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MNepiAnyn

Ta mapaywykd povtéAa Mnxavikic Mabnong (MM), 6nwg ta Mapaywylkd AVTaywvIoTIKA
Aiktua (GAN), ot EvaAhacaoopevol Autopatol Kwdikomointég (VAE) kal ta povtéda Staxuong
(Diffusion Models), €xouv emituxel afloonUelwTa AMOTEAECUATA OTO MESLO TWV ELKOVWV.
Qoto0o0, n anodoon toug o dedopéva mivaka, EL6IKA o€ oUVOAX SeSoUEVWY e TTOANEG
KATNYOPLKEG KOAWVEG, Sev tapouatalel Wbavika amoteAéoparta. H avfavopevn Intnon yla
uPnAnNg molotnTag dedopéva, Ta omoia ArmoKpUTITOUV Kol LOLWTIKEG TTAnpodopieg Twv
Selypdtwy, €XeL TOVIOEL TNV avaykn yla BeAtiwon og autdv Tov Topéa. Mia onUavtiki
TIPOKANGN TIOU EVEXEL AUTOC O OKOTIOC VAL N OVATIAPACTOON TWV KATNYOPLKWV LETABANTWY, Ol
omnoleg ouvnBwg kwdkomolouvTal Pe tn PEBodo one-hot, amod tnv omnola MPOKUTITOUV APALES
QVATIOPAOTACELG TIOU SEV TEPLEXOUV XPNOLUN TAnpodopia Kot UmopouV va KAVOUV Tn
povtelomoinon aotadr kot SUCKOAN. ITNV MapoUoa SUTAWUATLIKI EPYOOLA, AVTIUETWTTI{OUUE
OLUTEG TLG TIPOKANCELG LE TN XPION TIUKVWV EVOWHATWOEWV (embeddings) wg evaANaKTIKN
QVATIOPACTOON TWV KATNYOPLKWVY XOPAKTNPLOTIKWY OTNV TIOPAYWYLKI LOVTEAOTIOLNON.
Kataokeudaloupe Eva el8IKA OXESLOOUEVO LOVTEAO EVOWUATWONG, EUTVEUCHUEVO OO TNV
apxttektovikn skip-gram katl mpocappoouévo os dedopéva mivaka, yla va LabeL Tig
SLOVUOUATIKEG AVATIOPACTACELG TWV KOTNYOPLKWVY TLHWV Baoclopévo otn cuvumapén Toug A Un.
Edapudloupe TIG MapayOUEVEG EVOWUATWOELG OTN CUVEXELOL O€ TPLA TTOPAYWYLKA HLOVTEAQ KOl
KATAOKEUALOULLE TLC KALVOTOMEG apXLTEKTOVIKEC TwV eGAN, eVAE kot eDDPM. H afloAdynon
TOUG YIlVETAL TOOO 0€ UIKTA Sedopéva 000 Kol O ATOKAELOTIKA KATNYOPLKA cUVOAX avTAoUHEVQ
aro ta cuvola Sedopévwy Adult Income kat Mushroom. Ta cuvBeTikd cUvola SeSouévwy Tou
Snuoupyouvtal anod oAa ta povtéAa aflohoyouvtal pe BAon LETPNOELG Tou Aaupdavouy umtodn
TNV MLOTOTNTA KoL TNV LOLWTLIKOTNTA. TA LOVTEAQ EVICXUHUEVA UE EVOWUATWON ETLSEIKVUOUV
QVTAYWVLOTLKA armodoaon, Wblaitepa otnv Katavonon Twv eEAPTAOEWV HETAEY TWV KATNYOPLKWY
KOAWVWV KaL OTNV OVTLLETWTIILON TIPOKANGEWV TIOU EVEXEL N Ttapaywyn Stakpltwyv SeSopévwy.
AUTH N SUTAWATLKA gpyacia avadelKVUEL TIC TIPOOTITIKEG TWV OVATIAPOOTACEWV EVOWUATWONG
TPOG BEATIWON TWV TAPAYWYLIKWY HOVTEAWV yLa Stakpttd dedopéva kabBwe KoL Tov Lo
amoS0TIKO Kol GUGCLKO XELPLOUO TWV SESOUEVWV QUTWV.

Négerg KAewdLa: Anuoupyia ZuvBetikwy Aedopévwy, Movtehomnoinon Aedopévwy Mivaka,
Mapaywylka AvtaywvioTika Aiktua, EvaAlaooopevol Autopatol Kwdikomointég, Movtéa
Awdyuong, Evowpatwoelg Asdopuévwv






Abstract

Generative Machine Learning Models such as GANs, VAEs and Diffusion Models have achieved
remarkable results in image domains. However, their performance on tabular data, especially
datasets with many categorical features, has not seen such excellent results. The increasing
demand for high-quality, diverse and privacy-preserving data has highlighted the need for
improvement in this area. A major challenge arising in this task is the representation of categorical
variables, which are commonly one-hot encoded, leading to sparse, non-informative inputs that
can make modeling unstable and difficult. This thesis investigates the use of dense, learned
embeddings for categorical attributes as an alternative representation for generative modeling.
A custom embedding model, inspired by the skip-gram architecture and adapted to tabular data,
is introduced to learn co-occurrence-based vector representations of categorical values. These
embeddings are then integrated into three generative models, resulting in the novel architectures
of eGAN, eVAE and eDDPM. The proposed models are evaluated against their highly appreciated
and used baseline counterpart models: CTGAN, TVAE and TabDDPM. Tests are conducted on both
mixed-type and categorical-only versions of the Ault Income and Mushroom datasets. The
generated synthetic datasets of all models are assessed by metrics that account for fidelity and
privacy. The embedding-augmented models demonstrate competitive performance, especially in
capturing categorical dependencies and mitigating some of the challenges associated with
discrete data generation. This work highlights the potential of embedding-based representations
to improve generative modeling of tabular data and opens new directions for handling discrete
features more naturally and effectively.

Keywords: Synthetic Data Generation, Tabular Data Modeling, Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs), Diffusion Models, Data Embeddings
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Chapter 1

Exktetapévn NepiAndn ota EAANVIKA

1.1 Ewaywyn

1.1.1 Kivntpa

H au€avouevn Intnon yla dedopéva uPnAng moldtntag £xeL mMPoKaAEoeL Eviovo evlladEpov yla
™ Snuoupyia cuvBeTikwv Sedopévwy. Exouv avantuxBOel TTOANEG TEXVIKEG, UE KOULVOTOULEC TTOU
amobibouv efalpetikd@ ot ouykekpluéva Tmedila, evw o€ AANA va UOTEPOUV eAadpwcC.
JUYKeKpLUEVa, Ta Sedopéva  TIVAKWY €XOUV TIOAAEC £POPUOYEG KAl TIPOCEAKUOUV HEYAAO
evlladpépov OTov TOPEQ TNG TANPOGDOPLKNG, WOTOCO TO TOPOYWYLIKA HOVIEAQ GCUXVA
SuaokoAevovtal va SLaxelplotouv INTHHATA OTIWE N TPOCTACLA TNE LOLWTLKOTNTOG, N AVIOOPPOTILa
TWV KATNYopLWV, oL WIKTol TUTIoL SeSopévwv Kot TIOAAEG AAAEC TIPOKANOELS. Evw Ta yeveTikd
HOVTEAQ, Omw¢ to Mapoaywylkd Avtaywviotikd Aiktua (GANs), [1] kat ot EvaAhacoopevol
Autopatol Kwdikomointég (VAEs) [2], €xouv erutuxet afloonueiwta anmoteAéopata oto nedio tng
€lkOvag, n anodoon toug oe debouéva oe popdn Tivaka (e0kd oe dedouéva ATOKAELOTIKA
KATNYOPLKOU TUTIOU) TTAPAUEVEL TIEPLOPLOEVN.

Ta meplooodtepa povtéda katadelyouv otnv one-hot kat ordinal kwdikomoinon[3] ywa tnv
QVaTIAPACTOCHN KATNYOPLKWVY XOPAKTNPLOTIKWY. QOTOCO0, AUTEG OL TEXVIKEG 08NYOUV OE APALEG KOl
AKQUTITEG OVATIAPOOTACELS XWPLG OUCLAOTLKO vOnua Kot TAnpodopleg oTLg TLHEG Toug. O oToX0G
miou StapopdpwBnKe ATav va kataoTtel Suvatn N Guaotkr AEIToupyLo TWV OPXLIKWY LOVTEAWY TTAVW
OTO KATNYOPLKA XOPOAKTNPLOTIKA, OTWE akPLBWS yivetal ota aplBuntikd. Katd autdv Tov Tpomo
UMOPOUV va €KUETAAAEUOOUV OL AKATEPYAOTEG SUVATOTNTEG TWV TAPOAYWYLKWY HOVIEAWY, Ol
OTTIOLEC UTIOKPUTITOVTAL XAPN OTLG OPALEG KAl SLOKPLTEG AVATIAPACTACELC.

Ma va aVILETWILOTEL aUTO, eEETAOTNKE N OEQ TNC XPIONG TTUKVWYV EVOWHOTWOEWV. MpokKeLTal
yla poe texvikn davewopévn amd tnv emefepyacia puolkng yAwooag (NLP), omou ot
EVOWHOTWOELG AEEEWV €XOUV XpnoLpomoLlnBel emavelAnUUEVA LE EMLTUXLA yLO TN HovTteAomoinon
onUacloAoyLlkwV ox€oewv. Me tnv ekmaidsuon evog €ELSIKEUUEVOU LOVTEAOU EVOWUATWONG UE
Bdon tn ouvuTtapén LETAEY KATNYOPLKWY TLLWYV, KAOE pio amo UTEG LETATPETETAL OE £VOL CUVEXNA
Slavuopa oe évav kowo AavBavovta xwpo. AUTA N OVATIAPACTOON ETUTPETEL OTA YEVETIKA
HOVTEAQL va AeltoupyoUv O £€vav OUVEXN XWPO, EMITPEMOVIAC TNV omobodpounon
(backpropagation) o oAdkAnpo to diktuo.
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MNa va SOKAOoTEL auTr N TPOCEYYLON, TpayUatonodnkav nelpdaupata oe tpla SnuodiAn
yevetika povtéha: GAN, VAE kat DDPM (Denoising Diffusion Probabilistic Model). Q¢ Baon yia ta
TIELPALATA TIAPOYWYNE MIKTWV CUVOETIKWY SeS0UEVWV XpNOLUOTOINONKAY TA EUPEWG YVWOTA
CTGAN, TVAE kot TabDDPM. T tnv afloAdynon tng TMPOCEYYLONG TWV EVOWUATWOEWY,
KOTOLOKEUAOOHE T OoAoyd toug eGAN, eVAE kat eDDPM mavw ota omoia €ywav ta dla
TELPAUOTA E QUTA TIOU £ylvav ota Bactka povtéla. Mpwta, afloAoynbnke n anddoon Toug o€
Sebopéva PULKTOU TUTIOU, TIPOTOU CUVEXLOTOUV TO TTELPAUATO O CUVOAQ SES0UEVWY ATIOKAELOTIKA
KatnyopLkoU TUTIoU.

1.1.2 Iuvelodopég

H mapouoa SUMAWUATIKY Epyacia Mapouotalel TI¢ akoAouBeg BaotkéG cuvelodOpPEG:

e Evowpatwon ywa OSwokpitd Sedopéva oe mivakeg: Ewonxdn pla véa oTpatnylkn
EVOWUATWONG, EUNMVEVCUEVN amo To skip-gram pe apvntikn deypatoAnyia (negative
sampling), mpooappoopévn elbIkA yla Sedopéva o TIVOKEG XWPLG XWPLKA ogpd. To
HOVTEAO HaBaivel EVOWUOTWOELS BACLOPEVEC OTN CUVUTIOPEN OE KATNYOPLKEG OTNAEG.

o NEEC TOPAYWYLKEG OPXITEKTOVIKEG: Me Bdon TI¢ mpoavadepBeloe eVOWUATWOELS,
avamntuxbnkav tpia véa povtéla:

o eGAN: uia yevvntpla Boaoctopévn oto GAN TOU AELTOUPYEL HE EVOWUOTWHUEVA
Staviopata Kabwc Kal aplOUNTIKEG OTHAEG

o eVAE: éva poviélo VAE moU avoKatookeUAEL EVOWHOTWHEVA SLavVUOHOTA KoL Ta
QTTOKWOLKOTIOLEL OE KATNYOPLKEG TLLES

o eDDPM: éva povtého DDPM, emiong eknmadeupévo o dedopéva HIKTOU TUTOU,
TIOU QVOLKOTOOKEVALEL TOL EVOWHATWHEVA SLAVUOUATA OE KATNYOPLKEC TLUEG.

o AfloAdynon o€ PIKTA aAAd Kal artoKAELOTIKA Katnyoplkd dedopéva: Mpayuatonolldnkav
TIELPAUOTO OE HLKTEC KOL OTIOKAELOTIKA KOTNYOPLKEG EKOOXEC TWV CUVOAWV SedopEvwy
Adult Income kat Mushroom tou amoBetnpiou UCI, xpnolpomolwvtog TOAANATAEG
HETPIKEC LOLWTLKOTNTAG KAL TILOTOTNTAG.

ALOTILOTWOEL] KO TIPOOTTIKEG: Ta amoteAéopata Twv HOVTEAwV aflodoyolvtal oe Ouo
Sladopetikoug TUToUG Sedopévwy. MPOKUTITOUV CUPTEPACUATA KOl TOVI{OVTAL Ol TIPOOTITLKEG
TWV HOVTEAWV KaBwG Kal N LEAAOVTLKA £PEUVO OE OLUTO TOV TOUEQ.
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1.2 Xuvtoun lotopia kot Epnodia tng Emotipung twv Aedopévwv

H emiotrun Twv uTtoAoyLoTWVY o TN dnULoupyila TG ATMOTEAECE £vVaV OPO TTOU CUVEVWVE TTIOAAQ
Bewpntika nedia, 6nwg ol alyoplBuol kat n Bswpla mAnpodopiag, kKabBwg Kal epapUOCUEVOUG
TOME(G OTTWG N UNXAVLKA UALKOU Kol AOYLOHKOU. QOTO00, TIOAAEG TIPWTOTIOPLAKEG LOEEC, OTIWG YLa
napadelypa n kpumtoypadio Snuooiou KAeWSLOU Kkat Ta mopAAANAQ UTTOAOYLOTLKA CUCTAUATA,
€UELVAV YLO XPOVLA HOVo otn Bewpla, kKaBwg n EAAeln UTIOAOYLOTIKWY TIOPWV SEV UMOPOUCE Va
LKAVOTTOLNOEL TLG avAYKeG TouG. H Texvntr) Nonuoaouvn (TN), av kat BepeAlwBnke tn dekaetia Tou
1950, yvwpLloe TPOYHATIKE OVATITUEN HOVO OTLG apXEG ToU 210U alwva, xapn otnv eEEALEN Twv
UTTOAOYLOTIKWV TIOPWV, YEYOVOC Tou emETpee £DAPUOYEG OMWG N UTOAOYLOTIKH Opaon, N
oavayvwpLlon optAiag, n eme€epyacia puaoikng yAwooag kabwc kat tnv avodo twv ‘Big Data’ [4].

MNapdAAnAa, n paydaio avamtuén twv MeydAwv Nwookwv MovtéAwv (LLMs) cuvodeletal anod
ONUAVTIKOUG TIEPLOPLOMOUG, KOBWG N eKMALSEVUON TOUC amaltel TEPAOTIOUG EVEPYELAKOUG
nopouc. Evoelktika, peléteg €6et€av OtL n ekmaidevuon PoviéAwv Onwg to BERT kat to GPT-2
apnyoaye €wg kat 626.000 Aifpeg Sto€eldiou tou avbpaka [5]. Mapd tn xpron Kaptwv ypadikwv
mou to 2010 moAAamAaciacayv tnv taxutnta eknaidevong katd 10-15 popéc oe ox€on e TOUG
enegepyaoTEG [6], n ouvexng avénon Tou aplBoU TAPAUETPWY TWV HOVTEAWY, apxilel va odnyel
gava oe umtohoyloTtiko adlé€odo. EmumAéov, n avfavouevn avaykn yla dedopéva ekmaibeuong
KOOLOTA TNV €€EUPECN EMAPKWV KOL TIOLOTIKWY CUVOAWV Sedopévwv Kpiotun alAd SUCKOAN,
KaBw¢ umdpxouv INTAHATA WBLWTIKOTNTAC, TIEPLOPLOUOC Selypatwyv oAAG kol uPnAd KOOTOG
oUAAoyn ¢ TouG.

1.2.1 NpokAnoeig yia tn ZuAdoyn Npaypatikwv AeSopEvwy

YMApYouv HEYAAEC TPOKANOELS OTN OGUAAOYN TPOYHOTIKWY SeSopévwy yla TNV ekmaideuon
HOVTEAWV UNXaVIKNG LAdBnong. Npwtov, Tibetal to {ATnUa tn¢ LOLWTIKOTNTAG, KABWG N andktnon
HEYAAWV ouvoAwv Sedopévwy odnyel cuvABwe otn xpron MPoowTkwY TAnpodoplwy. Autd
ouxva PEPVEL OPYAVIOHOUE OVTLHMETWITOUG UE VOULKOUG TIEPLOPLOMOUG R Klvduvoug mapaBiaong
vopoBeaoiag mepl MVELUATIKWY SIKAWUATWY Kol ipootaciag nmpoowrikwy dedopévwy [7]. H
61e0vn ¢ vopoBeoia amalttetl Tn pntr ocuykotabeon amo Ta ATOHA KAl AUOTNPr CUMHOpdwWOnN UE
TOUC KOVOVIOHOUG. Asutepov, Ta dedopéva rapouotalouv cuxva pepoAnia (bias), eite emeldn
6ev avtikatomIpilouv TNV TPOYHOTIKOTNTO HE OKpiBela elte €mMeld) QAMOTUTIWVOUV MLA
oAowwpévn  amd eWTEPLKOUG  TAPAYOVTIEG  TPOYUATIKOTNTA, OnMw¢ oL  Xpoviol
KOLVWVLKOOLKOVOLKOL arokAelopol kat mpokataAnPels [8]. Emi mapadeiypatt, dedopéva amnod
VooOKopelo Tou efumnpetel Kuplwg ML OUYKEKPLUEVN KOWWVIKA TAaén Oev  elval
OVTUTPOOWTIEVTIKA TOU YeVIKOU MANBuaopoU. EmumAéov, pepoAnieg pmopouv va elcaxBolv amno
avBpwrniiva AdBn katd tnv eronuavon dedopévwy n and opaAuata otnv mpoeneepyaocia,
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08NywvTtaG o0 avTloTolywg MepOAnTTKA povtéAa [9]. Tpitov, mapd tnv dvodo twv MeydAwv
Agdopévwy, n SL0OecIUOTNTA OPLOUEVWY KPLOoLUWY TUTIWY Sedopévwy dev eival e€aodallopévn.
Ma mopAadelypa, n avantuén autovouwyv oxnUatwy poinobétel Sedopéva e CUYKPOUOELG Kal
amoduyég nelwy, katl e€atpetikd SUOKOAO vor OUAAeXOel pe ouvémela PeTafl SLaPOPETIKWV
TiNYwv oAAQ Kall o€ emapkr) moootnta [8].

MNapdAAnAa, n oaflomiotia Twv O6eSopévwv TOU emionuaivovtal XElpokivnta eival cuyva
audopntiown adol yivetal amd epyaloléVoOug UTO KOKEC OUVONKEC, KATL Tou Kablotd
SuokoAn tnv amoduyn Aabwv [10]. TEAOG, MPOKUTITEL {NTNHUA EPYOCLAKAG EKUETAAAELONG KOl
NOWKNG, KaBwg MOANEG eTalpleg, OTNV MPOOTIABOELA TOUG VO CUYKEVTPWOOUV UEYAAOUG OYKOUG
Sebopévwy, katagpelvyouv oe ¢Onvr epyacia unmd eoubevwTIKEG ouVONKeG TpoodEpovTtag
eAaylota Sikatwpata [10].

1.2.2 Texvikég Mapaywyng Aedopévwy kat Mpootaciog ISuwTkATNTOS

Ma TV AVITLETWILON {NTNUATWY IBLWTLKOTNTOG KoL TIEPLOPLOUEVNC SlaBeoipdtnTtag SeSopévwy
€xouv avantuxBel Stadopeg Texvikec. H amokevipwpévn pabnon (federated learning) emitpénet
NV eknaideuon HOVTEAWV OE KOTOVEUNUEVA SedoPEVa XWPIC AUTA Va EYKATAAEITOUV TG SOUEC
OTLG Omoleg elval amoBnkeupéva, e TO TEAIKO ATMOTEAECHO VO TIPOKUTITEL QIO TN CUVEVWGN TWV
HePKwY amotedeopatwy [11]. H uébodog k-anonymity avwvuponolel Sedopéva opadomnolwvtag
TIAPOUOLEG  EYYPOPEC KOL YEVIKEUOVTOG €uaiobnTta XapOKTNPLOTIKA, av Kal ouvhBwg
napatnpeital anwAewa mAnpodopiag [12]. TéEAog, n texvikl SMOTE otoxevel otn S16pBwoaon tng
ovVLoopPOTILaC KAACEWV PEOw TeEXVNTAG umepSelypatoAnyiag. Ot mapaAlayég tng (SMOTE-NC)
ETUTPETIOUV TNV TAUTOXPOVN SLOXELPLON CUVEXWV KOl KATNYOPLKWVY XAPOKTNPLOTIKWY, UE XprRon
KATAAANAWVY TEXVLKWV Kal armAOTolNUEVWY Kavovwy [13], [14].

1.2.3 JuvOetikd Asdopéva

Ta ouvBetikd Oebopéva eival texvntd mapayopeva cUVoAa SeSOoUEVWY TOU  HLpolvTal
npayuatika Sdedopéva péow alyoplBuwv. ITOXOG TOUG €ival n dloTrnpnon Twv OTATIOTIKWY
OLOTATWV TWV TIpayHaTikwy Sedopévwy, ETITPEMOVTAG TN XPRON Toug Xwpic mapafiacn tng
WwtikoTNTaC N amokdaAuPn npoocwrikwv Sedopévwy [15]. H ala touc sivatl lSlailtepa onUaAvVTLKA
O€ TEPUTTWOELG OTIOU N POcBacn o€ mpayuatikd dedopéva eival meploplopévn, damavnpn Kot
NBOLKA AMaYOPEUTIKN, OTIWCE O€ ePOPHUOYEC LYELAC.
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1.3 Oeswpntko Ynopabpo

1.3.1 Baowkég ApXEG

H Texvnti Nonuoouvn (Al) otoxeVelL otnv mpooopoiwaon TnG avlpwrivng vonuoouvng o€
unxaves. Baoiletal oe alyopiBuoug mou edapudlovtal oe SeSopéva yla TNV avoyvwpelon
TIPOTUTIWV Kal TN BEATIWoN HE TNV TAPoS0o TOU XPOVOoU, eVvw MEPIAAUBAVEL ETMIUEPOUC TOUELS OTIWG
n enefepyaocia duolkng y\wooag Kat n opacn unoAoylotwv. H Mnxaviky Maénon (ML) eival to
onUavTtikotepo medio tng Texvntig Nonuoouvng. Aivel tn SuvatdtnTta 0TOUG UTIOAOYLOTEC, LEOW
oAyopiBuwy Kal OTATIOTIKWY UOVTEAWY, va pabaivouv amd dedopéva kal va BeATlwvouv TV
amob00n Toug 000 AMOKTOUV eumelpia. H kavotnta padnong péow enavaindng, Aabwv kot
ETUTUXIWV KaBlotd T Mnyxaviki Mabnon kwntipo poxAd tng mpoodou tN¢ Texvntng
Nonuoouvng, pe mMAnBwpa epappoywv.

H 16€a twv NeupwVIKWV AKTOWV EUMVEVCTNKE MO TN AElToupyia Tou avBpwrvou eykedAAou,
oTOoV omoio ot veupwveg petadidouv onpata péow ocuvaPewv. To Bepehiwdec Soukd otolxeio
Twv Neupwvikwv AlKTUwV €lval o perceptron, TOU PLUETAL TOV avBpwTvo veupwva, Aappavel
KATIOLEG €L0060UG, TouG edappolel PBapn kot TG emnefepyaletal o €vav KOUBo pEow
OUVOPTNOEWV evepyoroinong. Ol TIHEG aUTEC Tpoocapuodlovial WOoTe va Holalouv WPE T
NAEKTPLKA OrUATA TOU EYKEPAAOU, UE TIG OUVNOELS CUVOPTAOELG EVEPYOTIOINONG VO TIALPAYOUV
TWég oto Slaotnua [-1,1] n [0,1]. Otav moAlol perceptrons cuvduaotoUVv OE OTPWMOTA,
oxnupartifouv diktua mou PnopouV va pnBouv mMoAUTIAOKEG CUUTEPLOPEC Kol VO LABOUV HECW
EMAVAAQUBAVOUEVWY TTAPASELYUATWY, ETUTPEMOVIAG ETOL TNV AVATITUEN CUCTNUATWY, LKOVWV Va
npooapuélovtal Kal va ekteAoUv oUVOeTEC epyacied.

Ta NoAvenineda Nevpwvikd Aiktua (Multilayer Neural Networks) Bacilovtal otn dtadikacio tng
orioBodladoong odbdApatog (backpropagation), katd tnv omoila to SIKTUO APXLKA EEKWVA HE
tuxaia Bapn kat mapdyet tpoPAEPeLg mou afloAoyolvtal pe BAon KATIOLO KPLTPLo oPAAUATOC.
To oddApa autd urtohoyileTal we Stadopd HeTaly Twv TPoPAEPewV ¥ Kal TwV TPAYHOTIKWVY
TLHWV Y, EVW 0Tn CUVEXELX UTIOAOYL{oVTaL OL TIOPAYWYOL TOU OPAAUATOC WG TTPOC TA BApPN, OL TLUEG
TwV omoilwv kaBopilouv TNV evnUEPWON TWV PapwV OTLG VEEC TOUG TLUEG. Mo TtapAdelyua, av n
av&non evog Bapoug odnyel otnv avénon tou opaipatog, To Bapog Ba pelwbel, kal avtiotpoda,
HE amotéAleopa to OIKTUO va CUYKALVEL TIPOOOEUTIKA 0 owototepeg TpoPAEPelg [16]. H
Stadkacia avtn emavalapBavetal moAAEG dopEg womou To odpAApa va eAaxlotomolnBel kat o
HOVTEAO VOl OTTOKTH OEL LKOVOTIOLNTLKA TIPORBAETTIKY LKavOTNTA AAAd KAl LKOVOTNTA YEVIKEUONG.

Baolkd epyadeio otov UTOAOYLOUO TwV MOpaywywyv givat o kavovag tng ailuvoidag (chain rule),
TIOU ETUTPETEL TNV AVIXVELON TNG EMSpACNG VOGS BApoug oTo TeEAKO amotéAeopa, Aappavovtag
umoyn 6Aoug Toug EVELAUECOUC UTIOAOYLOOUCG.
‘Eotw n ouvOetn cuvaptnon f; o (f2 © ... (fn—1 © f), LTIOPOUUE VO UTIONOYICOUE TNV TAPAYWYO
NG f1WG POG TO X HE TOV Kavodva TnG aluoidag wg e§AG:

dfi _dfidfs dfy

~ TdLdh (1.3.1)
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ErutAéov, oL ouvaptroelg evepyonoinong (activation functions) mailouv kaBoplotikd poAo,
KaOwG €L0AYOUV Hn YPAUUIKOTNTA Kol kaBlotouv Suvatr Tn HovieAomoincn ToAUTAOKWV
oxéoewv. MNa va gival anoteAeopatikny n eknaibevon pe katlovoa kAlon (gradient descent), ot
OUVAPTHOELS QUTEC TPEMEL va eival Stadoplowes. H emdoyny toug efaptdatal amo tnv
apxLtektovikn Tou Siktuou kal ta dedopéva, kabwg emnpedlel mpoPfAnuata onwe n e€adavion n
n untepPoAikn 6§uvon Twv KAloEwv.

1.3.2 M£0odoL Mnxavikig Madnong

Amo pia omTkn, N MNXavikn pabnon xwpiletal oe V0 POOIKEG KOTNYOPLEG: EMOTTEVOUEVN
HABnon, OmMou Ta MOVTEAQ €KTALOEVOVTAL PE ETLONUOOHEVO SESOUEVA KOL CUYKPIVOUV TIG
TIPOPAEPELG TOUC HE TOL CWOTA ATIOTEAECUOTO WOTE Vol BEATIWVOVTAL, KL N ETMOMTEUOUEVN
pHabnorn, 6mou XPNOLUOTIOLOUVTOL LN ETIONUACUEVA SeSOoUEva UE OTOXO TNV EVPECH TIPOTUTIWY,
opadwv A tn peiwon dtactaoipotntag [17]. H emloyn tng pebodou e€aptatal téoo amno tn ¢uon
Tou TPoPANuatog 600 kal amo tn ¢uon Kal tn Slabsowotnta twv dedopévwy, pe KABE
T(POCEYYLON VA €XEL TTAEOVEKTAUATA AAAQ KOL TIEPLOPLOUOUG.

Ano pia SLapOPETIKN) OMTIKI, TA HOVIEAQ HUNXOVLKAC MABNoNg pmopouv va SlakplBolv oe
VIETEPULVLIOTIKA KoL TIOQVOTIKA, avAAoya HE TO OV EVOWHOTWVOUV I OXL Tuxodtnta ot
QMOTEAEOUATA TOUG. T VIETEPUIVIOTIKA HOVTEAQ TIOPAYOUV TIAVTA TO (610 AmMOTEAECUO yLa
6ebouévn eloodo, yeyovog mou ta koBlotd KatdAAnAa yla KaAd oplopéva mpoBARuaTo TTou
xpilouv akplBwv mpoPAéPewv. AvtiBeta, ta BavoTtikd povtéda ekppalouv Ta amoteAéopata
TOUC WG KOTOVOMEC TOAVOTNTOG, ELOAYOVTIAC £TOL TIOWKIAIAL Kol ETUTPEMOVTOG SLOPOPETIKEG
eKBAOELG KON Kal yla (bleg eloddoug.

21N Snuoupyia ouvBeTikwy dedopévwy, N molkihopopdia eivat KpioLun yla tTnv moLotnTa, Kabwg
€va LOoVTEAO TIPEMEL va apayel SladopeTika Selypata kat oxtL va emavaAopBavel ta ida. MNa tov
AGyo aUTO, Ta TIBAVOTIKA OVTEAQ UTIEPTEPOUV OTA TTAPOYWYLKA €PYQ, EVW Ol VIETEPULVIOTIKEC
npooeyyioelg ouxvad xpelalovtol MPOCOETEC TEXVIKEG TIOU KATAARYOUV VO EVOWUATWVOUV
otoleia mBavoTikig povtehomnoinong.

1.3.3 Katavoun Asdopévwv Kat MvOavotnteg

H mowtnta twv ouvBetikwv Sedopévwy e€aptdtol amd To MOCO TLOTA KANPOVOUoUV Ta
XOPOKTNPLOTIKA TWV TPAYUATIKWY SeS0UEVWY, TOOO Ot TOLKIALA 000 Kol o€ akpiBela. Kevtplko
poAo otn dnuioupyia vPnAng mowotntag dedopévwy mailel n Bewpla mbavotTwy, n omola
TIAPEXEL TO HABNUATIKO TTAA(CLO Lo TNV amotunwon T afefatdtnTag kat tng tuxatdtntag. Ta
TIEPLOCOTEPQ CUYXPOVA YEVVNTIKA LOVTEAQ OV IKOUV OTNV KATNYOPLO TwV TILOAVOTIKWY HOVTEAWV,
HE KUPLO OTOXO TNV TPOOCEYylon TOAUTIAOKWY Katavopwv mibavotntag. H mo ouxva
XPNOLUOTOLOUEVN KaTtavoun eivatl n kavovikn (Mkaouaotavr) X~N(u,o0), mou opiletal amnod tov
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HECO OPO W KL TNV TUTILKNA ammokAlon o. O péoog kabopilel To onUelo KEVTPOTIOLINONG TWV TLUWY,
EVW N TUTUKNA aTtOKALON opileL TNV TTUKVOTNTA KoL TN SLACTIOpA TOUG OTOV Agova X: UKPOTEPN O
CUVETIAYETOAL TILO «OLLYLNPN» KAUTIUAN, EVW HEYAAUTEPN 0dnyel o€ TLo emimedn.

MaBnuaTika, n KAVoVIK Katavoun opilletat wg:

L ey
f(x)—ame 2\o (1.3.3.1)

Qotooo, ta mpaypatika dedopéva omavia meplypadovtol Ue akpiBela amd Lo LOVOTPOTILKN
lkaouoaotavr. Mo tov Adyo auTo, Ta cUYXPOoVa TILOAVOTIKA TAPAYWYLKA LOVTEAX cuXVA ULoBeTOUV
TIOAUTPOTILKEG KaTtavoueg (multimodal distributions), 6nAadn mpooeyyioelg mou cuvdualouv
TOAATAEG TKOOUOGOLAVEG KOTOVOUEG. Me auUTOV TOV TPOTO OMOTUTIWVETAL KOAUTEPA N
TLOAUTTAOKOTNTA KOl N TOWKIALA TwV SES0UEVWY, ETUTUYXAVOVTAC TILO PEAALOTIKA Kal a&lomiotn
Snuoupyia ocuvBeTikwy Selypdtwy. Baolkd mapadelypa amotedel To Moviédo Meilypoatog
lkaouootlavwyv (GMM) tou omoiou n cuvaptnon MukvotnTag mbavotntag ekppaletal wg:

K
p(x) = Z N (x|p;, 07) (1.3.3.2)

omou ¢; elval ta Bapn KABE CUVICTWOAG TOU UElYLATOG.

1.3.4 Baowd MovtéAa, MpokAnoeLg kat AUGELG

1.3.4.1 EvaAlaocoopevol Autopatol Kwdikomolnteg

OL EvaMlaocoodpevol Auvtopatol Kwdiwkomowntég (VAEs) amotelouv e€EAEN Twv KAAOLKWV
QUTOMATWY KwLKoToNTWY, KABWw¢ EVOWHATWVOUV TIBAVOTIKY Tipoogyylon oto AavBdvovta
Xwpo (variational space) . Awatnpouv tnv 6l Paolk APXLTEKTOVIKN ME KwdKOTONTH Kal
armokwdLKomoNntr, OUWG Ot avtibeon HE TOUG VIETEPULVIOTIKOUG autoencoders, ot VAEs
TIAPAYOUV KOTOVOUEG TiBavotATwy avti yla Slakpltég petaBAntég. Autd toug Oivel LoXUpEG
TIAPAYWYLKEG SuvatdTNTEG, KABWE UMOPOUV VOl LOVIEAOTIOW|COUV TNV TIPAYUATIKY) KOTOVOUN
dedopévwy p(x) elodyovrag AavBdvouoeg LETAPBANTES Z KL TIPOCEYYL{OVTAG TNV KOLVI| KATAVOH
pe(x,2z). O kwbdKomonNtG mpPooeyyilel tnv Kotavourp tou AavBdvovta xwpou, o omoiog
povtelomnoleital cav Nkaovoolavn katavour. O otdxog Tou SIKTUOoU €lval n peyLoTonoinon tou
Evidence Lower Bound (ELBO), mou meplhapPavel tov opo amokAwon Kullback-Leibler (KL
divergence) ywa tnv €haylotomoinon t¢ amootacng PETaly Tou Tapayopevou AavBavovta
XWPOU Kal TnG Mkaouoolavhg Katavoung [2], [20].

MapoAa autd, mopatnpeital 0Tl LETAEL TOU KWALKOTIOLNTH KAl TOU AmOKWSOLKOTIONTH, UTAPXEL
€va BrApa SetypatoAnyiag tuxaiou z amd TNV KOTOVON TTOU TOPAYEL 0 KwdKomolnTAG. Ma va
eivalt epwti n eknaidevon péow omioBodiadoong opaAApOTOC, €loAyeTOL ot BondnTikn
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petafAnty BopuPou e~N(0,1) kot yivetar SewypatoAndio tov z wG z = u + g * €. Aut) n
HEBobdoG ovopaletal reparameterization trick kot petatpénel tn un dtadopiown Stadikacia tng
SelypatoAndlag evog tuxaiou z, EMITPEMOVIOG TN PON TWV TIOPAYWYWY, KAl EMOUEVWE TNV
omnioBobladoon opalparog, o€ 6Ao To KOG Tou SlkTuou.

1

I

—>» Encoder & Z| —>»] Decoder p—i

Z=u+ 0.€

€

Figure 1: Apyitektovikn Siktuou VAE

1.3.4.2 Mapaywylkd AvtaywvioTika Aiktua

Ta MNapaywywkd Avtaywviotikd Aiktua (GANs) mapouactactnkay yla mpwtn ¢opd to 2014 and
tov lan Goodfellow kal tnv epeguvnTiky tou opada [1], AMOTEAWVTOG ML TIPWTOTOPLAK)
TIPOCEYYLON OTA YEVVNTIKA HOVTEAQ TEXVNTAG vonuoouvng. Ektote, €xouv yvwploel gupeia
amodoxn AOyw TwV EVTUTIWOLAKWY OTMOTEAECUATWY TOUC, KUPLWG OTNV Tapaywyr) ELKOVWY, EVW
€xouv avantuxBel moAég efeldikeupéveg mopaldayeg, Onmwe ta medGAN (yla LaTplka
6ebopéva), textGAN (yia puoikn y\wooa), cycleGAN, discoGAN k.a.

H Baolkr apyttektoviki evog GAN amoteleital and dVo moAvemnineda veupwvika diktua: tnv
vevwntpla (Generator G) kat tov Stakpity (Discriminator D). H yevvitpla d€xetal w¢ eicodo
tuxaio B6puBo z~p,(z) kaL Tov AVTLOTOLKIlEL OTOV XWPO TWV TIPAYHATIKWY SESOUEVWV WG
G(z;04). Ta mopayopeva Selypata ewodyovtal pall HE WEPKA TPAYUATIKA Sedopeva otov
Slakpttr), o omoio Aettoupyel wg Tagvountng kat ektipd tnv ubavotnta D (x; 6,) éva deiypa va
eival mpaypatiko n Pevutiko. H dtadikaoia ekmaibevuong poviehomoleital wc mayvidt minimax,
oto omnoio o D mpoomnaBei va peylotono)ostl Tnv opBOTNTA TWV TAEVOUNCEWY TOU, EVW O G
ETUSLWKEL VOl EAaXLOTOTIOLNOEL TNV kawvoTtnTta tou D va Staxwpilel Ta delypata mapdyovtag mo
aflomiota delypara.
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Figure 2: Apyttektovikri GAN

H eknaibevon yivetal evaAAdg, evnuepwvovtog dtadoxka tov G kat tov D. Ita apxkda otadia, o
G mapadyel xapnAng mowdtntag deiypata, oxedov tuxaia, e amotédecpa o D va €xel uPnAn
akpiBela, yeyovog mou pnopei va emBpaduvel Tnv mpoodo Kot Twv duo SIKTUwv. Mo va BeAtiwOetl
n dtadikaoia, cuxva n yevwntpla EEKVA va eKMOLSEVETAL LEYLOTOTIOLWVTAG TO log(D(G(x)) woTe
Vo TTAPAYOVTAL TILO LOXUPEG KALOELG yLa TV ornioBodladoon.

‘Eva a6 ta ouvnOn mpoPAnpata twv GANs eival to mode collapse, katd To omolo Ta mapayopeva
Selypata dev mowkilouv aAAd akoAouBoUV CUYKEKPLUEVA TTAPOUOLA XOPAKTNPLOTIKA. U auto
elval onuavtiko ta dvo avtinada diktua va Egkvolv pe mapopola ‘duvaun’ kat va BeAtiwvovtal
LOOPPOTQL.

1.3.4.3 Movtéha Alaxuong

Ta Movtéha Alaxuong (Diffusion Models) amoteAoUv pia amo Tig mo mpoodaTeC Kal AmoSOTIKES
pHEBOSOUG O0TN MOpAywYLKA TEXVNTA vonuoouvn, HE €bappoyEG OTn oUvBeon €kOVAG, OTNV
Tiapaywyn NXou Kat otnv enefepyacia y\wooog [21]. AVAiKouv 0TnV KoTtnyopio Twv mbavoTikwy
HOVTEAWV, Onmw¢ kat ta VAEs, kabwg opilouv pntd pla cuvaptnon mbavopavelag ylo thv
EKTIUNON TNC KATAVOUNG TwV Se60UEVWY. AUTO TOUC ETUTPENEL va. amodelyouv TpofAnpata
onwc to mode collapse mou gpdaviletal oe povteAa Oomwc ta GANS, av Kol PE TIHNHO auENUEVEC
QAT OELG OE TTOPOUC KoL XpOvo. H Baoik Toug EUMVEUOn TIPOEPXETAL amo Tn Slaxuon otn
duowkn (diffusion), SnAadn tn Stadikacia KATA TV omola popLa Kvouvtal amnod ePLOXEC UYPNANG
OUYKEVTPWONG TPOG TIEPLOXEG XAUNANC CUYKEVTPWONC [22].

H apyttektoviki twv Diffusion Models Baciletat o pia SutAn dtadikaoia: Tto forward process kot
To reverse process. Katd to forward process, deiypata dedopévwv aAlolwvovtal TPoodEUTIKA
HEow aAAeAAANANG MpooBrkng Nkaouoolavol GopuBou, BACEL EVOC TTPOYPAUUATOG ATIOKALONG
B1, ., Br, HEXPL va katalnfouv oe kaBapo BopuPo [23]. To reverse process eTIXELPEL va
«adalpéoe» tov B6puPo, pabaivovtag PECw €VOG VEUPWVLKOU SIKTUOU va avTLoTpEDEL Ta
BrAuata tng epnpoobiag Stadikaoiag (forward process).
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H exnaidevon yilvetal péow PeAtiotomoinong tou variational upper bound tng apvntikAg
AoyapBukng mbavodavelag (NLL), pe xprion tng amokAiong Kullback-Leibler (KL divergence)
woTte va eAaylotonolnBet n andotaon avapeoa oto forward kal reverse process [21],[23].

1.3.5 AuokoAieg otnv Napaywyn Atakpitwv Aedopévwy Mivaka

H dnuloupyila cuvBeTIKWY SeSOUEVWV TILVAKWY TIAPOUCLALEL APKETEC SUOKOALEG OE OXEON UE TIG
ELKOVEC, OTIOU TA TIOPAYWYLKA VEUPWVLIKA SIKTUA £XOUV ONUELWOEL EVIUTIWOLAKEG ETILOOOELC. ITa
6ebopéva MVAKwVY umdpxouv ToLKIAoL TUTOL HETABANTWY (OPLOUNTIKA, KATNYOPLKA, OTIAVLEG
KATNYOPLEC), yEYOVOG Tou auéavel Tn SuokoAia Adyw uPnAng dtaotaouotntag, apaiwong Kat
avicopporiag cuvolwv dedopévwy. Eva onuavtiko mpofAnua eivat n pun dtadoplolpdtnta Twv
KATNYOPWKWV UeTABANTWY, KOOWE T veupwvika Siktua ekmatdevovtol pHe cuvexr dedopéva
HEOW TNG omoBod1adoonc, evw oL SLOKPLTES KATNYOPLEC (TT.X. TTOAN, Ovoua, opada aipatog) Sev
€xouv evlLlApEeon ouvEXeLa TTou va kaBodnyel tnv eknaideuon. Eva dANo kpiolpo INtnua ival to
mode collapse, 60U TO POVTEAO TTOPAYEL TTIEPLOPLOUEVA KAl ETTAVOAQUBOVOUEVA amoTEAEoUATA,
HE QmMOTEAECUA XaUnAn TOWKIALa, dawvopevo olaitepa €viovo ota Katnyoplka SeSopéva oe
OXEON HE TA CUVEXOMEVA.

1.3.6 Evowpatwoelg Aé€swv

Ta word embeddings amoteAoUv BepeAlwdn texvikn otnv enefepyacia puaoikn¢ y\wooog (NLP),
KOWG UETOTPETMOUV TIG AEEELG OE TIUKVECG KOl OUVEXEIC SLOVUOUATIKEG QVOTTAPACTACELS TIOU
QUITOTUTIWVOUV ONUAGCLOAOYLKEG OXECELG UETOED TOUG. € avtiBeon pe to one-hot encoding, 6mou
oL AE€eLg Bewpouvtal aveEdptnTeg Lovadeg Kal avamapiotavral pe apatd kot vPnAng dStdotaong
Staviopata xwpic kapia mAnpodopia yla Tnv opolotnta PeTafy Toug, ta embeddings
OUA\QUBAVOUV VONUOTIKEG aVAAOYIEC KOL HEWWVOUV ONUAVIKA TNV TIOAUTIAOKOTNTA TOU
povtélou. Etol, n ekmaibeuon yivetal o amodoTikn Kal N TEALKA ovamapdoTacn 1o XPAoLLn
yla ebapUOYEG TIOU ATOLTOUV KATAVONon cUUGPalopEVWV.

Ma mopadelypa, YT amo eknaibevon o €va peyalo cwpa KeHEvwy, ol A&€elg king, queen,
man Kal woman UMmopoUV VO avamopactabouv UE TETOO TPOMO WOTE va Slatnpouv TG
ONUOGCLOAOYLKEC TOUG OXEOELG, PE YVWOTH Wotnta otL king — queen = man — woman. Auth n
Suvatdtnta mpokUTTel GUOIKA amd Tov TPOmo ekuddnong twv embeddings kol eMLTPEMEL TN
xpnon tou¢ oe MANBog edapuoywv, AMO CUCTAUATA CUCTACEWV £WG MOVTEAQ TAPOYyWYNG
6ebopévwy. Eva armo ta o onUavTika povteAa eival to Word2Vec [24], mTou mMOpouscLAOTNKE TO
2013 Kol XpnOLUOTOLEL amAd VEUPWVLKA SiKTua yLa vor LABEL avamopaoTtaosl Aé€ewv Le Baon
o oupdpalopeva. To Word2Vec €xel U0 KUPLEG apXLTeKTOVIKEG: To Continuous Bag of Words
(CBOW), mtou mpoPBAémel pia AéEN amod to meptBaiAov tng, kat to Skip-Gram, mou mpoBAEMEL TIg
VELTOVIKEG AEEELC SESOUEVNC LLOG KEVTPLKNC AEENG.
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1.4 MeOodoloyia

1.4.1 Baowa Movtéla

1411 CTGAN

To CTGAN [25] amoteAel pia apxLtektovikn Bactopévn ota GANS, L6LKA TPOCAPHOCUEVN YLO TNV
Topaywyrn TWOKWYV MIKTWYV TUTwv dedopévwyv. H Paoikr kawotopia tou adopd otnv
TIPOETEEEPYATLA KOLL OTOV TPOTIO TIoU Ta Sedopéva Sivovtal otov generator kot tov discriminator.
MNa TI¢ ouvexelc petaBAntég xpnowomolel mode-specific normalization pe Movtéla
lkaovoolavwv Melypdtwv(GMMs), wote kdBe TR va avamnopiotatal péocw €vog one-hot
Slavuopatog yla tn «Aetoupyioy (mode) kot evog mpaypatikol aplBpou ylo tn oXeTkr 6€on g
EVTOG TNG Aettoupyiag. EMumAéoV, EVOWUOATWVEL SEGUEUPEVN YEVVNTPLO YLOL TNV QVILLETWITILON
QVLOOPPOTILWV KaTNyoplwy, dnAadr, avtlotolilel TG SLOKPITEG KOAWVEG TNG ELCOSOU HE QUTEG
™¢ €€660u. MNa tn BeAtiwon TNE MotkAiag katl tnv arnodpuyn mode collapse ebpapuolel TEXVIKEC
Wasserstein GAN (WGAN) [26] kat PacGAN, e To teAeutaio va eVvioxUeL ToV EAEyX0 TTOLKIALQC TOU
discriminator.

1.4.1.2 Tabular VAE

To Tabular VAE (tVAE) [25] entekteivel To kKAaolko VAE yia tnv mapaywyn dedopévwy mivaka. Onwg
kat to CTGAN, xpnowiomolel mode-specific normalization kalt one-hot encoding ywa Tig
KATNYOPLKEG LETABANTEC, EVW TIPOCAPUOTEL TN CUVAPTNON ANWAELAC WOTE va pocBEtovtag 6po
cross-entropy yLa Ta SLakpLtd xapaktnplotikd. O encoder kat o decoder sivat veupwvika diktua
mou BeAtiotomnolovv to Evidence Lower Bound (ELBO) 6mw¢ oto kAaoiko VAE. OuoLlaoTikd eKTeAel
HLo TILo oUVBeTn mpoepyacio twv dedopévwy emITpENOVTAG OTO PMOVTEAD va Xelpiletal pi&n
SLOKPLTWVY KOL CUVEXWYV YVWPLOUATWV.

1.4.1.3 TabDDPM

To TabDDPM [27] Baoiletal ota Diffusion Models [28] kat aflomolel tov pnxaviopo Multinomial
Diffusion [29] ywa tnv mapaywyn katnyoplkwv dedouévwy. To forward process aviikadlota
otadlaka ta Siavuopata one-hot pe tuxaieg katnyopieg pe mbavotnta f;, EVW TO reverse
process LLOVIEAOTIOLE(TAL PUE VEUPWVIKO SLKTUO TTOU avaKaTaoKeEUALEL Ta apXLKa dedopéva. MNa ta
oplOUNTIKA  Xapaktnplotikd edpapuoletal Gaussian diffusion, evw yla Tto Katnyoplka
xpnotgormoleital Eexwploty Swadikaocia ywa 1o KaBéva. To teAkd oddApa cuvdudlel to
lkaouooLlavo HECO TETPAYWVLKO ODAAUA LE TOV LECO OPO TWV AMOKALoEWV KL TwV KaTnyopLKwv
puetapAntwv. To TabDDPM é£xel deiel avwtepn anodoon oe oxéon He povtéda omwe to CTGAN
Kol to tVAE, blaitepa otn Slaxeiplon PIKTWV TUTTWY SeSOUEVWV.
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1.4.2 YAonoinon MovtéAov Evowpdtwong

Ta word embeddings xpnolgomolouvtal ylo va PETATPEMOUV AéEelg o€ Sloviopata Tou
pnoBaivovtal. 1o mAaiolo tng mapovoag PeAETNG, Ta embeddings ebpapuodlovral og Tvakoeldn
6ebopéva avti ywa duowky yhwooa. Etol, kdBe ypopun Sedopévwyv avtlpeTwrleTal wg
«TPOTAON» KAL Ol TIHEG TWV YVWPLOUATWY wE «Ag€elg». H Stadopd pe ta keipeva eival otL ot
TIVOKEG £XouVv oTaBEPO aplOUO OoTNAWY KAl N OEPA TWV YVWPLOUATWY £lval tpokaBoplopévn,
KATL TTou artAomolel Tnv uAomoinon.

H uvlomoinon eumnvéetat and to Continuous Skip-Gram povtého [24], to omoio pabBaivel
amodOTIKA AVATIOPACTACELG AEEEWV HME XOAUNAN UTIOAOYLOTIKH TTOAUTIAOKOTNTA. H amAdotnta
T(POKUTITEL OO TNV AMOUGLA N YPOLKOU KpudoU emumédou. To Siktuo eknaldevetal kaBe popa
HE pLa KevpLkn AEEN (center) kat éva cupudpalopevo (context), SnAadn pia AéEn mou cuvavtatal
HE TNV KEVTPLKNA 1 0XL. O 0TOXOG TOU €ival va PEYLOTOMOLEL TNV TBavoTnTa cwaotr¢ MPOBAePng
Tou context pe Baon to center. Ita dedopéva mivaka, OUWE, TA YWWPIoHATA HLOG YPAUUNG SevV
£€XOUV amapaitnTa oXeoLaKr OELpA, OTOTE N SelypatoAnyia Twv cupudpalOUEVWY TIPEMEL VA Eival
tuxaia r va mepthapBavetl 6Aa Ta UTTOAOLTTA XAPOKTNPLOTLKA Tou SelypaToc.

I10)0¢ lval n ekmaibevon evog mivaka evowpdatwong E, amo tov onoio kaBe KatnyopLkn TLun
Tou ouvohlou O&ebopévwy avtiotolyiletal o €va povadiko Siavuopa. Mo €va KevIplko
XQPAKTNPLOTLKO (center), TO SLAVUCUA EVOWHATWONG €, XPNOLLOTIOLETAL YLO TOV UTIOAOYLOMO TNG
muBavotntag tou cupudpaldpevou oTolkelou p(Xeon|Xx:) HEOw softmax. H softmax edapuoletal
TIAVW OTO YLVOLLEVO TOU e, e OAa ta Slaviopata tou Tiivaka O, o omoiog eival évag BonBntikog
niivakag avamnapaoctacng dedopévwy e€6dou. O O £xel ibleg SLaoTAoELG He Tov Ttivaka E, SnAadn
éva Sldvuopa evowpdtwong yla kaBe otolxeio tou Aefloyiou. Mapd tn XxpNooTNTA TNG, N
softmax €xet unAr UTIOAOYLOTIKI TTOAUTTAOKOTNTA, KABWGE amaltel ekBETIKOUE UTIOAOYLOUOUG yLa
OAgG TIG Aé€eLg Tou Aelloyiou.

MNa va pewwBei n moAumAokotnta tou Skip-Gram, xpnotpomnoleital to Negative Sampling [30]. Avti
yla softmax oe 0Ao 1o AcAdylo, To MpOPAnua yivetal duadikn Tagvounon: ywo kabe (evyog
center—context Aé€ewv, emAéyovTal Tuxaio pepLka apvnTika Seiypota (A&€elg SladopeTIKEG amo
TO TpayuaTikd context). Etol, to Siktuo ekmaldevetal pe Betika {evyn (eTikéta 1) Kal apvnTKA
levyn (etkéta 0), XPNOLUOTOLWVTOG TN OLYMOELS) ouvApTnon evepyomoinong otn Béon tng
softmax.

1.4.2.1 MNpocoappoopuévo MovtéNo EVowHATWOoEWY

AvamtuxOnke €vo TPOCOPUOCHEVO HOVTEAOD YLO TNV EKLAONON EVOWUOTWOEWY ATtO KATNYOPLKA
XOPOAKTNPLOTIKA O€ TtivaKeg SeSoUEVWY, EUMVEUCHEVO Ao To skip-gram pe negative sampling. Ta
Betika (evyn oxnuatilovral anod tuxaia eVyn TIHWV SLAPOPETIKWY OTNAWYV TNG (610G YPAUUNC,
Xwplg va uTtapyeL context window Adyw Tng amouaciag xwplkng Statagnc.

Ta apvntika evyn eTUAEyovTaL Tuxaia amo 6Ao to Ae§Aoylo. MNa peiwaon TG moAumAOKOTNTAC, T
Betika Levyn Sev adalpouvtal amod T ApVNTIKA Selypata, av Tuxov emAeyouv, EVw To negative
sampling Baoiletal oe otatik unigram katavoprn uvwpévn otn Sduvaun 3/4. EmumAéov,
Xpnotlgomoleital mocootiaia emtAoyn BeTikwy (euywv avti ylo OAeg TIG SLABECIUEG TIUEG TNG

27



YPOUMNG, MELWVOVTOC UTIOAOYLOTIKA Ttnv Sladilkacia Kkal evioxloviag Ttn yevikeuon Twv
QMOTEAECUATWV.

1.4.3 ApxtteKTtovikEG Mpotelvopevwv MoviéAwv

1.4.3.1 eGAN

To povtélo eGAN mpooapuodlel To kKAaowko Generative Adversarial Network wote va Aettoupyet
TMAVW OE EVOWHOTWOELG KOTNYOPLKWY PeTABANTWY, avtil yia one-hot 1) ordinal kwdikomoinon.
AnoteAeital amnod dVo pépn: to MNpooapuoopévo MovtéAo EVOWUATWOEWV KAl TO TPOTIOTOLNUEVO
GAN. Ou katnyoplkéG otnAeg tou dataset ypnolpomolouvtal ylo ekmaidevucon Tou HOVTEAOU
EVOWUATWOEWYV, amod To Omolo TPOKUTITEL O TIVOKAG EVOWHATWOEWV E. KaBe katnyopkn tiun
avtlotolyiletal o €va ouvexEg Slavuopa otabepol peyéBouc, Kal £€TOL TO aPXIKO ULKTO dataset
HETATPETETAL OE AULYWS aplOUNTKO. EToL, kaBe eyypadr HeTATpENMETAL O pia vEa pe pEyeBog
N{otar = Ng *ng + N, 6mou Ny eivar 10 mABog Twv Katnyopkwv HetapAntwv, N wv
apBUNTIKWV KaL 7 N 6LACTACN TWV SLAVUCHUATWY EVOWHATWONG.

To GAN Aettoupyel mAvVw 0€ AUTEG TIG VEEC eyYpad£G. H yevvTpla mapayel Stavuopato peyeboug
Niyrqr 00 TUXALO BOPUBO, EVW O SLoKPLTHG SLAKPIVEL TA TIPAYHOTIKA Ot T CUVOETIKA Seiypata.
MeTd tnv eknaibeuon, oL EVOWHATWOELG avTloTpédovTal: KaBe mapayopuevo SLavuoua, ylo kabe
KOTNYOPLKI) OTAAN, CUYKPIVETOL LLE TIC EVOWUATWOELG TNG OTAANG LECW OUOLOTNTOC GUVNULTOVOU,
KOl ETUAEYETAL N KOTNYOPLKA TLUN HE TN HeyaAutepn opotdtnta. Kad’ 6An tn Swadikaocia, ta
OPLOUNTIKA XOPAKTNPLOTLKA LOVO KOVOVIKOTIOLOUVTOL.

1.4.3.2 eVAE

Avtiotolya pe to eGAN, to eVAE amoteAel eVOANOKTIKH TTPOCEYYLON Yla TTAPOYWY CUVOETIKWV
6ebouévwy, enektelvovtag tov Variational Autoencoder (VAE) oe ywpo €w00860u ToU
HUETATPETETAL HUE EVOWHATWOELS. Ol KATNYOPLKEC TIUEC LETOTPETOVTOL O SLAVUOUATA LECW TOU
MNpooapuoopévou Movtélou EVowHATwOewvV, Kal To VEO oUVOAO Oedopévwv pe peyeBog
N¢otqr = Ng *ng + No ava  eyypadn, xpnowuomoleitar ywa  eknaibevon tou eVAE. O
Kwdikomolntr¢ avtiotolyilel Ta dedopéva oe AavBavovta xwpo opl{OUEVO amod Ta [ KOl O, EVW
HEOw TOU reparameterization trick mapdyetat to AavOdvov Slavuopa TOU TEPVA OTOV
OTTOKWSLKOTIOLNTH YL AVOKATAOKEUT TNG ELCOSOU.

H exknaibevon Poaoiletal oto kAaowd oddApa mou xpnolpomolel to VAE: 10 oddaAua
ovaKataokeung, dnAadn to apvntikd log-likelihood tng €€66ou Tou amokwdikomolnt Kot n
arokAlon KL, mou emBarAeL otov AavBavovta xwpo va akoAouBel kavoviki katavopr). Omwg Kot
oto eGAN, ol €£080L TOU AVTLOTOLXOUV OE KATNYOPLKEG LETAPANTEG avTLOoTPEDOVTAL OE SLOKPLTEC
TIUEG LEOW TNG OUOLOTNTAC CUVNUITOVOU WE TIG EVOWUATWOEL, TWV KATNYOPLKWY TIHWV KABE
oTNANG EexwploTa.

1.4.3.3 eDDPM

To eDDPM mnpocapudlel to Denoising Diffusion Probabilistic Model (DDPM) [28] oto mAaiolo
napaywyng Oebopévwv pe evowpatwoel. Onwg ota eGAN kat eVAE, to Movtélo
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EVoOWHOTWOEWV aVTLOTOLXI{EL TIG KATNYOPLKEG TIUEG O CUVEXELG SLOVUOUOTIKEG OVATIOPAOTACELG,
oL omoieg pall Ke To aplOUNTIKA XOPOKTNPLOTIKA KOVOVLKOTIOLOUVTAL KAl SLATACCOVTAL OE EVLALO
Sltavuopa.

Itn epnpoobia Stadikacia mpootiBetal mpoodeutikd MNkaovoolavog BopuBog o mMoAAA Bripata,
oupdwva pe pa otabepn katavoun dtakupavong. Katd tnv ekmaidsuon to poviélo eotialel
TIEPLOOOTEPO OE UETAyeVEDTEPA Bripata, SnAadn mo kovtd otov amoAluto Bopufo, Omou n
Habnon eivat SuckoAotepn. Itnv avtiotpodn Sladikaoia, Eva VEUPWVLKO Siktuo pabaivel va
anoBopuPornotel otadiakd To Seiypa €006ou mMpoPAémovtag tov BopuBo ToOU Tou Eixe
npootebel og kAOe Pripa. Meta tnv ekmaidsuon, n mapaywyn EEKva amno tuxoio 66puBo kat pe
oMenaAAnAa Bruata amoBopuforoinong mapdyovial ocuvBeTikd Oedopéva, T omola
HUETATPETMOVTIAL OF KOTNYOPLKEG TIUEC MEOW TNG OMOLOTNTAG CUVNUITOVOU HE TOV Ttivaka
EVOWUATWOEWV.

1.5 A&oAdynon

Mo tnv afloAdynon tng moLdTNTAG TWV CUVOETIKWY SE80UEVWV XpnoLomoLBnkayv Ta cUVOAa
Adult Income [31] kat Mushroom [32] amnoé to UCI Machine Learning Repository, pio amno Tig no
YVWOTEC BAOELG SESOUEVWV OTOV XWPO TNEG UNXOVIKAG LaBnong. To Adult Income emiAéxBnke
AOYW TOU CUVSUOOHOU KOTNYOPLKWY KAl ApLOUNTIKWY XOPAKTNPLOTIKWY, EVW OTN CUVEXELA
adalpédnkav Ta aplOuNnTIKA yvwplopata wote va e€etactel N anddoon Twv POVIEAWV UOVOo o€
Katnyopkd dedopéva. Emeldn oe autn tn popdn to Adult Income amoteAel OXETIKA ATAn
TPOKANGON, Ta PovtéAa Sokiuaotnkayv ermA£éov oto Mushroom, To omoio SLaBETEL AMOKAELOTIKA
Katnyopka yvwpiopata uPpnAdtepng mMOAUTTAOKOTNTAG, TIPOOHEPOVTAG TTLO ATTALTNTIKN
afloAoynon.

1.5.1 Awdwkaoia Eknaidevuong

H eknaibevon Twv HOVTEAWV QMALTEL TTPOCEKTLKA pUOULON TWV UTIEPTIOPAUETPWY, ULE TTOAAATIAOUG
ouvbuaopolg mou Sokwudlouv Sladopetikeg mapaAlayég. H otabepdtnta kal n oUykAlon
BewpnOnkav KPIoLWEG yLa TNV OLOTNTA TWV TapayoeVWY dedopuévwy. KaBwg oL yeveTikol otoxol
Stadépouv amod autol TwV KAACLKWY TaflvouNnTwy, N poodog Katd tnv eknaideuon eKTLUAONKE
OXL LOVOo pEow Tou opaApatog os kABe Bripa aAAG kal pe moapaywyn 1.000 delypdtwy ava KAmoLo
oplOUO EMOXWV, CUYKPIVOVTOG TA HE TIPAYHUOTIKA SES0UEVA LE UETPLKEC OTIWG N QATIOOTACEL
Wasserstein kat L2 twv Tivakwv cuoxetiong. MNa ta mpooappoopéva povteda (eGAN, eVAE,
eDDPM) oL ouyKplOELG YivovTaV OTOV EVOWUATWHEVO XWPO XWPLG avTlotpodr TwV KATNYOPLKWV
TILWV, WOTE VO HELWOEL TO UTTOAOYLOTLKO KOOTOC.
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1.5.2 MovtéAo Evowpatwong

To Npoocapuoopévo Movtélo Evowpdtwong eknmaideuoe avanapaotaoelg XaunAwyv SLacTtAoewy
(5 Slaotdcewv) yla TIG KOTNYOPLKEG HETABANTEC. Ma tnv apvntik dswypatoAnyia (negative
sampling) oe kaBe Bripa emAéxBnke tuxaia to 30% twv duvatwv (euywv oTnAwV yla BeTIKA
Selypata, evw yla kaBe Betikd Seiypa emihéxBnkav 3—5 apvntikd BACEL TNG OUAAOTIOLNUEVNG
KATavoung unigram. To povtéAo BeAtiotomoliOnke pe binary cross-entropy loss mavw ota BeTikad
KoL ToL pvnTka Leuyn, ekmaldeuopevo os opadeg (batches) twv 4.000 yia kaAUTepn aflomoinon
™G GPU Kkal tayutepn oUYKALON.

1.5.3 Metpikég MototnTOg

Na tv afloAdynon TNG TLOTOTNTOG KAl XPNOLUOTNTAC Twv OUVOETIKwY SeSopévwv
xpnotpomnodnke to SDMetrics [33], pa BBAL0ORkn Python avolxtou kwdika amd tnv opada
SDV. To SDMetrics ouykpivel TPOYUATIKA Kol CUVOETIKA SeSOUEVA LECW TIOKIAWY OTATLOTIKWY
KOl METPLKWVY KoTavopwyv, kabwg to Quality Report mpoodépel pla GUVOALKH ELKOVA TNG
opolotntag. NephapPavel dvo Baotkeég dlotnteg: Column Shape kat Column Pair Trends. To
Column Shape HETPA TNV OMOLOTNTA TWV KATAVOUWY OTAAN-TIPOG-0TNAN, XPNOLUOTOLWVTAS yLo
apOUNTIKEG TIHECG To KSComplement, Baotlopévo otn otatiotikr) Kolmogorov-Smirnov, evw yla
TG KOTNYOPLKEG OTAAEC Xxpnolpomolel to TVComplement mou umoloyilel to Total Variation
Distance (TVD).

To Column Pair Trends e€etalel oxéoelg petafl SUo yvwplopdatwy. MNa apBuntika dedopéva
xpnotuomoleitat to CorrelationSimilarity, mou OUYKpIVEL KOl KOVOVIKOTIOLEL TI( OUOXETIOELG
TPAYUATIKWY Kol ouvOeTikwv dedopévwy. MNa katnyopkd i boolean leuyn edpapudletal to
ContingencySimilarity, To omolo ouykpilvel TIIVAKEC CUVADELAC TIPAYUATIKWY KOL CUVOETIKWV
6ebopévwy pe TVD. Etol, To Quality Report amotiud 1000 tnVv nmiototnTa EMPEPOUG OTNAWV 000
KOLL TN CUVETELA LETAED TOUC, TPOOHEPOVTAG HUla OAOKANPWHEVN a€LOAOYNON TWV LOVTEAWV.

1.5.4 A&loAdynon Npootaciag AsSopEvwv

H nuébodoc péoou Distance to Closest Record (DCR) [33] xpnOlUOMOLELTOL YL TNV EKTIHNCN TOU
KwvdUvou Slapponc mpaypatikwy dedopévwy anod ta ouvBeTikd. To DCR HeETpA TV amoctoon
KABe CUVOETIKNC eyypadrC Ao TNV TILO KOVTIVA tpayuatikn. H tiun 0 onuaivel mAnpn Stappon,
evw uPnAOTEPEC TIHEC Selyvouv KaAUTepn pooTacia WwWTIKOTNTAC. H amdotacn umoloyiletal
pe to Gower’s Distance [34], mou Aappavetl urtoPn aplOUNTIKA Kol KATNYOPLKA yvwplopata.

Mua Seutepn pEBodog eival o €leyxog Exact Matches, 6nAadn o evtomiopog syypadwv tou
ouvBeTIKOU cuvolou mou tautilovtal MANPWE HE gyypadEG TOU TpayUATIKOU. Evag peyalog
oplOUOC TETOlwV meputtwoewy delyvel mBavr amopvnuoéveuon kat Slappor TPAYUATIKWY
6ebopévwy amo to PoVTEND. ZTOXOG elval pia L.oopporia HeTaly SeSopévwy Tou HolalouV PE Ta
TIPAYUATIKA aAAd SV Ta avamopdyouv autouaoLa.
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1.6 AnoteAdacporta

ITIC emOpeveC oeAibeg mapouoialovtal Ta amoteAéopata a€LoAOYNoNG TwV CUVOETIKWVY
Sedopévwy mou mapnxdbnoav anod kabes povtélo. H avaluon twv dsdopévwy €yive pe Baon
S1aPOoPEG LETPLKEG OUOLOTNTAG LE TA TTPAYUATIKA dedopéva, Pe Eudacn oTn MLoTOTNTA TWV
KATAVOWYV, OTL CUCXETIOELG LETAEY YVWPLOUATWV KAl 0T TIOLKIALY TwV SELYUATWV. ApXLKQ, N
a€LOAOYNON TPAYUATOTOLELTOL OTO LKTOU TUTIOU oUVoAo Sedopévwy Adult, Emetta os ekdoxn
omou adalpouvtal oL aplOUNTIKES LETAPBANTEG WOTE va e¢eTaoTel N anddoon os kabapd
KatnyopLka dedopéva, Kal TEAOG OTA TILO ATTALTNTIKA KATNYyopLlKa SeSopuéva Tou cuvoAou
Mushroom, mou 8LaB£teL teplooOTEPEC EYYPADEC KOl LEYAAUTEPN TTOAUTIAOKOTNTAL.

1.6.1 Metpkég MototnTOg

1.6.1.1 YUvolo Asdopévwy Adult

Synthetic Data Model Column Shapes Score Column Pair Trends Score
eGAN 0.95 0.90
eVAE 0.86 0.78
eDDPM 0.93 0.88
CTGAN 0.93 0.85
TVAE 0.90 0.85
TabDDPM 0.98 0.97

Table 1: AmoteAéouata Uetpikwy yla ta Sebouéva Adult

210 cuvoAo Sebopévwy Adult, to TabDDPM onpeiwoe 1o uPnAdtepo Column Shapes Score (0,98),
okolouBoupevo amd eGAN (0,95) kat CTGAN/eDDPM (0,93), evw ta VAE povtéla sixov
XounAotepeg emibooelg (TVAE 0,90, eVAE 0,86). Ta povtéda Staluong kot ta GANs avamopayouv
KAAUTEPO TIG KATAVOUEC TWV OTNAWYV, UE TA TIPOCOPHUOOCUEVA HOVIEAQ TIOU avamtuéape va
TAPOUEVOUV  AUECA  QVIAYWVIOTIKA Topd TG amAomol)oel. Ol  KOTNYOPLKEG OTHAEG
oavamnapiotavtol KaAUTEpA amo TG aplOunTikég, pe t otnAn ‘hours-per-week’ va eival n mo
SUoKoAn AOyw aKpOlaC KATAVOUNG.

Emntiong, to TabDDPM onpueiwoe kL to upnAdtepo Column Pair Trends Score (0.97). MapoAa autd,
TO LOVTEAQ BOCLOPEVA OE EVOWUATWOELG EUELVA TIOAU QVTAYWVLOTIKA, e Ta eGAN kat eVAE va
Eemepvave ta opoAoya TouG o€ emidoon

1.6.1.2 NANnpw¢ Katnyoptkd Z0voAo Adult

Synthetic Data Model Column Shapes Score Column Pair Trends Score
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eGAN 0.98 0.95

eVAE 0.90 0.85
eDDPM 0.98 0.96
CTGAN 0.93 0.86

TVAE 0.85 0.77

TabDDPM 0.99 0.97

Table 2: AnoteAéouara Metpikwv oto Katnyoptko Adult

Metd tov kaBaplopd tou dataset kal Tnv adaipeon tTwv aplBOUNTIKWV otnAwv, To TabDDPM
napapével mpwrto (0,99). Inuaviiky €ivat n BeAtiwon Twv MPOCOPUOCUEVWY HOVIEAWV HE
EVOWHATWOELG: Tat eGAN kat eDDPM ¢tavouv 0,98, oxedov Looduvapa pe to TabDDPM, evw Tto
eVAE auéavel tnv enidoon tou oto 0,90. Avtibeta, to TVAE pewwvetal oto 0,85.

Ye otL adopa ta Column Pair Trends Scores, av kat to TabDDPM eival aAL mpwto, to eGAN Kal
eDDPM eival e€alpeTikd kovta tou o€ anodoaon. Mevikotepa, paivetal onuavtikn BeAtiwon Twv
HOVTEAWV BOOLOUEVWY OE EVOWUOTWOELG TIAVW OTA AULYWE KATNYOPLKA XAPOKTNPLOTLKA.

1.6.1.3 ZUvolo Asdopévwv Mushroom
Synthetic Data Model Column Pair Trends Score Column Pair Trends Score

eGAN 0.90 0.90

eVAE 0.78 0.91

eDDPM 0.88 0.92

CTGAN 0.85 0.88

TVAE 0.85 0.92

TabDDPM 0.97 0.96

Table 3: AnoteAéouata Metpikwy oto SUuvoAdo Mushroom

Itnv afloAoynon tou dataset ‘Mushroom’, toTabDDPM onpueiwoe Eava 1o uPpnAdtepo Column
Shapes Score (0,98). OAa ta untdAouna povtéAa eixav eniong oAU kaAn anddoon, Seixvovtag otL
TO HOVTEAQ BACLOUEVO OE EVOWUATWOELS TIPOOEYYI{oUV e akpiBEL TIG KATAVOUEG TTOAUTIAOKWY
KATNYOPLKWYV XOPOAKTNPLOTLKWV.

E€alpwvtag to TabDDPM mou Eemepvael OAa ta e€eTAlOUEVA LOVTEAQ, TA TIPOTELVOUEVA LLOVTEAQ
HOG, BaCLOUEVA OE EVOWUATWOELG, £XOUV e€atpeTik amodoon, evw ta eGAN kat eVAE Eemepvouv
To opoAoya toug CTGAN kat TVAE.
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1.6.2 Metpkég NMpootaciag AeSopévwv

1.6.2.1 Méon Antootaon amnod tnv Kovtivotepn Eyypadn (mean DCR)

Mean DCR of each dataset with the real data

0.08

0.07

0.06

0.05 ~

0.04 -

Mean DCR

0.03 ~

0.02

0.01 A

0.00 -

TVAE TabDDPM  eDDPM eGAN eVAE CTGAN
Data from Model

Figure 3: lotoypouua twv uéowv DCR kade povtédou os avéovoa oelpa

H péon tun tou Distance to Closest Record (DCR) Sgixvel mOCO amopakpUVOVTOL To CUVOETIKA
6ebopéva amo TA MPOYHUOTIKA KAl XpnoLUoToLeltal wg Selktng mpootaociog WwTtikotnTag. To
TVAE €xeL tn xapunAotepn DCR (mepimou 0,014), yeyovog MoOu onUaivel OTL T OUVOETIKA TOU
bdebopéva mAnolalouv MOAU Ta TPAYUATIKA, HE armotéAeopa VPNASG aplBud akplBwy tautioswv
Kal xapnAn mpootacio Wbwwtkotntag. To TabDDPM, eDDPM kat eGAN éxouv mapopola DCR
(meptmouv 0,03), evw to eVAE ¢tavel 0,06 kat to CTGAN 0,085, umodelkvuovtag KoAUTEPN
TPOOTACLO TwV gvaicONTWV MANPodopLWY oTa TEAEUTALO.

1.6.2.2 AkpBeic Tautioelg

H yoaunAn péon turp DCR au&avel tnv mbavotnta akplBwv TOUTIOEWV PE TA TIPOYHOTLKA
b6ebopéva, omwc cupPaivel oto TVAE, kaBlotwvtog to akatdaAAnAo yla mpootacio IGLwTKOTNTAG.
ITIG LETPAOELC aKPLBWYV TauTioswy, n otnAn ‘fnlwgt’ e€alp€Onke AOyw NG LEYAANG KoL TIOLKIANG
KALLOKOLC TLLWV TNC.

Ta untdhouma povtéAa deiyvouv kavormolntiki anodoon: to TabDDPM bev eixe kapia akppn
tauvtion, ue péco DCR Aiyo katw amnd 0,03, evw eDDPM kat eGAN eixav nepimou 100 akplBeig
tautioelg pe oxetikd vPnAo DCR. To CTGAN emiong Statripnoe uPpnAd DCR kat oAU Alyeg
akpBeic tautioelg, xwpig va Buolalel Tnv mMoLOTNTA TNG AVATIAPAYWYHG KOTOVOUWV.
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Figure 4: lotoypoauua aptduov akpt8wv tautioswv kade povtédou os avéovoa oelpa

1.7 Iupnepacpota

1.7.1 z0voyn

ZEKWVAOAUE HME ML CUVOAKN mapouciaon tng Texvnt¢ Nonupoouvng kot tg Mnxavikng
Mabnong, ¢tdavovtag ota mo ouvBsta mAaiowa twv VAEs, GANs kot Diffusion Models,
avaAvovtag kol to pobnuatikd BepéAla mou otnpPilouv TNV OPXLTEKTOVLKA KAl TOV OTOXO
BeAtiotomnoinong kaBe povtéAou.

InUOVTIKA TTPOKANoN Atav n mapoaywyrn dedouévwy mivaka, AOyw £TEPOYEVWV TUMWV (CUVEXN,
KATNYopLKA, SUuadIKA) Kol AVICOUEPWV KATAVOUWY, KaBwG Kat n amoduyr) tou mode collapse.

Ta mpotewoueva Tmpocapuoopéva  povtéda (eGAN, eVAE, eDDPM) aflomololv ta
XOPOAKTNPLOTIKA TWV BaCIKWY HOVTEAWV UE TIO amMAO TPOTO, UETATPEMOVIOG T KOTNYOPLKA
Oebopéva 0 EVOWUATWHEVEG QPLOUNTIKEG QVATIOPACTACEL YLOL VO EMUTPEMOUV TNV
omoBod1adoon ohAAUATOC e Evay TILO OUAAO Kal GUCLKO TPOTIO.

OAa ta povtéda afloAoynBnkav ota ouvola Sedopévwv UCI Adult Income kat Mushroom
XPNOLUOTIOLWVTAC HETPIKEG OMwG n amootdcel Wasserstein kot L2 petafld twv TVAKWY
OUOXETLONG, SeikTeG oloTNTOG ard to SDMetrics Kal EUPETIKEC MpooTaciag WuwTtikotntag (DCR
Kol akplPeic Tautioelg).

34



1.7.2 AnoteAéopata

Ta anoteAéoparta £6et€av otL To TabDDPM UTEpEXEL OE QVATIOPAYWYLKH LKOVOTNTA TOCO TWV
KOTOVORWV KABe oTtNANG 600 KOl TWV CUCXETIOEWV METOEU XOPOKTNPLOTIKWY, Slatnpwvtag
Tautoxpova vPnAo eninedo npootaciog WoiwtikdtnTag pe vPnAd péoo DCR kat xwplic akplpeig
tautioelg. To avtiotolyo HOVTEAO BACLOUEVO OE EVOWMOTWOELG, TO omolo npoteivapue, eDDPM,
TMANolaoe KaAd TG KATOVOUEC TWV oTNAWV KoL Statripnoe TNV OLWTIKOTNTA TwVv Sedopévwy, aAld
Sev avamapryaye Pe TNV idla akpiBela Tiq oxEoELg LETAED XOPAKTNPLOTIKWV.

Ta GAN povtéla eixav emniong Kakr) cuvoAikr) anddoon, e To eGAN va eival §sUtepo KAAUTEPO,
uneptepwvtag ehadpa tou CTGAN ota Column Shapes kat Column Pair Trends. To CTGAN rtav
OUWG KOAUTEPO OTNV Tpootacia WOwTkoTNTag Ue uPnAn péon DCR kat xapnAég akpiPeig
TouTioELC.

Ta VAE povtéla Sev katddepav va aviaywviotouv ta aAAa oto ouvolo Sebopévwv Adult. To
eVAE &enépaoe to TVAE o€ mpootaocia tdlwtikotntag, ue unAn péon DCR kat xapunAég akptBeic
Tautioelg, evw n TVAE €ixe tn XeLpOTEPN amod0o0n 0 AUTEC TIC LETPLKEG.

Kown Ttpoxomédn yia OAa TA TIPOTELWOHEVO MOVIEAQ NTAV N TIEPLOPLOMEVN LKAVOTNTA
QVATIOPAYWYNG OUCXETIOEWV METALU OPLOUNTIKWY KAl KATNYOPLKWV OTNAwV. e oUVOAX
6£60UEVWV LOVO LLE KOTNYOPLKA XOPAKTNPLOTIKA, OTtwG To Mushroom, Ta MPOTELWVOUEVA LOVTEAQ
napouciacav MoAU kaAr anddoon, pe to eVAE va Seiyvel ldlaitepa umooxOueva amoteAéopata
O€ TILO TIOAUTIAOKOL SESOUEVA CUYKPLTIKA LE TOL AMAOUCTEPQL.

1.7.3 MeAlovtki Epyacia

e BeAtiwon povtelomnoinong aplBuUnTKWY oTNAWV:

o Xpnon 1o oAOKANPWHEVWVY EVOWHATWOEWVY, OTIOU TO HovtéAo Ba meplAapfavel
KOl O pLOUNTLKA XOPAKTNPLOTIKA avTi vor ekmodeVeTaL HOVO OE KATNYOPLKA.

o Mo ouvBetn eneepyacia aplOUNTIKWY SESGOUEVWV PECW TTOAUTPOTILKNAG
(multimodal) povtelomnoinong, 6nwg Gaussian Mixtures r; Mixture Density
Models, onwg kavouv ta CTGAN kat TVAE.

e Meiwon dLaoTtaoewyv e EEXWPLOTEG EVOWUATWOELSG yla KABe otAn: Ekuddnon
EVOWHOTWOEWVY OTIOU HOVO TIHEC TNG (Blag otAANng xaptoypadouvtal otov iblo xwpo,
SLaTNPWVTOG CNUAVTLKA onUacloAoyikr mAnpodopia.

e AUEnon MOLKIALOG KL TIPOOTAOLOC LOLWTIKOTNTAC: Xpron TIo NTILag avTioTpodng
HETATPOTNC ATIO EVOWUOTWHEVA SLAVUOUATA OE KATNYOPLKEC TIUEG.

e Transfer learning: Xprion povtéAwv mou €xouv eknaldeutel o éva medio kal epapuoyn
TouG o€ AAAo mebio pe meploplopéva Sedopéva.
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e [Noocotikomoinon afeBatdtntag kat opaipatog ava Seiypa: Avixveuon SelyudTwy mou
QIEXOUV QIO TNV TPAYMOTIKI) KATOVORN], AUEAVOVTOC TNV AELOTILOTIO OTNV EKTIMNGON
moLotnTaG dedopEVwy.
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Chapter 2

Introduction

2.1 Motivation

The growing demand for high-quality data has spurted interest and demand for synthetic data
generation. Many techniques have been developed, with technology blooming on certain tasks
while slightly trailing in others. Particularly, tabular data has many applications and attract much
interest in information technology, however generative models often struggle to manage with
privacy, class imbalance, mixed data types and many other challenges such datasets harbor. While
generative models such as Generative Adversarial Networks (GANs) [1] and Variational
Autoencoders (VAEs) [2] have achieved remarkable success in domains like image, their
performance on tabular data (especially categorical-only data) remains limited.

Most tabular data generators resort to one-hot and ordinal encoding [3] to process discrete
features. However, these approaches lead to models handling sparse and rigid representations
with no substantial meaning and information in their values. Through experimentation, it became
clear that when dealing solely with categorical values, such models can significantly
underperform. Although that was not the case for all, it sparked an interest in exploring more
efficient ways to handle categorical values.

The objective that took form was to make original versions of generative models work naturally
on categorical tabular data. Apart from representing categorical values in a meaningful way, it
could be very beneficial to take advantage of all raw capabilities of generative models that may
be taken away by sparse representations that work only as indexes and do not hold any
information about the value they represent. To address this, the idea of using dense, learned
embeddings was explored. This is a technique borrowed from natural language processing (NLP),
where word embeddings have been repeatedly successfully used to model semantic
relationships.

By training a custom embedding model based on co-occurrence between categorical values,
every one of them is transformed into a continuous vector in a shared latent space. This
representation lets generative models operate in a continuous space enabling backpropagation
through the entirety of the network.
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To test this approach, experiments were conducted on three popular generative models: GAN,
VAE and DDPM (Denoising Diffusion Probabilistic Model). For the purpose of the experiments, we
developed three counterparts of the popular base models: eGAN, eVAE and eDDPM. As baseline
models for tabular data generation, CTGAN, TVAE and TabDDPM were used. These three models
are held on high regard in mixed-type tabular data generation. First, their overall performance on
mixed type data was assessed, before continuing experiments on categorical-only datasets.

2.2 Contribution

This diploma thesis presents the following key contributions:

e Embedding Learning for Tabular Data: A novel embedding learning strategy was
introduced, inspired by skip-gram with negative sampling adapted specifically for tabular
data with no spatial order. The model learns meaningful co-occurrence-based
embeddings across categorical columns

e New Generative Architectures: Based on the forementioned embeddings, three new
models were developed:
o eGAN: a GAN-based generator operating on embedding vectors along with
numerical attributes
o eVAE: a VAE model that reconstructs embedded samples and decodes them back
to categorical values
o eDDPM: a DDPM model, also trained on mixed-type data that reconstructs the
embedding vectors back to categorical values.

e Evaluation on Mixed and Categorical-Only Data: Experiments were performed on mixed-
type and categorical-only versions of the Adult Income and the Mushroom datasets of the
UCI repository, using multiple privacy and fidelity metrics.

e Insight and Potential: The results of the models are assessed on these two different
dataset types. Conclusions are drawn and potential future work on these specific topics is
highlighted.
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Chapter 3

Foundations

3.1 A Brief History and the Limitations of Data Science

3.1.1 Computer Science and Artificial Intelligence

Ever since its creation, Computer Science has always been a term unifying many fields of
technology spanning from the early days of human history up to this date. It contains theoretical
disciplines such as algorithms, information theory and computational theory but it also
encompasses applied disciplines like hardware and software engineering. Despite including
numerous different fields, each one of them has been closely related to others in order to
construct every computing machine found in the modern world.

The truth is, though, that it was never easy for most of the theories to come to life. The ambitions
of many computer scientists had to remain only in theory due to other fields of technology not
having caught up with their inventions. Such examples are public-key cryptography, parallel
computing, peer-to-peer networks and many more. Apart from theory, material engineering,
power resources and therefore the so-called computing resources needed to be available. So,
many times in history, groundbreaking discoveries have been put on hold.

Artificial Intelligence (Al) was first established in the 1950s but it was not until around the
beginning of the 21st century that it attracted extremely growing attention. The past two decades
have seen rapid growth in the ability of network and mobile computing systems to gather and
transport vast amounts of data, a phenomenon often referred to as “Big Data” [4]. Due to the
rise of Big Data and generally the evolution of computing power, that has enabled high resource-
demanding data processing, developing practical software for computer vision, speech
recognition, natural language processing, robot control and many other applications are now
relatively easily and effectively achievable. These applications are products of Machine Learning,
a field under the umbrella term of Al.

The rise of Al has been very steep in the last two decades and its applications and potential have
just started to unfold. With more and more organizations, companies and individuals putting
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effort and money into this field, we can only expect to see many more significant breakthroughs
in the coming years. Or maybe not?

3.1.2 Limitations Regarding Al and ML

The most trending and commercialized Al products for the past two years have been Large
Language Models (LLMs), or models designed for Natural Language Processing (NLP). However,
the industry could be hitting some major bottlenecks. One of them is related to the tremendous
amount of energy needed for these models to be trained and to operate. Research on several
common large Al models showed in 2019 that their training can emit more than 626,000 pounds
of carbon dioxide, which is equivalent to almost five times the lifetime emission of a car [5]. These
experiments were on BERT with 110M parameters and other major transformers of around 273M
parameters as well as GPT-2, which was even more source demanding. The emissions and the
demand in energy and resources of the recent models are much more significant as their
parameters can reach up to almost 2 trillion.

3.1.3 Computer Power bottleneck

As mentioned before, the neural networks, which were theorized in the early days of artificial
intelligence, demanded computational power that was not available back then. For example,
when it was first introduced in 1958 by Frank Rosenblatt from Cornell University, even the most
basic application of the single perceptron needed computational resources that could not be
achieved with the technology available at that time.

To fulfill the demands of recent models, developers have widely resorted to Graphics Processing
Units (GPUs) since the early 2010s. GPU hardware can perform concurrent operations occupying
multiple cores, thus accelerating the computational procedures regarding Machine Learning. In
early testing, GPUs showed around 10 to 15 times more speedup compared to CPUs, and even
higher in certain experiments [6]. However, to train recent large models that can reach up to
trillions of parameters and need multiple TBs of training data, current available computing
resources have started becoming a bottleneck again.
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Figure 5: A chart of NVIDIA main GPU transistor density growth until 2020

3.1.4 Need for training data

Machine learning is based on processing data to learn patterns, make predictions, and generalize
well to new, unseen scenarios. The growing need for more Machine Learning applications and the
increasing complexity and accuracy that is demanded in order to meet the expectations has raised
another vital necessity for the field of Al. That is, the demand for more data. Al developers,
organizations and companies have struggled in many cases to find satisfying amounts and good
quality of training data for many applications. It can be very hard to obtain the dataset that is
needed to train a specific model for reasons such as difficulty in collection, privacy policies,
limited samples and many more. Therefore, it is a concern for anyone trying to develop new work
on Machine Learning and it is a problem that needs a total or partial solution in every single case.

3.2 Challenges of collecting real data

3.2.1 Privacy

In recent years, with the rise of Machine Learning and its deep connection to datasets, there has
been an increasing drive to acquire personal data. This demand arises from the necessity of
having substantial and high-quality datasets to effectively train ML models [7]. Developers and
organizations striving to gather data and personal information to enhance their models often face
significant challenges. They can find themselves violating privacy or copyright laws if they are not
careful.

41



Globally, various regulations impose restrictions on the collection, storage, and utilization of
personal data. These regulations require organizations to obtain explicit consent from individuals
before collecting their data and ensure that individuals' data rights are protected. As a result,
acquiring large volumes of high-quality personal data has become a major challenge for
companies aiming to deploy effective ML applications. Navigating these legal constraints while
attempting to obtain and use personal data for training ML models requires a complex solution
as well as careful consideration and adherence to regulatory standards.

3.2.2 Bias

Furthermore, real-world data appears to be biased in many cases, thus resulting in models that
attempt decision making based on false norms, as they have not been trained on totally fair and
balanced data distributions. Bias in data can mostly origin from two different scenarios. First,
training data may not accurately represent reality or second, it may accurately represent a reality
that has been altered by external factors, for example chronically discriminating factors [8].

For the second case, we can consider, for example, a hospital that mainly receives patients of a
certain economic situation and standard of living. The data that this hospital has collected from
its patients is true but does not represent the whole and general reality. So, training models using
this data would lead to very specific and untruthful results.

Last but not least, biases don’t only come from the forementioned reasons. There can be mistakes
in data collection that do not actually have to do with the validity of the actual data. For example,
having humans annotating data and using their own judgement to an extent can eventually lead
to biases on the training dataset. Collection errors or slightly wrong data preprocessing can also
lead to small biases on datasets. Even these small divergences from absolute reality can amplify
the biases in model predictions [9].

3.2.3 Abundancy and liability of data:

We live in the era of Big Data and the availability of most kinds of data is almost never an issue.
In some cases of Machine Learning though, the abundance and even the availability of specific
data is not a certainty. Consider the need for developing an autonomous vehicle that obviously
needs to not hit pedestrians. This entails the need for data of vehicles hitting and avoiding
pedestrians. Acquiring sufficient amount of data for this task would be extremely hard, let alone
the inconsistencies due to different sources [8].

Additionally, the liability of hand labeled data is highly at question. Consider an individual that
labels data manually day by day for several hours straight. It would be practically impossible not
to make mistakes. Also, these workers often work under poor conditions and are severely
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underpaid [10]. So, there is another concern surrounding the use of real data in artificial
intelligence i.e., an ethical concern.

3.2.4 Human labor and ethics

The rise of Al and its overwhelming name has always had people afraid and wondering, at least
at some point in their lives, about negative effects and the chances that all this can go out of
hand. The actual skepticism of regular people away from this field though is most of the time
mainly speculative, baseless and invalid. Even the news and social media present Al as one thing
or another: the door to a future utopian world where technology has brought prosperity
everywhere or a dystopia created by losing control of Al and letting it take over humanity.

However, the truth is far away from these concerns and scenarios. It is true that Al can be a huge
tool for humans and improve many aspects of life but the thing we need to focus on is that there
are a great number of problems already created by it. A part of them is about human labor and
exploitation happening every day.

Behind the scope and the purpose of technological advancements, corporations are exploiting
the global workforce and overstepping legal boundaries. As Machine Learning models are heavily
reliant on vast amounts of labeled data, companies are putting people to work in terrible
conditions trying to deliver as a group in which everyone has a very specific repeating task. These
companies are treating workers like gig-workers and automated machines with the least wage
possible [10].

3.3 Techniques regarding data generation and privacy preservation

3.3.1 Federated Learning

One of the ways to tackle problems regarding privacy issues of machine learning is federated
learning. Federated learning trains a model using a multi-node cluster. Consider the master node,
meaning the main entity of the cluster and the node that eventually has the functional model.
The master node has no access to the training data. On the other hand, the data is available to all
the worker nodes.

The worker nodes perform gradient descent and the learning process of machine learning. Then,
each worker node serves its resulting model to the master worker. The master worker aggregates
the results of all the workers resulting in the final model [11]. The main downside of this method
is that the model created is non-versatile giving limited options apart from its very specific
purpose.
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3.3.2 K-anonymity

Another technique that deals with privacy preservation is k-anonymity. It follows a very different
approach compared to federated learning as it straight up manipulates the data. K-anonymity, in
general, groups similar records and generalizes sensitive attributes [12]. However, such
techniques can have major disadvantages. The main goal when using k-anonymity is to ensure
the best tradeoff between the utility of the final manipulated data and its information disclosure
risk. Generalizing to a certain degree can still not be enough to preserve private information. On
the other hand, more generalization, especially on information with granular detail, will lead to
poor representation of reality and model accuracy.

3.3.3 SMOTE - Synthetic Minority Oversampling Technique

In some real-life machine learning cases, where data availability is a critical issue, it is substantially
impossible to acquire more data for a particular class. This imbalance can lead to major
inaccuracies in the model’s performance. One way to work around this problem is to under-
sample the majority class with the danger of compromising vital information. Another way is to
over-sample the minority class, a technique that involves the danger of overfitting due to the fact
that same samples are contributing repeatedly. This is the problem that SMOTE is trying to deal
with [13].

In General, SMOTE computes the difference between a sample and its nearest neighbor. Then
takes the difference and multiplies it with a random number between 0 and 1. After, it adds the
resulting number to the initial sample and creates a new one. The process continues to the next
nearest neighbors.

However, this model is missing a way of handling categorical values. In presence, of categorical
values it is more complicated to find the nearest neighbors and when generating a new sample,
the categorical attributes cannot be the weighted average of the corresponding examples
because there might be generated a new categorical value that does not exist. SMOTE-NC
(Synthetic Minority Over-Sampling Technique — Nominal Continuous) uses a straightforward
technique to tackle this problem and handle both continuous and categorical features [13], [14].

After identifying all the minority samples, SMOTE-NE computes the standard deviation of all the
continuous attributes. Then, it calculates the median value of all the standard deviations. To find
the nearest neighbors of a sample while taking categorical features into consideration, the
Euclidean distance is calculated based only on the continuous values available at first. If there is
a mismatch on a categorical feature between two samples, the median value of the standard
deviations that was previously computed is added to their Euclidean distance. Once finding the
nearest neighbors, the synthetic samples are generated using the standard (vanilla) SMOTE
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algorithm on continuous attributes, whereas for the categorical feature, the most frequent value
of the nearest neighbors is used.

3.4 Synthetic Data

3.4.1 What is synthetic data

Synthetic data refers to artificially generated data that mimics real-world data but is created
algorithmically rather than being collected from actual observations. The goal is to retain
statistical properties of the original dataset, allowing for analysis and testing without
compromising the privacy or confidentiality of sensitive information [15]. The crucial advantage
of synthetic data is that it is impossible to acquire real data and sensitive information from it.

Synthetic data is particularly valuable in scenarios where access to real data is limited, expensive,
or ethically problematic, enabling researchers, developers, and analysts to train machine learning
models, conduct simulations, and perform other data-driven tasks with reduced risks and
constraints. Many companies with access to real data aim to create synthetic data with the
characteristics that enable developers and other companies to extract useful information or train
models without giving them any sensitive information. As privacy regulations arise in many cases,
truth holding synthetic data has become a big project in today’s market, especially for medical
data.
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Chapter 4

Theoretical Background

4.1 Basic Principals of Al and ML

4.1.1 Introduction

Artificial Intelligence is the simulation of human-like intelligence in machines, enabling them to
perform tasks such as learning, reasoning, problem-solving, and decision making. Al systems
apply algorithms on data to recognize patterns, make predictions, and improve over time. It
encompasses various subfields, including machine learning, natural language processing, and
computer vision. Al aims to create systems that can operate autonomously or assist humans in
complex tasks.

Machine learning is a subset of Al, probably the biggest, that focuses on developing algorithms
and statistical models that enable computers to learn from and make predictions or decisions
based on data. Al is based solely on programming rules. On the other hand, ML algorithms identify
patterns in data and improve their performance over time as they are exposed to more data
points. The ability to learn from repetition, mistakes and successes makes ML a powerful tool for
a wide range of applications, from image recognition and natural language processing to
recommendation systems, predictive analytics and decision making. In essence, ML drives much
of the progress in Al by allowing systems to adapt and optimize their behavior autonomously.

4.2 The Perceptron

4.2.1 Inspiration from Nature

Throughout history, most of the technological breakthroughs have come through inspiration from
nature. Humans have always been finding new ways to advance and make their lives easier by
mimicking explicit traits and abilities observed in their environment. Machine Learning and
Neural Networks are no different from all those inventions, as the name of the latter implies. The
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study of the human brain and the way it functions ignited the concept of computer neural
networks. If the human brain learns and operates using signals and pulses, then a computer
system could copy this way and learn things itself.

Neurons are the fundamental units of the nervous system. They operate by transmitting electrical
and chemical signals and consist of three main parts: the cell body, the dendrites and the axon.
Dendrites receive input signals from other neurons. These signals are then processed in the cell
body and if they are strong enough, it transmits a new electrical pulse through the axon to other
neurons. The neurons communicate with each other through synapses which are connections
between axons and dendrites forming a whole nervous system.

Dendrites

Output

Cell Body

Figure 6: Human Neuron

4.2.2 From nervous system to Neural Networks

Neural Networks are implementing the model of the human brain into computer systems, making
it possible for computers to, in a sense, learn and act based on inputs and stimulation. Breaking
down a Neural Network, at the base of it is found the perceptron. We think of the perceptron as
neuron. It can take input values, apply weights to them and transfer them to its main body, which
we can call node. In the node the values are added up forming a new value. This new value is then
given as input to a function called activation function. The output of the activation function is the
output of the perceptron.
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Figure 7: Single Layer Perceptron

For the perceptron to be able to mimic the behavior of a neuron and form a structure able to
learn when combined with other nodes, it must receive and produce outputs that resemble the
electrical signals that the brain uses. So, it is the most common tactic to use activation functions
that produce values between 0 or -1 and 1. However, in many cases, it is very beneficial to just
collapse all negative values close to zero. In general, most of the time, a single node takes the
input and passes it through a function that adjusts it on a new scale. More details on activations
functions will be discussed later.

After constructing the fundamental unit, if put together correctly, many units can create a system
that can mimic the behavior of the nervous system and perform complex actions. Neurons are
put together in a way that the nodes are organized in layers. The input signal can be of any
complexity and form based on the design of the network. Input values are received first, of
course, on the input layer. They are then weighted and passed onto the first layer of nodes, the
first hidden layer. Depending on the architecture of the network, some input values can be passed
to not all but certain nodes. However, it is common to pass all input values to all nodes forming a
fully connected Neural Network.

InputLayer Hidden Layers Output Layer

Figure 8: Fully connected neural network
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Supposing a Neural Network has been constructed, how does it learn? The structure of a Neural
Network resembling a nervous system can produce outputs in a complicated way, but it is not
useful unless it is tuned to make these predictions based on certain patterns. Multiple different
inputs are fed into the network several times, repeatedly.

4.3 MULTILAYER NEURAL NETWORKS

4.3.1 Backpropagation

Let’s consider a multilayer perceptron. First, the network is randomly initialized, meaning the
weights that are applied on the values on every layer are random. It is only logical that the model
produces completely irrelevant predictions with these random weights. After making predictions
for all the inputs, the performance of the model is assessed based on specified metrics. The model
then takes feedback from the metrics and changes its weights at every point in a way that next
time, it makes more successful predictions. However, in the last sentence lies the most important
and difficult part.

The forementioned procedure is called backpropagation. After acquiring the outputs of the
network ¥, we compare them to the real target values Y and calculate the error E. The calculation
of E is another crucial part determining the behavior of a neural network as it essentially indicates
what it is that we actually want the network to approximate. Next, the derivatives of E w.r.t. all
the weights are calculated. These give important information as they are the quantities that guide
the update of the weights. For example, if the increase of a weight resulted to the increase E,
then it would yield better results if we updated this weight with a smaller value and vice versa
[16].

After updating all the weights of the network, or at least the ones that took part in forming the
output, the process is repeated. The number of repetitions must be sufficient to minimize the
error and bring the network in convergence, for it to give meaningful outputs.

4.3.2 The chain rule

The output, hence the error of a neural network, derives from the input passing through a series
of multiplications, with the weights of the network, and activation functions. So, we can imagine
the final result as a composite function made up of the multiplications and the activation
functions stacked the one after the other. To calculate the derivative of the loss with respect to
the input, or a certain weight, the concept of chain rule is applied.
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Given the composite function f; o (f; ° ... (fn—1 © f,) using the chain rule, we can compute the
derivative of f; w.rt. input x as
afi _dhdf dfy

~ Cdhif " (4.3.1)

This enables us to track the effect of a weight all the way down to the output taking into account
all intermediate calculations. Expanding and applying this concept into a neural network we can
get the example of the following figure.

[2Y » a (3) o (2)
OE ()(’1 : da,

a. (2)
0z,

a..(2) T 4 (2) o (2) . 2)
owy; da, 4 0z, ()n'l”

".\‘ "//l '(\‘\ / r 4 ‘-\\\
oo/ \ W 4
X )
Y O / A /

/ \
/ \
/
/

\

) )

Figure 9: Chain rule for derivative calculation on neural network

4.3.3 Activation Functions

Activation functions are essential components of neural networks. They are attached on the
neurons and basically determine whether the neuron should be activated or not by transforming
the weighted sum of its inputs into an output signal. They introduce non-linearity as just with
sums of multiplications the network would not be able to do that alone. Using activation
functions, the network is able to learn to perform complex modeling.

However, as previously shown in backpropagation and chain rule, the activation function has to
be differentiable in order for the network to be able to compute the derivatives at each step.
Without differentiable activation functions, gradient descent would be ineffective.

An activation function can basically be any imaginable differential function as long as it lets the
network learn by the mapping it offers. The best choice for them depends on the network
architecture, the domain of the data and probable problems such as potential vanishing or
exploding gradients. The most commonly used activation functions are the following:
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e RelU: f(x) = max(0,x)

-1

Figure 10: RelU Activation Function

The Rectified Linear Unit is the most used activation function in neural networks. Even though it
Is not differentiable at 0, we assume that its derivative there is equal to 0. This simple function
introduces nonlinearity to the network and solves the vanishing gradients problem. However, in
some cases, much information can be lost since it does not take into account any negative value.
To avoid this, the Leaky ReLU can be used, which is defined as f (x) = max(ax, x) for small values
of a. This function keeps some small information about the negative values as well.

1

o Sigmoid Activation Function: f(x) = 1+exp(-x)

05

Figure 11: Sigmoid Activation Function
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This activation function maps all its inputs between the 0 and land is mostly used for binary
classification tasks. When using a neural network for such task, the output must indicate the
probability of the input belonging in one class or the other. The sigmoid function offers just that
as it is also smooth and differentiable. However, in deep networks, it suffers from vanishing
gradients. As values begin to settle close to 0 or 1, the gradient becomes smaller step by step, in
contrast to values close to 0 where the gradient is significantly larger.

exp(x)—exp(—x)
exp(x)+exp(—x)

e Hyperbolic tangent: f (x) = tanh(x) =

-1+

Figure 12: tanh Activation Function

Even though human brain neurons work by sending a signal or not, through the years researchers
have found that computer neural networks learn better by keeping neuron outputs centered to
0, returning both negative and positive signals. That is why tanh is a useful activation function,
often passing much more information into next layers than other ones. Data is sometimes
normalized with mean value 0 which can help the network even more when tanh is used. Even
though tanh has stronger gradients than sigmoid and helps the network learn faster, it also suffers
from the vanishing gradients problem as values converge close to -1 and 1.

e Softmax Activation Function: f(x;) = _Expxi)
2jexp(xj)

Softmax is an extremely popular and useful activation function. It converts a set of prediction

scores (logits) into probabilities and all elements of the softmax sum up to 1. It is mostly used for

multi-class classification problems as it gives the probability of the input belonging to each one

of the classes in a computationally differentiable way.
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4.4 Machine Learning Methods

4.4.1 Supervised vs Unsupervised Learning

Machine learning can broadly be categorized into two learning techniques; supervised and
unsupervised. These two concepts differ on how they manipulate data and the type of data they
learn from. Understanding the differences between these two, the advantages and disadvantages
and, hence their applications, is a crucial step to beginning creating a model.

Supervised learning is basically defined as the method of learning from labeled data. That means
that for every data point, which can vary from a single number to a whole image, there comes a
corresponding output label.
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Figure 13: Supervised Learning

The concept is that the model makes predictions given the input data. These predictions are later
compared to their corresponding correct labels to acquire the error. The network then updates
its parameters based on the error that was calculated at each step of the process.

Unsupervised learning is, opposed to supervised, the concept of learning from unlabeled data.
This method refers to tasks such as grouping together data points within a dataset or reducing
the dimensionality of the data. Essentially since unlabeled data do not give any clear objective,
these algorithms aim to examine and manipulate them in order to extract relationships and
patterns within them [17].
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Figure 14: Unsupervised Learning

One can choose a method based on the available data, whether it is labeled or not. However,
identifying the nature of the objective and choosing a model that best solves it is the most
important. The synthetic data generation task that is analyzed here is one with much complexity
and there is no definitive approach. Even though unsupervised learning seems to be ahead,
propositions and attempts for supervised learning have also been made successfully.

4.4.2 Probabilistic vs Deterministic Modeling

Apart from the learning method and the type of input data, in order to create better performing
models we have to take a look at different modeling techniques from another angle. Another
factor that separates machine learning models into two categories is the uncertainty that each
model incorporates. Based on whether a model applies randomness in calculating the output or
not, we can classify it as deterministic or probabilistic.

Deterministic models produce the same output every time, given the same input. Their results
are fully determined by the input and the parameters and equations that comprise the model.
Such characteristics are useful for modeling well defined relationships where results need no
variability or diversity and require precise predictions.

On the other hand, probabilistic models incorporate a good tradeoff between precision and
randomness. Instead of outputting results coming from fixed values, they often model layer
outputs as probability distributions. In this way, given the same output, probabilistic models’
results can come from a diverse continuous set of options.

For synthetic data generation, one of the most important aspects regarding the quality of the
results is the diversity of the output data. It is critical for a model to be able to produce outputs
around different data points and not be confined to generating the same results given the same
input. This makes it very hard for deterministic approaches to perform well on generating tasks.
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There have been many efforts to bridge this gap when using deterministic models, but such
methods admittedly lean towards probabilistic approaches regardless of their starting point.

4.5 Basic Data Distributions and Probabilities Background

4.5.1 Distributions and Data Representation

Synthetic data quality is measured on the amount of information it inherits from real data. It
needs to be diverse and accurate across data points as well as within individual data points. A
very important factor contributing to generating good quality synthetic data is incorporating
probability theories in the model’s generative and learning process.

Most state-of-the-art generative models fall into the category of probabilistic models. Regardless
of the end result and architecture, one of the most crucial tasks is approximating complex
probability distributions. Probability theory provides the mathematical framework for modeling
uncertainty and randomness.

The most common form of distribution observed in data is the Normal Distribution, alternatively
referred to as Gaussian. Normal Distribution (N (i, 0)) is a probability density function (pdf) is a
continuous probability distribution defined by two parameters: mean pu and standard deviation
0. The values of a random variable X that follows a Normal Distribution, meaning X~N(u, a), is
centered around its mean value. Near the mean is where the data is more frequent. However, the
standard deviation affects how dense the data around the mean is as well as how far from the
mean we can observe substantially occurring instances.

Mathematically, normal distribution’s pdf is defined as

L)
f(X)—ame 2\ (4.5.1)

Mean p sets the point at the x axis where the values are centered. The biggest the mean is, the
more far right on the x axis the graph will be. The standard deviation is responsible for the density
of the values around the mean and how spread they are across the x axis. As o gets smaller, more
values are observed around the mean and less away from it. This means that the curve of the pdf
is pointier and taller as opposed to a larger o where it becomes smoother and flatter.
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Figure 15: Different examples of Gaussian Distribution. (a) u=0,0=1.0(b) u=0,0=0.4 (c) u= 1.0, 0=0.4
4.5.2 Multimodal Distributions

In reality, though, data are rarely accurately represented by a simple Gaussian. Using a single
Gaussian can be effective as it keeps the complexity low and yields sufficient results in most cases.
Seeking better results in probabilistic generative models mainly means trying to approximate
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intermediate or final distributions in a more complex way. As a result, the single Gaussian
approach is replaced by other distribution approximations. Keeping it as simple and effective as
possible, most methods do not deviate much from the unimodal Gaussian Distribution as they
just try implementing multimodal gaussian approximations.
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Figure 16: Different unimodal Gaussian Distributions (a) u=2.5,0=0.3 (b)u=1,0=0.8(c)u=0,0=0.4
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Figure 17: Multimodal Gaussian Distribution deriving from the 3 Gaussians of figure 11 with equal weight coefficients, 0.33
each.

4521 Gaussian Mixture Model

The Gaussian Mixture Model (GMM) is a probabilistic unsupervised learning model. It is
represented by a weighted sum of a fixed number of Gaussian Distributions and uses the
Expectation-Maximization algorithm for training [18]. The pdf of the resulting distribution is

K
P = ) @i Cxlis, o) (452)

where @; are the mixture weights.

For training, we consider K gaussian components and analyze the process as an iterative process.
Given a training vector x;, the probability that x; belongs to the ith gaussian component is
calculated as

@iNCxelpy, )
25 @iN (xelwj, 07)

Pr(i|x;) = (4.5.3)

At each step, the estimation of each mixture weight ¢; is the average of the probabilities that a
training vector belongs to its gaussian N (y;, 0;). So, the estimated value is

1 T
?o=7 . Priilx) (4.54)

The estimated mean value of component i is the weighted average of all the training vectors

_ITPr(ilx) %,
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And similarly, the estimated variance of component i becomes the weighted variance of all
training points

5 = Z? Pr(ilx,) (x¢ — i)
L Xt Pr(ilx,)

(4.5.6)

For a smooth learning process, at each step, the parameters ¢, |, o are updated based on their
corresponding adaptation coefficients. We can view this as a learning rate used for updating the
parameters by giving a weighted sum between step jand j+1.

4.5.2.2 Mixture Density Network

Even though both Mixture Density Networks (MDNs) and Gaussian Mixture Models approximate
distributions using weighted sums of Gaussians, they differ in the way they do It and in the way
they are trained.

In general, MDNs use a linear combination of kernel functions [19] and the pdf takes the following
form

K
PO = Y e fiG1) (4:57)

The MDN is a supervised learning model that computes @;(x), u;(x), g;(x) given an input x. For
simplification purposes, kernel functions of Gaussian form are used, which makes the pdf of the
MDN take a similar form to the one of the GMM.

The training process aims to minimize the negative log likelihood (NLL). The error is given by

E = Z E, (4.5.8)
where Er is the NLL of the training sample x;
K
Ee= =) guGeON (y]ix), 0,x,)) (45.9)
i
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4.6 Baseline Models, Challenges and Mitigation

4.6.1 Variational Autoencoders

Variational Autoencoders (VAEs) are, as their name infers, closely related to the traditional
autoencoders as they share a similar basic architecture. They each have an Encoder, that
compresses the input into a latent representation, as well as a Decoder that attempts to
reconstruct the original input, given the latent representation. However, diving into detail, the
differences between these models give VAEs exceptional generative powers as opposed to the
traditional autoencoders.

Autoencoders are part of deterministic models, as they encode their input into a single discrete
latent variable. VAEs, on the other hand, output continuous probability distribution over the
latent space. This behavior puts VAEs into the category of probabilistic models and gives them
strong generative powers as they are able to manipulate data inside the latent space and diversify
using the continuous probabilities.

First, let’s consider a generative model that wants to generate handwritten digits from 0 to 9. The
output of the model must surely be one of the digits and not just any random handwritten symbol
that resembles the training data. To solve this, the model first chooses a random sample of the
available ones, using a latent variable, and then generates the desired output. So, the results
would be a joint distribution of the observed variables x from the dataset, and the latent variables
z. Latent variables are not observable and are not part of the dataset. For the model to be
representative of our dataset, there needs to be a latent variable matched by every sample of the
training data, so that in some way a similar result to any instance can be generated.

Initially, we view the observed variable x as a sample from the unknown real data distribution.
VAEs attempt to approximate the real distribution p(x) by modeling pg(x) with parameters 6.
The goal is to optimize 6 so that pg(x) approaches the datapoints of the dataset. As latent
variables come in play, the goal is to model the joint distribution of both z and x

Po(x) = [ po(x,2) dz (4.6.1.1)

where pg(x, z) can be expressed as pg (z)pg (x|2)

The intractability of pg(x) is related to the intractability of the posterior py(z|x). So, making
pe(z|x) tractable can lead to a good approximation of pg(x).
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To approximate the posterior inference and make the solution tractable, the inference model
q(p(zlx) is introduced. This model represents the Encoder of the VAE and provides the latent
space. The most common choice is to use a Gaussian encoder and model q,, as

a4y (zlx) = N(z; p, diag(0)) (4.6.1.2)

The training objective of the variational autoencoder is the maximization of the variational lower
bound or evidence lower bound (ELBO) that derives from the following:

oare) = tosnco = o G5 )

_ Pe(x,2) e (le)>l
=F [log <Q¢(Z|x)>l +E Ilog <p9(zlx) (4.6.1.3)

The second term represents the Kullback-Leibler divergence between g, (z|x) and py(z|x). It

basically shows how similar two distributions are. The smaller the value, the more similar the
distributions are. This accounts for the training of the encoder as its goal is the approximation of
the posterior py.

The first term is the variational lower bound (Lg 4, (x)) and can also be expressed using the same
KL divergence:

Lo »(x) = log pg(x) — D1 (g, (z1%)||pe(zx)) (4.6.1.4)

So, KL divergence here represents the gap between Lg ,, (x) and log pg (x).

Simplifying the objective, in practice, when training VAEs, instead of maximizing logpg(x), we
minimize the negative log likelihood. Assuming pgy follows gaussian distribution
pe(x)~N(x|u(x),o(x)), we can compute the negative log likelihood in closed form as

(y — ux)*

1
Lyp, = EZ log(o(x)?) + 7 (x)?2

(4.6.1.5)

plus constants that can be ignored.

The second term can also be simplified since, in practice, the objective of the encoder is to create
a latent space that follows the normal distribution with mean 0 and variance 1, meaning
p(z)~N(0,I). We get
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1
Dy (q(zI0| p(2)) = EZ(G(X)2 +u(0)? —1—loga(x)?) (4.6.1.6)

The implementation of a Variational Autoencoder usually consists of three neural networks. The
most common form that q,(z|x) takes is N (z| u, o), so if we think of g(z) as N(u(x), o (x)),
where (x) represents the mean and o(x) represents the variance. Two neural networks are used
to find the best g, from this given family of functions. To be more precise, they are not entirely
separate networks as they have a common first part. The third neural network comes in play for
the decoder as it tries to optimize pg(x|z) using a function f(z) for the mean of the distribution
while considering a fixed value for the variance.
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A
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Figure 18: VAE architecture

VAE models use back propagation and update their weights in order to achieve training. To
complete back propagation through the entire length of the network, we need to calculate the
error and its derivatives on every single node using the chain rule. The encoder outputs the
calculated mean and variance for the corresponding input. These two values are to be used to
create an input for the decoder. However, sampling from N(u, o) introduces non differentiability
to the network. This breaks the gradient flow and back propagation can no longer be completed
for the nodes that come before the sampling process. Putting it more simply, the decoder sees
nothing but a random value that has come from an unknown distribution while all the other layers
know that their inputs have come from explicit multiplications and sums.
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To overcome this objective, Variational Autoencoders implement the so called
Reparameterization Trick. The whole point of this method is to keep the sampling, hence non
differentiable operation, out of the parts of the network where back propagation is needed. This
is achieved by introducing a new noise variable e~N(0,1). The input of the decoder is then
calculated as

Z=U+O*E€ (4.6.1.7)

In this way, the sampling process does not break the gradient flow as we can now propagate
through p and o. We can think of € as a weight for o that the network does not need to learn [2],
[20].

4.6.2 Generative Adversarial Networks

Generative Adversarial Networks (GANs) were first introduced by lan J. Goodfellow and his
research team in 2014 [1] as a pioneering approach in the spectrum generative Al models. They
have since received much acknowledgement due to their prolific performance, especially in
image generation. Many task-specific GANs have been published with some examples being:
medGAN tailored for generating multi-labeled discrete patient records, textGAN for natural
language text generation, discoGAN, cycleGAN and many more.

In general, a GAN consists of two multilayer perceptrons, the Generator and the Discriminator.
Consider a set x of training data. The generator takes an input of random noise z~p,(z). Then,
maps the input into the data space x as G(z; 6,), where 8, are the parameters of the generator.
After that, the outputs of the generator are passed into the discriminator along with some
training samples from x. The discriminator is basically a classifier that learns the probability of the
input class being real or fake. Its output is defined as D (x; 8,;) and represents the probability of
an input x coming from the data rather than the generator’s output, where 8, are the parameters
of the multilayer perceptron that comprises the discriminator.

The training process resembles a minimax two player game where the discriminator’s goal is to
maximize the probability of classifying generated instances and samples from the training set
correctly, whereas the generator’s goal is to minimize the discriminator’s

accuracy by minimizing log(1 — D(G(2)). The value function of this problem would be:

min max

c p V0.6 =EllogdD)]+E, [1og (1 - D(G(z)))] (4.6.2.1)
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Figure 19: GAN architecture

It needs to be noted that training is an iterative process interchanging between updating the
generator G and the discriminator D. Either way, the cost function usually remains the same. The
main difference in the two subprocesses is that in the first case, only the output data of the
generator is passed as input into the discriminator. On the contrary, when updating the
discriminator, both generated outputs and values of the training data are passed into the
discriminator.

In fact, in the early stages of training, the generator produces outputs poor enough so that the
discriminator has high accuracy. This can result in the generator training at a slow rate. To avoid
that, G can be trained to maximize log(D(G(x)) in the beginning, which provides stronger
gradients and a steeper approach towards the desired performance.

Another problem that must be dealt with is the Helvetica scenario. This can occur when the
generator is overtrained in comparison to the discriminator. If the discriminator is not frequently
updated, the generator will avoid approaching certain instances of the data distribution that
cannot trick the discriminator efficiently enough. The gradients obtained by the same
discriminator repeatedly will collapse many noise values to a limited number of the training data
and eventually, the model will not have enough diversity to replicate the distribution of the data.

Last but not least, what needs to be taken into consideration in the early stages of development
is that the generator and the discriminator must initially be at a similar level. If, for example, the
discriminator was a good classifier from the beginning, then, almost none of the generator’s
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output would be classified as part of the training data, hence the error becomes minimal, and the
generator can no longer “learn” [1].

4.6.3 Diffusion Models

Apart from the most used deep generative models, GANs and VAEs, Diffusion Models are also a
state-of-the-art approach for most of the generative related tasks such as image synthesis, audio
generation and language processing [21]. Diffusion Models are part of the class of likelihood-
based models as are the Variational Autoencoders. Likelihood-based models explicitly define a
likelihood function to estimate the probability distribution of observed data. Using a likelihood
function, unlike implicit generative models such as GANs, helps Diffusion Models avoid mode
collapse and training instabilities; two phenomena that have been major issues for data synthesis
throughout the years. However, they can be more resource and time demanding.

Diffusion Models have been inspired by non-equilibrium thermodynamics and especially as their
name infers, diffusion [22]. In physics, diffusion is described as the process in which a group of
molecules moves from a region of higher concentration to a region of lower concentration.

These models follow a two-step approach, consisting of a forward process and a
backward/reverse process. In the forward process, a sample from the data space is corrupted by
a forward Markov process that adds Gaussian noise based on a variance schedule £, ..., Br . This
process transforms the data point into a latent variable which is basically pure noise [23].

T
aGrnx0) = | [ aGeelxen) (463.1)
1
q(x¢|xe—1) = N(xe; /1 — Be x¢, Bel) (4.6.3.2)

Here, q(x;) denotes the distribution of latent variable x; in the forward process. The forward
process converts the unknown high dimensional distribution of the input data into a known one
asp(xr) = N(x7;0,1). Setting 1 — b, = a; and @, = [1{_, a,, we can see that each step corrupts
Xe—q tox, = \/a_txt_l + \/Tate where € is random Gaussian noise sampled from N(0,1).

The latent variable then learns how to be denoised back into the real data distribution by the
reverse process, creating new synthetic data [21].

poCror) = pCer) | | poGees o) (4:633)

Do (Xe—1lxe) = N(xt—l st (X, t), 2o (xy, t)) (4.6.3.4)

65



po(x:_1lx.) represents the estimated distribution of the latent variable x;_, and is approximated
using a neural network with parameters 8. The simplified process is depicted as a Markov chain
in the following image

00 —6—0
e

-

q(xe|2-1)

Figure 20: Reverse and forward diffusion depicted as a Markov Chain

Training is performed by optimizing the variational upper bound on negative log-likelihood:

L= Eq[DKL(Q(xT|x0)||P(xT))
+ Z D1, (q(xe—q 1%, %0) [P (ee—1 %)) — log(pa (xolx1)) ] (4.6.3.5)

t>1

where q(x._1|x., x0) = N(xt—l; i (xy, xo)'[;\tl)
4.7 Difficulties in tabular data generation

Generative Neural Networks are mostly designed to generate images. Some have shown excellent
performance in quality as well as in diversity. However, being able to produce high quality images
does not guarantee good performance in other types of applications. More importantly, in some
cases, generative models cannot even produce the type of data needed. In tabular data, the
attributes often have many different types of values, and especially the categorical ones are very
hard to handle. Also, the combinations across values can become vast or some values can be
represented only by a tiny part of the dataset. Handling different types of data, high
dimensionality, sparsity and dataset imbalances can be very challenging for tabular data
generation.

4.7.1 Non-Differentiability of Discrete Data

Neural Networks are designed to work with continuous values and utilize backpropagation as a
gradient based optimization method. Consider the generation of an image where each pixel is
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represented by a value between 0 and 1. The network computes the error and the gradients of
the loss function with respect to the weights of every layer. This can then be used to adjust the
weights in a way that next time, the error by the loss function will be smaller. This makes it quite
easy to understand why gradient descent can tune continuous values to possibly reduce the error
after every update of the parameters.

What makes it hard for categorical and discrete values is that they may not have any type of
continuity and relation between them, thus not enabling the model to approach a better solution
in certainty as the gradients cannot show if changes in weights will lower the error through the
loss function. For instance, in a tabular dataset, someone can come across columns that represent
the type of a vehicle, the city, the blood type of a person and many other discrete-value attributes.
These values are distinct categories or classes without any gradient between them.

4.7.2 Mode Collapse

Mode collapse is a concerning challenge when creating and training generative models. We come
across this term mostly when dealing with GANs, however many other models suffer from what
seems to be a quite usual problem. A very important part of a model is the loss function on which
it performs its training. Yet, a generative model cannot count on the loss function alone. In many
cases, extra care is needed to prevent a model from generating only a certain subset of possible
outputs only to minimize the loss function. In GANs, for example, the generator fools the
discriminator by learning to produce real-looking outputs but with no diversity. Even VAEs, which
are less prone to suffer from this phenomenon, poor handling of the latent space and weak
encoder can create really low diversity.

The problem described above is exacerbated when dealing with tabular data instead of images.
Having discrete categories in certain attributes of the dataset makes it easier for the model to
collapse into limited number of those and makes it even harder to recover from it. As opposed to
distinct categories, we can define some categories in continuous data but there will be minor
variations among them. The absence of these minor variations in discrete tabular data makes it
easier for the model to fall into producing repetitive outputs.

4.8 Introduction to Embeddings

Word Embeddings are a foundational technique in natural language processing (NLP). They
transform words into dense and continuous vector representations. Word embeddings have
many advantages over one-hot encoding. One-hot encoding is just a different form of the same
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representation, which is viewing words as atomic units. Word Embeddings capture semantic
relationships by mapping similar words closer together in the space they are represented.

Since extracting word embeddings requires some computation, one can think that creating them
and using them to train a new model increases the complexity and resources of the whole
process. At first glance, two different models are created but, on the other hand, word
embeddings can reduce the complexity of our final model significantly compared to simple one-
hot encoding. Apart from the fact that word embeddings are learnable representations of words
and don’t treat them as individual units, they have the advantage of reducing the dimensionality
of the data.

When using one-hot encoding, the resulting vectors are high-dimensional and sparse. For a
vocabulary of V words, each word is represented by a V-dimensional vector with just one element
equal to 1 while the rest are zero. Embeddings map words into any dimensionality we desire,
even into a single scalar. However, reducing the dimensionality reduces the amount of
information and relationships in the new space. Using smaller vectors keeps the size of the model
parameters from increasing, hence keeping memory usage and complexity low.

To illustrate and better understand how word embeddings work, consider the words “king”,
“queen”, “man” and “woman”. Encoding these words using a traditional one-hot encoding
method, each word would be represented by a binary vector with all values equal to 0, except
one. The position of the 1 in the vector determines each word and differentializes it from all the

others. However, there is no information about how words relate to each other. For example:

e “king”>10,0,1,0,0,..]

e “queen”>11,0,0,0,0,..]

These representations do not capture any semantic meaning and they are orthogonal, meaning
any multiplication between them results to 0. In contrast, word embeddings represent each word
as a dense, low-dimensional vector of real numbers, capturing meaningful relationships and
information across the vocabulary. The goal is to transform words that appear in similar contexts
into similar vector representations that inherit the analogies and determine the strength of the
similarity.

For example, after training an embedding model on a corpus, we could obtain the following
vectors:

e ‘“king” = [0.65,0.47,0.23, 0.10]

e ‘“queen” = [0.63, 0.50, 0.20, 0.21]
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e “man” - [0.70, 0.43, 0.10, 0.10]

e “woman” = [0.72,0.49, 0.12, 0.21]

These vectors hold semantic relationships between the words representing the differences and
analogies of each pair. One famous property of word embeddings is that with vector arithmetic,
we can manipulate, preserve and represent certain characteristics. For example, if king is to a
queen what woman is to a man, then king — queen = man — woman. Semantically, the two
subtractions represent the difference in sex. This property can be applied on many occasions and
forms naturally from the training process of the embeddings.

One of the most influential and powerful approaches to generating word embeddings is
Word2Vec [24], introduced in 2013. It uses shallow neural networks to learn representations
based on the context of the sentences that a word is part of. There are to architectural versions
of Word2Vec: Continuous Bag of Words (CBOW), which aims to predict each word based on its
surrounding context, and Skip-Gram, which aims to represent surrounding words given a target
word.
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Chapter 5

Methodology

5.1 Baseline Models

5.1.1 Conditional Tabular GAN

The CTGAN [25] is a GAN-based architecture model with optimizations for generating tabular
data. Even though there are no substantial changes in the discriminator, the generator is carefully
adapted to fulfill the requirements of a well performing generative model for mixed type tabular
data. The optimizations applied are related to the preprocessing of the learning data, the way the
inputs are passed to the generator and the inputs of the discriminator at each step.

Most of the models that aim to handle discrete and categorical data transform them using one-
hot encoding and the CTGAN does not deviate from that. However, for continuous attributes, it
uses a so-called mode-specific normalization. Mode-specific normalization is based on Gaussian
Mixture Models that were mentioned earlier. Each column of the dataset is processed individually
with a variational Gaussian mixture model (VGM) trained on its data. The VGM creates a Gaussian
mixture with an estimated number of modes. Each numerical value is transformed into a one-hot
vector and a scalar. The one-hot vector represents one of the modes of the mixture and the scalar
represents the value within the selected mode. The mode is sampled based on the probability of
the current value being represented by it. The scalar is explicitly calculated based on the mode.

The CTGAN incorporates conditional generation in order to handle class imbalances. In this way,
it is trained sufficiently on underrepresented classes by conditioning on the categorical attributes
and it also achieves balanced generation with the same method.

P(row) = Z P;(row|D; = k*)P(D; = k*) (5.1.1)

where k* is the value from the i, discrete column D that the model attempts to match with the
generated samples.
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To handle the conditioning, the conditional vector is introduced. m; is associated to the iz,
discrete column one-hot vector d;. The condition D;+ = k* can be represented by the mask
vectors in the following way

mK =1and mF =0 (5.1.2)

The conditional vector cond is the concatenation of the m; vectors. It has the length of the
number of all categorical attributes and only the value of the categorical attribute, that we want
to condition on, is equal to 1.

Even though the network is set to condition on certain attribute values, there is nothing to
encourage it to actually output rows that belong to the defined category. A term must be added
in the loss function that penalizes it if the output does not produce the same value at the
corresponding conditional categorical attribute. To achieve that, the cross entropy between m;-
and d;+, averaged over all instances of the batch, is introduced to the loss function.

Select from Select a category TN TN RN T
‘ D, and D, ‘ from D, _'\Uj ONANY, z ~ N0, 1)
L J L J
Say D, is selected Say category 1 is selected = D
Pick a row from T, with D, = 1 ‘ Generator G(.) ’j

‘ﬂ‘-"‘ﬁ‘-jlaz-dﬁ?-jld'--|d2--‘ |al.1|31.i|az-.|ﬁ2..|al.jlaz.j|

/ citcel) [/

Figure 21: CTGAN architecture and data flow of an example with 2 categorical and 2 numerical attributes

In addition, the CTGAN is implemented using the optimizations of Wasserstein GAN (WGAN) [26].
The Wasserstein Gan aims to improve the diversity of the GAN as well as prevent mode collapse.
It adds a term to the loss function that encourages the network to produce outputs closer to the
distribution of the real data. The term is the Wasserstein distance, or else the Earth Mover’s
Distance. Intuitively, this metric shows how much ‘mass’ needs to be moved in order for two
distributions to become the same.

To better detect and prevent mode collapse, the PacGAN algorithm is also used. With pacGAN
the discriminator accepts input in packs, enabling it to review groups of generator outputs
together. In this way, it detects more generic errors and lack of diversity as it assesses the
relationships between the samples of the pack.
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5.1.2 Tabular VAE

The tabular VAE (tVAE) [25] is a Variational Autoencoder optimized for mixed type tabular data.
The main architecture does not differ from the vanilla VAE. Similarly to the CTGAN it uses a
detailed preprocessing method which enables it to take advantage of the VAE properties and
apply them on categorical and discrete data. Apart from that, it only adapts its loss function in
order to compute it since the output has mixed types.

The mode-specific normalization described previously is applied on the training data of the
tabular VAE too. Two neural networks are used: one for the decoder, which models py (z]x), and
one for the encoder, which models g, (x|z). The network is trained on the evidence lower bound
(ELBO). Its objective includes minimizing the negative log likelihood of py(x|z) which, for one-
hot encoded vectors, becomes the cross entropy.

5.1.3 TabDDPM

TabDDPM [27] is a generative mode based on Diffusion Models. It is an approach that aims to
take advantage of the properties of the denoising diffusion probabilistic model (DDPM) on the
discrete space. This mixed data type model showcases great performance even in comparison to
CTGAN, TVAE and other common high performing models like SMOTE.

First, we analyze the base of TabDDPM, the DDPM [28]. The denoising diffusion probabilistic
model comes from the vanilla diffusion model with some simplifications. General diffusion
models use forward process variances S;which are learnable. The DDPM uses fixed values instead
of learnable S;which results in Ly, the first term of L, not having any learnable parameters, thus
being ignored in training.

Except for the L, not taking any part in the training process, py is simplified as well as X, (x;, t)
becomes 1. As a result, we have pg(x;_1]x¢) = N(x¢_1; pg(x., t), 021) and having constant
variance on both py and forward process posteriors q(x;_1|x:, Xo) the term training objective,
deriving from the term L,_; term, becomes

1, 2
Li1= Ej|l5= ||/’Lt(xtfx0) — pg(x, t)|| + C (5.1.3)
20¢f

However, with further parametrization, instead of learning g to predict the mean [; of the
normal distribution from which the noise is sampled, the objective becomes minimizing the sum
of mean-squared errors between €g(x;, t) and €.

LI =By or e — e, t) 113 (5.1.4)
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The TabDDPM handles categorical and discrete attributes using the Multinomial Diffusion [29].
The Multinomial Diffusion Model is an extension of diffusion models designed to generate
discrete data, particularly categorical sequences like text, tabular data, and other structured
information. Unlike traditional diffusion models that operate in continuous space (e.g., images
with Gaussian noise), multinomial diffusion adapts the process to discrete variables.

Given the real data at space {0,1}¥, each categorical data x; is a one-hot encoded categorical
variable with K values. In the forward process, each one-hot vector is corrupted by replacing it
with another vector from the data space with probability S;. The new category is sampled
uniformly

q(x¢lxe—1) =C (xt (1= B)xe—q1 + %) (5.1.5)

Here C(x |y) denotes a categorical distribution with probability parameters y. Considering x; is a
one-hot vector, we end up with K-1 probability parameters of value and one equal to which
corresponds to the position of 1 in the vector x;_;. Through the Markov process we can acquire

q(xilxy) =C (xtldtxo + 1 7{@) (5.1.6)

where a; = 1 — B, and a; = I15_, ay. The categorical posterior can be computed as

T
T (5.1.7)

q (xe—1lxe, x0) = C(xe—ql

1-a,

Where m = [atxt + %] cJai_1xo + ]. In the reverse process the model is trying to learn
p(x¢_1|x¢) which is parametrized as q(x;_1|x:, Xo(x¢,t)) and Xg = u(x, t) is predicted by a

neural network. Setting 6 (x;, xy) = Z% we get
K

Ly = KL( C(xt—1|9(xt'x0)||C(xt—1|9(xt' f5)) (5.1.8)

5.1.3.1 Model Overview

TabDDPM handles categorical and binary features in a different way to numerical ones. The
multinomial diffusion is used to model categorical and binary features. Each categorical feature
Xcar; With K; categories is transformed into a one hot vector x%‘fi € {0,1}¥i and for each category,

a different forward diffusion process is applied. The numerical features are modeled using
Gaussian diffusion.

73



For the reverse diffusion, a multi-layer neural network is used. Its input and output dimensions
are the same and are equal to N,,;, + Y.K;, which is the size of the post processed input data
sample. The training process tries to minimize the sum of the mean-squared error of the Gaussian

diffusion (L9****"") and the KL divergences L. ; of the multinomial diffusion processes. Since
every categorical feature is handled by a separate forward process, we add the KL divergences for
all categorical features C and divide them by C:

LTabDDPM _ Lgaussian ZC Lt,i
t =L = (5.1.9)

5.2 Embedding Model Implementation

Word embeddings are used for transforming words of a sentence into a set of learnable vectors.
Our subject is studying synthetic data coming from tabular datasets. So, for this purpose, we can
view our dataset as a text corpus and each row of the dataset as a sentence of this corpus.
Similarly to a set of words creating a coherent sentence, the values of the attributes of a
consistent dataset are set in such a way, creating a meaningful row of information. The only
differences are that tabular datasets are of fixed number of columns, and the attributes of each
row follow the same sequence. These two characteristics make our objective even easier.

5.2.1 Skip-Gram Model

The implementation of the word embeddings used for the purposes of the following models is
inspired by the Continuous Skip-Gram model [24]. Skip-Gram model enables efficient learning of
word representations while keeping the computational complexity low. Faster training is achieved
through removing the non-linear hidden layer used by other similar networks. A neural network
is trained given a center word and a context word each time. Its objective is maximizing the
classification of the context word based on the center word from the same sentence, or the same
row in our occasion. The original Skip-Gram model samples context words close to the target
more frequently, since words close within a sentence are more likely to be related. On the
contrary, there is no such relation with the row of a dataset because the attributes can be in a
random order, so context word sampling must be random or include all the attributes other of
the row.

The goal is to train a network to maximize the likelihood of a target value, given a context value
from the same row. In essence, though, only the embedding matrix is extracted from the network.
Each categorical value of the dataset is mapped to a unique embedding vector from the
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embedding matrix E. Given a center word, its corresponding embedding vector e, is acquired
from E. The model calculates the probability of the context given the center, p(x.on|X¢), Using
softmax. The input of the softmax are the values resulting from the dot product of e, with every
vector of the output representation matrix Theta. Theta matrix is the second set of parameters
of the network and has the same size as E: a set of embedding dimensions for each word of the
vocabulary.

————= @ ———=> output ————==score

0 E Theta softmax
C

Figure 22: high-level representation of skip-gram model

Oc is the one-hot vector of the center word that maps it to the embedding space. e, is multiplied
with Theta matrix and the output is a vector of scalars, one for each word of the vocabulary. The
score is calculated in the following way

T
e Ocon*ec

score = —— 7 — (5.2.1)

O.0n is the vector of the output representation matrix Theta that corresponds to the context
word. This formula is impractical because of its complexity. To get the score of a context word we
have to compute the exponentials for all the other words of the vocabulary.

5.2.2 Negative Sampling

To mitigate this problem, Negative Sampling [30] is introduced. In negative sampling, complex
calculations are avoided by turning the softmax part of the network into a classifying problem.
For a pair of center-context words w., w,,, of the same sentence, or row in the occasion of a
tabular dataset, a few ‘negative’ values are sampled from the rest of the dataset. ‘Negative’
samples are random words of the vocabulary, different than w,,,,. New input data is constructed
for the new model: the current center word paired with the context word with class label 1 and
also paired with the negative samples with class labels 0.

In this way, the last part of the Skip-Gram model is replaced by a simple sigmoid function, and the
task of the new model becomes the following: with an input of two words, a center and a random
one, calculate the probability of the random being a context word given the first.
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To create embeddings representative of the words, however, the sampling of the negative words
must be taken care of. Supposing the sampling is done uniformly among the vocabulary, it would
not reflect the distribution of the data since some words are observed more than others. On the
other hand, sampling based on observed frequency would not be very efficient either, as values
that don’t hold much substantial information can be present in the dataset at very high frequency.
For the forementioned reasons, the sampling is done from the following pdf
3
p(w;) = ]C(ng (5.2.2)
2, f(w;)*

This is the unigram distribution raised to the Z power and gives something in between the uniform

sampling and the frequency sampling. Note that f(w;) in the equation above represents the
observed frequency of word w;.

5.2.3 Custom Embedding Model

To learn meaningful embeddings from categorical attributes of tabular data, a custom embedding
model was developed, heavily inspired by the skip-gram model with negative sampling. Unlike
traditional sequential data, tabular data lacks spatial ordering, so the model aims to capture co-
occurrence patterns across columns. Specifically, it forms positive training pairs by sampling
values from randomly chosen column pairs within each row. These pairs act analogously to the
word-context positive pairs of the negative sampling technique in NLP.

In order to further reduce time and computational complexity without missing important
information on the embeddings, this custom embedding model has the distinctive feature of not
excluding the positive samples from the candidate pool of negative samples. When selecting the
negative samples, all tokens remain eligible for sampling, no matter if the current negative sample
matches the positive sample with respect to which it was selected. While this can introduce more
overlapping between negative and possible samples, it is deemed as subtle for damaging the
fidelity of the embeddings. Moreover, it can produce more robust and generalizable results.

Negative sampling is performed, as previously discussed, using the unigram distribution raised to
the , power. The computation of this distribution is not done dynamically on every batch; it is

calculated once in the beginning for the entire dataset and then used at each step.

In addition, the model avoids imposing an artificial context window. This would be irrelevant and
damaging for tabular data embeddings as there is no spatial ordering; the order of the values is
determined by the random order of the columns of the dataset. In place of the concept of the
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context window, a percentage-wise positive sample selection is introduced. Apart from reducing
complexity, it also acts as a generalization technique. Let us consider the context value in a step
of negative sampling. Instead of selecting all the rest of the values in the row to complete N; — 1
positive samples (N; being the number of attributes), only a percentage of them is used. This
percentage can be viewed as the equivalent of the context window, only it is not spatially applied.

5.3 Proposed Model Architectures

5.3.1 eGAN

The embedding GAN model adapts the classic Generative Adversarial Network (GAN) to operate
on learned embeddings of categorical variables rather than raw one-hot or ordinal encoded data
and consists of two parts. The first part is the Custom Embedding Model described in 4.3.2, and
the second part is the adapted GAN.

The categorical columns of the dataset are used to train the Custom Embedding Model. After
training, we extract the embedding matrix E that contains the vector representations of all
observed categorical values. Each categorical value is mapped to its corresponding continuous
dense vector of fixed size.

After that, the initial dataset of mixed data types is transformed into a dataset of purely numerical
values through this simple transformation process. The categorical values are transformed into
vector representations, and each row is then flattened to take the form of a single datatype
record. After the transformation, the dataset’s initial dimensions have been altered. If each row
of the initial dataset consists of N; number of categorical values and N, number of continuous
values, the new dataset, instead of N;y;q; = Nz + N, number of values, now has N/,;,; = Ny *
ng + N, values, where ny is the number of features of each values in the embedding space.

The GAN part of the model is a variation that operates on the flattened records. The
implementation generally follows the vanilla version of GAN. The Generator takes random noise
as input and outputs a vector of the same shape as the real embedded data, in our case N/,;4;-
The Discriminator receives these vectors and distinguishes between real and synthetic embedded
samples.

After training and generation, the synthetic vectors’ columns corresponding to the flattened
embedded values of categorical variables are mapped back to actual categories. This reverse
transformation process is done in the following way. Consider a n; sized vector v that represents
the categorical column c. Vector v is compared to all the embedded values of column c. For each
embedded value of ¢, the cosine similarity between it and the vector v is calculated. The

77



categorical value, whose embedding vector has the largest cosine similarity with v, is used to
replace v in the final dataset. Numerical values are not transformed throughout the process, only
normalized.

5.3.2 eVAE

Equivalently to eGAN, this embedding VAE model is introduced as an alternative way of
generating synthetic data. It extends the Variational Autoencoder (VAE) for tabular data by
operating on the same embedding-augmented input space as eGAN.

The categorical values of the dataset are passed through the Embedding Model and transformed
into vectors. The new dataset is created, where each row has a size of N{,¢,; = Ng * ng + N.. The
vectors are flattened, and each scalar is handled independently. The flattened dataset is used to
train a VAE model that handles numerical values without any specifications for categorical
columns. The encoder maps the input into a latent space defined by a mean vector u and a
standard deviation vector o. Using the reparameterization trick, a latent vector is sampled and
passed to the decoder. The decoder learns to reconstruct the original input vector.

The model is trained to minimize the standard VAE loss consisting of two parts: the reconstruction
loss, simplified into the negative log-likelihood of the decoders output, and the KL divergence,
which regularizes the learned latent space to follow a standard Gaussian Distribution.

As with eGAN, after generation, the decoder’s outputs corresponding to categorical variables are
mapped back to discrete values using similarity against the embedding matrix corresponding to
the initial column of the vector.

5.3.3 eDDPM

The eDDPM incorporates the Denoising Diffusion Probabilistic Model (DDPM) [28] into the
embedding-based generative framework, leveraging the strengths of likelihood-based training
and noise scheduling.

As in eGAN and eVAE, the Custom Embedding Model learns to map the input categorical values
into continuous dense vector representations. Every record, meaning numerical attributes with
embedding vectors, is normalized and flattened into a single vector.

The forward process adds Gaussian noise to each vector progressively over multiple steps. The
amount of noise at each timesteps is determined by a fixed variance schedule and the model
emphasizes more in training on later timesteps, as they introduce more noise and are harder to
learn. The reverse process is executed by a neural network, which learns to denoise a noisy input
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step-by-step to create a clean synthetic data sample. At each step, the denoiser aims to predict
the noise hypothetically introduced at the specific step.

After training, synthetic samples are generated by starting from random gaussian noise and
iteratively applying the learned denoising steps. Each time, the model predicts the noise of the
step and subtracts it from the sample, thus progressing into a clean sample. As with other models,
the resulting vectors are decoded into categorical values using cosine similarity with the
corresponding values of the embedding matrix.
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Chapter 6

EVALUATION

6.1 Method Introduction

To assess the performance and quality of the synthetic data generated by the models described
in the previous sections, a series of evaluation experiments were conducted, using the Adult
Income [31] and the Mushroom [32]dataset from the UCI Machine Learning Repository. This
dataset is often used as a benchmark for tabular data tasks due to its data quality and number of
instances. It is an ideal dataset for the purpose of this experiment as it contains a sufficient
number of attributes of mixed data types, both numerical and categorical.

The UCI Machine Learning Repository is one of the most widely recognized and utilized resources
in the machine learning community. It was established by UCI PhD student David Aha in 1987 and
it has since become an essential tool for research thanks to many contributors and librarians as
well as to the funding support from the National Science Foundation.

After evaluating the generative models on the Adult Income dataset, its numerical attributes were
removed, the models were retrained, and their performance was evaluated again to see how they
manage without the numerical attributes of the dataset. Since without the numerical attributes
the Adult Income dataset does not pose a hard task for the models due to the low complexity and
cardinality of the data, the models were also assessed on the Mushroom dataset [32], also from
the UCI Machine Learning Repository. The Mushroom dataset comprises of more categorical
attributes of higher cardinality, making it a challenge to model.

6.2 Datasets Description

6.2.1 Adult Income

The Adult dataset [31] consists of 48,842 instances and 14 attributes. Its main usage is for
classification tasks since its label ‘income’ is a binary attribute of values ‘<=50K’ and ‘>50K’ that
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determines whether the person of the current instance has an income larger than $50,000 a year,
or not.

Classes: <=50K, >50K

e Instances: 48842

e Features: 14

e Categorical Features: workclass, education, marital-status, occupation, relationship, race,
sex, native-country, income

e Numerical Features: age, fnlwgt, education-num, capital-gain, capital-loss, hours-per-

week

For the purpose of these experiments, the instances with null values were dropped from the
dataset. The attributes ‘capital-gain’, ‘capital-loss’ were not used and the final number of rows
dropped down to 32,561.

age workclass fnlwgt education education-num marital-status occupation relationship race sex hours-per-week native-country income
39 State-gov 77516 Bachelors 13 Never-married Adm-clerical  Notdn-family  White Male 40 United-States  <=50K
40 Selfemp-not-inc 83311 Bachelors 13 Married-civspouse  Exec-managerial Husband  White Male 13 United-States  <=40K
38 Private 212646 HS-grad 9 Oivorced  Handlers-cleaners  MNotdn-family  White Male 40 United-States  <=50K
83 Private 234721 1th 7 Marriec-civspouse  Handlers-cleaners Hushand Black Male 40 United-States  <=50K
28 Private 338403  Bachelors 13 M arried-civspouse Profspecialty Wife Black Female 40 Cuba <=40K
37 Private 284582 Masters 14 Marriec-civspouse  Exec-managerial Wife White Female 40 United-States  <=50K
43 Private 160187 th 5 Married-spouse-absent Cthersenice  Not-in-family Black Female 18 Jamaica <=50K
42 Selfemp-not-inc 2089642 HS3-grad ] Married-civspouse  Exec-managerial Husband  White Male 45 United-States  =40K
2l Private 45781 Masters 14 Never-married Profspecialty  Notin-family White Female a0 United-States  =50K
42 Private 158448  Bachelors 13 Married-civspouse  Exec-managerial Husband  White Male 40 United-States  =40K

Figure 23: 10 samples of the ‘Adult’ dataset. The samples were taken after the null values and the columns ‘capital-gain’ and
‘capital-loss’ were dropped
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Figure 24: Bar charts of the frequencies of the categorical attribute values of the ‘Adult’ dataset
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Figure 25: Histograms of the frequencies of the numerical attribute values of the ‘Adult’ dataset

6.2.2 Mushroom

The Mushroom dataset [32] consists of 8,124 rows and includes descriptions of hypothetical
samples corresponding to 23 species of gilled mushrooms in the Agaricus and Lepiota Family. It is
mainly used for classification task and is equipped with a label ‘class’ with two possible values: e
for edible and p for poisonous

Classes: e, p

Instances: 8,124
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e Features: 23

e (Categorical Features: class, cap-shape, cap-surface, cap-color, bruises, odor, gill-
attachment, gill-spacing, gill-size, gill-color, stalk-shape, stalk-root, stalk-surface-above-
ring, stalk-surface-below-ring, stalk-color-above-ring, stalk-color-below-ring, veil-type,
veil-color, ring-number, ring-type, spore-print-color, population, habitat.

e Numerical Features: -

Humber of values
class 2
cap- shape 6
cap-surface
cap-color
bruises
odor
gill-attachment
gill-spacing
gill-size
gill-color
stalk-shape
stalk-root
stalk-surface-above-ring
stalk-surface-below-ring
stalk-color-above-ring
stalk-color-below-ring
veil-type
veil-color
ring- number
ring- type
spore-print-color
population
habitat
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Figure 26: The attributes of the Mushroom dataset with their corresponding number of values

6.3 Training Procedure

Handling such delicate generative process matters requires effective configuration of each model.
To determine the most effective configuration, several training runs were conducted with varying
hyperparameters. The final parameter settings were selected based on many factors. Training
stability and convergence behavior were regarded as major factors taken into account with
respect to the overall synthetic data quality based on specific metrics. While the original papers
provided a valuable starting point for model hyperparameters, adjustments were made to
account for the characteristics of the specific dataset used.
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Evaluating generative models during training is inherently challenging as their objective is
different from the ordinary machine learning task. Instead of optimizing the predictive accuracy
or loss based on given labels, they aim to learn the distribution of the training data. This means
that, apart from the loss of each epoch, in order to draw insight on the progress and performance
of the model, it would be best to generate new synthetic samples each time, and evaluate the
samples based on selected metrics against real data.

For this purpose, each time the model needed validation, 1,000 samples were generated using
the model trained up to the current epoch and insightful metrics evaluated its performance. The
average Wasserstein Distance of categorical attributes and numerical attributes was measured
compared to the real dataset as well as the L2 distance of the Correlation Matrix of the Numerical
values of the 1,000 synthetic samples compared to the same matrix of the real dataset.

For better performance and speed, when using the embedded datasets to train eGAN, eVAE and
eDDPM, the corresponding embedding vectors were not transformed back into categorical values
and were instead compared to the embedded values of the real dataset.

6.4 Custom Embedding Model Specifications

The Embedding Model is the embedding model designed to learn low-dimensional
representations of categorical variables for the custom models eGAN, eVAE and eDDPM. Each
unique categorical value was mapped to a 5-dimensional embedding vector and the model was
trained to predict co-occurrence between values from different columns. During training, at each
step, 30% of all possible column pairs were randomly sampled to generate positive pairs. For each
positive target, 3 to 5 negative samples were drawn based on the smooth unigram distribution.
The model trained in the objective of minimizing the binary cross-entropy loss over both positive
and negative pairs. Training was performed in batches of size 4,000 to utilize GPU parallelism and
improve convergence speed.

6.5 Quality Report

One of the tools used to evaluate the fidelity and utility of the synthetic data generated by each
model, SDMetrics [33] was employed. SDMetrics is an open-source Python library developed by
the SDV (Synthetic Data Vault) team. SDMetrics provides a comprehensive framework for
evaluating the quality of synthetic data by comparing them to real data through a variety of
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statistical and distributional metrics. It also provides useful visualization tools for easier and
demonstrative understanding of the results.

One of the key features of SDMetrics is the Quality Report. It offers a high-level overview of how
well synthetic data replicates the properties of the real dataset. These are metrics that evaluate,
in essence, the fidelity of the data. The Quality Report includes metrics regarding column-wise
distributions as well as pair-wise correlations.

6.5.1 Column Shape

The first Quality Report property is the Column Shape. The shape of a column describes its overall
distribution. It computes a score of the similarity of each column of the real dataset with its
corresponding column of the synthetic dataset. For numerical columns, the KSComplement
metric is used as opposed to the boolean and categorical attributes for which the TVComplement
metric extracted the score.

The KSComplement computes the similarity of a real column compared to a synthetic column as
far as column shape is concerned. It uses the Kolmodorov-Smirnov statistic, a nonparametric test
that quantifies the distance between the empirical cumulative distribution functions (CDFs) of
two datasets. To compute it, the framework converts the numerical distributions of the two
columns currently under investigation into their CDFs and calculates the maximum difference
between them. Mathematically, given the two CDFs of the distributions, F; and F,, the KS
statistic is defined as

D = sup|F;(x) — F,(x)]| (6.5.1.1)

The TVComplement computes the similarity between two categorical columns via the Total
Variation Distance (TDV). To get the TVD, this test computes the frequency of each category value
and represents them as probabilities. It then compares the differences in probabilities given the
following formula

1
5(R,S) =5 ZIRW —S,| (6.5.1.2)
w
where w represents every possible category in a column W. R and S are the observed frequencies

from the real and synthetic data respectively. The framework returns higher score for higher
similarity so it outputs 1 — §(R, S).
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6.5.2 Column Pair Trends

Quality Report of SDMetrics provides a second important evaluation property called Column Pair
Trends. It examines the generated synthetic data attributes as pairs and produces scores and
insight on the relationship between each pair. It complements the Column Shape property
creating a more well-rounded evaluation approach. Single column examination is inevitably
important as it shows how the generative model understands individual columns. It can be viewed
as the first layer of data fidelity. However, the performance of a model should be also tested on
its comprehension of column relationships. Keeping good individual column distributions does
not guarantee in any case truthful individual records as the joint distributions of attributes are
ignored.

The Column Pair Trends property applies different methodologies based on the data type of each
attribute. It captures correlation between numerical columns using Correlation Similarity and,
respectively, it uses ContingencySimilarity to review the correlation between two categorical or
boolean attributes. In order to process numerical columns in relation to categorical ones, it
discretizes the numerical values into bins and uses them as categorical values, computing
ContingencySimilarity between the two attributes.

The CorrelationSimilarity is nothing but a normalized correlation difference. The framework
computes the correlation of the two attributes under examination on both the real and synthetic
datasets. It then normalizes and returns their score in the following way

score =1— M (6.5.2.1)

For the ContingencySimilarity the framework first computes the normalized contingency table for
the real and synthetic data, given two columns A and B. The contingency table contains the
observed instances of each value pair between the two columns. After that, it computes a score
of difference between the two tables, the one from synthetic and the one from real data. The
score is computed using the Total Variation Distance (TVD), also used for the TVComplement score
of the Column Shape property, leading to the following score

1
score =1 — EZZ'SQ'D — Ra,b| (6.5.2.2)
A B

where a represents all the possible values of attribute A and b the ones of attribute B.
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6.6 Privacy Evaluation

6.6.1 Distance to Closest Record

The Distance to Closest Record (DCR) [33] technique is used to identify how identical the records
of the synthetic dataset are to those of the real dataset. DCR is a simple privacy evaluation
technique that measures how far each record of the synthetic data is from any real record. DCR
equal to 0 means real information leakage by the synthetic record, while higher values indicate
stronger privacy prevention. It is important to note that this technique is not a completely truthful
way to detect data copying of the generative model.

The score calculated for the performance of the model, based on its synthetic data, is the mean
DCR of every record with respect to every instance of the real dataset. The Gower’s Distance [34]
is used to calculate the score of similarity between two rows of the datasets. For each feature f
of the features F and between the records | and j, the Gowers distance is computed separately
for numerical and categorical columns.

For numerical columns

GDny; = Z 1— Py = 2yl (6.6.1)
). Rf
F

where x;r represents the value of feature f of the record | and Ry represents the range of the
values of the feature.

For categorical columns GDc¢; ; = 1 if x;f = xjf or GDc¢; j = 0if x;5 # xjf

This method iterates through all the records of the real data for every record of the synthetic data
to compute the Gower’s Distance for each pair of records. It then keeps the minimum score for
every synthetic record and averages all these scores to finally compute the mean DCR.

6.6.2 Exact Matches

Another simple, yet informative, evaluation method on the privacy prevention of synthetic data
is the exact match count of the records between the real and the synthetic data. A high number
of exact matches may indicate high privacy risk as the model could be memorizing and leaking
real data records rather than generating new samples. Ideally, a generative model should
preserve a good balance between utility and privacy, resembling real data without any real
information leakage.
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Chapter 7

Results

In the following pages, the evaluation results of the synthetic data generated by each model are
presented. Alongside, the hyperparameters and architectural specifics are displayed. These
factors were determined after following the methodology described in the previous sector. Each
model was fine-tuned through a combination of parameter exploration and guidance from the
original papers presenting the models, at least for the existing ones. The resulting datasets are
analyzed based on multiple metrics, also mentioned in the previous sector, assessing the
similarity between them and the real dataset. Emphasis was given to the fidelity of the generated
distributions, the correlation between attributes that each model presented and the diversity of
the samples.

This chapter presents the evaluation of the performance of all models on different use cases.
First, models are trained on the mixed type ‘Adult’ dataset, and their generated data are
compared with the metrics presented in the previous chapter. After evaluating the models on the
mixed-type dataset, the numerical attributes are removed, and the models are trained again and
generate new synthetic data. A similar evaluation is conducted again to observe the performance
of the models on categorical-only datasets. Also, the results are compared to the ones of the full
dataset in order to study how the models perform on the same dataset if all numerical attributes
are removed. However, to test the models on a more challenging categorical-only tabular dataset,
the models were trained again with minor tuning on the ‘Mushroom’ dataset that includes more
rows with higher cardinality.

7.1 Model Tuning

7.1.1 CTGAN

Parameter Value
generator learning rate 105
discriminator learning rate 105

discriminator dropout 0.5
batch size 4000
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pac size 10

gradient penalty lambda 10

Table 4: CTGAN model parameters

The Generator of the CTGAN Model consists of 4 layers in each one of which 512, 1024, 1024 and
512 nodes were added respectively compared to their previous layer, while the discriminator
required a smaller architecture of two layers with 512 nodes each. The training process
interchanged between Generator and Discriminator training with the same learning rate.
However, the Discriminator completed two steps of training at each epoch.
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L2 Distance of Correlation Matrices of Numerical attributes over Epochs
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Figure 27: CTGAN training progress based on average Wasserstein Distance between Numerical (b) and Categorical (a) columns
and Euclidean Distance of Correlation Matrix of Numerical columns (c).

The model was trained on a total of 300 epochs. Every 10 epochs 1,000 samples were generated
and the Wasserstein distance between them and the real data was measured as well as the
Euclidean distance between the Correlation Matrices. During training, while the measured
Wasserstein distances quickly reduced to satisfactory values, the model required some more
epochs to also approach the correlations between the attributes better. GAN training is hard to
stabilize, however, using Wasserstein GAN with Gradient Penalty, Batch Normalization in the
Generator, Dropout in the Discriminator and PacGAN architecture led to better results.

7.1.2 eGAN
Parameter Value
generator learning rate 10~%
discriminator learning rate 4 %1074
discriminator dropout 0.3
batch size 2000
gradient penalty lambda 2

Table 5: eGAN model parameters

The eGAN model’s Generator consists of 5 layers with 256, 512, 1024, 512 and 256 nodes each,
whereas the Discriminator has 3 layers of size 512. As opposed to CTGAN, the discriminator is
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trained 1 step at each epoch. However, to account for the less training, a larger learning rate is

used compared to the Generator.
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Figure 28: eGAN training progress based on average Wasserstein Distance between all columns (a) and Euclidean Distance of
Correlation Matrix of all columns (b).

The eGAN model was trained on 800 epochs. After every 20 epochs, 1,000 samples were
generated. However, these embedded samples were not transformed back to their corresponding
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categorical values. That contributed to calculating the average Wasserstein distance over all
columns (both numerical and embedded categorical) as well as including the categorical
attributes (in their embedded form) in the calculation of the Correlation Matrix and the Euclidean
distance between it and the one of the embedded original dataset.

In contrast to the CTGAN model, eGAN captures the relationships between the attributes much
faster. It is evident that the plot has a steep fall early on in the second graph depicting the L2
Distance of the two Correlation Matrices. Even though it seems like it reaches a bottleneck,
further training was needed to reduce the average Wasserstein Distance as shown in the first
graph. It was also observed during tuning that smaller leaning rate kept the Wasserstein Distance
undesirably high. Larger learning rate posed an early bottleneck in the correlation distance, also
producing untruthful results.

7.1.3 TVAE
Parameter Value
learning rate 1073
batch size 4000
loss factor 2
sigma clamp [0.01,1.0]
embedding dimension 128

Table 6: TVAE model parameters

The TVAE model consists of an encoder and decoder. They both have 3 layers of sizes 1024, 512
and 256, however, the encoder acting as a compressing component uses them in the given order
in contrast to the decoder, which acts as e decompressing component and uses them in an
inverted order. The sigmas’ values output by the decoder are clipped each time between the
values 0.01 and 1. The loss factor represents the weight assigned to the negative log-likelihood
compared to the KL-Divergence term of the loss.
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Figure 29: TVAE training progress based on average Wasserstein Distance between Numerical (b) and Categorical (a) columns
and Euclidean Distance of Correlation Matrix of Numerical columns (c).
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The TVAE model required 600 to converge based on our metrics. A tradeoff between Correlation
and Wasserstein Distances was selected during tuning the parameters of the model. Lower loss
factors showed worse performance on individual attributes, something that the Wasserstein
Distance indicated, as opposed to higher loss factors, which focused more on individual attributes
without really providing better performance than the final selected value.

7.1.4 eVAE
Parameter Value
learning rate 1073
batch size 2000
loss factor 3
sigma clamp [0.01, 1.0]
embedding dimension 128
encoder dropout 0.2

Table 7: eVAE model parameters

The eVAE model was heavily based on TVAE as far as coding and tuning is concerned. A different
batch size and loss factor is used, while the eVAE also integrated dropout with a rate of 0.2.
Regarding model dimensions and number of parameters, the decoder and encoder components
also remained identical. The main difference is that the weight introduced by the loss factor was
applied on the KL-Divergence term, instead of the negative log-likelihood one.
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L2 Distance of Correlation Matrices over Epochs
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Figure 30: eVAE training progress based on average Wasserstein Distance between all columns (a) and Euclidean Distance of
Correlation Matrix of all columns (b).
At this part, the eVAE model seems closer to the eGAN model than its blueprint, the TVAE. It was
also trained on 800 epochs, however, convergence is present earlier in the training process. It
showed increased stability compared to the TVAE and its graphs resemble more the ones of
eGAN, even though the latter seems to be managing better in reducing the metrics.

7.1.5 TabDDPM

Parameter Value
learning rate 1073
batch size 2000

T 400
beta scheduler cosine

Table 8: TabDDPM model parameters

The TabDDPM model showed faster training in terms of time per epoch, though slower as far as
information gained per epoch is concerned. So, using 8,000 epochs, which is 10 times or more
compared to the other models did not affect the fairness of evaluation of the models. Also, using
a small number of timesteps T in the diffusion process led to poor and unstable training as each
timestep introduced large noise. More timesteps made learning slower but, even though they
enhanced the stability, they compromised some detail of the end result.
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This DDPM model consists of 4 layers of sizes 512, 1024, 1024 and 256 and uses a cosine beta
scheduler. The beta parameters determine how much noise is injected in every step of the
forward diffusion process. Using a cosine scheduler will lower the noise on early steps, making it
easier for the model to capture the structure of the data. With a gradually increasing noise the
model learns smoother denoising and converges in earlier steps.
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L2 Distance of Correlation Matrices of Numerical attributes over Epochs

2.00 +

1.75 4

1.50 4

1.254

Value

1.00 +

0.75

0.50 4

0.25 4

0.00

T T T T T T T T
1000 2000 3000 4000 5000 6000 7000 8000
Epochs

C

Figure 31: TVAE training progress based on average Wasserstein Distance between Numerical (b) and Categorical (a) columns
and Euclidean Distance of Correlation Matrix of Numerical columns (c).
1,000 samples were generated every 500 epochs. Based on the graphs, the model has almost
converged on very satisfying metric already at the 4000 epoch. Even so, having the model taken
little time to reach this state, the remaining epochs contributed to decreasing the Wasserstein
distance between Numerical columns a bit more.

It is also important to note that since the adult dataset is used for classification tasks, the
TabDDPM model used the “income” attribute as its y label and was trained based on this
classification objective.

7.1.6 eDDPM

Parameter Value
learning rate 5% 1075
batch size 1000

T 1000
beta scheduler linear

Table 9: eDDPM model parameters

The eDDPM model was trained in 500 epochs using a linear beta scheduler with values between
1075 and 0.01. During training the denoiser of the model, the timestep selected for each training
instance was not selected uniformly. A linear series of weights was attached on the timesteps
giving more emphasis on later ones. Later timesteps were sampled with an increased probability
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compared to earlier ones. This works as earlier timesteps are easier for the model to learn, so it
was encouraged to pay attention to the objective it struggles more to learn. Cosine scheduler did
not work well for this DDPM model and using the linear scheduler without the weighted selection
made the model output many random and outlier values.
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Figure 32: eVAE training progress based on average Wasserstein Distance between all columns (a) and Euclidean Distance of
Correlation Matrix of all columns (b).

Metric for 1,000 samples were computed every 20 epochs. It is evident that already in the 40t
epoch, the eDDPM model has reduced significantly the average Wasserstein Distance between
the attributes of the real and synthetic data. We can detect very little progress, around this metric
at least, for the remaining of the training. Nonetheless, further training was deemed useful as the
model managed to improve on correlating the attributes of the dataset. We can see steady
progress until it converges around the 500t epoch.
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7.2 Metrics Results

7.2.1 Quality Report

7.2.1.1 Adult Dataset

Synthetic Data Model Column Shapes Score
eGAN 0.95
eVAE 0.86
eDDPM 0.93
CTGAN 0.93
TVAE 0.90
TabDDPM 0.98

Table 10: Quality Report average Column Shape scores for the whole mixed type ‘Adult’ dataset

First, we measure the performance of the models on the whole mixed type ‘Adult’ dataset. The
results in Table 7 show the average Column Shapes Scores produced by the SDMetrics Quality
Report for each generated synthetic dataset of the corresponding model. This metric evaluates
how well each model captures the distribution of each individual column based on the real
dataset, as explained in previous sectors.

Among the used models, TabDDPM seems to have achieved the highest score (0.98), suggesting
that its generated column-wise distributions are almost indistinguishable from the ones of real
data. Coming at a close second is the eGAN model (0.95), which is also closely followed by CTGAN
and eDDPM, each with the same score (0.93). The VAE based models stayed a bit behind with the
eVAE (0.86) having a slightly worse score than its counterpart, TVAE (0.90).

These results indicate that diffusion-based models and GAN architecture can effectively capture
marginal distributions, no matter whether they aim to train on embedded datasets, as eGAN and
eDDPM do, or they process the different data types in a more distinctive and different way with
each other, like CTGAN and TabDDPM.

The custom models (eGAN, eVAE, eDDPM) were designed as the simplified embedded data
variants of their counterparts (CTGAN, TVAE and TabDDPM, respectively). The results indicate
that, interestingly, their performance is directly comparable to the models they emulate. For
instance, eDDPM and eVAE, stayed really close to their counterparts, trailing only by 5% and 4%
in Column Shape Scores, whereas the eGAN model outperformed its counterpart by 2%. These
findings suggest that even with architectural or training simplifications, such as embedding-based
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input representations, the core models maintain strong performance on column-wise distribution
matching.

Column Shapes Comparison
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Figure 33: Quality Report Scores of every model for each column of the dataset. Dark blue bars represent numerical attributes
and light blue represent categorical attributes
Studying the Column Shape Scores individually for each column, it is evident that all models
perform better in categorical columns than numerical ones. However, this depends on the
emphasis given on the two different data types. In all synthetic data, the column “hour-per-week”
appears to have the worst, or at least one of the worst, scores. This numerical column is quite
unique for the dataset due to its distribution, as it makes it hard to approach.
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Figure 34: Distribution of values of the numerical column “hours-pe-week” of the real dataset

The distribution of the column “hours-per-week” has a spike at value 40 and the rest of the values
are represented at around a 7 times smaller rate. The custom models, using the embedded
dataset as input struggle to approach this distribution due to their simplified architecture. As
opposed to their counterparts, eGAN and eVAE do not use mode-specific-normalization. This
technique is based on Gaussian Mixture Models and simplifies the objective for the final model
making it easier for CTGAN and TVAE to capture such extreme distributions while the embedded
models produce smoother results.

7.2.1.2 Categorical-only Adult Dataset

Synthetic Data Model Column Shapes Score
eGAN 0.98
eVAE 0.90
eDDPM 0.98
CTGAN 0.93
TVAE 0.85
TabDDPM 0.99

Table 11: Column Shapes scores for the categorical-only 'Adult' dataset

After cleaning the dataset of all numerical columns, retraining the models and generating new
synthetic datasets of categorical-only attributes, the Column Shapes scores of the above table are
obtained. Again, the TabDDPM (0.99) has performed the best among all models. However, the
key takeaway from these results is the increase of the scores of the embedding-based models.
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All three models have demonstrated stronger results with eGAN (0.98) and eDDPM (0.98)
showing a 0.03 increase and trail only by 0.01 from the TabDDPM model. eGAN (0.93) did not
have any downfall in its performance. TVAE (0.85) performed worse by 5% than in the mixed-type
dataset while at the same time, eVAE (0.90) increased its score by 4%.

7.2.1.3 Mushroom Dataset
Synthetic Data Model Column Shapes Score

eGAN 0.94

eVAE 0.95

eDDPM 0.95

CTGAN 0.94

TVAE 0.96

TabDDPM 0.98

Table 12: Column Shapes scores for the 'Mushroom’ dataset

Evaluating the synthetic ‘Mushroom’ datasets generated by both baseline and proposed models,
TabDDPM (0.98) scored the highest Columns Shapes Score again. Notably, all the other models
performed extremely good as well, indicating really strong performance of the embedding-based
models even in approaching the distributions of many attributes in a wide categorical domain.

7.2.2 Column Pair Trends

7.2.2.1 Adult Dataset

Synthetic Data Model Column Pair Trends Score
eGAN 0.90
eVAE 0.78
eDDPM 0.88
CTGAN 0.85
TVAE 0.85
TabDDPM 0.97

Table 13: Average Column Pair Trends scores for the whole mixed type ‘Adult’ dataset

The results shown in the table above were the scores drawn from a custom implementation of
the Column Pair Trends property of SDMetrics [33]. In fact, it does not have any customizations

102



from what was described previously. It is a straightforward adaptation of the given code on its
corresponding github repository.

The Column Pair Trends Scores reported above measure how well each model captures the
relationships between pairs of columns in the synthetic dataset, compared to the original data.
Among all models, TabDDPM shows again excellent results with the highest score (0.97), this time
significantly more than the second best, which is again eGAN (0.90). TabDDPM seems to be able
to handle high-dimesional dependencies really well especially compared to the rest of the
models.

All other models demonstrate good performance. eDDPM (0.88) had great results and along with
TabDDPM they had the best combined score, making DDPM models a very strong candidate for
modeling complex tabular data. eGAN (0.90) and CTGAN (0.85) show relatively strong results and
similar performance suggesting that GAN architecture is again well suited for preserving and
depicting feature interactions. The two VAE models combined, eVAE (0.78) and TVAE (0.85),
performed worse, indicating minor limitations in capturing relationships between features, even
with increased latent space dimensionality.
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Figure 35: Column Pair Trends matrices for every synthetic dataset compared to the real dataset as calculated by Quality Report
for the full mixed-type ‘Adult’ dataset
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The above figures depict how well each synthetic model captures the relationships between
different attributes. Each square represents the contingency or correlation similarity score of the
attributes it crosses. The darker the color, the higher the score.

It is really important to note that the eGAN model, with the second highest score overall of 0.90,

shows excellent performance in capturing relationships between pairs of categorical or pairs of
numerical attributes. The only pairs negatively affecting its overall score are pairs between a
categorical and a numerical attribute. This is also observed at a smaller amount on the rest of the
custom models (eVAE and eDDPM). The eDDPM model also shows a similar behavior with only 2
numerical attributes though, ‘fnlwgt’ and ‘hours-per-week’. However, this pattern, seen in all
custom embedding models, is the main factor limiting their performance and suggests the
possibility of weakness in the embedding procedure, the handling of embedded values by the
models or the transformation of embedded vectors back to categorical values.

An important factor that needs to be considered is the truthfulness of the evaluation metric. The
score between a numerical and a categorical attribute is computed as the contingency score of
the two columns, after discretizing the numerical values into a chosen number of bins (10 in our
case). As demonstrated by Figure 25, numerical attributes can have extreme distributions around
specific values. As models only approach this distribution, the bin in which the highly observed
values fall each time affects the resulting score significantly. For that reason, even with some
certain values of smaller bin size, the score was higher. Analogously, we could observe lower
scores with certain larger bin sizes. Both of these observations are quite contradictory to the logic
that the lower bin size classifies the values more favorably.

7.2.2.2 Categorical-only Adult Dataset
Synthetic Data Model Column Pair Trends Score

eGAN 0.95

eVAE 0.85

eDDPM 0.96

CTGAN 0.86

TVAE 0.77

TabDDPM 0.97

Table 14: Average Column Pair Trends scores for the categorical-only 'Adult' dataset

TabDDPM remains the top performing model with a score of 0.97. However, all embedding-
based models show significant improvement in performance as opposed to CTGAN and TVAE.
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Also, eGAN and eDDPM are insignificantly trailing the TabDDPM making them strong
competitors.
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Figure 36: Column Pair Trends matrices for every synthetic dataset compared to the real dataset as calculated by Quality Report
for the categorical-only ‘Adult’ dataset

It is clear that all models, apart from eGAN struggle a bit to capture the relationships related to
“education”, “occupation” and “native-country”. Every model shows a relative balance across the
Column Pair Trends scores, except for the TVAE, which has greatly struggled to perform in the first
two of three forementioned attributes, making its average score the lowest among all models in

this particular case.

7.2.2.3 Mushroom Dataset

Synthetic Data Model Column Pair Trends Score

eGAN 0.90
eVAE 0.91
eDDPM 0.92
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CTGAN 0.88
TVAE 0.92
TabDDPM 0.96

Table 15: Average Column Pair Trends scores for the '"Mushroomt' dataset

We see TabDDPM performing best out of all the models again with a score of 0.96. Even though
completing the objective on this dataset, which is more complex and has less instances, is much
harder than modeling the categorical-only ‘Adult’ dataset, our proposed models show great
performance, absolutely comparable to the baseline models.

As we can see in the following table, depicting the Contingency Similarity Matrices between real
and synthetic data, all models struggled a little with the attributes of the highest cardinality, in
comparison to the other attributes. Especially the VAE-based models that show lower scores for
‘gill-color’, ‘cap-color’ and ‘odor’. At the same attributes seem to have struggled to some degree
the rest of the models as well.
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Contingency Matrices
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Figure 37: Contingency matrices for every synthetic dataset compared to the real dataset as calculated by Quality Report for the
‘Mushroom’ dataset

7.2.3 Privacy Results

7.2.3.1 Mean DCR

The mean Distance to Closest Record (DCR) as described before, cannot alone show much
information about the privacy prevention level of a model. However, assessing the results, TVAE
generates the lowest DCR around 0.014. It is followed by TabDDPM, eDDPM and eGAN which
have similar mean DCRs around 0.03. eVAE comes after at an increased 0.06 value while CTGAN
comes last with a significantly high score around 0.085.
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Figure 38: Histogram of the mean DCR values of each dataset in ascending order

High DCR indicates that the records of the synthetic dataset deviate from individual real dataset
records, hence protective possible sensitive information and preserving privacy. Of course, it is
only a privacy indicator as a random untrained model would score extremely high DCR due to its
irrelevant and uncoordinated individual instance generation capacity. For models capturing
excellently the distributional characteristics of real data it is really difficult to generate data with
high DCR.

The lowest the mean DCR a model can produce, the hardest it is to keep the exact matches low.
Generating records close to the original ones, meaning low DCR, makes it more likely for some of
them to end up being exact matches of some of the real data records. That is the case for TVAE
which has showcased the lowest DCR and highest exact match count. This makes a model a bad
choice for privacy preservation.

7.2.3.2 Exact Matches

The lowest the mean DCR a model can produce, the hardest it is to keep the exact matches low.
Generating records close to the original ones, meaning low DCR, makes it more likely for some of
them to end up being exact matches of some of the real data records. That is the case for TVAE
which has showcased the lowest DCR and highest exact match count. This makes a model a bad
choice for privacy preservation.
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Figure 39: Histogram of the exact matches of records of each dataset in ascending order

It is important to note that for the measurements of the exact matches, the attribute ‘fnlwgt’ was
excluded, since its values are large and diverse, hence producing an exact match would be highly
unlikely.

The rest of the models seem to perform satisfactory given the combination of DCR and match
counts, and especially the TabDDPM, that sampled 0 exact matches to the original dataset, while
keeping the mean DCR at a pleasing high value of a little lower than 0.03. The same can be said
for eDDPM and eGAN which generated around only 100 exact matches while maintaining a
relatively high DCR. CTGAN also performs really well in these privacy preserving metrics. It
showed a really high mean DCR and really low exact match count. Such results can also be present
in a poorly performing model. However, this is not the case here as CTGAN demonstrated a good
performance also on distributional metrics.
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Chapter 8

Conclusions

In this thesis, we explored the landscape of modern generative models and their adaptations on
mixed-type tabular data. Specifically, the models that were studied are Variational Autoencoders
(VAEs), Generative Adversarial Networks (GANs) and Diffusion Models. Apart from the high
performance widely known and appreciated adaptations of these models, namely CTGAN, TVAE
and TabDDPM, a custom variation using word embeddings was introduced for each one. This work
scrutinizes both theoretical foundations and practical use of the models. Architectural design,
implementation details empirical evaluation and results are all presented in detail, leading to
conclusions and thoughts on further research.

8.1 Summary of Contributions

We began by presenting a comprehensive understanding of Artificial Intelligence and Machine
Learning escalating to the more complex concepts of our advanced generative frameworks of
VAEs, GANs and Diffusion Models. We also analyzed their respective mathematical foundations
that base the architecture and learning objective of each model.

One of the central challenges addressed by all of these frameworks was the generation of tabular
data, which imposes difficulties due to the presence of heterogenous data types (e.g., continuous,
categorical, binary). Modeling discrete values with imbalanced distributions and avoiding mode
collapse are the most common obstacles such models face.

The custom models (eGAN, eVAE, eDDPM) aim to take advantage of the inherent characteristics
of the vanilla models in a more raw and straightforward way. Creating word embeddings and
transforming the original data into one catholic data type, the numerical, enables us to use
approaches of these models closer to the original ones. By learning dense continuous
representations for categorical values, we enabled gradient-based training over formerly discrete
inputs.

All models were evaluated on the UCI Adult Income [31] and Mushroom [32] datasets using
metrics that included Wasserstein distance, L2 distance between correlation matrices, various
metrics from the Quality Report of SDMetrics [33] and, also, privacy heuristics like mean Distance
to Closest Record (DCR) and exact record match count.
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8.2 Summary of results

The results showed that TabDDPM outperformed all other models in preserving both individual
column distributions and feature correlations while maintaining an excellent privacy preserving
score with moderate mean DCR and no exact matches. Its embedding architecture counterpart
(eDDPM) showed great results in approaching individual column distributions and maintaining
privacy of the original data. However, it lacked excellency in copying the relationships between
attributes, even though it performed great at that part too.

The GAN based models also showed good overall performance with our eGAN being the second-
best overall performer. It maintained a slightly better score in both Column Shape and Column
Pair Trends than CTGAN, showing better synthetic data fidelity. On the other hand, CTGAN was
arguably the best privacy preserving model, having the highest mean DCR while keeping the exact
matches below average.

Both VAE-architecture based models did not manage to keep their performances within distance
of the other models’, when tested on the Adult dataset. Their average scores in the two Quality
Report metrics were the lowest. The embedding-based VAE model was outperformed by TVAE in
these tests. Nonetheless, TVAE showed by far the worst performance in the privacy metrics by
scoring the lowest mean DCR while generating the most exact record copies, with almost 10 times
more than the second worst. Meanwhile, eVAE showed great privacy prevention performance
with the second highest mean DCR and the second lowest exact match count, making it arguably
the best performing model based on the combination of these metrics.

A common bottleneck in performance for all three custom embedding variation models was their
limited ability in capturing the correlation between a numerical and a categorical attribute. As far
as datasets with only categorical attributes are concerned, our proposed models showed great
performance overall, comparable to these of the baseline models. Especially when tested on the
Mushroom dataset, which is more complex and has more attributes of higher cardinality, even
eVAE showed really promising results.

8.3 Future Work

e Construct enhanced numerical column modeling through:
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o More inclusive embeddings, with the model involving numerical attributes too,
instead of constructing the embedding matrix by training only on categorical
columns

o More complex approach of the numerical attributes from the generative models,
integrating multimodal modeling like Gaussian Mixtures, like CTGAN and TVAE do,
or Mixture Density Models.

Achieve dimensionality reduction through column-specific embeddings. Learning
embeddings where only values of the same column are mapped on the same latent space
can reduce dimensionality and still keep important semantic information of the values.

Attempt increased diversity and privacy prevention with softer reverse transformation
from embedded vectors back to categorical values.

Investigate transfer learning approaches where generative models trained on one domain
or dataset can be adapted to another domain with limited data.

Develop methods to quantify uncertainty and instance-wise error. This would detect out-
of-distribution samples as well as outliers, and provide more confidence in data quality
assessment
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Appendices
Appendix A

def trainf

num_samples = len(discrete df)
counter = @

for epoch in rang 1. num_spoch
total loss = @

fer 1 in range(®, num_samples, self.batch
counter+=1
batch_df = discrete df.iloc[i:i+self.batch_size]
if len({batch_df)

continue

training_pairs
s = trainin

1] N hatched=

total less +=

Appendix A: Training loop of the proposed Embedding Model.
Available: https://github.com/stavroskout/Synthetic-Tabular-Data
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Appendix B

def get_training_pairsiself, pairs_pc, total_batch):

Sample positive training pairs (center-target) from random column pairs.

ArES:
pairs_pc (floatl): Percentage of column pairs to sample.
total_batch (pd.DataFrame): Current batch of data.

Returns:

Tensor: Training pairs of word indices with shape (num_pairs, 2).
num_pairs = inti{len{self.column_pairs i*pairs_pcl
pairs_set = random.samplelself.column_pairs, k=num_pairs]
training_pairs = []
for £, t in pairs_set:

centers = total_batch[c].mapfiself.word_tao_idx)
targets = total_batch[t].map(self.word_to_idx)
pairs = torch.stack([
torch.tensor{centers.values, device=self.device],
torch.tensor(targets.values, device=self.device
1, dim=1}
training_pairs.appendipairs)

# Concatenate all pairs from all column combinations
training_pairs = torch.cati{training_pairs, dim=@)
return training_pairs

get_negative_samples(self, positive ddxs, num_negatives):

Generate negative samples for each positive target index.

Args:
positive ddxs (Tensor): Indices of positive target words.
num_negatives {(int): Number of negatives to sample per positive.

Returns:
Tensor: Negative samples with shape (batch_size, num_negatives).

neg_samples = []

numbers, probabilities = zip(*self.f_matrix)

for _ in range{num_negatives):
r = random.choices (numbers, weights=probabilities, k=lenipositive idxs))
neg_samples.appendir

return torch.tensorineg_samples, device = self.dewice).T

Appendix B: Core helper functions of the proposed Embedding Model class.
Available: https.//github.com/stavroskout/Synthetic-Tabular-Data
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