a joint commitment of all in
pursuing the common good," John Paul said. (96 words)

44.  The Russian defense minister said residents shouldn't feel threatened by the
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growing number of Chinese workers seeking employment in the country's sparsely
populated Far Eastern and Siberian regions. There are no exact figures for the number
of Chinese working in Russia, but estimates range from 200,000 to as many as 5
million. Most are in the Russian Far East, where they arrive with legitimate work visas
to do seasonal work on Russia's low-tech, labor-intensive farms. (75 words)

45.  Australian spies listened to conversations between Norway's ambassador and its
foreign office during the Tampa crisis, a soon to be published book will reveal. Phone
calls were tapped by the Defence Signals Directorate when Norwegian ambassador Ove
Thorsheim visited the freighter during the stand-off. A book, Tampa, to be published in
Norway in October, recounts the events which triggered Australia's Pacific Solution and
transformed Tampa Captain Arne Rinnan into a homeland hero. (72 words)

46.  Batasuna, a political party that campaigns for an independent Basque state, faces
a double blow today: the Spanish parliament is expected to vote overwhelmingly in
favour of banning the radical group, while a senior investigative judge is poised to
suspend Batasuna's activities on the grounds that they benefit Eta, the outlawed Basque
separatist group. (56 words)

47.  Theriver Elbe surged to an all-time record high Friday, flooding more districts
of the historic city of Dresden as authorities scrambled to evacuate tens of thousands of
residents in the worst flooding to hit central Europe in memory. In the Czech Republic,
authorities were counting the cost of the massive flooding as people returned to the
homes and the Vlava river receded, revealing the full extent of the damage to lives and
landmarks. (74 words)

48.  The European Parliament is spoiling for a fight with Israel. It has voted to review
the EU's diplomatic links with the Jewish state, to impose an arms embargo and to
threaten wider trade sanctions. Many MEPs want to go further and dispatch a
European military force to the region in order to "protect the Palestinian people". (58
words)

49.  Australia's Commonwealth Bank on Wednesday said it plans to cut about 1,000
jobs even as it reported its profit rose 11 percent last fiscal year. Workers reacted angrily
to the planned cuts, which Australia's second largest bank said were designed to control
costs. The cuts will take effect this financial year. The bank reported net profit of 2.66
billion Australian dollars ($1.4 billion) in the year to June 30, up from 2.4 billion
Australian dollars in the previous year. (79 words)

50. Labor needed to distinguish itself from the Government on the issue of asylum
seekers, Greens leader Bob Brown has said. His Senate colleague Kerry Nettle intends
to move a motion today - on the first anniversary of the Tampa crisis - condemning the
Government over its refugee policy and calling for an end to mandatory detention. "We
Greens want to bring the Government to book over its serial breach of international
obligations as far as asylum seekers in this country are concerned," Senator Brown said
today. (86 words)
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