LING/C SC 581:

Advanced Computational Linguistics

Lecture 18
Prof. Sandiway Fong



Today's Topic

* Homework 9 Review

* A look at similarity
* WordNet vs. Word Embeddings



Homework 9 Review

* Q1: automobile (46) vs. aeroplane (25) vs. motorcycle (3)

>>> list(wn. synset('automobile n.o1'). closure(lambda X:X.part_meronyms()))

[Synset( ir_bag.n.01'), Synset('hood.n.09' S nse ( lugga e compartment n.01'), Synset('automobile englne n.o1'),
synset('roof.n. 02 Synset uto acce s n 01’ nse % soline englne n. 01'), nset (" sunrooT "),
Synset( " automoblle nor , nset fer.n. Xn et('fend .01 5, Synset rear window,n. 1' ,
Synset (' floorboard S nse g Qve compartment n.o0 ynset grllle n.o setT car w1ndow n.o1'),
Synset( " acce erator 1 % nset(*first_gear,n. , ynset car_mitror.n. 01° , é nset stab Tizer_ bar.n. 01 ),
Synset('car_door.n. gnset reverse n.02") nset per.n.02' Synset ( car se
Synset('high_gear.n. 01 nset ( rd_gear.n. 01' S¥ns t 'window,n.02"), Synset( tall fln n.02"')
Synset (' runnln% board.n. bl nset hood ornament. 1'), Synse ‘exhaust,n,027),
Synset('inlet _manifold,n. ynset('horn_button, 01') Synset hlnge n.o1’ ynset (' armrest 01 )s
Synset('doorlock.n. @1'} Sgnset bum er_guard.n.0l1’ Sgnset "back.n.@ ), Synsét{?headrest
Synset( 'seat belt.n, ynset aust_pipe.n.@l ), synset(’ ‘exhaust_manifold.n.o17), Synset ta11p1pe n.o1'),
Synset('silencer.n. @2 , Synset exhaust _valve.n.01'), Synset('pintle.n.ol’

>>> list(wn.synset(" a1rp1ane n.01').closure(lambda x:x.part_meronyms()))
[Synset( windshield.n.@1'), Synset('accelerator.n.@1'), Synset('pod.n.04'), Synset('landing gear.n.01'),

synset( radome n. @1 §ynset in g.n.@Z Synset( 'hogd.n.09"), Synset('navigation_Llight,n.01" p

Synset( use a%e n, Synse ‘e cape hatc Synset 'nosewheel,n.01"y, Synset{'rib.n.0l1'),
Synset('ailero 1 "Syn et .n.05' y set hood ornament n.o1’ Synsetl'porthole.n.o1'

Synset( 'tail.n, 07" ¥n et 'deadli ht n.01'); Synset (" horizontal tail,n, 01" Synset('vertical tail.n.01')
Synset('stabilizer.n,® ynset orlzonta "stabilizer.n.o1" ynset "elevator.n.02'), Synset udder n. 61

Synset('vertical_stabilizér.n
>>> list(wn.synset('motorcycle.n.Ql’ ).closure(lambda X:iX.part_meronyms()))
[Synset('kick_starter.n.01'), Synset('kickstand.n.@1'), Synset('mudguard.n.01')]



Homework 9 Review

Question 2: part meronym inheritance
>>> for ss in wn.synset('armchair.n.@1').closure(lambda x:x.hypernyms()):
print(ss.part_meronyms())

[Synset('back.n.08'), Synset('leg.n.03')]
[Synset('upholstery.n.01'), Synset('seat.n.04')]
[]

[]

H Synset('artifact'.n.01')

[Synset('section.n.0@4'), Synset('part.n.02')] Synset('whole.n.02")
[]
[]
[]




Homework 9 Review

* Question 3: items with arms

>>> wn.synset('arm.n.@1"').part_holonyms()

[Synset('body.n.01'), Synset('homo.n.02')]

>>> for ss in wn.synset('arm.n.01').part_holonyms():
print(list(ss.closure(lambda x:x.hyponyms())))

(SypRetti1are, Lorm gk ), Syt e bggniny 1 ). rsSgEL! et o8ian Blel)

nset('s sfém
gynse% mé %fbod¥ b d ¥nset§'fem%(e 8o%¥ n l b d setéip§rson .n. 02"
nset('a male_bo ) nset('adu ema e_body.n
3Yn2et (' child+s body.n y@l'? Y Y
Synset('homo_habilis.n.0Q1' nset( loensis.n.01
[ g nseé hneanderta% man. &i ?y s?t rﬁogesgan man 01 ), Syn%et( world.n.08' ;
Synset "homo_sapiens.n. 01 nset homo_erectus.n. 01 nset('solo_man.n.01'),
Synset('homo_ saplens sap}ens n 01 ) Synset(' cro—Tagnon ¥')
Synset('boskop_man. Synset('java_man.n Synset peking_man.n.01')]

>>> wn.synset('world.n.08"').definition()
‘all of the living human inhabitants of the earth'



Homework 9 Review

* Question 3: items with arms
>>> for ss in wn.synset('arm.n.04").part_holonyms():
print(list(ss.closure(lambda x:x.hyponyms())))

[Synset('easy_chair.n.0@1'), Synset('recliner.n.01'),
Synset('captain's_chair.n.01'), Synset('morris_chair.n.01'),
Synset('fauteuil.n.01'), Synset('wing_chair.n.01')]



Homework 9 Review

* Question 3: items with arms

>>> s = set()

>>> for ss in wn.synset('arm.n.06"').part_holonyms():
s.update(set(ss.closure(lambda x:x.hyponyms())))

>>> len(s)
271



Homework 9 Review

¢ Question 3: items with arms

>>> for ss in wn.synset('arm.n.06').part_holonyms():

print(list(ss.closure(lambda x:x.hyponyms())))

[Synset('peplhs 010) Sygset( silks.n.01' ) ins%t halkbn .01') ynset('] p suit.n.01') % ﬁf( rever51bledn .01! ), Sy nset('hgse. nf@Z')iISynzet('role n.ol'), Syn%etz'romper n.e2'),
§¥H§8 ! eogaEH 101 y§28tét?we%Fg£t9ac%e @1|¥5$§F( E% %(n ée%@@r%gﬁ 518¥e593§§ﬁ25t? %o écEénSEtélw?etg nseﬁ& ha négféoaﬁaﬁ 02‘? %9ns¥@gi§%pggg%g—§?¢§'T, gy Set 1f§r n.e3'),
2 nee :ﬁggéa%qverl iy vgs § WZE C%Tlﬁf éi ¥;§§?ses(esgs% R Blm), h5e¥( eggtmuSe %n{ tS hse n$ﬁendne§t(e8£ ?, %ynse% g?g ag?ﬂfu%m}, Syhseéi?%klg%v%TQ%?{;nSénsef(gsu%t n.o1'),
ynset (! swaddling_cl o es. . royser,n nset('sa , _Synset('wraparound.n. ,, Synset('gown.n 1 Synse auy
Siheet adhhate o 5 "sst«%ﬁfa'&mﬁ pibitl sl onllEier ﬁ1?¢)3y8i¢¥‘ teler dasmkfx"aiti ottt lel TRl st Lo yisse g it ')
ynset('hair_shir ' set ca nse , Synsé urtleneck.n. , ynsel izar.n
Siiet sbon-giol st erclogkn B0, e gﬁﬁeeﬂ%ﬁhuswaﬁts shonsiit o Tam%réqunsea{ T“fﬂsge%(@?u&anaynsait (SCEgRET il Lugrnegt | ebohest Alolycsinggt  soble.n-04"),
Synse br3551ere n.017 I Synset Eogndatloﬂ_garmen ! nset 5139 et.n 01 Synset(' arter el% .n.0l j gnse | ghemlseln .01'), Sy Ithl%oat n Ql' o ti 01h)
§¥H§8 g?asr¥ear 2 ? tynsgtfesw1m%1¥¥5¥oc %ngnng?l 'SyXEéff malTQU%n eﬁﬂe?r g se%( BXESEt u89¢5p3g¥§§gf?lyaéhm¥E ] élc?Tli?ngegleiacé vggi }- 02'?,l%gqsetz C%XH ? 18$¢§ 1e.n. !
ynse e roof_vest,n a galter nset{'overskirt ynset{ 'minis
SR Rabi skl th syhestls i gl SRR oE ki W} >5ynz”%§t&lt%“ T i %(-éxn§?§ibwgélt gl W] GpRnEEreti et 1n>m$¥"sets h%gvaklm 01,
et b e mﬁfmﬁ?mn &Fpﬁﬁm%)nWhﬂWWW?&smﬂﬁﬁnﬁ“N“ﬁ%H&&m)
éynse :Be??BoE%om_ rouéggg b i gynse%( 8a]§ QT §y se%f$salwa§ f, éX i é Rae ? %retcg p?htsy SE g{ SBE( Brg Aelin ¥?$? g p¥? annélin, ?%' 4
Synse Isweat_pants1n.01 , Synset('cords fflatwork ynset swea shirt Synset (*pallium.n. Z, Synset('capote, Synsgt %ellaba .N.
sethgmaet ol Seellicien G0 Syais el 00T et b o, Sipsetl ot e Inaf- 8ol St 8l L} otndin.e2,
Synse sheepskln_ggqm‘c'nsgl'),c Synse 'toppérln 05" nset( coateeen 01" % nset('grea coa n.0 'é,_Synset( surcoat 0 5 Synset( duffﬁlfcoa é), Synset k'frock coat,n.01’
§¥H§8 ﬁ ascgr? n. 0%1}5y§§ﬁsétz(qgcgercﬂl % % aiyyseg nse%?cup{1¥t I 62 yngYnée%?ccvrseE 8}é}: iﬂg% ( {ngﬁtnnﬁgl),'% ¥EékF(c??Hg Thes B;Q?l g'SyxgéffhsEQSViggwnn qlﬂ
nse ohns.n. ns ingerie.n, drawers.n nse riefs.n e 1 ants.n. nse
éynse ,Blog@%rs n ?1'), ang% ? gapt H 01 i ¥ygset ;gdsog_tla 0 61 ¥ ¥ set( four agd X % :g MTSEté s;rlg ¥1% n.ol1! ), Sgﬁseté holo t1e n 0%' , gnset ?1§ sghool F;g n.ol'),
nsé w_tie,n.01%),’ Synse f n CKC Y 1" % Syhse *Rigabon ane i dirn 1 9n pant 1 ? % et two g hree=
slﬁggT UIlﬁn'%%&r ﬁyaigFY'%en t( b cks n 'ledgrngge? man { Eti eFﬂgegrshortssg n.o1' gsgge' thRat:p n@l S nset? h{1$cses 102 i %?'cﬁﬁggﬂk oiejn o h
Rgg :Eérgtsinléiéjﬁ 8¥ﬁ§e¥§3§5 ( bu 5} Z g nset( §ym§Ens t(am a ket n. Egmeez 2?21?‘ u% eﬁtﬂ‘su%coa% nsggp?nor¥ lk%§ p¥a er—ﬁﬁ Ve gTét( b XE?: i ? Syggégl 'sack.n.@5'),
éynse :51ﬁgte—£re sted %ag 8} %% Rarka 01 ¥ § %?‘& Eman n. 81'%: g nse '%an?an n. 89';: §¥ E{ kin.m. Bi i %( 33 ﬁ ]acﬁe%
Synse grgsgln _sack@gl)l Sy Qset lumber% 519 t%ed ug— —01 0.0 0 Ly g set('bolero. na?' ),S s%(i ¥ess_1 @11) g ou%le bre?s &d_jacket 0)01 ),
§ nee 'cgpo{g? e§101( Syhse¥ $e Be% %68§¢ nS ef( XTS% 08912 nse%( cxeg% rfloTHer 6§¢§ Sgnsetz'erHég alg 28 3365¢F Synset ( ¥?gﬁch swa% o }a egyﬁo %( mac1nfosh n.e2'),
Synset('burberry.n.@l'),” Syn able_coat,n. % { 2! %, 'khimar.n.Q1') ynset('babushk '), ane 'hijab.n { ynset( Eanty irdle.n. %
Synset('undies.n.0i'), éyn t? nlghtgown n.o1’ ), ynset( black_tie.n.02'), Synset( whlte tie.n.01%), Synset(*ski. | parka .01'), Synset(' cagou e.n.01"), Synset 0115k1n n.ol"]




How do we compute similarity?

* A look at WordNet vs. Word Embeddings



WordNet: table and stool

Class Exercise: the relation between two senses
* noun table has 6 senses (first 3 from tagged texts)

1. (52) table#1, tabular array#1 -- (a set of data arranged in rows and columns; "see table 1")

2.é%5))table#2 -- (a piece of furniture having a smooth flat top that is usually supported by one or more vertical legs; "it was a sturdy
table'

3. (5) table#3 -- (a piece of furniture with tableware for a meal laid out on it; "l reserved a table at my favorite restaurant")

4. mesa#1, table#4 -- (flat tableland with steep edges; "the tribe was relatively safe on the mesa but they had to descend into the
valley for water")

5. table#5 -- (a company of people assembled at a table for a meal or game; "he entertained the whole table with his witty remarks")
6. board#4, table#6 -- (food or meals in general; "she sets a fine table"; "room and board")

* noun stool has 4 senses (first 1 from tagged texts)
1. (3) stool#1 -- (a simple seat without a back or arms)

2. fecal matter#1, faecal matter#1, feces#1, faeces#1, BM#1, stool#2, ordure#1, dejection#2 -- (solid excretory product evacuated
from the bowels)

3. stool#3 -- ((forestry) the stump of a tree that has been felled or headed for the production of saplings)

4. toilet#2, can#5, commode#1, crapper#1, pot#2, potty#1, stool#4, throne#2 -- (a plumbing fixture for defecation and urination)



WordNet: table and stool

Class Exercise: the relation between two senses

* Consider the following:

>>> for ssl in wn.synsets('table','n"'):
for ss2 in wn.synsets('stool','n'):
print(ssl,ss2,ssl.lowest_common_hypernyms(ss2))

* what do you expect to see?



Lowest
common
hypernym

furniture.n.01

table.n.02 table.n.03 seat.n.03

stool.n.01

>>> wn.synset('table.n.02').definition()

'a piece of furniture having a smooth flat top that
is usually supported by one or more vertical legs'
>>> wn.synset('table.n.03"').definition()

'a piece of furniture with tableware for a meal
laid out on it

‘table.n.01'
'table.n.01'
‘table.n.01'
'table.n.01'
'table.n.02'
'table.n.02'
‘table.n.02'
'table.n.02'
'table.n.03'
'table.n.03'
'table.n.03'
'table.n.03'
'mesa.n.01’
'mesa.n.01’
'mesa.n.01’
'mesa.n.01’
'table.n.05'
'table.n.05'
'table.n.05'
'table.n.05'
'board.n.04'
'board.n.04'
'board.n.04'
'board.n.04'

'stool.n.01"
'‘fecal_matter.n.01'
'stool.n.03'
'toilet.n.02'
'stool.n.01"
‘fecal_matter.n.01'
'stool.n.03'
'toilet.n.02'
'stool.n.01"
‘fecal_matter.n.01'
'stool.n.03'
'toilet.n.02'
'stool.n.01"
‘fecal_matter.n.01'
'stool.n.03'
'toilet.n.02'
'stool.n.01"
‘fecal_matter.n.01'
'stool.n.03'
'toilet.n.02'
'stool.n.01"
‘fecal_matter.n.01'
'stool.n.03'

'toilet.n.02'

'entity.n.01'
'abstraction.n.06'
'entity.n.01'
'entity.n.01'
‘furniture.n.01’
'physical_entity.n.01'
‘whole.n.02'
'artifact.n.01'
‘furniture.n.01’
'physical_entity.n.01'
‘whole.n.02'
‘artifact.n.01'
'object.n.01'
'physical_entity.n.01'
'object.n.01'
'object.n.01'
'entity.n.01'
'abstraction.n.06'
'entity.n.01'
'entity.n.01'
'physical_entity.n.01'
‘matter.n.03'
'physical_entity.n.01'

'physical_entity.n.01'



.path_similarity()

if distance is None or distance < 0:
path_similarity(other, verbose=False, simulate_root=True) return None

return 1.0 / (distance + 1)

Path Distance Similarity: Return a score denoting how similar two word senses are, base

shortest path that connects the senses in the is-a (hypernym/hypnoym) taxonomy. The score is in
the range 0 to 1, except in those cases where a path cannot be found (will only be true for verbs
as there are many distinct verb taxonomies), in which case None is returned. A score of 1
represents identity i.e. comparing a sense with itself will return 1.

* Examples:
wn.synset('table.n.02').path_similarity(wn.synset('stool.n.01'))
Q.25
wn.synset('table.n.02').path_similarity(wn.synset('seat.n.03"'))

furniture.n.01l

table.n.02 table.n.03 seat.n.03

stool.n.01

0.33 Other similarity metrics:

wn.synset('furniture.n.@1').path_similarity(wn.synset('seat.n.03"')) lch_similarity()
.wup_similarity()

0.5 —

.res_similarity()

wn.synset('table.n.02').path_similarity(wn.synset('table.n.03"')) .jen_similarity()

0.33 .lin_similarity()




Word Embeddings: similarity

* Install gensim

* Gensim is a Python library for topic modelling, document indexing and similarity
retrieval with large corpora.

* https://radimrehurek.com/gensim/
« pip3 install gensim

* Use with nltk:
* https://www.nltk.org/howto/gensim.html



https://radimrehurek.com/gensim/
https://radimrehurek.com/gensim/
https://www.nltk.org/howto/gensim.html
https://www.nltk.org/howto/gensim.html

Word Embeddings: similarity

* NLTK includes a pre-trained model which is part of a model that is trained on 100 billion words from
the Google News Dataset.

* https://code.google.com/archive/p/word2vec/ We are publishing pre-trained vectors trained on part of Google
News dataset (about 100 billion words). The model contains 300-

dimensional vectors for 3 million words and phrases. The phrases
° Pyt hon: were obtained using a simple data-driven approach described in
>>> impo rt gens im [2]. The archive is available here: GoogleNews-vectors-
negative300.bin.gz.

>>> from nltk.data import find
>>> word2vec_sample = str(find('models/word2vec_sample/pruned.word2vec.txt'))

>>> word2vec_sample

'/Users/sandiway/nltk_data/models/word2vec_sample/pruned.word2vec.txt'

>>> model = gensim.models.KeyedVectors.load_word2vec_format(word2vec_sample, binary=False)

>>> len(model)
43981 m

>>> len(model['stool'])
300 word vector length



https://code.google.com/archive/p/word2vec/
https://code.google.com/archive/p/word2vec/

Word Embeddings: similarity

>>> for word,score in model.most_similar(positive=['stool'], topn=10):
print(f"{word:10} {score:.2f}")

worktable 0.49 >>> model.similarity('stool', 'table')
sofa 0.49 np.float32(0.37125772)

footstool 0.48

couch 0.45

mat 0.42

banister 0.41

chair 0.41

uncurled 0.41

chaise 0.40

hammock 0.40



Word Embeddings: similarity

stool
worktable
sofa
footstool
couch

mat
banister
chair
uncur led
chailse
hammock

gensim
.49
.49
.48
.45
.42
.41
.41
.41
.40
.40

OO0 OO0

WordNet path_similarity
0.2
.33
.5
.33
.11
.1
.33
.07
.25
.17

S

(SIS RGN O R GSIRGS RN O B Q)



WordNet: coordinate terms (sister term)

stool#1 -- (a simple seat without a back or arms)
-> seat#3 -- (furniture that is designed for sitting on; "there were not enough seats for all the guests")
=>bench#1 -- (a long seat for more than one person)
=>bench#7 -- ((law) the seat for judges in a courtroom)
=> box#8, box seat#2 -- (the driver's seat on a coach; "an armed guard sat in the box with the driver")
=> box seat#1 -- (a special seat in a theater or grandstand box)

=> #1 -- (a seat for one person, with a support for the back; "he put his coat over the back of the
hair and sat down")

=> ottoman#3, pouf#2, pouffe#1, puff#6, hassock#1 -- (thick cushion used as a seat)

HAS INSTANCE=> Siege Perilous#1 -- (the le%endary seat at King Arthur's Round Table reserved for the
knight who would find the Holy Grail; it was fatal for anyone else to sitin it)

=> #1, #1, lounge#1 -- (an upholstered seat for more than one person)

=> stool#1 -- (a simple seat without a back or arms)
=> toilet seat#1 -- (the hinged seat on a toilet)



WordNet: hyponyms (full)

stool#1 -- (a simple seat without a back or arms)
=>campstool#1 -- (a folding stool)
=> cutty stool#1 -- (a low stool; formerly in Scotland, a seat in a church where an offender was publicly rebuked)
#1, footrest#1, ottoman#4, tuffet#1 -- (a low seat or a stool to rest the feet of a seated person)
=>milking stool#1 -- (low three-legged stool with a half round seat; used to sit on while milking a cow)
=>music stool#1, piano stool#1 -- (a stool for piano players; usually adjustable in height)
=> step stool#1 -- (a stool that has one or two steps that fold under the seat)

=>taboret#1, tabouret#1 -- (a low stool in the shape of a drum)



Case: hammock and stool

The noun hammock has 2 senses (no senses from tagged texts)

* 1. knoll#1, mound#2, hillock#1, hummock#1, hammock#1 -- (a small
natural hill)

* 2. hammock#2, sack#6 -- (a hanging bed of canvas or rope netting
(usually suspended between two trees); swings easily)

* WordNet:

« from nltk.corpus import wordnet as wn

« wn.synset('stool.n.01').path_similarity(wn.synset('hammock.n.02"'))
- 0.167

« Synset('hammock.n.02') Synset('stool.n.@1') have lowest common
hypernym Synset('furniture.n.01")



Word Embeddings: similarity

* word2vec (Mikolov et al., 2013): representing words as vectors

» 2-layer neural net model trained on large corpora

* more advanced models: e.g. GloVe, BERT

INPUT

w(t-2)
P I

PROJECTION OUTPUT INPUT

w(t+1)

w(t+2)

cBOw Skip-gram

PROJECTION  OUTPUT

w(t-2)

wi(t-1)

w(t+1)

w(t+2)

In models using large corpora and a
high number of dimensions, the skip-
gram model yields the highest overall
accuracy, and consistently produces
the highest accuracy on semantic
relationships, as well as yielding the
highest syntactic accuracy in most
cases. However, the CBOW is less
computationally expensive and yields
similar accuracy results. (Wikipedia)

CBOW = Continuous Bag of Words




Word Embeddings: similarity

Table 1: Examples of five types of semantic and nine types of syntactic questions in the Semantic-
Syntactic Word Relationship test set.

Type of relationship Word Pair 1 Word Pair 2 Model Vector Training Accuracy [%]
Common capital city Athens Greece Oslo Norway Dimensooity | svonds - -

All capital cities Astana Kazakhstan Harare Zimbabwe NNLM 100 6B Se;lr;nc Sygr;tlc ”15‘321
Currency Angola kwanza Iran rial CBOW 1000 6B 57.3 689 | 63.7
City-in-state Chicago Illinois Stockton California Skip-gram 1000 6B 66.1 65.1 65.6
Man-Woman brother sister grandson | granddaughter

Adjective to adverb apparent apparently rapid rapidly

Opposite possibly impossibly ethical unethical

Comparative great greater tough tougher

Superlative easy easiest lucky luckiest

Present Participle think thinking read reading

Nationality adjective | Switzerland Swiss Cambodia | Cambodian

Past tense walking walked swimming swam

Plural nouns mouse mice dollar dollars

Plural verbs work works speak speaks




.most_similar()

Vector Arithmetic
Semantics (not possible
with WordNet)

* Example:

« the vector ‘King - Man + Woman’ is close to
‘Queen’

>>>

model.most_similar(positive=["'woman'

, 'king'], negative=['man'], topn=3)

[('queen', 0.7118193507194519),
('monarch', 0.6189674139022827),
('princess', 0.5902430415153503) ]

King

Queen




word2vec

* Examples:
* https://medium.com/plotly/understanding-word-embedding-arithmetic-why-theres-no-single-answer-to-
king-man-woman-cd2760e2cb7f

* [Y]ou have to include some ‘cheating’. The actual result [is] King - Man + Woman = King. So, the resulting
vector would be more similar to King than to Queen. The [...] example only works because [...] the algorithm
will exclude the original vector from the possible results! Second comes Queen, which is what the routine will

then pick.

« model.most_similar(positive=['woman', 'king'], topn=3)

[('man', 0.6628608107566833), ('queen', 0.6438565254211426), ('girl',
0.6136073470115662) ]

+ model.most_similar(positive=['programmer"', 'woman'],negative=['man'], topn=3)
[('designer! 1 0.4621824622154236), ('librarian', 0.45112138986587524),
('copywriter', 0.42773979902267456) 1

+ model.most_similar(positive=['surgeon', 'woman'l],negative=['man'], topn=3)
[("gynecologist', 0.6832519173622131), ('doctor', 0.6073117256164551),
('hysterectomy', 0.5785969495773315)


https://medium.com/plotly/understanding-word-embedding-arithmetic-why-theres-no-single-answer-to-king-man-woman-cd2760e2cb7f
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.most_similar()

* Example:

» ‘Germany - Berlin + Paris’ is close to ‘France’.
>>> model.most_similar(positive=['Paris', 'Germany']l, negative=['Berlin'],
topn=3)

[('France', 0.7884091138839722), ('Belgium', 0.6197876930236816), ('Spain',
0.5664774179458618) ]



.most_similar()

* Semantic Examples:

* granddaughter - sister + brother = grandson

>>> model.most_similar(positive=['brother', 'granddaughter'],
negative=['sister'], topn = 3)

[('grandson', 0.8567124605178833), ('nephew', 0.8048675656318665),
('son', 0.8035288453102112)]

* grandmother - sister + brother = uncle

>>> model.most_similar(positive=['brother', 'grandmother'l],
negative=['sister'], topn = 3)

[('uncle', 0.7744704484939575), ('father', ©.7595500349998474),
('grandfather', 0.7549421787261963)]



.most similar()

* Syntactic Examples:

* bigger - small + big = biggest
>>> model.most_similar(positive=['big', 'bigger'], negative=['small'l, topn = 3)

[('biagest' 0.5590152740478516), (‘'huge', 0.5318294167518616), ('helluva',
0.4900902211666107) ]

* quicker - slow + quick = quickest

>>> model.most_similar(positive=['quick', 'quicker'], negative=['slow'], topn = 3)
'quickest!’ .4 1864008903503), ('faster', 0.4744618833065033), ('easier',

0\ 484415555304978%37 )y |

* colder-warm + cold = warmer
>>> model.most_similar(positive=['cold', 'colder'], negative=['warm'], topn = 3)

('warmer', 0.5285316109657288), ('Cold', 0.5240233540534973), ('frigid',
0.5069639086723328) ]



Word Embeddings: similarity

>>> model.similarity('table', 'stool")
0.37

>>> model.similarity('mesa', 'stool")
KeyError: "Key 'mesa' not present"
>>> model.similarity('table', 'toilet"')
0.21

>>> model.similarity('table', 'house"')
0.19

The noun mesa has 2 senses (no senses from tagged texts)

1. mesa#1, table#4 -- (flat tableland with steep edges; "the tribe was relatively safe
on the mesa but they had to descend into the valley for water")

2. Mesa#2 -- (a city in Arizona just to the east of Phoenix; originally a suburb of
Phoenix)




