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Dilin modellenmesinin amacia

« Konusma tanima (Speech recognition)

« El yazisi tanima (Handwriting recognition)

o Imla hatalarinin diizeltilmesi (Spelling correction)

« Makine ceviri sistemleri (Machine translation systems)
« Optik karakter tanima (Optical character recognizers)
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El yazis1 tanima (Handwriting recognition)

Bankadaki veznedara bir not verildigini diisiiniin,

ve veznedar notu “I have a gub” olarak okusun.
(ct. Woody Allen)

NLP burada yardimei olur ....
gub ingilizcede anlamh bir kelime degildir.
gun, gum, Gus, ve gull olabilir, fakat gun kelimesinin
banka ile iliski olasilig1 daha fazla oldugundan “gub”,
“gun” olarak alinir.
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Imla hatalarinin kontroliinde

Birbirinin yerine siklikla gecebilen kelimeler
piece/peace, whether/weather, their/there ...

Ornek:
“On Tuesday, the whether ...”
“On Tuesday, the weather ...”
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
W
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
Wh
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
Wha
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
What
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
What d
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
What do
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:
What do you think the next letter is?
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Letter-based Language Models

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do

Slide 14



Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do you
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do you think
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do you think the
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do you think the next
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Harf-tabanli (Letter-based) dil modelleri

Shannon’s Game
Guess the next letter:

What do you think the next letter is?
Guess the next word:

What do you think the next word is?
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e zero-order approximation: harflerin siralan

birbirinden bagimsiz
— xfoml rxkhrjtfjuj zlpwewkey ffeyvkeqsghyd

o first-order approximation: harfler birbirinden
bagimsizdir, fakat dildeki (Ingilizce) harflerin

dagilimlarina gore meydana gelir
—ocro hli rgwr nmielwis eu Il nbnesebya th eei alhentppa
oobttva nah
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 second-order approximation: bir harfin goriilme

olasilig1 bir onceki harfe baglidir

—On ie antsoutinys are t inctore st bes deamy achin
dilonasive tucoowe at teasonare fuzo tizin andy tobe
seace ctisbe

e third-order approximation: bir harfin gorulme

olasilig1 kendisinden once gelen iki harfe baghdir
—in no ist lat whey cratict froure birs grocid pondenome
of demonstures of the reptagin is regoactiona of cre
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Farkl diller icin yiiksek frekansh trigram’lar:

Ingilizce: THE, ING, ENT, ION
Almanca: EIN, ICH, DEN, DER
Fransizca: ENT, QUE, LES, ION
Italyanca: CHE, ERE, ZIO, DEL
Ispanyolca:QUE, EST, ARA, ADO
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Dillerdeki hece benzerlikleri

Ayn1 aile icerisinde bulunan diller birbirlerine
diger dillere gore daha fazla benzer

Ayni aile icerisinde yer alan diller birbirlerine nasil

benzerler ?
—Hece tabanli1 benzerlik
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Aile icerisinde yer alan her bir dildeki en fazla
kullanilan kelimeler ¢ikarilir;

—Kelimeler hecelerine ayrilir;
—Hecelerin frekanslar1 hesaplanir;
—Heceye dayali dildeki benzerlik hesaplanir
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Ornek: Romance dilleri ailesi

Romance dillerindeki heceler

Language [1 he percentage covered by the first - - - syllables |N o. syllables
100 [ 200 [ 300 [ 400 [ 500 561 type| token
Latin 729%(86%192%95%[98% 100% 561 | 3922
Romanian [63%|74%|80%|84%|87% 90% 1243 6591
Italian 75%|85%[91%(94% (96 % 97% 803 | 7937
Portuguese|69%|84%|91%|95%|97% 98% G693 | 6152
Spanish  |73%[87%[93%96%|98% 99% 672 | 7477
Catalan  [62%|77%|84%|88%192% 93% 967 | 5624
French 48%61%|67%|72%|76% 78% 1738 5691
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Latin-Romance Dillerinin Benzerligi

Latin - Romance languages
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Italian - Romance languages

0,15

1 51 M 151 2N 251 I B 4N 46 SN 56
- - - - Catnian Frnh  —— kaln Peatugrams Sy — — Latin

1 S 101 151 2 23 301 3 4 45 S 55
= Calalan French Poriugemo Romanian — — Spanish - - - -Laln
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Catalan Ramence lanuaces
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Kelime Tabanli Dil Modelleri

Dil modeli, S ciimlesinin olasiligini (likelihood/probability)
hesaplamaya yardimci olur, P(S).

En basit haliyle, herbir kelime bir sonraki w kelimesini esit
olasilikla izler (0-gram).

V sozliiglinin boyunun |V| oldugunu farzedelim. Buna gore n
uzunlugundaki S ciimlesinin olasilig1 (likelihood) = 1/|V| x 1/|V| ... x
1/|V| olarak hesaplanir.

Eger bir dilde 100,000 kelime varsa, gelecek olan herbir kelimenin olasilig

1/100000 = .00001 dir.
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« Kesin: gelecek olan her kelimenin olasilig:

kelimenin frekansi ile iligkilidir.
— climlenin olasilig1 S = P(w,) x P(w,) x ... x P(w,)

— herbir Kkelimenin olasilign diger kelimelerin olasiliklarindan
bagimsizdir.

« En kesin: daha once verilmis olan kelimenin

olasiligina bakilir (n-gram).
— S climlesinin olasilig1 = P(w,) x P(w,|w,) x ... x P(w |w,_,)

— her kelimenin olasihiginin diger kelimelerin olasiliklarina bagh
oldugu farzedilir.
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Zincir Kurali (Chain Rule)

Sarth olasilik
P(A,A,) = P(A,) - P(A,|A,)

Zincir kurali, coklu olaylar ile genellestirildiginde
(A ]ALAY).P(AL|A LA
yazilir.

P(the dog) = P(the) P(dog | the)
P(the dog bites) = P(the) P(dog | the) P(bites| the dog)
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For a Word String

Bir string w," = w,...w_ olussun.
Bu stringin olasilig

Pw™) = Pw,)Pw,w )Pws|w,.w,)..Pw,|w,.w, ;)

z k-1
- 1P lw )
k=1

Fakat bu yaklasim genelde, bir kelime sirasinin
olasiligin1 belirlemek icin cok yararlh degildir.
Hesaplama maliyeti ¢ok ytiksektir.

Slide 33



Markov Yaklasimi

P(w,|w,"*) nasil hesaplanir ?

P(rabbit|I saw a) yerine, P(rabbit|a) kullanilabilir.

Bigram model:
P(the barking dog) = P(the|<start>)P(barking|the)P(dog|barking)

Markov modeller olasilik modeli olup, gelecek bir
birimin olasiligim1 cok uzak gecmisine bakmaksizin
yakin gecmise bakarak olasiliklarimi  tahmin
etmedir.

N=2 (bigram): P(w,") = I, _, ™ P(wy|wy_); W, = <start>
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Terminolojl

Ciimle/Sentence: yazim dilinin birimi
Soz-laf/Utterance: konusma dilinin birimi

Kelime formu/Word Form: Kullanima gore kelimenin formunun
degistirilmesi

Types (V): corpus icerisinde yer alan ayrik kelime sayis1 (vocabulary size)
Token (N): corpus igerisindeki toplam kelime sayisi

Simdiye kadar goziiken kelime sayisi1 (T): corpus da goriilen ayrik
kelime sayis1 (V ve N kiictiktiir)
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Basit N-Grams

N-gram model, gelecek kelimeyi tahmin edebilmek icin
onceki N-1 adet kelimeyi kullanir.

P(Wn | Wn—N+1 Wn—N+2... Wn—l)
unigrams: P(dog)
bigrams: P(dog | big)

trigrams: P(dog | the big)
quadrigrams: P(dog | chasing the big)
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N-Grams kullanimi

Hatirla

N_gram: P(Wn|wln-] ) ~ P(wn|wn-N+1n-1)

Bigram: P(w;") = ﬁP(wk | Wk_l)

k=1

Bigram grameri:
Climlenin olasihigt P(ctimle), ciimle icerisinde yer alan biitiin
bigram’larin olasiliklarinin ¢carpina yakin bir degerdir.

Ornek:

P(I want to eat Chinese food) =

P(I | <start>) P(want | I) P(to | want) P(eat | to)
P(Chinese | eat) P(food | Chinese)

Slide 37



Bigram Gramer Parcalar:

Eat on .16 Eat Thai .03
Eat some .06 Eat breakfast .03
Eat lunch .06 Eat in .02
Eat dinner .05 Eat Chinese .02
Eat at .04 Eat Mexican .02
Eat a .04 Eat tomorrow .01
Eat Indian .04 Eat dessert .007
Eat today .03 Eat British .001
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EKk gramer

<start> 1 .25 Want some .04
<start> I'd .06 Want Thai .01
<start> Tell .04 To eat .26
<start> I'm .02 To have 14
I want .32 To spend .09
I would .29 To be .02
I don’t .08 British food .60
I have .04 British restaurant 15
Want to .65 British cuisine .01
Want a .05 British lunch .01

Slide 39



Ciimlenin olasiliginin hesaplanmasai

P(I want to eat British food) =
P(I|<start>) P(want|I) P(to|want) P(eat|to)
P(British|eat) P(food|British) =
.25%.32%.65%.26%x.001%.60 = .000080

P(I want to eat Chinese food) = .00015

Olasiliklar diinyanin bildigi bir gercegi gostermektedir.
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N-grams sonuclari

Sparse data

Egitim seti icerisinde biitin N-gram’lar yer almayabilir ve bu n-
gram’larin frekansi sifir olarak almir, bu yilizden yumusatma
(smoothing) tekniklerine ihtiya¢ duyulur.

P(“And nothing but the truth”) ~ 0.001

P(“And nuts sing on the roof”) =~ 0
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Bigram Sayilar:

I Want To Eat Chinese Food lunch
I 8 1087 0 13 0 0 0
Want 3 0 786 0 6 8 6
To 3 0 10 860 3 0 12
Eat 0 0 2 0 19 2 52
Chinese 2 0 0 0 0 120 1
Food 19 0 17 0 0 0 0
Lunch 4 0 0 0 0 1 0
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Bigram Olasiliklari:
Unigram sayisini kullanarak

Unigram degerleri

Want

To

Eat

Chinese

Food

Lunch

3437

1215

3256

938

213

1506

459

Computing the probability of I 1
P(I|1) = CO I)/C(I) = 8 / 3437 = .0023

Bigram grameri

VxV boyutunda bir olasiliklar
matrisidir. V, sozliik boyutu
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Bigram Grameri

Bigram icin kullanilan formiil (parameter estimation)
P(Wnlwn—1) - C(Wn—1wn)/ C(Wn—l)

I want | to aat Chinese| food lunch
I 0023 32 (] RIERY () (]
want D025 (] 5 (] 049 L0a6] 0049
b L0022 0 D031 [ 26 A00a2 () 037
eat () (] 00211 0 20 021 055
Chinese || 0094 (] ( (] () 56 L0047
food 013 (] 011 (] (] () (
lunch L0ET () (] (] ( 0221 0
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Yumusatma (Smoothing) Teknikleri

Cok genis bir corpora’ ya sahip olsak bile N-
gram egitim matrisi sparse bir matrisdir
(Zipf's law ).

Cozum: goziikmeyen n-gram olasiliklarimi
tahmin etmek
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Add-one Smoothing

Her n-gram degerine 1 eklenir.

N;/(N,+V) katsayisi ile normalize edilir

NT
Yumusatilmis toplam: c¢/=(c;+1)

N, +V
(smoothed count) !

Yumusatilmis olasilik
(smoothed probability):
P’(w;) = ¢’ /Ny
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Add-one Smoothed Bigrams

P(w,lw, 1) = C(w, 4w, )/C(Wn 1)

I want tor eat Chinese food lunch want el Chinese| food lunch

| g 087 il 13 0 il 0 | 023 a2 0 A038] 0 0 i
- 1| o 6|l 0 p g c want || 0025 | 0 | &5 | 0 0040 | o0es| 0049
il 2| % o | w3 ; i o oo2| o | o031 26 | 00002 | o | 0037
eat 0 0 & ] 19 7 52 j‘> eat ] 0 D021 0 020 0021 055
e - 3 Chinese || 0094 0 ] ] 0 56 047
i I I sl s = food | 013 |0 | on| o | o o | o
||.||'||.:|'| -I- I:I I:I I:l |:| | I:| ||.||'|L'|'| |:":|H:'I |:| |:| EI |:| |:":|22 I:l

:

1

1

1

1 (]

1 -—

- P (wy,lw,) = [Cw, W, )+1]/[C(w 1)*V]

v n n n-

| want to eat Chinese food [unch want eat Chingse | food lunch

| g [OAE | 14 | | 1 | AaLs ) 22 000200 0028 [ 00020 [ 000201 00020
want 4 | 787 1 7 o 7 want A0l ) 00035 28 L0035 0025 0032 | 0025
to 4 | [ a6l 4 | 13 b 00821 00021 0023 ) 18 DO0S2 | 00021) 0027
eat | | 3 [ 0 3 53 eqt 0039, 00039 0012 ) 000359 007E 0012 | 02l
Chiness 3 | | [ | 2] 3 Chinese || 0016 | 00055 ( 00055 00055 00055 | 066 At
food 20 | IS | | | | fiood A0ed ) 00032 [ 0058 | 00032 | 00032 | 00032 00032
[unch 5 | | | | 2 | lunch 0024 ) 00048 [ 00048 | 00048 | 00048 | 0009 ] 00048
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Bugiin de het zamanlki zibi Eve gidivorum

Bugiin ] 1 0 i 0 0 ]
de i 0 1 0 i i ]
hey (] ] i 1 0 () [
ramanli i 1] 0 ] 1 0 i
ribi ] 1] 0 i 0 1 ]
Ve 0 ] i 0 ] 0 1
idivomm K 0 [ 0 0 0 K

1 1 1. 1 1

PE.':Erm da = = Fiie ber =E N W — =E'- L oamanki gibi =;' 'Pf;'-.':." sidivorum =E

L
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Bu=iin de het Famankot zabi eve midivorum
Bugiin 1 2 1 1 1 1 1
de 1 1 2 1 1 1 1
her 1 1 1 2 1 1 1
zamanki 1 1 1 1 2 1 1
a1y 1 | | i i 2 1
EVE 1 1 1 1 1 1 1
eidivomim 1 1 1 1 1 1 1
2 3 2 1
P.E.-.'gl.?r da 8 5 e ker T E Figr zamari: =?- g — gibi = 5_ 2 Pgr':':.' gidiyonum =§
P =i:_"'+i y=1_:2 _ 3
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Diger yamusatma teknikleri:
Good-Turing

Ve 10 tane aynali sazan (carp), 3 tane morina
(cod), 2 tane tuna, 1 tane alabalik (trout), 1
tane som balig1 (salmon), 1 tane de yilan
baligi (eel) yakalamis olun.

Bir sonra ki yakalanacak olan baligin
yeni bir tur olma olasiligi nedir ? ’

3/18
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Back-off Yontemi

Hatirlatma :N-gram’lar her zaman (N-1) gram’a
gore daha duyarhdir.

Fakat, N-gram’lar (N-1) gram’a gore daha fazla
sparse ‘tir.

Bu ikisi nasil birlestirilir ?
N-gram’in frekans degeri uygun degilse (sifir ise)
vazgecilir (back-off) ve (n-1) gram’a doniilir.
Monogram’a kadar devam edilir. Recursive bir yapi
sozkonusudur.
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[ Blwilwiawig)., i Clwiawigw) >0

P{“"ﬁ |"I-'I-’r'_1'b-'i-|-'_1:] = -(: ﬂ:lPlz'I-'lr'f|'|-'|-'£'_'_::|: i Clwiawgw; =0 and Clw;_yw;) = U

L af_?ﬁl:wl ), otherwise
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