Computational Semantics

Q@ A7V —4FEM category specificity Warrington (1975); Warrington &
Shallice (1979, 1984)

Q EFBLZMEAIM basic level superiority
Q _L{IES{R7F super-ordinate category preservation
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analogy by vector space
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Figure 1: Mikolov, Yih, & Zweig (2013) & D
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Figure 2: Mikolov, Sutskever, Chen, Corrado, & Dean (2013) &b
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word2vec

CBOW SKIPGRAM
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| am selling these fine leather jackets

Figure 3: Z£:CBOW, &H:AF¥w 795 L Joulin et al. (2017)
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For a word w with N word vector sets {c (w)} representing the words found in its
contexts, and window size W, the empirical variance is:

1 N W
T Z ZJ (e =w) (e wy; - W)T @

This is an estimator for the covariance of a distribution assuming that the mean is
fixed at w. In practice, it is also necessary to add a small ridge term ¢ > 0 to the
diagonal of the matrix to regularize and avoid numerical problems when inverting.
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Objective function of word2vec

@ skip gram:
JzZZlogP(clw) )
weD ceC
e CBOW:
J:ZZlogP(wlc) (3)
weD ceC
where,
D: £F%
C: BEE w DOBHE +/ OFEEICHIRT 558

P((,|w) BiEE w D SBHESER C EFRT HHER
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@ word frequency in NTT-DB
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Figure 4: Relations between NTT-DB and word2vec i « %)l (2017)
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Negative Sampling

P() RRELITF D &K 573 softmax function:
exp (wy, V)
Zw' eXp (V;ET’W/)

FEBICIEEFLE I EEBITI0OTREL, EEEEEHRT LS HEEM
Y7V Y IHRBERLICE ST S Mikolov et al. (2013), U TOREIDE 2 IE,

P(clw) = (4)

log P(C|w) « logo (vxﬁc) + KE,-p, [log o (—vlﬁ,)] , (5)

CCTHIOE 2 HDHFHER—R2%H P, D SEE rZ kAT TV VI UREE
1, 0 BT EAREE = (1 +exp(—x) THBo

Goldberg & Levy (2014); Levy & Goldberg (2014a) I& word2vec & shifted PMI
ThHdltzTik,

Py _ ng(XIy) :logp(ylﬂ
p@)p©) p(x) r»

https://en.wikipedia.org/wiki/Pointwise_mutual_information

1pmi(x, y) = log
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https://en.wikipedia.org/wiki/Pointwise_mutual_information

Shifted PMI

M,’J = PMI (W,’,Cj) - IOgK = wiTWj (6)

BELXIRDIEEZ PMI TEHAIL T, 28ERE (BRTNRI ML) 28K 3
DITELY Levy & Goldberg (2014b)o
d—/XARDHFEREEL n (v, c) PHIZIEE n (w) ZAWVT SGNS(

) DEMBEHEERTZ L,

J = - Z Z logO' v, vL —KE,p, [loga(—vlﬂ)] (7)
weD ceC
= - Z Z n(w,c)logo (VJVC)
weD ceC
- Z n(w) KE,p, [log o (—V;Vr)] (8)

weC
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HfHED Y ZATHICEIRI B &,

Erp, [105% o (—VVTVVr)] = % logo (—vl?,) (9)
reve
(c)
= % log o (—VI,VL)
+ Z 10g0'(—v$'17,) (10)
reve\c
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BHREBDSSE, w & c KBTI BRMAEFZEMOHT L,

i@wc)=—nOMc)bgo(ﬂﬁa)—n(w¢ﬂkﬁiglog0(—ﬂﬁﬂ) (11)

ID|
x=vv. &ULT, l(w,c) Z x TRBALTO &EBL L,

ol (w,c) n(c)

pp = —nw,c)o(—=x)+kn(w) WO' (x) (12)
= nw,o){ox)—1}+«kn(w) %Ux (13)

0 (14)
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EXEBETI L,

kn(w)n(c) B _kn(w)n(c)
{1 + W}U(X) =l exp (=x) = —|D|n .0 (15)
Lfehi- T,
X = v (16)
_ IDIn (w, c)
B kn(w)n(c) (17)
_ IDln (w,c)
h n(w)n(c) : (18)

= PMI (w,c) —log (k) (19)
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