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Vector-based models
identify

the different word senses
constantly and irrespectively
of co-occurring context



Previous work
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Meaning
IS a probabllity

over Senses



Sense distribution for

performance B traffic fan B food

0.4

0.3

0.25

Probability

0.05

Word sense

<P(performanceljam), P(traffic|am), P(fan|jam), P(food|jam)>



JA

directly modulates
worda’s sense
distribution



Sense distribution for music [am

| performance B traffic | fan B food

0.7

0.25

Probability

0.03 0.02

Word sense

<P(performanceljam,music), P(traffic|jam,music), P(fan|jam,music), P(food|jam,music)>



Good ideas need good
strategy to realize
their potential.




Model input: co-occurrence matrix

100 5 32 10
60 3 /} 0
3 94 120 11
5 167 118 9
0 3 30 145

e Rows are

e Columns are

e A cell (i, j) is the co-
occurrence count of
with the
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share a global
set of latent
SEenses



Meaning as a distribution over K senses

v(t) = <P(zilt),..., Pzt)>

v(am) = <P(performancel|jam), P(traffic|jam), P(fan|jam), P(food|jam)>
given a

v(ti c) = <P(z1|t; c)),..., P(zt; c)>

v(jam, ) = <P(pljam, ), P(trafficljam, ), P(fan|jam, ), P(food|
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P(zx

ti, c;) estimation

P(Zk‘ti, Cj)

B P(ti,Zk)P(Cj|Zk,ti)

; Zk P(tivzk)P(Cj|Zkvt’i)
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P(zx

ti, c;) estimation

P(t;, zx)P(ci|zg, t;)
P(zi|ti, c;) = ’ L
0 €3) = 5= Pty 5 Pl )

Assume, that target words and context
features are conditionally independent
given a sense

P(t;,cjlz) = P(ti|2k) P(cj|2k)
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P(zx

ti, c;) estimation

Plaltioc;) = P(t;, z1)P(cj|zk, t;)
Zk (tzvzk)P(C]|Zk7tz)

Assume, that target words and context
features are conditionally independent
given a sense

P(t;,cjlz) = P(ti|2k) P(cj|2k)

P(zilts) Ples]zn)

P(zy|ti, cj) = S Pz|ti) Plc;|z)
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P(zt) and P(cj|zx)
estimation

Latent sense induction
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Approximate an input
matrix

Non-negative matrix factorization
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Non-negative matrix factorization

V = \WH

100 6 32 10

o0 3 4 O

94 120 11

167118 9

O O1 O

3 30 145




Non-negative matrix factorization
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Non-negative matrix factorization

An Iterative algorithm

minimizes divergence between
V and WH

DIWH) = 3 (Vitog (i ) - Vio + (V)

2,]



Factor matrices interpretation

V = \WH
{ P(t;, c) f

20 2.43 2.12 .0
o6 .0 .32 1.37
01 .02 .08 .07
0 .01 .01 .0Of
01 a7 11 .02
02 .16 14 .0
02 0 .04 .15

21



A

Factor matrices interpretation

V =

o

H

iz

20 2.43 2.12 .0
o6 .0 .32 1.37
01 .02 .08 .07
0 .01 .01 .0Of
01 a7 11 .02
02 .16 14 .0
02 0 .04 .15
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\/’/ =P (til C]) v

WH

Q




Bik = DjHki B




(WB)ik = >j WikHyi = P(ti, zx) = ws




(B-1H)kj — HkI/ZIij = P(Cj‘Zk) B-1H




(1, zx) and P(cj|zx) estimation

(WB)ik = P(ti, zx)
(B"H)x = P(cj|z«)
V = WH = WBB-'H = (WB)(B-'H)

Vu Zk WB |k B H kj Zk t|, Zk CJ‘ZK



Initially, we wanted
and

For now we have
and P(ti, zx)



P(z|t) and P(cj|zx) estimation

(A"WB)ik = (A)i(WB)ik = P(z«|ti)
(B'H)xj = P(cijlz«)
V = WH = A(A-"WB)(B-H)

Vij = Yk P(ti)P(zk[ti)P(cj|zk)



Matrix factorization: summary

Find factors W and H
Define diagonal matrices A and B

Rewrite WH as A(A-TWB)(B-'H) to obtain
required probabilities



Word sir

larity

exical substr

‘ution

Evaluation
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Word similarity: sim(t, t’) = sim(v(t), v(t’))

SVS 38.35
LSA 49.43
NMF 52.99
HDJA 53.39
LSAmix 49.70
NMFmix 51.62
LDAmix 51.97

Judge similarity
of words out of
context

Compared with
353 word pairs
judged by
humans
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L exical substitution

SVS 11.05
Add-SVS 12.74
Add-NMF 12.85
Add-LDA 12.33
Mult-SVS 14.41
Mult-NMF 13.20
Mult-LDA 12.90
Cont-NMF 14.95
Cont-LDA 13.71

Cont-NMF mix 16.01
Cont-LDAmix 15.53

Rank appropriate
substitutions

200 target words,
iIn 2000 sentences.
Human provided
substitution
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Distinguish target words
and contextual features

Future work




Compute collective
INnfluence of contexts

Future work
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THE ENGLISH WaRD
1SET HAS 464 MEANINGS

Avolid usage of a global
set of senses

Future work



Conclusion

Word meaning Is represented as a distribution
over latent senses. Contexts modulate word
meaning distribution.

NMF and LDA are used to induce the latent
Senses.

This method outperforms previously reported
results in word similarity and lexical
substitution.

38



References

G. Dinu, M. Lapata (2010):

Proceedings of EMNLP-10

D.D. Lee, and S.H. Seung (2001):

Advances in Neural Information Processing
Systems

39



Artwork credits

e Unicorn and rainbow
e Startup quote

e Probability

e Fields

® Arrows

e Clips

e Measure

e Tears

e Difference

e Cookies

e Meanings
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