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uou epyaociog. Xe moAE oTddL TNG EPELVAC oL EMWPEAUTNXA antd TIC CUPBOUAES TOU, LOL-
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ITepirandm

To Kotoveunuéva Xnpoactoroyixd Movtéha (KEXM) anotehodv pa Snpoguny) yétdodo mou
XWOXOTIOLEL TIg €VVoleg TV AEEEWV UECK TNC CTATIOTIXAS AVAAUCTC TwV CUUPEULOUEVELV
mhauclwy toug. Ol TpoxdNTOVcES BIVUGUATIXES AVATUPUC TACELS AEEEWY €YOLY Y ENOLLOTOL-
Vel emtuye oe didpopes egopuoyéc e Enelepyacioc Puoixod Adyou (Natural Language
Processing, NLP), eved yenotwonotolvton em{ong Yot TOV UTOAOYIOUO TWV GNUACLONOYIXEDY
opolotTwy avdueca oe Ledyn Aéewyv. QoT600, uio onuavTins EAELT TWV TUEUBOCLOXMY
KXM etvor 611 o1 TOMATAESG EVVOLES LG TOAVGHUOVTNG AEENG LY YWVELOVTOL OE Lol LOVUBLXT
OLLVUC LTI AVATORAC TUOT).

O oxomdg authc TNE BLmALUTIXS epyactiog elval 1) AVTIUETOTICT TOU TUEATAVE TEOPANU-
T0¢, YEow NS YeNong 800 HOVTEAWY TOU a€LOTIOOVY VEUATIXEC BLUVUCUTIXES OVATURAO TAGELS
MéZewv ol onoleg €youv eayel oand Ocpatind KEM (OKEXM). Apyixd, Paclbuevol otny mo-
cothienom 6Tl ot Aé€elg eupaviCovton cuVABS Ye Pl CUYXEXPWEVT évvola o xdlde Veyatixt
TEPLOY Y}, TEOTEVOUNE €Val UELYUO CNUACLOAOY XMV UOVTEAWY TOU ETUTEETEL TOV GUVOUAOUO TWV
opolottwy (euydy AéCewv ol omoleg unoloyiCovtoaw oe morhamAd OKEXM. Y1n cuvéyela,
EMEXTEVOUUE OUTO TO UOVTENO TPOXEWEVOU VO ATOXTACOUKUE Widl EVIOLA OVOTUEAOTAOT TV
TOMATADY VEUATIXWY EVVOLOV TV AEEEWY O €vay Xowo dlavuouatixo yoeo. Ilpog auth
v xatedduvon, xde éva and T OKEM euduypapuiletor we meog €vay xowod SLavucUaTind
Y00 PECW yeauuxAg ameoviong. Auty 1 pédodog odnyel o évo GUVOAO BLUVUCUITIXGDY
AVATUEAC TAGEWY avd AEEN, To TARYoC Twv omoiwy toolton e o TANdog Twv JYeudtowyv. E-
TELTA, TO TARUOC TWV TEOXUTTOVIOV BLAVUCUATOY UEWWVETUL TEQUTERL UEGHL CUCCHEEVTIXNG
TaELOOUNoNG.

Emmiéov, évay and Toug xUptoug oTéyoug auThg TNE £pYAciog amoTEAEL 1) BIEPEVVNOT TWV
OLUPOPETIXWY TEOTIWV EXTEAECTNC TWV ONUIACIONOYIXOV UTELXOVICEMY AVHUESH OTOUG VEUATL-
%0UC UTOY(MPEOUE XAl OTOV EVOTIOLNUEVO GNUACLOAOYLXO YOEO. LUYXEXPWEVA, UTOVETOUUE OTL
o OKEM evowuathvouv onuovTIXES SLOXVUGVOELS OTT) YENOT TWV TOAUCHUOVTWY AEEEWY, E-
VO TUEAAANAN BLATNEOUY TIC OYETIXES ONUACIONOYIXES ATOC TAGELS AVIUECH GTIC LOVOCHUAVTES
Aé&ewc. AuTo, pog 001 YNoE GTO VoL AVTWETWTICOVUE TIC HOVOCSHUAVTES AEEELS S ONUATIONOYI-
Kég dykupeg Tou xadopllouy TIg aVTIOTOLY(OELC AVAPETH GTOUS GTUUCIOAOYIXOUE KOG YWEOUC.
Arn'660 yvwplloude, auth lvor 1 TEWTN QOEE TOU ATEXOVICELS PETAEY CNUACLONOYIXMY YOEWY
eopuolovion 6To TEOBANUA TNG EXUAINCNS TOANATADY BLUVUGUTIXWY VOTORIC THOEWY YL
TONUGHHAVTES AEEELS.

Ta mpotevoueva povtéha uropoLy va aZloloyndolv ce cUvola dedouévmvy To onola ma-
egyouy Levymn Aé€ewv mapoucio ¥ anoucia cUUPEAlOUEVLY TAUGIWY, ETOEXVIOVTAS OTUd-
v Bertiwon g cuoyétiong Ye Ti¢ TéS aAflelac oL onoleg Topéyovtal and ovpWTLVES
EXTWNOELS, OE GUYXEIOT UE WLat Bacixt| TEOGEYYIOT Tov Oev yernolponolel Yeyatind LovTéla.
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Emniéov, 1o ovTéAa Jog ONUELDVOUY ETLOOOELS cUYXEIoWES UE Tol XohOTEPA TTROBAETTIXG

cuoTAaTY o omtola Tpoteivovtan ot BiBAloypagplo.

AéEeic KAeoud

onuactoloyxr avdiuon, Veyotixy povielonoinorn, LDA, xataveunuéva ornuoacioloyixd
HoVTER, VeUaTind XaToveunuEva onuactoroyixd povtéia, Word2Vec, onuacloloyixéc amel-

xovioelg



Abstract

Distributional Semantic Models (DSMs) constitutes a popular method that estimates
the meaning of words from the statistical analysis of their contexts. The extracted word
representations have been successfully applied to various Natural Language Processing
(NLP) applications, and they are typically utilized to compute pairwise semantic similar-
ities of words. However, one major deficiency of traditional DSMs is that the multiple
senses of a polysemous word are conflated into a single vector space representation.

The goal of this diploma thesis is to alleviate the above problem, via proposing two
models that leverage topic representations of words extracted from Topic-based DSMs
(TDSMs). Firstly, motivated by the fact that typically words appear with a specific sense
in each topic, we discuss a semantic mixture model that enables the combination of word
similarity scores estimated across multiple TDSMs. Afterwards, we extend this work in
order to acquire a unified representation of the multiple topic-senses of words in a common
space. In this direction, each of the TDSMs are aligned to a common vector space via linear
mapping. This results in a set of embedding vectors per word with cardinality equal to
the number of topics; the number of resulting vectors is further reduced via agglomerative
clustering.

Furthermore, on of the main scopes of this thesis is to investigate different ways to per-
form the mappings from the topic sub-spaces to the unified semantic space. Specifically,
we hypothesize that TDSMs capture meaningful variations in usage of polysemous words,
while the relative semantic distance between monosemous words is preserved. This, moti-
vated as to think of monosemous words as semantic anchors that determine the mappings
between our semantic spaces. Up to our knowledge, this is the first time that mappings
between semantic spaces are applied to the problem of learning multiple embeddings for
polysemous words.

The proposed models can be evaluated on both contextual and in-isolation semantic
similarity tasks, showing a significant improvement of correlation with human annotations,
compared to a baseline approach that does not use topic models. Moreover, our models
report performances comparable to the best predictive systems that are proposed in the
literature.

Keywords

semantic analysis, topic modeling, LDA, distributional semantic models, Word2Vec,
embeddings, topic embeddings, semantic mappings
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Kataloyoc Yynudrwy

6.1

6.2

6.3

6.4

6.5

6.6

Y0yxplon anodoong Yo SlaopeTinols aptiuole Veudtonv xoL SLopopeTo0g
cuvduaouols OKXM, yenowornowviag Tn UeTpinf) cucYETione Spearman.
To yedgnuo (o) anexoviler v anddoon v cuvduaoumy AvgSimC xa
MaxSimC oto oivolo dedouévwy SCWS. To yeagruoata (), (v) xou (8)
ametxovilouy TIC EMBOCEIC TV CLVOLAOU®Y YeouuxS TapeUBoirc, AvgSim
xot MaxSim, avtiotowya, oto cUvola dedouéveov MEN xou WS-353. Eniong
TopovatdlovTon ol anodooelc Tou baseline povtéhouv. ... L L L L

Y0yxplon anddoong Yo SlaopeTixols aptiuole Veudtonv xol SLpopeTno0g
alyopldpoug amexéviong, yenotponowdvias Tic peteés (o) AvgSimC xau
(B") MaxSimC xat tn yetpin ovoyétione Spearman, 6to 6UVOAO Sed0UEVKDY
SCWS. H 68idotacn twv onuactohoyxay yoewy €xel tedel (on pe 300 eved
AMoteg 5000 cuyveY LovoohHuavTwy AECewy €youy yenowornomdel we onua-
odoyikés dyrupes yia xdde Yo, Emmiéov anewxoviletar 1 anddoon tou
baseline povtéhou. . . ...

Y0yxplon anddoone yor dlopopeTind TAHUT Yepdtwy xar dlagopeTixols opid-
HOUC LOVOCHUAVTWY AEEEWY N TIOU YENOWEVOUY WS TNUATIOAOYVIKES dYKUPES
oTic opdoymvieg anewovicelc. ¢ ueTpixéc €youv yenowonondel n cucyétion
Spearman ot ot (o) AvgSimC xou () MaxSimC oto SCWS civoro 6edo-
pévewyv. H Sidotaon twv onuasctohoyix®dy yweny teolta ue 300. Emniéov
amewxovileton 1 amd6door tou baseline yovtéhou. . . ..o Lo

E0yxplon anddoong ylo dlopopeTind TARUT Yepdtwy xar dlagopetixols optd-
©o0C HOVOCHUAVTOV AEEEWMY 1 TOU YENOWEVOLY (OS ONHATIOAOVIKES dyKUpes
oTic opYoymvieg anewovicelg. (¢ yetpixéc €youv yenowonomiel n cucyétion
Spearman ot ot (o) AvgSimC xou () MaxSimC oto SCWS civoro 6edo-
uévewyv. H Sidotaon twv onpasctohoyix®dy ywewny twolta ue 100. Emniéov
amewxovileton 1 oam6door tou baseline yovtéhou. . . L. Lo

Y 0yxplon amdd00mg Yo SlapopeTnd TAHUT YeUdTwY %ol ATELXOVIGEWY TOL oTo-
(THUNXOY Y ENOWOTOWWVTOG AoTeG LOVOoUavTwy xou AloTeg Tuyokwy AEEEwV
TOU YENOWEVOUY WG ONHACIOA0YIKES dyKUpeS. §1G PETEES €YOUV YETOLWO-
nodel 1 ouoyétion Spearman xat ot (o) AvgSimC xo () MaxSimC oto
SCWS olvoho dedopévmy. To mAHY0g 1wV ONUACIONOYIXMY Ay XUEMY TOU
yenowonoloLvton toovtar pe 1000. Emmiéov amewxoviCetar 1 amddoom tou
baseline yovtéhou. . . . ... oL

Y0yxplon andd0oomg Yo SlapopeTind TAHUT VEUATWY XAl ATELXOVICEMY TOL oTo-
(TAONXAY Y ENOWOTOLWOVTAS MOTEC LOVOCHUAVTWY Xl AMoTeg Tuyalmv AEEEWY
TOU YENOWEVOUY W¢ ONHACIOA0VIKES dYKUPeES. §1C PETEES €YOUV YENOLWO-
romdel n ouoyétion Spearman xot ot (o) AvgSimC xa (f) MaxSimC oo
SCWS civoho dedopévey. To mAH00g 1wV ONUACIONOYIX®Y Ay XUE®Y TOU
yenowonolovvton oovtar pe 5000. Emmiéov amewxoviletar 1 amdédoon tou
baseline povtéhou. . . ...
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6.7

6.8

6.9

Y0yxpion anddoong yio BlapopETNES TUPAUUETEOUS EEOUGAUVONG XAl XELTHELY
cLVOEOTC GE GUVAETNON UE TO TAHVOS TwVY Veudtwy. (2¢ ueTEné £youv Yenol-
worotniel n cuoyétion Spearman xou ot AvgSimC xo MaxSimC oto SCWS
oUVOAO BedOUEVKDY. O apliudc TV LOVOCHUAVTWY CNUACIONOYIXDY ALY XUEWY
twolton pe 5.000 eved 1 SLECTUOT TWV ONUAGSIOAOYXOY YOewV toolTtal ue 300.
Emniéov amewxoviCetar 1 anédoor tou baseline yovtéhouv. . . . . ... L. L.
H anéboomn tou deltepou poviéhou we ouvdpetnor tou Thdouc twv Yeudtwy
Yoo un ouugpealoueva oOVolo SEBOUEVKY, YPNOWOTOWOVTIS TIC UETEIXES (0
MaxSim, () AvgSim xa (y) AvgSimW . Ot tpeic Stoxexoppéves ypouués
AVTITPOCWTELOUY TG avTioTolyeg amoddoelc Tou baseline poviéhou yio xde
OUVOAO OEBOUEVIIV. . . . . . o o o oo
Hopadetypota 2-01840Tate:v TRoBoANY TWY XEUPEY CTUACLOAOYIXMY YMOEWY TOU
AWOXOTOLOVYTOL GTOV EVOTIOUNUEVO BLAVUGUOTIXG Y(OEO TOU HOVIEAOU HOG, O-
TEoVI{oVTAS TIC UOVOOTUAVTES YELTOVLES 000 VEUATIXWY OVUTUQOC TAGEWY TGV
Ae&ewv python, nursery, drug, page, apple xou act Tou e&dyovion and dlapo-
EETIXOUC VEPATINOUC TOUEIC.  + « . . . . o o o oo






Katdroyocg ITwvdxwv

2.1

3.1
3.2

6.1

6.2

6.3

Hopdderypo evoc mivoxo cuV-EUPavicEwy Tou eEAYETUL YENOLLOTOUOVTASG UE-
Terioelg mpwv (dve mivaxag) xon YETE (xdtw mivaxag) and To UETUOYNUATIONO

AlopopeTixég UETEWES amooTaong YeTald (EUYDY ToRUTNERoEWY. . . . . . . .
AuwapopeTtind xprthpta oOvdeone (linkage ctiteria) mou xodopilouv tnv andoto-
on PeTa€d opddmY ToU AmOTEAOUVTOL Ud MUPUTNENOELS. .+ .« o o v o o o o o . .

Yuyxpltxn) ano6800m YETAED TwV XOUAITEPWY ATOTEAECUATWY Tou AopfdvovTal
YL OLAPOPETING. CYAUATE GUVOLAOUOL VYEUATIXWY CNUACLONOYIXDY UOVTEARY
%0l OLIPORETIXG. GUVOAX BEBOUEVWY, YIoL TOV UTOAOYLOUO TNG OTNUAGIONOYIXAS
opototnTog LELYWY AEEEWY, YENOWOTOLOVTIC TN UETEXTH CUCYETIONS Spear-
IMAIL P« o o e e
Yhyxpion anodoarng petoll dlapopeTiny state-of-the-art tpoceyyloewy oe Si-
dpopa GUVOLL BEBOUEVKY YOl TOV UTOAOYLOUO TNE ONUACLOAOYIXNS OUOLOTNTOC,
600V apopd TN cuoyétion Spearman. To anoteAéopato Tou mapouctdlovial
Yoo TIC 0V0 TEOTEWOUEVEC TROCEYYIOES TNG EQYACIOC AVTIOTOL00Y OTIC XOo-

Notepec mpofAédeic pag, eve to Global-DSM avtictouyel oto baseline ahotnuo. 80

Hapadetyyota toAucHuavTomy AEEWY Tou LEICTOVTUL OARXY T GTNY €VVOLY TOUC
OTAY CUVAVTWVTAL GE OVO DLAPORETIXES VEUATIXES TEQLOYES. 1TV TEWOTN OTAAN
mapatidevton ol Aé€eic umd e&étaon. H Seltepn othhn mepthaufBdver Ti¢ mo
mdavée AEeC TV VEUATIXWY TOUEWY OTOUC OTOIOUC CUVAVTMVTNL OUTEC O
Aegec. Kde oepd avtiotolyel ot Sapopetind Hepatind topéa. H tpltn othin
CLVAYEL TN CLYXEXEWEVY anuacia g AEENG evdlapépovTog oTov avtioTolyo
topéa. H tedeutaioa oTHAN avTioToyel 0TV OPOLOTNTO GUVNUITOVOL UETALD
TV 600 YEUATIXWY AVATUPACTACEWY TNS AEENG EVOLIPEQOVTOC. . . . . . . . . .

19






2VVTOUOYPAPLES

BOW
LDA
PMI
TF-IDF
POS
LSE
CBOW
W2v
CCA
SVD
VSM
DSM
HDP
KL
TDSM
UTDSM
PCA
LR
K¥XM
OKXM

Bag-of-words

Latent Dirichlet Allocation

Point-wise Mutual Information

Term frequency-Inverse Topic Frequency
Part-of-Speech

Least Squares Estimation

Continuous Bag-of-words

Word2Vec

Canonical Correlation Analysis

Singular Value Decomposition

Vector Space Model

Distributional Semantic Model

Hierarchical Dirichlet Process

Kullback-Leibler
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Unified multi-Topic Distributional Semantic Model
Principal Component Analysis
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Ocpatnd Kataveunuévo Enuacioroyind Movtéro
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Kegpdharo 1

Eicaywyn

1.1  Ae&wxr) Lnpooctoloyia

Me tov 6po onpaciodoyia ovaepdUAcTE OTN HEAETT NS onuaciog otn Yhwooo. O gupic
OPLOKOC TNG EVOWUATWVEL U0 BLAPORETIXES EVVOLEC: 1) Wla elvon 1 prdogogikn) onuaociodoyia, o
0TOY0¢ NS omolog elvol var BLTUTWOoEL oL YevixT| Yewpla Tne onuaciog xou o debtepog elvo 1
Aebikn onpaoiodoyia, o otéy0¢ NG onolag elvon vo xatorypdipel Tic évvoleg Tou €xouv Aegixo-
nounVel oe ouyxexpiuévee Yhwooee [Miller and Charles, 1991]. H nopoloa epyacio euninte
capwe oty dedtepn xotnyopla, N onola amotelel emlone yvwotd Topéa tne Emelepyoacioc
duowol Adyou (Natural Language Processing, NLP).

E¢etalovtog to mapamdve omd Wial UTOAOYLo TixY) oxomid, 1 Ae&ixt| onuactlohoyio otoyelel
0TO V. OLEUXOADVEL TOUG UTOAOYLOTESC VOl OVLYVEUOLY TTUYEC TG oNuaolac TV AEEewy oTn
YADGGU, ®OME XA VO XOOLXOTOLOUY AUTES TIC TANPOQOPIES UE EVOY POPUIMCTIXG TEOTO TOU
VoL ETULTEETEL TNV gppnveial Toug and Toug umohoytotéc. H Bapltnta tng xatavonong tng on-
pootog TV AeExdy novedwy (AéZewv) elvan TpwTopy XA oNUAcias Yl THY XUTovONGTn TWY
YAOGOWY, xad®g autég anoteholy ta Bacixd cucTatixd g avipnmvng Yawooog. o va
XATAVONCOUUE UE OOV TEOTO 1) U1 EVOWUATWOT AUTAS TN YVWOTNE GTOL CUC THUATA NAEXTPO-
VIXOV UTOAOYIGTOY Vol UTOpOoUGE VoL 00NYTOEL GE AVETOEXT) AMOTEAECUATA, oG EEETACOUUE €Vl
TEOYHOTIXO ToRddELY . Ag UTOVEGOUUE OTL YENOWOTOLOVUE Wal uny vy avallATnong xou dla-
BiBdlouvyue oe auth v epwtnon “Ilote yevwRinxe o Atvoug TopPoakvte;”. H unyavy amavtd:
“o Atvouc TépPolvtc yevwwinxe to *”, Vétovtag anhd éva epdtnua ot pnyovh avalftnong
(m.x., Tng Google) UeTd TN YETATEOTY TNE EPADTNONG OE XATAPACT| YPNOWOTOUDIVTOS GUVTUXTL-
x0Ug xavovee. Autod elvon éva ebxolo Tapddetyuo Tou dev amoutel xapio yvoor tng Ae€ixng
onuactoloylag mpoxeévou va anavtniel owotd. Ag unodécouye twpa OTL Tpowlolue oY
unyovy) Ty gp@tnon “Ilotog ebvan o yeyorbtepog Puoinde otny EARGSw;” 1 unyovy| e€dyer “H
EMN\G8a etvon and Tic yweeg e Eupdnng pe tn yeyalbtepn evepyetaxt| e€dptnon oe TeETpéhato
XL QUOIXO 0€PLO”, TO OTOlO BElYVEL CUPWS OTL TO CUCTNUA EVOL OVIXAVO VO XATAYOH|GEL TNV
epodtnon. [t ebvon homdv BUoxolo yio T unyavn vo emoteédet T owoth é£080 GTo TEoTN-
yoluevo mapdderyuo; H andvinon etvon anir: 1 onuacioroyio twv Aélewyv dev €xel Angiel
unodm. Luveyilovtag ye To BelTEpo TAUPAOELYUN, EPYETOL GTNY EMLPAVELX EVOL GANO YAWOGOIXO
QoUVOUEVO oL SLodEaaTilEl ONUAVTIXG POAO GTNY XATAVONON TNG YAMOOCUS. LUYXEXQUIEV, 1|
rohvonuia Tng AENC uoikdg Vo umopoloe Vo ETNEEdoEL dpaoTixd TNy oflomiotia Tng e€660u
TOU GUOTAHUNTOS, xadde 1 A& Yo umopoloe elte va avTioToly((eTton 0Ty €vvola “emio THpO-
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24 Kegdatowo 1. Ewoaywyt)

vog” elte oty évvola Tou “mpoepyduevou amd TN pUoN’, avdAoYa PE Ta SUUPEULOUEVO GTO
omolo cuVAYTATOL.

Emniéov, nepapotinéc yehéteg alveton vor 0etyvouy 6Tl 1) XaTovOnon dUTOY TOV CNUd-
CLOAOYIXOY GTOLYElWY Yo uTtopolce Vo evoyuiel amd Tig VEUEAWOELS ONUACLONOYIXES GYECELS
wetall twv Aé€ewv [Marmaridou, 2000]. Mo amhf cuvénelo autic tne mapatienone ebvou
ot N onuacta wag AEng eCoptdton oe Yeydho Podud and TIC ONUACLONOYIXEC OYECELS TOUL
€yel ye dhheg hé€eic. o tov Adyo autd, 0 UTOAOYIOUOS GNUAGLONOYIXAS OUOLOTNTAS — O
omnolog avtioTolyel oTov Badud ogoldTNTAS ToU VOHUATOS 5U0 AéCewy — amotehel €vav dnuo-
QLAY Topga e Enelepyaciog Puoxol Adyou mou mpoomadel vo amoxoAbder TV TporypoTix
onuacta Twv Aélewv. Optopéveg and Tic epopuoyéc tne Enelepyaociac Puoixod Adyou mou
EVOOUOTMVOLY TIC TURATEVG TANEOPORIEC GTA GUCTHUUTA TOUC TEPLAAUBEvVOUV: TNV AUTOU-
TN UETAPEAUCT) XEWEVGY, TNV OVAXTNOT TANEOQPORLLY, TV autéuatn Tepiindn xewévou, 1
Onuovpyior PUOIXAC YADOCGCOE, TNV ATMAVINOY OE EPWTNOELS, TIC UNYavES avalATNong Xou TN
UETATEOTY TNG TEOPORIXAC OMLAlAS GE XElUEVO.

1.2 Yuvewogopd Epyaciag

Ov odyoprduot exudidnong Ay avomopac Tdoewy VIOVETOOY TNy umdleon tng kata-
veunuévns évvouas twr Aééewr (distributional hypothesis) [Harris, 1954], unodétovtog 6t
UTdEYEL Uiot CUCYETION UETAUED TNC OYEDNC XATAVOUNG XAl TNG ONUICLOAOYIXNC OYECNE TWY
Aewv. TuvAtng, To JOVTEAA TOU YENOYOTOLOUY TOUG TORATAVE ohYopituous xm8xonololy
NV TAneogopia Twv AEewv Ue BAor o ouUPEaldUEVE TOUC GE BLVOCUOTOL Y ORAUX TNELO TIXDY —
oLy V& avagepdueva e embeddings — evog YwEOL BLdCTACTS k, ONUIOLEYOVTISC £VOL LOVTEAOD
Sravuopatinol yweou (Vector Space Model, VSM). Ta topamndve povtéda €youy anoderyVel
yerowa oe ddpopec epapuoyéc tne Enclepyacioc Puoixold Adyou, dnwe 1 avdxtnon min-
pogoplv [Manning et al., 2008], n cuvoucOnuotixf avdhuon xewévou [Tai et al., 2015], n
unyovixy| petdppaon [Sharaf et al., 2017] xou dhkec.

[Mopd tn dnuoTixotnNTd Toug, Tor mapadoctoxd Kotaveunuévo YXnuoactohoyxd Movtéla
(KXM, Distributional Semantic Models) Booilovtou amoxhelotind oe poviéla 6mou xdde
AEEN aVTITPOCWTEVETAL LOVAOLXA omd €val oNueio oTov Yweo. ATd Uia YAWSGOAOYIXT OXOTId,
TOL OVTERDL QUTA BEV UTOPOLUY VoL EVOWOUATOCOLY UE oxEBELol TNV EVVOoLo TV TOAUCTHUAVTWY
MEewv (T.y., Kapkivog 1) puoikds), UE AmOTEAECUA Vo GLVOUALOUV TIC BLOPOPETIXES OTUAGCLO-
hoywég évvoleg v Méewv ot wa avanapdotaon. Ilpog enthuon autol tou mpoPAfuatog,
UEPES HEAETEC EVOWUATMVOUY TOAATAES oVATOEAO TAGELS avd AEEN oo avtiototyor VSMs, ue
Bdom v xotnyoptononon v Tomxdy cuupealdUevwy twv héZewv [Reisinger and Mooney,
2010, Tian et al., 2014, Neelakantan et al., 2014]. ITopddinia, YAwoowés yehéteg delyvouy
OTL T0 €VPVTEPO TAALCIO TWV CUPPEALOUEVLY Woc AEENG unopet enlong va Bonidnoel otny xo-
Tavonon g Yawooag. Ta povtéha Yepatinnc yoviehonolnong e YAOooog eloryinoay g
EVOC QUOIXOC TEOTIOG AVOTUPACTAOTE TOU EVPVTEPOU TAUGIOU TV AeEUOY GUUPEALOUEVLV
and touc Liu et al. [2015Db)].

Axohovdwvtag Ty Blo xotediuvor, TeoTelvouue dpyixd Evay GUVBUNCUO CTUACLONOYL-
AWV HOVTEAWY XAVOVTAS Ypnon TeYVxwY VepatixAc poviehomoinone. Auty n mpocéyylom
Teptypdgetan emiong xou oTn dnuiootevuévn epyaoio twv Christopoulou et al. [2018]. Xuyxe-
HEWEVOL, TEQLYPAPOLUE VALY GUVOUAOUO CNUACIONOYIXWY OUOOTATWY Tou opllovTal aviueso
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oe Lelyn MEewv Twv onolwy oL avamapas tdoelc €youy eloydel and Oeuatind Kotaveunuéva
Ynuootohoyixd Movtéha (OKEXM, Topic-based Distributional Semantic Models). H x0pia
UTOYEST, TOU GUYXEXEWEVOL UOVTEAOL elvan OTL 0L EVVoleC TV AEEewV PeTodANovToL avdAo-
Yo pe To YEUaTING TEQIEYOUEVO GTO 0moio evidocovtat. Autd elvon Topduolo ue T Yeron
EVOC GUVOLACUOU OTNUAGIONOYIXDY UOVTEAWY TROXEWEVOU VO XWOXOTONYOLY Ol TOAATAES
aodfoelc/évvolec Twv Mewvy. QoTdoo, wa and Tic onpavtxdtepes eMeldelc T napamdve
TpocEYYlong elvan oTL Bev xoTapépvel var GUAMGPBEL Tic oyéoelc Yetadl Twv Aé&ewv Tou Bev
avixoLuy atov (Bto Vepotind Touéa, xadwe n obyxplon evoc Lebyoug Aé&ewv meptoplletal o
eninedo Vepatnrc neploync. Ilpog entiuom awtol Tou TEofAiuaTo, TEOTEVOUUE ETLTAEOV (Lol
O EVEMXTT TTPOGEYYLoN Tou yenotuomolel Ocuotind Kotaveunuéva Xnuactoroyixd Movtéha
(OKXM), mpoxewévou vo SntoupYoet Vol EVOTONUEVO LOVTEND TOARATAGDY VEUATIXEDV oVO-
Topao TaoEWwY Yo xdde AEEN. ot 1o oxond autd, To OKIM do npénel vo euduypouuio todv
»¢ TEOG €Val X0WVO GUCTNUN CUVTETAYUEVKDY Tou Yo eTTEENEL TN 00YXEON TWV VEUATIXWY
oVATUEAC TACEWY AEEewV Tou e&€dyovTon and BlapopeTxols Yepatixols yweous. Me (Bdon
TIC UTAPY0VOES UEVOB0UC ATEIXOVIONS, AVAAVOUUE TOV POAO TWOV HOVOCTHUAVTIOY AEEEMY GTOV
xadoplopd PeTAoYNUATIONGY PETOE Twv OKXM. An' 600 yvwpellovye, auty elvor 1 TpmTn
OOUAELS TTOL EQPUPUOLEL TEYVIXEC ATEUOVIONE HETAEY ONUACIONOYIXOV YWEWY TNG (Blag YADO-
oS, TEOXEWEVOL v TEpLYeddeL TNV mtoAucnulo Twv AEEewy.

1.3 AudpYpwon Egyaociog
H nopoloa dimhwpotiny spyacio opyavevetal we e€hAc:

e To Kegdhowo 2 mapéyel o meptypapn e Bihoypapioc mou ywelletan o dbo Pooixd
TUAMoTe, cOUPovVE PE To TEdla mou xoAUTTel 1 gpyacta. H mpdtn evétntar dlver yia
olvtoun emoxémnon twv Kotoveunuéveyv Lnpoctohoyixeyv Movtéhov (KEM). Xuyxe-
xptéva, pehetidvton ot Baoixée xatnyoplec twv mopadootoxey KXM (yovadixée ova-
Topao Tdoele avd AEEN) xan twv KXM mou yenowonoody Tohhamhés ovanapoo TIoeLS
avd Ae€r. Xto deltepo Turua culntdue Tic Boaoixéc Yedod0ug UETACY NUATIONOD UETAUED
ONUACLOAOYIXDY Y OEwV Lall UE TS EQUOUOYES TOUC.

e Y10 Kegdhowo 3 mopouoidlovton ot ahydprduot: Latent Dirichlet Allocation (LDA) xou
Word2Vec nou anoteholv 1o facind UG THLATA TOU YeNoYOTo00Y oL 5U0 TEOTEWVOUE-
veg mpooeyyloelg poc.

e To Kegdhawo 4 meptypdpel 10 x0plo %xvnTeo %on TNV AEyITEXTOVIXT| TOU CUC TAUATOS TNG
TEOTNG MG TEOCEYYLoNg, TNV onola ovoudlouue: Melyyo Ocuotind Kataveunuévey
Ynuootohoyixedy Movtéhwv (Mixture of Topic-based Distributional Semantic Mod-
els).

e To Kegdhato 5 meplypdpel To x0plo %xivnTeo xou TNV dpyLTEXTOVIXT TOU CUC TAUATOS TNS
0e0TEPnC Yo TPooEYYoNng, TNy onolo ovoudloupe: Eviolo Kataveunuévo Xnupacioro-
Yxé Movtého mohhamhev Oepotixdyv Avanapactdoewy (Unified multi-Topic Based
Distributional Semantic Model).

e To Kegpdhowo 6 mapouvcidler tnv TElpopatixy] dtadixaotar xou To AmOTEAECUATO VLol To
OLdPOPAL TIELPAUATO TOU TEAYUUTOTOLAUTNXOY OF BLUPORETIXG GUVOAN OEOOUEVWV.
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o To xeqdhaio 7 TEQIEYEL TU CUUTERIOUATA TNE OIMAWUATIXS epyaciog xon mpoTtelvel xo-
TeLHOVOELC Yol UEANOVTIXEC PEAETEC.



Kegdhawo 2

Koataveunueva Xnuacliohoyixd
MovTela

2.1 TYnodeon tng Kataveunuévng €vvolag twv AeCewy

To Kotaveunuévo Enpactohoyixd Movtéla (Distributional Semantic Models, DSMs)
nepthoBdvouy éva gupl gdouo uetddnwy mou Pactlovton oty LTOYEST TNC HATAVEUNUEVNC
évvolag twv AéZewv (distributional hypothesis) mpoonaddvtac vo cuANEBouv Tic Evvoleg TwY
YAWoOoWw®Y oVvIoTATWY (AéEewy, @pdoewv) and T yehon Toug oTn YAwooo. Auth n utddeon
OLY VA TEPLY PAPETOL amd To dldomnuo amd@ieyuo “Mnrogeite vo avoryvewpellete uio AEEN and Tic
AéEec pe tic omoleg ouvumdpyet” [Firth, 1957]. ‘Apeon ouvéneio authc Tng utddeong etvan Ot
000 Aé€elg Tou Yewpolue OTL Elval ONUACLOAOYIXE TEOUOLES avaéveTal var epgavilovton oe
Tapouol oupgpalduerva mhaioa, xan avticteoga. Ilpoxewévou va unopéoouye va yernoiuo-
Totfoouue auty| TNV unddeon otny Enclepyacia Puoixod Adyou, anoutelton 0 QOPUIMO TIXOS
oplouoe Tou TL Yewpolue we oupgpaldpera plog AEENG. Ye auTh TN SITAwpaTX epyacia, oxo-
AovJoUUE TOV XOWVKOSC YENOYOTOLOVUEVO 0ploUd Tou oUUgpalperou TAaITIOU WS Evol GUVOAO
AEZewV ToL LTdEYOLY PEoa GE €val ToEdUUEO YOpw amd xde eupdvion Te AEENG eVOLapEpo-
VTOG.

The functional interplay of philosophy and science should, as a minimum, guarantee...
...and among works of dystopian science fiction...
The rapid advance in science today suggests...
...calculus, which are more popular in science -oriented schools.
But because science is based on mathematics...
...the value of opinions formed in science as well as in the religions...

...if science can discover the laws of human nature....

...is an art, not an exact science .
...factors shaping the future of our civilization: science and religion.
...certainty which every new discovery in science either replaces or reshapes.
...if the new technology of computer science is to grow significantly
He got a science scholarship to Yale.
...frightened by the powers of destruction science has given...
...but there is also specialization in science and technology...

Eyuor 2.1: Tapdderypo tng utodetnc onuaclohoyixic xatavounc e hEng science.
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28 Kegdalowo 2. Kataveunuéva Xnuacioroyixa Movtéla

2.2 Movég Avanapaoctdoelg Ae€ewy

To povtéha mou axohovdoly TV LNOVEST TNG HATAVEUNUEVNS €VVOLUG TV AEEEWV O-
vaépovton ouyvd we Kataveunuéva Enpoactoroyixd Movtéha (KEXM). Luvidog, avtd ta
HOVTEAA XOLXOTO0Y TNV TANeopopio Twv Aélewy ue Bdon ta ouppealduevo TAalold Toug
o€ BLAVOOUATOL YURUXTNEIO TIXWY Tot oTolo ToTo¥eToOVTOL OF €vary Y Weo dldcTaong k, dnuLoue-
yovtog évay dlavuopatind yopeo (Vector Space) mou cuy Ve avopépeTon WS ONUATIONOYIXOS
yweoc (Semantic Space). EZetdlovtac autd tor povtéda and YeweTpixr oxomid, xdie AéEn
AVTITPOCWTEVETAL WG EVal ONUEID OTOV YOPO, EVE CNUACIONOYIXE TopdUoLES AEEELS ToToVETO-
UVTOL TILO XOVTE GTOV GNUACLOAOYLXO YWEO X0l Ol avOpoLeS AEEeL; TotoveTolvTan 1) Wio Loneud
ond v dhhn. Ou Baroni et al. [2014] avagépouv éti 1o KEM nou yenoyonotolv pio avo-
Topdo Taon Yo xdie AEEN Umopolv Vo YweloTolv o B0 eupeieg xatnyopieg: Tor LOVTERX TOU
Baoilovton oe pétpnoelg xou Tar povtéha TeofBiedng.

2.2.1 Movtéla Paclopéva o UETENOELG

Y1y amholotepn mepintwon Twv mopadoctaxey KEM, xdde didotaon ouunepioufdvel
O TATIOTIXEG TTANPOYOPIES TwV CUUPEALOUEVKY GTOLYEIWY TOU TUQATNEOUVTOL VO GUVUTIERYOUV
UE TN AEEM EVOLPERPOVTOC OE AmOCTACY UXEOTERT (o otadepde ¢. Auth n anhr uédodog
HATOPETENONG XATOUAAYEL OE €V TVOXA GUVEUQPAVIONC, OTIOU Ol GUVIGTWOOES TOU xde Olo-
VOOUATOC UTopoLY va epUnveudoly we Bder mou LTOBNAGVOUY TN BUVOUT TNS ONUACLONOYIXAS
oyéong avdusoa oTn AEEN evBLpépovTog Xt To avTioTolyo cuugealduevo ctolyelo. (261600,
€yl mopotneniel OTL oL UETPNOELS CUV-EUPAVICEWY BEV ATOTEAOVY amd UOVES TOUC Ui oELOTLO TN
TNYT TANEOYORLAOY YLoL TNV EEAYWYT) ONUACLOAOYIXOY OYECEWY, XAHDOC oLYVE EUPOVIOPEVES
AéZelc (6mwe 1 AN «ay oTo Topddelyud Tou Ly hAuotog 2.1) TEVouy Vo GUVUTIEEYOUV UE TTOA-
Mg NEEZelc Ue YeYdhn ouyvoTnTaL.

[Tpoxewévou vo auPiuviel autd 10 TEOBANUA, UTOPOLY Vo EQUOUOGTOLY UN YEOUULXES
TEAEELC OTOV TV GUV-EUPAVIOTS YL TOV 0Tolo GULNTACOUE TEOTYOUUEVOC. LUYEXQWEVA,
1) EVOWUATOON U1 YRUUUXOY TEdEewy unopel vor odnyhoel otny ‘unofdduion’ Tou pdhou Tou
dtadpopatilouv ot Aéelg ue LPNAY ocuyvotnta eugdvionc. O eupltepa YEMOWOTOLOVUEVOS
UETAOY NUATIOLOC oL axohoudel Ty Topandve xatebuvor etvan o Positive Pointwise Mutual
Information (PPMI) nou opiletar and toug Church and Hanks [1989] wc:

PPMI(word;, word;) = max(0, PMI(word;, word;)) (2.1)

P(word;) N P(word;)

PMI(word;, word;) = log, P(wordy) P(word;)
7 J

(2.2)

Yy mapamdve oyéorn o aptiunTic pag divel TAnpogopla Yio To TOG0 GLY VA GUV-eupavilovTa
oL 800 AEEELS, EVE O TUPOVOUUCTAG Hag AéEL TOCO cuyVa Yo tepiueve xavelg 0Tt oL 5V AEEelg
CUYUTIAEYOUY, oy LTOVECOUUE OTL OL EUPAVIcELC Toug elvan aveldptnteg, €Tol OOTE oL M-
véTnTég Toug vor tohhamhaotdlovton (BA. mopdderypo otov Hivaxo 2.1).

Acedopévou 6Tt ot pédodol mou Pooilovtar oe petprioeic utoloyilouv Tov Tivoxa Guv-
EUPAVIONG Yior Oheg Ti AEEELS, 00N YoUV oE opatéc (sparse) avamopaoTdoelc UPNAHAC Bido taong
—Onhad1| o TEPLOCOTEPA AN Tal GTOLYEIN TV BLUVUOUATOVY €lval UNdeVIX— xodg ptar AEEn
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player | field | court | Athenian | cart a
baseball 546 350 5 1 35 | 975
basketball | 485 10 410 1 45 | 1053
democracy 1 5 2 350 10 375
monarchy 2 1 4 7 276 | 330

!

player | field | court | Athenian | cart a

baseball 0.38 | 0.97 0 0 0 0
basketball | 0.21 0 0 0 0 0.01

democracy 0 0 0 1.93 0 0
monarchy 0 0 0 0 1.86 | 0.03

ITivacag 2.1: Tlapddetyyo evOg TVOXA CUV-EUQPAVICEWY TIOU EEGYETAL YPNOWOTOUWDVTAS [E-
Tprioelc e (dve mivoxag) xan YeTd (xdtw mivaxacg) and to petaoynuatiopd PPMIL

ouviideg oyetiletal ONUACLONOYIXY PE EVOL UIXPO TTOCGOGTO Umd TO GUVORO TwV TV GUY-
pealouevwy oTtolyelwy. Luviiwe, kg emoUevo Briua UELOVETOL 1) BIAC TUOT) TOU UEYAAOU Ttivaxa
ouv-eudvione (otnyv mepintwon auth, o tivaxag PPMI-uyileton) mpoxeyévou va pewdel o
YopLBOC %ot 0 BLVUCATIXNOG YWEOS VoL Yivel AyoTepo apandg. H Baoinr| déa etvon vo dnutoup-
yNUEl Lot TEOGEYYIOT UXPOTERNC OLACTACTC amd TOV dEyIXO TV, DATNEMVTAS TORIAANAA
TIC OYE0ELC PETOEY TV BlayuoudTwy. O TEoxUTTwY WXEOTEROS YOEOS BACTUCEMY AVTITPO-
OWNEVETAL ONO TG CNUAVTIXOTERES BLUC TACELC TOU GUVOAOL BEBOUEVMY, XATY U X0 TWV OTO-
lwv mopatneeiton 1 yeyahitepn petaAntétnta (variation). H mo dnuogulc pédodoc yio
dnutoupyia TéToWwY TPOCEYYIoTIXGY Tvdxwy elvar 1 Singular Value Decomposition (SVD)
[Landauer and Dumais, 1997], n onoio Booiletor oty eaywynh twv plldv oV I0THGOY
(singular values) tou apyixo0 mivaxa. To Xyfua 2.2 cuvodiler ta Brdato dnutovpyioc evog
KXM Baoctopévou ot petprioeic.

co-occurrence matrix dimensionality
reduction
count-based
DSM

Eyfuo 2.2: Avarapdotaot e dnulovpyiag evog Koataveunuévou YNnuactohoyxol Movtéhou

mou Pooiletan oe yeTprioels.

2.2.2 Movtéha Baciopéva oc npofAédelg

Ta povtéla mou Pactlovton o mpofBiédelc avrixouv otn véao yewd twv KEM, nou mpo-
oeyyiCouv to TEOBANUL extiunong Slavuoudtwy we Eva TedBAnua yweic eniBiedn. O Bengio
et al. [2003] Arav o mp@TOL TOL ElCRYAYAY TEXYNTA VEUPWVIXE 3{XTUN OTOV TOPEN TWY OT-
HOCLONOYIXWY OVATUEAo TAGEWY AEEEWY xat Alya yedvia apyotepa ot Collobert and Weston
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[2008] Aoy oL Te®Ta TOU Tot XANEEWOAY WG EVAL ATOTEAEOUATIXG ERYUAED GE EQUPUOYES TNG
EneZepyaoiac Puoixod Adyou. Av xou ol 800 xatnyopieg poviéhwy Bacilouv 1o Yewpentixd
Toug umofodpo oty undleon Tng kataveunuévng €vvoas twr AéEewv, BLPEQOLY WG TEOS
TNV UTOAOYLOTIXY| TROGEYYIGT) TOU 0xOAOUTYO0Y Yol VoL HdHOoUY YEWUETEIXEC XWOLXOTOLNOELS
reCewv. H véa yevid twv KEM avtl vo cuAAEyel Ta 0TaTIo TS TV CUPQEACOUEVOY AEEEWY
Y10 VoL ATOXUAUPEL TO ONUACIONOYIXO TOUC VOTUA, YENOWOTOLE! TEYVIXES Unyavixnc uainong
%0l TPOCTIOEL VoL ONULOVEYICEL TROYEAUUATA TTOU Lordolvouy Vo ABavouy 6woTEC AmopaoELS
oVIAOYOL UE TOL BEGOUEVA AV GToL OOl EXTTOUOEVOVTOL Xal Vo BEATIOVOVTAL UE TNV EUTELplOL.

H yevuxr| Sour| TV Tpoyvwo Tixey povtéhwy Boacileton o éva mdavotind veupwvixd dixtuo
UE Teopodocia TEog T EUNEOS, TO oTolo TulpVel w¢ €l00B0 AEEEIC XAl TIC EVOWUATOVEL GOV
BlovOoUATOL OE €ValY WO UIXPOTERNC Lo TaoNg, 0 omolog oTn cuvéyeta puiuileton pe Ae-
ntopépela yenotwomowwvtoag back-propagation. I'ta tov Adyo autd, oL BLAVUOUATIXES OVa-
Topao Téoels Tou eEdyovton e Bdpn Tou mpdTou emnédou (layer) tou veupwVIXOL LOVTEAOL
avagépovial ouviidng wg embeddings otn Pihoypogpioa. Mo cusTruaTixy clyxelon HeTodd
Twv embeddings xou TV BLIVUCUATIXOV OVITOEAC TAGEWY TOL Aou3dvovTon UECw UOVTEAWY
mou Booilovtar oe petprioeic €xel peretniel Sie€odind amd touc Baroni et al. [2014]. H o-
VOTERHTNTAL TV TLXVGY avaropactdoewy (dense feature vectors) €yet enione anodolel oe
umoloytouxole Aéyoug and touc Goldberg [2017], xadde 1 mhetodnpia v epyoletodnudv
(toolkits) Sev hertoupyel amodotind pe ToA) peydine draotdoene, opatd StV oUaTaL.

To Word2Vec twv Mikolov et al. [2013b], anotelel to mo npoeiéyov yoviého mou On-
HLoLEYEL BLUYUOUATIXES AVTOEOC TAOEIC AEEEWY Ol oToleg avTixaTonTEI{OUV TN ONUACLONOYIXY
Toug évvola. H 16éa mlow and 1o ouyxexpiuévo yovtéro Poloxeton ot dnuiovpyla Slavyuoua-
TIXWV VOTORUC TACEWY Yiot AEEEIG-0TOYOUE Tou ETTEETOLY TNV TEOPBAedn Twv mo mdouvody
oLUPEalouevLY aTotyelwy Toug N avtideta oTn yenon Twv cupPEalOUEVKOY GTOYEWY TEOXEL-
uévou va tpofAepioly ol avtioTolyec AEEEIG-GTOYOL. Aghvouue TNV avoAuTixy e€fynor Tou
novtéhou yia Ty Evotnta 4.

2.3 TloAAamAég avanapacTdoels AECEWY

‘Evol yeydho m0c00Td TEOGHATWY EQYACLOV CYETIXG UE T1) CTUACLONOYLXY) OVOTOEAGTAOT
re€ewv Baoileton anoxAelotind oe poviéha 6mou xdde AEEN avtinpocnnedetol and €vo onucio
OTOV GNUACIONOYIXO YWeOo. ATO YAWCGCOMOYIXH GXOTId, T UOVTENX QUTE OEV PTOEOVY Vo
amod6couy e oxplBeta TNV Evvolal Uiog TOAVCTHUAVTNG AEENC, OBMNYWVTAS OF AVITUQUCTACELS
oL omoleg ouYYEoLY TIC BLapopETIXES €vvolég Toug. H mpoPAnuatixy @lorn 1wy yovtélwy tou
XPNOUWOTOLOUY UOVES OVATORAUOTACELS AEEEWY elvar Tpopavic oTa axdrouda 800 mapadelypota
omou yiveton ypnom 6U0 SLPORETIXDY EVVOLWY TNS AéENS python.

e ‘..students find coding in python a satisfying experience...’

e ‘.python uses its sharp, backward-curving teeth...’

Eb6), ol unovoolueveg évvoleg g AéEng python eivon tehelwe dlapopeTinég ota 800 Thaicla
ouugpalouévey (YAdooo mpoypauuatiopol, ¢idt). Ilpoxewwévou vo xataotolv ol dapopéc
auTtég duvatéc otny Enelepyacio Puoxol Adyou, meénel va AdBoupe unddn v Tohuonuio
OTOL HOVTENOL HOG XL VOL UETATEEPOUUE TIC HOVES aVATOROoTACELS AEEEWY OE TOAATAES. MTIC
EMOUEVEC EVOTNTEC CUYXEVTPWVOUUE TIC HEVHOOUC TTOU amodidouy TOAAATAES oVATOQUCTACELS
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avd AEET, ywellovtde tec o BVo eupeleg xatnyopieg: 1 TEHOTN xatnyopia mepthouBdvel Tic
MeOddous Xwpis EniPAepn ol omoleg dnutovpyody TOAMATAES AVATUpAOTACELS Ywelg TN Xehom
ONUACLOAOYIXOV AEEXDY TORWY, EVO 1) BeUTERN xoTnYopla cuunepthopfBdvel Tic Melddoug Me
EriBAeyn mou Bacilovtar o xdmola medTERN YVOON avapopxd UE TIC SLUPORETIXES EVVOLEC
TV MéEewmv.

2.3.1 Meédodol yweic EniBAedn

Ytadepoc TANY0G AVATAPACTACEWY Yid xAVe AEEM

O Reisinger and Mooney [2010] ¥tav ot tpdhTol Tou elotiyoryoy TOAATAES oVATApOC TUOELS
AeZewv. Baowlouevol otny undleon tng kataveunuévng évvoas twy Aéfewr, GUYREVTPWOOAY
ToTXd ouupealoueva Yo xdde AEEN evdlapépovTog Tor omolo avanopioTavTol we dlavioua-
TAL TTOU OYNUATIOTNXAY UE TN GUANOYT OTATIOTIXWY OTOLYElWY cuyvoTNTaC ot éva oTadepd
nopddupo Ylpw and autéc. Emerta egpdpuocay opadonoinor (clustering) ota npoxdntovia
Olvbouata, Ye o TARY0C TV OudB®Y Vo AMOTEAEL TN UOVUdXT| TUPAUETPO TOU UOVTENOU
Toug. Ta XEVTPOEIDY TV TEOXUTTOUGKHY OUddWY Yenoylomotdnxay yia vo dnuoupyniel éva
o0volo Blavuoudtwy yio xdie hEEn evliagépovtog (Uyhuoe 2.3).

Axohovddvrac Ty tpocéyylon tne opadonoinone, ot Huang et al. [2012] npdtevay éva
AVOUOEOUIXO VEURPMVIXG BIXTUO TIOU EVOWUATWVE TOCO TO XoJOAMXO OGO XL TO TOTUXO TAXCLO
TV SUPPEULOUEVKY MEEEWY TPOXEWEVOL Vo udlouy ToAlamha Slovhouato youning SldoTaong
yioo xdde AéEn. Kou mdht o mAdoc twv mbavdy evvoumy Tou avTiotolyoly ot xdde AEn
ouuninTel e to otadepd TAHYOC OuddwLY.

(cluster#1)
location
importance
... chose Zbigniew Brzezinski bombing
for the position of ... —
... thus the symbol s position (cluster#2)
on his clothing was ... post
... writes call options against appointme
the stock position ... nt, role, job
... offered a position with ... e
... a position he would hold
until?‘uis retirement in ... single i(ﬁtl::;ﬁr#s)
.. endanger their position as prototype f oo Y.
a cultural group... '
... on the (?hartpof the vessel s M
current position ... (cluster#4)
... hot in a position to help... lineman,
T tackle, role,
scorer
(collect contexts) (cluster) (similarity)

Yyfua 2.3: Emioxdnnon tne uetddou TOAATAGY avanopaoTAeEwy ovd AEEN OV YENOHIOTOLE
1 TEOGEYYLON ouaboToiNoNe CUUPEULOUEVELV.

‘Evo midoavotind mhaioto ewofydn apyodtepa and touc Tian et al. [2014] mou enéxtevay to
povtého Word2Vec péow tng aviinpoowneuons tne miavotntag plag cudgealopevng AéEng,
0edopévne TS AEENG EVOLIPEEOVTOC, WE EVaY TEMERAUOUEVO GUVOLAOUS OAWY TWY BUVITOY
OVAMUEAOCTACEWY TNG AEENG €VOLapELOVTOG.  XpNOWOTOLOVTIS oUTé To TAAlGLo, oyediocoy
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évav Expectation-Maximization ahyoprduo yia vo uddouy ToOAATAES avVaTapACTICELS, OTTOU
70 TA00¢ TwV EVVOLDY Tou amodibovTal ot xdie AEEN anoTelel pla TpoxadopLouévn ToRAUETEO
TOU GUOTAUATOG.

ITapd to yeyovég 6T tar povtéra ye otadepd mAlog TewmToTONWY avd AEEN amotéheoy
TG TPOTEC TPOOTAVEIES EVOWUATWONS TNG TOAUGUIOG OE LOVTEAN OTUACLOAOYLXMY AVATOQON-
CTUCEWY, Ol TO TEOCYATEG TPOCEYYIOEIC TapEyouy To euéhixteg AoelC oTo mEoPBAnua. H
euehi&lo Toug amodldeToL GTO YEYOVOC OTL TO TRAYUTXG TARYOC TV eVVolmY Yo TI¢ AEEelg
Sropépet avdhoyo: pe tov Padud tolvonuiuc toug (onuewdote Tl pepixée hEZelc €xouv uévo
Wi Evvola, YVWOoTES Xt (G LOVOOHUAVTES AEEELS), Xou TIC OAAAYES TTOU UPIOTOVTOL GTO YEOVO
%0 1 eZENEN Tne YAdooog Tpoxohel T Snuiovpyio VEwV evvoltdv (.y. AEEN python g
YADOO TPOYPOUATIONOD).

IMpocappooctind ITAA00c Avanapactdoceny yia xdde AEEN

Ou mo mpdoatee TEOCEYYIOES EMXEVTIPOVOVTOL XUPIE OE UEYLTEXTOVIXES VEURMVIXMY
BXTUMY TOL AWBXOTIOVY TIC TOAMATAEC Evvolee Twv MéZewv. Ou Neelakantan et al. [2014]
Baollbuevol GTIC TEONYOUUEVES TTROCEYYIOELS OPABOTIOMONS TWV CUUPEILOUEVKY, 0XONOLUT-
cav W online pyédodo expdinong skip-gram evvoloAOYIX®Y oVITUEACTACEWY AEEEWY, XAUTA
v omofo utohéylay eniong To TAYog TwV ouddwy. Me avtideon e Ti¢ TponyoluEVES TTRO-
oeYYIoElg, AUPOTERPOL ToL BIAVUCUO TeV GUUPEAULOUEVLY Xt xou TN AEENE EVOLapépovTog o
Yobvovtan Tautdypova, avti vo padalvovton oL Te®Te g Bépog EVOg Bruatog tpo-enedepyaoiag.
Apybrepa, éva duvopxd I'raouotavd poviéro skip-gram eiorydn and toug Chen et al. [2015]
eMTEENOVTAS TNV aviyveuan BlapopeTnol Thidoug ao¥rioewy yia xdde AEEN xortd T Sidpxeta
N exnaldevong. Xe auTy TN OovAEd, xdde AEEn mopioTdveTal W éva I'xaouoiavd petyua
avTE Lo SLUVUCUOTIXAC AVamapdo TNomgS, 6mou xde I'aovoiavd cTolyeio avtinpocwmnedel yio
évvolo Tne Aééne. Ye pa o mpdogatn epyooio, ot Amiri et al. [2016] éxavay yeron twv au-
TOUATOV X0doromtoy (autoencoders) yio va avtiototyicouy xdde hEEN oe avamapoo TACELS
avdhoya pe T oupPEalopevd Toug, eve ot Lee and Chen [2017], Guo et al. [2014] vionoinoay
EVVOLOAOYIXY) amoCaphvion AEEewy PETL TNS EVIOYUTIXNG uddnong.

‘Ohec oL mopandve pédodol Exavay yenorn Twv oLUPealouevwy yia xdde eu@dvion ulog
AEENC yowelic vo Angldel unddn n oyetnr oelpd Twv Aélewv oTo Topdiupo cuupealduevey. Ot
Zheng et al. [2017] Yedpnoay 6Tt auth 1 napdiewdrn utofoduiler Ty TOLOTNTA TWY TOAATAGY
AEELNOY XY AVOTIORC TAOEWY TOU TeoxVOTTOUY omd ped6doug Tou Bactlovtol oe ouddeS xaL
onuelwoay OTL 1) oeled TwV Aé€ewy Tou eugaviovton ota culpealoueva dladpauatilel xdmolo
eOAo TNV xatavonan e évvolag mou avtiotolyel ot AéEn evilagpépovtog. T vor ovtiue-
Twrioouy autd To {iTNua, yenoworoinoay éva Veupwvixo bixtuo, o onolo ovoudotnxe CSV
(Context-Specific Vector), xau mopfyaye avanapootdoelc hEewv xo oupgealopeveoy. H
TPOTEWVOUEVT] OPYLTEXTOVIXY| TOU VELPXOU BIXTUOU TEPINSUPBOVE €var GUVEAXTIXG ETinESO (con-
volutional layer) mou oyedido tnxe yio var Tapdryel Topoo THOELS GUUPEAULOUEVMV TOU OV TIXOTO-
ntptlouy T oelpd TwV oTotyelwy Toug. Ol TEOXVOTTOVCES AVATUPUC TACELS YENOHLOTOL XY
yior TN ONULovEYior TOANATAGY AVATIEAC TACEMY VLo xdle AEEN.

‘Evoc dhhoc oplouds tov ouugpaldpevwr ctolyeiwy meptypdgnxe and toug Liu et al.
[2015Db], ot ontolor avteTdmoay To GUUPEAlOPEVY we Evay Vepatind Touéa. Baolduevol otny
Tapatheno” 6Tl oL toAuchuavteg AéEelg ahhdlovy cUVATKC TOo VONUA TOUS OTAY GUVAVTHOVTOL
o€ OLPOPETIXES VEUATINES TTEQLOYES, YPNOHOTOINCAY TEYVIXES VeUaTiXAS LovTEAOTOINOTE TRO-
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XEWEVOUL Vol Hdouy TOMAATAES AVATAPAC TACELS YLt xdde AEEN. Luyxexpiuéva, o ahydprduog
Latent Dirichlet Allocation (LDA) egapubéotnxe oto yovtélo skip-gram mpoxeyévou va
eCoryOel ) xatavour| plag AENE mdve oe mbavég Yepatixéc neployés ev cUVEYELX YENOWOTOL-
HOmxe yioe Ty e€orywy Vepatindv avomopactdoewy hAZewy (topical embeddings). Xe pa mo
Tpoogaty epyocia, o LDA yenowonom{dnxe yio vo emdryer ta Bdpn xdde dépatoc. Tao Bden
oUTA yenotporolfunxay Yol Vo oploouy éva pelyuo SLvuoUdTwy Yo xdle AECH eVOLopEpo-
vtoc Tou poéPhene Tic avtioTowes ouvugpalouevee Aé€eic [Nguyen et al., 2017]. Emniéov,
ot Wu and Giles [2015] ypnowonoidvrac dpdpo eZoydueva and tn Wikipedia vrnédeoav 61t
oL eugavicelc Twv AEEewv Tou cUVUTEEYoLY oTo (Blo delpo avapépovial o pio Evvola NG
AEENG. LUYXEXPUEVA, OL EVVOLOAOYIXES AVUTUPOC TACELS TwV AEewv &y dnoay apold TemTa
ot oeMdeg e Wikipedia opadonofinxay pe Bdon 1o xadohxd xa to Tomixd mAalolo cuyu-
pealoUEVWY TwV AEEEWV EVOLUPEEOVTOC.

M mdavotind; mpooéyyion axohovdfidnxe éneito omd touc Li and Jurafsky [2015], ot
onolol Yewpnooy 6Tt plor AEEn Yo TEENEL VoL GUVBEETOL UE ULol VEX EVVOLA OTOY To GUUPEULOUEVS
TNG UTOONAWYOLY OTL BLUPEREL UPXETA amd TIC APy WES EVVoleg Tou NG €youv amodolel. H
unéleon auty| Toug 0dYynoe ot yerorn tng wedodou Chinese Restaurant Process, ye dom
v omnolo x&le eupdvion wag AMEnc avtiotoyel o évav mehdtn, eved xdle tpomélt (table)
avtioTtoyel oe pa évvolar e Aééng. Tmod autolc Ttoug dpoug, o véa epgavion AEEng Yo
unopoloe eite va xadioel oe éva xatethnuuévo tpanéll (mou éyet exyweniel oe wa uTdpyouca
évvolo. Tne héEng), elte va emié€er éva un xoatethnupévo tparéll yio vo xadioel (omdte TO
Tpaméll exywpeeiton oE pLar Véa évvota Tne hENG).

Téhog, o Guo et al. [2014] mpdtewvav éva Blopopetind Vewpentind mAaiclo yio var On-
HLOUPYHOOUY TOAATAEC EVVOLOMOYIXEC OVOTOQUC TACELS Yot xdde AEEY), YPNOWOTOLOVTAS EVal
avadpoutxd VEUPWVIXG BixTLo. AVTl Vol yYeNOWOTOcoUY TNV TANEOQORid TOU TEPIEYETOL OTA
oUUPEAlOUEVA TWV AEEEWY EVOLAPEPOVTOC WE EVOEET TV THAVOY EVVOLOY TOUS, YETOLWO-
nolnoav Siyhwocoug mopoug, LToYETOVTAG OTL Uiot AEEN PE TOAAATAES €vvoleg Umopel va €yel
OLUPOPETINY| UETAPEAOT| OE Wial GAAT YAWCOOL.

2.3.2 Mze9odou pe Enifiedn

Or pédodol ywpele eniBhedm mou €youv e€etaotel uéypl oTIYUnE EMYEROVY Vo ovaxolD(ouy
TNV TOAVOTUXY YUY TV AMEEEWY YESK TNG SNULOVEYIAS TOAATAMY AVOTUROC THCEWY A6 oXd-
TépYao TEC TANPOYOpiec GLUPEAlOUEVLY Tou eEdyovToL and peydha xelyeva. Ot o tpdogateg
TEYVIXES IO ETLTUYYAvouy state-of-the-art emdooeic Bacilovtu oe emBAenoueves pedosoue.
TCevixd, autée o mpooeyyioelc ypnowonowty wa ehhny| Bdon dedopévov (knowledge base)
pall e €va eydho GUVOLO XEWEVKVY Xal TEOCTo0Y VoL YENCOTOooLY T1 Bdon auTh ©¢
TEOTERN YVWOT 010 TEOPBANua. O eupltepa SLadedouévog xatdhoyog mou TepLAoUPdveL Ev-
volohoYxY| Thnpogopla AEEEwY xal Yenowonoleltar »g Bondntxr yvoon yio tnv eCoywymn
TOAMATAGY avarnopac tdoewy etvar to WordNet. To ouctactind, ta pruwata, to entdeto xon to
ETUEETLATA OUUBOTOLOUYTOL GE GUVORL YVWO TIXWY GUVWYVUUKY TOU 0voudlovTol synsets, GTou
10 xoéva expedlet o Eeywpto T évvola 6Twe teptypdpeton and toug Miller et al. [1990].

Ot Chen et al. [2014] ypnowonoinoay touc oplopolc Tou Topéyovton yia xdde AéEn and
0 WordNet npoxelpévou vo Snutoupyioouy BlaVUOUATIXES AVATUPAC TACELS VLol xQUE pio amd
TIC €VVOLEC TNG. XENOWOTOLOVTOS QUTES TIC OVOTUPAO TACELS WG 0Py XES eEXTiuNoElS Yoll ue
HOVES avamapao TAoELS Yia xdde AEET), Snuioteynooy mo oxeUBElc EVVOLOAOYIXES BLOVUOUATIXES
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avamapao tdoelg AEewv xdvovtag yefon olyoplduwy anocagphvione Aéewv (word sense dis-
ambiguation algorithm). I'vwpeilovtag tic anocognvicpéves MéEele, Tpononoinoay To Hovtéro
skip-gram TpOXeWEVOU Vo EXTUOEUCOLY BLOVUCUATIXES VOTORIC TUOELS AEEEMY XOL EVVOLMY.
Apyébrepa, ou Tacobacci et al. [2015] yenowonoinoav tn Bdorn BabelNet n onolo anotelet
wot eumhouTiouévr Bdon dedouévev tne WordNet. Xpnowonowdviag tn yveorn tng Bdong
auThg, eERyoryay Eva ETIOTUEIWUEVO GUVORO XEWévmy (annotated corpus), yenoYLOTOUOVTOC
evay alyoprduo amocagivions Aé&ewv. Ot eVVOLOAOYIXES BLOVUCUATIXES AVATUPAUO TAOELS TWV
AeEewv e&nydnoay Yéow Tng exnaidevong Tou poviéhou skip-gram mdve) 0To ETMOTUELWUEVO
GUVOAO XEWWEVWV.

M dhAn mpocéyyion Baclouévn oe mpodTepn YVOOoN TV TavdY EVWOLOY Ulog AEENG
oy omd toug Rothe and Schiitze [2015] ot omolot Yedpnoav 6Tt oL BloavuopoTiéS avomo-
PO TAOELC TV AEEEMVY TEOXVTTOLY KOS AYPOLOUA TWV AVATUPAC TAGEWY TOU AVTIG TOLYOLY OTIC
he€uixéc povadeg twv synsets Toug. H vhomoinomn tne moapamdve dewpnuixfc urnddeong emi-
TUYYAvETOL UE YENON AAYEBEIXWY TEAEEWY OVIUETH GTIC BLUVUOUOTIXES OVOTUPAUO TAOELS TWV
VIO TOLY WY MEEEMY.  LUYXEXQWEVD, OVOTOPAUOTIOELS Ol oTolec elyav mpoexnaudeutel (pre-
trained embeddings) enextddnxay €tol Mote vo avanapaotioouy lexemes xou synsets, 6mne
autd opilovtar otn Bdon WordNet. Ilpbogata, ot Pilehvar and Collier [2016] anocagprvicay
TEOEXTIOUBEUUEVES BLAVUCUATIXES OVOTORAUC TAOE AéEewy yenotonowwvtag entone tn Word-
Net. 'Enctta and T 6OVOEST] AUTOV TWV TREO-EXTUOEUPEVV AVATURAC TAGEWY 6TN Bdom auT,
eZhyayav évay xatdhoyo onuactohoyixd biased Aé&ewv we mpog TNV ToAucHuovTn AEEN eVOLo-
pépovtoc. Aaufdvovtag unddn Tig avanapac tdoelg TOc0 Twv biased Aé€ewv 660 xan Tng AéENg
EVOLUPEROVTOC, EENY YAy Lol AVOToRdo TaaT Tou avTioTolylovtay oe uio cuyXeEXEWEVn Evvola
e AéEng evdlagpépovtog avalntwvtag To biased didvuoua mou elye TNV eAdylO TN ambOOTAON
amo oUTH.

2.4 MeTaoYNUATICUOL CNUACSIOAOYIXWDYV Y OEWY

‘Onwg avapépinne TponyouPEVELS, OL AEYITEXTOVIXESG TTIOU YEYCUUTOTOLOUY VEURWVIXI BIXTUA,
onwg To Word2Vec, €youv yivel Toh) dnuogihelc, xodng €yel anoderydel ot unepEyouv EvavTl
TV Topadoatoxdv uedodwy tou Poacilovton ot petprioeic. IToAlol anodidouv autr Ty ume-
poxY) otn guowt| e€fynon otny onolo PactleTon 1 ¥pNon TWV VELPWVIX®OY SIXTL®Y, 1| oTola
0EV CLVAVTATOL OTIC UEVOBOUC IOV YENOWOTOLOUY UXATEQYUC TA YOQUXTNELO TIXA GUVEUQAVIONS
Ae€ewv. 'Evo and ta xbplar yopoxtnetoTixd twv Kataveunuévoy Ynuoactohoyxdyy Movtéhwy
nou Booilovtan oe yedodoug mpoliedng elvar 6Tl BNULOUEYOUY GNUACIOAOYIXOUE Y(EOUS TOU
dev elvon evduypouplouévol kg Tpog éva oTadepd GUCTNUA CUVTETUYUEVKY, ECoUTlaC TN UN
VIETEQUIVIO TN PUOTC TOUG. LUYXEXPUEVD, auTO onualvel 6Tt av Tpé€oule Tov (Blo olyopLld-
1o 600 opég Yo To (Blo GOVORO BEBOUEVWY, UTHPYEL UEYSAN ToVOTNTA OL ONUAGIONOYLXOL
YWEOL TOU TEOXVTTOUV VoL £)0UV BLapopETIXT Xardohxn) YEwUeTeixr| dour|. T'a to Adyo autd,
T0 TEOBANUO TOU UETACY NUATIOUOY AVIUESH O CNUACLOAOYIXOUE YWEOUS EYEL TPOGEAXVGEL TO
EVOLAPEQOY TNG ETUC TNUOVIXNC XOWOTNTAC, XS EMTEETEL T1) CUYXQICT] AVAUECH OE XOTAUVE-
UNUEVES avamapao TAoelS AéEewy Tou €youv e€ay Vel and SapopeTnd cOVOha BEBOUEVHV.

H mo dnuo@uAAc EQuoUOYT| TWV PETACYNUATIOUDY OVIUESH OE CNUACIONOYIX0UEC Y WEOUS
elvon 1 unyovixy| UETdppaoT, otdyog Tng onolag elvor Vo auToloTonolfoel T Sladixacta dn-
wovpylag Yeydhwy Aedav Zexwvovtog and Alya diylwooo dedopéva.  Ou Mikolov et al.
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[2013a] rjroy oL TEWTOL oL ELETYAYOY TETOLOUS OUAGIOAOYIXOUS UETACY NUATIOLOUS TEOXEL-
pévou vor TeofBAédouy T HETOPEAOELS UETAE) oy YAX®Y o toTovixwy Aé€ewv. Metd tnv
EXUAINCT TWV BLOVUCUATIXODY AVOTORC TACEWY YLl TIC AEEEIC ot TwV BU0 YAWCCWY Yenoylo-
Todvtag To poviého Word2Vec, mpdtevary Wior yeouuixy) avTio tolyion UETaE) Twy 800 Yhpwv
TIOU OVTITPOCWTEVOUY TOUS OTUACLOAOYIXOUE YMEOUS TWV YAWOCKY. XT0 euiuyQoUULOUEVO
oUCTNUO CUVTETAYUEVOY 1) OO T UETAPEICT|, (Log AEENG avaéveTon var PeloxeTton xovid o€
ouUTY TN AEEM.

ot o2 Qcuatro (four)
O four

M 01 Ouno (one]

05| o . . N
C ocinco (five)
ofive oone N (five)

o 4

s 2 Otres (three)

0.1 0.3

Othree
015 0.4
-0.2| 0.5
Chwe Cdos (two)
@ 0.1 o o o2 03 04 os s or r"-'ﬁ.‘ o 02 04 08 [=1:] 1 12
2 08
o

ors horse 0 o caballo (horse)

o 03 Ovaca (cow)
oos O cow oz pergp (dog)

0 O pig © dog o
o o O cerdo (pig)
-01 0.1
0.5 0.2

0.2 0.3
03F o cat -04p O gato (cat)

0.5 .

03 025 -02 045 -D1 -005 D ©0OS O 015 TIDS <04 <05 02 -0 0 01 02 03 04 08

Yyfuo 2.4: TIpoPokéc TV BLAVUOUATIXDV AVATAPAOTICENDY TwV AEEEWY Tou avTicTotyovTon
oe oprduole xou Loa, ota ayyhxd (opotepd) xar ta tomavixd (8e€Ld) YpnolomoLmvTaS To
Principal Component Analysis [Mikolov et al., 2013a].

‘Onwe onueiwoay, To Baoixd Toug xvteo ATay 6Tl OAEC OL YAWOGCES EYOLY TUPOUOLYL YEW-
HETEWE Yoo TNELO TiXAL, XIS LoledlovTon TIC EVVOLES TTOU UTIERYOUV GTOV TRYUTIXG XOGUO.
Ot emdueveg epyasiec Tou aPopoloUY T1) UNYAVIXT) UETAPEAUOT) ETIXEVTEOUNXOY OTIC WBLOTNTES
Tou mivaxa yetaoynuotiopol [Xing et al., 2015], xodde xan otic WLHTNTES TV ametxovildue-
VY BLOVUGUATIXY OVATOpAo THoE®Y. Luyxexptuéva, ot Dinu and Baroni [2014] €deiav 6t 1
Teploy Y] TWY XOVTWVOTEPWY YEITOVWY (nearest neighbors) twv aneovilbuevewy avanapac tdoe-
oV elvon TOAD “pohuouévn” and ta Aeyouevo hubs, Tou aVTIOTOLYOUY GE BLVOCUATA To OTola
Telvouy va lvon BNUOPLAEC XOVTIVOTEROL YEITOVES TOAAWY GAAGY BLUVUCHUATOV.

Mot GAAT €QUpUOYT) TOU UETUCYNUATIOUO) OVAUESH OF OTNUACLOAOYIXOUE YWEOUSG UEAE-
™Onxe apydrepa and toug Tan et al. [2015], o onoiot tpoondincay va diepeuvicouy Tic
OTNUUCLONOYIXES OLUPOREC AECEWY UETOEY TWV OVETIONUWY Ay YAXOV TOU YENOLLOTOL0UVTOL
ota péoo xovwvixic dixtinone (Twitter corpus) xou ta enionuo ayyhxd mou epgavilovron
o€ xahwe opyavouéva xelueva (Wikipedia corpus). Hpoxewévou va euvduypoppo tody ot 500
onuactohoyxol yweot, utédecay OTL UTEEYEL Yol ATEXOVIOT] HETOED TV TO CUVHHOUEVWY
AEEewV TV B0 YWewv. MeTtd TNy aneixovion Twv 800 YAWCSOWY G €Vay XOWO YMOEO, Yen-
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OLOTOIMOOY ULdl OUOAOTIOINGT| TWY ATOGTACENY TwV AEEEWV e Bdon Tn cUYVOTNTO EUPAVIOTS
TOUC OTA AvVTIOTOLY A COrpora Xl TEAMXE YENOWOToNoay aUTES TG ATOCTACELS Yial Vo Bpouv
Aé&eic Twv omolwv 1 Yeron dlagopornoteitoan auotnTd avdusoa ota Vo corpora.

H onuoctohoyr) eZEMEN Tne €vvolag Twv A&ewv umopel vo Uil oe ueyding xAluo-
X0lC COrpora oL avapépovtal ot DLaPopeTXéS Ypovixée Teptbdouc. O Hamilton et al. [2016]
onuovpynoay dloypovixd embeddings, xataoxeudlovtog apyixd embeddings yia xdde ypo-
vixt] meplodo.  X1n cuvéyela podafvovToag SLoyXols YEOUUXOUS TERLOTEOPXOVSG TVIXES
OTEXOVIGOY TOUC SLUVUGHATIXOUS YWpoug Tou avTioTotyiloviay ot Slaboyixéc Lo TopxéS Te-
ELOBOUG €TOL (HOTE VoL oV VEOGOUV TN ONUACLONOY XY EEENEN TwV AEEEWY OTO TERAGUO TWY
xeovwyv. H oyetind uhni didotaon twy doypovixédv embeddings (20, 30, 200 ...) amotelel
TEOXANCT xS cLVHlLS Ta Slaviouata dev Peloxovial oTic 2 1) 3 BlHOTACELC TOL UToEOVY
g0x0Aa Vo gpunveuToly and Tov dvipwro. T Tov Adyo autd, mpaypatomololvTaL GLVATLS
TEYVIXEC PEIWOTNC OLOC TAGEWY, TROXEWEVOU VoL ATEWOVIGTEL 1) TEOYLE Tou axolovdel wiar AEEn
UE TNV Tdeod0 TOU YEAVOU GE Evay YWEo 2 BLIC TUCEMY.

To Yyfua 2.5 anewovilel napadelyyota Tpoylwy Tou avtioToly(Covion 6T YeoviXy onua-
otohoyt| eCENEN AE€ewv. Luyxplvovtoag 11 oxeTxr) VEoT TV AEEEMY PE TOUC TPOCWEWVOUC
TANCLEGTEPOUS YEITOVES TOUC UTOPOUUE Va TaEaxOhOLI|COUUE EVOLUPEPOVCES CNUATLOAOYLXES
UETATOTIOELS TOU VOHUATOS TwV AEEEWY, oL ontoleg Yo umopoloay eNioNg Vo avTovoxholy Tnv
TohTlopxr) Toug e€éMEn. Ta mopdderypa, n AéEN “gay” UETATOTIOTNXE omd TO Vo oruaivel
“yapotuevos” 1 “elipaucToc” oTo Vo avapépeTal GTNV opo@UAOPUALa. 2TIC dpyéc Tou 200U
ouwvor 1) AéEn “broadcast” avagepdtay ot “onopd”, kO T6C0, UE TNV AvoB0 TNG TNAEOEACTG
X0l TOU pOBLOPAOYOU 1) oNuacia TNG UETATOTUG TNXE 0To Vo onuadvel “ofua yetddoone”. H Aén
“awful” petatoniotnxe and To vonua “yeudtog 6€0¢” 6TO VONUA “TEOUEROS” OTWE AVUPERETAL
otouc Hamilton et al. [2016].

ay (1900s; b
a S c awful (1850s)
broadcast (1850s)
1950:
gay (1950s) broadcast (1900s)
awful (1900s)
gay (1990s) T~ awful (1990s)
broadcast (1990s)

Eyfuo 2.5: AloBLECTATY AMEXOVIOT) TNG ONUACLOAOYIXAC GANXYAC TELOV oY YAXDV AEEEWY.

Ipbogata or Prokhorov et al. [2017] e@dppocay petaoyuatiopols aviuecsa O ONUICLO-
hoYW00g YOEOUS OE plol TROOTAYELd EUTAOUTIONOV EVOC UTHPYOVTOS AEELAOYIOU UE OTAVIES
Aé€eic. Autd mou elvon TOAD eVOLopEpoY GTNY TEOCEYYLoN Toug elval OTL oL TANEopopleg Tou
TEOEEYOVTOL OO GUAROYES XEWEVGLY Vot UTOpoLGAY VoL YeNoULoTotdoly Yl vor GUUTANEwI00Y
Ta EMAEITOVTA TUAUAT TWV Y VWO XY Bdocwy, xat avtiotpoga. Ilpoxeiuévou va nethyouv o
TUEATAV®, SNULOVEYNOUY ULa ATEXOVICT) UETOEY EVOC XATAVEUNUEVOL GNUACLOAOYLXOU Y(EOU
xou g Ae&ixic ovToAoYIaG YENOoHIOTOIOVTAS oNuacioloyikés yépupes (semantic bridges)
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HOVOCHUOVTLY AEEEWY.

Meé9o60oL Anewxodviong

Y10 ornuelo auTto TapatéToude TN Baoxr opohoyia oL amorTELTAL Yiol Var ey OOVUE TIC TLO
ONUOPLAEIC UEVOBOUG UETACYNUATIOUWY OVIUESH OE CTUACLOAOYLXOUE YWEOUS TOU oVOpEQO-
vtow ot Bihoypagio. Apyixd, Yewpolue 6Tt ol Tivoxeg X xon Y TEPLEYOUV TIC BLOVUCUATIXES
AVATOPUO TAoELS TV MEewV oTN Yhdooo mpoéheuong (source language) xou otn yAwooo
Tpooptopot (target language), avtiotowyo. H i-ooth otihn tou nivaxa X mepiéyel tnv xomo-
vepunuévn avamepdotaon Tou daviouatoc ; € RY e MEng i otov yopo mpoéheuonc, eV
yi € RY eivon 1 10080voun xotavepnuévn avamapdotaon Tne hENC GTov YGHRo TEooploUoU.

R4 6 onoloc anewxovilel

Ytoyog pag sivon vo Bpolue évav mivaxa yetacynuatiopob W e
N YAWOGO TEOEAEVOTC OTN YAOOGA TRoopiouol, €tol Kote o WX va elvoan 660 t0 duvatody
mo xovtd atov Y. ‘Onwg teptypdpeton and toug Artetxe et al. [2018], awtde o mivaxag peto-
oynuotiopol Yo unopovoe va uTohoYto el péow yeouuxic tapepBorfc (Linear), xovovixdv

ued6dwv (Canonical Correlation Analysis) 1 opBoydwiwy (Orthogonal) puedodmv.

e O T'pappixée pédodol yenorporotdnxay and touc Mikolov et al. [2013a] ov onoiot
UTIOAOYLOOY L0 YRUUUIXT| OTEWOVICT), ATOTEADVTAS TNV Tp@ Ty Tpoondleta suduypdu-
HLONG ONUICIONOYIXWDV YORPWY UE EQPURUOYY OTNY UNYAVIXT HETAPEACT]. LUYXEXQUUEVA,
xenotponoinooy tn cuVdpTNoN anwAelas ehayioTwy TeTpayvwy (least square objective
function), n onola ehoytotonoel 1o dpotoua Twv TETPAYWGVLVY TV BEuxieldewwy ano-
OTUCEWY OVIUECO OTIG OLUVUOUATIXES UVOTUPOC THOELS UETAPEAUCUEVWY (EUYWY AEEEwY
TOU aV1xoUV GE BU0 YAWGCOES EVOLAPEQOVTOS, Ywpelc Vo EMBAAAEL XATOLOV TEPLOPIGUO
otov Tivoxo petaoynuotiopol. Autd to medBinua (Yvewotd xoa we Ordinary Least
Squares) €yetl por Aoon xhelo e poperic 6Twe LTodeVUETL oty eiowon 2.3.

W =argmin ||[WX - Y|r = (X'X)" !XV (2.3)
w

Abya ypovio apydtepa, ow Dinu and Baroni [2014] evowudtwoay évay L2-regularization

6pO TNV ToPATAVG EEICWOT.

e O OpBoydvieg pédodol Tpotddnxay apyixd and toug Xing et al. [2015] ot omoiot
TOEATARNONY OTL TOCO Tol SLVUCUOTA TOU YWOEOU TEOEAELOTC OGO ol Tol SlayUoUoTa
TOU YOEOL TROOPIGUOV TEETEL VoL ToRoHEVOUY 0p0YOVIO X0Td TN PdoT exUdInone Tou
ivoxor PeTooynuatiopol. Ynueinoay eniong 61t 1 xavovixonoinon (normalization) etvou
€V %plOWO YOEUXTNEIC TIXO TIOU TEETEL VAL BLATNEOVLY OL EVYUYPUUULOUEVES DLUYUOUOTL-
x€¢ avanapao tdoels, xowe egacpolilel 6Tl To eowTepixd Yvdpevo (dot product) dVo
Blovuopdtwy avtiotolyel otny ouotétnTe cuvnuttévou (cosine similarity) toug, n omofa
ATOTEAEL TNV O EUPEWS YENOHLOTOLOVUEVY] UETELXY) CTUACLOAOYIXTG OUOLOTNTAG AVE-
oo oe embeddings. 'l To AOY0 auTd, 1) AMEXOVION TOU YWEOL TROEAEUCTC GTOV YWEO
TEOO0ELOUO0 AouBAveTan UEow TG ETALOTC TOL Topaxdtw TeoBAfuatoc BeATio ToToinong
TIOU EVOWUATOVEL Evay TEptoploud otov mtivaxa W onwe neptypdgetar otny EZlowon 2.4,

W =argmin |[WX - Y||p, st. WWT =1 (2.4)
w
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And podnuatixr) oxomd, To mopamdve TeOBANua elvor Yvwotd wg to Orthogonal
Procrustes Problem xau €yel plo Abom xhewothc popgric. O BéATiotog mivaxag yetaoyn-
patiopol Wavaxtdtar and to UVT, omou ot U xau V' amoxtdvTon Y€cw tng Teyvixhc
Singular Value Dicomposition (ion ye (UXVT) ) tou YX7T . T pio hentopepéotepn
AVUCKOTNGCT| TOU TEOPAAUATOS TORATEUTOUUE TOV AVAY VOO TN 0T UEAETN Tou Schone-
mann [1966].

Ou Canonical pédodol and tnv Gk mAcupd, urtohoyilouv TpdTa 500 BlaXELTES Yoo~
uxée amewovioewg My xou Ma, 6mou o 6téy0¢ elvan 1) UEYIOTOTOINGT TNG CUOYETIONG
peTol TV Slao Tdoewy Twv 600 Teofurlouévwy Tvdxwy M1 X xou MoY . Metd tov u-
TOAOYLOUO TwV BU0 UEATACY NUATIOUOY, 0 Tivoxag uetaoynuatiopol W avaxtdtar uéco
wog amhng ahyeBeinic Swadixactog 6mwe onuewveton oty e€lowon 2.4. O Faruqui
and Dyer [2014] ¥tav ot Tp@ToL Tou yenoononooy Ty avdAuon auth, YVwo T xot og
Canonical Correlation Analysis, yio vo anexovicouy 600 GNUAGLOAOYIXOUS YWEOUS GE
€vay xowo Slovuopotixd yweo. H pédodoc auth) odnyel o mapduoLo anoTeAECUITA UE
TNV 0pY0YOVLO ATELXOVLO).

W = Ml_lMQ, where My, My = argmax cov(M X, MyY) (2.5)
My, Mo



Kegpdiowo 3
YTnoBadpo

Y1ig emdueveg umoevoTnTeS €ENYOUUE TOuS Baoxols ahyoplduous Tou yeNnoLLoTolUVToL
oo TOL LOVTEAN IOV TPOTEVOUUE GE QUTY T1) OLTAWUATIX EPYOCIA. LUYKEXQIIEVOL, OVIAVOUUE:
0 povtého Word2Vec, tov ahybprduo Latent Dirichlet Allocation (LDA) xou tnyv tepopyixy
uédodo ouadomnoinong dedouévwy (hierarchical clustering).

3.1 Movtéro Word2Vec

To povtého Word2Vec eoriydn and touc Mikolov et al. [2013b] xau anotehel évay ond
TOUC TIO EUREWCS YPNOULOTOLOVUEVOUS 0AYOoRlHoUS Yiar TN Onuiovpyia SLUVUCUOTIXWY AVOTa-
pacTdoEwY AEEEwY LPNAAC TodTNToC, oL ontoleg ebval YVwotég we embeddings. EZetdlovtac
T0 povtého and ula yevixy) oxomid, to Word2Vec malpver w¢ elcodo €va ahvoho xEWEVKY,
YPNOWOTOLEL Tal GTUTIO TG YOPAXTNEIO TIXE TNG E166B0L Xou evowpatdvel (embed) xdde hé€n
OE €VOIY BLIVUOUATIXG YWEO UE TETOLO TPOTO HOTE VoL UTOEOLY VoL oy Yoly ONUAVTIXES G-
CLOAOYWES OYEaElC PETAEY TOUG, UECHL AMAWY UadNUATIX®Y TRAEEWY AVAUESH GTA SLoVOOUAT,
TIOL TOUC €YUV aVTIOTOLYOTEL. AV xou oL Tuxvéc (dense) avamapao TEoES TOL ToPdYEL AUTO
TO UOVTENO OLY VA YenotwonotolvToL we x0ptog Tuphvas cuotnudtwy Badide Mddnone (Deep
Learing) otnv EneZepyaocia Puowrc Ihdoooc, to Word2Vec evidooeton otny xatnyopia twy
ENYOY VEUpLVIXWY dxTOwV (shallow neural networks) xadde anoteheiton and uohic Eva xpu-
@6 eninedo. Q¢ amotéheoya, 1 anAr auty) dour xoiotd To Word2vVec éva oAl amodotixd
HOVTENO amd UTOAOYIC TIXAC ATOPEWC.

Ye autd To onuelo, oplloupe wa TEOTUTY TEOTUCT, oL Vo YENOWEVDOEL WS TO ELCUYVEY
COIPUS YA YLl VoL TERLYpdhouue Toug 500 alyderiuous Tou unopolyv va yenoylonotndoly and
to Word2Vec yia va uddouye SLovuouatixés avamapaotdoels AéEewy: To povtého Continuous
Bag of Words xou to povtého Skip-gram. Ac dewpricouue Aoindv ott 1o eloayJév corpus pag
amoteheltan amd TNy mpodTaon D:

D = {former president Obama speaks to the media in Washington about terrorism}

ITpoxeyévou vor eXTUBEVCOVUE TO VEUPWVIXG oG BixTuo, Vo TEENEL TEWTA Vo eE8yaYOUUE
éva he&uixd (vocabulary) amoteholpevo and MéEelc yia Tig onoleg VéAOUUE va Snulovpyicoupe
OLOVUOUATIXES OVOTORUOTIOELS. LTNY TERINTwoT] Yag 1o hedixd opiletar wg eEhc:

V = {former, president, Obama, speaks, to, the, media, in, Washington, about, terrorism}

39
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Me Bdon autd t0 Ae&ixd dNpLovpyYole LoIMUATIXES AVATUEAC TACELS AEEEWY, TROXEWEVOU
VO TIC TPOPOBOTHOOUNE GTO ETUTEDO EL0OO0L TOL VELUEWOD Wog duxtdou. [N o Aéyo auto,
xataoxeudloupe Yoo xdde AEEN uior one-hot avamopdotacy, 1 omolo avtioTolyel o éva apond
ddvuopa e péyedog (oo ue 1o mhidog twv otoyelwy tou helixol (|V]). H avoamopdotoon
aUTH €YEL UNOEVIXE O TOLYElD OE OAEC TIG CUVTETAYUEVES TNE EXTOC Amd €val G TOLYElD TO OTolo
tideton (0o pe TN Yovdda xou TomoleTeiton 0N cuVTETHYUEVT Exelvr Tou avTixaTonTellEL TN
oyt Véon tne AéEng oto oUVOAO Tou Aeixol. Y10 mopddelyud pog, ot one-hot avamopa-
o TdoE; TwV AéCewy elvar ot e€hc:

[1, 0, 0, 0, 0, 0, 0, O, 0, 0, 0] = former
[0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0] = president
[0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0] = Obama
[0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0] = speaks
[0,0,0,0,1,0,0,0, 0,0, 0] = to

[0, 0,0,0,0,1,0,0,0,0, 0] = the

[0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0] = media
[0, 0, 0, 0, 0,0, 0, 1, 0, 0, 0] = in

[0, 0, 0, 0,0, 0, 0, 0, 1, 0, 0] = Washington
[0, 0,0,0,0,0,0,0,0, 1, 0] = about

[0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1] = terrorism

3.1.1 To poviéro Continuous Bag of Words

To yovtého Continuous Bag of Words (CBOW) npofiénet pior AéEn eviiagpépovtog Yern-
owomnoldvTag TG ouppealopeves hé€eic mou Peioxovtan ot éva otadepd mopddupo (context
window) yOpw anéd auth. H Bacwr 1déa tou akyopiduou tnydlel and ty vnddeon tns kata-
veunérng évvoias twy Aééewr, xaog npootadel va Bpel oTtotyela yior T onuocia Tng AEENg
XOLTOVTAC TO CUUPEACOUEVA TNG UE OXOTO Vo UGUEL Lol TUX VY| BLLVUCHOTIXNT oVOTARdo TAOT)
me. Ln ouvéyeta axohovdolue v opoloyia xou o olufola Tou yenowonotel o Rong [2014]
ot hentopepn| avaoxoénnorn tou Word2Vec. H dour| tou poviéhov CBOW napoucidleton oto
Eyfuo 3.1.

To povtého CBOW tou mopoxdte oyfuatoc Aopfdvel we elcodo C' one-hot davioyara,
6mou to xodéva amd autd Eyet Sidotaon |V, xau o omolo avtio oL oly oTic cuppealOUEVES
OVATOEAC TAGELS TNE exdoTOTE AEENg evbtagépovtog. To mhflog twv yertovinwmy Aé&ewy Tou
TeéneL Vo Anpioly unddn aroterel oyedlacTiny andgouon nou xadoplleton and Tov ONUoLEYO
TOU VELPWVIXOU BIxTOoL. 3T0 TpKOTO oTddlo, ToAlamhactdlovue xdde one-hot Sdvuoua ue

tov mivaxa W e RV*N

, 0 oTolog AVTITEOCKWTEVEL TOV Tivoxa Boptdv avdueca 6To eninedo
€16600u xat T0 TEWTo Xpud eninedo (hidden layer). Ynuewdote eniong 6t 1 ddotoon Tou
%ELPOL ETUTEGOL £lvol TOAD UXEOTERT) AT QUTY| TWV OLAVUCUATWY ELCOBOU XAl CUUTITTEL UE T1)
0o Toon TwV Topayouevwy embeddings. Acdouévou 6TL Ta Blaviouata e.06d60u elvon one-hot
AWOXOTOLACELS, TUPATNEOVUE OTL 1) TEAYMATIXT) AELTOVpY(a TOU ETUTESOUL ELGOBOL Yiot TN k-00TH
ouupealopevn AEEN etvor 1 Tpowinon tng k-00TAC YeaUUnc Tou Tivoxa Bapy 6To Xpu@o &-
minedo. XN cuvEyeld, Ta BltVOoUOTO TOU CUVOEOVTOL UE Qe Uior amd TS UUPEUCOUEVES
AéZeig mpootiievton 6To xpud didvuoya (hidden vector). Enetta, 1o xpupd Sidvucuo tohho-



3.1 Movtéio Word2Vec 41

=000

[CleXeke]|

X o

= 000] | o]

= O

©

CxV-dim
YyAua 3.1: To Continuous Bag of Word povtéro énwe napoucidleton and tov Rong [2014].

mhaotdleton pe Tov ivoxa Papdy W e RV*V oy avtitpocwnedel T petédPucn omd o xpuepd
eninedo mpog To eninedo e€odou xaL TEAXA TepVa and Tn soft-max cuvdptnon npoxeévou va
umohoytotel To eninedo €€660u Tou dixtbou. H mpdfiedmn tng AéEng evdlagpépovtog mporyoto-
motelton cuyxpivovtoag T Véon otny onola epgavileton N UEyioTn TYY Tou Blavbouatog e€660U
pe tnv one-hot xwdixonoinon tou Ae&ixol otny elcodo tou dixthou. Katd tn Sidpxela tng
EXTUOEVONE TOU VEUPWVIXOL Pog dxTOou, Yenotwonotolue TN owoth é2odo (AEEN evdiapépo-
VTOG) €T0L HOTE VoL UTONOYIoOUPE TO o@dhpa TNS TEOBAePc Hog xou Vo To SLdOOLUE TpOg
Ta Tow EVNUEPMVOVTAS Toug Tivaxes Bdpmv péypl vo ixavorondel €vo xpithplo TEpUATIONOD.

Yuveyllovtoag Pe TNV TEONYOUUEYY TROTUTY TEOTAUOT), Blvoupe €val apliunTixd TapddetyUa
e TeoPAedng €€6dou. Ag unodécouue 6Tl Yéhoupue va mpoPrédoupe tn AéEn Washington,
hofdvovtoc unodn Tic cuppealoueveg Aéelc media, in, about xou terrorism. Owpehote OTL
o mivaxog Bapy Tou GLVBEEL To ETUNEDO ElGOBOL TNg AEENE eVOLapépovTog media UE TO XpUYPo

eninedo, 1olToL ye:

0.1 0.0 0.1
0.0 03 0.7
0.9 01 0.6
0.3 0.3 0.6
W 0.2 0.6 09
0.2 03 0.7
0.8 09 0.1
0.1 0.3 0.5
0.1 0.7 0.1
0.5 05 0.1

H oxwoopévn oepd avtiotolyel otny muxvy) avomapdotaon tne AéEne media 1 omolo Emeita
npowdeiton 6T0 xpUPS eminedo €tol wote vo adpototel pall UE TIC TUXVES AVATOQUCTAGELS
WY MV cugealduevwy Aéewy (Tou evidocovtal 6To Topdiupo cuupealoueveLY). X
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CLUVEYEL, UTOVETOUNE OTL Ol YPoupES Tou Tivoxa Bapcdy TN €l0600U, TOU AVTIOTOL 00V OE
vertovuég Aé&elg, adpollovtan 6To xpuPd Bidvuou:

h— [0.4 0.7 0.6],

70 omolo oTN CLUVEYELN PETATEENETAL OE Evar SLdvuoua V' BlacTAGEWY 0TO GTpMU E£600V, GTO
omolo epapudleton 1 soft-max cuvdptnon:

y:[0.0l 0.08 0.10 0.07v 0.13 0.10 0.09 0.09 0.07 0.11].

H npofhendpevn MEn oo mopdderyud pag avtiototyel otn AéEn 5 tou Ae€hoyiou pog (Aé€n
to).

3.1.2 To poviéro Skip-gram

To povtého Skip-gram Baocileton otnv avtidetn Aoy and to yoviého CBOW. Yxomdg
Tou elvon va tpoPBAédel Tic ouuppaldueveg Aéelc ot omoleg Bpioxovton ot éva otatepd mapdiupo
YUpw amd war AEEN evBlapépovTog, 6Tay 1) TEAeuTalor AEEN elvo 1) ubVN ToE Y OUEVT TANEOYOR(L.
‘Onwg xou 10 yoviého CBOW, evidooeton otny xatnyoplo TwV pny®y VEUROVIX®Y BIXTUMY
ue €va xpu@od eninedo Omwe omewovileton oto Xyfua 3.2. H elooddc tou eivon 1 one-hot
BlovuoUATIXT avamopdoToon TNg AEEng evilagépovtog, 1 onola Teowdel TNy avtioTtolyn TuxvY
AVOTOEACTAOT) TTOL BIVETAL GTOV Tivoxd BaptV NS ELGOB0U GTO XPUPO BLAVUCUA.

Qutput layer

== 000]

€ Vi,

G_==

Input layer

== 000Q|

Yaj

= 0 w000 (G o

[s]

Cxb-dim

Yyfua 3.2: To povtého Skip-gram 6nwe napouotdleton and tov Rong [2014].

‘Eneita, 10 %xpu@d didvuouo mtolamhaotdletar Ye xdie mivoxa Bapdv mou avTioTolyoly
oto eninedo e€6dou W' € RN*V o1 1 soft-max cuvdptnon epoppéleton yio TnV Topoywyt
TV dloavuopdtey €£66ou ouot Ye to poviého CBOW. H uévn Suagpopd etvor 6Tt owtd to
wovtélo dnuovpyel C' one-hot avanapaoctdoec oty €€080 {y;}i=12, ¢, xde wa and Tig
omoieg UTOONAWVEL ptar AéEN 610 Aedind we TEoPBAenouevo yeltova Tng AEENG evOlapépovTog.
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3.2 Latent Dirichlet Allocation

O ahybprduoc Latent Dirichlet (LDA) nou eioydn and toug Blei et al. [2003], etvon éva
mdovotxd avomopaywyixd (generative) povtého evoc GuVONOU XEWEVWLY, To ontolo TpooTadel
va evtonioer ta xpuppévor Véuata (topics) mou Bploxovton oe autd. Xt yhwoooloyla, 7
AEEN “Oéua” avapépeTtan o Eva apnENUEVO Oy Tua Tou BIVEL Wial YEVIXT TANPOoQoplo Yo TO
Tt nepLéyeton/oulnuéton oe éval oUvoho Méewv (npdtaot / €yypago). Tonodetdvrog awtdy
TOV 0ploUd oE éva Yadnuotixd TAalolo, Yo UTopoUcaUE VO QUVTACTOUUE OTL OTIC EQUPUOYES
e Enelepyaciac Puoixol Adyou éva “Oéua” meplypdpeton ¢ Eva 6UVOAO AEEEwV oL omoleg
ouvavTOVTOL oYV woll ¥ YEeNOWOTOLOVTIS OTUTIoTIX0US dpoug Yo unopoloe vo amnodovel
(S L0l XATOVOUT TV GTO AEIXO TOU GUVOROU XEWEVGY. LNUELOOTE ETIONG OTL U OEOOUEVT,
TNV XATOVOUT], UTORPOUUE Vol AMOXTHCOUUE TO GUVOLO TWV THO OYETIXWV AEEEWY Tou Aedixol
o€ OYEom UE EVA CUYXEXQPUWEVO VEUa UEow TNG €@apuoYns wag pedddou xatwgiiov otnv
xatavopr] (Btathpnon Mewv ye peydhn mdavotnta).

3.2.1 Boaowr Io€a

H Boowr| 16éa tou LDA elvan 611 tar éyypago (6Ovola @pdoenmy) eEXTeoontodvTon K¢ Uely-
potar Vepdtwy, omou xdde Véua yopoxtnelleton amd pla xaTtavour| méve oe éva Aedixd. Auth
1 undveor unovoel OTL Eva €yypao dev Yo umopoloe Vo avaklel uévo éva Yéua, to onolo
patveton Aoyixo, xadwg ta €yypapa elvon peydheg ovtotnTeg xewévou. o vo amoxtAcou-
pe wo Barditepn Sadonon tne PBaowhc wéac tou LDA, ag e&etdoouue 1o dpldpo “Seeking
Life’s Bare (Genetic) Necessities’, xadog xou v xatavour mdavedv Yepdtwv o autd, 6mwe
Tapouctdleton oTo Lyhua 3.3.

Topic proportions and

evolve 8.81
organism .61

Topics Documents ;
assignments

gene B84

UGy Seeking Life’s Bare (Genetic) Necessities

e COLD SPRING HARBOR, NEW YORK— th part,” especially in

\_f L I‘-:I T e .: - .Il.. . .l . II -

Tife  g.82 - : . e T e s § I ’%\

: ; : .

| o

brain 0.084
neurgn  9.02
nerve 9.01 o' -
gt march precisely, those )
o

\_____’,a-"'_ * Genoma Mapping and Sequanc

pring Harbor, New York Stripping down. Ul y5is yiekds an esh
maie of the mimmum modem and ancient genomes.

data 9.02
number  ©.02
computer .01 k|

\-..._.-".’-__

Eyua 3.3: Baow 16éo tou LDA. To noapdy mopdderyuo avagpépetar otoug Blei [2012].

‘Onwce egnyeiton otoug Blei [2012], to dpdpo agopd tnv avdluor Sedouévmv yio Tov npoo-



44 Kegpdalao 3. TréBadpeo

Sloploud tou TAouUC Twy Yovidiwy ou yeeldletal évog opyaviopos Yo vo emPBioet (amod
eZelxtiniic oxomds). To dpipo emonudvinxe pe 1o yépt yio vor Snuiovpyndolv ouddes hée-
oV Tou Ya uropolcay vo anodotolv ot xadéva and To Yéuata Yo Tar onola yiveton Adyog o€
QUTO: TN YEVETIXY, TNV avdhuaoT dedopévwy xou TNy e€ehxtixny Bloroylo. O Méeic oyetind pe
TNV avdAUGcT) BedoUEVLY, OTwe “computational” xou “prediction” €youv emonuovdel ye umie
Yewua, ol AEelg Tou Tapanéunouy oTny eiehxTixt| Bloloyio Omwe “survive” xau “organis-
m”, éyouv emonuaviel ye pol yewuo. TEhog ol AéEelc Tou avaPEpOVTIoL OTN) YEVETIXT|, OIS
“sequenced” xou “genes” €youv emonuoviel pe xitpwvo yewua. O LDA npocnoel vo evow-
HOTOOEL TNV TOEOTAVE LOEOL XAl VO AUTOMATOTIOLOEL TN Bladixacior TS exydenong Yeudtwy oe
€yypapo xou TNy €aywyn xatavouny yu autd. Ta napandve tpobnodétouy 6Tt xdie Eyypapo
onuovpyeitar we eEhc:

1. Emiéyoupe tuyada po xotovopr| méve ot Yépata (lotdypauua ota Selld).
2. T xdde AéEN Tou eyYpEdpou:

(o) Emdéyoupe tuyoia éva Yéua and tny napomdve xatavour| (€yypwuo xépuota).
(B") Eméyouue tuyaior wior AEEn amd Ty avtloTOLY T XOTAVOUT TOUC TRONYOUUEVOU
Yéuotoc mdve 6To AeEixo.

3.2.2 XvupLoiopoi xow Oporoyia

Kodde mpdxetton vo eloorydryoupe tny mopomdve Wéa oe éva pardnuatind mhaicto, Yo teEnet
Tp@Ta var avapepdolue otn Bactxy| opohoyio xal Toug CUUBOAGUOUE TOU AmOUTOUVTOL YLol VoL
e poroy Y

Teplyedouue YAWOGIX0UEC 6poug xa Evvoleg Omwe “AéEeic”,

Eyypopa”, “oUVONO XEWEVWV,
“Oéua”, xondde xon TIC XaTaVopES TwY EYYRAPWY Tévew ota Yéuata (document-topic) xou Tig
xatavopés twv Yepdtwy téve oto Ae€ixd (topic-word). Luyxexpyéva, oxohoudmdvTog Toug

Blei et al. [2003] optloupe:

o H Aéfn Yewpeltan wg 1 Baowxr) wovddo TV 6ed0Uévev Uog, xou oplleton wg oTotyelo
evoc he€ixol tou omolou ta atotyeio éyouv Véoeic {1,...,V}. Moadnuotixd, wo AéEn
AVTITPOCWTEVETAL G €Val BLAVUoUA TToL €YEL €val oTolyElo (00 Ue TN YovAda EVEL OAaL TaL
dAho otoyela ebvan (oo pe undév. Ta mopdderypa, 1 avomopdoTaoy e TedTng AEEng
oL Ae€xol avtioTtotyel oTo Sdotaone V Sidvuopo w; = [1 0000 ... ].

e Eva éyypago eivar pror opddo N héZewv mou oupPolileta wc d = (wi, wa, ..., wN),
OTOL Wy, €lvor 1 N-00TH AEEN TNG OUABAG.
e 'Eva olrvodo kepuévor eivon g ouhhoyh M eyypdgpwy nmou cuuBoiilovion we C' =

{d1,d2,....,dns}.

e 'Eva 9éua avtiotouyel oe yio xatavoun mévew oto Aeixd xou ouufBohiletar we S (to Pk
UTOBNAGVEL TNV XaTavour| Tou k-ootol Yéuatog, omou k € K xau 1o K avtictolyel oto
oLUVOAXS TAHDOC TwV VeUdToV).

e H document-topic xotovour| yio 1o €yypoapo d opiletan wg Oy, eved 10 Oy 4 cbvon 7
avoroyia Tou Vépatog By oto Eyypago d.

o H topic-word xatavour| yio to €yypopo d oplleton WG zg, EVO 24, ebvar 1 avddeon
Yepdtwv yia ™ AEEn wy, oTo €yypago d.
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3.2.3 A\yépuwipog

F'evixd, o LDA Yo pnopoloe va neprypagel o¢ éva miavoTind avamopaywyixd LoviéAo
EVOC GLUVOAOU EWEVWY, OTIOU Ol TOPATNEOVUUEVES UETHBANTES elvan To £y Ypapa Xt Ol XPUPES
petafhntéc (hidden variables) eivan tor 9éparta Tou Swapévouy oto und eZétaon obvoro. ‘Onwe
avapepinxe mopoamdve, 1 Bootxr Wéa Tou ahyoplduou elvar 6T oe xde €yypago Yo uropoLoe
vor avortetel puor xortorvoun méve oe Vépota, omou xdde Véua etvon yior xoatavour| mve ot AEeLS.
I vo e€arydryer autée Tig xotavopés o LDA axohoudel tnv mopandtes avomoporywyixy| diodt-
xaoio v xdde Eyypago d oe éva cUvoro xewwévwy C, Tou omolou 1 Yeapixy| avarapdoTaoT
olveton oto My ua 3.4.

1. Enéle€e N ~ Poisson(§), 6mou 1o N avtiotoyel oto nhfidog towv hZewv Tou d.
2. Enélee ¥ ~ Dirichlet(w)
3. T xdde wa omd tic N AéEele, wy:

(o) AudheZe éva Yéua 2, ~ Multinomial(1)
(B) AudheZe pior AeEN wy, and TV p(wp|zn, B), Tou évor plo multinomial deopevpévn
mdavotrnta Tou YEuatog 2y,.

Andtepog 0toy0¢ TG Tapamdve Btadactiog elvon var uTohoyioel TIC XPUPES HOTOVOUES
01:p, z1:p, B1:k, 000ElCOV TOV YVOOTOV UeTABANTOV wi.p. ()¢ anotéleoua, T0 Pocixd
TEOPBANUA TOL TEENEL Vo EMADUGOUNE TROXEWEVOU Vo yenotponotioouue tov LDA elvon auté
TOU UTOAOYLOUOU T®V POStErior XaTavoumy Twy Xpuemy UETABANTOV BEBOUEVKOY TOU GUVOAOU
AEWEVOY OTWS avahleTon 6Ty oyéon 3.1, yenowonowwvtag 1o Ocnpnua Tou Bayes.

p(Bi:k; V1.0, z1:0|w1:D) = PPk, 01,0, 210, wp) (3.1)
p(wi.p)

O oapriuntnic Tou ToEUTAVE XAJCUATOSC UTOREL VoL UTOAOYLOTEL WG 1) XOWVY| XATOVOUY| AWV

TV TuYaiwy YETOBANTOY. 26TOC0, Yo VO UTOAOYICOUNUE TOV TUROVOUICTY) TOU XAJGUATOC,
TEETEL VO OAOXATPOOCOUPE WS TEog OAa Tor mavd Vépata mou opllovton amd T 01.p, 21:p
xar Br.x. Otov ouuPabver xdtL tétolo, dnuovpyeiton o0levin avdueoa otic O1.p xoau Sk
xNOTOVTIC ABUVATO TOV BLaYWEIoUO TOUG GTOV LToAoYIous e cuvdptnorg log likelihood.
'Etot, agol o axp31c UToAoYLoUOS Tou XAAoUATOS OEV Efvar e@uxTdg, €youy Tpotadel SLdpopeg
TEYVIXES YLOL TNV TPOGEYYLOT TNE TORATAvVe AVoTG:

e Variational Inference. H 18éo mou npotdidnxe and tov Reed [2012] Arav 1 tpomo-
TolnoT TOU aEYLXOL YRAUPIXOU UOVTEAOU TOU LyHUATOS 3.3 AQaloOVTIS TS HETUBAOELS
xa Toug xoufoug mou elvon umeduvol yia T dnuoveyla TNg avemdiunTng (evéng Tou
avapepUnxE TopAmdve. (2¢ AMOTEAECUA, YETOWOTOAUNXE Uiot ATAOUG TERT) XATAVOUT Yid
TNV TEOGEYYIOT TNG TEAYHATIXAC.

e Collapsed Gibbs Sampling. H mpocéyyion nou npotdinxe and toug Griffiths and
Steyvers [2004] Aoy 6T pror xatovour| LPNAfe dido taone uropel va Tpocoyotwel uéow
delypatolnlog oe UTOGUVOA HETABANTOVY UixpdTEENC BIdo TN OToL Xdie LTOGUVOLO
e€opTdTol and T TWES TwV umohoimwy uetaAntoy. H derypotoindia yivetoun dodo-
Yxd xon cLveyIleTol €we OTOU Ol TES TV BELYUAT®WY TEOCEYYICOLY TNV TEOYUOTLIXY
XATOVOUY).
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Proportions : SR ORC :
S opic assignmen
Per-document Observed . Topic
topic proportions word Topics  parameter

L
OHOTO-@—O0—+0

@ Hd Z dn I'I/'d. n "\r }6);; T]
| D /.4

EyAua 3.4: Tpopixdy ameixévion tou yovtéhou LDA ané toug Blei et al. [2003].

Collapsed Variational Inference. Ot Teh et al. [2006] éxoavav o yohapéc mopado-
XE¢ mapayoviomoinong and exelveg mou €yvay and Tov ahyoprduo Variational Inference
TEOXEWEVOL Vo TpooeYYioouv TNy mpayUatixy| posterior movotnta.  Buyxexpiuéva,
avtl va utodécouv 6Tl oL TopdueTeol elvon aveEdpTnTeg and TIC XpUPES UETUBANTES,
anouovewoay TiC UETOPBANTES O xou B amd To ohoxApeUL.

Online Variational Inference. Apyétepa, ow Hoffman et al. [2010] onueiwoay 61t
o ahyopwuoc Varational Inference amoutel éva mAfjpeg mépoaoya amd 10 GUVOAO XEl-
uévwyv oe xdlde enovdindn, xahotdviag T ddxacio aeyn yio peydho chvoha dedo-
pévwv. Ilpoc auth v xatediuvor, mpdtevay Evay EVOAaXTIXG ahyoprduo Boaciouévo
oTn otoyaoTixy BeAtiotonoinon pe natural gradient Briyo. ‘Edeilav enione 61Tt o ok-
YoELIHOC TOEdYEL XOAES EXTIUAOELS TOROUETPWY EVTIUTIWOLaXE ToyUTepa amd Toug batch
ahyoplduoug yio ueydho cOVORa BEBOUEVKV.

3.3 2uocowpeutixy TagLOouN O

Y& auTh TNV EVOTNTA TEPLYPAPOUUE GUVOTTIXG T1) GUCCWEELTIXY To&dbunon (agglomera-

tive clustering) mou ypnowponoteitar wg te Vx| e€opdhuvong (smoothing) otnv tpotevéuevn

npocéyylon woc. H cuocowpeutin to&idounon anotehel wio u€dodo Lepopync opadoroinong

ToU eTLyElpEl Vo ONULOLEYNOEL Lot LEpoy ol OUAdWY, aXOAOUIOVTIS Wa TEOCEYYLON “amd T

Bdon meog ta mhve” ywellovtag €va GOVORO dpYIXOY TURATNEHOEWY GE JLUPORETIXESC OUAOES

ue Bdom %Amolo XEITHELO OUOLOTNTOC.  LUYXEXQHIEV, OEBOPEVOU EVOC cuvOhou K mopotr-

efoewy ntpoc opadomoinon xa evée K x K mivaxa anootdoenmy (Tou TepéyEL TiC anooTdoels

HETaEY TopatneRoeny), 1 Baowr Swdacio Tne tepapyixic opadonoinone, 6nwe teptypdpeTo

ond tov Johnson [1967], anoteleiton and Tor mopoxdtey Briuortas

— 4 4 e 7 4 4 Z 7 4 4
. Zexwdue avodétoviag xdle otolyelo otn B Tou oudda, €TolL WoTE €dv €youue K

otouyela, vo Totodetolvian oe K ouddeg 1 xde gl amd Tig omoleg meplEyEl Ubvo Eva



3.3 XYuoowpeeutua) taiddunon

oToyelo. Oewpolye OTL Ol AMOCTICEC PETOED TWV OUdBMY IGOUVTOL UE TIC ATOCTIOELS

HETUED TV OTOEWY TOU AUTEC TERLEYOLV.

2. Bploxoupe to mhnotéotepo Lebyoc opddmv (N eyyitnta opiletar pe Bdon xdmoto uetpixn)
X0l TLC CUYYWVEVOUUE GE [LoL EViaiol oudda, EToL WOTE Var TEox el Eval UxedTERO GUVOAO

OUGBWLY.

3. Trohloyilouye Ti¢ anootdoeic YeTald TnNg VEOC opddog xou xdie mahatdc opddog.

4. EmavohauBdvoupe o friyato 2 xar 3 pé€ypel va ouyxevipmlolyv Ao To oToLyEl O Uia

oudda peyédoue K.

[poxewévou vo axohovdicouue TNV Topoamdve dladixacio, TEETEL Vo 0plCOUYE TIG omo-
OTAOELC UETOEY TWV THURUTNENCEWY XIS %ol TIG ATOCTACELS PETUED OUABOY AMOTEAOUUEVGY
Ao TUPATNEHOELS, YEYNOWOTOLOVTIS OTOLOVOHTOTE Amd TOUS axOAOLYOUS 0PLoHOUS, OIS GU-
voilovta otoug Ilivaxeg 3.1 xou 3.2.

Distance

Equation

Fuclidean

Squared Euclidean

la —blly = >_+/(a;i — b;)?
la —blly = 3= (ai — b;)?

Manhattan la—bll; = lai — bi
Maximum la —b||,, = max; (a; — b;)?
Cosine %
_ Ny TYi—D Tip Yi
Pearson 1 s () n S ()
65 d2
Spearman 1— A=)

ivoxag 3.1: Alapopetinéc Yetpinés andotaong HeTol (euymV TapatneoEwy.

Linkage Criterion

Equation

Average
Single

Complete

ATTB] aca 2ven 4(a;b)
min{d(a,b) :a € A,b € B}
max{d(a,b) :a € A,b € B}

Mivocog 3.2: Awopopetind xpitfipla ouvdeong (linkage ctiteria) mou xadopilouv v andotoon

HETOEY OUEBGY TOU AMOTEAOUVTAL ATO TOQUTNEVOELS.
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64

al

1
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Syhua 3.5: Aevdpoypopua mou anetxovilel T cLCCWEELTIXT ToEIBOUNoT & TUEUTNENCEMY.

H nopandve Swdixacio odnyel otn dnplovpyio plag epopyloc tapatneioewy, Onws anel-
xoviCetan o010 Eyfua 3.5. ‘Eva and ta mpolAfuata tng lepoapyixic opadonolnong etvor OTL
OEV UTIAPYEL XAVEVAS OVTIXELIEVIXOC TEOTOC VAL OPIGOUUE TOOEC OUADES TOQUTNEHOEWY UTAQ-
youv. T'al vor amoxTAcoUUE OUADES TaPATNENOCEWY, TEETEL Vo “xOouue” To BEVTEO Lepapyiag
(Bevdpdypouua) oe xdnoto onueio. T napdderypa, 1 x6xxvn Ypoupr Tov anewxovileton 0To
Yyfua 3.5 dnhavel ) dnuiovpyia 5V0 ouddwy.



Kegdhawo 4

Melypo Ospotind
Koataveunuevwy XnNUacloAoYIxwy
MovTtélwyv

4.1 Kivntpo

[pbogateg mpoceyyioeic ToL ONUOLVEYOVY TOANATAES XUATAVEUNUEVES AVATUEAUC TACELS Yot
x&de MEN ypnowonooly teyvixée Vepotixhc poviehonoinone (topic modeling) 6nwe avo-
pépeton oto Kegpdhowo 2. "Evo Jepatind povtého (topic model) xotakfiyer o€ piar amhr avo-
TOEACTAOT TV VEUATIXWY TEQLOY DY TOU UTEEYOUV GTO GUVOAO EWEVGY TOU UTOXELTOL OE
avdAuoT. LuvAdwe, xdde Veua avTimpoowrebeETaL Amd Uiot XUTAVOUT TdVw 0To AeEIXd, 1) OTo-
lo umodNAGVEL TIc Aé€elg exelveg Tou elvan WBLLTEPA EUPAVELS Yot TO cuyxexplévo Véua. To
x0plo xbvntpeo mow and TN yerorn TNg Vepatxrg poviehomolnong oto mEdBANUL UTOAOYLGUOY
NS ONUACIONOYIXNG OPOLOTNTOG AEEEWY Efval 1] TPOCUPUOYY| TWV EXTIUNCEWY OUOLOTNTOG OF
OLdpopeg Vepotinég meployéc. Auto elvan ToEOUOL0 PE TN YEeNOT EVOS GUVBUICUOU GTUCLO-
AOYIXWV HOVTEAWY YLOL TNV XWOWOTOINoYN TV TOAATAGY AcVACEWY TwV AEEEwY. e auTo
TO XePAALO, TaEOUCLALOUUE €V UElYUO ONUACLOAOYIXOY HOVTEAWY Bactlouévo ot Yeportixo-
UC UTOAOYLOUOUS TNG ONUACIOANOYIXAC ouoldoTnTog aviueco o (ebyn Aé€ewv. To poviélo
ouT6 Booileton o TEonYoUUEVES TEOCEYYIGELS TTOU YENOWOTOOLY EVaY GUVBUNGHO OO OTUd-
OLOAOYIXES opoLOTNTES Aé€ewY Tou uTohoyilovton yenotponoldvioe Ocuotind Katoveunuéva
Ynuootohoyixd Movtéha (OKXM - Topic-based Distributional Semantic Models, TDSMs).

4.2 Tlepvypopr Alyopltduou

To npotevduevo povtého mou e€eTtdleton O AUTO TO XEPIANLO axohoLVEl Uiot TPOGEYYL-
orn 800 oTadiwy yia TNV e€aywYY|) CNUACLOAOYIXDY OUOLOTNTLY PETOED (euY®Y AEEEwV TOU
Tapéyovton eite oe ouupaloueva mhaiolo elte amoucior GUUPEALOUEVLY TAUGIWY, OTWS Ta-
eoLCLALETAL OTIC EMOPEVES UTOEVOTNTES.
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4.2.1 Ocpatixd Katavepnuéva Snuacioloyixd Moviéla
Ocpatind UTOGVVOAX KELUEVLYV

Yuvidwe, ta alvola XeWEVKLY Tou Yenotuonolovvtal o€ ToAES egapuoyéc Tng Eneepya-
olog Puool Adyou anoteholvTon and UEYIAES CUANOYES 0Py EltY TTIOU EUTERLEYOLY TANROGO-
plot amd Bidpopoug VepaTinols TOUELS, EVOWUATOVOVTIS ET0L CUUPEAULOUEVA TAULCLO YEVIXDY
mAnpogoptodv.  Iopdha awtd, to Yepatixd ovvola xewwévowv (topic-based corpora) eivou e-
EapeTind yeowo Yl Ty expdinon xou Ty xotovonon tng @uotxic Yhwooog. Ilapd
YENOWOTNTA TOUS, YeUatind cUVOAX XEWEVWLY BEV elval oy Sladéoyda yiar ToAAOUE Vepati-
xoU¢ topeic. Evoc tpémog yio var avTigetwmiotel auth 1 ENherhn Yepatindv dedouévwy etvan
1 XeNHo™ TwV 1oN Slard€oiumy TOpwY, 0TS To YEVIXA GOVORA XEWEVODVY, TEOXEWEVOU VO XAUTO-
OXELACTOVY avTioTolya cOVoAa Tou TepEyouy Yepatinf TAnpogopio. ‘Onwe tep@lypdpouue
AEMTOUEPOC Topaxdtw, Tapouctdlouye Uio uédodo mou dnuoupyel Yegotixd uTocOvoha XeL-
uévev yenotwonowwvtag tov Latent Dirichlet Allocation ahyopriuo.

Apywxd, ta pévo dedopéva mou amoutolvtar efvon évo Yeydho ovvolo xewévwy (global
corpus). Mmnopel va efvon évar yevixd oivoro (mou €xel Angiel and tov 1016 (m.y. Wikipedia))
1 ot oLAhoYY amd xprtixée (my. xpruxée Taviay). Oa ypeetaotolue 800 exdboelc auTol ToU
ouvorou xewévwy. Eva nou tepiéyel €yypagpa xar Eva dhho Tol TEPLEYEL TEOTACELS.

e H npdtn éxBoon mou nepiéyel éyypopa (document-level) Yo npowindel we elcodog
otov ahyoptduod Latent Dirichlet Allocation, 6edopévou 6Tt oty tpoeTheyUéVn Lop@n
Tou unoUéTel 6Tl xdde €y ypao EPIEYEL TOMATAL VEUaTaL.

e H Seltepn éxdoon nou mepiéyet npotdoeic (sentence-level) Yo ypnoworomdel yio tny
OUABOTOINGCT TV APYLXWY GEGOUEVKV OE GLUYXEXPWEVES VepaTinés xhdoelg, ue Bdon Ty
undteon 6Tl wxpdTEpa GUVORA XEWEVWY (TpoTdoel) elvan mdovoy va wholv yio évol
uovo Yy, ondte N Ta&vounon umopel vo elvon avotner. Emmiéov, n emhoyy| outh
oxohoudel Ti¢ Pacinég apyés Tne Vepatixrg Hovielonolnong, xadae oL TeoTdoEelS etval
Vepotind TANPELC X CUVEXTIXES UOVADES.

H Snuiovpyio twv depatindy utoouvolov xewwévoy (BA. Lyfua 4.1) neprypdpeton and ta
Tplo oxdhovdar BrivarTos

1. Eexwvoyvtog amd €va YEVIXO GUVOAO EYYRAPWY, YENOWOTooVUUE Tov alyoprluo Latent
Dirichlet Allocation (LDA) yu va exnoudedoouye éva Yepoatind oviéro, yio évo o ta-
Yepd mAndog Yeudtov (oo ye K. O LDA cuvbéel xdile €yypoago pe avaroyleg Yepdtwy
Baolouévog otny WEa 6TL Wwiar Towaia Yepudtwy avagépeton o xdide yypago. To ex-
TUOEVPEVO VePATING LOVTENO TUPAYEL L0 XOTAVOUT TTave OTIC AEEELS Tou Aedixol yia
xdde Yéua.

2. X1 ouvéyela, epopudloupe To exntoudeuuévo yoviého LDA otnyv éxdoor tou cuvolou
XEWEVKY ToL amoteheltan and npoTdoelc. ()¢ anotéheoua, xdde TEOTUCT) GUVOEETOL UE ULdL
Aot deudtov, mou miovedg culntRinxay 6Tny TEOTACT), GUUPKOVL UE TO EXTAUOEUUEVO
Vepatind poviélo.

3. Téhog, dnuovpyolye éva Yepatind unoohvoho xelévwy yia xdde Véua k € K opado-
TOLWVTOC TIC TEOTACEL TwWV OTolwv ol posterior miouvoTnTEC UEYIOTOTOOOVTOL Yidl TO
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Vépo k. Autéd 1o oyfjua toyvperc ouadonoinong (hard clustering) uropel var odnyrioet
o1 Onuovpyio VepaTnmy UTocUVOALY Teploplopévou ueyédoug. T va amogeuvydel ow-
16, vodetolye éva oo TN ehacTixic opadornoinong (soft clustering). Xuyxexpiuéva,
ular tpoTaon avtiotory(leton oe éva Véua dtav 1 posterior mdavotnta yautd unepPalvet
NV T eVOg xatw@Aiou h. O mpotdoelg mou nopoucidlouy ioeg posterior mavoTnTeg
yioe Ohar tar éportar e€anpodvtan amd autr T dtadacta, xadwe Yewmpolvton uepBohixd
YEVIXEC YIOL TNV TOROYT| OTOLGONTOTE YeEUATIXAC TATROPORIaC.

LDA posteriors

corpus 2

. ax Topic 3
P Topic 1: 0.2 i P
2 LDA
R 5 | Topic2: 03 "
sentence N Topic 3: 0.5 Geshg;d Top?c .
I Topic 2
Topic 3

Yyfuo 4.1: Agpnenuévn amexévion e dnuiovpyiag YeUaTIXOY UTOCUVOAWDY XEWEVWY OTOC
nopovoialetar otnv Christopoulou [2016].

Ocpatixd Katavepnuéva Enuacioloyixd Moviéla

‘Onoe avagépetan oty Evémnra 2, ta Kataveunuévo Enuactoloyixd Movtéha (KXM)
AWOWXOTOOLY TIC OLUPEAULOUEVES TANPOPORIEC TV AEEEWY TOU TPOERYOVTUL OO Tol GUVOAX
AEWEVOV, O TUXVES OVATIOROC TAOELS YORUXTNEIC TXAY. §2¢ anotéheopa, to avtiotolyo KXM
ToU €Y0UV EXTABELTEL XATw amd aUTd 08NYODV 6T SNULIOLEYIX YEVIXDY BLAVUCUATIXWY OVa-
TUPAC TACEWY, xS Bev Aofdvouy LTOYN TIC EVVOLOAOYIXES BLoPOROTIOLACELS Tou EUpavIlEL
war AEEN ot BlapopeTinéc Yepatinée meployés. H anopdvemon twv SLpopeETIXGY EVVOLOY TwV
Aé€ewv Yo pmopolioe vor emTeLy Vel UE TN GUAROYT) XEWEVKY TIOL TERLEY 0LV VEUUTONOYIXY) TTAY-
POPOPLAL, YENOWOTOLOVTIS TEYVIXES VEUATIXNAG HOVIEAOTIOMNONG OTIC TEQLYPAPETAL TUPATAVC.

Xpnowonoolye tov 6po Ocpatind Kotaveunuéva Xnpactoloywa Movtéha (OKXM) oe
OAN TNV €xTooT TNE Topoloug epyactiag, Yo va avagepdolue oe éva KEM to omolo exmou-
OclETOL OE €Vl VEUATIXO GUVOAO XEWEVWY. MUYXEXPWEVA, YENOWOTOLOUUE TOV ahyoprduo
Word2Vec yur vo dnutovpyfioouvue VepaTinés avamapao TIOES.  MNUELOVOUPE ETiong OTL Ta
OKXM Yo pnopoloay va extatdeutoly Tove o€ VeEUATING GUVOAIL XEWEVWY, YPTOULOTOUDVTAS
ornotodrinote KXM nmou xew0ixomolel YAWGOIXA Yopax TNELC TIXE XEWEVWYV YLA VO EVOWUATOCOUY
AéZeic oe évay onuactoloyixd yweo. To Nynua 4.2 cuvolilel tn dladixaocta tou axoloudoiue
yioe T dnuovpyior Yegatindy avanapao Taoemy AEEEWY Tou EeXvoly antd €va YEVIXO GUVOAO
OEDOUEVWV.
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posterior
probabilities

subcorpus T4

<& o TDSM;

\g
sentence 1 \S)

sentence 2 :>

sentence N

subcorpus Tk O—>

Eyfuo 4.2: Agnenuévn anedvion g xatooxevic Ospatind Koataveunuévoy Ynuoactoloyt-
%xwv Movtélwv.

4.2.2 Yrnuacioloyixd Melyuoto

Yuvdwe, 0 UTOAOYIoUOS TNG ONUACLOAOYLXNC opoLoTNTaS PETAE) evog Lebyoug AéEewv
EVOOUATWVEL OAeC Tig TavES €vvoleg Ue TiC omoleg ol Aégelg epgavilovton oe €vo 6OVOAO
xewévov. Lo Sidpopec onuaclohoyxéc epyasies mou oyetilovton Ue ToV UTOAOYIOUO AEEIXWDY
OUOLOTATWY, T TUPATEVEL UOVTEAN ETUTUYYAVOLY TOAD XUAEC ETUDOCELS, TaPd TNV ATOXALCY
ToUg omd TNV unddeon NS PEYIOTNG OPOLOTNTOC TV EVvolwy (maximum sense similarity),
TIOL UTOBNAGDVEL OTL 1) GNUAGIONOYIXY) opoLOTNTO PETAEY BU0 Aé€ewv unopel va extyundel wg n
OHOLOTNTOL TWV BUO TANCLECTERMY EVVOLOY TOU TIC anoeTlouy. XT0 UOVTENO TOU TEOTEVOUUE
o€ aUTO To XEPdAato, 1 Teoavapepieica utddeon viodeteiton péow TN dnuiovpyiag Vepati-
AWV UTOCLYOAWY XEWEVGLY Yia xdie (edyoc mou amotehelton and Tic AéEelC (wordi,wordj).
O otoy0¢ etvon oL Aé€elg Tou Lebyoug Vo GUVUTIAEYOLY OE xAUE VEUATING UTOGUVORO XEWEVLV
UE TIC TANCLECTERES EVVOLEC TOUC, oL elvan cuvagelc ue to avtiotorya Yéuota. Auth 1 Tpo-
o€y YoM Elvol BLUPORETINT OE GUYXEICT UE TNV TUTIXT| EMAYWYT| TWV EVVOLOY TwV AEEWMV UE
Bdomn to cUvora xewwévwy (Tou eniong avagépetan we sense discovery), 6TOU 1 ETAYWYTH TWV
evvolwy yiveton Eeywplotd yia xde AéEn. H opoidtnta avdueoa otic hé€eig word; xan word;
umohoyiletar o éva yelypo amd ogoldtnteg oL onoleg €youv e€oydel amd Yepatind vtocUvoha
AEWEVWY, OTwe amewxovileton oto Myfua 4.3.

Posteriors ﬂ

— Topic 1: 0.3
combine
word-pair Topic 4: 0.2 | semantic
models
/;' L Topic 7: 0.5

criterion

Yyfuo 4.3: Agnenuévn mapoucioon tng puedodou mou Paciletar o pelyuo GNUACLOAOYIXWY
HOVTEAWV.

Suyxexpyéva, axoloudolue 8V0 SLopopeTinée TMEooEYYIoES Yiot Vo UToloyicouue Tig
posteriors mou aneixovi{ovTal TUEATAVE YENOHIOTOWWVTS dLdpopa xetthpla, Bactouéva oTo
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TEOBANUA CNUAGLONOY XS OUOLOTNTOC TTOU YENOHIOTOLOUUE Yiol TNV o&LOAGYNOY) TOU HOVTEAOU.
OplCoupe wg Li 10 ohvoro tov K OKYXM nou npoépyovton and tov ahyderduo LDA, émou
A ebvan to KEM nou avtiototyel 610 k-0016 9éua and to ohvoro twv K Jepdtmv.

Ynpactoroyixoi Luvdvacuol tapovcio cuppealdpevwy TAdciwy

‘Otav nopéyovtar ouugealdpeva mAaiota yior éva (edyog Aé&ewy (w,w") v ¢ onoleg
Yéhoupe Vo UTOAOYIGOUUE TN GNUACLOAOYIXT| TOUG EYYUTNTA, ONULOURYOUUE Eva XOoW6 TAaicto
ouppealduevwy ¢’ = c@® ¢’ to omolo DlapopPOVETAL CUVEVMVOVTOS To ETEPOUS Thalotor x&e
AENC ¢ xou ¢, avtiotorya . To Vepatind poviého tpogodoteiton ye 1o ¢ xou e€dyet o Moto
vodnplwy Yepdtwyv yroautd, yall ye tic avtiotoyeg posterior mboavotnrec. Autd tor Vépo-
TAL YENOWOTOLOUVTOL YIoL TNV OVOYVWELOT) TV oVTIGTOLY WV VEUATIXWY UTOCUVOADY XEWEVKY,
oL OTIOLOL YENOWOTOLOUVTAL YLoL TNV eXTOEVOT cLYXEXPWEVWY Oeuatixidy KEM (OKEM).
[Tpoxewévou va Angdolv unddn o cuugealdueves TANEOGoplec Twv Aé&ewv, opllovue S0
OTNUAGLONOYIXOVUS GUVBLAGHOVC:

(") 1 /
2 (k) Sk (w, w's A
Savgsime(w, w'; L) = L= (T(’C//)) d k), (4.1)

zk:1 p(k|c")

Shaxsimc (w, w'; Lg) = S (w,w'; A;) where k = argmax p(k|¢"), (4.2)
keT(c")

6mou T'(¢”) eivan o uodhpro Véportar Tou emotpépovian amd 1o Vepatixd poviélo ue posterior
mdavétnta peyahitepn and 0.01 dodeioac e ewoédou ¢, n p(k|c”) dnhdver v posterior
mdavétnta Tou k-ootol Véuatoc yio ¢, eved Si(w, w'; Ag) ebvar 1 onpociohoy| opoldtTnTa
avdpeoa otic M€ec w xon w’ dnwe npoxintel and To KEM nou aviiotoyel 610 k-0016 Vépa.
Eneidr) to mifdog twv unodmnepiwy Yepdtonv unopel vo elvon uxpdtepo 1 (00 Ye 10 GLUVOAXO
mdoc depdrov (T(”) < K) v to onola exnondeveton o LDA ou posterior mdavdrntec
XAVOVIXOTIOLOUVTOL WOTE Vo adpotlouv oTn povdda.

Aedopévou 6Tt to ¢ elodryeton oto Yepoatind poviéro, n oyéon 4.1 vnohoylet évav otad-
WOUEVO PEGO 6RO TV VEUATIXWY CNUACLOAOYIXMY OUOLOTNTWY YETNOWLOTOIWVTAS TIC posterior
mdavotnteg Twv Yepdtwy we Bden. Xnuewdote ot yio T LUy Tou avagépovial oTny (Bia
AEEN ahhd Boloxovton ot BlapopeTnd cuppealOUeva TAAICLYL, TO HOVTENO TOUG amOd{dEL TEVTOTE
™V (BLor T oNuactohoY XA ouotoTNnToS 1) omtola tooltan pe 1 (Uéylotn duvath Ty opoldTr-
ToC), ®oMS Ol AVATARUC TAoELS Toug e€dyovton antd To (Bl OKXM. To povtého oxohoudel
N péarn 006 avdueco oty LHeST TNE UEYLOTNG OUoLOTNTAS TwV Aé€ewv xan ota KEM nou
EMAYOUV EEYWPLO TEC AVATUPAC TUOELS Y1 TIG EVVOLES TV TOAVGUAVTLY Aé&ewy. H mapomdve
uno¥eon voveTtelton PECW TNS AVAYVORIONE TWV VEUATIXWY UTOCUVORWY XEWEVWY OToL OTolo
ol M&elc w nor w' epgaviCovton Ye ouvageic Evwoleg oTov YeUaTIXG TOUEN TWY avTioTOL WY
xewévov. H evowpdtnon twv Popdv Tou onuactohoyxol UElYUaTog GTOV UTOAOYIOUO TNG
TEMXTC OUOLOTNTOS YORUPOVEL TNV Tapandve undvecy). Xpnowonolwviag tn oyéon 4.2 ano-
0ideton oe €va Lebyog 1 onuaclohoYIXT oUolOTNTO ToL avTioTolyel 6To Véua Ue TN PEYLOTN
posterior mdavétnTa, To omolo enlong anotelel To xuplapyo VEUa TOL TUPEYOUEVOL CUUPEA-
Céuevou mhauciou.

Emniéov, eiodyoupe éva poviého ouvinéng (fusion) mou cuvbudlel tAnpogopleg omd ol
AomAd Vepatind LOVTEAS EXTTUDOELPEVA Yo OLaPopeTixd TARYN Veudtwy. Luyxexpiuéva, yia
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€vol exmoudeupévo Yéuotind povtéro ye K Géuata, n onuaclohoyr| ogoldtnta evog Lelyoug
AéZewv umoloyiletar YpNOOTOWOVTAS EVaY amd TOUS TEOUVIPEQIEVTES GUVBLUCUOUS, OTKS
optleton and Ti¢ oyéoelg 4.1, 4.2. MeTtal 1wV OUolOTATWY Tou TapdyovTon ond TNy exXnaideuo
TOAMOITAGY VEUATIXOV HOVTEAWY Yl OLdpopa TAHUT VeUdToVY, ETAEYOUUE TN UEYIOTH OUOL-
otnra Cedyoug tng Vepatixhc ouddac G, mou anoteleiton and cbvoro OKEM mou opilovton
¢ L, 6twe mopouctdleton Topoxdto:

Stuse(w, w') = max Sisim(w,w’; L), (4.3)
LkeG
610U Sisim (W, w; L) ebvon 1 opotdtnta yio 1o Lebyoc (w, w') mou unohoyiletar ypnowonot-
ovtog évay and toug 4.1, 4.2 cuvduacpoie, K eivar 1o mAloc twv Yepdtemy Tou TEpLEovToL
o€ plo cuyxexpévn opdda xou G etvor 1 opdda twv KXM otny omola egapudletar 1 uédodog
oLVTNENG.

Ynpactoloyixol Luvdvaopol anovoio cLUPEALOUEVLY TACiwY

H onuascioroyixd opotdtnta yetadd 800 hZewv w xon w' yia Ti¢ onoleg dev pog mopéyeTto
oLUPEAloUEVN TANpopopla UTOAOYILETOL YPNOLOTOLOVTAS SLUPORETIXOVS GUVBUICUOUS OUOL-
oTNTog o8 GUYXELON UE TNV TepinTtwaorn oTnyv onola Yvweiloupe To Thalolo cuupealdUeveY GTO
omolo evtdooeton T0 LEVYOC EVOLUPELOVTOC. LUYXEXPWEVA, €Vl LOVTERD UlyHaTOC VEUOTIXDY
OOLOTATWY EVOWUATMVETOL Yo VoL Toporydryet Tny teAxt] opotdtnta S(w, w’) petold tou Le-
Oyoug Aé€ewv. Autd mpaypatonoteitar axohoudmvtac touc Reisinger and Mooney [2010],
xan optlovtag Toug 800 TUEUXETE CUVBUNCHOUC:

K
1
Savesim(w, w'; Lg) = 7 ; Sk (w,w; ; Ar), (4.4)
SMaxSim(wa 'LU/; LK) = Iknal)(({sk(wa w; ; )\k’)}v (45)
c

omou S (w, w'; A\g) elvon 1 oNUACLONOYIXH OUOLOTNTA aVEPEST OTIC W %ot w' TOU LTONO-
yiletan and o Ay, KEM, 10 0m0{0 XoTaoXEUIo TIXE YENOWOTOLOVTOS TO UTOGUVONO XELEVLY
7oL avTlo ToLyEl 6T0 k-00T0 Véua. XN oyéon 4.4 vnoloyileton o un otadulouévos u€cog 6pog
OA®Y TV VEUATIXDY OUOLOTATLY YLo To UTO e&étaon (ebyoc Aélewyv. Mtnv oyéon 4.5 €yel
emheyel Ywovo n péylotn ogoldtnta avd Lelyog, HeToll v K miovedy Yepatindy Teploymy.

Téhog, yenotponotolye éva povtého ypouuxhc napeuBorrc (linear regression) yio vor ouv-
dudoouue Ta Lebyn opoloTiTwy Tou e&yinoay and to xdde OKXM, ta omolo tpoxinTouy
a6 €vo Vepatind Lovtého exmondeupévo yio K Vépata. To povtého otoyelel otny ehayloTo-
noinon tou Méoou Tetpaywvixol Ygpdiuatoc (Mean Squared Error, MSE) exnoudetovtog
éva obvolo amd Bapen (B) oe éva olvolo and Yepatixée opotdtntes AMéewv. To Poownd xivn-
Te0 Tiow amd auTh TNV WEa elvar var uddouue O vor cuVBUALoLUE VEUATIXES OUOLOTNTES Yo
Lebyn héZewv oL ToEE Y OVToL HEROVOUEVA (Ywplc ouppealduevn Thnpogopia). Luyxexpéva,
0 GLYBLAOWOS OV TEOTAONXE oTNV Topandve uroevotnta (oyéon 4.1) anoutel v npdae-
TN €loaywYT| ToU cLPPEALOUEVOL TAUGIOU TwV AEZEwY TEOXEWEVOL VoL UTOAOYICEL TO OGO
Yo otaduo tel xdde Yepatinr| opodtnta. Avtideta, dtoy dev undpyel xavéva cUUPEAlOUEVO
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mhaloto, avtl vo vnovécoupe OTL Gha Tar Vépata cudBdrlouy e€icou oTny extiunon Tng ouot-
otntog evog Lebyoug, Omwe meptypdpetan otny oyéon 4.4, utootnellovue 6Tl €vag YeuUxoC
GLYOLACUOC VEUATIXDV OUOLOTATOVY EVIL IXAVOS VoL TOEAYAYEL iot oxpU3Ec Tepn exTiunon,

K
1
Str(w,w's L) = Bo + 7 kz_l B Sk (w, w'; \), (4.6)

omou B etvon tar Bdien Tor ool pordobvoupe amd To YOVTENO YeauUxhc TapeUBoArc Yo To
k-oot6 Vépa, Sk(w,w'; \g) ebvoar ) opodtnta Tou Lebyoue (w,w’) e€aydpevn and to KEM
Tou €xel eXTadeVTEl 6TO k-00TH LTOGUVOLO XEWEVWY Xou [ elvon €va Bdpog uepohndloc. Ta
Bden B adpoilouv otny Hovdada.






Kegpdhawo 5

Ocspatind Kataveunuevo
Y nuactoloywxo Movielo
TOANATIAWYV AVATIOUEACTACEW YV

5.1 Kivnteo

To nopadootoxd Katoveunuéva Xnuactoroyxd Movtého (KXM) avtinpoowmnebouy onuo-
CLOAOYIXO0UG YWROUS YUPUXTNPIC TIXWY OTIOU Ol TOAATAES EVVOLES TWV TONUGHUOVTLY AEEEWY
CUYYWVEVOVTUL O UEUOVOUEVES UVATOQUC TUCELS. M€ AUTO TO XEPIANO, TEPLYEAPOUUE TN O1-
uoupyio VO EVOTOINUEVOL LOVTEAOU TTOU aVOIETEL TOAATAES XATAVEUNUEVES AVIATOQROC TAGELS
avd AEET, uéow TNg evduypduuiong Twv Ocpatind Katoveunuévev Xnuactoroyixedy Movtéhwy
(OKXM) oe évav xowd ydpo. Baoldyevolr otny mopadoyn 6Tl oL onuactohoYIxés oyEoelc
OVIUESH OTIC MOVOOHUAVTES AEEELC OEV 0ANALOUY OE BLUPORETIXEC VEUATIXES TEQLOYES, UTO-
YE€TOUUE OTL Ol OYETIUES AMOCTACELS TV AVTIOTOLY WY BLAVUOUATIXWY OVITUROC TACEWY TOUS
uévouv otadepéc oe dha o OKEM, evepymvtog we onuaciodoyikés dykupes (semantic an-
chors) mou xadopilouv tic avtioTolyioel YeTaEY TouC.

Yuyxexpuéva tpoteivouue ott To Ocpatind Koataveunuévo Xnuactohoynd Movtého moh-
Aomhev avomoapootdoewy (Unified multi-topic Distributional Semantic Model, UTDSM)
amotehel €va To EUENXTO POVTENO oe cUYxplor Ue To Melypa twv ©OKXM nou meprypdpnxe
oto Kegdhawo 4, yio 500 xupieg Adyoug:

e To pelypo ané OKXM amotuyydvel Vo amod®oeL TIG OLUPORETIXES CTUACLONOYIXES EV-
voleg Yo évar {ebyog mou amoteleiton and TNy Ol AéEn. Aemtopepéotepa, 1 olyxplon
HETAEY BLOo Aé€ewv meplopiletan mdvtote o eninedo Yeyatixic meploync. 2¢ anotéhe-
oua, ot (Bleg Aé€elg —Topd TIC EVVOLEC TOUG— AVTITPOCWTEVOVTAL TEVTOTE oo TIC (BlEC
OVOTIOEOO TAGELS X0 G EX TOUTOU amodidETAL O QUTES 1) HEYLOTY) BUVATY| OPOLOTNTA TTOU
optleton amd TN UETEWXT AMOCTACT] TOU YN OULOTOLE(TOL.

e O npoavagepieic neploplonds 0dnyel eniong oe Wior axduo aduvauia ToU TEOTYOUUEVOU
HOVTEAOL TOU cLVAVTATAL OTaY cLYXpivovtan 800 BlapopeTixéc Aéele xadwe uToVETEL
OTL 1) onuactohoyxr) oyéon dVo Aé&ewv oplletar o ula kown Yeyatixn neployy. Kotd
oLVETELY, 000 AEEElC TwV omolwy oL €vvoleg Oev UmopoLy vo cuvavtnioldy otny (Bia
Yeyatinn Teploy ) 0ev umopoly va cuyxerdoly e axplBeia.

o7
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5.2 Ilepuypapn Aryoplduou

To cboTnud pag axoloviel Uia TEOGEYYIOT TECGURMY CTABIWY TOU TEPLYPAPETOL GUVOTTIXG

OTIC TOPOXATEL UTOPOUTIVES:

1. Kadoruxod Katavepnuévo Snpactioloyixé Movtélo (Global Distributional
Semantic Model). AeSouévne plag ueyding culhoynic Sedouévmy xetuévou, extoudedou-
pe éva KEM mou xwodixomolel tn onuaciohoyixt; tAnpogopio xdde AéEnc oe uio evioda
avanapdotaon. To poviého autd avagépeton enione xo we xadohxé-KXM (global-
DSM).

2. Ocspatind Kataveunuéva Enpacioloyixd Movtéla. X1n cuvéyela, eva Ve-
HATIXO UOVTENO EXTIABEVETOL YENOLWOTOLOVTIS TNV (Bl GUAAOYY| BEBOPEVWY XEWEVOL.
To Yepatixd poviého ywpller v mapamdve culloyr oe K (midavde ohknhemixoiu-
ntoueva) Yepatind utooivola xewwévey SC, ..., SCk (dnwe neptypdpnxe oto Kegpdhao
4). X ouvvéyewa, évo KEM exnoudeletan yia xdde Yepotind umocUVolho Ue anoTéNecyol
™ dnwovpyion K ©KXM (TDSM), dnhadh TDSMy, ..., TDSMg. H tomxd npocupuo-
YY) TOU GNUAGLONOYIXOU YOEOLU hauBdvel LUTOYN TIC EVVOLOAOYIXES BLOPOPOTIOLACELS TIOL
ToEOUGLALEL Lot AEET oE BLopopeTixoUe Yepatinolg TOUElC xou w¢ ex TOOTOL 0BNYEl GTN
dnutovpyia edix@y Vepatindv dtavuoudtwy (topic embeddings).

3. Anewovioelg YELATIXOV SLAVUCUATWY. 2T1 CUVEYELN, ATEXOVICOUNE TOV OLo-
vuopatixd yweo xde OKXM otov xowd yohpo tou xatolxol-KEM, yenowwonoldvtog
wor AloTor yovooruavtwny Aélewv mou oyetioviol oTaTIo T Ye TO avTioTolyo Véua.
Y10V EVOTIONUEVO GNUACLOAOYLXO YOE0, xdle AEEN avTITPOOWTEVETAUL and €V GOVO-
A0 YEUOTIXWY AVATAPAUC TACEWY TTOU TEOTNYOLUEVKS TV ATOUOVOUEVES OE EEYWELOTOUS
BLovuopoTN00E YOEOLS, dnuLovpy®vTas €Tot éva evortotnuévo Jepatind KXM (Unified
multi-topic DSM, UTDSM).

4. E€opdAuvon Jepatix®dy SLavuoATwy. (2¢ TeopeTid B, YenoloTololue
plat Tpocéyylon eCopdhuvong Bactopévn ot yehom TNS CUGCWEEVTIXAC TUELBOUNONE TWY
YePaTn®OY avamapac Toenmy Wioag AENg oe N ouddeg. Oswpolue 6Tl To Briuc auTd UeL-
Vel 1o Y6puo Tou ELedyETOL GTO UG TS YOG UEGH TWV CNUACIONOYIXOY ATELXOVICEWY
X0l TOV 0QOUMY OEOOUEVLV EXTALOEVOTS.

H evduypdpuion twv OKXM ot évav xowd yoeo odnyel ot dnutovpyio evog evonotnuévou
HOVTENOU TOANATAWY VEUATINDV XATAVEUNUEVWY OVITURACTACEWY, OTKWS ANEXOVI(ETOL GTO
Eyhuo 5.1.

5.2.1 Koataveunuéva Inpactohoyixd Moviéla

Hexwvovtag and €va YEVIXG oUVORO XEWEVLY, exTtandeloupe éva xodolxo-KEM oo
xan K ©OKYXM 6nwg mpoteivaue oto Kegdao 4, émou 1o K anotehel otadepr| tapdueteo Tou
oo TAUOTOC pog. Tlpofaivouue otic axdroudec tapadoyéc yio o e€aydueva KEM oyetind pe
TA YAWOOXE YAURAXTNELOTIXG TOU EVOWUATOVOUY OTA avTioTOLY o OlotvOOHATE TOUG.

o To KadoAixo-K3IM mopéyet pio udvo Stovuouotin avomapdo oo avd AeZn. Kodog
QUTEC OL AVATUPAUC TACELS €E8YOVTOL MO ULl YEVIXT| TIEPLOY T, OL EVVOLEG TTIOU TEPLEYOVTOL
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Word2Vec

i Word2Vec

v

Unified multi-
topic
DSM

Yyfua 5.1: Oepatind Kotaveunuévo Ynuoactohoyind Movtého TOMATADY avamapaoTICE®DY

og auTég Oev e€opTwvTa and xdmowo Yéua. I'o To Adyo autd, avopévoupe 6Tt To SLdvu-
opa Tou anodideton ot par povoouavtn AEEN (AEEN Tou éxel ubvo pio évvoua) Vo efvon
XGOS TOTOVETNUEVO GE AUTOY TOV Y0E0. ATé TNV dAAN Thevpd, AvouéVOUUE OTL TO OL-
Gvuopo mou Eyel exywpniel oe o tohuchuovtn hEN (AEEN Tou €xel Tohhamhég Evvoleq)
Yo Tonovetniel o pio VEoT TOU oVTOVOXAGL Lol UETT] AVITORAG TAGT] TV TEOYHATIXGDY
evvoldv tne. T mapdderyua, 1 molvouavtn AéEN cancer (xapxivoc) avopéveto v
€yeL Yo oyeTixd xovuvh anéotoon and Tic Mg astrology (actpohoyio) xou tumor
(6yx0<).

o Ta ®© KX M nopéyouv eniong uto eviaka Slavuopoatixy avanopdotooT ovd AEn. H Siogo-
ed Toug amd To xoohxo-KEM elvan 6Tl EVOWUATOVOUY BLUQOROTOLACELS GTT| Yenion TNS
YAWOOCOUE OL OTOLEC CUVAVTWVTAL EVTOS EVOC VeUATIXO) TOUEN, YEYOVOS TIOU BIEUXOADVEL
TNV ATOUOVLOT| TV TOAATADY CTUACLOY TWV TOAUCTUAVTIOY AEEEWY GTIC OVTLTRPOOW-
TEUTIXEC VEPATINES AVATUPAUO TATELS TOUC. §2¢ anoTéAECUA, 1 TOALGT VTN AEEN cancer
Yo yetatomotel mpog T AEEN astrology oe €vov (mOLXO CNUACLOAOYIXO Ywpeo. AT
™V GAAT Thevpd, 1) (Bl A€ Vo Tonodetnidel mo xovTtd otny avarnopdotach e AéEng
tumor o€ €vay LTEIXO ONUAGLONOYIXO YWEO.

5.2.2 Amnewovioelg JEUATIXNDV SLAVUCUATWY

O eyyevAc un-vieteppviopog tou aryopituouv Word2Vec odrnyel otn dnutovpyia cuveyov
BLUVUOUATIXOVY Y WenY Tou 0ev eviuypauuilovTon Xatd QUOLOAOYIXO TEOTIO GE EVOL AVAPOELXO
ocLo TN cLVTETAYPEVWY. [ot To AOYo autd, TEEnel va euduypauplcovye Tar BlaVOCUATO TV
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AéZewv mou mpoépyovTon and dlapopeTixd OKXM xdtw amd xowols dEoveg GuVTETAYUEVWLY,
TEOXEWEVOL VoL XATACTEL EPXTY| 1) 00YXELOY| TOUG. BuyxEXEWEVA, Vewpolue oTL T OKEM
CUAMAUUBEVOLY ONUAVTIXEC BLOPOPOTIOLACELS OTN YENON TV TOAVCHUAVTWY AEEEWY, EVE To-
EGAANAL BlTNEOLY TIC oYeTIXEC VECEIC LOVOOHUOYTOY AEEEWY, TwVY oTolwy 1 onuocio Utopel
Vo xwdonondel oe YoVES BLaVUOUATIXES avamapaoTdoelS. AuTth 1 mopatienon yog winoe
07O VoL BOVUE TIC LOVOOTHAVTES AEEEC we oTaepd onueia 6Toug Yepatixolg CNUACLOAOYLXO-
0C o YOEoUS, Tou Yo UTopolcay Vo Yenolorotnioly we onUacioAoyikés dyKupes yio Vo
Tpoadlopicouy T avtioTolyloelg ueTall Toug.

e auth) TNV epyaocia, utovétoupe 6Tl UTdEYEL Evag Tivaxag UeTAoy NUATIoNOU M), ovdue-
OO OTLS OLUVUCHOTIXES UVATUPAC TACELS TWV HOVOCSHUAVTWY Aé€ewv xdde OKEM xau tig o-
vtioTolyec avanapac tdoelc Tou xadohxol-KXM. Aedouévou 6Tl andtepog otdyog yag etvan
va evduypopuicovpe Oha T OKEM 6710 evialo oUGTNUN GUVTETAYHEV®Y, YENOHIOTOLUUE EVal
xadohx6-KXM o¢ tov ytpo tpoopiouo, eve o OKXM nou avtinpocwnelel to Véua k yorn-
oeveL we ywpeog mnyNe. Ilpotelvouue tn yeron tou xadolxol-KEM w¢ ydpou npooplouol
1O TAPEYEL XUAES AVATORUC TACELS YIo TIC LOVOOTUAVTES AECELS.

‘Eotww 6t X = [x1, T2, ..., Tn] x0 Y = [y1, Y2, ..., Yn] Elvon o1 mivoxec pe tic dlavuopatinéc
QVOTOEACTACELS AEEEWY TTOU OVTIOTOLYOUY GTOUG YMEOUS TNYHS XAl TEOORLoUoU, OTOU T;, Y
€ R% xou X,V € R™. Andyrepoc otdyoc poac eivan va Bpolpe éva Thvoa PETaoy NUaTiopol
My, € R yig %éde Vépa k, o onoloc mpooeyyilet tnv oyéon 5.1:

MpX =Y. (5.1)

Io v enfhuon Tou Topoamdve TEOBAAUATOC TELCUUUTICOUACTE UE TIC YVWOTEC pedbod0ug
ATEXOVIONG IOV YenolonoloLyTon otr BiBAoypagla xan €youv 1on meprypapel oto Kegpdhowo
2.

e Linear
e Orthogonal
e Canonical Correlation Analysis

[Tpoxewévou va anoxthcouve TOMAAMAES Yepoatixés avanapaotdoelc mou Peloxovion oe
EVOLY EVOTIOLNUEVO BLIYUOUOTIXG YOEO0, 0XOAOUTOVUE TOV TURATEVE UETACY NUATIOUO Yo xdUE
OKXM, mou onuatver 6Tt yiow i oudda Vepdtonv mou aroteheltan and K éuata, podalvouue
évar oOvoho véxev {Mi}E . To cOvoho Vepatixdv ovamapaoTdoemy Tou avILoToLYoUY
oF P ouyxexpévn AL avtitpocwnevetor we {si . Suyxexpwéva, dedopévne piog
MENC xon TS xaTaveunuévng avamapdotaone e uy € RY, unoloyiloupe tnv mpoBohduevn
AVOTOEACTAO TNG Sk € RY ¢ e€ng:

S = Mkuk. (5.2)

Emotpégpovtac oto mponyoluevo mopddelyua, 1 AEEn cancer Yo €yel avTioTolyloTel Ue
TOMOTAES XATAVEUNUEVES OVITIOROC TAGELS TTOL avTIXATOTTEILOLY TIC BLopOPETIXES EVVOLES TNG
GTOV XOWO BLVUCUATIXG Y Weo. Mo amAOTOMNUEVT ATEXOVIOT AUTO) TOU TURUDEYUATOS TTo-
pouctdletar 6To Lyfuo 5.2
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cancer astrology astrology'

T T Mappings

cancer

cancer’

Yyfua 5.2: Amhomoinuévn anewxovion tou cuvodilel Ty Wéa tiow and T Sladicacio evdu-
YOUUULONG TV VEUATIXWY OVOTUPAC TACEWY. 2TO EVOTONUEVO GOGTNU, 1) TOAUCHUOVTY AEEN
cancer oOVTITEOCKTEVETAL 0O BV0 VePoTixnd SLVOCUATA TOU XUTOYPAPOLY BLUPORETIXES OTUd-
OLOAOYIXES WOLOTNTES TNS AEENG ot €var Lwdlaxd xou éva tated Vépa. Ou Aé€ewc astrology xou
tumor etvan Topadelyyato onpaciodoyikdy aykupwy Tou 0pllouy TIC aVTIo ToLYIGELS xou BT
E00V TIC OYETIXEC VECELS TWV LOVOGHHUAVTWV-UOVOCTUAVTMY Xl LOVOGHHUAVTWV-TIOANUGHUAVTWY
MEewv.

5.2.3 EZopdAuvor Jepatinedy SLAvVUCUATOY

EexvedvTog omd 10 6OVOAo TV EVIUYEUIUOUEVEY DepaTiNGY avamapaoTtdoewy {s;Hh_
yioe x&e AEEY, TEAYUATOTOLOVUE CUCCWEELTIXT TagldoUNon Tou cuvokou e N xAdoelc, 6Tou
oL xovTvd ToToVeTNUEVES VEUUTIXES OVATOPAUOTAOELS Ulag AEENE EXYWEOUVTOL GTNY (BLol ouddaL.
Oewpovue 6Tt xdde opddo oy NUATICEL YLt ONUACLOAOY XS CGUVEXTIXY) OVIOTNTA TOU OVTLOTOLYEL
oe oTeEVA oyeTWlOUeVES onuacieg TS AENG eVOLaPEEOVTOoC. LT CUVEYELY, Ta BLVOOUATO TNG
xdde ouddag otpollovTon TEOXEWEVOL VoL BNUIOURYHOOLY €V AVTITPOCKWTEVTIXG BIdvVUCUA TNG
opddac, odnywvtac ot éva vEo oUvolo eéopadupérvwr (smoothed) Vepotindyv avomopaotédoenmy
{31 v xdide MéEn, dmou 8], € RY.

5.3 Xnuactoroyixn OpotdtnTa

Auty| 1 evOTNTAL TEQLYPAYPEL TOV TEOTO UE TOV OTOol0 AELOTOLVNE TIC VEUUTIXES AVATOPa-
otdoel; Tou evononuévou OKXM yio Tov UTOAOYIOUO TNE GNUACLOAOYIXAC OUOLOTNTOC HETOEY
000 Aéewv. Tlopadootaxd, autd o tEdBAnua ueted Tov Badud opoldtntag evog Lebyoug Aége-
oV, ehheldel ouugppalduevou mhaisiou. 261600, TO TEUYUATIXG TEOBANUA ToL TEooTadoly Vo
€MAUCOLY ToL GUG TAHUATA TOU ATOBIBOUY TOANATAEC XATAVEUNUEVES OVATUEAC TACELS OE AEEELC
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elvon exelvo Tng moAuoTuxic @ooNe Twv Aé€ewv mou e€apTdtal oe ueydho Podud and To cuy-
pealoueva tne Aééne. I to Aoyo autd, oulntdue eniong TNV exTiunon TNg oNUUCIOAOYIXNG
opOLOTNTOG UETOEY AEEEMY, OTIOU CUYXEXPWEVES EVVOLEC TWY TOAVCHUAVTWY AEEEWY EVERYO-
TOOOVTOL ONO TUPEYOUEVES GUUPEALOUEVES TTANPogoplec. T'evixd, yio va umoloyicouue T
onuaoctohoyxh opgotdtnTa Yetoll evog Ledyouc héZewv (elte mapéyovton pepovmuéva eite oe
ouugpaloueva TAoioLa), axONOUYOUUE TIC YVWO TEC UETPIXES TTIOL YenotuonotodvTon ot BiBAto-
Yeapior omd CUC TAUATO TOAATADY XATUVEUNUEVODY OVATHURUC TACEWY AEEEWV.

5.3.1 Metpuxég Baciopeéveg o cupppalopeva thaiclo

‘Otav mopéyovtar Thnpogoplec ouupealoyevwy mhaciny yio éva (ebyog AéZewy, yenot-
womotolpe Tig petpixée AvgSimC xan MaxSimC, ov onoleg oulnthdnxay apyxd and Ttoug
Reisinger and Mooney [2010]. Me 8edopévo to Lebyoc héZewv (w,w’) xou tor mopeydueva
mhadota Toug (¢, ') opiloupe:

1 K K

AvegSimC(w, w') 7e ZZp f|w, e)p(klw’, )d(uj(w), ug(w')), (5.3)
=1 k=1

MaxSimC(w, w') = d(a(w), a(w")), (5.4)

omou K ebvan to mhdog tov Yepdtwy mou emoteégovton and Eva exnoudeuuévo poviého LDA,
u; etvon To exnandevuévo OKYM oto Yepatind unocivoro xEWEVGLY TOU AVTIGTOLYEL OTO j-
0016 Vépa apol TEOBIAAETOL GTOV EVOTOINUEVO Slavuouatixd ydeo, 1 p(jlw, c) utodniovet
v posterior miovdétntor Tou Vépatog j mou emioTeépeton omd tov LDA otov onolo €xel
dovel wg eloodog To Thaiclo ¢ TN AEENg w, To d LUTOONAWYVEL TNV OPOLOTNTAL UETAED TWV 600
AVATUPAOTACEWY ELGGO0U ot TéAog To U(w) = Uarg max, < i p(k|w) (w) ebvar To Sidvuopa Tng
AéEnc w mou avtioTolyel oto Véua ue TN Y€yioTn posterior yia c.

Yuvenng, n uete) AvgSimC avtiotolyel o yohapn exywenon VeUatinwy TEPLOY®Y,
otoutlovtac xdie dpo opoldTnTac e TNV movdTNTo TV AéEewy va epugaviCovTol 6To o-
vtio oo Vépata toug, eved 1 petexy MaxSimC avtiotolyel oe oxhney| avticTolylon yenol-
HOTIOLOVTOC POVO TNy o Tdavy) exywenor Yéuatoc.

5.3.2 Metpuxég nou dev Baciloviaw oe cuppealoueva TAxiol

‘Oray dev mopéyovtar cupgealopeva thalola, optlovue TNy ogodtnTa ueTald Tou Lebyoug
MEewv (w,w") yenowonotdvtag Tic axdhoules uetpinéc:

MaxSim(w, w') = max d(uj(w), ug(w")), (5.5)
1SheK

K
1
AvgSim(w, w’) Z Z d(uj(w), uk(w')). (5.6)
Jj=1k=1
H petpu) MaxSim evoouotevel Tn dnpo@iiy utodeon tng UEYIOTNG OUOLOTNTOS TV AEEe-
WV cLPYLVA YE TNV omtolo: 1) opowdTnTa peta&l ovo Aééewr eivar n puéyiotn opoidtnta petald
Ty AAwr Twy mbavdy evvowdy tous, eve 1 ueTe) AvgSim tpolnodétel 6t dheg ol mdavég
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avamapEao TAoEl; wag AEENG ouufBdihouy e&icou 0TOV UTOAOYIOUS TNG CNUAGIONOYLXTNG OUOL-
bTnTog petall Tov w o w'. Bnuewdote 6Tt ot AvgSim xon MaxSim unopolv vo Yewpndoiv
¢ eWdwég mepmtwoelg Twv AvgSimC xoa MaxSimC ye opoldpoppo Bdpoc oe xdde Véua.
Yuvenae, ot AvgSimC xaw MaxSimC pnopolv va yenowonotndoldv yio vo cuyxpivouv (edyn
AeZewv mou eugaviCovio 1660 Topousia G0 Xl ATOLCTa GUUPEACOUEVKY TAUGIMY.

Ou 600 mapandve petenég 5.5, 5.6 €youv yenoulonoiniel eUPEWS Amd ToL CUC THUNTA TOA-
AUTTAGY XOTAVEUNUEVWY AVATIORUC TICEWY XATE TN 00YXElon TwV AEEEWV Ylo TI¢ oToleg Bev
datideTon xdmota ouppealouevn Thnpogopia. Qotdco, dev AaufBdvouv utddn ovte TNV mol-
OTNTOL TWV AVTIOTOLY WV AVATURAC TACEMY ULog AEENC 0UTE TNV xuplapyla TNG «EVVoLACy» ToU
avtitpocwnelel xde embedding. Kodog dev mapéyovton mAnpogopicg cuupealoUeveny TAal-
olewv mou va xododnyoly TNy emhoy Twv YeUoTiXdY avamapacs Tdoeny e xdde Aééng, Yo
UTOPOVGE XAVEIC VOl YENOWOTOIROEL TEYVIXES UNYAVIXNC HAdnone Yo vor ovaxohOget éva po-
TiBo cuVTAZENS TV VEUUTIXDOY OUOIOTATOY ToU avTioTololy ota Lo e&étaor Lebyn. Auth
1 uévodog egapudctnxe oto Kepdhowo 4, 6mou yenoylonot\oaue yoouuxy| ToapedSoAr yia vo
uddouue Toug ouvtereoTéC Bdpoug Tou cUVBLUGTIXOD POoVTEAOU pag. §2oTdco ogelhouue va
ONUELDOCOUPE OTL 1) HEY0B0C UTH) OEV XAUAXDVEL OE PEYAAO TARUOC AvaTapAo TAOEWY ove AEET,
(amoutovvTon TOAG Bedouéva yia TNV exntaideuon).

O Tacobacci et al. [2015] mpdtewvay éva GARO xMuaxw T LUYIOUEVO OY A0 GUY YMVEUOTC
TOL EVOWUATWVEL VEPATIXES OUOLOTNTEG AEEEWY YPNOHLOTOWWMVTAS TN Unyavixh uddnor. Tovi-
oav Lo avendpxeta Tne Yetewric MaxSim Baciopévol oe Yuyoyhwooxés pehéteg. Buyxexpl-
péva, onueinoay 6Tt AauBdvovtag Lo LOVO TNV OUOLGTNTO TWV TANCLEGTERKY EVVOLOY 800
A€WV ayvoeltan To YEYOVOS OTL oL GAAeS €Vvoleg Toug Unopolv emtlong vo cuUBdAlouy otn
OLadixacior BlooEPLoNS TS OUOOTNTAS. LTNV TEayHoTixoTnTa, Puyoloyixéc ueAétec uto-
ONAOVOLY OTL oL dvipwTol, 6Tay Xxpivouy T1 ONUAGIONOYIXT] OpOLOTNTA EVOC Lebyoug AEEewy,
AoBavouv uohn TOAES BLapoRETIXES EVVOLES T®VY BU0 AEEEWY %ot OYL UOVO TIC TANOLEC TEREC.
INo 1o AoYo autd, yenowononoay Wior oTadUIOUEVT] UETELXY) OMOLOTNTAC OTNV oTtola Blapo-
PETUES €VVOLEC TV 000 AEEEWY GUUBAAAOUY GTOV UTOAOYLOUO TN OUOLOTNTAS TOUC, EVE Ol
CUVELGQPORES TOUG XALUOXWVOVTOL avdAoYd UE To TOco xuplapyes elvat. Axolovdwvtag tnv
o TadUoPEV CTEUTNYIXT OPOLOTNTOC, YeNoloToolue TN UeTewr AvgSimW mou anotehel pla
Tponomolnuévr éxdoan tne petexic AvgSimC otav Bev mopéyovtal cUUPEALOUEVES TTANROPO-
plec. Buyxexpwéva, 1 opodtnTo petald tou Lebyoug hewv (w,w’) opiletou we enc:

K K
AveSIW (w, u) = 5 3 3" p(ilw)p(klu)d(us(w), ue(w))*, (5.7
Jj=1k=1
OTOL 1 CUVELSPORE TNE j-00TNC Vepatinhc avanapdotaong e Aééne w otoduileton and Tov
6po p(jlw) mou vnodnhdver Tt deoucuuévn mhavoTnTa Tou Véuatog § Sedopévne e w. E-
mniéov, oUupwva ye toug lacobacci et al. [2015], to Bdpoc/xuptapyio woag cuyxexptuévng
évvolag Uiog hEng unopel enfong va e€optdtar and T AEEN pe Ty omola cuyxplvetar. Autod
TPOCOUOLOVETAL UEGK TNE ETPOATC EVOC bias GTOV UTOAOYIOHO TN OUOLOTNTAUC TWV XOVTL-
VOTEPWY EVVOLOY TwV UTO e&étaom AEewy, Ye TNV adENoT NG CUVELGPORAS TOUC HECL LG
ouvdpTnong LPwUEvne el TNy otoept] S0V oL avTic Toly((EToL OTNY TUPAUETEO .
Emmiéov, yia vo a&lohoyioouue TNV anddoacT) TOU LOVTEAOL UAC GTO CUUTUXVGUEVO GOVO-
Ao TV €bopaAupévwy VepaTIXDY AVITAPAC TACEWY, oL TWHAVOTNTES TWV OYEoEwY 5.3, 5.4 xau
5.7 adpoiCovton yia xdde €vo amd ToL OUABOTOMNUEVOL BLUVOGUOTAL.






Kegdhawo 6

ITetpapatixn Awaoixocio &
AToTEAECUATA

Y auTO T0 XEPANAO, TEQLYPAPOUYE TNV TELQOUATIXT] SLodIXaciol Xou To ATOTEAECUATA TV
HOVTEAWY pac. Apyxd, Tapouctdloude TN OnuiovpyYid TOU GUVOAOU XEWEVWY TIOU YETOLLO-
TOWUUE, TIC TWES TOUPAUETOMV TWV UOVTEAWY, T GUVOAY BEGOUEVLY TIOU YENCLLOTOLOVVTAL
Yoo oxonolc a&tohdynone xou to baseline clotnua poac (PA. unoevétnta 6.1). Enetta, cuve-
y{Couye pe v allohbdynon tou mpdtou uag wovtélou (Melypa andé OKEM) oe npoBhiuata
onuactohoyxhAc opodtntag Aé€ewyv (Bh. utoevotnta 6.2). 31N cuvéyela, tapouctdloupe T
mepduata Tou BevTepou povtéhou yoc (OKXEM nolhamhédv avomopao TEoEwY) Tou Teptho-
Bdvouv TNy aLoAOYNON TWV CNUACLONOYIXWY UTELXOVIGEWY GTO TEOBANUO TNG ONUACLONOYIXAS
opoldTnTag AMZewv 500EVTILY Twv ouupealdueveny thaciny Toug (BA. utoevétnta 6.3), Tn dte-
pevvnon wag teyvixhc eopdhuvong (BA. uoevdtnTa 6.4) xon TNV TUEOLGIAOT TV XANITEPWY
TEOBAEPEWY TOU HOVTEAOU Yiol TOV UTOAOYLOUO GNUACLOAOYIXAS OUOOTNTOC AéEewy amouaia
ouugealouevey Thaoinv (BA. utoxepdhoo 6.5). Xuyxpivoupe eniong ta 800 LOVTEND Hog
ue povtéla state-of-the-art mou undpyouv otn Bihoypapia (Bh. uroevétnta 6.6). Téhoc,
ToEOUGLALOVUE TAPAOELYUOTA UTELXOVIOTG TOAUCHUOVTLY AEEEWY Ot €vay BLoBIACTATO YMEO
6mee mpoxdnTouy and to deltepo povtého (BA. vrnoevotnTa 6.7).

6.1 Ileipapatixég puduiosig

Y0Ovoho xewévwy. To x0plo 6OVORO XEWEVKLY TOU YENOWOTOLETOL Yot TNV XAUTUOXEUT
TV YOVTEAWY Wog ebvon €va YeEVIxO cUvolo, To omolo €yel culheydel and to dadixTuo X
dnutovpyeitar olugova pe toug losif and Potamianos [2015]. Q¢ mpwto Briua, omoteiton o
0pIoUOG EVOC he€xo) oE ULl LY XEXEHEVY YAOGoo. ot var To xdvouue auTod, yenoYlomololue
EVOY XUTANOYO OmOTEAOVUUEVO antd 8752 ayyAxd ouclacTixd ou e€dyovion and TO GUVOAO
xeévov SemCor3. Ytn cuvéyela, Yo xdie AEEN Tou Ae€xoU BLUUOPPWVETOL EVOL UEUOVWUEVO
epotnua (éva “xeipevo avalAtnone” mou anootéAAeton o€ o pnyovh avalATnong) xou Tept-
eyl wla M. ‘Emeita, xdde epcdytnuo utoBddieton Eeywptotd otn wnyavy) avalrtnong Yahoo!
xat 0Tn cLVEYEL cUAAEYovTon Tar 1000 Eyypapa pe Ty udnidteen xotdtoln. Axorovdwe, and
xde €yypapo, amoomdtal To anbdoTaopd Tou (UxeY| Tapdyeapoc xdtw arnd Tt dievuvorn URL
TOL AMOTEAEGUATOS TTIOL GLUVADWE TEPLYPAPEL XEVE EYYROPO) Xou TEALXSE ORL TOL ATOCTIECUATY
am6 OAAL T EQWTHUATA CUYXEVTIPOVOVTL, 00NYWVTAS O €va 6UYOAO 116 exatoupvplnv tpo-
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tdoewy. ‘Onwg neprypdgetar oty Evétnta 3, T0 povtého pog amautel 1000 wa €éxdoor oe
Hop®Y TEOTACEWY 6G0 Xt o ExdooT ot poppn eyyedpwy. Ilpoxewévou va dnuoveyniet
1 TEAEUTAlO, Ol TEOTACEIC TOU GUVOAOU XEWEVWY GUVBEOVTOL dladoyixd e opddeg ava 100,
oynuotiCovtag pLo Ex8ooT Tou GUVOROL XEWWEVKY Tou anoteieiton arno 900 yhddeg Eyypapa.
Télog, oL mopadoctaxés TeyVixéc Tpoenelepyaotas oupuolovial xol GTIC 0V0 EXBOYES TOU
OLVOAOU XEWEVLV [Hoc, cuUTEpthopBoavouévou Tou tokenization (Sidonao twy npotdoewy oe
tokens), tnc agaipeone twv stop-words (AEZelc Tou SeV PEPOLY ONUAVTIXES TANPOYOPLES OTLC
‘and’ xou 't0"), g agalpeonc onueiny oTENG xo ETUVUAUUBUVOUEVODY YROUUMY Xl TNG UETA-
TEOTAC TV XEPahalwY Yeuuudtwy e meld.

IMagdpetpor. T'a v xataoxeur) Yepotixayv KEM, yenowonowiye tnv Gensim vhomno-
fnon tou Vepatixol povtéhou Latent Dirichlet Allocation [Rehtifek and Sojka, 2010] xou
exmoudeLovUE 7 poviéha pe to mAdog Vepdtov va xugatvetar amd 5 €ng 60. To xotmdehl
TIOU YENOWOTOLEITOL Yot TN YOART| TAEVOUNCT, TOU YEVIXO) GUVONOU XEWEVKDV O VeUATIXG
urocOvoha xeWévwy teolton ue 0.1. H viornoinon tne Google tou Word2vec poviéhou ypnot-
HOTOLELTOL YL TNV EXTOUBELOT) TOGO TwV Xadohxwy xou Twv Yeyotixwy KEM. H nopduetpog
Tou 0pllet To Yéyedog Tou cuppealouevou tapadipou yioa To Word2vec tideton lon ue 5, eved
netpopatilopacte pe dtaotdoec 100 xan 300 yia to KEM povtéha. Onowadnnote mopduetpog
ToL Oev avapépeTtal oplleTon {om UE TIC TEOETASYUEVES TWES TWV AVTIGTOLY KV UAOTIOOEWY
Tou yenotpornoovvta (.. Word2Vec, Gensim LDA). It pio Aentouepn ene€riynon wwv no-
QOTAVE) TUPUUETEIXWY ETULAOYWY TOQATEUTOUUE TOV AVAY VG TT OTN OLTAWUATIXY epyacio Tng
Christopoulou [2016]. ‘Ocov agopd Tic avtioTolyioec xar v eoudhuvon twv Yepotindv
EVOWUATOOEWY, YENOWOTOLOUUE BLPORETIXG TAUOC LOVOCHUOVTOVY 1) TuY oLy AEEEWY TTOUL
xupotvovTon amd 1.000 €wg 6.000 xou dapopetind TARYOC *¥AAGEWY TTOU €Vl AVIAOYOS UE TO
TAY0C TwV VEUATIXODV AVATHPAC TACEWY XAIE AEENC. DUYXEXPWEVA, BEBOUEVOL EVOC GUVOAOU
VEPATIXDV aVaTapao TAoEWY UE péyevog (oo e K, 10 TEAMxd 6OVORO TwV EEOUUAVUEVKDY V-
Topaotdoeny el péyedoc pK émou to p € (0,1]. Luvohxd, oe auth TV epyooio Siepeuvdue
oV PONO TV IXOAOUIWY TECCEOWY TULUUETEWY TWV LOVTEADY HOG:

o II\Adoc dlaotdoeny Twv KXM.
o II\Adog Yepdtov.

o II\Adoc TV AEEemV TOU YENOWOTOOUVTOL YId TIS AVTIOTOLYOELS VEUNTIXGY OVOTORO-
OTUOEWY.

7 4 7 4 7.
o II\Adoc xAdoewv Tou ypnoylonotovvToL Yo TNV EE0USAUVOT] TwV VEUATIXWY OVOTORO-
OTUOEWY.

YOvoha dedopevwy. TNo vo afloloyroouue Ty anddooT) TwV UOVTEAWY UG, YPNOUO-
Tolo0UE GOVORA BEBOUEVKY TOU THEEYOLY AVUPMTIVES EXTWNACELS YOl T1) OTUACLOAOYIXY| OUOL-
ot PeTag) (euy®y AEEewy. XpNOUOTOIWVTAS QUTES TIC AVUPMTIVES EXTIUACELS (G oVIPOPL-
%E¢/TEOTUTES THES EXTWOVUE TNV altomoTia Twv TpofAédewy Twv poviéhwy poc. Edwdtepa,
0 CUVTEAEG T CUCYETIONE TOU Spearman emMAEYETOL OC UETEIXY AELOAOYNONG YLa VO GUYXPIVEL
TIC EXTWHOUEVES OPOLOTNTES PaC Ue TI¢ TpoTues Twée. H xataoxeun twv napandve cuvorwmy
oedopévey axoroudel cuviiwe Ty axdhoudn dradacio: éva (ebyog Aélewy mapovotdleTo
0ToUg AVIPMTOUC YLol EXTUNOT, 6TOU X&le eEXTUNOT UETEA TOCO TaEOUOLES €lval oL 500 AEEELS



6.1 Iewouatixéc puiuloeic 67

o€ W TEOXAJORLOUEVY) XALUAXA, OTT GUVEYELD OL EXTWUACELS CUYXEVTEMVOVTAL Yo vor Angpiel
évag Yéoog 6poc tne opoldtnTag petald tov 800 AMéewv. Io mapdderyua, to Levyoc (auto-
mobile, vehicle) hopfdver wa péon ) 45 oe pa xhipoxo [0, 50], yeyovde mou umodnhdvet
6Tt oL opomdve Aécelc aftohoyolvian we mapopolec. To nopandve (edyog anotehel éva na-
pddelypa Aé&ewy mou mopouctdlovion amousia cLUUPEAlOUEVLY TAUGIKY 0Toug aVlp®TLVOUS
OYONACTES, 0ONYWVTAC €Tl 6T ONutovpYlol EVOC GUVOROL BEBOUEVKY oL amoTeheltal amd
pepovouéves Aé€etc. And tnv G mAgupd, urtopoly vo dnuoueyndoly chvola BEBOUEVKV UE
ouupealopeva TAalolo HEow NG Topoy S EVOC cuvinuatixol Thaciou yia xdie AEEN xatd T
(pdon extiunong and toug oyohaotée. I napdderyua, to {ebyog (tiger, tiger) hauBdvel pa
uéom T lon pe 2 oe pa xhipgaxa [0, 10], dtav ot AéZewc napouotdlovtar ota TeptBEARovTY (...
tiger with as many as of hunts ending in a kill reproduction over the course of her life,
... famous sport figures like tiger woods ...), 6Tou oL MéZelc aZIONOYOUVTIUL WC TOND AVOUOLES
0EDOUEVLV TV avTioTolywy Thouolnv Toug. To tor melpduatd pag yenotwomolue 3 chvo-
Aot BEBOPEVLY Ywelg ouuEaloUevr TANPOPORid, Xou TO UOVO OLdEco GUVOAO BEBOUEVWY
o710 omolo ot Aé&elg mopouactdlovion eVTog eVOC cuupealduevou mhaiciou. O meptypagéc Toug
TEOUGLALOVTAL TOEAXATw:

e To WordSimilarity-353 (WS-353) eivon éva eupéwe ypnoteonotolpevo ohvolo Oe-
BoPEVLY Yo TNV A€LOAGYNOT| TNG CNUACLOAOYIXNC OUoLOTNTAS Aé&ewy. Amoteheltan amd
éva abvoho 353 Leuywv Aé€ewv Yoll Ue eEXTUNOES OPOLOTNTAC o €YOLY XoJopLoTEL
and avdpndnoue oe pio xhipaxa [0,10]. To WS-353 eivon yror culhoyy| Ceuydv yua
pétenomn 660 g opoldTnTac héZewy 600 xau TG ouyyévewg (relatedness), ondte Eyel
Ywetotel oe 500 LTOGUVOAA, €va Yl TNV aLOAOYNOT TNS OUOLOTATAS XoL TO GANO Yia
v alohdynon e ouyyévelog [Finkelstein et al., 2002].

e To MEN nepiéyet 3.000 {ebyn tuyaio emAeYUEVWY AEEEWMY TEOXEWEVOL Vo EEXGPUAL-
otel éva LlooppoTNuéVo €0pog opoloTNTaS ot ETAeyUéva Celyn Aé€ewv. Ou mpodTumeg
extpioelc alohoyRinnay oe wa xhipoxo [0, 50] pe Bdorn tov mAndonopioud [Bruni
et al., 2014].

e To RG 7 Rubenstein and Goodenough etvar évor 6Ovoro 65 (edyn Ue EXTWAOELS OUoL-
6TNTAC UTOAOYIOUEVES omd avipmdroug ot uior xAlpoxa [0,4] [Rubenstein and Goode-
nough, 1965].

e To SCWS 7 arluwg to Stanford Contextual Word Similarity cUvolo dedouévev ano-
Telel TO YovadLxd GUVOLO oL ToEEYEL CUUPEALOUEVY Thalotor AEEEwY XL ONUOGIELTNXE
and touc Huang et al. [2012]. Anoteleiton and 2.003 Lebyn héZewv poli ye @pdoelc
TIOU TEPLEYOLY AUTEC TIC AEEELC EVEK OL ouoldTNTES €Youv Baduoloyniel oe Lo xAldoxa
[0, 10].

Baseline. H an66oom tou xodohxod KEM povtéhou yenoiponoleiton oto oxdroudo netpdua-
o0 ¢ 0 Paowxd poc obotnua (baseline). Ouuiloupe 61t T0 xodohxd KEM (global-DSM)
TOREYEL EVOL AVTITPOCMTEUTIXG OLdvuoua Yo xdde AEEN xou g ex ToUTOL eV AauBdver Lo
TNV TOAUCTUIXY PUOT TV AEEewy.
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6.2 Xnuactoroyixd Melyuato

Ye auth) Ty evéTtnta Topouctdlouye anoteréopata aElohdynong mou €youv e&ay el yon-
owomotdvtag to Melypa Ocpatindv Kataveunuévov Enpoctoroyixayv Moviéhwv (OKEM),
onwe meptypdgetar oto Kegdhowo 4. H anddoon tou OKEM povtédou, yia xdie cuvduaoud
ONUAGIONOYIXOY OUOOTATWY, anetxoviletar oto Lyfua 6.1 (o) we ouvdptnon tou nhidoug
v Yeudtwv yoo To olvoho dedouévwy SCWS. H xopugaia anddoorn (70.2) emtuyydveto
we tov ouvduaopd AvgSimC 6tav yenowwonowovtar 40 - 50 Yéuata. Ta Byhue 6.1 (B) o-
neovilel TNy anddoor Tou cLUVBLAGHOL YpouuixAc TapeUfoinc Twv OKXM, we cuvdptnon
Tou TAdoug Twv Yeudtwv. ‘Ocov agopd to ahvora dedouévey MEN xoau WS-353, 1 mpotet-
VOUEVT TROGEY YIOT] palveTan Vo €xel XahOTERPES EMIOOTELS amd To baseline yovtélo yia 6ho Tov
oprdud Yepdtewv xou yior ta dVo olvoha dedouévwy. H xopugaia tiur cuoyétione (83.8) em-
Tuyydveton yio 40 Vépoata oto olvoho dedouévewy MEN. I'a 1o chvoho dedouévwy WS-353,
o {Bog ouvduaoude Vepdtwy Topéyer Ty xopugala anddoon (72.7). Ltn cuvéyeto, oulntdue
TO VOALUTIXE TOL AMOTEAEGHATA TTOL eA@ONoay yia xdde oyfua cLYOLACUOD VEUATIXWY O-
HOLOTAHTLYV OTwe TeplypdpeTon oto Kegpdhowo 4. O xahbtepec mpoAédeic yia xdde évay and
autolg mapatidevtar otov Ilivaxa 6.1.

H Behtiwon mou emtuyydveEToL PUE TNV TEOTEVOUEVY TEOGEYYIOT| OE OYECT UE TNV enidoom
Tou baseline yovtéhou yia 10 TEOBANUA UTOAOYIGUOU TNS GNUACIOAOYIXTE OUOLOTNTIC, OTO-
OEVUETOL PECA AmO TNV YENOT TELWV CUVOAWY Oedopévwy. Tlapatnpodue otL 1 xopugaio
amédoon (72.7), mou emtuyydvetar yia T0 oUvoho dedopévev WS-353, elvon yaunhotepn oe
obyxpion pe tn udnhétepn anddoon cuoyetione (83.8) mou amoxtRdnxe v to MEN. Auto
umopel vo amodovel GTIC BLUPORETINES HOPYES TWV BVO GUVOAWY BEBOUEVWY, T.)Y. TOV TUTO NG
ONUACIONOY KNG OYEoNG, xodme xal T1) Sladixacior Tou axoloudeiton yior Tr cUAAOYY avip@mi-
VoV 0LOAOYoEWY. XUVoAxd, 1 avagepdeioo Bertivon v To cOvoho dedouévwy MEN etvan
OTUTIOTIXG TILO ONUAVTLIXY O oUYXELoT UE TNV Tepintwon tou WS-353 Adyw tou peyahitepou
ueyédouc tou cuvolou dedopévev MEN (3000 évavtt 353 Leuydv).

To mAfdoc twv Yeudtonv anotehel Baoixr) TapdUETEO TN TEOTEWOUEYNS TeoceyYlong. Ta

In-context Out-of-context
Mixture
WS-353 MEN SCWS
MaxSimC  AvgSimC
Global-DSM 70.3 77.3 65.9 65.9
TDSMs - - 67.8 70.2
TDSMs-Fuse - - 67.4 70.5
TDSMs-LR 72.2 83.8 - -

TDSMs-MaxSim 72.2 80.0 - -
TDSMs-AvgSim 71.3 79.6 - -

ivoxag 6.1: Luyxertins) an6doon UETHED TwV XUAITERKY AMOTEAEOUATOY TOU AoufdvovTo
Y10 OLUPOPETIXA CYHUATA GUVOLUCUOD VEUATIXDV CNHUACLOAOYIXMY UOVTEADY XL OLUPOPETL-
%3 GUVOAXL BEBOUEVLY, YLl TOV UTOAOYLOUO TNG ONUACLONOYIXAC opototnTog (euydv AéEewy,
YENOWOTOWOVTAS TN UETEIXT) CLUCYETIONG Spearman p.
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Yyfua 6.1: dyxplon anddoong yio dlapopetinols aptdpole Jeudtwy xat SlagopeTixols GUV-
duacpole OKXM, yenowonowdvtag 1 UeTpn| ouoyétiong Spearman. To ypdgpnua (o)
amewovilel Ty anédoon twv cuvduacuny AvgSimC xu MaxSimC oto 6Uvolo Bedopévey
SCWS. Ta ypagphuata (), (v) xo (8') aneixovilouv Tic ETBOCELS TWV GUVOLAGUOY YL
xf¢ mapeuBorrc, AvgSim xow MaxSim, avtiototya, oto oOvoha dedouéverv MEN xar WS-353.
Enlone nopoucidlovton ot anoddoelg tou baseline yovtéhou.

TEOGBLOPLOUEVOL VEUATA YENOWOTOLOUYTOL YOl TO QPLATEARLOUO TV VEUATIXWDY UTOGUVOAMY XEL-
uévwy ota omola Baciletar 1 dnuiovpyia Twv OKXM. Ye autéd to mhaloio, dtav unoloyilouue
v opoldtnTa YeTald evog Ledyoug AéCewy, unooTtnellouue OTL TO YENOWOTOLOUUEVO UTO-
o0OVOLO XEWEVWY EYEL BVO WBLOTNTES: 1) TO UTOGUVORO Elvol GTUACLONOYIXS GUVETES, dNhadY| Ot
000 Aé€eic mpémel vor eppoviovial Ye TIC TANCECTERES EVVOLEC TOUG OE awTd xau ii) undpyouvy
enapxt| OE00PEVA TTOL ETUTEETOUY Tov LToAoyioud Twv KEM. YuvAdwe, évag yeyohitepog
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aptdpog VeUdTwy BEATIOVEL TN GNUACIONOYIXT] GUVOYT] TOU AVTICTOLYOU UTOGUVOAOU XEWEVLY
(owEnuévn elddTnra Tou Yéuatoc), ohAd unopel Vo TPOXAUNETEL TOV XATUXEQUITIONS TOV OE-
BOUEVODY EXTIOUBEVOTC, UEWDVOVTOC TNV TOLOTNTO TWY CNUACIONOYIXWY UOVTEAWY. AuTd TO
TEOBANUA ElVOL TEPLOCOTERO EUPAVES OTIC TEQITTWOOELS OOV YPNOWOTOLOUYTAL Ol GUVBUACHO-
{ MaxSim xot AvgSim 6nwe gaiveton ota Eyfuota 6.1 (Y) xou (§) yio yeydhes twéc tne
Tapauéteou K.

[Tpoxewévou vo Eemepdoouye To TEOBANU oUTO, VEWEOVUUE OTL 1) TEOGEYYIOT YRUUUIXAC
TapeUPornc etvor xatdAANAN xodidg 0dnyel oTNV ETAOYY TV XUAVTECKY OUOLOTATOY ond To
avtioTtorya Yepatnd KEM, yio Ledyn hé€ewv mou eugavilovta ywels ouupealouevo thalolo
omwe gaivetan oto Lyfua 6.1 (B'). H uédodog Eenepvd to baseline yovtélo yla ok wixpd
aptdud Vepdtov, aAld patveton va Aettouvpyel xohdTepa yia peYahOTERO aptiud Yeudtomy Topd
TOV XUTOXEPUATIONS TeV Se80oUEVKY. AuTy 1 cuuneptpopd unopel va e&nyniel Yewpwvtog ot
Ywelc éva dedouévo auupealouevo Thaicto, wa AEEn Yo unopoloe va €yet évay audoipeto aptl-
U6 evvolv. ¢ anotéheoya, vag aUEAVOUEVOS YWEOS EVVOLDY ETUTRETEL TNV axpelfT] extiunon
e oot €vog (ebyoug AEEEMVY PECH TOU YRAUUUIXO) GUVOLUCUOD TWV BLUPORETIXWY
VEUATINDV OUOLOTATOVY TOU.

Téhoc, 6nwe gaiveton otov Hivaxo 6.1, To povtého obvinine (fusion) Behtiddver Ty amddo-
o1 TS XAAOTEPNS TEOY VOO TIXAC OLOOPPWOTE TIOU OVTIOTOLYEL GTOV GUVBLAOUS VEUATIXNDY
ouoloTATWY Tou e&dyeTton and pior ouddo VYeudtwy G. XUyXeEXPWEVA, TO HOVTENO GUVTNENG
Topéyel Ta xohOTeEpa amoteréouato 6Ty Yenotwonomdoly dAec ol ouddeg Veudtov. Autd
elvor avoevopevo xadoe 1 uédodog cUVINEnNg Aettoupyel cav éva tepapyind Yepatind yo-
viého. Ta tepopyind Yepatind poviéha yohapovouy TNy UTOVEST] Wag LOVIBIXAC XATOVOUTS
YeUdTwV TAvVew oTo oYX cUVOAO Xelwévwy. ‘'Etol, emhéyovtag Tn UEYIo TN OHOLOTNTA O
OLdpopeEC TIUVES XATAVOUES, UTOREL VoL TPOCEY YIG TEL TO TRy UoTixd TAHUOC TKV EVVOLWMY TOU
avTio oLy o0y ot xdde AEET.

6.3 Xnuacioloyixég aneixovioeslg

Ta TopoxdTe TERAUATA AVTIoTOLY 00V GTO 6eUTERO UoVTELO Tou Teplypddope oto Kegpdhato
5. Buyxexpyéva, eZetdlouye tov poho: (1) tou ahyopiduou mou yenowomnoteltor Yoo Tov
%xo00pLoUO TOV ONUACLONOYIXMY OTEOVIoEWY, (2) Tou aptduol Twv AEEwV Twv oTolwy oL
HAUTOVEUNUEVES OVATIORUCTACELS YENOWEVOUV G ONUACIONOYIXES AYXUEES HETAEY TWV YOEWY
TNYhe xou oTéyou, (3) TG TOAUGTINS TWV ONUACLOMXWY oY XVEGMV.

6.3.1 MeéJodol Anewxdviong

To Xyfuo 6.2 napouotdlel To AMOTEAECUATO TOU TEMTOU HOC TEWRHUATOS. 2TOY0G UAS
elvor var 0&lohoyHooLUE TNV a€lOTIOTIL TWY GNUUCIOAOYIXDY UG ATELXOVICEWY YENOWOTOL-
OVTOC OLPORETXES TEYVIXEC Tou Lto¥eTolvTon amd T Bifhoypaplo. T'a To oxomd autd,
YENOWOTOOVUE TEOTUTEG AOTEC ONUACLOAOYIXWY Y XUPWY ATOTEAOUUEVODVY UG CUYVES [UO-
vooruavteg AZelc yio xdde Véua xon epapudlovpe Ti¢ TEEWC oxdlouleg teyvixég: Linear,
Orthogonal, Canonical Correlation Analysis.

[Mopatnpolue 6t yevixd 1 opBoydvia U€H080g OMUELDVEL EAAPEMS XUAUTERT AmOB00T) GE
olyxplon e TNV xavovixt| u€dodo, eve 1) Yot u€od0g el WG ATOTENEOUA TNV YoUNAOTE-
e am6doon we meog T uetei) AvgSimC yio dha o Yépata. Ot Brapopés anddoong petold
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Yyfua 6.2: X0yxplon anddoong yio dtapopeTixols aptduoie Yeudtwy xou SlagopeTinols ah-
yopldupouc anedvione, yenowomnowdvtog tig petpée (o) AvgSimC xou (B) MaxSimC xou
TN HETEWXN cuoyETiong Spearman, 6To cUvolo dedopévwy SCWS. H didotaon twv onuacto-
hoywav ywpwyv €yet tevel lon ye 300 eved Aoteg 5000 cuy VOV HOVOCTHLAVTOY AEEEWY €Y 0UV
xenotwonomdel wg onuaciodoyikég dyxupes yio xdde Vépo. Emmiéov aneixovileton n anddoon
Tou baseline yovtéiou.

TV PEVOBWY anexoviong dev eivar T6c0 eupavelc 6oov agopd N veteix MaxSimC. Emi-
TAé0V, oL ameEOVILOUEVES EMBOTEL EpYOVTAL GE CUUPMVIX UE ToL amoTEAEopaTo TNG PiBAloYEa-
plac UTOBEVVOVTOG OTL 0L 0pYOYMVIOL UETUCY NUATIOUOL 001 Y00V o€ Xoh)TERES aVTIO ToLY(oELS
HETOEY ONUACLOAOYIXWY YOPWY UOVOYAWOOWY 1| diyAwoowy dedopévwy. Io pla Aemtoueet
oUYXELOT TV UEVOBWY OTEXOVIONE TURATEUTOUUE TOV VoY Vo TN oTr HEAETN Twv Artetxe
et al. [2018]. T v undlown epyooio EMAEYOUUE TOUS 0PVOYOVIOUS HETACY NUATIOUOUS WS
TEYVIXY| CNUACLOAOY XDV ATEXOVIGEWY.

6.3.2 IIAA00ocg povooruaviwy Aé€ewy

Y10 Eyfua 6.3 Selyvouue TV anddocT TOU UOVTENOL UOC YENOULOTOIWVTAS 0pU0YMVLES
amELXOVIoELS Xou BLaPORETIXG A0S LOVOCHUOVTWY AEEEWY N, OTAY OL BLIC TUCELS TWYV Y WOEWY
mpoéheuong xan atdyou €yel tevel foeg pe 300. Apywd mapatneolue Wio cagr) oyéorn UETAEY
NS CUOYETIONG TV TEOBAEPEDY Yog xaL Tou aEllUol) TOV YeNoWoTolUEVLY Aégewv: Mua
MEYOADTERT AlOTOL ONUACLOAOYIXOV Ay XUEKOY 00NYEl OTNY ETOYWYT| TO AELOTOTOV CNUAGLO-
AOYIXWV ATEXOVIOEWY ETUTUYYEVOVTAC TIC X0pu@aieg emBOoE. AUTYH 1) cUUTERLPOEE Elvan
OVOUEVOUEVT], BEBOUEVOL TOU UEYEAOU 0ptluol TKV TUPAUETEWY TOL TEooT)OVUE Vo udouue
XAt TOUC PETACY NUATLONOUC pac. Oupilovye 6Tl xdde mivoxac petaoynpatiopot My, € R*4)
omou d eivan 1) SLACTACT) TV CNUACIOAOYIXDY YOEWY UIC.

‘Eneita napatneolue 6Tl 1) GUOYETION TOU HOVTENOL oG TOROUCLALEL TOAD UXEES BlapopEs
amodoong 6Tay 0 dpLdUdg TwY AEEEWY AVTIGTOLYEL OE UEYIAES THIES. DUYXEXQWEVA, 1) amddoo
oev PekTidveTon OTay yenowonoolue Teplocdtepeg and 5.000 povooruavtee AEEES G oNuo-
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Yyfua 6.3: X0yxpelon anddoong Yo SlapopeTnd TARUT Yeudtwy xan SlapopeTinols aptiuoig
HOVOGHUOVTOVY AEEEWY N TTIOL YENOWEVOLY WG ONUATI0A0YVIKES dYKUPES OTIC 0pYOYWVIES ATEL-
xovioelc. Q¢ petpés €youv yenotponoinlel n cuoyétion Spearman xot ot (o) AvgSimC xou
(B) MaxSimC oto SCWS civoho dedopévev. H Sldotaom twv onuasctohoyndy Ymemy
wolton pe 300. Emmiéov aneixovileton 1 anddoorn tou baseline povtélou.
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Yyfua 6.4: XOyxplon anédoong yio SlapopeTnd TARUT Yeudtwy xan SlapopeTinols aptiuoig
HOVOCTUAVTOY AEEEWY N TOU YENOWEVOUY W ONUATI0A0YIKES dYKUPES OTIC 0PVOYWVIES ATEL-
xovioelc. Q¢ petpuéc €youv yenotponoiniel n ouoyétion Spearman xou ot (o) AvgSimC xou
(B) MaxSimC oto SCWS civoho dedopévemv. H SLdotaom 1wy onuasctohoynny Ymemy
tolton pe 100. Emmiéov aneixovileton 1 anddoorn tou baseline povtélou.
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olohoyéc dyxupec. Autd Yo uropoloe va anodolel 6To yeyovog OTL elodyovtal 6To LOVTEAO
Mo o OTAVIES ovoouavTtee Aéelg xadwe awgdvouue to uéyedog tng MoTag Twv onuascto-
AOYIX@V oy xup®y. ¢ amotéheoua, Moo Tou TEOCUEUOLOUNE TERIOGOTERO DedoPéVA GTO
povtého pag, 1 odlomoTion Toug eltvon PEWWPEVT xan Oev odnyel o peyahOtepn oxplBela Twv
ToBAEYE®Y Yog.

Mot vor tapoduoupe autd 1o TEOBANUAL, UELOVOUUE TOV 0piIUd TOV TUEUUETEWY TIOU TEETEL
vou pdrdouye, dnhadh Tov apriud ototyelnv yia xdie tivaxa petacynuatiopot M. Yto Xyfua
6.4 TopouGIAlOVUE TA ATOTEAEGUOTA TWV TELRUUATWY oS YENOWOTOLOVTIS DLUPORETIXG apldud
HOVOCHUOVTLY AEEEWY T, OTAV 1) BLUCTACT) TWV CNUACLOAOYIXWY oS YOPWY EYEL OPLOTEL (oM UE
100. T'evixd, n anddocT TOU HOVTENOL UAC TOEOUCLALEL ULOL IO GUVETT) CUUTIERLPORE WS TEOC
v pete) AvgSimC, oe abyxplon ue T yetein) MaxSimC. ‘Onwg avopevotay, ol SLopopéc
HETOED TV EMBOCEMY TOU LOVTEAOU [og OeV elvan TO00 eupavelc 660 0 aplduds Twv AEEewy
oUEAVETOL, TEAYUA TOU ONUAVEL OTL 0 OELIUOC TWY GTUUCIOAOYIXDY OYXUEWY OEV AMOTEAEL
Baowxn mopdueTeo Tou TEOBAAUATOC UG OTAY YENOHIOTOLOUUE XATUVEUNUEVES AVATUQUCTAOELS
YUUNAOTEPWY BLoGTdcEWY. 20TO00, oV %ot TO TIEOTYOUUEVO TEOBANUN ueTELAlEToL UE TN pelwon
TWYV BLICTACEWY TWY BLIVUCUATOY, €va GAA0 TteoBAnua epgoaviletar: 1 yeVix amodoacr Tou
MOVTEAOU pog €lvol UELOUEVT XaL 1) Blapopd Tou amd Tnv andédocr tou baseline yovtéiou
MEWOVETAL Yia OAEC TIC EMAOYES Vepdtov. Auth 1) Tapatrienor delyvel OTL 1) TOAUTAOXOTNTA
TWV CNUACLOAOY XDV YOG YWEWY TEQLYPAPETAL XaAUTERa YenoylonolwvTag 300 dwotdoelg avti
yia 100.

6.3.3 Xnupaciwoloyixég ‘Ayxupeg

[Mo va Blepeuviiooude Tov POAO TWV ONUATIOAOYIKGY AYKUPWY GTOY TROCOLOPICUO TWV
AVTIOTOLYLOV UETAE) TV ONUACIONOYIXWDY YWEWY TEOEAEUCNC Xl OTOYOU OlEEdYOouuE 50
netpdpatoa. Metd Tic xaAUTERES BIUUOPPMOELC TTOU TEOEXUPAY OO T TEOTYOVUEVA TELOHUOTA,
yenowonotoue 11 pédodo oploymviag amewdvione xou uio AMota Vi mou amotehelton and n
AEZeic Yo Ty evduypdupion tTou k-ootol Yepatixol yweou. To dUo meipduato teplypdpovta
¢ €€ng:

e T 10 mpdhto melpaya, |Vi| onuaciohoynée dyxupes e€dyovton yior xde Vépo and
MoTOl TWY O GUYVOY HOVOSHLAVTOY AEEEWY (0md TO UTOGUVOAO XEWWEVMV TOU GUYXE-
xptpévou Yéuatoc). H npotdtunn (xbpta) Moto povooruavtwy héEewyv e&dyetat ond 10
WordNet [Fellbaum, 1998]. ' va oplooupe tn povoonuio axohoutolue tnv opohoyio
mou mopéyetan and to WordNet, clugpwva pe tnv onolo: pia Aéén eivar povoonuaven
dtav éxel uia udvo aiodnon/évvowa oe kide ovvtaktikn katnyopia.

e o to deltepo mElpoua, YENOOTOIWVTAS TO XOWO GUVOLO AEEEWY TOU OVOTAPLO TATON
1600 GTOV TOTO TPOEAEVOTC GGO XL GTOV YWEO GTOY 0L ETAEYOLUE Tuyaia |Vi| MéEeic
¢ onuactohoynég dyxupes. Emavohaufdvoupe autd to melpapo 10 gopéc, hauldvo-
vtag xdde @opd delypato and o SlapopeTixy| AloTa and To x0wo GUVOAO AEEEWV X0l
GUMEYOUUE CTATIOTIXG AMOTEAECUATO TNE AMABOCTE TOU AVTIGTOLYOUYV GTN UECT THN
XL TNV TUTLXY ATOXALOT) TV HEUOVOUEVDY TELQUUATODV.

Yo Eyfuato 6.5 xan 6.6 anewxoviCoupe TNV amddoor ToU UOVTEAOU Hag OTAY YENOLO-
TololuE MoTeg Lovooruavtwy xo AloTeg Tuyalwy AéZewy Yia v xadoploouye Tig amexovicelg



74 Kegdioo 6. Iewoauatua Awadixaocio & AroteAéouata

70 r T T T
g g 68 I
o
] 1]
LE) 64} :5; 641
c 62r c 62r
£ £
E 01 Random E 60
2 58+ —— Monosemy Q53+
wn wn

1510 20 30 40 50 60 1510 20 30 40 50 60

Number of topics Number of topics
(o) AvgSimC (3") MaxSimC

Eyfua 6.5: X0yxplon anddoone yia SlapopeTind TAUT VEUATOV Xl ATELXOVICEDY TOU oTo-
ATAONHAY YENOWHOTOLOVTOC AMOTEC LOVOCHUAVTWY %ot MOTES TUY AWV AEEEWY TIOL Y ENOIIEVOLY
WS ONUATI0A0YIKES dykUpeS. d UETPIXES €Y oLV Yenotponoinlel 1 cucy€Tion Spearman o o
(o) AvgSimC xou (") MaxSimC oto SCWS olvolo dedopévev. To nAhdog twv onuacto-
AOYIXWY oy xLE®Y ToL YenotwonotovTal loolton ue 1000. Emmiéov ancixovileton 1 amddoon
Tou baseline yovtéiou.

HETAE) TOU YWEOL TNYNC XAl TOU YWEOU TEOEAEUCTG. MUYXEXPWEVA, oTo Lyfuo 6.5 mo-
EOUCLALOUUE TOL AMOTEAECUOTA TWYV TEWRUUATOY OTay 0 aptdudg TV AEewv g xdie Aotog
neplopiletan o 1.000, eve) to Xyrfua 6.6 nopouctdlet ta anotehéopata ToU (BlOU TELRHUUTOS
yenotporowdvrag 5.000 Aégec. Emmhéov, o oplévties ypauuée (K = 1) delyvouv v o-
n6dooT Tou xadohxol KEM, 1o onolo ypnowonoteitar we to baseline cLGTUA Yag xon ot
OXLIOUEVES TIEPLOYES AVTITPOCWTEVOLY TNV OMOXACT) TN AMOBOCTS YPNOULOTOWVTAS BLapo-
peTIXEC AMoteg Tuyaiwy AEEewV.

[N éva otadepd madoc Yepdtov K, 1o uovtého yog emtuyydvel o tadepd PNAOTERES ETL-
0O0ELC OTOY OL HOVOGHUAVTES AEEEIC YENOWOTOOUVTAL WS TNHATIOAOYIKES dYyKUPES EVaVTL TU-
yoto emAeYUEVODY MEewy, OTwg amexovileton xat oo 600 Lyruato 6.5 xan 6.6. Xto My ruorta
6.5, 6.6 (B'), mapotneolye 6Tt 1 anédoon tne petpixic MaxSimC négtel xdtw ond to baseline
obotnua yioo K > 1 xou K > 20 avtioTtouya, 6tay Tuyola emAEYUEVES AEEELS YENOWEDOLY WG
ONHATI0A0YIKES dYKUPES, €V AUTO BEV GUUPBLVEL OTAY YENOULOTOLOUVTOL UOVOSTUAVTES AEEELC
OC AYHVEES YL TIC TEPLOCOTEPES AMEXOVIOELS. AUTO TO ATOTEAEGUN ETUXUPMVEL TNV UTOVEGT)
HOG OTL Ol XATOVEUNUEVES AVATOPAUC TUCELS LOVOCHUAVTWY AEEEWY AMOTENOVDY ONHATIONOVIKES
dyrupes mou xoopllouy TIC AMEXOVIOELC UETAED TWV CUACLOAOYIXWY BLUVUOUATIXDV YWOEWV.

Emmiéov, 1 nopandve tapatrienon etvat mo eugavic 6Tay yenotdomololue Ay OTepes AEEELC
yioo va pddoude TG ameExovioelg, Omwe gaiveton oto Lyfua 6.5. Xnueidvoupe eniong 6Tl N
amOB00T| TOU HOVTENOL Uog DEV UTOREL Vo EETEpdaEL TNV amodooT) Tou baseline yovtéhou dtov
xenowonowotvton n = 1.000 tuyaieg Aé&eic yia oyeddV Oheg Tic emAoyég apriuod Vepdtwy.
Ané v &N TAcupd, oL EMBOCEIC TOU POVTEAOU Uog EETEQEVOUY CUpHS TNV amddosY) TOU
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Yyfua 6.6: X0yxpion anddoong yior SlopopeTind TARdn VeudTtemv xon aneixovicewy Tou ono-
ATAVNHAY YENOWOTOLOVTIC AMOTEC HOVOCUOVTGLY Xat AIGTEC TUY AWV AEEEWY TIOU YENOHIELOUY
WS ONHacI0AoIkES dykupes. (g ueTEES EYouy yenotwomoinlel n cuoyEéTion Spearman ot o
(o) AvgSimC o () MaxSimC oto SCWS civoho dedopévev. To nAhdog v onuocto-
AOYIXWY oy U™V ToL yenotonotolvTal .oodta e 5000. EmnAiéov ancixovileton 1 anddoor
Tou baseline yovtéiou.

baseline povtéhou, 6tav yenowonowivtar n = 1.000 yovdonueg Aéec. Auth 1 napathenon
OElYVEL OTL 1) YEHOT| LOVOSTILAVTOVY CTUACLOAOYIXMY Y XUPMY UTOREL Vo ETLTUYEL EVOLAQEROVTAL
ATOTEAECGUOTA OXOUT) xou oV BeV elvorn Stard€aiun UeYIAT TOGOTNTA BEDOUEVLV.

6.4 Efoudhuvorn Jspatixdy aVATALACTACEWY

Q¢ éva emmiéov Bruo mElpopaTI{OUACTE UE ULl TEYVIXY) EEOUGALVOTNC YENOULOTOLOVTAS
lEpaEy ) OUadOTONGY TOU GUVOAOU OVAMUEACTAGEWY TOU OVTIOTOLY00UY Ot Uil AéEN GTo
evononuévo OKYXM. TNa va exteAécouvye TNy Llepapytny| OUadoTolnon Twv VEUaTinmy ova-
TOPUC TACEWY, YENoLoToolue v Llomoinon Scikit-learn tne cucowpeutinic Ta&idounong
[Pedregosa et al., 2011]. To péyedoc tou cuvéhou Tou anoteleitar and Tic eopaAvpéreg
VepaTixéc avanopao Taoelc oplletal ¢ Toc0GTO ToL oplduod Ty Yepdtwy K. Yuyxexpyéva,
nepopatlopoote pe n = max{10, pK} »xh\doeic, 6mou p € (0, 1] (onuewdhvoupe 6Tt dtav dev
eqapudletar 1 teyvixt) e€opdhuvone p = 1). Ou twéc tou N emhéyoviar €10l HOTE Vol €-
tvon peyalltepeg e e 10, xodode unodétoupe ot N Tex Vx| e€oudiuvone Bo meémel Vo
eqopuoletal oe YopUPBMBELS AVATUPAC TUCELS TOL ELGGYOVTOL OTO YoVTEAD pog oTav To K elvou
peydro. Emniéov, neipoponiléyacte ye Swapopetixd xpithpta olvdeong (linkage criteria) to
omolol YPNOYOTOLUYTOL YId TOV 0PLOUO TNE ANOCTACNG UETAUE) TWV XAACEWY, EVE) 1) ATOG TOO
ouvnuitévou! yenowonoteiton Yo Tov xooploud TWV ATOGTEOEWY PETAED TV BOVUGUETMY.

1 Xonouwonootue auth T PETEW] ATGGTUOTS YLa VoL GUYXEIVOUUE TIC BlavuspaTinés avamapactdoelc AéEe-
wv og 6hn ) gpyaocia.
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Eyfuo 6.7: X0yxplon anddoong yio SLUPORETIXES TUPUUETEOUC ECOUAALYOTG Xal XELTHpLOL
oLVOEOTC 08 LVAETNOT YE To TAYDOC TwVY Veudtwy. Q¢ ueTpés €youy yenotworoiniel 1 ou-
oyétion Spearman xat ot AvgSimC xou MaxSimC oto SCWS civolo dedopévwy. O oprdudg
TWV HOVOSTHOVTWY CNUACLOAOYIXOY oy XxLp®V toolTal ue 5.000 eved 7 SldoTaon Twv onuascto-
hoyiwy yopwy toolta e 300. Emmiéov anewoviletan n anddoor tou baseline povtélou.



6.5 Amoteléouata onuacloloYixrc ouoLloTNTAS 7

Y10 Xyfua 6.7 mapoucidlouye To g emneedlel 1 TEY VXY eE0UdAUVONG TNV 6800 TOU
HOVTEAOU YENOWOTOLOVTIG OLUPORETING XELTTPLd GUVOECTG XAl OLAPORETIXG aptiud XAAoEWY
¢ oLVAETNOT TOL aptipoL Twv Veudtov. Iapatnpolue TElpauATING OTL OTAY Y ENOULOTOVUE
elte To complete eite To avergage xpLtriplo cUVOEOTC, Tal ATOTEAECUATA oG BEV BLUPEPOLUY OT-
pavTixd. £20t600, 1) Yerion Tou complete xpitnpiouv cOVBESTC EMTUY Y AVEL EAUPEOC XN TEPES
emdooelc. AvTIETwe, TapaTneolUe OTL OTay Yenolponololue To single xpithplo olvoeone, 1
am6000Y| YOG ToEOLCLALEL UEYUADTERES TORUANXYES avdAOYa PE TOV apliud Twv ouddny N.
Avuty) n mapatrenon uropel vo anododel 6To yeYovog OTL 1) UixpoTERY andc TooT) UETAL) TwV
OLvVUOUATOVY efvan 1) povadixy) T mou AauBdveton unddn. Q¢ anotéheoua, TOAES and Ti
xhdoelg cuvdéovton UETAE) TOuC amA®g EMEWN €va amd To oTolyelor Toug Peloxeton oe dye-
on yerrvioon pe €va BIAVUOUA TTIOU OVAXEL O XATOLN OTOUAXEUOUEVY XAAOT), enneedlovTog
aEYNTXXG TN ADoT) Tou adyopiduou ouadomoinomng.

Emmiéov, ot xopugaieg ETMBOCELS EMITUYYAVOVTAL YENOLOTOMWVTAG UEYAIAES THWES TNG Ta-
popéteou p we meog Tic AvgSimC xoa MaxSimC petpuée, dnwe nopatnpeeiton oto 6eid xan
0L TEPS Blary AUt TOU Ly Auatog 6.7. Autd elvon Eva AVOUEVOUEVO ATOTEAECUOL, OEDOUEVOL
OTL oL WXEEC TWES Tou P 0dN YoV oTr dnutovpyio wxedtepou aptduol TEMXOY ECOUAAVUEVLY
Stavuopdtov yia xdde AEEN. T'evixd, 1 xohOtepn Ty Tou p e€aptdton TOG0 and TO XELTAPLO
oLVdeoNE 660 xou amd TN BAoT BESOUEVLY TOU YENOLOTOWUUE. 20TOC0, Ol BlaPOpES HETAED
TWYV ETUOOCEWY TOL HOVTEAOU UOG Yial 000 DLadOYIXES ETLAOYES TN TOEUUETEOL P OEV Elvat T6GO
ONUAVTLXES.

Téhog, mapotneolue OTL ywelc TN yehon T Teyvixng e€oudiuvong 1 anddooT TN TEoTEL-
VOUEVNE TIpoGEYYLoNg e€0pTdTon OE UEYAAO Pordud amd tov aptdud twy Yeydtwy K. Anodidouue
QUTY T CUUTEELPORE TOGO oTIG VopUPBMOELS VEPATIES AVATUPUO TAOELS TOU UTOREL VO ELOA-
9oLV 670 povtého pag xadde o apriuog Ty Yeudtwy auidvetar 600 xaL GTo dpaLd BEBOUEVL
exnaldevone (Arydtepa dedopéva amodidoviar o xdde OKEM 6tav to K eivar peydho). Q-
01600, 1) enldpaocn Tou YopUBou UELOVETAL Xou 1) AVIEXTIXOTNTA TOU HOVTEAOU UOC OVOXTETOL
OTAY YPNOWOTOLOUUE TNV TEY VXY ECOUAALVOTC.

6.5 ATOTEAECUATA OCNUACLOAOYIXNS OUOLOTYTAS

Ye auth) Ty evoTNTo 0loA0oYOUUE TNV adBOGCT] TOU GEUTEQOU HOVTENOU UOC OE U1} GUUPEO-
Copeva oOVOAa BEBOPEVWY, YENOLOTOLOVTOS TEEW UETEXES Tou LloYeTRUNXaY Wiaitepa 0T
Bhoypapla. To Xyfua 6.8 mopoucidlel Ty anddooT NS TEOTEWOUEVNS TROGEYYLIONG (¢
cuvdptnor Tou apripol Yeudtwy K. Ernlong, ot aviictoiyeg anoddoelg Tou baseline poviéhou
(K = 1) anewovilovton yia x8e civoho dedouévwy. Ao tor anoteréopata Tou hoBdvouue
YLt OAEC TIC METEES Xou Yt ToL Tpla GOvohal BeBouévwy, TopaTtnEolUE Wiat copt| oyéan ueTaly
Tou apriuod Twv Jeudtwy xou g anddoons. O uxeodtepog aprludg Yeudtwy emTuyydvel
TIC XOADTERES ATOBOCELS, EVE UEYAAOTEPOC elvan 0 apriuds Twv Yeudtwy galveton vor odnyet
otnyv unoBdiulon Tne ToldTNTuC TV TEOPAEPE®Y pag. ATodBouue aUTY| TN CUUTERLPOEA OTNV
UENUEVY EBWOTNTA TV VEPATIXDV AVATORUC TACEWY TOU TOEOLCLELOVTOL OTO GUC TN UAC
xadde o apipde v Yeudtwy auidvetor (o ondvia vouata AEEEmY xwdixonotolvTon ot
aUTE). AvahuTixd, yioe xdde PETEX TopaTNEOVUE OTL:

e MaxSim: Ou xoAUTEREC EMBOOELS EMTUYYAVOVTOL YENOWOTOLOVTOS 5, 5 xou 10 Véuata
yioe T oOvoha dedouévewy RG, WS-353 xow MEN, avtiotoiya. H anddoorn tou poviérou
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Yyfua 6.8: H anddoon tou 6e0tepou HoVTENOL k¢ GLUVAETNOT TOU TAHDOUS TV YEUdTOLY Yio T

ouugealoueva oOvola BEBOUEVWLY, YenotponotdvTas Tic uetpixée (o) MaxSim, (B) AvgSim xou

(v) AvgSImW . Ot tpeic SLoxexOppEVES YPUUUES AVTITPOOKMTEDOLY TIC AVTIOTOLYEC ATOBOOELS

Tou baseline govtéhou yio xdde cUVORO BEBOPEVLV.

oTo Vo teheutalar GUvola BEBOPEVWY ToEOUGCIALEL OYEBGY TNV (Blol GUUTEPLPOET, xodg
Bev xatapépvel va Eemepdoel TNy avTioTolyn anddoon Tou baseline povtéiou yia K > 30,
x4t ou dev oy Vet v To RG.

AvgSim: To povtélo pog dev xotoapépvel vo Eenepdoet Ty anbédoorn tou baseline yo-
VTEAOU Yot oYEBOV OAeC TG emAOYES Veudtwy xon oo Tplot chvoha dedouévwy. Autd da
umopoloe va amodolel 6To YEYOVOS 6Tl TG0 oL YopuB®OELE 660 %ot oL Xahd ToToVETN
MEVES BLOVUOUOTIXES OVAOEAo TAGELS WG AEENe oupfdhhouy e€lcou GToV GYNUATIONS
TWV ONUACLOAOYIXWY OUOLOTHTWY.

AvgSimW: Kau yio ta tplor oOvoha 5edopévmy to ovtého Yog EEMepVE TIC avTioTOLYES
emdoboelc Tou baseline povtéhou xatd péco 6po 1,5% yio xdde K > 1. Ov xolUtepeg
EMBOCELC TOU POVTENOU POG ETITUYYAvVOVTAL UE TN Yerom 9, 5 xou 10 Jepdtwv vyl ta
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cLUvola dedouévwy RG, WS-353 xou MEN avtictotya.

F'evixd, to obvoho dedopéveyy MEN eugavilel v mio oyuey| anddoorn. Autd €yel ue-
YaAn onuacio dedouévou 6Tl anotehel To o a€LOTIOTO GUVOAO BEBOUEVWY UETOED TWV TEUWOY
CLVOAWY Bedouévwy Tou yenotponotolue. Booiloupe auth Ty mapadoyn ot TEoUATIX
amotehéopata Twv Batchkarov et al. [2016] ol onolot onuetddvouy dtL o pxpd péyedog twv
RG xow WS-353 xadotd 50o%0oAn TNy allomo T Slopoponolnon UETol HOVTEAWY.

6.6 XOyxpion pe 1 PiBAoypaplio

Ytov Hivaxa 6.2 cuyxpivoupe ta 800 povtéra pag ue state-of-the-art poviéha mou yenot-
HOTOLOVY TOANUTAES BLUVUCUOTIXES AVATHEOC TAOELS Yo xdde AEEN. Ot avapepdueves embOCELS
avtioTololv oTIC xahiTepes TEoPBAEYelC Yo xdlde cOvoho Bebouévmv. Luyxexpyéva, ol e-
moooE Tou avagépovTal yioe To TDSMs clotnua o un cuugealoueva cOVoRa SEBOUEVLY
avTioTolyoly ot et MaxSim, evé n andédoon tou UTDSM ota (Slor sOvola dedouévewy
yenotponoony tn uetpixh AvgSimW.? Tlaupatnpolue 6Tt oL TpoceYYIoE TOU YENoLLOTOLO0Y
eniBhedn (e€wrepixéc Bdoeic Sedouévmy Tou TOEEYOLY XETol TROTEPT VOO OVAPOPIXL UE
™ onuactohoyio Twv AZewv) emtuyydvouy LPNhoTERES ETBOGEL; TOG0 GE GUUPEALOUEVD 6GO
X O€ UN-oUUPEAlOUEVA CUVORA DEBOUEVHV.

H npodtn mpocéyyior| poc (Metypa ané OKXM) emtuyydver tny opxetd udnin anddoon
(68,3) vy ™) petph MaxSimC, 6cov agopd o oivolo dedopévewv SCWS. Q¢ mpog tn ye-
Tewry AvgSimC, n npotewduevn mpocéyylon emtuyydvel anddoon 70,2 mou npooeyyilel ta
ovoThRoTe Pe TNy uPnAdtepn amddoon (70,8 xau 71,5, avtictorya). To yoviého oclvining
Behtdveton MEpautépm TNV ambédoom Tou povtélou yia T petpixy AvgSimC (70,5). ‘Ocov
apopd T GUVOAX BEBOUEVKV Yol Tor oTolol Bev TapéyeTon cUUPEALOUEYN TATROYORid, TO [O-
viého ypouuxic moapepforic (TDSMs-LR) emtuyydver xopugaies emddoeic (83,8) yio to
oUvolo dedouévy MEN nou unepfBaiver Tig embdocell OAWY TV UOVTEAWMY TOU TEOTENVOVTOL
ot BBhoypagio. H Bio npocéyyion xatatdooetou tétaptn (72, 7) oe alyxplon Ue ta poviéha
HE TIC XAAUTERES EMDOCELS, 600V agopd To WS-353.

To debtepo poviéro (Eviaio OKXM) Beltichvel tar avapepOuevo anoTehéopota TN TemTNG
o meooéyylone (dtov cuyxpivetar Ue ta oy oo Tov dev amoutolv enifiedn), unodetxvio-
VTOC OTL 1) CUUPBOAT| TWV GNUAGLONOYIXWY CYECEMY TWY AEEEWY TIOL BIUUEVOLY GE BLUPORETIXOUG
Yepotinole Topelg dladpoapatilouvy xdmoto pdho oTny xpion opotdtntac. Emmiéov, To yovtéro
pog EEMEPVE TIC TEONYOUUEVES TROCEYYIOEC Tou Bev ypnowlonotoly enifBiedmn oe Oha oye-
0OV ToL GUVOAOL DEDOUEVMV X0 YEVIXE ETUTUYYAVEL ATOTEAEGUATA CLUYXPICIIA UE ToL XUAUTEQ
ouvothpata TeoPAedng. ‘Ocov agopd To TEOBANUL TNG ONUACLOAOYIXNC OHOLOTNTAS AEEEWY
Tapovsio cuuEalouevwY TAuGiny, To Yoviého onuewwve véo state-of-the-art anddoor lon
ue 69.2, wg mpog ) pete MaxSimC.

H andBoorn twv Loviéhev yia ) petewr AvgSim dev avapépovton otov TTivaxa 6.2.
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SCWS

Approach MEN  WS-353 RG
MaxSimC  AvgSimC
Chen et al. [2014] - 68.9 - - -
Supervised Iacobacci et al. [2015] 58.9 - 80.5 77.9 89.4
Rothe and Schiitze [2015] - 69.8 - - -
Pilehvar and Collier [2016] - 71.5 78.6 - 89.6
Huang et al. [2012] - 65.7 - 71.3 -
Neelakantan et al. [2014] - 69.3 - 70.9 -
Tian et al. [2014] 63.6 65.4 - - -
Chen et al. [2015] 53.6 - - 67.8 -
Unsupervised Liu et al. [2015a] 67.9 69.5 - - -
Liu et al. [2015b] 67.3 68.1 - - -
Li and Jurafsky [2015] - 69.7 - - -
Amiri et al. [2016] - 70.9 - -
Zheng et al. [2017] . 69.9 - - -
Nguyen et al. [2017] 66.9 66.7 76.4 72.4 -
Lee and Chen [2017] 67.9 68.7 - - -
Guo et al. [2018] 68.2 69.3 - - -
Global-DSM 65.9 65.9 77.3 70.3 82.0
TDSMs 67.8 70.2 80.0 72.2 -
TDSMs-LR - - 83.8 72.2 -
TDSMs-Fuse 67.4 70.5 - - -
UTDSM 69.0 70.4 80.5 73.5 86.0
UTDSM+smoothing 69.2 70.6 80.4 73.5 86.0

ITivaxog 6.2: XOyxplon anddoong Yetoll OlopopeTixwy state-of-the-art mpooeyyioewv oe
OLdpopar GUVOAAL BEGOUEVWY YIOL TOV UTOAOYIGUO TNG ONUACLOAOYIXHAC OUOLOTNTAS, OGOV 0popd
N ouoyétion Spearman. To anoteréoyota mou nopouctdlovion Yo TIC 0U0 TEOTEWVOUEVES
TpOCEYYIoEIC TNE epyaolog avTioTolyolV oTIC xaAUTERES TEOPAEEL; Yo, eved To Global-DSM
avTiotolyel oto baseline abotnua.

6.7 Ontuxonowoelg & IMopadsiyuota

e ouTH TNV EVOTNTU TEAYHATOTOLOUUE WULd ONUACLOAOYIXT] avAAUGT] UETAUE) BLOPORETINGY
Yepotindv teptoydv (cross-domain analysis) yio vor aviy VEUGOUUE TIC TORAUANAYES TG EVVOLAG
wag Aé&ne oe dlaopeTinols Touelc Vepdtwy. o 1o oxomd autod, yenoylomoolue pla Aota
YVWOTOV TOACHUAVTWY AEEEWY X0 UETEAUE TN CNUACIONOYIXT) OHOLOTNTO UETOEY TwV Bla-
PpOPWY VEUATIXWY OVOTORAC TACEWY TOU AVTLOTOLYOUY Gty (Bl Btpopoluevn AEEN. Andtepog
OTOYOG AUTAG TNG AVIAUCTC €lvon Vo EEETAOTEL OV TO MOVTEAO UaC Elvon Ixovd vor GUAAPEL
YVOOTEC VEUATIXES TUPUAAXYES GTY) OTUACIONOY (Ol TWY TOANUGHUAVTWDY AEEEWY.

O IDivoxac 6.3 mepuhopPBdver mapadelypota tne avdhuong pog. Ou mo mdoavég Aéec Twv
epdrov (8evtepn otihn) divouv ulor SlanoUnTxn Ex6Vo TwV XVPLWY EVVOLGY TOL TEPLEYOUV.
Hoapotnpolye, Yo mopddetyua, 6T n AéEn python petatoniCeton amd To vonua “@dl” evtdg evog
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Word Topic Words Meaning Similarity
garden, plant, fish, bird, animal snake

python 0.27
software, forum, download, windows, web programming language
definition, dictionary, english, meaning, encyclopedia sheet

page 0.65
software, forum, download, windows, web computing
loan, tax, cash, bank, insurance financial institution

bank 0.47
boat, marine, ship, sailing, yacht slope
health, medical, cancer, treatment, disease medicine

drug 0.61
drug, health, marijuana, alcohol, effects illegal substance
news, nuclear, japan, energy, power energy

power 0.50
math, mathematics, theory, university, analysis math operation
software, forum, download, windows, web 1T

apple ] ) ) ) ) 0.30
recipe, food, cooking, chicken, wine fruit
garden, plant, fish, bird, animal rodent

mouse ) ] 0.48
software, forum, download, windows, web device

. forum, download, software, windows, web computers

window 0.43
car, parts, sale, auto, equipment glass
garden, plant, tree, flower, gardening plants

nursery 0.46
university, school, college, education, program preschool

. university, school, college, education, program course

history 0.68
war, history, news, american, military past
law, court, legal, tax, state law

act 0.39
music, guitar, piano, dance, theatre performance
mountain, river, park, road, trail stone

rock 0.43
music, guitar, piano, dance, theatre music
mountain, river, park, road, trail dwelling

house 0.57
music, guitar, piano, dance, theatre music

[Tivaxag 6.3: Topadelypato Tohvouavtoy AEEEWY TOU LgicTUVTAUL CANXYT) OTNV EVVOLE TOUC
OTAY CLYVAVTOVTOL OE BUO BLUPOPETIXEC VEPATIXES TIEPLOYEC. XTNV TEWOTN OTHAN Topatidevton
ol Aé€ewc umo e&étaon. H dedtepn othin mepthopfBaver tic mo mdavée AEEeC TV VeuaTiny
TOUEWY GTOUG OToloUC GUVAVTWVTAL AUTES oL Aéelc. Kdde oelpd avtiotolyel oe dapopetind
Yepatind touéo. H tpltn othkn ocuvdyel tn ouyxexpwévn onuacio tng AéEng evdiapépovtog
otov avtioTtolyo touéa. H teleutaior TN avTIoTOLEL GTNY OUOLOTNTA CUYNULITOVOU PETUED
TV 0V0 eUaTIXOY avamapaoTdoewy TS AEENG evilapépovTog.

Véuotog oyeTnd Ye tor {wa xan T1 PUOT), GTO VoL AVAPERETAL OE ULl “YAMOCU TEOYPUUUATIOUO)”
o€ éva éua oyeTixd e Toug unoloyiotéc. H Aé&n drug oyetileton xuplwg ye Ty €vvola evog
“popudnou” oe Evay gvpl LUTEIXO TOUE, LPIOTATOL OUWS Wio UiXET) METATOTLON amd oUTH TO
VONUa OTaY cuvavTdTol oe éva Véua mou avagépetal o “rapdvoues ovolec”. H onuacio tne
eCoupeTind moAvoAuavtne AEne act petatonileton and to vonua “Déomiopo/vopoc” ato vonua
“ropdotacn” oe v vouxo xal o évo Jéua yior Ty €y v avtiototya. Ye éva Yepoatind nedio
yio T Louotxy, 1 AEEN rock avagpépeTton o Eva “eldog wouoixic” eV ot Eva upUTEPO VEPUTING
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mhalolo mou avagépetar ot Qoo onualver “Bedyoc”. Télog, 1 AN nursery ovtioTtolyel o
plor “povado toudxng wépuvag” oe évar Véua oyeTInd Ue TNV eEXTldEUCT), EVK 1 onuacion Tng
oaMGlel o “putpto” ot éva Véua oYETIXY PE TOL QUTAL.

Emmiéov, oty Ewdva 6.9 aneixovilouue Toug xpu(polg ONUACLOAOYIX0NE YOEOUS XATOLWY
HOVOCTUAVTOY YELTOVIX®OV GTOLYEIWY TOU avTIoTOoLY00V G 800 BLoXELTEC EVVOLEC TWV AEEEWY
python, nursery, drug, page, apple xa. act yeNOWOTOLOVTOC TNV AVIALGT XVELLY CUVLC TWOWY
(Principal Component Analysis, PCA). Suyxexpyéva, yior TNV omemdvion e onuactoloyL-
NS AANOY S LIS Y VWO TG TOAUCHUOVTNG AEENS HETAEY 800 BLaPORETIXWDY VEUATIXDV TEQLOY WY
Xenowlonotioaue TNy oxoloudn dadiacio, mou Baciletar oTNY avdhuon xOpLKY CUVIGTHOMY
[Pedregosa et al., 2011] w¢ unopoutiva:

e Bploxoupe tic k xovtvdtepeg Yovooruavieg AéEelc Tne umd avdhuon AéEng otoug dvo
Yepatnoie Yweoug Tou eEeTdlouE.

e TrohoyiCoupe Ti¢ PCA avanopoao tdoelg autdv v AEEWY GTOV EVOTOLNUEVO BLAVUGUO-
X YOeo.

e Omtuxonotolue Tig 800 BaCINES CUVCTWOES TWV BLUVUCHUATKDY TOU OVAXOUY OTNV €V~
onN TwV 600 UOVOCHUAVTWY YEITOVIOV TNS AEENG evilagépovtog pall ue Tig avtioTotyeg
Yepatnée avanopaotdoels TN AENg auThC.

Ynueidote OTL meploplloude TNV avBAUGY| UAS OTNY OTELXOVIOT TV 0V0 UOVOCHUAVTWY
YELTOVLOY TNE AEENG evBlapépovTtog, xadog uTodETouue OTL Ol HOVOGHUAVTES AEEELC BlaTneoly
otoepéc oyéoelg xaL oToug dUo und e&étaom yweous. Toviouue 6TL 0 andTEPOS GHOTOG
QUTAC TNG OLadaciag BeV 1) EPEUCT) TNG ATOAUTNG CELRAS TWV TANCLEGTERKY YEITOVGY TV 600
OVATOROOTAOEWY TNS AEENC evdlapépovTog (dedouévou 6Tt tohuouavtes Aé€el Vo uropoloay
enione vo oupmepthnPovy oTa YEITOVIXE GUVORA), 0AAG 0ThYOC Hog Efvol Vo EpEUVACOUNE av
ot 800 Jepotixéc évvoleg tng AéEng Yo umopoloay va dapoporoindoly ye ollomiotion and To
HOVTENO [og.

Téhog, e€etdlovTag TIC TOTUIXES HOVOCHUAVTES YELTOVLES TV AEEEMY TTOU UTOBAANOVTAL OE
avdAuGT), Belyvouue 6Tl TO UOVTEAO UAC TURAYEL OVIWS AOYIXY ATOTEAEGUUTA TOU AVTIXATO-
ntpilouv Ty avauevouevn Yepotinr onuacia Twy AEZewy.
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Yyfuo 6.9: TTopadetyyato 2-8ldoTatev TEOBOAMY TWV XEUPMY GHUACIOAOYIXOY YOEWY TOUL
AWOIXOTOLOVYTOL GTOV EVOTIOLNUEVO BLOVUCUATIXG Y(PO TOU HOVTENOU Wog, amexovilovTog Tig
HOVOGTHAVTES YEITOVIES 800 VEUATIXWY AVaTURUCTACEWY TV AéEewv python, nursery, drug,
page, apple xon act mou e&dyovtal and Blapope ol VepaTixols TopE(c.




Kegpdhowo 7

D VUTEQAUC U

7.1 Xvunepdopato

Ye auth TN Simhwpotin epyacto, mpoteivope apytxd Evay cuvduooud Ocuatind Kotoveun-
HEVLY Xnuaclohoyxwy Movtéhwy yio ToV UTOAOYIOUS TNG CNUAGIONOYIXNE OUOLOTNTAS UETOEY
Ceuywv Aewv. Amodelydnxe oti 1 mpocéyylon Wag Bedtinoe tnv anddoon tou baseline yo-
viéhou (xadohxd KEXM). H xohy) anéBoon tou povtélou autold da unopoloe v anodovel
oTn Snuioupyio Yeuatixdv UTOGUVOLLY XEWEVKDY OTou oL AEEelg evblapépovTtog eppovilovTot
ue ouvapeic YedaTixég EVVoLeG. 1TT CUVEYELN, TUPOUCIACUUE ULal O EVENXTT TEOGEYYLOT) TOU
enextelvel TNV TN uéVodo, P€ow Tng amexoviong Twv Ocpatixdv KEXM oe évav evonoun-
pévo Savuopatixd yweo. To mpoxinTov poviého anoTeAeiTol amd TOMATAES HATAVEUNUEVES
OVOTOEAC TAGELS Yiar xdde AEEN, avTixatontpilovtac Tic Yeyatixéc €VVolég Toug.

LUVohxd, w¢ TEMTO Briud, TEOYUATOTOLRCUUE VEUATIXES TEOCUPUOYES TOU GNUACLOAOYLXOU
YWEOoL YEow tNne exnaidevong Ocuotinwy KXM nou Bactlovton o teyvixéc Jeyoatinfic ovte-
hormoinong. Oewprioaue OTL AVTEC Ol TPOCUPUOYES 00T YOUV GTNY ATOUOVKOT] TWV TOAATAMY
VeUaTIXWY UOVACEWY TOU AVTLOTOLY0UV GE TOAVCHUAVTES AEEelS, PactlOuevol TNy Topadoy
OTL oL TOANVGUAVTES AEEELC AANGLOUY TIC EVVOLES TOUC GUUPMVO UE TIC VEUATIXES TEQLOYES OTIC
omoleg cuVAVTGVTAL. Xe auTd To onuelo, évag ouvduaouos BOeuatixyv KXM da uropoloe
va. yenowomoundel yia var ouyxplvel Ti¢ xowég aofoelg 500 AEZewv xdtw and Eva cuyxe-
xpévo Véua. oTtéc0, N Tapamdve clyxpeion neplopiletal o eninedo VePATIXWY TEQLOYWYV.
It vou Eemepaotel aUTOC 0 TEQLOPLOUOE —aVTE VoL YENOWOTOLACOLUE €VoY GUVOUCHS Oguat-
xwv KEM— mpotelvaye 6tL oL dlavuoyotixol yweol mou opllouv to Ogpotind KXM npénel
var eVYUYROUIIO TOOY ¢ Ttpog évay otadepd/avapoptxd BlavuoUaTixd Yo, EMTEETOVTAS TN
oUYXELOT| AVAUESH GTIC VEPATIHES DLUVUOHATIXES OVOmopac Taoel Aélewy. 'Eneita, npoteiva-
HE Wi TEYVIXT] €COUdAUVOTE TIoL UELOVEL To Vopufo mou €xel ewoay Vel 6To YOVTEND XATd To
OLdpopal GTABLOL XATAUOHEVHC TOU X0 ovoxTd TNV adlomoTio Tng anddoorc Tou o€ TeoBAruaTo
ONUACIONOYIXNGC OpOLOTNTAC AéEewy. AT'600 Yvwpilouye, 1 SOUAELS TTOL TEQLYPAUPETAL OE QUTH
T OImAWPTIXNY EpYACid AMOTEAEL TNV TEOTN TEOGEYYIOT XATd TNV onola oL uEYoBdoL amexdVL-
ong YeTagd GNUACIOAOYIXDY YOpwV EQuoUdlovTon 6To TEOBANUA TNG eXdinong TOANATAGDY
OVATUEAC TAGEWY TOAUCHUOVTOV AEEEMV.

AvahuTtinotepa, x0plog GTOY0C AUTHG NS EPYACIAC NTOY Vol BIEPELVACEL TIC AMEXOVICELS
HETOEY ONUACLOAOYIXAOY YWEMY OTOV YENOWOTOOUVTOL HOVOYAWCOIXA DEBOUEVO. ZEXVWMVTAS
oo wa Mota and onuaciodoyikés dykupeg mou xodopilouv Tig Tapamdve aneixovioelg, e&e-
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tdoope tov pdro: (a) Twv akyoplduwy aneédvions, (B) tou TAKHoUC TOV CNUUCLOAOYIXGY
oy xupv, (Y) tou Baduol Tolvonuiuc Twv AMEewv oL oVATUPUCTACEL, TwV OTolwY Yenotuo-
TOLOOVTOL WE OTUACLOAOYIXEC AYXUPES. MUYXEXQUEVA, TO xUplo xivnTed pag ftay 6Tl oL To-
Auohuovteg Aé€elg ahhdlouv TiC EVVOLEC TOUG GE BLopopeTixols VepaTixols TOUES Xal wg eX
TOUTOU OL OYETEG VETELC TOUG GE BLapopeETIXOUC VEUaTIX0UC YWeoug VeUdTwY Tapouctdlouy
avtiotolyeg mapahhayéc. (lotdco, vnovéooue 6TL xdTl Té€Too eV cuuPaivel otav e€eTdlovTton
HOVOCTIUAVTES AEEELS. LUVETWS, UTOVECOUE OTL Ol XATOVEUNUEVES AVATAUEAUOC TUOELS LOVOOTUO-
VIWV AEEWVY anoTeENOUY onuaciodoyikés dykupes mou xadopilouvy T avTioTolyloele uetald
OTNUACLOAOY XY BLUVUCUATIXOY YOPwY, BeBoUévou OTL Slatneoly oTaEREC ONUAUCLOAOYINES
oyéoelg oe OAeg Tic Vepatneg neployée. H mapamdve undieon emxupdinxe y€ow tomv melpa-
HOTIXOV JOG ATOTEAECUATOV.

Emuniéov, a&iohoyfooue TNy amddoon TV HOVTEAWY UoC O TROBAAUATO GNUACIONOYIXNS
opolotnTog Aé€ewv ol onoleg eugpavilovtal T6c0 napousior 660 xaL amousia GUUEPEALOUEVGLY
mhatciwy. Erlong €youue dellel 6Tt péow TNE YEHONS YEUUUXDY 0pU0YWMVIWY ATEIXOVICEWY TO
Evidio Oepoatind KEM ToAATAGY avamapao TAcE®Y ETTUYYAveL otadepd xoAUTERT ETidOOT
otav ouyxplveton Ye to baseline cUotnua, vTodexvioOVTAC TNV UTEPOYT TNG YENONG TOAAA-
TAGY AVATOEAC TACEWY oVE AEEN EVOVTL TNG YPHOEWS UELOVOUEVOY OVITOROC TAGEWY AEEEWV.
Téhog, e€eTdloVTag TG TOTUXES YELTOVIES YVWO TRV TOAVCTLOVTLY AEEewv Tou Peloxovion oe
dlapopeTinole Yepatixole Touels, emBefoumooye OTL TO HOVTELNO pog cuNopPBdvel Aoyuég
Yepatinég dapopornolnoelg Tne mowiAng onuactag Toug.

Ev xotoxheldt, ot ancixovioeic uetall onNUACLOAOYIXOY YORWY @aiveTon vor etvol TOAD eATL-
00POPEC GTN ONUACLOAOYIXT] AVAAUGT] TOAUCHUAVTOY AEEEWY, XIS ATOTEAODV ULl EVENXTY
xalL XAPOXOVUEVY TeooEYyion mou Yo unopoloe euxoha vo emextadel oe éva povtého mou
hertoupyel ywelc xoula eniBAedn.

7.2 Koateudivoelg yio LEANOVTIXY Epyacia

To 800 povtéla nou e€etdlovtan oe auth v epyacia (Mixture of TDSMs, Unified
multi-topic DSM) axohoudolv npoceyyioeic ToAamhdY otadiny Tou Teptéyouy dlapopeTi-
%€C TEOTUTEC UANOTIOLACELS X0l TOEUUETEOUC TOU TEETEL VO GUVTOVIOTOUV Yiot Vo BEATIOGOUY
v anédoot Toug. Ilpoteivouye Tic oaxdhouteg Wéeg Yo xde Evar and To Bacixd GTddL TOoU
HOVTENOU HaC W xATELVUVOELS Yiot JEAAOVTIXT epyaoio:

Ocpatixy) Movichornoinon

o O olyoprduoc Latent Dirichlet Allocation yenouyiomnoteiton yio T dnuiovpyio Osuatinddy
KX¥XM. Qotéco, autd 1o depotind goviéro dev elvon oe Y€on Vo LOVIEAOTOWCEL TIG
ouoyetioeic YeTadl Twv Vepdtny, eNeldr| amodidel wa eviaio xatovour| Téve ot Yéuata
yio xdde €yypagpo. Avtl autol, Yo unopoloe va yenotponoimniel Eva tepapyind VeuaTinos
HOVTEAO YLOL VO YOAUPWOEL TOV TOROTAVE TEPLOPIOKO.  LUUPVO UE AUTO TO OYNudL,
éva uelypa tepapyxdv OKEM da unopoloe vo xataoxsvoctel o plor mpoonddeia v
oUMGBeL Tic axpifelc oyéoeic avducoa oe Lelyrn AéZewv xadopilovtag wa Slodpoun
eZdpTNoNng UETAE) TOV SLPORETIXDY ETUTEWY TV Vepotixwy KX M.
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Ynpactoloyixég ancixovioelg

e Ou onuactohoyixéc amexovioel HETOED TWV YWEWY TEOEAEUOTS Xal TEOORIOUOU YeT)-
oWonoloVY ol AMoTa HOVOSTHAVTWY AEEEWY Tou eEQyOVTaL Ad TOV XUTANOYO EVVOLDY
tou WordNet. H npotewvouevn tpocéyyion do urnopoloe eixola va petatpanel o €va
povtého ywelc eniBiedn, dv ol povooruoavteg AEEEIC oVOry VWPLOTOUY oUTOUOTOL Otd TO
povtého ywelg tn yenorn Tou WordNet. I'a var yiver auto, Yo prnopoloe va e€oyel €vog
Tivoxag anocTdoewy avdueoa o Celyn A&ewv Yo xdde Vépa. Xtn ouvéyela, ta Lebyn
HOVOCTUOVTLV AEZEwY Vol UTOPOUCUY VO AVaY VWEIGTOUV WG EXEIVAL TOU €Y0UV UIXEES
anoxAloElC amOCTAOTG OE BLUPORETIXOUS TOUElC VeUdTwy.

o O TeYVIXEC AMEXOVIONG TTOU UEAETWVTOL OE UTH TNV EpYacia UTOVETOLY OTL UTdEYEL £Vag
YEUUUIXOC PETACY NUATIOUOC UETOEY TV YOPWY TEOEAEUaTE Xt oToyou. otéc0, Yo
umopoloay eTioNS Vo EEETACTOUY UN YROUUXES ATEXOVIOELC UETAZ) TV ONUACLOAOYIXDY
YWEWYV YENOHLOTOLOVTOS OPYITEXTOVIXES PordidV VEUPWWIXDY BIXTUMVY.

Teyxvixn eopdAuvovrng

e ‘Ocov agopd v eVt eoudiuvorng, Yo unopoloay va yenotwonomdoly Sidpopot
gAhot ahydprduot Tadldéunong yio T dnuiovpyio ouddwy Yepatixmdy dtavuoudtwy (T.).
opadonoinon k-péowv). Emmiéov, to mAfdoc twv xhdoewy Yo uropoloe va Bektioto-
roinUel péow Ttou alyplduou ouadomoinong, meoxeyévou va peiwdel To TARYoC TeV
TOUEUUETEWY TOU HOVTENOL Uac. AuTo Yo umopoloe va e@apuocTel Uéow Tng BeATioTo-
Tolnong evog xpltneiou, OTwS To ECWTERIXO AJPOLOUN TETRUYWMVWY TV XAACEWY.

e Téhog, VYa unopolvoay va yenotwonotndoly mo TeonyUéves Teyvixég eCOUdAUVONG TWY
OlopopeTiny VeUoTixdy dlavuopdtwy xdde AéEng, ue tn yenorn I'xaouvstavdyv diavu-
oudtowv. H 6éo auth Booileton oty avtictoryn dovketd twv Chen et al. [2015] ot
omolol uTtooTNEouV OTL 1 AVATUEACTAoT TWV AEEEWY WS ONUEY OE Eva BIAVUOUATIXG
YWEOo Oev unopel va avTxatonTeioel Ti¢ oUVIETEC ONUACLOAOYIXES CGYECELS UETAEY TRV
AEEEWV.
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Abstract

Distributional Semantic Models (DSMs) constitutes a popular method that estimates
the meaning of words from the statistical analysis of their contexts. The extracted word
representations have been successfully applied to various Natural Language Processing
(NLP) applications, and they are typically utilized to compute pairwise semantic similar-
ities of words. However, one major deficiency of traditional DSMs is that the multiple
senses of a polysemous word are conflated into a single vector space representation.

The goal of this Diploma Thesis is to alleviate the above problem, via proposing two
models that leverage topic representations of words extracted from Topic-based DSMs
(TDSMs). Firstly, motivated by the fact that typically words appear with a specific sense
in each topic, we propose a semantic mixture model that enables the combination of word
similarity scores estimated across multiple TDSMs. Afterwards, we extend this work in
order to acquire a unified representation of the multiple topic-senses of words in a common
space. In this direction, each of the TDSMs are aligned to a common vector space via linear
mapping. This results in a set of embedding vectors per word with cardinality equal to
the number of topics; the number of resulting vectors is further reduced via agglomerative
clustering.

Furthermore, on of the main scopes of this thesis is to investigate different ways to per-
form the mappings from the topic sub-spaces to the unified semantic space. Specifically,
we hypothesize that TDSMs capture meaningful variations in usage of polysemous words,
while the relative semantic distance between monosemous words is preserved. This, moti-
vated as to think of monosemous words as semantic anchors that determine the mappings
between our semantic spaces. Up to our knowledge, this is the first time that mappings
between semantic spaces are applied to the problem of learning multiple embeddings for
polysemous words.

The proposed models can be evaluated on both contextual and in-isolation semantic
similarity tasks, showing a significant improvement of correlation with human annotations,
compared to a baseline approach that does not use topic models. Moreover, our models
report performances comparable to the best predictive systems that are proposed in the
literature.

Keywords

semantic analysis, topic modeling, LDA, distributional semantic models, Word2Vec,
embeddings, topic embeddings, semantic mappings
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Chapter 1

Introduction

1.1 Lexical semantics

By the term semantics we refer to the study of meaning in language. Its broad def-
inition incorporates two different intellectual enterprises: one is philosophical semantics
dignified and inscrutable; its goal is to formulate a general theory of meaning and the
second is lexical semantics, grungy and laborious; its goal is to record meanings that have
been lexicalized in particular languages [Miller and Charles, 1991]. The work presented
in this Diploma Thesis clearly belongs to the second category, which also constitutes a
well-known domain of Natural Language Processing (NLP).

From a computational perspective, lexical semantics aim to facilitate computers to
detect aspects of meaning in language, as well as to encode this information in a formalistic
way that enables their interpretability by computers. The importance of understanding the
semantics of lexical units is paramount to language comprehension and acquisition, as they
constitute the basic components of human language. To realize how the non-integration
of this knowledge to computer systems could lead to undesirable results, let us examine a
real example. Suppose that we use a question-answering machine and we forward to it the
question “When was Linus Torvalds born?”. The machine answers “Linus Torvalds was

born in *”

, by just posing a Google query after converting the question into a statement
using syntactic rules. This is an easy example that does not require any knowledge of
lexical semantics to be answered correctly. Now suppose that we forward the question
“What plants are native to Scotland?”; the machine outputs “A new chemical plant was
opened in Scotland”, which clearly indicates that the system is incapable of understanding
the question. Why is it hard for the machine to infer a correct output in the previous
example? The answer is straightforward: word semantics were not taken into account.
Continuing with the latter example, another linguistic phenomenon is illustrated that
plays a major role in language comprehension. Specifically, the polysemic nature of the
word plant could drastically affect the reliability of the output answer as the word could
be either reffered to a small organism or a factory, depending on the context it belongs
to.

Cognitive experiments seem to indicate that the understanding of these semantics
could be aided by the fundamental cognitive relationships between words [Marmaridou,
2000]. One straightforward implication of this observation is that a word’s meaning highly
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20 Chapter 1. Introduction

depends on the semantic relationships it shares with other words. For this reason the
task of semantic similarity computation —which corresponds to the degree of likeness of
meaning between two terms— is a popular domain in NLP that attempts to reveal the
pragmatic semantics of words. Some of the applications of NLP that integrate the above
information in their systems include: automatic translation of texts, information retrieval,
automatically summarizing text, natural language generation, question answering, search
engines and converting spoken speech into text.

1.2 Thesis Scope

Word-level representation learning algorithms adopt the distributional hypothesis [Har-
ris, 1954], presuming a correlation between the distributional relationship and the semantic
relationship of words. Typically, these models encode the contextual information of words
into dense feature vectors —often referred to as embeddings— of a k-dimensional space,
creating a vector space model (VSM) of meaning. These embeddings have been proved
useful in various NLP applications, such as information retrieval [Manning et al., 2008],
sentiment analysis [Tai et al., 2015], machine translation [Sharaf et al., 2017] and others.

Despite their popularity, traditional DSMs rely solely on models where each word is
uniquely represented by one point in the vector space. From a linguistic perspective,
these models could not accurately capture the meaning of polysemous words (e.g., bank or
cancer), resulting in conflated word representations of their diverse contextual semantics.
To alleviate this problem, some works incorporate multiple representations per word in
their corresponding VSMs, based on clustering local contexts of individual words [Reisinger
and Mooney, 2010, Tian et al., 2014, Neelakantan et al., 2014]. In parallel, psycholinguistic
evidence seems to indicate that global context can also help language comprehension.
Latent topic models are introduced as a natural way to represent global context of words
in Liu et al. [2015b].

Following the same direction, we firstly propose a topic-based semantic mixture model
that utilizes a combination of similarities extracted from Topic-based Distributional Se-
mantic Models (TDSMs). This work is also described in the published conference paper of
Christopoulou et al. [2018]. The main motivation behind the use of topic modeling, for the
task of word semantic similarity computation, is to adapt the similarity estimates provided
from various topics. This is similar to using semantic mixture models to encode multiple
senses in words. Afterwards, we recognize that one of the major deficiencies of the above
approach is that it fails to capture the relationships between words that do not reside in
the same thematic domain, as the comparison of a pair of words is restricted to a topic-
level. To overcome this problem, we additionally propose a more flexible framework that
utilizes TDSMs, in order to create a unified model of multiple topic-based distributional
semantic representations. To that end, TDSMs should be aligned to a reference coordi-
nate system enabling the comparison of topic embeddings extracted from different topic
semantic spaces. Based on existing mapping methods, we analyze the role of monosemous
words in defining robust transformations between TDSMs. To our knowledge, this is the
first work to apply mapping embedding techniques between semantic spaces of the same
language in order to account for polysemy in word semantics.
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1.3 Thesis outline
The thesis is organized as follows:

e Chapter 2 gives a description of the bibliography which is divided in two main
sections, according to the fields that the thesis addresses. The first section gives
a brief review of Distributional Semantic Models (DSMs). Specifically, the basic
categories of traditional (single-prototype) and multi- prototype DSMs are studied.
In the second section we discuss basic transformation methods between semantic
spaces along with their applications.

e Chapter 3 presents the Latent Dirichlet Allocation (LDA) and Word2Vec algorithms
that constitute the two main core systems that our two proposed approaches utilize.

e Chapter 4 describes the main motivation and the system architecture of our first ap-
proach; that is the Mixture of Topic-based Distributional Semantic Models (TDSMs),
along with the mixture schemes we experiment with.

e Chapter 5 presents the main motivation and the system architecture of our sec-
ond approach (extension of TDSMs); that is the Unified multi-Topic Distributional
Semantic Model (UTDSM), along with the semantic metrics that we utilize for eval-
uation purposes.

e Chapter 6 displays the experimental procedure and the results for the different ex-
periments that were conducted, on different datasets.

e Chapter 7 concludes the thesis and proposes directions for future work.






Chapter 2

Distributional Semantics

2.1 Distributional Hypothesis

Distributional Semantics embraces a wide range of approaches based on the distribu-
tional hypothesis, in an attempt to capture meanings of linguistic entities (words, phrases)
from their usage in language. This hypothesis is often described by the famous quote “You
shall know a word by the company it keeps” [Firth, 1957], which presumes a correlation
between distributional similarity and meaning similarity. The direct implication of this
hypothesis is that two words that are considered to be semantically similar are expected
to occur in similar contexts, and vice-versa. The conceptualization of this hypothesis, re-
quires a definition of what constitutes a context of a target word defined in a mathematical
framework. In this work, we follow the commonly used definition of a context as the set
of words existing within a window around each occurrence of the target word.

The functional interplay of philosophy and science should, as a minimum, guarantee...
...and among works of dystopian science fiction...
The rapid advance in science today suggests...
...calculus, which are more popular in science -oriented schools.
But because science is based on mathematics...
...the value of opinions formed in science as well as in the religions...

...if science can discover the laws of human nature....

...is an art, not an exact science .
...factors shaping the future of our civilization: science and religion.
...certainty which every new discovery in science either replaces or reshapes.
...if the new technology of computer science is to grow significantly
He got a science scholarship to Yale.
...frightened by the powers of destruction science has given...
...but there is also specialization in science and technology...

Figure 2.1: Example of the distributional hypothesis of meaning for the word science.
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24 Chapter 2. Distributional Semantics

2.2 Single-prototype representations

The models that follow the distributional hypothesis are often referred to as Distribu-
tional Semantic Models (DSMs). Typically, these models encode the contextual informa-
tion of words into feature-vectors placed in a k-dimensional space, thus creating a vector
space model (VSM) of meaning. From a geometrical perspective, each word is represented
as a single point in the VSM, while semantically similar words are placed closer in the
semantic space and dissimilar words are being put far apart from each other. Baroni et al.
[2014] noted that DSMs of single-prototype representations of meaning can be divided into
two broad categories: the count-based and the predictive models.

2.2.1 Count-based Models

In the simplest case of traditional DSMs, each dimension captures statistical informa-
tion for context items observed to co-occur no further than a fixed distance ¢ from the
target’s instance. This simple counting method results in a co-occurrence matrix, where
the components of each vector can be interpreted as weights denoting the strength of
the relationship between the target and the respective context word. It can be observed
though, that raw co-occurrences are not a reliable source of information for revealing
meaning correlation, as frequent yet uninformative context words (such as the word “a”
in the example of Figure 2.1) tend to co-occur with most of the target words at a high rate.

In order to mitigate this phenomenon, non-linear operations can be applied on the co-
occurrence matrix in an attempt to downplay the role of highly frequent words. Typically,
the most widely used transformation is the Positive Pointwise Mutual Information (PPMI)
defined by Church and Hanks [1989] as:

PPMI(word;, word;) = max(0, PMI(word;, wordy)) (2.1)

P(word;) N P(word,;)

PM(words, word;) =10gx =50 o0 4y Plword,)
) J

(2.2)

In the above relation the numerator gives us information about how often the two
words occur together, while the denominator tells us how often we would expect the two
words to co-occur assuming they occurred independently, so their probabilities could just
be multiplied (see example in Table 2.1).

Since count-based methods calculate the co-occurrence matrix for all words, they re-
sult in sparse high-dimensional representations —that is, most of the components of the
vectors are zero— as a word is often semantically related to a small percentage of con-
text instances. Commonly, dimensionality reduction is applied to the large matrix (in this
case, the PPMI-weigthed co-occurrence matrix) in order to lessen the noise and reduce the
sparsity of the vector space. The basic idea is to generate a lower-rank approximation of
the original matrix, while in parallel retain the relations between the vectors. The resulted
lower dimensional space is represented by the most important dimensions of the data set,
along which most variation happens. The most popular method to generate matrix ap-
proximations of any given rank k is Singular Value Decomposition (SVD) [Landauer and
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player | field | court | Athenian | cart a
baseball 546 350 5 1 35 | 975
basketball | 485 10 410 1 45 | 1053
democracy 1 5 2 350 10 | 375
monarchy 2 1 4 7 276 | 330

!

player | field | court | Athenian | cart | a

baseball 0.38 | 0.97 0 0 0 0
basketball | 0.21 0 0 0 0 |0.01

democracy 0 0 0 1.93 0 0
monarchy 0 0 0 0 1.86 | 0.03

Table 2.1: Example of co-occurence matrix, extracted using raw counts (upper table), and
after PPMI transformation (lower table)

Dumais, 1997], based on extracting the singular values of the initial matrix. An abstract
scheme that summarizes the steps of creating a count-based DSM in depicted in 2.2

co-occurrence matrix dimensionality
reduction
count-based
DSM

Figure 2.2: Abstract representation of count-based Distributional Semantic Models con-

struction.

2.2.2 Predictive Models

Predictive models belong to the new generation of DSMs that frame the vector es-
timation problem directly as a unsupervised task. Bengio et al. [2003] were the first to
introduce artificial neural networks in the field of word semantic representations, and few
years later Collobert and Weston [2008] were the first to establish them as a highly effi-
cient tool in NLP tasks. Although both count and predictive models base their theoretical
background on the distributional hypothesis, they differ in the computational approach
they follow in order to learn geometrical encodings of words. Instead of collecting contex-
tual statistics of words to reveal semantic meaning, the new generation of DSMs turns the
problem to a machine learning task and attempts to build programs which learn to make
correct decisions on training data and improve with experience.

The general structure of predictive models is based on a probabilistic feed-forward
neural network that takes words as input, and embeds them as vectors into a lower di-
mensional space, which it then fine-tunes through back-propagation. For this reason, the
vector representations that are extracted as the weights of the first neural layer of the
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model are usually referred to as embeddings in the literature. A systematic comparison
between embeddings and vector representations obtained through count-based models has
been excessively studied in Baroni et al. [2014] in terms of downstream tasks. The su-
periority of dense representations has been also attributed to computational reasons in
Goldberg [2017], as the majority of neural network toolkits do not play well with very
high-dimensional, sparse vectors.

Word2Vec released by Mikolov et al. [2013b] constitutes the most prominent neural
language model that builds distributional representations of meaning. Its underlying idea
lies in storing into each word vector the information that allows it to predict its most
relevant contexts or vice-versa; predict the contexts from the target word. We leave its
analytical explanation for Chapter 4.

2.3 Multiple-prototype representations

A great percentage of recent work on distributional semantics relies solely on models
where each word is uniquely represented by one point in the semantic space. From a lin-
guistic perspective, these models could not accurately capture the meaning of a polysemous
word, resulting in a conflated representation of its diverse contexts. The problematic na-
ture of single-prototype models could be better understood in the following two examples,
which present two different contextual occurrences of the word python.

e “._students find coding in python a satisfying experience...”
e “...python uses its sharp, backward-curving teeth...”

Here, the inferred meanings of the word python are totally different in the two contexts
(programming language, snake). In order to make these distinctions possible in NLP, we
need to account for polysemy in our models and turn the single-prototype representations
to multiple-prototype representations. In the following sections we group the methods
that assign multiple representations per word into two broad categories: wunsupervised
models induce multiple representations without leveraging semantic lexical resources, while
supervised models constitute knowledge-based approaches.

2.3.1 Unsupervised Models
Fixed number of prototypes per word

Reisinger and Mooney [2010] were the first to introduce multiple-prototype represen-
tations for lexical semantics. Motivated by the distributional hypothesis, they collected
local contexts for each target word (as a vector formed by collecting frequency statistics
in a fixed window around it) and applied clustering on them, with the number of clusters
being the single parameter of the model. The centroids of the created clusters were used
in order to create a set of “sense-specific” vectors for each target word (Figure 2.3).

Following the clustering approach, Huang et al. [2012] proposed a recurrent neural
network that incorporated both global and local context to learn multiple dense, low-
dimensional embeddings. Again the number of possible senses corresponding to each word
coincided with the fixed number of clusters.



2.3 Multiple-prototype representations

27

(cluster#1)
location
importance
... chose Zbigniew Brzezinski bombing
for the position of ... —
... thus the symbol s position (cluster#2)
on his clothing was ... post
... writes call options against appointme
the stock position ... nt, role, job
... offered a position with ... —
... a position he would hold .
until his retirement in ... * single i(ﬁtl::;ﬁr#s)
.. endanger their position as prototype f oo Y.
a cultural group... '
... on the chart of the vessel s ° M
current position ... sk o (cluster#4)
... hot in a position to help... lineman
T tackle, role,
scorer
(collect contexts) (cluster) (similarity)

Figure 2.3: Overview of the multi-prototype approach using contextual clustering.

A probabilistic framework was later introduced by Tian et al. [2014] who extended
the Word2Vec model via representing the probability of a context word given the target
word as a finite mixture of the prototypes of the target word. Using this framework, they
designed an Expectation-Maximization algorithm to learn multiple embeddings, where the
number of senses attributed to each word constituted a predetermined design decision.

Despite the fact that models with a fixed number of prototypes per word established
the first attempts to provide vector representations that integrated the polysemic nature
of words, more recent approaches provide more flexible solutions to the problem. Their
flexibility is attributed to the fact that the real number of senses for words differs according
to their polysemy degree (note that some words have only one sense, a.k.a. monosemous
words) and changes through time as the evolution of language causes the creation of new
senses (e.g., word python as a programming language).

Adaptive number of prototypes per word

More recent approaches mostly relied on neural network architectures that encode
multi-sense information. Neelakantan et al. [2014] motivated by the clustering approaches
of previous models, followed an online method of learning skip-gram sense embeddings
during which they also estimated the number of clusters. Contrary to previous work,
both context and word vectors were learned simultaneously, instead of learning context
representations as part of a pre-processing step. Later, a dynamic Gaussian skip-gram
mixture model was introduced by Chen et al. [2015] enabling the detection of different
number of senses for each word during training. In that work, each word was represented
as a Gaussian mixture instead of a point vector in the embedding space, where each
Gaussian component represented a sense of the word. In a more recent work, Amiri et al.
[2016] made use of autoencoders to map each word to a context-specific representation,
while Lee and Chen [2017], Guo et al. [2014] implemented discrete sense selection through
reinforcement learning.
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All of the above methods utilized the context information of each word occurrence
without taking into account the relative order of words in the context window. Zheng et al.
[2017] suggested that this omission impairs the quality of multi-prototype representations
derived by clustering-based methods, and noted that the order of context words matters
to the meaning of the target word. To tackle this issue, they used a neural network
model, called CSV (Context-Specific Vector), which can generate both word and context
representations. Their proposed neural network architecture contained a convolutional
layer that was designed to produce context representations reflecting the order of their
constituents. After the refined generated context representations were extracted, they
were used to learn context-specific multi-prototype word embeddings.

Another definition of context was also described in Liu et al. [2015b], who treated
context as a topic domain. Motivated by the observation that polysemous words usually
change their meaning when they reside in different topic domains, they were the first
to utilize topic modeling to learn multiple-prototype representations. Specifically, the
Latent Dirichlet Allocation (LDA) algorithm was employed into the skip-gram model to
get the distribution of a word over topics, which was further utilized to extract topic-word
embeddings. In a more recent work, LDA was utilized to infer the weights of each topic.
The weights were further used to define a mixture vector representation for each target
word that predicted its corresponding context words [Nguyen et al., 2017]. Moreover,
Wu and Giles [2015] exploited Wikipedia articles and assumed that words co-occurring in
articles under the same subject share the same sense. The sense-aware prototypes were
produced via clustering the Wikipedia pages based on the global and local contextual
information of the target word.

A probabilistic approach was followed by Li and Jurafsky [2015], who proposed that a
word should be associated with a new sense when there is evidence in its context suggesting
that it sufficiently differs from its early senses. They also noted that such a theoretical
scheme naturally points to Chinese Restaurant Process. According to this probabilistic
framework, each word occurrence corresponds to a costumer while each table corresponds
to a sense of a word. In these terms, a new word occurrence could either sit in an occupied
table (assigned to an existing word sense), or choose an unoccupied table to sit (assigned
to a new word sense).

Guo et al. [2014] proposed a different theoretical framework to induce multiple sense-
specific embeddings for each ambiguous word, using a recurrent neural network. Instead
of using the contextual information of words as evidence of their possible meanings, they
utilized bilingual resources motivated by the fact that a word with multiple senses could
have a different translation in another language.

2.3.2 Supervised Models

The unsupervised methods reviewed so far attempt to conceptualize the polysemic
nature of words via creating multiple-prototype representations from raw contextual in-
formation extracted from massive text corpora. More recent techniques that achieve state-
of-the-art performance in contextual semantic similarity tasks, involve knowledge-based
approaches. In general, these knowledge-based approaches utilize an incomplete knowl-
edge base along with a large corpus of text and try to use the first as a prior knowledge
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to the problem. The most widely known sense inventory used as an auxiliary knowledge
for multiple-prototype representations extraction is WordNet. Nouns, verbs, adjectives
and adverbs are grouped into sets of cognitive synonyms called synsets, each expressing a
distinct concept as described in Miller et al. [1990].

Chen et al. [2014] used the definitions provided for each word by WordNet, in order to
assign vector representation to senses. Using these sense vectors as initial estimations along
with single-prototype word vectors, they refined them through word sense disambiguation
algorithms. Given the disambiguated words, they finally modified the skip-gram model
in order to jointly train words and sense vectors. Later, Iacobacci et al. [2015] used
BabelNet as their underlying sense inventory, which constitutes an enriched database of
WordNet. By leveraging the knowledge of the inventory they automatically generated
sense-annotated corpora, using a word sense disambiguation algorithm. Sense-agnostic
representations were extracted via employing the skip-gram model over the annotated
corpus.

Another knowledge based approach introduced by Rothe and Schiitze [2015] thought
of words as sums of their lexemes (units), and synsets as sums of their lexemes. The inter-
pretation of this theoretical foundation naturally establishes algebraic operations between
word vectors in a mathematical algorithm. More specifically, pre-trained word embed-
dings were extended to embeddings of lexemes and synsets, with the help of WordNet.
Recently, Pilehvar and Collier [2016] de-conflated pre-trained word representations based
on the deep knowledge derived from WordNet. After linking these pre-trained repre-
sentations to WordNet, they extracted a list of semantically biased words towards the
ambiguous word. Given the biased words and the target word’s lemma representations,
they extracted a sense-aware representation for the target word via searching for the vector
with the minimum distance from it.

2.4 Transformations in semantic spaces

As mentioned previously, neural network models —such as Word2Vec— have become
very popular recently, as it has been proved that they significantly and continuously out-
perform the traditional count-based models. Many scientists attributed this superiority to
the natural edge of neural networks over methods that solely relied on word co-occurrence
counts. One of the main characteristics of predictive Distributional Semantic Models is
that they create semantic spaces which are not aligned to a fixed coordinate system, due to
their non-deterministic nature. Basically, this means that if the algorithm runs under the
same dataset twice, it can be noted that the resulted semantic spaces have drastically dif-
ferent global structures. For this reason, the problem of defining transformations between
semantic spaces has attracted a lot of attention recently, as it enables the comparison of
the distributed representations that belong to different datasets.

The most popular application of semantic spaces transformation is machine translation,
where the ultimate goal is to automate the process of generating large dictionaries starting
from few bilingual data. Mikolov et al. [2013a] were the first to introduce such mappings
in order to predict translations of words between English and Spanish. After learning
word representations for the two languages using the Word2Vec model, they proposed a



30 Chapter 2. Distributional Semantics

linear mapping between the two spaces representing the language semantic spaces. In the
aligned coordinate system the correct translation of a target word is expected to lie near
the target word.
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Figure 2.4: Projections of distributed word vector representations of numbers and animals
in English (left) and Spanish (right) using PCA as presented in Mikolov et al. [2013a].

As they noted, their core motivation was that all common languages have similar
geometric arrangements, as they share concepts that are grounded in the real world. Later
work on machine translation focused on the properties of the transformation matrices
between languages [Xing et al., 2015], as well as on the properties of the embeddings
being mapped to the shared space. Specifically, Dinu and Baroni [2014] showed that the
neighborhoods of the mapped embeddings are highly polluted by hubs, which are defined
as vectors that tend to be popular nearest neighbors of many items.

Another application of semantic spaces transformation was later studied by Tan et al.
[2015], who attempted to explore the semantic differences of words between the informal
English of social media (Twitter corpus), and the formal English of well organized texts
(Wikipedia corpus). In order to align the two semantic spaces, they assumed that a
mapping existed between the most frequent words of the two corpora. After mapping
the two languages to a common space, they employed a normalization of word distances
based on term-frequency, and finally used these distances to find words whose usage is
discriminative between the two corpora.

The semantic evolution of words’ meaning can be captured in large-scale corpora that
refer to different periods of time. Hamilton et al. [2016] created diachronic embeddings,
by first constructing embeddings in each time-period and then learn consecutive linear
rotational matrices that mapped the vector spaces of historic corpora that corresponded
to different time intervals, in order to track the semantic drifts of words within-years. The
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relative high dimensionality of diachronical embeddings (20, 30, 200 ...) poses a challenge,
as they are typically not embedded in 2 or 3 dimensions that can be easily interpreted by
humans. For this reason, dimensionality reduction techniques usually take place in order
to visualize the trajectory a word follows over time in a 2 dimensional space.

Figure 2.5 illustrates an example of words’ trajectories that reveal semantic evolution
of words through time. By comparing the relative position of the words with their tempo-
ral nearest neighbor we could track interesting semantic shifts in their meaning that could
also reflect cultural evolution. For instance, the word gay shifted from meaning “cheerful”
or “frolicsome” to referring to homosexuality. In the early 20th century broadcast referred
to “casting out seeds”; with the rise of television and radio its meaning shifted to “trans-
mitting signals”. Awful underwent a process of pejoration, as it shifted from meaning “full
of awe” to meaning “terrible or appalling” as reported in Hamilton et al. [2016].
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Figure 2.5: Two-dimensional visualization of semantic change of three English words.

Recently Prokhorov et al. [2017] applied semantic space transformations in an attempt
to enrich the coverage of an existing vocabulary with rare or unseen words. The interesting
property of their approach is that distributional information derived from text corpora,
could be used in order to complete the missing parts of knowledge bases and vice-versa.
To do so, they created a mapping between a distributional semantic space and a lexical
ontology using semantic bridges of monosemous words.

Mapping Methods

We start by defining basic terminology in order to explain the most popular methods
of alignment between semantic spaces that can be found in the literature. Let X and
Y be the word embedding matrices of the source and target language, respectively. The
i-th column of matrix X is the distributed vector representation x; € R% of word i, while
y; € R? is its equivalent distributed vector representation in the target language. We
aim to find a transformation matrix W € R%*? that maps the source language to the
target language, such that WX is as close as possible to Y. As summarized in Artetxe
et al. [2018], this transformation matrix could be computed through linear, orthogonal of
canonical methods.

e Linear methods in this area were introduced by Mikolov et al. [2013a] who used a
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linear mapping as the first attempt to align semantic spaces for machine translation.
They used a least squares objective function that minimizes the sum of squared
Euclidean distances between the translated pairs vectors of two languages, without
imposing a restriction to the matrix. This problem (also known as Ordinary Least
Square) has a closed-form solution as indicated in Equation 2.3.

W =argmin |[WX — Y| r = (X' X)XV, (2.3)
w

Few years later, Dinu and Baroni [2014], incorporated an L2-regularization term to
the objective function.

Orthogonal methods were firstly proposed by Xing et al. [2015] who noticed that
both the source and the target vectors should remain normalized to unit length dur-
ing the learning phase of the mapping algorithm. They also noted that normalization
is a crucial characteristic that the aligned representations should hold, as it ensures
that the dot product between two vectors falls back to their cosine similarity, the
most widely used distance measurement between word embeddings. For this reason,
they mapped the source space to the target via solving the constraint optimization
problem of Equation 2.4.

W = argmin |[WX — Y||p, subject to WW7T =1. (2.4)
w

From a mathematical perspective, the above problem is known as the orthogonal
Procrustes problem and it has a closed form solution. The optimal W is recovered
by UVT, where U and V, are obtained through the Singular Value Decomposition
(equal to (ULVT)) of YXT. For a more detailed review of the problem we refer the
reader to Schonemann [1966].

Canonical methods on the other side, compute two distinct linear mappings M; and
Moy first, where the objective is to maximize the correlation between the dimensions
of the projected matrices M1 X ans MsY . After computing the two mappings, the
transformation matrix W is recovered through a simple algebraic operation as noted
in Equation 2.4. Faruqui and Dyer [2014] were the first to use Canonical Correlation
Analysis in order to map two semantic spaces, which was later proved to give similar
results to the orthogonal mapping.

W = MflMg, where M, My = argmax cov(M X, MyY). (2.5)
My, M>



Chapter 3

Background

In the following subsections we are going to explain the Word2Vec and Latent Dirichlet
Allocation (LDA) algorithms, the two main core models used in this thesis.

3.1 Word2Vec

The Word2Vec model, introduced by Mikolov et al. [2013b], constitutes one of the
most widely used algorithms to create high quality vector representations of words, which
are typically known as embeddings. From a generic point of view, Word2Vec takes as
input a bunch of text, computes some statistics on that text and embeds each word in
a vector space in such a way that important semantic relationships between words can
be revealed through simple mathematical operations on their vectors. Despite the fact
that the dense representations that this model produces are often used as the main core
of applying Deep learning in Natural Language Processing, Word2Vec is itself a shallow
neural network consisting of one hidden layer. This simple structure makes Word2Vec a
very computationally-efficient model.

At this point, we are going to define an example sentence that will serve as our input
corpus in order to describe the two algorithms that can be used to create word embeddings:
the Continuous Bag of Words and the Skip-gram model. Let our input corpus consists of
the sentence D:

D = {former president Obama speaks to the media in Washington about terrorism}

In order to train our neural network we should firstly extract a vocabulary consisting
of words we are interested in learning representations for. In this case the vocabulary is
defined as follows:

V' = {former, president, Obama, speaks, to, the, media, in, Washington, about, terrorism}

Based on that vocabulary we create naive mathematical word representations, in order
to feed the input layer of our neural network. For this reason, we construct a one-hot vec-
tor representation for each word, which corresponds to a sparse vector with size equal to
the cardinality of the vocabulary (|V|), and zero elements in all indices except for a 1 value
in a unique index reflecting its relative position in the vocabulary set. In our example the
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one-hot vectors are:

[1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0] = former
[0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0] = president
0,0, 1,0, 0,0, 0,0, 0, 0, 0] = Obama
[0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0] = speaks
[0,0,0, 0 1,0, 0, 0,0, 0, 0] = o
[0,0,0,0 0,10, 0,0, 0, 0] = the

[0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0] = media
0,0, 0,0, 0,0, 0, 1, 0, 0, 0] = in

[0, 0, 0, 0, 0, 0, 0, 0, 1, 0, 0] = Washington
[0, 0, 0, 0, 0, 0, 0, 0, 0, 1, 0] = about

[0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1] = terrorism

3.1.1 Continuous Bag of Words Model

The Continuous Bag of Words (CBOW) model aims to predict the target word by
its nearby words that are included in a fixed window around it. The motivation behind
this algorithm stems from the distributional hypothesis, as it tries to find evidence in
the context a word lives to learn its dense representation. We are going to follow the
terminology and notation introduced by Rong [2014] in its detailed review of Word2Vec
parameters learning. The structure of the CBOW model is presented in Figure 3.1.
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Figure 3.1: Continuous Bag of Word Model as presented in Rong [2014].

The CBOW model of the above figure takes as input C' one-hot vectors of |V| di-
mensions each, that correspond to the context representations of the target word. The
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number of neighbors to be taken into account constitutes a design decision determined by
the network creator. At the first stage, we multiply each one-hot vector with the matrix
W € RV*N | which represents the weight matrix between the input and the hidden layer.
Note that the dimensionality of the hidden layer is much smaller than that of the input
vectors, and it coincides with the dimensionality of the produced embeddings. Given that
the input vectors are one-hot encodings, we can notice that the true functionality of the
input layer for the k-th context word is to forward the k-th row of the weight matrix to
the hidden layer. After that, the vectors associated to each of the context words are added
to the hidden vector. Consequently, the hidden vector is multiplied with the hidden to
output weight matrix W’ € RN¥*V and finally it is passed through the soft-max function to
compute the network’s output layer. By taking the maximum value of the output vector
and comparing its index with 1-hot-encoded words, we predict our target word. During
the training of our neural network, we have the actual output of the target word so we can
compute the error of our prediction, and back-propagate it to update the weight matrices
until we meet a termination criterion.

To give a numerical example of the output prediction we continue on our previous
paradigm. Suppose that we want to predict the word Washington, given the context
words media, in, about and terrorism. Let the weight matrix that connects the input layer
of the context word media to the hidden layer be equal to:

0.1 0.0 0.1
0.0 0.3 0.7
0.9 0.1 0.6
0.3 0.3 0.6
0.2 0.6 0.9
W= 0.2 0.3 0.7
0.8 0.9 0.1
0.1 0.3 0.5
0.1 0.7 0.1
0.5 0.5 0.1

The shaded row corresponds to the dense representation of the word media that will be
passed for addition to the hidden layer, along with the dense representations of the other
context words. Now, assume that the rows of the input weight matrix, which correspond
to neighbor words, sum up to the hidden vector:

h=lo4 07 0.6],

which is subsequently transformed into a V-dimensional vector at the output layer, upon
which the soft-max function is applied:

y=10.01 0.08 0.10 0.07 0.13 0.10 0.09 0.09 0.07 0.11}.

The predicted word in our example corresponds to the 5-th word of our vocabulary
(word to).
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3.1.2 Skip-gram Model

The Skip-gram model is the opposite of the CBOW model. Its target is to predict the
context words of a fixed window around a target word, when the only provided information
is the latter. Like the CBOW model, it constitutes a shallow neural network with one
hidden layer as depicted in Figure 3.2. Its input is the one-hot vector representation of
the target word, which forwards the corresponding dense representation given in the input
weight matrix to the hidden vector.

Output layer
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Figure 3.2: Skip-gram Model presented in Rong [2014].

The hidden vector is then multiplied with each output weight matrix W’ € R¥*V  and
the soft-max function is applied to produce the output vectors in complete accordance
to the CBOW model. The only difference is that this model generates C' one-hot output
vectors {yz‘}i:m,..,(), each of them indicating a word in the vocabulary as the predicted
neighbor of the target word.

3.2 Latent Dirichlet Allocation

The Latent Dirichlet Algorithm (LDA), introduced by Blei et al. [2003], is a generative
probabilistic model of a corpus, that attempts to identify the hidden topics lying behind
it. In linguistics, the word “topic” refers to an abstract scheme that gives us information
about what is talked about in a set of words (sentence/document). Putting this definition
into a mathematical framework, we could imagine that a “topic” in NLP applications
is described as a set of words that frequently occur together, or in statistical terms it
could be presented as a distribution over the vocabulary of a corpus. Note that given the
distribution, we can obtain the set of most related words of the vocabulary with respect
to a topic via applying a threshold to its distribution (retain words with high probability).
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3.2.1 Intuition

The basic idea of LDA is that documents (set of sentences) are represented as mix-
tures over topics, where each topic is characterized by a distribution over words. This
assumption implies that a document could not exhibit only a single topic, which seems to
be logical as documents are large entities of text. To gain insight into this assumption let’s
examine the article “Seeking Life’s Bare (Genetic) Necessities”, as well as the distribution
of possible topics on it, as presented in Figure 3.3.
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Figure 3.3: Intuition of LDA, an example presented in Blei [2012].

As explained in Blei [2012], the article is about using data analysis to determine the
number of genes that an organism needs to survive (in an evolutionary sense). The article
has been highlighted manually in order to create clusters of words that could be attributed
to each of the topics residing in it: genetics, data analysis and evolutionary biology.
The words about data analysis, such as “computational” and “prediction” have been
highlighted in blue; words about evolutionary biology, such as “survive” and “organism”,
have been highlighted in pink; words about genetics, such as “sequenced” and “genes,”
have been highlighted in yellow. LDA tries to capture the above intuition, and automate
the procedure of assigning topics to documents, and word distributions to topics. To do
S0, it supposes that each document is generated as follows:

1. Randomly choose a distribution over topics (histogram on the right).
2. For each word in the document:

(a) Randomly choose a topic from the distribution over topics (colored coins).

(b) Randomly choose a word from the corresponding distribution over the vocab-
ulary.
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3.2.2 Notation and Terminology

As we are going to put the above intuition into a mathematical framework, we should
firstly introduce the basic notation and terminology needed to describe linguistic terms and

concepts such as “words”, “documents”, “corpora”, “topic”, as well as the document-topic
and the topic-word distributions. Following Blei et al. [2003] we define:

e A word is considered the basic unit of our data, defined to be an item from a
vocabulary indexed by {1, ..., V'}. Mathematically, it is represented as a vector that
has a single component equal to one and all other components equal to zero. For
example, the representation of the first word of the vocabulary corresponds to a
V-dimensional vector wy =[10000 ... ].

e A document is a group of N words denoted by d = (w1, w2, ..., wy), where wy, is the
n-th word in the group.

e A corpus is a collection of M documents denoted by C = {d1,d2,...,dnr}.

e A topic is a distribution over the vocabulary noted as 8 (5 denotes the topic dis-
tribution of the k-th topic, where k € K and K corresponds to the total number of
topics).

e The document-topic distribution for document d is defined as 6,4, while 8y, 4 is the
topic proportion of topic S8 in document d.

e The topic-word distribution for document d is defined as z4, while 24, is the topic
assignment for word w, in document d.

3.2.3 Algorithm

Generally, LDA could be described as a generative probabilistic model of a corpus,
where the observed variables are documents and the latent variables are the topics residing
in the corpus. As mentioned above, the basic idea of the algorithm is that each document
could be assigned to a distribution over topics, where each topic is a distribution over
words. In order to infer these distributions LDA assumes the following generative process
for each document d in a corpus C, whose graphical representation is given if Figure 3.4:

1. Choose N ~ Poisson(§), where N corresponds to the number of words for d.
2. Choose ¥ ~ Dirichlet(«)
3. For each of N words, wy:

(a) Choose a topic z, ~ Multinomial(%})

(b) Choose a word w,, from p(wy|z,, 3), a multinomial probability conditioned on
the topic z,.
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The ultimate goal of the above process is to estimate the hidden distributions 6y.p,
z1.p, B1.K, given the observed variables wi.p. As a result, the key inferential problem that
we need to solve in order to use LDA is that of computing the posterior distribution of the
hidden variables given the corpus as analyzed in Equation 3.1, using the Bayes’ Theorem.

p(ﬁl:K; eltDa Z1:D> wl:D)
p(wlzD)

The numerator of the above fraction can be computed as the joint distribution of all

p(B1:k, V1D, 21:p|w1:D) = (3.1)

random variables. However, in order to compute the denominator of the fraction we have
to marginalize over all possible topic structures defined by 61.p, z1.p and Si.x. When
doing so a coupling between 61.p and [1.x arises making the separation of them in the
computation of the log likelihood function impossible.
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Figure 3.4: Graphical model representation of LDA as presented in Blei et al. [2003].

So while exact inference is not tractable, various inference techniques have been pro-
posed in order to approximate the above solution:

e Variational Inference. The idea proposed by Reed [2012] was to modify the
original graphical model of Figure 3.3 by removing the edges and nodes which are
responsible for creating the undesirable coupling mentioned above. As a result a
simpler distribution is used in order to approximate the real.

e Collapsed Gibbs Sampling. The approximation introduced by Griffiths and
Steyvers [2004] was that a high-dimensional distribution is simulated by sampling
on lower-dimensional subsets of variables where each subset is conditioned on the
value of all others. The sampling is done sequentially and proceeds until the sampled
values approximate the target distribution.

e Collapsed Variational Inference. Teh et al. [2006] made weaker factorization
assumptions than those made by the Variational Inference algorithm in order to
approximate the true posterior. Specifically, instead of assuming the parameters
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to be independent from latent variables they treat their dependence on the topic
variables, in an exact fashion marginalizing out the 6 and [ variables.

Online Variational Inference. Later, Hoffman et al. [2010] noted that the Va-
rational Inference algorithm requires a full pass through the entire corpus each it-
eration, making the whole procedure slow for large datasets. In this direction they
proposed an online variational inference algorithm based on stochastic optimization
with a natural gradient step. They also showed that the algorithm produces good
parameter estimates on large datasets dramatically faster than batch algorithms.

3.3 Agglomerative Clustering

In this section we briefly describe agglomerative clustering that is utilized as a smooth-

ing technique in our proposed approach. Agglomerative clustering constitutes a hierarchi-

cal clustering method which attempts to build a hierarchy of clusters, following a “bottom

up” approach that separates a set of initial observations into distinct groups based on

some measure of similarity. Specifically, given a set of K observations to be clustered and

a K x K distance matrix (containing distances between observations), the basic process

of hierarchical clustering, as described in Johnson [1967], is:

1.

3.

4.

Start by assigning each item to its own cluster, so that if you had K items, you
now have K clusters, each containing just one item. Let the distances between the
clusters equal the distances between the items they contain.

. Find the closest pair of clusters and merge them into a single cluster, so that now

you have one less cluster.
Compute distances between the new cluster and each of the old clusters.

Repeat steps 2 and 3 until all items are clustered into a single cluster of size K.

In order to iteratively follow the above procedure we could define distances between

observations as well as distances between clusters of observations, via using any of the

following definitions, as summarized in Tables 3.1 and 3.2.
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Distance Equation

Euclidean la — b, =/ (a; — b;)?
Squared Euclidean | ||a — b, =" (a; — b;)?

Manhattan la—bll; = |ai — bi
Maximum la —b||,, = max; (a; — b;)?
Cosine ——sz; ZLZ -
P 1 — Ny TiYi—d Ti) Y
earson \/nzx?—(in)Q—\/nZy?—(ZyiV
2
Spearman 1-— %

Table 3.1: Different measures of distance between pairs of observations.

Linkage Criterion | Equation

Average m Y acA 2 pen d(a,b)
Single min{d(a,b) :a € A,b € B}
Complete max{d(a,b) :a € A,b € B}

Table 3.2: Different linkage criteria specifying the distance between clusters of observa-
tions.
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Figure 3.5: Dendogram depicting the hierarchical clustering of 5 observations.

The above procedure leads to the creation of a hierarchy of observations, as depicted
in Figure 3.5. One of the problems with hierarchical clustering is that there is no objective
way to say how many clusters there are. In order to acquire clusters of observations, we
have to “cut” the hierarchy tree (a.k.a. dendogram) at some point. For example, the red
line depicted in Figure 3.5 denotes the creation of two clusters.






Chapter 4

Mixture of Topic-based
Distributional Semantic Models

4.1 Motivation

Recent approaches that produce multiple distributed representations per word make
use of topic modeling techniques as discussed in Chapter 2. A topic model results into
a parsimonious representation of the topics (thematic domains) that exist in the corpus
under analysis. Typically, each topic is represented as a distribution of words being salient
for the respective topic. The main motivation behind the use of topic models, for the task
of word semantic similarity computation, is to adapt the similarity estimates provided
from various topics. This is similar to using semantic mixture models to encode multiple
senses in words. In this chapter, a topic-based semantic mixture model is discussed for the
computation of semantic similarity between words. This is also motivated by previous ap-
proaches that utilize a combination of similarities computed via Topic-based Distributional
Semantic Models (TDSMs).

4.2 Algorithm Description

The proposed model [Christopoulou et al., 2018] that is discussed in this chapter follows
a two-step approach to extract semantic similarities between word-pairs provided either
in-context or in-isolation, as presented in the following subsections.

4.2.1 Topic-based Distributional Semantic Models
Topic-based Sub-Corpora

Typically, the corpora used in many NLP applications consist of massive collections of
text retrieved from various thematic domains, thus incorporating global contexts of generic
information. However, topic-based (a.k.a. in-domain) corpora are extremely useful for
language learning and comprehension. Despite their usefulness, substantial corpora are
not yet available for many topic domains. One way to alleviate this lack of thematic
data is to exploit available and diverse resources, like generic corpora, to induce their
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construction. As detailed below, we present a method that creates topic sub-corpora via
utilizing the Latent Dirichlet Allocation algorithm:

First, the only data required is a large corpus. It can be a generic one (downloaded
from the web (e.g., Wikipedia)) or a collection formed from reviews (e.g., Movie reviews).
We will need two versions of this corpus. One that contains documents, and another the
contains sentences.

e The document-level version will be forwarded as input to the Latent Dirichlet
Allocation algorithm, as in its default form assumes that each document contains
multiple topics.

e The sentence-level version will be used in order to cluster the initial data to domain
specific clusters, based on the assumption that smaller pieces of document (sentences)
will possibly talk about one topic, so the classification can be strict. Moreover, this
choice adheres to the basic principles of topic modeling, since sentences are topically
complete and coherent units.

The creation of sub-corpora (see Figure 4.1) follows a three-step procedure:

1. Starting from a generic corpus of documents we use the Latent Dirichlet Allocation
(LDA) algorithm to train a topic model, for a number of topics K. LDA associates
each document with topic proportions motivated by the idea that a variety of differ-
ent topics resides in each of them. The trained topic model produces a distribution
of words for each topic, that are semantically related under the corresponding topic.

2. Afterwards, we apply the trained LDA model to the sentence-version of the corpus.
As aresult, each sentence is probabilistically associated with a list of topics, discussed
in the sentence, according to the trained topic model.

3. Finally, a sub-corpus is created for each topic k € K by aggregating the sentences,
the posterior probabilities of which are maximized for k. This hard-clustering scheme
may result in sub-corpora of limited size. In order to relax this limitation, a soft-
clustering scheme is adopted. Specifically, a sentence is allowed to be included in
a topic-specific corpus when the posterior probability for the corresponding topic
exceeds a threshold h. Sentences exhibiting equal posterior probabilities across all
topics are excluded from this process, as they are considered too generic to provide
any topic-related information.

Topic-based Distributional Semantic Models

As mentioned in Chapter 2, DSMs encode the contextual information of words derived
from corpora, into dense feature representations. As a result, the corresponding DSMs
that are trained under them lead to the creation of generic word representations, as the
contextual variations a word exhibits into different topic-domains are not taken into ac-
count. The isolation of different word senses could be achieved by collecting topic-related
snippets into separate bodies of text, using topic modeling techniques as described above.
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Figure 4.1: Abstract Depiction of Topic-based Sub-Corpora Creation [Christopoulou,
2016].

We use the term Topic-based Distributional Semantic Model (TDSM) throughout the
thesis, to refer to a DSM that is constructed over a topic specific sub-corpus. Specifi-
cally, we run the Word2Vec algorithm in order to create topic-specific representations of
words. Note that TDSMs could also be created over the extracted corpora, using any DSM
that encodes linguistic features from text in order to embed words in a semantic space.
Figure 4.2 summarizes the procedure we follow to induce the creation of topic-specific
representations of words starting from a generic corpus.

posterior
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<& o TDSM;
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Figure 4.2: Abstract Depiction of Topic-based DSMs Construction.

4.2.2 Semantic Mixtures

Typically, the computation of semantic similarity between a pair of words is performed
across all of their senses that appear in a corpus. For various semantic tasks related to
similarity computation such models were found to achieve very good performance despite
their divergence from the maximum sense similarity assumption, which suggests that the
semantic similarity between two words can be estimated as the similarity of their two
closest senses. In the discussed model, the aforementioned assumption is adopted via the
creation of topic-based sub-corpora with respect to any pair of words, word; and word; ,
subjected to similarity computation. The goal is the words of the pair to co-occur in each
sub-corpus with their closest senses, pertaining to the relevance with the respective topics.
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This approach is different compared to the typical corpus-based word sense induction (also
referred to as sense discovery), where the discovery is performed individually for each word.
The similarity between word; and word; is computed by a mixture model that combines
similarity scores computed over multiple topic-based sub-corpora, as depicted in Figure
4.3.

Posteriors \

Topic 1: 0.3
combine
word-pair Topic 4: 0.2 | semantic
models
ﬂ Topic 7: 0.5

criterion

Figure 4.3: Abstract Depiction of the semantic mixture model.

Specifically, we follow two different approaches to compute the posteriors depicted
above utilizing different criteria, based on the semantic similarity task we use for our
evaluation. We define L as the set of K topic-specific DSMs (TDSMs) derived from the
LDA algorithm, where A\ is the DSM trained on topic k out of the K topics in total.

Contextual Semantic Mixture

When contextual information is provided for a word-pair (w,w’), a shared context
d’ = c¢® is formulated by concatenating the contexts of each word ¢ and ¢, respectively.
The topic model is fed with ¢’ and outputs a list of candidate topics for ¢”, along with
the corresponding posterior probabilities. These topics are utilized for identifying the
respective sub-corpora, which are used to train topic-specific DSMs (TDSMs). In order

to consider context information, we define two similarity metrics:

X Pkl Se(w, w' Ar)

Savesime(w, w'; L) el (4.1)
Sl plkle)
SMaxsimc(w, w'; Lg) = Si (w, w'; A;) where k = arg max p(k|c”), (4.2)
keT (<)

where T'(¢"") are the candidate topics returned by the topic model with a posterior prob-
ability larger than 0.01, when given as input a shared context ¢”’, p(k|c”) denotes the
posterior probability of topic k for ¢, while Si(w,w’; A) is the cosine similarity of w and
w’ from the DSM that corresponds to topic k. Because the number of candidate topics
can be less or equal to the total number of topics (T'(¢”) < K), for which LDA is trained,
the posterior probabilities are normalized to sum to unity.

Given ¢’ as input to the topic model, Equation 4.1 computes a weighted average
of topic-based semantic similarities using the topics posterior probabilities as weights.
Note that for pairs that share the same word, but are found in different contexts, the
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model always assigns to them a similarity score equal to one, as their representations
are extracted from the same topic-based DSM. The described mixture scheme takes the
middle road between the maximum sense similarity hypothesis and the sense-agnostic
DSMs. This hypothesis is adopted for the identification of sub-corpora in which w and w’
appear with related senses under the thematic domain of the corresponding topic. The
incorporation of the mixture weights in the computation of the final similarity relaxes the
hypothesis. Using Equation 4.2 a pair is assigned the semantic similarity of the topic with
the maximum posterior probability, hence the dominant topic in the provided context.
Additionally, we introduce a fusion model that combines information from multiple
topic models trained for different number of topics. In more detail, for a topic model
trained on K topics, the semantic similarity of a word pair is calculated using one of the
aforementioned metrics, as defined in Equations 4.1, 4.2. Among the similarities produced
by training the topic model for various number of topics, we select the maximum pair
similarity over a group G, of topic DSM sets L , generated by different topic models.

Skuse(w, w') = max Sigim(w, w’; L), (4.3)
LgeG
where Sisim(w, w; Lk) is the (w,w’) pair similarity computed with 4.1, 4.2, using a topic
model trained on K topics and G is the group of DSM sets that will be fused.

Non-contextual Semantic Mixture

The semantic similarity between two words w and w’ is computed using different
similarity metrics with respect to the presence of context for each pair. A mixture model
of topic-based semantic similarities is incorporated to produce the final similarity S(w,w")
between a word pair. In accordance with Reisinger and Mooney [2010], we define two
non-contextual metrics:

K
1

Savesim(w, w'; Lg) = 7 ; Sk(w, w; ; Ag), (4.4)

SMaxSim<wa w/§ LK) = gl&)(({sk(w’ w; ;3 Ak)}7 (45)

where Sy (w, w’; \) is the cosine similarity of w and w’ computed by the Ay DSM, which
was built using the sub-corpus that corresponds to topic k. In Equation 4.4, the unweighted
average of all topic-based pairwise semantic similarities is computed. In Equation 4.5 only
the maximum pairwise similarity, among K topics, is selected.

Finally, we employ a linear regression model to combine pairwise similarities between
topic-specific DSMs, resulted from a topic model trained on K topics. The model aims to
minimize the Mean Squared Error (MSE) by training a set of 8 weights on a group of sim-
ilarities between words. The motivation behind this idea is to learn how to combine topic-
specific similarities for isolated words. The context-dependent similarity metric (Equation
4.1) requires additional input (context) to estimate how much each topic-similarity will
be weighted. In contrast, when no context is present, instead of assuming that all top-
ics contribute equally to the estimation of a pairwise similarity, as described in Equation
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4.4, we argue that a linear combination of topic-similarities will produce a more precise

estimation,

K
1
Str(w,w's L) = Bo + % ; BiSk(w, w'; A), (4.6)

where [ are learned weights by the regression model for the corresponding topic k,
Sk(w,w'; \) is the similarity of a pair (w,w’) computed from the DSM trained on the
sub-corpus of topic k and S is a bias weight. The § weights sum to unity.



Chapter 5

Unified multi-Topic Distributional
Semantic Model

5.1 Motivation

Traditional Distributional Semantic Models (DSMs) represent feature spaces of mean-
ing, where the multiple senses of polysemous words are conflated in single representations.
In this chapter, we discuss the creation of a unified model that assigns multiple distributed
representations per word, via aligning Topic-based DSMs (TDSMs) to a shared space. Mo-
tivated by the assumption that semantic relationships between monosemous words do not
change in different topic domains, we assume that the relative distances of their corre-
sponding representations are preserved across TDSMs, acting as semantic anchors that
determine the mappings between them.

We propose that the Unified multi-topic DSM (UTDSM) system constitutes a more
flexible model when compared to mixture of TDSMs (described in Chapter 4), for two
main reasons:

e TDSMs fail to capture the different senses for a pair consisting of the same words. In
more detail, the comparison between two words is always restricted to be computed
under the same topic domain. As a result, identical words —despite their senses—are
always represented by the same embeddings and therefore are assigned the maximum
possible similarity defined by the distance metric that is used.

e The described restriction leads also to a weakness of the previous work when two
different words are compared, as it assumes that the semantic relationship of two
words is defined in a shared topic domain. As a consequence, two words that do not
share any sense in the same topic could not be accurately compared.

5.2 Algorithm description

Our system follows a four-step approach briefly described in the following sub-routines:

1. Global Distributional Semantic Model. Given a large collection of text data
we train a DSM that encodes the contextual semantics of each word into a single
representation, also referred to as global-DSM.

49



50

Chapter 5. Unified multi-Topic Distributional Semantic Model

2. Topic-based Distributional Semantic Models. Next, a topic model is trained

using the same corpus. The topic model splits the corpus into K (possibly overlap-
ping) sub-corpora SCj, ... , SCk similar to Chapter 4. A DSM is then trained from
each sub-corpus resulting in K topic-based DSMs, i.e., TDSM;, ... ,TDSMg. The
topical adaptation of the semantic space takes into account the contextual variations
a word exhibits under different thematic domains and therefore leads to the creation
of “topic-specific” vectors (topic embeddings).

. Mappings of topic embeddings. Next, we map the vector space of each topic-

based DSM to the shared space of the global-DSM, using a list of monosemous words
that is statistically related to the corresponding topic. In the unified semantic space
each word is represented by a set of topic embeddings that were previously isolated
in distinct vector spaces, thus creating a Unified multi-Topic DSM (UTDSM).

. Smoothing of topic embeddings. As an optional step, we utilize a smoothing

approach based on the use of agglomerative clustering of a word’s topic embeddings
into N groups. We suggest that this step reduces the noise introduced to our system
through the semantic mappings and sparse training data.

The alignment of TDSMs under a common space, leads to the creation of a unified

model of multiple topic-based distributional semantic representations, as depicted in the

abstract scheme of Figure 5.1.

- = = = =

l Word2Vec

______ % ts

v

Unified multi-
topic
DSM

Figure 5.1: Unified multi-topic DSM.
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5.2.1 Distributional Semantic Models

Starting from a generic corpus we train a global-DSM as well as K TDSMs as proposed
in Chapter 4, where K constitutes a fixed parameter of our system. We make the following
assumptions for the extracted DSMs regarding the linguistic features they capture in their
corresponding vectors.

e Global-DSM provides a single feature representation per word. Given that these
representations are extracted from a generic domain, we assume that the meanings
encapsulated in them are not biased towards a topic direction. For this reason, we
expect that the vector assigned to a monosemous word (a.k.a. word having only one
sense) will be well positioned in this space. On the other hand, we expect that the
vector assigned to a polysemous word (a.k.a. word having multiple senses) will be
placed in a position that reflects an average representation of its actual senses. For
instance, the polysemous word cancer is expected to have a close relative distance
to the words astrology and tumor.

e TDSMs also provide a single feature representation per word. The difference from
the global-DSM is that they encapsulate in-domain variations in usage of language,
which facilitates the de-conflation of the multiple meanings of polysemous words in
topic distributional representations. As a result, the polysemous word cancer will be
shifted towards the word astrology in a zodiacal semantic space. On the other hand,
the same word will be positioned closer to the representation of the word tumor in
a medical semantic space.

5.2.2 Mapping of topic embeddings

The intrinsic non-determinism of the Word2Vec algorithm leads to the creation of
continuous vector spaces that are not naturally aligned to a reference coordinate system.
For this reason, we need to align word vectors from different TDSMs under common
coordinate axes, in order to enable their comparison. In particular, we suggest that TDSMs
capture meaningful variations in usage of polysemous words, while in parallel preserve the
relative positions of monosemous words, whose meaning can be encoded in single vector
representations. This observation motivated us to think of monosemous words as fixed
points in our topic semantic spaces, that could be used as semantic anchors to determine
the mappings between them.

In this work, we assume that there exists a transformation matrix Mj between the
vector representations for the monosemous words of each TDSM and the corresponding
representations of the global-DSM. As our ultimate goal is to align all TDSMs to the
unified coordinate system, we use a global-DSM as the target space, whereas the TDSM
representing topic k serves as the source space. We suggest the usage of the global-DSM
as the target space as it provides robust representations for the monosemous words.

Let X = [z1,%2,...,2n] and Y = [y1, Y2, ..., yn] be the matrices of word embeddings
corresponding to the source and target spaces, where z;, y; € R and X,Y € R",
Our ultimate goal is to find a transformation matrix M; € R%? for each topic k, that
approximates the Equation 5.1:

MX =Y. (5.1)
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To solve the above problem we experiment with the well-known mapping methods that
are used in the literature and have already been discussed in Chapter 2.

e Linear
e Orthogonal
e Canonical Correlation Analysis

In order to acquire multiple topic embeddings that reside in a unified vector space, we
follow the above transformation for each TDSM, meaning that for a topic group consisting
of K topics, we learn a set of matrices {Mk}é(:l. The set of topic embeddings that
correspond to a specific word is represented as {sk}le. Specifically, given a word and its
k-th topic distributed representation u, € RY, we compute its projected representation
s, € R? as follows:

S = Mpuy. (5.2)

Returning to the previous example, the word cancer will be assigned multiple dis-
tributed representations that reflect its different in-domain senses in the Unified Topic-
based DSM. A simplified depiction of this example is presented in Figure 5.2.

cancer astrology astrology’

I T Mappings

cancer

cancer’

Figure 5.2: Simplified depiction summarizing the intuition behind the alignment process
of topic embeddings. In the unified system, the polysemous word cancer is represented by
two topic vectors that capture different semantic properties of the word under a zodiacal
and a medical topic. Words astrology and tumor are examples of semantic links that
define the mappings and preserve the relative positions of monosemous-monosemous and
monosemous-polysemous words.
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5.2.3 Smoothing of topic embeddings

Starting from the set of mapped topic embeddings {sk}le for each word, we employ
an agglomerative clustering of the set into N clusters, where closely positioned topic em-
beddings are assigned to the same group. We suggest that each cluster forms a semantic
coherent unit that corresponds to closely related semantics of the target word. Subse-
quently, the vectors of each cluster are averaged to create a representative vector of the
group, leading to a new set of smoothed topic embeddings {s/,}N_; for each word, where
sl € R4,

5.3 Semantic Similarity

This subsection describes how we leverage the topic embeddings of the Unified TDSM
for the computation of word similarity between two words. This task traditionally mea-
sures the degree of likeness of a word-pair in the absence of sentential context. However,
the real problem that multiple distributed representation systems attempt to solve is that
of the polysemic nature of words which highly depends on the words’ contexts. For this
reason, we also discuss the estimation of contextual semantic similarity between words
where the specific meanings of polysemous words are triggered by the provided sentential
information. Overall, to compute the semantic similarity between a pair of words (either
provided in-isolation or in context), we follow the known metrics used in the literature by
systems of multiple distributed word representations.

5.3.1 Contextual Metrics

When context information for a pair of words is provided, we employ the AvgSimC
and MaxSimC contextual metrics, firstly discussed in Reisinger and Mooney [2010]. Given
the word-pair (w,w’) and their provided contexts (¢, ) we define:

1 K K

AvgSimC(w, w') 7 ZZp jlw, e)p(k|w', )d(uj(w), ug(w')), (5.3)
7j=1k=1

MaxSimC(w, w') = d(i(w), a(w")), (5.4)

where K is the number of topics returned by a trained LDA model, u; is the TDSM
trained on the sub-corpus corresponding to the j-th topic after being projected to the
unified vector space, p(j|w,c) denotes the posterior probability of topic j returned by
LDA given as input the context ¢ of word w, d denotes the cosine similarity between
the two input representations and finally @(w) = Uargmax, e Pklw,C) (w) is the vector
representation of word w that corresponds to the topic with the maximum posterior for c.
Thus, AvgSimC corresponds to soft cluster assignment, weighting each similarity term
by the likelihood of the word contexts appearing in their respective topics, while MaxSimC
corresponds to hard assignment, using only the most probable topic assignment.
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5.3.2 Non-contextual Metrics

When context information is not provided, we define the similarity between the word
pair (w,w’) using the following metrics:

MaxSim(w, w’) = max d(uj(w), ug(w")), (5.5)
1Sh<K

AvgSim(w, w'") = %2 Z Zd uj(w w')). (5.6)

7j=1 k=1

The MaxSim metric incorporates the popular maximum sense hypothesis according to
which: the similarity between two words is the maximum similarity between their senses,
while the AvgSim metric assumes that all possible representations of a word should con-
tribute equally to the computation of the semantic similarity between w and w’. Note
that AvgSim and MaxSim can be thought of as special cases of AvgSimC and MaxSimC
with uniform weight to each topic; hence AvgSimC and MaxSimC can be used to compare
words in context and isolated words as well.

The two above non-contextual metrics have been widely used by the systems of multiple
distributed representations when comparing words in-isolation. However, they do not take
into account neither the quality of the corresponding representations of a word nor the
dominance of the “sense” represented by each embedding. As context information is
not provided to guide our choice of embeddings in this task, machine learning techniques
could be used in the non-contextual metrics to help us discover a pattern of fusing the pair
similarities computed between multiple representations. This method has been applied in
Chapter 4, were we used linear regression to learn the weight coefficients of our mixture
model. However, one drawback of the linear regression method is that it is not scalable
to large number of representations per word (a lot of data are required).

Tacobacci et al. [2015] proposed another scalable weighted fusion scheme that incorpo-
rated similarities using machine learning. They highlighted a deficiency of the MaxSim
metric based on psycholinguistic studies. Specifically, they noted that taking the similarity
of the closest senses of two words as their overall similarity ignores the fact that the other
senses can also contribute to the process of similarity judgement. In fact, psychological
studies suggest that humans, while judging semantic similarity of a pair of words, con-
sider different meanings of the two words and not only the closest ones. For this reason,
they used a weighted similarity measurement in which different senses of the two words
contribute to their similarity computation, but the contributions were scaled according
to their dominance. Following their weighted similarity measurement strategy we use the
AvgSimW metric that is a modified version of the AvgSimC metric when context informa-
tion is not provided. Specifically, we define the similarity between the word pair (w,w’)
as follows:

K K

1 (634

AveSinW (w, 0) = — 3 3 p(ilw)p(Kleyd(ws (), w (@), (57)
7j=1k=1

where the contribution of the j-th topic representation of word w is weighted by the

term p(j|w) that denotes the conditional probability of the topic j given w. Furthermore,
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according to lacobacci et al. [2015] the importance of a specific sense of a word can also be
triggered by the word it is being compared with. This is modeled by biasing the similarity
computation towards closer senses, by increasing the contribution of closer senses through
a power function with parameter a.

Moreover, to evaluate the performance of our model on the condensed set of smoothed
topic embeddings the probabilities of Equations 5.3, 5.4 and 5.7 are summed for each of
the aggregated vectors.






Chapter 6

Evaluation & Results

In this chapter, we describe the experimental procedure and the evaluation results.
First, we present the corpus creation, the parameter values of our models that are in-
vestigated in this thesis, the datasets that are utilized for evaluation purposes and our
baseline system (see subsection 6.1). Then, we continue with the evaluation of our first
model (Mixture of TDSMs) on semantic similarity tasks (see subsection 6.2). Afterwards
we present the experiments of our second model (UTDSM) that includes the evaluation
of our semantic mappings on the contextual semantic similarity task (see subection 6.3),
the investigation of a smoothing technique (see subsection 6.4) and the presentation of
our best predictive models for in-isolation semantic similarity computation (see subsec-
tion 6.5). We also compare our two models with state-of-the-art systems found in the
literature (see subsection 6.6). Finally, we present visualization examples of our second
model in a two dimensional space (see subsection 6.7).

6.1 Experimental Settings

Corpus. The main corpus that is used for the construction of our models is a generic,
web-harvested corpus that is created according to Iosif and Potamianos [2015]. As a first
step, the definition of a vocabulary in a specific language is required. To do so, we use a
list consisting of 8, 752 English nouns extracted from the SemCor3 corpus. Then, for each
word of the vocabulary an individual query (a “search text” that is sent to a search engine)
is formulated that contains only the word itself. Afterwards, each query is posed separately
to the Yahoo! search engine and then only the 1,000 top-ranked documents are collected.
Thereafter, from each document, its snippet (small paragraph under the URL of the result
that usually describes each document) is extracted, and finally all snippets from all queries
are aggregated, resulting in a corpus of 116 million sentences. As described in Chapter 3
our model requires both a sentence-version and a document-version of our corpus. In order
to create the latter, the sentences of the corpus are concatenated sequentially in groups
of 100, forming a document-level version of 900 thousand documents. Finally, traditional
preprocessing techniques are applied to both versions of our corpus including tokenization
(splitting sentences to tokens), removal of stop-words (words that do not carry important
information like ‘and’, ‘to’, ‘the’ etc.), removal of punctuation and duplicate lines, and

capitalization (reduce all letters to lower case).

o7
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Parameters. For the construction of Topic-based DSMs we use the Gensim implementa-
tion of the Latent Dirichlet Allocation topic model [Rehtifek and Sojka, 2010] and train 7
models with the number of topics spanning from 5 to 60. The threshold used for the soft-
clustering of the generic corpus to topic sub-corpora is set to 0.1. Google’s implementation
of Word2Vec and Continuous Bag-of-Words method is employed to train both the global-
DSM and the Topic-based DSMs. The context window parameter of Word2Vec is set
to 5, while we experiment with 100 and 300 dimensions. Any parameter not mentioned
is set to default values of the corresponding implementations (e.g., Word2Vec, Gensim
LDA). For a thorough explanation of the above setting options we refer the reader to
Christopoulou [2016]. Concerning the mappings and smoothing of topic embeddings we
use different number of monosemous or random words ranging from 1,000 to 6,000, and
different number of clusters which is analogous to the number of topic embeddings of each
word. Specifically, given a set of topic embeddings with cardinality equal to K, the final
set of smoothed embeddings has a cardinality of pK with p € (0, 1]. Overall, in this thesis
we investigate the role of the following four parameters of our models:

e Dimensionality of DSMs.

e Number of topics.

e Number of words used for the semantic mappings of topic embeddings.
e Number of clusters used for the smoothing of topic embeddings.

Datasets. To evaluate the performance of our models we use datasets that provide
human judgments on semantic similarity between pairs of words. By using these human
annotations as gold standard values we estimate the reliability of our models’ predictions.
More specifically, the Spearman’s p correlation coefficient is selected as evaluation metric
to compare our estimated similarities against the ground truth. The construction of the
above datasets typically follows the following procedure: a pair of words is presented to
humans for annotation, where every annotation measures how similar the two words are
as perceived by a human on a predetermined scale; afterwards annotations are aggregated
to obtain an average measure of similarity between the two words. For example, the pair
(automobile, vehicle) receives an average value of 45 in a [0, 50] scale, which indicates that
the above words are evaluates as highly similar. The above pair constitutes an example
of words presented in-isolation to the human annotators, thus leading to the creation of a
non-contextual dataset. On the other hand, contextual datasets are created via providing
a sentential context for each word during the annotation phase. For example, the pair
(tiger, tiger) receives an average value of 2 in a [0, 10] scale, when the words are presented
in the contexts (... tiger with as many as of hunts ending in a kill reproduction over
the course of her life, ... famous sport figures like tiger woods ...), which indicates that
the words are evaluated as highly dissimilar given their corresponding contexts. For our
experiments we use 3 non-contextual datasets, and the only available contextual dataset.
Their descriptions are presented below:

e WordSimilarity-353 (WS-353) is a widely used dataset for evaluation of semantic
similarity; it constitutes a set of 353 English word pairs along with human-assigned
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similarity judgments in a [0, 10] scale. WS-353 is a collection of pairs for measuring
both word similarity and relatedness, so it has been split into two subsets, one for
evaluating similarity, and the other for evaluating relatedness [Finkelstein et al.,
2002].

e MEN contains 3,000 pairs of randomly selected words to ensure a balanced range
of similarity levels in the selected word pairs. The ground truth judgments were
evaluated on a [0, 50] scale, based on crowd-sourcing [Bruni et al., 2014].

¢ RG or Rubenstein and Goodenough is a set of 65 noun pairs with human similarity
ratings in a [0, 4] scale [Rubenstein and Goodenough, 1965].

e SCWS or Stanford Contextual Word Similarity dataset constitutes the only con-
textual dataset, published by Huang et al. [2012]. It consists of 2,003 pairs of words
along with sentences containing these words and human labeled word similarity
scores in a [0, 10] scale.

Baseline. The performance of the global-DSM model is utilized in the following experi-
ments as our baseline system. Recall that the global-DSM provides one vector represen-
tation per word and as a result it does not account for the polysemic nature of words.

6.2 Semantic Mixtures

In this subsection we present the evaluation results obtained using Mixture of Topic-
based Distributional Semantic Models (TDSMs), as described in Chapter 4. The perfor-
mance of the TDSMs model, for each contextual semantic mixture scheme, is depicted
in Figure 6.1 (a) as a function of the number of topics for the SCWS dataset. The top
performance (70.2) is achieved by the AvgSimC metric when utilizing 40-50 topics. Figure
6.1 (b) illustrates the performance of the TDSMs-LR model, as a function of the number
of topics. Regarding the MEN and WS-353 datasets, the proposed approach is shown

In-context Out-of-context
Mixture
WS-353 MEN SCWS
MaxSimC  AvgSimC
Global-DSM 70.3 77.3 65.9 65.9
TDSMs - - 67.8 70.2
TDSMs-Fuse - - 67.4 70.5
TDSMs-LR 72.2 83.8 - -

TDSMs-MaxSim 72.2 80.0 - -
TDSMs-AvgSim 71.3 79.6 - -

Table 6.1: Performance comparison between best results obtained for different semantic
mixture schemes and different datasets for semantic similarity computation in terms of
Spearman’s p correlation.
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to outperform the baseline for all number of topics. The top correlation score (83.8) is
achieved for 40 for the MEN dataset. For the WS-353 dataset, the same combination of
topics and corpus provides the top performance (72.7). Consequently, we discuss in more
detail the results obtained for each mixture scheme as described in Chapter 4. The best
predictive performances for each of them are reported in Table 6.1.
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Figure 6.1: Performance comparison between different number of topics and different
mixture schemes of TDSMs, in terms of Spearman’s correlation on different datasets.
Plot (a) depicts the performance of AvgSimC and MaxSimC mixtures on SCWS dataset.
Plots (b), (c¢) and (d) depict the performance of linear regression, AvgSim and MaxSim
mixture schemes on MEN and WS-353 datasets. Baseline performances are also depicted.

The improvement over the baseline performance, achieved by the proposed approach
for the semantic similarity computation task, is clearly demonstrated through the use of
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three datasets. We observe that the top performance (72.7), achieved for the WS-353
dataset, is lower compared to the highest correlation score (83.8) obtained for MEN. This
can be attributed to the different dataset designs, e.g., the type of semantic relationship,
as well as the procedure followed for the collection of human ratings. Overall, the reported
improvement for the MEN dataset is statistically more significant compared to the case
of WS-353 due to the larger size of the MEN dataset (i.e., 3000 vs. 353 pairs).

The number of topics constitutes a key parameter of the proposed approach. The
identified topics are used for corpus filtering (i.e., creation of sub-corpora) upon which the
creation of DSMs is based. In this framework, when computing the similarity between a
word pair, we argue that the exploited sub-corpus exhibits two properties: i) The sub-
corpus is semantically coherent, i.e., the two words should appear with their closest word
senses, and ii) adequate data exist enabling the computation of DSMs. Typically, a larger
number of topics improves the semantic coherence of the respective sub-corpus (increased
topic specificity), but it may cause the fragmentation of the training data lowering the
quality of the semantic models. This problem is more obvious in the cases when the
MaxSim and AvgSim mixtures are used as illustrated in Figure 6.1 (¢) and (d) where
peak performances are obtained for large values of K.

In order to overcome this issue, the linear regression approach is suitable for selecting
the best similarities from the respective topic-based DSMs, for pairs without context as
shown in Figure 6.1 (b). The method surpasses the baseline for very small number of topics
but seems to work better for a larger number of topics despite the data fragmentation. This
behavior can be explained by considering that without a given context, a word could have
an arbitrary number of senses. An augmented sense-space enables the accurate estimation
of a word pair similarity as a linear combination of different sense-related similarities.

Finally, as shown in Table 6.1 the fusion model improves on the performance of the best
predictive configuration that corresponds to the mixture of topic similarities extracted from
a single topic groups G. Specifically, the fusion model provides the best results when all
topic groups were used. This is expected as it resembles the functionality of a hierarchical
topic model. Hierarchical topic models relax the hypothesis of a single distribution over
a corpus. By selecting the maximum similarity over different possible distributions, the
actual number of senses assigned to each word can be approached.

6.3 Semantic Mappings

The following experiments correspond to the second model that we described in Chap-
ter 5. Specifically, we examine the role of: (1) the algorithm used to define the mappings,
(2) the number of words whose distributed representations serve as anchor points between
our source and target spaces, (3) the polysemic degree of words used as anchor points.

6.3.1 Mapping methods

Figure 6.2 presents the results of our first experiment. Our goal is to evaluate the
reliability of our semantic mappings using different techniques that are highly adopted
by the literature. To that end, we use standard lists of semantic anchors consisting of
5,000 frequent monosemous words for each topic and apply the three following mapping
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Figure 6.2: Performance comparison between different number of topics and different
mapping algorithms, in terms of Spearman’s correlation, using the (a) AvgSimC and (b)
MaxSimC contextual metrics, for SCWS dataset. The dimensionality of semantic vector
spaces is set to 300, and lists of 5,000 frequent monosemous words serve as semantic
anchors for each topic. Baseline performance is also depicted.

techniques: Linear transformation, Orthogonal Transformation, Canonical Correlation
Analysis.

We observe that generally the orthogonal method yields slightly better performance
when compared to the canonical method, while the linear method results in the poorest
performance in terms of AvgSimC for all topic configurations. The differences in perfor-
mance between the mapping methods is not so obvious in terms of MaxSimC. Further-
more, the depicted performances come to an agreement with literature results indicating
that the orthogonal transformations lead to better mappings between semantic spaces of
monolingual or bilingual data. For a thorough comparison of mapping methods we re-
fer the reader to Artetxe et al. [2018]. For the rest of this thesis we opt for orthogonal
transformations as our mapping technique.

6.3.2 Number of monosemous words

In Figure 6.3 we show the performance of our model using orthogonal mappings and
different number of monosemous words n, when the dimensionality of the source and target
spaces is set to 300. At first place we observe a clear relationship between the correlation
of our predictions and the number of words used: A larger list of semantic anchors leads
to the induction of more reliable semantic mappings that achieve peak performances. This
behavior is expected, given the large number of parameters we attempt to learn. Recall
that each transformation matrix M, € R*?, where d is the dimensionality of our semantic
spaces.

At second place we observe that the correlation of our model exhibits very slight
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Figure 6.3: Performance comparison between number of topics and different number of
monosemous words n that serve as semantic anchors for the orthogonal mappings. Spear-
man’s correlation is reported in terms of (a) AvgSimC and (b) MaxSimC contextual met-
rics, for SCWS dataset. The dimensionality of semantic vector spaces is set to 300.
Baseline performance is also depicted.
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Figure 6.4: Performance comparison between number of topics and different number of
monosemous words n that serve as semantic anchors for the orthogonal mappings. Spear-
man’s correlation is reported in terms of (a) AvgSimC and (b) MaxSimC contextual met-
rics, for SCWS dataset. The dimensionality of semantic vector spaces is set to 100.
Baseline performance is also depicted.
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performance differences when the number of words is set to large values. Specifically,
the performance is not improved when we use more than 5,000 monosemous words as
semantic anchors. This could be attributed to the fact that more rare monosemous words
are introduced to our model as we increase the cardinality of our list of semantic anchors.
As a result, even though we fit more data to our model, their reliability is impaired and
do not result in higher accuracy of our predictions.

To circumvent this problem, we decrease the number of parameters that we have to
learn, that is the number of components for each matrix M. In Figure 6.4 we present
the results of our experiments using different number of monosemous words n, when the
dimensionality of our semantic spaces is set to 100. Generally the performance of our
model exhibits a more consistent behavior in terms of AvgSimC, when compared to the
MaxSimC metric. As expected the differences between the performances of our model
are not so obvious as the number of words increases, meaning that the cardinality of our
anchor lists do not constitute a key parameter to our problem when we use distributed
representations of lower dimensionality. However, although the previous problem is mit-
igated by decreasing the vectors’ dimensions, another phenomenon arises: the general
performance of our model is impaired and its difference from the baseline performance
decreases for all topic configurations. This observation indicates that the complexity of
our semantic spaces is better described using 300 dimensions instead of 100.

6.3.3 Semantic Anchors

To investigate the role of semantic anchors in determining the mappings between our
source and target spaces we conduct two experiments. Following the best configurations
obtained by the previous experiments we use the orthogonal mapping method and a list
Vi consisting of n words for the alignemnt of the k-th topic. The two experiments are
described as follows:

e For the first experiment, semantic anchors for each topic are extracted from the list
of |Vi| most frequent monosemous words (for that topic sub-corpus). The original
(master) list of monosemous words is extracted from WordNet [Fellbaum, 1998]. In
order to define monosemy we follow the terminology provided by WordNet, according
to which: a word s called monosemous when it has only one sense in every syntactic
category.

e For the second experiment, using the common set of words that are represented in
both the source and the target spaces, we randomly sample |Vj| of them as semantic
anchors. We repeat this experiment 10 times, every time sampling a different list
from the common set, and report average performance results, that correspond to
the mean value and standard deviation of the individual experiments.

In Figure 6.5 and 6.6 we depict the performance of our model when we use lists of
monosemous and lists of random words to determine the mappings between the source
and target spaces. Specifically, in Figure 6.5 we show the results of the experiments when
the cardinality of our lists is restricted to 1,000 words, while Figure 6.6 presents the results
of the same experiment using 5,000 words. Furthermore, the horizontal lines (K = 1) show
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Figure 6.5: Performance comparison between different number of topics and mappings
obtained using lists of monosemous and lists of random words to serve as semantic anchors.
Spearman’s correlation is reported in terms of (a) AvgSimC and (b) MaxSimC contextual
metrics, for SCWS dataset. The number of anchor points for each topic is set to 1, 000.
Baseline performance is also depicted.
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Figure 6.6: Performance comparison between different number of topics and mappings
obtained using lists of monosemous and lists of random words to serve as semantic anchors.
Spearman’s correlation is reported in terms of (a) AvgSimC and (b) MaxSimC contextual
metrics, for SCWS dataset. The number of anchor points for each topic is set to 5,000.
Baseline performance is also depicted.
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the performance of the global-DSM, which is used as our baseline system and the shaded
regions represent the deviation of the performance using different lists of random words.

For a fixed number of topics K, our model consistently yields higher performance when
monosemous words are utilized as semantic anchors instead of randomly selected words,
as depicted in both Figures 6.5 and 6.6. In Figures 6.5, 6.6 (b), we observe that the
performance of MaxSimC falls bellow the baseline for K > 1 and K > 20, respectively,
when randomly selected words serve as semantic anchors; while this is not the case when
monosemous words are used as anchors for the most configurations. This result validates
our hypothesis that the distributed representations of monosemous words constitute infor-
mative semantic anchors that determine the mappings between semantic vector spaces.

Furthermore, the above observation is more obvious when fewer words are used to
learn the mappings, as illustrated in Figure 6.5. We note that the performance of our
model fails to overcome the baseline performance when n = 1,000 random words are used
for almost all topic configurations and metrics. On the other hand, the performance of
our model clearly outperforms the baseline performance when n = 1,000 monosemous
words are used for most of the configurations. This observation indicates that the usage
of monosemous semantic anchors can achieve interesting results even if large amount of
data is not available.

6.4 Smoothing of embeddings

As a further step we experiment with a smoothing technique using hierarchical cluster-
ing on the set of embeddings that correspond to a word in our unified multi-topic DSM. To
perform hierarchical clustering of topic embeddings we use the Scikit-learn implementation
of agglomerative clustering [Pedregosa et al., 2011]. The cardinality of the set consisting of
smoothed topic embeddings is defined as a percentage of the number of topics K. Specif-
ically, we experiment with N = max{10,pK} clusters, with p € (0, 1] (note that when
p = 1 the smoothing technique is not applied). The possible values of N is restricted
to be larger than 10, as we assume that the smoothing technique should be applied to
noisy representations that are introduced to our model when K is large. Furthermore,
we experiment with different linkage criteria that are used to define the distance between

1 is used to define distances between vectors.

clusters, while the cosine distance

In Figure 6.7 we show the impact of smoothing using different linkage criteria and
different number of clusters as a function of the number of topics. We experimentally note
that when we use either the complete linkage or the average linkage criterion our results
do not differ substantially. However, the usage of complete linkage achieves slightly better
performance. On the other hand, we note that when using the single linkage criterion
our performance exhibits higher variations depending on the number of clusters N. This
observation could be attributed to the fact that the smallest distance between vectors is
the only value taken into account. As a result, several clusters are joined together simply
because one of their elements is within close proximity of a vector from a separate cluster,
and thus the cluster solution is negatively impacted.

Furthermore, peak performances are achieved using large values of the parameter p in

'We use this distance metric to compare vector representations of words throughout the thesis.
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Figure 6.7: Performance comparison for different smoothing parameters and linkage cri-
teria as a function of number of topics. Spearman’s correlation is reported in terms of
AvegSimC and MaxSimC metrics, for SCWS dataset. Lists of 5,000 monosemous semantic
anchors are used for the mappings. The dimensionality of semantic vector spaces is set to
300. Baseline performance is also depicted.
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terms of AvgSimC and MaxSimC, as observed on the right and left plots of Figure 6.7.
This is an expected outcome, given that small values of p lead to the creation of fewer
vectors on the final set of smoothed embeddings. Generally, the best value of p depends
on both the linkage criterion and the contextual metric we use. However, the differences
between our model performances for two consecutive choices of the parameter p are not
so significant.

Generally, we observe that without utilizing the smoothing technique the performance
of the proposed approach highly depends on the number of topics K. We attribute this
behavior to the noisy topic representations that might be introduced to our model as the
number of topics increases as well as to sparse training data (fewer data are assigned
to each TDSM when K is large). However, the effect of this noise is reduced and the
robustness of our model is recovered, when we make use of the smoothing technique.

6.5 Semanitc Similarity Results

In this section we evaluate the performance of our second model on non-contextual
datasets, using three metrics highly adopted in the literature. Figure 6.8 plots the per-
formance of our proposed approach as a function of the number of topics K. The corre-
sponding baseline performances (K = 1) are also plotted for each dataset. For all three
datasets and metrics, we notice a clear relationship between the number of topics and
performance. Smaller numbers of topics achieve peak performance, while larger numbers
of topics seem to impair the quality of our predictions. We attribute this behavior to the
increased topic-specificity of the “topic-specific” representations introduced to our system
as the number of topics increases (more rare meanings of words are encoded in them).
Analytically, for each metric we observe that:

e MaxSim: The best performances are achieved using 5, 5 and 10 topics for RG,
WS-353 and MEN datasets, respectively. Correlation on the two latter datasets
exhibits nearly the same behavior, as it fails to overcome the corresponding baselines
performance for K > 30, which is not the case for RG.

e AvgSim: Our model fails to overcome the baseline performance for almost all topic
configurations and datasets. This could be attributed to the fact that both noisy and
well-positioned vector representations of a word contribute equally to the formation
of the semantic similarities.

e AvgSimW: For all three datasets our model outperforms the corresponding baseline
performances by an average of 1.5% for every K > 1. The best performances of our
model are achieved using 5, 5 and 10 topics for the RG, WS-353 and MEN datasets,
respectively.

Generally, the MEN dataset exhibits the most robust performance; this is of signifi-
cant importance given that it constitutes the most reliable dataset among the three non-
contextual benchmarks that we use. We base this assumption on the experimental out-
comes of Batchkarov et al. [2016] who note that the small size of the RG and WS-353
makes it difficult to reliably differentiate between models.
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6.6 Literature Comparison

In Table 6.2 we compare our two models with state-of-the-art systems that utilize
multiple embeddings per word. The reported performances correspond to the best metrics
and predictive configurations for each dataset. Specifically the performance reported for
the TDSMs system on non-contextual datasets correspond to the MaxSim metric, while

the UTDSM performance on the same dataset uses the AvgSimW metric.?

Typically,
supervised approaches that utilize external sense inventories and knowledge bases achieve
higher performances in both contextual and non-contextual datasets.

Our first proposed approach (Mixture of topic-based models (TDSMs)) achieves for the
MaxSimC scheme state-of-the-art performance (68.3), regarding the SCWS dataset. For

the AvgSimC scheme, the proposed approach achieves 70.2 correlation being close to the

2The performance of our systems for the AvgSim metric is not reported in Table 6.2.
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top performing systems (70.8 and 71.5, respectively). The fusion model further improves
the performance of the TDSMs model for the AvgSimC metric (70.5). Concerning the
out-of-context datasets, the Linear Regression model (TDSMs-LR) achieves state-of-the-
art performance (83.8) for MEN dataset exceeding all models proposed in the literature.
The same approach ranks fourth (72.7) compared to the top performing models, regarding
WS-353.

Our second model (Unified multi-Topic Distributional Semantic Model (UTDSM)) im-
proves on the reported results of the our first approach (when it is compared to the unsu-
pervised mixture schemes), indicating that the contribution of the semantic relationships
of words that reside in distinct domains plays a role in the similarity judgment. Fur-
thermore, our model outperforms previous supervised approaches in almost all datasets,
and generally achieves results comparable to the best predictive systems. Concerning the
contextual semantic similarity task, we report new state-of-the-art performance in terms
of MaxSimC (equal to 69.2).

Approach SCWS MEN  WS-353 RG
MaxSimC  AvgSimC
Chen et al. [2014] - 68.9 - - -
. Tacobacci et al. [2015] 58.9 - 80.5 77.9 89.4
Supervised
Rothe and Schiitze [2015] - 69.8 - - -
Pilehvar and Collier [2016] - 71.5 78.6 - 89.6
Huang et al. [2012] - 65.7 - 71.3 -
Neelakantan et al. [2014] - 69.3 - 70.9 -
Tian et al. [2014] 63.6 65.4 - - -
Chen et al. [2015] 53.6 - - 67.8 -
. Liu et al. [2015a) 67.9 69.5 - - -
Unsupervised
Liu et al. [2015b] 67.3 68.1 ; - ;
Li and Jurafsky [2015] - 69.7 - - -
Amiri et al. [2016] - 70.9 - -
Zheng et al. [2017] - 69.9 - - -
Nguyen et al. [2017] 66.9 66.7 76.4 72.4 -
Lee and Chen [2017] 67.9 68.7 - - -
Guo et al. [2018] 68.2 69.3 - - -
Global-DSM 65.9 65.9 77.3 70.3 82.0
TDSMs 67.8 70.2 80.0 72.2 -
TDSMs-LR - - 83.8 72.2 -
TDSMs-Fuse 67.4 70.5 - - -
UTDSM 69.0 70.4 80.5 73.5 86.0
UTDSM+smoothing 69.2 70.6 80.4 73.5 86.0

Table 6.2: Performance comparison between different state-of-the-art approaches for con-
textual and non-contextual datasets, in terms of Spearman’s correlation. The results
presented for two proposed approaches correspond to our best predictive configurations,
while Global-DSM corresponds to our baseline system.
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6.7 Visualizations & Examples

In this section we carry out a cross-domain semantic analysis to detect the variations
of a word’s meaning in different topic domains. To that end, we use a list of known poly-
semous words and measure the semantic similarity between different topic representations
of the same ambiguous word. The ultimate goal of this analysis is to validate that our
model captures known thematic variations in semantics of polysemous words.

Word  Topic Words Meaning Similarity
garden, plant, fish, bird, animal snake

python . . 0.27
software, forum, download, windows, web programming language
definition, dictionary, english, meaning, encyclopedia sheet

page . . 0.65
software, forum, download, windows, web computing
loan, tax, cash, bank, insurance financial institution

bank . . . 0.47
boat, marine, ship, sailing, yacht slope
health, medical, cancer, treatment, disease medicine

drug . . 0.61
drug, health, marijuana, alcohol, effects illegal substance
news, nuclear, japan, energy, power energy

power ) . . . . 0.50
math, mathematics, theory, university, analysis math operation
software, forum, download, windows, web IT

apple . . . . . 0.30
recipe, food, cooking, chicken, wine fruit
garden, plant, fish, bird, animal rodent

mouse ) ) 0.48
software, forum, download, windows, web device

. forum, download, software, windows, web computers

window . 0.43
car, parts, sale, auto, equipment glass
garden, plant, tree, flower, gardening plants

nursery . . . 0.46
university, school, college, education, program preschool

. university, school, college, education, program course

history ] . . 0.68
war, history, news, american, military past
law, court, legal, tax, state law

act . . . 0.39
music, guitar, piano, dance, theatre performance
mountain, river, park, road, trail stone

rock . . . . 0.43
music, guitar, piano, dance, theatre music
mountain, river, park, road, trail dwelling

house . . . . 0.57
music, guitar, piano, dance, theatre music

Table 6.3: Examples of polysemous words and the change of meaning between different
topic domains. First column lists the example target words. Second column includes
the most probable words of the topic domains these words are assigned to. Each row
corresponds to a different topic domain. Third column infers the specific meaning of the
target word in the corresponding topic domain. The last column corresponds to the cosine
similarity between the two topic representations of the target word.

Table 6.3 includes examples of our analysis. The most probable words of the topics
(second column) give an intuitive sense of their major contexts. For example, we observe
that the word python shifts from meaning “snake” in a topic about animals and nature,
to referring to a “programming language” under a topic about computers. Word drug is
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mostly related to “medication” in a broad medical domain; it experiences though a slight
shift from this meaning when it resides in a topic about “illegal substances”. The highly
polysemous word act shifts from meaning “statute” to meaning “performance” under the
corresponding law and art topics. In a thematic domain about music the word rock refers
to a “music style” while in a more broad context about nature it refers to “stone”. Finally,
the word nursery corresponds to a “childcare facility” in a topic about education, whereas
its meaning changes to “seedbed” in a topic about plants.

Moreover, in Figure 6.9 we visualize the latent semantic space of the monosemic neigh-
borhoods for the two discriminative senses of words python, nursery, drug, page, apple and
act using principal component analysis. Specifically, to visualize semantic change for a
known polysemous word between two different topic domains we employed the following
procedure, which relies on the Principal Component Analysis (PCA) [Pedregosa et al.,
2011] as a subroutine:

e Find the word’s k nearest monosemous neighbors over the two targeted topic do-
mains.

e Compute the PCA embeddings of these words on the unified vector space.

e Visualize the two principal components for the union of the two monosemic neigh-
borhoods of the target word along with its corresponding topic representations.

Note that we are limited to visualizing only the two monosemic neighborhoods of the
target word, as we assume that monosemous words share consistent relationships in both
spaces. The ultimate goal of this procedure is to investigate whether the two topic senses
could be reliably differentiated by our model and not to reveal the actual set of their
nearest neighbors (given that polysemous words could be also included in the sets).

By examining the local neighborhoods of the words subjected to analysis, we show
that our model produces meaningful results that reflect the expected topic semantics of
words.

bengal

tutorial )
parsing
hamster qui
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Figure 6.9: Examples of 2-dimensional projections of latent semantic spaces encoded in

our unified vector space model, depicting the monosemic neighborhoods for two represen-
tations of the words python, nursery, drug, page, apple and act extracted form different
thematic domains.



Chapter 7

Conclusion

7.1 Conclusions

In this thesis, a mixture model of topic-based DSMs was firstly proposed for the com-
putation of semantic similarity between words. It was shown to outperform the baseline
model (global-DSM). The good performance of the mixture model could be attributed to
the creation of sub-corpora where the words of interest appear with topic-related senses.
Afterwards, a more flexible approach was presented that extends the first approach, via
mapping topic-based DSMs to a unified vector space. The resulting model consists of
multiple distributed representations per word, reflecting their topic senses.

Overall, as a first step, we took advantage of the topic adaptation of semantic spaces via
training topic-based DSMs. We assumed that these adaptations de-conflate the multiple
senses of polysemous words into their principal topic senses, motivated by the assumption
that polysemous words change their meanings according to the topic domains they reside
in. At this point, a Mixture of topic-based DSMs could be utilized to compare the shared
senses of two words under a specific topic domain. However, the above comparison is
restricted to a topic-level. To overcome this restriction —instead of using a mixture of
topic-based DSMs— we proposed that topic-based DSMs should be aligned to a reference
vector space, enabling the comparison between word representations belonging to different
topics. After that, we proposed a smoothing technique that smooths out noise from our
model and recovers the robustness of our model’s performance on semantic similarity tasks.
To our knowledge this is the first time that mappings between semantic spaces are applied
to the problem of learning multiple embeddings for polysemous words.

In more detail, the main goal of this thesis was to investigate the mappings between
semantic spaces when monolingual data are used. Starting from a list of semantic anchors
that determine the above mappings we examined the role of: (a) the mapping algorithms,
(b) the number of semantic anchors, (¢) the polysemic degree of words whose representa-
tions are used as semantic anchors. Specifically, our main motivation was that polysemous
words change their meanings in different topic domains, and as a result their relative po-
sitions in different topic semantic spaces exhibit corresponding variations. However, we
assumed that this is not the case when monosemous words are examined. As a conse-
quence, we hypothesized that distributed representations of monosemous words consti-
tute informative semantic anchors that determine the mappings between semantic vector
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spaces, given that they share consistent semantic relationships in all topic domains. Our
experimental results validated the above hypothesis.

Furthermore, we evaluated the performance of our models on contextual and in-
isolation semantic similarity tasks. We showed that via using the best predictive configu-
rations for the semantic mappings the unified multi-topic DSM outperformed the baseline
system, indicating the superiority of using multiple representations per word instead of sin-
gle representations. Finally, via examining the local neighborhoods of known polysemous
that reside in different topic domains, we validated that our model captures meaningful
variations of their diverse contextual semantics.

In summary, the mappings between semantic spaces seem to be very promising in the
semantic analysis of polysemous words, as they establish a flexible and scalable approach
that could be easily extended to a completely unsupervised model.

7.2 Future Work

The two models discussed in this thesis (Mixture of TDSMs, Unified multi-topic DSM)
follow multi-step approaches that contain different standard implementations and parame-
ters that need to be tuned in order to improve their performance. We propose the following
ideas for each of the basic steps of our models as directions for future work:

Topic Modeling

e The Latent Dirichlet Allocation algorithm is utilized to induce the creation of topic-
based DSMs. However, this topic model isn’t able to model the correlations among
topics because it attributes a single distribution over topics to each document. There-
fore, a hierarchical topic model could be utilized to relax this restriction. Under this
scheme, a mixture of hierarchical TDSMs could be constructed in an attempt to
capture finer word-pair relationships by defining a dependency path across different
levels of topic-based DSMs.

Semantic Mappings

e The semantic mappings between our source and target spaces utilize a list of monose-
mous words extracted from the sense inventory of WordNet. The proposed approach
could be easily turned into a completely unsupervised model, if monosemous words
were automatically identified from the model without using WordNet. In order to
do so, a distance matrix that contains pairwise distances between the words of each
topic could be extracted. Subsequently, pairs of monosemous words could be iden-
tified as those having small distance variances across different topic domains.

e The mapping techniques that are investigated in this thesis assume that there is a
linear transformation between our source and target spaces. However, non-linear
mappings between semantic spaces could be examined using deep neural network
architectures.
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Smoothing technique

e Concerning the smoothing technique a variety of other clustering algorithms could
be used in order to create groups of topic embeddings (e.g., k-means). Furthermore,
the number of clusters could be optimized by the clustering algorithm in order to
reduce the number of parameters of our model. This could be implemented via
optimizing a criterion, such as the within cluster sums of squares or the average
silhouette.

e More advanced techniques could be also used for aggregating word embedding from
different topics, using Gaussian mixture embeddings. This is motivated by the work
of Chen et al. [2015] who argued that by representing words as points in an embedded
space the rich relations between words cannot be reflected.
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