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Computational linguistics:
g & \Vhere do we go from here?

by Mark Johnson
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e Structuring E-Commerce Inventory

* Computational Approaches to Sentence Completion

» Baselines and Bigrams: Simple, Good Sentiment and
Topic Classification

» Spectral Learning of Latent-Variable PCFGs



Structuring E-Commerce
Inventory [Mauge+] (1/2)
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Structuring E-Commerce
Inventory [Mauge+] (2/2)
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Computational Approaches to
Sentence Completion [zweig+] (1/2)
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1. One of the characters in Milton Murayama’s
novel 1s considered _______ because he deliber-
ately defies an oppressive hierarchical society.
(A) rebellious (B) impulsive (C) artistic (D)
industrious (E) tyrannical



Computational Approaches to
Sentence Completion [zweig+] (2/2)
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Baselines and Bigrams: Simple, Good Sentiment
and Topic Classification [Wang and Manning] (1/2)

« FFHICRE VO DNES XD E#EL

« word bigram feature(3FF¥]358(C%h <
« XENRTEULIFE. Naive Bayes > SVM

« XENEWGZEICEMHED KX VINBSVMZIE

7l




Baselines and Bigrams: Simple, Good Sentiment
and Topic Classification [Wang and Manning] (2/2)
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the count vectors as p = «a + Zi;y(i):l f(0) and

q= -+ Zi:y(@):_l £ for smoothing parameter
«. The log-count ratio is:
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Spectral Learning of
Latent-Variable PCFGs [Cohen+]
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Spectral Learning& (& 7
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Spectral LearningDES
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L-PCFG & (&
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Sl T1:S—>NPVP
/\ ro = NP — DN
NP, VP- r3 = D — the

o~ o~ ry = N — dog
Ds Ny Vg Py rs = VP — VP

| | | | r¢ = V — saw
the dog saw him r7 = P — him

Figure 1: An s-tree, and its sequence of rules. (For con-
venience we have numbered the nodes in the tree.)
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pla(h1) = b(hz2) c(hs)|a(h1)) =
qg(a — b clhi,a) x s(halh1,a — b c) x t(hglhi,a — b c)

and p(a(h) — x|a(h)) = q(a — z|h,a).
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¢« LIFCTHTL 37 VYVIVIEEIL D3RS &
B D T KU\ (Tucker decomposition& MMEH T THLLY)
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Definition 1 4 tensor C € R™™X™) js g set of
m> parameters Cijkfori,j, k € \m|. Given a ten-
sor C, and a vector y € R™, we define C(y) to be
the (m x m) matrix with components [C(y)];; =

ZkE[ﬂL] Ci:j;kyk-

Finally, for vectors x,y,z € R™, xy'z' is the
tensor D € R™*™*"™ where D = x,yiz (this
is analogous to the outer product: [zy ' |; x = z;y).
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Algorithm: (calculate the f* terms bottom-up in the tree)
e Foralli € [N] suchthata; € P, f* = ¢

e Foralli € [N]suchthata; € Z, f* = f7C"i(f”) where
3 1s the index of the left child of node 2 in the tree, and ~y
is the index of the right child.

Return: f'cg, = p(ri...rn)
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Theorem 1

s LITFTOGHEEINIE., CHAEETD
1. For all rules a—bc C7P¢(y) =
GcTa—>b Cdiag(beS“%b C)Qa—>b C(Ga)—l

2. Forall rules a — x, ¢, =1'Q*7*(G*)~}

3. Foralla € Z, ¢! = G%x®
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1. Observable representationZ{E3
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e inside tree, outside treeN\SEMERT LILEAE
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- (t) € RAd (t: inside tree)
- (o) € RAd' (0: outside tree)
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Observable Representation A
ERLHETERIT D

Y1=(U")'¢(T1) Z= (V") 4(0)

Yo = (U”) ' ¢(Ta) Y3 = (U®)' ¢(T5)
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