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Spurious Ambiguity

e 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

@ﬂ%’% %ﬁﬁ%@ﬂﬁﬂ machine translation software

Gﬂachine translation)(software)

® Same output:
“machine translation software”

@ﬂ%%)@@] ifé Eﬂfi) ® Three different phrase

segmentations

(machine)@ranslation software)

machine transfer software

(Mg @x) G
(machine) &ranslation) -
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Spurious Ambiguity in Derivation Trees
Mg BIE WA
® Same output:
1,50 S1) “machine translation software”

S->(S0 S
S->(S0 S| Yﬁ \0 Three different derivation trees

S->(1/128, machine) S->(BHIE, translation) S->(%X14, software)

S->(S0 S1, SO SI)

S- >(SO SI,S0 SI)

™

S->(1]128, machine) S->(BH1%E, translation) S->(3X{4, software)

S->(S0 &M S|, SO translation S|I)

\

s->(H128, machlne) S->(¥X 14, software)
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Maximum A Posterior (MAP) Decoding

translation VAP derivation  probability
string 016
red translation O.|4
blue translation —_— 0.14
| 0.13
green translation 0.12
0.11
—_— 0.10
® Exact MAP decoding —_—  0.10

yETrans(x)

alrg max
yETrans(x)

* x:Foreign sentence

* y:English sentence

5 * d:derivation
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Maximum A Posterior (MAP) Decoding

translation VAP derivation  probability
string 0.16

red translation 0.28

0.12

® Exact MAP decoding

y* = arg max p(y[x)
yETrans(x)
| * x:Foreign sentence
= arg Mmax p(y,d|x) * y:English sentence
yETrans(x)
deD(z,y)

6 * d:derivation
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Maximum A Posterior (MAP) Decoding

translation MAP derivation  probability
string

0.14

blue translation  0.28 e 0.14

® Exact MAP decoding

y* = arg max p(y[x)
yETrans(x)
| * x:Foreign sentence
= arg Mmax p(y,d|x) * y:English sentence
yETrans(x)
deD(z,y)

. * d:derivation
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Maximum A Posterior (MAP) Decoding

translation MAP derivation  probability
string

green translation  0.44 0.13
O.11
— 0.10
® Exact MAP decoding 0.10
y© = arg max p(yi)

Y | * x:Foreign sentence
= ag e,r]gg‘r)l(s(x> p(y,d|x) * y:English sentence

Y deD(z,y)

8 * d:derivation
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Maximum A Posterior (MAP) Decoding

translation VAP derivation  probability
string 016
red translation 0.28 O. 1 4
blue translation  0.28 —_— 0.14
| 0.13
green translation 0.12
O.11
R 0.10
® Exact MAP decoding - 010

y* = arg max p(y[x)
yETrans(x) :

! * x:Foreign sentence
= alg ye,rﬂgﬁ(s(x) p(y, d|X) * y:English sentence

m— cD(x, ..
(9 2 * d:derivation
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Hypergraph as a search space

A hypergraph is a compact structure
to encode exponentially many trees.

0,4 |a aaéanmat

X —(dianzi $hang ,the mat )

dianzi shang de mag
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Hypergraph as a search space

The hypergraph defines a probability distribution

e.p(y,d | x),
and also a distribution (implicit)

,i.e. p(y | x).

over derivation trees

over Strings

bw,xd
S <X0,Xo>

S

0,4

X [0,4

the

cat

(.

k

[}
.
.
.
*
‘

ngeX XO09<1¢

X 10,4 |a aaanat

®

<X deX Xl OHXO>

7 - /=7

Probabilistic
Hypergraph

le Xl,Xl of X0>

ALLA1CAU

X —(dianzi

dianz] shang

$hang ,the mat )

a aaaat

X" mao,a

cat?

de mag

® Exact MAP decoding

arg max p(y|x)

yeHG(x)

arg ma . d
g_max_ > ply.dix)

exponential size

NP-hard (Sima’an 1996)
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Decoding with spurious ambiguity?

® Viterbi approximation

® N-best approximation (crunching) (May and
Knight 2006)




Viterbi Approximation

translation MAP  Viterbi derivation  probability
string
d translati 0.28 1o
red translation .
0.14
blue translation ~ 0.28 — 0.14
green translation ‘ 0.13
0.12
0.11
0.10
0.10

® Viterbi approximation

%

= ar max max dix
Y ) yeTrans( x) deD(x,y ) p(y ‘ )

= Y(arg Jnax, p(y, dx))
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Viterbi Approximation

transiation MAP  Viterbi derivation  probability
string 016
red translation 0.28 ‘ - °
- 0.14
blue translation  0.28 0.14
green translation ‘ 0.13 - 0.13

® Viterbi approximation

%

= ar max max ~d|x
y J yeTrans( x) deD(x,y ) p(y ‘ )

= Y(arg Jnax, p(y, dx))
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N-best Approximation

translation MAP  Viterhi  APest derivation  probability
string crunching 0.16
red translation  0.28 ‘ 0. 1 4
blue translation 028  0.14 — 0.14
green translation ‘ 0.13 g :;
O.11
0.10
0.10

® N-best approximation (crunching) (May and Knight 2006)

y

X

arg max p(y, d[x)

Y ETrans(X) § bxy JAND(x)
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N-best Approximation

translation MAP  Viterhi  APest derivation  probability
string crunching

] O. I I

blue translation  0.28 0.14 ‘ e 0.14

green translation ‘ 0.13 0.13 - 0.13

® N-best approximation (crunching) (May and Knight 2006)

y

X

arg max p(y, d[x)
y ETrans(X)
deD(x,y )NND(x)
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MAP vs. Approximations

translation MAP Viterbi  4-Pest derivation  probability
string crunching 0.16
red translation 0.28 ‘ 0.16 O.|4
blue translation  0.28 0.14 ‘ —_— 0.14
green translation ‘ 0.13 0.13 0.13
—_— 0.12
—_— 0.11
—_— 0.10
L — = 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

Monday, August 17, 2009



Variational Decoding

Decoding using Variational approximation

Decoding using a sentence-specific
approximate distribution




Variational Decoding for MT:an Overview

Sentence-specific decoding | MAP decoding under P is

intractable
Three steps: I

c Generate a hypergraph ST0,4

S—><X0,Xo>
SA(X0,X0)

X O,4J a aaanat

X|0,4|the --- cat S
Foreign p(y, d | x)
—> SMT [—= e SR, de X, o

sentence X X=(XKo de Xy X0 Xy) Y

~  ply|x) :
X]0,2[the - mat X0 s Az
* ,
T

X —(dianzi $hang ,the mat ) X" t4
. Imnao, ajca

dianzi shang de mas
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— L )
dianzi shang de maag

q* is an n-gram model

Estimate a model . output strings.

from the hypergraph

| D q*(y | x)

' Ala dagat
X —(dianzi tang ,the mat ) I mao, a|catt l ' I ( d ‘ X)
dianzi shang dee  mao - d! D(X’Y) P Y’

Decode using g*
on the hypergraph

— L )
dianzi shang de> maag
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Variational Inference

® We want to do inference under p, but it is intractable

%

y" = argmax p(Y|X)

® |nstead, we derive a simpler distribution g*

) . P
¢" = argmin KL(p||q) P

cQ
S
q

® Then, we will use g as a surrogate for p in inference

%

Yyt = argmfxq*(y )

21
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Variational Approximation

® g*:an approximation having minimum distance to p

' = argmin KL
! 00 (Plla) >a family of distributions

. P

= argmin log—

gq! o E D gq
y! Trans(x)

= argmin ) (Plogh) — ploga)

yeTrans( x)
constant

= argmax plogQ

¢ @ y! Trans(x)

® Three questions

® how to parameterize q!
® how to estimate q*?

® how to use q* for decoding?
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Parameterization of q! Q

e Naturally, we parameterize g as an n-gram model

® The probability of a string is a product of the
probabilities of those n-grams appearing in that string

3-gram model y:abcdef

q(y) = qla) ag(bla) ag(clad) ag(d|bec) ag(e|cd) ag(f|de)

Other ways of parameterizations are possible!

23

Monday, August 17, 2009



Parameterization of q! Q

® Naturally, we parameterize q as an n-gram model

® The probability of a string is a product of the
probabilities of those n-grams appearing in that string

3-gram model y:abcdef

q(y) = qla) ag(bla) ag(clad) ag(d|bec) ag(e|cd) ag(f|de)

how to estimate these n-gram probabilities?

24
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Estimation of g*! Q

® Variational approximation

X

= arg max o
q gmax >, plogg
y €Trans(X)

® g*is a maximum likelihood estimate (MLE)
where p is the empirical distribution

But in our case, p is defined not by a corpus , but by
a hypergraph for a given test sentence!

0,4

S—><X0,X0>
SA(X0,X0)

X |0.,4|a aadaéanat

X[0,4][the --- : I
Al hes et 3 estimate
5 X—(Xo de X1, X1fon X ¢
A" XbdeX1Xo O phi e Xy Xy of g} | [> bi-gram model

X—><X0 de X ,XO X1> “}‘ .::

..................................................... ° b f

o —N i rute rorce

A ’

X —(dianzi $hang ,the mat ) X" mao, a‘cat# . dynamlc PrOgrammlng

dianzi shang de mao s
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Estlmatlng q* from a hypergraph: brute force

0,4

S—(Xo0,Xo) . . .
smﬁ e Bi-gram estimation: |

X 0,4]the --- cat X 0,4 a‘aaanat
h 1

% X—(Xo de Xy XlonXO}
X X(ydeX X o O 1 # UnPaCk the hypergraph
—><X0 de Xl,XO X1> k

X(Xo de X1, X, of Xo)

ttttt
. N
‘e
3
.......

"
-
we®
-------
----------------------
.
st
.
Ad

X |0,2|the --- mat

.
‘e
‘e
-
.
.
.
‘e
g
.
.
e
»,

X 13,4 a aaaat

—(dianzi $hang ,the mat )

XI" mao, a‘cat#

dianzj shang de mao
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Estlmatlng q* from a hypergraph: brute force

0,4

S—(Xo0,Xo) . . .
smﬁ e Bi-gram estimation: |

X]0,4]the --- cat X 10,4 a‘aaanat
X 3

X—(Xp de X1,X4 onX;)}
X' X3 de X 1,X o O, # UnPaCk the hypergraph
(—(Xp de X1 [Xo X1) k

X(Xo de X1, X, of Xo)

o
" o e
“. ’0 ” .’
) - 0 LR
Py Ok S \ ;
“" -.--..,__“‘.,‘ ... 0, 0
.
o T —— st T, .
- S .
.. lllllllllllllllllll “
R i S 08
e T . —
& — T, ,
1 ‘e -
‘e -
a —

X |[0,2|the --- mat X 13,4 |a daaat XI" Xode Xq1,Xog X%

t
—(dianzi $hang ,the mat ) . —_— / \
XI" mao, a| cat? P o X!" dianzi shang, the mat#

X—(mao,a cat)

dianzi shang de maacs SF Xo, Xo? | |
dianzio shang; dex  maos
X—><X0 de Xl,X() O§(1>

— N the mat a cat |
XI" dianzi shang, the mat?

| X" mao,a cat#
|
=1/8| s-xox0 dianzio shang; dex  maos S$={Xo, Xo) I
P | P— =2/8
X —(Xo de X1,X1 on Xg) the mat ‘S 1 cat ' X—(Xg de Xy, X; of X7)
X dian(ang,theh X dian(ang,theh
X—(mao, a cat) | X mao,la cat?
o | |
dianzi shang de: maa dianzip shang; dex  maos

a cat of the mat |

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

itcat on]the mat | p=1/8| Bi-gram estimation: |
# unpack the hypergraph

the mat ‘s a[catl ) p=3/8|

# accumulate the soft-count
of each bigram

the mat a[cat | ] p:2/8|

# normalize the counts

a[cat of the mat | p=2/8| Pr(on | cat)=1/8 I
Pr(</s> | cat)=5/8 |

Pr(of | cat)=2/8 |

28
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Estimating g* from a hypergraph:
dynamic programming

S0 Bi-gram estimation: |
S—(X0,X0) o
Sm» L. :
SN T PSCEIEE EE # run inside-outside on the

% X—(Xo de X1,X1fon Xo> hypel‘gl‘aph

X" X de X1,Xo OX ¢ i
s, X-:'-><X0 de Xl,Xl of X0>
X—><X0 de Xl,XO X1> N

"""""
. .
.
.
‘e
.

.....
.

- ozth .............. t .................... TN ‘ # accumulate the Soft_Cou nt Of
each bigram at each hyperedge

X 3.4 a aaaat

X —{(dianzi $hang ,the mat ) X1 ’ t4
" mao, alca

dianzi shang de:  mao # normalize the counts

29
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Decoding using g*! Q

® Rescore the hypergraph HG(x)

y* = arg max q"(ylz)

yE€HG(x) q* is an n-gram model.

John already told you how to do this ©®

30




KL divergences under different variational models

¢~ = argmin KL(p|[g) = H( p,q) —H(p)
qeq
Measure | H(p) KL(p||)
bits/word a1 q2 q3 qx

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

31




KL divergences under different variational models

*

q

arg min KL( p||q) = H( p,q) — H(p)
qeqQ

Measure | H(p) KL(p||)

bits/word q1 45 43 G2
MT1"04 1.36 | 0.97 0.32 0.21 0.17
MT705 1.37 { 094 0.32 0.21 0.17

How to compute them on a hypergraph ? |

see (Li and Eisner, EMNLP’09) |
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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

® unigram performs very badly

® bigram achieves best BLEU scores 22?7

modeling error in p

33
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BLEU cares about both low- and high-order
n-gram matches

® [nterpolating variational n-gram model for different n

Viterbi and variational are different ways in
approximating p

- 'nél | !,U O iterbi 2
y =arg max 0g ¢y, (y | &)+ fog pviterni (v | 7))

n

34
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Minimum Bayes Risk (MBR)
decoding?

(Tromble et al. 2008) '

(Denero et al.2009) |

35
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Minimum Risk Decoding

® Maximum A Posterior (MAP) decoding

e find the most probable translation string

y. = arg max p(y|x)

y" HG(z)

® Minimum risk decoding

® find the consensus translation string

= a in Risk
J rg min | Ri (y)

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

y

36
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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 max 0 -log g, (Y | X) decision rul
y g yEHG (z) & gq (y ‘ ) decision rule
gn(y | x) = q(r(w) | h(w), z)¢*¥)  n-gram model

w! W,

Y @)y | @) -
q(r(w) | h(w),z) = 5 e @p( 1 2) n-gram probability

® Minimum risk decoding (Tromble et al. 2008)

Y — argyerﬁ%}(cx) n On agn (y | x) decision rule

On(y | X) = g(W | X)Cw (Y) n-gram model

(w | z) Z 0w (y )Py | @) n-gram probability

38
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® Variational decoding with interpolation

* = arg max 0, -log q X
y g max d ga,(y | x)
an(y | ) = q(r(w) | h(w),z)"¥)
w! W,

>y aw(y)p(y | @)
>y chew)(¥)p(y | )

® Minimum risk decoding (Tromble et al. 2008)

q(r(w) | M(w),z) =

* = arg max 0n & T
Y gyeHG(x) n nagn (¥ | x)
é _ )
On (Y | X) = g(W X)ew(y) |, non-probabilistic
. W,
) .
(w | z) 0w (Y )Py | ) very expensive to
Z compute

. _J
39
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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

® variational decoding improves over Viterbi, MBR, and crunching

40
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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]

Monday, August 17, 2009



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)

42
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Thank you!
1Y

43
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dianzi shang de maag

q* is an n-gram model

Estimate a model . output strings.

from the hypergraph

| D q*(y | x)

' Ala dagat
X —(dianzi tang ,the mat ) I mao, a|catt l ' I ( d ‘ X)
dianzi shang dee  mao - d! D(X’Y) P Y’

Decode using g*
on the hypergraph

— L )
dianzi shang de> maag
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