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dianzi  shang de mao

a    cat  on  the  mat

�Ç�0      
�    �¥   
­

X !" X 0 de X 1, X 1 of X 0#

X !" X 0 de X 1, X 1 on X 0#

X !" X 0 de X 1, X 0 X 1#

X !" X 0 de X 1, X 0 ÕsX 1#

zhongguo  de  shoudu
capital  of   China

wo  de  mao
my  cat

zhifei  de  mao
zhifei  Õs  cat
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dianzi  shang de mao

Joshua  
(chart parser)

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0#X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#
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dianzi  shang de mao
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X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#
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X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0#

X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#

the mat a cata cat on the mat

a cat of the mat the mat Õs a cat

Joshua  
(chart parser)

5



dianzi  shang de mao

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0#X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

hypergraph

Joshua  
(chart parser)
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dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#
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A hypergraph is a compact data structure  to 
encode exponentially many trees .



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat
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A hypergraph is a compact data structure  to 
encode exponentially many trees .



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

9

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



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

10

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



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

hyperedge

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



Why hypergraphs?

¥Contains a much larger hypothesis space than an 
n-best list 

¥General compact data structure

¥ special cases include lattice, Þnite state machine, and 
packed forest

¥ can be used for speech, monolingual parsing, tree-based 
MT systems, and many more
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dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#
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the mat a cat

a cat on the mat a cat of the mat

the mat Õs a cat

p=��

p=��

p=��

p=��
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Weighted Hypergraph

Linear model:

p(d | x) = ! á! (d, x)

weights features
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S 0,4
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Probabilistic 
Hypergraph

Log-linear model:

p(d | x) = e! á! ( d,x )

Z (x )

Z��������������������

the mat a cat

a cat on the mat a cat of the mat

the mat Õs a cat
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The hypergraph deÞnes a probability 
distribution over trees !
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Probabilistic 
Hypergraph

 the distribution is parameterized by !

the mat a cat

a cat on the mat a cat of the mat

the mat Õs a cat



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#Probabilistic 
Hypergraph

 What criterion do we use to set the parameters ! ?

Given a Þxed !  and a hypergraph, 
    - how to compute the posterior of a hyperedge?

    - how to choose a desired translation output?

Training

Why are the problems difÞcult?
- brute-force will be too slow as there are exponentially 
many trees, so require sophisticated dynamic programs
- sometimes intractable, require approximations

16

The hypergraph deÞnes a probability 
distribution over trees !

 the distribution is parameterized by !

Inference



Outline
¥ Hypergraph as hypothesis space

¥ Training methods

¥ Exact and approximate inference
" exact inference

! semiring framework

" approximate inference
! ÒprincipledÓ ones

# variational decoding

# sampling and message passing methods

! heuristic-based ones

# e.g., cube-pruning

¥ Joshua project
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Motivation for Training

¥ Towards a training method that can

¥ dealing with millions of features

¥ incorporate linguistics or semantic information

¥ incorporate non-local dependency 

¥ perform reliable training
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Training Setup
¥ Each training example  consists of

¥ a hypergraph representing hypothesized translations

¥ a reference translation
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dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#x: dianzi  shang de mao

y*: a  cat  on  the  mat

¥ Training

¥ adjust the parameters !  so that the reference 
translation is preferred by the model



Training objectives

¥ Minimum error rate training (MERT)

¥ Minimum risk training

¥ Minimum risk with deterministic annealing

¥ Conditional random Þeld (CRF)

¥ Perceptron

¥ MIRA
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Minimum Error Rate Training
¥ Minimum Error Rate Training (MERT)���	�0�D�I�
�����������


Figure 1: The loss surface for a machine translation sys-
tem: while other parameters are held constant, we vary the
weights on the distortion and word penalty features. Note the
piecewise constant regions with several local maxima.

some other model; or only a random sample of
sizeK i .) Each analysis has a vector of real-valued
features (i.e., factors, or experts) denotedf i,k . The
score of the analysisyi,k is ! áf i,k , the dot prod-
uct of its features with a parameter vector! . For
each sentence, we obtain a normalized probability
distribution over theK i analyses as

p! (yi,k | xi ) =
exp! áf i,k

! K i
k! =1 exp! áf i,k !

(1)

We wish to adjust this modelÕs parameters!
to minimize the severity of the errors we make
when using it to choose among analyses. Aloss
function L y" (y) assesses a penalty for choosing
y wheny! is correct. We will usually write this
simply asL(y) sincey! is Þxed and clear from
context. For clearer exposition, we assume below
that the total loss over some test corpus is the sum
of the losses on individual sentences, although we
will revisit that assumption in¤5.

2.1 Minimizing Loss or Expected Loss

One training criterion directly mimics test condi-
tions. It looks at the loss incurred if we choose the
best analysis of eachxi according to the model:

min
!

"

i

L (argmax
yi

p! (yi | xi )) (2)

Since small changes in! either do not change
the best analysis or else push a different analy-
sis to the top, this objective function is piecewise

constant, hence not amenable to gradient descent.
Och (2003) observed, however, that the piecewise-
constant property could be exploited to character-
ize the function exhaustively along any line in pa-
rameter space, and hence to minimize it globally
along that line. By calling this global line mini-
mization as a subroutine of multidimensional opti-
mization, he was able to minimize (2) well enough
to improve over likelihood maximization for train-
ing factored machine translation systems.

Instead of considering only the best hypothesis
for any! , we can minimizerisk , i.e., theexpected
lossunderp! across all analysesyi :

min
!

Ep! L (yi,k ) def= min
!

"

i

"

k

L (yi,k )p! (yi,k | xi )

(3)
This ÒsmoothedÓ objective is now continuous and
differentiable. However, it no longer exactly mim-
ics test conditions, and it typically remains non-
convex, so that gradient descent is still not guaran-
teed to Þnd a global minimum. Och (2003) found
that such smoothing during training Ògives almost
identical resultsÓ on translation metrics.

The simplest possible loss function is 0/1 loss,
whereL(y) is 0 if y is the true analysisy!

i and
1 otherwise. This loss function does not at-
tempt to give partial credit. Even in this sim-
ple case, assuming P!= NP, there exists no gen-
eral polynomial-time algorithm for even approx-
imating (2) to within any constant factor, even
for K i = 2 (Hoffgen et al., 1995, from Theo-
rem 4.10.4).1 The same is true for for (3), since
for K i = 2 it can be easily shown that the min 0/1
risk is between 50% and 100% of the min 0/1 loss.

2.2 Maximizing Likelihood

Rather than minimizing a loss function suited to
the task, many systems (especially for language
modeling) choose simply to maximize the prob-
ability of the gold standard. The log of thislikeli-
hood is a convex function of the parameters! :

max
!

"

i

logp! (y!
i | xi ) (4)

wherey!
i is the true analysis of sentencexi . The

only wrinkle is thatp! (y!
i | xi ) may be left unde-

Þned by equation (1) ify!
i is not in our set ofK i

hypotheses. When maximizing likelihood, there-
fore, we will replacey!

i with the min-loss analy-
sis in the hypothesis set; if multiple analyses tie

1Known algorithms are exponential but only in the dimen-
sionality of the feature space (Johnson and Preparata, 1978).

�	�4�N�J�U�I���B�O�E���&�J�T�O�F�S�
�����������


piecewise constant (not smoothed), 
not amenable to gradient descent, 
so cannot be scaled up to a large 

number of features

! ! = arg min
!

Loss(öy, y! )

öy = arg max
y

p! (y | x)! BLEU( y, y! )
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Minimum Risk

¥ Minimum Risk Training

= arg min
!

!

y ! HG

p! (y|x) ! Loss(y, y" )

! ! = arg min
!

Risk(! , y! )

risk = expected loss = expected error rate

¥ Minimum Error Rate Training (MERT)���	�0�D�I�
�����������


! ! = arg min
!

Loss(öy, y! )

öy = arg max
y

p! (y | x)! BLEU( y, y! )
�	�1�B�Q�J�O�F�O�J���F�U���B�M���
�����������
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Minimum Risk with Deterministic 
Annealing      

¥ Minimum risk objective

¥ Minimum risk with deterministic annealing

Smith and Eisner (2006) tried this on an n-best list

suffer from local-minimum problem

! ! = arg min
!

Risk(! , y! )

! ! = arg min
!

Risk(! , y! ) ! Temperature " Entropy( p! )



Conditional Random Field (CRF)
¥ Minimum risk objective

¥ Conditional Random Field (CRF)
¥ or maximum conditional likelihood (MLE)

Loss(y, y! ) =

!
0 if y = y!

1 otherwise.

! ! = arg min
!

!

y" HG

p! (y|x) ! Loss(y, y! )

! ! = arg max
!

p! (y! |x)

CRF is minimum-risk training with a zero-one  loss function!

Risk(! , y! ) =
!

y" HG & y!= y!

p! (y|x) = 1 ! p! (y! |x)

no partial credit !



Perceptron
¥ Not explicitly optimize a certain objective function, 

rather it is a simple procedure
gram language modeling in speech recognition.

3.1 Global Linear Models

A linear discriminant aims to learn a mapping from
an inputx ! X to an outputy ! Y , given

1. training examples(xi , yi ), i = 1 á á áN ,

2. a representation! : X " Y # Rd mapping
each possible(x, y) to a feature vector,

3. a functionGEN(x) $ Y that enumerates puta-
tive labels for eachx ! X , and

4. a vector! ! Rd of free parameters.

In general, for a SMT task,x is a sentence in
the source language,GEN(x) enumerates possible
translations ofx into the target language, and can be
the set of strings in ann-best list or hypergraph.y
is thedesiredtranslation: either areferencetransla-
tion produced by a bilingual human or a so-called
oracletranslation inGEN(x) that is most similar to
such a human-reference. In our training,y is anora-
cle tree(which contains a translationstring as well)
since we use the perceptron algorithm, which, un-
like the conditional random Þeld used by Blunsom
et al. (2008), cannot easily treat the derivation trees
as latent variables.

Given an inputx, the model assigns every hypoth-
esisy ! GEN(x) a score,

s(x, y) = ! (x, y) á! =
!

j

! j (x, y)! j , (1)

wherej indexes the feature dimensions.
The learning task is to obtain the ÒoptimalÓ pa-

rameter vector! from training examples, while the
decoding task is to search overGEN(x) to obtain
the y that has the maximum scores(x, y). These
tasks are discussed next in Section 3.2 and Section
3.3, respectively.

3.2 Parameter Estimation

Given a set of training examples, a parameter es-
timation algorithm is used to Þnd an optimal! by
maximizing a certain objective function of the train-
ing data. Different algorithms use different objec-
tive functions, e.g., maximum conditional likelihood
(Blunsom et al., 2008), minimum risk (Li and Eis-
ner, 2009), or max-margin (Chiang et al., 2008).
We use theaveraged perceptronalgorithm (Collins,

Perceptron(x, GEN(x), y)

1 " % #0 ! initialize as zero vector
2 for t % 1 to T
3 for i % 1 to N
4 öy % arg max

y! GEN( xi )
! (xi , y)á"

5 if (öy &= y"
i )

6 " % " + ! (xi , y"
i ) ' ! (xi , öy)

7 return "

Figure 2: The Basic Perceptron Algorithm

2002) due to its simplicity and suitability to large
data settings. Given a set of training examples, the
algorithm sequentiallyiterates over the examples,
and adjust the parameter vector! , as illustrated in
Figure 2. After iterating over the training data a few
times, anaveragedmodel, 1

T

" T
t=1

1
N

" N
i =1 ! i

t , is
computed and is used for testing, where! i

t repre-
sents the parameter vector after seeing thei -th ex-
ample in thet-th iteration,N represents the size of
the training set, andT is the number of iterations of
the perceptron algorithm.

3.3 Decoding/Inference

During the perceptron training-time (see line-4 in
Figure 2) as well as the test-time, the followingde-
cision rule is normally used to select the optimal
outputy" ,

y" = arg max
y ! GEN( x)

s(x, y), (2)

This is called Viterbi decoding. Other decision
rules like minimum risk (Tromble et al., 2008) or
variational decoding (Li et al., 2009b) can also be
used. The decoding complexity depends on thesize
and structure of GEN(x) (e.g., n-best or hyper-
graph).

4 Discriminative Forest Reranking

4.1 Discriminative Reranking

The above framework (models, parameter estima-
tion, and decoding) is quite general and can be ap-
plied in many structured prediction tasks. We use
it as areranking framework: train a discriminative
model to rerank the hypotheses (encoded either in an
n-best list or a hypergraph) produced by a baseline
SMT system. The reranking approach has the ad-
vantage of being simple and scalable (as we do not

�4�F�F���-�J���B�O�E���,�I�V�E�B�O�Q�V�S���	���������
���G�P�S���J�U�T���B�Q�Q�M�J�D�B�U�J�P�O���J�O���.�5
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Scalability

BLEU

Latent 
variable
Oracle 

translation
Model 

regularization

Min-Risk MERT CRF Perceptron MIRA

�• !
�•
�•
�•

�• !
�•

!
!

!!
!
!

�•

Why Minimum Risk Training? 

�•
!

�• ! �• �• �•

�•

�• �•

See Zens et al. (2007) for experimental comparisons.



Experimental Results

(Och, 2003)

(Smith and Eisner, 2006)

¥ Data set: IWSLT CN-EN 2005
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Small: discriminatively tune 5 features

Large: also discriminatively tune the language model (21k  
additional features)

Training scheme BLEU
MERT (Nbest, small) 47.7
MR (Nbest, small) 47.7
MR (hypergraph, small) 48.4
MR (hypergraph, large) 48.7

New!

New!

See Zens et al. (2007) for experimental comparisons on nbest 
for small number of features.
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Outline
¥ Hypergraph as hypothesis space

¥ Training methods

¥ Exact and approximate inference
" exact inference

! semiring framework

" approximate inference
! ÒprincipledÓ ones

# variational decoding

# sampling and message passing methods

! heuristic-based ones

# cube-pruning

¥ Joshua project

�	�-�J���B�O�E���&�J�T�O�F�S�
�����������


�	�-�J���B�O�E���&�J�T�O�F�S�
�����������


�	�-�J���F�U�����B�M�
�����������


�	�-�J���F�U�����B�M�
�����������


�	�$�I�J�B�O�H�
�����������




¥ First-order quantities: 
- expectation
  - entropy 
  - Bayes risk 
  - cross-entropy
  - KL divergence
  - feature expectations
- Þrst-order gradient of Z

¥ Second-order quantities: 
- Expectation over product
  - interaction between features
- Hessian matrix of Z
  - second-order gradient 
    descent
- gradient of expectation
   - gradient of entropy or
     Bayes risk

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#Probabilistic 
Hypergraph
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¥ ÒdecodingÓ quantities: 
- Viterbi
- K-best
- Counting
- ......

A semiring framework to compute all of these



"  choose a semiring

"  specify a weight for each hyperedge

"  run the inside algorithm

dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

Compute Quantities on a Hypergraph: a Recipe
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¥ three steps:
¥ Semiring-weighted inside algorithm

!K, " , #$

a set with plus  and times  operations

e.g., integer numbers with regular + and !

each weight is a semiring member

complexity is O(hypergraph size)



Semirings

¥ ÒDecodingÓ time semirings

¥ counting, Viterbi, K-best, etc.

¥ ÒTrainingÓ time semirings

¥ Þrst-order expectation semirings

¥ second-order expectation semirings (new)

¥ Applications of the Semirings (new)

¥ entropy, risk, gradient of them, and many more

(Goodman, 1999)

(Eisner, 2002)

31



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X→〈X 0 de X 1, X 1 on X 0〉

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#
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dianzi0  shang1                    de2        mao3

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8
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How many trees?

four�•

compute it
use a semiring?



ke=1

"  choose a semiring

"  specify a weight for each 
   hyperedge

"  run the inside algorithm

34

counting semiring:  
            ordinary integers with 

regular + and x

dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

�� ��

����
����

����

Compute the Number of Derivation Trees
Three steps:



ke=1
k(v1)= k(e1)

k(v1)=��

dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

�� ��

����
����

����

Bottom-up  
process in 
computing the 
number of trees
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dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v1)=�� k(v2)=��

�� ��

����
����

����
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Bottom-up  
process in 
computing the 
number of trees



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1

k(v1)=�� k(v2)=��

�� ��

����
����

����

k(e3)      k(v1)      k(v2) ! !Hyperedge e3: =��! ��! ������

Compute k(v3): the weight at node v3

Bottom-up  
process in 
computing the 
number of trees
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dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1

k(v1)=�� k(v2)=��

�� ��

����
����

����

Hyperedge e4: k(e4)      k(v1)      k(v2) ! ! =��! ��! ������

Compute k(v3): the weight at node v3
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Bottom-up  
process in 
computing the 
number of trees



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1

k(v1)=�� k(v2)=��

�� ��

����
����

����

k(e4)      k(v1)      k(v2) ! !Hyperedge e4: = ��

k(e3)      k(v1)      k(v2) ! !Hyperedge e3: = ��

Compute k(v3): the weight at node v3
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Bottom-up  
process in 
computing the 
number of trees



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1

k(v3) = !

k(v1)=��

k(v3)=��

k(v2)=��

�� ��

����
����

����

k(e3)      k(v1)      k(v2) ! ! k(e4)      k(v1)      k(v2) ! !
Compute k(v3): the weight at node v3

��" ������
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Bottom-up  
process in 
computing the 
number of trees



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v4)= k(e5)      k(v1)      k(v2)        k(e6)       k(v1)      k(v2)!! ! ! !

k(v4)=��

k(v3)= k(e3)      k(v1)      k(v2)        k(e4)       k(v1)      k(v2)!! ! ! !

k(v1)=��

k(v3)=��

k(v2)=��

�� ��

����
����

����
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Bottom-up  
process in 
computing the 
number of trees



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v5)= k(e7)      k(v3)        k(e8)       k(v4)!! !
k(v5)=��

k(v4)= k(e5)      k(v1)      k(v2)        k(e6)       k(v1)      k(v2)!! ! ! !
k(v3)= k(e3)      k(v1)      k(v2)        k(e4)       k(v1)      k(v2)!! ! ! !

k(v4)=��

k(v1)=��

k(v3)=��

k(v2)=��
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Bottom-up  
process in 
computing the 
number of trees

��" ������

�� ��

����
����

����



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v5)= k(e7)      k(v3)        k(e8)       k(v4)!! !
k(v5)=��

k(v4)= k(e5)      k(v1)      k(v2)        k(e6)       k(v1)      k(v2)!! ! ! !
k(v3)= k(e3)      k(v1)      k(v2)        k(e4)       k(v1)      k(v2)!! ! ! !

k(v4)=��

k(v1)=��

k(v3)=��

k(v2)=��
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¥ input: a weight at
 each edge
¥ output: a weight 
   at each node
¥ "  is used at nodes
¥ !  is used at edges

Summary:

�� ��

����
����

����



dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0# X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

the mat a cat

a cat on the mat a cat of the mat

the mat Õs a cat

expected translation length?
�������Ò���������������Ò������ ����������

��

��

��

��

p��������

p��������

p��������

p��������
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variance?
�������Ò�	�������������
�?������ ���������Ò�	�������������
�?����! ����������



First- and Second-order Expectation Semirings

! p, r"¥ each member is a 2-tuple:

¥ each member is a 4-tuple:

! p1, r 1, s1, t1" ! ! p2, r 2, s2, t2" ! p1p2, p1r 2 + p2r 1, p1s2 + p2s1,
p1t2 + p2t1 + r 1s2 + r2s1"

! p1, r 1, s1, t1" " ! p2, r 2, s2, t2" ! p1 + p2, r 1 + r 2, s1 + s2, t1 + t2"

! p, r, s, t "

First-order:

Second-order:

! p1, r 1" ! ! p2, r 2" ! p1p2, p1r 2 + p2r 1"
! p1, r 1" " ! p2, r 2" ! p1 + p2, r 1 + r 2"

45

(Eisner, 2002)



ke=1

"  choose a semiring

"  specify a weight for each hyperedge

"  run the inside algorithm

46

Compute Expected Translation Length

ke
def= ! pe, per e"

pe: transition probability or log-linear score at edge e   

re: number of English words generated at edge e  

Þrst-order expectation semiring



ke=1
Compute Variance in Translation Length

"  choose a semiring

"  specify a weight for each edge

"  run the inside algorithm

second-order expectation semiring

47

ke
def= ! pe, per e, pese, per ese"

pe: transition probability or log-linear score at edge e   

re = se: number of English words generated at edge e  



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v5)= k(e7)      k(v3)        k(e8)       k(v4)!! !
k(v4)= k(e5)      k(v1)      k(v2)        k(e6)       k(v1)      k(v2)!! ! ! !
k(v3)= k(e3)      k(v1)      k(v2)        k(e4)       k(v1)      k(v2)!! ! ! !
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k(v5)=�s ���
�����������t

k(v4)=�s ���
�����tk(v3)=�s ���
�����t

k(v2)=�s ���
�����t

k(v1)=�s ���
�����t

�”���
�����• �”���
�����•

�”���
�����•
�”���
�����•

�”���
�����•�”���
�����•

�”���
�����• �”���
�����•

First-order:
each semiring member 
is a 2-tuple

Fake 



dianzi0  shang1                    de2        mao3

v3
v4

v2

v5

e2

e6e5

e4

e7 e8

v3

e3

v4

v1 v2

v5

e1 e2

e6e5

e4

e7 e8

ke=1
k(v1)= k(e1) k(v2)= k(e2)

k(v5)= k(e7)      k(v3)        k(e8)       k(v4)!! !
k(v4)= k(e5)      k(v1)      k(v2)        k(e6)       k(v1)      k(v2)!! ! ! !
k(v3)= k(e3)      k(v1)      k(v2)        k(e4)       k(v1)      k(v2)!! ! ! !
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�”���
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���•

�”���
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���
���•
�”���
���
���
���•
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���
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���•
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���
���
���•

�”���
�����
���
���• �”���
���
���
���•

�”���
���
���
���•

k(v5)=�s ���
�������
�������
���•

k(v4)=�”���
���
���
���•k(v3)=�s ���
���
���
���•

k(v2)=�”���
���
���
���•k(v1)=�”���
���
���
���•

Second-order:
each semiring member 
is a 4-tuple

Fake 



Expectations on Hypergraphs

r (d) def=
!

e! d

r e

¥ r(d) is a function over a derivation d

¥ Expectation over a hypergraph

e.g., translation length is additively decomposed!

50

¥ r(d) is additively decomposed

e.g., the length of the translation yielded by d

r def= Ep[r ] =
!

d! HG

p(d)r (d)

exponential size



Second-order Expectations on Hypergraphs

r (d) def=
!

e! d

r e

¥ r and s are additively decomposed

¥ Expectation of products  over a hypergraph

s(d) def=
!

e! d

se

r and s can be identical or different functions.
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t def= Ep[r ás] =
!

d! HG

p(d)r (d)s(d)

exponential size



Compute expectation using expectation semiring:

r e
def= log pe

Why?

ke
def= ! pe, per e"

entropy is an expectation

Entropy:

pe : transition probability or log-linear score at edge e   
re ?

H(p) = Ep[! logp] = !
!

d! HG

p(d) log p(d)

log p(d) is additively decomposed!
52



Why?

ke
def= ! pe, per e"

cross-entropy is an expectation

53

Entropy:

pe : transition probability or log-linear score at edge e   
re ?

Cross-entropy: r e
def= log qe

H(p, q) = Ep(! logq) = !
!

d! HG

p(d) log q(d)

r e
def= log pe

log q(d) is additively decomposed!

Compute expectation using expectation semiring:



Why?

ke
def= ! pe, per e"

Bayes risk is an expectation

54

Entropy:

pe : transition probability or log-linear score at edge e   
re ?

Cross-entropy: r e
def= log qe

r e
def= loss at edgeeBayes risk:

(Tromble et al. 2008)

r e
def= log pe

L(Y(d)) is additively decomposed!

Risk = Ep(L ) = !
!

d! HG

p(d) áL(Y (d))

Compute expectation using expectation semiring:



Applications of expectation semirings: a summary
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First-order:

Second-order:

"  choose a semiring

"  deÞne a weight for each edge 

"  run inside algorithm

Edge ke

e1 1
e2 1
e3 1
e4 1
e5 1
e6 1
e7 1
e8 1

Table 1: A summary table

Node k ! (v)
v1 1 ?
v2 1 ?
v3 1 ?
v4 1 ?
v5 1 ?

Table 2: A summary table

Node v1 v2 v3 v4 v5

k ? ? ? ? ?
! (v) ? ? ? ? ?

Table 3: A summary table

Edge e1 e2 e3 e4 e5 e6 e7 e8

ke ? ? ? ? ? ? ? ?
Table 4: A summary table

Quantity ke kroot Final

Expectation ! pe, pere" ! Z, r " Z/ r
Entropy ! pe, pe logpe" ! Z, r " logZ ! r

Z

Cross-entropy
! qe" ! Zq" logZq ! r

Zp! pe, pe logqe" ! Zp, r "

Bayes risk ! pe, peL e" ! Z, r " r
Z

First-order gradient ! pe, " pe" ! Z, " Z " " Z

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t" t/Z
Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z " " 2Z

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Gradient of entropy ! pe, pe logpe, " pe, (1 + log pe)" pe" ! Z, r, " Z, " r " ! Z
Z ! Z ! r " r ! Z

Z 2

Gradient of risk ! pe, peL e, " pe, L e" pe" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Table 5: A summary table

Quantity Weight for edgee Value at root

Expectation ! pe, pere" ! Z, r "

First-order gradient ! pe, " pe" ! Z, " Z "

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t"

Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z "

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r "

Table 6: A summary table

Edge ke

e1 1
e2 1
e3 1
e4 1
e5 1
e6 1
e7 1
e8 1

Table 1: A summary table

Node k ! (v)
v1 1 ?
v2 1 ?
v3 1 ?
v4 1 ?
v5 1 ?

Table 2: A summary table

Node v1 v2 v3 v4 v5

k ? ? ? ? ?
! (v) ? ? ? ? ?

Table 3: A summary table

Edge e1 e2 e3 e4 e5 e6 e7 e8

ke ? ? ? ? ? ? ? ?
Table 4: A summary table

Quantity ke kroot Final

Expectation ! pe, pere" ! Z, r " Z/ r
Entropy ! pe, pe logpe" ! Z, r " logZ ! r

Z

Cross-entropy
! qe" ! Zq" logZq ! r

Zp! pe, pe logqe" ! Zp, r "

Bayes risk ! pe, peL e" ! Z, r " r
Z

First-order gradient ! pe, " pe" ! Z, " Z " " Z

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t" t/Z
Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z " " 2Z

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Gradient of entropy ! pe, pe logpe, " pe, (1 + log pe)" pe" ! Z, r, " Z, " r " ! Z
Z ! Z ! r " r ! Z

Z 2

Gradient of risk ! pe, peL e, " pe, L e" pe" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Table 5: A summary table

Quantity Weight for edgee Value at root

Expectation ! pe, pere" ! Z, r "

First-order gradient ! pe, " pe" ! Z, " Z "

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t"

Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z "

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r "

Table 6: A summary table

! pe = pe! epe = exp( ! e á! )



Applications of expectation semirings: a summary
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First-order:

Second-order:

"  choose a semiring

"  deÞne a weight for each edge 

"  run inside algorithm

Edge ke

e1 1
e2 1
e3 1
e4 1
e5 1
e6 1
e7 1
e8 1

Table 1: A summary table

Node k ! (v)
v1 1 ?
v2 1 ?
v3 1 ?
v4 1 ?
v5 1 ?

Table 2: A summary table

Node v1 v2 v3 v4 v5

k ? ? ? ? ?
! (v) ? ? ? ? ?

Table 3: A summary table

Edge e1 e2 e3 e4 e5 e6 e7 e8

ke ? ? ? ? ? ? ? ?
Table 4: A summary table

Quantity ke kroot Final

Expectation ! pe, pere" ! Z, r " Z/ r
Entropy ! pe, pe logpe" ! Z, r " logZ ! r

Z

Cross-entropy
! qe" ! Zq" logZq ! r

Zp! pe, pe logqe" ! Zp, r "

Bayes risk ! pe, peL e" ! Z, r " r
Z

First-order gradient ! pe, " pe" ! Z, " Z " " Z

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t" t/Z
Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z " " 2Z

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Gradient of entropy ! pe, pe logpe, " pe, (1 + log pe)" pe" ! Z, r, " Z, " r " ! Z
Z ! Z ! r " r ! Z

Z 2

Gradient of risk ! pe, peL e, " pe, L e" pe" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Table 5: A summary table

Quantity Weight for edgee Value at root

Expectation ! pe, pere" ! Z, r "

First-order gradient ! pe, " pe" ! Z, " Z "

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t"

Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z "

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r "

Table 6: A summary table

Edge ke

e1 1
e2 1
e3 1
e4 1
e5 1
e6 1
e7 1
e8 1

Table 1: A summary table

Node k ! (v)
v1 1 ?
v2 1 ?
v3 1 ?
v4 1 ?
v5 1 ?

Table 2: A summary table

Node v1 v2 v3 v4 v5

k ? ? ? ? ?
! (v) ? ? ? ? ?

Table 3: A summary table

Edge e1 e2 e3 e4 e5 e6 e7 e8

ke ? ? ? ? ? ? ? ?
Table 4: A summary table

Quantity ke kroot Final

Expectation ! pe, pere" ! Z, r " Z/ r
Entropy ! pe, pe logpe" ! Z, r " logZ ! r

Z

Cross-entropy
! qe" ! Zq" logZq ! r

Zp! pe, pe logqe" ! Zp, r "

Bayes risk ! pe, peL e" ! Z, r " r
Z

First-order gradient ! pe, " pe" ! Z, " Z " " Z

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t" t/Z
Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z " " 2Z

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Gradient of entropy ! pe, pe logpe, " pe, (1 + log pe)" pe" ! Z, r, " Z, " r " ! Z
Z ! Z ! r " r ! Z

Z 2

Gradient of risk ! pe, peL e, " pe, L e" pe" ! Z, r, " Z, " r " Z ! r " r ! Z
Z 2

Table 5: A summary table

Quantity Weight for edgee Value at root

Expectation ! pe, pere" ! Z, r "

First-order gradient ! pe, " pe" ! Z, " Z "

Covariance matrix ! pe, per e, pese, perese" ! Z, r, s, t"

Hessian matrix ! pe, " pe, " pe, " 2pe" ! Z, " Z, " Z, " 2Z "

Gradient of expectation ! pe, pere, " pe, (" pe)r e + pe(" r e)" ! Z, r, " Z, " r "

Table 6: A summary table

Entropy and Bayes risk are expectations.



¥ First-order quantities: 
- expectation
  - entropy 
  - Bayes risk 
  - cross-entropy
  - KL divergence
  - feature expectations
- Þrst-order gradient of Z

¥ Second-order quantities: 
- Expectation over product
  - interaction between features
- Hessian matrix of Z
  - second-order gradient 
    descent
- gradient of expectation
   - gradient of entropy or
     Bayes risk

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#Probabilistic 
Hypergraph
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¥ ÒdecodingÓ quantities: 
- Viterbi
- K-best
- Counting
- ......

A semiring framework to compute all of these



¥ First-order quantities: 
- expectation
  - entropy 
  - Bayes risk 
  - cross-entropy
  - KL divergence
  - feature expectations
- Þrst-order gradient of Z

¥ Second-order quantities: 
- Expectation over product
  - interaction between features
- Hessian matrix of Z
  - second-order gradient 
    descent
- gradient of expectation
   - gradient of entropy or
     Bayes risk

This work provides a uniÞed, elegant, 
and efÞcient framework to compute all 

of these!dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#Probabilistic 
Hypergraph 47

47.5

48

48.5

49

48.7

47.7

B
LE

U

MERT Min-Risk

Improved 
BLEU score!
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Future: machine learning for MT

59

semirings for parameter estimation

minimum
risk

deterministic
annealing

active 
learning

semi-
supervised

learning

feature 
interaction

second-order 
gradient descent .......
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Outline
¥ Hypergraph as hypothesis space

¥ Training methods

¥ Exact and approximate inference
" exact inference

! semiring framework

" approximate inference
! ÒprincipledÓ ones

# variational decoding

# sampling and message passing methods

! heuristic-based ones

# cube-pruning

¥ Joshua project
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Decoding over a hypergraph

61

Pick a single translation to output
(why not just pick the tree with the highest weight?)

Given a hypergraph of possible translations 
(generated for a given foreign sentence by already-trained model)

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#



Spurious Ambiguity 

¥Statistical models in MT exhibit spurious 
ambiguity

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

¥Tree-based MT systems

¥ derivation tree ambiguity 

¥Regular phrase-based MT systems

¥ phrase segmentation ambiguity
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Spurious Ambiguity in Derivation Trees 
����   �J�r   �È�q

S->(���� , machine) S->(�J�r , translation) S->(�È�q , software)

S->(���� , machine) S->(�J�r , translation) S->(�È�q , software)

S->(���� , machine) �J�r S->(�È�q , software)

S->(S0 S1, S0 S1)

S->(S0 S1, S0 S1)

S->(S0 S1, S0 S1)

S->(S0 S1, S0 S1)

S->(S0 �J�r  S1, S0 translation S1)

¥ Same output: 
Òmachine translation softwareÓ

¥ Three different derivation trees

jiqi fanyi yuanjian
machine translation software

machine transfer software
Another translation:
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

¥Exact MAP decoding

¥ x: Foreign sentence

¥ y: English sentence

¥ d: derivation

y! = arg max
y" Trans( x )

p(y|x)

= arg max
y" Trans( x )

!

d" D( x,y )

p(y, d|x)

Maximum A Posterior (MAP) Decoding
MAP
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

Maximum A Posterior (MAP) Decoding

¥Exact MAP decoding

¥ x: Foreign sentence

¥ y: English sentence

¥ d: derivation

y! = arg max
y" Trans( x )

p(y|x)

= arg max
y" Trans( x )

!

d" D( x,y )

p(y, d|x)

0.28

MAP
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

¥Exact MAP decoding

y! = arg max
y" Trans( x )

p(y|x)

= arg max
y" Trans( x )

!

d" D( x,y )

p(y, d|x)

0.28

0.28

Maximum A Posterior (MAP) Decoding

¥ x: Foreign sentence

¥ y: English sentence

¥ d: derivation

MAP
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

¥Exact MAP decoding

y! = arg max
y" Trans( x )

p(y|x)

= arg max
y" Trans( x )

!

d" D( x,y )

p(y, d|x)

0.28

0.28

0.44

Maximum A Posterior (MAP) Decoding

¥ x: Foreign sentence

¥ y: English sentence

¥ d: derivation

MAP

67



red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

0.28

0.28

0.44

¥Exact MAP decoding

y! = arg max
y" Trans( x )

p(y|x)

= arg max
y" Trans( x )

!

d" D( x,y )

p(y, d|x)

Maximum A Posterior (MAP) Decoding

¥ x: Foreign sentence

¥ y: English sentence

¥ d: derivation
NP-hard (SimaÕan 1996)exponential size

MAP
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

Viterbi Approximation

¥Viterbi approximation
y! = arg max

y" Trans( x )
max

d" D( x,y )
p(y, d|x)

= Y(arg max
d! D( x )

p(y, d|x))

0.28

0.44

0.28

MAP Viterbi
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

Viterbi Approximation

¥Viterbi approximation
y! = arg max

y" Trans( x )
max

d" D( x,y )
p(y, d|x)

= Y(arg max
d! D( x )

p(y, d|x))

0.28

0.28

0.44

0.16

0.14

0.13

MAP Viterbi
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

MAP

N-best Approximation

0.28

0.28

0.44

Viterbi

0.16

0.14

0.13

4-best 
crunching

¥N-best approximation (crunching) (May and Knight, 2006)

y! = arg max
y" Trans( x )

!

d" D( x,y )# ND( x )

p(y, d|x)
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

MAP

0.28

0.28

0.44

Viterbi

0.16

0.14

0.13

4-best 
crunching

0.16

0.28

0.13

N-best Approximation

¥N-best approximation (crunching) (May and Knight, 2006)

y! = arg max
y" Trans( x )

!

d" D( x,y )# ND( x )

p(y, d|x)
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red translation

blue translation

green translation

0.16
0.14
0.14
0.13
0.12
0.11
0.10
0.10

probabilityderivationtranslation 
string

MAP

MAP vs.  Approximations

0.28

0.28

0.44

Viterbi

0.16

0.14

0.13

4-best 
crunching

0.16

0.28

0.13

¥ Our goal:  develop an approximation that considers all the 
derivations but still allows tractable decoding

¥ Viterbi and crunching are efÞcient, but ignore most derivations
¥ Exact MAP decoding under spurious ambiguity is intractable on HG
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Variational Decoding

74

Decoding  using Variational  approximation 

Decoding  using a sentence-speciÞc 
approximate  distribution



Variational Decoding for MT: an Overview

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

Sentence-speciÞc decoding

Foreign 
sentence x SMT

MAP decoding under P is 
intractable

p(y | x)

�� Generate a hypergraph for 
the foreign sentence

Three steps:

p(y, d | x)
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dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

q* is an n-gram model 
over output strings.

Decode using q*
on the hypergraph

��

p(y, d | x)

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

p(y, d | x)

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

q*(y | x)

��

��

Estimate a model 
from the hypergraph

Generate a hypergraph

q*(y | x)

$%d#D(x,y) p(y,d|x)
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Variational Inference
¥We want to do inference under p, but it is intractable

y! = arg max
y

p(y|x)

¥ Instead, we derive a simpler distribution q*

¥Then, we will use q* as a surrogate for p in inference

y! = arg max
y

q! (y | x)

q! = arg min
q" Q

KL( p||q)

77

p

Q q*

P



constant

Variational Approximation
¥q*: an approximation having minimum distance to p

= arg min
q! Q

!

y! Trans( x )

plog
p
q

= arg min
q! Q

!

y! Trans( x )

(plogp ! plogq)

= arg max
q! Q

!

y! Trans( x )

plogq

q! = arg min
q" Q

KL( p||q)

¥ Three questions

¥ how to parameterize q?

¥ how to estimate q*?

¥ how to use q* for decoding?

a family of distributions
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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

y: a b c d e f3-gram model

79

q(y) = q(a) áq(b|a) áq(c|ab) áq(d|bc) áq(e|cd) áq(f |de)

Other ways of parameterizations are possible!



¥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

y: a b c d e f3-gram model

80

q(y) = q(a) áq(b|a) áq(c|ab) áq(d|bc) áq(e|cd) áq(f |de)

how to estimate these n-gram probabilities?

Parameterization of q#Q



Estimation of q*#Q
¥Variational approximation

¥q* is a maximum likelihood estimate (MLE) 
where p is the empirical distribution

81

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

dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1# bi-gram model

¥ brute force

¥ dynamic programming

estimate

q! = arg max
q" Q

!

y" Trans( x )

plogq
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S 0,4
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S!" X 0 , X 0#
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dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#
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X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#
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X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0#X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#
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Estimating q* from a hypergraph: brute force

Bi-gram estimation:

" ��unpack the hypergraph



dianzi0  shang1      de2     mao3

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#
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X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 on X 0# X !" X 0 de X 1, X 1 of X 0#

dianzi0  shang1      de2     mao3

X !" mao , a cat #
X !" dianzi shang , the mat #

S!" X 0 , X 0#

the mat a cat

a cat on the mat a cat of the mat

the mat Ôs a cat

p��������

p��������

p��������

p��������
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S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat
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X !" X 0 de X 1, X 0 X 1#
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Estimating q* from a hypergraph: brute force

Bi-gram estimation:

" ��unpack the hypergraph



the mat a cat

a cat of the mat

the mat Ôs a cat

p��������

p��������

p��������

p��������
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Bi-gram estimation:

" ��unpack the hypergraph

" ��accumulate the soft-count  
   of each bigram

"  normalize the counts

Estimating q* from a hypergraph: brute force

q*(on | cat)��������

q*(of | cat)��������

q*(</s> | cat)��������

a cat on the mat
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dianzi0  shang1                    de2        mao3

S 0,4

X 0,4 the á á ácat X 0,4 a á á ámat

X 0,2 the á á ámat X 3,4 a á á ácat

X !" mao , a cat #

X !" X 0 de X 1, X 0 X 1#

X !" dianzi shang , the mat #

X !" X 0 de X 1, X 1 on X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 1 of X 0#

S!" X 0 , X 0#

X !" X 0 de X 1, X 0 ÕsX 1#

Estimating q* from a hypergraph: 
dynamic programming

Bi-gram estimation:

"  run inside-outside on the 
   hypergraph

" ��accumulate the soft-count  of
   each bigram at each hyperedge

"  normalize the counts

expectation semirings!



Decoding using q*#Q

¥Rescore the hypergraph HG(x)

¥ have efÞcient dynamic programming algorithms

¥ score the hypergraph using an n-gram model

y! = arg max
y" HG( x )

q! (y|x)

86

q* is an n-gram model.



KL divergences under different variational models

¥Larger n ==> better approximation q_n ==> 
smaller KL divergence from p

¥The reduction of KL divergence happens 
mostly when switching from unigram to 
bigram 

87

q! = arg min
q" Q

KL( p||q) = H( p, q) ! H(p)

Measure H(p) KL (p||á)
bits/word q!

1 q!
2 q!

3 q!
4

MTÕ04 1.36 0.97 0.32 0.21 0.17
MTÕ05 1.37 0.94 0.32 0.21 0.17



KL divergences under different variational models

88

How to compute KL on a hypergraph ?

Measure H(p) KL (p||á)
bits/word q!

1 q!
2 q!

3 q!
4

MTÕ04 1.36 0.97 0.32 0.21 0.17
MTÕ05 1.37 0.94 0.32 0.21 0.17

q! = arg min
q" Q

KL( p||q) = H( p, q) ! H(p)

use expectation semiring, again �•



BLEU scores when using a single 
variational n-gram model

¥ unigram performs very badly

Decoding scheme MTÕ04 MTÕ05
Viterbi 35.4 32.6
1gram 25.9 24.5
2gram 36.1 33.4
3gram 36.0 33.1
4gram 35.8 32.9
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¥ bigram achieves best BLEU scores ???

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

y! = arg max
y" HG( x )

!
"

n

! n álog q!
n (y | x) + ! v álogpViterbi (y | x)

#

¥ Interpolate variational n-gram approximations for 
different n

y! = arg max
y" HG( x )

!

n

! n álog q!
n (y | x)

¥Viterbi is yet another approximation of p, 
so throw it in too



Minimum Bayes Risk (MBR) 
decoding?
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(Tromble et al. 2008)

(Denero et al. 2009)

(Kumar and Byrne, 2004)

(Li et al. 2009)



Minimum Risk Decoding

¥Minimum risk decoding

¥ Þnd the consensus  translation string

¥Maximum A Posterior (MAP) decoding

¥ Þnd the most probable  translation string

y! = arg max
y" HG( x )

p(y|x)

y! = arg min
y" HG( x )

Risk(y)
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risk = expected loss = expected error rate



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

co
ns

en
su

s

VD

MBR Interpolated VD

Both BLEU metric and our variational distributions 
happen to use n-gram dependencies.



¥Variational decoding with interpolation

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

!
y ! cw (y

!
)p(y

!
| x)

!
y ! ch(w) (y

! )p(y! | x)

qn (y | x) =
!

w! W n

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

y! = arg max
y" HG( x )

!

n

! n álog q!
n (y | x)

¥Minimum risk decoding (Tromble et al. 2008)

gn (y | x) =
!

w! W n

g(w | x)cw (y)

g(w | x) =
!

y !

! w (y!)p(y! | x)

y∗ = arg max
y∈HG( x )

!

n

! n ágn (y | x)
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decision rule

decision rule

n-gram model

n-gram model

n-gram probability

n-gram probability



¥Variational decoding with interpolation

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

!
y ! cw (y

!
)p(y

!
| x)

!
y ! ch(w) (y

! )p(y! | x)

qn (y | x) =
!

w! W n

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

y! = arg max
y" HG( x )

!

n

! n álog q!
n (y | x)

¥Minimum risk decoding (Tromble et al. 2008)

gn (y | x) =
!

w! W n

g(w | x)cw (y)

g(w | x) =
!

y !

! w (y!)p(y! | x)

non-probabilistic

very expensive to 
compute

y∗ = arg max
y∈HG( x )

!

n

! n ágn (y | x)
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BLEU Results on Chinese-English 
NIST MT 2004 Tasks 

¥ variational decoding improves over Viterbi, MBR, and crunching
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Decoding scheme BLEU
Viterbi 35.4
MBR ( K =1000) 35.8
Crunching (N =10000) 35.7
Crunching+MBR ( N =10000) 35.8
Variational (1to4gram+wp+vt) 36.6

(Kumar and Byrne, 2004)

New!

(May and Knight, 2006)



Variational Inference
¥We want to do inference under p, but it is intractable

y! = arg max
y

p(y|x)

¥ Instead, we derive a simpler distribution q*

¥Then, we will use q* as a surrogate for p in inference

y! = arg max
y

q! (y | x)

q! = arg min
q" Q

KL( p||q)
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p

Q q*

P

intractable

tractable

tractable



Summary of Variational Decoding

¥Exact MAP decoding with spurious ambiguity is 
intractable

¥Viterbi or N-best approximations are efÞcient, 
but ignore most derivations

¥We developed a variational approximation, which 
considers all derivations but still allows tractable 
decoding

¥Our variational decoding improves a state of the 
art baseline
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Future directions

¥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)

¥ ......

99
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Outline
¥ Hypergraph as hypothesis space

¥ Training methods

¥ Exact and approximate inference
" exact inference

! semiring framework

" approximate inference
! ÒprincipledÓ ones

# variational decoding

# sampling and message passing methods

! heuristic-based ones

# cube-pruning

¥ Joshua project
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tag1 tag2 tag3

fall break starts

... ...
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Graphical Model for Part of Speech Tagging

Variable: pos tags as values

Factor: encode transition or observation probabilities

n 3
v 5



tag1 tag2 tag3

fall break starts

... ...
&

'

¥& sends evidence from left part of graph

¥'  sends evidence from right part of graph

&&

' '' ' '

&&&
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Belief Propagation



tag1 tag2 tag3

fall break starts

... ...
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Non-local dependency

Variable: pos tags as values

Factor: encode transition or observation probabilities

Loopy BP!



Belief Propagation for NLP

¥Dependency parsing with non-local 
information

¥Word alignment

¥String to string transducers
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Sampling
¥General idea

¥ Generate a randomized n-best list

¥ Compute posterior or max over the randomized 
n-best list

¥Sampling used for MT

¥ Gibbs sampler for Bayesian inference

¥ Gibbs sampling for MAP decoding with spurious 
ambiguity

¥ Gibbs sampling for word alignment
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Heuristic-based 
Approximate Inference

¥Beam pruning

¥Cube pruning

¥Cube growing

¥Forest re-ranking

¥Oracle extraction
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Outline
¥ Hypergraph as hypothesis space

¥ Training methods

¥ Exact and approximate inference
" exact inference

! semiring framework

" approximate inference
! ÒprincipledÓ ones

# variational decoding

# sampling and message passing methods

! heuristic-based ones

# cube-pruning

¥ Joshua project
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Conclusions

¥A hypergraph is a general way to represent a 
hypothesis space

¥Minimum risk is a promising training objective

¥Semiring framework is a general way to do 
exact inference

¥Approximate inference has great applications 
(e.g., variational decoding) in MT
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Future: machine learning for MT
Approximate model + Exact inferenceCurrent paradigm: 

ÒExactÓ model + Approximate inferenceNew paradigm: 

- everything is local , e.g., we canÕt even enforce translation 
consistence (similar words should get similar translations)

- rely on a speciÞc grammars (e.g., FST, ITG, Hiero, or GHKM)

- rely on dynamic programs for exact inference

- include non-local dependency

- use a ßexible search space, each grammar is treated as a 
feature function

- use principled approximate inference techniques, e.g., variational 
inference, Gibbs sampling, or belief propagation

- approximate inference calls dynamic programs for sub-steps
109



110

Joshua project



Motivation

¥Towards a general purpose tree -based MT 
toolkit

¥ string to string with latent tree structures

¥ tree to string

¥ string to tree

¥ tree to tree

¥Successor to Moses
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Joshua project

¥ An open-source parsing-based MT toolkit (Li et al. 2009)

¥ support Hiero (Chiang, 2007) and SAMT (Venugopal et al., 2007) 

¥ Team members

¥ Zhifei Li , Chris Callison-Burch, Chris Dyer, Sanjeev Khudanpur, Wren 
Thornton, Jonathan Weese, Juri Ganitkevitch, Lane Schwartz, and Omar Zaidan

112

MT 
Decoder

Bilingual

Data

Translation 

Model

Monolingual

English
Language

Model

Training
Optimal 

Weights

Unseen 

Sentences
Translation 

Outputs

All the methods presented have been implemented in Joshua!

Only rely on Giza++ and SRI LM!
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   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

Highlights

¥Everything is written in Java

¥easy to run under different platforms 
including Windows

¥Easy to extend

¥organize the code into packages

¥deÞne interfaces across packages

¥Scalable

¥decode a sentence with one second
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   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

CKY parsing
+

Pruning
Hypergraph

Feature 
functions

K-best 
extraction

Input sentence



115

   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

   SufÞx-Array Grammar Extraction

¥ Grammars are extracted using sufÞx arrays

¥ Grammar rules can be extracted per sentence 
while decoding

¥  Allows for very large parallel training corpora

" eliminates traditional requirement to explicitly 
extract, sort, and calculate probabilities for all 
possible rules.

" only extracts rules actually needed to translate the 
sentence

�	�-�P�Q�F�[�
�����������
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   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

Other functions

¥Minimum error rate training (MERT)

¥Parallel decoding

¥Distributed language models

¥Variational decoding

¥Semiring parsing

¥Minimum risk training

¥Tree and hypergraph visualization



117

   Chart-Parsing Decoder

¥ Input sentences are parsed using the CKY algorithm

¥ Feature functions are evaluated during parsing

¥ High-cost constituents are pruned during parsing

¥ Parsing results are stored in a hypergraph

¥ K-best extraction is performed on the hypergraph

Quick start

¥ Check out the software

" svn co https://joshua.svn.sf.net/svnroot/joshua/trunk joshua

¥ Prepare monolingual and bilingual training data

¥ Train a language model using the SRI LM toolkit

¥ Train a translation model

" sub-sample bilingual data (optional)
" create word alignments using GIZA++
" run sufÞx-array grammar extraction

¥ Perform minimum error rate training

¥ Decode test sets

https://joshua.svn.sourceforge.net/svnroot/joshua/trunk
https://joshua.svn.sourceforge.net/svnroot/joshua/trunk


Thank you!
XieXie!
�†�† !
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