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Me epif‘laxh pantÏc dikai∏matoc.

Apagore‘etai h antigraf†, apoj†keush kai dianom† thc paro‘sac ergas–ac, ex
olokl†rou † tm†matoc aut†c, gia emporikÏ skopÏ. EpitrËpetai h anat‘pwsh,
apoj†keush kai dianom† gia skopÏ mh kerdoskopikÏ, ekpaideutik†c † ereunhtik†c
f‘shc, upÏ thn proÙpÏjesh na anafËretai h phg† proËleushc kai na diathre–tai to
parÏn m†numa. Erwt†mata pou aforo‘n th qr†sh thc ergas–ac gia kerdoskopikÏ
skopÏ prËpei na apeuj‘nontai proc ton suggrafËa. Oi apÏyeic kai ta sumperàsmata
pou periËqontai se autÏ to Ëggrafo ekfràzoun ton suggrafËa kai den prËpei
na ermhneuje– Ïti antiproswpe‘oun tic ep–shmec jËseic tou Ejniko‘ MetsÏbiou
Poluteqne–ou.



Per–lhyh

Antike–meno thc diplwmatik†c ergas–ac e–nai h anàptuxh montËlwn anagn∏rishc metafori-

k∏n glwssik∏n fainomËnwn(MGF) me teqnikËc bajiàc mhqanik†c màjhshc (Deep Learning).
To prÏblhma thc anagn∏rishc kai katàtaxhc MFG apotele– Ëna anoiqtÏ prÏblhma thc Sunai-

sjhmatik†c Anàlushc sto ped–o thc Epexergas–ac Fusik†c Gl∏ssac lÏgw thc nohmatik†c

ant–jeshc pou periËqetai se autà. To prÏblhma autÏ apotele–tai apÏ thn anagn∏rish tri∏n

allhlËndetwn MGF: tou sarkasmo‘, thc eirwne–ac kai thc metaforàc, ta opo–a, sta pla–sia

thc paro‘sac ergas–ac, antimetwp–zontai me prohgmËnec teqnikËc baje–ac mhqanik†c màjhshc

(R, LSTM) kai me teqnikËc mhqanism∏n dianusmatik†c upost†rixhc (SVM).
Arqikà, dieureueno‘ntai mËsw ektetamËnhc bibliografik†c Ëreunac oi teqnolog–ec aiqm†c

(stat-of-the-art) kai oi ereunhtikËc exel–xeic sthn an–qneush kai anagn∏rish MGF kai kata-
gràfontai oi shmantikÏterec prosegg–seic. Sthn anaskÏphsh aut†, d–netai idia–terh Ëmfash

tÏso sthn mËjodo exagwg†c qarakthristik∏n Ïso kai stouc algor–jmouc mhqanik†c màjh-

shc pou qrhsimopoio‘ntai. Sthn sunËqeia perigràfontai sunoptikà oi basikËc jewrhtikËc

arqËc pànw stic opo–ec bas–zetai h proteinÏmenh antimet∏pish tou probl†matoc.

Sthn sunËqeia anapt‘ssetai to pla–sio kai to stàdio proepexergas–ac twn sqetik∏n

dedomËnwn (apÏ koinwnikà d–ktua, -tweets)me skopÏ th bËltisth proetoimas–a touc prin ei-
saqjo‘n sta montËla bajiàc mhqanik†c màjhshc. EpiprÏsjeta, exàgontai apÏ ta dedomËna

qarakthristikà pou mporo‘n na diaqwristo‘n se tËsseric kathgor–ec: ta suntaktikà, ek-

frastikà, sunaisjhmatikà kai yuqologikà, kajËna apÏ ta opo–a apotup∏nei ptuqËc gia thn

mËjodo graf†c kai ekforàc lÏgou tou qr†sth twn koinwnik∏n dikt‘wn.

TËloc, dhmiourge–tai Ëna prwtÏtupo montËlo Deep Ensemble Soft Classifier-DESC, pou
sunduàzei algor–jmouc bajiàc màjhshc. Qrhsimopoi∏ntac tËssera diaforetikà s‘nola de-

domËnwn anaforàc (benchmark data), apÏ gnwstà kai diadedomËna sunËdria kai sqetiko‘c
diagwnismo‘c (Semantic Evaluation-SemVal), kai exantlhtik† axiolÏghsh thc ikanÏthtac
anagn∏rishc, diakr–noume pwc to montËlo DESC epitugqànei pol‘ kal† sumperiforà, àxia
s‘gkrishc me sqetikËc mejodolog–ec kai teqnolog–ec aiqm†c sto proklhtikÏ ped–o thc ana-

gn∏rishc MGF.

LËxeic Kleidià

Anàlush sunaisj†matoc, epexergas–a fusik†c gl∏ssac, metaforikà glwssikà fainÏme-

na, sarkasmÏc, eirwne–a, mhqanik† màjhsh, bajià màjhsh, teqnhtà neurwnikà d–ktua.

1



Abstract

The subject of the diploma thesis is the development of models for the recognition of
figurative language (FL) utilizing deep learning techniques. The management, recognition
and classification of FL is an open problem of Sentiment analysis in the broader field of
natural language processing (NLP) due to the contradictory meaning contained in phrases
with metaphorical content. The problem itself represent three interrelated FL recognition
tasks: sarcasm, irony and metaphor which, in the present work, are dealt with advanced
deep learning (Recurrent Neural Networks, LSTM) and support vector machine (SVM)
techniques.

Initially, the state-of-the-art technologies in the field of FL detection and recognition
are being explored through extensive bibliographical research, and the most important
approaches are documented. The emphasis of the review is placed on both the feature
extraction methodologies and the machine learning algorithms being utilized. In the sequel,
the basic theoretical principles and techniques, on which the proposed approach is based,
are presented.

Next, the prepossessing framework of the relevant social-media data (tweets) is pre-
sented. Data prepossessing aims towards efficient data representation formats so that to
optimize the respective inputs to the deep learning models. In addition, special features
are extracted from the data in order to characterize the syntactic, expressive, emotional
and temper content reflected in the respective social media text references. These features
aim to capture aspects of the social network user’s writing method.

Finally, a prototype, Deep Ensemble Soft Classifier-DESC is created which, is based
on the combination of different deep learning techniques. Using four different sets of
benchmark data-sets, from well-known and widespread conferences and related contests,
and based on the assessment of the performance of different FL recognition approaches, we
conclude that the DESC model achieves a very good performance, worthy of comparison
with relevant methodologies and state-of-the-art technologies in the challenging field of FL
recognition.

Keywords

Sentiment analysis, natural language processing, figurative language, sarcasm, irony,
machine learning, deep learning, neural networks.
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Euqarist–ec

Gia thn pragmatopo–hsh thc diplwmatik†c mou ergas–ac ergàsthka sto Ergast†rio Eu-
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pol‘timec sumboulËc tou oi opo–ec bo†jhsan sthn belt–wsh thc Ëreunac mou.
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Kefàlaio 1

Eisagwg†

H qr†sh twn MËswn Koinwnik†c Dikt‘wshc auxànetai ragda–a qrÏno me ton qrÏno mei-

∏nontac tic apostàseic metax‘ twn anjr∏pwn me thn dunatÏthta suneqe–c epikoinwn–ac me

kàje mËroc tou kÏsmou. H taq‘thta metàdoshc plhrofori∏n g–netai teràstia kai oi ei-

d†seic plËon metad–dontai akaria–a se kàje pleurà tou plan†th. H epikoinwn–a metax‘ twn

anjr∏pwn allà kai o sqoliasmÏc gegonÏtwn thc epikairÏthtac apotele– idia–tera qr†si-

mec plhrofor–ec pou mporo‘n na qrhsimopoihjo‘n apÏ algor–jmouc Teqnht†c Nohmos‘nhc.

Ta dedomËna autà mporo‘n na analujo‘n ∏ste na kathgoriopoio‘ntai ta gegonÏta thc e-

pikairÏthtac pou apotelo‘n phg† endiafËrontoc † na axiologe–te h epirro† enÏc politiko‘

kÏmmatoc. Ta probl†mata autà parousiàzoun idia–terec duskol–ec Ïtan stouc dialÏgouc

qrhsimopoio‘ntai eirwnikà † sarkastikà sqÏlia ta opo–a anastrËfoun to nohmatikÏ perie-

qÏmeno tou dialÏgou. 'Etsi prok‘ptei h anàgkh gia dhmiourg–a algor–jmwn pou ja sumbàlei

sthn anagn∏rish glwssik∏n fainomËnwn pou alloi∏noun thn ous–a tou dialÏgou.

1.1 Antike–meno thc diplwmatik†c

Sthn diplwmatik† ergas–a aut† diatup∏noume to prÏblhma thc anagn∏rishc metafori-

k∏n glwssik∏n fainomËnwn(MGF) (Figurative Language) Ïpwc h eirwne–a, o sarkasmÏc kai
oi metaforËc. To prÏblhma autÏ apotele– Ëna anoiktÏ prÏblhma sto ereunhtikÏ ped–o thc

Sunaisjhmatik†c Anàlushc (Sentiment Analysis) lÏgw tou diforo‘menou trÏpou a-
nàgnwshc kai ermhne–ac thc kàje prÏtashc. San Sunaisjhmatik† Anàlush or–zoume or–zoume

to prÏblhma prosdiorismo‘ tou sunaisjhmatiko‘ endiafËrontoc kai kl–shc † pÏlwshc (in-
clination) miac anaforàc e–te/kai miac dialogik†c pràxhc, ekfrasmËnwn se morf† ele‘jerou
keimËnou . Apotele– ped–o thc upologistik†c glwssolog–ac (computation lignuistics) kai
epikentr∏netai sthn anaz†thsh thc sunaisjhmatik†c pÏlwshc tou keimËnou. Oi k‘riec me-

jodolog–ec antimet∏pishc twn sugkekrimËnwn problhmàtwn estiàzontai se lËxeic me pou

parousiàzoun uyhlÏ de–kth sunaisjhmatiko‘ endiafËrontoc Ïpwc h qarà, o jumÏc kai h

l‘ph. ParÏla autà upàrqoun idiaiterÏthtec sta parapànw probl†mata Ïtan qrhsimopoie–tai

àrnhsh † kàpoio metaforikÏ glwssikÏ fainÏmeno pou kajistà thn Sunaisjhmatik† Anàlu-

sh sqedÏn ad‘nath. H duskol–a a‘th Ëgine emfan†c sto Workshop Semantic Evaluation -

11



12 Kefàlaio 1. Eisagwg†

2014 [85] Ïpou sto s‘nolo twn dedomËnwn proc Sunaisjhmatik† Anàlush up†rqan arketËc
anaforËc me sarkastikÏ perieqÏmeno. Ta apotelËsmata Ëdeixan pwc h ‘parxh sarkastik∏n

dedomËnwn duskole‘ei tic diadikas–ec thc taxinÏmhshc, parÏti sta mh sarkastikà dedomËna

oi algÏrijmoi Ëqoun axiÏloga apotelËsmata. Prok‘ptei loipÏn h anàgkh gia dhmiourg–a ta-

xinomht∏n pou ja anagnwr–zoun ta parapànw glwssikà fainÏmena. TÏso h eirwne–a Ïso kai

o sarkasmÏc apotelo‘n dhmiourgikËc qr†shc thc gl∏ssac allà ta teleuta–a mÏlic qrÏnia

apËspasan to episthmonikÏ endiafËron thc upologistik†c glwssolog–ac. SugkekrimËna to

endiafËron gia anagn∏rish twn metaforik∏n glwssik∏n fainomËnwn xek–nhse me Ëna tweet
to 2014 apÏ thn aeroporik† etair–a Ryanair Ïpwc fa–netai sthn eikÏna 1.1 :

Sq†ma 1.1: SarkastikÏ Tweet pou den katàlabe o upe‘junoc thc Ryanair

ParÏti o sarkasmÏc tou Ryan Hand anaforikà me thn, metaforik† Ëkfrash “emotional
baggage" †tan sqetikà xekàjaroc den Ëgine antilhptÏ apÏ thn Ryanair h opo–a anaz†thse
plhrofor–ec gia to gegonÏc. L–ga leptà argÏtera epan†lje me nËo Tweet apologo‘menh:
“We apologize for temporary technical difficulties with our sarcasm detector”. ParÏti oi
Ëreunec de–qnoun Ïti ta paid–a †dh apÏ thn hlik–a twn 5 et∏n apokto‘n, se Ëna bajmÏ, thn

idiÏthta na katanoo‘n ton sarkasmÏ [68], h antimet∏pish tou sto ped–o thc upologistik†c

glwssolog–ac allà kai apÏ prosegg–seic Teqnht†c Nohmos‘nhc (TN), Ëqei apodeiqte– idia-

–tera d‘skolh. TÏso h eirwne–a Ïso kai o sarkasmÏc apotelo‘n glwssikà fainÏmena ta

opo–a diakr–nontai apÏ thn ant–jesh touc se sqËsh me ta sumfrazÏmena. MerikËc forËc

akÏma kai ta pio eirwnikà kai sarkastikà àtoma adunato‘n na sullàboun thn eirwne–a tou

sunomilht† touc. H an–qneush twn MGF se mikro‘ m†kouc ke–meno Ïpwc e–nai ta tweet
kànoun thn prospàjeia akÏma pio s‘njeth. Se ant–jesh me àllec kathgor–ec problhmàtwn

anàlushc fusik†c gl∏ssac Ïpwc h kathgoriopo–hsh me bàsh to jËma tou keimËnou † akÏma

kai thn sunaisjhmatik† anàlush tou, h an–qneush MGF se Ëna ke–meno apotele– Ëna d‘skolo

Ërgo exait–ac thc Ëlleiyhc tou tÏnou, thc qroiàc thc fwn†c pou to diatup∏nei allà kai thc

Ëkfrashc tou pros∏pou tou. 'Enac paràgontac pou kànei to prÏblhma akÏma pio d‘skolo

e–nai h pwc o mËsoc ànjrwpoc pou diatup∏nei kàti eirwnikÏ sta Social Media afier∏nei pe-
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r–pou ton diplàsio qrÏno gia na katagràyei thn eirwne–a † ton sarkasmÏ tou se sqËsh me

autÏn pou ja afier∏nei se mia proforik† omil–a. AutÏ kànei to MGF akÏma pio ‘baj‘’ kai

dusnÏhto kai ek’ to‘tou pio d‘skolo sthn upologistik† epexergas–a tou.

1.2 KoinwnikÏ D–ktuo Twitter

To Twitter apotele– Ëna mËso koinwnik†c dikt‘wshc Ïpou oi qr†stec ekfràzontai me
ke–mena mikro‘ m†kouc, to pol‘ 120 qarakt†rwn, tÏso gia thn epikairÏthta Ïso kai gia thn

katagraf† twn skËyewn touc. To megal‘tero posostÏ twn suggen∏n ergasi∏n qrhsimo-

poie– antle– dedomËna apÏ to Twitter. 'O lÏgoc e–nai idia–tera profan†c kajÏti to Twitter
apotele– to amigËc mËso koinwnik†c gia thn ele‘jerh Ëkfrash twn qrhst∏n tou. Oi pol‘

elastikËc politikËc orj†c qr†shc tou Twitter to kajistà àmesa sundedemËno me thn qr†sh
eirwnik∏n, sarkastik∏n allà prosblhtik∏n sqol–wn. Merikà apÏ ta qarakthristikà tou

e–nai h dunatÏthta tou logariasmo‘ na apoktà àtoma pou akoloujo‘n thc drasthriÏthtec

tou (followers) allà kai na akolouje–, omo–wc, àllouc qr†stec. TautÏqrona d–netai ston
qr†sth h dunatÏthta na ekdhl∏nei thn ta‘tish tou me kàpoio sqÏlio (Like) † na anapa-
ràgei autÏ to sqÏlio proc ta àtoma pou twn akoloujo‘n (Re-tweet). 'Ena akÏmh shmantikÏ
qarakthristikÏ tou Twitter e–nai h dunatÏthta pou d–nei stouc qr†stec tou na qrhsimopoio-
‘n hashtags (#tag) ta opo–a dieukol‘noun kai qrhsimopoio‘ntai gia thn omadopo–hsh twn
tweets. Ta hashtag apotelo‘n mia morf† s‘noyhc thc prÏjeshc tou qr†sh gia to tweet
kai pol‘ e‘qrhsto ergale–o gia thn epituq† kathgoriopo–hsh kai katàtaxh enÏc tweet. To

API tou Twitter d–nei thn dunatÏthta stouc qr†stec na katebàzoun Ëna posostÏ apÏ ta
tweet pou katagràfontai kajhmerinà, me apotËlesma qrhsimopoi∏ntac kàpoia hashtag Ïpwc
gia paràdeigma ta #sarcasm , #irony , #not mporo‘me na antl†soume Ëna pl†joc apÏ
tweet gia thn dhmiourg–a enÏc sunÏlou metaforik∏n dedomËnwn proc anàlush kai s‘gkrish
sugkekrimËnwn teqnik∏n kai algorijmik∏n prosegg–sewn.

1.3 Orismo–

Wc ànjrwpoi qrhsimopoio‘me thn gl∏ssa gia na epikoinwno‘me me touc sunanjr∏pouc

mac allà kai na ekfràzoume ta sunaisj†mata mac me arketo‘c trÏpouc, me Ënan apÏ auto‘c

na e–nai ta MGF. H katanÏhsh kai h ant–lhyh twn MGF, apaite– thn anàptuxh megàlou

e‘rouc gnwstik∏n ikanot†twn pou stouc anjr∏pouc wrimàzoun proodeutikà katà th diàrkeia

thc zw†c touc. Oi ikanÏthtec autËc d–noun thn dunatÏthta ston ànjrwpo na allhloepidrà

se sunomil–ec kai na antilambànetai tÏso thn kuriolektik† Ënnoia miac lËxhc Ïso kai thn

metaforik† thc.

• Eirwne–a: Or–zetai wc eke–no to mËroc anafor∏n se fusik† gl∏ssa to opo–o dia-
katËqetai apÏ dhktikÏ perieqÏmeno kai diàjesh kai mpore– na diakr–nei th diaforà thc

kuriolektik†c apÏ thn metaforik† Ënnoia thc. H eirwne–a katà ton AristotËlh qara-

kthr–sthke kai anade–qthke wc ‘exeugenismËnh prosbol†’. H eirwne–a mpore– na diaqw-

riste– se d‘o kathgor–ec thn ‘Katastatik†’ (Situational) kai thn ‘Proforik†’ (Verbal)
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me thn opo–a kai ja asqolhjo‘me kur–wc. H ‘Katastatik†’ eirwne–a qarakthr–zetai

apÏ gegonÏta pou Ërqontai se ant–jesh me ta anamenÏmena Ïpwc gia paràdeigma Ïtan

Ënac kwmikÏc pàsqei apÏ katàjliyh † Ïtan o kreop∏lhc apokal‘ptei pwc e–nai qor-

tofàgoc. Ant–jeta ‘Proforik†’ qarakthr–zetai h eirwne–a katà thn opo–a o omilht†c

ekfràzei akrib∏c to ant–jeto apÏ autÏ pou ennoe–, Ïpwc gia paràdeigma h dier∏thsh

tou gonio‘ gia to pÏso tuqerÏc e–nai Ïtan o giÏc tou anakoin∏nei pwc tràkare to amàxi

tou † Ïtan o majht†c apantà sthn daskàla pwc latre‘ei to ex∏fullo tou bibl–o Ïtan

ton rwtà an to diàbase[18]. H eirwne–a qarakthr–zetai ep–shc apÏ hqhrËc lËxeic ∏ste

na g–netai antilhpt† qwr–c Ïmwc na mpore– na akoloujhje– kàpoio mot–bo gia thn s‘l-

lhyh kai thn ermhne–a thc Ïpwc exhgo‘n oi Sperber&Wilson [88]. Sun†jwc probàlei
thn epikritik† stàsh tou omilht† se kàpoio jËma † gegonÏc.

• SarkasmÏc: O sarkasmÏc se ant–jesh me thn eirwne–a e–nai d‘skolo na qarakthri-
ste– mËsw kàpoiou orismo‘. To LexikÏ Oxford1 thc qr†shc twn Agglik∏n or–zei ton

sarkasmÏ wc th qr†sh thc eirwne–ac pou aposkope– sthn korod–a † thn perifrÏnhsh.

Ant–jeta to Merriam Webster2 d–nei Ënan orismÏ pou den diakritopoie– idia–tera ton
sarkasmÏ apÏ thn eirwne–a. SugkekrimËna anafËrei pwc o sarkasmÏc e–nai h qr†sh

lËxewn me nÏhma ant–jeto apÏ to kuriolektikÏ touc kai aposkope– sthn prosbol†, thn

Ëndeixh ekneurismo‘ † qio‘mor. PijanÏn mia lept† diaforà metax‘ thc eirwne–ac e–nai

h arnhtik† tou prodiàjesh kai h kaustikÏthta tou. YuqolÏgoi qarakthr–zoun ton

sarkasmÏ wc mia morf† lektik†c àmunac, epijetiko‘ qio‘mor allà kai wc Ënan trÏpo

gia na ekfrasto‘n sunaisj†mata qwr–c na plhg∏soun àmesa kàpoion [7]. Sthn sun†jh

pàntwc morf† tou o sarkasmÏc apotele– mia epijetik† eirwne–a me skopÏ thn kritik†

se kàpoio sugkekrimËno z†thma [2, 15, 29].

• Metaforà: H metaforà apotele– Ëna glwssikÏ fainÏmeno to opo–o enupàrqei tÏso
sto sarkasmÏ Ïso kai sthn eirwne–a. H tropik† qr†sh lËxewn pou mporo‘n na a-

pod∏soun diaforetikÏ, apÏ to profanËc, nÏhma se mia prÏtash e–nai basikÏ qara-

kthristikÏ twn metafor∏n. 'Ena paràdeigma metaforik†c gl∏ssac ja mporo‘se na

e–nai Ïtan apokalo‘me qrusÏ paid– ton f–lo mac † h gnwst† fràsh tou Bob Dylan
“Chaos is a friend of mine”. GlwssolÏgoi anafËroun pwc gia na qarakthriste– mia
prÏtash metaforik† prËpei to kuriolektikÏ thc nÏhma na mhn mpore– na staje– logikà

kai qarakthr–zetai apÏ apÏ to ermhneutikÏ sq†ma ‘kàti e–nai kàti àllo’. H metafo-

rËc qrhsimopoio‘ntai kur–wc sthn logoteqn–a, Ïmwc parathr∏ntac kane–c kajhmerinËc

suzht†seic mpore– na antilhfje– pwc qarakthr–zoun kai to proforikÏ lÏgo. Sthn

ergas–a aut† ja sumperilàboume kai thn paromo–wsh wc metaforikÏ sq†ma lÏgou
parÏti qarakthr–zetai apÏ ekfràseic thc morf†c ‘kàti e–nai san kàti àllo’. Oi glws-

solÏgoi qarakthr–zoun pwc h metaforà den apotele– paromo–wsh Ïmwc h paromo–wsh

apotele– metaforà. 'Ena paràdeigma paromo–wshc ja mporo‘se na e–nai Ïtan parath-

ro‘me pwc to ‘mprostinÏ amàxi pàei san qel∏na’ † Ïtan anafËroume pwc o f–loc mac

1https://en.oxforddictionaries.com/definition/sarcasm
2https://www.merriam-webster.com/dictionary/sarcasm

https://en.oxforddictionaries.com/definition/sarcasm
https://www.merriam-webster.com/dictionary/sarcasm
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‘làmpei apÏ thn qarà tou’.

1.4 QrhsimÏthta

'Opwc anafËrjhke parapànw, tÏso eirwne–a Ïso kai o sarkasmÏc apotelo‘n ped–o thc

Sunaisjhmatik†c Anàlushc pou plËon apotele– tomËa Ëreunac gia thn katanÏhsh apÏ ton

upologist† twn sunaisjhmàtwn pou ekfràzoun oi ànjrwpoi. 'Opwc e–nai e‘kola antilhptÏ o

basikÏc tomËac ston opo–o mpore– h anagn∏rish MGF na efarmoste– e–nai gia thn Sunaisjh-

matik† Anàlush allà kai thn Anàlush Prof–l ApÏyewn (Opinion Mining). Ta metaforikà
glwssikà fainÏmena parÏti Ëqoun analuje– se megàlo bajmÏ tÏso apÏ thn skopià thc glws-

solog–ac kai thc yuqolog–ac Ïso kai apÏ thn skopià thc gnwstik†c epist†mhc[97, 24, 52]

apotelo‘n Ëna idia–tera d‘skolo Ërgo tou tomËa thc upologistik†c glwssolog–ac kai thc

Teqnht†c Nohmos‘nhc [69]. H katanÏhsh twn GMF d–nei thn dunatÏthta se teqnikËc Mh-

qanik†c Màjhshc na prosarmÏzoun to prof–l apÏyewn kàje qr†sth apotelesmatikÏtera

anagnwr–zontac thn arnhtikÏthta se gegonÏta kai katastàseic sta legÏmena tou [19]. Tau-

tÏqrona h anagn∏rish MGF apotele– idia–tera shmantikÏ ergale–o gia etaire–ec paroq†c uph-

resi∏n pou anazhto‘n automatopoihmËna sust†mata gia thn katanÏhsh sqol–wn kai kritik∏n

axiolÏghshc. E–nai safËc Ïti stic fÏrmec axiolÏghshc h emfànish MGF e–nai pukn† kai ta

kajierwmËna sust†mata anàlushc den mporo‘n na katano†soun axiolog†seic pou periËqoun

eirwnikà † sarkastikà sqÏlia. ParÏmoia qrhstikÏthta Ëqei sthn prÏbleyh metak–nhshc twn

deikt∏n tou qrhmatisthr–ou allà kai sthn axiolÏghsh proÏntwn. TËloc mia akÏma qr†sh

thc anagn∏rishc MGF e–nai sta sust†mata asfale–ac ta opo–a fËretai na dËqontai kajh-

merinà dekàdec apeilhtikà mhn‘mata ta opo–a merikà periËqoun kajarËc morfËc eirwne–ac kai

sarkasmo‘ kai ja mporo‘san na paraleifjo‘n katà th diadikas–a elËgqou. QarakthristikÏ

paràdeigma †tan to tweet enÏc logariasmo‘ katà thn diàrkeia tou diagwnismo‘ thc Eurovi-
sion to 2015 Ïtan h Lijouan–a den Ëdwse kàpoia y†fo sthn Rws–a : “And 12 bombers depart
now...to Lithiania” prokal∏ntac gia merikà leptà genik† anataraq†. ParÏmoio gegonÏc e-
–qe làbei q∏ra to 2010 Ïtan Ënac nearÏc Ëkana Ëna sarkastikÏ tweet anafËrontac pwc ja
anatinàxei to aerodrÏmio tou Doncaster odhg∏ntac tic arqËc sthn s‘llhyh tou3.
Ant–stoiqa gegonÏta Ëqoun anaferje– apÏ tic mustikËc uphres–ec twn HPA kai od†ghse

sth sqed–ash kai anàptuxh pan–squrwn algor–jmwn gia thn an–qneush sarkasmo‘ 4 ∏ste na

apofeuqjo‘n parÏmoia peristatikà.

1.5 Orgànwsh thc Diplwmatik†c

Sthn paro‘sa diplwmatik† anapt‘ssoume thn antimet∏pish twn metaforik∏n glwssik∏n

fainomËnwn wc Ëna prÏblhma anagn∏rishc tri∏n anaparastàsewn touc: thc eirwne–ac, tou

sarkasmo‘ kai thc metaforàc. Sto Kefàlaio 2 katagràfoume to s‘nolo twn suggen∏n

ergasi∏n me tic tre–c anaparastàseic twn MGF, en∏ sto Kefàlaio 3 diatup∏nontai oi ba-

3 https://www.theguardian.com/world/2010/jan/18/robin-hood-airport-twitter-arrest
4 https://www.bbc.com/news/technology-27711109



sikËc jewrhtikËc arqËc kai prosegg–seic pou akoloujo‘ntai apÏ th paro‘sa diplwmatik†

ergas–a. Sunoptikà, epexhgo‘ntai oi basikËc arqËc leitourg–ac twn Neurwnik∏n dikt‘wn

kai twn teqnik∏n bajiàc mhqanik†c màjhshc kaj∏c kai oi teqnikËc epexergas–ac keimËnou.

Sto Kefàlaio 4 perigràfontai oi basikËc arqitektonikËc Neurwnik∏n dikt‘wn pou qrhsi-

mopoio‘ntai gia thn ep–lush twn proanaferjËntwn problhmàtwn. Oi arqitektonikËc autËc

efarmÏzontai se tËssera diaforetikà s‘nola dedomËnwn sto Kefàlaio 5, Ïpou tautÏqrona

katagràfontai kai oi teqnikËc proepexergas–ac touc kaj∏c kai h s‘gkrish apotelesmàtwn

me suggenikËc ergas–ec. TËloc, sto Kefàlaio 6 katagràfoume ta basikà sumperàsmata

thc ergas–ac kaj∏c kai ta mellontikà mac ereunhtikà sqËdia me to jËma thc anagn∏rishc

metaforik∏n glwssik∏n fainomËnwn.





Kefàlaio 2

Suggene–c ergas–ec

Sto parÏn kefàlaio parousiàzontai parÏmoiec kai suggene–c ston tomËa thc anagn∏rishc

Metaforik∏n Glwssik∏n FainomËnwn. H ergas–a aut† mpore– na qarakthriste– apÏ tr–a

ped–a endiafËrontoc: thn anagn∏rish sarkasmo‘, thn anagn∏rish eirwne–ac kaj∏c kai thn

anagn∏rish tou sunduasmo‘ MGF (eirwne–ac, sarkasmo‘, metaforàc). Elàqistec ergas–ec

prosegg–zoun pl†rwc ta MGF sto s‘nolo touc, me exa–resh to diejn† Workshop Semantic
Evaluation 2015 pou diat‘pwse thn sunolik† morf† auto‘ tou probl†matoc, wc mia epËktash
thc anàlushc sunaisj†matoc. Parakàtw diatup∏nontai oi sqetikËc ergas–ec sta tr–a autà

probl†mata.

2.1 Anagn∏rish Sarkasmo‘

To 2015 o Ghosh [36] qrhsimopoie– to #sarcasm gia na antl†sei dedomËna apÏ to Twit-
ter. Eisàgei thn Ënnoia thc diafwn–ac twn lËxewn mËsa se Ëna Tweet wc kombikÏ stoiqe–o
gia thn kathgoriopo–hsh sarkastik∏n sqol–wn. TautÏqrona qrhsimopoie– word2vec Embed-
dings kai Ënan katàllhla diamorfwmËno pur†na taxinomht† SVM pou prosarmÏzetai anàloga
me thn mËtrhsh omoiÏthtac tou tweet me Ëna sarkastikÏ Ïrio. O Davidov[26] qrhsimopoie-
– d‘o s‘nola dedomËnwn gia thn prosËggish tou probl†matoc: dedomËna apÏ to Twitter
me bàsh ek nËou to #sarcasm kai dedomËna apÏ to Amazon1. Dhmiourge– qarakthristikà

basismËna se prÏtupa (Pattern-Based) Ïpwc h suqnÏthta emfànishc lËxewn sto s‘nolo
twn dedomËnwn † lËxeic perieqomËnou (content words). O telikÏc p–nakac qarakthristik∏n
dhmiourge–te me Ënan algÏrijmo tairiàsmatoc (Matching Algorithm) kai ta dedomËna taxino-
mo‘ntai me thn qr†sh k-PlhsiËsterwn GeitÏnwn (k-Nearest Neighbours). Mia diaforetik†
teqnik† an–qneushc sarkasmo‘ prote–nei o Ibanez sugkr–nontac ta sarkastikà sqÏlia me
jetikà kai arnhtikà sunaisjhmatikà sqÏlia (Positive-Negative Sentiment). Gia thn prosËg-
gish aut† qrhsimopoio‘ntai hashtag Ïpwc #joy ,#happy , #lucky klp gia thn anaz†thsh
jetikà sunaisjhmatik∏n sqol–wn kai #sad, #sadness, #angry gia arnhtikà sunaisjhmatikà
sqÏlia. To prÏblhma loipÏn prosegg–zetai wc prÏblhma duadik†c taxinÏmhshc, sarkasti-

kÏ Ënanti jetik∏n-arnhtik∏n sqol–wn. Qrhsimopoie– d‘o e–dh qarakthristik∏n: Lexilogikà

1https://www.amazon.com/
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qarakthristikà me thn qr†sh tou lexilog–ou WordNet affect[92], tou p–naka katamËtrhshc
lËxewn Linguistic Inquiry and Word Count-LWIC [73], shme–a st–xhc kai unigram montËla
kai ¨pragmatistikà’ qarakthristikà pou apotup∏noun to suna–sjhma twn emoji kai twn lËxe-
wn. Qrhsimopo–ei SVM me pur†na Sequential Minimal Optimization kaj∏c kai Logistic
Regression pou de–qnei na apod–dei kal‘tera. ParÏmoiec me tic proanaferje–sec teqnikËc
qrhsimopoio‘ntai apÏ ton Liebrecht [56] gia na proseggisto‘n ta fainÏmena sarkasmo‘ sto
GermanikÏ Twitter. Ta dedomËna sullËgontai Ïmoia apÏ to API tou Twitter me to #sar-
casme. Se ant–jesh me ta parapànw epilËgetai na diathrhjo‘n ta kefala–a sta dedomËna
afo‘ mpore– na prosd–doun Ëna e–doc sunaisjhmatik†c Ëntashc sto tweet. Ta qarakthristikà
dhmiourgo‘ntai me uni-gram kai bi-gram montËla en∏ qrhsimopoie–tai o taxinomht†c Balanced
Window [58] pou perigràfetai sthn ergas–a Linguistic Classification System2. Mia diafo-

retik† optik† qrhsimopoie–tai apÏ ton Rajadesingan [77] prosegg–zontac thn anagn∏rish
sarkasmo‘ apÏ thn skopià thc anàlushc sumperiforàc (Behavioral Analysis). Sthn erga-
s–a aut† qrhsimopoio‘ntai qarakthristikà pou anadeikn‘oun thn ant–jesh sunaisjhmàtwn

me to ergale–o SentiStrength [93] allà kai h enallag† sunaisjhmàtwn (jetikÏ - arnhtikÏ
-jetikÏ) mËsa sto tweet. TautÏqrona qrhsimopoie– plhrofor–ec gia kàje qr†sth Ïpwc o
arijmÏc twn follower/following, to pl†joc retweet kai tweet ∏ste na exàgei qarakthristikà
gia to pÏso energÏc qarakthr–zetai o qr†sthc sto Twitter. Ep–shc diathr∏ntac to istorikÏ
tou qr†sth dhmiourgo‘ntai mia seirà apÏ qarakthristikà me bàsh ta prohgo‘mena tweet tou
qr†sth Ïpwc to pl†joc lËxewn pou qrhsimopoie– katà mËso Ïro allà kai ton mËso Ïro twn

sunaisjhmàtwn pou qrhsimopoie– sta tweet tou. Dhmiourge–te Ëtsi me aut† thn mËjodo Ëna
diànusma qarakthristik∏n pou qarakthr–zei thn sunolik† sumperiforà tou qr†sth to opo–o

trofodote–tai se Ëna SVM. Ant–jeta, Bajià Neurwnikà D–ktua qrhsimopoio‘ntai kai apÏ
ton Kumar [53]. SugkekrimËna apod–dei to sarkastikÏ perieqÏmeno twn tweet me bàsh ta
arijmhtikà dedomËna pou periËqei allà kai thn suntaktik† tou morf†. Parathre–tai pwc o

sarkasmÏc periËqei Ëntona arijmhtikà stoiqe–a pou ton diaforopoio‘n apÏ thn kuriolex–a.

ParÏla autà o taxinomht†c pou qrhsimopoie–tai, pou apotele– sunduasmÏ LSTM kai Suneli-
ktik∏n Neurwnikà D–ktua(Convolutional Neural Networks), apod–dei kal‘tera me thn qr†sh
Word Embeddings. Oi Ghosh & Velae[34] qrhsimopoio‘n ep–shc bajià neurwnikà d–ktua gia
thn anagn∏rish sarkasmo‘ sto Twitter. SullËgoun dedomËna mËsw suggen∏n hashtag pou
upodeikn‘oun sarkasmÏ kai qrhsimopoio‘n ton suntaktikÏ analut† tou Stanford3[21] allà

kai Bag Of Words gia thn dhmiourg–a qarakthristik∏n sta tweet. Ta qarakthristikà autà
trofodoto‘ntai se Ëna baj‘ neurwnikÏ d–ktuo pou apotele–tai apÏ Ëna ep–pedo Embedding,
d‘o ep–peda sunektik∏n dikt‘wn(CNN), d‘o ep–peda LSTM kai sthn Ëxodo twn opo–wn sun-
dËetai Ëna puknÏ neurwnikÏ d–ktuo, apod–dontac pol‘ kalà apotelËsmata. Mia prosËggish

bàsh prot‘pwn g–netai apÏ ton Bouazizi [14] pou bas–zetai se suntaktikà prÏtupa allà kai
allhlouq–ec jetikà kai arnhtikà fortismËnwn lËxewn. Ep–shc lambànontai upÏyin h qr†sh

mh sunhjismËnwn lËxewn allà kai lËxewn pou upodhl∏noun qio‘mor. Sugkr–nontai tre–c

taxinomhtËc, Random Forest, Decision Trees, SVM, kai parathre–tai pwc h qr†sh Random

2http://www.phasar.cs.ru.nl/LCS/
3https://nlp.stanford.edu/software/lex-parser.shtml
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Forest parousiàzei ta kal‘tera apotelËsmata.

2.2 Anagn∏rish eirwne–ac

H anagn∏rish eirwne–ac Ëqei qarakthriste– apÏ tic ergas–ec tou Reyes[80, 81] pou a-
potËlesan tic pr∏tec oloklhrwmËnec melËtec pànw sta MGF. Arqikà prosegg–sthke h ei-

rwne–a wc Ëna glwssikÏ fainÏmeno to opo–o periËqei kàti aprosdÏkhto allà tautÏqrona

asafËc kai antifatikÏ. Ta stoiqe–a autà prospàjhsan na proseggisto‘n me thn dhmiourg–a

qarakthristik∏n pou katametro‘n tic sunaisjhmatikËc lËxeic se sunduasmÏ me lËxeic pou

prosd–doun aprosdÏkhto nÏhma sto ke–meno. H melËth tou Reyes den diakr–nei thn glwsso-
logik† diaforà metax‘ eirwne–ac kai sarkasmo‘ kai ta dedomËna antlo‘ntai apÏ ta hastag
#irony , #sarcasm en∏ qrhsimopoie– DËndra ApÏfashc gia na taxinom†sei ta dedomËna autà.
Sthn metËpeita ereunhtik† doule–a tou auxànei thn diàstash twn qarakthristik∏n dhmiour-

g∏ntac poludiàstata qarakthristikà kai eisàgei thn Ënnoia thc ¨tautÏthtac’ tou qr†sth

me stoiqe–a Ïpwc ta shme–a st–xhc, antifatiko‘c Ïrouc kai ta qronikà epirr†mata pou qrh-

simopoio‘ntai. EpiplËon katagràfete o paràgontac tou aprosdÏkhtou me ta antifatikà

epirr†mata en∏ prosdior–zei kai to stul graf†c lambànontac upÏyin n-gram kai skip-gram
montËla. ParÏmoia diadikas–a akolouje–tai kai apÏ ton Barbieri [5] me thn diaforà pwc
plËon h an–qneush sarkasmo‘ g–netai se s‘gkrish me tweet apÏ sugkekrimËna jËmata Ïpwc
h politik†, h ekpa–deush kai to qio‘mor. SugkekrimËna, antle– dedomËna apÏ to Twitter
me bàsh ta hashtag #sarcasm, #politics, #education, #humour kai katagràfei Ïmoia me
to Reyes to aprosdÏkhto twn tweet. Analutikà, qrhsimopoie– san qarakthristikà stoi-
qe–a spàniwn kai suqn∏n lËxewn, exetàzetai h qr†sh lËxewn pou qrhsimopoio‘ntai kur–wc

ston proforikÏ lÏgo me bàsh to American National Corpus Frequency Data4. Katagràfe-

tai ep–shc h qr†sh epirrhmàtwn kai epijËtwn, h morfolog–a tou tweet, o sunaisjhmatikÏc
de–kthc tou kaj∏c kai pijanËc amfishm–ec tou. Ta qarakthristikà autà taxinome– me Ran-
dom Forest kai DËndra ApÏfashc. To stoiqe–o tou anapànteqou eisàgei kai o Buschmeir
[17] apÏ thn optik† thc sunaisjhmatik†c anisorrop–ac apÏ thn qr†sh jetikà kai arnhtikà

¨fortismËnwn’ lËxewn. EpiplËon, katagràfei ton arijmÏ apÏ ta suneqÏmena epirr†mata tou

tweet kai se sunduasmÏ me to Bag of Word dhmiourge–tai to s‘nolo twn qarakthristik∏n
thc mejÏdou aut†c. Ta qarakthristikà autà trofodoto‘ntai se Ënan algÏrijmo Logistic
Regression. Mia diaforetik† optik† parousiàzei o Huang [44] pou qrhsimopoie– Word Em-
beddings kai arqitektonikËc baji∏n neurwnik∏n dikt‘wn. SugkekrimËna, parousiàzetai pwc
Ënac mhqanismÏc prosoq†c(attention mechanism) se Recurrent Neural Network parousiàzei
ta kal‘tera apotelËsmata se sqËsh me Suneliktikà Neurwnikà D–ktua. Mia prospàjeia

dhmiourg–ac prot‘pwn pou qarakthr–zoun ta eirwnikà sqÏlia Ëgine apÏ ton Carvalho qrhsi-
mopoi∏ntac n-grams kai sunduasmo‘c epirrhmàtwn allà kai arktikÏlexa pou upodhl∏noun
qio‘mor gia qarakthristikà. TautÏqrona qrhsimopoi†jhkan megàla ke–mena apÏ thn Wall
Street Journal, uposhmeiwmËna me metaforikËc kai kuriolektikËc qr†seic tic gl∏ssac. Se

4http://www.anc.org/data/anc-second-release/frequency-data/
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Ëna diaforetikÏ mËso koinwnik†c dikt‘wshc, to Reddit5, anapt‘qjhke h ereunhtik† doule-
–a tou Wallace Ïpou protàjhke h qr†sh twn sumfrazomËnwn gia thn an–qneush eirwne–ac.
Lambànete upÏyin to jËma sto opo–o katagràfhke to sqÏlio, to suna–sjhma pou periËqetai

allà kai h onomatik† fràsh tou sqol–ou. To 2018 o diejn†c diagwnismÏc Semantic Evalu-
ation fËrei wc jËma enÏc diagwnismo‘ thn an–qneush eirwne–ac sto AgglikÏ Twitter[42]. H
omàda Thu-Ngn[101] pou termàtise sthn pr∏th jËsh tou diagwnismo‘ qrhsimopoie– pl†rwc
sundedemËna LSTM me proekpaideumËna Word Embeddings, suntaktikà qarakthristikà al-
là kai sunaisjhmatikà stoiqe–a tou tweet mËsw tou ergale–ou AffectiveTweet[67]. 'Omoia,
amf–droma LSTM me thn morf† pleioyhfiko‘ sunduasmo‘ (voting ensemble) qrhsimopoie-
– kai h omàda Ntua-Slp ta opo–a ekpaide‘ontai se Word Embeddings. H omàda WLV[83]
qrhsimopoie– ep–shc pleioyhfikÏ sunduasmÏ twn taxinomht∏n Logistic Regression kai SVM.
Qrhsimopoio‘ntai wc qarakthristikàWord-Emoji Embeddings allà kai qarakthristikà pou
anadeikn‘oun thn sunaisjhmatik† fÏrtish tou tweet. TËloc, sthn tËtarth jËsh termat–zei h
omàda NLPRL-IITBHU[78] qrhsimopoi∏ntac Ënan taxinomht† XGBoost6 me qarakthristikà
apÏ to DeepMoji7 allà kai qarakthristikà pou bas–zontai sthn ant–jesh kai thn dusarmon–a
twn lËxewn.

2.3 Anagn∏rish Metaforik∏n Glwssik∏n FainomËnwn

Oi melËtec pànw sto s‘nolo twn metaforik∏n glwssik∏n fainomËnwn e–nai elàqistec kai

autÏ diÏti h diaforËc touc e–nai mikrËc kai merikËc forËc pol‘ d‘skola diaqwr–simec. H pr∏th

apÏpeira Ëgine to 2009 apÏ thn Li[55, 89] gia thn anagn∏rish mh kuriolektik∏n fainomËnwn
me hmi-epopteuÏmenh màjhsh (semi-supervided learning). Qrhsimopoi†jhke Ënac taxinomh-
t†c basismËnoc stic lexilogikËc alus–dec allà kai sunektiko‘c gràfouc gia thn taxinÏmhsh

idiwmàtwn apÏ to Oxford Dictionary of Idiomatic English [25], exetàzontac thn ‘parxh sune-
ktikÏthtac stic sqËseic metax‘ twn lËxewn. MetËpeita protàjhke mia belt–wsh tou montËlou

auto‘ pou qrhsimopoio‘se taxinomht† SVM sto de‘tero stàdio. H Birke[12] dhmio‘rghse
Ëna mh epiblepÏmeno taxinomht† pou upolÏgize thn apÏstash omoiÏthtac mia fràshc apÏ Ëna

s‘nolo kuriolektik∏n kai metaforik∏n ekfràsewn. H Ëreuna aut† aposkopo‘se sthn e‘re-

sh twn rhmàtwn pou qarakthr–zoun tic mh kuriolektikËc ekfràseic. 'Omoia, mh epiblepÏmenh

màjhsh qrhsimopoi†jhke kai apÏ thn Bogdanova[13] Ïpou me ton k-means Ëgine h prospàjeia
na taxinomhjo‘n dedomËna metaforik∏n glwssik∏n fainomËnwn sta Rwsikà, me bàsh thn a-

pÏstash twn lËxewn apÏ ta sun†jh sumfrazÏmena touc. H Feldman[31] prosegg–zei thn
an–qneush metaforik∏n fainomËnwn kai antle– dedomËna apÏ protàseic tou British National
Corpus8. To s‘sthma bas–zetai sthn Anàlush K‘riwn Sunistws∏n(Principal Components
Analysis-PCA) qrhsimopoi∏ntac Ïmwc paràllhla BoW kai Tf-idf gia thn anaparàstash twn
dedomËnwn. To 2015 to diejnËcWorkshop Semantic Evaluation - SemEval filoxËnhse Ënan
jËma me thn onomas–a SemEval-2015 Task 11: Sentiment Analysis of Figurative Language

5https://www.reddit.com/
6https://xgboost.readthedocs.io/en/latest/parameter.html
7https://deepmoji.mit.edu/
8http://www.natcorp.ox.ac.uk/
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in Twitter[35]. To jËma autÏ apaito‘se thn taxinÏmhsh bàsh sunaisj†matoc diàfora apÏ
glwssikà fainÏmena Ïpwc h eirwne–a, o sarkasmÏc kai h metaforà. Ta dedomËna proËrqo-

ntan apÏ to Twitter kai †tan epishmeiwmËna me Ënan akËraio arijmÏ sthn kl–maka (-5,5) pou
upodhl∏nei to bajmÏ jetiko‘-arnhtiko‘ sunaisj†matoc tou kàje tweet. H axiopist–a tou ta-
xinomht† elËgqetai me thn metrik† omoiÏthtac sunhm–tonou (Cosine similarity) allà kai me to
mËso tetragwnikÏ sfàlma (Mean Squared Error). H omàda ClaC[70] termàtise sthn pr∏th
jËsh sunduàzontac tËssera lexikà gia thn exagwg† qarakthristik∏n apÏ ta dedomËna. Tau-

tÏqrona qrhsimopoi†jhkan oi suqnÏthtec emfànishc twn Ïrwn kaj∏c kai qarakthristikà tou

lÏgou Ïpwc ta emoji kai ta mËrh tou lÏgou. H omàda UPF[4], pou termàtise sthn de‘terh
jËsh, qrhsimopo–hse palindrÏmhsh, me tuqa–o deutere‘on diàsthma, gia thn taxinÏmhsh twn

qarakthristik∏n. Gia thn exagwg† qarakthristik∏n qrhsimopoi†jhkan pÏroi Ïpwc to Sen-
tiWordNet[3], to DepecheMode[91] allà kai to ANC9. Sthn tr–th jËsh termàtise h omàda

LLT-PolyU[102] qrhsimopoi∏ntac hmi-epopteuÏmenh màjhsh. Ta qarakthristikà exàgontai
apÏ uni-gram kai bi-gram montËla en∏ g–netai mia prosËggish sto suna–sjhma twn tweet a-
pÏ thn skopià twn lËxewn allà tautÏqrona lambànetai upÏyin kai pijanËc antifàseic lËxewn

se mikr† apÏstash. Ta qarakthristikà taxinomo‘ntai me Ëna regression montËlo DËntrwn
Apofàsewn. 'Enan taxinomht† basizÏmeno ston SVM qrhsimopoie– h omàda Elirf[37] pou qrh-
simopoie– san qarakthristikà n-grams kai Ëna Bag of Words montËlo tou tf-idf suntelest†
gia kàje qarakthristikÏ tou n-gram. EpiplËon, qrhsimopoio‘ntai lexikà Ïpwc to Affin[1],
to Pattern[27] kai tou Jeffrey10. TËloc, h omàda LT3 [96] qrhsimopoie– Ënan sunduastikÏ
taxinomht†, me hmi-epopteuÏmenh màjhsh, pou apotele–te apÏ mia sunàrthsh palindrÏmhshc

kai Ënan SVM taxinomht†. Ta qarakthristikà apotelo‘ntai kur–wc apÏ lexilogikà stoiqe–a
tou keimËnou en∏ sunduàzetai Ëna s‘sthma exagwg†c orolog–ac. TautÏqrona, axiopoio‘ntai

lexikà Ïpwc toWordNet[92] kai to DBpedia11. O Rajani qrhsimopo–hse ep–shc ta dedomËna
apÏ palaiÏtero diagwnismÏ tou SemEval[85] pou periËqoun idi∏mata thc Agglik†c gl∏ssac.
Dhmiourge– Ëna s‘nolo qarakthristik∏n me bàsh to Bag of Words montËlo, prosjËtontac
qarakthristikà tou perieqomËnou ton lËxewn, Ïpwc toWordNet:Similarity[72]. TautÏqrona
axiopoie– àllo Ëna lexikÏ, to MRC Psycholinguistic Database Machine Usable Dictionary
[100], se mia prospàjeia na katagràyei lËxeic geniko‘ perieqomËnou allà kai eidiko‘ skopo‘.

TËloc, ta qarakthristikà autà taxinomo‘ntai me LIBLINEAR L2 regularized Logistic Re-
gression (L2LR)[30]. Oi Piters&Wilks prosegg–zoun to jËma thc anagn∏rishc metaforik†c
gl∏ssac wc Ëna prÏblhma exagwg†c shmasiologik†c sun†jeiac sthn qr†sh thc gl∏ssac.

Axiopoio‘n tÏso to lexikÏ tou WordNet[92] Ïso kai ta ke–mena tou Semcor[16], pou peri-
Ëqei epishmeiwmËna shmasiologikà qarakthristikà pou qrhsimopoio‘ntai gia na exàgoun thn

omoiogËneia tou keimËnou.

9http://www.anc.org/
10https://github.com/jeffreybreen/twitter-sentiment-analysis-tutorial-201107/tree/

master/data/opinion-lexicon-English
11https://wiki.dbpedia.org/
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Kefàlaio 3

JewrhtikÏ upÏbajro

3.1 Mhqanik† Màjhsh

HMhqanik† Màjhsh (Machine Learning-ML) apotele– tomËa thc Teqnht†c Nohmos‘nhc
(Artificial Intelligence-AI) kai prosdoke– thn ekmàjhsh upologistik∏n mhqan∏n sthn au-
tÏmath l†yh apofàsewn. O klàdoc autÏ periËqei stoiqe–a tÏso apÏ Statistik† (Statistics)
Ïso apÏ Jewr–a thc Plhrofor–ac (Information Theory) kai thn Gnwstik† epist†mh (Cogni-
tive Science). SkopÏc touML e–nai h ekpa–deush tou upologist†, me sugkekrimËnec mejÏdouc
kai algor–jmouc, Ëtsi ∏ste katà thn l†yh apofàsewn na epitugqànei kàpoio sugkekrimËno

apotËlesma. To apotËlesma autÏ or–zetai wc apÏdosh thc mejÏdou † tou algor–jmou kai

apotele– mia metrik† pou kr–nei thn swst† leitourg–a tou. BasikÏ kommàti tou ML e–nai ta
dedomËna apÏ ta opo–a antle– gn∏sh. Ta dedomËna apotelo‘n wc ep– to ple–stwn arijmhtikà

dedomËna ta opo–a epexergàzontai kai kataqwro‘ntai se dian‘smata, ta opo–a onomàzontai

dian‘smata qarakthristik∏n (Feature Vectors), prin trofodothjo‘n ston algÏrijmoML. Oi
algÏrijmoi ML qwr–zontai se tre–c mejÏdouc: Màjhsh me Ep–bleyh (Supervised Learning),
Màjhsh qwr–c Ep–bleyh (Unsupervised Learning) kai EnisqumËnh Màjhsh (Reinforcement
Learning). Parakàtw ja g–nei mia prospàjeia gia thn anàlush touc.

3.1.1 Màjhsh me Ep–bleyh

Katà thn Màjhsh me Ep–bleyh o algÏrijmoc trofodote–tai me dedomËna ekpa–deushc (†

katàrtishc, training data) ta opo–a epishmei∏nontai mia tim† (label) pou ta qarakthr–zei. Se
autÏ to e–doc màjhshc ta dedomËna pou eisàgontai stonML algÏrijmo onomàzontai dedomËna
ekpa–deushc (Training Dataset) en∏ ta dedomËna pou qrhsimopoio‘ntai gia thn axiolÏghsh
tou algor–jmou onomàzontai dedomËna dokim†c (Test Dataset). Ta probl†mata Màjhshc me
Ep–bleyh qwr–zontai se:

• Probl†mata palindrÏmhshc (Regression): Ta dedomËna eisÏdou tou probl†matoc qara-
kthr–zontai apÏ mia tim†, sun†jwc suneq†, kai o algÏrijmoc afo‘ ekpaideute– prospa-

je– na problËyei thn tim† aut† gia to kàje nËo dedomËno. Sthn ous–a ta probl†mata

PalindrÏmhshc estiàzoun thn leitourg–a touc sthn prÏbleyh thc exÏdou gia kàje
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prÏtupo eisÏdou. QarakthristikÏ prÏblhma PalindrÏmhshc apotele– h prÏbleyh twn

metoq∏n tou qrhmatisthr–ou † h prÏbleyh tou kairo‘.

• Probl†mata TaxinÏmhshc (Classification): Se autÏ to e–doc EpiblepÏmenhc Màjhshc
o algÏrijmoc ML prospaje– na topojet†sei ta de–gmata twn dedomËnwn dokim†c se
mia katàllhlh kathgor–a. Ta dedomËna sta probl†mata taxinÏmhshc fËroun mia tim†

thc diakrit†c kathgor–ac † klàshc sthn opo–a an†koun, gegonÏc pou dikaiologe– thn

onomas–a tou probl†matoc, afo‘ h tim† aut† leitourge– wc ‘Dàskaloc’ pou epiblËpei

thn diadikas–a thc ekpa–deushc tou algor–jmou. Probl†mata taxinÏmhshc apotelo‘n

o diaqwrismÏc sk‘lwn kai gati∏n se fwtograf–ec † o diaqwrismÏc thc Rock apÏ thn
Jazz mousik†.

3.1.2 Màjhsh qwr–c Ep–bleyh

Se ant–jesh me parapànw, sthn sugkekrimËnh mËjodo ta dedomËna den diajËtoun kàpoia

epishmeiwmËnh tim† ∏ste o algÏrijmoc na ekpaideute– apÏ aut†. 'Etsi, ta probl†mata qara-

kthr–zontai wc probl†mata Ïmadopo–hshc' (Clustering) katà ta opo–a o algÏrijmoc epidi∏kei
na dhmiourg†sei omàdec † sustàdec (Clusters) kai na topojet†sei se autËc ta dedomËna pou
parousiàzoun tic megal‘terec, metax‘ touc, omoiÏthtec. Tic perissÏterec forËc to prÏblh-

ma autÏ den e–nai safËc afo‘ den gnwr–zoume ek twn protËrwn to pl†joc twn omàdwn pou

jËloume na dhmiourghjo‘n. Sthn mËjodo aut† an†koun Ëna s‘nolo idia–tera shmantik∏n

algÏrijmwn, pou estiàzoun thn leitourg–a touc sthn paragwg† dedomËnwn, Ïpwc oi ge-

netiko– algÏrijmoi. Oi genetiko– algÏrijmoi qrhsimopoio‘ntai sthn dhmiourg–a dedomËnwn

gia thn prosËggish sunart†sewn kai p†ran thn onomas–a touc apÏ genetiko‘c mhqanismo‘c

klhronÏmhshc touc opo–ouc, se Ëna bajmÏ, prosomoi∏noun.

3.1.3 EnisqumËnh Màjhsh

H EnisqumËnh màjhsh apotele– Ënan sunduasmÏ twn d‘o parapànw mejÏdwn afo‘ pa-

rÏti o algÏrijmoc trofodote–tai me dedomËna ta opo–a den qarakthr–zontai apÏ kàpoio label
diat–jetai Ëna s‘sthma timwr–ac kai antamoib†c (Punish and Reward Method) ∏ste o al-
gÏrijmoc na ekpaide‘etai sth swst† kate‘junsh. H mËjodoc aut† apotele– mia exel–ximh

episthmonik† perioq† kai g–netai idia–tera qr†simh diÏti o algÏrijmoc e–nai se jËsh na al-

lhloepidrà me to peribàllon tou. H mËjodoc EnisqumËnhc Màjhshc Ëqei qrhsimopoihje–

idia–tera se hlektronikà paiqn–dia Ïpwc to skàki kai Ëqei idia–tera uyhlËc apodÏseic.

3.2 MhqanËc Dianusmatik†c Upost†rixhc

Se autÏ to shme–o e–nai qr†simo na diatup∏soume to prÏblhma grammikà diaqwr–simwn

dedomËnwn gia thn baj‘terh katanÏhsh thc leitourg–ac twn Mhqan∏n Dianusmatik†c Upo-

st†rixhc. Wc grammikà diaqwr–sima dedomËna onomàzoume ta dedomËna gia ta opo–a upàrqei

Ëna toulàqiston uperep–pedo pou diaqwr–zei pl†rwc tic kathgor–ec pou an†koun. To upere-

p–pedo autÏ, dhlad†, prËpei na ‘af†nei’ ta prÏtupa thc miac kathgor–ac sto jetikÏ hmiq∏ro
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Sq†ma 3.1: Mh Grammikà(aristerà) kai Grammikà(dexià) Diaqwr–sima DedomËna

kai thc àllhc ston arnhtikÏ. Ant–jeta, ta s‘nola dedomËnwn gia ta opo–a den upàrqei diaqw-

ristikÏ uperep–pedo onomàzontai mh diaqwr–sima. Sta perissÏtera probl†mata taxinÏmhshc

ta dian‘smata qarakthristik∏n metax‘ twn klàsewn den e–nai grammikà diaqwr–sima dhmiour-

g∏ntac probl†mata sthn apÏdosh tou taxinomht†. Oi MhqanËc Dianusmatik†c Upost†rixhc

(Support Vector Machines-SVM) aposkopo‘n sthn e‘resh tou bËltistou uperepipËdou dia-
qwrismo‘ me apotËlesma na mporo‘n na apod–doun apotelesmatikà tÏso se grammikà Ïso kai

se mh grammikà diaqwr–sima dedomËna. AnalutikÏtera, ta SVM anazhto‘n Ëna uperep–pedo
mËgistou perijwr–ou diaqwrismo‘ twn dianusmàtwn pou an†koun se diaforetikËc klàseic.

AutÏ sunepàgetai to diaqwristikÏ uperep–pedo na diËrqetai apÏ shme–a pou prosd–doun to

mËgisto perij∏rio apostàseic metax‘ twn shme–wn tic kàje klàshc. H parapànw idiÏthta

mpore– na g–nei antilhpt† mËsw tou sq†matoc 3.2.

Sq†ma 3.2: MhqanËc Dianusmatik†c Upost†rixhc (SVM)

E–nai profanËc pwc h diaqwristik† euje–a H1 den diaqwr–zei pl†rwc ta dedomËna, Ïmwc

tÏso h H2 Ïso kai h H3 ta diaqwr–zoun. ParÏla autà, h axiopist–a thc euje–ac H3 e–nai
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pol‘ megal‘terh afo‘ to perij∏rio (margin) pou af†nei apÏ tic d‘o klàseic e–nai saf∏c
megal‘tero. To bËltistÏ autÏ uperep–pedo upolog–zoun ta SVM anazht∏ntac suntelestËc
w, b pou epil‘oun to parakàtw prÏblhma

~w · ~x� b = 0

diathr∏ntac tautÏqrona tic sunj†kec:

~w · ~x� b =

8
<

:
1, ifx 2 Class1

�1, ifx 2 Class2

(3.1)

pou onomàzontai alli∏c fore–c upost†rixhc (support vectors) kai h apÏstash touc e–nai
2

||w|| . MerikËc forËc e–nai ep–shc qr†simo na metasqhmat–soume ta dedomËna me kàpoia mh

grammik† sunàrthsh d–nontac thn dunatÏthta sto SVM na taxinom†sei apotelesmatikÏtera
ta dedomËna. 'Etsi, gia na apokthjo‘n mh grammikËc sqËseic sta dedomËna qrhsimopoio‘ntai

ta trik pur†na (kernel trick) pou metasqhmat–zoun ta dedomËna se Ëna mh grammikÏ q∏ro.
Me autÏn ton trÏpo o pur†nac tou SVM mËsw thc sunàrthshc pur†na 3.2 metasqhmat–zei
ta dedomËna se Ëna q∏ro pou h e‘resh bËltistou uperepipËdou e–nai pol‘ pio apl†.

k(~xi, ~xj) = '(~xi) · '(~xj) (3.2)

MerikËc apÏ tic pio diadedomËnec sunartseic pur†na e–nai:

• O poluwnumikÏc pur†nac bajmo‘ d: k(~xi, ~xj) = (~xi · ~xj + 1)d

• O GkaousianÏc pur†nac: k(~xi, ~xj) = exp
⇣
�k~xi�~xjk2

2�2

⌘

• O Pur†nac Aktinik†c Bàshc (RBF) me paràmetro �: k(~xi, ~xj) = exp
�
�� · k~xi � ~xjk2

�

• OPur†nac Uperbolik†c EfaptomËnhc me paràmetro �: k(~xi, ~xj) = tanh (�(~xi · ~xj) + c)

'Ena basikÏ meionËkthma twn SVM e–nai h adunam–a touc na antimetwp–soun probl†mata pol-
l∏n klàsewn. H basik† teqnik† pou qrhsimopoie–tai gia na epektaje– h leitourg–a touc

se parapànw apÏ d‘o kathgor–ec taxinÏmhshc onomàzetai ‘Ëna enant–wn Ïlwn’, kai dhmiour-

ge– tÏsa uperepep–peda Ïsec kai oi kathgor–ec diaqwrismo‘. ParÏla autà h mËjodoc aut†,

Ïpwc g–netai antilhptÏ, antimetwp–zei tÏsa probl†mata duadik†c taxinÏmhshc Ïsa kai oi ka-

thgor–ec tou probl†matoc me apotËlesma na auxànetai se megàlo bajmÏ thn upologistik†

poluplokÏthta thc taxinÏmhshc.

3.3 Teqnhtà Neurwnikà D–ktua

Se autÏ to tm†ma tou kefala–ou parajËtoume tic basikËc arqËc leitourg–ec twn teqni-

t∏n Neurwnik∏n dikt‘wn(Artificial Neural Networks - ANN) wc algor–jmwn taxinÏmhshc.
SugkekrimËna sto tm†ma autÏ anal‘ontai basikà montËla ANNs Ïpwc taMulti Layer Percep-
tron, Bajià Newrwnikà D–ktua(Deep Neural Net works), D–ktua Makràc BraquprÏjesmhc
Mn†mhc (Long Short-Term Memory -LSTM).
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Sq†ma 3.3: Diàtaxh teqnhto‘ neur∏na Perceptron

Ta ANNs dhmiourg†jhkan apÏ ton ànjrwpo me skopÏ thn epexergas–a kai thn metàdosh
plhrofor–ac basismËna ston trÏpo leitourg–ac tou anjr∏pinou egkefàlou. H pr∏th apÏpei-

ra gia dhmiourg–a enÏc teqnhto‘ neur∏na Ëgine apÏ touc McCulloch kai Pits to 1943[61] kai
anapt‘qjhkan thn dekaet–a tou 1960 me kor‘fwsh to bibl–o twn Minsky kai Papert to 1969
[65]. Saf∏c h leitourg–a tou anjr∏pinou egkefàlou den e–nai o‘te duadik† o‘te stajer†

epomËnwc se kam–a per–ptwsh den mpore– na proseggiste– epark∏c apÏ ANNs. Se aut†
thn logik† ta ANNs aposkopo‘n, katà bàsh, sthn ep–lush problhmàtwn pou den mporo‘n
na epilujo‘n apÏ thn paradosiak† upologistik†. PollËc forËc e–nai qr†simo na antime-

twp–zoume ta ANN wc kateujunÏmenouc gràfouc me sunàyeic pou diajËtoun sunart†seic
energopo–hshc. H arqitektonik† tou ANN e–nai àrrhta sundedemËnh me thn ekpa–deush tou.

3.3.1 TeqnhtÏc Neur∏nac - Perceptron

To basikÏtero stoiqe–o twn ANNs apotele– o neur∏nac Perceptron o opo–oc perie-
gràfhke arqikà apÏ ton Rosenblatt to 1958[84]. To Pereptron apotele– emprÏsjia tro-
fodoto‘meno (Feedforward) ANN. Sthn genik† touc morf† ta d–ktua autà prospajo‘n na
prosegg–soun mËsw thc exÏdou touc mia sunàrthsh † tim† anaforàc kai an†koun sthn kath-

gor–a grammik∏n taxinomht∏n (linear classifiers). H Ëxodoc Ënoc Feedforward dikt‘ou d–netai
apÏ mia sqËsh y = f(x; ✓) me ✓ Ëna s‘nolo paramËtrwn thc diàtaxhc.

To montËlo Perceptron dËqetai san e–sodo Ëna diànusma x = [x0, x1, ..., xn] 2 Rn kai

paràgei mia Ëxodo y 2 R. 'Opwc mporo‘me na parathr†soume kai apÏ to Sq†ma 3.3 to
diànusma eisÏdou pollaplasiàzetai me Ëna diànusma bar∏n (bàrh s‘ndeshc) W 2 Rn kai to

apotËlesma eisàgetai se mia mh grammik† sunàrthsh energopo–hshc (Activation Function)
apÏ thn opo–a paràgetai h Ëxodoc y tou dikt‘ou. Analutikà h Ëxodoc-prÏbleyh tou dikt‘ou
d–netai apÏ thn sqËsh:

y = f(
nX

i=0

xiwi + b) (3.3)

me f(.) thn sunàrthsh energopo–hshc kai b thn pÏlwsh (bias) tou dikt‘ou.
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3.3.2 Poluep–peda Perceptron - Multy Layer Perceptron

O teqnhtÏc neur∏nac Perceptron apotele– Ënan kajarà grammikÏ taxinomht† pou den
mpore– na prosegg–sei mh grammikà probl†mata. Gia thn ep–lush mh grammik∏n problhmàtwn

mporo‘n na sunduasto‘n teqnhto– neur∏nec kai na dhmiourghje– Ëna poluep–pedo d–ktuo neu-

r∏nwn Perceptron-Multy Layer Perceptron (MLP). H dhmiourg–a poluep–pedwn neur∏nwn
se sunduasmÏ me thn qr†sh mh grammik∏n sunart†sewn energopo–hshc mac fËrnei Ëna b†ma

pio kontà sthn leitourg–a tou anjr∏pinou egkefàlou pou leitourge– me pollà str∏mata

diasundedemËnwn neur∏nwn. Se aut† thn arqitektonik† kàje neur∏nac sundËetai me touc

neur∏nec tou prohgo‘menou str∏matoc kai den upàrqoun diasundËseic metax‘ neur∏nwn tou

–diou str∏matoc. Ta endiàmesa apÏ to arqikÏ (eisÏdou) str∏mata tou MLP onomàzontai
krufà str∏mata(Hidden Layers) en∏ to telikÏ str∏ma onomàzetai str∏ma exÏdou (Output
Layer).

Sq†ma 3.4: Diàtaxh Multy Layer Perceptron

Kàje neur∏nac tou krufo‘ str∏matoc apotele– Ëna Perceptron Ëtsi h Ëxodoc tou krufo‘
str∏matoc mpore– na anaparastaje– me sumpag† trÏpo wc:

a(j) = Wy(j�1) + b (3.4)

meW = [w1
T
, w2

T
, ..., wm

T ]T ton p–naka bar∏n tou str∏matoc j pou sundËetai me tic exÏdouc

tou str∏matoc j � 1 kai wi = [w1i, w2i, ..., wNi]T ta bàrh tou neur∏na Perceptron i sto

str∏ma j. H diàstash tou p–naka W e–nai M ⇥ N opo‘ M e–nai to pl†joc twn neur∏nwn

tou str∏matoc j kai N to pl†joc twn neur∏nwn tou str∏matoc j � 1.

Gia na epil‘soume mh grammikà probl†mata me thn qr†sh MLP e–nai plËon apara–thto
o arijmÏc twn neur∏nwn exÏdou na taut–zetai me to pl†joc twn klàsewn-kathgori∏n tou

probl†matoc taxinÏmhshc. Me bàsh ta parapànw mporo‘me na upolog–soume twn arijmÏ
twn paramËtrwn enÏc MLP. An jewr†soume Ëna diànusma eisÏdou Nin diastàsewn autÏ

ja sundËetai me to pr∏to str∏ma neur∏nwn pl†jouc N1 kai epomËnwc ja Ëqoume Nin ⇥N1
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metablhtËc. Me thn –dia logik† to de‘tero str∏ma exÏdou ja dËqetai san e–sodo tic N1

metablhtËc tou pr∏tou str∏matoc kai ja upolog–zei ton grammikÏ sunduasmÏ touc me tic

N2 paramËtrouc tou de‘terou str∏matoc, epomËnwc ja Ëqoume N1 ⇥N2 metablhtËc. TËloc

h –dia logik† isq‘ei kai gia to str∏ma exÏdou kai an jewr†soume Ïti autÏ apotele–tai apÏ

Nout neur∏nec tÏte to s‘nolo paramËtrwn tou dikt‘ou upolog–zetai wc:

card(MLP ) = Nin ⇥N1 +N1 ⇥N2 + ...+Nn�1 ⇥Nout (3.5)

'Otan to MLP apotele–tai apÏ parapànw tou enÏc krufà str∏mata tÏte autÏ onomàzetai
Baj‘ NeurwnikÏ D–ktuo (Deep Neural Network-DNN) kai mpore– na epil‘sei akÏma pio
s‘njeta kai mh grammikà probl†mata.

3.3.3 Ekpa–deush Neurwnik∏n Dikt‘wn

E–nai qr†simo na kajor–soume merikà apÏ ta basikà qarakthristikà pou prËpei na diËpoun

Ëna leitourgikÏ kai apotelesmatikÏ neurwnikÏ d–ktuo Ëtsi ∏ste na g–nei antilhpt† h shmas–a

thc epilog†c katàllhlwn ergale–wn gia thn ekpa–deush tou. 'Ena neurwnikÏ d–ktuo prËpei

na Ëqei thn dunatÏthta na perat∏nei thn ekpa–deush se peperasmËno qrÏno katanal∏nontac

Ïso to dunatÏn ligÏterh upologistik† isq‘, sunep∏c tÏso h epilog† twn endedeigmËnwn

ergale–wn Ïso kai h epilog† tou katàllhlou pl†jouc dedomËnwn ekpa–deushc e–nai idia–tera

shmantik†. TautÏqrona prËpei na diathre– thn idiÏthta tou na genike‘ei dhlad† na diathre–

mikrÏ sfàlma prÏbleyhc tÏso sta dedomËna ekpa–deushc Ïso kai sta dedomËna elËgqou. H

ekpa–deush enÏc neurwniko‘ dikt‘ou apotele– mia epanalhptik† diadikas–a katà thn opo–a oi

paràmetroi tou dikt‘ou prosarmÏzontai ∏ste na Ëqoume thn epijumht† Ëxodo/prÏbleyh. H

kàje epanàlhyh thc diadikas–a onomàzetai epoq† (epoch) kai to pl†joc twn epoq∏n ephreàzei
shmantikà tÏso thn dunatÏthta kathgoriopo–hshc tou montËlou Ïso kai thn ikanÏthta tou

na genike‘ei. Upàrqoun d‘o e–dh ekpa–deushc pou diaqwr–zontai me bàsh thn ananËwsh

twn paramËtrwn tou montËlou. H pr∏th onomàzetai On-line Learning kai ta bàrh tou
dikt‘ou anane∏nontai paràdeigma me paràdeigma apÏ ta dedomËna ekpa–deushc. Ant–jeta

sthn ekpa–deush me pakËta (Batch Learning) ta bàrh tou dikt‘ou anane∏nontai metà thn
e–sodo tou sunÏlou twn dedomËnwn ekpa–deushc. H diadikas–a thc ekpa–deushc leitourge–

kur–wc me ton upologismÏ diafor∏n kai parag∏gwn en∏ exartàtai apÏ diàforec paramËtrouc

Ïpwc o arijmÏc twn epanal†yewn, h sunàrthsh energopo–hshc, h sunàrthsh kÏstouc kai h

sunàrthsh beltistopo–hshc. Parakàtw ja anapt‘xoume merikËc apÏ autËc.

3.3.3.1 Sunàrthsh Energopo–hshc - Activation Function

H sunàrthsh energopo–hshc e–nai h basik† mh grammikÏthta enÏc neurwniko‘ dikt‘ou

kai apotele– shmantikÏ kommàti thc ekmàjhshc per–plokwn prot‘pwn. H sunàrthsh ener-

gopo–hshc sthn ous–a apotele– Ënan kÏmbo ‘apÏfashc’ pou energopoie–tai kai metafËrei to

apotËlesma sthn Ëxodo tou dikt‘ou † Ïqi anàloga me thn tim† pou eisàgetai se autÏn.

MerikËc apÏ tic poio basikËc sunart†seic energopo–hshc parousiàzontai parakàtw:
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• Sigmoeid†c Sunàrthsh (Sigmoid function): Apotele– mia apÏ tic pr∏tec sunart†seic
pou qrhsimopoi†jhkan qronikà. H leitourg–a thc eggue–tai sthn antisto–qish thc tim†c

eisÏdou se mia tim† sto diàsthma (0,1) me thn idiaiterÏthta Ïmwc na metafËrei tic

mikrÏterec timËc kontà sto 0 kai tic megal‘terec kontà sto 1, qwr–c Ïmwc potË na

lambànei tic timËc autËc. To gegonÏc pwc oi megàlec kai oi mikrËc timËc eisÏdou

klimak∏nontai kontà sto 0 kai sto 1 ant–stoiqa, Ïpwc fa–netai kai sto Sq†ma 3.5 mac

odhge– se pol‘ mikrËc timËc kl–shc, akÏma kai mhdenikËc, kànontac thn diadikas–a thc

màjhshc arketà arg† † endeqomËnwc na stamat†sei. To fainÏmeno autÏ onomàzetai

exasjËnish kl–shc(Vanishing Gradients) kai mac dhmiourge– arketà probl†mata sthn
diadikas–a màjhshc pou ja anapt‘xoume sthn sunËqeia.

Sq†ma 3.5: Sigmoeid†c Sunàrthsh Energopo–hshc

H sigmoeid†c sunàrthsh d–netai apÏ ton t‘po:

f(x) = �(x) =
1

1 + e�x
(3.6)

• Uperbolik† efaptomËnh (Hyperbolic tangent): 'Omoia me thn sigmoeid† h uperbolik†
efaptomËnh ant–stoiqh thn e–sodo me bàsh Ëna kat∏fli sto diàsthma (-1,1).

Sq†ma 3.6: Uperbolik† EfaptomËnh

To pleonËkthma thc Ënanti thc sigmoeid†c sunàrthshc e–nai den metabàlei aisjhtà thc

timËc pou br–skontai kontà sto 0 kai epomËnwc bohjo‘n ton epÏmeno neur∏na katà

thn diadikas–a diàdoshc. To parapànw pleonËkthma apotele– ton basikÏ lÏgo pou

qrhsimopoie–tai se epanalambanÏmena neurwnikà d–ktua (Recurrent Neural Network).



3.3 Teqnhtà Neurwnikà D–ktua 31

H uperbolik† efaptomËnh upolog–zetai wc :

f(x) = tanh(x) =
(ex � e

�x)

(ex + e�x)
(3.7)

'Opwc mporo‘me na do‘me sto Sq†ma 3.6 oi mikrËc timËc metatop–zontai kontà sto -1

en∏ oi megàlec sto 1. 'Opwc kai sthn per–ptwsh thc sigmoeid†c sunàrthshc antimetw-

p–zoume probl†mata Vanishing Gradient, se pol‘ mikrÏtero Ïmwc bajmÏ.

• Rectified Linear Unit (ReLU): Apotele– thn plËon eurËwc qrhsimopoio‘menh sunàr-
thsh energopo–hshc kai Ïpwc fa–netai sto Sq†ma 3.7 oi timËc eisÏdou pou e–nai mi-

krÏterec tou mhdenÏc pa‘oun na lambànoun mËroc sthn diadikas–a thc màjhshc. 'Ena

basikÏ prÏblhma thc ReLu e–nai pwc gia jetikËc eisÏdouc den e–nai oriojethmËnh me
apotËlesma gia idia–tera megàlh e–sodo na lambànoume teràstia Ëxodo. To gegonÏc

autÏ Ïmwc ustere– Ënanti sto basikÏ thc pleonËkthma kai thn kajistà basik† sunàr-

thsh energopo–hshc tÏso gia MLP Ïso kai gia DNN. H sunàrthsh energopo–hshc

Sq†ma 3.7: Rectified Linear Unit (ReLU)

ReLU d–netai apÏ thn ex–swsh:

f(x) = (0,max) (3.8)

H ReLu Ëqei idia–tera qamhl† puknÏthta (low sparsity) afo‘ ‘nekr∏nei’ to s‘nolo
twn neur∏nwn oi opo–oi Ëqoun arnhtikËc timËc. To gegonÏc autÏ e–nai idia–tera qr†si-

mo upologistikà afo‘ mei∏nei to qrÏno ekmàjhshc tou dikt‘ou kànontac to idia–tera

apodotikÏ. TautÏqrona Ïmwc dhmiourgo‘ntai probl†mata stouc neur∏nec oi opo–oi

Ëqoun ‘nekrwje–’ afo‘ h orizÏntia gramm† gia arnhtikËc timËc ja Ëqei stajer† kai mh-

denik† paràgwgo kaj’ Ïlh thn diadikas–a ekmàjhshc, mh d–nontac thn dunatÏthta ston

neur∏na na allàxei tim†. To prÏblhma autÏ anafËretai sthn bibliograf–a wc ‘dying
ReLu’ dhl∏nontac thn adunam–a thc ReLu na epanaqrhsimopoi†sei kàpoio neur∏na
afo‘ làbei mia arnhtik† tim†. Gia na antimetwpiste– to parapànw prÏblhma qrhsimo-

poio‘me mia parallag† thc ReLU pou antikajistà thn orizÏntia gramm† twn arnhtik∏n
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tim∏n me mia grammik† sunàrthsh me pol‘ mikr† kl–sh ∏ste na d–nei thn dunatÏthta se

Ënan neur∏na pou Ëqei làbei arnhtik† tim† se kàpoio diàsthma thc màjhshc na epa-

nËljei(recover). H parallag† aut† kale–tai sun†jwc wc Leaky ReLU kai h tim† thc
kl–shc apotele– paràmetro thc sunàrthshc.

• Sunàrthsh Energopo–hshc (Softmax): Sthn pragmatikÏthta h sunàrthsh sofmax den
apotele– kat' ous–an sunàrthsh energopo–hshc allà anafËretai wc tËtoia bibliogra-

fikà. EfarmÏzetai sto str∏ma exÏdou twn perissÏterwn ANN anexàrthta apÏ thn

sunàrthsh energopo–hshc pou efarmÏzetai stouc neur∏nec tou dikt‘ou. Oi neur∏nec

sto str∏ma exÏdou jewrhtikà mporo‘n na làboun opoiad†pote tim†. To gegonÏc

Ïmwc pwc apotelo‘n pijanÏthtec to tuqa–o de–gma eisÏdou na an†kei se mia apÏ tic

N-klàseic tou probl†matoc dhmiourge– thn anàgkh na ‘kanonikopoi†soume’ thc timËc

exÏdou Ëtsi ∏ste na katanemhjo‘n sto diàsthma [0,1] kai to àjroisma touc na iso‘tai

me 1. Sthn ous–a jËloume h Ëxodoc kàje neur∏na tou str∏matoc exÏdou na iso‘tai me

ŷi = P (y = i|x). H sunàrthsh sofmax ektele– akrib∏c aut† thn leitourg–a kai d–netai
apÏ ton t‘po:

Softmax(zj) =
e
zj

PN
j=0 e

zj
(3.9)

3.3.3.2 Sunàrthsh KÏstouc - Cost Function

H sunàrthsh kÏstouc aposkope– ston Ëlegqo thc epanalhptik†c diadikas–ac ekpa–deu-

shc. Sun†jwc thn sumbol–zoume me J(✓) kai upolog–zei pÏso kontà br–sketai h Ëxodoc

tou dikt‘ou me thn epijumht† tim† gia dedomËnec paramËtrouc. H pio gnwst† sunàrthsh

kÏstouc qrhsimopoie– thn entrop–a kai onomàzetai Ap∏leia Diatropik†c Entrop–ac
(Crossentropy Loss). To kÏstoc upolog–zetai pànw sta bàrh-paramËtrouc tou dikt‘ou Ïpwc
fa–netai apÏ thn ex–swsh 3.10

J(✓) = �H(y, p) = �
NX

i=0

ŷilog(pij) (3.10)

me N to sunolikÏ arijmÏc kathgori∏n-klàsewn twn dedomËnwn, yi h ektim∏menh tim† gia thn

parat†rhsh i kai pij = p(ŷi = j|x) h posterior pijanÏthta to i de–gma na an†kei sthn j

klàsh. H parapànw ex–swsh upolog–zei to kÏstoc enÏc de–gmatoc eisÏdou epomËnwc gia ton

upologismÏ tou sunoliko‘ kÏstouc twn dedomËnwn eisÏdou arke– na upolog–soume ton arij-

mhtikÏ mËso Ïro twn epimËrouc sfalmàtwn. H leitourg–a aut†c thc sunàrthshc kÏstouc e–nai

h s‘gkrish twn d‘o pijanothk∏n katanom∏n, thc prÏbleyhc kai thc anamenÏmenhc exÏdou.

Suqnà sthn bibliograf–a thn sunantàme wc Arnhtik† Logarijmik† Pijanofàneia(Negative
Logarithmic Likelihood).
Mia ep–shc gnwst† sunàrthsh kÏstouc h opo–a qrhsimopoi†jhke sthn melËth mac e-

–nai toMËso TetragwnikÏ Sfàlma (Mean Squared Error) to opo–o upolog–zei thn
tetragwnik† apÏstash metax‘ thc epijumht†c tim†c kai thc prÏbleyhc Ïpwc fa–netai sthn

ex–swsh 3.11.
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J(✓) =
1

n

MX

i=0

(Yi � ŷi)
2 (3.11)

'Opwc mpore– na g–nei e‘kola antilhptÏ aut† h sunàrthsh kÏstouc den upolog–zei pijanotikËc

diaforËc allà kajarà arijmhtikËc. To gegonÏc autÏ, Ïpwc mpore– na g–nei e‘kola antilhptÏ,

dhmiourge– arketà probl†mata afo‘ oi klàseic enÏc probl†matoc den apotelo‘n apara–thta

diatetagmËnouc arijmo‘c.

3.3.3.3 AlgÏrijmoc Beltistopo–hshc - Optimization Algorithm

Upàrqoun d‘o k‘rioi algÏrijmoi beltistopo–hshc oi opo–oi qrhsimopoio‘ntai eurËwc sta

perissÏtera probl†mata mhqanik†c màjhshc. O pr∏toc qronikà e–nai o algÏrijmoc Op–sjiac

AnatrofodÏthshc Sfàlmatoc(Back Propagation Algorithm). O algÏrijmoc autÏc prwto-
diatup∏jhke thn dekaet–a tou 60, Ëlabe thn s‘gqronh morf† tou to 1970 apÏ ton FilandÏ

foit†th Linnainmaa[57] kai pr∏to efarmÏsthke sta ANN to 1986 apÏ ton Rumelhart [87].
O algÏrijmoc autÏc epanaupolog–zei kai prosarmÏzei tic timËc bar∏n tou ANN me ton u-
pologismÏ thc kl–shc tou kÏstouc wc proc thn kàje paràmetro tou dikt‘ou. H diadikas–a

aut† Ëpetai thc emprÏsjiac trofodÏthshc tou dikt‘ou(Feed Forward) katà thn opo–a tro-
fodoto‘me to dikt‘ou me mia e–sodo x kai upolog–zoume thn problepÏmenh tim† exÏdou y. H

prosarmog† tou kàje bàrouc g–netai me thn prÏsjesh thc kl–shc thc sunàrthshc kÏstouc

wc proc to bàroc tou neur∏na k, @J(✓)
@wk
. H diadikas–a aut† ektele–tai epanalhptikà apÏ thn

Ëxodo tou dikt‘ou proc thn e–sodo kai bas–zetai ston upologismÏ merik∏n parag∏gwn me ton

kanÏna thc alus–dac. To basikÏ pleonËkthma tou algor–jmou auto‘ egguàtai ston gr†goro

upologismÏ tou kai sthn àmesh anaprosarmog† tuqÏn auja–rethc tim†c pÏlwshc se kàpoion

neur∏na.

'Enac àlloc, ex–sou diadedomËnoc, e–nai o StoqastikÏc AlgÏrijmoc Tàqisthc
Katàbashc (Stochastic Gradient Descent). An†kei sthn megàlh kathgor–a algor–jmwn
Gradient Descent pou bas–zoun thn leitourg–a touc sthn elaqistopo–hsh † megistopo–h-
sh miac sunàrthshc kÏstouc me thn qr†sh thc kl–shc(gradient) twn paramËtrwn tou pro-
bl†matoc. O algÏrijmoc autÏc ektele–tai epanalhptikà mËqri na epËljei s‘gklish † na

oloklhrwje– Ënac orismËnoc arijmÏc epanal†yewn(Termination Criteria) kai oi paràmetroi
tou dikt‘ou anane∏nontai me bàsh thn parakàtw ex–swsh:

✓t+1 = ✓t � �r✓J(✓) (3.12)

me ✓ to s‘nolo twn paramËtrwn tou probl†matoc, � ton rujmÏ màjhshc(learning rate) kai
J(✓) thn sunàrthsh kÏstouc Ïpwc anal‘same parapànw. Sthn pràxh qrhsimopoie–tai me

thn morf† mikr∏n pakËtwn (Mini-batches) dedomËnwn ∏ste na Ëqei taq‘terh s‘gklhsh kai
na mpore– na ekteleste– paràllhla se Ïlouc touc pur†nec twn upologistik∏n susthmàtwn.

'Etsi kàje epanàlhyh tou algor–jmou ektele–tai se Ëna tuqa–o de–gma tou sunÏlou twn de-

domËnwn ekpa–deushc, prokajorismËnou megËjouc. To mËgejoc autÏ upolog–zetai empeirikà

16-64 de–gmata anà epanàlhyh. O algÏrijmoc autÏc Ëqei orismËna meionekt†mata pou mac o-

dhgo‘n sthn qr†sh orismËnwn parallag∏n tou. To gegonÏc pwc diathre– stajerÏ ton rujmÏ
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màjhshc � kaj∏c kai h pol‘ arg† tou s‘gklhsh se probl†mata me megàlo pl†joc dedomËnwn

lÏgw thc megàlhc diasporàc thc kl–shc(bl. Sq†ma 3.8) od†ghsan sthn dhmiourg–a algo-

r–jmwn prosarmosmËnwn gia probl†mata mhqanik†c màjhshc me megàlo pl†joc dedomËnwn.

Sq†ma 3.8: PrÏblhma S‘gklishc SGD

'Enac apÏ auto‘c e–nai o algÏrijmoc Adam (adaptive moment estimation)[50] pou ba-
s–zetai sthn leitourg–a tou klasiko‘ Stochastic Gradient Descent qrhsimopoi∏ntac Ïmwc
metablhtÏ rujmÏ màjhshc gia kàje paràmetro-bàroc tou dikt‘ou qrhsimopoi∏ntac tÏso thn

pr∏th Ïso kai thn de‘terh bajm–da kl–shc(First-Second Moment of Gradient) gia thn lei-
tourg–a tou. TautÏqrona gia na apof‘gei fainÏmena talàntwshc Ïpwc autÏ tou Sq†matoc

3.8 qrhsimopoie– duo metablhtËc paràlhyhc (Forget Variables) pou epitaq‘noun thn diadi-
kas–a s‘gklhshc. MetablhtÏ rujmÏ màjhshc qrhsimopoie– kai o algÏrijmoc Adagrad pou
tautÏqrona prosarmÏzei megàlec enhmer∏seic gia spàniec paramËtrouc kai mikrÏterec gia

pio suqnËc. To gegonÏc autÏ kànei ton algÏrijmo idia–tera e‘rwsto. ParÏla autà parousi-

àzei shmantik† me–wsh tou rujmo‘ màjhshc me thn pàrodo twn epoq∏n kai h màjhsh g–netai

ad‘nath. Gia thn belt–wsh auto‘ dhmiourg†jhke mia epËktash tou, o Adadelta [103], pou
qrhsimopoie– apokleistikà thn de‘terh bajm–da kl–shc wc rujmÏ màjhshc allà kai touc proh-

go‘menouc rujmo‘c màjhshc se Ëna orismËno qronikÏ ‘paràjuro’. 'Etsi o rujmÏc màjhshc

thn trËqousa epoq† ephreàzetai apÏ touc rujmo‘c � prohgo‘menouc rujmo‘c se ant–jesh

me ton Adagrad pou làmbane upÏyin Ïlouc touc prohgo‘menouc rujmo‘c màjhshc.

3.3.3.4 Kanonikopo–hsh Dikt‘ou

E–nai shmantikÏ se autÏ to shme–o na katagrafo‘n orismËnec teqnikËc pou qrhsimo-

poio‘ntai me skopÏ thn me–wsh tou upologistiko‘ kÏstouc thc ekpa–deushc allà kai thc

ikanÏthta thc gen–keushc tou montËlou.
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NÏrma L2: Sto megal‘tero mËroc twn problhmàtwn mhqanik† màjhshc kanonikopoio-

‘me tic paramËtrouc tou montËlou me thn L2 nÏrma touc. Me thn qr†sh thc kanonikopo–hshc

oi timËc twn paramËtrwn diathro‘ntai kontà sto 0 apofe‘gontac megàlec timËc kai sunep∏c

uyhlÏ upologistikÏ kÏstoc. TautÏqrona Ïpwc apode–qthke [39], h kanonikopo–hsh odhge–

se timËc paramËtrwn pou mei∏noun aisjhtà to kÏstoc kai tautÏqrona tic apotrËpei apÏ to

na làboun timËc pou den mei∏noun to kÏstoc. Me ton trÏpo autÏ mei∏netai h pijanÏthta

talàntwshc tou algor–jmou beltistopo–hshc kai Ëqoume taq‘terh s‘gklhsh. H kanoniko-

po–hsh L2 g–netai me thn prosj†kh enÏc tetragwniko‘ Ïrou twn paramËtrwn tou dikt‘ou

sth sunàrthsh kÏstouc Ïpwc fa–netai apÏ thn parakàtw ex–swsh:

J 0(✓) = J(✓) + �
X

i

✓i (3.13)

Ïpou � suntelest†c kanonikopo–hshc pou kajor–zei thn epirro† thc kanonikopo–hshc sth

sunàrthsh kÏstouc.

Mia ep–shc shmantik† teqnik† gia thn idiÏthta twn montËlwn na genike‘oun kai na mhn

uperprosarmÏzontai (Overfit) sta dedomËna ekpa–deushc e–nai o tuqa–oc mhdenismÏc bar∏n
(Dropout) [90]. H teqnik† aut† mhden–zei stoqastikà orismËna apÏ ta bàrh tou dikt‘ou me
skopÏ na ‘nekr∏nontai’ orismËnoi neur∏nec tou dikt‘ou katà thn ekpa–deush. AutÏ aposko-

pe– sthn ekpa–deush neur∏nwn se orismËna qarakthristikà ∏ste h apÏdosh tou montËlou

na e–nai uyhl† gia opoiod†pote dedomËno eisÏdou.

3.3.4 EpanalambanÏmena Neurwnikà D–ktua - Recurrent Neural Net-
works

Ta epanalambanÏmena neurwnikà d–ktua apotelo‘n mia kathgor–a Neurwnik∏n Dikt‘wn

pou eidike‘ontai sta akoloujiakà dedomËna, Ïpwc ta s†mata fwn†c, dedomËna keimËnwn †

akÏma kai optikà dedomËna me suneq† k–nhsh. To basikÏ qarakthristikÏ touc e–nai h ika-

nÏthta na apojhke‘oun plhrofor–a gia tic prohgo‘menec katastàseic kai na qrhsimopoio‘n

aut† thn plhrofor–a (mn†mh) gia thn prÏbleyh epÏmenwn katastàsewn. 'Opwc fa–netai kai

sto Sq†ma 3.9 h Ëxodoc tou kàje neur∏na thn qronik† stigm† t exartàtai plËon tÏso apÏ thn

e–sodo xt Ïso kai apÏ thn Ëxodo tou prohgo‘menou neur∏na, dhlad† thn ht�1. To gegonÏc

autÏ bohjà to RNN na mpore– na exàgei apotelËsmata me bàsh ta sumfrazÏmena(context)
pou e–nai idia–tera shmantikÏ gia akoloujiakà dedomËna. 'Opwc kai sta paradosiakà ANN

Sq†ma 3.9: EpanalambanÏmeno NeurwnikÏ D–ktuo
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Ëtsi kai ed∏ upàrqei Ëna s‘nolo paramËtrwn ✓ ta opo–a prËpei na ekpaideuto‘n katàllhla

me bàsh ta dedomËna. Se ant–jesh Ïmwc me ta ANN ektÏc apÏ ta bàrh Wi pou sundËoun thn

e–sodo Qi me thn Ëxodo Y , upàrqei kai Ëna diànusma bar∏n Ui to opo–o epidrà pànw sthn Ëxo-

do tou prohgo‘menou neur∏na kai sumbàlei me thn seirà tou ston upologismÏ thc epÏmenhc

katàstashc. Oi exis∏sei pou diËpoun thn leitourg–a enÏc RNN fa–nontai parakàtw:

ht = fh(Whxt + Uhht�1 + bh) (3.14)

yt = fy(Wyht + by) (3.15)

me fh, fy tic sunart†seic energopo–hshc gia ta h kai y ant–stoiqa, Wh, Wy, Uh ta bàrh

tou dikt‘ou, xt h e–sodoc tou dikt‘ou thn qronik† stigm† t, ht h kruf† Ëxodoc tou dikt‘ou

thn qronik† stigm† t kai tËloc bh, by oi timËc pÏlwshc (bias) gia tic krufËc katàstashc kai
thn Ëxodo tou dikt‘ou. E–nai e‘kolo na g–nei katanohtÏ pwc gia na dhmiourg†soume bajiËc

arqitektonikËc arke– na stoibàxoume d‘o † perissÏtera RNN jËtontac sthn ous–a tic krufËc
katastàseic ht wc e–sodo tou epÏmenou str∏matoc. TËloc ax–zei na shmeiwje– pwc ta RNN
Ëqoun thn dunatÏthta na aniqne‘oun qronikËc exart†seic kai se mh akoloujiakà dedomËna

eisÏdou.

3.3.4.1 Amf–droma RNN

MerikËc forËc e–nai qr†simo, ant– na problËpoume mellontikËc katàstashc me bàsh tic

prohgo‘menec eisÏdouc, na problËpoume progenËsterec katastàseic qrhsimopoi∏ntac tic

mellontikËc anatrËqontac ta dedomËna proc ta p–sw. Se epËktash auto‘ genn†jhke h idËa

gia thn dhmiourg–a enÏc neur∏na o opo–oc ja lambànei upÏyin tou kai tic d‘o pijanËc roËc

tic plhrofor–ac sta dedomËna(eujËwc kai ant–strofa). Oi neur∏nec auto– onomàsthkan

Amf–droma EpanalambanÏmena Neurwnikà D–ktua (Bidirectional RNN) kai h leitourg–a tou
fa–netai sto Sq†ma 3.10.

Sq†ma 3.10: Amf–dromo EpanalambanÏmeno NeurwnikÏ D–ktuo

Sthn ous–a ta Amf–droma EpanalambanÏmena Neurwnikà D–ktua apotelo‘n sunduasmÏ

d‘o RNN pou epexergàzontai ta dedomËna anàpoda. H kruf† katàstash tou dikt‘ou thn
qronik† stigm† t apotele– thn sunËnwsh twn d‘o kruf∏n katastàsewn, tou eujËwc kai tou

ant–strofo‘: RNN:
ht =

�!
ht ||
 �
ht (3.16)
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3.3.4.2 MhqanismÏc Prosoq†c (Attention Mechanism)

O MhqanismÏc prosoq†c efarmÏzetai pànw sto an∏tero str∏ma enÏc RNN kai estiàzei
sta shmantikÏtera tm†mata thc akolouj–ac eisÏdou agno∏ntac mËrh thc akolouj–ac ta opo–a

den epidro‘n sthn taxinÏmhsh. Ta stoiqe–a tou dian‘smatoc ↵ pou prok‘ptei apÏ ton Mh-

Sq†ma 3.11: MhqanismÏc Prosoq†c se RNN

qanismÏ Prosoq†c apotelo‘n touc suntelestËc epirro†c thc kàje katàstashc sthn telik†

Ëxodo kai lÏgw thc qr†shc thc sunàrthshc energopo–hshc Softmax ajro–zoun sthn mo-

nàda, dhlad†
PT

t=0 ↵t = 1. AnalutikÏtera, o mhqanismÏc autÏc prosd–dei bàrh stic krufËc

katastàseic ht wc ex†c:

rt = tanh(Whht + bt) (3.17)

at = sofmax(rt) =
e
rt

PT
j=0 e

rt
(3.18)

s =
TX

t=0

atht (3.19)

3.3.4.3 Monàda Makràc BraquprÏjesmhc Mn†mhc

To basikÏ meionËkthma twn RNN e–nai h adunam–a touc na montelopoi†soun qronikËc
exart†seic makràc diàrkeiac. Oi algÏrijmoi ekpa–deushc qrhsimopoio‘n parag∏gouc gia ton

upologismÏ kai thn ananËwsh twn paramËtrwn tou dikt‘ou Ïpwc anafËrjhke sto kefàlaio

3.3.3. Oi kl–seic Ïmwc se exart†seic makràc diàrkeiac apotelo‘n sunjËseic merik∏n pa-

rag∏gwn, s‘mfwna me ton kanÏna thc alus–dac, pou te–noun na exasjeno‘n te–nontac sto

mhdËn, kai sunep∏c den h màjhsh twn neur∏nwn kaj–statai ad‘nath. To fainÏmeno autÏ
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onomàzetai exafànish thc kl–shc (Vanishing Gradients) kai Ëqei san apotËlesma thn adu-
nam–a tou montËlou na ekpaideute– katàllhla. To prÏblhma autÏ mpore– na antimetwpiste–

me thn dhmiourg–a mia monàdac Makràc BraquprÏjesmhc Mn†mhc (Long Short Term Mem-
ory). To LSTM se ant–jesh me ta klasikà RNN, diajËtei mia p‘lh l†jhc (forget gate) pou
d–nei thn dunatÏthta sthn monàda na apokÏptei mikrËc † megàlec timËc kl–shc ∏ste na mhn

emfan–zontai fainÏmena exafànishc † Ëkrhxhc kl–shc.

Sq†ma 3.12: K‘taro LSTM

TautÏqrona to k‘ttaro LSTM Ëqei thn dunatÏthta na diathre– thn exàrthsh apomakru-
smËnwn eisÏdwn tic akolouj–ac dhmiourg∏ntac thn ikanÏthta na epil‘oume probl†mata me

sumfrazÏmena (context). To k‘ttaro LSTM apotele–tai tic p‘lec eisÏdou (input gate, it),
exÏdou (output gate, ot) kai l†jhc (forget gate , ft). Analutikà Ïpwc blËpoume kai apÏ to
sq†ma 3.12 h Ëxodoc tou kuttàrou upolog–zetai wc ex†c gia thn qronik† stigm† t:

ft = �(Wf [ht�1, xt] + bf ) (3.20)

it = �(Wi[ht�1, xt] + bi) (3.21)

C̃t = tanh(Wc[ht�1, xt] + bc) (3.22)

Ct = ft ⇤ Ct�1 + it ⇤ C̃t (3.23)

ot = �(Wo[ht�1, xt] + bo) (3.24)

ht = ot ⇤ tanh(Ct) (3.25)

me �(.) thn sigmoeid† sunàrthsh kai b tic pol∏seic twn pul∏n. Mporo‘me na ermhne‘soume

thn leitourg–a tou kuttàrou me ta parakàtw qarakthristikà:

• H j‘ra eisÏdou elËgqei thn ro† twn dianusmàtwn eisÏdou [xt, ht�1] sto k‘ttaro.

• H j‘ra l†jhc elËgqei thn metàbash † Ïqi tou Ct sto epÏmeno k‘ttaro tou dikt‘ou.
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• H kruf† katàstash enswmat∏nei † Ïqi thn pareljontik† plhrofor–a tou dikt‘ou sthn
trËqousa e–sodo.

Oi parapànw exis∏seic apotelo‘n mia apÏ tic ekdoqËc, thn pio gnwst†, twn LSTM pou
qrhsimopoio‘ntai, Ïmwc e–nai s‘nhjec na qrhsimopoio‘ntai diàforec tropopoihmËnec morfËc

Ïpwc autÏ twn Schmidhuber & Gers[33].

3.3.5 Màjhsh Ensemble

H dunatÏthta Ëna montËlo na belti∏sei tic dunatÏthtec taxinÏmhshc tou ja mporo‘se na

g–nei an sunduasto‘n d‘o † perissÏtera montËla tautÏqrona. AutÏ ekfràzei to Ensemble
Learning, ton sunduasmÏ eufu∏n teqnik∏n ∏ste na auxhje– h apÏdosh thc taxinÏmhshc. H
idËa pro†lje apÏ to skeptikÏ pwc d‘o diaforetiko– algÏrijmoi mporo‘n na taxinomo‘n Ëna

de–gma twn dedomËnwn. DiajËtoun idia–tera jetikà qarakthristikà pou touc kànoun dhmofi-

le–c. 'Ena qarakthristikÏ touc e–nai h dunatÏthta na ektelo‘ntai paràllhla oi algÏrijmoi

mhqanik†c màjhshc kai na exetàzontai sta dokimastikà dedomËna tautÏqrona. Ep–shc spània

apod–doun qamhlÏtera apÏ touc memonwmËnouc algor–jmouc pou touc apotelo‘n, qwr–c autÏ

bËbaia na apotele– genikÏ kanÏna. Oi teqnikËc Ensemble qwr–zontai, anàloga me ton trÏpo
pou lambànei upÏyin touc epimËrouc algÏrijmouc. Oi genikËc kathgor–ec e–nai h Sklhr†
TaxinÏmhsh (Hard Classification) kai hAnektik† TaxinÏmhsh (Soft Classification).
H pr∏th leitourge– me bàsh thn pleioyhf–a twn taxinomht∏n kai taxinome– to kàje de–gma

sthn klàsh pou Ëlabe tic perissÏterec y†fouc (voting). Sun†jwc autÏc o sunduasmÏc
g–netai me perittÏ arijmÏ algor–jmwn ∏ste na mhn teje– jËma isoyhf–ac kai na qreiaste–

na epilege– me àllon trÏpo h klàsh taxinÏmhshc. Gia paràdeigma an Ëna Ensemble mo-
ntËlo perilambànei Ëstw tre–c taxinomhtËc A, B, G pou taxinomo‘n to de–gma s stic klàseic

C0, C1, C1 ant–stoiqa to de–gma sto Ensemble montËlo ja taxinomhje– sthn klàsh C1 pou

Ëlabe d‘o y†fouc se ant–jesh me thn C0 pou Ëlabe mia y†fo. Se per–ptwsh isoyhf–ac

upàrqoun diàforoi trÏpoi pou epilËgetai h klàsh taxinÏmhshc e–te tuqa–a, dhlad† me thn

epilog† miac klàshc apÏ tic isoyhfe–c sthn t‘qh, e–te strathgikà dhlad† me thn epilog†

enÏc taxinomht† pou ja kajor–zei to apotËlesma se aut† thn per–ptwsh. Ant–jeta me thn

qr†sh Soft Classification mporo‘me na epilËxoume to posostÏ epirro†c tou kàje taxinomht†
sthn telik† taxinÏmhsh. Gia paràdeigma mpore– na orisje– pwc h y†foc tou taxinomht† A

e–nai pio isqur† apÏ tic y†fouc twn d‘o àllwn taxinomht∏n, se sunËqeia tou prohgo‘menou

parade–gmatoc, me Ënan suntelest† WA = 3 (jewr∏ntac touc àllouc suntelestËc WB kai

W� monadia–ouc) epomËnwc se aut† thn per–ptwsh to de–gma s ja taxinomhje– sthn klàsh C0

pou Ëlabe tre–c y†fouc apÏ ton taxinomht† A. MerikËc forËc Ïmwc e–nai pol‘ pio qr†simo

na d–noume shmas–a kai sthn apÏdosh tou taxinomht† sto kàje de–gma. Gia thn eswterik†

axiolÏghsh tou o taxinomht†c qrhsimopoie– Ëna diànusma p̂ m†kouc D, Ïpou D o arijmÏc twn

pijan∏n klàsewn tou probl†matoc. To diànusmà autÏ apotele–tai apÏ tic D-pijanÏthtec

p(s|Ci), i = 0, 2, ..., D � 1, dhlad† tic pijanÏthtec to de–gma s na an†kei se kàje mia apÏ

tic D klàseic. To diànusma autÏ onomàzetai diànusma me pijanÏthtec empistos‘nhc (Confi-
dence Score Vector). O taxinomht†c epilËgei na ta taxinom†sei to kàje stoiqe–o sthn klàsh
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pou Ëqei thn megal‘terh pijanÏthta sto diànusma. 'Otan Ïmwc qrhsimopoio‘me mia Ensem-
ble mËjodo, sunduàzontac arketo‘c taxinomhtËc e–nai qr†simo sunduàzoume, me katàllhlouc
suntelestËc, ta dian‘smata empistos‘nhc ∏ste na Ëqoume Ëna ajroistikÏ diànusma empisto-

s‘nhc me to de–gma na taxinome–tai sthn klàsh me thn megal‘terh pijanÏthta. H parapànw

diadikas–a mpore– na g–nei katanoht† me thn qr†sh enÏc parade–gmatoc. 'Estw kai pàli oi

tre–c taxinomhtËc A, B, G kai ta dian‘smata empistos‘nhc touc:

• PA = [0.2, 0.6, 0.2]

• PB = [0.4, 0.3, 0.3]

• P� = [0.3, 0.4, 0.3]

An jewr†soume pwc o taxinomht†c A Ëqei bàroc WA = 0.3, o B WB = 0.4 kai o G W�

= 0.3 tÏte to sunolikÏ diànusma empistos‘nhc ja e–nai:

Rens =
1
3 [0.3⇤0.2+0.4⇤0.4+0.3⇤0.3, 0.3⇤0.6+0.4⇤0.3+0.3⇤0.3, 0.3⇤0.2+0.4⇤0.3+0.3⇤0.3] =

1
3 [0.22, 0.42, 0.27]

kai to de–gma ja taxinomhje– sthn klàsh C1 afo‘ aut† lambànei to megal‘tero skor empi-

stos‘nhc.

3.4 Epexergas–a Fusik†c Gl∏ssac

H Epexergas–a Fusik†c Gl∏ssac (Natural Language Processing) apotele– ped–o thc
Epist†mhc twn Upologist∏n (Computer Science) allà kai thc Teqnht†c Nohmos‘nhc me
basikÏ ereunhtikÏ endiafËron, thn katanÏhsh, thn paragwg† allà kai thn epexergas–ac thc

fusik†c gl∏ssac. To 1950 o Turing prwtoasqol†jhke [95] me thn dhmiourg–a upologist∏n
katàllhlwn na epexergasto‘n dedomËna keimËnou, en∏ to 1954 xek–nhse h prospàjeia dh-

miourg–ac metafrastik∏n mhqan∏n, qwr–c Ïmwc na Ëqoun idia–terh epituq–a. To 1964 Ëmelle

na e–nai mia hmeromhn–a stajmÏc gia thn epexergas–a fusik†c gl∏ssac afo‘ dhmiourg†jhke

mia mhqan†, h ELIZA [99], pou mporo‘se na allhloepidrà me ton ànjrwpo, kànontac logikËc
erwt†seic anàloga me tic apant†seic tou anjr∏pou. H ELIZA apotËlese dhmio‘rghma tou
ergast†rio teqnht†c nohmos‘nhc tou MIT se sunergas–a me yuqolÏgouc pou je∏rhsan thn

dhmiourg–a miac mhqan†c ikan†c na epikoinwn†sei me ton ànjrwpo idia–tera shmantik† gia

anjr∏pouc pou Ëpasqan apÏ katàjliyh. H megal‘terh anàptuxh tou klàdou thc Epexerga-

s–ac Fusik† Gl∏ssac †rje thn dekaet–a tou 1980 katà thn opo–a up†rxe megàlh anàptuxh

se diàforouc tome–c Ïpwc h Katàtaxh Shme–wn tou LÏgou (Part-of-Speech Tagging), h Dh-
miourg–a KeimËnou (Text Generation), h Metàfrash KeimËnou (Machine Translation) allà
kai h dhmiourg–a Ontologi∏n (Ontology). Ta basikÏtera ereunhtikà endiafËronta thc Epe-
xergas–ac Fusik†c Gl∏ssac sunoy–zontai parakàtw:

• Paragwg† KeimËnou (Text Generation): gia thn dhmiourg–a erwt†sewn/apant†sewn
se fÏrmec dialogik∏n susthmàtwn.
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• Per–lhyh KeimËnou (Text Summarization): gia thn dhmiourg–a s‘ntomwn peril†yewn
dedomËnwn keimËnou, Ïpwc ta bibl–a.

• Mhqanik† Metàfrash (Machine Translation): gia thn dhmiourg–a autÏmatwn metafra-
st∏n apÏ mia gl∏ssa se mia àllh.

• ExÏruxh KeimËnou kai Anàkthsh Plhrofor–ac (Text Mining and Information Re-
trieval: gia thn dhmiourg–a mhqan∏n pou epexergàzontai sullogËc keimËnwn me skopÏ
thn exagwg† qr†simwn plhrofori∏n apÏ autËc (text mining).

• Glwssologik† kai Suntaktik† Anàlush (Language and Syntactic Analysis): gia thn
grammatik† allà kai suntaktik† anàlush miac prÏtashc † thn dhmiourg–a suntaktik∏n

dËntrwn gia thn apÏdosh thc plhrofor–ac miac prÏtashc.

• Shmasiologik† kai Pragmatologik† Anàlush (Semantics and Pragmatics Analysis):
gia thn anàlush twn lËxewn thc prÏtashc pou periËqoun thn megal‘terh plhrofor–a

kai gia thn anàlushc tou perieqomËnou kai tou no†matoc thc prÏtashc ant–stoiqa.

Saf∏c ta parapànw mporo‘n na sunduasto‘n kai den apotelo‘n pl†rwc anexàrthtouc tome–c

Ëreunac.

3.4.1 TeqnikËc Epexergas–ac KeimËnou

Ta dedomËna keimËnou sun†jwc periËqoun plhrofor–ec h opo–ec gia na mporËsoun na

qrhsimopoihjo‘n apÏ algor–jmouc Mhqanik†c Màjhshc prËpei pr∏ta na epexergasto‘n. H

epexergas–a, † proepexergas–a Ïpwc suqnà anafËretai, twn dedomËnwn ofe–lei na diathre– to

nohmatikÏ perieqÏmeno tou keimËnou kai na apale–fei tuqÏn jor‘bouc pou emperiËqontai se

autÏ. Upàrqoun orismËnec teqnikËc gia thn epexergas–a keimËnou oi opo–ec anapt‘ssontai

sunoptikà parakàtw:

• 'Elegqoc orjograf–ac (Spell Checker): Sun†jwc prin pragmatopoi†soume opoiad†po-
te àllh epexergas–a sto ke–meno elËgqoume thn orjÏthta sthn orjograf–a twn lËxewn

pou qrhsimopoie–. O Ëlegqoc orjograf–a g–netai me thn qr†sh megàlwn lexik∏n me ta

opo–a sugkr–nontai oi lËxeic tou keimËnou. Sun†jwc qrhsimopoie–tai h apÏstash Lev-
enshtein [54], † alli∏c Elàqisth ApÏstash Epexergas–ac (Minimum Edit Distance)
h opo–a antikajistà thn lËxh tou keimËnou me thn lËxh tou lexiko‘ pou apËqei thn

mikrÏterh apÏstash. H apÏstash aut† lambànei upÏyin thc, me katàllhlec metrikËc-

poin†c (penalty metrics), thn pijan† diagraf†, eisagwg† kai antistrof† qarakt†rwn
gia thn diÏrjwsh thc lËxhc kai upolog–zei me bàsh tic poinËc pou upobl†jhkan thn

apÏstash twn d‘o lËxewn.

• Diagraf† Stop-Words: 'Eqei apodeiqje– pwc sundetikËc lËxeic Ïpwc ta the, is, which,
at klp den prosd–doun plhrofor–ec sto ke–meno kai mporo‘n na jewrhjo‘n wc jÏruboc
gia Ëna s‘sthma Mhqanik†c Màjhshc. To gegonÏc autÏ diatup∏jhke apÏ ton Hans
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Luhn [60] en∏ o Savoy [28] parËjese mia ekten† l–sta me Stop-Words. Diagràfontac
tic lËxeic autËc mei∏noume tic diastàseic tou keimËnou ∏ste na g–nei pio leitourgikÏ.

• Stemming: 'Opwc or–zei kai h onomas–a tou h diadikas–a tou Stemming katà thn opo–a
h lËxeic metatrËpontai stic ant–stoiqec r–zec touc (stems). H diadikas–a aut† mpore–
na g–nei me diàforouc trÏpouc, e–te me thn diagraf† thc klhtik†c katàlhxhc e–te me thn

apomàkrunsh twn prosfumàtwn (suffix). Gia paràdeigma h lËxh closing ja metatrape–
se close en∏ to amusment se amus. To 1968 dhmiourge–te mia pr∏th prospàjeia
gia thn dhmiourg–a algor–jmou pou kànei stemming apÏ ton Julie Beth Lovins [59].
To 1980 o Martin Porter dhmiourge– ton Porter Stemmer[76] pou apotele– ton pio
diadedomËno algÏrijmo Stemming mËqri kai s†mera. E–nai Ënac algÏrijmoc gia thn
agglik† gl∏ssa kai apotele–tai apÏ ta parakàtw b†mata:

AlgÏrijmoc Porter Stemmer
1: Diagraf† katàlhxhc -ing, -ed
2: Metatrop† teliko‘ -y se -i an upàrqei àllo fwn†en
3: Metatrop† dipl∏n katal†xewn se monËc

4: Diagraf† twn -ic-, -full, -ness an upàrqoun
5: Diagraf† twn -ant, -ence an upàrqoun

6: Diagraf† teliko‘ -e

• Lemmatizing: Ant–stoiqa me to stemming o algÏrijmoc Lemmatizing metatrËpei tic
lËxeic sta l†mma ta touc. Se ant–jesh me thn diagraf† katal†xewn pou kànei o

stemmer, o Lemmatizer antikajistà thc lËxeic me thn bàsh touc. Gia paràdeigma to
am pou den ja uposte– kam–a allag† me ton stemmer o Lemmatizer ja to metatrËyei
se be. Gia ton lÏgo autÏ apaito‘ntai eidikà lexikà ta opo–a antistoiqo‘n tic lËxeic stic
bàseic touc. 'Ena idia–tera gnwstÏ e–nai to WordNet Lemmatizer 1 to opo–o periËqei

Ëna teràstio pl†joc antistoiq–sewn.

• Part-of-Speech (POS) Tagger: 'Enac POS tagger e–nai idia–tera qr†simoc se probl†ma-
ta lexilogiko‘ perieqomËnou afo‘ prosjËtei etikËtec stic lËxeic tou keimËnou anàloga

me to mËroc tou lÏgou sto opo–o an†koun. Suqnà apokale–te kai wc grammatical tag-
ger afo‘ sthn ous–a kànei grammatik† anàlush twn protàsewn gia na katal†xei sth
morfologik† kathgor–a thc lËxhc. Oi algÏrijmoi auto– mporo‘n na qwristo‘n se d‘o

megàlec kathgor–ec anàloga me ton trÏpo pou epishma–noun tic lËxeic: touc Stoqa-

stiko‘c kai touc basismËnouc se KanÏnec (Rule-Based). Oi POS taggers apotËlesan
endiafËron Ëreunac ston tomËa thc upologistik†c glwssolog–ac (computation lin-
guistics) apÏ to 1960 afo‘ sthn ous–a ja ektelo‘san, mËsw algor–jmwn, grammatik†
anàlush tou ke–menou kàti pou mËqri tÏte ektelo‘san glwssolÏgoi me to qËri. To

1960 dhmiourge–tai to gnwstÏ Brown Corpus, apÏ to Brown University, to opo–o
qrhsimopoie–tai mËqri kai s†mera kai apotele–tai apÏ 1.000.000 lËxeic. To 1980

1https://wordnet.princeton.edu/

https://wordnet.princeton.edu/
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Oi algÏrijmoi Mhqanik†c màjhshc e–nai domhmËnoi ∏ste na katatàssoun kai na epexer-

gàzontai arijmhtikà dedomËna. Gia na efarmÏsoume touc algor–jmouc Mhqanik†c Màjhshc

se dedomËna pou Ëqoun thn morf† keimËnou prËpei me kàpoion trÏpo autà na metasqhma-

tisto‘n se arijmhtikà dedomËna, wc diànusma qarakthristik∏n (Feature Vector), ta opo–a
ja tejo‘n wc e–sodoc ston ekàstote algÏrijmo. Dhmiourg†jhke Ëtsi h anàgkh gia Ënan

sumpag† trÏpo anaparàstashc twn lËxewn kai twn qarakt†rwn se arijmo‘c, e–te me thn

morf† arai∏n pinàkwn (Sparse Vectors) e–te me thn qr†sh Clustering. H dhmiourg–a tou
dian‘smatoc qarakthristik∏n g–netai kur–wc me thn qr†sh d‘o montËlwn, ta distributed kai
distributional. Ta distributed montËla qrhsimopoio‘n ANN gia thn prÏbleyh kai thn dh-
miourg–a tou dian‘smatoc qarakthristik∏n. Ant–jeta, ta distributional montËla apotelo‘n
‘Count’ montËla afo‘ to basikÏ touc qarakthristikÏ e–nai h katamËtrhsh tou pl†jouc su-
nemfan–sewn twn lËxewn. Sthn pràxh ta distributed montËla te–noun na apod–doun arketà
kal‘tera [6]. Parakàtw anal‘ontai merikËc apÏ tic jewr–ec pou anapt‘qjhkan ston tomËa

thc Fusik† Epexergas–a Gl∏ssac gia thn anaparàstash dedomËnwn keimËnou.

3.5.1 S‘nolo apÏ LËxeic (Bag of Words)

H pio apl† teqnik† gia thn dhmiourg–a dian‘smatoc qarakthristik∏n mËsw tou SunÏlou

apÏ LËxeic (BoW). To montËlo BoW bas–zetai se Ëna araiÏ diànusma (sparse vector) ana-
paràstashc thc kàje lËxhc, me to m†koc tou dian‘smatoc na or–zetai Ïso kai to mËgejoc

tou lexiko‘. Me aut† thn prosËggish kàje lËxh tou lexiko‘ lambànei Ënan prosdioristikÏ

a‘xonta arijmÏ id, to ant–stoiqo sparse vector thc lËxhc na làmbane tim† 1 sthn jËsh id

kai tim† 0 se opoiad†pote àllh. H kwdikopo–hsh aut† onomàzetai One-hot encoding kai h
onomas–a proËrqetai apÏ thn tim† 1 pou lambànei to diànusma thc kàje lËxhc. Oi lËxeic tou

keimËnou anapar–stantai me Ëna monadikÏ arijmÏ, qwr–c na lambànetai upÏyin h seirà touc †

h exàrthsh touc apÏ tic geitonikËc touc lËxeic. To gegonÏc Ïti den ephreàzetai apÏ sum-

frazÏmena kànei thn dhmiourg–a qarakthristik∏n idia–tera apl† me elàqisto upologistikÏ

kÏstoc, pou ton kànei kai idia–tera dhmofil†. H pr∏th anaforà se Ëna montËlo pou dhmiour-

g–ac qarakthristik∏n apÏ dedomËna keimËnou Ëgine apÏ ton Harris to 1954 [40] kai apotele–
thn bàsh leitourg–ac tou BoW. Se autÏ to shme–o e–nai qr†simo na or–soume to Uni-gram
montËlo katà to opo–o mia lËxh mËsa se Ëna ke–meno apotele– auja–reto stoiqe–o me mhdenik†

exàrthsh apÏ thn prohgo‘menh kai thn epÏmenh. 'Etsi an wi h lËxh i se mia prÏtash kai

wi�1, wi+1 h prohgo‘menh kai h epÏmenh ant–stoiqa tÏte P (wi|wi�1) = P (wi|wi+1) = 0,

dhlad† h desmeumËnh pijanÏthta emfànishc thc lËxhc wi dedomËnhc thc wi�1 † thc wi+1

e–nai mhdenik†. Oi pijanÏthtec autËc onomàzontai Uni-gram pijanÏthtec kai e–nai autËc oi o-
po–ec qrhsimopoio‘ntai apÏ to BoW. Saf∏c to BoW antimetwp–zei idia–terec duskol–ec Ïtan
gia thn taxinÏmhsh apaite–tai h katanÏhsh tou keimËnou [66]. QarakthristikÏ paràdeigma

apotelo‘n oi protàseic:

• This is not true! I do like this.
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• This is true! I do not like this.

pou Ëqoun akrib∏c ta ant–jeta no†mata Ïmwc to –dio diànusma qarakthristik∏n katà to

montËlo BoW afo‘ den lambànei upÏyin tou thn seirà me thn opo–a emfan–zontai h lËxeic

sto ke–meno. H proepexergas–a tou keimËnou, me teqnikËc pou anapt‘qjhkan sto 5.2, prin

thn qr†sh tou montËlou BoW e–nai idia–tera shmantik† ∏ste autÏ na apod–dei to mËgi-

sto. Sun†jwc prin thn qr†sh tou BoW afairo‘ntai lËxeic oi opo–ec Ëqoun idia–tera megàlh

suqnÏthta emfànishc allà den prosd–doun kàpoia plhrofor–a sthn taxinÏmhsh, oi opo–ec

onomàzontai Stopwords.

3.5.2 Term Frequency-Inverse Document Frequency (TF-IDF)

PollËc forËc to montËlo TF-IDF jewre–tai koinÏ me to BoW an kai sthn ous–a apotele–
epËktash tou, parÏla autà epeid† h qr†sh tou enÏc apaite– thn qr†sh tou àllou sugqËontai

wc Ëna montËlo. 'Opwc kai to montËlo BoW Ëtsi kai to TF-IDF bas–zetai sthn dhmiourg–a
dian‘smatoc qarakthristik∏n se araio‘c p–nakec pou Ïmwc lambànoun mia pragmatik† tim†

stic shmantikËc jËshc thc prÏtashc se ant–jesh me ta 1’ pou topojete– o BoW. 'Ena prÏblh-
ma to opo–o parathr†jhke sto Bow montËlo kai ∏jhse touc ereunhtËc sthn dhmiourg–a tou
TF-IDF e–nai pwc merikËc forËc lËxeic oi opo–ec qrhsimopoio‘ntai idia–tera suqnà se pollà
ke–mena den fËroun thn plhrofor–a twn protàsewn se ant–jesh me lËxeic pou emfan–zontai

suqnà se kàpoio memonwmËno ke–meno. To gegonÏc autÏ diat‘pwse h Sparks2 [47] dhmiour-
g∏ntac thn Ënnoia tou Inverse Document Frequency se mia prospàjeia na enisqujo‘n oi
lËxeic pou emfan–zontai suqnà se Ëna ke–meno kai na epiblhje– mia poin† stic pio suqnËc

lËxeic se Ëna s‘nolo dedomËnwn katà thn diadikas–a proepexergas–ac tou. To IDF upolo-
g–zei to pÏso spània emfan–zetai mia lËxh mËsa se Ëna s‘nolo ke–menwn, opÏte an sunduaste–

me thn Term Frequency - TF dhmiourge–tai Ëna montËlo pou mpore– na aniqne‘sei, se Ëna
bajmÏ, lËxeic pou periËqoun thn megal‘terh plhrofor–a se Ëna ke–meno. Upàrqoun diàforec

epektàseic tou montËlou auto‘ pou qrhsimopoio‘n diàforec metrikËc gia ton upologismÏ

thc suqnÏthtac TF Ïpwc h logarijmik† kl–maka suqnÏthtac tf(word) = log(1 + fword) †

mia idia–tera dhmofil†c kanonikopo–hsh thc gia thn apofug† pol∏sewn se megàla ke–mena

tf(word) = 0.5 + 0.5 fword
maxf . 'Omoia mpore– na upologiste– se logarijmik† kl–maka o Ïroc

idf(word) = log
nword
N Ïpou N to pl†joc twn keimËnwn kai nword to pl†joc twn keimËnwn

pou h lËxh Ëkane thn emfànish thc. O telikÏc de–kthc tou montËlou upolog–zetai wc to

ginÏmeno twn deikt∏n Tf , Idf wc ex†c:

Tf � Idf(word) = tf(word) ⇤ idf(word) (3.26)

ParÏla autà kai autÏ to montËlo parousiàzei arketËc adunam–ec. 'Opwc kai sto BoW to

montËlo den mpore– na antl†sei apÏ ta sumfrazÏmena thn plhrofor–ec pou proËrqontai apÏ

thn seirà ton lËxewn en∏ ep–shc fràseic pou e–nai parÏmoiec shmasiologikà anagnwr–zontai

wc tele–wc xËnec, Ïpwc gia paràdeigma oi fràseic ‘Used car , `Old motorcar'’. TautÏqrona h
poluplokÏthta tou montËlou e–nai saf∏c megal‘terh se s‘gkrish me thn aplok† prosËggish

2https://en.wikipedia.org/wiki/Karen_Sp%C3%A4rck_Jones

https://en.wikipedia.org/wiki/Karen_Sp%C3%A4rck_Jones
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tou BoW kai se pol‘ megàla dedomËna keimËnwn h arai† morf† pinàkwn na katalambànei

megàlo q∏ro mn†mhc kai mhn e–nai leitourgik†.

3.5.3 MontËla n-gram

Se sunËqeia tou montËlou BoW to opo–o qrhsimopoie– apokleistikà tic Uni-gram pi-
janÏthtec anapt‘qjhkan nËa montËla pou upolog–zoun thn sqËsh thc kàje lËxeic me tic n

geitonikËc thc. 'Etsi oi pijanÏthtec pou sto uni-gram montËlo †tan mhdenikËc plËon anti-
kaj–stantai apÏ thn pijanÏthta emfànishc thc kàje lËxhc sta sumfrazÏmena tou keimËnou.

Sun†jwc qrhsimopoio‘ntai ta bi � gram kai tri � gram montËla pou d–noun arketà ikano-

poihtikà apotelËsmata kai pio spània upolog–zontai montËla n � gram ta opo–a apaito‘n

megal‘terh upologistik† isq‘. Ta montËla autà qrhsimopoio‘ntai sta Krufà Markobianà

MontËla (Hidden Markov Models) [8] allà parousiàzoun probl†mata Ïtan emfan–zontai
lËxeic pou den Ëqoun xanaparousiaste– sto lexikÏ ekpa–deushc (Out of Vocabulary - OoV).

3.5.4 Dian‘smata LËxewn (Word Embeddings)

H dhmiourg–a twn (Word Embeddings) †tan h pr∏th pou ep†lje qronikà sthn dhmiour-
g–a anaparastàsewn gia dedomËna keimËnou apÏ ton Bengio to 2003 [11]. Apotelo‘n ANN
ta opo–a ekpaide‘ontai me algor–jmouc Stochastic gradient descent-SGD se Ëna megàlo se
Ëktash ke–meno (corpus), thc tàxhc twn disekatommur–wn lËxewn, qrhsimopoi∏ntac teqnikËc
mh epiblepÏmenhc màjhshc. To d–ktuÏ tou Bengio apotele–tai apÏ Ëna ep–pedÏ kai qrhsimo-
poie– thn sunàrthsh Softmax sthn Ëxodo tou ∏ste na upolog–zei tic n-gram pijanÏthtec.
'Omwc oi upologistikËc dunatÏthtec thc epoq†c den Ëdwsan thn dunatÏthta ston Bengio
na ekpaide‘sei to d–ktuo tou me Ëna megàlo lexikÏ. To 2008 oi Collobert kai Weston
[23] anËdeixan pÏso qr†simo ja †tan gia ta probl†mata epexergas–ac fusik†c gl∏ssac h

qr†sh pro-ekpaideumËnwn pinàkwn (Word Embeddings) exoikonom∏ntac megàlo upologisti-
kÏ kÏstoc.

3.5.4.1 Word2Vec

To 2013 o Mikolov[64, 63] eisàgei thn Ënnoia tou algor–jmou Word2Vec pou sumbàlei
sthn dhmiourg–a megàlhc ereunhtik†c perioq†c g‘rw apÏ thn omoiÏthta keimËnwn (Text Sim-
ilarity). ToWord2Vec apotele– ANN d‘o kruf∏n strwmàtwn kai epexergàzetai Ëna megàlo
ke–meno gia na exàgei dian‘smata qarakthristik∏n gia tic lËxeic tou keimËnou. Mia basik†

diaforà tou Word2Vec se sqËsh me touc progenËsterouc algor–jmouc apotele– h qr†sh
grammik∏n sunart†sewn energopo–hshc stouc neur∏nec tou dikt‘ou. Lambànontac upÏyin

ta sumfrazÏmena kai me mhdenik† anjr∏pinh parËmbash o algÏrijmoc Word2Vec ekpaide-
‘etai apÏ tic geitonikËc sqËseic lËxewn, upolog–zontac thn suqnÏthta sun-emfànishc(Co-
occurance) touc, kai upolog–zei arijmhtikËc anaparastàseic gia thn dhmiourg–a enÏc sumpa-
go‘c lexilogiko‘ dian‘smatoc. To diànusma autÏ periËqei arijmhtikËc timËc me thn morf†

pijanot†twn, me thn qr†sh thc sunàrthshc softmax, gia thn omoiÏthta kai thn susqËtish

metax‘ twn lËxewn. To basikÏ pleonËkthma touWord2Vec Ënanti twn àllwn algor–jmwn gia
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thn dhmiourg–a Word Embeddings apotele– h anàlush sqËsewn metax‘ twn lËxewn (Latent
Semantics Analysis) pou apotele– mia eidik† perioq† thc Epexergas–ac Fusik† Gl∏ssac. Oi
metrikËc pou kur–wc qrhsimopoio‘ntai e–nai h omoiÏthta sunhm–tono‘ (Cosine Similarity) allà
kai h Eukle–deia ApÏstash. O algÏrijmoc qrhsimopoie– d‘o basikËc teqnikËc thc Epexer-

gas–ac Fusik†c Gl∏ssac gia thn dhmiourg–a katanemhmËnwn anaparastàsewn twn lËxewn

tou keimËnou (Distributed Representation of Words), Ënan gia thn e‘resh thc lËxhc twn
sumfrazomËnwn (Continuous Bag Of Words (CBoW)) kai Ënan gia thn e‘resh twn sumfra-
zomËnwn me bàsh thn lËxh (Skip-Gram) Ïpwc fa–netai sto Sq†ma 3.13. AnalutikÏtera, oi

Sq†ma 3.13: Leitourg–a Continuous Bag Of Words(aristerà) kai Skip-Gram (dexià)

d‘o teqnikËc pou proanafËrjhkan mporo‘n na metafrasto‘n mËsw thc sunàrthshc kÏstouc

sta parakàtw probl†mata elaqistopo–hshc:

Sunàrthsh KÏstouc CBoW:

J(✓) =
1

T

TX

t=1

p(wt|wt�n, wt�n�1, ..., wt�1, wt+1, ..., wt+n�1, wt+n) (3.27)

Sunàrthsh KÏstouc Skip-gram:

J(✓) =
1

T

TX

t=1

nX

j=�n

p(wt+j |wt) (3.28)

'Opwc g–netai antilhptÏ, h sunàrthsh kÏstouc gia to montËlo CBoW aposkope– sthn prÏble-
yh thc lËxhc wt qrhsimopoi∏ntac thn gn∏sh twn n prohgo‘menwn kai n epÏmenwn lËxewn

en∏ ant–jeta to montËlo Skip-gram aposkope– sthn prÏbleyh twn 2n geitonik∏n lËxewn

pou sunode‘oun thn lËxh wt. Sunhj–zetai na qrhsimopoie–tai Ëna paràjuro 10 lËxewn wc

sumfrazÏmena(Context) se Skip-Gram montËlo kai 5 lËxeic gia Continuous Bag Of Words
montËlo. O algÏrijmocWord2Vec apotËlese pol‘ shmantikÏ ergale–o sthn kathgoriopo–h-
sh protàsewn kai sta sust†mata sustàsewn (Recommendation Systems).
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3.5.4.2 Global Vectors (GloVe)

H dhmiourg–a tou GloVe apÏ ton Pennington to 2014 apotele– thn plËon qrhsimopoio-
‘menh morf† Word Embeddings kai apotele– th basik† teqnik† thc paro‘sac diplwmatik†c
ergas–ac. SugkekrimËna, Ïpwc anafËrei o Pennington, h plhrofor–a se Ëna ke–meno e–nai

h pijanÏthta emfànishc duo geitonik∏n lËxewn. O algÏrijmoc GloVe se ant–jesh me ton
Word2Vec, pou e–nai bas–zetai se problËyeic, e–nai Ënac Count-based algÏrijmoc. 'Etsi o
algÏrijmoc GloVe kwdikopoie– tic lËxeic qrhsimopoi∏ntac dianusmatikËc diaforËc. 'Opwc
fa–netai sto Sq†ma 3.14 oi euje–ec pou en∏noun lËxeic Ïpwc to short me to shorter kai to
slow me to slower e–nai paràllhlec afo‘ ta ant–stoiqaWord Embeddings Ëqoun dhmiourghje–
me gn∏mona tic lexilogikËc diaforËc.

Sq†ma 3.14: LexilogikËc Apostàseic me thn qr†sh GloVe

3.5.5 MetrikËc AxiolÏghshc

Metà thn ekpa–deush tou algor–jmou Mhqanik†c Màjhshc e–nai apara–thto na axiolo-

g†soume thn apÏdosh tou sthn ikanÏthta na taxinome– ta de–gmata twn dedomËnwn axiolÏgh-

shc kai gia to skopÏ autÏ qrhsimopoio‘ntai diàforec metrikËc.

Metrik† Accuracy: apotele– thn pio diadedomËnh metrik† axiolÏghshc thc apÏdoshc
taxinomht∏n. E–nai idia–tera aplokÏc kai upolog–zei to posostÏ twn stoiqe–wn tou sunÏlou

dokim†c pou taxinom†jhkan sthn swst† kathgor–a. Or–zetai wc:

Accuracy =
Pl†joc swstà taxinomhmËnwn deigmàtwn tou Test Set

S‘nolo deigmàtwn Test Set
(3.29)

ParÏla autà h metrik† accuracy parÏti mac de–qnei to posostÏ tou sunÏlou pou taxino-
me–tai swstà, den mac prosd–dei plhrofor–ec Ïso aforà thn taxinÏmhsh stoiqe–wn se kàje

kathgor–a. Gia na apokt†soume autËc tic plhrofor–ec mpore– na qrhsimopoihje– Ëna s‘nolo

prÏsjetwn metrik∏n pou parousiàzontai parakàtw. An jewr†soume pwc Ëqoume Ëna duadikÏ
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prÏblhma taxinÏmhshc kai onomàsoume tic d‘o kathgor–ec autËc wc Positive kai Negative
mporo‘me na or–soume tic parakàtw Ënnoiec:

• True Positive-TP: de–gmata pou taxinomo‘ntai swstà sthn kathgor–a Positive.

• True Negative-TN: de–gmata pou taxinomo‘ntai swstà sthn kathgor–a Negative.

• False Positive-FP: de–gmata pou taxinomo‘ntai lanjasmËna sthn kathgor–a Positive.

• False Negative-FN:de–gmata pou taxinomo‘ntai lanjasmËna sthn kathgor–a Negative.

Me bàsh ta megËjh pou or–sjhkan parapànw mporo‘me na or–soume tic metrikËc Akr–beiac

(Precission) kai Anàklhshc (Recall).

• Metrik† Anàklhshc (Recall): H metrik† aut† ekfràzei to posostÏ twn deigmàtwn pou
taxinomo‘ntai swstà metax‘ Ïlwn twn deigmàtwn pou an†koun sthn kathgor–a Positive
kai or–zetai wc:

Recall =
TP

TP + FN
(3.30)

• Metrik† Akr–beiac (Precission): H metrik† aut†, se ant–jesh me thn prohgo‘menh,
ekfràzei to posostÏ twn deigmàtwn pou taxinom†jhkan swstà sthn kat†gor–a Positive
kai or–zetai wc:

Precission =
TP

TP + FP
(3.31)

'Opwc mpore– e‘kola na g–nei antilhptÏ oi d‘o autËc metrikËc Ërqontai se ant–jesh metax‘

touc kai h a‘xhsh thc miac odhge– sthn me–wsh thc àllhc. Gia ton lÏgo autÏ e–nai qr†simo

na dhmiourghje– mia metrik† pou na sunduàzei thc parapànw. H metrik† aut† onomàzetai

F1Score kai apotele– ton armonikÏ mËso Ïro twn parapànw metrik∏n:

F1 =
2

1
Precission + 1

Recall

= 2
Precission⇥Recall

Precission+Recall
(3.32)

• Receiver Operating Characteristic-ROC: apotele– thn kamp‘lh pou sundËei to poso-
stÏ TP, pou qarakthr–zetai alli∏c kai wc euaisjhs–a (sensitivity), me to FP, pou
qarakthr–zetai alli∏c wc 1-eidikÏthta (specificity). H kamp‘lh ROC sumbàlei sthn
e‘resh tou bËltistou or–ou apÏfashc (decision threshold) pou elaqistopoie– to po-
sostÏ sfàlmatoc, sqediàzontac ta posostà euaisjhs–ac-eidikÏthtac gia diaforetikà

Ïria taxinÏmhshc. TautÏqrona me thn kamp‘lh ROC mporo‘me na apofanjo‘me gia
tic perioqËc pou kàpoioc taxinomht†c upertere– Ënanti àllou. To pio diadedomËno sta-

tistikÏ stoiqe–o pou sundËetai me thn kamp‘lh ROC e–nai to embadÏn kàtw apÏ thn
kamp‘lh (Area Under Curve-AUC) kai parËqei Ëna sunolikÏ mËtro axiolÏghshc gia
Ïla ta pijanà Ïria taxinÏmhshc. H metrik† AUC ekfràzei pijanÏthta h empistos‘nh
tou taxinomht† pwc Ëna de–gma thc kathgor–ac Positive an†kei pràgmati sthn kathgo-
r–a aut† na e–nai megal‘terh apÏ thn empistos‘nh tou taxinomht† pwc Ëna de–gma thc

kathgor–ac Negative an†kei pràgmati sthn kathgor–a Negative.
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• Metrik† OmoiÏthtac Sunhm–tonou (Cosine Similarity): apotele– kanonikoipoihmËnh
morf† tou Eukle–deiou eswteriko‘ ginomËnou metax‘ d‘o dianusmàtwn. Gewmetrikà

h omoiÏthta sunhmitÏnou apotele– to sunhm–tono thc gwn–a pou sqhmat–zoun ta d‘o

dian‘smata metax‘ touc. 'Etsi Ïtan ta d‘o dian‘smata e–nai paràllhla h metrik† Ëqei

apotËlesma 1 en∏ Ïtan ta d‘o dian‘smata e–nai kàjeta Ëqei apotËlesma 0. H metrik†

aut† qrhsimopoie–tai se probl†mata palindrÏmhshc Ïpou den upàrqoun diakritËc timËc

taxinÏmhshc kai prËpei na elegqje– h axiopist–a tou montËlou. 'Etsi, sugkr–nontai

ta apotelËsmata thc taxinÏmhshc me tic orjËc timËc twn dedomËnwn dokim†c mËsw thc

omoiÏthtac sunhmitÏnou touc. H metrik† omoiÏthtac aut† d–netai apÏ thn parakàtw

ex–swsh:

similarity = cos(✓) =
A ·B
kAkkBk =

nP
i=1

AiBi

s
nP

i=1
A

2
i

s
nP

i=1
B

2
i

(3.33)

me A, B ta d‘o dian‘smata kai ✓ thn gwn–a metax‘ touc. 'Etsi, an to montËlo, Ëstw

problËyei mia allhlouq–a tim∏n A=[1,1,3] en∏ oi pragmatikËc timËc thc allhlouq–ac

e–nai oi B=[1,2,2] h metrik† omoiÏthtac sunhmitÏnou ja Ëqei wc apotËlesma 0.904.

AutÏ apotele– kai to basikÏ thc pleonËkthma se probl†mata ta opo–a apotelo‘ntai

apÏ pollËc kathgor–ec † pou h taxinÏmhsh prËpei na g–nei se suneqe–c timËc pou den

mporo‘n na diakrhtopoihjo‘n. Sto ant–stoiqo paràdeigma h metrik† akr–beiac ja e–qe

san apotËlesma 0.333, to opo–o apËqei pol‘ apÏ to parapànw, qwr–c Ïmwc na lambànei

upÏyin tic sqetikà ‘kontinËc’ problËyeic tou montËlou.





Kefàlaio 4

ArqitektonikËc MontËlwn
An–qneushc MGF

Sto parÏn kefàlaio g–netai mia anàlush orismËnwn apÏ ta montËla pou dhmiourg†jhkan

gia thn antimet∏pish tou probl†matoc thc qr†shc metaforik†c gl∏ssac kai thn antimet∏pish

problhmàtwn MFG. Ta montËla pou parousiàzontai apotelo‘n Bajià Neurwnikà D–ktua me

eisÏdouc pou parousiàzontai kai anal‘ontai sto epÏmeno kefàlaio.

4.1 Amf–dromo LSTM

'Opwc anapt‘qjhke sthn enÏthta 3.3.4.1 ta amf–droma LSTM apotelo‘n Ëna shmanti-
kÏ ergale–o se akoloujiakà dedomËna pou pijanÏn h dom† touc na apaite– thn melËth tÏso

progenËsterwn Ïso kai mellontik∏n eisÏdwn. Sta metaforikà fainÏmena e–nai pijanÏ mia

lËxh se mellontik† e–sodo na anatrËpei to nohmatikÏ perieqÏmeno tou keimËnou, epomËnwc

kr–netai e‘logh h diaqe–rish tou keimËnou kai apÏ tic d‘o pleurËc anàgnwshc tou me qr†sh

amf–dromwn dikt‘wn. Gia to montËlo autÏ qrhsimopoio‘me sthn e–sodo proekpaideumËna

Word Embeddings ta opo–a trofodoto‘n d‘o amf–droma str∏mata LSTM. AnalutikÏte-
ra, sto stàdio eisÏdou topojete–tai Ëna amf–dromo LSTM 64-monàdwn h Ëxodoc tou opo–o
sundËetai me Ëna str∏ma pl†rwc sundedemËnou ANN 84-neur∏nwn prin sundeje– me to e-
pÏmeno str∏ma amf–dromou LSTM 104-monàdwn. H Ëxodoc tou dikt‘ou apotele–tai apÏ Ëna
neurwnikÏ d–ktuo d‘o strwmàtwn me 84 kai 2-neur∏nec ant–stoiqa. To montËlo ekpaide‘e-

tai qrhsimopoi∏ntac algÏrijmo beltistopo–hshc Adam kai Cross-Entropy san sunàrthsh
kÏstouc. Qàrin suntom–ac to montËlo autÏ ja anafËretai wc BiLSTM.

4.2 Amf–dromo LSTM me MhqanismÏ Prosoq†c

Sthn enÏthta 3.3.4.2 anal‘jhke leptomer∏c h leitourg–a enÏc epipËdou pou prost–jetai

sthn koruf† enÏc neurwniko‘ dikt‘ou kai bohjà to d–ktuo na estiàsei thn ‘prosoq†’ tou se

kàpoia sugkekrimËnh e–sodo thc akolouj–ac. Se Ëna prÏblhma Ïpwc h an–qneush metaforik∏n

glwssik∏n fainomËnwn h dunatÏthta aut† mpore– na apotelËsei kleid– afo‘ tic perissÏterec

51
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Sq†ma 4.1: Amf–dromo LSTM

forËc h ant–jesh merik∏n lËxewn sto ke–meno e–nai autËc pou to kr–noun san metaforikÏ.

Sq†ma 4.2: Amf–dromo LSTM me mhqanismÏ prosoq†c

EpiplËon, qrhsimopoio‘me thn amf–dromh morf† thc monàdac LSTM ∏ste na enisq‘soume
to mhqanismÏ prosoq†c sthn ane‘resh antijËsewn sta dedomËna. S‘mfwna me ta parapànw

loipÏn dhmiourgo‘me Ëna montËlo pou qrhsimopoie– Word Embeddings gia qarakthristikà
sthn koruf† tou opo–ou topojete–tai Ëna amf–dromo 64-monàdwn LSTM me mhqanismÏ pro-
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soq†c. Sto stàdio exÏdou topojete–tai Ëna str∏ma pl†rwc sundedemËnou ANN. To montËlo
qrhsimopoie– beltistopo–hsh adadelta kai Cross-Entropy san sunàrthsh kÏstouc en∏ ek-
paide‘etai anàloga to mËgejoc tou sunÏlou dedomËnwn ∏ste na apofeuqjo‘n fainÏmena

overfiting. Sto epÏmeno kefàlaio ja anaferÏmaste se autÏ to montËlo me thn s‘ntomh
onomas–a AttentionLSTM.

4.3 Baj‘ NeurwnikÏ D–ktuo - DNN

Mia diaforetik† prosËggish e–nai h qr†sh baji∏n neurwnik∏n dikt‘wn ∏ste na qrhsi-

mopoi†soume Ëna s‘nolo qarakthristik∏n pou exàgoume apÏ kàje tweet se ant–jesh me ta
Word Vectors pou qrhsimopoi†jhkan gia ta montËla LSTM. San qarakthristikà qrhsimo-
poi†jhkan stoiqe–a tou keimËnou allà kai n-gram montËla me apotËlesma ta dian‘smata
qarakthristik∏n na Ëqoun arketà megàlec diastàseic. 'Etsi dhmiourg†jhke Ëna baj‘ neurw-

nikÏ d–ktuo me megàlo pl†joc neur∏nwn se kàje ep–pedo tou ∏ste na mpore– na montelopoie–

epakrib∏c ta dedomËna autà.

Sq†ma 4.3: Baj‘ NeurwnikÏ D–ktuo

To montËlo autÏ apotele–tai apÏ Ëxi ep–peda kruf∏n, pl†rwc sundedemËnwn, neur∏nwn me

ta tËssera pr∏ta na apart–zontai apÏ 184 neur∏nec kai ta epÏmena d‘o apÏ 84. Sto stàdio

exÏdou topojete–tai Ëna puknÏ str∏ma d‘o neur∏nwn me softmax sunàrthsh energopo–hshc.
Sta krufà stàdia h sunàrthsh energopo–hshc e–nai h ReLu en∏ qrhsimopoie–tai kai str∏ma
Dropout gia thn apofug† overfitting. 'Opwc kai prohgoumËnwc qrhsimopoie–tai o algÏrijmoc
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beltistopo–hshc Adam kai h epilog† epoq∏n ekpa–deushc kajor–zetai apÏ to mËgejoc kai thn
poluplokÏthta twn dedomËnwn, parÏla autà h ekpa–deush tou dikt‘ou se megàlec diastàseic

dian‘smatoc qarakthristik∏n apaito‘n perissÏterec epoqËc ekpa–deushc se sqËsh me ta

d‘o prohgo‘mena montËla. Sto montËlo autÏ dokimàsame na eisàgoume diaforetikà e–dh

qarakthristik∏n Ïpwc uni-gram, suqnÏthtec Tf-idf twn uni-gram kai bi-gram montËlwn,
qarakthristikà pou exàgontai apÏ to ke–meno kaj∏c kai sunduasmo‘c aut∏n. Sto epÏmeno

kefàlaio ja anaferÏmaste se autà ta montËla me tic ant–stoiqec onomas–ec DNN-uni, DNN-
Tfidf kai DNN-all, anàloga me ta qarakthristikà pou to trofodoto‘me.

4.4 Baj‘ NeurwnikÏ D–ktuo D‘o EisÏdwn

Mia epËktash tou prohgo‘menou montËlou ja mporo‘se na apotelËsei mia sunËnwsh d‘o

diaforetik∏n neurwnik∏n dikt‘wn me anexàrthtec eisÏdouc. AnalutikÏtera, d‘o diaforeti-

k∏n diastàsewn qarakthristikà gia ta dedomËna trofodoto‘ntai se d‘o summetrikà bajià

neurwnikà d–ktua d‘o kruf∏n katastàsewn me 84-neur∏nec.

Sq†ma 4.4: Baj‘ NeurwnikÏ D–ktuo D‘o EisÏdwn

Oi Ëxodoi twn summetrik∏n dikt‘wn, apotelo‘ntai apÏ 64-neur∏nec kai sunen∏nontai

∏ste na trofodot†soun Ëna nËo baj‘ neurwnikÏ d–ktuo. To d–ktuo autÏ apotele–tai apÏ

tr–a krufà ep–peda me klimako‘meno pl†joc neur∏nwn, 164-84-44 ant–stoiqa kai ReLu su-
nart†seic energopo–hshc. Sto stàdio exÏdou qrhsimopoio‘ntai kai pàli d‘o neur∏nec me
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Softmax energopoi†seic.
Sta peiràmata kai ta apotelËsmata pou parat–jentai sto Kefàlaio 5, qrhsimopoie–tai san

pr∏th e–sodoc tou montËlou Ëna diànusma me suqnÏthtec Tf-idf gia uni-gram kai bi-gram
montËla, en∏ gia de‘terh e–sodoc epilËgontai qarakthristikà pou exàgontai apÏ to ke–meno

Ïpwc perigràfontai sthn enÏthta 5.3. To montËlo autÏ ja anafËretai san 2inpDNN stouc
p–nakec thc axiolÏghshc/s‘gkrishc apotelesmàtwn sto Kefàlaio 5.

4.5 SunduasmÏc MontËlwn-Ensemble Model

Sthn enÏthta 3.3.5 parousiàsthke h dunatÏthta sunduasmo‘ montËlwn kai algorijmik∏n

teqnik∏n gia thn ep–teuxh kal‘terwn apotelesmàtwn. E–nai idia–tera s‘nhjec ta diaforeti-

kà montËla na katanoo‘n diaforetikà qarakthristikà kal‘tera apÏ àlla me apotËlesma o

sunduasmÏc touc na epifËrei kal‘terh katanÏhsh twn dedomËnwn. 'Etsi kai sto prÏblhma

anagn∏rishc metaforik∏n glwssik∏n fainomËnwn qrhsimopoio‘me Ëna sunduasmÏ tri∏n taxi-

nomht∏n me thn mËjodo Anektik†c TaxinÏmhshc. SugkekrimËna, epilËgoume ta apotelËsmata

apÏ to Amf–dromo LSTM, to Amf–dromo LSTM me MhqanismÏ kai to Baj‘ NeurwnikÏ

D–ktuo kai klimak∏noume ta apotelËsmata touc me katàllhlouc suntelestËc W1,W2,W3

Ïpwc fa–netai sto Sq†ma 4.5. Oi suntelestËc auto– apotelo‘n tic uperparamËtrouc (hyper-
parametres) tou sust†matoc kai prosdior–zontai dunamikà katà thn diàrkeia thc epik‘rwshc
(validation) twn dedomËnwn. Sto sunduasmÏ qrhsimopoio‘me Ëna pl†rec s‘nolo qarakthri-
stik∏n pou exàgoume apÏ to ke–meno, Ïpwc perigràfetai sto epÏmeno kefàlaio, wc e–sodo

sto Baj‘ NeurwnikÏ D–ktuo. O sunduasmÏc autÏc sthn pore–a thc ergas–ac ja kale–te wc

Deep Ensemble Soft Classifier - DESC lÏgw twn algor–jmwn baji∏n neurwnik∏n dikt‘wn
pou sunduàzontai kai twn teqnik∏n pou qrhsimopoio‘ntai.

Sq†ma 4.5: Deep Ensemble Soft Classifier - DESC MontËlo

4.6 Parathr†seic

Ta montËla pou perigràfhkan stic parapànw enÏthtec ja apotelËsoun touc basiko‘c

algor–jmouc gia thn antimet∏pish tou probl†matoc anagn∏rishc MGF. H aplopoihmËnh

sqhmatik† anaparàstash touc kaj∏c kai h s‘ntomh perigraf† thc arqitektonik†c touc den

diatup∏nei pl†rwc kàpoia qarakthristikà touc pou den anapt‘qjhkan ekten∏c. Parakàtw

g–netai mia prospàjeia aposaf†nishc orismËnwn apÏ autà ta stoiqe–a:



• Se Ïlec tic monàdec LSTM qrhsimopoie–tai h sunàrthsh ReLu.

• Se Ïla ta montËla sto stàdio exÏdou qrhsimopoie–tai h sunàrthsh energopo–hshc
Softmax.

• Ta parapànw montËla aforo‘n dedomËna duadik†c taxinÏmhshc. Se dedomËna me pa-
rapànw kathgor–ec to stàdio exÏdou tropopoie–tai ∏ste na diajËtei tÏsouc neur∏nec

Ïsec kai oi pijanËc klàseic.





Kefàlaio 5

An–qneush Metaforik∏n
Glwssik∏n FainomËnwn sto
Twitter

Sto parÏn kefàlaio parousiàzontai analutikà ta peiràmata kai ta apotelËsmata an–qneu-

shc MFG, kaj∏c kai ta dedomËna ta opo–a qrhsimopoi†jhkan. EpiprÏsjeta, parousiàzontai

kai sugkr–nontai ta apotelËsmata diàforwn algor–jmwn, me diaforetikËc metrikËc apÏdoshc

Ïpwc anapt‘qjhkan sthn paràgrafo 3.5.5. TËloc, sugkr–nontai ta montËla pou parousi-

àsthkan sto kefàlaio 4 me apotelËsmata apÏ suggenikËc kai endeiktikËc ergas–ec anafo-

ràc. H diadikas–a taxinÏmhshc akolouje– mia ro† ergasi∏n (pipeline) tessàrwn stad–wn. H
diadikas–a aut† perigràfetai ekten∏c sto kefàlaio autÏ kai anapar–statai sqhmatikà sto

parakàtw Sq†ma 5.1

Sq†ma 5.1: Ro† ergasi∏n gia an–qneush MGF

5.1 DedomËna

To prÏblhma thc an–qneushc MGF, pËran thc idiomorf–ac tou lÏgou, apotele– Ëna idia-

–tera d‘skolo prÏblhma afo‘ den upàrqoun pollà diajËsima dedomËna gia epexergas–a. Gia
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thn axiolÏghsh tou peiràmatoc qrhsimopoi†jhkan tr–a diaforetikà s‘nola dedomËnwn pou

epikentr∏nontai se diaforetikà metaforikà glwssikà fainÏmena.

5.1.1 An–qneush Eirwne–ac sto BretanikÏ Twitter

Sto diejnËc Workshop Semantic Evaluation-SemEval to 2018 protàjhke to prÏblhma
entopismo‘ eirwnik∏n kai sarkastik∏n tweet sta pla–sia thc dhmiourgik†c gl∏ssac pou
mporo‘n na prosfËroun ta Social Media[42]. H sullog† twn dedomËnwn tou probl†matoc
Ëgine me thn qr†sh hashtag pou parapËmpoun se eirwnikà tweet, Ïpwc ta #sarcasm, #irony,
#not kai sthn sunËqeia elËgqjhkan qeirok–nhta. MetËpeita ta hastag afairËjhkan apÏ ta
tweet gia na mhn prod–doun thn eirwne–a touc. Ta dedomËna apotelo‘ntai apÏ 3,834 tweets
gia ekpa–deush kai 784 tweets gia Ëlegqo kai qarakthr–zontai apÏ thn kathgor–a sthn opo–a
an†koun, eirwnikÏ † mh eirwnikÏ. Ta tweet sullËqjhkan thn per–odo metax‘ 01/12/2014
kai 04/01/2015 apÏ 2,676 diaforetiko‘c qr†stec. To s‘nolo twn dedomËnwn e–nai pl†rwc

isorrophmËno me 2,396 tweet se kàje kathgor–a. Ta dedomËna axiolÏghshc periËqoun mia
analog–a 40% eirwnikà kai 60% mh eirwnikà tweet en∏ ta dedomËna ekpa–deushc e–nai moira-
smËna me 1911 eirwnikà kai 1923 mh eirwnikà tweet. ParÏti ta dedomËna qarakthr–zoun Ëna
duadikÏ prÏblhma taxinÏmhshc, parousiàzoun pollà diaforetikà e–dh eirwne–ac.

Pl†joc Tweet S‘nolo Ekpa–deushc S‘nolo axiolÏghshc

Eirwnikà 1911 311

Mh eirwnikà 1923 473

S‘nolo 3834 784

P–nakac 5.1: Katanom† eirwnik∏n dedomËnwn

Gia paràdeigma periËqontai eirwnikà sqÏlia pou parousiàzoun ant–jesh sunaisjhmàtwn

‘I feel so blessed to get ocular migraines.’ me thn lËxh blessed na Ërqetai se ant–jesh me
thn lËxh migraines, eirwnikà sqÏlia pou den parousiàzoun kam–a sunaisjhmatik† ant–jesh
‘Human brains disappear every day. Some of them have never even appeared.’ allà kai
eirwnikà sqÏlia pou ofe–lontai se peristasiakà gegonÏta ‘Event technology session is having
Internet problems. #irony #HSC2024 ’.
Merikà akÏma parade–gmata twn dedomËnwn:

• I really love this year’s summer; weeks and weeks of awful weather (EirwnikÏ)

• Go ahead drop me hate, I’m looking forward to it. (EirwnikÏ)

• I just love when you test my patience!! #not. (EirwnikÏ)

• Had no sleep and have got school now #not happy (Mh eirwnikÏ)
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T‘poc MGF # Tweet Ekpa–deushc MËso Suna–sjhma Ekpa–deushc # Tweet AxiolÏghshc MËso Suna–sjhma AxiolÏghshc

SarkasmÏc 5000 -2.25 746 -1.94

Eirwne–a 1000 -1.70 81 -1.35

Metaforà 2000 -0.54 198 -0.34

S‘nolo 8000 -1.99 1025 -1.78

P–nakac 5.2: Katanom† dedomËnwn Metaforik†c Gl∏ssac

5.1.2 An–qneush Metaforik∏n Glwssik∏n FainomËnwn sto Twitter

'Ena de‘tero s‘nolo dedomËnwn pou qrhsimopoi†jhke proËrqetai ep–shc apÏ to Work-
shop SemEval 2015. SkopÏc tou probl†matoc †tan h katamËtrhsh tou sunaisj†matoc pou
periËqoun ta metaforikà dedomËna. Ta dedomËna proËrqontai ep–shc apÏ to Twitter kai
periËqoun tr–a e–dh metaforik†c gl∏ssac: eirwne–a, sarkasmÏ kai metaforà. Oi timËc su-

naisj†matoc lambànoun timËc se mia kl–maka 11 diakrit∏n tim∏n, apÏ to -5 Ëwc to 5, pou

Ëqoun epishmeiwje– apÏ anexàrthtouc anagn∏stec qeirok–nhta mËsw thc platfÏrmac Crowd-
Flower1. TimËc kontà sto -5 upodhl∏noun arnhtikÏthta kai kritik†, ant–jeta timËc kontà
sto +5 upodhl∏noun jetikà mhn‘mata en∏ me 0 uposhmei∏nontai sunaisjhmatikà oudËtera

tweet. LÏgw thc metaforik† qr†shc thc gl∏ssa to megal‘tero pl†joc twn tweet peri-
Ëqoun arnhtikËc timËc sunaisj†matoc. 'Etsi, skopÏc tou probl†matoc e–nai h anagn∏rish

tou sunaisj†matoc pou ekfràzei Ëna ke–meno mikro‘ m†kouc Ïtan se autÏ upàrqoun meta-

forikà glwssikà fainÏmena. Sunolikà sullËqjhkan 9000 tweet me sarkastikÏ, eirwnikÏ
kai metaforikÏ perieqÏmeno pou merikËc forËc den mpore– na g–nei diakritÏ. San dedomËna

ekpa–deushc qrhsimopoio‘ntai 8000 tweet en∏ gia dokim† ta upÏloipa 1000.
Merikà parade–gmata apÏ tweet twn dedomËnwn maz– me ta ant–stoiqa sunaisjhmatikà

skor pou Ëqoun epishmeiwje–:

• A paperless office has about as much chance as a paperless bathroom (-3)

• Today will be about as close as you’ll ever get to a "PERFECT 10" in the weather
world! Happy Mother’s Day! Sunny and pleasant! High 80. (3)

• I love when I’m ready to go to sleep but can’t because I can clearly hear my neighbors
music from inside my house! NOT (-3)

• This makes me feel soooo good about myself not (-2)

5.1.3 Anagn∏rish Sarkasmo‘ sto Twitter

Gia to glwssikÏ fainÏmeno tou sarkasmo‘ qrhsimopoi†jhkan d‘o diaforetikà s‘nola

apÏ dedomËna, kai ta d‘o Ëqoun proËljei apÏ to mËso koinwnik†c dikt‘wshc Twitter. To
pr∏to apotele– Ëna s‘nolo 39.780 tweet ekpa–deushc kai 1.975 tweet axiolÏghshc pou dh-
miourg†jhke apÏ ton Ghosh[34] me bàsh ta hashtag #sarcasm , #sarcastic, #not. Ta

1https://www.figure-eight.com/

https://www.figure-eight.com/
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dedomËna, tÏso ekpa–deushc Ïso kai axiolÏghshc e–nai sqedÏn isorrophmËna me 18.488 sar-

kastikà dedomËna, posostÏ dhlad† 46.5% twn dedomËnwn.

Merikà parade–gmata apÏ tweet twn dedomËnwn maz– me tic ant–stoiqec klàshc pou Ëqoun
epishmeiwje–:

• I love it when people start rumours about me not (SarkastikÏ)

• Thank you alarm clock for never going off . hatebeinglate (SarkastikÏ)

• Don’t you just love Mondays ? ! ? ! ? (SarkastikÏ)

• I get so nervous to speak to people now , I can’t even get my words out (Mh Sarka-
stikÏ)

To de‘tero set dedomËnwn proËrqetai ep–shc apÏ to witter, kai dhmiourg†jhke apÏ
ton Riloff[82] gia thn diere‘nhsh tou sarkasmo‘ wc mia ant–jesh jetik∏n kai arnhtik∏n
sunaisjhmàtwn. Ta dedomËna apotelo‘ntai apÏ 2278 tweet ek twn opo–wn ta 506 e–nai
sarkastikà. To sugkekrimËno set dedomËnwn e–nai arketà mh isorrophmËno allà Ëqei uyhl†

akr–beia afo‘ Ëqei uposhmeiwje– qeirok–nhta apÏ ereunhtËc me to megal‘tero Kappa-skor2.
'Opwc kai ta parapànw dedomËna, Ëtsi kai autÏ Ëqoun epileqje– me bàsei ta hashtag pou
dhl∏noun sarkastikÏ perieqÏmeno. Merikà parade–gmata apÏ tweet twn dedomËnwn maz– me
tic ant–stoiqec klàshc pou Ëqoun epishmeiwje–:

• I love it whenever my brother gets up and turns on all the lights... (SarkastikÏ)

• Love working on my last day of summer... (SarkastikÏ)

• Thank god I invested in an umbrella this year. (Mh SarkastikÏ)

5.1.4 Qarakthristikà Metaforik†c Gl∏ssac

Me bàsh thn sullog† dedomËnwn pou qrhsimopoio‘me e–nai qr†simo na diereun†soume

merikËc apÏ tic pio suqnËc lËxeic pou qrhsimopoio‘ntai sta eirwnikà kai ta sarkastikà

dedomËna ∏ste na katano†soume ton trÏpo me ton opo–o diatup∏netai sta Social Media.
Sta Sq†mata 5.2-5.4 mporo‘me na parathr†soume thn ant–jesh sunaisjhmàtwn pou ku-

riarqo‘n sta eirwnikà kai sta sarkastikà sqÏlia. LËxeic Ïpwc to love, like, good, fine,
great klp pou apotup∏noun jetikà sunaisj†mata qrhsimopoio‘ntai se MGF, dhl∏nontac
Ïmwc to akrib∏c ant–jeto suna–sjhma. MËsw twn sqetik∏n istogrammàtwn mpore– na g–nei

antilhpt† kai h duskol–a tou diaqwrismo‘ twn MGF apÏ uyhlà sunaisjhmatikà fortismËnec

ekfràseic pou periËqoun ant–stoiqo lexilÏgio.

TautÏqrona, Ïpwc mpore– na parathrhje– sto Sq†ma 5.4 to lexilÏgio e–nai parÏmoio

kai sta tr–a e–dh thc metaforik†c gl∏ssac me tic uyhlà sunaisjhmatikà lËxeic na e–nai

autËc pou kuriarqo‘n. 'Ena akÏma qarakthristikÏ twn metaforik∏n dedomËnwn e–nai h pio

s‘ntomh Ëkfrash pou qrhsimopoio‘n. Ta perissÏtera apÏ ta tweet qrhsimopoio‘n 50 me 100
2https://en.wikipedia.org/wiki/Cohen%27s_kappa

https://en.wikipedia.org/wiki/Cohen%27s_kappa
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Sq†ma 5.2: SuqnÏthta lËxewn sta eirwnikà dedomËna

Sq†ma 5.3: SuqnÏthta lËxewn sta sarkastikà dedomËna

qarakt†rec se ant–jesh me ta kuriolektikà pou sun†jwc exantlo‘n touc 120 qarakt†rec

tou tweet, Ïpwc fa–netai sto Sq†ma 5.5.
Ta qarakthristikà autà e–nai apara–thto na lhfjo‘n upÏyin ∏ste na d∏soun thn duna-

tÏthta stouc qrhsimopoio‘menouc algor–jmouc na katano†soun tic diaforËc twn metafori-

k∏n kai twn kuriolektik∏n fainomËnwn.

5.2 Proepexergas–a dedomËnwn

'Opwc perigràfhke sthn prohgo‘menh enÏthta ta dedomËna apotelo‘n mikro‘ m†kouc

ke–mena, to pol‘ 120 qarakt†rwn. An parathr†soume ton trÏpo Ëkfrashc twn qrhst∏n
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Sq†ma 5.4: SuqnÏthta lËxewn sta metaforikà dedomËna

Sq†ma 5.5: MËso m†koc tweet metaforik∏n dedomËnwn

sto Twitter e–nai e‘kolo na diakr–noume orismËna qarakthristikà pou kuriarqo‘n. Merikà
apÏ autà h qr†sh hashtag sta opo–a pijanÏn na upàrqoun s‘nola apÏ suzeugmËnec lËxeic,
Ïpwc gia paràdeigma ta #yeahright, #thankgod, #noway kai àlla, oi apant†seic se àllouc
qr†stec me thn qr†sh tou @user, h qr†sh anorjÏgrafwn lËxewn kai pijanÏn arktikÏlexwn
Ïpwc to lol, gia to laugh out loud kaj∏c kai h qr†sh eikonid–wn emoji. Lambànontac
upÏyin ta qarakthristikà autà sto stàdio proepexergas–ac twn dedomËnwn akolouj†jhke h

parakàtw diadikas–a::

• Ta kefala–a metatrËpontai se mikrà gia pio e‘rwsth epexergas–a tou keimËnou

• Afairo‘ntai ta # apÏ to tweet kai g–netai Ëlegqoc gia tuqÏn suzeugmËnec lËxeic se
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autÏ ∏ste na diaqwristo‘n kai na antimetwpisto‘n wc lËxeic tou keimËnou[9].

• Afairo‘ntai oi s‘ndesmoi pou mpore– na periËqontai sto tweet afo‘ den prosd–doun
kàpoio qarakthristikÏ me bàsh to sarkastikÏ perieqÏmeno tou tweet.

• Metatrop† twn emoji sthn perigraf† touc ∏ste na mporo‘n na antimetwpisto‘n wc
lËxeic tou keimËnou.

• DiÏrjwsh anorjÏgrafwn lËxewn me bàsh thn kontinÏterh touc lËxh se Ëna megàlo
agglikÏ lexikÏ.

• Stemming twn lËxewn me thn qr†sh tou Porter Stemmer.

5.3 Dhmiourg–a Qarakthristik∏n-Feature Engineering

Gia kàje Tweet dhmiourge–tai Ëna diànusma qarakthristik∏n to opo–o periËqei 39 stoi-
qe–a pou sunduàzontai me n-gram qarakthristikà twn dedomËnwn. Ta qarakthristikà autà
mporo‘n na katataqjo‘n se tËsseric eur‘terec kathgor–ec.

• 12 suntaktikà qarakthristikà: pou katagràfoun thn qr†sh rhmàtwn, epirrhmàtwn,
antwnumi∏n, epijËtwn klp sto tweet.

• 7 ekfrastikà qarakthristikà: pou upodhl∏noun ton trÏpo Ëkfrashc tou qr†sth kai
perilambànoun to pl†joc lËxewn tou tweet, to pl†joc emoji pou qrhsimopoi†jhkan,
to lÏgo emoji anà lËxh tou tweet, to mËso m†koc kàje lËxhc, to pl†joc shme–wn st–xhc
kaj∏c kai ta epanalambanÏmena gràmmata pou mpore– na dhl∏noun Ëmfash Ïpwc to

Wooooow.

• 13 sunaisjhmatikà qarakthristikà: Ïpwc mpore– na g–nei e‘kola antilhptÏ apÏ ta para-
pànw parade–gmata h eirwne–a kai o sarkasmÏc apotelo‘n mia ant–jesh sunaisjhmàtwn

metax‘ thc kuriolektik†c kai thc metaforik†c ermhne–ac tou keimËnou. Gia ton lÏgo

autÏ qrhsimopoi†jhkan diàfora ergale–a anàlushc sunaisj†matoc. SugkekrimËna u-

polog–sthkan me thn qr†sh tou SentiWordNet[3] o mËsoc Ïroc arnhtik∏n kai jetik∏n
pol∏sewn twn lËxewn anà tweet kaj∏c kai h diaforà touc. Ep–shc qrhsimopoi†jhke
to VADER (Valence Aware Dictionary and sEntiment Reasoner), pou Ëqei ekpaideute–
apÏ Ëna megàlo corpus gia thn anàdeixh jetik∏n kai arnhtik∏n lËxewn sto ke–meno, to
opo–o eisàgei thn qr†sh àrnhshc se lexikÏ sunaisjhmatik†c anàlushc, gia ekfràseic

thc morf†c ’not good¨, Ïpou upolog–sthkan oi mËsoi Ïroi arnhtik∏n kai jetik∏n su-
naisjhmàtwn sto tweet kaj∏c kai h ant–jesh touc. TautÏqrona qrhsimopoie–tai àlloc
Ënan analut†c sunaisj†matoc apÏ thn gnwst† biblioj†kh anàlushc keimËnou sthn

Python TextBlob 3, pou katagràfei thn fÏrtish tou keimËnou maz– me Ëna suntelest†

upokeimenikÏthtac, allà kai to lexikÏ Afin[1] pou katagràfei to suna–sjhma tou tweet
3https://textblob.readthedocs.io/en/dev/api_reference.html#module-textblob.en.

sentiments
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(a˛) Diàgramma Qarakthristik∏n gia Eirwnikà
DedomËna

(b˛) Diàgramma Qarakthristik∏n gia Sarkastikà
DedomËna

Sq†ma 5.6: Qarakthristikà Eirwnik∏n-Sarkastik∏n DedomËnwn

me Ëna montËlo basismËno stic lexilogikËc allhlouq–ec. TËloc, katagràfontai lËxeic

pou anadeikn‘oun gËlio sto perieqÏmeno tou tweet, Ïpwc ta hahaha, ahaha kai ta
paràgwga touc allà kai ekfràseic Ïpwc to lol.

Ta parapànw dedomËna prosegg–zoun thn s‘ntaxh kai thn morfolog–a tou keimËnou, ton

trÏpo Ëkfrashc kai thn sunaisjhmatik† fÏrtish tou qr†sth, allà kai tic sunaisjhmatikËc

antijËseic pou periËqontai se kàje sqÏlio. Upolog–zontac tic mËsec timËc twn parapànw

dedomËnwn sqediàzoume ta diàgrammata tou Sq†matoc 5.6 gia na diakr–noume tic diaforËc

eirwne–ac kai sarkasmo‘ me ta kuriolektikà dedomËna, se sugkekrimËna qarakthristikà (to

pl†joc epirrhmàtwn, antikeimËnwn, rhmàtwn, prosdiorism∏n, to pl†joc ekfràsewn gËliou,

to pl†joc shme–wn st–xhc, to mËso m†koc lËxhc, to mËso mËgejoc tweet, kaj∏c kai sunai-
sjhmatikËc antijËseic me thn qr†sh twn Affin, SentiWordNet, Vader, Depeche). Ant–jeta
me Ïsa anamËname parathro‘me megal‘terh Ëktash sqol–wn sta eirwnikà dedomËna, en∏ tau-

tÏqrona megal‘terec sunaisjhmatikËc diaforËc me bàsh ta ergale–a Vader, Afinn, SWN.
Mia akÏma axiÏlogh parat†rhsh e–nai h qr†sh shmantikà perissÏterwn shme–wn st–xhc, rh-

màtwn kai prosdiorism∏n sta kuriolektikà dedomËna. Ant–jeta, sta sarkastikà dedomËna

diakr–noume thn qr†sh lËxewn megal‘terhc Ëktashc kai mikrËc diaforËc sthn qr†sh epir-

r†matwn.

• 8 qarakthristikà diàjeshc: Ta qarakthristikà autà exàgontai me thn qr†sh tou lexi-
ko‘ DepecheMood[91], pou Ëqei dhmiourghje– apÏ mia sullog† keimËnwn tou Rappler4

kai anaparistà kàje lËxh me Ëna diànusma diàjeshc. SugkekrimËna, katagràfei 8

qarakthristikà prodiàjeshc tou keimËnou: thn qarà, thn l‘ph, ton fÏbo, ton jumÏ,

thn adiafor–a, thn tËryh, thn enÏqlhsh kai Ëmpneush, parousiàzontac state-of-the-art
apotelËsmata. Sto sq†ma 5.7 parousiàzontai oi mËsec timËc twn dianusmàtwn diàje-

4www.rappler.com

www.rappler.com
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shc gia eirwnikà kai sarkastikà dedomËna. To polikÏ autÏ diàgramma anadukn‘ei thn

epijetikÏthta pou qarakthr–zei ta eirwnikà sqÏlia se s‘gkrish me ta kuriolektikà.

Sq†ma 5.7: Stoiqe–a Diàjeshc sta Eirwnikà DedomËna

Ta 39 qarakthristikà pou anafËrjhkan parapànw sunduàzontai me uni-gram kai bi-gram
montËla kai apotelo‘n ton p–naka qarakthristik∏n pou qrhsimopoie–tai sta peiràmata me

Neurwnikà D–ktua EmprÏsjiac trofodÏthshc. Ant–jeta, sta EpanalambanÏmena Neurwnikà

D–ktua(RNN) qrhsimopoio‘me pro-ekpaideumËna Word Embeddings ta opo–a parousiàzoun
ta kal‘tera apotelËsmata. AnalutikÏtera, qrhsimopoio‘ntai ta GloVe: Global Vectors[74]
100-diastàsewn pou dhmiourg†jhkan apÏ to Standford, ta opo–a Ëqoun ekpaideute– pànw se
duo disekatomm‘ria tweet.

5.4 AxiolÏghsh Algor–jmwn

Metà thn dhmiourg–a twn apara–thtwn qarakthristik∏n kai thn proepexergas–a twn su-

nÏlwn dedomËnwn ja qrhsimopoi†soume gia kàje Ëna apÏ autà diàforouc algÏrijmouc taxi-

nÏmhshc, Ïpou kai ja axiolog†soume ta apotelËsmata touc allà kai ja ta sugkr–noume me

paremfere–c ergas–ec. Gia thn axiolÏghsh ja qrhsimopoi†soume touc algor–jmouc pou ana-

pt‘xame leptomer∏c sto Kefàlaio 4, en∏ wc mËtro eswterik†c s‘gkrishc ja qrhsimopoihje–

o taxinomht†c SVM pou apotele– Ëna idia–tera s‘nhjec ergale–o ston ereunhtikÏ tomËa thc
anagn∏rishc sunaisj†matoc(Sentiment Analysis).

5.4.1 Anagn∏rish Eirwne–ac

Gia to s‘nolo eirwnik∏n dedomËnwn apÏ to SemEval-2018 qrhsimopoio‘me pËnte metri-
kËc axiolÏghshc, tic: Accuracy, Precision, Recall, F1 � Score kai AUC. Ta apotelËsmata
sunoy–zontai sto P–naka 5.3 .

E–nai fanerÏ pwc to montËlo sunduasmo‘ montËlwn, DESC, pou perigràfhke sthn proh-
go‘menh enÏthta 3.3.5 parousiàzei ta kal‘tera apotelËsmata Ïso aforà tic metrikËc axio-
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AlgÏrijmoc Accuracy Precision Recall F1 AUC

DNN-2inp 0.63 0.64 0.62 0.63 0.65

DNN-Tfidf 0.65 0.65 0.63 0.64 0.70

DNN-uni 0.65 0.68 0.65 0.65 0.72

DNN-All 0.66 0.69 0.66 0.67 0.75

SVM-Tfidf 0.65 0.68 0.65 0.66 0.70

SVM-FeatVec 0.59 0.59 0.59 0.59 0.60

SVM-All 0.66 0.69 0.66 0.67 0.75

AttentionLSTM 0.71 0.70 0.71 0.70 0.75

BiLSTM 0.71 0.71 0.71 0.70 0.76

DESC 0.74 0.73 0.73 0.73 0.78

P–nakac 5.3: S‘gkrish algor–jmwn gia eirwnikà dedomËna

lÏghshc. 'Omwc, Ëna ex–sou shmantikÏ gegonÏc e–nai pwc auxànetai aisjhtà kai h perioq†

kàtw apÏ thn kamp‘lh prÏbleyhc, AUC, Ïpwc fa–netai sto Sq†ma 5.8.

Sq†ma 5.8: Kamp‘lec ROC gia ta montËla tou sunduasmo‘ sta Eirwnikà DedomËna

Gia na mporËsoume na embaj‘noume thn anàlush mac peraitËrw, qrhsimopoio‘me mia mËjo-

do anaparàstashc twn lËxewn me bàsh thn shmantikÏthta(feature importance) touc, wc
qarakthristikà, sthn taxinÏmhsh. Sto Sq†ma 5.9 parousiàzontai 7 parade–gmata eirwnik∏n

dedomËnwn ta opo–a taxinom†jhkan orjà. Me thn qr†sh thc biblioj†khc eli55 upogramm–zo-

ntai oi lËxeic me thn megal‘terh jetik† (pràsino) kai arnhtik† (kÏkkino) pÏlwsh, me bàsh

thn sumbol† thc Tf-Idf anaparàstashc touc sthn diadikas–a taxinÏmhsh. 'Omoia, sto Sq†ma
5.10 parousiàzetai Ëna istÏgramma sqediasmËno, ep–shc, me bàsh tic suqnÏthtec Tf-idf sto

5https://eli5.readthedocs.io/en/latest/index.html

https://eli5.readthedocs.io/en/latest/index.html
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Sq†ma 5.9: Epirro† LËxewn sthn ekpa–deush twn algor–jmwn me thn qr†sh tou ergale–ou

eli5

opo–o katagràfontai oi 20 pio shmantikËc lËxeic gia ta eirwnikà dedomËna. LËxeic me megàlh

sunaisjhmatik† fÏrtish Ïpwc oi great, fun, joy † ekfràseic qaràc Ïpwc oi yay, awwww e–nai
autËc pou parousiàzoun thn megal‘terh shmantikÏthta se eirwnikà sqÏlia, qarakthristikÏ

thc duskol–ac sthn ermhne–a tou sunaisj†matoc se eirwnikà dedomËna.

Sq†ma 5.10: ShmantikÏthta LËxewn sta Eirwnikà DedomËna

To sugkekrimËno s‘nolo dedomËnwn apotËlese anoiqtÏ prÏblhma sto SemEval-2018 e-
pomËnwc mporo‘me pol‘ e‘kola na sugkr–noume ta apotelËsmata tou sunduastiko‘ montËlou

pou prote–netai me merikà apÏ ta montËla twn ereunht∏n pou antimet∏pisan to prÏblhma,

Ïpwc autà anapt‘qjhkan sto Kefàlaio 2. Ta apotelËsmata sunoy–zontai sto p–naka ;;. Se
Ïlec tic sqetikËc sugkr–seic anaferÏmaste se metrikËc axiolÏghshc oi opo–ec qrhsimopoi-

†jhkan stic ant–stoiqec ergas–ec.

ApÏ ta parapànw g–netai antilhptÏ pwc h sunduastik† mËjodoc apod–dei arketà kalà

apotelËsmata se eirwnikà dedomËna tou Aggliko‘ Twitter. H uyhl† Anàklhsh thc omàdac
WLV apod–dei thn ikanÏthta tou montËlou na taxinome– swstà to megal‘tero posostÏ miac
klàshc epifËrei Ïmwc lanjasmËnec taxinom†seic sthn àllh klàsh kai sunep∏c qamhlËc me-

trikËc akr–beiac kai F1 � score, Ïpou to montËlo DESC pou prote–netai apod–dei kal‘tera.

5.4.2 Anagn∏rish Metaforik∏n Glwssik∏n FainomËnwn

Sto s‘nolo autÏ lÏgw tou megàlou pl†jouc klàsewn qrhsimopoie–tai san metrik† axio-

lÏghshc h omoiÏthta sunhm–tonou allà kai h elàqisth diaforà tetrag∏nwn ∏ste oi algÏrij-
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MËjodoc Accuracy Precision Recall F1

THU-NGN 0.73 0.63 0.80 0.71

NTUA-SLP 0.73 0.65 0.69 0.67

WLV 0.64 0.53 0.84 0.65

NIHRIO, NCL 0.70 0.61 0.69 0.65

SIRIUS-LC 0.68 0.60 0.59 0.60

DESC 0.74 0.73 0.73 0.73

P–nakac 5.4: S‘gkrish montËlou me suggene–c ergas–ec gia eirwnikà dedomËna apÏ to

SemEval-2018

moi na Ëqoun thn dunatÏthta na sugkrijo‘n me àllouc diagwnizÏmenouc thc sugkekrimËnhc

ergas–ac.

AlgÏrijmoc Cosine MSE

DNN-2inp 0.602 4.23

DNN-Tfidf 0.71 3.17

DNN-uni 0.69 8.43

DNN-FeatVec 0.68 3.23

DNN-All 0.789 2.79

SVM-Tfidf 0.72 2.89

SVM-FeatVec 0.70 3.39

SVM-All 0.723 2.81

AttentionLSTM 0.749 2.86

BiLSTM 0.704 3.22

DESC 0.801 2.68

P–nakac 5.5: S‘gkrish algor–jmwn gia metaforikà dedomËna apÏ to SemEval-2015

'Opwc kai to prohgo‘meno s‘nolo dedomËnwn Ëtsi kai autÏ apotËlese anoiqtÏ prÏblhma

tou SemEval-2015, d–nontac thn dunatÏthta na sugkrijo‘n ta apotelËsmata thc sundua-
stik†c mejÏdou pou prote–netai me ta apotelËsmata twn ereunht∏n pou asqol†jhkan me

to sugkekrimËno prÏblhma. Ta sqetikà apotelËsmata sunoy–zontai, katà antistoiq–a me to

prohgo‘meno prÏblhma anagn∏rishc eirwne–ac, stouc P–nakec 5.5 kai 5.6.

5.4.3 Anagn∏rish Sarkasmo‘

'Opwc anafËrjhke sto kefàlaio 5.1.3 gia thn an–qneush sarkasmo‘ qrhsimopoi†jhkan

duo s‘nola dedomËnwn. H axiolÏghsh twn algor–jmwn Ëgine se kàje Ëna xeqwristà qrhsi-

mopoi∏ntac tic –diec metrikËc axiolÏghshc me ta dedomËna Eirwne–ac. LÏgw twn diajËsimwn

periorismËnwn upologistik∏n dunatot†twn qrhsimopoi†jhkan mÏno 8.000 tweet apÏ ta 39.000
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AlgÏrijmoc Cosine MSE

ClaC 0.758 2.12

UPF 0.710 2.46

LLT-PolyU 0.678 2.60

LT3 0.658 3.40

elirf 0.658 3.10

DESC 0.801 2.68

P–nakac 5.6: S‘gkrish montËlou me suggene–c ergas–ec gia metaforikà dedomËna

pou periËqoun ta dedomËna ekpa–deushc twn Ghosh&Veale se sunduasmÏ me 2.000 tweet gia
epik‘rwsh kai 2.000 tweet axiolÏghshc, Ïpwc akrib∏c sthn ergas–a [34].

AlgÏrijmoc Accuracy Precision Recall F1 AUC

DNN-2inp 0.79 0.78 0.81 0.79 0.83

DNN-Tfidf 0.844 0.85 0.84 0.84 0.86

DNN-uni 0.76 0.81 0.76 0.70 0.74

DNN-FeatVec 0.68 0.68 0.67 0.67 0.69

DNN-All 0.84 0.85 0.84 0.84 0.87

SVM-Tfidf 0.53 0.76 0.55 0.45 0.51

SVM-FeatVec 0.62 0.62 0.62 0.62 0.68

SVM-All 0.74 0.75 0.74 0.74 0.81

AttentionLSTM 0.80 0.86 0.80 0.80 0.88

BiLSTM 0.82 0.84 0.81 0.81 0.88

DESC 0.85 0.85 0.84 0.85 0.89

P–nakac 5.7: S‘gkrish algor–jmwn gia sarkastikà dedomËna twn Ghosh&Veale[34]

Ta apotelËsmata kai se aut† thn per–ptwsh de–qnoun mia mikr† anwterÏthta thc teqnik†c

sunduasmo‘ DESC se sqËsh me thn apÏdosh memonwmËnwn algor–jmwn (blËpe P–naka 5.7).
ParÏla autà, sta dedomËna autà h teqnik† sunduasmo‘ DESC parousiàzei mia shmantik†
apÏklish apÏ ta apotelËsmata tou state-of-the-art montËlo pou parousiàsthke sto [34].
Saf∏c, sta apotelËsmata autà ja prËpei na lhfje– upÏyin oti qrhsimopoi†jhke mÏno to

20% twn diajËsimwn dedomËnwn ekpa–deushc tou montËlou twn Ghosh&Veale(blËpe P–naka
5.8).

Sto de‘tero mËroc thc an–qneushc sarkasmo‘ sto Twitter qrhsimopoio‘me Ëna pio mikrÏ
allà akribËc s‘nolo dedomËnwn. Ta dedomËna autà, tou Riloff[82], ax–zei na shmeiwje–
pwc den e–nai isorrophmËna Ïpwc ta prohgo‘mena dedomËna pou qrhsimopoi†jhkan katà thn

peiramatik† axiolÏghsh. H mh isorrophmËnh katanom† twn dedomËnwn tou Riloff mac d–nei
thn dunatÏthta na exetàsoume thn eurwst–a twn montËlwn pou qrhsimopoio‘me, gnwr–zontac
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AlgÏrijmoc Precision Recall F1

Ghosh&Veale 0.92 0.92 0.92

DESC 0.85 0.84 0.85

P–nakac 5.8: S‘gkrish mejÏdou sunduasmo‘ me to montËlo twn Ghosh&Veale[34]

pwc to pl†joc twn mh sarkastik∏n tweet e–nai realistikà pàntote megal‘tero apÏ autÏ twn
sarkastik∏n. EpiprÏsjeta, gia na upàrqei h dunatÏthta s‘gkrishc me suggene–c ergas–ec

pou qrhsimopo–hsan ta dedomËna tou Riloff den antimetwp–sthke h mh-isorrophmËnh dom† twn
dedomËnwn. Ta apotelËsmata parat–jentai ston P–naka 5.9.

AlgÏrijmoc Accuracy Precision Recall F1 AUC

DNN-2inp 0.82 0.78 0.81 0.79 0.84

DNN-Tfidf 0.83 0.81 0.83 0.8 0.72

DNN-uni 0.79 0.78 0.81 0.79 0.74

DNN-FeatVec 0.81 0.81 0.83 0.80 0.72

DNN-All 0.83 0.81 0.83 0.81 0.82

SVM-Tfidf 0.82 0.80 0.82 0.80 0.80

SVM-FeatVec 0.82 0.73 0.81 0.75 0.76

SVM-All 0.83 0.81 0.83 0.81 0.81

AttentionLSTM 0.85 0.83 0.85 0.83 0.84

BiLSTM 0.85 0.85 0.85 0.85 0.85

DESC 0.87 0.87 0.86 0.87 0.86

P–nakac 5.9: S‘gkrish algor–jmwn gia sarkastikà dedomËna tou Riloff[82]

ApÏ to P–naka 5.10, mporo‘me kai pàli na parathr†soume pwc kai sto s‘nolo twn

sugkekrimËnwn dedomËnwn h teqnik† sunduasmo‘ epideikn‘ei thn kal‘terh apÏdosh gia thn

an–qneush metaforik∏n glwssik∏n fainomËnwn, Ëqontac megàlh diaforà apÏ thn apÏdosh

tou Riloff. Qrhsimopoio‘me paràllhla san mËtro s‘gkrishc thn axiolÏghsh tou algor–jmou
twn Ghosh & Veale pànw sta dedomËna tou Riloff.

AlgÏrijmoc Precision Recall F1

Riloff[82] 0.44 0.62 0.51

Ghosh[34] 0.88 0.88 0.88

DESC 0.87 0.86 0.87

P–nakac 5.10: S‘gkrish algor–jmwn gia sarkastikà dedomËna tou Riloff[82]
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Sq†ma 5.11: Kamp‘lec ROC gia ta montËla tou sunduasmo‘ sta Sarkastikà DedomËna

5.4.3.1 S‘noyh Sarkastik∏n Apotelesmàtwn

'Eqontac prospaj†sei na epil‘soume to fainÏmeno tou sarkasmo‘ se d‘o diaforetikà

wc proc ton t‘po kai thn katanom† touc dedomËna ja dokimàsoume na sunoy–soume ta apote-

lËsmata autà me suggene–c ergas–ec pou qrhsimopo–hsan –dia morfologikà dedomËna apÏ to

Twitter. E–nai safËc pwc to pl†joc, o t‘poc kai h katanom† twn dedomËnwn ephreàzoun sh-
mantikà thn ekpa–deush kai mellontikà thn ikanÏthta tou montËlou na aniqne‘ei sarkastikà

dedomËna. Ston P–naka 5.11 katagràfoume sunoptikà thn exËlixh thc Ëreunac sta sar-

kastikà dedomËna Ïson afora tic qrhsimopoio‘menec, stic ant–stoiqec ergas–ec, metrikËc

axiolÏghshc kai sqetikà apotelËsmata.

AlgÏrijmoc Accuracy Precision Recall F1 AUC

Davidov[26]-2010 - 0.79 0.86 0.82 -

Tsur[94]-2010 - 0.76 0.81 0.80 -

Ibanez[38]-2011 0.76 - - - -

Riloff[82]-2013 0.78 0.44 0.62 0.51 -

Liebrecht[56]-2013 - - - - 0.76

Rajadesingan[77]-2015 0.83 - - - 0.83

Ghosh&Veale[34]-2015 - 0.92 0.92 0.92 -

DESC-2018 0.85 0.85 0.84 0.85 0.89

P–nakac 5.11: S‘gkrish algor–jmwn gia sarkastikà dedomËna sto Twitter

Shme–wsh: To ‘-’ qrhsimopoie–tai gia tic metrikËc axiolÏghshc gia tic opo–ec den ana-

fËrontai apotelËsmata stic ant–stoiqec dhmosie‘seic.

Parathro‘me pwc sto s‘nolo twn metaforik∏n fainomËnwn h teqnik† sunduasmo‘ DESC
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pou dhmiourg†same uperskel–zei state-of-the-art apotelËsmata kai epideikn‘ei kal‘terh su-
mperiforà gia to s‘nolo twn metrik∏n axiolÏghshc (blËpe P–naka 5.11), pËran tic per–ptw-

shc twn Ghosh&Veale[34] .



Kefàlaio 6

Sumperàsmata

Sthn paro‘sa diplwmatik† ergas–a antimetwp–zoume to prÏblhma an–qneushc kai ana-

gn∏rishc metaforik∏n glwssik∏n fainomËnwn (MGF) sto mËso koinwnik† dikt‘wshc Twit-
ter kai thc taxinÏmhshc (classifcation) twn sqetik∏n tweet. AnalutikÏtera, sullËqjhkan
dedomËna apÏ tËssereic diaforetikËc phgËc [42, 35, 34, 82] ta opo–a anafËrontai se tr–a

diaforetikà MFG ta opo–a exetàzontai kai antimetwp–zontai sth paro‘sa ergas–a, sugke-

krimËna: anagn∏rish eirwne–ac, sarkasmo‘ kai metaforàc kai taxinÏmhsh twn ant–stoiqwn

keimËnwn.

Ta dedomËna poik–loun kai Ïson aforà sto glwssikÏ fainÏmeno pou ta qarakthr–zei

allà kai wc proc thn katanom† kai isorrop–ac (balance) touc (Ïson aforà sto pl†joc
twn ant–stoiqwn kathgori∏n, p.q., ‘sarkastikÏ’ vs. ‘mh-sarkastikÏ’). D‘o apÏ ta s‘no-
la dedomËnwn, eirwne–ac[42] kai sarkasmo‘[34] qarakthr–zontai san pl†rwc isorrophmËna

(balanced) duadik†c taxinÏmhshc probl†mata, me thn eurwst–a twn algor–jmwn pou ana-
pt‘qjhkan kai exetàsthkan na axiologe–te me Ëna mh-isorrophmËna (unbalanced) s‘nolo
dedomËnwn [82]. TautÏqrona, qrhsimopoie–tai Ëna s‘nolo dedomËnwn pou apotele–tai apÏ

sarkastikà, eirwnikà kai metaforikà tweet ta opo–a taxinomo‘ntai bàsh tou sunaisj†matoc
pou ekfràzoun se mia diakrit† kl–maka 11-klàsewn apÏ to -5 (apÏluta arnhtikÏ suna–sjhma)

mËqri to 5 (apÏluta jetikÏ suna–sjhma). Me autÏn ton trÏpo exetàzoume kai antimetwp–zou-

me diaforetikà probl†mata anagn∏rishc MFG Ïson aforà sto t‘po thc kathgoriopo–hshc

(duadik† kai diakrit† pollapl∏n kathgori∏n), allà kai Ïson aforà sth katanom† twn de-

domËnwn (anisorop–a sto pl†joc twn kathgori∏n).

Sthn sunËqeia ta dedomËna proepexergàzontai me teqnikËc pou anal‘ontai sthn enÏthta

5.2 ∏ste na dhmiourghjo‘n ta katàllhla Embeddings gia thn anaparàstash twn ant–stoi-
qwn sunÏlwn dedomËnwn ekpa–deushc. EpiprÏsjeta, exàgontai qarakthristikà pou katadei-

kn‘oun ekfrastikà, suntaktikà, sunaisjhmatikà kai yuqologikà gnwr–smata twn sqetik∏n

keimËnwn. Ta qarakthristikà pou exàgontai allà kai taWord Embeddings trofodoto‘n Ëna
s‘nolo apÏ diaforetikËc mejodolog–ec kai algor–jmouc bajiàc mhqanik†c màjhshc. Para-

thro‘me pwc ta montËla bajiàc màjhshc pou apod–doun kal‘tera, sugkrinÏmena metax‘ touc

allà kai me MhqanËc Dianusmatik†c Upost†rixhc (SVM), e–nai arqitektonikËc Amf–dromou
LSTM (bl. 4.1), LSTM me mhqanismÏ prosoq†c (bl. 4.2) kai bajio‘ neurwniko‘ dikt‘ou
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(bl. 4.3).

Ta proanaferjËnta montËla sunduàzontai me thn teqnik† Ensemble Anektik†c TaxinÏmh-
shc (soft classification) kai th dhmiourg–a enÏc prwtÏtupou taxinomht†, Deep Ensemble Soft
Classifier-DESC. O taxinomht†c DESC epideikn‘ei pol‘ kal† sumperiforà sta perissÏtera
s‘nola dedomËnwn, Ïson aforà se state-of-the-art dhmosieumËna apotelËsmata. Endeiktikà,
ta apotelËsmata tou taxinomht† DESC apod–doun F1=0.73 sta eirwnikà dedomËna se s‘gkri-

sh me to F1=0.71 pou epitugqànei o kal‘teroc taxinomht†c thc omàdac THU-NGN[101] sto
diejn† diagwnismÏ SemEval-2018, en∏ sta metaforikà dedomËna parousiàzoun omoiÏthta
sunhmitÏnou 0.801, arketà megal‘terh apÏ thn omàda CLaC[70] pou epËdeixe ta kal‘tera
apotelËsmata, 0.758, sto diejnh diagwnismÏ SemEval-2015. Anaforikà me ta sarkastikà de-
domËna, qrhsimopoi∏ntac to 20% twn dedomËnwn ekpa–deushc twn Ghosh&Veale, to montËlo
DESC, me F1=0.85 den prosegg–zei ta apotelËsmata twn Ghosh&Veale[34] (F1=0.92) allà

diafËrei shmantikà apÏ ton taxinomht† SVM, pou sta ant–stoiqa dedomËna apod–dei F1=0.74.

Ant–jeta me ta dedomËna twn Ghosh&Veale, sta mh-isorrophmËna dedomËna tou Riloff, to
montËlo DESC prosegg–zei thn state-of-the-art apÏdosh F1=0.88 twn Ghosh&Veale, apo-
d–dontac F1=0.87. To gegonÏc autÏ mac d–nei thn dunatÏthta na apod∏soume Ëna mËroc thc

apÏklishc sto s‘nolo dedomËnwn [34] sthn ellip† ekpa–deush tou montËlou se sqËsh me to

state-of-the-art montËlo.
'Ena akÏma idia–tera jetikÏ qarakthristikÏ tou montËlou DESC e–nai h a‘xhsh tou em-

bado‘ kàtw apÏ thn kamp‘lh, ROC(AUC metric), sugkrinÏmeno me ta ant–stoiqa posostà
memonwmËnwn algor–jmwn. 'Ola ta parapànw mporo‘n na sugkl–noun sth diap–stwsh pwc to

sunduastikÏ montËlo DESC parousiàzei bËltista apotelËsmata sth pleioyhf–a tou sunÏlou
dedomËnwn, qwr–c autÏ na shma–nei pwc den epidËqetai belti∏seic.

6.1 Mellontikà SqËdia kai Douleià

H an–qneush MGF apotele– Ëna anoiqtÏ z†thma sto ped–o thc epexergas–ac fusik†c

gl∏ssac (natural language processing) kai epifËrei arketËc belti∏seic ∏ste na epiteuqjo‘n
bËltista kai e‘rwsta apotelËsmata. To DESC perilambànei plhrofor–ec apÏ ta uni-gram
kai bi-gram montËla, ta opo–a bas–zontai se metrikËc suqnÏthtac Ïrwn (term frequency), Tf-
idf, se sunduasmÏ me stoiqe–a pou apotup∏noun basikà qarakthristikà tou sunaisj†matoc
kai thc diàjeshc twn keimËnwn anaforàc kai twn ant–stoiqwn qrhst∏n koinwnik∏n dikt‘wn.

ParÏla autà, Ïpwc fa–netai sto [77], ta MGF qarakthr–zontai apÏ nohmatikËc antijËseic,

kàti to opo–o mac odhge– sth dunatÏthta axiopo–hshc wc qarakthristik∏n eke–nwn twn stoi-

qe–wn pou apotup∏noun tic antijËseic sunaisjhmàtwn, allà kai qronik∏n antijËsewn. Gia

paràdeigma, e–nai gnwstÏ Ïti h qr†sh enest∏ta kai aor–stou qrÏnou sto –dio ke–meno apotele–

shmantik† Ëndeixh sarkasmo‘ kai eirwne–ac, kai mpore– na axiopoihje– sto qarakthrismÏ kai

th telik† katàtaxh tou keimËnou. Me bàsh thn Ëreuna tou Rajadesingan anadeikn‘etai Ïti h
anàlush sumperiforàc tou qr†sth ja mporo‘se na axiopoihje– qwr–c apara–thta na apaite–tai

to istorikÏ tou, axiopoi∏ntac stoiqe–a ta opo–a mporo‘n na qarakthr–soun to 'qarakt†ra'

tou, ta opo–a mporo‘n na exaqjo‘n apÏ ta ant–stoiqa tweet tou. 'Ena akÏma endiafËron
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qarakthristikÏ pou ja mporo‘se na enswmatwje– sto DESC e–nai h katamËtrhsh lËxewn
sto tweet pou qrhsimopoio‘ntai kur–wc ston proforikÏ lÏgo, Ïpwc prote–nei o Barbieri[5]
me thn qr†sh tou ANC lexiko‘. Ta antifatikà epirr†mata e–nai ep–shc Ëna qarakthristikÏ
pou katadeikn‘ei to stoiqe–o tou ‘aprÏsmenou’, pou emfan–zetai idia–tera se MGF, Ïpwc

katagràfei kai anadeikn‘ei o Reyes[81]. TËloc, h qr†sh tou ergale–ou Linguistic Inquiry
and Word Count (LIWC) gia thn exagwg† lektik∏n qarakthristik∏n apÏ to ke–meno me
thn dhmiourg–a dianusmàtwn 90-diastàsewn , Ïpwc prote–nei o Ibanez[38], ja mporo‘se na
apotelËsei prÏsjeta qarakthristikà sthn anàlush pou parousiàsthke sthn enÏthta 5.3.

TËloc, h axiopo–hsh twn mejodologi∏n, teqnik∏n, algor–jmwn kai apotelesmàtwn thc

paro‘sac ergas–ac se Ëna enia–o kai dialeitourgikÏ pakËto, mËsw kai thc katàllhlhc pro-

sarmog†c kai anàptuxhc sqetik∏n programmatik∏n diamËswn (APIs), mpore– na odhg†sei
sthn anàptuxh automatopoihmËnwn uphresi∏n anagn∏rishc kai tautopo–hshc, allà kai exa-

gwg†c tàsewn (trend analytics) kai qarakthrismo‘ qronik∏n †/kai topik∏n katastàsewn
kai fainomËnwn (p.q., epidhmi∏n, fusik∏n katastrof∏n klp.)
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EllhnikÏc Ïroc AgglikÏc Ïroc

Anaparastàseic LËxewn Word Embeddings
Anektik†c TaxinÏmhshc Soft Classification
DedomËna AxiolÏghshc Test Set
DedomËna Epik‘rwshc Validation Set
DedomËna Ekpa–deushc Train Set
D–ktua Makràc BraquprÏjesmhcMn†mhcLong Short-Term Memory -LSTM
Diatropik†c Entrop–a Crossentropy
Eurwst–a Robustness
k-PlhsiËsteroi GeitÏnec k-Nearest Neighbours
Metaforikà Glwssikà FainÏmena Figurative Language
SunduasmÏc MejÏdwn Ensemble
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