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Function Application

(AS(esty testyy - f (AT Dok e 1y (2))) (Ag(e,ty-AYe-g(y) ATed e 1y (1))
5 ()\g<e,t> AYe-g(y) A red . 4 (y))()\a:e.book<e,t> (x))

— AYe-(ATe. D00k ¢ 1y (7)) (y) Ared e (y)

— AYe-booke 1) (y) A red e s ()



Function Composition

9((e,t),(e,t)) = )\h(e,w.)\we.h(w) A yellow(x)

Fiety (e,t)) = Ak(e.ty-AYe.k(y) A square(y)

Let Aty be a (e, t)-typed logical expression

g((e,t),(e,t))(A(e,t)) = ()\h(e,ﬂ.)\:ce.h(a:) N yellow(a:))(A(e,t)) =
(Azeh(z) Ayellow(z))[h — Aey] =
AZe.Afey () A yellow(z)

Fiiety (ety) (Bie,ty (e,tyy (Age,ty)) =
(Ake,ty-AYe-k(y) A square(y))(Aze.Ae s (z) A yellow(x)) =
(AYe-k(y) A square(y))[k = Aze.A(e 1) (z) A yellow(z)] =
Ne-(Ae- A ey () A yellow(z)) (3) A square(y)) —
AYe-(A(e,ty (z) A yellow(z)) [z = y] A square(y)) =
AYe-Ale,t) (y) A yellow(y) A square(y))

Add a new variable and mapping: )\z(e,t)-f((e,t),(e,t))(g((e,t),(e,t))(A(e,t)))[A — Z] =
(AZ(e,ty-AYe-A(e,t) (y) A yellow(y) A square(y)))[A — 2] =

AZ(e,t)-MYe-2(y) A yellow(y) A square(y)) = (f((e,ty. (e - I((est) (ent)) ) ((est), (e,t))
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Complex Conjunction with
Composition

square blue or round yellow pillow
N/N N/N (N/N)\(N/N)/(N/N) N/N N/N N
Af . f(x) Asquare(z)  AfAx.f(x) Ablue(z) AR AgAfAx.f(x) A (g(Ay.true,z) V f(Ay.true,z)) Af ) x.f(x) Around(z) Af.Ax.f(x) Ayellow(z) Az.pillow(x)
NN >B NN >B
Af Az f(z) A square(z) A blue(x) A2z f(z) Around(x) A yellow(x) N
(N/N)\(N/N)
AgAf Az f(x) A (g(Ay.true, xg V (round(z) A yellow(z)))
N/N
AfAzx.f(x) A ((square(z) A blue(z)) V (round(x) A yellow(x)))

N
Az.pillow(z) A ((square(z) A blue(x)) V (round(z) A yellow(z)))
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Y Factored Lexicon

S|NP : Az. y@'@;

\flight > SINP/(SINP) : Af. ,\xyl_zg_@@ f(x)
OIaT-{EIR |flight) - S|INP\(S|NP) : Mf.\z.flighl(z) A f(x)

W'{[fe)gM ground transport |+ S|N P : Az.trans(z)
“ground transport \F S|INP/(S|NP) : Af.Azcltmn%(a:) A f(x)
ransport{ - S|INP\(S|NP) : )\f.)\:z:.qr/m_@r) A f(z)

(flight, { flight})
(ground transport, {trans})

Factored _
Lexicon Mw, {v;}7).JwF S|NP : Az.vi(z)]
Mw, {0:Y2).Jw F SINP/(S|NP) : M Az (z) A f(z)]

Mw, {v;}7).lw F S|INP\(S|NP) : A\fAz.v1(x) A f(x)]
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Structured Perceptron

® Simple additive updates

= Only requires efficient decoding (argmax)

= Closely related to MaxEnt and other
feature rich models

= Provably finds linear separator in finite
updates, if one exists

® Challenge: learning with hidden variables



Structured Perceptron

Data: {(z;,y;):i=1...n}

Fort=1...T: Y s [iterate epochs]
>t
For:=1...n: ( ]@M [iterate examples]
y* < arg max, (0, ®(x;,y)) [predict]
If y* # y;: [check]
0 < 0+ O(x, yi) — ®(z;, y*) [update]
N
o :

[Collins 200



One Derivation of the Perceptron

cw-f(z,y)

Log-linear model: p(y|z) = S ewf@y)
yl

Step |: Differentiate, to maximize data log-likelihood

update = Z f(@isvi) = Ep(yla) f (@i, y)

Step 2: Use online, stochastic gradient updates, for example i:
updatei = f(wza yz) — Ep(y|:vz)f($za y)
Step 3: Replace expectations with maxes (Viterbi approx.)

update; = f(%,yi) — f(fl?z',y*) where y* = arg mSX’w ’ f(fl?z', Y)



Hidden Variable Perceptron

Data: {(:U,,,,yz) 1 =1.. n}

Fort=1...17T": \\\C%i:ogp—\ [iterate epochs]
Fori:=1...n: \ [iterate examples]
J
y*, h* < arg max, (0, ®(z;, h,y)) [predict]
If y* # y;: [check]

h! « arg maxy (0, ®(x;, h,y;) [predict hidden’
6« 0+ O(x;, h, yz) — &(x;, h*, y*) [update]

[Liang et al. 2006; Zettlemoyer and Collins 2007



The Perceptron with Hidden Variables

\P(M(’P Do)

(o’

Log-linear L ew f(z,h,y)
model: p(ylz) =) pl(y,hlz) Py, hlz) = S € F@h )
h )

Step |: Differentiate marginal, to maximize data log-likelihood

update = Z p(hly;,z:) f(wza h yz)] Ep(y,hkci)[f(wi) h7 y)]
Step 2: Use on||ne stochastic gradient updates, for example i:

upda'tei — Ep(y h|:cz)[f($zv h yz)] p(y hlz; )[f(wza h y)]

Step 3: Replace expectations with maxes (Viterbi approx.)
updatei — f(aj?,a hla yZ) o f(x’ta h*a y*) where

y*, h* = arg maxw - f(ziyh,y) and h' = arg maxw - f(xi, b, ys)
Yy,



Hidden Variable Perceptron

® No known convergence guarantees

= Log-linear version is hon-convex
® Simple and easy to implement

= Works well with careful initialization
® Modifications for semantic parsing

= Lots of different hidden information

= Can add a margin constraint, do
probabilistic version, etc.



Learning Algorithm

Initialize € using Ag , A <+ Ay
Port=1;..2,40=1...7;

Step 1: (Lexical generation)
Step 2: (Update parameters)

Output: Parameters € and lexicon A

® Online

® |[nput:

® 2 steps:
= Lexical generation

= Parameter update

s
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Initialize 6 using Ag , A < A

Fort=1...T,i=1...n

Step 1: (Lexical generation) h—0w=3 corip
/ valid _____Z_—v V/_

Step 2: (Update parameters)
a. Set G; — MAXVi(GEN (z:;A);0) Goocd ovises

and B; < {ele € GEN(zi;;A) A =Vi(y)} God ie) ——= bt~ fratd
,,_tl Construct sets of margin violating good and D6 ee)
- bad parses: Z
L 3 _ﬂRiF{QIQEGi A db € B; Zé_OOC/L VRS g&“d
-~ s.1. (0, ®i(g) — (b)) < 1Ai(g, D)}

—>F; + {blb € B; ANdg € G;
5.8, 0,9:(9) - ®:(b)) < 7Di(g,b)}

c. Apply theaddi'/_‘tmpdam;_ﬂ
0 0 g S, ©ulr) [|—ovnds 7o god

]Elz[ ZeEEi (I)z(e) - > a“‘J +r o %@ bon/(

.ko ~

Output: Parameters 6 and lexicon A
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Learning Algorithm: Step-by-
step



Unified Learning Algorithm

Initialize 6 using Ay , A < Ag ® Online

Fort=1...T,o»=1...n:

® .
Step 1: (Lexical generation) In PUt°

Step 2: (Update parameters) { ( .
r;,Vi):i=1...n}
Output: Parameters 6 and lexicon A

® ) steps:
= Lexical generation

= Parameter update



Initialize 6 using Ay , A < Ay
Fort=1...T,o=1...n:

Step 1: (Lexical generation)
Step 2: (Update parameters)

Output: Parameters 6 and lexicon A

r

Initialize parameters and
lexicon

\

0 weights

A initial lexicon



Initialize 6 using Ay , A < Ag ,

Fort=1...T.i=1...n: lterate over data

Step 1: (Lexical generation) \

T" # iterations

n # samples

Step 2: (Update parameters)

Output: Parameters 6 and lexicon A



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ « GENLEX (x;,V;; A\, 0),
A< AU Mg
b. Let Y be the k£ highest scoring parses from
c. Select lexical entries from the highest scor-
ing valid parses:
Ai = Uyemaxv, v LEX ()
d. Update lexicon: A < AU \;
Step 2: (Update parameters)

Output: Parameters 6 and lexicon A



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ « GENLEX (z;,Vi; A, ), Generate a large set of

A AUAG , potential lexical entries
b. Let Y be the k£ highest scoring parses from
GEN (z;; \) \ y
c. Select lexical entries from the highest scor- 0 weights
ing valid parses: T; sentence
A < UyeMAXV;(Y;@) LEX (y) V; validation function
d. Update lexicon: A < AU \; GENLEX (z;,V;; A, 6)
Step 2: (Update parameters) lexical generation function

Output: Parameters 6 and lexicon A



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ « GENLEX (z;,Vi; A, ), Generate a large set of

A AUAG , potential lexical entries
b. Let Y be the k£ highest scoring parses from
GEN (LUZ'; )\) \\
c. Select lexical entries from the highest scor- 0 weights
ing valid parses: T; sentence
A < UyeMAXV;(Y;H) LEX (y) V; validation function
d. Update lexicon: A < AU \; GENLEX (z;,V;; A, 6)
Step 2: (Update parameters) lexical generation function

Output: Parameters 6 and lexicon A

Procedure to propose
potential new lexical
entries for a sentence



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ « GENLEX (z;,Vi; A, ), Generate a large set of

A AUAG , potential lexical entries
b. Let Y be the k£ highest scoring parses from
GEN (z;; \) \ y
c. Select lexical entries from the highest scor- 0 weights
ing valid parses: x; sentence
A < UyE MAXV;(Y;0) LEX (y) V; validation function
d. Update lexicon: A < AU \; GENLEX (z;,V;; A, 6)
Step 2: (Update parameters) lexical generation function

Output: Parameters 6 and lexicon A

V.Y =it f

Y all parses




Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ < GENLEX (z;,V;; A\, 0),
A< AU Mg
b. Let Y be the k highest scoring parses from
GEN (:277;; )\)
c. Select lexical entries from the highest scor-
ing valid parses:
Ai = Uyemaxv, v LEX ()
d. Update lexicon: A < AU \;
Step 2: (Update parameters)

Output: Parameters 6 and lexicon A

Get top parses ]

x; sentence
k beam size
GEN (x;; M) set of all parses



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ < GENLEX (z;,V;; A\, 0),

A< AU g ’ N
b. Let Y be the k£ highest scoring parses from . .
GEN (z;; \) Get lexical entries from
c. Select lexical entries from the highest scor- h|gh est scorin g valid
ing valid parses:
Ai = UyeMAXVi(Y;O) LEX(y) : parses )

d. Update lexicon: A < AU \;

6 weights
Step 2: (Update parameters)

) validation function
Output: Parameters 6 and lexicon A LEX (y) set of lexical entries
¢i(y) = ¢(xi, y)
MAXVi(Y;0) ={yly € Y AVi(y)A
Vy' e Y.Vi(y) =
(0,2;(y")) < (6,2i(y))}



Initialize 6 using Ay , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation)
a. Set \¢ < GENLEX (z;,V;; A\, 0),
A< AU Mg
b. Let Y be the k£ highest scoring parses from
GEN (x;; M)
c. Select lexical entries from the highest scor-
ing valid parses:
Ai = Uyemaxv, v LEX ()

d. Update lexicon: A<+ AU\ [ Update model’s Iexicon ]
Step 2: (Update parameters)

Output: Parameters 6 and lexicon A



Initialize 6 using Ag , A < Ag
Fort=1...T,1=1...n:

Step 1: (Lexical generation)
Step 2: (Update parameters)
and B; «+ {ele € GEN (xz;; A) A =V;(y)}
b. Construct sets of margin violating good and
bad parses:
Ri%{g|g€Gi A db € B;
s.t. (0, ®;(g) — Pi(b)) <vAi(g,0)}
EZ%{Z)“)EBZ A dg € G;
sit. (0, i(g) — 2i(b)) < 7vAi(g,b)}
c. Apply the additive update:
0 0+ i S, Bilr)
— 1z 2oeer; Pile)

Output: Parameters 6 and lexicon A



Initialize 6 using Ag , A < Ag

Fort=1...T,1=1...n:

Step 1: (Lexical generation) 4

Step 2: (Update parameters) Re-parse and group all
a. Set G; <+ MAXV;(GEN (x;;\);0) . ¢ y
and B; < {ele € GEN (z;; A) A =V;(y)} parses Iinto gOOd and

b. Construct sets of margin violating good and ‘bad’ sets
bad parses:

R; < {glg € G; A3be B, § weights
s.t. (0, ®;(g) — Pi(b)) < vAi(g,b)}
Ei%{b“)EBi/\HgEGi Cq :
V; validat funct
s.t. (0, ®i(g) — (b)) < 7Ai(g,b)} ij”javl ) 1;“ :ncf 105
c. Apply the additive update: (zi5 A) set of all parses
0 0+ 77 2rer, Pilr) ¢i(y) = ¢(zi, y)
e Yeep, Pile) MAXV;(Y;0) ={yly € Y AVi(y)A
Z . Vy' € Y.Vi(y) =
Output: Parameters 6 and lexicon A 0,8,(y/)) < (6, B, (1))}

T; sentence



Initialize 6 using Ag , A < Ag
Fort=1...T,1=1...n:

Step 1: (Lexical generation)
Step 2: (Update parameters)

a. Set G; + MAX‘/Z(GEN(SCZ,A),Q) 7 ~
and B; < {ele € GEN (z;; A) A ~Vi(y)} For all pairs of ‘good’
b. g;(?;t;;l;ts:sets of margin violating good and and ‘bad’ parses, if their
R+ {glg € G; AT € B scores violate the
s.t. (0, ®;(g) — ®i(b)) < vAi(g,b)} margin’ add each to

E; < {blb € B; Ndg € G; . : ‘ ’
s.t. (0, Di(g) — D5(b)) < vAi(g,0)} | ‘right’ and ‘error’ sets

c. Apply the additive update: respectively
00+ ﬁ ZTER' (I)Z(r) \ 9 h 4
' ' weights
_ﬁ ZGEEi (I)Z<€) ¥ .
7 margin
Output: Parameters 6 and lexicon A bi(y) = d(zi,y)

Ai(y,y) = |Pi(y) — (¥ )11



Initialize 6 using Ag , A < Ag
Fort=1...T,1=1...n:

Step 1: (Lexical generation)
Step 2: (Update parameters)
and B; «+ {ele € GEN (xz;; A) A =V;(y)}
b. Construct sets of margin violating good and
bad parses:
Ri%{g|g€Gi A db € B;
s.t. (0, ®;(g) — Pi(b)) <vAi(g,0)}
EZ%{Z)“)EBZ A dg € G;
s.t. (0, ®;(g) — @i(b)) <vAi(g,0)}
c. Apply the additive update:
0«0+ ﬁ ZreRi ®;(r)
_|T1,i| ZeEEi (I)Z(e)

Output: Parameters 6 and lexicon A

Update towards
violating ‘good’ parses
and against violating ‘bad’
parses

0 weights
¢i(y) = o(wi,y)




Initialize 6 using Ay , A < Ag
Fort=1...T,o=1...n:

Step 1: (Lexical generation)

Step 2: (Update parameters) r

Output: Parameters 6 and lexicon A Return grammar

0 weights

A lexicon



Unified Learning Algorithm

) validation function
GENLEX (x,V; )\, 0)

lexical generation function

® Jwo parts of the algorithm we still need to define

® Depend on the task and supervision signal



