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Basic formulation

Train

Utterance Logical form
seven minus five -75
five minus seven -57
three plus one (-75)

minus three plus one (+ -3 1
minus three plus one -(+ 3 1)
two minus two timestwo (x (- 2 2) 2)
two minus two timestwo (- 2 (X 2 2))
two plus three plus four (4+ 2 (+ 3 4))

Test

three minus one

three times one

minus six times four
one plus three plus five

[RCEECRRIG ]

Table: Data requirements.
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Derivations as latent variables
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Basic formulation
Utterance Logical form
seven minus five -75
five minus seven -57
three plus one (-75)
minus three plus one (+ -3 1
Train minus three plus one -(+ 3 1)
two minus two timestwo (x (- 2 2) 2)
two minus two times two (- 2 (x 2 2))
two plus three plus four (4 2 (4 3 4))
three minus one ?
three times one ?
Test minus six times four ?
?

one plus three plus five

Learning from denotations
0000

Syntax Logical form

N — one 1
N — one 2

N — two
N — two

N b=ttt

R — plus

R — plus

R — plus

R — minus
R — minus
R — minus
R — times
R — times
R — times
S — minus

IX 14X 1 +X 1 4

N-SN rgITNT
N—N_RNg ("RTN.7"Ng7)

Table: Data requirements.

Table: Crude grammar.
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Learning framework

© Feature representations: ¢(x, y) € RY

Learning from denotations
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Learning framework

© Feature representations: ¢(x,y) € RY
@ Scoring: Scorew(X.y) = X, wib(x. y);

Learning from denotations
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Learning framework

© Feature representations: ¢(x,y) € RY
@ Scoring: Scorew(X.y) = X, wib(x. y);
® Multiclass hinge-loss objective function:

min Z max [Scorey(x,y’) + c(y,y’)] — Scorey(x, y)

weRd Y ’€GEn(x)

where D is a set of (x, y) training examples and c(a,b) = 1if a # b, else 0.
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Learning framework

© Feature representations: ¢(x, y) € R9
@ Scoring: Scorey(x.y) = X7, wig(x.y);
® Multiclass hinge-loss objective function:

min Z max [Scorey(x,y’) + c(y,y’)] — Scorey(x, y)

weRd Y ’€GEn(x)

where D is a set of (x, y) training examples and c(a,b) = 1if a # b, else 0.
@ Optimization:
STocHASTICGRADIENTDESCENT(D, T, 77)
1 Initialize w < 0
2 Repeat T times
3 for each (x, y) € D (in random order)
4 ¥ < argmaxyscaen(x) Scorew(x, y’) + c(y, y’)
5
6

w — W+ n(a(x. y) - ¢(x, 7))
Return w
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Derivations as latent variables
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(a) Candidates GEN(z) for utterance z = two times two plus three

n
Ni(+(x22)3) =7

N:i(x 22) R+ N3
/ \ I
N:2  plus  three
\ \ \

two  times  two

Y2
Ni(+ (+22)3) =7

AN
/

Learning from denotations
0000

Ys
Ni(x 2 (+23)) =10

N:2 Rix N:(+23)

\ \ (AN

two  times N:2 R+ N3

two  plus  three
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Example

(a) Candidates GEN(z) for utterance x = two times two plus three

Y Y2 Y3
Ni(+(x22)3) =7 Ni(+ (+22)3) =7 Ni(x 2 (+23)) =10
N:(x 22) R+ N3 N:(+22) R+ N3 N:2 Rix N:(+23)
N:2  Rix N:2  plus  three N:2 R+ N2 plus  three two  times N:2  R:+ N3
two  times  two two  times  two two  plus  three
Rix[times] : 1 R [times] : 1 R [times] : 1
B, y1) =| R lplus] -1 O, y2) =| Relplus] 1 O, ys) =| Relplos] 1
top[Ri+]: 1 top[Ri+]: 1 top[R:x]: 1
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Example

(a) Candidates GEN(z) for utterance x = two times two plus three

n Y2 Ys
Ni(+(x22)3) =7 Ni(+ (+22)3) =7 Ni(x 2 (+23)) =10
NN
N:(x 22) R+ N3 N:(+22) R+ N3 N:2 Rix N:(+23)

N lo LN lo . a

N:2  Rix N:2  plus  three N:2  Ri+ N2 plus  three two  times N:2  R:+ N3

two  plus  three

two  times  two two  times  two
Rix[times] : 1 R [times] : 1 R [times] : 1
O, y1) =| Rilplus] 1 O, y2) =| Rlplus] 1 O, ys) =| Rlplus] 1
top[Ri+]: 1 top[Ri+]: 1 top[R:x]: 1

(b) Learning from logical forms (Section 4.1)

Iteration 1 Iteration 2 Iteration 3
Rix|[times] : 0 R:x [times] : 0 Rix|[times] : 1
Ro+{times):0| Scores:[0,0,0] Rot{times|:0 | Scores:[1, 1, —1] Rot{times|:-1|  Scores:[2,0,0]
w = | Ritlplus]:0| y =1y, = w= | Rt[plus]:0| y =1y, = w= | Rit[plus]:0 y=1
top[R:+]: 0 7 = y3 (tied with ya) top[Ri+]: 1 J=1 top[Ri+]: 1 i=mn
top[R:x]: 0 top[Rix] :-1 top[R:x] :-1
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Derivational ambiguity

Syntax Logical form
N — one 1

N — two 2

R — plus +

R — minus -

R — times X

S — minus =

N—-SN TSTTN™

N—-N.RNg ("R7"N.7"Ng7)

Q-n (Af (f7n"))
N->UQ (rQ ruY)

Table: Grammar with type-lifting.

0000

Training instance: (minus three, —3)
N: -3
/\
U:- N:3
\ \

minus three
B
N:((Af (f3)) =)= -3

U:=  Q:(af (f3))
| |

minus three

LB .
(Beta-conversion = is the syntactic counterpart
of functional application.)

Learning from denotations
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Derivations as latent variables

The training instances are (u, r) pairs.

Since r might have multiple derivations, derivations are latent variables.
Latent support vector machine objective:

min Z max [Scorew(x,y’) + c(r,Root(y’))] - max Scorey(x,y”),

we]&d Y ’ €GEN(X) y"" €Gen(x,r)

where D is a set of (utterance, formula) pairs; c(a,b) = 1if a # b, else 0;
and Gen(x, r) = {y € Gen(x) : Root(y) = r}

Optimization:

StocHASTICGRADIENTDESCENT(D, T, 17)

1 Initialize w < 0
2 Repeat T times

3 for each (x, r) € D (in random order)

4 Y & arg maX,cgen(x.r) Scorew(X,y”)

5 ¥ < argmaxycgen(x) Scorew(x,y’) + c(y.y’)
6 w—w+n(a(x,y) - ¢(x.7))

7 Returnw
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Motivations

Semantic parsing
* What is the largest city in California?
» argmax ({c : city(c) A loc(c, CA)}, population)

Learning from denotations

@000

Interpretive
e What is the largest city in California?
e Los Angeles.
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Basic formulation
Utterance Denotation
seven minus five 2
five minus seven -2
three plus one 4
minus three plus one -2
Train minus three plus one -4
two minus two times two 0
two minus two times two -2
two plus three plus four 9
three minus one ?
three times one ?
Test minus six times four ?
?

one plus three plus five

Table: Data requirements.

Learning from denotations

0@00
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Basic formulation

Derivations as latent variable: Learning from denotations

Utterance Denotation
seven minus five 2

five minus seven -2
three plus one 4
minus three plus one -2
Train minus three plus one -4
two minus two times two 0

two minus two times two -2

two plus three plus four 9
three minus one ?
three times one ?

Test minus six times four ?
?

one plus three plus five

Syntax Logical form Denotation

N — one 1 1

N — one 2 2

N — two 1 1

N — two 2 2

R — plus F addition

R — plus = subtraction
R — plus X multiplication
R — minus  + addition

R — minus - subtraction
R — minus X multiplication
R — times < addition

R — times - subtraction
R — times X multiplication
S > minus - negative

N — S N I'S‘II_N‘I [[I_Sﬂ]]([[l_Nﬂ]])

N— N RNg ("R7T"NLT"Ng™) [TRMI(I"NL DL I"NR )

Table: Data requirements.

Table: Crude grammar.
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Learning framework

Feature representations and scoring are as before.

@ Latent support vector machine objective:

min Z max [Scorew(X,y’) + c(d,[y'T)] - max Scorew(x,y),
weRd (xd)eD Y " €GEN(x)

yeGen(x,d)

where Gen(x, d) = {y € Gen(x) : [yl = d} is the set of logical forms that
evaluate to denotation d.
® Optimization:
StocHASTICGRADIENTDESCENT(D, T, 177)
1 Initialize w < 0
2 Repeat T times
3 for each (x, d) € D (in random order)
Y ¢ arg max,caen(x.d) Scorew(X, y”)
y < argmaxycaen(x Scorew(x y)+e(y.y)

4
5
6 w —w+n(e(x, y) #(x. 7))
7 Returnw
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Example

(a) Candidates GEN(z) for utterance x = two times two plus three

Y2 Y3

Y
Ni(+ (+22)3) =7 Ni(x 2 (+23) = 10

Ni(+(x22)3)=7
A AN N
: N:2© Rix N:i(+23)
\ e

three two  times N:2  Rit+

three N:2 R:+ N:2  plus N:3

two  plus  three

N:2 R:x N:2  plus

two  times  two

two  times  two
Rix|times] : 1 Ri-t[times] : 1 Rix|times] : 1
d(x, 1) =| Ret[plus]: 1 O(x,y2) =| Retplus]:1 d(x,ys) =| Ritlplus]:1
top[R:+] : 1 top[R:+] : 1 top[Rix]: 1

12/12



Semantic parsing Derivations as latent variables Learning from denotations
[e]e]e} e} oooe

Example

(a) Candidates GEN(z) for utterance x = two times two plus three

(4t Y2 Y3
Ni(+(x22)3) =7 Ni(+(+22)3) =7 Ni(x 2 (+23) =10
A PN VAR
N:(x22) R+ N3 N:(+22) R:+ N3 N:2 Rix N:(+23)

I

e

R:+ N:2  plus  three two  times N:2  Ri+ N:3

N:2 R:x N:2  plus  three N:2

two  times  two two  times  two two  plus  three
Rix|times] : 1 Ri-t[times] : 1 Rix|times] : 1
d(x, 1) =| Ret[plus]: 1 d(z,y2) =| Retlplus]:1 ¢(x,y3) =| Retlplus]:1
top[R:+] : 1 top[R:+] : 1 top[Rix]: 1

(c) Learning from denotations (Section 4.2)

Iteration 1 Iteration 2

Scores:[0,0,0] Rix[times]:0 | Scores:[1, 1, —1]
SEN(z. d) — Re+[times] : 0 N

GEN(z,d) = . GEN(z,d) = JY2
GEN(z, d) {,[/‘ vb Retppius 0| CENG@ D) (.,m Y2}
y =y (tied with ys) . y =y (tied with yo)

§ =11 (tied with y2)

y=ys
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