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Hepidnym

ITepiAnyn

OL ypa@oL yvoeong mepLEXOLV CTUAVTIKES TTANPOPOPLEG VIO TOV KOGHO HE TT) HOPPT] OVTOTAHTWOV Kol
oyéoewv petafd avtov. QoTdc0, 0L Hovo eivar Sdakoro va ypnotponolnBodv oe epappoyéc M-
xaviknig Mabnong, aAAd éxouv ko EAATTOHN GXETIKE e TNV TANPOTNTA Kot TV 0pBoTnTa T™V
dedopévwv touvg. To Link Prediction aoyoAeiton pe tnv mpofAredn tng Omapéng 1 tng mbovotn-
tag 0pBoTNTAg TV TANpOoPopLOV ot évav I'pdpo I'vdong, kabog to Statistical Relational Learning
ETMKEVTPOVETUL GTN ONLovpyia OTATIOTIKGOV HovTéAwV Yia oxeotakd dedopéva. Ta Translational
Distance Models eiva pio iE00d0g oL XPNCLULOTTOLELTOL EVPEMG YLOL TNV AVTLHETOTILOT AUTOV TWV
poPAnpdtwy, ) omoia xpnoipomnotel faciletal oe scoring functions pe kpLTriplo TNV adcsTACT Kot
vroAoyilel Tnv a€lomiotia evOg YEYOVOTOG wg TNV amdotact) peto€d twv embeddings twv ovtot-
TOV.

To TransE eivou évar amdd ko arodotikd povtélo, to omolo Aapfdvel vtdyn povo TG apeceg
oxéoelg petaEd ovtoTNTOV. Amd v GAAN TAevpd, To Path-based TransE (PTransE) dnpovpyet, emi-
TAEOV, HOVOTIATIO OXE0EWV TTOAXTAGV Prpdtwv otov I'pdpo I'voong, arld votepel otnv xpovikn
TOALTAOKOTN T 2e auTh TN duTtAwpatiky epyacic, Tpoteivovpe éva cuVELOGHO ALTOVY TV dD0
povtélwv. Etdxog pog eivar va Satnpricovpe v asotelespatikétnTa Tov TransE ko vo emw-
@eAnBovpe amd tig mpodcbeteg yvadoelg tov PTransE. Qg ex tovtov, mpotol mpoywpricovpe otnv
ekmaidevorn, mpoobétouvpe TIg cuvBécelg oxéoewy KoL TIG avTioTpoes oxéoelg atov I'pdypo T've-
oG, violoyilovpe tnVv a€lomiotior kdBe SLadpoprng Ko Tpomomolovpe katdAAnAo To margin-based
loss function tov TransE.

A&loloyodpe Tnv mpotevopevn pébodo oe dvo ovvora dedopévwv, FB15K ko SNOMED CT. To
devtépo Paciletar oe akidpata Web Ontology Language mov mapéyouvv £vay Tumikd AOYLKO OpLopo
Twv evvolwv. H a&loldynon oto FB15K dev emituyyavel Wbiaitepa kahd amoteAéopoto, aAAd 6TO
SNOMED CT to povtélo pog Tapovctdlel onpavTiky kol ouvenr) PeAtioon.

AéEerg kAeldx

Ipépog I'vidong, Link Prediction, Xtatiotiky Exeoiaxn Mabnomn, Mnyovik) Mébnon, Translational
Distance Models






Abstract

Abstract

Knowledge Graphs contain rich information about the world in the form of entities and relationships
between them. However, not only it is difficult to take advantage of them in Machine Learning tasks,
but also they have flaws in correctness and completeness. Therefore, Link Prediction is concerned
with predicting the existence or probability of correctness of information in a Knowledge Graph,
while Statistical Relational Learning is focused on the creation of statistical models for relational
data. Translational Distance Models are a widely used method to tackle these problems, which ex-
ploits distance-based scoring functions and measure the plausibility of a fact as the distance between
the entities’ embeddings, usually after a translation carried out by the relation’s one.

TransE is a simple and efficient model, which takes into consideration only direct relations be-
tween entities. On the other hand, Path-based TransE (PTransE) builds also multiple-step relation
paths on Knowledge Graph, but it has disadvantages in time complexity. In this diploma thesis, we
propose a combination of these two models. We aim to maintain the efficiency of TransE and take ad-
vantage of the PTransE’s extra knowledge. Hence, before training, we add relation paths and reverse
relations to the Knowledge Graph, calculate the reliability of each path and modify appropriately
the TransE’s margin-based loss function.

We evaluate the proposed method on two data sets, FB15K and SNOMED CT. The second one
contains Web Ontology Language axioms that provide a formal logical definition of the concept.
Evaluation on FB15K do not achieve particularly better results, but on SNOMED CT our model
provides significant and consistent improvement.

Key words

Knowledge Graph, Link Prediction, Statistical Relational Learning, Machine Learning, Translational
Distance Models
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Evyapiorieg

Evyapiotieg

Apyxikd, B 10eda va evyaplotriow Tov emPAémovtda pov Nopyo Etdpov yia tnv kabodrynon, aAida
Ko TNV eAevBepia oL pov TpocéPepe oTa TAAioL TNG SUTAWHATIKNG epyaoing. EmimAéov, opeilw
va evyoplotiiow tov AAEEN MavdaAld yia tnv moAbtiun PorBeta, Tig Ldéeg ko TV LITOHOVY TOU.

Akopn, evYOPLOTO TNV OLKOYEVELX OV Yl TN oTPLEN Tovg katbOAN TN SidpKeld TwV GTOLd®V
pov ko Tov ilovg pov (Moapidn, ABnva, Kovetavtivo, Mapttiva xat Niko) yuo tnv katavonon
ko vtoothpién. Télog, Ba 1Beda v evyoploTo® TOV AOUNVLKO YLA T GUHTXPACTOCT] KL TLG
oupPovAég mov pov Tapeiye.

KatooOAn NikoAétra,

Abrva, 121 IovAiov 2019
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Keipevo ota EAAnvika

1 Ewoywyn

[.1.1 Kivntpo

O Tpagor I'virong (KGs) mapéxovv Sopnpév TAnpo@opic e T LOpPT] OVTOTHTWV Kol oXEGEWV
petad Toug. Ot kOpPoL avTUTPOCWITEDOLY OVTOTNTES, EVK OL AKHEG AVTLITPOCKOITEDOVY LITAPYOVCEG
oxéoelg. OLKGs eivar éva xprioLpo epyatAeio yio TNV avamoplotacT) TG YOOGS Ko X prjGLHLOTOL0 V-
vtow OxL HOVO € EPTTOPLKOVG KAl ETLOTNHOVLKOUS TopelS, aAAd Ko o€ didpopoug e€eldikevpévoug
TOWELG, OTTWG 1) TTAVTNOT O€ EPWTNHATWOV KoL 1) LITOGTHPLEN OTTOPACEWY OTLIG EMLGTHHES VYELOC.
(23]

Soppwva pe To Resource Description Framework (RDF), k&0e akpr) evog Ipdgpov I'virong (KG)
avotoploTdTot pe po tpLéda g popeng (subject, predicate, object) (SPO), 6mov subject kou object
elvar ovtotnTeg ko predicate eivou 1) oxéomn peta€d Touvg. QotdG0, TETOLOL eidoug TpLadeg kabioTovV
toug KGs dvororovg wg pog tov xetplopd toug. Ilapdro mov ot KGs yivovtou edxoda xatovontol
atd Toug aVBPOITOLG KoL TTEPLEXOLY TAOVGLEG TTANPOPOPLES YIa TOV KOOHO, eival SOGKOAO va TOUG
EKHETOANELTOVE YL TO eQappoyEg Mnyovikric MaOnong (ML). Eva tapdderypo evog KG gaiveton
otnv Ewkova 1.1, 6mov 1 axpny genre a6 to J.K. Rowling mpog to Tragicomedy exppaleton amd tnv
SPO tpuéda (7K. Rowling, genre, Tragicomedy). [2, 19, 33]

J.R.R Tolkien

Science Fiction genre

genre isInfluencedBy

genre Eantasy

Stephen King genre genre’

isInfluencedBy:

isInfluencedBy

J.K. Rowling C.S. Lewis

genre

. isinfluencedBy

Tragicomedy

isInfluencedBy

Lloyd Alexander

Alan Poe
Yxnpa L1: Moapaderypo Tpdpov T'vorong [31]
‘Evae Ao mtpdPAnpa twv KGs agpopd tmv mAnpodtnta toug. Iapdro mov éxouvv dnprovpynOel

moAAég Baoelg Tvaong peydng kiipokog (KB) mov mepiéyouvv dioexatoppidpa yeyovota (tpLddeg),
omwg 1 Freebase * ko 1 YAGO ?, atéyovv moA0 amtd 1o Afpeg ko eivon miboavd oplopéveg oo Tig

'www.freebase.com
>inf.mpg.de/yago-naga/yago/


www.freebase.com
inf.mpg.de/yago-naga/yago/

I KEIMENO XTA EAAHNIKA

okpég Tov KG va eivon AavBaopéveg. Se moAAEG TepLITOGELS, T EAAELTOVTA YEYOVOT HITOPOVY VI
TPOKOYOUV aItd T LITAPXOVTA 1) TTLO GLYVA PITOPOLV Vo guvaxBobv ard éva mlovotikd povTéAo
mov e€optatal atd T vapyovta yeyovota. Emopévwg, to Link Prediction Y to Knowledge Graph
Completion aoyoleitou pe tnv mpoPAeyn ng Omapéng 1 tng mbavotntag opboTntag twv TpLddwv
oe évav KG. T mapaderypa, otnv Ewova 1.2, n akpr) genre amtd to J.K. Rowling mpog to Science
Fiction pmopei vo mpoPAepBei, and ta yeyovota (FK. Rowling, isInfluencedBy, Stephen King) xo
(Stephen King, genre, Science Fiction). Opoiwg, o yeyovota (7K. Rowling, genre, Fantasy) ko (F.R.R.
Tolkien, genre, Fantasy) vtodniwvouv v eAdeinovoa islnfluencedBy o6 to J.K. Rowling mpog to
J.R.R. Tolkien. [23, 28]

J.R olkien
1
.V% ]
Science Ficti ~~ islnfluencedBy?.' genre
~
4 genre? ]
genre §~ [ isinfluencedBy
. 1 o
§~ Senre [ ] Fantasy
: 1
Stephen King ~~ 0 oenre genre

isinfluencedBy. ~ oL

Infl iB
J.K. Rowling sinfuencedby C.S. Lewis

genre

. isinfluencedBy

Tragicomedy

isinfluencedBy

Lloyd Alexander

Alan Poe

Yynpa L2: Ilapaderypa Link Prediction [31]

>t Statiotiky Tyeolaky MaOnon (SRL) 1 elcodog mepiéyel avtikeipeva kol TIG 6YXECELS TOUG,
dnAadn va dedopéva Taipvouv T HopPr) VOGS YPAPOL Kol 0 6TOXOG elval 1) eKPaOnon amo Tig TpLa-
deg mov mepéyovtal oe évav KG. H exnaidevon evog povtérov oe éva KG Ba mpémel va eivon oe
Béon va droywpilel TG cwoTéG TPLAdEG atd TIG AavOAOHEVEG KoL VO TTOPEYEL HLat KATAAANAN ava-
TOPACTACT] OVTOTAHTWV KL GYECEWMY TTOL HTOPOLVY va xprotponolnBoiv oe epappoyég ML. T va
QVTLHETOTTLOTOOV Tt {nTrpata peyéBoug kot emdocng, oL epevvnTég avarmaplotovy ta pépn tov KG
(ovtOTNTEG KO TOTTOL GXEGEWV) GE GUVEXELS SLOVUGHATLKOVG XDPOUG XUUNADY LG TAGEWY, TTPOKEL-
pévou va athovotevBoiv ot xelpiopol, datnpovtag tavtdypova tn doprj tov KG. [23]

O o kowol tomot twv SRL povtédwv eivan T Latent Feature Models, e1dikotepa o Translation
Distance Models, ta omoia meprypaovtal Aemtopepng oto Kepdhowo 1.2. To TransE, mbavotata
TO TTLO GVTLITPOCWITELTIKO POVTENOD, HETPA TNV aAnBo@dvela evOG YEYOVOTOS WG TNV OITOCTACT) JLE-
k0 Vo ovrotTwV, pe amhd ko amodotikd Tpdmo. Qotdoo, Bewpel povo Tig amevbeiag oxéoelg
petafd Twv ovrotitwv. Avtifeta, n enéxtact Tov, PTransE, dnpiovpyel akcdpn povordtia oxécewv
ToATAGV Prpdteov otov KG, adA& votepel ot xpovikr molvrlokdtnTo. [18]

1.2 Xvvewopopd AtmAwpoatikng Arxtpifnig

Mio paAdov ave€epebvntn Tpocéyylon, pe Paon TG KOADTEPES YVHOOELG TOV GUYYPAPEX, TTOV
vioBetobpe oe avtn TN dxtpiPny, eivar o cuvdvacpog Twv povtédwv TransE ko PTransE yix va
OVTIHETOTLCOVE Tot TTPOPARHaT TOL ava@épOnKay TopoTTdve. ZUYKEKPLHEVDL, ETEKTELVOVUE TO
povtélo TransE pe tnv mpocOnin povomatiedov moAAamAGY Ppdteov Kol avTioTpoPwy oXECEWDVY
otov KG, 6nwg ko to PTransE [18], xwpig Opwg va ennpedletar 1 moAvmAokotnta tov TransE.
YrohoyiCovpe tnv aflomiotio k&Be Stadpoprg mpLv atd v ekTaidevon Kol TPOTOTOLOVHE margin-
based loss functions Aappdvovtag vtdym tig Tipég TG a€lomoTiog.



L1 EDAIQIH

EmutAéov, ta chvora Sedopévwv, 61w to Freebase 1} to WordNet *, éyouv pedetnOei oe PaBog o
tehevtaia ypovix [33]. Enopévang, eotidlovpe 6to SNOMED CT *, T0 omoio kwdikomotel tnv ttpiy
opoloyia kot eprypagetal Aemtopepdg oto Kepdhouwo 1.3. Ailel v onpetwbel OtTL 1) mepLypopikr
Aoykr}, otnv omoia Paciletar To mepiexopevo tov SNOMED CT, aotelel onpovtikd atolyeio yio
Vv cupmAfpwor tov KG.

H Aemtopeprg peBodoroyia meprypagpeton oto Kepdaharo 13, eved n mepopatikn diadikascio
oto Kepdhowo L4. Ta amoteAéopata Tng peAétng mapovoidlovtal ko avaivovtal oto Kepdioio
L5. Ta ovpmepaopata mapovoidlovror oto Kepdharo L6, poli pe pioe Tpoomtiky yio mepontépw
Siepedvnon avtrg g epyooiog.

*wordnet.princeton.edu/
* www. snomed. org/
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1.2 Emotnpoviko Yropfadpo

1.2.1 TpagorI'vioong

Onwg avaeépbnke otnv Evotnta1.1.2, 0t KGs tailovv évay kevpikd poro oe TOAAES EQOPHOYEG
g Texvntrg Nonpootvng (Al). Zvvibwg mepiéxovv tephotio aplBpd dopnpévev dedopévov ot
popor RDF tpiddwv (subject, predicate, object).

Ev® ol vmapyovteg kwdikomolovv aAnbn yeyovota, utdpxouvy SLopopeTIKEG TPOCEYYITELS YL
TNV EPUNVELX TWV U1 LTTALPYOLEHV TPLAdWV. Zopwve pe tnv Closed World Assumption (CWA), ot
un vpyovoeg TpLadeg viodetkvoouy Pevdeic oxéoelg. Amd tnv GAAN TAeLPA, K&TW artd To Open
World Assumption (OWA), pioe pn vdpyovoo tptdda eppnvevetal oG dyvwortn, dniady n ovti-
otolyn oxéon propel va eival eite adnBrig eite Yevdric. Oa mpémer va avopepbei 6tL To RDF kdver
to OWA. [23]

KaBog oL meprocdtepor KGs éxouv katackevootel ite cuvepyatikd, dSnAadr yelpoxivnta amod
po cevoryth opddor eBedovtddv 1 (ev pépel) ALTORATWG, CUYVE LITOPEPOLY aTTd EAAELYT) TTANPOTNTAG
1 opBotntag. Emopévwg, to Link Prediction ) to Knowledge Graph Completion ooyoleiton pe tnyv
npoPAeyn g vmapéng 1) tng mbavotntog opBotnTag TV TPLddwv ot KG.

1.2.2 XvpPoAiicpoi

IIpwv mpoywproouvpe, TapovoLdlovpe eV GLVTOpIX TOVG PacLkoUG GUHBOALGHOVG. ANADVOULE TLG
petoANTéG pe pikpl Yphppata - 6Twg a -, Ta daevbopata-ctrieg (HeyéBovg V) pe évrovo pkpa
Ypappata - OTwg a - toug mivakeg (peyéBoug Ny X Na) pe évtova kepadaio YpAHHATR - OTTWG A -
Ko Toug tensors (peyéBoug N1 X Ny X N3) pe évrovo ke@ohodor YpappoTa e VITOYPApPLET) - OTTWG
A. Anhovovye (4, j, k)-o otouxeio pe a;jx (to omoio givou petafAnt). Anhodvouvpe T Ly, norm evog
dravvoparog pe [|all, kou tn Frobenius norm evog mivaka pe [|Al| . To [|x[|1 /o exppdlet eite v Ly
norm eite v Ly norm. Ot padnpatikoi opiopoi twv Ly, Ly ko Frobenius norms mapovoidfovtor
oto [Mapdptnpo A.

AnAovoupe to tARB0g Twv ovtothtwv evog KG pe N, o tARBog twv tomwv oxéoewv pe Ny, T0
An0og twv moapatnpnpévev tpédwv pe D, to TAN00g TV 6WoTOV TopaTnPNHEVEVY TPLAdWY e
DT xou o TAR00g TwV AavBaopévev apatnpnpévey Tptédwv pe D,

Ipokelpévou var oploTovy TLo TUTKG Ta oTaToTikG povTéAa Y KGs, eiodyouvpe kdrolo pa-
Onpatiko vroPpadpo. Eotw £ = ey, ..., en, 10 6OVOAO OA®V TV OVIOTHTWV KL R = 71, ..., '\, TO
o0VoAo OAwV TV TOTTWV oxécewv oe évav KG. Oleg o1 duvartég tpiadeg 610 £ X R X £ pmopovv
va opaSomotnBobv ot éva tensor TpLHVY Stacthoewv Y € {0, 1} VexNeXNr - Adjacency Tensor, dmov
T0 Yijk = 1 vmodnAwvel Ty dropgn pioag TpLadag kot 1) eppnveio Tov Y;ix = 0 efoptéron ad to
av yivetor OWA 1] CWA, dnAodn:

1, if the triple (e;, 7y, €;) exists.
Yijk = { ' ’ (L1)

0, otherwise.

O Mivaxoag 1.1 mapovotdlel TepLANTTIKA KATOLOVS GUHPBOALOHOVG TTOL Y PTOLHOTOLOVVTHL 6T
ETMOPEVOL KEPOAQLLAL.
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IMivokag I.1: MlepiAnym ZvpPoriopodv [18, 23]

Relational Data
Symbol  Meaning
N, Number of entities
N, Number of relations
Ny Number of training examples
€; i-th entity in the dataset
Tk k-th relation in the dataset
Dt Set of observed positive triples
D~ Set of observed negative triples
Latent Feature Models
Symbol ~ Meaning Size
H, Number of latent features for entities
H, Number of latent features of relations
e Latent feature of the entity e; H,
Tk Latent feature of the relation 7}, H,
Other Symbols
Symbol ~ Meaning Size
Y Adjacency tensor N¢ X N, x N,
R(p|h,t) Reliability of path p given (h, t)

1.2.3 Xratiotikn Xxeowoekn Mabnon
I.2.3.1 Latent Feature Models

Semantic Matching Models. Ta semantic matching models expetaAlevovton similarity-based scoring
functions. Metpovv tnv a€lomiotia Twv yeyovotwv ocuvdvdlovtag tnv AavBdvovca onpoactoloyio
TWV OVTOTHTWV KOL TOV GXECEWV TTOV EVOWUATOVOVTL OTLG AVOITTXPACTACELS TOU SLOVUGHATLKOD
XOpov Tovg. Kamota yopoaktnplotikd povréda avarlvovtat oty Yroevotnta 2.3.1.

Translational Distance Models. Translational distance models expetadiebovton distance-based
scoring functions. MetpoOv tnv ainbogpdveia evog yeyovoTog wg TNV amdctact) peta&ld Twv d0o
ovToThTOV, cLVABKG peTd atd pa translation ov Tparypotomoleiton atd T oxéon.

TransE. To TransE [2] eivou éva povtédo Paciopévo otnv evépyela yioe Ty ekpdbnomn pkpov
dixotdoewv embeddings twv ovtotitwv. Ol oxécelg avamapiotdvTal translations in the embedding
space, étoL dote pe dedopévo éva yeyovog (h, 7, t), to embedding tng ovpdg ¢ va Ppicketon kovtd
oto embedding tng kepaAng h cuv éva diavucpa Tov eaptatol amd T oxéon r. Me dAlo Aoy,
h+r =~ totav to (h, 7, t) wybel, Oewpdvtog éva translation Sikvuopa r kai Tig embedded ovtotnteg
h xou t. To scoring function piog tpLédog x5, opiletan wg 1 (apvntikt)) amdotact petogd tov h+r

Ko Tov t, dnAadn
TransE .__

ijk = —|lei + ric — ejlf1/2 (1.2)
To score avopéveton vou £xel peY&AT TIpT, oy Pl TPLADQL T 5k LOYDEL.

H Baoikr] déa tov TransE eivon 6t av woyvern (h, r,t), tote h+r ~ t ko To t Tpémer va eivon o
KOVTLVOTEPOG Yeitovag Tov h+ 1, evdd to h +r mpémel va Ppioketor pakpid amd to t oe diopopetiky
nepintwon. N tnv expddnon tétowwv, éva margin-based ranking kpitrpio elayiotomoleiton oto
training set:

L= > > Ittty — B 1=t ] (13)
(h,r,t)eD+ (h',r,t’)eD’(hmt)
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6mov to [z]4+ dnAdver To Betikd pépog tov x, v > 0 eivon éva meplODOPLO LITEPTTAPOPETPOL KL
10 D' (4, r4) €ivan To GOVOLO Tev corrupted TPI&dwv Sedopévov Tov yeyovotog (h, 7, t). To civodro
D' () opileTon wg:

D gy = {(Wr,8) | L # W A (hyr,t) € DY AR € €}

(L4)
U{(h,rt") |t #t A(h,rt) € DT AL € E}

H BeAtiotomoinon npaypatomoteital amd to stochastic gradient descent. H Aemtopeprig feAtioto-
noinon and et al. [2] meprypapeton otov AAyopiBpo 1.

Av ko to povtého TransE eivor amtAd kol amoTeAeGPATIKO, EXEL EAATTOHATY OTNV OVTIHET®-
mion twv 1-to-N, N-to-1 ko N-to-N oxécewv. Io mapaderypa yio pial-to-N oxéor, dedopévng tng
oxéong r xai g ovtotntag h, to TransE emParret h + r = t; yio Oha ta i = 1, ..., p, TéT0100 DOTE
(h,r,t;) € DT, xou enopévag t & ... & t,. apdpota petovekTipato vdpyoLy Kot yio Tig N-to-1
kot N-to-N oyéoels.

H ywpwr tov mohvmhokotnta givon O(NHe + N, H,) kou 1 Xpoviki} Tov ToAvmAokdtnta
O(H.).

T va Eemepactodv Ta petovektripata tov TransE otov xepiopd tov oyéoewv 1-to-N, N-to-1
kot N-to-N, to povtého TransE éxet emextabel emtpénovtag oe ot ovToTnTa vou éxel EEXWPLOTES
QVOUTTALPACTACELG OTAV EUTAEKETOL GE OLLPOPETLKEG OXEGELS. Meplkég ammd TIG eMeEKTAOELS TOV Tot-
povoialovtat oto Kepdhato 2.

PTransE. To TransE Aapfdver vdym povo tig dpeoeg oxéoelg petofd ovrotritwv. To Path-
based TransE (PTransE) [18] Snpiovpyei ocdprn tpiddeg xpnotpomotdvtag cuvdécelg Levymv HEC®
HOVOTTALTIOV oYécewV. Aedopévou evog povoratiod p = (11, ..., 7;) TOL evdvel dVo ovtoTnTES h Kow
t, to PTransE Bewpei tpeig TOmOLE Aettovpytodv obvBeong:

e Addition (ADD):p=r1;+...+1;
e Multiplication MUL): p =rj0...01

e Recurrent Neural Network (RNN): ¢; = f(W/c;—1;1;]), 600 t0 ¢; vtodnidvet éva accumulated
path Sikvuopa yio v i-1 oxéon.

KaBddg dev eivor dha Tar HOVOTATIOL GXEGEDY ONHAVTIKA KAl OELOTLOTA Yo TNV ekpdbnon, To
PTransE vmoloyiler tnv alomiotioc k&Be povomartiod, cOpgpwva pe to path-constraint resource
allocation (PCRA). Aedopévng puax tpLédag (h, p, t), n Stadpopry porig propei va ypagtei wg So —
S1 2 I S, dmou Sy = h ko s; = t. T kéde piac ovrotyTam € S;, o shvoro Si_q (-, m) me-
priapPdvel Toug dpesoug “mpoydvous” péow NG oxéong r; 0to S;—1. H a€lomotio Tov povoratiov
p dedopévou tov (h, m) opileton wg

Rp|hom)=Ry(m) = Y ——Ry(n) (15)
nesi,]_(',m)

dmov 1o cvvoro S;(n, -) Toug Guesovg "daddxovs” twv n € S;_1 akohovBohvtag t oxéon 7. T
K&Oe évar povomatt oxéoewv p, 1 kepadn h éxel Ry(h) = 1.
Mo k&Be éva yeyovog (b, r,t) € DT, 1o PTransE opilet éva loss wg

1
‘Cpath = E Z R(p | hat) : E(hapvt) (16)
pEP(h,t)

omov 1o P(h, t) eivar To 5hvOA0 OAV TwV povonatidy petald twv hkant, 10 Z =3 p(p. ) B(p |
h,t) eivou évag normalization factor kau 1) energy function E(h, p, t) opileton wg

E(h,p,t) = [lh+p—t]| = [p—r]| (L7)
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EmutAéov, to PtransE mpocOéter otov KG v avtiotpopn oxéon yo kébe pia tprada, dniod)
n tpéda (¢, 771, h) Snpovpyeiton yia k&be (h,r,t) € DF.

H ywpikr) Tov todvrhokodtnta givar O(Ne He + Ny H,) ko 1) Xpovikt] Tov ToALTAoKOTTA elvat
O(H.PL) yuw tovg thmovg ADD ko MUL ko O(HZ2PL) yi tov tomo RNN, 6mov P to mArfog
TV HOVOTTATIOV HeTOED d00 0VTOTAHTWV Kot L TO HKOG TMV HOVOTATLOV.

1.2.3.2 Graph Feature Models

O tpoceyyioelg twv Graph Feature Models vtofétovv 611 1 dmapén puog okpng propel vor tpo-
PAepBetl pe tnv eEorywyn XpOKTNPLOTIKGOV oITO TIG TAPATNPNHEVES KPEG TOL YPAPOL. Ze avTifeon
pe ta Latent Feature Models, avtd to €idog culdoylopdv e€nyel Tig TpLadeg amevbeiag and ta ma-
patnpnuéva dedopéva otov KG. Avtég ol pébodot Pacifovron otnv homophily, eved n opotdtnTa
TWV OVTOTIHTWV PITOPEL Vo TPoEPYETOL 0T T YELTOVIA TwV KOPPwv 1} ortd v OmopEn Sradpopcdv
HeTaED KOpPwV. [23] YmoOéTovpe 6TL O Tat ;5 elva LTO dpovg aveEdpTnTa, AapPavovtag Loy
T topatnpipéva graph features xou tig mpocOeteg mapapétpoug. H vmap€n prag tpLddog ;51 mpo-
PAémeton amd puae score function, 1 omoiot AVTITPOCWITEVEL TNV EPTLGTOGVVI TOV HOVTEAOL YL TNV
omapén g Tpradac. Mia avadvtikoteprn meprypagr twv Graph Feature Models Bpioketar otnv
Ymoevotnta 2.3.2.

1.2.3.3 Markov Random Fields

To diktvo Markov (yvwotd kot wg Markov Random Field) eivon éva povtédo yia tnv ko ka-
tavopn evog ovvorov petofAntov X = (X, Xo, ..., X,,) € X [26]. Ta Markov Logic Networks
(MLNs) eivon pia avarapdotact SRL wg éva pn katevbuvopevo ypagiko povtého. To ypagpuicd po-
VTEAQL X PTOLUOTTOLOVV YPAPOLGS Y TNV Kwdikomoinon eEaptroewy petafd tuxainy petofintov. To
YeYovog autd eivar 1) kVpLa dtopopd toug amd Toug KGs, ot omoiot kwdikomolodv tnv vmap€n yeyo-
voTwv. K&be mbavo yeyovog yi i (1 Tuxaio petafAntr), To omoio propel va eEaptdtan omtd omoLec-
dfmote Ne X N x N, — 1 &Mheg tuyaieg petafAntég, avamopiotatol wg KOpPog otov ypdpo, eved
kaBe eEaptnon peta€d Toug avamapiotatal wg akpn. Ta ypaenpata avtd ovopdlovtal dependency
graphs. [23] To Markov Random Fields tapovcidlovtar avarvtikdtepa otnv Yroevotnta 2.3.3.

2.4 Apvntikn AerypatoAnyia

‘Eva ko6 mpoPAnpa eivon 61L oL mepiocdtepol KGs mepiéyovv povo Beticd mapadeiypato ex-
naidevong, NAady yijr = 1 yix 6ha ta (7,5,k) € D. H exnaidevon oe poévo Betikd dedopéva
pitopet va elval koatasTpoPLkr, SLOTL To HOVTENO ptopel ebKoAa va yevikevBel. Qg ek TovTOUL, LTTAP-
XEL N avaykn apvntikig detypatoAniog, n dnpovpyio Aavloopévwv tpLadwv. [8] Ilpoteivovta
Srpopetikég Tpooeyyioelg yia i dnpovpyio apvntik®v yeyovotwv [23], onwg:

e va Bewprjoovpe CWA kot v viroBécoupie 6Tt OAeg oL TpLadeg (e cuvémela TOTTOL) oL dev Ppi-
okovtal 6to D eivon AavBaopéveg. o pn A perg KGs avtr ) vdBeomn pmopet va odnyroet
oe {ntpata peyédoug.

® VOt EKHETOAAEVTOVHE TOVG TTEPLOPLOHOVG TUTTWV, AELTOVPYLKOVG 1] €0PT] TIHAOV YLO TNV EYKLPO-
TNTo WG TPOG TNV Tiur, ot dopr) evog KG. Qotdoo, ol Aettovpyliol eplopiopol ivat meplo-
PLOHEVOL, EVE TO XPVTIKG YEYOVOTQ He PACT) TOUG TTEPLOPLOHOVG TOTTWV KOL T £YKLPXK 0PN
TGOV oLuVRBwG dev emapkovV yia TNV ekmaidevor).

e va pBeipovpe (corrupt) TG WO TEG TPLASES, AVTIKAOLGTOVTOG eite TV KEPUAT €ite TNV oLPX
pe pio Tuyoio ovtoTnTo omd E. BuykekpLpéva,

D~ = {(e1,rx.¢j) | € # er A (i, 7h, €5) € DT}

(1.8)
U{(ei,rk,e1) | €5 # et A (ei, i, €5) € Dt}
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e va @Beipoupe (corrupt) Tig cwotég TPLAdeg, avTikabloTdVTag eite TV KEQAAN €lte TNV ovph
e po Tuxoio ovtoTn T otd £ 1) T oxéon pe pia Toyaia oatd 1o R. Tuykekppéva,

D~ = {(e1,rx.¢j) | € # er A (i, 7p, €5) € DT}
U{(ei,rk,e1) | ej # et A (ei, i, €5) € Dt (L.9)
U{(ei,r1.€5) | 7 # 1 A (3,75, €5) € DV}

e va Bewpricovpe Local-Closed World Assumption (LCWA). YroBétoupe ot1 évag KG eivar povo
Tomikd A pNG. Akpipéotepa, ov vITdpyEL i TpLdda yio éva cuykekpiévo Levyog subject-
predicate (e;, 7k, TOTE KGOe pn vEAp)OLOA TPLASX (€4, Tk, +) Elvor TP&ypATL YELING KoL V-
preptlapfavetor oto D~ . H mapadoyn yivetor povo yio Aettovpytkég oxécels. Av dev vmdp-
XeL mopatnpnpévn Tprdda yi to Ledyog (e, ry ), TOte dleg oL TpLadeg (e;, Tk, ) Bewpovvran
ayvwoTteg kot dev mepthapPavovtal cto D,

I.2.5 Xpnowot Opiopoi

v evoTn T UTH T POLGLALOVTOL KAITOLOL OPLGHOL TTOL X PTCLHLOTOLOVVTOL GTO Keipevo. [5, 23]

e Knowledge Graph mopéxouvv TANPoQopic [e T1 HOPPT] OVTOTHTOV KAl 0YEGEWV PeTaED Tovg. OL
KOpPOL AVTUTPOGHITEVOLY OVTOTITES, EVE Ol AKHES AVTLITPOCOITEDOLY LITAPYOVCEG OXECELS.

e Statistical Relational Learning acyoleital pe Tr SnULOLPYLO OTATIOTIKOV HOVTEAWY YLOL GXE-
olokd dedopéva.

o Link Prediction/Knowledge Graph Prediction acyoleiton pe tnv mpofAreym g Omapéng 1 g
mlavotntog opbotntog twv TpLadwv oe KG.

e Embedding eivon pa ovomtopdotaot) Slakpltdv avTikelpévov, 6mng Aékelg, oe dtaviopata
TPOLYHOTIKOV oplOpOV.

e Closed World Assumption (CWA), oL pn vrtépyovoeg tpiadeg viwodetkviouv AavBocpéveg oxé-
OELG.

o Open World Assumption (OWA), pic pn vapyovoa TpLida eppnveveTon wg &yvewoTtn, dnAadr
N avtictolyn oxéon propel va eival eite aAndg eite Yevdric.

e Adjacency Tensor eivau évag tensor Tpiev Stactdoewv Y € {0, 1} Ve NexNr

ivmodnAvel TNV rapEn g TpLadag ko 1) eppnveia Tov yix = 0 e€optéron amd to av
yivetow OWA 1 CWA.

, OOV TO Yk = 1

o Negative Samples/Examples eivou ta tapatnpnpuéva AavBoaopéva yeyovota (tplédeg) oto ov-
volo dedopévwv.

e Latent Features elvo T0 XOpOKTNPLOTIKA, Ta OTTOLOL SEV ToLpaTnpodvTOL Apeca ota Sedopévar.



I13. MEGBOAOAOI'IA

1.3 MeBodoroyia

[.3.1 TIIpotewvopevo Movtélo

Sy mapovoa epyacia ewcdyovpe to povrédo TransEP, to omoio eivou évag ocvvdvaopdg twv
TransE kot PTransE. 2t6yog pog eivar va Statnpricovpe tnv aotedecpatikotnta tov TransE ko
vo emw@eAnBovpe and Tig Tpoobeteg yvioelg tov PTransE.

[Ipwv v exnaidevor mpocBétovpe otov KG tor povomdtiar 6XEcewV KoL TIG AVTIOTPOPES O)E-
oelg koL vroloyilovpe v a€lomiotioo k&be Sadpopric. EmmAéov, kabng dev eivo mpokTikd va
anoapldpnoovpe 0Aa ta mlavd PHovoTtaTio HETAED OVTOTHTWVY XWPLIG TEPLOPLOHOVS, AUPOLPOVHE TLG
TpLadeg pe moAD xapnAo Pabpod ablomiotiog.

Emeidr] Sropopetikég TpLideg £xouv SLoupopeTLKY) GLVELGPOPA GTO GUVOALKO TTANPOPOPLOKO TTe-
ptexopevo tov KG, to loss function Ba mpémer va AapPavel mepiocoTepo vtoym TIg TPLadeg pe
peyodbtepo AN PoPopLokd TepLexOpevo. ‘Etot, petéd tov vmoloylopd twv Papdv/agomotiog Twv
TpL&dwv, Tpomomolovpe To margin-based loss function tov TransE kot dnpiovpyotpe éva weighted-
margin-based loss function, 6mwg o1 Mai et. al oo [20].

[.3.2 X0vola Aedopévov

e avt ™ SutAwpatikr epyacio peletdpe dedopéva mov eEdyovtar amd to Freebase kot to
SNOMED CT. O otartiotikég touvg mapovoidlovtal atov ivoka 1.2.

I.3.2.1 FB15K

To Freebase mepiéxel onjpepa mepimov 1,9 Sioekatoppdplo TpLadeg Ko ekatovTddeg 1) XLAASEG
TOTOVG GYEGEWV TTOL GXETILOVTOL [E TNV TOLYKOOHLY YVAOOT) KOl KOTOOKEVALETAL QUTOPATO 1] ML
QUTOPATH OTTd SLAPOPOLG TOPOLS G EKATOPHDPLX OVTOTNTEG. AUTEG OL GXéaelg meplhapfdvouy ta
include born-in, nationality, is-in (yix 11§ yewypoagpukég ovtotnteg), part-of (yia opyoviopovg, pe-
Ta€0 GAA®V) Ko ToAA& dAAa. To ohvoro dedopévwv FB15K eiorjxOn astd tov Bordes et al. oto [2].
Ipoxetton yio éva vitoobvoro Tov Freebase, To omolo mepiéyel mepinov 14.951 ovtotnTeg pe 1.345
SLoupopeTIKEG OYETELG.

I.3.2.2 SNOMED CT

To SNOMED CT (Systematized Nomenclature of Medicine — Clinical Terms) eivou pia cvotn-
HOTIKA OPYOVOHEVT] TJAEKTPOVLKT] GUAAOYT LATPIKOV OPwV OV TAPEXOUV KOOLKES, OPOLS, GUVED-
VOO KOl OPLORODG TTOL Y PHGLULOTOLOVVTOL GTNV KALVLKY TeKHNpiwoT) ko avopopd. Kodikormotei Tig
€VVOLEG TTOV X PTOLHOTOLOVVTOL GTLG TATPOPOPLES YL TNV LYELQ KoL LITOGTNPILEL TNV ATOTEAEGHAL-
Ky KAwikn kotaypagr dedopévev pe otdoyo  PeAtivon g mepiboAiyng twv acbevodv. H olo-
kAnpwpévrn kéAvym tov SNOMED CT mepihapfaver: KALVIKE EVPHHATO, CUMITTOUATA, LY VOCELS,
Sradkaoieg, Sopég CONATOG, OPYOVIGHOVS Kot AAAEG aLTLOAOYiEG, OLGLEC, PAPUAKEVTIKE TPOLOVTA,
ovokevég ko detyparta. [1]

EmutAéov, oL évvoleg oyetilovtal peta€d toug pe Baon tig oxéoelg kat ta Web Ontology Language
(OWL) [21] aioparta wov mopéxouvv évay eionpo AOYLKo oplopd Twv evvoldy. Me dAha Adyia, To
SNOMED CT mepiéyet éva TBOX amd éva ovvoro olopdtwov. H petafoatikdotnta kow oL advoi-
deg 3ot TV, oL omoieg KaTd K&IToLlo TPOTO eivor TOPOpOLE pe TNV HeTaPoTiKOTNTA OAAG TTEpL-
AapPavouy meplocdTEP ATTO £Val YOPOKTNPLOTLKA, VO KATTOLO KOLVA OELOPOT KoL LItopoldV v
BeAtidoovy tnv takvopnon.

M avodvticdtepn meprypogr) oo SNOMED CT kou tng Stadikaciog kataokevrg tov KG tov
Bploketon otnv Ymoevotnta 4.1.2.
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IMivakag [.2: Statiotikd tov 2Ovolwv Asdopévev

FB15K | SNOMED
Number of Entities 14,951 466,612
Number of Relationships 1,345 113
Number of Train Data 483,142 | 1,430,419
Number of Valid Data 50,000 357,605
Number of Test Data 59,071 447,007

I.3.3 Kartaockevn I'paewv Fvoong pe avtiotpopeg oX£0ELG KAl HOVOTTATIO
TOAAATTA®V PnpdTov

1.3.3.1 Avtictpogeg Xxéoelg

[IpocHétovpe otoug KGs kot twv 800 ocvvorwv dedopévwv tnv avtioTpogn oxéon yio k&be éva
TapaTPNHEVO Yeyovoc, SAadh yia k&Be tpiéda (h, 7, t) kataokevdlovpe pio véa (¢, 771, h).

1.3.3.2 Movornartia IToAlanAov Bnpatwv

FB15K Aedopévou 611 to FB15K mepiéyet x1Addeg TOMOVG GXécEWV TTOL GYXeTI{OVTAL PE TNV TTOL-
YKOGHLX YVOGOT) XWPLG K&Ttolo ouykekpipévn Bepatikr], Bewpoltpe HOVOTATIOl GXECEWY TTOAAXTADVY
Prpatwv petad d0o ovToTATWY €1 KOl eg HOVO OV LITAPYEL TOLARYLOTOV £Va TALPATHPIHEVO YEYO-
vog (e, e2), 6mov r € R. Kataokevalovpe Tig Stadpopég ToANamAGY Prpdteov oOpgwva e Tov
AlyopiBpo 2.

SNOMED CT To SNOMED CT mepiéxet povo Altyoug thmovg oxéoemv, aAld TOAAL a€Ldpato
OWL. Autd vrodniovel tnv vmapén oxéoewv petakd SO0 OVTOTNTOV €1 KoL €2 XWwPLg KovEva mTo-
patnpnuévo yeyovog (e1, T, e2). Etol, Oewpoipe povondtio oxéoewv TOAOTAGY Ppdteov petagd
O v TV Levydv ovtotnTwyv. EmimAéov, Aappavouvpe vdoymn v petaPorikn WbLOTNTA TV TOTWV
oxéoewv ISA ko PART _OF'. H xatocKeLH HOVOTTATIOV GXECEWY TOANXTAGV Prpudtmv meptypd-
@eTol oTov AAyopiBpo 3.

[.3.4 A&omotia Movortatiov

Onwg avapépbnke kow otnv meptypoer} tov PTransE, dev eivor 6Aa toe povomdtio oyxéoewv
ONHoVTIKA Kot a€LoTioTa yio ekpddnor). Qg ex TovTov, vtoAoyilovpe Tov Pabpod aflomiotiog kK&be
povoTatiob GOHPVa pe TNV akdAovdn eicwon:

1
R(p| hym) = Ry(m)= > me(n), (.10)
nGSi_l(-,m) ¢ !

1 omoia ypnoipomnoteiton eniong amwd to PTransE ko meprypdpeton ovolvtikd oty Ymoevotnto
2.3.1. Agov vroloyicovpe 6la Ta scores, Ta Sroupodpe pe 10 Z = Yo cppy R(p | ht), Tov
normalization factor tov PTransE. Zvvenadg, to medio Tyucdv tov reliability score eivou (0, 1].

YroAoyiloupe tnv alomiotior k&Be Stadpoprig mpv amd v ekmaidevor), dote va pnv owEndei
1 Xpovikr] toAvmAokotnta Tov TransE.

Y& KGs mov mepiéyouvv povo apeceg oxéoelg, vtoAoyilovpe tov Babpd a&lomiotiog cORPwva pe
v e€lowon 1.10. Ao tnv GAAn mhevpd, yioe Ty exmaidevon oe KGs mou mepiéxovv kot avtictpogeg
OXECELG KOIL HOVOTIATLX TTOAAATTAGOVY Prpdtwv, Bewpolpe tnv fadporoyia aflomiotiog twv dpecswv
povomatidv g 1.0, eved v aflomiotioc OA®V Twv GAAOV povoratidv cOppwva pe tnv E€icwon
1.10, emeldn) ta mopatnpnpéva yeyovota eivor mbovotepo va £xouv mepLocOTEPT) OTHACIN YIaL TNV
ekpaOnon.
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I13. MEGBOAOAOI'IA

SuvnBwg LIT&PYOLY HEYAAEG TTOCOTNTEG GXECEWV KL YEYOVOTWV Yia K&Be {e0YOG OVTOTHTWV KoL
dev B itav mpaktikd vo ataplbpricovpe 6Aa ta mbovd povomdtia oyécewv petakd avtdv. Ta
AOYOUG LTTOAOYLOTIKNG aTOS00TNG, 08 OPLOPEVEG TTEPLTTAOOELS Dewpolpe PHOVo avTég TG SLodPopég
oxéoewv pe 1o Pabuod atlomotiog peyadvtepo oo 0.01.

I1.3.5 Loss Function

OpiCoupe Tov Badpéd aklomatiag evog povoratiod h — t by W(h,rt)- Lo TV excpadnon tov
KG embeddings, ypnowomnototpe éva margin-based loss function, 6mwg xou to TransE. Qotdoo,
oUppwva pe T Wéa Twv Mai et. al 6to [20], oTo loss function moAlanAaci&lovpe pe 0 wp ;)
™V agaipeon n Srapopd aviyesa oto scoring function, PA. 1.2, tng tpiédas; (h, 1, t) ko Tov scoring
function tng corrupted tpi&dag (A, r,t'):

L= Z Z [y + Wiy - (1 —tly0 = [0 +1 = t]]12)] ¢ (L11)
(b t)ED+ (Wt )ED 1 1)

Onwg avapépbnke otnv Yroevortnta 1.3.1, to loss function Aapfdver mepiocdtepo vdYn Tov

TIG TPLAOEG TTOV TTEPLEXOLY GTUAVTIKOTEPO TTANPOPOPLOKO TTEPLEXOHEVO.

[.3.6 Apvntikn AerypatoAnyio

T apvnTiky Serypatonyio, akorovBobpe tnv Wéa mov meprypagetal otny e€icwon 1.8, dmov
YL TNV KATOOKELT] OpVNTIKOV TPLdwv avtikaBioTodpe Tuyaia eite TNV KePaAn eite TNV oLPX e
po Tuxodoe ovtoTTO 0Td TO GUVOAO E.
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I KEIMENO XTA EAAHNIKA

4 YAomoinon

H npocéyyion pag, to TrasnEP, a&lodoyeiton oe dedopéva mov eEdyovton amd to Freebase ko
70 SNOMED CT mov meprypdpovton Aemtopepng otig Yroevotnteg 4.1.1 xau 4.1.2 avtiotoya.

lNo o Tepapoata pog, xproyonrolovpe to GitHub repository [11] twv Han et. al [10] vAomoun-
pévo pe PyTorch. Xpnowomnoincaye tnv vAomoinot] toug yio to TransE ko tnv tpomomotjoope yio
va vhomowjoovpe to TransEP.

[4.1 IIpwtoxoAlo AEloAoynong

T a€roAdynon, ypnopomoteital 1 idix dadikacio katdtalng 6mwg oto [3]. o k&Be TpLado
TOUL test set, 1 kepaAr] apatpeiton kar ovtikobiotator ortd k&be pio artd Tig ovrotnteg oto €. Ta
scoring functions avTOV TV XAAOLWHEVOVY TPLASWVY LTOAOYI{OVTOL TPOTO ATTO TAL LOVTEAX KOl GTN)
OULVEXELD TAELVOHOOVTOL KT bEovo L oelpd - TeALK X auoBnkeveTal 1) Béon TG cwao TG OVTOTHTAG.
OAn avth n dradikacio emavalopfaveTon pe TNV apaipeot) TG oLPAG AVTi THG KEPAATS.

1411 Merpikég

Tioe OMeg TIG Niest TPLASEG TOUL test set, XproYLOTOLOV|E TEGTEPLG PETPLKES YLt TNV aELoAdYNoN:

Mean Rank (MR) H 1 tng péong katdro€ng. Oco pkpdtepn, toéco to kahdtepo. To MR vro-
Aoyiletal ood:

Nitest

Z (rank;p + rank;) (L.12)
i=1

1
2Nt85t

MR

omov to rank;, xai to rank;, avagépovral otr 0éon Tng TPOPAEYNG NG ine TPLAAG OTNV KATA-
Takn, avTkoBLoTOVTAG TNV KEPOATN 1) TNV OVPA AVTIGTOLY .

Mean Reciprocal Rank (MRR) O pécog 6pog 6Awv twv apotfaiowv Bécewv. Oco peyolitepog,
1660 t0 KoAUTEpO. To MRR vrohoyileton amod:

1 1
MRR = 1.13
2Niest Z (r(mkih + rank‘it) (L13)

omov 1o rank;, kou to rank;, £xoovv tnv Sl eppunveio 6Omwg oto MR. [32]

Hits at k (Hits@k) O pubpog 1wv cwotdv ovtottev ov epgavifovton otig k mpaoteg Béoeic tng
katdto€ne. Oco vynAdtepog, TOc0 to KaAvTepo. Onwg mepryphpetal antd tov Bordes et. al [2], to
Hits@k vmoAoyileton omod:

Ntest
Hits@k = > x(rankip) + Iy(ranki)) (1.14)

1, ifrank<k,

) (115)
0, otherwise.

I (rank;) = {

Triple Classification Accuracy O puBpog twv cwot®v mpofAréfewv mov éywvav oto test set. H
akpifela vroloyiletar amod:

Number of correct predictions

Accuracy = (L.16)

Total number of predictions

Me Béaom to valid set voAoyiloupe éva 6pLo yia ta scores Twv TpLddwv. Ta cwotd deiypota éxovv
score PLKPOTEPO AITO TO OPLO, EVG TAL ALPVITIKA £XOLV score PeyaADTEPO atd TO OpLo.

12



I4. YAOIIOIH>*H

1412 ®ktpapiopa

OL PETPLKEG TTOVL TEPLYPAPTIKALY TTAPATAVED ELvarl eVOELKTIKES, AAR eVOEYETAL VO £XOVV EAATTO-
pota otav kamoteg corrupted TpLadeg kataAyouv va eival 6woTég, otd To training set yio Topd-
detypon. Ze auTH TNV TEPITTWOT), AUTEG PITOPEL VA KATATAGGOVTOL TAV® otd TV test Tptédo, aAAd
ot dev Ba mpémel va Bewpeitar wg o@aApa, kabng ko ot dvo TpLddeg eivon opbég. I vor amoev-
x0el o Tétola mapamAavntikn cupmepupopd, o Bordes et al. oto [2] mpdTeve v apopéocel otd
N Alota twv corrupted TpLddwv 6ceg eppavilovtal eite oto training, validation 1) test set (extog
amd TNV TpLada mov pog evdlapépet). Avto eEacpalilel 0Tt OAeg ot corrupted Tpiadeg Sev aviikovv
070 oVOvoAo dedopévwy. Sta emdpeva, o mean ranks ko hits@k vroioyilovtal cOpewva pe dvo
puBpicelg: n apyikn pLOLoT raw xal n eultpapiopévn filter.

1.4.1.3 TIlepropiopoi TOmwV

Ov Han et. al oto [10] Snprovpyodv éva apyeio pe Toug mepLloplopons TOTWY, TO 0Toio TePLéxeL
EPLOPLOPOS TOMWV Yo k&Be oyéon, dnhadn moleg ovtdtnTeg K&be oXEOT EXEL WG OVTOTNTEG Ke-
QOANG KoL TTOLEG WG OVPAL. ZOHPWVA Pe aLTO TO apxeio, yio kaBe test TpLdda, 1 ke@adr] 1) 1) oLP&
apoipeital kot avtikodiotatal povo ad ovToTNTES OV TEPLEXOVTOL GTOVG TEPLOPLOHOVG TOTWV
K&Be oyéong. Sta emdpeva, To mean ranks kot hits@k vtoloyilovrou emiong cOpPpwva pe TIg pub-
HLCELG TTEPLOPLOHPDOV TOTTWV.

[.4.2 POOpon Mepopdrowv

INa ta mewpapota pe to TransE ko to TranEP, emidéEope Tov puOpo pabnon A yia tov stochastic
gradient descent peta€0 twv {0.001,0.01, 0.1}, to mepBmdpro v peto€d twv {1, 2} kar ) Sidotaon
Twv embeddings k peta€d tov {50,100} copgpwva pe to validation set k&Oe cuvodov dedopévev.
To pétpo avoporotntog d opiotnke otnv Ly norm. O BéAtioteg pubpicelg yia ta dvo cOvora de-
dopévwv, FB15K ko SNOMED CT, ftav: £ = 100, A = 0.001, v = 1, xau d = Lj. Kou yux to
800 ovvola dedopévwv, o xpovog ekmaidevong meplopiotnke otig 1.000 eoxés. o To FB15K, 1o
validation epappoletou oe k&Oe 10, emoxr, eved yioe to SNOMED CT xd0e emoyr} 100, Aoyw Tov pe-
yé&hov apibpod ovtotrtwv. Ta féAtiota povtéda emAéxOnray pe early stopping xpnoipomoidvTag
TIg péoeg mpoPAemopeveg katatdEelg ota validation sets (raw setting).

.43 Ileypapoata

[Ipaypatomowjoape metpapata pe to povtéAa TransE ko TransEP ota ovvoda dedopévwv FB15K
kot SNOMED CT. T metpépratar kot otae 0o oOvora, ekmardedoaype ko Tor SO0 HOVTELD O€ TPELG
KGs: (1) mov mepiéyouvv povo Gpeceg oxéoels, (2) mov mepléxovv APecES KaL AVTIOTPOPES OXETELS KOL
HOVOTTATL TOAAXTTAGV P&ty prKkoug 2 kot (3) povordtior TOAAXTADY Prpdtwy pikoug 2 kat 3
Ko apaipeon tpLadwv pe Pobpod aflomiotiog pukpdtepo atd to katwTato dpro. Kabodg oto FB15K
v pxav TOAAX yeyovota pe oAl yopnAd Pabpd aklomiotiag, exmaideboaye Tor HOVTEAD KoL GE
évav tétapto KG (4) mov eival oav tov devdtepo, addd ywpig tpradeg pe Bobpd aklomiotiog youn-
Aotepo amd to katwTato Oplo. Ileplopilovpe To PrKog TwV povomatidv oe 3 Prpora, OxL povo yio
AOYOUG LTTOAOYLOTIKNG OTTOdOTLKOTNTOG, ALK Ko emeldn] dev v pEe PeAtiwon ota amoteAéopaTAL.
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I KEIMENO XTA EAAHNIKA

1.5 Ag&woAoynon

Se auTO TO KEPAAOLO Bt X PO LYLOTOL)COVE TIG TOPAPETPOLG TTOL eTLAEEQE GTNV YTTOEVOTN T
[.4.2 yiat vat TPOYHATOTIOLGOVHE TOL TEELPAPATA TTOL TTEPLYphpovTal oty Ymoevotnta 1.4.3. Ttoug
ToPaKATw Tivakeg topovotdlovpe Tig emddoelg twv TransE kot TransEP (1) povo pe qpeceg oyé-
O¢LG, (2) pe avTioTpoPeg OXECELS KO HOVOTTATIO TOAAATAGV Prpdtev (step-k) ko (3) xwpig TpLddeg
pe Padpod a€omiotiog xapnAotepn amd To KaTOTOTO OpLo (step-k-thres.).

[.5.1 AmoteAéopata oto FB15K

Ovmivaxeg 1.3, 1.4 xou 1.5 mapovoidlovv ta aoteAéopata oto FB15K yia 6Aeg Tig pebddoug mov
a€ohoynOnkav, PA. L4.1.

IMivaxkag 1.3: FB15K astoteAéoparta xwpig meploplopong tomwmy

Method MRR(%) MR Hits@10(%) Hits @3(%) Hits@1(%)
Raw  Filter Raw Filter Raw  Filter Raw  Filter Raw  Filter
TransE 24.79 25.8 219 203 50.33 | 51.97 | 28.63 | 30.14 12.9 13.54
TransE (step-2) 18.26 | 19.0 | 234 | 217 48.8 | 50.37 | 23.77 | 25.16 | 3.86 4.1

TransE (step-2-thres.) | 18.9 | 19.7 | 228 | 211 | 48.64 | 50.23 | 24.24 | 25.63 | 4.78 5.1
TransE (step-3-thres.) 14.4 | 14.95 | 242 | 226 | 42.83 | 44.36 | 17.87 | 18.91 | 1.45 1.51

TransEP 23.61 | 245 | 244 | 228 | 4843 | 49.95 | 26.95 | 284 | 12.09 | 12.63
TransEP (step-2) 18.37 | 19.07 | 254 | 238 | 46.28 | 47.78 | 22.63 | 23.84 | 5.31 | 5.58
TransEP (step-2-thres.) | 19.79 | 20.6 | 245 | 229 | 47.56 | 49.07 | 24.17 | 25.48 | 6.79 | 7.19
TransEP (step-3-thres.) | 15.41 | 15.99 | 254 | 237 | 41.98 | 43.39 | 18.47 | 1949 | 3.29 | 3.47

IMivaxkag 1.4: FB15K amoteAéopata pe meploplopotsg TOmwy

Method MRR(%) MR Hits@10(%) Hits@3(%) Hits@1(%)
Raw  Filter Raw Filter Raw  Filter @Raw  Filter Raw  Filter
TransE 26.61 | 27.68 | 180 | 163 51.8 53.5 | 30.21 | 31.77 | 14.97 | 15.68
TransE (step-2) 27.53 | 28.57 185 169 52.52 | 54.12 311 32.65 | 16.05 | 16.75

TransE (step-2-thres.) | 26.64 | 27.71 | 184 | 168 | 51.79 | 53.44 | 30.18 | 31.74 | 15.02 | 15.77
TransE (step-3-thres.) | 25.31 | 26.29 | 187 | 171 | 49.44 | 51.02 | 28.49 | 29.94 | 14.12 | 14.78

TransEP 25.73 | 26.67 | 189 | 173 | 50.34 | 51.92 | 28.94 | 30.44 | 14.4 | 15.02
TransEP (step-2) 26.56 | 27.51 | 193 | 177 | 50.84 | 52.37 | 29.59 | 30.98 | 15.45 | 16.09
TransEP (step-2-thres.) | 25.64 | 26.63 | 192 | 176 | 50.56 | 52.15 | 28.77 | 30.21 | 14.87 | 14.94
TransEP (step-3-thres.) | 24.46 | 25.36 | 194 | 176 | 47.65 | 49.45 | 27.4 | 28.69 | 13.56 | 14.16

Avotuyag, mopotnpovpe 6Tt to povtéAdo pag TransEP de fedtiovel ta amoteréopoarta oto FB15K.
To povtého TransE oe KG pe povo apeceg oxéoelg mapovotalel tnv kalvtepn amddoot, av de Ad-
Boupe vtoYm TOLG TTEPLOPLOPOVG TOTTWV, G OAEG TIG HETPLKEG. 20TOCO, T AWTOTEAEGHATA HE TOVG
neploplopotg tomwv tov TransE oe KG pe avtiotpogeg ox€0eLg KOl HOVOTTATIOL OXECEWV HEYPL HT)-
KoLG 2 PeAtidvouy Tig Tiég Tou hits@k kar tov Mean Reciprocal Rank, aAA& to TransE ctov apyiko
KG éyeL yopnAotepo Mean Rank oe 6Aeg T1g mepintddoerg. EmumAéov, o TransE step-2 éxel kahOtepn
amddoon oto triple classification accuracy.

To TransE ko to TransEP otnv e€étaom twv diadpopadv oxéoewv pe To moAl 3 Prpata emttuy-
xévouv yepodtepa amote Aéopata. Avtod LITOdNAGVEL OTL pEAAOV dev elval ATOPALTITO VoL ETTEKTEL-
VOUE TAPATTAVE® TO PIKOG TOV HOVOTTXTLOV.
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ITivakag I.5: FB15K Triple Classification Accuracy

Method Triple Classification Accuracy
TransE 84.01
TransE (step-2) 85.27
TransE (step-2-thres.) 84.96
TransE (step-3-thres.) 83.66
TransEP 83.17
TransEP (step-2) 83.82
TransEP (step-2-thres.) 84.26
TransEP (step-3-thres.) 82.74

[.5.2 AmoteAéopata oto SNOMED CT

Ot axdrovBor mivakeg 1.6, 1.7 ko 1.8 mapovoidlovv ta amoteréopata oto SNOMED CT yux
OAeg Tig petpuég. Mopartnpotpe ot (1) 1 exmaidevon oe KG, o omoiog mepithapfdvel avticTpoeg
OXECELG KO LOVOTIALTLOL GYXECEWV |LE HEYLOTO HNKOG 2, elval TTLo artodoTikr) oe oxéor pe autr) oe KG pe
povo apeceg oxéoelc. (2) H filtered ptBpion ota amoteAéoporta tov TransEP dev mopéyel onpavtikn
Beltiwon, oe avtiBeon pe To povtédo TransE.

Amé tov mivaxa 1.6 mapatnpodpe 6t (1) to TransE step-2 éxel kadtepn enidoon oto hits@k
kot Mean Reciprocal Rank. (2) To TransEP step-2 éxel kad0tepa amoteAéopata 6to Mean Rank. (3)
To TransEP ko TransE step-2 emitoyydvovv cuykploipo ammoteAéopota otny raw poduion.

Amd toug mivaxeg L7 xai 1.8 mapartnpodpe 6t (1) n raw pObuion oto TransEP step-2 mapéyet
onpavtikn PeAtioon oe 0Aeg Tig petpikéc. (2) H filtered pvbpion oto TransE PeAtiodvel onpoavtikd
ta amoteréopato o€ oxéon pe o TransEP. (3) To TransE step-2 éxel kadOtepn amddoon yiow OAeg
TG filtered petpiég. (4) To TransEP step-2 emtvyydvel to vymAdtepo triple classification accuracy,
oAAG cuykplotpo pe avtod TwvIransE step-2, step-3 ko TransEP step-3.

Onwg xat 6to FB15K, ta TransE xat TransEP oe KGs pe 10 moA0 3-step povomaria de Pertidvel
Tt ATTOTEAECHATO KOL OE ETEKTEIVOVHE TEPALTEP® TO UNKOG TWV HOVOTTOLTLOV.

IMivaxag 1.6: SNOMED CT astoteAéopata xwpig meploplopong Timmy

Method MRR(%) MR Hits@10(%) Hits @3(%) Hits@1(%)

Raw  Filter Raw Filter = Raw  Filter ~Raw  Filter Raw Filter

TransE 13.37 | 17.71 | 13615 | 13145 | 25.21 | 27.96 | 15.75 | 19.56 | 7.37 | 12.36
TransE (step-2) 13.93 | 22.63 | 11721 | 11118 | 27.46 | 35.84 | 15.87 | 25.14 | 7.41 | 15.71
TransE (step-3-thres.) | 10.74 | 21.02 | 12986 | 12283 | 23.05 | 34.1 11.8 | 23.17 | 4.92 | 14.35
TransEP 10.21 | 10.5 | 14007 | 13901 | 20.83 | 21.11 | 11.76 | 12.12 | 4.84 | 5.09
TransEP (step-2) 13.67 | 14.21 | 10902 | 10796 | 26.9 | 27.33 | 15.47 | 16.08 | 7.23 | 7.77
TransEP (step-3-thres.) | 10.72 | 11.06 | 12374 | 12267 | 22.62 | 23.0 11.6 12.0 | 5.13 | 5.42

IMivakag 1.7: SNOMED CT astoteAéopata pe Teploplopots TOmwy

Method MRR(%) MR Hits@10(%) Hits@3(%) Hits@1(%)

Raw  Filter Raw Filter Raw  Filter =Raw  Filter Raw Filter

TransE 13.68 | 18.12 | 6587 | 6117 | 25.54 | 28.42 | 16.07 | 19.99 | 7.66 | 12.75
TransE (step-2) 14.05 | 22.96 | 5298 | 4695 | 27.62 | 36.24 | 15.99 | 25.47 | 7.49 | 16.01
TransE (step-3-thres.) | 10.84 | 21.26 | 5682 | 4978 | 23.23 | 34.51 | 11.93 | 23.51 | 4.98 | 14.53
TransEP 11.3 | 11.62 | 6131 | 6024 | 22.14 | 22.44 | 13.01 | 134 | 5.76 | 6.05
TransEP (step-2) 15.82 | 16.35 | 4928 | 4823 | 28.78 | 29.19 | 17.65 | 18.24 | 9.5 | 10.02
TransEP (step-3-thres.) | 10.81 | 11.15 | 5300 | 5194 | 22.79 | 23.17 | 11.68 | 12.09 | 5.17 | 5.46

15




I KEIMENO XTA EAAHNIKA

16

IMivaxkag 1.8: SNOMED CT Triple Classification Accuracy

Method Triple Classification Accuracy
TransE 86.51
TransE (step-2) 89.67
TransE (step-3-thres.) 89.04
TransEP 84.9
TransEP (step-2) 89.99
TransEP (step-3-thres.) 89.17




L6. XYMIIEPAYXMA KAI MEAAONTIKA EPTA

L6 Zuvpunépaopa kot MeAdovtikd Epya

I.6.1 TIlepiinyn

Ye ooth) N Simhwportiky epyaoia, elooydyaype éva véo Translational Distance Model, To TransEP.
To xivnTpo pog fTav 1 TpdPiedn tng vapéng 1 g TbavotnTag opboTNnTag TOV TPLAdWY o€ Evay
KG, dnAadn) to Link Prediction. Zvvdvhoaype ta povtéda TransE kot PTransE pe v mpocdnkn duo-
SpopdV TOAAATADV Prpdtwy kal avtioTpopwv oxécewv otov KG, ywpig opwg va ennpedletor 1
moAvrAokdtnTa Tov TransE. EmuAéov, tpomomoiroaye P a margin-based loss function Aopfdvo-
vtog vtoPn to Pabuod aomiotiag k&be oxéong 1) Stadpopng Tpokelpévou v Adfoupe teplocdTepo
LITOYT TIG TPLADEG e TTEPLOTOTEPT) KOl GTHAVTIKT] TAT|pOPOPLCL.

A&oroynoaye ta povtéda TransE kot TransEP o 800 cOvora dedopévwv, FB15K kot SNOMED
CT. Ilpaypatomotjoope metpdpota oe KG OxL Lovo pe qpeceg ox€oelg, oAAQ Ko Pe avTIGTPOPEG
OYECELG KOl LOVOTTATLO TTOAAXTIAGV Brpdtwv.

Ooov agopd ta amotedéopata oto FB15K, ot Stadpopég moAramhodv Brpdtov dev fedtidvovy
ONHOVTLKA TNV amtddoot, eldikd oto TransEP, oe olykpilon pe o apytkd ocdvoro dedopévev. IIiba-
VoG, avTd opeileton oto yeyovog ot to FB15K mepiéyet yihiddeg tOmovg oxéoewv mov oyetilovron
HE TNV TayKOoHI YVOOT) Xwpig kdmota cuykekpipévn Oepotikr. Emopévog, ta povomdtio oxécewmy
EVOEYETAL VAL UV TTOPEXOLY X PTIOLUEG TTATPOPOPLEC.

A1 v GAAn TAevpd, oxetikd pe to SNOMED CT, 1 exnaidevon oe KG pe povomdrio moAda-
TAGV Pripdrov éxel kabtepr amtddoon ard ekeivry oe KG pe povo dpeoeg oxéoelg. Toco to TransE
660 Ko To povtého pag, To TransEP, emitvyydvouvv vnlotepeg emidocelg oe KG pe povomatior pr-
KoLG 00 kaL avticTpoPeg oxécels, v to TransEP mapéyel kadbtepa omoteAéGpATA GE KATTOLEG
petpikég. Avth ) onpavtikr ertioon mbavov opeiletal ota afiopata OWL, oto omoin facileton
o SNOMED CT, 6mtwg ot 1310tnTeg TV oxéoewy, Wiaitepa 1 petofatikn dLotnTa, Tov LITOdNA®-
VOLV VX CTJHOVTLKA YEYOVOTOL.

Ko ot 00 cOvora dedopévmv mov e€etalovv Tig dtxdpopég oxécewy pe To TOAD 3 Prjpata To
QTOTEAEGHATA ELVOL XELPOTEPAL KL, ETTOHEVMC, dev Bewpolpe peyoditepeg diadpopéc oxécewv.

1.6.2 MeAlovtikn AovAerd

Ynépyouvv moAdroi tpdmoL yi var Siepevviioovpe T peAlovtikr dovAeld, alld& B propovoe
KLpLwG va tpaypatomoinBel oe d0o kOpLeg katevBOVoELS:

e Qo pTopobo e Vo XPrCLHOTTOLooUpE pior dAAN péBodo yia va a€loloyrjcovpe OGO onpo-
vtikr eivou pia Stadpopr) avti avtrg tov PTransE. T mapdderypa, poe mbovr pébodog Ba
propovoe va eivon 1 yprion tov adyopiBpov PageRank [4], 1 omoia Sivel k&utola mpocéy-
ylon g onpaciog f Tng motdtnTag PG Stadpopng Kot HETPA TNV HeTaPATIKT emLppor) 1) T1
oLVdeaIHOTNTA TV KOUPWVY GE Evay Yp&po.

e KabBog to TransE ko, katéd cvvémeia, To TransEP éxouv eAattdpHOTO GTOV XELPLOPHO TV GXE-
oewv 1-to-N, N-to-1 kat N-to-N, Ba propodooape va faciotodpe oe éva dAlo transnational
distance model. Ta map&derypa, to TransH Eemepvd vt Tar petovekTpaTa KoL €XEL TNV
S ypovik moAvmAokdtnta pe to TransE. Oa propovoape va tpocbécovpe otov KG ta
HOVOTTATLOL TOAACTTAMVY NUATWV KAl TIG AVTIOTPOPES OXECELS, VO LTTOAOYIGOUNE TNV KELoTL-
otio k&Be Sradpopng kot va tpomomotrjoovpe to loss function tov TransH cOpgwva pe ta
amoTeAéCHATH AELOTLOTIOG.
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Chapter 1

Introduction

1.1 Motivation

Knowledge Graphs (KGs) provide structured information in the form of entities and relationships
between them. Nodes represent entities, while edges represent existing relationships. KGs are a
useful tool for knowledge representation and are used not only in commercial and scientific fields,
but also in a variety of specialized domains, such as question answering and decision support in life
sciences. [23]

According to the Resource Description Framework (RDF) each edge of a Knowledge Graph (KG)
is represented as a triple of the form (subject, predicate, object) (SPO), where subject and object are
entities and predicate is the relation between them. However, such triples make KGs hard to manip-
ulate. Although KGs are easily comprehensible by humans and contain rich information about the
world, it is difficult to take advantage of them for Machine Learning (ML) tasks. An example of a
KG is shown in Figure 1.1, where the edge genre from J.K. Rowling to Tragicomedy is expressed by
the SPO triple (7K. Rowling, genre, Tragicomedy). [2, 19, 33]

J.R.R Tolkien

Science Fiction genre

genre isInfluencedBy

genre Eantasy

Stephen King genre genre’

isInfluencedBy:

isInfluencedBy

J.K. Rowling C.S. Lewis

genre

. isinfluencedBy

Tragicomedy

isInfluencedBy

Lloyd Alexander

Alan Poe

Figure 1.1: Knowledge Graph Example [31]

Another problem of KGs concerns their completeness. Even though many large-scale Knowledge

Bases (KBs) containing billions of facts (triples) have been built, such as Freebase' and YAGO?, they

'www.freebase.com
>www.mpi-inf.mpg.de/yago-naga/yago/


www.freebase.com
www.mpi-inf.mpg.de/yago-naga/yago/

CHAPTER 1. INTRODUCTION

are far from complete and it is possible that some of the contained edges of the KGs are incorrect.
In many cases, the missing facts can be entailed by the existing ones or more often they can be
inferred by a probabilistic model conditioned on the existing facts. Therefore, Link Prediction or
Knowledge Graph Completion is concerned with predicting the existence or probability of correctness
of triples in KG. For instance, in Figure 1.2, the edge genre from J.K. Rowling to Science Fiction could
be predicted, because of the facts (7K. Rowling, isInfluencedBy, Stephen King) and (Stephen King,
genre, Science Fiction). Similarly, the facts (J.K. Rowling, genre, Fantasy) and (J.R.R. Tolkien, genre,
Fantasy) could predict the missing edge isInfluencedBy from 7.K. Rowling to JR.R. Tolkien. [23, 28]

J»R-40|kien

1
[ 18 I

Sclence F'Ctm~~ islnfluenceclBy?.I genre
~
4 genre? [ ]
So 1
R 1 {
§~ Genre 1 Fantasy

genre isinfluencedBy

~ ]
Stephen King LS 0 genre genre

isinfluencedBy. ~ [y}

Infl iB
J.K. Rowling sinfuencedby C.S. Lewis

genre

. isinfluencedBy

Tragicomedy

isinfluencedBy

Lloyd Alexander

Alan Poe

Figure 1.2: Link Prediction Example [31]

In Statistical Relational Learning (SRL) the input contains objects and their relations, i.e. data
take the form of a graph, and the aim is to learn from the triples contained in a KG. A training
of a model on a KG should be able to separate correct triples from false ones and provide a suit-
able representation of entities and relations that can be used in ML tasks. To address scalability
and performance issues, researchers embed KG components (entities and relation types) into low
dimensional continuous vector spaces in order to simplify the manipulation, while preserving the
inherent structure of the KG. [23]

The most common types of SRL models are the Latent Feature Models, especially the Translation
Distance Models, which are described in detail in Chapter 2. TransE, probably the most representa-
tive model, measures the plausibility of a fact as the distance between two entities in a simple and
efficient way. Nevertheless, it considers only direct relations between entities. On the other hand, its

extension, PTransE, includes also multiple-step relation paths, but it has flaws in time complexity.

(18]

1.2 Scope

A rather unexplored approach, to the best of the author’s knowledge, which we adopt in this
thesis, is to combine TransE and PTransE in order to tackle the problems mentioned above. In par-

ticular, we extend the TransE model by adding multiple-steps paths and reverse relations to the KG,
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1.2. SCOPE

like PTransE [18], but without impairing the time complexity of TransE. We calculate the reliability
of each path before training and modify margin-based loss functions by taking under consideration
the reliability scores.

Furthermore, datasets, such as Freebase or WordNet®, have been studied intensively in recent
years [33]. Therefore, we focus on SNOMED CT*, which encodes the healthcare terminology and is
described thoroughly in Chapter 4. It is worth noting that the description logic, on which SNOMED
CT content is based, is an important asset for the Knowledge Graph Completion.

The detailed methodology is described in Chapter 4, while the experimental setup in Chapter 5.
The results of our study are presented and discussed in Chapter 6. The conclusions are presented in

Chapter 7, along with an outlook on further investigation and perspectives of this work.

*wordnet.princeton.edu/
* www. snomed. org/
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Chapter 2

Scientific Background

2.1 Knowledge Graphs

As mentioned in Section 1.1, KGs play a pivotal role in many Artificial Intelligence (AI) appli-
cations. They usually contain huge amounts of structured data as the form of RDF triples (subject,
predicate, object).

While existing triples encode true facts, there are different paradigms for the interpretation of
non-existing triples. Under the Closed World Assumption (CWA), non-existing triples indicate false
relationships. On the other hand, under Open World Assumption (OWA), a non-existing triple is
interpreted as unknown, i.e. the corresponding relationship can be either true or false. It should be
mentioned that RDF makes the OWA.[23]

As most KGs have been built either collaboratively, i.e. manually by an open group of volunteers,
or (partly) automatically, they often suffer from incompleteness or incorrectness. Therefore, Link
Prediction or Knowledge Graph Completion is concerned with predicting the existence or probability

of correctness of triples in KG.

2.2 Notations

Before proceeding, we briefly introduce the basic notations. We denote scalars by lower case
letters, such as a; column vectors (of size IV) by bold lower case letters, such as a; matrices (of size
N1 x N3) by bold upper case letters, such as A; and tensors (of size N1 X N2 x N3) by bold upper
case letters with an underscore, such as A. We denote the (4, j, k)’th element by a;j;, (which is a
scalar). We denote the L, norm of a vector by ||al|, and the Frobenius norm of a matrix by ||A|| .
The ||x||; /2 means either the L1 norm or the Lz norm. The mathematical definitions of L1, L2 and
Frobenius norms are presented in Appendix A.

We denote the number of the entities of the KG by ., the number of the relations by N, the
number of the observed triples by D, the number of the observed positive triples by DT and the
number of the observed negative triples by D~.

In order to define more formally the statistical models for knowledge graph, we introduce some
mathematical background. Let £ = e, ..., e, be the set of all entities and R = ry,...,rn, be the
set of all relation types in a KG. All possible triples in £ x R x &£ can be grouped naturally in a
third-order tensor Y € {0, 1}N eXNex Ny Adjacency Tensor, where y;;;, = 1 indicates the existence
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CHAPTER 2. SCIENTIFIC BACKGROUND

of a triple and the interpretation of y;;, = 0 depends on whether OWA or CWA is made, i.e.:

1, if the triple (e;, 7%, €;) exists.
Yijk = (2.1)
0, otherwise.

2.3 Statistical Relational Learning

Statistical Relational Learning (SRL) borrows many ideas and techniques from logic and prob-
abilistic modeling, the main difference is its focus on learning probabilistic logical models. More
specifically, it is concerned with the creation of statistical models for relational data. [9]

Except from the deterministic rules of KGs, such as type constraints and transitivity, they also
have some statistical patterns or regularities. They are not universally true, but they are useful for
prediction. Some of these patterns are the homophily, i.e. the tendency of entities to be related to
other entities with similar characteristics, the global and long-range statistical dependencies, i.e. de-
pendencies that can span over chains of triples and involve different types of relations, and the
block structure, i.e. the division of entities into distinct groups (blocks), such that all the members of
a group have similar relationships to members of other groups.

Nickel et al. [23] and Wang et al. [33] have made surveys of SRL methods on KGs and KG em-
bedding. Based on these surveys, we present in this section the most common SRL models, focusing
mainly on these we use in this thesis. Simple illustrations and neural networks architectures of the

following models are presented in Appendix B.

2.3.1 Latent Feature Models

Semantic Matching Models. Semantic matching models exploit similarity-based scoring func-
tions. They measure plausibility of facts by matching latent semantics of entities and relations em-

bodied in their vector space representations.

RESCAL. RESCAL [24] explains triples via pairwise interactions of latent features. The score

of a triple x;;, is defined as

H. H.
RESCAL ._ T T_
fijk =e; Wye; = Z Zwabkemejb (2.2)
a=1b=1

where Wj, € R¥e*He js a weighted matrix associated with the k-th relation. Its space complexity
is O(N.H, + N, H?) and its time complexity is O(H?2).

Matrix Factorization Methods. In matrix factorization, prior to the factorization, the adja-

X Ne X Ny

cency tensor Y € RNe is reshaped into a matrix Y € RY. XN by associating rows with

RNexNeNe by associating

pairs (e;, ;) and columns with relations ry, [14, 15] or into a matrix Y €
rows with e; and columns with pairs (7, e;) [12, 30]. However, both of these formulations lose in-
formation compared to tensor factorization. Its space complexity is O(N2H, + N,.H.), worse than

the space complexity of RESCAL.
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2.3. STATISTICAL RELATIONAL LEARNING

Multi-Layer Perceptrons (MLP). In MLP [7] each entity and each relation is associated with

a single vector. The e;, ej and ry are concatenated in the input layer and mapped to a non-linear
hidden layer. The score is generated by a linear output layer, i.e.

i%LP =w' tanh(Mlei + Maej + Mgrk) (2.3)

where My, Mg, M3 € RHeXHe are the first layer weights and w € R the second layer weights.

MLPs can learn to put "semantically similar” words close by in the embedding space, even if they are

not explicitly trained to do so. [22] Its space complexity is O(N.H.+ N, H.) and its time complexity
is O(H?).

Neural Tensor Networks (NTN). NTN [29] is a combination of RESCAL and MLP models.
Given a fact, it first projects entities to their vector embeddings in the input layer. Then, the two

entities e;, e; € RHe are combined by a relation-specific tensor M, € R e HexHr(

along with other
parameters) and mapped to a non-linear hidden layer. Finally, a relation-specific linear output layer
gives the score

z%TN :=w | tanh(e;' M, e + Mle; + MZej +b,) (2.4)
where M}, M2 € RH<*Hr are relation-specific weight matrices and b, € R is a bias vector. NTN
might be the most expressive model to date, but it is not efficient in handling large-scale KGs, because

its space complexity is O(N.H, + N, H?H,) and its time complexity is O(H2H,.).

Translational Distance Models. Translational distance models exploit distance-based scoring func-
tions. They measure the plausibility of a fact as the distance between the two entities, usually after

a translation carried out by the relation.

TransE. TransE [2] is an energy based model for learning low-dimensional embeddings of en-
tities. Relations are represented as translations in the embedding space, such that given a fact (h, r, t),
the embedding of the tail ¢ should be close to the embedding of the head h plus some vector that
depends on the relation r. In other words, h+r ~ t when (h, r, t) holds, considering the translation
vector r and the embedded entities h and t. The scoring function of a triple x;;;, is defined as the

(negative) distance between h + r and t, i.e.

{f?EWE = —|lei + 1 — ej[|1)2 (2.5)
The score is expected to be large, if the triple x;;; holds.
The basic idea behind TransE is that if (h, r, ) holds, then h 4+ r ~ t and t should be the nearest

neighbor of h 4 r, while h 4 r should be far away from t otherwise. To learn such embeddings, a

margin-based ranking criterion is minimized over the training set:

L= > > Ittty — B 1=t ] (2.6)
(h,r,t)eD+ (h’,r,t’)GD’(hmt)
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CHAPTER 2. SCIENTIFIC BACKGROUND

Algorithm 1: Learning TransE

Input: Training set D, entities set £, relations set R, margin 7, embeddings dimension k
o _ege . . _L i
1 initialize r <—uniform( N \/E) foreachr € R

|3+l

r < r/||r|| foreachr € R
e %uniform(—%, %) foreache € £

w

4 loop

5 e < e/|le|| foreache € £

6 Deaten, < sample (DT, b) // sample a minibatch of size b

7 Toaten < O // initialize the set of pairs of triples

8 for (h,r,t) € Dpaten do

9 (B!, 7, 1) < sample(D'(;, 1)) // sample a corrupted triple
10 Toateh < Toatch U {((ha T t)v (h/7 Ty t,))}

11 end

12 Update embeddings w.r.t.

2 (bt () €Tomren, VIV F IR AT =12 — B +1 = t[]1 o]+

13 end

where 2] denotes the positive part of -, ¥ > 0 is a margin hyperparameter and D’ (h,r,t) 1s the set

of corrupted triples given the fact (h,r,t). The D', .1 set is defined as:

D’(hmt) ={(W,r,t)| h#h A (h,r,t) €D AR €&}

(2.7)
U{(h,rt") |t #t A(h,rt) DT AL € E}

The optimization is carried out by stochastic gradient descent. The detailed optimization by Bordes
et al. [2] is described in Algorithm 1.

Although the TransE model is simple and efficient, it has flaws in dealing with 1-to-N, N-to-1
and N-to-N relations. For example in 1-to-N relations, given a relation r and an entity h, TransE
enforces h + r ~ t; for all ¢ = 1,...,p, such that (h,r,t;) € DY, and then t; ~ ... & t,. Similar
disadvantages exist for N-to-1 and N-to-N relations.

Its space complexity is O(N.H, + N, H,) and its time complexity is O(H,).

Extensions of TransE. In order to overcome the disadvantages of TransE in dealing with 1-
to-N, N-to-1 and N-to-N relations, the TransE model has been extended by allowing an entity to
have distinct representations when involved in different relations. Some of its extensions are the

following:

e TransH [34], which introduces relation-specific hyperplanes. Entities are modeled again as

vectors, but each relation 7 as a vector r on a hyperplane.

e TransR [19], which introduces relation-specific spaces. Entities are represented as vectors in
an entity space R¢ and each relation is associated with a specific space R”* and modeled
as a translation vector in that space. In addition, TransR introduces a projection matrix for
each relation, which requires O(H.H, ) parameters per relation, so it loses the simplicity and

efficiency of TransE.
e TransD [13], which decomposes further the projection matrix into a product of two vectors.
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2.3. STATISTICAL RELATIONAL LEARNING

PTransE. TransE and its extensions mentioned above take into consideration only direct rela-
tions between entities. Path-based TransE (PTransE) [18] builds also triples of KBs using entity pairs
connection with relation paths. Given a path p = (r1, ..., ;) linking two entities / and ¢, PTransE

considers three types of composition operations:
e Addition (ADD):p=r1] + ... +1;
e Multiplication (MUL): p =rj0...01;

e Recurrent Neural Network (RNN): ¢; = f(W(c;—1;1;]), where ¢; indicates the accumulated

path vector at the i-th relation.

As not all relation paths are meaningful and reliable for learning, PTransE computes the path
reliability of each path, based on path-constraint resource allocation (PCRA). Given a path triple
(h,p,t), the flowing path can be written as Sy 6 2 05 S, where So = hand s; = t. For
each entity m € S;, S;_1(-, m) is the direct predecessors along relation r; in S;_;. The reliability of

path p given (h, m) is defined as

R(p | h,m) = Ry(m) = Z 57'3 (n) (2.8)

neS;—1(-,m)

where S;(n, -) is the direct successors of n € S;_; following the relation r;. For each relation path
p, the head h has R,,(h) = 1.
For each fact (h,r,t) € DT, PTransE defines a loss w.r.t. the paths as

1
'Cpath = E Z R(p | hat) : E(h7p7 t) (2'9)
pEP(h,t)

where P(h, ) is the set of all paths between hand ¢, Z = 3 . p(, ;) R(p | I,t) is a normalization
factor and the energy function E(h, p,t) is defined as

E(h,p,t) = [|h+p—t| = [p - (2.10)

PtransE adds also the reverse relations for each relation in KBs, i.e. a triple (¢, 7!, h) is built for
each (h,r,t) € DT,

Its space complexity is O(N.H, + N, H,) and its time complexity is O(H.PL) for ADD and
MUL and O(H2PL) for RNN, where P is the number of relation paths between two entities and L
is the length of relation paths.

2.3.2 Graph Feature Models

Graph Feature Models’ approaches assume that the existence of an edge can be predicted by
extracting features from the observed edges in the graph. In contrast to latent feature models, this
kind of reasoning explains triples directly from the observed data in KG. These methods are based
on homophily, while similarity of entities can be derived from the neighborhood of nodes or from

the existence of paths between nodes. [23] We assume that all y;;; are conditionally independent
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CHAPTER 2. SCIENTIFIC BACKGROUND

given observed graph features and additional parameters. The existence of a triple ;i is predicted
by a score function, which represents the model’s confidence that the triple exists.

The Path Ranking Algorithm (PRA) [16, 17] uses random walks of bounded length on the graph
and compute the probability of each path. The main idea of PRA is to use these path probabilities as
supervised features for each entity pair and use any favorable classification model, such as logistic
regression and SVM, to predict the probability of missing edges. [35] In particular, given a direct
edge from e; to e, let mp, (7, j, k,t) denote a path of length L, where ¢ represents the sequence of
edge types t = {r1,7r2,...,r1}. Let II (3, j, k) represent the set of all such paths of length L and
P(7mr(i,7,k,t)) the probability of this particular path.

2.3.3 Markov Random Fields

A Markov network (also known as Markov Random Field) is a model for the joint distribution
of a set of variables X = (X, Xo,...,X,,) € X [26]. Markov Logic Networks (MLNs) are a SRL
representation that instantiates to an undirected graphical model. Graphical models use graphs to
encode dependencies between random variables. This fact is also their main difference from KGs,
which encode the existence of facts. Each possible fact y; 1 (or random variable), which can depend
on any other N, X N, X N, — 1 random variables in Y, is represented as a node in the graph,
while each dependency between them is represented as an edge. These graphs are called dependency
graphs. [23]

Each relational feature in a Markov Logic Network (MLN) is specified as first-order logic rule
Ry with an attached weight A\4. MLNs can be viewed as relational analogs to Markov networks, in
which the potential functions over cliques are defined by the instantiations of the formulae in F.

The probability of a possible world x is thus given by:

exp(Y g, er Moo (X))
7

PX=x)= (2.11)

where n4(x) is the number of true instantiations of rule R4 and Z is a normalizing constant. [9]
To explain this further, consider an example by Domingos et al. [27] about the patterns of human

interactions and smoking habits. According to the example, friends tend to have similar smoking

habits, i.e. if two people are friends, either both smoke or neither does. This fact can be captured

with the following first-order logic rule (where X is the weight associated with it):
A VaVyFriends(x,y) = (Smokes(z) < Smokes(y)). (2.12)

Figure 2.1 shows the graph of the ground Markov network defined by this formula.

2.4 Negative Sampling

A common problem is that most KGs contain only positive training examples, i.e. y;; = 1
for all (7,7, k) € D. Training on all-positive data could be catastrophic, because the model might
easily over generalize. Hence, there is the need of negative sampling, the creation of false triples.

[8] Different approaches to create negative examples have been proposed [23], such as:
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@ Smokes(B)

Figure 2.1: Ground Markov network obtained by applying the Folmula 2.12 [27]

Friends(A,A) Friends(B,B)

e to make CWA and assume that all (type consistent) triples that are not in D are false. For

incomplete KGs this assumption will be violated and lead to scalability issues.

e to exploit type, functional or valid value ranges’ constraints on the structure of a KG. However,
functional constraints are scarce and negative examples based on type constraints and valid

value ranges are usually not sufficient for training.

e to corrupt true triples by replacing either the head or the tail with a random entity from £. In

particular,

D~ = {(e1,r¢j) | € # er A (ei,ri,€5) € DT}

(2.13)
U{(eisrker) | e # e A (€5, Tk, €5) € DT}

e to corrupt true triples by replacing either the head or the tail with a random entity from £ or

the relation with a random one from R. In particular,
D™ ={(e,mh:¢5) | e # et A (e rrye5) € DT}
U{(eirr,er) | ej # er A (eiy i, ej) € DT} (2.19)

U{(ei,r1.€5) | 7 # 11 A (3,75, €5) € DV}

o to make a Local-Closed World Assumption (LCWA). We assume that a KG is only locally com-
plete. More precisely, if there is any triple for a particular subject-predicate pair (e;, 7 ), then
any non-existing triple (e;, rg, -) is indeed false and included them in D~. The assumption is
made only for functional relations. If there is no observed triple for the pair (e;, 71 ), all triples

(ei, Tk, -) are considered as unknown and not included in D~

2.5 Summary of Useful Definitions

In this section some definitions of concepts used in the text are described. [5, 23]

e Knowledge Graph models information in the form of entities and relationships between them.

Nodes represent entities and edges represent existing relationships.
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Statistical Relational Learning is concerned with the creation of statistical models for relational

data.

Link Prediction/Knowledge Graph Prediction is concerned with predicting the existence (or

probability of correctness) of edges in the graph.
Embedding is a mapping from discrete objects, such as words, to vectors of real numbers.
Closed World Assumption (CWA), non-existing triples indicate false relationships.

Open World Assumption (OWA), a non-existing triple is interpreted as unknown, i.e. the cor-

responding relationship can be either true or false. RDF makes the OWA.

Adjacency Tensor is a third-order tensor Y € {0, 1}VeXNeXNr ‘where 1, = 1 indicates the
existence of a triple and the interpretation of y/;;, = 0 depends on whether OWA or CWA is

made.
Negative Samples/Examples are the observed false facts (triples) in the dataset.

Latent Features are the features, which are not directly observed in the data.

2.6 Summary of the Notation

The Table 2.1 describes summarily some of the notation mentioned above and used in the fol-

lowing chapters.
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Table 2.1: Summary of the notation [18, 23]

Relational Data
Symbol ~ Meaning
N, Number of entities
N, Number of relations
Ny Number of training examples
€; i-th entity in the dataset
Tk k-th relation in the dataset
Dt Set of observed positive triples
D~ Set of observed negative triples
Latent Feature Models
Symbol  Meaning Size
H, Number of latent features for entities
H, Number of latent features of relations
e; Latent feature of the entity e; H,
Tk Latent feature of the relation 7}, H,
Other Symbols
Symbol = Meaning Size
Y Adjacency tensor Ne x Ng X N,
R(p|h,t) Reliability of path p given (h,t)




Chapter 3

Framework

3.1 Introduction

As mentioned in Section 2.3.1, although TransE and its extensions are efficient, simple and suc-
cessful in modeling relational facts, they take into consideration only direct relations between en-

tities. However, there are also substantial multiple-step relation paths between entities indicating

BornInCity CityInCountry
€1

their semantic relationships. For example, the relation path i t indicates

the relation Nationality between h and ¢, ie. (h,Nationality,t).
On the other hand, PTransE adds in KBs not only direct relations, but also multiple-step relation
paths and reverse relations. In some cases, the reverse versions of relations may be useful, but usually

. . . hasDi ..
they are not presented in KBs, as shown in Table 3.1. For instance, the fact h JasDirector, 4 indicates

. hasDirector? is DirectorO o . .
the relation t "2SPireetor™ p op ¢ BPTCAO) p The main disadvantage of PTransE is that it has

flaws in time complexity and it impairs the efficiency of TransE.

Table 3.1: Difference between TransE and PTranse [18]

TransE PTransE
-1
KB hSst h e 2t t——h
(h7 1, 61) (617 T2, t)

Triples (h,r,t) (i 0o, 1) (t,r=1,h)

Objective | h+r=t| h+(rjor) =t [t+r '=h

3.2 Our Model

In this thesis, we introduce the TransEP model, which is a combination of TransE and PTransE.
We aim to maintain the efficiency of TransE and take advantage of the PTransE’s extra knowledge.

Before training, as shown in Figure 3.1, we add in the KG the multiple-step paths and the reverse
relations and calculate the reliability of each path, see Figure 3.2. Furthermore, as it will be imprac-
tical to enumerate all possible relation paths between entities without limitation, we remove triples
with very low reliability score.

Since different triples have different contribution to the global information content of the KG,
the loss function should consider a triple more if it has larger information content. Thus, after ob-
taining the triple weights/reliability, we modify the TransE’s margin-based loss function and deploy

a weighted-margin-based loss function, such as Mai et. al in [20].
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Figure 3.1: Flowchart of Data Set Creation



3.2. OUR MODEL

Mationality = BornInCity o CitylnCountry

Figure 3.2: Example of KG after adding multiple-step relation paths (blue arrow) and reverse rela-
tions (green arrows).
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Chapter 4

Methodology

In this thesis we study data extracted from Freebase and SNOMED CT. Their statistics are given
in Table 4.1.

4.1 Data Sets

4.1.1 FB15K

Freebase contains currently around 1.9 billion triples and hundreds or thousands of relation
types pertaining to world-knowledge obtained autmoatically or semi-automatically from various
resources on millions of entities. These relations include born-in, nationality, is-in (for geographical
entities), part-of (for organizations, among others), and more. The FB15K dataset was introduced by
Bordes et al. in [2]. It is a subset of Freebase, which contains about 14,951 entities with 1,345 different

relations.

4.1.2 SNOMED CT

SNOMED CT (Systematized Nomenclature of Medicine — Clinical Terms) is a systematically
organized computer processable collection of medical terms providing codes, terms, synonyms and
definitions used in clinical documentation and reporting. It encodes the meanings that are used in
health information and supports the effective clinical recording of data with the aim of improving
patient care. SNOMED CT comprehensive coverage includes: clinical findings, symptoms, diagnoses,
procedures, body structures, organisms and other etiologies, substances, pharmaceuticals, devices
and specimens. [1]

The International Health Terminology Standards Development Organization (IHTSDO) describes
in [25] the basics, the concepts and the properties of SNOMED CT. Its content is represented using

three types of components:

Concepts representing clinical meanings that are organized into hierarchies.

Descriptions, which link appropriate human readable terms to concepts.

Relationships, which link each concept to other related concepts.

e Components are supplemented by reference sets, which provide additional flexible features

and enable configuration of the terminology to address different requirements.
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Furthermore, concepts are related to one another by relationships and Web Ontology Language
(OWL) [21] axioms that provide a formal logical definition of the concept. In other words, SNOMED
CT contains a 7T BOX containing a set of axioms. Transitivity, see Figure 4.1, and property chains,
which are are in some ways similar to transitivity but involve more than one attribute, see figure

4.2, are some common axioms and can enhance classification.

| “‘-Q part of ,,-‘ l

Entire finger —( part of )—D Entire hand —l( part of )—' Entire upper limb

Figure 4.1: Example of SNOMED CT Transitivity Property [25]

. has active i
Calcium tablet —( ingredient )—P Calcium —
Ll} (is modification of )
has active ) |
Calcium carbonate tablet ——'( ingreditlent )" Calcium carbonate

Figure 4.2: Example of SNOMED CT Property Chain [25]

SNOMED CT concepts are organized in hierarchies. Within a hierarchy concepts range from
the more general to the more detailed. Related concepts in the hierarchy are linked using the |is a|
relationship. Support for multiple levels of granularity allows SNOMED CT to be used to represent
clinical data at a level of detail that is appropriate to a range of different uses. Concepts with different
levels of granularity are linked to one another by [is a| relationships, see Figure 4.3. This enables

appropriate aggregation of specific information within less detailed categories.

Procedure

A

ISA
Procedure on
lymph node

c
5 5
=] ISA =
@ 0]
(o]
4] ) Q
= Biopsy of 5
g lymph node o
© o
o Q
= ISA
o o
= )

Surgical biopsy
of lymph node

A
IS A

\4

Figure 4.3: Example of SNOMED CT Multiple levels of granularity [25]

Excisional biopsy
of lymph node
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4.1. DATA SETS
Construction of Data Set  After downloading the SNOMED CT International Edition RF2 (Release

Format 2) from the U.S. National Library of Medicine’, we used the GitHub repository by Rory
Davidson [6] to construct the Neo4j Graph Database, see a part of the graph in Figure 4.4.
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Figure 4.4: Example of SNOMED CT Neo4j Graph Database

In order to construct the data, we used the following queries in Cypher Query Language?®:

e MATCH (x:0bjectConcept) RETURN x.FSN,
the id of each entity

n.sctid, which returns the name and

e MATCH ()-[r]-() RETURN type(r), r.typeld, which returns the type and the id of
each relation

e MATCH (x:0ObjectConcept) MATCH (x)-[r:ISA]->(y:0ObjectConcept) RETURN
x.sctid,

r.typeld, vy.sctid, which returns the entities’ ids and the 1.5 A relation’s
type id of each (z, IS A, y) triple

e MATCH (x:0bjectConcept) MATCH (x)-[:HAS_ROLE_GROUP]->(rg:RoleGroup)
y.sctid,

(z,7,y) triple

MATCH (rg:RoleGroup)-[r]->(y:0ObjectConcept) RETURN DISTINCT x.sctid,
r.typeld, which returns the entities’ ids and the relation’s type id of each

"https://www.nlm.nih.gov/healthit/snomedct/
https://neo4j.com/developer/cypher/

37


https://www.nlm.nih.gov/healthit/snomedct/
https://neo4j.com/developer/cypher/

CHAPTER 4. METHODOLOGY

Table 4.1: Statistics of Data Sets

FB15K | SNOMED
Number of Entities 14,951 466,612
Number of Relationships 1,345 113
Number of Train Data 483,142 | 1,430,419
Number of Valid Data 50,000 357,605
Number of Test Data 59,071 447,007

4.2 Construction of reverse and multiple-step Paths

4.2.1 Reverse Relations

We add in KGs of both data sets the reverse relations for each observed fact, i.e. for each triple
(h,r,t) we build another (¢,771, h).

4.2.2 Multiple-step Paths

FB15K AsFB15K contains thousands of relation types pertaining to world-knowledge without any
particular subject, we consider multiple-step relation paths between two entities e; and e, only if
there is at least one observed fact (eq, r, e2), where r € R. We construct the multiple-step relation

paths according to Algorithm 2.

Algorithm 2: Construction of multiple-step relation paths on FB15K

Input: Training set D, entities set &, relations set R, max length
1 initialize P <~ DT // P is the set of triples with length = currentLength - 1
2 N <« () // initialize the set of new triples
3 fori=2;1<=1[;i4+ + do

4 N; < (0 // initialize the set of new triples of length i
5 for (e1,71,€2) € P do

6 for (e2,79,e3) € DT do

7 if I(e1,r,e3) € DT then

8 ‘ Add (e1,71 079,€3) in N and \V;

9 end

10 end
11 end
12 P — N;
13 end

SNOMED CT SNOMED CT contains only a few relation types, but a lot of OWL axioms. This indi-
cates the existence of relations between two entities e; and ez without any observed fact (e, 7, e2).
Thus, we consider multiple-step relation paths between all entities pairs. In addition, we take under
consideration the transitivity property of relation types ISA and PART_OF'. The construction of
multiple-step relation paths is described in Algorithm 3.
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Algorithm 3: Construction of multiple-step relation paths on SNOMED CT

Input: Training set D, entities set &, relations set R, max length
1 initialize P <~ DT // P is the set of triples with length = currentLength - 1
2 N <« () // initialize the set of new triples
3 fori=2;1<=1[;i4++ do

4 N; < (0 // initialize the set of new triples of length i
5 for (e1,71,€2) € P do
6 for (e2,79,e3) € DT do
7 if ro == PART OF then
8 ‘ r<nr
9 else if 1 == IS A then
10 ‘ T4 T9
11 else if 7o == IS A then
12 ‘ r T
13 else
14 ‘ < T1079
15 end
16 Add (e1,7,e3) in N and V;
17 end
18 end
19 P« N;
20 end

4.3 Reliability of Paths

As mentioned in PTransE’s description, not all relation paths are meaningful and reliable for

learning. Thus, we calculate the reliability score of each path by using the following equation

R(p | hom) = Rym) = 37 g Ryln) (4.1)

nESi_1(~,m)

which is also used by PTransE and described thoroughly in Subparagraph 13. After calculating all
scores, we divide them by the normalization factor Z = 3~ . p(;, ;) R(p | h, t) of PTransE. Therefore,
the range of the reliability score is (0, 1].

We obtain the reliability of each path before training, as shown in Figure 3.1, in order not to

impair the time complexity of TransE model.

In KGs containing only direct relations we calculate the reliability score according to Equation
4.1. On the other hand, for training on KGs containing also reverse relations and multiple-step re-
lation paths, we consider the reliability score of direct paths as 1.0, while the score of all the other
paths according to Equation 4.1, because the observed facts are more likely to be meaningful for

learning.

There are usually large amount of relations and facts about each entity pair and it will be im-
practical to enumerate all possible relation paths between head and tail entities. For computational
efficiency, in some cases we consider only these relation paths with the reliability score larger than
0.01.
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4.4 Loss Function

We denote the reliability score of the path h = ¢ by W(p,r,t)- To learn the KG embedding, we use
a margin based loss function, as TransE does. However, according to the idea of Mai et. al in [20], in
the loss function we multiply w(y, ) with the subtraction value between the scoring function, see

Eq. 2.5, of the triple (h, r,t) and the scoring function of the corrupted triple (1, r,t'):

L= Y > bt wney (h+r—tly— [ +r—tlhp)ls (@2
(h,rt)€DF (Wt YED (1 r 1)

As mentioned in Section 3.2, the loss function should consider a triple more if it has larger

information content.

4.5 Negative Sampling

For negative sampling, we follow the idea described in Equation 2.13, where we replace randomly

either the head or the tail with a random entity from &£ to construct negative triples.
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Chapter 5

Implementation

Our approach, TrasnEP, is evaluated on data extracted from Freebase and SNOMED CT described
thoroughly in subsections 4.1.1 and 4.1.2 respectively.
For our experiments, we use the GitHub repository [11] by Han et. al [10] implemented with

PyTorch. We used their TransE implementation and modified it in order to implement TransEP.

5.1 Evaluation Protocol

For evaluation, the same ranking procedure as in [3] is used. For each test triple, the head is
removed and replaced by each of the entities in £. Dissimilarities (or energies) of those corrupted
triplets are first computed by the models and then sorted by ascending order; the rank of the correct

entity is finally stored. This whole procedure is repeated while removing the tail instead of the head.

5.1.1 Metrics

Aggregating over all the Ny.4; testing triples, we use four metrics to do the evaluation:

Mean Rank (MR) The value of averaged rank or Mean Rank. The smaller, the better. MR is calcu-
lated by:

Ntest
1
MR = k; k; 5.1
SN, ;1 (rank;p + rank;) (5.1)

where rank;; and rank;, refer to the rank position of the prediction of the i, correct triple by

corrupting the head or the tail respectively.

Mean Reciprocal Rank (MRR) The mean of all reciprocal ranks for the true candidates over the
test set. The higher, the better. MRR is calculated by:
1 Niest 1 1

M p—
RE 2Niest ; (Tank;ih + rcmkit)

(5.2)

where rank;;, and rank;, have the same meaning as in MR. [32]

Hits at k (Hits@k) The rate of correct entities appearing in the top k entries for each instance list.

This number may exceed 1.00 if the average k-truncated list contains more than one true entity. The
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higher, the better. As described by Bordes et. al [2], Hits@k is calculated by:

Ntest
Hits@k = Z (Ix(rank;) + Ix(ranki)) (5.3)

1, ifrank<k,
Iy (rank;) = - (5.4)
0, otherwise.

Triple Classification Accuracy The rate of the correct predictions made in test set. Accuracy is

calculated by:
Number of correct predictions

Accuracy = (5.5)

Total number of predictions

Based on the valid set we calculate a threshold for the triples’ scores. True samples have a score

lower than the threshold, while negative ones have a score greater than the threshold.

5.1.2 Filtering

The metrics described above are indicative, but may have flaws when some corrupted triples end
up being true, from the training set for instance. In this case, those may be ranked above the test
triple, but this should not be counted as an error, as both triples are true. To avoid such a misleading
behavior, Bordes et al. in [2] proposed to remove from the list of corrupted triples all the triples that
appear either in the training, validation or test set (except the test triple of interest). This ensures
that all corrupted triples do not belong to the data set. In the following, mean ranks and hits@k are
reported according to both settings: the original one is termed raw, while we refer to the newer as

filter.

5.1.3 Type Constraints

Han et. al in [10] creates a type constraining file, which contains type constraints for each rela-
tion, i.e. which entities every relation has as head entities and as tail ones. According to this file, for
each test triple, the head or the tail is removed and replaced only by entities contained in the type
constraints of each relation. In the following, mean ranks and hits@k are also reported according

to type constraints settings.

5.2 Experimental Setup

For experiments with TransE and TranEP, we selected the learning rate A for the stochastic
gradient descent among {0.001,0.01, 0.1}, the margin v among {1, 2} and the latent dimension k
among {50, 100} on the validation set of each data set. The dissimilarity measure d was set to the
L. Optimal configurations for both data sets, FB15K and SNOMED CT, were: £ = 100, A = 0.001,
v = 1, and d = L. For both data sets, training time was limited to at most 1, 000 epochs over the
training set. For FB15K, the validation is applied every 10 epochs, while for SNOMED CT every 100
epochs, due to the large number of entities. The best models were selected by early stopping using

the mean predicted ranks on the validation sets (raw setting).
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5.3 Experiments

We implemented experiments with TransE and TransEP on FB15K and SNOMED CT. For exper-
iments on both data sets, we trained both models on three KGs: (1) containing only direct relations,
(2) containing direct and reverse relations and multiple-step relation paths of length 2 and (3) con-
taining direct and reverse relations and multiple-step relation paths of length 2 and 3 and removing
triples with reliability score lower than threshold. As in FB15K there were many facts with very
low reliability score, we also trained the models on a fourth KG (4) which is like the second one,
but without triples with reliability score lower than threshold. We restrict the length of the paths at
most 3-steps, not only for computational efficiency, but also because there was no improvement in

results.
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Chapter 6

Evaluation

In this chapter we will use the parameters chosen in Section 5.2 in order to implement the
experiments described in Section 5.3. In the following tables we report the performance of TransE
and TransEP (1) with only direct relations, (2) with reverse relations and multiple-step relation paths

(step-k) and (3) without triples with reliability score lower than threshold (step-k-thres.).

6.1 Results on FB15K

Tables 6.1, 6.2 and 6.3 display the results on FB15K for all compared methods, see Section 5.1.

Table 6.1: FB15K no type constraint results

Method MRR(%) MR Hits@10(%) Hits @3(%) Hits@1(%)
Raw  Filter Raw Filter Raw  Filter Raw  Filter Raw  Filter
TransE 24.79 25.8 219 203 50.33 | 51.97 | 28.63 | 30.14 129 13.54
TransE (step-2) 18.26 | 19.0 | 234 | 217 48.8 | 50.37 | 23.77 | 25.16 | 3.86 4.1

TransE (step-2-thres.) | 18.9 | 19.7 | 228 | 211 | 48.64 | 50.23 | 24.24 | 25.63 | 4.78 5.1
TransE (step-3-thres.) 14.4 | 14.95 | 242 | 226 | 42.83 | 44.36 | 17.87 | 18.91 | 1.45 1.51

TransEP 23.61 | 24.5 | 244 | 228 | 4843 | 49.95 | 26.95 | 28.4 | 12.09 | 12.63
TransEP (step-2) 18.37 | 19.07 | 254 | 238 | 46.28 | 47.78 | 22.63 | 23.84 | 5.31 | 5.58
TransEP (step-2-thres.) | 19.79 | 20.6 | 245 | 229 | 47.56 | 49.07 | 24.17 | 25.48 | 6.79 | 7.19
TransEP (step-3-thres.) | 15.41 | 15.99 | 254 | 237 | 41.98 | 43.39 | 18.47 | 1949 | 3.29 | 3.47

Table 6.2: FB15K type constraint results

Method MRR(%) MR Hits@10(%) Hits@3(%) Hits@1(%)
Raw  Filter Raw Filter Raw  Filter Raw  Filter Raw  Filter
TransE 26.61 | 27.68 | 180 163 51.8 53.5 | 30.21 | 31.77 | 14.97 | 15.68
TransE (Step-2) 27.53 | 28.57 185 169 52.52 | 54.12 31.1 32.65 | 16.05 | 16.75

TransE (step-2-thres.) | 26.64 | 27.71 | 184 | 168 | 51.79 | 53.44 | 30.18 | 31.74 | 15.02 | 15.77
TransE (step-3-thres.) | 25.31 | 26.29 | 187 | 171 | 49.44 | 51.02 | 28.49 | 29.94 | 14.12 | 14.78

TransEP 25.73 | 26.67 | 189 | 173 | 50.34 | 51.92 | 28.94 | 30.44 | 144 | 15.02
TransEP (step-2) 26.56 | 27.51 | 193 | 177 | 50.84 | 52.37 | 29.59 | 30.98 | 15.45 | 16.09
TransEP (step-2-thres.) | 25.64 | 26.63 | 192 | 176 | 50.56 | 52.15 | 28.77 | 30.21 | 14.87 | 14.94
TransEP (step-3-thres.) | 24.46 | 25.36 | 194 | 176 | 47.65 | 49.45 | 27.4 | 28.69 | 13.56 | 14.16

Unfortunately, we observe that our model TransEP underperforms on FB15K. TransE model con-
taining only direct relations outperforms in results without type constraints on all metrics. However,
type constraints results of TransE containing also reverse relations and 2-steps paths outperform in
hits@k and Mean Reciprocal Rank, but TransE on the original KG has lower Mean Rank in all cases.

Furthermore, TransE step-2 has a better performance in triple classification accuracy.
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TransE and TransEP of considering relation paths with at most 3-step achieve worse results.

This indicates that it may be unnecessary to consider those relation paths that are too long.

Table 6.3: FB15K Triple Classification Accuracy

Method Triple Classification Accuracy
TransE 84.01
TransE (step-2) 85.27
TransE (step-2-thres.) 84.96
TransE (step-3-thres.) 83.66
TransEP 83.17
TransEP (step-2) 83.82
TransEP (step-2-thres.) 84.26
TransEP (step-3-thres.) 82.74

6.2 Results on SNOMED CT

The following tables 6.4, 6.5 and 6.6 display the results on SNOMED CT for all metrics. We
observe that: (1) training on KG, which contain reverse relations and 2-step paths, outperforms
training on KG with only direct relations. (2) The filtered setting in TransEP results does not provide

a significant improvement in contrast with TransE model.

From Table 6.4 we observe that: (1) TransE step-2 has a better performance in hits@k and Mean
Reciprocal Rank. (2) TransEP step-2 outperforms in Mean Rank. (3) TransEP and TransE step-2

achieve comparable results in raw setting.

From Tables 6.5 and 6.6 we observe that: (1) the raw setting in TransEP step-2 provides better
results for all metrics. (2) The filtered setting in TransE significantly outperforms TransEP. (3) TransE
step-2 has a better performance for all filtered metrics. (4) TransEP step-2 achieves the highest triple

classification accuracy, but comparable to the one of TransE step-2, step-3 and TransEP step-3.

As in FB15K, TransE and TransEP on KGs with at most 3-step achieve worse results and we do

not consider longer relation paths.

Table 6.4: SNOMED CT no type constraint results

Method MRR(%) MR Hits@10(%) Hits@3(%) Hits@1(%)

Raw  Filter Raw Filter = Raw  Filter ~Raw  Filter Raw Filter

TransE 13.37 | 17.71 | 13615 | 13145 | 25.21 | 27.96 | 15.75 | 19.56 | 7.37 | 12.36
TransE (step-2) 13.93 | 22.63 | 11721 | 11118 | 27.46 | 35.84 | 15.87 | 25.14 | 7.41 | 15.71
TransE (step-3-thres.) | 10.74 | 21.02 | 12986 | 12283 | 23.05 | 34.1 11.8 | 23.17 | 4.92 | 14.35
TransEP 10.21 | 10.5 | 14007 | 13901 | 20.83 | 21.11 | 11.76 | 12.12 | 4.84 | 5.09
TransEP (step-2) 13.67 | 14.21 | 10902 | 10796 | 26.9 | 27.33 | 15.47 | 16.08 | 7.23 | 7.77
TransEP (step-3-thres.) | 10.72 | 11.06 | 12374 | 12267 | 22.62 | 23.0 11.6 12.0 | 5.13 | 5.42
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Table 6.5: SNOMED CT type constraint results

Method MRR(%) MR Hits@10(%) Hits@3(%) Hits@1(%)
Raw  Filter Raw Filter Raw  Filter Raw  Filter Raw Filter
TransE 13.68 | 18.12 | 6587 | 6117 | 25.54 | 28.42 | 16.07 | 19.99 | 7.66 | 12.75

TransE (step-2) 14.05 | 22.96 | 5298 | 4695 | 27.62 | 36.24 | 15.99 | 25.47 | 7.49 | 16.01
TransE (step-3-thres.) | 10.84 | 21.26 | 5682 | 4978 | 23.23 | 34.51 | 11.93 | 23.51 | 4.98 | 14.53
TransEP 11.3 | 11.62 | 6131 | 6024 | 22.14 | 22.44 | 13.01 | 13.4 | 5.76 | 6.05
TransEP (step-2) 15.82 | 16.35 | 4928 | 4823 | 28.78 | 29.19 | 17.65 | 18.24 | 9.5 | 10.02
TransEP (step-3-thres.) | 10.81 | 11.15 | 5300 | 5194 | 22.79 | 23.17 | 11.68 | 12.09 | 5.17 | 5.46

Table 6.6: SNOMED CT Triple Classification Accuracy

Method Triple Classification Accuracy
TransE 86.51
TransE (step-2) 89.67
TransE (step-3-thres.) 89.04
TransEP 84.9
TransEP (step-2) 89.99
TransEP (step-3-thres.) 89.17
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Chapter 7

Discussion

7.1 Conclusion

In this diploma thesis, we introduced a new Translational Distance Model, TransEP. Our moti-
vation was the prediction of the existence or probability of correctness of triples in a KG, i.e. Link
Prediction. We combined TransE and PTransE models by adding multiple-steps paths and reverse
relations to the KG, but without impairing the time complexity of TransE. Furthermore, we modified
a margin-based loss function by taking into consideration the reliability score of each relation or
path in order to consider a triple more if it has larger information content.

We evaluated TransE and TransEP models on two data sets, FB15K and SNOMED CT. We im-
plemented experiments on KGs not only with direct relations, but also with reverse relations and
multiple-step relation paths.

With regard to results on FB15K, multiple-step paths do not improve significantly the perfor-
mance, especially on TransEP, compared to the original data set. Probably, this is due to the fact that
FB15K contains thousands of relation types pertaining to world-knowledge without any particular
subject. Therefore, the relation paths may not provide any useful information.

On the other hand, concerning SNOMED CT, training on KG with multiple-step paths outper-
forms the one on KG with only direct relations. Both TransE and our model, TransEP, achieve higher
performance on KG with 2-step paths and reverse relations, while TransEP provides better results for
some metrics. This significant improvement is probably due to the OWL axioms, on which SNOMED
CT is based, such as relations’ properties, like the transitivity one, that indicate new important facts.

On both data sets considering relation paths with at most 3-step achieve worse results and we

do not consider relation paths that are too long.

7.2 Future Work

There are many avenues to explore future work, but it chiefly could be carried out in two main

directions:

e We could use another method to evaluate how important a path is instead of PTransE’s relia-
bility score. For example, a possible method could be the use of the PageRank algorithm [4],
which gives some approximation of a path’s importance or quality and measures the transitive

influence or connectivity of nodes in a graph. According to Google:
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“PageRank works by counting the number and quality of links to a page to determine a rough
estimate of how important the website is. The underlying assumption is that more important

websites are likely to receive more links from other websites”.

Moreover, Neo4j, which we used to construct the KGs, includes the PageRank algorithm in

the Neo4j Graph Algorithms library.

As TransE and, hence, TransEP have flaws in dealing with 1-to-N, N-to-1 and N-to-N relations,
we could rely on another transnational distance model. For instance, TransH overcomes these
disadvantages and has the same time complexity with TransE. We could add in the KG the
multiple-step paths and the reverse relations, calculate the reliability of each path and modify

the loss function of TransH with respect to reliability scores.
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Appendix A

Mathematics

Definition of anorm We define ||x||,, as a "p-norm”. Given x, a vector with ¢ components, a p-norm

/
I = (32 1) (1)

is defined as:

L1 Norm L1 Norm, also known as Manhattan Distance, is the sum of absolute difference of the

components of the vectors and is defined as:
Ixllo =" | i (A.2)
i

L2 Norm L2 Norm, also known as Fuclidean Distance, is defined as:

Ixllz = [(D° i ) (13)

Frobenius Norm The Frobenius norm is matrix a norm of an m X matrix A defined as the square

root of the sum of the absolute squares of its elements:

ZZ | Qi ‘2 (A.4)

i=1 j=1

1Al =
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Figure B.1: Simple Illustrations of TransE, TransH, TransR. The figures are adapted from [19, 33, 34]
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Figure B.2: Path representations are computed by semantic composition of relation embeddings.
The figure is adapted from [18]
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APPENDIX B. FIGURES

Figure B.3: Visualization of RESCAL as Neural Network. The figure is adapted from [23]
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Figure B.4: RESCAL as a tensor factorization of adjacency tensor Y. The figure is adapted from [23]
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Figure B.5: Neural Network architecture of NTN. The figure is adapted from [29, 33]

56



fr-(h, t)
i

I
tanh @O OO0

M M? M3

|
@000 @000 ©000

h r t

Figure B.6: Neural Network architecture of MLP. The figure is adapted from [33]

57






BIBLIOGRAPHY

Bibliography

(1]
(2]

(3]

(7]

(9]

[10]

[11]

[12]

SNOMED CT. https://en.wikipedia.org/wiki/SNOMED_CT. Accessed: 2019-06-20.

Antoine Bordes, Nicolas Usunier, Alberto Garcia-Duran, Jason Weston, and Oksana
Yakhnenko. Translating embeddings for modeling multi-relational data. pages 2787-2795,
2013.

Antoine Bordes, Jason Weston, Ronan Collobert, and Yoshua Bengio. Learning structured em-
beddings of knowledge bases. In Twenty-Fifth AAAI Conference on Artificial Intelligence, 2011.

Sergey Brin and Lawrence Page. The anatomy of a large-scale hypertextual web search engine.
Computer networks and ISDN systems, 30(1-7):107-117, 1998.

Tensorflow Community. Embeddings. https://www.tensorflow.org/guide/
embedding. Accessed: 2019-05-31.

Rory Davidson. SNOMED CT database. @ https://github.com/rorydavidson/
SNOMED-CT-Database.git.

Xin Dong, Evgeniy Gabrilovich, Geremy Heitz, Wilko Horn, Ni Lao, Kevin Murphy, Thomas
Strohmann, Shaohua Sun, and Wei Zhang. Knowledge vault: A web-scale approach to proba-
bilistic knowledge fusion. In Proceedings of the 20th ACM SIGKDD international conference on
Knowledge discovery and data mining, pages 601-610. ACM, 2014.

Lucas Drumond, Steffen Rendle, and Lars Schmidt-Thieme. Predicting rdf triples in incomplete
knowledge bases with tensor factorization. In Proceedings of the 27th Annual ACM Symposium
on Applied Computing, SAC ’12, pages 326-331, New York, NY, USA, 2012. ACM.

Lise Getoor and Lilyana Mihalkova. Learning statistical models from relational data. In Pro-
ceedings of the 2011 ACM SIGMOD International Conference on Management of data, pages 1195-
1198. ACM, 2011.

Xu Han, Shulin Cao, Xin Lv, Yankai Lin, Zhiyuan Liu, Maosong Sun, and Juanzi Li. OpenKE:
An open toolkit for knowledge embedding. In Proceedings of EMNLP, pages 139-144, 2018.

Xu Han, Shulin Cao, Lv Xin, Yankai Lin, Zhiyuan Liu, Maosong Sun, and Juanzi Li. OpenKE
PyTorch database. https://github.com/thunlp/OpenKE/tree/OpenKE-PyTorch.

Yi Huang, Volker Tresp, Maximilian Nickel, Achim Rettinger, and Hans-Peter Kriegel. A scal-
able approach for statistical learning in semantic graphs. Semantic Web, 5(1):5-22, 2014.

59


https://en.wikipedia.org/wiki/SNOMED_CT
https://www.tensorflow.org/guide/embedding
https://www.tensorflow.org/guide/embedding
https://github.com/rorydavidson/SNOMED-CT-Database.git
https://github.com/rorydavidson/SNOMED-CT-Database.git
https://github.com/thunlp/OpenKE/tree/OpenKE-PyTorch

BIBLIOGRAPHY

[13]

[14]

[20]

[25]

60

Guoliang Ji, Shizhu He, Liheng Xu, Kang Liu, and Jun Zhao. Knowledge graph embedding
via dynamic mapping matrix. In Proceedings of the 53rd Annual Meeting of the Association
for Computational Linguistics and the 7th International Joint Conference on Natural Language

Processing (Volume 1: Long Papers), volume 1, pages 687-696, 2015.

Xueyan Jiang, Volker Tresp, Yi Huang, and Maximilian Nickel. Link prediction in multi-
relational graphs using additive models. In Proceedings of the 2012 International Conference
on Semantic Technologies Meet Recommender Systems &#38; Big Data - Volume 919, SeRSy’12,
pages 1-12, Aachen, Germany, Germany, 2012. CEUR-WS.org.

Xueyan Jiang, Volker Tresp, Yi Huang, and Maximilian Nickel. Link prediction in multi-
relational graphs using additive models. SeRSy, 919:1-12, 2012.

Ni Lao and William W. Cohen. Relational retrieval using a combination of path-constrained
random walks. Mach. Learn., 81(1):53-67, October 2010.

Ni Lao, Tom Mitchell, and William W. Cohen. Random walk inference and learning in a large
scale knowledge base. In Proceedings of the Conference on Empirical Methods in Natural Lan-
guage Processing, EMNLP ’11, pages 529-539, Stroudsburg, PA, USA, 2011. Association for Com-

putational Linguistics.

Yankai Lin, Zhiyuan Liu, and Maosong Sun. Modeling relation paths for representation learn-
ing of knowledge bases. CoRR, abs/1506.00379, 2015.

Yankai Lin, Zhiyuan Liu, Maosong Sun, Yang Liu, and Xuan Zhu. Learning entity and rela-
tion embeddings for knowledge graph completion. In Proceedings of the Twenty-Ninth AAAI
Conference on Artificial Intelligence, AAAT’'15, pages 2181-2187. AAAI Press, 2015.

Gengchen Mai, Krzysztof Janowicz, and Bo Yan. Support and centrality: Learning weights
for knowledge graph embedding models. In European Knowledge Acquisition Workshop, pages
212-227. Springer, 2018.

Deborah L McGuinness, Frank Van Harmelen, et al. OWL web ontology language overview.
W3C recommendation, 10(10):2004, 2004.

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient estimation of word rep-

resentations in vector space. arXiv preprint arXiv:1301.3781, 2013.

Maximilian Nickel, Kevin Murphy, Volker Tresp, and Evgeniy Gabrilovich. A review of rela-

tional machine learning for knowledge graphs, 2015.

Maximilian Nickel, Volker Tresp, and Hans-Peter Kriegel. A three-way model for collective
learning on multi-relational data. In Proceedings of the 28th International Conference on Inter-

national Conference on Machine Learning, ICML’11, pages 809-816, USA, 2011. Omnipress.

IHTSDO (International Health Terminology Standards Development Organization). SNOMED
CT document library: https://confluence.ihtsdotools.org/display/DOC. Ac-
cessed: 2019-06-20.


https://confluence.ihtsdotools.org/display/DOC

BIBLIOGRAPHY

[26] Judea Pearl. Probabilistic reasoning in intelligent systems: networks of plausible inference. Else-

[31]

(32]

(33]

[34]

(35]

vier, 2014.

Matthew Richardson and Pedro Domingos. Markov logic networks. Machine learning, 62(1-
2):107-136, 2006.

Corbin L. Rosset. Knowledge base completion with embeddings of entities and relation op-
erations. Master’s thesis, Computer Science Department of The Johns Hopkins University,
2017.

Richard Socher, Danqi Chen, Christopher D Manning, and Andrew Ng. Reasoning with neural
tensor networks for knowledge base completion. In Advances in neural information processing

systems, pages 926-934, 2013.

Volker Tresp, Yi Huang, Markus Bundschus, and Achim Rettinger. Materializing and querying
learned knowledge. Proc. of IRMLeS, 2009, 2009.

Pierre-Yves Vandenbussche. Translating embeddings (TransE). http: //pyvandenbussche.
info/2017/translating-embeddings-transe/. Accessed: 2019-06-07.

Ellen M. Voorhees. The trec-8 question answering track report. In In Proceedings of TREC-8,
pages 77-82, 1999.

Quan Wang, Zhendong Mao, Bin Wang, and Li Guo. Knowledge graph embedding: A survey
of approaches and applications. IEEE Trans. Knowl. Data Eng., 29(12):2724-2743, 2017.

Zhen Wang, Jianwen Zhang, Jianlin Feng, and Zheng Chen. Knowledge graph embedding by
translating on hyperplanes. In Twenty-Eighth AAAI conference on artificial intelligence, 2014.

Baichuan Zhang, Sutanay Choudhury, Mohammad Al Hasan, Xia Ning, Khushbu Agarwal,
Sumit Purohit, and Paola Gabriela Pesntez Cabrera. Trust from the past: Bayesian personalized

ranking based link prediction in knowledge graphs. CoRR, abs/1601.03778, 2016.

61


http://pyvandenbussche.info/2017/translating-embeddings-transe/
http://pyvandenbussche.info/2017/translating-embeddings-transe/

	Περίληψη
	Abstract
	Ευχαριστίες
	Contents
	List of Tables
	List of Figures
	List of Algorithms
	Κείμενο στα Ελληνικά
	Εισαγωγή
	Κίνητρο
	Συνεισφορά Διπλωματικής Διατριβής

	Επιστημονικό Υπόβαθρο
	Γράφοι Γνώσης
	Συμβολισμοί
	Στατιστική Σχεσιακή Μάθηση
	Αρνητική Δειγματοληψία
	Χρήσιμοι Ορισμοί

	Μεθοδολογία
	Προτεινόμενο Μοντέλο
	Σύνολα Δεδομένων
	Κατασκευή Γράφων Γνώσης με αντίστροφες σχέσεις και μονοπάτια πολλαπλών βημάτων
	Αξιοπιστία Μονοπατιών
	Loss Function
	Αρνητική Δειγματοληψία

	Υλοποίηση
	Πρωτόκολλο Αξιολόγησης
	Ρύθμιση Πειραμάτων
	Πειράματα

	Αξιολόγηση
	Αποτελέσματα στο FB15K
	Αποτελέσματα στο SNOMED CT

	Συμπέρασμα και Μελλοντικά Έργα
	Περίληψη
	Μελλοντική Δουλειά


	Introduction
	Motivation
	Scope

	Scientific Background
	Knowledge Graphs
	Notations
	Statistical Relational Learning
	Latent Feature Models
	Graph Feature Models
	Markov Random Fields

	Negative Sampling
	Summary of Useful Definitions
	Summary of the Notation

	Framework
	Introduction
	Our Model

	Methodology
	Data Sets
	FB15K
	SNOMED CT

	Construction of reverse and multiple-step Paths
	Reverse Relations
	Multiple-step Paths

	Reliability of Paths
	Loss Function
	Negative Sampling

	Implementation
	Evaluation Protocol
	Metrics
	Filtering
	Type Constraints

	Experimental Setup
	Experiments

	Evaluation
	Results on FB15K
	Results on SNOMED CT

	Discussion
	Conclusion
	Future Work

	Appendices
	Mathematics
	Figures

