NATURAL LANGVAGLE
PROCESSING

UNIT-2

Language Models, Lexical Semantics

feedoack [eorvetkions: vibha (@ pesu.pes. edu VIRHA MASTI




Lamﬁuaée Model(ug

© Defermine probability of ojven sequence of worde

" NLG

* Stodistical la model: prolodlaility distribution over
o\l potsible tentences [cequence of wWovds

Pcwl) W‘L) cee) WM)

Lanauage odels

/N

-N grams - NINg
~ HMM:
- linguistic

rules

BAYES’ THEOREM

PCkIB) =_PCBIRD PCA)
P(B)

N-GRRMWMS

- Seguence of N tokens
©2gqramg: I am’, am a", ‘& student’



Probalbilistic LM

© Probobility of word w given h\:\—wb h
- Sequence of n words:
- Joint ?mbaloll\'tn of s,

Plw,") = Plw) PIW,IW,) PLW, W) - .. PlW,IW,™)
14 )

Pl = [\ P Iw™) = p(W)
t=)

© Thic joink Yrohab'\lﬂg Yoo difficult +v calculate
© Intted, n-gramg

iu—mmz LM k

Plw) = T‘ P(Wcl'\’., l“) wherz L= no.of graws
Az |

€4: 3-gram or hi-amw\ model

PCW) = PCw}) = —\rmm:;) = Plwy W) )
=y



a1

© Assumption:  Plwalw,™') ® PlWalw )

Mackov Models

© Modele  Wok  assume  P(gi) depends only on
prev StateS  i-k+l 4o (-

Bioram  MLE

PCW, WA = C (W, Wh) oy word
W

R

POvalw,.) = ClWay wWo) Ui raw

ccwm&/ tount of
Wiy

6. Comsider Ane Corpus of
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& 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.

Lenpia of Semtewce = 20,000
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8 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.
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Q: 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?
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<s> 1
I want
want to
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eat Chinese
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</s>

I want to eat Chinese food
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A visualization of the sampling distribution for sampling sentences by repeat-
edly sampling unigrams. The blue bar represents the frequency of each word. The number
line shows the cumulative probabilities. If we choose a random number between 0 and 1, it
will fall in an interval corresponding to some word. The expectation for the random number
to fall in the larger intervals of one of the frequent words (the, of, a) is much higher than in
the smaller interval of one of the rare words (polyphonic).

bependence on Training Corpus

—To him swallowed confess hear both. Which. Of save on trail for are ay device and
1 rote life have
gram  —Hill he late speaks; or! a more to leg less first you enter

—Why dost stand forth thy canopy, forsooth; he is this palpable hit the King Henry. Live

2 king. Follow.
gram  —What means, sir. I confess she? then all sorts, he is trim, captain.

—Fly, and will rid me these news of price. Therefore the sadness of parting, as they say,

3 ’tis done.

gram  —This shall forbid it should be branded, if renown made it empty.

—King Henry. What! I will go seek the traitor Gloucester. Exeunt some of the watch. A
4 great banquet serv’d in;
gram  —It cannot be but so.
Eight sentences randomly generated from four n-grams computed from Shakespeare’s works. All

characters were mapped to lower-case and punctuation marks were treated as words. Output is hand-corrected
for capitalization to improve readability.
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8: Fnd Nermal and Laplace MLEs
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Corpus (Training data):
The following represents the

corpus of words: PCrats chage birds)
cats chase rats plrats|¢s3) ¥
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rats chase birds
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identical orthographic form
unrelated MQM\iV\a
Linawnce

river

related but dishinct sences

Linance
blood

usape of one term as a “stand-in" fov
onother
tlose assountiom

similar sente¢  (no Per{’ec{- aﬁnongm)

tame pronunciation, different orthography
different senses

different pronunciation, same orthography,
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one sense i A hyponym of another if it
more gpetific than the Secmd
hyponym of
hyponym of
oppotite of hm}omam:
hypernym of
hypernym of

& Word i part of another

mevonym of

opposite of Meronym
holonym of

. Unec if 0 word wac  different senses

L which $lipghie breatfost?
2. Whith flighte London?

+ Ureate conjuction
Whith fligte breakfass and London?
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© Lexieal knowledge base
© Lonceprs \n  fewmantic networl

© Psydholinguishic  Yheory
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Havrd to desian
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© Synonymy, antonymy, Jradation
© Hypernymy, hyponymy, meronymy, holonymy, entailment,
Hroponymy

- Unordered Set of roughly  $ynonymous words
- 9,3: d\uW\p“: gullivle “pertom

This sense of “chump” is shared by 9 words:
chump!, fool?, qgull!, mark’, patsy?,
fall guy?!, sucker!, soft touch!, mug?



ID:: 121
CATEGORY :: NOUN

CONCEPT :: 39«1 & Blel & Ufd T&T H 3oa1arell UH
EXAMPLE :: “ITaT SAg® &l g<ar o Tgd g Tl Aar

SYNSET :: TAg, g, oI9Nd, JH T

WovrdNer  Relofions

Relation Also Called Definition Example
Hypernym Superordinate From concepts to superordinates breakfast' — meal!
Hyponym Subordinate = From concepts to subtypes meal' — lunch!
Instance Hypernym Instance From instances to their concepts Austen' — author!

Instance Hyponym  Has-Instance From concepts to concept instances ~ composer! — Bach!

Member Meronym Has-Member From groups to their members
Member Holonym  Member-Of  From members to their groups

faculty? — professor!
copilot' — crew!

Part Meronym Has-Part From wholes to parts table® — leg®

Part Holonym Part-Of From parts to wholes course’ — meal!

Substance Meronym From substances to their subparts water! — oxygen'

Substance Holonym From parts of substances to wholes  gin! — martini'

Antonym Semantic opposition between lemmas leader' <= follower!

Derivationally Lemmas w/same morphological root  destruction' <= destroy
Related Form

|UTilyA®®] Noun relations in WordNet.

Relation Definition Example
Hypernym From events to superordinate events iy’ — travel®
Troponym From events to subordinate event walk! — stroll!

(often via specific manner)
Entails From verbs (events) to the verbs (events) they entail snore! — sleep’
Antonym Semantic opposition between lemmas increase' <= decrease'

Derivationally ~ Lemmas with same morphological root
Related Form

destroy' <= destruction'

DTV O]  Verb relations in WordNet.
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* Cocpora live Sem(or bLPans'\ve
know\edde-oased metnod
* Bagseline

Choose %enge whose Qtass shares most wards
with -\mae:\ wWoYa't r\eia ourhood

I Retrieve Senge definitiong of werds
2. Derermine definition overlap
3. (Woose Sewes with h\gv\esi\— over\aP

Example: Disambiguate PINE and CONE
* PINE
* 1. kinds of evergreen tree with needle-shaped leaves
e 2. waste away through sorrow or iliness
* CONE
* 1. solid body which narrow to a point.
e 2.something of this shape whether solid or hollow
e 3. fruit of certain evergreen trees

PINE #1 \ CONEH#| - O crgnering stopwonds
PINE #)1 \ CONE #2 = O ond —perfprvming
PINE #1 N\ CONe #3 = 2 s\'nmm'\na')

PINE #2 N\ CONE H| =0

PINE #2 N CONE #2 =0

PINE #2 N CONE #3 =0



8. Disambi%m\'e bank with genrences

The bank can guarantee{deposits jwill eventually cover future
tuition costs because it invests In adjustable-rate

securities.
bank!  Gloss: a financial institution that acceptsl deposits 'and channels the
money into lending activities
Examples: “he cashed a check at the bank”, “that bank holds th
on my home”
bank”  Gloss: sloping land (especially the slope beside a body of water)
Examples: “they pulled the canoe up on the bank”, “he sat on the bank of

the river and watched the currents”

function SIMPLIFIED LESK(word, sentence) returns best sense of word

best-sense <—most frequent sense for word
max-overlap <0
context < set of words in sentence
for each sense in senses of word do
signature < set of words in the gloss and examples of sense
overlap <— COMPUTEOVERLAP(signature, context)
if overlap > max-overlap then
max-overlap < overlap
best-sense <— sense
end
return(best-sense)

The Simplified Lesk algorithm. The COMPUTEOVERLAP function returns the
number of words in common between two sets, ignoring function words or other words on a
stop list. The original Lesk algorithm defines the context in a more complex way. The Cor-
pus Lesk algorithm weights each overlapping word w by its —log P(w) and includes labeled

training corpus data in the signature.



* Needs Semlor-live lavelled wsvpug
' Evzr“ tenke hae & siﬁm’me
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that contain  that gense
' Unoose sewte with wost word overlap bjw

Context Owd Gignature
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frequency

IDF. = logy (Ndoc)
n .

¢

Seore Csmuc- , COvrtextj) = Z IDF ,

WE overlap Csfanwl'ured , (oy\\-extd)

Word Net: eenseS ore wnodes
relotions Cmevonymy ¢ie) ove edges

IOTIVA ORIl  Part of the WordNet graph around drink‘l,, after Navigli and Lapata (2010).



© Usingy frc WSD:  add Mrgeif wovd § contexy
into groph  With  divected edpes Yo eadn of
their sewses

681 “She drant tome wmilw"

S

S ke, TS /CGood, D

IJTRNXONE] Part of the WordNet graph between drink! and milk}, for disambiguating a
sentence like She drank some milk, adapted from Navigli and Lapata (2010).

Cotceck sente: wiing cewfmlihd measures
O depcee
© pevSonalized page fank

- Seed lobotlled Cerpus A,
© Lorge wnlabelled corpus V,
Alporithm
. Trawn  cagsifier on Ng
3. label unlabelled corpus V,
3. Select & mosk cownfideny labels and odd +o
labelled set, called A,
k- Repeat until low evvor rte or o\l toge ed



? e 2
2 ! 2?2 7.7 "o
PR _URA[ 2792 2 7, % 2
MICROSCOPIC| ?
?A ? 2 V1
7 2?2 7
? ? 2
2 2 ?2 2
? : ? 2 772 ?
2, 277, ! ? ?2 2 7 ?7?
c ‘A ,? 7 [EMPLOYEE], ? ?
” 2 ? 2 ? R
? 292 ? ! [
? T ?
? ) > B B/?7?
A BB
? ? s B N\ g )B\BB BB
2 7 ?7? [EQUIPMENT| [MANUFACTURING]

(b)

The Yarowsky algorithm disambiguating “plant” at two stages; “?” indicates an unlabeled ob-
servation, A and B are observations labeled as SENSE-A or SENSE-B. The initial stage (a) shows only seed
sentences Ag labeled by collocates (“life” and “manufacturing”). An intermediate stage is shown in (b) where
more collocates have been discovered (“equipment”, “microscopic”, etc.) and more instances in Vy have been
moved into A1, leaving a smaller unlabeled set V;. Figure adapted from Yarowsky (1995).

Yarowska Heuristics
* To label initiol Seed

I One Sence pev collocahion
A One sense per disclosure

. 68-. bags — P‘“'A
bass — Hch

We need more good teachers — right now, there are only a half a dozen who can play
the free bass with ease.

An electric guitar and bass player stand off to one side, not really part of the scene,
The researchers said the worms spend part of their life cycle in such fish as Pacific
salmon and striped bass and Pacific rockfish or snapper.

And it all started when fishermen decided the striped bass in Lake Mead were...

IDT0HOMKR] Samples of bass sentences extracted from the WSJ by using the simple corre-
lates play and fish.




- Llustering over wayd embealalinﬂs

Most algorithms for word sense induction use some sort of clustering over word
embeddings. (The earliest algorithms, due to Schiitze (Schiitze 1992, Schiitze 1998),
represented each word as a context vector of bag-of-words features ¢.) Then in
training, we use three steps.

1. For each token w; of word w in a corpus, compute a context vector c.

2. Use a clustering algorithm to cluster these word-token context vectors ¢ into
a predefined number of groups or clusters. Each cluster defines a sense of w.

3. Compute the vector centroid of each cluster. Each vector centroid §; is a
sense vector representing that sense of w.

Since this is an unsupervised algorithm, we don’t have names for each of these
“senses” of w; we just refer to the jth sense of w.

- Dis ambiawnadti v

I Compute Context vectsy € for foken w;
Q. Rekrieve all Sence wvecture ?3 e w
ﬂ

3. Assigh Wi +to closest  §

' Reguivements:
. Qlusteri “Q oxlgo

a. Diskance meimne

- Evaluatim
B exxrewnsic
O intrintic



- timilar Aistribubime in LoYpus

© Relatedness # similarity
— Gnlonyms  are h‘ua\f\la related

Shovter poth bW
wmore Similar
Measure no. of edgyes

sensec n Yhetaurug  hierardhy,

Standar 4

g .~ medium of exchange scale

“ifickel  dime

6 currency

coinage fund
> coin budget

money Richter scale

I3TCH O A fragment of the WordNet hypernym hierarchy, showing path lengths (number
of edges plus 1) from nickel to coin (2), dime (3), money (6), and Richter scale (8).

pothlenCe;, ¢ =1+ edaes in chortest path

- Similarity

Sim W“Cc.,c,) = l

W,“'h'?'\ CC| )C‘L)



. Log sim'\\arifu

s\

W\ ?M\ C(‘ 3 C-L) s "l06 (?ﬁ"'h \'en CCD (-1,))

* Similarity o]w words  Cnot sewces)

wed sim (W, ;W) = WG sim(c,,¢,)
¢, esensestwy)
€y E5EnseS CWy)

Q: Find S e, (nithel, oin) 5 tim (coinoge, Rickter scale)

Sim oy (nickel, coin) = l-\l" = 0-5

sim?mw (woinage, Richter swale) = _ L - 0.6
xS

+ PCo) = probability thal o rawdom wovd in usrpus
€ inttavce of cowncept e
' Plroot) =\ Croot comcept Swbosumes all)

PO = s’ count (W)
we words(e)

N




entity 0.395
|

inanimate-object 0.167

|
natural-object 0.0163

|
geological-formation 0.00176

/

0.000113 natural-elevation shore 0.0000836
| |
0.0000189 hill coast 0.0000216

IJTTICXORY A fragment of the WordNet hierarchy, showing the probability P(c) attached to
each content, adapted from a figure from Lin (1998).

© Ieformation content of o cowcept
Ic= -log PCe)
Lowest  ommon  Subsuwer

LCL ey ,6q) = lowest node +hat SubSumes ¢\ G ¢,
0. Find LCC of toinage 4 money (m 21)

Les= mediam of exckauuae



SiMLfn CC\)"'L) = IAxX I,Og; P(. LCS (e, ’C]_))
log PCe,) + waPC%)

Q: Find Lin similarity of WU and coast

LCSChill, coast) = geolopical indaymation

Sm . = A% g PLosological infarmation)
I log POWI) “+ 0o PCeoast)

- Y \.003 (.O-OOl'Hv)
Lms (0-0000\89) t Uog)co.oooo'ue)

= 0-587

e drawing paper: paper that is specially prepared for use in drafting

e decal: the art of transferring designs from specially prepared paper to a wood
or glass or metal surface.

For each n-word phrase that occurs in both glosses, Extended Lesk adds in a
score of n? (the relation is non-linear because of the Zipfian relationship between
lengths of phrases and their corpus frequencies; longer overlaps are rare, so they
should be weighted more heavily). Here, the overlapping phrases are paper and
specially prepared, for a total similarity score of 12 422 =5,



1
pathlen(cy,c)

Simpath(cl ) C2) =

SimResnik(Cl,Cz) = —logP(LCS(Cl,Cz))
) 2 xlogP(LCS(cy,c
SlmLin(Cl,Cz) = g ( (l 2))
logP(c1) +1og P(c2)
. 1
simyc(c1,e2) = 2 x log P(LCS(c1,c2)) — (log P(c1) +1logP(c2))
simgy egk(€1,€2) = Z overlap(gloss(r(cy)), gloss(g(c2)))
rgcRELS

|31 A0  Five thesaurus-based (and dictionary-based) similarity measures.

LEXICONS

Emotion: brief organically synchronized ... evaluation of a major event
* angry, sad, joyful, fearful, ashamed, proud, elated

Mood: diffuse non-caused low-intensity long-duration change in subjective feeling
* cheerful, gloomy, irritable, listless, depressed, buoyant

Interpersonal stances: affective stance toward another person in a specific interaction
* friendly, flirtatious, distant, cold, warm, supportive, contemptuous
Attitudes: enduring, affectively colored beliefs, dispositions towards objects or
persons
 liking, loving, hating, valuing, desiring
Personality traits: stable personality dispositions and typical behavior tendencies
* nervous, anxious, reckless, morose, hostile, jealous
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VAD - Valence Avousal Dominawnce

Arousal
high
II _ I
High-Arousal, Tense Excited High-Arousal,
Negative-Valence Positive-Valence
Angry Delighted
Frustrated Happy
<—negative: neutral positive=> Valence
Depressed Content
I Bored Relaxed v
Low-Arousal, Low-Arousal,
Negative-Valence Tired Calm Positive-Valence




Valence Arousal Dominance

vacation .840 enraged 962 powerful 991
delightful 918 party .840 authority 935
whistle .653 organized 337 saxophone 482
consolation 408 effortless 120 discouraged .0090
torture 115 napping .046 weak .045

| 3T PAR]  Samples of the values of selected words on the three emotional dimensions
from Mohammad (2018a).

- VAD lexicon: begy-wortd Scoring



