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A hypergraph is a compact data structure to
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Why Hypergraphs!

® Contains a much larger hypothesis space
than a k-best list

® (General compact data structure

® special cases include
® finite state machine (e.g, lattice),
® and/or graph

® packed forest

® can be used for speech, parsing,
tree-based MT systems, and many more
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XH(dian(ang,the % X—(dianzi shang, the h
| X—(mao, a cat) | X—(mao, a cat)

dianzio shang; de;  maos dianzio shang; de;  maos



x <Xo‘ch1 onXo>
Welghted H)’Pe'"e‘;"aPh I’(

. X[3,4

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

dianzip shang; des Mao: |
X—><X0 de X]_,XO X1>

P — 3 l X—(dianzi shang, the h

X—(mao, a cat)
S—><X0, X0> I

dianzio shang; dex  maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P= |
S—><X0, X0> | I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
XH(dian(ang,the % X—(dianzi shang, the h
| X—(mao, a cat) | X—(mao, a cat)

dianzio shang; de;  maos dianzio shang; de;  maos



5 (X0, Xo) Linear model: |

x <X0‘QX1 onXo>
Welghted H)’Pe'"e‘;"aPh I’(

p(d|x)=0-2(d,x)

. X[3,4

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,XO> p=2 I

X—><X0 de X]_,XO X1>

P — 3 l X—(dianzi shang, the h

X—(mao, a cat)
S—(Xo, Xo) | |

dianzio shang; dex  maos

dianzio shang de) Maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P= |
S—><X0, X0> | I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
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5 (X, Xo) Linear model: | o
L foreign input

xv <X0‘CAX1OHX0> /

. X[3,4

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,XO> p=2 |

X—><X0 de X]_,XO X1>

P — 3 | X—(dianzi shang, the h

X—(mao, a cat)
S—(Xo, Xo) | |

dianzio shang; dex  maos

dianzio shang de) Maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P= l
S—><X0, X0> | I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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S (X0, Xo) Linear model: I derivation

% 10,3 foreign input

xv <X0‘CAX1OHX0> /

X

“0’2 X|3,4

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,XO> p=2 |

dianzio shang de) Maos
X—><X0 de X]_,XO X1>

P — 3 | X—(dianzi shang, the h

X—(mao, a cat)
S—(Xo, Xo) | |

dianzio shang; dex  maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P=2 l
S—(Xo, Xo) | I S—(Xo, Xo)
| dianzip shang; de;  maos
X—(Xo de X;,X; on Xo) X—(Xp de Xy, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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S (X0, Xo) Linear model: ' derivation

X0, foreign input
dlx)=10 9,z
Welghted Hypergraph " pld | ) Y(\)
i >~

“0’2 X|3,4

X

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,XO> p=2 l

dianzio shang de) Maos
X—><X0 de X]_,XO X1>

P — 3 | X—(dianzi shang, the h

X—(mao, a cat)
S—(Xo, Xo) | |

dianzio shang; dex  maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P=2 |
S—(Xo, Xo) | I S—(Xo, Xo)
| dianzip shang; de;  maos
X—(Xo de X;,X; on Xo) X—(Xp de Xy, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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, derivation
S—(Xo, Xo) L|near mOdel: I . .
x[0. 4, \ ‘oreign Input
Cxl <X0‘@X1 on Xo> /

Welghted Hypergraph }‘ pld]z)=9- Y@l\x)

(s N weights features

10,2 X[3,2

X

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,XO> p=2 I

X—><X0 de X]_,XO X1>

P — 3 | X—(dianzi shang, the h

X—(mao, a cat)
S—><X0, X0> I

dianzio shang; dex  maos

dianzio shang de) Maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

p=1

X—(mao, a cat) P=2 I
S—(Xo, Xo) | I S—(Xo, Xo)
| dianzip shang; de;  maos
X—(Xo de X;,X; on Xo) X—(Xp de Xy, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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(X0, Xo) Log-linear model:l
RN o eQ.CID(d,:E)

Probablllstlc . pld| ) Z(x)

Hypergraph Z=2+1+3+2=8 |
X10,2] A

. X[3,4

X—(dianzi |[shang, the mat) X—{ ‘ t)
—(Imao, ajca

S—><X0, X0>
dianzip shang; des Mao: |
X—><X0 de X]_,XO X1>

X—(dianzi shang, the h

X—(mao, a cat)
S—><X0, X0> | I

dianzio shang; dex  maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

X—(mao, a cat)
S—><X0, X0> | I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X;,X; on Xo) X—(Xp de Xy, X; of Xo)
XH(dian(ang,the h X—(dianzi shang, the h
| X—(mao, a cat) | X—(mao, a cat)

dianzio shang; de;  maos dianzio shang; de;  maos



(X0, Xo) Log-linear model:l
XVOrQ ................ (d | ) 02 (d,x)
.A ) —
Probabilistic . p Z(x)
X (X L1 of Xo
~_Hypergraph Z=2+1+3+2=8 |
I “’Of‘;‘z T\

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,X0> p=2/ 3 I

X—><X0 de X]_,XO X1>

P = 3 / 8 I Xe(dian(ang,the h

X—(mao, a cat)
S—(Xo, X0 |

dianzio shang; dex  maos

dianzio shang de) Maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang theh

=1/8
P | ’ X—(mao, a cat) P=2/8 |

S—><X0, X0> I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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Probablllstlc

Hypergraph
s =X

. X[3,4

:1 of X0>

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

SH<XIO,X0> p=2/ 3 I

X—><X0 de X]_,XO X1>

P = 3 / 8 I Xe(dian(ang,the h

X—(mao, a cat)
S—(Xo, X0 |

dianzio shang; dex  maos

dianzio shang de) Maos

X—><X0 de Xl,XO ’s X1>

X—(dianzi shang theh

=1/8
P | ’ X—(mao, a cat) P=2/8 I

S—><X0, X0> I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
XH(dian(ang,theh X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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S—(Xp X} The hypergraph defines a probability

0. distribution over trees!
Probabilistic |
X—(X .
Hypergraph
7 0/,2 \){\3 .
X—(dianzi |[shang, the mat) X—(mao, a|cat)
‘ S—(Xo, Xo) P=2/8 I
dianzip shang; des Mao: |
X—(Xo de X1, Xo X1)
P=3/8 | Xe(dian(ang,the %0 a cat)
S—(Xo, Xo) | ’I

dianzio shang; dex  maos
X—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

=1/8
P | X—(mao, a cat) P=2/8 l

S—><X0, X0> I S—><X0, X0>
| dianzip shang; de;  maos
X—(Xo de X1,X; on Xo) X—(Xo de X1, X; of Xo)
XH(dian(ang,the% X—(dianzi shang,theh
| X—(mao, a cat) | X—(mao, a cat)
dianzio shang; de;  maos dianzio shang; de;  maos
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Probabilistic
Hypergraph

[ 77 . ——\;
X10,2 \

. X[3,4

X—(dianzi |[shang, the mat)

X—(mao, a‘cat)

dianzio shang de)

p=1/8

S—><X0, X0> |

| dianzio shang

X—><X0 de Xl,X]_ on X0>

X—(dianzi shang, the %

| X—(mao, a cat)

dianzip shang; dex>  maos

Maos

The hypergraph defines a probability
distribution over trees!

the distribution is parameterized by ©

:1 of X0>

SH<XIO,X0> p=2/ 3 I

X—><X0 de X]_,XO X1>

X—(dianzi shang, the h

P_3/8 | X—(mao, a cat)

S—(Xo, Xo) | | |
dianzio shang; dex  maos

—><X0 de Xl,XO ’s X1>

X—(dianzi shang, the h

X—(mao, a cat)
I —(Xo, Xo)

Maos

p=2/8 |

X—><X0 de Xl,Xl of X0>

X—(dianzi shang, the h

| X—(mao, a cat)

Mao3

de»

dianzio shang, de
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Probabilistic
Hypergraph

The hypergraph defines a probability
distribution over trees!

the distribution is parameterized by O

:1 of X0>

[ 7= . ——N\
X|0,2 \ :
A

X

3,

4

X—(dianzi |[shang, the mat)

dianzio shang de)

X—(mao, a|cat)

Maos
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S—(Xp X} The hypergraph defines a probability
0. distribution over trees!
Probabilistic the distribution is parameterized by O
X—(X 1 of Xo)
Hypergraph
T T
X—(dianzi |[shang, the mat) X—(mao, a|cat)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
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S—(Xp X} The hypergraph defines a probability
0. distribution over trees!
Probabilistic the distribution is parameterized by O
X—(X L1 of Xo)
Hypergraph
T T
X—(dianzi |[shang, the mat) X—(mao, a|cat)
dianzio shang de) Maos
Which translation do we present to a user? Decoding

How do we set the parameters O? Training
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The hypergraph defines a probability

0. distribution over trees!
Probabilistic the distribution is parameterized by ©
X—(X L1 of Xo)
Hypergraph
%107 \)(\3 .
X—(dianzi |[shang, the mat) X—(mao, a|cat)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
How do we set the parameters O? Training

What atomic operations do we need to perform? Atomic Inference
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S—(Xo. X The hypergraph defines a probability
S L distribution over trees!
Probabilistic | f}::)he distribution is parameterized by ©
X—(X oo
Hypergraph training decoding
Xl 0/,2 *\){\3 : (e.g., mert) (e.g., mbr)
X—(dianzi [shang, the mat) X . atomic inference Operations
—{mao,ajcat) (e.g., finding one-best, k-best or expectation,
. inference can be exact or approximate)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
How do we set the parameters O? Training

What atomic operations do we need to perform? Atomic Inference
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S—(Xo. X The hypergraph defines a probability
S L distribution over trees!
Probabilistic | f}::)he distribution is parameterized by ©
X—(X oo
Hypergraph training decoding
Xl 0/,2 *\){\3 : (e.g., mert) (e.g., mbr)
X—(dianzi [shang, the mat) X . atomic inference Operations
—{mao,ajcat) (e.g., finding one-best, k-best or expectation,
. inference can be exact or approximate)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
How do we set the parameters O? Training

What atomic operations do we need to perform? Atomic Inference

Why are the problems difficult?

22



S—(Xp X} The hypergraph defines a probability
0. distribution over trees!
Probabilistic | D::)he distribution is parameterized by ©
X—(X S
Hypergraph training decoding
XI 0/’2 \)(\3 : (e.g., mert) (e.g., mbr)
X—(dianzi [shang, the mat) X . atomic inference Oper’ations
—{mao,ajcat) (e.g., finding one-best, k-best or expectation,
. inference can be exact or approximate)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
How do we set the parameters O? Training

What atomic operations do we need to perform? Atomic Inference

Why are the problems difficult?

- brute-force will be too slow as there are exponentially
many trees, so require sophisticated dynamic programs
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The hypergraph defines a probability

0. distribution over trees!
Probabilistic | D::)he distribution is parameterized by ©
X—(X R
Hypergraph training decoding
XI 0/’2 \)(\3 : (e.g., mert) (e.g., mbr)
X—(dianzi [shang, the mat) X . atomic inference Opel"ations
~{mao,ajeat) (e.g., finding one-best, k-best or expectation,
- inference can be exact or approximate)
dianzio shang de) Maos
Which translation do we present to a user? Decoding
How do we set the parameters O? Training

What atomic operations do we need to perform? Atomic Inference

Why are the problems difficult?

- brute-force will be too slow as there are exponentially
many trees, so require sophisticated dynamic programs

- sometimes intractable, require approximations

22



Inference, Training and Decoding on Hypergraphs

e Atomic Inference
e finding one-best derivations

Graph Topological — . Best-i.irst —
no heuristic with heuristic with hierarchy
FSA Viterbi Dijkstra A* HA*®
Hypergraph CYK Knuth Klein and Manning Generalized A*

e finding k-best derivations
® computing expectations (e.g., of features)

® Training
® Perceptron, conditional random field (CRF), minimum
error rate training (MERT), minimum risk, and MIRA

® Decoding

® Viterbi decoding, maximum a posterior (MAP) decoding, and
minimum Bayes risk (MBR) decoding

23



Outline
® Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings
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Outline
® Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings

Held-out Bilingual Data

ili i Translation
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Data Training . Models
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. . >\, .
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Outline
® Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training -
main

» minimum imputed risk
focus

» contrastive language model estimation

® Variational Decoding

® First- and Second-order Expectation Semirings

Held-out Bilingual Data

ili i Translation
Bilingual Gengr:jttlve i l
Data Training . Models
\ Discriminative Optimal
. . >\, .
: Training Weights
Monolingual i i Language .
g Genejr'ijltlve A guag '
English Training : Models
v
Unseen Translation

——> | Decoding
Sentences Outputs




Training Setup

e Each training example consists of

® a foreign sentence (from which a hypergraph is generated
to represent many possible translations)

ST0.4
® 3 reference translation S~ (Xo. X0}
X10,4 .
“““ v
x:dianzi shang de mao ! xxodo XN 0 X
X—(Xpide Xi,Xo s Xq)
X—(Xo de X1 {Xo X1) 3 X (Xgide X, X of 2
y:a cat on the mat S 2
X10,2 RN
— X[3,4

X—(dianzi [shang, the mat) X )
—(mao, alca

o Training dianzio shang; dey Maos

® adjust the parameters O so that the reference
translation is preferred by the model

25



Supervised: Minimum Empirical Risk
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

gr = argmin Y jp(z,y)L(5(x). )

L,Y
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training
g = argmin Y [p(r,y|L(5(2). )
T,y

empirical
distribution
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

YD) TEY)

empirical
distribution

_________________________________________________________
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

YD) TEY)
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distribution
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

0* = argmin [ﬁ( jﬁ‘(%(x),y)]

MT decoder

empirical
distribution
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

p* = argmin (]5 jﬁ‘(%(x),y)]

MT decoder

empirical
distribution
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® Minimum Empirical Risk Training
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

0* = argmin [ﬁ( jﬁ‘(%(x),y)]

MT decoder
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distribution
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

YD) TEY)

MT decoder

negated BLEU

empirical
distribution

________________________________________________________
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

YD) TEY)

MT decoder

negated BLEU

b /
empirical Y (x) (_l_?}_ﬁ)
distribution 0
MT output

e Uniform Empirical Distribution

N
1 _
6" = agmin ;52 LG(z1). 5
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

p* = argmin (]5 jﬁ‘(%(x),y)]

MT decoder

b /
empirical .5 (x) (_'_9_?_%)
distribution 0
MT output
e Uniform Empirical Distribution
1 N 4 R
* . _ . 77
f* = argmin Z;L(%(%),yz) _MERT
- CRF
- Peceptron
\ J

negated BLEU
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Supervised: Minimum Empirical Risk

® Minimum Empirical Risk Training

p* = argmin (]5 j@(%(x),y)}

MT decoder

e /
empirical . <_|_9_§_§_>
distribution 09 ()
MT output
e Uniform Empirical Distribution
) | 1 N i ~ ™)
(9 — alg m@mN ;L(59(sz),yz) _ MERT
- CRF
- Peceptron
What if the input x is missing? | )

negated BLEU
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Unsupervised: Minimum Imputed Risk

.........................................................

® Minimum Empirical Risk Training

.........................................................

N
| .
0* = arg mgmN Z;L((Se(%),yz‘)
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Unsupervised: Minimum Imputed Risk

.........................................................

® Minimum Empirical Risk Training

.........................................................

N
| .
0* = arg memﬁ Z;L((Se(%),yz‘)

® Minimum Imputed Risk Training

N
) R ) _
0° = arg m@m N >J>Jp¢(ﬂi | 9i)L(00(2), G:)

=1 x
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Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

.........................................................

x—[ gl () 225y
1 N . J
* 3 . ) ¥
O* = argm@mNZ;{L((Sg(xz),yz)J
® Minimum Imputed Risk Training
) R ey - R
0* = arg min ~ >J>Jp¢(a: | g ) L(dg(x), ;)
1=1 L )

27



Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

! 1

! 1

! 1

J '

N ‘ '
______________________________________________________

1
g — argm@inNZ(L(ég(xi),jji)J

1=1

® Minimum Imputed Risk Training
N

§ ol . BN
0* = arg min — >4 >Jp¢(a: |9, )L(0g(), ;)
=1\ J

-----------------------------------------------------

-----------------------------------------------------

.......................................................

-
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Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

! 1

! 1

! 1

J '

N ‘ '
______________________________________________________

-

1
g — argm@inNZ(L(ég(xi),jji)J

1=1

® Minimum Imputed Risk Training
N

§ ol . BN
0* = arg min — >4 >Jp¢(a: |9, )L(0g(), ;)
=1\ J

-----------------------------------------------------

-----------------------------------------------------

.......................................................
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Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

N T :

---

1
g — argm@inNZ(L(ég(xi),jji)J

1=1

® Minimum Imputed Risk Training
N

) R e N BN
0° = arg m@mN >J>Jp¢(33 | 9i)L(00(2), G:)

1=1 Lz )

Po: reverse model T s \:

-----------------------------------------------------

......................................................
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Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

......................................................

---

x—| gl —0a(x) 2%y
1 N . !
g = argmin ;{L(ég(xi),yfiﬂ
® Minimum Imputed Risk Training
1 N - )
p* = arg m@in ~ >J>Jp¢(a: | g ) L(dg(x), ;)
=1\ )
Po¢: reverse model % """"""""""""""" \:
2. imputed input ZC<— qu — Y '

-----------------------------------------------------
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Unsupervised: Minimum Imputed Risk

® Minimum Empirical Risk Training

......................................................

---

X— 0p|— () 22, ;
o N e e .
g = argmin ;{L(ég(xi),yfiﬂ
® Minimum Imputed Risk Training
1 - g
0* = arg min — >J>Jp¢(a: | g ) L(dg(x), ;)
=1\ )
Po¢: reverse model * """"""""""""""" ‘5
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Py and ¢y are parameterized and trained separately
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Approxmatmg ps( | i)

------------------

exponentially .
many x, stored in:

a hypergraph

------------------

-----------------------------------

Po| — Ui
T ;Ioss
0p| — do(x)
SCIFG

CFG is not closed under composition!

® Approximations

- k-best
- sampling
- lattice <"

variational approximation
+

lattice decoding (Dyer et al., 2008)
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Experiments

® Supervised Training

® require bitext

® Unsupervised Training

® require monolingual English

® Semi-supervised Training

® interpolation of supervised and unsupervised

31



Semi-supervised Training

32



Semi-supervised Training

Training scenario Test BLEU

Sup, (200, 200%16) 47.6

32



Semi-supervised Training

Training scenario

Test BLEU

Sup, (200, 200%16)

47.6

Held-out Bilingual Data

ili i Translation
Bilingual Gene.r:.zttlve l
Data Training . Models
. Discriminative Optimal
Training Weights
Monolingual Generative Language ]
English Training Models
Seaaa ':" ="
v
Unseen Decoding Translation
Sentences Outputs

32



Semi-supervised Training

Training scenario

Test BLEU

Sup, (200, 200%16)

47.6

40K sent. pairs

v

Held-out Bilingual Data

ili i Translation
Bilingual i Gene.r:.zttlve l
Data Training . Models
. Discriminative Optimal
Training Weights
Monolingual Generative Language ]
English Training Models
Seaaa N':" ="
v
Unseen Decoding Translation
Sentences Outputs

32



Semi-supervised Training

Training scenario Test BLEU

Sup, (200, 200*16)) 47.6

40K sent. pairs

0

¢ Held-out Bilingual Data
Bilingual __ Gene.r:.zttive i Translation l
Data Training . Models
e iscrimi i Optimal
Dlscrlrr.ur.|at|ve P.
. i Training Weights
Monolingual Gene're.1t|ve L Language ’
English Training ' Models
_______ v
v
Unseen Decoding Translation
Sentences Outputs




Semi-supervised Training

Training scenario Test BLEU

Sup, (200, 200*16)) 47.6

40K sent. pairs

0

¢ Held-out Bilingual Data
Bilingual ___ Gene.r:.zttive , Iranslation l
Data Training . Models
icerimi i Optimal
Dlscrlrr.ur.|at|ve P.
. i Training Weights
Monollngual Gene.r;.1t|ve : Language :'
English Training ' Models H
S S ~ 551 features
I'4
v
Unseen Decoding Translation
Sentences Outputs




Semi-supervised Training

Training scenario Test BLEU
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Outline
o Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings

34



Language Modeling

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y

e typically use an n-gram model

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y

e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weW,

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)

Z(%)

(Rosenfeld et al.,2001) |

po(y) =

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)

Z(%)

(Rosenfeld et al,,2001) |

po(y) =

Globally
normalized

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)

ef(y)e def N
pg(y) _ Z(>x<) z(*) = Zy,@* el (Y')-0

(Rosenfeld et al.,2001) l

Globally
normalized

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)
ef(y)e def

pg(y) — Z(*) Z(*) — Zy,ef(y’).e

(Rosenfeld et al.,2001) |

Globally

. , ’
normalized All English sentences with any length!

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)
ef(y)e def

(Rosenfeld et al.,2001) |

po(y) Z(x) (*) Zy 2
ncil;t;lilzl);d All English sentences with any length!

Sampling

35



Language Modeling
® [anguage Model pe(y)

® assign a probability to an English sentence y
e typically use an n-gram model

p(y) = ]| plr(w) | hw)=®

weWs — a set of n-grams occurred in y

Locally
normalized

® Global Log-linear Model

(whole-sentence maximum-entropy LM)
ef(y)e def

(Rosenfeld et al., 2001) |

po(y) Z(x) (*) Zy 2
ncil;t;lilzl);d All English sentences with any length!

Sampling slow ()

35



Contrastive Estimation
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(Rosenfeld et al., 2001) |

ef(y)e E

po(y) = 7.(%) Z(*) =

ZylgE* ef(y/)e
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X — (mao, a cat) X — (acat, the cat)
X — (mao, the cat) X — ( the cat, a cat)

X — <X() de Xl,X() on X1> X — <XO on Xq, Xy OfXO>
X — <XO de Xl,Xl OfX()> X — <XO of Xy, X;on XO>

CG captures the confusion an MT system will
have when translating an input.

Our neighborhood function is learned and MT-specific.
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Step-3: Discriminative Training

¢ Training Objective expected loss

CE maximizes the
conditional likelihood

® |terative Training

® Step-2:for each English sentence, generate a
) contrastive set (or neighborhood) using the CG

Step-3: discriminative training
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Applying the Contrastive Model

® \We can use the contrastive model as a
regular language model

® Ve can incorporate the contrastive model into
an end-to-end MT system as a feature

® VVe may also use the contrastive model to generate
paraphrase sentences

(if the loss function measures semantic similarity)

® the rules in CG are symmetric
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Outline
o Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings

decoding training
(e.g., mbr) (e.g., mert)

atomic inference operations
(e.g., finding one-best, k-best or expectation,
inference can be exact or approximate)
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Variational Decoding

® We want to do inference under p, but it is intractable
intractable MAP decoding  (Sima’an 1996)

S

y" = argmax p(y | x)= argmax E p(d | x)
y y
deD(z,y)

® |nstead, we derive a simpler distribution g*

P

tractable estimation

p(Y[x)

q*(y)

* = aremin KL
q g min (pllq)

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

*

Yyt = argmgxq*(y | )
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Sentence-specific decoding |

Three steps: I

Generate a hypergraph for
the foreign sentence

MAP decoding under P is
intractable
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—(Xo, Xo)
S/A(Xo, Xo)
|X‘0 4‘the cat“
1y

|X‘U4|a--- mat|

i X—(Xo de Xq, Xlél XO)

[XT0; 2{the mat |

cat ‘

X—(dianzi|shang, the mat) X £)
—(mao, a|ca

dianzio shang de; maos

Generate a hypergraph
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Estimate a model q* is an n-gram model
from the hypergraph over output strings.

e DY mMinimizing KL
[ > qfylx) |
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Estimate a model q* is an n-gram model
from the hypergraph over output strings.

e DY mMinimizing KL
[ > qfylx) |

=D deD(xy) P(d[X)
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Estimate a model q* is an n-gram model
from the hypergraph over output strings.

. DY mMinimizing KL
[ > gy %) |

=2 deD(xy) P(d|X)
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Estimate a model q* is an n-gram model
from the hypergraph over output strings.

. DY mMinimizing KL
[ > gy %)

=2 deD(xy) P(d|X)

Decode using g*
on the hypergraph
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[XT0.2]the " mat

X—(dianzi|shang, the mat)

dianzio shang dey maos

g Estimate a model q* is an n-gram model
[X[0.4]th

—(Xo, Xo)

/ i from the hypergraph over output strings.
7 Trmannl by minimizing KL .
' > qf(ylx) |

el |

Approximate a hypergraph with a lattice! | =2 deD(xy) P(d|X)

/

Decode using g*
on the hypergraph
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Outline
o Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings

decoding training
(e.g., mbr) (e.g., mert)

atomic inference operations
(e.g., finding one-best, k-best or expectation,
inference can be exact or approximate)
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S|0,4

/ xx) A semiring framework to compute all of these
SA(Xo, Xo)
X0

4la --- mat

X|0,4|the --- cat ’ -
A » s e
Probabilistic e “Decoding” quantities:
X—(X 1 of Xop) ) . .
Hypergraph Viterbi
e ——\ - K-best

X[3.4]a - cat

S I - Counting
dianzip shang; de) Maos
4 4
* First-order expectations: [|® Second-order expectations:
- expectation - expectation over product
- entropy - interaction between features
- expected loss - Hessian matrix of Z
- cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- first-order gradient of Z - gradient of expected loss
or entropy




S|0,4

874»

x~x) A semiring framework to compute all of these
0

X

4la --- mat

X ]0,4]the - cat dd
Probabilistic . . “Decoding” quantities:
< Hyper'gr'aph - Viterbi
ISR e s — - K-best
dianzip shang; de) Maos
4 4
* First-order expectations: [|® Second-order expectations:
- expectation - expectation over product
- entrof - interaction between features
- Hessian matrix of Z
- cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- first-order gradient of Z - gradient of expected loss
or entrog
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/ xx) A semiring framework to compute all of these
SA(Xo, Xo)
X0

4la -+ mat

X|0,4|the --- cat ;
Probabilistic | F “Decoding” quantities:
X3 2 of Xa)
Hyp(

Recipe to compute a quantity:

X 0,2 the --- mat
t

X—(dianzi[shang, the mat)

dianzip shang

g
e First-orde
- expectat
- entrog ACTIOTT T acates
- Hessian matrix of Z
- cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- first-order gradient of Z - gradient of expected loss
or entrop 3




X—(X

X—(dianzi[shang, the mat)

874»

X|0,4|the --- cat

S|0,4

x~x) A semiring framework to compute all of these
0

X

4la -+ mat
3

Probabilistic | F “Decoding” quantities:

Hyp(

X

0,2 tiae --- mat

dianzip shang

t

-~
®

First-orde
- expectat
- entrop

Recipe to compute a quantity:

® Choose a semiring

OITC acares

- expected loss - Hessian matrix of Z

- cross-entropy - second-order gradient

- KL divergence descent
- gradient of expectation

- feature expectations

- first-order gradient of Z - gradient of expected loss

or entrof 3




S|0,4

/ xx) A semiring framework to compute all of these
SA(Xo, Xo)
X10,4

X|0,4|the --- cat . a‘--- mat

Probabilistic | . F “Decoding” quantities:
Hyp(

X[0,2]the - mat
t
X—(dianzi[shang, the mat) ® Choose a Semiri ng

X—(X

Recipe to compute a quantity:

dianzip shang

e Specific a semiring weight for each hyperedge

g
e First-orde
- expectat
- entrog ACTOTT T acates
- Hessian matrix of Z
- cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- first-order gradient of Z - gradient of expected loss
or entrop 3




S|0,4

/ xx) A semiring framework to compute all of these
SA(Xo, Xo)
X10,4

X|0,4|the --- cat . a‘--- mat

Probabilistic | . F “Decoding” quantities:
Hyp(

T
t
X—(dianzi|shang, the mat) ® Choose a Semiri ng

X—(X

Recipe to compute a quantity:

dianzip shang

e Specific a semiring weight for each hyperedge

g
e First-orde ® Run the inside algorithm
- expectat
- entrog ACTOTT T acates
- Hessian matrix of Z
- cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- first-order gradient of Z - gradient of expected loss
or entrop 3




Applications of Expectation Semirings: a Summary

Quantity k. Kroot Final
Expectation (Pey PeTe) (Z,T) T/Z
Entropy ro = 10g Do, SO ko = (Pe, Pe lOg Pe) (Z,7T) logZ —7/7
Cross-
o def <Qe> <Zqz log Zq — F/Zp
entropy re = 10g qe, SO ke = (De, Pe 10g qe) (Z,,7)
Bayes risk r. =1L, s0k, = (Pe, Pele) (Z,7T) T/Z
First-order
gradient (e VDe) (Z,VZ) \Y
Covariance . PR
matriX <p€7p€T€7p€S€7p€T€S€> <Z7 T) S) t> % - ZQ
Hessian
matrix (Pe; Ve, Ve, V2pe> (Z,NVZ,NVZ, VQZ> V7
Gradient of B B _
expectation <pea PeTes VDe, (VPG)Te - pe(VTe» <27 T, V4, \/T> a 72 v
Gradient of _ _ _—
entropy <p€7p€ 10gp67 vpe) (1 _|_ logpe)vpe> <27 T, \/Z7 \/T> %Z T A 72 VZ
Gradient of -
radiecnt o <pe7 peLe, VPQ, LeVpe> <27 F, \/Z, \/F> ZVTZ—QTVZ

risk
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Inference, Training and Decoding on Hypergraphs

® Unsupervised Discriminative Training
» minimum imputed risk (In Preparation)

» contrastive language model estimation (In Preparation)

® Variational Decoding
(Li et al., ACL 2009)

® First- and Second-order Expectation Semirings
(Li and Eisner, EMNLP 2009)
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My Other MT Research

® Training methods (supervised)

® Discriminative forest reranking with Perceptron
(Li and Khudanpur, GALE book chapter 2009)

® Discriminative n-gram language models
(Li and Khudanpur, AMTA 2008)

® Algorithms

® Oracle extraction from hggergraphs
(Li and Khudanpur, NAACL 2009)

e Efficient intersection between n-gram LM and CFG
(Li and Khudanpur, ACL SSST 2008)

e Others
® System combination (Smith et al., GALE book chapter 2009)

® Unsupervised translation induction for Chinese
abbreviations (Li and Yarowsky, ACL 2008)
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Research other than MT

® Information extraction

e Relation extraction between formal and informal
phrases (Li and Yarowsky, EMNLP 2008)

® Spoken dialog management

¢ Optimal dialog in consumer-rating systems using
a POMDP (Li et al., SIGDial 2008)
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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
e Zhifei Li, Chris Callison-Burch, Chris Dyer, Sanjeev Khudanpur,Wren

Thornton, Jonathan Weese, Juri Ganitkevitch, Lane Schwartz, and Omar Zaidan

Bilingual Translation
)

Data Model
)

Weights

Monolingual Language /
)
English odel /
Unseen ﬁ Translation
Sentences Outputs
R —

T

Only rely on word-aligner and SRI LM!

All the methods presented have been implemented in Joshua!
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Thank you!
XieXie!
151 157!
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Decoding over a hypergraph

—><X0,X0>
S/A(Xo, Xo)

|X‘0,4‘the cat|
'Y

HX‘OA‘a--- mat|
L3

L X (Xo de X, Xy fon X
X*%Xb.“de X17X0 ’s X1> :

Y X5(Xo de X1, X, of X
Xo X1) % ?<° e X1,X1 of Xo)

XH<X0 de X1

|X‘0,2‘.the~~- mat | |

X‘3,4i"a.--- cat |

X—(dianzi|shang, the mat) X £)
—(mao, a|ca

dianzio shang; de; maos



Decoding over a hypergraph

dianzio shang; de; maos

Given a hypergraph of possible translations

(generated for a given foreign sentence by already-trained model)
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Decoding over a hypergraph

Given a hypergraph of possible translations

(generated for a given foreign sentence by already-trained model)

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

63



Spurious Ambiguity

® Statistical models in MT exhibit spurious
ambiguity

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

® Jree-based MT systems
® derivation tree ambiguity

® Regular phrase-based MT systems

® phrase segmentation ambiguity
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Spurious Ambiguity in Derivation Trees



Spurious Ambiguity in Derivation Trees

N22 #3% #{4+ machine translation software
jigi fanyi yuanjian
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Spurious Ambiguity in Derivation Trees
.22 E3¥ %4k machine translation software
jigi fanyi yuanjian
S->(S0 S1,50 S1)

e

S->(S0 S1,S0 SI)

N

S->(M12&, machine)  S->(BHIE, translation) $->(3X4, software)
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Spurious Ambiguity in Derivation Trees

N22 #3% #{4+ machine translation software
jigi fanyi yuanjian
S->(S0 S1,5S0 SI)

S->(S0 S1,50 S1) \

S->(M12&, machine)  S->(BHIE, translation) $->(3X4, software)

S->(S0 S1,S0 SI)

™

S->(S0 S1,S0 SI)

N

S->(M12&, machine)  S->(BHIE, translation) s->(3X4, software)
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Spurious Ambiguity in Derivation Trees
.22 E3¥ %4k machine translation software
jigi fanyi yuanjian
S->(S0 S1,50 SI)

e

S->(S0 S1, S0 SI)

N

S->(M12&, machine)  S->(BHIE, translation) $->(3X4, software)

S->(S0 S1,S0 SI)

™

S->(S0 S1,S0 SI)

N

S->(M12&, machine)  S->(BHIE, translation) s->(3X4, software)

S->(S0 #1% S|, SO translation S1)

s->(1aw, ma{' \\

3% S-> (K14, software)
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Spurious Ambiguity in Derivation Trees

N22 #3% #{4+ machine translation software

jigi fanyi yuanjian ® Same output:

S;(SO'SI,SO S1) “machine translation software”
S->(S0 SI,S0 SI) ® Three different derivation trees

N

S->(M12&, machine)  S->(BHIE, translation) $->(3X4, software)

S->(S0 S1,S0 SI)

™~
S->(S0 SI,
/

S->(M12&, machine)  S->(BHIE, translation) s->(3X4, software)

S0 SI)

S->(S0 #1% S|, SO translation S1)

N

s->(1/1. 85, machine) % S-> (34, software) 65



Spurious Ambiguity in Derivation Trees

N22 #3% #{4+ machine translation software

jigi fanyi yuanjian ® Same output:

S;(SO'SI,SO S1) “machine translation software”
S->(S0 SI,S0 SI) ® Three different derivation trees

N

S->(M12&, machine)  S->(BHIE, translation) $->(3X4, software)

S.>(5051,50 S1) Another translation:

AN machine transfer software
S->(S0 S1,50 SI)

N

S->(M12&, machine)  S->(BHIE, translation) s->(3X4, software)

S->(S0 #1% S|, SO translation S1)

s->(1aw, ma{ \\

3% S-> (K14, software) 65



MAP, Viterbi and N-best Approximations
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MAP, Viterbi and N-best Approximations
® Exact MAP decoding

* — arl I1N1aX p T
Yy gyE s () (y‘ )
— ar I11aX E ] d £
5 yETrans(x) p(y ‘ )

deD(x,y)
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MAP, Viterbi and N-best Approximations
® Exact MAP decoding

y- = arg max p(y|x) NP-hard (Sima’an 1996)
yETrans(x)
= ar max E ,d|x
gyETranS(x) p(y ‘ )

deD(x,y)

66



MAP, Viterbi and N-best Approximations
® Exact MAP decoding

y- = arg max p(y|x) NP-hard (Sima’an 1996)
yETrans(x)
= arg max >  p(y,dz)
yETrans(x) 4D (2.y)

® Viterbi approximation

y*© = arg max max p(y,d|x)

yETrans(x) deD(x,y)
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yETrans(x)
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MAP, Viterbi and N-best Approximations
® Exact MAP decoding

y- = arg max p(y|x) NP-hard (Sima’an 1996)
yETrans(x)
= arg max >  p(y,dz)
yETrans(x) 4D (2.y)

® Viterbi approximation

y* = arg max max p(y,d|x)

yETrans(x) deD(x,y)

= Y(arg drengé)p(y, d|z))

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

y* = arg max > ply.dx)

cTrans(x
Y (@) 4€D (z,y)ND(z)



MAP, Viterbi and N-best Approximations
® Exact MAP decoding

y- = arg max p(y|z) NP-hard (Sima’an 1996)
yETrans(x)
= arg max E p(y, d|z)
yETranS(x)(dED(x,y))

® Viterbi approximation

y* = arg max max p(y,d|x)

yETrans(xz) deED(x,y)

= Y(arg drengé)p(p, d|z))

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

y* = arg max Eﬁ p(y,d|x)
yETrans(x)
@ED(m,y)ﬂND(x]




MAP, Viterbi and N-best Approximations
® Exact MAP decoding

y- = arg max p(y|x) NP-hard (Sima’an 1996)
yETrans(x)
= arg max >  p(y,dz)
yETrans(x) 4D (2.y)

® Viterbi approximation

y* = arg max max p(y,d|x)

yETrans(x) deD(x,y)

= Y(arg drengé)p(y, d|z))

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

y* = arg max > ply.dx)

cTrans(x
Y (@) 4€D (z,y)ND(z)



MAP vs. Approximations

translation MAP Viterbi 23-Pest derivation probability
string crunching

] O. I I

blue translation  0.28 0.14 ‘ - 0 |4
green translation ‘ 0.13 0.13 - 0.13
e 0.12

0.1

0.10

0.10
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MAP vs. Approximations

translation MAP Viterbi 4-best derivation probability

string crunching 0.16
red translation 0.28 ‘ 0.16 .

————  ——— 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 on HG
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translation MAP Viterbi 4-best derivation probability

string crunching 0.16
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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 on HG

® Viterbi and crunching are efficient, but ighore most derivations
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MAP vs. Approximations

translation MAP Viterbi 4-best 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 on HG

® Viterbi and crunching are efficient, but ighore most derivations

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

67



Variational Decoding
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Variational Decoding

Decoding using Variational approximation

Decoding using a sentence-specific
approximate distribution

68



Variational Decoding for MT:an Overview
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Sentence-specific decoding |
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Sentence-specific decoding |

Three steps: |
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Sentence-specific decoding |

Three steps: l

Generate a hypergraph for
the foreign sentence

Foreign
sentence X

68



Variational Decoding for MT:an Overview

Sentence-specific decoding |

Three steps: l

Generate a hypergraph for
the foreign sentence

Foreign — SMT |:{>

sentence X
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Variational Decoding for MT:an Overview

Sentence-specific decoding |

Three steps: |

Generate a hypergraph for
the foreign sentence

intractable

—(Xo, Xo)
S/(Xo, Xo)

S

0,4

MAP decoding under P is

X 0,4]the --- cat X 04J . mat
Foreign : [ p(y, d | x)
Sentence X SMT I X—(Xo de X1 [Xo X1> ( ‘ ; Xﬁ<X0 de X;,X; of
2102 tg mat ;\3,451 cat

X—(dianzi|shang, the mat)

dianzip shang

X—(mao, a

de»

cat)

Mao3

68



—(Xo, Xo)
S£(Xo, Xo)

IX‘04“‘he---cat| |X‘04‘a"'mat|
»
L X (X de X, X1 on X0>

CIES

A

X—(dianzi|shang, the mat)

X—(mao, a|cat)

dianzio shang dey maos

Generate a hypergraph

69



—(Xo, Xo)
(X0, Xo)
|X\04\the Cat”

|X‘04‘a-~ mat|

X(] de X1 X1 on X0>

" p(d ]| x)
[XT0.2]the " mat |

X—(mao, alcat)

1X10fX\

X—(dianzi|shang, the mat)

dianzio shang de; maos

Generate a hypergraph



—(Xo, Xo)
(X0, Xo)
|X\04\the Cat”

|X‘04‘a-~ mat|

XO de X1 X1 on X0>

x_ ( I ‘ ) 1, X1 of Xo)
|7X{02{the~~~ mat | . o]

X—(dianzi|shang, the mat)

X—(mao, alcat)

dianzio shang de; maos

Generate a hypergraph



—(Xo, Xo)
S£(Xo, Xo)

|X\04\the -+ cat]
Ly
L X (Xg de xl,x1 fon X0>

D‘“’”“‘e —

X—(dianzi|shang, the mat)

|X‘04‘a-~ mat|

X—(mao, a|cat)

dianzio shang de; maos

—(Xo, Xo)
S/A(Xo, Xo)
|X‘0 4‘the cat“
1y

|X‘U4|a--- mat|

i X—(Xo de Xq, Xlél XO)

[XT0; 2{the mat |

cat ‘

X—(dianzi|shang, the mat) X £)
—(mao, a|ca

dianzio shang de; maos

Generate a hypergraph
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—(Xo, Xo)
S£(Xo, Xo)

|X{04{the -+ cat]

|X‘04‘a--- mat|

»
Y X—(Xo de Xy, X1 lon X0>

X— ( I ‘ X) leofxm
le“l“‘e e X[3.4]a - cat]

X—(dianzi|shang, the mat)

X—(mao, a|cat)

_—

Generate a hypergraph

dianzio shang dey maos
.
Estimate a model
|X{04] -+ mat]

|X‘04‘the cat“
¥

i X—(Xo de Xq, X1 lon XO)

N ( I ‘ X) I , X1 of Xop)
rxthhe ] PSEXERENC
X—(dianzi|shang, the mat) —(mao a'cat
dianzip shang Maos3

from the hypergraph

' )

q*(y | x)
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q* is an n-gram model

Estimate a model . output strings.

from the hypergraph

. > q*(y | x) |
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Generate a hypergraph

q* is an n-gram model

Estimate a model . output strings.

- from the hypergraph
. ) Ty 1)
deeD(X’)’) p(d‘X) ,

69



Generate a hypergraph

q* is an n-gram model

Estimate a model . output strings.

| from the hypergraph
. D a*(y %) |
= D deD(xy) P(d|X) ,
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Generate a hypergraph

q* is an n-gram model

Estimate a model . output strings.

- from the hypergraph
. ) a*y1x)
= D deD(xy) P(d]X) ,

Decode using g*
on the hypergraph
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® |nstead, we derive a simpler distribution g*
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Variational Inference

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

%

y" = arg m;txp(yliv)

® |nstead, we derive a simpler distribution g*

) . P
¢" = argmin KL(p||q)

@

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

%

Yyt = argmgxq*(y )

71



Variational Inference

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

%

y" = arg m;txp(yliv)

® |nstead, we derive a simpler distribution g*
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® Three questions
® how to parameterize q? an n-gram model

compute expected n-gram

® how to estimate q*? .
counts and normalize

® how to use C|>!< for decoding? score the hypergraph
with the n-gram model
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KL divergences under different variational models

¢ = arg{]réigglKL(pHQ) = H(p, ¢) — H(p)
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KL divergences under different variational models

¢ = argminKL(p[|lg) = H(p, q) — H(p)
qeq
Measure | H(p) KL(p||)
bits /word q1 45 43 G2

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

® [arger n ==> better approximation q_n ==>
smaller KL divergence from p

® The reduction of KL divergence happens

mostly when switching from unigram to
bigram
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BLEU Results on Chinese-English
NIST MT 2004 Tasks

Decoding scheme BLEU

Viterbi 30.4
(Kurnar and Byrne, 2004)| MBR. (K =1000) 35.3
(May and Knight,2006) | Crunching (N=10000) 35.7

Crunching+MBR (N=10000) 35.8

New! | Variational (1todgram+wp+vt) 36.6

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

y" = arg m;txp(y|w)

® |nstead, we derive a simpler distribution g*
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® Then, we will use g* as a surrogate for p in inference
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Yyt = argmgxq*(y )
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Outline
o Hypergraph as Hypothesis Space

® Unsupervised Discriminative Training
» minimum imputed risk

» contrastive language model estimation
® Variational Decoding

® First- and Second-order Expectation Semirings

decoding training
(e.g., mbr) (e.g., mert)

atomic inference operations
(e.g., finding one-best, k-best or expectation,
inference can be exact or approximate)

76



X—(X

874»

S|0,4

X|0,4|the --- cat

X|0,4|a --- mat

Probabilistié
Hypergraph

[ 3

1 of X0>

.

X

0,2 tiae --- mat

t

X—(dianzi[shang, the mat)

dianzip shang

N\
X|3.4|a--- cat

X—(mao, a’cat)

de» Maos

-~
®

First-order quantities:

- expectation
- entropy
- Bayes risk

- cross-entropy
- KL divergence
- feature expectations
- first-order gradient of Z

xx) A semiring framework to compute all of these
0

.
* “decoding” quantities:

- Viterbi
- K-best

- Counting

h
* 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
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Compute Quantities on a Hypergraph: a Recipe

® Semiring-weighted inside algorithm

* three steps:
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) specify a weight for each hyperedge

each weight is a semiring member

» run the inside algorithm
complexity is O(hypergraph size)
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Semirings

e “Decoding” time semirings (Goodman, 1999)|

® counting,Viterbi, K-best, etc.
® “Training” time semirings

e first-order expectation semirings (Eisner,2002) |

® second-order expectation semirings (new)

e Applications of the Semirings (new)

® entropy, risk, gradient of them, and many more
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.
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First- and Second-order Expectation Semirings

First-order: | (Eisner, 2002) |

® cach member is a 2-tuple: (p, 7“)

(P1,71) ® (P2,72) | (P1P2, P1T2 + P2T1)
(p1,71) D (P2,72) | (P1+ P2, ™1+ T2)

Second-order:|

e each member is a 4-tuple: (p, T, s,t)

(P1,71,81,t1) @ (P2,T2,S82,t2) | (P1P2, P1T2 + P2r1, P1S2 + P25,
p1to + pot1 + 1182 + 1r28)

(p1,71,81,%1) D (p2,72,82,82) | (P1 + P2, 11 + 72, S1 + S2, {1 + t2)
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k(vi)=k(e) k(v2)= k(e2)
k(v3)= k(e3s) X k(vi) @ k(v2) D k(es) ) k(vi)& k(v2)
k(va)= k(es) ) k(vi) D k(v2) 5 k(es) ) k(vi)X k(v2)
k(vs)= k(e7) X) k(vi) D k(es) (X) k(va)
Vs ll((V5)= (8, 4.75)
e7f—§es
k(vs)= €0, 1) AT, 0) 1,0) k(va)= <1, 2

Vs | V4 |
First-order: / (1, /;?
?3 3) t2,2)
each semiring member <2 0)
isa2=tuple A A AN\
L SN k(v)= <1, 2)
Q %l k(vi)= <1, 2) X%l
el 2) (1, 2)q,
Fake |
dianzlio shang| de, Maos 85




k(vi)= k(er) k(v2)= k(e2)

k(v3)= k(e3s) X k(vi) @ k(v2) D k(es) ) k(vi)& k(v2)
k(va)= k(es) ) k(vi) D k(v2) 5 k(es) ) k(vi)X k(v2)
k(vs)= k(e7) X) k(vi) D k(es) (X) k(va)

V5 ' k(vs)= (8,4.5455)

X
(000)  L000)
k(v3)= {(1,1,1,1) vl vq k(va)= (1,21,3)

Second-order: e/"’e <111/Z>j
each semiring member ’ <3333> d: <2e§22>

<2 oo>

is a 4=tuple

””””
. 0.
.0
*
......

......
us .
--------
--------------
mum .
an G
un .
. .
3
.
‘e
o

Vo k(v2)= (1,2,2,4)

¥
el1224) (1,224 )¢,
|

dianzip shang| de, Maos
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k(vi)= k(er) k(v2)= k(e2)

k(v3)= k(e3s) X k(vi) @ k(v2) D k(es) ) k(vi)& k(v2)
k(va)= k(es) ) k(vi) D k(v2) 5 k(es) ) k(vi)X k(v2)
k(vs)= k(e7) X) k(vi) D k(es) (X) k(va)

V5 ' k(vs)= (8,4.5455)

X
(1000) 000/
k(v3)= {(1,1,1,1) vl vq k(va)= (1,21,3)

Second-order: 7 e, (LI 1)
€3 (2222)
each semiring membe<2 OO><3333> es &
is a 4=tuple . o
A %'k(vl) (1224) sz k(v2)= (1,2,24)
I
WARNING e(1224) (1,224)¢,
Fake |
dianzlio shang| de, Maos
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Expectations on Hypergraphs



Expectations on Hypergraphs

® Expectation over a hypergraph
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Expectations on Hypergraphs

® Expectation over a hypergraph

FEEr] = ) pld)r(d)

deHG

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

e.g., the length of the translation yielded by d
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Expectations on Hypergraphs

® Expectation over a hypergraph

FEEr] = ) pld)r(d)
deHG

\ . .
exponential size

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

e.g., the length of the translation yielded by d
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Expectations on Hypergraphs

® Expectation over a hypergraph

FEEr] = ) pld)r(d)
deHG

\ . .
exponential size

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

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

® r(d) is additively decomposed

r(d) = Z Te

ecd
e.g., translation length is additively decomposed!
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Second-order Expectations on Hypergraphs

® [xpectation of products over a hypergraph

L=Ey[r-s]= ) p(d)r(d)s(d)

dEHG\
exponential size

® r and s are additively decomposed

r(d) = Z Te

ecd

s(d) = Z Se

ecd

r and s can be identical or different functions.
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Compute expectation using expectation semiring:
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Compute expectation using expectation semiring:

def

ke — <pea pere>

Pe : transition probability or log-linear score at edge e
re!
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Compute expectation using expectation semiring:

def

ke — <pea pere>

Pe : transition probability or log-linear score at edge e
re!
def

Entropy: | re = logpe
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Compute expectation using expectation semiring:

def

ke — <p€7 pere)

Pe : transition probability or log-linear score at edge e
re!
def

Entropy: | re = logpe

Why!
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Compute expectation using expectation semiring:

def

ke = <p€7 pere>

Pe : transition probability or log-linear score at edge e
re!
def

Entropy: | re = logpe

Why!? entropy is an expectation
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Compute expectation using expectation semiring:

def
— <pea pere)
Pe : transition probability or log-linear score at edge e

re?
def

Entropy: | = log pe
Why!? | entropy is an expectation
H(p) = Ep[—logp] = — »  p(d)logp(d

deHG
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Compute expectation using expectation semiring:
def

— <peapere>

Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | = log pe
Why!? | entropy is an expectation
H(p) = Ep[—logp] = — »  p(d)logp(d

deHG

log p(d) is additively decomposed!
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Compute expectation using expectation semiring:

def

ke — <p€7 pere)
Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | re = logpe

Cross-entropy: | Te = log ge

Why!
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Compute expectation using expectation semiring:

def

ke — <p€7 pere)
Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | re = logpe

Cross-entropy: | Te = log ge

Why? cross-entropy is an expectation
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Compute expectation using expectation semiring:
def

— <peapere>

Pe : transition probability or log-linear score at edge e
re!

def
Entropy: | = log pe
def
Cross-entropy: ' = log g,
Why!? | cross-entropy is an expectation
H(p,q) = Ep(—logq) = — »  p(d)logq(d

deHG



Compute expectation using expectation semiring:

def
= (Pe, PeTe)
Pe : transition probability or log-linear score at edge e

re?
def

Entropy: | = log pe
def
Cross-entropy: | = log q.
Why!? | cross-entropy is an expectation
H(p,q) = Ep(—logq) = — »  p(d)logq(d

deHG

log g(d) is additively decomposed!
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Compute expectation using expectation semiring:

def

ke — <p€7 pere)
Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | re = logpe

Cross-entropy: | Te = log ge

. def
Bayes r|s|(;| Te =— IOSS at edge €

Why!? |
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Compute expectation using expectation semiring:

def

ke — <p€7 pere)
Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | re = logpe

Cross-entropy: | Te = log ge

. def
Bayes r|s|(;| Te =— IOSS at edge €

Why!? | Bayes risk is an expectation
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Compute expectation using expectation semiring:

def
= (Pe, PeTe)
Pe : transition probability or log-linear score at edge e

re?
def

Entropy: | = log pe
def
Cross-entropy: | = log q.
def
Bayes risk: | r. = loss at edge e
Why!? | Bayes risk is an expectation

Risk =E,(L) =~ » p(d)- L(Y(d

deHG
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Compute expectation using expectation semiring:
def

— <peapere>

Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | = log pe
def
Cross-entropy: | = log q.
def
Bayes risk: | r. = loss at edge e
Why!? | Bayes risk is an expectation
Risk =E,(L) =~ » p(d)- L(Y(d

deHG

L(Y(d)) is additively decomposed!
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Compute expectation using expectation semiring:
def

— (Pe, PeTe)

Pe : transition probability or log-linear score at edge e
re!

def

Entropy: | = log pe
def
Cross-entropy: | = log q.
def
Bayes risk: | r. = loss at edge e
Why!? | Bayes risk is an expectation
Risk =E,(L) =~ » p(d)- L(Y(d

deHG
L(Y(d)) is additively decomposed! (Tromble et al.2008)|

91




Applications of Expectation Semirings: a Summary

Quantit k. Kroot Final

y

Expectation (Pey PeTe) (Z,T) T/Z
Entropy ro = 10g Do, SO ko = (Pe, Pe lOg Pe) (Z,7T) logZ —7/7
Cross- def <Qe> <Zqz log Zq — F/Zp
entropy re = 10g qe, SO ke = (De, Pe 10g qe) (Z,,7)

Bayes risk r. =1L, s0k, = (Pe, Pele) (Z,7T) T/Z
First-order

gradient (e VDe) (Z,VZ) \Y
Covariance . PR
matrix <p€7p€T€7p€S€7p€T€S€> <Z7 T) 87t> E - ZQ
Hessian

matrix (Pe; Ve, Ve, V2pe> (Z,NVZ,NVZ, VQZ> V7
Gradient of B B _
expectation <pea PeTes VDe, (VPG)Te - pe(VTe» <27 T, V4, \/T> a 72 v
Gradient of _ _ _—
entropy <p€7p€ 10gp67 vpe) (1 _|_ logpe)vpe> <27 T, \/Z7 \/T> %Z T A 72 VZ
Gradient of (Der peloe, Vpor LoV ) (Z.7,N Z, V) ZVFZ—QFVZ

risk
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S|0,4

X|0,4|the --- cat

X|0,4|a --- mat

Probabilistié
Hypergraph

[ 3

1 of X0>

.

X

0,2 tiae --- mat

t

X—(dianzi[shang, the mat)

dianzip shang

N\
X|3.4|a--- cat

X—(mao, a’cat)

de» Maos

-~
®

First-order quantities:

- expectation
- entropy
- Bayes risk

- cross-entropy
- KL divergence
- feature expectations
- first-order gradient of Z

xx) A semiring framework to compute all of these
0

.
* “decoding” quantities:

- Viterbi
- K-best

- Counting

h
* 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




