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Language Modeling

Determine probability of given sequence of words
NLG
Statistical languagemodel probability distribution over
all possible sentences sequence of words

P Wi Wa Wm

Language models

L J

statistical Neural
LMS LMS
Ngrams NNS
HMMS

linguistic
rules

BAYES THEOREM

PLA B PCBIA PCA
PCB

NGRAMS

Sequence of N tokens
2grams I am am a a student














































































































Probabilistic LM

Probability of word w given history h
Sequence of n words W Wn or Wi
Joint probabilityofseq P wi

PCW PCW PCW IW PCW W PCWntwiD
n

PCWin TI PCW W PCTV
in

This joint probability too difficult to calculate
Insted n grams

NGRAMS LM I

PCW ITPCW Wii where k no of grams

Eg 3 gram
ort
tri gram model

W word word word word
1 2 3 4

PCW PCW TI PIWi IWi PWyIwi
5 4






































































<s> I am here </s>
<s> Who am I </s>
<s> I would like to know </s>

Assumption Plain I Plwn Iwit

Markov Models

Models that assume Plqi dependsonly on
prev states i htt to i i

Bigram MLE

PCW Wn 1 C Wn i Wn
can anyword

PCwnlwn CCWn i Wn unigram
CCW count of

Wh l

Q consider the corpus of

Find PCI as Plas there PCknow like

PCI s C CS I
Rss 3

Pays here here 457 ICChere



PCknow like like know
plike

Probability Estimate of a sentence using Bigrams

P The water was salty P water the x

P was water x

PCsalty was

Evaluation

1 Intrinsic compare
models

cross entropy a perplexity

Perplexity

Low is good

PPCWn N

PCWWz Wn

For bigrams

pp wi N
TIPetitwi n



Let’s say, A system has to recognize Operator, Sales, 
Technical Support and 30,000 names. If there are 
1,20,000 words in total and word “operator”, “Sales” 
and “Technical support” occurs 30,000 times each and 
30,000 names each occur once only. Compute the 
perplexity in this scenario.

Suppose there are 100 Characters in a language L. Let’s 
say all characters are equally likely. Find the perplexity for a 
sequence of length N.

Q

Length of sentence 120,000

pp 1430000 x
30000

430000 1
00

o

pp Toto
t

11.302 10
7 4

52.64

Q

pp Eon
Nt 100



Suppose there are 3 characters in a language, and there is a 
Unigram Model. The prob for the 3 characters given by the model 
are P(“A”)=P(“C”)=0.25 and P(“B”)=0.5. What will be the perplexity 
for the sequence “AAA” and “ABC”? And what if the probability of 
the three characters are equally likely?

Q

Model I

PPCAAA
Ix xt 43 4

PP ABC I 3.174

Model 2

PCAAA I3 3

P ABC I3
13 3

Shannon Visualization Method

Start with as and choose a random bigram
Cs W according to its probability

Follow with a random bigram W V according
to its probability

keep going until a bigram ex 457 is generated

string words together



Probability sampling

Dependence on training Corpus



Problem with Probabilistic n grams

overfitting
zeros unseen words

SMOOTHING

Words follow Zipfian distribution
zero prob for Oov words

1 Laplace Add one smoothing

Modify MLE

For Unigrams total word tokens

Normal Pew guy
in corpus

Laplace Piaplace wi Cgi
For Bigrams

Normal PCW Wi Wi Wi
Wii unique

Laplace Piaplace Wi wi wi wi
drams

Cowie V



Q Find Normal and Laplace MLEs

String Count Likelihood Counttl Add1 Likelihood

Ny a 100 100 300 101 101 326

my b o f
I 11326

Ny C o 1 1 326

Xy d 200 200300 201 201 326

Ry y o f I 1 326

Ny 2 0 I 1 326

Total Xy 300 300300 326 3261326

No of bigrams 26

Reconstituted counts

Wi Wi Plaplace wi Wi Wii

Discount

de É
For Laplace discounts are disproportionate



2 Add K Smoothing

Padd K Wi Wi C wi Wi t k

Wip t KV

can re write Kv m

m phantom bigrams added
k m t where each of the V bigrams equallylikely

Padd K Wi Wi Wi wi t m t
Wip t m

3 Unigram Prior smoothing

Punigramprior wi Wi wi Wi t m PCW

Wi p t m

total word
P Wi unigram probability wi tokenoccurrences

N J in corpus

4 Good Turing Discounting

use count of words seen just once to estimate
unseen words

N no of tokens of frequency c

N no of tokens that occur only once



Q Find Ni Na Na Na

Word Freq N 5

Ram 4 N I
is 4 N 0

a 1 Ny 2

good 2

boy 1

and I

at 1
studies I

Good Turing count

it Ctl Net
Nc

Probability of unseen word

Pat Wi Nf
Q Suppose N 18 Use normal and Gt

Gorp Pesch whitefish
a trout salmon get

PCtrout
P bass



Regular N 3
Pltrout 1 18 Nz I
PCbass O Nz 1

No 1
Good Turing

Pat bass Ng

trout Ctl Not 21,1 251 3Ne

Pot trout 313

Q Compute Gt probabilities of test data bigramst

PCratschase birds

p vats s

P chase rats
Plbirds chase t
P 14s I birds



Bigram Count N 10
S lats 3 Nz 2

eats chase 2 N I
chase rats 1
rats Is I Unigram count
cats meow I eats 3

meow is I chase 2
as vats 2 rats 1

rats chatter I s 5

chatter Is I 4s 5

chase birds t meow 1

birds 45 I rats 2

rats sleep I chatter I
sleep 4s I birds 1

17 sleep
22

s rats 3 Nz 321 3Nz

Pa s rats 3 2 3

Pat rats chase if
chase birds 217

21



5 Katz Backoff

Try P Wi I Wi zWi l

If O backoff to PCW il wi p

If O back off to P Wi

Bigram version

Pratz Wi Wi 1 Pst Wi wi n Wi iwi 0

dfw 1 Pat wi otherwise

y 1 E discounted prob of bigrams startingwith y
E prob of w of all unobserved bigrams CyW

I Ew yw o Pat W y
Ew c yn o Pat W

6 Class Based Backoff

Back off to the class not the n t gram

dog friendly noun friendly



7 Linear Interpolation

P Wi Wi zWi A P Wi IWi Wi n t

XzP Witwit t X P Wi

ti I

8 KneserNey Smoothing

Absolute discounting
Subtract 0.75 for all 0.5 for bigrams of count

Pan witwi Max wi Wi d O X Wi PcontinuationWi

Ev wi by bigrams starting
with Wit f 18kt'inuations

Piontinuation wi wi i wi w 031
Wj Wj Wj Wj o

biggems

winged
w

ww

t word types that
discount



Q Paul is running Pant is

Mary is running Pantsrunning
Nick is cycling Pen running lis
They are running

d 1

No of bigrams unique 7

Pcontinuation is uniane words preceding is
unique bigrams

3
Pontinuation running 3
Pen running list 23 1 x is Pant running

L X is x

is
3 2 3

Pan running is 3 3 0.524



9 Stupid Backoff

C Wi ut Count with 0

sail wit cow nd
0.4 S Wi Wintz otherwise

sewi CGI

WORD SENSES

Lexical semantics study of word meanings

word sense discrete representation of one meaning
of a word
eg bank river

bank finance

word form inflected word as it appears in text
eg beautify beautiful beautifully are verb adj
and adv forms

Gloss human readable meaning representations of
senses



Relation Between Senses
spelling

1 Homonyms identical orthographic form
unrelated meaning

bank finance
4 bank river

2 Polysemies related but distinct senses
bank finance
bank blood

3 Metonyms usage of one term as a stand in for
another
close association

the Us government
Washington

4 Synonyms similar senses no perfect synonyms
vehicle
automobile

5 Homophones same pronunciation different orthography
different senses

4 wood
4 Would

6 Homographs different pronunciation same orthography
different senses

minute my nute small tiny
minute min ut 60 seconds



7 Hyponyms one sense is a hyponym of another if it is
more specific than the second

mango hyponym of fruit
car hyponym of vehicle

8 Hypernyms opposite of hyponyme
fruit hypernym of mango
vehiclehypernym of car

9 Meronyms a word is part of another
4 wheel meronymof car

10 Holonym opposite of meronym
car holonym of wheel

Zeugma test for senses

check if a word has different senses

1 Which flights serve breakfast
2 Which flights serve London

create conjunction

which flights serve breakfast and London

If it sounds weird distinct senses



WordNet

Lexical knowledge base
concepts in semantic network
Psycholinguistic theory

Syntagmatic g paradigmatic

put furry
animal mammal

componential Semantics
Disambiguate words using features
Hard to design
Eg features furry carnivorous heavy domesticable

for cat Y Y N Y
for tiger CYY Y N

Relational Semantics
Synonymy antonymy gradation word to word
Hypernymy hyponymy meronymy holonymyentailment
toponymy synset tosynset

Synset
unordered set of roughly synonymous words
Eg chump gullible person



DSF Format of Synset

WordNet Relations



Word Sense Disambiguation

1 Supervised Learning Approach

Training corpus words tagged in context with sense
choose WS of word
Senior

a Baseline
choose most frequent sense always

b Feature based WSD
Lollocational features
BOW features

Naive Bayes classifier WSD
choose best sense s from possibles for a feature
vector f of a word

5 argmax Pls F
SES

arggemgax
PC Is Pls

PCIE constant

Assume each feature conditionally independent from
the other

PC Is IT Plfj Is



5 augmax Pls F Plf s

SES j l

PCs counts W Probability
of that sense

countew for theword

PCfjls count fj s
howoften a
feature fj

Count s occurs for sense
S

Q If a collocational feature Wi a guitar occurred
3 times for sense bass sense bass occurred 60
times in training and bass occurred 70 times in
training

PCfjis
P s

Pffjls CountIfj s 30 0.05
countes

PCs countCSWI 60
Count w To

0 86



D Lesk Algorithm
corpora like Semcor expensive
knowledge based method
Baseline
choose sense whose gloss shares most words
with target word's neighbourhood

Algorithm
1 Retrieve sense definitions of words
2 Determine definition overlap
3 Choose senses with highest overlap

Q

ignoring stopwords
PINE I A CONE 2 0 and performing

stemming
PINE 2 A CONE I O

PINE 2 A CONE 2 0

PINE 2 A CONE 3 0



Q Disambiguate bank with sentences



d Corpus Lesh Algorithm
Needs semlor like labelled corpus
Every sense has a signature
Signature contains all words from sentences
that contain that sense
choose sense with most word overlap btw
context and signature
Weigh each word with its inverse document
frequency

DE log Maggy
did

Eno of docs
with word i

score sensei context C IDFw

we overlap signature context

e Graph Based
WordNet senses are nodes

relations meronymyetc are edges



using for WSD add target word g context
into graph with directed edges to each of
their senses

Eg shedrank some milk

Correct sense using centrality measures
4 degree
personalized page rank

Ifl semi supervised WSD Bootstrapping Yarowsky
seed labelled corpus no
Large unlabeled corpus Vo
Algorithm
1 Train classifier on to
2 Label unlabelled corpus Vo
3 Select k most confident labels and add to
labelled set called a

4 Repeat until low error rate or all tagged



Yarowsky Heuristics

To label initial seed

1 one sense per collocation
2 One sense per disclosure

Eg bass play
bass fish



g Unsupervised Word sense Induction
clustering over word embeddings

Disambiguation
1 compute context vector I for token wi
2 Retrieve all sense ventors 5 for w
3 Assign wi to closest Sj

Requirements
1 clustering algo
2 Distance metric

Evaluation
extrensic best to dot

4 intrinsic against gold stall



WORD SIMILARITY

1 Thesaurus based
2 Distributional algorithms

similar distributions in corpus

Relatedness similarity
antonyms are highly related

1 Thesaurus based

a Path based
shorter path b w senses in thesaurus hierarchy
more similar
Measure no of edges

pathlence cat I edges in shortest path

Similarits
simpathlin

pathlenCalCal



Log similarity

simpathCa Ca log pathlence z

Similarity btw words not senses

words im Wi Wa Max Si
C c senses wi
SEsenses ay

list

Q Find simpath nickel coin simpath coinage Richterscale

simpath nickel coin 0.5

simpath coinage Richter scale 0.167

b Information content
Pell probability that a random word in corpus
is instance of concept e
PCroot I Iroot concept subsumes all

PCD E
WEwordscc

Count W

NT total wordswords under
concept c



Information content of a ioniept

Ic log Peel

Lowest common subsumer

USCG s lowest node that subsumes a aez

d Find Les of coinage gmoney pg31

Les medium of exchange

Resnik similarity

simresniaCa G log P Lesca sa



Lin similarity

simeinCa s2 2x logPCLCSCa z

logPlc t logPrez

Q Find Lin similarity of hill and coast

LCSChill toast geological information

Simcin 2x log PCgeological information
log PChill t log PC coast

2 log 0 00176

1091000001897 logCO 0600216

0.587

Extended Lesk



Summary

LEXICONS

Scherer typology of Affective States



Emotion

a Ekman's 6 basic emotions
Surprise
Happiness
Anger
Fear
Disgust
Sadness

b Plutchick's wheel of emotion
8 basic

Ki VAD Valence Arousal Dominance




