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String Transformations

® General Framework for many NLP problems

® Examples
® 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, ...

e Algorithms:Viterbi (both max and sum) USC Viterbi

CS 562 - Lec |1-13:String Tr School of Engineering
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Example |: Part-of-Speech Tagging
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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



The case of bigram model
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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
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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



Viterbi for argmax
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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

piag = {"D™: "N 1k "W "<fad>"i 0.5, "D :=0uB¥, ini ) # ptaglx]lly]l = p(y | %)
puord = {*D" {"a": 0.6k, "N™: {®can™: 0.1F; wee } # 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 ptag[prev]
score = best[i-1] [prev] * ptaglprev][tag]l * pword[tag] [word]
if score > best[i] [tag]: = - )
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]



Viterbi Tagging Example
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Trigram HMM
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® 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')
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. topological sort (A,8,®,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 |6



(hw3) From Spelling to Sound

® word-based or char-based
spe
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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 HALEDBONES" |

® .. 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)

CS 562 - Lec I I-13: String Transformations 18
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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

AA /a/ odd AA D K /k/ key K IY

AE /®/ at AE T L /1/ 1lee L IY

AH /aA/ hut HH AH M /m/ me M IY

AO /o:/ ought AO T N /n/ knee N IY

AW /as/ cow K AW NG /p/ ping P IH NG
AY /ax/ hide HH AY OW /os/ oat OWw T

B /b/ Dbe B IY OY /o1/ toy T OY

CH /tJ/ cheese CH IY P /p/ Dpee P IY

D /d/ dee D IY R /x/ read R IY D

DH /8/  thee DH IY S J/s/ sea S IY

EH /&€/ Ed EH D SH /J/ she SH TY

ER /&/ hurt HH ER T /t/ tea T IY

EY /e1/ ate EY T TH /0/ theta TH EY T AH
F /f/ fee F IY UH /&/ hood HH UH D

G /g/ green G R IY N UW /u/  too T UW

HH /h/ he HH IY v /v/ vee V IY

IH /1/ it IH T W /w/ we W IY

IY /i:/ eat IY T Y /j/ yield Y IY L D
JH /d3/ gee JH IY Z /z/ zee Z IY

CS 562 - Lec | 1-13: String Transformations ZH /3/ usual Y UW ZH UW AH L



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

ABRAMOVITZ AH B R AAMAH 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

CS 562 - Lec I I-13: String Transformations



IPA and English Phonolog

CONSONANTS (PULMONIC) © 2005 IPA /

Nasenhohle

.',i. 3

/’/"\_.'

7 >
X
N
"
\

\6 dental 41y onlar

Bilabial Labiodental Dental Alveolar Postalveolar Retroflex Palatal Velar Uvular Pharyngeal Glottal palatal

Fosve [P B - [td tdic ;Mg c| B2
m
B

'Nasal IT) | n | I | n N | crippe
Trill I R erkiefer _};
Tap or Flap \"A r r
. - ' : ! ' wige
e ¢ B IFIVIOIONSIZINNGE s z ¢ j x vy x B h T A A we
' Lateral ’ } B ’ ' Epi
fricative ' ' _
Approximant 10 I { J u,[
T atecal , I - ! ! ! !
ap;cmximant . l l. ’( L | !

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

. Ouellananoahas - ane (2] Soite 24 ALk 17

coarticulated tf d3 W VOWELS

Front
\\i\ \\\\\\\ Close ' y

Close-mid e\q 1)

aeE
Where symbols appear in pairs, the one
CS 562 - Lec | I-13: String Transformations to the right represents a rounded vowel.

padsznaig (Cardinal Vowels)



(hw3) From Sound to Spelling

®input HHEHLOWBEHR

e output HELLOBEAR or HELOBARE?
¢ p(e) => e =>p(sle) => s

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

® p(w) =>w => p(s|w) =>s

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

® p(w) <= w <= p(wle) <= e <= p(e[s) <= s <= p(s)

’ W <= p(w[s) <=5 <= p(s)

® h I ) echo '"HH EH L OW' | carmel -s1liOEQk 50 epron-espell.wfst
w at €ISE! espell-eword.wfst eword.wfsa

CS 562 - Lec I I-13: String Transformations 22



Example: Transliteration

it SFES i — [ S

{enrantd N At T3 / CEEREY

N:N /o7 ® V => B: phoneme
0 N:M /0.3 inventory mismatch
}ﬂ@ﬂ AY:A/0.as ® [=>T O:phonotactic
ol —"1 “~——<1 T constraint
e NoOAY T
dorl A N
ete/o.s N A A\ T ©

e KEVIN KNIGHT => KH EHVHIHN NAY T
KEBIN NAITO
TE Y F A4k

CS 562 - Lec | 1-13: String Transformations



Japanese 10| (writing systems)

® |apanese writing system has four components

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

ZI: “Japan” /'LJ'{EI\ 6 Iokyon

® Syllabaries

-

z
VA

BN “eat [inf]”

= “train’

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

C de (“at”) M ka (question)

BN

= U 7e““ate”

Katakana: transliterated foreign words/names

11— E— koohii (“coffee”)

® Romaji (Latin alphabet): auxiliary purposes

CS 562 - Lec I I-13: String Transformations
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Why Japanese uses Syllabarles

'O Japanese| #7 . 22 || == || =X

i a | u e 0

syllable |

| & & X , i+ 4 =

| ka Ki KU ke KO
s Y L ¥ ¥ A T t y

sa shi su se SO
- A 5 F o By ) E S o

ta chi tsu te to

—— e - = [ = ¥a X R @ 7/
® also p055|ble for Mandarin na o i i i
E 7\ O E S 7 ~N A F K

® other languages have many L LA =
more syllables: use alphabets = ** #s  t& o ox 0 bE
— . — 8 Sl kP S

® alphabet = 10+5; syllabary = 10x5 & i "

o o WS L n A
® read the Writing Systems ol s o Il I (e
tutorial from course page! b7 i £ 3
wa ‘)04303()2 wo

CS 562 - Lec I I-13: String Transformations
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Japanese Phonology (too few sounds!)

CONSONANT S (PULMONIC)

Bilabial Labnodcntal Dental Alvoolar Postalveolar Rctroflcx Palatal Velar

@2005 IPA

Uvular Pharyngcal Glottal

=

p-b allophones
. i [P [P" [[P"] [P

Ip; Il [P e

:Plosive ‘ q C 3 g G
‘Nasal ‘ r]_ ' Il

Trill R
:Tap or Flap .

’ﬁ'ict:tive ‘ 13

Approximant U | - u-[

' Lateral l l

approximant

Where symbols appear in pairs, thc one to the right represents a voiced consonant. Shaded areas denote aruculauOns judged 1mp0551b|c

coarticulated tf d3 W
but Japanese has many allophones:
Is] => [g] “si” => “shi” (similar to [[])
It/ => [tg] “ti” =>“chi” (similar to [tf])
it/ => [ts] “tu” => “tsu”
/n/ => [}] “hu” => “hu/tu” [pw] ... etc ...

allophones: variations of a phoneme depending on
context that does not change the meaning

(like isotopes vs. element). English has many:

/p/ => [phi:] or [spi] (also for t and k) etc.

CS 562 - Lec I I-13: String Transformations

b1 i) (5] [[5

VOWELS (es, it, fr)
Front Central Back
Close i e Y
Close-mid
Open-mid
Open

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



® 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
¢ %‘Ol J%'Ti% : >0 1

==

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: ta, {eo, -0, T u, —eu, |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 27
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http://en.wikipedia.org/wiki/Iotation
http://en.wikipedia.org/wiki/Iotation

Katakana Transliteration Examples

e dvbEa1—¥— o VA RY)—L
®konpyu- ta- ®a i sukuri-mu
® kompyuutaa (uu=u) ® aisukuriimu

® computer ® ice cream

o 7 RKJa—-EYE e3aA—7T)LkK

® andoryuubitabi ® yo - gu ru to

® Andrew Viterbi ® yogurt

CS 562 - Lec I I-13: String Transformations
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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

ALy

juusu juice B« =« G
aisukuriimu ice cream PARADO)—=L - - - - -
toosuto toast A~ (5me

A N

wh <

CS 562 - Lec I I-13: String Transformations 29



More |apanese Iransliterations

® rapputoppu 27K ® |aptop

® bideoteepu EFAT—7 ® video tape

® shoppingusentaa ¥ 3vtE>/Jt>4%— ® shopping center
® shiitoberuto  ¥—KAXJLK ® seat belt

® chairudoshiito F+AJ/Lhk>—k ® child seat

® andoryuubitabi 7> RYUaz— -4 ® Andrew Viterbi

® bitabiarugorizumu EE7)LTU XL e Viterbi Algorithm

CS 562 - Lec I I-13: String Transformations 30



(hw3) Katakana => English

® your job in HW3: decode |apanese Katakana words
(transcribed in Romaji) back to English words

® koohiikoonaa => coffee corner

MODELING C——  -NNOUACE
DIRECTION WFSAA MODEL
Angela Knight
SPELLING
WEST B L TO SOUND
) TRANSDUCER
. AE N JEH L UH NAY T
PHONEMIC
WEST C L S EEE— TRANSFER
\ o ) TRANSDUCER
anjiliranazil¢to
oo . SOUND TO
DECODING P ELLIN(S
TRANSDUCER

DIRECTION '? W ‘:/ :? .,}. ,f }\

CS 562 - Lec | I-13: String Transformations [Knight & Graehl 98]
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(hw3) Katakana

® Decoding
® 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

CS 562 - Lec I I-13: String Transformations

=> English

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

Angela Nite
Andy Law Knight

Angela Nate | milions 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

WEFST D

FA¥7T4 b

[Knight & Graehl 98]
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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. VMRV )—=L=>714R 7U—L =>ice cream

® how about “gaaruhurendo” and “shingururuumu’ ?

® this is an even more important issue in Chinese
o FARMKIIAM

® also in other East Asian Languages

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

CS 562 - Lec I I-13: String Transformations 33



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)

CS 562 - Lec I I-13: String Transformations 34



Chinese Word Segmentation

[

K3 LR E£fF

min-zhu Google jlang-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 AHBR K THE#

Xia yu tian di mian ji shui
S s 7

e

graph search tagging problem

11
SH
Pim|
J
X
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Word Segmentation Cascades

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

® simplest model: word-substitution and permutation

® does it really work??

suvstitvie permute

Pl St —faiob e, ~PEID e
Sequtate u‘g\zsk

g o §

0 clear: c.\c;.\\(/P ( e.\a:r\c\ur)
©

not.ine/ wp K€ 4y
Ao 97
O "
9y &7
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Machine Translation Permutation

® how would you model permutation in FSTs?

suvstitvie permute

\"@}“ R CTTRISY SR e (17 TP S s
se:,ow.. ?»3\33‘\

g o §

AT\
()™ el
@ 4 A

wotl: ne./
P (?’:Sl““) [ pﬂ/lo
g J
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5 W T T ik

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
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5 W T T ik

yu Shalong  juxing le huitan

—

held a talk with Sharon

- Sharon held talks

- e

with Sharon held a talk
yu Shalong juxing le huitan
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5 by 21T T =R 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
CS 562 - Lec 5-6: Probs & WFSTs 4|

ekd) —— (RG]
held a talk ><held a talk with Sharon



® 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?

[otitiot | + | §2 |4 [2h ot | « [ SRR,
ab el Ab
Best path (by Dijkstra’s algorithm) P(Ab|ab) = 0.6
clara
.O.
¢ V-

.O.

caca
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Example: General Tagging

SO'IATCQ Q,\\BM\ C.O'MPOS'\BN\
oT: o .
ADI Abx % CQ'\“'&\ |
3 & (J Q N 00 ADY: C&';t&| DT: & 0 N-g,"ﬁg\ N Cf.'MQ‘;:
= e N @ ©Q N: Capilal 70—40@) @0 '
N:Crime Nievme U
N:Cepital
s YA 33
stale names
N\ : '
o Qa?\ta.\ crime
A L P> pt

shove Q[i,)) best score +v here
. WV [;a,ﬂ backponter fo best pred

ORSERVED STRING ,
?‘-—‘—"—'—:z ol[i,)) svm of scoves 4o here
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Most Likely “Corrupted Output”

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

—

Qum{o.?. ; ;
oA /o8 atafo bib/o.
Xz"ab" [,o._a_}_.,o_b__\-’-.@ l + @gbzblo.z = |20 'o’ '@
\_/ | | Uss/os |_o:Al® vigfod
ove 1
irc,;\“ww
ajo.r  H/o.2 _
20° *o ®
) S
Ajo.8 Bfo®

34{!\6 best pg‘“n

Y

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

Qam{o.z 7 [ {
oA fo.8 aafor bibfo.
oo [t + | @Buia | - \,omh@,

\_/ ol Ub;‘/@‘ _fmA(o.b \-.Blo.b

Sr\w

N\iine?
Ajo.8 Bfo® ;

i#iﬂé best path

>O°G®

Alc® Blos

Jo, Ofgmey V(Y \ﬂ ab) = ABJ
Y
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d) Most Likely “Original Input”
—{p(ﬂe)}——» Cg;; iy
hia/e(alb)>0.003 o:a [ P(ale): 6.400
b:b/e(b]b) 0900 9@% Bt/ Pinp)* 0.00]
: "'-'-D oe./Pe\a) « 0.00

.. G
bia/e(2|e): 0.003 00 o;'.z./P(%\'-\' 0.003

- \.Shoffé s eAb w /u\._mm
- gimiler to "bed OCR" channel

® 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)

a o o'x_ a A/o "
w @ D" tblo.2 | 4 [AO'};E‘*© n ’03&/0 2 b 8/0.8 l
Us:s/os )
Yz "a " .) wmove outps Y
’Go./o-'lﬁ.’cblo.B*@J
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Beyond Finite-State Models

® sentence summarization

Gremmor add optionc)
//2\ — [piin— {\R
Al

:'i'\.
¢

FoN
ONg e ?(S) - P(L\S)

S

/ \ “ l
Orif)'u\&.\ Parvenlar “\"“5“"'"“‘3 |
shory sentence (entovrpe odditiva |
(encownreje. ob optvadl wtead only 5 |
s mmemediced iy ) e.q., P(he dwat g0 \w. &id 40) v Low

P(the \r}_dés\m dog) = MED |
P (off of e covan) off the Covch H@“)
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Beyond Finite-State Models

® headline generation

Wudlne ¥ [Q'(A\\\)]"'" doctwnend
6 fra e P(\\\ (’(d.lh)
)

looks e & it ths were & headlne,

PN‘V headime, A wou\d he a R.&hm.\;\(’
drcunment o o with &
(i.e., 4 fleswes ovt W) .
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Beyond Finite-State Models

® information retrieval

Aotumeny -'—"' query

wied Fo reak docvmeats, nol” coastruct wrew ones )

query meq  contmin wovds  het in dacvmeant .
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Beyond Finite-State Models

® parsing

CS 562 - Lec 5-6: Probs & WFSTs
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