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Eisagwg 

H èreuna gia thn autìmath anagn¸rish kai paragwg  qioumoristik¸n ekfr�se-

wn apì upologist , brÐsketai akìmh se pr¸imo st�dio. O lìgoc eÐnai ìti sthn

qioumoristik  gl¸ssa qrhsimopoioÔntai polÔplokec, diforoÔmenec, kai asunepeÐc

suntaktikèc kai shmasiologikèc domèc, oi opoÐec apaitoÔn baji� shmasiologik 

ermhneÐa - ex ghsh. 'Enac shmantikìc lìgoc montelopoÐhshc tou qioÔmor eÐnai h

efarmog  tou sthn diepaf  qr sth - upologist , k�nontac ètsi thn allhlepÐdrash

pio fusik  kai endiafèrousa gia ton qr sth.

O skopìc thc paroÔsac ergasÐac eÐnai h dhmiourgÐa enìc sust matoc, to opoÐo

ja anagnwrÐzei autìmata touc qioumoristikoÔc upìtitlouc me b�sh glwssik� qara-

kthristik�. Oi upìtitloi pou qrhsimopoioÔntai san dedomèna, proèrqontai apì 23

epeisìdia thc 4hc sezìn thc qioumoristik c seir�c Friends. H ergasÐa apoteleÐtai

apì dÔo mèrh.

Stìqoc tou pr¸tou mèrouc eÐnai h dhmiourgÐa mÐac sullog c apì qioumoristi-

koÔc kai mh qioumoristikoÔc upìtitlouc. GÐnetai diaqwrismìc twn qioumoristik¸n

apì touc mh qioumoristikoÔc upìtitlouc, gia ìla ta epeisìdia pou proanafèrame.

Epishmei¸nontai ta diast mata mhqanikoÔ/mh mhqanikoÔ gèliou gia ta trÐa pr¸ta

epeisìdia, kai sthn sunèqeia qrhsimopoi¸ntac teqnikèc ekm�jhshc me epÐbleyh kai

to montèlo meÐxhc kanonik¸n katanom¸n (mixture of Gaussians), anagnwrÐzontai

ta diast mata aut� kai sta upìloipa (20) epeisìdia. Sthn sunèqeia qrhsimopoieÐ-

tai èna aplì sq ma epis manshc twn qioumoristik¸n upotÐtlwn, sto opoÐo ènac

upìtitloc jewreÐtai qioumoristikìc, e�n brÐsketai amèswc prin apì èna di�sthma

mhqanikoÔ gèliou (artificial laugh). 'Etsi me to pèrac autoÔ tou skèlouc thc er-

gasÐac, dhmiourgeÐtai ènac ikanìc ìgkoc apì qioumoristik� kai mh qioumoristik�

glwssik� dedomèna (upìtitloi).
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Sto deÔtero mèroc thc ergasÐac, qrhsimopoioÔntai ta glwssik� dedomèna pou

dhmiourg jhkan sto pr¸to mèroc, ¸ste na gÐnei h anagn¸rish twn qioumoristik¸n

upotÐtlwn me b�sh glwssik� qarakthristik�. Gia ton skopì autì qrhsimopoieÐ-

tai to N-gram pijanotikì montèlo, to montèlo tou dianusmatikoÔ q¸rou kai h

lanj�nousa shmasiologik  an�lush. EpÐshc gÐnetai melèth thc orjìthtac twn

taxinomht¸n, anaforik� me thn apìrriyh upotÐtlwn gia touc opoÐouc up�rqei u-

yhl  abebaiìthta gia thn kathgorÐa sthn opoÐa an koun. Tèloc gÐnetai epilog 

qarakthristik¸n me b�sh thn amoibaÐa plhroforÐa kai melet�tai h orjìthta twn

taxinomht¸n, anaforik� me to pl joc twn qarakthristik¸n pou qrhsimopoioÔntai

sthn ekpaÐdeush twn montèlwn.

Di�rjrwsh thc ergasÐac

Ta tèssera pr¸ta kef�laia prosfèroun, ston anagn¸sth, to aparaÐthto jew-

rhtikì upìbajro gia thn katanìhsh thc ergasÐac. Sto kef�laio 5 parousi�zetai

sqetik  èreuna me thn ergasÐa mac. Sta kef�laia 6, 7 parousi�zetai h ergasÐa

mac. To kef�laio 6 eÐnai to pr¸to skèloc thc ergasÐac kai afor� thn dhmiourgÐa

twn glwssik¸n dedomènwn. To kef�laio 7 eÐnai to deÔtero skèloc thc ergasÐac

kai parousi�zei thn autìmath anagn¸rish twn qioumoristik¸n upotÐtlwn me b�sh

glwssik� qarakthristik�. Tèloc sto kef�laio 8 parousi�zontai ta sumper�smata

pou bgaÐnoun apì thn ergasÐa kai o mellontikìc sqediasmìc gia peraitèrw beltÐ-

wsh twn apotelesm�twn.



Mèroc I

JEWRHTIKO UPOBAJRO
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Kef�laio 1

To montèlo meÐxhc kanonik¸n

katanom¸n

To montèlo thc meÐxhc kanonik¸n katanom¸n (Gaussian mixture model) eÐnai è-

na pijanotikì montèlo sto opoÐo h katanom  thc pijanìthtac perigr�fetai apì

èna grammikì sunduasmì kanonik¸n katanom¸n. 'Estw èna sÔnolo dedomènwn

D = {x(1),x(2), ...,x(N)}, ìpou x(i) eÐnai ta d-di�stata dianÔsmata twn metr -

sewn. Upojètoume ìti ta dedomèna par�gontai apì mÐa upokeÐmenh katanom  p(x),

kai ìti eÐnai amoibaÐwc anex�rthta metaxÔ touc (Independent Identically Distribu-

tion - IID). Epiplèon upojètoume ìti up�rqoun K kanonikèc katanomèc sto montèlo

meÐxhc kanonik¸n katanom¸n. SÔmfwna me ta parap�nw mporoÔme na gr�youme ìti:

p(x|Θ) =
K∑
k=1

αk pk(x|θk) (1.1)

Ston parap�nw tÔpo ta αk eÐnai ta b�rh twn katanom¸n, kai isqÔei ìti:

K∑
k=1

αk = 1 (1.2)

To Θ sumbolÐzei tic paramètrouc tou montèlou:

Θ = {α1, ..., αK , θ1, ..., θK} (1.3)

11
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Sq ma 1.1: Par�deigma meÐxhc tri¸n kanonik¸n katanom¸n

Efìson k�je sunist¸sa (component) thc meÐxhc eÐnai mÐa poludi�stath kanonik 

katanom , me tic dikèc thc paramètrouc θk = (µk,Σk), èqoume ìti:

pk(x|θk) =
1

(2π)d/2|Σk|1/2
e−

1
2

(x−µk)T Σ−1
k (x−µk) (1.4)

Tèloc h pijanìthta pou èqei èna dedomèno (data point) x(i), na an kei sthn ka-

tanom  k, dÐnetai apì ton akìloujo tÔpo:

wik = p(C = k|x(i),Θ) =
pk(x(i)|θk).αk∑K

m=1 pm(x(i)|θm).αm

, 1 ≤ k ≤ K, 1 ≤ i ≤ N (1.5)
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1.1 O algìrijmoc Expectation-Maximization

Se aut n thn enìthta ja perigr�youme ton EM (Expectation - Maximization)

algìrijmo gia thn perÐptwsh thc meÐxhc kanonik¸n katanom¸n. O algìrijmoc EM

perilamb�nei dÔo b mata:

E-step: Dhl¸noume tic trèqousec timèc twn paramètrwn mac wc Θ. Me b�sh thn

exÐswsh 1.5 upologÐzoume tic timèc twn wik, gia ìla ta dedomèna (x(i), 1 ≤ i ≤ N)

kai gia ìlec tic sunist¸sec thc meÐxhc kanonik¸n katanom¸n (1 ≤ k ≤ K). Na

shmeiwjeÐ ìti apì ton ton trìpo pou orÐsthkan ta wik (tÔpoc 1.5) isqÔei ìti∑K
k=1wik = 1. 'Etsi dhmiourgeÐtai ènac pÐnakac N x K o opoÐoc perièqei ta wik.

'Opwc eÐnai fanerì k�je gramm  tou pÐnaka autoÔ ajroÐzei sto 1.

M-step: Sto b ma autì qrhsimopoioÔntai oi timèc twn wik pou upologÐsthkan

sto sto E-step, gia na upologistoÔn oi kainoÔrgiec timèc twn paramètrwn. Eidi-

kìtera gia ta kainoÔrgia b�rh twn katanom¸n èqoume:

αnew
k =

1

N

N∑
i=1

wik , 1 ≤ k ≤ K (1.6)

Oi kainoÔrgiec mèsec timèc upologÐzontai wc stajmismènoi mèsoi ìroi twn dedomè-

nwn:

µnew
k =

1∑N
i=1wik

N∑
i=1

wik . x(i), 1 ≤ k ≤ K (1.7)

JumÐzoume ìti ta µnew
k , x(i) eÐnai d-di�stata dianÔsmata. 'Oson afor� touc kai-

noÔrgiouc pÐnakec sundiaspor¸n (Σnew
k ), upologÐzontai wc ex c:

Σnew
k =

1∑N
i=1wik

N∑
i=1

wik . (x(i)− µnew
k )(x(i)− µnew

k )T , 1 ≤ k ≤ K (1.8)

O parap�nw tÔpoc eÐnai parìmoioc me ton klassikì tÔpo pou qrhsimopoieÐtai gia

ton upologismì enìc pÐnaka sundiaspor¸n, me thn diafor� ìti h suneisfor� k�je
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dedomènou stajmÐzetai me èna b�roc wik. Shmei¸noume ìti k�je pÐnakac sundia-

spor¸n eÐnai di�stashc d x d.

Oi exis¸seic tou b matoc M-step prèpei na upologÐzontai me thn seir� pou

parousi�sthkan: Pr¸ta upologÐzontai ta αk, met� ta K kainoÔrgia µk, kai tèloc

ta K kainoÔrgia Σk.

'Eqontac upologÐsei ìlec tic kainoÔrgiec paramètrouc, to M-step èqei olo-

klhrwjeÐ. MazÐ, ta b mata E-step kai M-step, apoteloÔn mÐa epan�lhyh. Mìlic

telei¸sei mÐa epan�lhyh, xekin�ei mia kainoÔrgia, epistrèfontac sto E-step kai u-

pologÐzontac tic kainoÔrgiec timèc twn paramètrwn. O algìrijmoc stamat�ei ìtan

xeperasteÐ to ìrio epanal yewn pou èqoume jèsei   an ikanopoihjeÐ to krit rio

sÔgklishc.

ArqikopoÐhsh kai krit rio sÔgklishc

Gia na xekin sei o algìrijmoc EM prèpei na arqikopoihjoÔn oi timèc twn para-

mètrwn kai twn bar¸n pou èqei k�je sunist¸sa-katanom . Oi arqikèc par�metroi

  ta arqik� b�rh, mporoÔn na epilegoÔn eÐte tuqaÐa (p.q epilog  K tuqaÐwn dedo-

mènwn san arqikèc mèsec timèc kai arqikopoÐhsh twn K pin�kwn sundiaspor¸n me

ton pÐnaka sundiaspor¸n ìlwn twn dedomènwn), eÐte mèsw k�poiac mejìdou, ìpwc

th qrhsimopoÐhsh tou algìrijmou K-means, gia ton diaqwrismì twn dedomènwn se

om�dec (clusters) kai ton prosdiorismì twn bar¸n me b�sh ta mèlh k�je om�dac.

H sÔgklish tou algorÐjmou EM aniqneÔetai wc ex c: UpologÐzetai o log�-

rijmoc thc pijanìthtac (log-likelihood) twn dedomènwn met� apì k�je epan�lhyh.

ApodeiknÔetai ìti h pijanìthta twn dedomènwn den mei¸netai apì epan�lhyh se

epan�lhyh ston algìrijmo EM [18] . Sthn ousÐa epitugq�netai èna topikì mè-

gisto thc tim c thc pijanìthtac twn dedomènwn. 'Otan den up�rqei shmantik 

diafor� sthn sthn tim  tou logarÐjmou thc pijanìthtac twn dedomènwn (h opoÐa

orÐzetai me k�poio kat¸fli) an�mesa se dÔo epanal yeic, shmaÐnei ìti to krit rio

sÔgklishc èqei ikanopoihjeÐ kai o algìrijmoc termatÐzei. Shmei¸noume ìti o lo-

g�rijmoc thc pijanìthtac twn dedomènwn (upì thn IID je¸rhsh), orÐzetai wc ex c:
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log l(Θ) =
N∑
i=1

log p(x(i)|Θ) (1.9)

, ìpou h p(x(i)|Θ) eÐnai h exÐswsh tou montèlou meÐxhc kanonik¸n katanom¸n me

tic K sunist¸sec pou perigr�yame prohgoumènwc.

Anaforèc

O anagn¸sthc mporeÐ na anatrèxei stic phgèc [12], [16], [17], [18], gia epiplèon

plhroforÐec sqetik� me to montèlo meÐxhc kanonik¸n katanom¸n kai ton algìrijmo

EM.



Kef�laio 2

N-gram pijanotikì montèlo

Se autì to kef�laio parousi�zontai ènnoiec oi opoÐec ja eÐnai qr simec ston a-

nagn¸sth gia thn katanìhsh thc ergasÐac mac. Sthn enìthta 2.1 eis�goume ton

anagn¸sth stic sullogèc keimènou, kaj¸c kai se k�poia jèmata sqetik� me ton

qeirismì twn lèxewn analìgwc me thn efarmog . Argìtera, sthn enìthta 2.2,

gÐnetai mia eisagwg  se glwssik� pijanotik� montèla. Tèloc, stic enìthtec 2.3

kai 2.4 antÐstoiqa, embajÔnoume se aut� ta montèla me thn parousÐash thc exo-

m�lunshc (smoothing) kai tou backoff. H basik  phg  plhrofori¸n gia to parìn

kef�laio eÐnai to biblÐo Speech and Language Processing, twn D. Jurafsky, J. H.

Martin. [10]

2.1 Eisagwg  stic sullogèc keimènou

H statistik  epist mh sthn perioq  thc fusik c gl¸ssac basÐzetai se sullogèc

(corpora) keimènou   omilÐac an�loga me thn efarmog . Gia ton upologismì thc

pijanìthtac pou èqei k�je lèxh, metr�me ton arijmì twn emfanÐsewn k�je lèxhc

sto training corpus. Gia par�deigma parajètoume thn prìtash (2.1):

They picnicked by the pool, then lay back on the grass and looked at the stars. (2.1)

Pìsec lèxeic perièqei h parap�nw prìtash; Katarq n up�rqoun dÔo peript¸-

seic. Sthn pr¸th perÐptwsh sumperilamb�nontai ta shmeÐa stÐxhc sto mètrhma,

afoÔ jewroÔntai san lèxeic (opìte èqoume 18 lèxeic). Sthn deÔterh perÐptwsh

16
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ta shmeÐa stÐxhc den lamb�nontai upìyin (opìte h prìtash perièqei 16 lèxeic).

Analìgwc me thn efarmog  epilègetai an ja agnohjoÔn   ìqi ta shmeÐa stÐxhc.

Se merikèc efarmogèc ìpwc grammar-checking, spelling error detection, eÐnai a-

paraÐthto na sumperilhfjoÔn ta shmeÐa stÐxhc. H pijanìthta mÐac lèxhc w eÐnai

to kl�sma tou arijmoÔ twn emfanÐsewn thc lèxhc proc ton sunolikì arijmì twn

lèxewn:

p(w) =
occurrences of word w

number of words
(2.2)

'Etsi gia par�deigma h pijanìthta thc lèxhc <<grass>> sthn prìtash 2.1, ìtan lam-

b�nontai upìyin ta shmeÐa stÐxhc, eÐnai P (<<grass>>) = 1/18. 'Otan agnooÔntai eÐnai

P (<<grass>>) = 1/16.

'Ena �llo er¸thma eÐnai to ex c: EÐnai oi lèxeic me kefalaÐa gr�mmata Ðdiec

me tic antÐstoiqec lèxeic grammènec me mikr� gr�mmata (p.q They kai they); Stic

perissìterec efarmogèc tètoiec lèxeic jewroÔntai Ðdiec. Up�rqoun ìmwc kai case-

sensitive efarmogèc (p.q spelling error correction) stic opoÐec tètoiec lèxeic qei-

rÐzontai me diaforetikì trìpo.

Pwc prèpei na qeirizìmaste lèxeic oi opoÐec brÐskontai se diaforetik  klÐsh

(p.q work, works); Xan� autì exart�tai apì thn efarmog . Sta perissìtera

sust mata tètoiec lèxeic qeirÐzontai san xeqwristèc lèxeic. Aut  h taktik  den

eÐnai kat�llhlh se poll� sust mata, sta opoÐa ja jèlame lèxeic ìpwc work, works,

na apoteloÔn stigmiìtupa (instances ) miac afhrhmènhc lèxhc (lemma). To l mma

(lemma) eÐnai èna sÔnolo apì lèxeic oi opoÐec an koun sto Ðdio mèroc tou lìgou,

èqoun Ðdia rÐza, kai thn Ðdia lektik  ènnoia.

KleÐnontac na shmei¸soume ìti sthn sunèqeia tou kefalaÐou qrhsimopoioÔme

ton ìro types, gia na dhl¸soume to pl joc twn diaforetik¸n lèxewn sto corpus.

To mègejoc tou lexikoÔ (vocabulary size) mÐac efarmog c isoÔtai me to pl joc

twn diaforetik¸n lèxewn (word types) sto training corpus. 'Opwc eÐnai fanerì to

mègejoc tou lexikoÔ eÐnai arket� mikrìtero apì to sunolikì arijmì twn lèxewn

(word tokens) tou corpus, afoÔ pollèc lèxeic epanalamb�nontai. Gia par�deigma

h prìtash 2.1 èqei 14 word types kai 16 word tokens (den lamb�nontai upìyin ta

shmeÐa stÐxhc sto mètrhma).
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2.2 N-grams qwrÐc thn efarmog  exom�lun-

shc (smoothing)

Sthn enìthta aut  ja doÔme tic akoloujÐec lèxewn mèsa apì to prÐsma glwssik¸n

pijanotik¸n montèlwn. Lègontac glwssik� pijanotik� montèla ennooÔme trìpouc

me touc opoÐouc anatÐjentai pijanìthtec se akoloujÐec lèxewn. Me ta pijanotik�

montèla mporeÐ na upologisteÐ pijanìthta pou èqei k�poia prìtash, ìpwc epÐshc

mporeÐ na problefjeÐ h pijanìthta pou èqei mia lèxh na eÐnai h epìmenh mèsa se

mÐa akoloujÐa lèxewn.

To pio aploðkì montèlo gia akoloujÐec lèxewn epitrèpei se k�je lèxh na ako-

loujeÐtai apì k�je �llh lèxh. Mil¸ntac me pijanìthtec, k�noume thn paradoq 

ìti k�je lèxh èqei Ðsh pijanìthta na akoloujeÐ k�je �llh lèxh.

Se èna lÐgo pio polÔploko montèlo, ja mporoÔsame p�li na epitrèyoume se

k�je lèxh na akoloujeÐ opoiad pote �llh lèxh, ìmwc h pijanìthta emf�nishc thc

lèxhc ja sqetÐzetai me thn suqnìthta emf�nishc thc lèxhc sto corpus. Gia par�-

deigma sto Brown corpus, to opoÐo perièqei 1000000 lèxeic, h lèxh the emfanÐzetai

69971 forèc (7% twn lèxewn) se antÐjesh me thn lèxh rabbit h opoÐa emfanÐzetai

mìno 11 forèc. MporoÔme na qrhsimopoi soume tic sqetikèc suqnìthtec twn lè-

xewn gia na problèyoume poia eÐnai h pijanìthta k�je lèxhc na emfanisteÐ se mÐa

 dh up�rqousa seir� apì lèxeic. 'Etsi èqontac thn lèxh Anyhow, dÐnoume pijanì-

thta 0.07 na eÐnai h epìmenh lèxh to the kai pijanìthta 0.00001 na eÐnai h epìmenh

lèxh to rabbit. 'Omwc aut  h je¸rhsh, ìpwc ja diapist¸soume me to epìmeno

par�deigma, eÐnai k�pwc problhmatik . 'Estw ìti èqoume thn epìmenh akoloujÐa

lèxewn:

Just then, the white

H parap�nw seir� lèxewn eÐnai logikì na akoloujeÐtai apì thn lèxh rabbit kai

ìqi apì thn lèxh the. H prohgoÔmenh parat rhsh mac upodhl¸nei ìti antÐ na

exet�zoume anex�rthta tic sqetikèc suqnìthtec k�je lèxhc, ja  tan kalÔtero

na exet�zoume thn desmeumènh pijanìthta mÐac lèxhc dojèntoc enìc sunìlou apì
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prohgoÔmenec lèxeic. Anaferìmenoi sto prohgoÔmeno par�deigma, den exet�zoume

thn pijanìthta thc lèxhc rabbit (P (rabbit)), all� thn pijanìthta thc lèxhc rabbit

dojèntoc thc lèxhc white (P (rabbit|white)) h opoÐa eÐnai polÔ megalÔterh.

'Eqontac k�nei tic parap�nw parathr seic, ac doÔme pwc upologÐzetai h pijanì-

thta miac allhlouqÐac lèxewn, thn opoÐa sumbolÐzoume wc ex c: w1, w2..., wn−1, wn

(wn
1 ). Jewr¸ntac ìti k�je lèxh emfanÐzetai sthn swst  topojesÐa san èna ane-

x�rthto gegonìc, mporoÔme na parousi�soume thn pijanìthta thc akoloujÐac twn

lèxewn wc ex c:

P (w1, w2..., wn−1, wn) or P (wn
1 ) (2.3)

Qrhsimopoi¸ntac ton kanìna thc alusÐdac mporoÔme na gr�youme ìti:

P (wn
1 ) = P (w1)P (w2|w1)P (w3|w2

1) ... P (wn|wn−1
1 ) =

=

n∏
k=1

P (wk|wk−1
1 )

(2.4)

'Ena er¸thma pou anakÔptei apì ton parap�nw tÔpo eÐnai to ex c: P¸c mpo-

roÔn na upologistoÔn pijanìthtec ìpwc to P (wn|wn−1
1 ); H ap�nthsh eÐnai ìti den

up�rqei eÔkoloc trìpoc upologismoÔ thc pijanìthtac pou èqei mÐa lèxh, dojèntoc

mÐac meg�lhc akoloujÐac lèxewn oi opoÐec prohgoÔntai. Gia na lÔsoume autì to

prìblhma k�noume thn akìloujh prosèggish - aplopoÐhsh: H pijanìthta pou èqei

mÐa lèxh dojèntoc mÐac akoloujÐac lèxewn proseggÐzetai me thn pijanìthta thc

lèxhc dojèntoc mìno thc prohgoÔmenhc lèxhc. Epomènwc me aut  thn prosèggi-

sh (bigram model), h pijanìthta P (wn|wn−1
1 ) proseggÐzetai me thn pijanìthta

P (wn|wn−1). Jèlontac na deÐxoume ta parap�nw me èna par�deigma mporoÔme na

gr�youme ìti h pijanìthta P (horse|Y esterday i saw a white) proseggÐzetai me

thn pijanìthta P (horse|white).
H upìjesh ìti h pijanìthta mÐac lèxhc exart�tai mìno apì thn prohgoÔmenh

lèxh kaleÐtai upìjesh tou Markov. Ta montèla Markov eÐnai mia kl�sh montèlwn

ta opoÐa jewroÔn ìti mporoÔme na problèyoume thn pijanìthta pou èqei mÐa lèxh,

qwrÐc na koit�xoume polÔ baji� sto pareljìn.

GenikeÔontac to bigram montèlo, sto opoÐo mia lèxh exart�tai mìno apì thn
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prohgoÔmenh lèxh, mporoÔme na per�soume sto N-gram montèlo, sto opoÐo h lè-

xh exart�tai apì tic N-1 prohgoÔmenec lèxeic. To bigram kaleÐtai wc pr¸thc

t�xhc montèlo Markov (afoÔ <<koit�zei>> mia lèxh sto pareljìn). AntÐstoiqa to

trigram eÐnai èna deÔterhc t�xhc montèlo Markov (afoÔ <<koit�zei>> dÔo lèxeic sto

pareljìn), kai genik� to N-gram eÐnai èna N-1 t�xhc montèlo Markov.

H genik  exÐswsh prosèggishc, me N-gram montèlo, thc desmeumènhc pijanì-

thtac pou èqei mÐa lèxh, dojèntoc thc akoloujÐac ìlwn twn prohgoÔmenwn lèxewn

eÐnai h ex c:

P (wn|wn−1
1 ) ≈ P (wn|wn−1

n−N+1) (2.5)

Qrhsimopoi¸ntac thn exÐswsh 2.5 kai thn exÐswsh 2.4 blèpoume ìti, gia thn

perÐptwsh tou bigram montèlou, h pijanìthta pou èqei h pl rhc akoloujÐa lèxewn

proseggÐzetai wc ex c:

P (wn
1 ) ≈

n∏
k=1

P (wk|wk−1) (2.6)

'Ena shmantikì prìblhma to opoÐo diafaÐnetai apì ton parap�nw tÔpo eÐnai to

ex c: Efìson oi pijanìthtec eÐnai ex orismoÔ mikrìterec apì to 1, ìso perissì-

terec pijanìthtec pollaplasi�zoume tìso mikrìtero ja eÐnai to apotèlesma me

kÐnduno na èqoume probl mata numerical underflow. H lÔsh sto prohgoÔmeno

prìblhma eÐnai na paÐrnoume ton log�rijmo k�je pijanìthtac (logprob) kai sthn

sunèqeia na ajroÐzoume touc logarÐjmouc. Poll� progr�mmata, ìpwc to CMU

toolkit to opoÐo qrhsimopoioÔme sthn ergasÐa mac, apojhkeÔoun kai upologÐzoun

tic pijanìthtec twn N-grams wc logprobs.

'Ena �llo jèma eÐnai to pwc upologÐzontai oi pijanìthtec twn N-grams sthn

arq  twn prot�sewn. Gia na gÐnoume perissìtero safeÐc, èstw ìti jèloume na

upologÐsoume thn pijanìthta thc prìtashc: w1 w2 w3 w4, qrhsimopoi¸ntac to

bigram montèlo (tÔpoc 2.6). EÐnai fanerì ìti h lèxh w1 den èqei proðstorÐa. Gia

na antimetwpÐsoume autì to prìblhma enswmat¸noume sthn arq  thc prìtashc thn

yeudolèxh start kai o upologismìc thc pijanìthtac gÐnetai wc ex c:

P (w4
1) = P (w1|start) P (w2|w1) P (w3|w2) P (w4|w3)
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Parìmoia sthn perÐptwsh pou eÐqame trigram montèlo, ja qrhsimopoioÔsame dÔo

yeudolèxeic (start1, start2).

Pwc ìmwc ekpaideÔontai ta N-gram montèla; Katarq n èqoume ta dedomèna

apì to training corpus. Apì to corpus paÐrnoume ton arijmì twn emfanÐsewn enìc

sugkekrimènou N-gram. Sthn sunèqeia diairoÔme ton arijmì autì, me to �jroisma

twn emfanÐsewn ìlwn twn N-grams, ta opoÐa èqoun tic Ðdiec lèxeic prin apì thn

teleutaÐa, se sqèsh me to sugkekrimèno N-gram pou anafèrame prohgoumènwc. H

prohgoÔmenh diaÐresh - kanonikopoÐhsh gÐnetai ¸ste to apotèlesma (pijanìthta

tou N-gram) na eÐnai arijmìc metaxÔ tou 0 kai tou 1. Ta parap�nw sthn perÐptwsh

tou bigram montèlou ekfr�zontai wc ex c:

P (wn|wn−1) =
C(wn−1 wn)∑
w C(wn−1 w)

(2.7)

To �jroisma twn emfanÐsewn twn bigrams ta opoÐa arqÐzoun me thn lèxh wn−1

eÐnai Ðso me ton arijmì twn emfanÐsewn thc lèxhc wn−1. Opìte mporoÔme na aplo-

poi soume ton tÔpo 2.7 wc ex c:

P (wn|wn−1) =
C(wn−1 wn)

C(wn−1)
(2.8)

Sthn genik  perÐptwsh twn N-gram montèlwn o parap�nw tÔpoc gÐnetai:

P (wn|wn−1
n−N+1) =

C(wn−1
n−N+1 wn)

C(wn−1
n−N+1)

(2.9)

Stouc parap�nw tÔpouc h sun�rthsh C(.) epistrèfei ton arijmì twn emfanÐse-

wn tou orÐsmatoc thc. EpÐshc to kl�sma tou tÔpou 2.9 kaleÐtai sqetik  suqnìth-

ta (relative frequency). H qrhsimopoÐhsh sqetik¸n suqnot twn gia thn ektÐmhsh

pijanot twn eÐnai par�deigma miac teqnik c gnwst c wc Maximum Likelihood Es-

timation. Ta montèla dhlad  parametropoioÔntai ètsi ¸ste h pijanìthta, tou

training set T dojèntoc tou montèlou M (P (T |M)), na megistopoieÐtai.
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KleÐnontac shmei¸noume dÔo shmantik� jèmata gia thn <<sumperifor�>> twn N-

grams. To pr¸to eÐnai h auxanìmenh akrÐbeia twn N-gram montèlwn, anaforik� me

thn aÔxhsh thc t�xewc tou montèlou. To deÔtero jèma eÐnai h isqur  ex�rthsh pou

èqoun ta N-gram montèla, anaforik� me to training corpus. H epilog  tou training

corpus eÐnai èna dÔskolo jèma. 'Ena N-gram montèlo ekpaideÔetai me ta dedomèna

tou corpus me stìqo na paraqjoÔn oi pijanìthtec twn N-grams. To corpus prèpei

na èqei sqediasteÐ prosektik�, ¸ste na prosfèrei èna antiproswpeutikì deÐgma

twn dedomènwn me ta opoÐa sqetÐzetai h efarmog . E�n ta dedomèna tou corpus

eÐnai uperbolik� periorismèna sto pedÐo thc efarmog c, Ðswc oi pijanìthtec na

eÐnai << prokateilhmmènec >> kai na mhn mporoÔn na genikeujoÔn se nèec prot�seic.

Apì thn �llh pleur�, an ta dedomèna eÐnai genik� kai den sqetÐzontai arket� me to

pedÐo endiafèrontoc, tìte oi pijanìthtec pou ja par�gei to montèlo den ja eÐnai

antiproswpeutikèc gia thn efarmog , me apotèlesma na up�rqei meiwmènh apìdosh.

2.3 Smoothing

K�je corpus èqei periorismèno arijmì prot�sewn. 'Etsi eÐnai pijanì k�poia N-

grams na mhn emfanÐzontai sto corpus, me apotèlesma na touc anatÐjetai mhdenik 

pijanìthta. Epiplèon h qrhsimopoÐhsh mìno sqetik¸n suqnot twn gia thn an�je-

sh pijanot twn sta N-grams, Ðswc epifèrei polÔ ftwqèc ektim seic gia ta N-grams

pou emfanÐzontai lÐgec forèc sto corpus. Oi prohgoÔmenec parathr seic mac epi-

shmaÐnoun thn an�gkh epanektÐmhshc twn polÔ mikr¸n kai mhdenik¸n pijanot twn

kai thn an�jesh mh mhdenik¸n tim¸n. H diadikasÐa aut  lègetai smoothing kai ja

thn analÔsoume stic epìmenec enìthtec.

2.3.1 Add-One smoothing

To add-one smoothing eÐnai ènac aploÔstatoc algìrijmoc smoothing o opoÐoc

sthn pr�xh den prosfèrei ikanopoihtik� apotelèsmata. Wstìso eÐnai èna kalì

pr¸to b ma gia thn katanìhsh twn ennoi¸n pou ja mac qreiastoÔn stouc epìmenouc

(pio polÔplokouc) algìrijmouc. O algìrijmoc autìc proteÐnei na prosjèsoume

(prin thn kanonikopoÐhsh touc se pijanìthtec) to 1 stouc arijmoÔc twn emfanÐsewn
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kajenìc N-gram type.

Gia lìgouc aplìthtac ac jewr soume to add-one smoothing sthn perÐptwsh

tou unigram montèlou. H maximum likelihood ektÐmhsh thc pijanìthtac twn

unigrams, qwrÐc smoothing, eÐnai h ex c:

P (wx) =
C(wx)∑
iC(wi)

=
C(wx)

N
(2.10)

Ston parap�nw tÔpo sumbolÐzoume me N, to sunolikì pl joc twn lèxewn.

To smoothing basÐzetai sthn prosarmog  twn arijm sewn. Sugkekrimèna sthn

perÐptwsh tou add-one smoothing (sto unigram montèlo) h prosarmog  aut  gÐ-

netai prosjètontac to 1 sto arijmì twn emfanÐsewn k�je word type kai polla-

plasi�zontac me èna par�gonta kanonikopoÐhshc Ðso me N
N+V

. Sto prohgoÔmeno

kl�sma to N sumbolÐzei to sunolikì pl joc twn lèxewn kai to V sumbolÐzei to

pl joc twn diaforetik¸n lèxewn (mègejoc tou lexikoÔ). Efìson prosjètoume to

1 ston arijmì twn emfanÐsewn k�je word type, o sunolikìc arijmìc twn lèxewn ja

auxhjeÐ kat� posìthta Ðsh me to mègejoc tou lexikoÔ. SÔmfwna me ta parap�nw,

h prosarmosmènh arÐjmhsh orÐzetai wc ex c:

c∗i = (ci + 1)
N

N + V
(2.11)

Oi parap�nw prosarmosmènec arijm seic mporoÔn na metatrapoÔn se pijanìthtec

(p∗i ) an tic kanonikopoi soume me to N:

p∗i =
ci + 1

N + V
(2.12)

Qrhsimopoi¸ntac touc tÔpouc 2.12 kai 2.8, mporoÔme na gr�youme ìti oi add-one

smoothed pijanìthtec twn bigrams dÐdontai apì ton akìloujo tÔpo:

p∗i =
C(wn−1wn) + 1

C(wn−1) + V
(2.13)

MÐa diaforetik  optik  gwnÐa me thn opoÐa mporeÐ na dei k�poioc to smoothing

eÐnai h ex c: 'Enac algìrijmoc smoothing k�nei << ekpt¸seic >> (discounting) se
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k�poiouc mh mhdenikoÔc arijmoÔc emfanÐsewn N-grams, ¸ste na apotamieÔsei ori-

smènh m�za pijanìthtac thn opoÐa ja diamoir�sei sta N-grams me mhdenikì arijmì

emfanÐsewn. To kl�sma twn prosarmosmènwn arijm sewn (c*) proc ton arijmì

twn aujentik¸n arijm sewn eÐnai to discount ratio (dc):

dc =
c∗

c
(2.14)

H epilog  prìsjeshc tou 1 stouc arijmoÔc twn emfanÐsewn twn N-grams eÐnai

aujaÐreth. Autì Ðswc na dhmiourg sei probl mata diìti mporeÐ na metatopisteÐ u-

perbolik� polÔ m�za pijanìthtac proc ta N-grams me mhdenikì arijmì emfanÐsewn.

Ja mporoÔsame na antimetwpÐsoume to prìblhma autì all�zontac ton arijmì pou

prosjètoume (antikajist¸ntac to 1 me mÐa mikrìterh tim ), dhlad  ja mporoÔsame

na èqoume add-one-half smoothing, add-one-thousandth smoothing, k.t.l.

KleÐnontac na shmei¸soume ìti to add-one smoothing eÐnai mia mèjodoc smooth-

ing qwrÐc axiìloga apotelèsmata. 'Eqei epishmanjeÐ apì touc Gale kai Church ìti

oi diakum�nseic twn arijm sewn pou prokÔptoun apì to add-one smoothing, eÐnai

qeirìterec apì autèc pou par�gontai apì thn unsmoothed maximum likelihood

ektÐmhsh.

2.3.2 Witten-Bell Discounting

'Opwc proanafèrame sthn prohgoÔmenh enìthta, o algìrijmoc tou add-one smooth-

ing den prosfèrei ikanopoihtik� apotelèsmata. 'Enac kalÔteroc (ìmwc perissì-

tero polÔplokoc) algìrijmoc smoothing eÐnai to Witten-Bell discounting. O

algìrijmoc autìc basÐzetai se mia èxupnh parat rhsh anaforik� me ta gegonìta

mhdenik c suqnìthtac. An jewr soume èna mhdenik c suqnìthtac N-gram wc èna

N-gram to opoÐo den èqei sumbeÐ akìma, tìte ìtan sumbeÐ ja eÐnai h pr¸th for�

pou ja to doÔme. 'Etsi h pijanìthta na sumbeÐ èna N-gram mhdenik c suqnìthtac

mporeÐ na montelopoihjeÐ apì thn pijanìthta pou èqei èna N-gram na sumbeÐ gia

pr¸th for�.
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Pwc ìmwc mporoÔme na upologÐsoume thn pijanìthta pou èqei èna N-gram na

sumbeÐ gia pr¸th for�; Apl� metr�me tic forèc pou blèpoume N-grams gia pr¸th

for� sto training corpus. O arijmìc twn N-grams pou blèpoume gia pr¸th for�

eÐnai Ðsoc me ton arijmì twn diaforetik¸n N-grams (N-gram types) pou up�rqoun

sto training corpus.

'Eqontac upìyin ta parap�nw, mporoÔme na gr�youme ìti h sunolik  m�za pi-

janìthtac h opoÐa ja diamoirasteÐ sta N-grams mhdenik c suqnìthtac eÐnai h ex c:

∑
i:ci=0

p∗i =
T

N + T
(2.15)

Ston parap�nw tÔpo to T sumbolÐzei to pl joc twn diaforetik¸n N-grams pou

èqoume  dh dei kai to N to sunolikì pl joc twn N-grams.

O tÔpoc 2.15, ìpwc proanafèrame, dÐnei thn sunolik  m�za pijanìthtac h o-

poÐa ja diamoirasteÐ sta N-grams pou den èqoume dei. H aploÔsterh prosèggish

eÐnai na kataneÐmoume isìtima thn posìthta aut  an�mesa sta N-grams mhdenik c

suqnìthtac. 'Estw Z o arijmìc twn N-grams mhdenik c suqnìthtac:

Z =
∑
i:ci=0

1 (2.16)

Tìte h posìthta pijanìthtac pou analogeÐ se èna N-gram mhdenik c suqnìthtac

eÐnai:

p∗i =
T

Z (N + T )
(2.17)

'Ena er¸thma pou anakÔptei se autì to shmeÐo eÐnai to ex c: Apì pou ja brejeÐ

h posìthta pijanìthtac (tÔpoc 2.15) h opoÐa ja diamoirasteÐ sta N-grams mhdeni-

k c suqnìthtac; H ap�nthsh eÐnai ìti ja upobajmÐsoume (discount) tic pijanìthtec

twn N-grams mh mhdenik c suqnìthtac wc ex c:

p∗i =
ci

N + T
if(ci > 0) (2.18)
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EpÐshc mporoÔme na gr�youme ìti prosarmosmènec arijm seic (smoothed counts)

eÐnai oi parak�tw:

c∗i =


T
Z

N
N+T

if ci = 0

ci
N

N+T
if ci > 0

(2.19)

Se autì to shmeÐo axÐzei na doÔme to Witten-Bell discounting sthn perÐptw-

sh twn bigrams ¸ste na doÔme thn meg�lh diafor� pou up�rqei me to add-one

smoothing. H diafor� entopÐzetai sto ìti oi arijm seic mac exart¸ntai apì k�-

poia istorÐa. Gia na upologisteÐ h pijanìthta enìc bigram wn−1wn−2 to opoÐo den

èqoume dei, qrhsimopoieÐtai h pijanìthta tou na doÔme èna nèo bigram to opoÐo

xekin�ei me to wn−1. Autì shmaÐnei ìti h ektÐmhsh thc pijanìthtac pou ja èqei èna

bigram pou den èqoume dei, ja basÐzetai se istorÐa miac lèxhc. Lèxeic oi opoÐec

up�rqoun se lÐga bigrams ja parèqoun ftwqìterec ektim seic apì tic pio poll�

uposqìmenec lèxeic.

SÔmfwna me ta prohgoÔmena kai ton tÔpo 2.15, h sunolik  posìthta thc m�zac

pijanìthtac h opoÐa ja diatejeÐ sta bigrams wxwi pou den èqoume dei upologÐzetai

wc ex c:

∑
i:c(wxwi)=0

p∗(wi|wx) =
T (wx)

N(wx) + T (wx)
(2.20)

Ston parap�nw tÔpo to T (wx) eÐnai to pl joc twn diaforetik¸n bigrams ta opoÐa

èqoume  dh dei kai xekin�ne me to wx. To N(wx) eÐnai to pl joc ìlwn twn bigrams

pou xekin�ne me to wx.

Katanèmontac thn posìthta thc m�zac pijanìthtac tou tÔpou 2.20 sta bigrams

pou den èqoume dei paÐrnoume ton akìloujo tÔpo:

p∗(wi|wi−1) =
T (wi−1)

Z(wi−1) (N + T (wi−1))
if(cwi−1wi

= 0) (2.21)
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To Z(wi−1), ston parap�nw tÔpo, eÐnai to sunolikì pl joc twn bigrams ta

opoÐa xekin�ne me thn lèxh wi−1 kai èqoun mhdenikì arijmì emfanÐsewn.

'Oson afor� ta bigrams me mh mhdenikì arijmì emfanÐsewn, parametropoioÔme

to T sÔmfwna me thn istorÐa:

p∗(wi|wx) =
c(wxwi)

c(wx) + T (wx)
(2.22)

2.3.3 Good-Turing Discounting

Se aut  thn enìthta ja asqolhjoÔme me to Good-Turing discounting to opoÐ-

o eÐnai ènac pio polÔplokoc algìrijmoc smoothing se sqèsh me to Witten-Bell

discounting.

H basik  idèa ston algìrijmo Good-Turing eÐnai h epanektÐmhsh thc posìth-

tac m�zac pijanìthtac, h opoÐa diatÐjetai sta N-grams me mhdenikì   mikrì arijmì

emfanÐsewn, qrhsimopoi¸ntac ton arijmì twn N-grams pou èqoun megalÔterouc

arijmoÔc emfanÐsewn. OrÐzoume wc Nc, ton arijmì twn N-grams ta opoÐa emfanÐ-

zontai c forèc.

'Ena diaforetikì eÐdoc discounting se sqèsh me autì pou eÐdame sthn proh-

goÔmenh enìthta eÐnai to <<non-conditional discounting>>. Sugkekrimèna sthn proh-

goÔmenh enìthta (Witten-Bell discounting) oi smoothed pijanìthtec twn bigrams

 tan desmeumènec pijanìthtec lèxewn, exart¸menwn apì thn prohgoÔmenh lèxh.

'Omwc mporoÔme na jewr soume to bigram san autìnomh mon�da (agno¸ntac to

gegonìc ìti apoteleÐtai apì dÔo lèxeic), k�nontac discounting ìqi sthn desmeumènh

pijanìthta p(wi|wx) all� sthn apì koinoÔ pijanìthta (joint probability) p(wxwi).

H je¸rhsh aut  (non-conditional discounting) qrhsimopoieÐtai sto Good-Turing

discounting.

Me b�sh thn parap�nw je¸rhsh gia thn exom�lunsh (smoothing) thc joint
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probability twn bigrams, Nc eÐnai o arijmìc twn bigrams b pou èqoun arijmì em-

fanÐsewn Ðso me c. Opìte èqoume:

Nc =
∑

b:c(b)=c

1 (2.23)

Sthn Good-Turing ektÐmhsh oi prosarmosmènec arijm seic (smoothed counts) dÐ-

nontai apì ton akìloujo tÔpo:

c∗ = (c+ 1)
Nc+1

Nc

(2.24)

ParadeÐgmatoc q�rin, sthn perÐptwsh twn bigrams me mhdenikì arijmì emfanÐsewn

èqoume:

c∗0 = (0 + 1)
N1

N0

Apì ton ton parap�nw tÔpo faÐnetai to skeptikì pou eÐqame dei kai sto Witten-

Bell discounting, dhlad  thn qrhsimopoÐhsh twn pragm�twn pou èqoume dei mÐa

for� sthn ektÐmhsh twn pragm�twn pou den èqoume dei akìma.

Se autì to shmeÐo tÐjetai ston anagn¸sth to ex c er¸thma: Pwc xèroume ton

arijmì twn bigrams pou den èqoume dei (N0); H ap�nthsh se autì to er¸thma eÐnai

ìti xèrontac to mègejoc tou lexikoÔ (V), o sunolikìc arijmìc twn bigrams eÐnai

V 2. 'Etsi mporoÔme na poÔme ìti to N0 prokÔptei an afairèsoume apì to V 2 ton

arijmì twn bigrams pou èqoume dei.

Sthn pr�xh oi prosarmog  twn arijm sewn (c∗) den gÐnetai gia ìlec tic arij-

m seic c. Gia k�poio kat¸fli (threshold) k, o tÔpoc 2.24 gÐnetai:

c∗ = c for c > k (2.25)
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c∗ =
(c+ 1)Nc+1

Nc
− c (k+1)Nk+1

N1

1 − (k+1)Nk+1

N1

, for 1 ≤ c ≤ k. (2.26)

2.4 Backoff

Sthn prohgoÔmenh enìthta asqolhj kame me di�forouc algìrijmouc smoothing oi

opoÐoi mac bo jhsan na antimetwpÐsoume to prìblhma twn N-grams mhdenik c su-

qnìthtac. Up�rqei ìmwc kai èna epiplèon jèma me to opoÐo prèpei na asqolhjoÔme.

E�n den up�rqoun paradeÐgmata enìc trigram wn−2wn−1wn gia na mac bohj soun

na upologÐsoume thn pijanìthta P (wn|wn−2wn−1), mporoÔme na thn ektim sou-

me qrhsimopoi¸ntac thn pijanìthta tou bigram wn−1wn (P (wn|wn−1)). Parìmoia

an den up�rqoun paradeÐgmata gia na upologÐsoume thn pijanìthta P (wn|wn−1),

mporoÔme na qrhsimopoi soume thn pijanìthta pou èqei to unigram wn (P (wn)).

'Enac trìpoc na qrhsimopoi soume aut n thn ierarqÐa twn N-grams ¸ste na

qtÐsoume èna N-gram montèlo eÐnai to backoff. Sto backoff montèlo qtÐzoume

èna N-gram montèlo basizìmenoi se èna (N-1)-gram montèlo. K�ti pou prèpei na

tonisteÐ ed¸ eÐnai ìti sto backoff montèlo pern�me se èna mikrìterhc t�xhc N-gram

mìno ìtan den up�rqoun paradeÐgmata enìc N-gram megalÔterhc t�xhc.

SÔmfwna me ta parap�nw sthn perÐptwsh tou trigram to backoff montèlo pe-

rigr�fetai wc ex c:

P̂ (wi|wi−2wi−1) =



P (wi|wi−2wi−1), if C(wi−2wi−1wi) > 0

α1P (wi|wi−1), if C(wi−2wi−1wi) = 0

and C(wi−1wi) > 0

α2P (wi), otherwise

(2.27)

Ta b�rh α1, α2 qrhsimopoioÔntai ston parap�nw tÔpo, ¸ste to apotèlesma thc

exÐswshc na èqei ègkurh tim . Sthn genik  perÐptwsh h anadromik  exÐswsh tou

backoff eÐnai:
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P̂ (wn|wn−1
n−N+1) = P̃ (wn|wn−1

n−N+1)

+ θ(P (wn|wn−1
n−N+1))αP̂ (wn|wn−1

n−N+2)
(2.28)

Ston parap�nw tÔpo qrhsimopoioÔme thn sun�rthsh θ(.), thn opoÐa orÐzoume

parak�tw, ¸ste na apait soume apì to backoff montèlo na epilègei qamhlìterhc

t�xhc montèlo, mìno ìtan to uyhlìterhc t�xhc montèlo dÐnei mhdenik  pijanìthta.

θ(x) =

1, if x = 0

0, otherwise
(2.29)

Tèloc na shmei¸soume ìti k�je pijanìthta P (.) ston tÔpo 2.28 proèrqetai apì

maximum likelihood ektÐmhsh.

Sundu�zontac backoff kai discounting: Stic prohgoÔmenec enìthtec, stic

opoÐec qrhsimopoi same to discounting gia na broÔme thn posìthta thc m�zac

pijanìthtac pou diatÐjetai sta gegonìta mhdenik c emf�nishc, jewr same ìti ta

gegonìta aut�  tan isodÔnama. To apotèlesma thc je¸rhshc aut c  tan o isìtimoc

diamerismìc thc posìthtac m�zac pijanìthtac metaxÔ twn gegonìtwn mhdenik c

emf�nishc. Mia èxupnh idèa eÐnai na sundu�soume to discounting me ton algìrijmo

tou backoff, ¸ste na anajètoume pio apodotik� tic pijanìthtec sta gegonìta aut�.

'Etsi ja qrhsimopoi soume ton algìrijmo tou discounting ¸ste na xèroume pìsh

posìthta m�zac pijanìthtac diatÐjetai sta gegonìta mhdenik c emf�nishc, kai ton

algìrijmo tou backoff ¸ste na kataneÐmoume thn posìthta aut  me ènan èxupno

trìpo.

EÐnai shmantikì na katano sei o anagn¸sthc thn shmasÐa twn tim¸n tou a

sthn exÐswsh 2.28. Oi timèc pou paÐrnei to a eÐnai b�rh tètoia ¸ste to apotèlesma

thc exÐswshc 2.28 na eÐnai pragmatik  pijanìthta (na èqei ègkurh tim ). An den

qrhsimopoioÔsame ta b�rh aut� to apotèlesma ja  tan megalÔtero tou 1.

Qrhsimopoi¸ntac sqetikèc suqnìthtec (relative frequencies), e�n ajroÐsoume

thn pijanìthta miac lèxhc wn mèsa se ìla ta dunat� N-gram contexts, tìte to
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apotèlesma eÐnai Ðso me thn mon�da. 'Etsi mporoÔme na gr�youme ìti:

∑
i,j

P (wn|wiwj) = 1

Se aut n thn perÐptwsh, e�n k�noume back off se èna qamhlìterhc t�xhc montèlo

ìtan h pijanìthta eÐnai mhdèn, ja prosjèsoume epiplèon m�za pijanìthtac sthn

exÐswsh kai to apotèlesma ja eÐnai megalÔtero tou 1. 'Etsi eÐnai fanerì ìti prèpei

na efarmosteÐ ènac discounting algìrijmoc sto backoff montèlo. 'Etsi h telik 

morf  thc exÐswshc 2.28 eÐnai:

P̂ (wn|wn−1
n−N+1) = P̃ (wn|wn−1

n−N+1)

+ θ(P (wn|wn−1
n−N+1)).α(wn−1

n−N+1)P̂ (wn|wn−1
n−N+2)

(2.30)

Ston parap�nw tÔpo, to P̃ (.) afor� tic discounted maximum likelihood ektim -

seic twn pijanot twn:

P̃ (wn|wn−1
n−N+1) =

c∗(wn
n−N+1)

c(wn−N+1
1 )

(2.31)

H sun�rthsh a(.) antiproswpeÔei thn posìthta thc m�zac pijanìthtac h opoÐa

prèpei katanemhjeÐ apì èna N-gram se èna (N-1)-gram kai dÐnetai apì to akìlou-

jo tÔpo:

a(wn|wn−1
n−N+1) =

1−
∑

wn:c(wn−1
n−N+1)>0 P̃ (wn|wn−1

n−N+1)

1−
∑

wn:c(wn−1
n−N+1)>0 P̃ (wn|wn−1

n−N+2)
(2.32)
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KleÐnontac parajètoume to backoff montèlo sthn perÐptwsh tou trigram:

P̂ (wi|wi−2wi−1) =



P̃ (wi|wi−2wi−1), if C(wi−2wi−1wi) > 0

α(wn−1
n−2)P̃ (wi|wi−1), if C(wi−2wi−1wi) = 0

and C(wi−1wi) > 0

α(wn−1)P̃ (wi), otherwise

(2.33)



Kef�laio 3

To montèlo dianusmatikoÔ

q¸rou

Sto montèlo dianusmatikoÔ q¸rou (Vector Space Model - VSM), k�je keÐmeno

(ìpwc kai k�je er¸thsh p�nw sthn sullog  twn keimènwn) anaparist�tai apì èna

di�nusma ìrwn (terms), tou opoÐou to m koc isoÔtai me to pl joc twn monadik¸n

gnwrism�twn twn keimènwn sthn sullog . K�je stoiqeÐo tou dianÔsmatoc èqei

èna b�roc to opoÐo deÐqnei pìso shmantikìc eÐnai o ìroc ston qarakthrismì tou

keimènou. H f�sh thc exagwg c twn ìrwn pou qarakthrÐzoun èna keÐmeno kaleÐtai

eurethrÐash keimènou (document indexing).

H sullog  twn keimènwn anaparist�tai apì ton pÐnaka ìrwn-keimènwn (term

document matrix), oi grammèc tou opoÐou antiproswpeÔoun touc ìrouc kai oi

st lec ta keÐmena. Ston pÐnaka 3.1 faÐnetai o pÐnakac miac sullog c keimènwn h

opoÐa èqei N monadikoÔc ìrouc kai D keÐmena. Ston pÐnaka 3.2 faÐnetai to di�nusma

mÐac er¸thshc p�nw sthn sullog  twn keimènwn.

'Opwc faÐnetai kai apì ton sumbolismì ston pÐnaka 3.1, k�je ìroc èqei èna

b�roc se k�je keÐmeno. 'Etsi to b�roc wij, faner¸nei thn shmantikìthta tou ìrou

i ston qarakthrismì tou keimènou j.

33
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document 1 document 2 . . . document D
term 1 w11 w12 . . . w1D

term 2 w21 w22 . . . w2D

...
...

...
. . .

...
term N wN1 wN2 . . . wND

PÐnakac 3.1: PÐnakac ìrwn-keimènwn

query
term 1 wq

11

term 2 wq
21

...
...

term N wq
N1

PÐnakac 3.2: Di�nusma er¸thshc p�nw sthn sullog  twn keimènwn

3.1 Sq ma an�jeshc bar¸n Tf-Idf

Up�rqoun poll� sq mata an�jeshc bar¸n. Ed¸ ja analÔsoume to tf-idf sq ma

an�jeshc bar¸n, to opoÐo eÐnai polÔ diadedomèno kai apodotikì. 'Estw ènac ìroc

i. H suqnìthta tou ìrou i sto keÐmeno j (fij), eÐnai o arijmìc twn emfanÐsewn tou

ìrou i sto keÐmeno j. Kanonikopoi¸ntac aut  thn suqnìthta me thn suqnìthta tou

ìrou o opoÐoc èqei thn mègisth suqnìthta apì ìlouc touc ìrouc deiktodìthshc

pou emfanÐzontai mèsa sto keÐmeno, mporoÔme na gr�youme ìti h kanonikopoihmènh

suqnìthta tou ìrou (term frequency) eÐnai:

tfij =
fij

max
l
flj

(3.1)

Blèpoume ìti e�n fij = 0, tìte tfij = 0. EpÐshc ìso pio meg�lo eÐnai to fij,

tìso kalÔtera perigr�fetai to keÐmeno j apì ton ìro i. To epìmeno b ma eÐnai

h exètash thc epÐdrashc tou ìrou, ìqi mìno mèsa se èna keÐmeno, all� se ìlh

th sullog . Diaisjhtik� katalabaÐnoume ìti ènac ìroc pou emfanÐzetai se lÐga
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keÐmena, eÐnai katallhlìteroc gia na diaqwrÐsei ta keÐmena thc sullog c, apì èna

ìro pou emfanÐzetai se ìla   sta perissìtera keÐmena thc sullog c. 'Enac trìpoc

gia na ekfrasteÐ h parap�nw parat rhsh, eÐnai h antÐstrofh suqnìthta emf�nishc

keimènou (inverse document frequency), thn ìpoia orÐzoume wc ex c:

idfi = log
1 +D

ni

(3.2)

Ston parap�nw tÔpo, sumbolÐzoume me D to pl joc twn keimènwn thc sul-

log c kai me ni ton arijmì twn keimènwn thc sullog c sta opoÐa emfanÐzetai o

ìroc i. 'Opwc katalabaÐnoume, primodotoÔntai oi ìroi oi opoÐoi emfanÐzontai se

lÐga keÐmena, afoÔ qarakthrÐzoun kalÔtera thn kl�sh twn eggr�fwn. 'Eqontac

orÐsei ta term frequency kai inverse document frequency, mporoÔme na orÐsoume

to sq ma an�jeshc bar¸n tf-idf wc ex c:

wij = tfij idfi (3.3)

To wij eÐnai to b�roc tou ìrou i sto keÐmeno j.

3.2 EÔresh omoiìthtac twn keimènwn me erw-

t seic p�nw sthn sullog 

'Opwc anafèrame kai prohgoumènwc, k�je keÐmeno dj anaparist�tai apì èna di�nu-

sma dj(w1j, w2j, ..., wNj). EpÐshc k�je er¸thsh q anaparist�tai apì èna di�nusma

q(wq
11, w

q
21, ..., w

q
N1). JumÐzoume ìti N eÐnai to pl joc twn monadik¸n ìrwn deikto-

dìthshc sthn sullog  keimènwn.

H omoiìthta metaxÔ tou dianÔsmatoc enìc keimènou dj kai tou dianÔsmatoc mÐac
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er¸thshc q, brÐsketai apì to sunhmÐtono thc metaxÔ touc gwnÐac (cosine similar-

ity):

sim(dj,q) =
dj.q

|dj||q|
=

∑
1≤i≤N wijw

q
i1√∑

1≤i≤N w
2
ij

√∑
1≤i≤N(wq

i1)2
(3.4)

Ac deÐxoume ìmwc me èna par�deigma, ton trìpo me ton opoÐo upologÐzetai h

omoiìthta twn keimènwn thc sullog c me tic erwt seic p�nw sthn sullog . 'Estw

ìti h sullog  apoteleÐtai apì ta ex c keÐmena:

d1: Shipment of gold damaged in a fire.

d2: Delivery of silver arrived in a silver truck.

d3: Shipment of gold arrived in a truck.

Apì thn sullog  afairoÔntai ta shmeÐa stÐxhc kai ìloi oi qarakt rec gÐnontai

mikroÐ. H er¸thsh q p�nw sthn sullog  eÐnai h ex c: <<gold silver truck>>. O trìpoc

upologismoÔ tou pÐnaka ìrwn-keimènwn gÐnetai sÔmfwna me to sq ma an�jeshc

bar¸n pou analÔjhke sthn enìthta 3.1. To b�roc pou anatÐjetai se k�je ìro thc

er¸thshc q, isoÔtai apl� me to pl joc twn emfanÐsewn tou ìrou sto keÐmeno thc

er¸thshc. Ston pÐnaka 3.3 faÐnetai analutik� h diadikasÐa.

Oi omoiìthtec twn dianusm�twn twn keimènwn me to di�nusma thc er¸thshc,

upologÐzontai sÔmfwna me to sunhmÐtono thc gwnÐac metaxÔ twn dianusm�twn (co-

sine similarity (tÔpoc 3.4)). Sugkekrimèna èqoume:

Ta m kh twn keimènwn upologÐzontai wc ex c:

|d1| =
√

0.122 + 0.62 + 0.62 + 0.32 + 0.122 + 0.122 + 0.32 = 0.97

|d2| =
√

0.062 + 0.152 + 0.32 + 0.062 + 0.062 + 0.62 + 0.152 = 0.71

|d3| =
√

0.122 + 0.32 + 0.32 + 0.122 + 0.122 + 0.32 + 0.32 = 0.63
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tfij =
fij

max
l

flj
wij = tfij idfi

Terms d1 d2 d3 idfi = log 1+D
ni

d1 d2 d3 q

a 1 0.5 1 log(4/3) = 0.12 0.12 0.06 0.12 0
arrived 0 0.5 1 log(4/2) = 0.3 0 0.15 0.3 0

damaged 1 0 0 log(4/1) = 0.6 0.6 0 0 0
delivery 0 0.5 0 log(4/1) = 0.6 0 0.3 0 0

fire 1 0 0 log(4/1) = 0.6 0.6 0 0 0
gold 1 0 1 log(4/2) = 0.3 0.3 0 0.3 1
in 1 0.5 1 log(4/3) = 0.12 0.12 0.06 0.12 0
of 1 0.5 1 log(4/3) = 0.12 0.12 0.06 0.12 0

shipment 1 0 1 log(4/2) = 0.3 0.3 0 0.3 0
silver 0 1 0 log(4/1) = 0.6 0 0.6 0 1
truck 0 0.5 1 log(4/2) = 0.3 0 0.15 0.3 1

PÐnakac 3.3: Par�deigma upologismoÔ twn bar¸n ston pÐnaka ìrwn-keimènwn kai
sto di�nusma thc er¸thshc

To m koc thc er¸thshc eÐnai:

|q| =
√

12 + 12 + 12 =
√

3 = 1.73

SÔmfwna me ta parap�nw, oi omoiìthtec upologÐzontai wc ex c:

sim(d1,q) = 0.3
0.97 . 1.73

= 0.179

sim(d2,q) = 0.6+0.15
0.71 . 1.73

= 0.61

sim(d3,q) = 0.3+0.3
0.63 . 1.73

= 0.55

'Opwc faÐnetai apì ta apotelèsmata, h kat�taxh twn keimènwn anaforik� me thn

omoiìthta touc me thn er¸thsh eÐnai: d2 > d3 > d1
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Anaforèc

O anagn¸sthc mporeÐ na anatrèxei stic phgèc [11], [1], gia epiplèon plhroforÐec

sqetik� me to montèlo dianusmatikoÔ q¸rou.



Kef�laio 4

Lanj�nousa shmasiologik 

an�lush

Me to montèlo dianusmatikoÔ q¸rou, to opoÐo perigr�yame sthn prohgoÔmenh

enìthta, dÔo diaforetikèc lèxeic èqoun mhdenik  omoiìthta. O lìgoc eÐnai ìti an-

tistoiqÐzontai se diaforetik  di�stash ston dianusmatikì q¸ro. Bèbaia autì den

eÐnai p�nta epijumhtì, lìgw tou fainomènou thc sunwnumÐac. Ja jèlame dÔo lèxeic

oi opoÐec èqoun parapl sia   Ðdia shmasÐa na mhn èqoun mhdenik  omoiìthta. Me

thn lanj�nousa shmasiologik  an�lush (Latent Semantic Analysis - LSA) anti-

metwpÐzetai autì to prìblhma. H idèa sthn lanj�nousa shmasiologik  an�lush

eÐnai ìti den qrei�zontai ìlec oi orjog¸niec diast�seic, lìgw twn shmasiologik¸n

omoiot twn pou parousi�zoun arketèc lèxeic.

'Estw A o pÐnakac ìrwn-keimènwn tou montèlou dianusmatikoÔ q¸rou, ìpwc ton

perigr�yame sthn prohgoÔmenh enìthta. Sthn lanj�nousa shmasiologik  an�lu-

sh o pÐnakac A diasp�tai se ginìmeno tri¸n pin�kwn me thn teqnik  thc di�spashc

idiotim¸n (Singular Value Decomposition - SVD) wc ex c:

A = U S V T (4.1)
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, ìpou:

A :


w11 w12 ... w1D

w21 w22 ... w2D

...
...

. . .
...

wN1 wN2 ... wND

 U :


u11 u12 ... u1r

u21 u22 ... u2r

...
...

. . .
...

uN1 uN2 ... uNr



S :


s11 s12 ... s1r

s21 s22 ... s2r

...
...

. . .
...

sr1 sr2 ... srr

 V :


v11 v12 ... v1r

v21 v22 ... v2r

...
...

. . .
...

vD1 vD2 ... vDr


JumÐzoume ìti ston pÐnaka ìrwn-keimènwn A, megèjouc N x D, oi grammèc

antiproswpeÔoun touc ìrouc (oi opoÐoi èqoun pl joc N) kai oi st lec antiprosw-

peÔoun ta keÐmena (ta opoÐa èqoun pl joc D).

To eswterikì ginìmeno dÔo gramm¸n tou pÐnaka A, deÐqnei kat� pìso sqetÐzontai

metaxÔ touc oi ìroi pou aforoÔn tic dÔo grammèc. Oi ìroi pou sunup�rqoun se

poll� keÐmena (an�loga bèbaia kai me to b�roc twn ìrwn sta keÐmena) ja parou-

si�zoun meg�lh susqètish-omoiìthta. O pÐnakac AAT eÐnai o pÐnakac omoiìthtac

ìrwn, eÐnai summetrikìc kai perilamb�nei ìla ta eswterik� ginìmena pou ekfr�zoun

thn sqèsh metaxÔ ìrwn. To stoiqeÐo (i,j) tou pÐnaka autoÔ, eÐnai h omoiìthta tou

ìrou i me ton ìro j.

AntistoÐqwc, to eswterikì ginìmeno dÔo sthl¸n tou pÐnaka A, deÐqnei kat�

pìso sqetÐzontai metaxÔ touc ta keÐmena pou aforoÔn tic dÔo st lec. Ta keÐmena

sta opoÐa up�rqoun polloÐ Ðdioi ìroi (an�loga bèbaia kai me to b�roc touc) parou-

si�zoun meg�lh susqètish-omoiìthta. O pÐnakac ATA eÐnai o pÐnakac omoiìthtac

keimènwn, eÐnai summetrikìc kai perilamb�nei ìla ta eswterik� ginìmena pou ek-

fr�zoun thn sqèsh metaxÔ keimènwn. To stoiqeÐo (i,j) tou pÐnaka autoÔ, eÐnai h

omoiìthta tou keimènou i me to keÐmeno j.

O U eÐnai ènac orjog¸nioc pÐnakac megèjouc N x r, o opoÐoc perièqei ta idio-

dianÔsmata tou AAT . O S eÐnai diag¸nioc pÐnakac di�stashc r x r, ìpou r eÐnai h

t�xh tou pÐnaka A. Ta diag¸nia stoiqeÐa tou pÐnaka S eÐnai oi idiotimèc tou pÐnaka
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A. Tèloc o pÐnakac V eÐnai ènac orjog¸nioc pÐnakac megèjouc D x r , kai perièqei

ta idiodianÔsmata tou ATA.

Me b�sh thn an�lush SVD mporoÔme na anaparast soume ton pÐnaka omoiìthtac

keimènwn wc ATA = V S2V T kai ton pÐnaka omoiìthtac ìrwn wc AAT = US2UT .

'Opwc mporoÔme na diapist¸soume, h omoiìthta kai stic dÔo peript¸seic mporeÐ na

upologisteÐ ston r-di�stato q¸ro, ìpou r h t�xh tou pÐnaka A, kai ìqi ston N-

di�stato   ston D-di�stato q¸ro. H diapÐstwsh aut  prokÔptei, afoÔ mporoÔme

na jewr soume ìti h dianusmatik  anapar�stash twn keimènwn prokÔptei apì tic

grammèc tou pÐnaka V S (megèjouc D x r), kai h dianusmatik  anapar�stash twn

ìrwn prokÔptei apì tic grammèc tou pÐnaka US (megèjouc N x r).

Sto LSA mporeÐ na gÐnei èna epiplèon b ma, epilègontac ta k megalÔtera dia-

g¸nia stoiqeÐa tou pÐnaka S (dhlad  tic k megalÔterec idiotimèc tou pÐnaka A). H

meiwmènhc di�stashc di�spash idiotim¸n (Reduced SVD) perigr�fetai wc ex c:

Ak = Uk Sk V
T
k (4.2)

, ìpou o pÐnakac Uk eÐnai megèjouc N x k kai perièqei tic k pr¸tec st lec tou

pÐnaka U , o pÐnakac Sk eÐnai megèjouc k x k kai perièqei ta k megalÔtera stoiqeÐa

tic diagwnÐou tou S, kai tèloc o pÐnakac Vk eÐnai megèjouc D x k kai perièqei tic

k pr¸tec st lec tou pÐnaka V . H par�metroc k prèpei na epilegeÐ prosektik�,

¸ste h prosèggish Ak tou pÐnaka A na mhn eisag�gei polÔ sf�lma kai na eÐnai

dunat  h anakataskeu  tou pÐnaka A qwrÐc l�jh. An epilegeÐ polÔ mikr  tim 

gia to k, up�rqei ap¸leia dedomènwn. An epilegeÐ polÔ meg�lh tim  gia to k,

sumperilamb�noume perissìterec apì tic aparaÐthtec diast�seic me apotèlesma

thn mh apodotik  meÐwsh tou dianusmatikoÔ q¸rou.

'Estw èna di�nusma mÐac er¸thshc q, megèjouc N x 1. Oi suntetagmènec thc

er¸thshc ston meiwmèno dianusmatikì q¸ro tou LSA dÐnontai apì ton akìloujo

metasqhmatismì:

q = qT Uk S
−1
k (4.3)
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Apì ton parap�nw metasqhmatismì prokÔptei èna di�nusma megèjouc 1 x k, to

opoÐo perièqei tic suntetagmènec thc er¸thshc q ston k-di�stato meiwmèno dia-

nusmatikì q¸ro. Oi suntetagmènec twn keimènwn ston meiwmèno dianusmatikì

q¸ro brÐskontai stic grammèc tou pÐnaka Vk. K�je gramm  tou pÐnaka Vk eÐnai

èna di�nusma megèjouc 1 x k, pou perièqei tic suntetagmènec tou antÐstoiqou

keimènou. 'Eqontac ta dianÔsmata twn keimènwn kai to di�nusma thc er¸thshc,

mporeÐ na brejeÐ me pio keÐmeno sundèetai perissìtero to di�nusma thc er¸thshc.

H metrik  pou qrhsimopoieÐtai eÐnai h omoiìthta sunhmitìnou (cosine similarity).

Ac deÐxoume ìmwc ta parap�nw me èna aplì par�deigma:

'Estw mia sullog  pou apoteleÐtai apì ta akìlouja keÐmena:

d1: Shipment of gold damaged in a fire.

d2: Delivery of silver arrived in a silver truck.

d3: Shipment of gold arrived in a truck.

Sta parap�nw keÐmena den gÐnetai afaÐresh twn stop words, ìmwc afairoÔntai

ta shmeÐa stÐxhc kai gÐnontai ìloi oi qarakt rec mikroÐ. Oi lèxeic parousi�zontai

me alfabhtik  seir� ston pÐnaka ìrwn-keimènwn, kai den gÐnetai stemming.

To zhtoÔmeno eÐnai na bajmologhjoÔn ta keÐmena, qrhsimopoi¸ntac LSA, a-

naforik� me thn er¸thsh <<gold silver truck>>. Parak�tw deÐqnoume ton pÐnaka

ìrwn-keimènwn kaj¸c kai to di�nusma thc er¸thshc. San b�rh qrhsimopoioÔntai

apl� oi arijmoÐ twn emfanÐsewn twn lèxewn sta keÐmena.
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'Epeita gÐnetai di�spash idiotim¸n (SVD) ston pÐnaka ìrwn-keimènwn:

A = USV T

, ìpou:

Krat¸ntac mìno tic dÔo pr¸tec st lec twn pin�kwn U, V, kai tic dÔo pr¸tec

grammèc kai st lec tou pÐnaka S, mei¸noume tic diast�seic tou probl matoc se dÔo

(Rank 2 Approximation):
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Oi suntetagmènec twn keimènwn ston meiwmèno dianusmatikì q¸ro, brÐskontai

stic grammèc tou V:

d1(-0.4945, 0.6492)

d2(-0.6458, -0.7194)

d3(-0.5817, 0.2469)

Oi suntetagmènec thc er¸thshc q ston meiwmèno dianusmatikì q¸ro, brÐskontai

apì ton akìloujo metasqhmatismì:

q = qTUkS
−1
k
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UpologÐzontai oi omoiìthtec twn dianusm�twn keimènwn me to di�nusma thc

er¸thshc, ston meiwmèno dianusmatikì q¸ro:

'Etsi kat� seir� omoiìthtac, me thn er¸thsh, ta keÐmena parousi�zontai wc ex c:

d2 > d3 > d1

'Opwc faÐnetai kai apì to parap�nw gr�fhma, to di�nusma tou d2 brÐsketai pio

kont� sto di�nusma thc er¸thshc se sqèsh me ta dianÔsmata twn �llwn keimènwn.
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Anaforèc

O anagn¸sthc mporeÐ na anatrèxei stic phgèc [11], [15] gia epiplèon plhroforÐec

sqetik� me thn lanj�nousa shmasiologik  an�lush.



Kef�laio 5

Sqetik  èreuna

H dhmosieumènh ergasÐa twn A. Purandare kai D. Litman me tÐtlo <<Humor:

Prosody Analysis and Automatic Recognition for Friends>> [2] ,  tan h kinht -

rioc idèa gia thn ènarxh thc ergasÐac mac. Sthn paroÔsa enìthta ja parousiasteÐ

analutik� aut  h ergasÐa, ¸ste na up�rqei èna mètro sÔgkrishc me thn dik  mac

ergasÐa h opoÐa parousi�zetai sta kef�laia 6 kai 7.

PerÐlhyh

Sthn ergasÐa aut  analÔontai suzht seic omilÐac apì thn kwmik  seir� Friends.

H an�lush gÐnetai me thn exagwg  hqhtik¸n-proswdiak¸n kai glwssik¸n qara-

kthristik¸n kai thn exètash thc qrhsimìthtac touc sthn autìmath anagn¸rish

tou qioÔmor. QrhsimopoieÐtai èna aplì sq ma sqoliasmoÔ (annotation scheme),

sto opoÐo oi seirèc omilht¸n (speaker turns) oi opoÐec akoloujoÔntai apì mh-

qanikì gèlio (artificial laugh) jewroÔntai wc qioumoristikèc kai oi upìloipec wc

mh qioumoristikèc. H ergasÐa apokalÔptei tic shmantikèc diaforèc pou up�rqoun

sta proswdiak� qarakthristik� (ìpwc pitch, energy, tempo, k.t.l ) an�mesa se

qioumoristik  kai mh qioumoristik  omilÐa. Gia thn anagn¸rish tou qioÔmor qrh-

simopoioÔntai teqnikèc ekm�jhshc me epÐbleyh.

Ta dedomèna kai o sqoliasmìc touc

Gia thn dhmiourgÐa tou corpus epilègontai di�logoi apì thn kwmik  seir�

Friends. Sugkekrimèna epilègontai 75 di�logoi (skhnèc) apì èxi epeisìdia thc
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seir�c Friends (tèssera apì thn pr¸th sezìn kai dÔo apì thn deÔterh sezìn).

'Etsi sugkentr¸nontai perÐpou 2 ¸rec audio. K�je arqeÐo  qou qwrÐzetai (qei-

rokÐnhta), epishmaÐnontac ta ìria twn speaker turns me thn bo jeia tou ergaleÐou

wavesurfer. QrhsimopoieÐtai èna aplì sq ma sqoliasmoÔ (annotation scheme) sto

opoÐo ta speaker turns ta opoÐa akoloujoÔntai apì mhqanikì gèlio paÐrnoun thn

etikèta humorous kai ta upìloipa thn etikèta non-humorous. Apì thn an�lu-

sh exairoÔntai ta diast mata mhqanikoÔ gèliou, diast mata siwp c megalÔtera

tou enìc deuterolèptou, kai diast mata pou perièqoun mh lektikoÔc  qouc (ìpwc

 qoi apì koudoÔnia, mousik  k.t.l). En suntomÐa oi mh lektikoÐ  qoi pou ako-

loujoÔntai apì mhqanikì gèlio den jewroÔntai wc qioumoristikoÐ. Me autìn ton

trìpo exaleÐfontai katast�seic stic opoÐec to qioÔmor ekfr�zetai mìno apì opti-

k� stoiqeÐa ìpwc qeironomÐec kai ekfr�seic pros¸pou. Na shmei¸soume ìti den

qrhsimopoioÔntai eidik� fÐltra gia thn apom�krunsh tou mh lektikoÔ  qou pou

mporeÐ na paremb�lletai me ta speaker turns. Parìla aut� e�n to mhqanikì gèlio

paremb�lletai me to speaker turn, tìte to speaker turn kìbetai ètsi ¸ste na mhn

sumperilamb�nontai diast mata mhqanikoÔ gèliou. Me �lla lìgia ta speaker turns

kajarÐzontai apì tic tuqìn parembolèc me ta diast mata mhqanikoÔ gèliou ¸ste h

metèpeita proswdiak  an�lush na eÐnai dÐkaih. Apì thn parap�nw diadikasÐa par�-

gontai sunolik� 1629 speaker turns apì ta opoÐa 714(43.8%) eÐnai qioumoristik�

kai 915(56.2%) eÐnai mh qioumoristik�. Tèloc èqei elegqjeÐ ìti up�rqei èna proc

èna antistoiqÐa metaxÔ twn upotÐtlwn twn speaker turns kai twn tmhm�twn  qou

(audio segments).

Katanom  omilht¸n

Up�rqoun 6 basikoÐ hjopoioÐ/omilhtèc (3 �ndrec kai 3 gunaÐkec) kaj¸c kai

ènac arijmìc (26) guest hjopoi¸n oi opoÐoi omadopoioÔntai, lìgo tou pl jouc kai

thc mikr c atomik c suneisfor�c touc, se mÐa koin  kl�sh GUEST. EpÐshc oi pe-

ript¸seic twn speaker turns, stic opoÐec pollaploÐ hjopoioÐ mil�ne sugqrìnwc,

omadopoioÔntai se mÐa kl�sh MULTI. Ta statistik� stoiqeÐa ta opoÐa deÐqnoun

thn suneisfor� k�je kl�shc ston sunolikì arijmì twn turns, ìpwc epÐshc kai

thn suneisfor� k�je kl�shc sta qioumoristik� turns, faÐnontai ston pÐnaka 5.1.
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'Opwc blèpoume apì ton pÐnaka, o arijmìc twn turns moir�zetai dÐkaia stouc 6

kÔriouc hjopoioÔc. EpÐshc parìlo pou h atomik  suneisfor� k�je guest hjopoioÔ

eÐnai mikrìterh apì 5% sta dedomèna, h sunolik  suneisfor� touc eÐnai arket�

meg�lh (16% twn sunolik¸n turns). Ston pÐnaka 5.2 omadopoioÔntai oi 6 kÔrioi

hjopoioÐ se kl�seic male/female kai faÐnetai ìti sqhmatÐzoun to 83% twn sunoli-

k¸n dedomènwn. ParathreÐtai ìti apì ta sunolik� 714 qioumoristik� turns, ta 615

(86%) aforoÔn touc kÔriouc hjopoioÔc. EpÐshc h katanom  twn turns se sqèsh

me to fÔlo eÐnai dÐkaih, me to 50.5% na prokÔptei apì touc �ndrec kai to 49.5%

apì tic gunaÐkec. Epiplèon blèpoume ìti to 50.6% twn male turns an koun sthn

kathgorÐa twn qioumoristik¸n. To posostì twn qioumoristik¸n female turns eÐnai

39.9%. Na shmeiwjeÐ ìti sthn an�lush pou ègine ston pÐnaka 5.2 den èlaban mèroc

oi kl�seic GUEST, MULTI.

Speaker # Turns(%) # Humor(%)
Chandler (M) 244(15) 163(22.8)

Joey (M) 153(9.4) 57(8)
Monica (F) 219(13.4) 74(10.4)
Phoebe (F) 180(11.1) 104(14.6)
Rachel (F) 273(16.8) 90(12.6)
Ross (M) 288(17.7) 127(17.8)

GUEST (26) 263(16.1) 95(13.3)
MULTI 9(0.6) 4(0.6)

PÐnakac 5.1: Speaker Distribution

Speaker # Turns # Humor
Male 685 (50.5% of Main) 347 (50.6% of Male)

Female 672 (49.5% of Main) 268 (39.9% of Female)
Total Main 1357 (83.3% of Total) 615 (86.1% of Humor)

PÐnakac 5.2: Gender Distribution for Main Actors
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Sq ma 5.1: To ergaleÐo Wavesurfer

Exagwg  qarakthristik¸n

Apì thn èreuna sthn an�lush sunaisjhm�twn fwn c èqei deiqjeÐ ìti prosw-

diak� qarakthristik� ìpwc pitch, energy, speaking rate (tempo) eÐnai qr simoi

deÐktec sunaisjhmatik¸n katast�sewn ìpwc org , euqarÐsthsh, fìboc, pl xh,

k.t.l. Parìti to qioÔmor den jewreÐtai aparaÐthta san sunaisjhmatik  kat�stash,

parathreÐtai ìti o qioumoristikìc lìgoc suqn� parousi�zei stoiqeÐa parìmoia me

aut� tou sunaisjhmatikoÔ lìgou. Sthn ergasÐa qrhsimopoioÔntai hqhtik� - pro-

swdiak� qarakthristik�, kaj¸c kai mh hqhtik�-proswdiak� qarakthristik�:

Acoustic-Prosodic Features:

• Pitch (F0): Mean, Max, Min, Range, Standard Deviation

• Energy (RMS): Mean, Max, Min, Range, Standard Deviation

• Temporal: Duration, Internal Silence, Tempo

Non Acoustic-Prosodic Features:

• Lexical
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• Turn Length (# Words)

• Speaker

Ta hqhtik�-proswdiak� qarakthristik� tou s matoc thc fwn c upologÐzontai

me thn bo jeia tou Wavesurfer. Sto sq ma 5.1 faÐnetai to ergaleÐo Wavesurfer ka-

j¸c kai ta plaÐsia pou aforoÔn thn enèrgeia (energy(dB)), thn oxÔthta (pitch(Hz)),

ton qrìno, kai thn perigraf  (.lab). Sto .lab plaÐsio blèpoume thn antistoiqÐa

me keÐmeno pou èqei k�je dialog turn, kaj¸c kai ta ìria k�je turn (turn bound-

aries). 'Ola ta qarakthristik� upologÐzontai sto epÐpedo tou turn. Sugkekrimèna

metr¸ntai h mèsh tim  (mean value), h mègisth tim , h el�qisth tim , h diakÔmansh

(range), kai h tupik  apìklish (standard deviation) thc tim c tou qarakthristi-

koÔ (F0   RMS) se ìlo to turn (agno¸ntac ta mhdenik�). H di�rkeia (duration)

metr�tai se deuterìlepta xekin¸ntac apì thn arq  tou turn kai katal gontac

sto tèloc tou, sumperilamb�nontac tuqìn paÔseic sto endi�meso. H eswterik 

siwp  (internal silence) enìc turn metr�tai wc to posostì twn frames mhdenik c

oxÔthtac (zero F0 frames) pou up�rqoun sto turn. O rujmìc (tempo) enìc turn

upologÐzetai wc to kl�sma tou sunolikoÔ arijmoÔ twn sullab¸n proc thn di�rkeia

tou turn. Ta lektik� qarakthristik� enìc turn eÐnai apl� ìlec oi lèxeic tou turn

(alfarijmhtik�, qwrÐc thn afaÐresh twn stop words kai twn apostrìfwn). H tim 

enìc lektikoÔ qarakthristikoÔ enìc turn eÐnai apl� o arijmìc twn emfanÐsewn thc

lèxhc sto turn. Tèloc to m koc enìc turn (turn length) eÐnai Ðso me to pl joc

twn lèxewn sto turn.

Proswdiak  an�lush tou qioÔmor

Ston pÐnaka 5.3 parousi�zontai oi mèsec timèc twn di�forwn hqhtik¸n - pro-

swdiak¸n qarakthristik¸n, upologismènec apì ìla ta speaker turns k�je ka-

thgorÐac (Humor, Non-Humor). Ta qarakthristik� ta opoÐa èqoun statistik�

shmantik  diafor�, an�mesa stic dÔo kathgorÐec, mark�rontai ston pÐnaka me a-

sterÐsko. 'Opwc faÐnetai ìla ta qarakthristik� ektìc apì ta Mean-F0, StdDev-

F0, parousi�zoun shmantikèc diaforèc an�mesa stic dÔo kathgorÐec. O pÐnakac

5.3 deÐqnei ìti ta qioumoristik� turns eÐnai makrÔtera kai se di�rkeia kai se
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pl joc lèxewn. EpÐshc ta qioumoristik� turns èqoun mikrìtero internal-silence

kai uyhlìtero rujmì (tempo). Ta qarakthristik� pou aforoÔn thn oxÔthta

(Pitch(F0)) kai thn enèrgeia (energy(RMS)) èqoun megalÔterec mègistec all�

mikrìterec el�qistec timèc gia thn kathgorÐa Humor. H prohgoÔmenh parat rhsh

exhgeÐ tic megalÔterec (se sqèsh me thn kathgorÐa Non-Humor) timèc diakÔmanshc

kai tupik c apìklishc pou parousi�zontai sthn kathgorÐa Humor.

Feature Humor Non-Humor
Mean-F0 206.9 208.9
Max-F0* 299.8 293.5
Min-F0* 121.1 128.6

Range-F0* 178.7 164.9
StdDev-F0 41.5 41.1

Mean-RMS* 58.3 57.2
Max-RMS* 76.4 75
Min-RMS* 44.2 44.6

Range-RMS* 32.16 30.4
StdDev-RMS* 7.8 7.5

Duration* 3.18 2.66
Int-Sil* 0.452 0.503
Tempo* 3.21 3.03
Length* 10.28 7.97

PÐnakac 5.3: Humor Prosody: Mean feature values for Humor and Non-Humor
groups

H epÐdrash tou fÔlou sthn proswdiak  an�lush tou qioÔmor

Gia thn an�lush thc proswdÐac tou qioÔmor an�mesa sta dÔo fÔla, diex�getai

èna èna 2-way ANOVA test. To fÔlo (male/female) kai to humor (yes/no) qrh-

simopoioÔntai san amet�blhtec par�metroi kai kajèna apì ta proswdiak� qara-

kthristik� san exarthmènh metablht . To test faner¸nei thn epÐdrash (sthn pro-

swdÐa) tou qioÔmor prosarmosmènh gia to fÔlo, thn epÐdrash tou fÔlou (sthn

proswdÐa) prosarmosmènh gia to qioÔmor kai tèloc thn allhlepÐdrash tou fÔlou

kai tou qioÔmor sthn proswdÐa (an h epÐdrash tou qioÔmor sthn proswdÐa diafèrei

an�loga me to fÔlo). Ston pÐnaka 5.4 parousi�zontai ta apotelèsmata tou 2-way
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ANOVA test, ìpou to Y shmaÐnei shmantik  epÐdrash kai to N as manth epÐdrash.

Feature Humor Gender Humor x Gender
Mean-F0 N Y N
Max-F0 Y Y Y
Min-F0 Y Y Y

Range-F0 Y Y N
StdDev-F0 N Y Y
Mean-RMS Y Y N
Max-RMS Y Y N
Min-RMS Y Y N

Range-RMS Y Y N
StdDev-RMS Y Y N

Duration Y Y N
Int-Sil Y N N
Tempo Y N N
Length Y Y N

PÐnakac 5.4: Gender Effect on Humor Prosody: 2-way ANOVA Results

AnalÔontac ton parap�nw pÐnaka blèpoume, gia par�deigma, ìti to tempo

diafèrei shmantik� an�mesa stic kathgorÐec humor kai non-humor, all� ìqi an�mesa

sta dÔo fÔla, epÐshc faÐnetai ìti den up�rqei allhlepÐdrash tou qioÔmor kai tou

fÔlou sto tempo. 'Opwc prohgoumènwc, ìla ta qarakthristik� ektìc apì ta

Mean-F0, StdDev-F0, parousi�zoun shmantikèc diaforèc an�mesa sta humor kai

non-humor groups. EpÐshc ìla ta qarakthristik� ektìc apì ta internal silence,

tempo, parousi�zoun shmantikèc diaforèc an�mesa sta dÔo fÔla. Akìmh blèpoume

ìti mìno ta qarakthristik� Max-F0, Min-F0, StdDev-F0, deÐqnoun ìti up�rqei sh-

mantik  allhlepÐdrash tou fÔlou me to qioÔmor. Me �lla lìgia h epÐdrash tou

qioÔmor sta qarakthristik� aut� eÐnai exarthmènh apì to fÔlo. Gia na apodeiqjeÐ

autì, upologÐzontai oi mèsec timèc twn di�forwn qarakthristik¸n xeqwrist� gia

tic kathgorÐec male/female (ta apotelèsmata faÐnontai stouc pÐnakec 5.5, 5.6).
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Feature Humor Non-Humor

Mean-F0* 188.14 176.43

Max-F0* 276.94 251.7

Min-F0 114.54 113.56

Range-F0* 162.4 138.14

StdDev-F0* 37.83 34.27

Mean-RMS* 57.86 56.4

Max-RMS* 75.5 74.21

Min-RMS 44.04 44.12

Range-RMS* 31.46 30.09

StdDev-RMS* 7.64 7.31

Duration* 3.1 2.57

Int-Sil* 0.44 0.5

Tempo* 3.33 3.1

Length* 10.27 8.1

PÐnakac 5.5: Humor Prosody for Male Speakers

Feature Humor Non-Humor

Mean-F0 235.79 238.75

Max-F0* 336.15 331.14

Min-F0* 133.63 143.14

Range-F0* 202.5 188

StdDev-F0 46.33 46.6

Mean-RMS* 58.44 57.64

Max-RMS* 77.33 75.57

Min-RMS* 44.08 44.74

Range-RMS* 33.24 30.83

StdDev-RMS* 8.18 7.59

Duration* 3.35 2.8

Int-Sil* 0.47 0.51

Tempo 3.1 3.1

Length* 10.66 8.25

PÐnakac 5.6: Humor Prosody for Female Speakers
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Apì touc pÐnakec 5.5, 5.6 faÐnetai ìti oi �ndrec omilhtèc èqoun megalÔterec

timèc sta pitch features (Mean-F0, Min-F0, StdDev-F0), ìtan ekfr�zoun to qioÔ-

mor, en¸ oi gunaÐkec èqoun mikrìterec. Gia touc �ndrec omilhtèc oi diaforèc twn

Min-F0, Min-RMS sta humor kai non-humor groups den eÐnai statistik� shman-

tikèc, en¸ gia tic gunaÐkec, ta qarakthristik� Mean-F0, StdDev-F0, tempo den

parousi�zoun statistik� shmantikèc diaforèc sta humor/non-humor groups. Pa-

rathreÐtai ìti oi diaforèc (pou parousi�zoun oi �ndrec) sta Mean-F0, Max-F0,

Range-F0, an�mesa sta humor/non-humor groups eÐnai arket� megalÔterec se

sqèsh me autèc pou parousi�zoun oi gunaÐkec. KleÐnontac shmei¸netai ìti parìlo

pou ta hqhtik�-proswdiak� qarakthristik� diafèroun metaxÔ andr¸n kai gunaik¸n,

to proswdiakì stul èkfrashc tou qioÔmor diafèrei mìno se merik� pitch-features

(kai sto mègejoc kai sthn kateÔjunsh).

H epÐdrash twn omilht¸n sthn proswdiak  an�lush tou qioÔmor

Gia thn an�lush thc epÐdrashc twn omilht¸n sthn proswdÐa tou qioÔmor prag-

matopoieÐtai èna parìmoio ANOVA test me to prohgoÔmeno. To humor (yes/no) kai

o omilht c (8 groups ìpwc faÐnetai ston pÐnaka 5.1) jewroÔntai wc amet�blhtec

par�metroi kai k�je hqhtikì-proswdiakì qarakthristikì jewreÐtai san mÐa exar-

thmènh metablht  gia èna 2-way ANOVA test. Ston pÐnaka 5.7 parousi�zontai ta

apotelèsmata thc an�lushc. O pÐnakac deÐqnei thn epÐdrash tou qioÔmor prosar-

mosmènh gia ton omilht , thn epÐdrash tou omilht  prosarmosmènh gia to qioÔmor,

kai thn allhlepÐdrash qioÔmor kai omilht , se kajèna hqhtikì-proswdiakì qara-

kthristikì. SÔmfwna me ton pÐnaka 5.7 den up�rqei plèon epÐdrash tou qioÔmor

sta Min-F0, Mean-RMS, Tempo, upì thn parousÐa thc metablht c tou omilht .

Apì thn �llh pleur� o omilht c èqei shmantik  epÐdrash se ìla ta proswdiak�

qarakthristik�. Tèloc parathreÐtai ìti allhlepÐdrash qioÔmor kai omilht  èqei

shmantik  epÐdrash mìno sta pitch features Mean-F0, Max-F0, Min-F0, dhlad  h

epÐdrash tou qioÔmor se aut� qarakthristik� diafèrei apì omilht  se omilht .
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Feature Humor Speaker Humor x Speaker
Mean-F0 N Y Y
Max-F0 Y Y Y
Min-F0 N Y Y

Range-F0 Y Y N
StdDev-F0 N Y N
Mean-RMS N Y N
Max-RMS Y Y N
Min-RMS Y Y N

Range-RMS Y Y N
StdDev-RMS Y Y N

Duration Y Y N
Int-Sil Y Y N
Tempo N Y N
Length Y Y N

PÐnakac 5.7: Speaker Effect on Humor Prosody: 2-way ANOVA Results

Anagn¸rish tou qioÔmor qrhsimopoi¸ntac teqnikèc ekm�jhshc

me epÐbleyh

QrhsimopoioÔntai tupikoÐ machine learning classifiers gia thn autìmath taxi-

nìmhsh twn speaker turns stic kathgorÐec humor/non-humor. QrhsimopoieÐtai

o algìrijmoc decision tree (ADTree from Weka) kai ekteleÐtai èna 10-fold cross

validation peÐrama p�nw se ìla ta 1629 turns twn dedomènwn. To baseline gia

aut� ta peir�mata eÐnai to 56.2% (to posostì thc poluplhjèsterhc kathgorÐac

(non-humorous)). Ston pÐnaka 5.8 parousi�zontai ta apotelèsmata thc taxinìmh-

shc gia èxi kathgorÐec qarakthristik¸n: lexical alone, lexical+speaker, prosody

alone, prosody+speaker, lexical+prosody, lexical+prosody+speaker (all). Suno-

lik� up�rqoun 2025 qarakthristik�, apì ta opoÐa ta 2011 eÐnai lektik� (tÔpoi

lèxewn sun to turn length ), ta 13 eÐnai hqhtik�-proswdiak�, kai to 1 h plhro-

forÐa gia ton omilht . 'Ola ta apotelèsmata, ìpwc faÐnetai kai apì ton pÐnaka

5.8, brÐskontai p�nw apì to baseline. ParathreÐtai ìti h akrÐbeia tou taxinomh-

t  belti¸netai prosjètontac thn plhroforÐa tou omilht  (kai sta lektik� kai sta
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proswdiak� qarakthristik�). EÐnai epÐshc endiafèrwn ìti mìlic 13 proswdiak� qa-

rakthristik� prosfèroun sugkrÐsima apotelèsmata me aut� pou proèrqontai apì

2011 lektik� qarakthristik�. To sq ma 5.2 deÐqnei to decision tree pou par�getai

apì ton taxinomht  stic 10 pr¸tec epanal yeic. Oi arijmoÐ deÐqnoun thn seir�

me thn opoÐa dhmiourgoÔntai oi kìmboi kai oi odont¸seic tic sqèseic parent-child.

ParathreÐtai ìti stic pr¸tec 10 epanal yeic epilègontai ta qarakthristik� tou

omilht  kai ta proswdiak� qarakthristik�, en¸ ta lektik� qarakthristik� epilè-

gontai metèpeita (den faÐnetai sto sq ma). To gegonìc autì eÐnai sÔmfwno me thn

upìjesh ìti fwnhtik� qarakthristik� eÐnai kalÔtera, se sqèsh me ta lektik� qa-

rakthristik�, ston diaqwrismì twn turns se kathgorÐec humorous/non-humorous.

Sto sq ma 5.3 faÐnetai pwc ephre�zetai h akrÐbeia tou taxinomht  sqetik� me ton

ìgko twn dedomènwn. ParathreÐtai ìti h akrÐbeia tou taxinomht  den eÐnai euaÐ-

sjhth sthn posìthta twn dedomènwn. Ston pÐnaka 5.9 faÐnontai ta apotelèsmata

thc taxinìmhshc (me thn qrhsimopoÐhsh ìlwn twn features ) se sqèsh me to fÔlo.

Feature -Speaker +Speaker
Lex 61.14 (2011) 63.5 (2012)

Prosody 60 (13) 63.8 (14)
Lex + Prosody 62.6 (2024) 64 (2025)

PÐnakac 5.8: Humor Recognition Results (% Correct)

Gender Baseline Classifier
Male 50.6 64.63

Female 60.1 64.8

PÐnakac 5.9: Humor Recognition Results by Gender

Anaforèc

O anagn¸sthc mporeÐ na anatrèxei stic phgèc [9], [4], [6], [8], [5], [7], [3], gia

epiplèon plhroforÐec sqetik� me thn èreuna sthn anagn¸rish tou qioÔmor.
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Sq ma 5.2: Dèntro apìfashc (faÐnontai mìno oi 10 pr¸tec epanal yeic)

Sq ma 5.3: KampÔlh ekm�jhshc: % Accuracy versus % Fraction of Data
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Kef�laio 6

Autìmath exagwg 

qioumoristik¸n kai

mh qioumoristik¸n upotÐtlwn

Se autì to kef�laio ja perigr�youme ton trìpo me ton opoÐo ulopoi same èna

sÔsthma to opoÐo diaqwrÐzei autìmata touc qioumoristikoÔc, apì touc mh qioumori-

stikoÔc upìtitlouc, se seirèc stic opoÐec qrhsimopoieÐtai mhqanikì gèlio (artificial

laugh). Sthn enìthta 6.1 perigr�foume dedomèna mac, kaj¸c kai thn diadikasÐa e-

pis manshc twn tmhm�twn  qou (audio segments) mhqanikoÔ gèliou. Sthn enìthta

6.2 perigr�foume thn ekpaÐdeush tou montèlou mac (meÐxh kanonik¸n katanom¸n)

kai thn taxinìmhsh twn dedomènwn mac (plaÐsia  qou (audio frames)) se kathgo-

rÐec mhqanikoÔ gèliou/mh mhqanikoÔ gèliou. Tèloc sthn enìthta 6.3 perigr�fetai

o diaqwrismìc twn upotÐtlwn se kathgorÐec qioumoristik¸n/mh qioumoristik¸n

upotÐtlwn.

6.1 Ta dedomèna mac

Ta dedomèna mac eÐnai 23 avi kai 23 srt arqeÐa, ta opoÐa antistoiqoÔn sta video

kai touc upìtitlouc apì ta 23 epeisìdia thc 4hc sezìn thc dhmofiloÔc seir�c

Friends. Apì ta 23 avi arqeÐa, gÐnetai exagwg  tou  qou (audio) me thn bo jeia

60
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tou mplayer. 'Etsi par�gontai 23 wav arqeÐa ta opoÐa èqoun ta ex c qarakthri-

stik�:

• Mègejoc deÐgmatoc  qou: 16 bit

• Kan�lia: monofwnik�

• Rujmìc deigm�twn  qou: 8KHz

• Morf   qou: PCM

Sthn sunèqeia me thn bo jeia tou ergaleÐou transcriber entopÐzoume ta diast -

mata mhqanikoÔ gèliou, sta trÐa pr¸ta epeisìdia. Sthn epìmenh eikìna, faÐnetai

to s ma tou  qou enìc epeisodÐou kaj¸c kai o qarakthrismìc twn diasthm�twn

qrìnou me etikètec (<<yes>> gia ta diast mata mhqanikoÔ gèliou kai <<no>> gia ta loip�

diast mata).

To ergaleÐo transcriber par�gei san èxodo trs arqeÐa thc morf c:

<?xml version=”1.0” encoding=”ISO-8859-1”?>

<!DOCTYPE Trans SYSTEM ”trans-14.dtd”>
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<Trans scribe=” ” audio filename=”friends1” version=”3”

version date=”090510”>

<Episode>

<Section type=”report” startTime=”0” endTime=”1411.180”>

<Turn startTime=”0” endTime=”1411.180”>

<Sync time=”0”/>

no

<Sync time=”11.287”/>

yes

<Sync time=”13.323”/>

...

Me k¸dika se perl <<kajarÐzoume>> ta trs arqeÐa apì thn peritt  plhroforÐa kai

dhmiourgoÔme pÐnakec diasthm�twn qrìnou - kathgori¸n thc morf c tou pÐnaka

6.1. Oi grammèc k�je pÐnaka perièqoun ta diast mata qrìnou mazÐ me tic antÐstoi-

qec etikètec kathgorÐac. 'Etsi telik� dhmiourgoÔme treic pÐnakec (gia trÐa pr¸ta

epeisìdia), oi opoÐoi perièqoun thn plhroforÐa thc kathgorÐac gia k�je di�sth-

ma qrìnou pou an kei se aut� ta epeisìdia. Me N sumbolÐzoume to pl joc twn

diasthm�twn qrìnou.

Number
of audio
segment

Start time
(sec)

End time
(sec)

Category (1 για διαστήματα arti-
ficial laugh και 0 για τα λοιπά δια-
στήματα)

1 0 11.287 0
2 11.287 13.323 1
...

...
...

...

N ... ... ...

PÐnakac 6.1: Labels of audio segments
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6.2 EkpaÐdeush montèlou - Taxinìmhsh dedo-

mènwn

6.2.1 DhmiourgÐa twn dedomènwn ekpaÐdeushc kai o

diaqwrismìc touc se kathgorÐec mhqanikoÔ gè-

liou/mh mhqanikoÔ gèliou

To pr¸to b ma gia thn ekpaÐdeush tou montèlou mac (meÐxh kanonik¸n katanom¸n)

eÐnai h dhmiourgÐa twn dedomènwn ekpaÐdeushc. Me thn bo jeia tou ergaleÐou

HTK, gÐnetai exagwg  twn Mel-frequency cepstral coefficients (MFCCs) gia ta

23 arqeÐa  qou (enìthta 6.1). To s ma tou  qou qwrÐzetai se diadoqik� plaÐsia

(frames), m kouc 0.02 sec (20 msec). H perÐodoc tou frame eÐnai 0.01 sec (10

msec). Autì shmaÐnei ìti k�je frame epikalÔptetai me to epìmeno kat� 0.01sec.

K�je frame pollaplasi�zetai me thn sun�rthsh Hamming. Tèloc gia k�je frame

par�gontai 39 MFCCs, oi opoÐoi dÐnoun mÐa sumpag  anapar�stash twn fasmati-

k¸n idiot twn tou frame:

• Oi 12 pr¸toi MFCCs: [c1, . . . ,c12]

• O <<null>> MFCC: c0, o opoÐoc eÐnai analogikìc thc sunolik c enèrgeiac tou

frame.

• 13 <<Delta coefficients>>, oi opoÐoi apotimoÔn thn pr¸th par�gwgo twn sunte-

lest¸n [c0, c1, . . . , c12].

• 13 <<Acceleration coefficients>>, oi opoÐoi apotimoÔn thn deÔterh par�gwgo

twn suntelest¸n [c0, c1, . . . , c12].

To epìmeno b ma eÐnai na anajèsoume thn etikèta <<1>>, sta frames pou an koun

sthn kathgorÐa mhqanikoÔ gèliou, kai thn etikèta <<0>>, sta frames pou den an koun

sthn kathgorÐa mhqanikoÔ gèliou. H diadikasÐa aut  ja gÐnei gia ta frames twn

tri¸n pr¸twn epeisodÐwn, afoÔ se aut� èqei gÐnei to qeirokÐnhto labeling twn

tmhm�twn mhqanikoÔ gèliou. Gia na prosdiorÐsoume thn kathgorÐa sthn opoÐa

an kei k�je frame prèpei na per�soume apì to epÐpedo diasthm�twn qrìnou, sta
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opoÐa èqei gÐnei to labeling, se epÐpedo diasthm�twn frames. 'Opwc proanafèrame

sthn enìthta 6.1, èqoume dhmiourg sei (gia ta trÐa pr¸ta epeisìdia) pÐnakec dia-

sthm�twn qrìnou - kathgori¸n thc morf c:

Number
of audio
segment

Start time
(sec)

End time
(sec)

Category (1 για διαστήματα arti-
ficial laugh και 0 για τα λοιπά δια-
στήματα)

1 0 11.287 0
2 11.287 13.323 1
...

...
...

...

N ... ... ...

Diair¸ntac touc parap�nw qrìnouc me thn perÐodo tou frame (0.01 sec) kai

krat¸ntac to akèraio komm�ti, prosèqontac par�llhla na mhn epikalÔptontai ta

diast mata twn frames pou ja p�roume, dhmiourgoÔme pÐnakec diasthm�twn frames

- kathgori¸n thc morf c tou pÐnaka 6.2. Me to N sumbolÐzoume to pl joc twn dia-

sthm�twn pou qarakthrÐsthkan (me tic etikètec mhqanikoÔ/mh mhqanikoÔ gèliou).

Number
of audio
segment

Number
of start
frame

Number
of end
frame

Category (1 για διαστήματα arti-
ficial laugh και 0 για τα λοιπά δια-
στήματα)

1 0 1127 0
2 1128 1331 1
...

...
...

...

N ... ... ...

PÐnakac 6.2: Labels diasthm�twn frames

Me tic parap�nw plhroforÐec gia ta frames dhmiourgoÔme treic pÐnakec thc

morf c tou pÐnaka 6.3 (pou antistoiqoÔn sta trÐa pr¸ta epeisìdia), o kajènac apì

touc opoÐouc èqei pl joc gramm¸n Ðso me to pl joc twn frames tou antÐstoiqou

epeisodÐou. O arijmìc twn sthl¸n k�je pÐnaka eÐnai 40. To pr¸to stoiqeÐo k�je

gramm c antiproswpeÔei thn kathgorÐa tou frame, kai ta upìloipa 39 eÐnai oi

MFCCs tou frame. Me K sumbolÐzoume to pl joc twn frames tou epeisodÐou.
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Number of frame
Category (1 για frames artificial laugh
και 0 για τα υπόλοιπα frames)

MFCCs vectors ([c1
.. c39])

0 0 ...
1 0 ...
2 0 ...

...
...

...

K ... ...

PÐnakac 6.3: Labels of mfccs vectors

Ta dedomèna thc kathgorÐac mhqanikoÔ gèliou, eÐnai ta dianÔsmata twn MFCCs

twn gramm¸n pou èqoun thn etikèta (pr¸to stoiqeÐo thc gramm c) Ðsh me <<1>>. Ta

dianÔsmata twn MFCCs twn upìloipwn gramm¸n, eÐnai ta dedomèna thc kathgorÐac

mh mhqanikoÔ gèliou.

Anaforèc

O anagn¸sthc mporeÐ na anatrèxei sthn phg  [14], ìpou up�rqei mÐa pl rhc te-

kmhrÐwsh tou ergaleÐou HTK.

6.2.2 EkpaÐdeush thc meÐxhc kanonik¸n katanom¸n

kai taxinìmhsh twn dedomènwn

To montèlo pou ja qrhsimopoi soume eÐnai h meÐxh kanonik¸n katanom¸n (Gaus-

sian Mixture Model). Gia thn ekpaÐdeush tou montèlou kai thn taxinìmhsh twn

testing dedomènwn, ja qrhsimopoi soume to netlab toolkit. AkoloujoÔn ta epì-

mena b mata:

• ArqikopoÐhsh montèlou:

O arijmìc twn kanonik¸n katanom¸n tou montèlou mac eÐnai ennèa. Oi dia-

st�seic twn dedomènwn tou montèlou eÐnai 39, ìsa eÐnai kai ta stoiqeÐa tou

dianÔsmatoc twn MFCCs kajenìc frame. EpÐshc o pÐnakac sundiaspor¸n

k�je kanonik c katanom c eÐnai diag¸nioc me ta diag¸nia stoiqeÐa Ðsa me thn

mon�da. K�je katanom  arqikopoieÐtai me to Ðdio b�roc, kai ta b�rh ìlwn
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twn katanom¸n ajroÐzoun sto èna. Ta kèntra (mèsec timèc twn kanonik¸n

katanom¸n) tou montèlou mac arqikopoioÔntai tuqaÐa.

• k-means clustering:

'Epeita apì thn arqikopoÐhsh, qrhsimopoioÔme ta dedomèna mac gia na para-

metropoi soume to montèlo mac sÔmfwna me aut�. QrhsimopoieÐtai o algì-

rijmoc k-means, gia na prosdiorÐsoume ta kèntra tou montèlou. SÔmfwna

me thn arqikopoÐhsh, to montèlo mac èqei 9 kanonikèc katanomèc wc suni-

st¸sec (components), opìte k=9. 'Etsi ta dedomèna mac qwrÐzontai se 9

om�dec (clusters). To b�roc k�je kanonik c katanom c upologÐzetai analo-

gik� me to pl joc twn paradeigm�twn pou an koun sthn antÐstoiqh om�da.

Oi pÐnakec sundiaspor�c k�je katanom c upologÐzontai me b�sh ta dedomèna

thc antÐstoiqhc om�dac.

• Expectation-Maximization (EM):

H parap�nw parametropoÐhsh qrhsimopoieÐtai wc arqikì shmeÐo, sthn ekpaÐ-

deush tou montèlou mac me ton algìrijmo Expectation-Maximization (EM),

¸ste na megistopoi soume thn pijanìthta swst c ektÐmhshc twn dedomènwn

mac. O mègistoc arijmìc twn epanal yewn tou algìrijmou sthn efarmo-

g  mac eÐnai to 100, kai pragmatopoieÐtai ìtan den epiteuqjeÐ to kat¸fli

sÔgklishc tou algorÐjmou.

Efarmìzontac ton algìrijmo tou Cross validation (leave one out) sta trÐa

pr¸ta epeisìdia paÐrnoume ta training/testing sets, pou faÐnontai ston pÐnaka 6.4.

Number of experiment Training set Testing set

1
MFCCs vectors of frames
in episodes 1,2

MFCCs vectors of frames
in episode 3

2
MFCCs vectors of frames
in episodes 1,3

MFCCs vectors of frames
in episode 2

3
MFCCs vectors of frames
in episodes 2,3

MFCCs vectors of frames
in episode 1

PÐnakac 6.4: Training and testing sets

Gia k�je peÐrama, me b�sh to antÐstoiqo training set, ekpaideÔoume dÔo montèla
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meÐxhc kanonik¸n katanom¸n. To pr¸to eÐnai gia thn kathgorÐa mhqanikoÔ gè-

liou, kai ekpaideÔetai me ta dianÔsmata twn MFCCs twn frames mhqanikoÔ gèliou.

To deÔtero eÐnai gia thn kathgorÐa mh mhqanikoÔ gèliou, kai ekpaideÔetai me ta

dianÔsmata twn MFCCs twn upìloipwn frames.

To epìmeno b ma eÐnai taxinìmhsh twn frames, apì to testing set, se kathgorÐec

mhqanikoÔ gèliou/mh mhqanikoÔ gèliou. O upologismìc twn a-priori pijanot twn

gia k�je kathgorÐa gÐnetai wc ex c:

• Gia thn kathgorÐa mhqanikoÔ gèliou:

P (ω1) = Arijmìc twn frames mhqanikoÔ gèliou sto training set
Arijmìc ìlwn twn frames sto training set

• Gia thn kathgorÐa mh mhqanikoÔ gèliou:

P (ω2) = Arijmìc twn frames mh mhqanikoÔ gèliou sto training set
Arijmìc ìlwn twn frames sto training set

'Estw èna frame x, proc taxinìmhsh. Me b�sh to di�nusma twn MFCCs tou

frame kai ta montèla gia to mhqanikì gèlio/mh mhqanikì gèlio, upologÐzetai h pi-

janìthta tou frame me k�je kathgorÐa (P (x|ω1), P (x|ω2)). To frame taxinomeÐtai

sthn kathgorÐa h opoÐa dÐnei th megalÔterh pijanìthta:

ω̂ = arg max
ωi

P (ωi|x) = arg max
ωi

{P (ωi) . P (x|ωi)} , i = 1, 2

Met� apì th taxinìmhsh ìlwn twn frames tou testing set, dhmiourgeÐtai èna

di�nusma, me m koc Ðso me to pl joc twn frames tou testing set. To di�nusma

autì perièqei tic apof�seic thc taxinìmhshc gia k�je frame. Ousiastik� eÐnai

èna di�nusma pou perièqei tic timèc 0, 1. To èna antistoiqeÐ se frames mhqanikoÔ

gèliou, kai to mhdèn sta upìloipa frames. To di�nusma autì filtr�retai apì

median filter, me m koc parajÔrou Ðso me 80. Ta diast mata qwrÐc mhqanikì gèlio

akoloujoÔntai apì diast mata mhqanikoÔ gèliou. Ta diast mata aut� èqoun polÔ

megalÔterh di�rkeia se sqèsh me thn perÐodo tou frame, opìte perimènoume arket�

diadoqik� frames thc Ðdiac kathgorÐac sto di�nusma. Gia par�deigma an up�rqei

h tim  1 an�mesa se poll� mhdenik�, eÐnai polÔ pijanì to frame pou antistoiqeÐ
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sthn tim  1 na èqei taxinomhjeÐ lanjasmèna. To median filter antimetwpÐzei tètoiec

peript¸seic.

'Eqontac to di�nusma twn apof�sewn, kai thn plhroforÐa gia thn kathgorÐa

sthn opoÐa an kei k�je frame twn testing dedomènwn (apì to labeling (enìthta

6.2.1)), mporoÔme na doÔme poia frames taxinom jhkan swst�. 'Estw tp o arijmìc

twn frames mhqanikoÔ gèliou pou taxinom jhkan swst� kai fn o arijmìc twn frames

mhqanikoÔ gèliou pou taxinom jhkan l�joc. AntÐstoiqa sumbolÐzoume me tn (fp)

ton arijmì twn frames mh mhqanikoÔ gèliou pou taxinom jhkan swst� (l�joc).

Gia thn ektÐmhsh twn apotelesm�twn mac ja qrhsimopoi soume treic metrikèc:

1. Accuracy = tp + tn
tp + tn+ fp + fn

2. Precision = tp
tp + fp

3. Recall = tp
tp + fn

Ston pÐnaka 6.5 parousi�zontai ta apotelèsmata. Efìson eÐdame ìti o taxinomh-

t c èqei ikanopoihtik� posost� epituqÐac, mporoÔme na proqwr soume sto epìmeno

b ma thc peiramatik c diadikasÐac. Sto b ma autì qrhsimopoioÔme ta dianÔsmata

twn MFCCs twn frames twn tri¸n pr¸twn epeisodÐwn san training set, kai taxi-

nomoÔme ta frames twn upìloipwn 20 epeisodÐwn. 'Etsi èqoume gia k�je epeisìdio

(apì ta 23 epeisìdia), èna di�nusma etiket¸n me m koc Ðso me to pl joc twn frames

tou epeisodÐou, to opoÐo perièqei gia k�je frame tou epeisodÐou thn etikèta thc

kathgorÐac sthn opoÐa an kei.
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Number of experiment Misclassification tables

1

true classes/hypothesized classes artificial laugh non-artificial laugh
artificial laugh 30397 (tp) 7647 (fn)

non-artificial laugh 2355 (fp) 93927 (tn)

precision = 0.9281
recall = 0.799
accuracy = 0.92554

2

true classes/hypothesized classes artificial laugh non-artificial laugh
artificial laugh 38955 (tp) 6129 (fn)

non-artificial laugh 3176 (fp) 96070 (tn)

precision = 0.92462
recall = 0.86405
accuracy = 0.93553

3
true classes/hypothesized classes artificial laugh non-artificial laugh

artificial laugh 29245 (tp) 4939 (fn)
non-artificial laugh 3543 (fp) 103391 (tn)

precision = 0.89194
recall = 0.85552
accuracy = 0.93989

overall

true classes/hypothesized classes artificial laugh non-artificial laugh
artificial laugh 98597 (tp) 18715 (fn)

non-artificial laugh 9074 (fp) 293388 (tn)

precision = 0.91572
recall = 0.84047
accuracy = 0.9338

PÐnakac 6.5: Frames classification results

6.3 Diaqwrismìc qioumoristik¸n/mh qioumo-

ristik¸n upotÐtlwn

Apì thn prohgoÔmenh enìthta xèroume gia ìla ta frames k�je epeisodÐou, se poia

kathgorÐa an koun. T¸ra apì to epÐpedo twn frames, ja per�soume sto epÐpedo

diasthm�twn qrìnou. Gia na gÐnei autì brÐskoume ta shmeÐa allag c kathgorÐac

mèsa sta dianÔsmata etiket¸n pou dhmiourg same gia ta 23 epeisìdia sthn proh-

goÔmenh enìthta. Pollaplasi�zontac ta shmeÐa aut� me thn perÐodo tou frame,

brÐskoume ta diast mata qrìnou mhqanikoÔ gèliou/mh mhqanikoÔ gèliou. Ac deÐ-

xoume me to parak�tw par�deigma ton trìpo exagwg c twn diasthm�twn qrìnou:
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[0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 ...]

JumÐzoume ìti me thn etikèta <<1>>(<<0>>) sumbolÐzoume thn kathgorÐa mhqanikoÔ gè-

liou (mh mhqanikoÔ gèliou). Blèpoume ìti ta shmeÐa allag¸n eÐnai sthn jèsh 18

kai sthn jèsh 30. Opìte lamb�nontac upìyin ìti h perÐodoc tou frame eÐnai 0.01

sec, èqoume ta akìlouja diast mata qrìnou:

Apì 0 sec ewc 0.17 sec to opoÐo qarakthrÐzetai wc di�sthma mh mhqanikoÔ gèliou.

Apì 0.18 sec ewc 0.29 sec to opoÐo qarakthrÐzetai wc di�sthma mhqanikoÔ gèliou.

Me b�sh thn parap�nw diadikasÐa dhmiourgoÔme 23 pÐnakec diasthm�twn qrìnou

- kathgori¸n thc morf c:

Number
of audio
segment

Start time
(sec)

End time
(sec)

Category (1 για διαστήματα arti-
ficial laugh και 0 για τα λοιπά δια-
στήματα)

1 0 11.287 0
2 11.287 13.323 1
...

...
...

...

N ... ... ...

'Opwc anafèrame sthn enìthta (6.1), èqoume 23 arqeÐa pou perièqoun touc upìtitlouc

me touc qrìnouc touc, kai eÐnai thc morf c:

1

00:00:02,235 −− > 00:00:04,726

Phoebe found out about this lady...

2

00:00:04,938 −− > 00:00:09,034

...who knew her parents,

and I don’t know what happened.

3

00:00:09,309 −− > 00:00:10,901

I’m your mother.

. . .
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Gia k�je èna apì ta parap�nw arqeÐa dhmiourgoÔme pÐnakec diasthm�twn qrìnou

kai upotÐtlwn, thc morf c twn pin�kwn 6.6, 6.7. Me S sumbolÐzoume to pl joc

twn upotÐtlwn tou epeisodÐou.

Number of subtitle Start time(sec) End time(sec)
1 2.235 4.726
2 4.938 9.034
3 9.309 10.901
...

...
...

S ... ...

PÐnakac 6.6: Times of subtitles

Number of subtitle Subtitles
1 Phoebe found out about this lady...
2 ...who knew her parents, and I don’t know what happened.
3 I’m your mother.
...

...
S ...

PÐnakac 6.7: Subtitles

Exet�zontac touc pÐnakec diasthm�twn qrìnou - kathgori¸n kai touc pÐnakec

me touc qrìnouc twn upotÐtlwn, epilègoume wc qioumoristikoÔc, touc upìtitlouc

oi opoÐoi brÐskontai amèswc prin apì èna di�sthma qrìnou mhqanikoÔ gèliou. Oi

upìloipoi upìtitloi jewroÔntai san mh qioumoristikoÐ. O algìrijmoc o opoÐoc

prosdiorÐzei touc qioumoristikoÔc/mh qioumoristikoÔc upìtitlouc eÐnai o akìlou-

joc:

EÐsodoi: O pÐnakac twn diasthm�twn qrìnou - kathgori¸n, kai o pÐnakac me touc

qrìnouc twn upotÐtlwn.

'Exodoc : 'Ena di�nusma me m koc Ðso me twn arijmì ton upotÐtlwn, pou perièqei

etikètec <<1>> (<<0>>), pou perigr�foun an o upìtitloc eÐnai qioumoristikìc (mh qiou-

moristikìc).

1: ArqikopoÐhsh tou dianÔsmatoc exìdou me mhdenik�.
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2: Gia k�je di�sthma mhqanikoÔ gèliou, brec thn teleutaÐa jèsh ston pÐnaka

qrìnwn upotÐtlwn gia thn opoÐa isqÔei:

a) O qrìnoc ènarxhc tou upìtitlou eÐnai mikrìteroc apì ton qrìno ènarxhc tou

mhqanikoÔ gèliou.

b) O qrìnoc l xhc tou upìtitlou na mhn èqei qronik  diafor� megalÔterh apì

1 sec, me ton qrìno ènarxhc tou mhqanikoÔ gèliou.

An�jese se aut  th jèsh sto di�nusma exìdou thn etikèta <<1>>.

ShmeÐwsh: Epeid  up�rqei uyhl  abebaiìthta gia thn kathgorÐa twn upotÐtlwn

oi opoÐoi brÐskontai amèswc prin apì touc qioumoristikoÔc, upì thn ènnoia ìti u-

p�rqei pijanìthta na summetèqoun kai autoÐ sto qioÔmor, touc aporrÐptoume.

Ektel¸ntac ton parap�nw algìrijmo gia ta 23 epeisìdia, dhmiourgoÔme 23

dianÔsmata, to k�je èna apì ta opoÐa perièqei etikètec (qioumoristikìc/mh qiou-

moristikìc) gia ìlouc touc upìtitlouc tou antÐstoiqou epeisodÐou. Ston epìmeno

pÐnaka parajètoume ta statistik� stoiqeÐa (gia ta 23 epeisìdia) pou proèkuyan

apì thn parap�nw diadikasÐa.

Number of subtitles 8036
Humorous 2820 (35.1%)
Non-humorous 3325 (41.4%)
Rejected 1891 (23.5%)

PÐnakac 6.8: Subtitles Statistics

Gia na ektim soume thn apìdosh tou taxinomht , prèpei na trèxoume ton al-

gìrijmo taxinìmhshc twn upotÐtlwn me eÐsodo touc pÐnakec diasthm�twn qrìnou -

kathgori¸n pou proèkuyan apì to qeirokÐnhto labeling, gia ta trÐa pr¸ta epeisì-

dia (enìthta 6.1). Ta dianÔsmata pou ja epistrèyei o algìrijmoc antiproswpeÔoun

tic swstèc apof�seic gia thn kathgorÐa k�je upìtitlou apì ta trÐa pr¸ta epeisì-

dia. SugkrÐnontac aut� ta dianÔsmata me ta antÐstoiqa dianÔsmata pou proèkuyan

apì thn diadikasÐa tou testing, mporoÔme na doÔme poioi upìtitloi taxinom jhkan
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swst�. 'Estw tp (fn) o arijmìc twn qioumoristik¸n upotÐtlwn pou taxinom jhkan

swst� (l�joc). AntÐstoiqa sumbolÐzoume me tn (fp) ton arijmì twn mh qioumoristi-

k¸n upotÐtlwn pou taxinom jhkan swst� (l�joc). Ston pÐnaka 6.9 parajètoume

ta apotelèsmata.

Episodes misclassification tables

3

true classes/hypothesized classes humorous non humorous
humorous 119 (tp) 15 (fn)
non humorous 4 (fp) 180 (tn)

precision = 0.96748
recall = 0.88806
accuracy = 0.94025

2

true classes/hypothesized classes humorous non humorous
humorous 152 (tp) 11 (fn)
non humorous 1 (fp) 168 (tn)

precision = 0.99346
recall = 0.93252
accuracy = 0.96386

1

true classes/hypothesized classes humorous non humorous
humorous 119 (tp) 4 (fn)
non humorous 8 (fp) 189 (tn)

precision = 0.93701
recall = 0.96748
accuracy = 0.9625

overall
true classes/hypothesized classes humorous non humorous
humorous 390 (tp) 30 (fn)
non humorous 13 (fp) 537 (tn)

precision = 0.96774
recall = 0.92857
accuracy = 0.95567

PÐnakac 6.9: Subtitles classification results



Kef�laio 7

Autìmath anagn¸rish

qioumoristik¸n kai

mh qioumoristik¸n upotÐtlwn

Apì thn prohgoÔmenh f�sh thc ergasÐac mac (kef�laio 6), èqoume xeqwrÐsei touc

qioumoristikoÔc apì touc mh qioumoristikoÔc upìtitlouc gia ta 23 epeisìdia thc

4hc sezìn thc seir�c Friends. Stìqoc se aut  th f�sh thc ergasÐac mac eÐnai

na gÐnei autìmath anagn¸rish twn upotÐtlwn (an eÐnai qioumoristikoÐ   ìqi), me

b�sh glwssik� qarakthristik�. Gia ton skopì autì ja qrhsimopoi soume treic

mejìdouc:

• N-gram pijanotikì montèlo

• Montèlo dianusmatikoÔ q¸rou

• Lanj�nousa shmasiologik  an�lush.

7.1 Ta dedomèna mac - Qwrismìc se training

kai testing sets

'Opwc anafèrjhke sto prohgoÔmeno kef�laio, èqoume dhmiourg sei mia sullog 

apì qioumoristikoÔc kai mh qioumoristikoÔc upìtitlouc. Ston parak�tw pÐnaka

74
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faÐnetai o sunolikìc arijmìc twn upotÐtlwn, kaj¸c kai h katanom  touc se qiou-

moristikoÔc kai mh qioumoristikoÔc:

Arijmìc upotÐtlwn 6145
qioumoristikoÐ 2820 (45.9%)
mh qioumoristikoÐ 3325 (54.1%)

PÐnakac 7.1: Lexical Corpus

MÐa sun jhc taktik  eÐnai na afairoÔntai ta stop words apì thn sullog  twn

keimènwn. Stop words eÐnai lèxeic oi opoÐec den prosfèroun qr simh glwssologik 

plhroforÐa (�rjra, projèseic,..). Ta stop words up�rqoun se meg�lo arijmì

mèsa sta keÐmena, kai efìson den prosfèroun k�poia plhroforÐa diakritopoÐhshc

metaxÔ twn keimènwn, prosjètoun mìno jìrubo. 'Etsi loipìn, afair¸ntac ta stop

words mei¸noume ton jìrubo kai k�noume ta dedomèna mac katallhlìtera gia thn

metèpeita diadikasÐa. EpÐshc afairoÔntai mh lektik� sÔmbola, ìpwc shmeÐa stÐxhc

kai arijmoÐ. Tèloc metatrèpoume ìlouc touc qarakt rec se kefalaÐouc, ètsi ¸ste

ìloi oi qarakt rec na eÐnai se mÐa tupopoihmènh morf  (case folding). Met� apì

thn diadikasÐa aut , qwrÐzoume ta dedomèna mac se training kai testing sets. Gia

thn dhmiourgÐa twn training kai testing dedomènwn, qrhsimopoioÔme dÔo taktikèc :

1. Epilègoume to 30% twn dedomènwn mac (to opoÐo antistoiqeÐ stouc upìtitlouc

apì 7 epeisìdia) wc testing set kai to upìloipo 70% (to opoÐo antistoi-

qeÐ stouc upìtitlouc apì ta upìloipa 16 epeisìdia) wc training set. Ston

pÐnaka 7.2 deÐqnoume thn katanom  se qioumoristikoÔc kai mh qioumoristikoÔc

upìtitlouc sto training kai testing set.

2. Me ton algìrijmo tou cross-validation (leave one out) kataskeu�zoume 23

training sets me ta antÐstoiqa 23 testing sets. Sugkekrimèna k�je testing

set antistoiqeÐ se èna epeisìdio (apì to 1 èwc to 23) kai to antÐstoiqo

training set antistoiqeÐ sta upìloipa 22 epeisìdia. Ston pÐnaka 7.3 faÐnontai

analutik� ta training me antÐstoiqa testing sets.
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# humorous subtitles # non humorous subtitles
training set 1988 2400
testing set 832 925

PÐnakac 7.2: Training/testing sets in <<70%-30%>> experiment

training/testing sets # humorous subtitles # non humorous subtitles

training set 1 2712 3181

testing set 1 108 144

training set 2 2683 3210

testing set 2 137 115

training set 3 2704 3195

testing set 3 116 130

training set 4 2704 3192

testing set 4 116 133

training set 5 2690 3201

testing set 5 130 124

training set 6 2705 3203

testing set 6 115 122

training set 7 2710 3168

testing set 7 110 157

training set 8 2712 3149

testing set 8 108 176

training set 9 2697 3197

testing set 9 123 128

training set 10 2700 3193

testing set 10 120 132

training set 11 2709 3150

testing set 11 111 175

training set 12 2691 3208

testing set 12 129 117

training set 13 2700 3210

testing set 13 120 115
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training/testing sets # humorous subtitles # non humorous subtitles
training set 14 2693 3174
testing set 14 127 151
training set 15 2706 3185
testing set 15 114 140
training set 16 2681 3215
testing set 16 139 110
training set 17 2706 3183
testing set 17 114 142
training set 18 2696 3202
testing set 18 124 123
training set 19 2708 3178
testing set 19 112 147
training set 20 2698 3201
testing set 20 122 124
training set 21 2741 3145
testing set 21 79 180
training set 22 2717 3174
testing set 22 103 151
training set 23 2577 3036
testing set 23 243 289

PÐnakac 7.3: Training/testing sets in cross validation experiment

7.2 N-gram pijanotikì montèlo

Sthn enìthta aut  ja prospaj soume me thn bo jeia tou ergaleÐou CMU, na

kataskeu�soume èna taxinomht  pou ja apofasÐzei an ènac upìtitloc eÐnai qiou-

moristikìc   ìqi. Sugkekrimèna me b�sh to ek�stote training set (enìthta 7.1)

dhmiourgoÔme glwssik� montèla gia tic kathgorÐec twn qioumoristik¸n upotÐtlwn

(w1), kai twn mh qioumoristik¸n upotÐtlwn (w2). Ta montèla pou ja qrhsimo-

poi soume eÐnai unigram, bigram, trigram. UpologÐzontai oi a-priori pijanìthtec

k�je kathgorÐac me b�sh to training set:

P (ω1) =
# Qioumoristik¸n upotÐtlwn sto training set

# Qioumoristik¸n kai mh qioumoristik¸n upotÐtlwn sto training set
(7.1)

P (ω2) =
# Mh qioumoristik¸n upotÐtlwn sto training set

# Qioumoristik¸n kai mh qioumoristik¸n upotÐtlwn sto training set
(7.2)
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Gia k�je upìtitlo x apì to testing set, upologÐzetai h pijanìthta tou, sÔm-

fwna me to montèlo gia touc qioumoristikoÔc upìtitlouc (P (x|ω1)), kai sÔmfwna

me to montèlo gia touc mh qioumoristikoÔc upìtitlouc (P (x|ω2)). O upìtitloc

taxinomeÐtai sthn kathgorÐa h opoÐa dÐnei thn megalÔterh pijanìthta:

ω̂ = arg max
ωi

P (ωi|x) = arg max
ωi

{P (x|ωi) . P (ωi)} , i = 1, 2 (7.3)

Tèloc xèrontac apì thn enìthta 6.3 se poia kathgorÐa an kei k�je upìtitloc, mpo-

roÔme na doÔme an taxinom jhke swst�. Sto sq ma 7.1 deÐqnoume ton taxinomht 

mac.

Sq ma 7.1: Eikìna tou taxinomht 

7.2.1 Peiramatik  diadikasÐa

Me b�sh to ek�stote training set (enìthta 7.1) kai thn plhroforÐa thc kathgo-

rÐac sthn opoÐa an kei k�je upìtitloc (apì thn enìthta 6.3), diaqwrÐzoume touc

upìtitlouc se dÔo arqeÐa. To train humorous.txt to opoÐo perièqei ìlouc touc
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qioumoristikoÔc upìtitlouc apì to training set kai to train NONhumorous.txt

to opoÐo perièqei ìlouc touc mh qioumoristikoÔc upìtitlouc apì to training set.

Gia thn kataskeu  twn glwssik¸n montèlwn, akoloujoÔme ta ex c b mata:

1. Me thn sun�rthsh text2wfreq kai to arqeÐo train humorous.txt dhmiour-

goÔme èna arqeÐo humorous.wfreq. To arqeÐo autì eÐnai se -ascii morf 

kai perièqei mia lÐsta me tic lèxeic kai ton arijmì twn emfanÐsewn touc,

sto keÐmeno train humorous.txt. DhmiourgoÔme to antÐstoiqo arqeÐo gia to

train NONhumorous.txt, to opoÐo eÐnai to NONhumorous.wfreq.

2. Qrhsimopoi¸ntac thn sun�rthsh wfreq2vocab kai to arqeÐo humorous.wfreq,

dhmiourgoÔme èna arqeÐo humorous.vocab. To humorous.vocab eÐnai èna -

ascii arqeÐo to opoÐo perièqei to lexilìgio thc kathgorÐac humorous. Kata-

skeu�zoume to antÐstoiqo arqeÐo gia thn kathgorÐa non humorous, to opoÐo

eÐnai to NONhumorous.vocab.

3. Me ta arqeÐa humorous.vocab, train humorous.txt, kai thn sun�rthsh text2

idngram dhmiourgoÔme trÐa arqeÐa: Ta humorous.id1gram, humorous.id2gram,

humorous.id3gram, ta opoÐa perièqoun antistoÐqwc, ta unigrams, unigrams/

bigrams, unigrams/bigrams/trigrams, tou keimènou train humorous.txt ka-

j¸c kai ton arijmì twn emfanÐsewn touc mèsa sto keÐmeno. Ta antÐstoiqa

gia thn kathgorÐa non humorous eÐnai ta NONhumorous.id1gram, NONhu-

morous .id2gram, NONhumorous.id3gram.

4. Tèloc me thn sun�rthsh idngram2lm kai ta arqeÐa humorous.id1gram, hu-

morous.id2gram, humorous.id3gram, humorous.vocab kataskeu�zoume trÐa

glwssik� montèla gia thn kathgorÐa humorous. Ta humorousUnigram.arpa,

humorousBigram.arpa, humorousTrigram.arpa, ta opoÐa perièqoun antistoÐqwc

ìla ta unigrams, unigrams/bigrams, unigrams/bigrams/trigrams kai tic

antÐstoiqec pijanìthtec touc sto keÐmeno train humorous.txt. Dhmiour-

goÔme ta antÐstoiqa arqeÐa gia thn kathgorÐa non humorous (NONhumorous

Unigram.arpa, NONhumorousBigram.arpa, NONhumorousTrigram.arpa).
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ShmeÐwsh: Gia thn kataskeu  twn glwssik¸n montèlwn, qrhsimopoi jhke Good

Turing discounting. EpÐshc ta montèla eÐnai <<open vocabulary>>, epitrèpontac se

lèxeic ektìc lexilogÐou na emfanistoÔn. 'Olec oi lèxeic oi opoÐec den up�rqoun sto

lexilìgio antistoiqÐzontai sto Ðdio sÔmbolo. H parap�nw diadikasÐa parousi�zetai

sto sq ma 7.2.

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_NON
humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

NONhumorous
Unigram.arpa

NONhumorous
Bigram.arpa

NONhumorous
Trigram.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

train_humorous.txt text2wfreq wfreq2vocab text2idngram

idngram2lm

HumorousUnigram
.arpa

HumorousBigram
.arpa

HumorousTrigram
.arpa

Sq ma 7.2: DhmiourgÐa glwssik¸n montèlwn

'Eqontac dhmiourg sei ta glwssik� montèla mac (gia thn qioumoristik  kath-

gorÐa (c1) kai thn mh qioumoristik  kathgorÐa (c2)), eÐmaste ètoimoi me thn bo jeia

thc sun�rthshc evallm, na upologÐsoume thn pijanìthta k�je upìtitlou x apì to

testing set, sÔmfwna me ta glwssik� montèla gia thn qioumoristik  kathgorÐa
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(P (x|c1)) kai mh qioumoristik  kathgorÐa (P (x|c2)). Sugkekrimèna h evallm dèqe-

tai san orÐsmata to glwssikì montèlo kai to keÐmeno tou upìtitlou kai epistrèfei

gia k�je lèxh sto keÐmeno tou upìtitlou, thn pijanìthta na an kei sthn kathgorÐa

pou perigr�fetai apì to glwssikì montèlo. Pollaplasi�zontac tic pijanìthtec

twn lèxewn tou upìtitlou par�getai èna ginìmeno pijanot twn. To ginìmeno autì

pollaplasi�zetai kai me thn a-priori pijanìthta thc kathgorÐac. LogarijmÐzoume

to ginìmeno twn pijanot twn, afoÔ mporeÐ na eÐnai polÔ mikrìc arijmìc kai na è-

qoume probl mata numerical underflow. O upìtitloc taxinomeÐtai sthn kathgorÐa

h opoÐa dÐnei thn megalÔterh pijanìthta. An jewr soume ìti o arijmìc twn lèxewn

sto keÐmeno tou upìtitlou eÐnai n (w1, w2, w3, ..., wn), mporoÔme na gr�youme ta

parap�nw ta parap�nw me majhmatikì formalismì wc ex c:

1. PerÐptwsh unigram glwssikoÔ montèlou:

ĉ = arg max
ci

P (ci|x) = arg max
ci

{P (x|ci) . P (ci)} =

= arg max
ci

{P (ci) .
n∏

j=1

P (wj|ci)} =

= arg max
ci

{log(P (ci)) +
n∑

j=1

log(P (wj|ci))}, i = 1, 2

(7.4)

2. 'Omoia sthn perÐptwsh tou bigram glwssikoÔ montèlou:

ĉ = arg max
ci

{log(P (ci)) +
n∑

j=1

log(P (wj|wj−1, ci))}, i = 1, 2 (7.5)

3. Tèloc sthn perÐptwsh trigram glwssikoÔ montèlou:

ĉ = arg max
ci

{log(P (ci)) +
n∑

j=1

log(P (wj|wj−1, wj−2, ci))}, i = 1, 2 (7.6)

Me to parak�tw par�deigma (sto opoÐo ta montèla èqoun ekpaideuteÐ me to

70% twn dedomènwn (enìthta 7.1 - perÐptwsh 1)) ja deÐxoume pwc upologÐzetai h
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pijanìthta pou èqei o upìtitloc me k�je kathgorÐa:

O upìtitloc x proc taxinìmhsh eÐnai o ex c:

PHOEBE FOUND OUT ABOUT THIS LADY

AkoloujoÔn ta parak�tw b mata:

• Upologismìc twn a-priori pijanot twn k�je kathgorÐac (sÔmfwna me touc

tÔpouc 7.1, 7.2):

Gia thn kathgorÐa twn qioumoristik¸n upotÐtlwn (c1):

P (c1) = 0.453 ⇒ log(P (c1)) = −0.344

Gia thn kathgorÐa twn mh qioumoristik¸n upotÐtlwn (c2):

P (c2) = 0.547 ⇒ log(P (c2)) = −0.262

• Me thn bo jeia thc evallm, upologÐzontai oi pijanìthtec pou èqei o upìti-

tloc x, anaforik� me k�je kathgorÐa (P (x|c1), P (x|c2)).

Sto par�deigma autì ja anaferjoÔme sthn perÐptwsh twn trigram montèlwn.

'Etsi eÐsodo to humorousTrigram.arpa, h evallm par�gei to ex c keÐmeno:

P (PHOEBE | ) = 0.00066359 logprob = -3.178100 bo case = 1

P (FOUND | PHOEBE) = 0.000105245 logprob = -3.977800 bo case = 2-1

P (OUT | PHOEBE FOUND) = 0.00206443 logprob = -2.685200 bo case = 3x2-1

P (ABOUT | FOUND OUT ) = 0.000888383 logprob = -3.051400 bo case = 3x2-1

P (THIS | OUT ABOUT ) = 0.00640767 logprob = -2.193300 bo case = 3x2

P (LADY | ABOUT THIS) = 9.62942e-05 logprob = -4.016400 bo case = 3-2-1

Me eÐsodo to NONhumorousTrigram.arpa, h evallm par�gei to ex c keÐmeno:

P (PHOEBE | ) = 0.000492493 logprob = -3.307600 bo case = 1

P (FOUND | PHOEBE) = 0.000131704 logprob = -3.880400 bo case = 2-1

P (OUT | PHOEBE FOUND) = 0.16233 logprob = -0.789600 bo case = 3x2

P (ABOUT | FOUND OUT ) = 0.0014873 logprob = -2.827600 bo case = 3-2-1

P (THIS | OUT ABOUT ) = 0.0514991 logprob = -1.288200 bo case = 3x2

P (LADY | ABOUT THIS) = 3.23743e-05 logprob = -4.489800 bo case = 3-2-1
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Efìson to montèla mac eÐnai trigram, o upìtitloc taxinomeÐtai sÔmfwna me ton

tÔpo 7.6:

Scorec1 = log(P (c1))+log(P (x|c1)) = −0.344−3.1781−3.9778−2.6852−3.0514−
2.1933− 4.0164 = −19.4462

Scorec2 = log(P (c2)) + log(P (x|c2)) = −0.262 − 3.3076 − 3.8804 − 0.7896 −
2.8276− 1.2882− 4.4898 = −16.8452

AfoÔ Scorec2 > Scorec1 , o upìtitloc taxinomeÐtai wc mh qioumoristikìc.

Anaforèc

O anagn¸sthc mporeÐ na anatrèxei sthn tekmhrÐwsh tou ergaleÐou CMU [13], gia

epiplèon plhroforÐec sqetik� me thn leitourgikìthta tou.
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7.3 To montèlo dianusmatikoÔ q¸rou

7.3.1 Exagwg  twn ìrwn apì ta keÐmena kai kata-

skeu  tou pÐnaka ìrwn-keimènwn

Me b�sh to ek�stote training set (enìthta 7.1), kai thn plhroforÐa thc kathgo-

rÐac sthn opoÐa an kei k�je upìtitloc (apì thn enìthta 6.3), diaqwrÐzoume touc

upìtitlouc se dÔo arqeÐa. To train humorous.txt to opoÐo perièqei ìlouc touc

qioumoristikoÔc upìtitlouc apì to training set kai to train NONhumorous.txt

to opoÐo perièqei ìlouc touc mh qioumoristikoÔc upìtitlouc apì to training set.

Aut� ta dÔo keÐmena apoteloÔn ta èggrafa thc sullog c mac. 'Epeita apì thn

dhmiourgÐa twn parap�nw keimènwn, gÐnetai exagwg  twn ìrwn apì k�je keÐmeno.

EpÐshc gÐnetai exagwg  twn ìrwn apì k�je upìtitlo tou antÐstoiqou testing set

(enìthta 7.1), ¸ste na dhmiourghjoÔn ta dianÔsmata twn erwt sewn p�nw sthn

sullog . To pl joc twn dianusm�twn aut¸n eÐnai eÐnai Ðso me ton arijmì twn u-

potÐtlwn tou testing set. Analìgwc me to montèlo mac, akoloujoÔme tic epìmenec

epilogèc sqetik� me thn exagwg  twn ìrwn:

1. Exagwg  unigram terms

2. Exagwg  unigram/bigram terms

3. Exagwg  unigram/bigram/trigram terms

Ston pÐnaka 7.4 faÐnontai oi ìroi pou èqoun exaqjeÐ me b�sh to training set

tou pÐnaka 7.2 (enìthta 7.1-perÐptwsh 1). Ston pÐnaka 7.5 parousi�zoume touc

ìrouc pou èqoun exaqjeÐ apì ta training sets tou cross validation peir�matoc.

unigrams bigrams trigrams
2895 11293 13577

PÐnakac 7.4: Training features in <<70%-30%>> experiment
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training set number unigrams bigrams trigrams
1 3473 14274 17886
2 3448 14193 17793
3 3435 14149 17757
4 3430 14141 17791
5 3460 14175 17797
6 3449 14207 17793
7 3456 14160 17743
8 3467 14128 17603
9 3414 14100 17658
10 3450 14160 17755
11 3451 14130 17657
12 3406 14118 17797
13 3451 14180 17772
14 3439 14090 17696
15 3464 14182 17821
16 3451 14120 17839
17 3455 14139 17674
18 3440 14155 17774
19 3478 14252 17917
20 3495 14296 17908
21 3472 14265 17911
22 3461 14157 17724
23 3365 13710 17036

PÐnakac 7.5: Training features in cross validation experiment

K�je èggrafo thc sullog c mac (ìpwc kai k�je er¸thsh p�nw sthn sullog )

anaparist�tai wc èna di�nusma apì ìrouc deiktodìthshc (index terms). 'Opwc

anafèrjhke an�loga me to montèlo mac oi ìroi mporeÐ na eÐnai unigrams, un-

igrams/bigrams, unigrams/bigrams/trigrams. To sÔnolo ìlwn twn monadik¸n

ìrwn thc sullog c mac apoteleÐ to lexilìgio (vocabulary) thc sullog c mac.

AutoÐ oi ìroi sqhmatÐzoun èna dianusmatikì q¸ro, di�stashc Ðshc me to mègejoc

tou lexilogÐou. An jewr soume ìti to pl joc twn diaforetik¸n ìrwn thc sul-

log c mac eÐnai N, tìte ta keÐmena kai oi erwt seic ekfr�zontai wc N-di�stata

dianÔsmata:

dj(w1j, w2j, ..., wNj), j = 1, 2

q(wq
11, w

q
21, ..., w

q
N1)



86

To j=1 afor� to keÐmeno me touc qioumoristikoÔc upìtitlouc, en¸ to j=2

afor� to keÐmeno me touc mh qioumoristikoÔc. 'Opwc faÐnetai apì ton parap�nw

sumbolismì, se k�je ìro i mèsa se èna keÐmeno j (er¸thsh q), anatÐjetai èna

b�roc wij (wq
i1). To b�roc autì upodhl¸nei pìso shmantikìc eÐnai o ìroc i sto

keÐmeno j (er¸thsh q), sthn diakritopoÐhsh tou apì ta �lla keÐmena thc sullog c.

H an�jesh twn bar¸n ston pÐnaka ìrwn-keimènwn (term document matrix) kai

sta dianÔsmata twn erwt sewn analÔetai sthn epìmenh enìthta. SunoyÐzontac

loipìn mporoÔme na poÔme ìti h sullog  mac èqei anaparastajeÐ apì èna pÐnaka

ìrwn-keimènwn, oi grammèc tou opoÐou anaparistoÔn touc ìrouc kai oi st lec ta

keÐmena. Se k�je jèsh (i,j) tou pÐnaka, up�rqei to b�roc tou ìrou i sto keÐmeno

j. 'Opwc proanafèrame autì to b�roc faner¸nei thn shmantikìthta tou ìrou i

sto keÐmeno j. An den up�rqei o ìroc autìc mèsa sto keÐmeno tìte tou anatÐjetai

mhdenikì b�roc. O pÐnakac ìrwn-keimènwn tou montèlou mac faÐnetai ston pÐnaka

7.6. To document 1 afor� touc qioumoristikoÔc upìtitlouc apì to training set

(train humorous.txt), kai to document 2 touc mh qioumoristikoÔc apì to training

set (train NONhumorous.txt). H morf  tou dianÔsmatoc mÐac er¸thshc p�nw

sthn sullog  faÐnetai ston pÐnaka 7.7.

document 1 document 2
term 1 w11 w12

term 2 w21 w22

.

.

.
.
.
.

.

.

.

term N wN1 wN2

PÐnakac 7.6: Term document matrix

query
term 1 wq

11

term 2 wq
21

.

.

.
.
.
.

term N wq
N1

PÐnakac 7.7: Query vector
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7.3.2 An�jesh bar¸n ston pÐnaka ìrwn-keimènwn kai

sta dianÔsmata twn erwt sewn

Gia gia na anajèsoume ta b�rh wij ston pÐnaka ìrwn-keimènwn tou montèlou mac

qrhsimopoi same to sq ma an�jeshc bar¸n tf-idf, ìpwc orÐsthke sthn enìthta

3.1. JumÐzoume ìti: wij = tfij idfi, ìpou tfij =
fij

max
l

flj
kai idfi = log 1+D

ni
. To fij

eÐnai o arijmìc twn emfanÐsewn tou ìrou i sto keÐmeno j. To D eÐnai to pl joc twn

keimènwn thc sullog c, en¸ to ni eÐnai to pl joc twn keimènwn sta opoÐa emfa-

nÐzetai o ìroc i. Sto dikì mac montèlo èqoume dÔo keÐmena (to pr¸to afor� touc

qioumoristikoÔc upìtitlouc kai to deÔtero touc mh qioumoristikoÔc). 'Etsi e�n

ènac ìroc i emfanÐzetai kai sta dÔo, tìte ja paÐrnei tim  idfi = log 3
2
. Diaforetik�

(an emfanÐzetai mìno se èna keÐmeno) ja paÐrnei tim  idfi = log 3. PrimodotoÔme

dhlad  touc ìrouc oi opoÐoi emfanÐzontai mìno se èna keÐmeno, afoÔ qarakthrÐzoun

kalÔtera thn kl�sh twn eggr�fwn mac. Mia parat rhsh ston tÔpo pou dÐnei to

idf, eÐnai ìti prosjètoume to 1 ston arijmì twn eggr�fwn (D). Autì gÐnetai diìti

diaforetik� ìloi oi ìroi pou up�rqoun kai sta dÔo èggrafa ja eÐqan b�roc mhdèn.

Gia thn an�jesh twn bar¸n sta dianÔsmata twn erwt sewn, akolouj same

diaforetik  taktik . 'Estw ènac upìtitloc j proc taxinìmhsh. Tìte ìpwc anafè-

rame kai sthn prohgoÔmenh enìthta, gÐnetai exagwg  twn ìrwn tou upìtitlou kai

dhmiourgeÐtai èna di�nusma er¸thshc j. Se k�je ìro tou upìtitlou pou up�rqei

sthn sullog  mac (�ra kai ston pÐnaka ìrwn-keimènwn) anatÐjetai (sthn kat�l-

lhlh jèsh sto di�nusma thc er¸thshc) b�roc to opoÐo isoÔtai me ton arijmì twn

emfanÐsewn tou ìrou sto keÐmeno tou upìtitlou. Stouc upìloipouc ìrouc tou

dianÔsmatoc thc er¸thshc anatÐjetai mhdenikì b�roc.

7.3.3 Mètrhsh omoiìthtac keimènou-er¸thshc

'Eqontac dhmiourg sei ton pÐnaka ìrwn-keimènwn tou montèlou mac, deqìmaste

erwt seic. Mia er¸thsh sqetÐzetai me èna upìtitlo, o opoÐoc perimènei na taxi-

nomhjeÐ sthn kathgorÐa twn qioumoristik¸n   twn mh qioumoristik¸n upotÐtlwn.

To keÐmeno tou upìtitlou antiproswpeÔetai apì to di�nusma thc er¸thshc. Gia
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na broÔme poio di�nusma keimènou, eÐnai perissìtero ìmoio me to di�nusma thc e-

r¸thshc, qrhsimopoioÔme thn metrik  cosine similarity. 'Estw d to di�nusma enìc

keimènou kai q to di�nusma thc er¸thshc. Tìte h omoiìthta metaxÔ tou dianÔsma-

toc tou keimènou d kai thc er¸thshc q orÐzetai wc:

sim(d,q) = d.q
|d||q| =

∑
1≤i≤N diqi√∑

1≤i≤N d2i
√∑

1≤i≤N q2i

Gia k�je di�nusma er¸thshc, brÐsketai h omoiìthta me to di�nusma keimènou

twn qioumoristik¸n kai to di�nusma keimènou twn mh qioumoristik¸n upotÐtlwn.

O upìtitloc taxinomeÐtai sthn kathgorÐa thc opoÐac to di�nusma keimènou eÐnai

perissìtero ìmoio me to di�nusma thc er¸thshc. Xèrontac apì thn enìthta 6.3 se

poia kathgorÐa an kei k�je upìtitloc twn testing dedomènwn, mporoÔme na doÔme

poioi upìtitloi taxinom jhkan swst�.
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7.4 Lanj�nousa shmasiologik  an�lush

To pr¸to b ma gia thn ulopoÐhsh tou algorÐjmou thc lanj�nousac shmasiolo-

gik c an�lushc (Latent Semantic Analysis - LSA),  tan h kataskeu  tou pÐnaka

ìrwn-keimènwn kai twn dianusm�twn twn erwt sewn, me b�sh ta ek�stote train-

ing/testing sets (enìthta 7.1). Gia na kataskeu�soume ton pÐnaka kai ta dianÔsma-

ta, akolouj same thn diadikasÐa pou perigr�yame sthn enìthta 7.3, opìte den ja

thn epanal�boume. To deÔtero b ma  tan na anaparast soume ton pÐnaka ìrwn-

keimènwn, me thn teqnik  thc di�spashc idiotim¸n (Singular Value Decomposition

- SVD). 'Estw A o pÐnakac ìrwn-keimènwn tou montèlou mac, di�stashc N x 2.

JumÐzoume ìti N eÐnai to pl joc twn ìrwn mac kai ìti to pl joc twn keimènwn mac

eÐnai dÔo (to pr¸to afor� touc qioumoristikoÔc upìtitlouc kai to deÔtero touc mh

qioumoristikoÔc). Efarmìzontac SVD ston pÐnaka A, diasp�tai se ginìmeno tri¸n

pin�kwn wc ex c:

A = USV T

O U eÐnai ènac orjog¸nioc pÐnakac megèjouc N x 2, o opoÐoc perièqei ta idio-

dianÔsmata tou AAT . O S eÐnai diag¸nioc pÐnakac di�stashc 2 x 2, ìpou 2 eÐnai h

t�xh tou pÐnaka A. Ta diag¸nia stoiqeÐa tou pÐnaka S eÐnai oi idiotimèc tou pÐnaka

A. Tèloc o pÐnakac V eÐnai ènac orjog¸nioc pÐnakac megèjouc 2 x 2 , o opoÐoc pe-

rièqei ta idiodianÔsmata tou ATA. Parak�tw deÐqnoume ton pÐnaka ìrwn-keimènwn,

to di�nusma mÐac er¸thshc q, kaj¸c kai thn efarmog  SVD ston pÐnaka A:

A :


w11 w12

w21 w22

...
...

wN1 wN2

 q :


wq

11

wq
21

...

wq
N1



A :


w11 w12

w21 w22

...
...

wN1 wN2

 =


u11 u12

u21 u22

...
...

uN1 uN2


[
s11 s12

s21 s22

][
v11 v12

v21 v22

]T
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'Epeita apì ta ta b mata pou analÔsame prohgoumènwc, eÐmaste ètoimoi na

anaparast soume to di�nusma miac er¸thshc q, ston dianusmatikì mac q¸ro, k�-

nontac ton akìloujo metasqhmatismì: q = qTUS−1. Me autì to metasqhmatismì

dhmiourgeÐtai èna di�nusma 1 x 2, to opoÐo anaparist� thn er¸thsh mac, ston dia-

nusmatikì q¸ro tou LSA. Oi suntetagmènec tou pr¸tou keimènou (qioumoristik¸n

upotÐtlwn), brÐskontai sthn pr¸th seir� tou pÐnaka V . AntistoÐqwc oi sunte-

tagmènec tou deÔterou keimènou (mh qioumoristik¸n upotÐtlwn), brÐskontai sthn

deÔterh seir� tou pÐnaka V . Opìte mporoÔme na gr�youme:

Suntetagmènec keimènou qioumoristik¸n upotÐtlwn: d1 =

[
v11

v12

]

Suntetagmènec keimènou mh qioumoristik¸n upotÐtlwn: d2 =

[
v21

v22

]

Suntetagmènec thc er¸thshc ston dianusmatikì q¸ro tou LSA: q =
[
q11 q12

]
Gia na doÔme poio di�nusma keimènou, eÐnai perissìtero ìmoio me to di�nusma

thc er¸thshc, qrhsimopoioÔme thn metrik  cosine similarity:

sim(d,q) =
∑

1≤i≤2 di1 q1i√∑
1≤i≤2 d2i1

√∑
1≤i≤2 q21i

KleÐnontac na shmei¸soume ìti xèroume thn kathgorÐa k�je upìtitlou twn

testing dedomènwn (enìthta 6.3). An o upìtitloc pou anaparist�tai apì to di�-

nusma thc er¸thshc q eÐnai qioumoristikìc kai sim(d1,q) > sim(d2,q), tìte

taxinomeÐtai swst� sthn kathgorÐa twn qioumoristik¸n upotÐtlwn. Diaforetik�

taxinomeÐtai lanjasmèna sthn kathgorÐa twn mh qioumoristik¸n upotÐtlwn. 'Omoia

an o upìtitloc eÐnai mh qioumoristikìc kai sim(d2,q) > sim(d1,q), tìte taxi-

nomeÐtai swst� sthn kathgorÐa twn mh qioumoristik¸n upotÐtlwn. Diaforetik�

taxinomeÐtai lanjasmèna sthn kathgorÐa twn qioumoristik¸n upotÐtlwn.
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7.5 Melèth thc apìdoshc twn montèlwn ana-

forik� me thn apìrriyh dedomènwn taxi-

nìmhshc

Se aut  thn enìthta ja exet�soume pwc metab�lletai h apìdosh twn taxinomh-

t¸n pou dhmiourg same stic prohgoÔmenec enìthtec (N-gram probabilistic model,

vector space model (VSM), latent semantic analysis (LSA)), se sqèsh me thn

apìrriyh twn dedomènwn taxinìmhshc gia ta opoÐa den eÐmaste polÔ sÐgouroi gia

thn kathgorÐa sthn opoÐa an koun. Sugkekrimèna sthn perÐptwsh tou N-gram

probabilistic model exet�zoume tic pijanìthtec pou èqei k�je upìtitloc, apì to

testing set, anaforik� me k�je kathgorÐa (qioumoristik /mh qioumoristik ). 'O-

moia sthn perÐptwsh tou VSM kai tou LSA exet�zoume ta similarity scores pou

èqei k�je upìtitloc, apì to testing set, anaforik� me k�je kathgorÐa.

AporrÐptoume touc upìtitlouc twn opoÐwn oi log�rijmoi thc pijanìthtac (tÔ-

poi 7.4, 7.5, 7.6), pou èqoun me k�je kathgorÐa, diafèroun ligìtero apì k�poio

kat¸fli. Sthn perÐptwsh tou VSM kai tou LSA, aporrÐptontai oi upìtitloi twn

opoÐwn ta similarity scores, metaxÔ twn kathgori¸n, èqoun mikrìterh diafor� apì

to kat¸fli. Oi upìloipoi upìtitloi taxinomoÔntai kanonik� kai me b�sh autoÔc

gÐnetai h ektÐmhsh thc apìdoshc tou taxinomht . B�zontac ìlo kai isqurìtera

kat¸flia stic timèc twn parap�nw diafor¸n kai exet�zontac se k�je b ma thn or-

jìthta (accuracy) tou taxinomht , paÐrnoume mÐa kampÔlh h opoÐa mac deÐqnei pwc

metab�lletai to accuracy anaforik� me thn apìrriyh twn dedomènwn taxinìmhshc.

Ta apotelèsmata faÐnontai sta sq mata 7.3, 7.4, 7.5. Shmei¸noume ìti oi grafikèc

aforoÔn ta montèla ta opoÐa èqoun ekpaideuteÐ me to 70% twn dedomènwn (enìthta

7.1 - perÐptwsh 1).
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7.6 Epilog  qarakthristik¸n me b�sh thn a-

moibaÐa plhroforÐa

Gia na doÔme pìso dunat  eÐnai h sqèsh k�je ìrou me tic kathgorÐec (qioumoristi-

k /mh qioumoristik ), qrhsimopoioÔme to krit rio thc amoibaÐac plhroforÐac. H

amoibaÐa plhroforÐa enìc ìrou t, me mia kathgorÐa c orÐzetai wc ex c:

I(t; c) = log(P (t|c)/P (t))

Me maximum likelihood estimation, oi parap�nw pijanìthtec proseggÐzontai wc

ex c:

P (t|c) = Arijmìc twn emfanÐsewn tou ìrou t sto keÐmeno thc kathgorÐac c
Arijmìc twn emfanÐsewn ìlwn twn ìrwn sto keÐmeno thc kathgorÐac c

P (t) = Arijmìc twn emfanÐsewn tou ìrou t sthn sullog  twn keimènwn
Arijmìc twn emfanÐsewn ìlwn twn ìrwn sthn sullog  twn keimènwn

'Oso megalÔterh eÐnai h amoibaÐa plhroforÐa tou ìrou me thn kathgorÐa, tìso

stenìtera sundedemènoc eÐnai ìroc me thn kathgorÐa. E�n ènac ìroc t den emfanÐ-

zetai se mÐa kathgorÐa c, tìte h amoibaÐa plhroforÐa tou ìrou me thn kathgorÐa

eÐnai −∞, afoÔ P (t|c) = 0. Praktik� ston ìro tÐjetai èna polÔ mikrì b�roc.

EpÐshc afairoÔntai oi ìroi oi opoÐoi oi opoÐoi emfanÐzontai to polÔ mia for� se

k�je kathgorÐa, afoÔ den sumb�loun ousiastik� sthn diakritopoÐhsh twn kath-

gori¸n mac. SugkrÐnontac ta scores amoibaÐac plhroforÐac k�je ìrou me k�je

kathgorÐa, epilègoume san <<kaloÔc >>, touc ìrouc pou èqoun meg�lh diafor� sta

scores amoibaÐac plhroforÐac metaxÔ twn kathgori¸n. B�zontac ìlo kai megalÔ-

tera kat¸flia (thresholds) sthn diafor�, epilègoume ìlo kai ligìterouc (ìmwc

<<dunatìterouc >>) ìrouc. Tèloc se k�je b ma epanekpaideÔoume ta montèla mac

me ta kainoÔrgia features, kai taxinomoÔme ta dedomèna mac. H melèth thc orjì-

thtac (accuracy) twn taxinomht¸n anaforik� me ton arijmì twn training features

parousi�zetai sta sq mata 7.6, 7.8, 7.10.

'Oso ligìtera features qrhsimopoioÔme gia thn ekpaÐdeush twn montèlwn mac,

tìso perissìteroi upìtitloi apì ta testing dedomèna, ja èqoun mhdenik  omoiìthta
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kai me ta dÔo keÐmena thc sullog c mac. O lìgoc eÐnai ìti ta features pou ex�gontai

apì touc upìtitlouc proc taxinìmhsh, eÐnai polÔ pijanì na mhn up�rqoun ston term

document matrix twn montèlwn mac. Oi upìtitloi pou èqoun mhdenik  omoiìthta

kai me ta dÔo keÐmena thc sullog c mac aporrÐptontai. H melèth thc apìrriyhc,

anaforik� me ton arijmì twn training features, parousi�zetai sta sq mata 7.7,

7.9, 7.11. Na shmei¸soume ìti h parap�nw diadikasÐa ulopoi jhke me b�sh ta

training/testing sets tou pÐnaka 7.2.

7.7 Apotelèsmata

Sthn enìthta aut , sugkentr¸noume ta apotelèsmata thc taxinìmhshc twn upo-

tÐtlwn, sÔmfwna me ta montèla pou perigr�fhkan stic prohgoÔmenec enìthtec

tou kefalaÐou. JumÐzoume ìti dhmiourg jhkan trÐa eÐdh taxinomht¸n. 'O pr¸toc

dhmiourg jhke sÔmfwna me to N-gram pijanotikì montèlo, o deÔteroc sÔmfwna

me to montèlo dianusmatikoÔ q¸rou (Vector Space Model - VSM), kai o trÐtoc

sÔmfwna me thn lanj�nousa shmasiologik  an�lush (Latent Semantic Analysis

- LSA). EpÐshc parousi�zontai ta apotelèsmata thc melèthc thc orjìthtac twn

taxinomht¸n, anaforik� me thn apìrriyh twn dedomènwn taxinìmhshc gia ta opoÐa

up�rqei uyhl  abebaiìthta gia thn kathgorÐa sthn opoÐa an koun. Tèloc pa-

rousi�zontai ta apotelèsmata thc melèthc thc orjìthtac twn taxinomht¸n, ìtan

gÐnetai epilog  qarakthristik¸n, anaforik� me to pl joc twn qarakthristik¸n

pou qrhsimopoioÔntai sthn ekpaÐdeush twn montèlwn (training features).

'Estw tp o arijmìc twn qioumoristik¸n upotÐtlwn pou taxinom jhkan swst�,

kai fn o arijmìc twn qioumoristik¸n upotÐtlwn pou taxinom jhkan l�joc. AntÐ-

stoiqa sumbolÐzoume me tn (fp) ton arijmì twn mh qioumoristik¸n upotÐtlwn pou

taxinom jhkan swst� (l�joc). Ta apotelèsmata thc taxinìmhshc k�je peir�matoc

parousi�zontai me pÐnakec thc parak�tw morf c:

true classes/hypothesized classes humorous non humorous

humorous tp fn

non humorous fp tn

Gia thn ektÐmhsh twn apotelesm�twn mac ja qrhsimopoi soume treÐc metrikèc
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(Orjìthta (Accuracy), akrÐbeia (Precision), an�klhsh (recall)):

1. Accuracy = tp + tn
tp + tn+ fp + fn

2. Precision = tp
tp + fp

3. Recall = tp
tp + fn

H orjìthta tou taxinomht  upologÐzetai wc to kl�sma tou arijmoÔ twn sw-

st¸n apof�sewn proc to sunolikì pl joc twn apof�sewn, dhlad  mac faner¸-

nei to posostì twn apof�sewn oi opoÐec eÐnai swstèc. 'Omwc gia thn ektÐmhsh

twn apotelesm�twn den arkeÐ mìno autì. Prèpei na melethjeÐ h sumperifor� tou

taxinomht  wc proc thn meioyhfik  kathgorÐa (dhlad  touc qioumoristikoÔc upì-

titlouc pou apoteloÔn to 45.9% twn dedomènwn mac (pÐnakac 7.1)). Ousiastik�

jèloume na doÔme an o taxinomht c teÐnei na taxinomeÐ ta dedomèna sthn poluplh-

jèsterh kathgorÐa (dhlad  an eÐnai prokateilhmmènoc (bias)). Gia ton skopì autì

upologÐzetai h akrÐbeia kai h an�klhsh tou taxinomht  wc proc thn kathgorÐa twn

qioumoristik¸n upotÐtlwn.

Tèloc upologÐzetai, gia k�je peÐrama, to posostì apìrriyhc twn taxinomht¸n.

Apìrriyh enìc upìtitlou gÐnetai, sthn perÐptwsh tou VSM kai tou LSA, ìtan den

up�rqei kanènac ìroc tou upìtitlou sta montèla pou èqoume ekpaideÔsei. Sthn pe-

rÐptwsh aut  den up�rqei kanènac ìroc tou upìtitlou ston pÐnaka ìrwn-keimènwn

twn montèlwn, me apotèlesma mhdenik  omoiìthta kai me tic dÔo kathgorÐec. E-

pÐshc ènac upìtitloc aporrÐptetai sthn sp�nia perÐptwsh pou parousi�sei Ðdia

omoiìthta, mh mhdenik , kai me tic dÔo kathgorÐec. Sto N-gram pijanotikì montè-

lo emplèkontai oi a-priori pijanìthtec twn kathgori¸n. Opìte an ènac upìtitloc

emfanÐsei to Ðdio score, kai me tic dÔo kathgorÐec, taxinomeÐtai sthn poluplhjè-

sterh kathgorÐa. 'Etsi sto N-gram pijanotikì montèlo èqoume mhdenik  apìrriyh

dedomènwn. 'Omwc kai sta �lla montèla (VSM, LSA), ta posost� apìrriyhc eÐnai

mhdamin� (thc t�xhc tou 0.8%).

Wc baseline gia tic metr seic mac jewroÔme to posostì thc poluplhjèsterhc

kathgorÐac. Apì ton pÐnaka 7.1 blèpoume ìti h poluplhjèsterh kathgorÐa eÐnai

oi mh qioumoristikoÐ upìtitloi, oi opoÐoi eÐnai to 54.1% twn dedomènwn.
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7.7.1 Peir�mata <<70% - 30%>> kai Cross Validation

Stouc pÐnakec 7.8, 7.9, 7.10, parousi�zontai ta apotelèsmata thc taxinìmhshc,

gia to N-gram pijanotikì montèlo, to montèlo dianusmatikoÔ q¸rou, kai thc

lanj�nousac shmasiologik c an�lushc antÐstoiqa, sthn perÐptwsh tou <<70%-

30%>> peir�matoc (enìthta 7.1 - perÐptwsh 1). Ta apotelèsmata thc orjìthtac

(accuracy) k�je montèlou brÐskontai p�nw apì to baseline. Den parathreÐtai pa-

rathreÐtai idiaÐterh beltÐwsh thc orjìthtac anaforik� me thn aÔxhsh thc t�xhc

twn montèlwn. EpÐshc h orjìthta k�je taxinomht , asqètwc me to montèlo pou

qrhsimopoieÐtai (N-gram, VSM, LSA), kumaÐnetai sta Ðdia epÐpeda (56.5% me 57%).

Model misclassification tables

unigram

true classes/hypothesized classes humorous non humorous
humorous 554 (tp) 278 (fn)
non humorous 485 (fp) 440 (tn)

Precision = 0.53321
Recall = 0.66587
Accuracy = 0.56574
#Rejected subtitles = 0 (Rejection = 0%)

bigram
true classes/hypothesized classes humorous non humorous
humorous 443 (tp) 389 (fn)
non humorous 367 (fp) 558 (tn)

Precision = 0.54691
Recall = 0.53245
Accuracy = 0.56972
#Rejected subtitles = 0 (Rejection = 0%)

trigram

true classes/hypothesized classes humorous non humorous
humorous 446 (tp) 386 (fn)
non humorous 378 (fp) 547 (tn)

Precision = 0.54126
Recall = 0.53606
Accuracy = 0.56517
#Rejected subtitles = 0 (Rejection = 0%)

PÐnakac 7.8: Classification results of <<70%-30%>> experiment (method: N-gram
probabilistic model)
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ParathreÐtai, apì ton pÐnaka 7.8, ìti tim  thc an�klhshc (recall) tou taxi-

nomht  eÐnai arket� uyhl  sthn perÐptwsh tou unigram montèlou (66.6%), en¸

sthn perÐptwsh tou bigram kai trigram eÐnai arket� qamhlìterh (53.2% kai 53.6%

antÐstoiqa). H akrÐbeia (precision) den all�zei idiaÐtera me thn t�xh tou montèlou

kai kumaÐnetai sto 54% (53.3% gia to unigram, 54.7% gia to bigram, kai 54.1%

gia to trigram).

Features misclassification tables

unigrams

true classes/hypothesized classes humorous non humorous
humorous 485 (tp) 336 (fn)
non humorous 421 (fp) 504 (tn)

Precision = 0.53532
Recall = 0.59074
Accuracy = 0.56644
#Rejected subtitles = 11 (Rejection = 0.6%)

unigrams/bigrams

true classes/hypothesized classes humorous non humorous
humorous 479 (tp) 342 (fn)
non humorous 411 (fp) 514 (tn)

Precision = 0.5382
Recall = 0.58343
Accuracy = 0.56873
#Rejected subtitles = 11 (Rejection = 0.6%)

unigrams/bigrams/trigrams
true classes/hypothesized classes humorous non humorous
humorous 468 (tp) 353 (fn)
non humorous 396 (fp) 529 (tn)

Precision = 0.54167
Recall = 0.57004
Accuracy = 0.57102
#Rejected subtitles = 11 (Rejection = 0.6%)

PÐnakac 7.9: Classification results of <<70%-30%>> experiment (method: VSM)

Se antÐjesh me to N-gram pijanotikì montèlo, sto montèlo dianusmatikoÔ

q¸rou h tim  thc an�klhshc tou taxinomht  den all�zei idiaÐtera (parìti para-

threÐtai kai p�li mikr  meÐwsh thc an�klhshc) me thn t�xh tou montèlou (59%
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gia unigram ìrouc, 58.3% gia to unigram/bigram ìrouc, kai 57% gia to uni-

gram/bigram/trigram ìrouc). 'Oson afor� thn akrÐbeia kai p�li kumaÐnetai sto

54%.

Features misclassification tables

unigrams
true classes/hypothesized classes humorous non humorous
humorous 484 (tp) 337 (fn)
non humorous 419 (fp) 506 (tn)

Precision = 0.53599
Recall = 0.58952
Accuracy = 0.56701
#Rejected subtitles = 11 (Rejection = 0.6%)

unigrams/bigrams

true classes/hypothesized classes humorous non humorous
humorous 476 (tp) 345 (fn)
non humorous 407 (fp) 518 (tn)

Precision = 0.53907
Recall = 0.57978
Accuracy = 0.5693
#Rejected subtitles = 11 (Rejection = 0.6%)

unigrams/bigrams/trigrams

true classes/hypothesized classes humorous non humorous
humorous 468 (tp) 353 (fn)
non humorous 396 (fp) 529 (tn)

Precision = 0.54167
Recall = 0.57004
Accuracy = 0.57102
#Rejected subtitles = 11 (Rejection = 0.6%)

PÐnakac 7.10: Classification results of <<70%-30%>> experiment (method: LSA)

'Opwc kai sto montèlo dianusmatikoÔ q¸rou, ètsi kai sthn lanj�nousa shma-

siologik  an�lush, h an�klhsh tou taxinomht  den all�zei idiaÐtera me thn t�xh

tou montèlou (59% gia unigram ìrouc, 58% gia to unigram/bigram ìrouc, kai

57% gia to unigram/bigram/trigram ìrouc). 'Oson afor� thn akrÐbeia kai p�li

kumaÐnetai sto 54%.

Stouc pÐnakec 7.11, 7.12, 7.13, parousi�zontai ta apotelèsmata thc taxinìmhshc,

gia to N-gram pijanotikì montèlo, to montèlo dianusmatikoÔ q¸rou, kai thc
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lanj�nousac shmasiologik c an�lushc antÐstoiqa, sthn perÐptwsh tou cross val-

idation peir�matoc (enìthta 7.1 - perÐptwsh 2). Ta apotelèsmata thc orjìthtac

(accuracy) k�je montèlou brÐskontai, ìpwc kai prohgoumènwc, p�nw apì to base-

line. 'Opwc kai sta apotelèsmata tou prohgoÔmenou peir�matoc, ètsi kai sto cross

validation peÐrama, den parathreÐtai idiaÐterh beltÐwsh thc orjìthtac anaforik�

me thn aÔxhsh thc t�xhc twn montèlwn. Sto cross validation peÐrama, to N-gram

pijanotikì montèlo parousi�zei lÐgo megalÔterec timèc sthn orjìthta (pou ku-

maÐnontai sto 56.5%), se sqèsh me tic timèc sto montèlo dianusmatikoÔ q¸rou kai

thn lanj�nousa shmasiologik  an�lush (pou kumaÐnontai sto 55.5%).

Model misclassification tables

unigram

true classes/hypothesized classes humorous non humorous
humorous 1706 (tp) 1114 (fn)
non humorous 1551 (fp) 1774 (tn)

Precision = 0.52379
Recall = 0.60496
Accuracy = 0.56631
#Rejected subtitles = 0 (Rejection = 0%)

bigram

true classes/hypothesized classes humorous non humorous
humorous 1389 (tp) 1431 (fn)
non humorous 1241 (fp) 2084 (tn)

Precision = 0.52814
Recall = 0.49255
Accuracy = 0.56517
#Rejected subtitles = 0 (Rejection = 0%)

trigram
true classes/hypothesized classes humorous non humorous
humorous 1399 (tp) 1421 (fn)
non humorous 1271 (fp) 2054 (tn)

Precision = 0.52397
Recall = 0.4961
Accuracy = 0.56192
#Rejected subtitles = 0 (Rejection = 0%)

PÐnakac 7.11: Overall classification results of cross-validation experiment
(method: N-gram probabilistic model)

'Opwc faÐnetai apì ton parap�nw pÐnaka, parathreÐtai kai p�li (sto N-gram
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pijanotikì montèlo) drastik  meÐwsh thc an�klhshc ìtan pern�me apì to uni-

gram sto bigram kai sto trigram montèlo. H tim  thc akrÐbeiac den metab�lletai

idiaÐtera, anaforik� me thn t�xh tou montèlou.

Features misclassification tables

unigrams

true classes/hypothesized classes humorous non humorous
humorous 1572 (tp) 1207 (fn)
non humorous 1533 (fp) 1781 (tn)

Precision = 0.50628
Recall = 0.56567
Accuracy = 0.5503
#Rejected subtitles = 52 (Rejection = 0.8%)

unigrams/bigrams

true classes/hypothesized classes humorous non humorous
humorous 1571 (tp) 1208 (fn)
non humorous 1507 (fp) 1807 (tn)

Precision = 0.5104
Recall = 0.56531
Accuracy = 0.55441
#Rejected subtitles = 52 (Rejection = 0.8%)

unigrams/bigrams/trigrams
true classes/hypothesized classes humorous non humorous
humorous 1548 (tp) 1231 (fn)
non humorous 1481 (fp) 1833 (tn)

Precision = 0.51106
Recall = 0.55703
Accuracy = 0.5549
#Rejected subtitles = 52 (Rejection = 0.8%)

PÐnakac 7.12: Overall classification results of cross-validation experiment
(method: VSM)

'Opwc parathroÔme apì ton parap�nw pÐnaka tìso oi timèc thc an�klhshc, ìso

kai oi timèc thc akrÐbeiac, sto montèlo tou dianusmatikoÔ q¸rou, den metab�llontai

kat� shmantik� posost�, anaforik� me thn t�xh tou montèlou. H Ðdia parat rhsh

prokÔptei kai apì ton epìmeno pÐnaka pou afor� thn lanj�nousa shmasiologik 

an�lush.
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Features misclassification tables

unigrams

true classes/hypothesized classes humorous non humorous
humorous 1572 (tp) 1207 (fn)
non humorous 1526 (fp) 1788 (tn)

Precision = 0.50742
Recall = 0.56567
Accuracy = 0.55145
#Rejected subtitles = 52 (Rejection = 0.8%)

unigrams/bigrams

true classes/hypothesized classes humorous non humorous
humorous 1560 (tp) 1219 (fn)
non humorous 1495 (fp) 1819 (tn)

Precision = 0.51064
Recall = 0.56135
Accuracy = 0.55457
#Rejected subtitles = 52 (Rejection = 0.8%)

unigrams/bigrams/trigrams

true classes/hypothesized classes humorous non humorous
humorous 1533 (tp) 1246 (fn)
non humorous 1453 (fp) 1861 (tn)

Precision = 0.5134
Recall = 0.55164
Accuracy = 0.55703
#Rejected subtitles = 52 (Rejection = 0.8%)

PÐnakac 7.13: Overall classification results of cross-validation experiment
(method: LSA)
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7.7.2 Melèth thc orjìthtac twn taxinomht¸n, ana-

forik� me thn apìrriyh dedomènwn taxinìmhshc

Sta epìmena sq mata (7.3, 7.4, 7.5), parousi�zetai h metabol  thc orjìthtac

(accuracy) twn taxinomht¸n, anaforik� me thn apìrriyh twn upotÐtlwn gia touc

opoÐouc up�rqei uyhl  abebaiìthta gia thn kathgorÐa sthn opoÐa an koun (enìthta

7.5). ParathreÐtai kai kai sta trÐa sq mata, aÔxhsh thc orjìthtac twn taxino-

mht¸n me thn aÔxhsh thc apìrriyhc twn upotÐtlwn. To montèlo tou dianusmatikoÔ

q¸rou parousi�zei kalÔterh sumperifor�, kai sta trÐa sq mata, se sqèsh me to

N-gram pijanotikì montèlo kai thn lanj�nousa shmasiologik  an�lush.

Sq ma 7.3: Metabol  orjìthtac anaforik� me thn apìrriyh dedomènwn taxinìmh-
shc (Ta montèla qrhsimopoioÔn unigram ìrouc)
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Sq ma 7.4: Metabol  orjìthtac anaforik� me thn apìrriyh dedomènwn taxinìmh-
shc (Ta montèla qrhsimopoioÔn unigram/bigram ìrouc)

Sq ma 7.5: Metabol  orjìthtac anaforik� me thn apìrriyh dedomènwn taxinìmh-
shc (Ta montèla qrhsimopoioÔn unigram/bigram/trigram ìrouc)
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7.7.3 Melèth thc orjìthtac twn taxinomht¸n, ana-

forik� me to pl joc twn qarakthristik¸n ek-

paÐdeushc

Sta sq mata 7.6, 7.8, 7.10 parousi�zetai h metabol  thc orjìthtac twn taxino-

mht¸n, anaforik� me to pl joc twn qarakthristik¸n pou qrhsimopoioÔntai sthn

ekpaÐdeush touc. H epilog  twn qarakthristik¸n gÐnetai me krit rio thn amoi-

baÐa plhroforÐa (enìthta 7.6). ParathreÐtai kai sta trÐa sq mata mÐa pt¸sh thc

orjìthtac twn taxinomht¸n sta �kra, kai mÐa meg�lh aÔxhsh sthn endi�mesh pe-

rioq . Autì sumbaÐnei gia ton ex c lìgo: 'Otan o arijmìc twn qarakthristik¸n

ekpaÐdeushc (training features) eÐnai polÔ mikrìc, ta montèla den ekpaideÔontai me

thn apaitoÔmenh plhroforÐa me apotèlesma thn aÔxhsh twn laj¸n taxinìmhshc.

Apì thn �llh pleur�, ìtan arijmìc twn training features eÐnai meg�loc, den èqoun

aporrifjeÐ akìmh ta adÔnama qarakthristik� me apotèlesma meiwmènh apìdosh.

Sto endi�meso, ìpou up�rqoun arket� kai dunat� qarakthristik�, ta apotelèsma-

ta eÐnai ikanopoihtik�, me thn orjìthta na ft�nei sto 60% (5.9% p�nw apì to

baseline ).

Sta sq mata 7.7, 7.9, 7.11 faÐnetai pwc metab�lletai h apìrriyh twn dedomènwn

taxinìmhshc, anaforik� me to pl joc twn qarakthristik¸n pou qrhsimopoioÔntai

sthn ekpaÐdeush twn montèlwn. 'Opwc faÐnetai kai apì ta sq mata, ìso ligìtera

qarakthristik� qrhsimopoioÔme sthn ekpaÐdeush twn montèlwn, tìso megalÔterh

pijanìthta èqei k�poioc upìtitloc na parousi�zei mhdenik  omoiìthta kai me tic

dÔo kathgorÐec (afoÔ oi ìroi tou upìtitlou den ja up�rqoun ston pÐnaka ìrwn-

keimènwn), me apotèlesma thn auxhmènh apìrriyh. Prèpei na shmeiwjeÐ ìti oi

kampÔlec thc apìrriyhc twn dedomènwn sumpÐptoun gia ta VSM kai LSA, afoÔ

ta montèla aut� èqoun ton Ðdio pÐnaka ìrwn - keimènwn. 'Etsi parousi�zetai mÐa

kampÔlh se k�je sq ma h opoÐa eÐnai koin  gia to VSM kai to LSA.
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Sq ma 7.6: Metabol  orjìthtac anaforik� me pl joc twn qarakthristik¸n ek-
paÐdeushc (Ta montèla qrhsimopoioÔn unigram ìrouc)

Sq ma 7.7: Metabol  apìrriyhc dedomènwn anaforik� me pl joc twn qarakthri-
stik¸n ekpaÐdeushc (Ta montèla qrhsimopoioÔn unigram ìrouc)
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Sq ma 7.8: Metabol  orjìthtac anaforik� me pl joc twn qarakthristik¸n ek-
paÐdeushc (Ta montèla qrhsimopoioÔn unigram/bigram ìrouc)

Sq ma 7.9: Metabol  apìrriyhc dedomènwn anaforik� me pl joc twn qarakthri-
stik¸n ekpaÐdeushc (Ta montèla qrhsimopoioÔn unigram/bigram ìrouc)
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Sq ma 7.10: Metabol  orjìthtac anaforik� me pl joc twn qarakthristik¸n ek-
paÐdeushc (Ta montèla qrhsimopoioÔn unigram/bigram/trigram ìrouc)

Sq ma 7.11: Metabol  apìrriyhc dedomènwn anaforik� me pl joc twn qarakthri-
stik¸n ekpaÐdeushc (Ta montèla qrhsimopoioÔn unigram/bigram/trigram ìrouc)



Kef�laio 8

SÔnoyh

8.1 Sumper�smata

H montelopoÐhsh tou qioÔmor eÐnai èna arket� polÔploko kai dÔskolo jèma.

H qioumoristik  gl¸ssa qrhsimopoieÐ polÔplokec, asunepeÐc, kai diforoÔmenec

suntaktikèc kai shmasiologikèc domèc, oi opoÐec apaitoÔn baji� shmasiologik 

ex ghsh-ermhneÐa.

Sthn dik  mac ergasÐa qrhsimopoi jhkan mìno glwssik� qarakthristik�, opìte

san mètro sÔgkrishc, me ton taxinomht  twn A. Purandare kai D. Litman [2], prèpei

na l�boume thn akrÐbeia 61.14% pou afor� ta glwssik� qarakthristik� (pÐnakac

5.8). Bèbaia na shmeiwjeÐ ìti sta qarakthristik� pou dÐnoun akrÐbeia 61.14%,

epiplèon twn glwssik¸n, sumperilamb�netai kai to qarakthristikì tou m kouc

thc prìtashc tou hjopoioÔ (Turn Length), pou prosdÐdei epiplèon plhroforÐa.

'Oson afor� thn dik  mac ergasÐa prèpei na lhfjoÔn upìyin ta ex c jèmata:

Pr¸ton, h exagwg  twn qioumoristik¸n upotÐtlwn gÐnetai me autìmato trìpo (ke-

f�laio 6) eis�gontac èna perij¸rio l�jouc thc t�xewc tou 4.5% (pÐnakac 6.9). Apì

thn �llh pleur�, sthn ergasÐa twn A. Purandare kai D. Litman, h epis mansh twn

qioumoristik¸n speaker turns gÐnetai qeirokÐnhta me mhdenikì perij¸rio l�jouc.

Me �lla lìgia sta glwssik� dedomèna, pou qrhsimopoioÔntai sto kef�laio 7 gia

thn autìmath anagn¸rish tou qioÔmor, èqei prostejeÐ jìruboc (upìtitloi pou jew-

roÔntai qioumoristikoÐ en¸ den eÐnai) thc t�xhc tou 4.5%. DeÔteron, sthn ergasÐa

107
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mac taxinomoÔme upìtitlouc (se kathgorÐec qioumoristik¸n/mh qioumoristik¸n).

Se ènan upìtitlo merikèc forèc summetèqoun parap�nw apì ènac hjopoioÐ. AntÐ-

jeta, sthn ergasÐa twn A. Purandare kai D. Litman, taxinomoÔntai speaker turns.

Me ton ìro speaker turn (mil¸ntac gia glwssik� qarakthristik�-keÐmeno) enno-

oÔme to keÐmeno tou hjopoioÔ sthn seir� tou. Dhlad  sto speaker turn mil�ei

ènac hjopoiìc. Sun jwc to qioÔmor, stic qioumoristikèc seirèc (sthn perÐptwsh

mac sthn seir� Friends), ekfr�zetai apì ènan hjopoiì thn for�. ParadeÐgmatoc

q�rin, ston upìtitlo :

-Not every morning

-Making it worse!

, summetèqoun dÔo hjopoioÐ.

Efìson o upìtitloc eÐnai qioumoristikìc, ìla ta glwssik� qarakthristik� tou

(not, every, morning, making, it, worse) ja per�soun sthn kathgorÐa tou qioÔmor.

'Omwc sthn sugkekrimènh perÐptwsh to gèlio prokaleÐtai apì thn deÔterh prìta-

sh, kai ja èprepe na per�soun sthn kathgorÐa tou qioÔmor mìno ta qarakthristik�

thc deÔterhc prìtashc (making, it, worse). 'Opwc faÐnetai apì to parap�nw par�-

deigma, tètoiec peript¸seic eis�goun epiplèon jìrubo, k�nontac to egqeÐrhma thc

anagn¸rishc akìma pio dÔskolo.

Par� tic dÔo adunamÐec pou perigr�fhkan parap�nw, ta apotelèsmata mac (e-

nìthta 7.7) eÐnai axiìloga. Se ìla ta peir�mata h akrÐbeia twn taxinomht¸n mac

brÐsketai p�nw apì to baseline. Eidikìtera, sthn perÐptwsh pou gÐnetai epilog 

qarakthristik¸n (diagr�mmata 7.6 èwc 7.11) h akrÐbeia ft�nei sto 60%, posostì

polÔ kontinì me to 61.14% pou anafèrame san mètro sÔgkrishc.

8.2 Mellontikìc sqediasmìc

Ston mellontikì sqediasmì gia peraitèrw beltÐwsh twn apotelesm�twn axÐzei na

shmei¸soume ta epìmena jèmata. Pr¸ton, thn deiktodìthsh twn speaker turns

antÐ twn upotÐtlwn. DeÔteron, ja eÐqe endiafèron h phg  twn qioumoristik¸n

dedomènwn na eÐqe poikilomorfÐa. Sthn ergasÐa mac h phg  twn qioumoristik¸n

kai mh qioumoristik¸n ekfr�sewn  tan mÐa, k�nontac ta dedomèna na èqoun meg�lh
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omoiogèneia, me apotèlesma ton dÔskolo diaqwrismì touc. Tèloc ja eÐqe endiafè-

ron kai h qrhsimopoÐhsh kai �llwn, pèran twn glwssik¸n, qarakthristik¸n sthn

peiramatik  diadikasÐa. Tètoia qarakthristik� ja mporoÔsan na eÐnai akoustik c -

proswdiak c fÔsewc   perissìtero polÔploka shmasiologik� kai pragmatologik�

qarakthristik� ìpwc amfishmÐa (ambiguity), kai asumfwnÐa (incongruity).
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