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PROCESS OF NLP

Q Process of Natural Language Processing

Natural Language A B Natural Language
Understanding (NLU) Generation (NLG)

1

2 Syntactic Sentence 2
s Ambiguity Planning

Anaphoric
Ambiguity

NP, NLU, NLG

NLP: CS, AT, CompuiaXional \mau'\s\'ic.s

W a machine behavet \n o wmawnner ¥t
indieHn su'\ska\o\e Lcom o0 human — aﬂi@icﬁa\\% 'm*e.\\i%ewk

Notural \anguoge uv\derdandiv\sz w\ouppina norural \anﬂuwse input
into  useful representations and oma\gs'\v\e e ospectt of Hhe language
- Comprehencion, sentiment analysis, discover meaning

- Semoanhic ond syntactic onalysis

Natural language generation: produci mmvx\nefu\ phrases  and
tentences from Some internal representafion

- G.gA pair generadion from a gwen seckion

- treode earning summary from mm'm& talendar

- image caprioning

- ngwer genefdhin using applicable  ontology



NLPvs NLUvs NLG

Natural Language Understanding
(NLU), and isa spegictype of NLP that
covers the “reading” aspect of NLP.
NLU is usedin for e.g.:

* Simple profanity filters (e.g. does
this forum post contain any
profanity?)

* Sentiment detection (e.g.is thisa
positive or negative review?)

* Topic classification (e.g. what isthis
tweet or email about?)

* Entity detection (e.g. what locations
are referenced in thistext
message?) etc.

Most common example of usage of
NLU: Alexa, Siri and Google Assistant

B

#Disrupt 4.0 Celistrat

NLP

automatic speech

recognition named entity
(ASR) recognition (NER) NLU

part-of-speech paraphrase & natural dialogues
tagging (POS) language inference agents

text syntactic semantic

summarization
cetegorization parsing parsing

question sentiment
answering sanalysis
(QA)

coreference
resolution

text-to-speech mashine
(TTS) translation



Challemgto - Awhigumty
14 \VJ U

© Word sewte o.mb'\su'\-\%

WL ATET & 10:35 AM

¢¢ Call me an ambulance 9

From now on, I'll call you *An
Ambulance’. OK?

- Pronoun re(-‘eremin&

(,\m}.mem—)&mh

- Bible
. N'\\u?eo\\‘k
© WWW

non-standard English =~ segmentation issues

Great job @justinbieber! Were

SOO PROUD of what youve the New York-New Haven Railroad
accomplished! U taught us 2 ‘the New York-New Haven Railroad
#neversaynever & you yourself ‘

should never give up either @

neologisms world knowledge
unfriend Mary and Sue are sisters.
Retweet

Mary and Sue are mothers.
bromance

idioms

dark horse
get cold feet
lose face
throw in the towel

tricky entity names

Where is A Bug’s Life playing ...
Let It Be was recorded ...
... a mutation on the for gene ...



Models buit Lrown \av\ﬂv\a%e aafo

« R('maison” — “house” ) hioh
PL Uavocat 9EnEral” — “fhe general avocado™ low

Requires Wnowledge oloowt loangmade, wavld
Need to evivacy features

* IBM Watson API

* Chatbot API

* Speech to text API

* Sentiment Analysis API

* Translation APl by SYSTRAN

* Text Analysis AP| by AYLIEN

* Cloud NLP API

* Google Cloud Natural Language API
* MonkeylLearn

Natural Language Processing
ACL, NAACL, EACL, EMNLP, CoNLL, Coling, TACL
aclweb.org/anthology

Machine learning
ICML, NIPS, ECML, AISTATS, ICLR, JMLR, MLJ

Artificial Intelligence
AAAI, IJCAI, UAI, JAIR



2 ThemeS ‘v NLP

% themes of NLP

e

i Relational
LC:"’\:\;":?;:A Seaxch and Compo cihmal’ and
b Learning i ttrilowii ona|
Uratbot NLP Sustem
NLY NLG

N

text Yey

wovd Count  command — datn processing
tommand

NLP & i  neighboure

s

Humwman

ik LO.V\OW



ML ¢ linguithc knowledae are impertant +o eadh other

© Tdentifying stemt words — comination, comboned, tombines ave
a\\ termed Combing

NLP: combinalon of Learning & wnowledge

Many NLP problemt are optimisatim problems

%1— argmay, £(1,450)
Ye Yr)
Search wodule: gearch Solutin tpace for  optimal solution §
wei L

Leamiv\& modwle: learn ?aro.w\e\'ev‘s ©

when wodel s capavie of moking Subotle
lfn&u'\s\ic dishincnons

Expressiveness is often troded off opdinst efficiency of search

ond  learning

T ey WeYd to word dranclationg make Search g learning
Bty but are  not expressive ewough Yo  oltstinguich Qsood
romglohims from  bad  enes



© Most NLP systems  are not expressive in  nature
Cowplexity of Search  becowmes  exponential

Relaniona), (omposihional and Distributional Pevepeckives

Rny element of langpooe (word, phrase, Sentence, sound) can be
described from 2 perspectives

I Relational  Perspective:
- townsider e werd journalist
- journalist s o tubotegery of o profestion
- ondnorwoman & o Swecategory of journaliet
- journalist performs joumaliom
= journalism twbcategry of Writing

- Relaheanal pertpective on memnimh  batit for semantic
on’ro\o%ies cea: WDORDNET)

9. cOvv\?osih‘ma\ ?evcyec\'iva

T Werds wmade of omctitwent parys
= yournalist: journal + sk

- We"‘{)‘“" . av\a\'osc +ext withwout \-m‘m‘me Ccan  addrecs Hae
‘o“‘ﬁ taih)

3. Distributional  Pertpectve
~ Wovde oxe replacenble by other pwrages
- ey idioms
= velational & composatiomal models il were
T weaning construcked  fran  context - distributional - properiies



* Kl thvee C(rikcal 4o NLP  out requive Seemingly  incompativle
approaches 4 vepresewtotions

TYPES of AMBIGULTY

Priciduity of o s'ma\e word  Cmadipe meanings for tame
woyd
€a: She i lool:_iv\a for o

Sentence can be parsed in wuWiple  wags Cmultipie
meanige for o sinple  sentence)
€y: The chicken s ready to eat.

N\eom‘mbc of wovde wigintrerpreted
ey The car hit the pole while it was MOVing .

Referennia)l  awol “‘M Lusin% Pronouns)
EQS'. The boy *old Wit father of the theft. He woe very
uPsc{-.

Conrext of o porace  gives W wmuiple  interpretations
Starement i not  specific
F,a-. I \ike loO\k {00.

© Phrates W whwcw  lixeval mean'\wa it Al brom -@i&uro.—\'ive
osserhion



Abps o NLP

0. Phonefics and phonology [ tokewnitodion high ambiguity
l- Mwyko\og)ical avm\;ﬁcis
2. Lexieol analysis

3. &\5w\-o.cﬁc analysis
b Sewanthic analytic
S. Discourse im-v.o‘)mkm

\
6. Pmbvmﬁc owm\sss'\s low o:w\bi@uihd
preprocesting
SPEECH TEXT
] I
Phonological analysis OCR/Tokenization

l

Pragmatic analysi56

Meaning of sentence in various situation

-—»1 Morphological analysis
Primitive unit of meaning
\

. ~ real world knowledge
Ditcourse ) 4 . .
Bisstesure Integration Lexical analysis
Focusing on properties of text as a whole and Interpreting the meaning of
making connections between sentences # individual words

N p
Semantic analysis 4

Checking Meaningfulness

— Syntactic analysis

Uncovering the grammatical structure of sentences

0. Phonetics ¢_Phowolooyy

© Phownehcs: branch of \ingyaistics ot ttudies Hae ctounde of
humow  speech
- . Swallest  found unit W o \av\au%e o 1§ wpable of
tonveying o disinet weaning [ of sing v of cingd

Some Sound, diffecent weanings, different spellingy¢
- olfer|avar, seljcel\, bore/ boar , lone/loan



tame Sound , diffevent meaninge, different

s?c\\in\gs

- bank (money /river)

different Sound, different weanings, tame  spelli
- winute (ewmall, 60 seonds) , read (pott, present tewsed, wind CHwith,

movement of air)

toetistence of many possiblie meaninge for o tingle  wavd
sf pnhrase P Movals
- Hew a gt_md wman .
He '« o ﬂood bosketball playyer.
NS s

Table 1. The target polysemous words and their meanings

The polysemous Meanings
words
Meaning 1: *spread out’

Meaning 2: ‘not covered’

Open Meaning 3: ‘honest’
Meaning 4: ‘not hidden’
Meaning 5: “available’
Meaning 1: ‘move fast’
Meaning 2: ‘manage’

Run Meaning 3: *provide’
Meaning 4: ‘use’
Meaning 5: ‘flow’
Meaning 1: ‘prepare’
Meaning 2: ‘force’

Make Meaning 3: ‘appoint’
Meaning 4: ‘reach’

Meaning 5: ‘represent’

Smdy of Sound Shudtures in \anpyuane



o

. Tokenigohom

. &c.?e\ro\*i'\b out  Wovds &aw ruvwx‘w\% Text

© Throw 0voay certain  taavatters

Tokenize on
rules

Tokenize on Let DE tokenize E Isn DD this || easy | ?
punctuation

Tokenize on
white spaces

Let ‘s tokenize II Is n't || this || easy | ?

Let's tokenize! Isn't this easy?

Let’s tokenize! Isn’t this easy?

——

Mevpholoaical  anausig

. swallest unit o wieaning
Understamding of dit wovds occovding Yo thelr  wmevpnemes

© Study of Styucturte awd fowation of words

conm ¢tawmd oalone [M orpheme]

ot wovds
|
‘ Free ] [ Bound ]
1 I 1 1 J 1
Lexical Functional Derivational Inflectional
{teach, elephant) (and, the, so, but) (re-, un-, -ly, -ness) (-, -s, -ing, -ed)

noun, verb / \ |
frefixes  suffixes tuffixes



Consider a word like: "unhappiness". This has three parts:

morphemes

un happy ness

e~

prefix suffix

affixes stem

There are three morphemes, each carrying a certain amount
of meaning. un means "not", while ness means "being in a
state or condition". Happy is a free morpheme because it can
appear on its own (as a "word" in its own right).

2. lexica\ analugis

: Idevx\‘\ﬁﬁina owd  analysing  Strucdure  of weds
tollection  of wovds % pnfates in o lanewaoe
Dlvide dauaw of +ext o  paragraphs, sewttnces awd  wevds

Obtaining properties of o werd
- Gy dog = imoge of dog f ts properhes = k leg, tarnivere,
animate

rudimentary rule-bosed process of siripping ne suflines
Cingy,ly, 8,6 erd from  wovd

svpownited , step by step  proceduve fo Had voor fwm of
word using - vocabulary owd wmevphologieal awalyeie
- B go, qoing , went — o
~ Better Yhan sremming



3. Suntachic P\M\tt\'s'\s (Pur:i«g\,)

" Anolygit of wordg 'w & senyewce fov gawmmar

. 63" The school 9qoes 4o bo\a. - re;\cc\’u\ \oa Cua\{ek sam'at:\-ic
o.m\gscr

2. Bottom-up with simple grammar

S > NP VP
. NP > det n Senrence  Cowstructed

VP > v

g from Noun Pwrace CNP)
det - {an, the} vP — ownd Verb Phrate (VP)
3 : gilztphant, man} man, the}

n — {elephant, man} A
NP — detn NP NP v > shot Noun Phrose: arkicle (ard)
kol 2 /\ and noun Cnd
S - NP VP det n v det n

the man shot an elephant Verb Phrage: vers  (v)

oA nown phrase (NP

We've reached the top, and input is completely accounted for

: M\&Su'\’%

PP NP PP

/x| /N /X

Pro VDet Noun P Poss Noun Pro V Det Noun P Poss Noun

I shot an clephant in my pajamas | shot an e¢lephant in my pajamas




Drowe exack weaning from  rext , dnecs for  meavivpfwiness
Dicrepards “I am eating Wot ice Cream A

FiM\inﬂ Sronyms, word Sewse  ditombignation ,  concvucking &, A
Systems, mmmwd from e NL 1o another

Muck Kty do  Warphological ¢ syntmckic Qwaltis befve  Sewantic
analytis

Sewanntle & prmbmo\h‘c OvAlie moke up the waost  complex phase
of NLP

Sewte ©of conrext

Meaning of o single Somttnie vk depends o :vwrovwdin%
sewntewnces.

63-. Ram oW o wat. wonted Yo by

wee of o wovd rd‘—erriv\g badL 4o & wovd uted earlier
in  texdt

Ackive G Poassive voice: My houge wos browen into otk week.
™ey ook my TV, knowledsy botes



Evo. weaning read into  text withoutr adwally beinp ewcoded

© Wold wnowledge, Intrentions, plans, goals

ey
I The city police refused +he demmnetraders o permit because
they feared violewce

2. The city police refuted the demmstrators o permit  because
Yhey odvowated revoluhion.

- ITn 4, Hhey vefers fo police
- Dn 2, Waew refere fo dhe demn strocers

World  waowlede n Mow\%e vases and  inference wodwles by be
ubilised

Tnkerpreration  of  ambiguity , invent

TEXT NORMALISATION

Szﬁmmﬂrsﬁj h\uzn'\c‘ma wovds
Novmalicoriom of wWord  Seyade
Resutts W twaller voco.\ou\ars awd  Swaaver feature vedvg

Stondordisotion of nwuwdoers (1000 / 1,000) and dates



Porks of Speech

vos
Lo“\'er\\'/ \ Ffunthion
wovde Wovds
Ked in explain  Structural re\a\"\uv\s\\lps,
o\(o\\'mM% trente grommwar
open dacs genenoly &
Gwovds odded dosed dnse
& removed)
+ ovid-1q ey fo, of, the
- Derodrome prepositions, pronouns, onjunckims,
NOUWS, verbe deverminere, gmaifiers, invengifieve,
adjectives , adverbs inker conodives
Tupes Vs Tolkewns
( 2 T ¢ ¢ 7 ¢ 1 (0 n (2

They picnicked by the pool, then lay back on the grass

and looked at the stars.
3 G o\ v

© 1% foleme Cincluding punchuodion) — space  delimiter

b typest (unigue werds)



Brealing wp teqpente of characters in  fext by locoting wovd,
boundaries.

T writken languages  CChinete, Tapanese, Turiich eke) - no  explictt
wWoYd  boundaries in writingg  sythim

also o par+ of \mpwcesﬁnﬁ
- sewkemce ooundaries

Tn geneml, binary dagsifier +v decde W o ‘WxioA () warke e
ewd of o sevtwee o W o powrt of o wed

- Avbreviatim  di chiomary ke\?fu\

$0TA wmethods for senitnie touewisolon bated on ML

Accuroy of tokewisahmn offects recuits of Wigher level procecsing
- United States, ATXT | 3-year-old

Peof. Oc T. M.
123, Lgp.7¢

em—

» ¢ T nor o8 me'\bious

= quite AM\o]auvus
Sewtetnce ooundary

— br. , Tmt.  (abbrevia¥ions)
«2¢/+, 0234 (nuwbtre)

\



7 classifer: decicion 4vee

Tt o pmalizotion

Climination of (nfectional  afficec Ceed, -¢ tulfixes et
Stemmer: eliminate offires  weingy seviec of regex  Swloskitutions

< uaacacker-\Lvased s&-c,umiwa a\gyevitame : nececsarily  approximate

Original The Williams sisters are leaving this tennis centre
Porter stemmer the william sister are leav thi tenni centr
Lancaster stemmer the william  sist ar leav thi ten cent

WordNet lemmatizer  The Williams sister are leaving this tennis centre
"per(-‘mvu berer than tremmers

Srowholl Sommer builk on SNOBOL awd  Pevker (game creater A8
Pocter) — Suppirts many languases — ose caVed Perter 2



‘\Aev\\\‘(’a wnder lying lemma of wevdfrm
- ovoid over—-aev\em\ico\’«;m evrort of erewmwere

Bokh tromwming G lewwmatitation are \angaage specific

Skemmna ond lemwmabisahon  wsed  in
- ’m%ine sy stems

- indexi

- searth "‘5“ optimisation  (SED)

= web Searth resuls

- infatmation retrieval

dickionary feem of wWivds  Chead word)
T run, funs, fan, twaning— frowe of Same lexeme With fun ot dhe
lewman

lemmantisation folet twtd  owtiderabhm of Mﬂpkoloﬁlu;\ m\y\s of e
wocds
- look wup alioh‘avmrﬁ

Lemwmatisert are woce wmp\ex At Somehwmes Stemmert ave

prefecved

voot t derivatinal wovphewes | affixes
- run, bat, that
- ‘oottle opener
- blacken, ttandardize , unuind

>

© Lrude dhopping of cubfixes ; not alwoys acceptable  wovds



N -groams

n-gram: Conripnous gequence of v rems from  text| speech

Tteme: letrers, wovds, bate poirs, pronewes, tyllales etx

Ea'.
1—Qmw\s-. She, was, luuﬂ\uiv\b efe
2.-tamut'- She was, wat lawsi ke

3-gtam:  She was lawghing , was lawghing ot ete.

n-grow mode : Type of probabilishe lMﬁtmﬁc mode\  fov Przdicﬁna e
next item W e Sequence

PORTER STEMMER

Svipping of swhfixes — vories depending m
- whether stem dictionary used
- whether tuflix ek with varioue rules uged

-

Using stem dicktanary: Aifficult , Hme- nsuming
Tagread, explicit et of eublixes with rewoval rules
Simple, vule-based , tufhix thripying  olgwrithm

* Five sekc of vules opplied in ovder; prackical method awd o
quaronteed o be oprima

Poper in 1480



Loncomantt: o \etrer pvher Haan R,E 1,0 awd UV and Hae \etter Y
unless i is preceded by a vowel

- owsonawt: Y/ im TOY

= vowel: Y t RHYTHM

Vowel: o lekter other Haan & Lowntonawtg

(ontonant densted by c, vowel denoted by v
A lick of contonards of lewpth > © it Aewoted as C
A UWst of vowels of lewgth >0 ik dewoted as V

A word wag one of Lfour forme

L CVev...C
2. CVev...V
3. Vcve...C
. Veve ...V optimal

e\

Generically, Lcdvewve ... V)
Vsing (VC) {ml 4o denote Ve denoted W™ rimes,
Cclved imi Lv]
ol wovds are  (m denotes measure of wovd er word  port)

Cawed iml L)



Eﬂ" TROUBLES

RN

cVeve
C (vod i}
™M 1 meature of Wavd o wovd post

1. Mm=0
- TREE , &Y

2. M=l
" ey TINY, OATS, TROUBLE , IVY

3. =2
~ eyy: TROUBLES, PRWATE, ERTEN

Forw:

- meaning: £ o word ende with Subfix €1 and +he crem before
s\ sotisfies the tondiHim, S\ replaced wita g1

ondition wewally piven in termae of m

Ge-.

- Sl= EMENT

- $2+= nul\

- REPLACEMENT — REPLAC

- ELEMENT



= MEASUREMENT —2 MERSLR

™M measure of stewm
¢ —— chem emds with & Cand fix  other letters)

N EFL e

VA Stem owraing o vowel
¥4 Stem  emd¢ with double consonant (eg: -TTy -§8)
ko0 stem  ewdt W cve where tewnd € not W x, WY Ceq!

~WiL, -HOP)
londitiong ™May  also cowtalin lopteal expressims  Cand, ov, not)

(m>1 and (*S or *T))
tests for a stem with m>1 ending in S or T, whilc
(*d and not (*L or *S or *2))

tests for a stem ending with a double consonant other than L, S or Z.
Elaborate conditions like this are required only very rarely.

Step la
SSES — SS caresses —» caress
IES =1 ponies — poni
ties — ti
SS — SS caress — caress
S — cats — cat
Step 1b
(m>0) EED — EE feed —s feed
agreed — agree
(*v¥) ED — plastered — plaster
bled — bled
(*v*) ING — motoring — motor

sing — sing



If ?_“A or 3"* rules Ao succeseful, Fo\lowma is done

AT — ATE conflat(ed) — conflate
BL — BLE troubl(ing) — trouble
1Z — 1ZE siz(ed) — size
c\e_an'\r\(_w) (*d and not (*L or *S or *Z))
up — single letter hopp(ing) — hop
tann(ed) — tan
fall(ing) — fall
hiss(ing) — hiss
fizz(ed) — fizz
(m=1and *o) — E fail(ing) — fail
fil(ing) — file
The rule to map to a single letter causes the removal of one of the double
letter pair. The —E is put back on —AT, —BL and -1Z, so that the suffixes
—ATE, -BLE and -IZE can be recognised later. This E may be removed
in step 4.
veplaceme Step Ic
of ¥ *v9 Y — 1 happy — happi
sky — sky
2hp 2 - Perivaional  Movpho\oom
Step 2
(m>0) ATIONAL — ATE relational — rclate
(m>0) TIONAL — TION conditional — condition
rational — rational
(m>0) ENCI — ENCE valenci — valence
(m>0) ANCI — ANCE hesitanci — hesitance
(m>0) IZER — IZE digitizer — digitize
(m>0) ABLI — ABLE conformabli  — conformable
(m>0) ALLI — AL radicalli — radical
(m>0) ENTLI — ENT differentli —. different
(m>0) ELI —E vileli — vile
(m>0) OUSLI — OUS analogousli — analogous
(m>0) IZATION —_ IZE vietnamization — victnamize
(m>0) ATION — ATE predication — predicate
(m>0) ATOR — ATE operator — operate
(m>0) ALISM — AL feudalism — feudal
(m>0) IVENESS — IVE decisiveness  — decisive
(m>0) FULNESS — FUL hopefulness ~ — hopeful
(m>0) OUSNESS — OUS callousness — callous
{m>0) ALITI — AL formaliti — formal
(m>0) IVITI — IVE sensitiviti — sensitive
(m>0) BILITI — BLE sensibiliti — sensible



The test for the string S1 can be made fast by doing a program switch on
the penultimate letter of the word being tested. This gives a fairly even
breakdown of the possible values of the string S1. It will be seen in fact
that the Sl-strings in step 2 are presented here in the alphabetical order
of their penultimate letter. Similar techniques may be applied in the other
steps.

Abp 3 - Derivaional Movphwoloom ||
I

Step 3

(m>0) ICATE — IC triplicate — triplic
{m>0) ATIVE — formative — form
(m>0) ALIZE — AL formalize — formal
(m>0) ICITI — IC electriciti — electric
(m>0) ICAL — IC clectrical — electric
(m>0) FUL — hopeful — hope
(m>0) NESS — goodness — good
Abip & - Derivaional Movpwolooy i\
1
Step 4
(m>1) AL —_ revival — reviv
(m>1) ANCE — allowance — allow
(m>1) ENCE — inference — infer
(m>1) ER - airliner — airlin
(m>1) IC — gyroscopic — gyroscop
(m>1) ABLE —_ adjustable — adjust
(m>1) IBLE — defensible — defens
(m>1) ANT — irritant — irrit
(m>1) EMENT — replacement  — replac
(m>1) MENT — adjustment — adjust
(m>1) ENT — dependent — depend
(m>1) and (*S or )
*T)) ION — adoption — adopt
(m>1) OU — homologou — homolog
(m>1) ISM — communism  — commun
(m>1) ATE — activate — activ
(m>1) ITI — angulariti — angular
(m>1) OUS — homologous ~ — homolog
(m>1) IVE — effective — effect
(m>1) 1ZE - bowdlerize — bowdler

The suffixes are now removed. All that remains is a little tidying up.



A4p 5 - Tidying Up

Step Sa
(m>1) E — probate — probat
rate — rate
(m=1 and not *o) E — cease — ceas
Step 5b
(m>1land*dand*L) — single letter control
— controll —
roll — roll

V\W\l!'\ i werls

The algorithm is careful not to remove a suffix when the stem is too short,
the length of the stem being given by its measure, m. There is no linguistic
basis for this approach. It was merely observed that m could be used quite
cffectively to help decide whether or not it was wise to take off a suffix.
For example, in the following two lists:

list A list B

RELATE DERIVATE
PROBATE ACTIVATE
CONFLATE DEMONSTRATE
PIRATE NECESSITATE
PRELATE RENOVATE

—ATE is removed from the list B words, but not from the list A words.
This means that the pairs DERIVATE/DERIVE, ACTIVATE/
ACTIVE, DEMONSTRATE/DEMONSTRABLE, NECESSITATE/
NECESSITOUS, will conflate together. The fact that no attempt is made
to identify prefixes can make the results look rather inconsistent. Thus
PRELATE does not lose the —ATE, but ARCHPRELATE becomes
ARCHPREL. In practice this does not matter too much, because the
presence of the prefix decreases the probability of an erroneous conflation.

Better o lgnove irrepular forme  and excephione iwsread of waking
complicated rules



© Porter stemwers can repair fairly  well

Input Strip -ed Affix Repair
hoped hop hope (add -e if word is short)
hopped hopp hop (delete one if doubled)

* Ownline demo 5\\“&:

* gas (noun) = ga

* gases (plural) - gase

* gasses (verb, present tense) - gass

* gassing (verb, present continuous) = gass
* gaseous (adjective) = gaseou

SPELLING, CORRECTION

Word  processing, Search ewpjnes, texting

S?e\\inﬁ toks
- Spelling ercr  detechim
- tpelling erawv  torvechon

3 reatons fov
spe\lima eryvyy

extya. \etter wcw% leHer
W\'\tﬁv\ﬁ letter



|- Non-werd errove
- wiscpeed word i wot o dichmary  wend
- oy giraffe — amF&

7. Rea\-wovd  erveve

* ontext hat fo be learnt

@ Typographical evvers
~ rearcangement of lertere /wrmg lettere to  fovwm d(ch‘mara

werd

= ea: there = Yhree

() (.ocbn‘\’dve evvove (Speech inpwy)
— due o homophones/ misunderctandinge
- ey peace -> piece
- eﬁz 4wo = ‘oo

B T‘APOSMPNC‘ ‘\'\épiha erYurs
2. Ovknogfophic: \ack of  comprenentiom
3. Phonetric: cognition of [listener

Rore of Spelling Erceve

26%: Web queries

13%: Retyping, no backspace:

7%: Words corrected retyping on phone-sized organizer
2%: Words uncorrected on organizer

1-2%: Retyping:



Cotengries of Spell Checdng Tedhnignes

I Now-weyd
2. Teolated
3. Convext

I. Nown-wovrd ervrve
werd not W ditkmang
Larger o\ioﬁmara better
Gewnerate candidate feal wovdg
- thorket  weigted edit+  dictance
- k'\b\nes’r nolcﬁ dannel probabmha
Devecion of non-wovds

2. Tooloted-wovd evvor
Find nenrest meo.nin%h\ wevd
No tontext reguired
Minimum edit  distonce, similarity ey, rule-baged methods , N-gram,
Neural netwevus

3. Ren\-weyd [Context dependent
Comdidate wovd with Gimilar  prmuntiation, Spelling
Choote boest  candidate with Wwoity thawnel, cdassifier
Context - dependent
Peace of mind, plece of my mind

No. of edits +o get from Source thring +o dechination string
Opemhms

- insert

— delere

- Subgtitntion



* Minimum no of operatms required Fuy ediding

Cost of operations
- intertim :|
- deletion: |
- tubshtwhom: 2

Dynamic probmwxw\‘m%
8: Tromtform  Vinter %o writers

Vinter —s Vrintey
Vrinter  — vrintevg
vrinters = wrinvers
wrinrers — writere

Global  alignment of shringe S, and $,

Niat\ Sif Sz tuch Yot eath daar|space in owe t&ﬁ:\@ ®  opyposite
0. wnigue char|tpace 0 another Siring

¢+ §z qaedbd ¢, - qawxb

5 9 4 cd bd
S, g0 WX b~



Alaerithm

Let DLy} dewote edlt dittance of

111 and $4C1-]
< minimum  number of edis  to tranefrem Hrex | chave of §, o
fictr ) chave of S,

Three parts of D

- Cecurvence relaMom

= falowlar ww\pv\hh'm
= 4Afaceoacw

D(i,3) = wmin {oli-y 1 ,
: DLi-t,3-D + £Li))

* Inikalitadm
DCi,0) =1
000, =)
Termination
Oln,m) s distance

Rottom-up approach +o Compute Olnym) wsing  ©GL)) fwr twaller
)



function MIN-EDIT-DISTANCE(source, target) returns min-distance

n<— LENGTH(source)
m<— LENGTH(target)
Create a distance matrix D/n+1,m+1]

# Initialization: the zeroth row and column is the distance from the empty string
D[0,0]=0
for each row i from 1 to n do
D[i,0] < DIi-1,0] + del-cost(sourceli])
for each column j from 1 to m do
D[0,j] <+ D|0,j-1] + ins-cost(target|j])

# Recurrence relation:
for each row i from 1 to n do
for each column j from 1 to m do
D[i,j] < MIN( D[i—1,j] + del-cost(sourceli]),

Dl[i—1,j—1] + sub-cost(sourcelil, target|j]),
Dli,j—1] + ins-cost(target|j]))

# Termination

return D[n,m]

The minimum edit distance algorithm, an example of the class of dynamic
programming algorithms. The various costs can either be fixed (e.g., Vx,ins-cost(x) = 1)
or can be specific to the letter (to model the fact that some letters are more likely to be in-
serted than others). We assume that there is no cost for substituting a letter for itself (i.e.,
sub-cost(x,x) = 0).

6: S = HEWO, S,= ELDER | use Leventhrein disk  CLiwng= 2D
fonger )

# €ELDER

o0 I, 23 &5

N

n—’

\\ O (ME)= D(#, #)+ tub(M,€)= 2

]
souxce 2
( 3
y OLH,E) = D(H,#) + ing =2
s

o~rr™m I #



towger )
# ELODER

# b9
hix
thucte : * \\ DIH,EL) = D (#,E) + two (HL) =3
b D(H,EL) = D(H,E)+ ing =3
L
o
tovget )
# E LD ER
4
H 123 %5 6
souvte ¢ 123 &5
A L 2 1 234
L+ 323 4 5
05 &3 % 5(6
Src\Tar | # e X e c u t i 0 n
# 0 1 2 3 4 5) 6 7 8 <
i 1 ) 3 4 5 6 7 6 7 8
n 2 3 4 5 6 7 8 7/ 8 7
t 3 4 5 6 7 8 7 8 g 8
e 4 3 4 5 6 7 8 & 10 9
n 5 4 5 6 7 8 g 10 11 10
t 6 5 6 7 8 9 8 9 10 11
i 7 6 7 8 £l 10 9 8 2 10
o 8 7 8 2 10 11 10 2 8 il
n 9 8 9 10 11 112 11 10 £ 8

IOTICPAt] Computation of minimum edit distance between intention and execution with
the algorithm of Fig. 2.17, using Levenshtein distance with cost of 1 for insertions or dele-
tions, 2 for substitutions.




(Low\,p_lexii%

*© Time: O(am)
Spou-_e'. 0lrwn)

# e X e c u t i 0 n
# O « 1 ) «3 «~4 =5 «~6 = ~ 8| «9
1|11 (Rt 2Rt 3] Retd| et 5| Rt 6| Rt 7 ~_6 «7| «8
n| 12 [Xet3[(Retd| 5| Rt 6| et 7[Rt 8 17 8| 7
t| 13 (R4 (RS Ret6| Rt 7| e8| 7 8| R«9| 18
e| 14| =3 «4| &5 «~6 «T7| 8| "&t9|xe10] 19
nl+5 14 Rt 5| et 6| et 7| Rt 8| Kt 9 [ Kt 10 [ xR 11 R 10
t| 16 PS5 [Re 6| Rt T| 18| 19| <8 «~9| «10k111
i|17 16 (R 7| e8| X9 | R 10 19 ~_8 + 9«10
o 18 7|18 et 9 [ 10| Rt 11| 110 19 8| «9
n|+9 18 Rt 9 [ Rt 10 [ Rt 11 | R 12| 111 110 19 ~ 8

When entering a value in each cell, we mark which of the three neighboring
cells we came from with up to three arrows. After the table is full we compute an alignment
(minimum edit path) by using a backtrace, starting at the 8 in the lower-right corner and
following the arrows back. The sequence of bold cells represents one possible minimum cost
alignment between the two strings. Diagram design after Gusfield (1997).

pauLhace: O(nim)

det (
n-oe
Lo
wns ¢ oftere
nNAW
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mittyped Lie->ei, tose by m

Come leMers morve

ewboard)
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© Fregpewsy of Swothidwrion

Substitution of X (incorrect) for Y (correct)

sub[X, Y]

Y (correct)
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NOISY (MARNNEL MODEL fov  SPELLINGS

Mmistpelled wovd com be

© Most proboble lorreck wovd fvm o

tompured by

corveck wovrds With Sowme edit distance

\. (aenem«n@ ?oscib\e

wodel
2. &HMMMB pricc and  likelihood probailities

usiv\ﬁ a \anemge

model

5 Computing posteriers ond MKP using  Bayes theorem



Noity Channel Model : fromework used W OHA systems, wachine
trantlatore | Spell checkere ete

Goal: find intended Wovd from witspelled  wovd

original word

‘4«i47‘Waad

decoder
word hypl s _
word hyp2 “—W: 4»0(47"

guessed word =4

word hyp3 ;\—W:a MZN

In the noisy channel model, we imagine that the surface form we see is actually
a “distorted” form of an original word passed through a noisy channel. The decoder passes
each hypothesis through a model of this channel and picks the word that best matches the
surface noisy word.

Probolilishe  model 4o aenerate list- of  proboble  wovde
© biven an olpholoet £ let 2= ser of all firte stringe over &

Let dictionary D of valid Wovde be Some Sulcer of i’f}

The noity Chamnel ie Mne matrix M, wWhere every entryy M o
is e probabilily et e €¥ k Hhe wnoisy word obroined
0L outpur oiven Mok WED & Yhe tue wovd



The intuition of the noisy channel model (see Fig. B.1) is to treat the misspelled
word as if a correctly spelled word had been “distorted” by being passed through a
noisy communication channel.

This channel introduces “noise” in the form of substitutions or other changes to
the letters, making it hard to recognize the “true” word. Our goal, then, is to build a
model of the channel. Given this model, we then find the true word by passing every
word of the language through our model of the noisy channel and seeing which one
comes the closest to the misspelled word.

e no‘\s\a thannel  wmodel s & kind of Bayesian inferewce

Out of all possible wevds W the dictionary D, we want 4o predict
the drue word w such ok PLwb) i ighest

P

W= argmax Plw|x)
weD \ posterioy

. Babe_s Theorew
Q = arsmax PLL!W! thz &~ prior
wWebd eO)
w = argmax Pleiw) Plw)

weod

Dawevau- Levenshrein's Distance

Possible edits

I Ingertion

2. Pelerion

3. Subetitwtion

b Trawnsposifim of 2 odjacent levters



~807/ of ervgre are within edit distamce |
Aiwosy ol are  within  edir dittowmee 2

Mlow incertin  of space and huphen
- Yhitidea = e iden

function NO1SY CHANNEL SPELLING(word x, dict D, Im, editprob) returns correction

ifx¢ D
candidates, edits <— All strings at edit distance 1 from x that are € D, and their edit
for each c, e in candidates, edits
channel < editprob(e)
prior < Im(x)
score[c] = log channel + log prior
return argmax,. score|c]

Noisy channel model for spelling correction for unknown words.

G: Confution matiX ond condidate comveckions fix the  mistpelling
“acress™ — astuming edit distance of 1

Transformation
Correct Error Position
Error Correction  Letter Letter  (Letter #) Type

acress actress t — 2 deletion
acress cress — a 0 insertion
acress  caress ca ac 0 transposition
acress access @ r 2 substitution
acress across o e 3 substitution
acress acres — s 5 insertion
acress acres — s 4 insertion

Candidate corrections for the misspelling acress and the transformations that
would have produced the error (after Kernighan et al. (1990)). “—” represents a null letter.

© Plw) —prier— computed from  unigoam languape wodel CCoth)

w count(w) p(w)
actress 9,321 .0000231
cress 220 .000000544
caress 686 .00000170

access 37,038 .0000916
across 120,844 .000299
acres 12,874 .0000318




Uivelinood)

P(x|w)
.000117
.00000144
.00000164
.000000209
.0000093
.0000321
.0000342

x|w
clct
al#
ac|ca
r|c
elo
ss|s

the probabilities are taken from the del[], ins[],

es|e

ac

Error
Letter

count(x typed as y)
count(xy typed as yx)

count(xy typed as x)
count(x typed as xy)

Correct
Letter
ca

[, ]
sub|x, y]

Channel model for acress
subl[], and trans[] confusion matrices as shown in Kernighan et al. (1990).

dellx, y]
trans|x, y|

Candidate
Correction
actress
cress
caress
access
across
acres
acres
Figure B.4
motrices uced +o predict Pla|w)
ms

local ontext
- corpue of errovs
& confution

* Likelinood | thawnel model — Plx\w)

Ol

iClanthology.o

-ps://aclantholo

Feom htt

Insertion of Y after X

¥ (Inserted Letter)

add[X, Y]
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rev[X, Y] = Reversal of XY
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Sources of doto

‘ K%er MiMont https://www.dcs.bbk.ac.uk/~roger/corpora.html

Peter Nm‘v'\az

Cotimatin of  Plx (w)

( del[x;_1,w;]

, if deletion
countfx;_jw]
ins[x; 1, wi] , if insertion
count[Wif 1]
sublx;, wi

, if substitution
count|[w;]

trans[w;, wir1] . "
trans|wi, wi- 1 , if transposition
count[w;wi1]

de[,,W;] = count Cxw, 4yped ac )

Candidate Correct Error

Correction Letter Letter xjw  P(x|w) P(w) 10°*P(x|w)P(w)
actress t - clct .000117 .0000231 2.7

cress - a al# .00000144 .000000544 0.00078

caress ca ac ac|ca .00000164 .00000170 0.0028

access C r r|c .000000209 .0000916  0.019

across 0] e elo .0000093 .000299 2.8

acres - s es|e .0000321 .0000318 1.0

acres - S ss|s .0000342 .0000318 1.0

IOTNVIIRY  Computation of the ranking for each candidate correction, using the language
model shown earlier and the error model from Fig. B.4. The final score is multiplied by 10°

for readability.



Us‘w\@ o %igmm Languag}e Mode\

o M versatile acress whose

”

* Counts from the Corpus of Contemporary American English with add-1
smoothing

* P(actress|versatile)=.000021 P(whoselactress) = .0010

* P(across|versatile) =.000021 P(whoselacross) = .000006
* P(“wversatile actress whose”) = .000021*.0010 = 210 x10°10
* P(“versatile across whose”) = .000021*.000006 = 1 x10°1°

Rea\ Woxd €rrvs

Generate andidaYe Set covs’m'm‘m%

- Yo word tkself

- ol ginpje-letter edc Yt oare in dne o\ic\’\ma%
= homophones

Onoose best cavdidates
- noitw thaviel wodel
- Yosu- specific dastifier

NOISY (MANNEL MODEL fov REAL WORDS

Giiven o0 Sewtence W, ;Wq, Wey.oop Wy,

Lenerate o set of candidates for eath word w;

- tandidave tw) = {w, W), w! ow™ ]
- Comdidate (wy) = Lw,, w) w? w™

- QQM(AN\'C CWQ < {N3$ ws“ ws\\, w W _.}

N



Unoose  Sequene Haok  waaximisee  PIW)

Eg. The candidate set for the real word error thew might be
C(thew) = {the, thaw, threw, them, thwe}

Make simpiitying assumption: ey one  mitspelled werd  1n ead
Sewrewce

* Thus the set of candidate sentences C(X) for a sentence
X = Only two of thew apples would be:

only two of thew apples
oily two of thew apples
only too of thew apples
only to of thew apples

only tao of the apples

only two on thew apples
only two off thew apples
only two of the apples

only two of threw apples
only two of thew applies
only two of thew dapples

" Find W dar maximises  PCW)

W= Ywo of e

Noisy channel for real-word spell correction

two of thew




P (the | ¥he)
Camnel  proloaiility for o evecty ruped  word
No:‘s& dhawnnel  scoves every tevence

N

W = axpmax PCwWIx)
W E LK)

Can  wse  uni, bi or krigram yrobm'\\\"ry) of the Sentence Yo
Compute  P(W)

Compute  Unannel Model ?r‘o‘oabilihé) Plalw)
L-veadl werd ecvuy
Let hawnel model  Plaw) = & when A=W

Distribute 1-d evenly over o\l ower wwdidare correckions C(x)

a ifx=w
l—a . c
P(xlw)= |C(x)| lf X € (x)
0 Otherwise
For ¥ae above example , us'\r\a 3-aram Stupid
Bokolf wodel trained on boogle n-gcams
P(the|two of) = 0.476012
P(thew|two of) = 9.95051 x1078
P(thaw|two of) = 2.09267 x 1077
P(threw|two of) = 8.9064 x 1077
P(them|two of) = 0.00144488

P(thwe|two of) 5.18681 x10~°



Following Norvig (2009), we assume that the probability of a word being a typo
in this task is .05, meaning that @ = P(w|w) is .95. Fig. B.6 shows the computation.

X w X|w P(x|w) P(w|wi_2,Wj_1) 108P(x|w)P(w|wi_2,wi_1)
thew the ewle 0.000007 0.48 333

thew thew a=0.95 9.95 x10°8 9.45

thew thaw ela  0.001 2.1 x1077 0.0209

thew threw hfhr  0.000008 8.9 x10~7 0.000713

thew thwe ew|we 0.000003 5.2 x10~° 0.00000156

IBTuI NN The noisy channel model on 5 possible candidates for thew, with a Stupid
Backoff trigram language model computed from the Google N-gram corpus and the error
model from Norvig (2009).

For the error phrase two of thew, the model correctly picks the as the correction.
But note that a lower error rate might change things; in a task where the probability
of an error is low enough (& is very high), the model might instead decide that the
word thew was what the writer intended.

Koy -§ - tha - Ot fypmy

katocorreck  (wonfident in torrection)

Give best torrechion Uess nfideny)
(ive torrecriom \isk  Ceven less confident)
F% o8 ecror (unconfident)
\A)Qi&k probabilities
® = argmax  PLx|w) 5%
Learn A from development +ek set

Phonetic erroy  wodel



Iw\yrovemenk o Unannel Mode)

. Richer edits — B\l and Moore, 2000
ent - ant

?h-aF
le > al

1. Incovpreafe pronunciation inko thamne) — Toutanova ond  Moore, 2002

Unseikier-oased wetnale fov  spedific pairs ek
= weather | whether



