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Spurious Ambiguity

® Statistical models in MT exhibit spurious
ambiguity

® Many different derivations (e.g., trees or
segmentations) generate the same translation string

® Regular phrase-based MT systems
® phrase segmentation ambiguity

® Jree-based MT systems

® derivation tree ambiguity
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Spurious Ambiguity in Phrase Segmentations

( JT )( Eqg ) machine translation software

Gﬂachine translation)(software)

® Same output:
“machine translation software”

( )(J r E CI) ® Three different phrase
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Spurious Ambiguity in Phrase Segmentations

( JT )( Eqg ) machine translation software

Gﬂachine translation)(software)

® Same output:
“machine translation software”

( )(J r E CI) ® Three different phrase

segmentations
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Spurious Ambiguity in Derivation Trees

Jr Eq
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Hypergraph as a search space

A hypergraph is a compact structure
to encode exponentially many trees.
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Hypergraph as a search space

The hypergraph defines a probability distribution
over derivation trees, i.e.p(y,d | x),
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Hypergraph as a search space

The hypergraph defines a probability distribution
over derivation trees, i.e.p(y,d | x),

and also a distribution (implicit)
over strings,i.e. p(y | x).
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Hypergraph as a search space

The hypergraph defines a probability distribution
over derivation trees, i.e.p(y,d | x),

and also a distribution (implicit)
over strings,i.e. p(y | x).
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Decoding with spurious ambiguity?

® Viterbi approximation

® N-best approximation (crunching) (May and
Knight 2006)
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N-best Approximation
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MAP vs. Approximations
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blue translation  0.28 0.14 ’ 0 |4
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® Exact MAP decoding under spurious ambiguity is intractable

® Viterbi and crunching are efficient, but ignore most derivations

Monday, August 17, 2009



MAP vs. Approximations

translation MAP Viterbi J-Pest derivation probability

string crunching 0.16
red translation 0.28 ‘ 0.16 .

e Oo I 4

blue translation  0.28 0.14 — 0.14
green translation ‘ 0.13 0.13 0.13
— 0.12

—_— O.11

— 0.10

— 0.10

® Exact MAP decoding under spurious ambiguity is intractable

® Viterbi and crunching are efficient, but ighore most derivations

® Our goal: develop an approximation that considers all the
derivations but still allows tractable decoding
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Decoding using Variational approximation




Variational Decoding

Decoding using Variational approximation

Decoding using a sentence-specific
approximate distribution




Variational Decoding for MT:an Overview
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Variational Decoding for MT:an Overview

Sentence-specific decoding | MAP decoding under P is

intractable
Three steps: I
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® Three questions
® how to parameterize q!
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® how to use q* for decoding?
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a cat of the mat |

a cat on the mat| .
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Estimating g™ from a hypergraph: brute force

a cat on the mat] » l
the mat ‘s a cat | > l

the mat a cat | P l
a cat of the mat | > l
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Estimating g™ from a hypergraph: brute force

# unpack the hypergraph
the mat‘sacat| p l

the mat a cat | P |
a cat of the mat | p I
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1 cat on the mat| » I Bi-gram estimation: |

# unpack the hypergraph
the mat‘sacat| p l

the mat a cat | » |
a cat of the mat | p I

# accumulate the soft=count
of each bigram
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Estimating g™ from a hypergraph: brute force

a cat on the mat| » l Bi-gram estimation: |
# unpack the hypergraph

the mat‘sacat| p I

the mat a cat | P |
# normalize the counts

a cat of the mat | > l Pr(on ‘ cat) I

Pr(</s> | cat) l
Pr(of | cat) l

# accumulate the soft=count
of each bigram

28
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Estimating g™ from a hypergraph: brute force

afcat on)the mat| p l Bi-gram estimation: |
# unpack the hypergraph

the mat's a[catl ) > I

# accumulate the soft=count
of each bigram

the mat a[cat | ] P |

# normalize the counts

a! cat of khe mat | > l Pr(on | cat) I

Pr(</s> | cat) |

Pr(of | cat) |

28
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Estimating g* from a hypergraph:
dynamic programming

S04

S" X, Xo#
Sy Xo, Xo?

the Aazal X 10,4 |a aaanat
}‘ .
“-“ X" Xo de X]_,Xl OnXo'-f
X Xg de X1, Xo OX; ¢
1 Xo X1#

X-.:'-><X0 de X1, X1 OfX0>

.
o % »
. . .
. .
............................
............
R4 .
0
.

.
.
"t ®

----------------------
-
wnt®
.
Al

the aaanmat

X 13,4 a'--- cat

X!" dianzi $hang ,the mat #
’ g X!" mao,alcatt

dianzj shang de mag

29
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Estimating g* from a hypergraph:
dynamic programming

S[o Bi-gram estimation: |

S" X, Xo#
Sy Xo, Xo?

The A&l X 10,4 |a aaanat

X 3
L X" Xo de X1,X; onXo‘:‘
X Xg de X1,Xo OX;#
Xo X1#

X 5(Xo de X 1,X1 of X o)

XI" Xo de Xy,

. .
.............
.....................
----------
------
‘‘‘‘‘‘‘
. L .
......
""""""
* usnt®

mumm wu
3 -----------------
-
us®
.
Ad

.
‘e
‘e
-
.
.
.
‘e
g
.
.
e
.

X 10,2

the aaanmat

X 13,4 a'~-- cat

t

X" dianzi $hang ,the mat #

X!" mao, a’cat#

dianzj shang de mag

29
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X!II

X

Estimating g* from a hypergraph:
dynamic programming

S

04

S" X, Xo#
Sy Xo, Xo?

X 10,4

the aa&at

Xo de Xy,

k

Xo X1#

X 10,2

the aaanmat

dianzi

t

Ehang , the mat ¢

dianzi shang

oXwe
X Xg de X1,Xo OX,#

X

0,4 |a aaanat

Xo de X]_ X1 OnXo'-f

.s
e
(L
------
----------------------
-
wnt®
.
Al

de

"""""
. N
‘e
3
.......

.
‘e
‘e
-
.
.
.
‘e
g
.
.
e
.

X. <X0 de X1, X1 OfX0>

Bi-gram estimation: |

X 13,4]a -

cat

X!" mao, a’cat#

maG

## run inside-outside on the
hypergraph

29
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Estimating g* from a hypergraph:
dynamic programming

S[od Bi-gram estimation: |
Xoehe aaga]  XIOAJR A0 # run inside-outside on the

LOXI" Xo de Xq,Xqfon Xoﬁf hypergraph

X Xg de X1, Xo OX; ¢ X de X X s of X
e )
Xy X1 .: < 0 1 10 0>

XI" Xo de Xy,

"""""
. .
.
.
‘e
.

.....
.

l};f.'j‘_ ............. e TN # accumulate the soft-count of
r—— each bigram at each hyperedge

X 10,2

t

X" dianzi $hang ,the mat #

X!" mao, a’cat#

dianzi shang de maa

29
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Estimating g* from a hypergraph:
dynamic programming

Slos Bi-gram estimation: |
S X o, X ot =
X[0d]he Gamar] ottt # run inside-outside on the
X" Xo de Xq,X¢ onXo'.f
X" Xg de X1, Xo OX; ¢ : hypergraph

X. <X0 deXl,Xl OfX0>

XI" Xo de X1 |Xp X1#

"""""
. .
.
.
‘e
.

.....
.

th ............. e TN # accumulate the soft=-count of
r—— each bigram at each hyperedge

X 10,2

1
X" dianzi $hang ,the mat #
X!" mao,alcatt

dianzi shang de:  mao # normalize the counts

29
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Decoding using g*! Q
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® Rescore the hypergraph HG(x)
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= arg max ¢ (ylx)
Y g max (Y]
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Decoding using g*! Q
® Rescore the hypergraph HG(x)

= arg _max_ ¢ (y|lx)
Y g_max_ (Y]
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® Rescore the hypergraph HG(x)

y!

Decoding using g*! Q

arg

max

q (y|r)

y" HG( )

30

q™* is an n-gram model.
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® Rescore the hypergraph HG(x)

y!

Decoding using g*! Q

arg

max

q (y|r)

y" HG( z)

q* is an n-gram model.
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Decoding using g*! Q
® Rescore the hypergraph HG(x)

= arg_max_ q (y|z
7 ° y" HG( z) 7 () q* is an n-gram model.

John already told you how to do this ¢

30




KL divergences under different variational models

arg g,l,ig KL(p[|d) =H(p,0g! H(p)

q!

31
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KL divergences under different variational models

a = argmin KL(pl|g) =H(p,q ! H(p)
Measure | H(p) KL(p||8
bits/word of; o, O oy

M'T"04 1.36 | 0.97 0.32 0.21 0.17
MT"05 1.37 | 0.94 0.32 0.21 0.17
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KL divergences under different variational models

a = argmin KL(pl|g) =H(p,q ! H(p)
Measure | H(p) KL(p||8
bits/word of; o O oy

M'T"04 1.36 | 0.97 0.32 0.21 0.17
MT"05 1.37 | 0.94 0.32 0.21 0.17

® The larger the order n is, the smaller the KL
divergence is!

® The reduction of KL divergence happens

mostly when switching from unigram to
bigram
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KL divergences under different variational models

a = argmin KL(pl|g) =H(p,q ! H(p)
Measure | H(p) KL(p||8
bits/word of; o, O oy

M'T"04 1.36 | 0.97 0.32 0.21 0.17
MT"05 1.37 | 0.94 0.32 0.21 0.17
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KL divergences under different variational models

a = argmin KL(pl|g) =H(p,q) ! H(p)
Measure | H(p) KL(p||8
bits/word of; o, O oy

M'T"04 1.36 | 0.97 0.32 0.21 0.17
MT"05 1.37 | 0.94 0.32 0.21 0.17

How to compute them on a hypergraph!? |

see (Li and Eisner, EMNLP09) |
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BLEU scores when using a single
variational n-gram model

Decoding scheme MT'04 MT"05

Viterbi 30.4 32.6
lgram 20.9 24.5
2gram 36.1 33.4
Jgram 36.0 33.1

4oram 30.8 32.9
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Decoding scheme MT'04 MT"05

Viterbi 30.4 32.6
lgram 20.9 24.5
2gram 36.1 33.4
Jgram 36.0 33.1
4oram 30.8 32.9

® unigram performs very badly

® bigram achieves best BLEU scores 22?7

33

st 17, 2009



BLEU scores when using a single

variational n-gram model

Decoding scheme MT'04 MT"05

Viterbi 30.4 32.6
lgram 20.9 24.5
2gram 36.1 33.4
Jgram 36.0 33.1
4oram 30.8 32.9

® unigram performs very badly

® bigram achieves best BLEU scores 22?7

modeling error in p
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BLEU cares about both low- and high-order
n-gram matches
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BLEU cares about both low- and high-order
n-gram matches

® [nterpolating variational n-gram model for different n

= 1, 4logq
y' =arg max | n n alog q, (y | x)
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BLEU cares about both low- and high-order
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® [nterpolating variational n-gram model for different n

! — 7 ! ’I !
y' =arg max | n n alog q, (y | x)

Viterbi and variational are different ways in
approximating p
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BLEU cares about both low- and high-order
n-gram matches

® [nterpolating variational n-gram model for different n

! — 7 ! ’I !
y' =arg max | n n alog q, (y | x)

Viterbi and variational are different ways in
approximating p

y = arg ‘max 'n alog CI,! (y | x) + !y alog pviterbi(y | X)
y" HG(x)

34
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BLEU cares about both low- and high-order
n-gram matches

® [nterpolating variational n-gram model for different n

! — 7 ! ’I !
y' =arg max | n n alog q, (y | x)

Viterbi and variational are different ways in
approximating p

- | 4 | ! N
y argy..lﬁ%}&) n "N alog O (y ‘ X) T v @Og Pviterbi (y ‘ X)J

34
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Minimum Bayes Risk (MBR)
decoding?

(Tromble et al. 2008) '

(Denero et al.2009) |
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Minimum Risk Decoding

® Maximum A Posterior (MAP) decoding

® find the most probable translation string

X

= ar MaxXx
g 0 yEHG(X)p(y\fv)

® Minimum risk decoding

® find the consensus translation string

&

= arg min Risk
y gyEHG(x) (y)

Risk(y) =  L(y,y)p(y |x)

36
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

—

spurious ambiguity
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

VD
—

spurious ambiguity
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

consensus

VD

spurious ambiguity
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

MBR

consensus

VD

spurious ambiguity
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

MBR Interpolated VD
o

consensus

VD

spurious ambiguity
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Variational Decoding(VD) vs. MBR (Tromble et al. 2008)

MBR Interpolated VD
o

consensus

VD

spurious ambiguity

Both BLEU metric and our variational distributions
happen to use n-gram dependencies.
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® Variational decoding with interpolation

* = arg ma 1 -log g

Y g max ] dq,(y| )

Ch (Y | X) = q(r (w) | h(w), x)%=)
weWw .,

>y ew(y )py | )
>y chw) (¥ )p(y" | @)

q(r(w) | h(w), x)

® Minimum risk decoding (Tromble et al. 2008)

Vs 2t 1)
(Y 1X)= D oW | x)cw(y)

w! W,
gw [ x) = tw(y)p(y' |x)

y/
38
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® Variational decoding with interpolation

y* = arg max I, -log ¢’ (y | ) decision rule
yeHG(z)
G (Y | X) = a(r (w) | h(w), x)¢=
weW,,

>y ew(y )py | )
)

q(r(w) | h(w), ) Zy/ cnw) (¥ )Py | @)

® Minimum risk decoding (Tromble et al. 2008)

Yyt = argygﬁ%}(cx) 'h - Gn (y ‘ x) decision rule
oy 1= 3 gw|x)cu(y)

w! W
gw|x)= " Tw(y)ply |x)

y/
38
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® Variational decoding with interpolation

y* = arg max |, -log ¢*(y | ) decision rule
yeEHG( x) .
Gh(y | X) = g(r(w) | h(w), x)Cw(Y) n-gram model
wew .,

>y ew(y )py | )

q(r(w) | h(w), z) >y chew) (¥)p(Y | @)

® Minimum risk decoding (Tromble et al. 2008)

. = argygﬁ%}(cx) 'n o gn(y | 2) decision rule

On (Y | X) = Z g(w | x)cw (y) n-gram model
w! W

gw [ x) = tw(y)p(y' |x)

y/
38
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® Variational decoding with interpolation

y* = arg max |, -log ¢*(y | ) decision rule
yeEHG( x) .
Gh(y | X) = g(r(w) | h(w), x)Cw(Y) n-gram model
wew .,

>y ew(y )py | )
>y chw) (¥ )p(y" | @)

q(r(w) | h(w), x) n-gram probability

® Minimum risk decoding (Tromble et al. 2008)

y. = argyerﬁ%}(cx) 'n - gn(y | ) decision rule
(v 1= > gw | x)cu(y) n-gram model

w!l W
g(W | X) = !W(y!)p(y! [ X) n-gram probability

y/
38
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® Variational decoding with interpolation

* = arg ma 1 -log g

Y g max ] dq,(y| )

Ch (Y | X) = q(r (w) | h(w), x)%=)
weWw .,

>y ew(y )py | )
>y chw) (¥ )p(y" | @)

q(r(w) | h(w), x)

® Minimum risk decoding (Tromble et al. 2008)

Vs 2t 1)
(Y 1X)= D oW | x)cw(y)

w! W,
gw [ x) = tw(y)p(y' |x)

y/
39
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® Variational decoding with interpolation

X —_—

= arg ma 1 -log g
Y g max ] dq,(y| )
Ch (Y | X) = q(r (w) | h(w), x)%=)
weW,

q(r(w) | h(w), x)

>y cw )Py | )

>y’ Chw) (W )p(y" | )

® Minimum risk decoding (Tromble et al. 2008)

oy Ix)= Y gw | x)cu(y)

. w! W,

_/

-

gw [x) = tw(y)py' |x)

N y’

—

—

39

non-probabilistic

very expensive to
compute
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BLEU Results on Chinese-English
NIST MT Tasks

Decoding scheme MTO04 MTO(
Viterbi 35.4 32.6
MBR (K =1000) 35.8  32.7
Crunching (N =10000) 35.7 32.8

Crunching+MBR ( N =10000) 35.8 32.7
Variational (1to4gram+wp+vt) 36.6 33.5

40

oooooooooooooooooooo



BLEU Results on Chinese-English
NIST MT Tasks

Decoding scheme MTO04 MTO(
Viterbi 35.4 32.6
MBR (K =1000) 35.8  32.7
Crunching (N =10000) 35.7 32.8

Crunching+MBR ( N =10000) 35.8 32.7
Variational (1to4gram+wp+vt) 36.6 33.5

® variational decoding improves over Viterbi, MBR, and crunching
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Conclusions

® Exact MAP decoding with spurious ambiguity is
intractable

® Viterbi or N-best approximations are efficient,
but ighore most derivations

® VWe developed a variational approximation, which
considers all derivations but still allows tractable
decoding

® Our variational decoding improves a state of the
art baseline

4]
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Future directions

® The MT pipeline is full of intractable problems

® variational approximation is a principled way to tackle
these problems

® Decoding with spurious ambiguity is a common
problem in many other NLP applications

® Models with latent variables
® Data oriented parsing (DOP)
® Hidden Markov Models (HMM)
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Thank you!
TT
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S" Xo,Xot
SY Xo, X ot
[X]0.4] at :
* [
10 IJ>

/e ) Generate a hypergraph
p(y,d | x) |
—

[XT02]the aaanat

dianL shang de maa

- del q™* is an n-gram model
SV Xo, X ot A Im m e

xo,4th(mt |XW°~4lajéé"a‘| St ate d oae over OUtPUt Stl"lngS.

/S ot from the hypergraph

:
“Prdlx) | > g 1x)

X!" dianzi tang ,the mat # X1 mao,a'cat# l ' I d
dianzi shang dee  mao - d! D(X’Y) P (Y’ ‘X)

/5e"'-féx’ftxodexl,xlé]:; Decode using q*
o g(y | x) | on the hypergraph

[(XTOr2 e araramat |
Lang .the " mao,alcat
dianzi shang de; mao
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