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String Transformations

® General Framework for many NLP problems

® Examples bt — "

® Part-of-Speech Tagging

® Spelling Correction (Edit Distance)

® Word Segmentation

® Transliteration, Sound/Spelling Conversion, Morphology
® Chunking (Shallow Parsing)

® Beyond Finite-State Models (i.e., tree transformations)

Summarization, Translation, Parsing, Information Retrieval, ...

® Algorithms:Viterbi (both max and sum)
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(hw2) From Spelling to Sound

® word-based or char-based
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Pronunciation Dictionary

e (hw3: eword-epron.data) http://www.speech.cs.cmu.edu/cgi-bin/cmudict
from CMU Pronunciation Dictionary
o 39 phonemes (|5 vowels + 24 consonants)

e AARON EH RAH N
e AARONSON AARAHNSAHN

echo "W HALEDBONE S" |

® .. carmel -srilEQk 5 epron.wfsa epron-espell.wfst
e PEOPLE PIYPAHL
e VIDEO VIHDIY OW

® you can train p(s..s|w) from this, but what about unseen words!?

® also need alignment to train the channel model p(s|e) & p(els)


http://www.speech.cs.cmu.edu/cgi-bin/cmudict
http://www.speech.cs.cmu.edu/cgi-bin/cmudict

CMU Dict: 39 Ame. Eng. Phonemes

WRONG! missing the SCHWA 3 (merged with the STRUT a “AH")!
CMU/IPA Example Translation

CMU/IPA Example Translation

eat
gee

lee

knee
ping
oat
toy
pee
read
sea
she
tea
theta
hood
too
vee
we
yield
zee
usual

IH NG

TH EY T AH

HH UH D

UW

IY

1Y

IY L. D

IY

UW ZH UW AH /L

K NK =2 < H



CMU Pronunciation Dictionary

WRONG! missing the SCHWA 3 (merged with the STRUT a “AH")!
DOES NOT ANNOTATE STRESSES

A AH

A EY

AAA T R IH P AH L EY
AABERG AA B ER G

AACHEN AA K AH N

ABOUT AH B AW T

o

ABRAMOVITZ AH RAAMAH V IHT S

ABRAMOWICZ AH B R AA M AH V IH CH
ABRAMOWITZ AH B RAAMAH W IHT S
FATHER F AA DH ER

ZYDECO Z AY D EH K OW

ZYDECO Z IH D AH K OW

ZYDECO Z AY D AH K OW

22712 Z 1Y Z



Plosive

Nasal

Trill

Tap or Flap

Fricative

'Lateral

fricative

Approximant

' Lateral

approximant ‘
Where symbols appear in pairs, the one to the right represents a voiced consonant.

Linguistics Background: |P£

CONSONANTS (PULMONIC)
Uvular Pharyngeal Glottal

K KH ke

'

Bilabial Labiodental Dental Alveolar Postalveolar Retroflex Palatal

(t d]c 3

Pb
m
B‘

¢ B NOOE

r

|
z|[ 3
g

Shaded areas denote articulations judged impossible.

p‘ﬂ.—n:'um:}’m (Cardinal Vowels)

¢ AT, Nasenhshle

© 2005 IPA /4

\6 dental 4 1venlar
latal

N ’

Ouellananoahs « ane [2] Saite 24 AWL 17

VOWELS
Front
Close y
Close-mid € 's ()
Open-mid
Open Ae(E

Where symbols appear in pairs, the one
to the right represents a rounded vowel.



(hw2) From Sound s to Spelling e

®input HHEHLOWBEHR
e outputt HELLOBEAR or HELOBARE?
o p(e) => e =>p(sle) => s

® p(w) => w =>p(e|w) => e =>p(sle) =>s

® p(w) =>w => p(s|w) =>s

. e <= p(efs) <=s <= p(s)
o w <= p(wl|e) <= e <= p(e[s) <=s <= p(s)
. W <= p(w[s) <=5 <= p(s)

@) ), echo '"HH EH L OW' | carmel -sliOEQk 50 epron-espell.wfst
What else' espell-eword.wfst eword.wfsa

9



Example: Transliteration

PO} i ~[Fea)- i — £

{entantd N At T} / (v ax vo}

N:N /0.7 ® V => B: phoneme
0 N:M /0.3 inventory mismatch
}‘if@p AX:A/o.as ® [=>T O:phonotactic
ol —"1 T~——%1 N.a constraint
N NoOAY T
€".'e/o.s N A W T ©

e KEVIN KNIGHT => KH EHVHIHN NAY T
KEBIN NAITO
T E Y FA4F



Japanese 10| (writing systems)

® |apanese writing system has four components

® Kanji (Chinese chars): nouns, verb/adj stems, CJKV names

2|§“Japan” RIR “Tokyo” FEZE “train” B/\% “eat [inf.]”

® Syllabaries

Hiragana: function words (e.g. particles), suffices

Tde (“at”) D ka (question) BNFXU/c“ate”

Katakana: transliterated foreign words/names

11— k& — koohii (“coffee”)

® Romaji (Latin alphabet): auxiliary purposes



Why Japanese uses Syllabarles

»h 7
® all syllables are: . '
[consonant] + vowel + [nasal n] = *.)” @ &°
® |0 C x5V =50 syllables 5 |
. e = 2 5 F
® plus some variations ta ch
. . Al = =
® also possible for Mandarin na n
(X 7\ U E S 7 ~ A F
® other languages have many L. b._J| uity Jf he o
more syllables: use alphabets %% #5 & 8% % E
— . — 8 Sl K & 3
® alphabet = 10+5; syllabary = 10x5 i "y .
® read the Writing Systems = [ A® || =¥ ||| = || =P
tutorial from course page! - hetp:/brog.ip/ £ 3
wa 90459562 wo

AN



Japanese Phonemes (too few sounds!)

CONSONANT S (PULMON]C)

= . -

Tap or Flap

Fricative
Lateral
fricative

Approximant

' Lateral
- approximant

Bilabial Lablodcntal Dental Alveolar Post alveolar Rctroﬂcx Palatal Velar

'<l>[3

[t d]c

n n

@20051PA
| Uvular leryngeal’ Glonal
qc| |7
N
R'

_szuxvxx h ¢l 6

V)

(il

Where symbols appear in pairs, the one to the right represents a voiced consonant. Shaded areas denote articulations judged nmpossxble

VOWELS
Front Central Back

Close y iedl f .
%

Close-mid 1) P 3 00— o
N

Open-mid c 3G -

e
Open ® D

Where sy S appear in pairs, the one
to the right represents a rounded vowei.



® A: Hangul is not a syllabary, but a “featural alphabet”

® a special alphabet where shapes encode phonological features

® the inventor of Hangul (c I440s) was the first real Ilngmst
¢ o %ol J%’T'Eé 79 T

==

a‘éM

&
rﬁi‘
aﬁf’r

: x gz % ;;. : “"’1”
fHE.{SL ) v
vO) AL 5 . i1
: %gmw’%ﬁ |
= A 2
5 r/l ,‘Eh?}i{ﬁ-_?_ -y
l%"é}.QElnl 1
P 3] L.mjh.}‘;laé
- 14 consonants: 71g, Ln, &d, 2l/, Om, Hb, As, 2 B éer@,ﬁ%ﬁ SE
. = — AF = ez Al 3
onulling, Xj, Xch, 3k, Et, =p, 5h T g;kg,i*%i&g
) &l AR T

5 double consonants: Tkk, i, Hpp, MSS, *Xjj
11 consonant clusters: 1Ags, xnj, s nh, 21lg, eE1/m, = /b, 2A/s, EElt 2L p, 25 /h, BADS

6 vowel letters:ot a,01 eo, - 0, T u, —eu,0| i

4 jotized vowels (witha y): 0 F ya, 04 yeo, L yo, T yu Q: %l"E.I' ﬁE|'OEI =N
5 (iotized) diphthongs: H ae, H yae, 1 e, 4 ye, -l ui

6 vowels and diphthongs with a w: < wa, Wi wae, 4| oe, A wo, Hl we, | wi
CS 562 - Lec 5-6: Probs & WFSTs 14



http://en.wikipedia.org/wiki/Consonant_cluster
http://en.wikipedia.org/wiki/Consonant_cluster
http://en.wikipedia.org/wiki/Iotation
http://en.wikipedia.org/wiki/Iotation

Katakana Transliteration Examples

e Jdvba—9— o VAR YU—LA
®konpyu- ta- ®a i sukuri-mu
® kompyuutaa (uu=u) ® aisukuriimu

® computer ® ice cream

e 7VRKyg— - -EYE eTq—4J)Lb

® andoryuubitabi ® yo - gu ru to

® Andrew Viterbi ® yogurt



Katakana on Streets of Tokyo

Japanese just transliterates almost everything from Knight & Sproat 09
(even though its syllable inventory is really small...)
but... it is quite easy for English speakers to decode

... if you have a good language model!

koohiikoonaa  coffee corner ﬁﬁ@j_t_j_j-_

saabisu service

bulendokoohii  blend coffee
sutoreetokoohii straight coffee

. . RH/ &=
juusu juice Bt « o« AR

aisukuriimu ice cream PA RV )=y - - e
toosuto toast

-2k o

-



More |apanese Iransliterations

® rapputoppu ZTNT ® |aptop

® bideoteepu ETrAT—"7 ® video tape

® shoppingusentaa ¥ 3vE>4st>%— ® shopping center
® shiitoberuto  ¥—kAXJLK ® seat belt

® chairudoshiito FvAaILk>—Fk ® child seat

® andoryuubitabi 7> KUai—-E4%E ® Andrew Viterbi

® bitabiarugorizumu E5E7JLTJ XL e Viterbi Algorithm

|7



(hw?2) Katakana => English

® your job in HW2: decode |apanese Katakana words
(transcribed in Romaji) back to English words

® koohiikoonaa => coffee corner

LANGUAGE

DIRECTION

Angela Knight
SPELLING
WEFST B _ TO SOUND

TRANSDUCER

AE N JEH LUHNAY T
PHONEMIC

TRANSDUCER

’ anjiranaito

SOUND TO
3|ERCE%2'I|2‘)E| 7 5 + ,f }\ TRANSDUCER
;AT
[Knight & Graehl 98]

|18



(hw?2) Katakana => English

® Decoding (HW3)

® really decipherment!

® what about duplicate strings!?

¢ from different paths in
WFST!

® n-best cruching, or...

® weighted determinisation

see extra reading on course
website for Mohri+Riley paper

--------------------

Angela Nite
Andy Law Knight

Angela Nate 4 millions more

WFSA A

Ann Gere Uh

Anne Jill Ahh

Angy Rugh

Ann Zillah + millions more

WEFST B

AE NJIHRUHNAY T

AH N JIHLUHNAY T OH
+ millions more

WEFST C

anjiranaiit¢to

WEST D

T FTT4 P

[Knight & Graehl 98]

19



How to Learn p(e|w) and p(jle)?

« Such a system captures an infinite relation of HW?

<sound-sequence, writing-sequence> pairs.
eword-epron.data

€K
Cat:e O——0O c: AE

N

O ) o
\S‘CAT ~ | wFsT Y
O €:S

words = sounds O

sounds - words ) Learnlng Sequence
Transformation Probabilities

HW?2 Ideal training data:
epron-ioron.data L AE M P S T IY _M__
P P 1IN NN X St
(MLE) r a n P u s u t i i om-u
HW3 P(n|M)=0.5 need much more data,

P(mu|M)=0.5 of course

Viterbi decoding

Actual training data:

HW4 L AE M P S T IY M ofc
epl‘on-jpl‘on.data r a n P u S t 1 1 m
(EM) Automatically align string pairs using the unsupervised

Expectation-Maximization (EM) algorithm.
20



String Transformations

® General Framework for many NLP problems

® Examples bt — "

® Part-of-Speech Tagging

® Spelling Correction (Edit Distance)

® Word Segmentation

® Transliteration, Sound/Spelling Conversion, Morphology
® Chunking (Shallow Parsing)

® Beyond Finite-State Models (i.e., tree transformations)

Summarization, Translation, Parsing, Information Retrieval, ...

® Algorithms:Viterbi (both max and sum)

21



Example 2: Part-of-Speech Tagging

Pttt | ww) ® use tag bigram as
~ Plent) - Plo-w|tet) a language model
~ Pe) Pl |t o P Ckaltnar): POw |2 - P (Wi |10) |

N ’ % i ~ ® channel model is
loce grammar lexical Prt-kﬂnu. context-inde
prefecace, P-
[ourc.e_ Cheanne) \YTA—\;\ S’"“'\a
t[elt) (J 01\'-‘“\0/ e (wy i)
‘ B 'Wo [ P(wa | ¥,
2 ("1/ Pta b)) §© 2:) (1wl tnlte) they cam  Fiw o
o, T v 020 :
v AR i
(G“(Eﬂbl’cz.) cholta of tey iy influenced by bet ledtr & rif"t  context
(;0 p ¥ Saw her Qarrinas.
(PR v/ (2.0 ) ——[ W)
(ADT)

.
m’luuuw cen theoreMcdly be lowg renging

CS 562 - Lec 5-6: Probs & WFSTs



Work out the compositions

® if you want to implement Viterbi...

® case |:language model is a tag unigram model
® p(t...t) = p(t1)p(t2) ... p(tn)
® how many states do you get!

® case |:language model is a tag bigram model
® p(t..t) = p(ti)p(t2| t1) ... p(tn | tn-1)
® how many states do you get!

® case 3:language model is a tag trigram model...

CS 562 - Lec 5-6: Probs & WFSTs

23



The case of bigram model

:sourc.QJ Chenne) m
40 ao? Tywy /0w |b)
L g vy
\A(;o‘ O &V 1) e
(G“(Eﬂbl‘ta.) context-dependence (from LM)
GO propagates left and right!

€ : Can A e: b\
P(can| ALX) P(v)avr) e(H\|v)

X..

7 Vie - @©)
rlviv o] Avx)
Vig
P(viewo) ® o
€ Can N:€ G R\ P(END\N)

Pleenlv)  PNIV) P(RW\N)



In general...

® bigram LM with context-independent CM
® O(n m) states after composition

® g-sram LM with context-independent CM
® O(n m#') states after composition

® the g-gram LM itself has O(mé&') states

CS 562 - Lec 5-6: Probs & WFSTs 25



HMM Representation

y(t—1) y(t) y(t+1)

® HMM representation is not explicit about the search
® “hidden states’ have choices over “variables”

® in FST composition, paths/states are explicitly drawn

CS 562 - Lec 5-6: Probs & WFSTs

26



Viterbi for argmax

Vited Seacn for QCgwnex P(t---t}.p(w...w\tu-t) .

tot
for J= 1l o m
QCL,j) = P(E;): Plw,\t;)

e 1+ 2 on
for J= | 4o wm
Qlijl=o
best-prea (1)) + O
best=score. = =00
foc ks | 4o m

(Q[i,j.h Cost of \
shedeyt patn endiny
wih, wor ;. aﬂ“‘\h}

\\:ﬂwei tay .
e ——

r= P(E; ) ’(“&\*3)' QLL-1, k)

¥ ¢ > best-Scoce
besr-3cort. = Y
best-pred (1,5] = K
QLi,jl = v
el best + O
Faal- Swee = =00
for 321 v m
it Qln, Y 7 Hnal-sore
fivel-scoe = Q[n,j]
fnel-best = )

Pt Tana-bat
Cureeat = finadl et
for L N-l down to L
curceat = loest-peey L\, curcent)

CS 562 - Lec 5- Prnt Tewecent

&SQ‘\'S backk poiwrers

how about unigram?

rinXs bCS‘\"
Fu ) M Teverse
order

27



Python implementation

Complete this Python code implementing the Viterbi algorithm for part-of-speech tagging. It should print a

list of word /tag pairs, e.g. [(’a’, ’D’), (’can’, ’N’), (’can’, ’A’), (’can’, ’V’), (’a’, ’D’), (’can’, ’N’)].

from collections import defaultdict

best = defaultdict(lambda : defaultdict(float)) Q What abOUt tOP-CIOWﬂ

best [0] ["<s>"] = 1 recursive + memoization?
back = defaultdict(dict)

words = "<s> a can can can a can </s>".split()

tags = {"a": ["D"], "camn": ["N", "A", "V"], "</s>": ["</s>"]} # possible tags for each word

pEag =:4*D™ "%y Tk "W Ii<fad>"i 0.5, "DMa0ubE. it ) # ptaglx]lyl] = p(y | x)
pward =-4*D": 1%a"s 0.5F, "N™: 1hcan": Dilks s } # pword[x] [w] = p(w | x)
for i, word in enumerate(words([1:], 1): # i=1,2...; word=a,can,...

for tag in tags[word]:
for prev in best[i-1]
if tag in ptagl[prev]
score = best[i-1] [prev] * ptaglprev][tag]l * pword[tag] [word]
if score > best[i] [tag]: - e §
best [i] [tag] = score
back[i] [tag] = prev

def backtrack(i, tag):
if 1 ==
return []
return backtrack(i-1, back[i] [tag]l) + [(words[i], tag)]

print backtrack(len(words)-1, "</s>")[:-1]

28



Viterbi Tagging Example

NLTPN . .
. QI. why is this table
(’3\’ START fRo V N AUX ol WMo v u  Aux

T not normalized!?
END Va1 K
w | .4 Q2.is “fish” equally likely
V | 5] b to beaV or N?
M R N
Avt | .0S .
= Q3: how to train p(w]t)?
they Can £sh
Q: P('M\SYA“’!)"(‘\NY‘ Pro) QR0 #(PraleRe):0 Q=0
Pro | = ¢ 07 .ow P(Cen |P00) 10 !
-Ql *0 P(‘"\Y V):0 o Q: mm(.o‘h.- 'Y l0'3> Qr mey $ 000000252 T HTAR
v : 000000282 D024 + 4 - 167D
b : PRO % ,Otpoondl8tY
Te s
Q+0 Q: 0 P NiPeo) : 0 chg\((,uu»ﬂl-.‘!-to“,
N OV U6 O 1YY
2, SUCS000000LLES
s bpasy
Q+0 Q: mex (ON2..% - 217 [Q:=0
AVY 2 002646 h
i bp 2 oo QLL,j1 = P(E;|staet) - (w,|t;)

CS 562 - Lec 5-6: Probs & WFSTs Q@ Uoj] . m‘:x Q [i"‘ ) k] ?(‘tj\tk) ' P("“i \tj)



Trigram HMM

-& - W. Wl_ U; Wy
' ™
%143 R e ),
for J-:. | o m m m Eity) -
for j2 2 | dowm A X
chljl:)zl" m .
for j* L o m
&f jer\ howm time complexity: O(nT3)

QU,J,JZ-'J O
besr-prea LV, §,j2] =0
best-scoe. = =00
for k= Ydom
r= P(E;, Ik P(w,ltu\ Qli-1, %, 51

\F oY best-score

in general: O(nT8) for g-gram

CS 562 - Lec 5-6: Probs & WFSTs 30



inal- best aNes ?(t'-“t\-P(w---w\‘\'."‘\'.)
buY it i§ not the Same &y P(t“'t\w...w)
e.§. Svppose tha 15 only one Lol (@) words Umembigvous)
thea P(‘tt ‘Nu-NB: \
need fo dvide
Ptt) - Plwrw|tot)  Plat)-Pluww |t -t)
P(t--t‘w...w) © - e e e, %
P(w - w) :):t Pt-t) - Pl £-t)

how to compute the
normalization factor?

CS 562 - Lec 5-6: Probs & WFSTs 31



Forward searn:  Z P()-0(ult) = p(w)
04,572 Pl smer). p(w, |t;)
(i, 5 = Sum Qi1 6] - el | te) - Plwi \t5)
ro back peinter
P(w): 53 oI, k)

“ Foewan) procadure, NV ?(w---w\

for yrldom =
o(el,j'! = P(;) - Plw, ;) o0V, = costs oF &\
. Yhs endiwy W/ wWok Wy
‘F\)io(l .‘.2\ *;V\M ;Q-’“‘“S tas ts ,(Costs '
ALif1+ 0 | Beead o
&)( k s | "'9 ™M
oLi, i) *2 Pl lee)- Pl &) o [im, )

bl
for §z Vo m
P(\*’“""‘) s O's[na:)]

C\JJUL'I—C\_J'U.IIUUD(.XVVIJIO 32




® same complexity, different semirings (+, x) vs (max, x)
® for g-gram LM with context-indep. CM

® time complexity O(n mé) space complexity O(n mé')

for (= | +o m
Q\%ilj-l: e
for §= 1 v m

for Jj2s | twm
6Lz, .21~ E(“W compexit |

for L2 3 b on
for j» | tom
for j2: \ 4w
Qt"ljl.’z‘l ""q
besr-prea LY, §,j2] =0
best-scoe. = =00
for k=2 Vdowm | .
s Pl KD - Plwi|ty) - QLE-, %, § ]
\F e best-score oo
CS562-Lece o v icee v v 33




. topological sort (A,®,®,0,1)

2. visit each vertex v in sorted order and do updates
® for each incoming edge (u,v) in E
® use d(u) to update d(v): d(v) ® =d(u) ® w(u,v)

® key observation: d(u) is fixed to optimal at this time

Q%
o—

® time complexity: O(V + E )

see tutorial on DP
from course page

CS 562 - Lec 5-6: Probs & WFSTs 34



Example:Word Segmentation

® you noticed that Japanese (e.g., Katakana) is written
without spaces between words

® in order to guess the English you also do segmentation

oeg VA RIV—L=>TFAR J')—L =>ice cream

® how about “gaaruhurendo” and “shingururuumu’ ?

® this is an even more important issue in Chinese

o MRMEILKIF

® also in other East Asian Languages

® also in English: sounds => words (speech recognition)

35



What if English were written as Chinese...

® thisisacoursetaughtinthefallsemesterofthisyearatusc

® actually, Latin used to be written exactly like this!

® “scripta continua” => “interpuncts’ (center dots) =>

® this might be a final project topic (on the easier side)

36



Chinese Word Segmentation

| laad

K= LFEE ERE

min-zhu Gos 'Slt jilang-ze-min  zhu-xi
people-dominate this was 5 years ago. ...- ...- people dominate-podium

“democracy” now Google is “President Jiang Zemin”
good at segmentation!

TR AHEBR K THXH#I]

Xia yu tian di mian ji shui
S s 7

e

graph search tagging problem

SH
O
d

=

Liang Huang (Penn) 37 Dynamic Programming



Word Segmentation Cascades

® 3 good idea for final project (Chinese/|apanese)

Liang Huang (Penn) 38 Dynamic Programming



Machine Translation

® simplest model: word-substitution and permutation

® does it really work??

suvstitvie pe mn‘r&

Pl St =fraiob e, ~PEID e
seqUtnce enflish

g o §

0 SMar: c.\c.N/P( tlaie | cleer)
&

not:ine/ wp K€ 49
P(?:;l“d) e~.pu/|'o Q
(5 P
€. X
4:9)

Liang Huang (Penn) 39 Dynamic Programming



Machine Translation Permutation

® how would you model permutation in FSTs?

suvstitvie permute
Pl S —lealob foe, ~PED fr
Se“""ﬁ‘(.. f/’)“&“\

d o §

AT AN
() el TRTR
) - \

rotine/
P(';f;l“") Epas)
N Y

Liang Huang (Penn) 40 Dynamic Programming




5 wH BT T RH%

yu Shalong  juxing le huitan

—

held a talk with Sharon

a1 — G
with Sharon held talks
with Sharon held a talk

yu Shalong juxing le huitan

CS 562 - Lec 5-6: Probs & WFSTs 4|



5 wH BT T RH%

yu Shalong  juxing le huitan

—

held a talk with Sharon

- Sharon held talks

- i)

with Sharon held a talk
yu Shalong juxing le huitan

CS 562 - Lec 5-6: Probs & WFSTs 42



S ey K _side:
5 b 297 T = source-side: coverage vector

yu Shalong  juxing le huitan m
>< held a talk
target-side: grow hypotheses

held a talk with Sharon strictly left-to-right

>
space: O(2"), time: O(2" n?) -- cf. traveling salesman problem
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® english LM => (english) => phrase substitutions (n?)
=> (foreign phrases in english word order)
—> permutations (27)=> (foreign)

® a good idea for final project (on the harder end)

® wait, where does the phrase table come from!

® => word-aligned english-foreign sentence pairs
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® a classical NP-hard problem
® goal: visit each city once and only once
® exponential-time dynamic programming

® state: cities visited so far (bit-vector)

® search in this O(2") transformed graph
® MT: each city is a source-language word

® restrictions in reordering can reduce
complexity => distortion limit

® => syntax-based MT
(Held and Karp, 1962; Knight, 1999)
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Example: Edit Distance

O(k) deletion arcs courtesy of Jason Eisner

O(k) insertion %
arcs s % a:a
€:b
® a) given X, y, what is p(y|x); O(k) identity arcs
* b) what is the most likely seq. of operations?

® ) given x, what is the most likely output y?

® d) given y, what is the most likely input x (with LM) ?
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Edit Distance can model...

® part-of-speech tagging
® transliteration
® sound-spelling conversion

® word-segmentation

CS 562 - Lec 5-6: Probs & WFSTs
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Given x and ...

® given X, y: a) whatis p(y | x)? (sum of all paths)
b) what is the most likely conversion path?

SCTSRCTIN A - R TSN [ e
W " U “ah
ob M. Ab
Best path (by Dijkstra’s algorithm) P(Ab|eb) = 0.1
clara
.O.
¢ v

.O.

caca
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Example: General Tagging

Source

Pos\Tion I
ORSERVED STRING

CS 562 - Lec 5-6: Probs & WFSTs

chzwne)

DT: o

00 ADT: C&';ttl

©Q N: Capilal

N Crime

Stove Q C‘.o..))

C.o'w\'pos\tioh

si YA 83

best scove v here

W i)Y backponter 4o best pred

o))

sum of Scoves v here
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Most Likely “Corrupted Output”

® ¢) given correct English x, what’s the corrupted y with
the highest score?

—

Ou-.a{o.z / /
- oA /o8 atafo.r bibfo.
X:"&b" [)0_2_'_&._-,0_2'-_5__’@ ] + @g bitbfo2| = "O, ’d, ’@,
\—/ - i U\,m/o.s L a:Afo.R b:Bf0.®
ove 1
§r
a/o.r H/od _
o~ o ®
W
A'o,s 3/0-3

3460\& best pg“‘w

Y

5o, Orgmey P(y |4 ab) = ABJ
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DP for “most likely corrupted”

| avafor bibfo

Qam(o.z
oA /o8
DEORN ONCTSIRACTY ez | = \wf e

\j = U (%1 /o" L a:Afo.D \'.BI 0.9
_{"m ‘w

Sr\w

}'_d B/o® S

i#im\ best path

>OG®

Alc® Blos

So, Ofgmey P(Y \ﬂ Qb‘ = ABJ
Y
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d) Most Likely “Original Input”
—{P<ﬂe>J——+ ‘ongllin

hia/e(alb)>0.003 Q o:a [ P(ale): 6.900
b:b/e(b]w) » 0.900 @ b /P(bla)+ 0.00!
: S © "'-'-D oe./P(e\a) « 0.00

1 G
bia/e(2|e): 0.003 0.\3 o;'.z./P(%\'-B' 0.003

- \.Shofté ™ A s /&L\c\ﬂw\g
- gimiler o "bed OCR" chanpel

® using an LM p(e) as source model for spelling correction
® case |:letter-based language model p(e)
® case 2: word-based language model pw(e)

® How would dynamic programming work for cases |/2?
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Dynamic Programming for d)

® given Yy, what is the most likely x with max p(x) p(y|x)

0. o 01 a A/o A
' : /02 biB/o.
w @ Db blo2 | 4 [,oﬁ_'i.,c?_Eﬂ@) . ’03“/0 {-_wr 3 /0.8 l
Us:s/os A
Yz " B" .) move outps Y
)Go./o.‘l;cblo.s @J
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Beyond Finite-State Models

® sentence summarization

GYemmer add option)
//2\ — [Pl 6&
/ \ "'-,\

:. i ‘\.
4

£\

argencx P(S) - p(L)s) |
.
7\ ,, i

or f)'\m.\ Parvenlar M enqtheatng |
shory sentence (entovrpe. odditiva |
(encownrege of optuadl wadead only 5 |

s imemediced iy ) e.q., P(he dwqt qo | W &b 40) + Low

Pthe b dog| he dog) = MED
P (ok% of he cwo\-\\ obk the Covch ® "“G“)

CS 562 - Lec 5-6: Probs & WFSTs



Beyond Finite-State Models

® headline generation

WZWeidline = [@'(A\\\)]—"" dowrend
¥ Jraax P(k\-(’(o\\h)
W

looks e & ity were & hesdlne,

Pﬂrﬂr headime, A would he « R.&tom.\;\(‘
At(_um“ “Q r wﬂ\. \t
(i.e., 4 fleswes ovt W) .
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Beyond Finite-State Models

® information retrieval

AotunmenT -—"' %uerj

wied do reak documeats, nol” coastruct wnew onet !

query meq  contmin wWovds  het in dacvment .
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