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A hypergraph is a compact data structure to
encodeexponentially many trees
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A hypergraph is a compact data structure to
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A hypergraph is a compact data structure to

encodeexponentially many trees
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A hypergraph is a compact data structure to
encodeexponentially many trees
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Why hypergraphs?

¥Contains a much larger hypothesis space tha
n-best list

¥ General compact data structure

¥ special cases include lattice, Pnite state machine
packed forest

¥ can be used for speech, monolingual parsing, tree-b
MT systems, and many more
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What criterion do we use to set the parametets? Training

Given a bxed and a hypergraph, Inference
- how to compute the posterior of a hyperedge?

- how to choose a desired translation output?

Why are the problems difbcult?

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

- sometimes intractable, require approximations




Outline

¥ Hypergraph as hypothesis space
¥ Training methods -J BOE &JTOFS

¥ Exact and approximate inference

" exact inference
' semiring framework -J BOE &JTOFS

" approximate inference

| OprincipledO ones

# variational decoding -J FU BM
# sampling and message passing methods
I heuristic-based ones

# e.g.,cube-pruning $1JBOH
¥ Joshua project -J FU BM




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




Tralining Setup

¥ Eachtraining example  consists of
¥ a hypergraph representing hypothesized translation:
¥ a reference translation

x:dilanzi 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 beld (CRF)

¥ Perceptron

¥ MIRA




Minimum Error Rate Training
¥ Minimum Error Rate Training (MERT)0 D |

I =argmin Loss(g v )
! 1

I BLEU(y, V') Y= arg max P (Y | X)
1BQJOFOJ FU BM

piecewise constant (not smoothed

not amenable to gradient descent

SO cannot be scaled up to a large
number of features

4NJUI BOE &JTOFS




Minimum RIsk

¥ Minimum Error Rate Training (MERT)0 D |

I =argmin Loss(g v )
! 1

_BLEU(y.y) Y =argmax p (y | X)
1BQJOFOJ FU BM

¥ Minimum Risk Training
' = arg mlin Risk(!,y")

= arg min  p(ylx)! Lossfy,y)
~ y! HG

risk = expected loss= expected error rate




Minimum RIsk with Deterministic
Annealing

¥ Minimum risk objective

I+ =argmin Risk(!,y")

suffer from local-minimum problem
¥ Minimum risk with deterministic annealing
' = arg mlin Risk(!,y')! Temperature" Entropy(p: )

Smith and Eisner (200&)ed this on ann-best list




Conditional Random Field (CRF)

¥ Minimum risk objective

! = arg min ~ p(ylx)! Lossy,y')
~ y" HG

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

1" =argmax pr (Y [x)

CRF Is minimume-risk training withzero-one loss function!

0 ify=y
1 otherwise

Lossfy,y' ) = no partial credit!

Risk(!,y')= o (yx)=1" pi(y'|x)
y'"HG & yl=vy!




Perceptron

¥ Not explicitly optimize a certain objective function,
rather It Is a simple procedure

Perceptron(x, GEN(x), y)

1 "% | initialize as zero vector

m2 fort % 1 toT
fori % 1 toN

[g‘;% arg max ! (xj,y)a' J
y! GEN(Xi)

3

A

5 if (P& y,)
6 "% "+ (XY )" ! (X, 9)
.

return "

4FFJ BOE ,IVEBOQGBS JUT BQQMJIDE




Why Minimum Risk Training?

Min-Risk| MERT Perceptron| MIRA

Scalability | [ @ I °

BLEU O O

Latent
variable

Oracle
translation

Model
regularization )

SeeZens et al. (200 7or experimental comparisons.

26



Experimental Results
¥ Data set: IWSLT CN-EN 2005

Training scheme
(Och,2003) MERT (Nbest, small)
(smith and Eisner,2000 MR (Nbest, small)
New! | MR (hypergraph, small)
New! | MR (hypergraph, large)

Smalldiscriminatively tune 5 features

Large also discriminatively tune the language mo#aé&k(
additional features)

SeeZens et al. (200 7for experimental comparisons on nbest
for small number of features.




Outline

¥ Hypergraph as hypothesis space
¥ Training methods -J BOE &JTOFS

¥ Exact and approximate inference

" exact Inference
' semiring framework -J BOE &JTOFS

" approximate inference

| OprincipledO ones

# variational decoding -J FU BM

# sampling and message passing methods
I heuristic-based ones

# cube-pruning $IJBOH

¥ Joshua project -J FU BM
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gé OdecodingO quantities:

-Viterbi
- K-best
- Counting

-

¥ First-order quantities:
- expectation
- entropy
- Bayes risk
- Cross-entropy
- KL divergence
- feature expectations
- brst-order gradient oZ

.
¥ Second-order quantities:

- Expectation over product
- Interaction between features
- Hessian matrix o¥
- second-order gradient
descent
- gradient of expectation
- gradient of entropy or
Bayes risk




Compute Quantities on a Hypergraph: a Recig

¥ Semiring-weighted inside algorithm

¥three steps:
el " choose a semiring

K, ", #$
/

aset with plus andtimes operations

e.g., Integer numbers with regukarand!

" specify a weight for each hyperedge
each weight is a semiring member

" run the inside algorithm
complexity is O(hypergraph size)




Semirings

¥ ODecodingO time semirir (Goodman, 1999

¥ counting,Viterbi, K-best, etc.
¥ OTrainingO time semirings

¥ brst-order expectation semiring (Eisner, 2002)|

¥ second-order expectation semiringsew)

¥ Applications of the Semiringadw)

¥ entropy, risk, gradient of them, and many more
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Compute the Number of Derivation Trees

Three steps:

" choose a semiring
counting semiring:
ordinary integers with
regular+ andx

" specify a weight for each

hyperedge

run the inside algorithm
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k(v1)= k(e1) k(v2)= k(e2)

Bottom-up

process In
computing the
number of trees ¢,

dianEj shang




Compute k{): the weight at noders

Hyperedgees: k(e3)| k(Vl)! k(vo) = ||

Bottom-up

process In
computing the
number of trees ¢,

diangj shang




Compute k{): the weight at noders

Hyperedgees: k(e)! k) ! kw)=1 |

Bottom-up

process In
computing the
number of trees ¢,

dian&j shang




Compute k{): the weight at noders

Hyperedgees: k(es)! k(v)! k(v2)
Hyperedgees: kes)! ki) ! k()

Bottom-up

process In
computing the
number of trees ¢,

dian&j shang




Compute k{): the weight at noders

k(is) = k) k() ! k(w) T k! k() ! k(v2)

Bottom-up

process In
computing the
number of trees ¢,

diangj shang




k(v1)= k(e1) k(v2)= k(e2)
k(va)=k(ea) ! k() ! k() | k(e ! k)l k()
k(va)=k(es) ! k() ! k(w) I k@) ! k()] k(w)

Bottom-up

process In
computing the
number of trees ¢,

diangd shang




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

k(va)=k(ea) ! k() ! k(w) T ke ! k)l k(v)
k(va)=k(es) ! k() ! k(w) I k@) ! k()] k(w)
k(vs)= k(er) ] k() | k(es) ! k(va)

Bottom-up

process In
computing the
number of trees ¢,

dianEj shang




k(vi)= k(e1) k(v2)= k(e2)

k(va)=k(ea) ! k() ! k(w) I k@) !  kw)!  kw)
k(va)= k(es) ! k() ! k(w) I k@) ! k(w)!  k(w)
k(vs)=k(e) ! k) I k(eg) ! k(va)

Summary: | K(va)= Vs
¥input a weight at ;
each edge
¥output: a weight
at each node :
¥" is used at nodes}/1

¥! is used at edges:
diangj shang
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First- and Second-order Expectation Semiring

First-order: | (isner,2002)

¥ each member is a-tuple: !'p,r"

1P, " 1P, 12" | 1PaP2, Paf2 + Pary”
'P1, " " P2, r2” | Pt P2, Pt TRT

Second-order,

¥ each member is &-tuple: !'p,r,s,t"

'P1,r1,S1, 0" 1 P2, I, S2, 12" 'P1P2, P12 + P2r1, P1S2 + P2S1,
pito + pPoty + 1Sy + rpS;”
'P1,r1,S1, 01" " P2, 2, S, 10" | 'P1+ P2, r1+ I, S+ Sy, 1 + 1"

45



Compute Expected Translation Length

" choose a semiring

pbrst-order expectation semiring
" specify a weight for each hyperedge

Ke = 1Pe, Pele"

Pe: transition probability or log-linear score at edg{

re. numMber of English words generated at eége]

run the inside algorithm




Compute Variance In Translation Length

" choose a semiring
second-order expectation semiring

" specify a weight for each edge

def

Ke = !Pe, Peles PeSe; Pel eSe”

pe: transition probability or log-linear score at edgt

re = Se: NUMber of English words generated at edq

run the inside algorithm




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

k(va)=k(ea) ! k(v ! k() I k(e ! k)l k(w)
k(va)=k(es) ! k() ! k(w) I k@) ! k()] k(w)
k(vs)=k(e) ! k) I k(eg) ! k(va)

First-order:

. e
each semiring membe
IS aZ2-tuple

/N

Fake




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

k(va)=k(ea) ! k() ! k(w) T ke ! k)l k(v)
k(va)=k(es) ! k() ! k(w) I k@) ! k()] k(w)
k(vs)= k(er) ] k() | k(es) ! k(va)

kK(V3)=s
Second-order: .
each semiring membe
IS ad-tuple

/N

Fake




Expectations on Hypergraphs
¥ Expectation over a hypergraph

r=Eplr]=  p(d)r(d)

d! HG
\ . .
exponential size

¥ r(d) is a function over a derivatior
e.g., the length of the translation yieldeddy

¥ r(d) is additivelydecomposed

r(d) = re
el d
e.g., translation length &lditivelydecomposed!




Second-order Expectations on Hypergrap
¥ Expectation oproducts over a hypergraph

{2 Eplras]=  p(d)r(d)s(d)
d! HG\ | |
o exponential size
¥ r ands are additively decomposed

r(d) = re
el d

s(d) € se
el d

r ands can be identical or different functions.




Compute expectation using expectation semiring: |

def "
Ke = !Pe,s Pele
De : transition probability or log-linear score at edge

def
re = l0g pe

entropy Is anexpectation

H(p) = Ep[! logpl="!  p(d)log p(d)
d! HG

log p(d) I1s additivelydecomposed!




Compute expectation using expectation semiring: |

Ke = Pe, Pel e’

De : transition probability or log-linear score at edge
[e?

def
Entropy: | e = 10g pe

def
Cross-entropy:| e = 109 G

Why? | cross-entropy is aexpectation

H(p,g = Ep(! logg)="!  p(d)logg(d)
d! HG

log g(d) is additivelydecomposed!




Compute expectation using expectation semiring: |

Ke = Pe, Pel e’

De : transition probability or log-linear score at edge
[e?

def
Entropy: | e = 10g pe
Cross-entropy: | re Z log o

Bayes risK re = loss at edgee

Why? | Bayes risk is aaxpectation

Risk = Ep(L)="!  p(d) &L (Y (d))
d! HG
L(Y(d)) is additivelydecomposed! (rromble et al. 2008

54




Applications of expectation semirings: a summs

First-order: |

Quantity Nt for edgee Value at root

Expectation | Pe, Pele" \Z, T
First-order gradient Pe, " Pe" \Z," Z"

Second-order|

Covariance matrix | Pe, Pel e, PeSe, Pel eSe"
Hessian matrix 1P, " P, Per " 2Pe"
Gradient of expectation | !Pe, Pefe, " Pe, (" Pe)le+ Pe(” re)"

Pe = exp(! e al) | Pe = Pe! e
" choose a semiring

" debPne a weight for each edge
" run inside algorithm




Applications of expectation semirings: a summs

First-order: |

Quantity Nt for edgee Value at root

Expectation | Pe, Pele" \Z, T
First-order gradient Pe, " Pe" \Z," Z"

Second-order|

Covariance matrix | Pe, Pel e, PeSe, Pel eSe"
Hessian matrix 1P, " P, Per " 2Pe"
Gradient of expectation | !Pe, Pefe, " Pe, (" Pe)le+ Pe(” re)"

Entropy and Bayes risk are expectations.

" choose a semiring
" debPne a weight for each edge
" run inside algorithm
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gé OdecodingO quantities:

-Viterbi
- K-best
- Counting

-

¥ First-order quantities:
- expectation
- entropy
- Bayes risk
- Cross-entropy
- KL divergence
- feature expectations
- brst-order gradient oZ

.
¥ Second-order quantities:

- Expectation over product
- Interaction between features
- Hessian matrix o¥
- second-order gradient
descent
- gradient of expectation
- gradient of entropy or
Bayes risk
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/ \ Improved “
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¥ First-order quantities: ¥ Second-order guantities:
- expectation - Expectation over product
- entropy - Interaction between features
- Bayes risk - Hessian matrix o¥
- Cross-entropy - second-order gradient
- KL divergence descent
- feature expectations - gradient of expectation
- brst-order gradient o - gradient of entropy or
Bayes risk




Future: machine learning for M

feature second-order
Interaction § gradient desce

Semi-
SUpervisel
learning

minimum| deterministic| active
annealing | learning

semirings for parameter estimation




Outline

¥ Hypergraph as hypothesis space
¥ Training methods -J BOE &JTOFS

¥ Exact and approximate inference

" exact inference
' semiring framework -J BOE &JTOFS

" approximate inference

| OprincipledO ones

# variational decoding -J FU BM

# sampling and message passing methods
I heuristic-based ones

# cube-pruning $IJBOH

¥ Joshua project -J FU BM




Decoding over a hypergraph

Givena hypergraph of possible translation:

(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?)




Spurious Ambiguity

¥ Statistical models in MT exhilspurious
ambiguity

¥ Manydifferent derivations  (e.g., trees or
segmentations) generate tlsame translation string

¥ Tree-based MT systems
¥ derivation treeambiguity

¥ Regular phrase-based MT systems

¥ phrase segmentaticambiguity




Spurious Ambiguity in Derivation Tre

Jr Eg mMmachine translation software

Jigl fanyl yuanjian ¥ same output: |
S->(S0 51, S0 S1) Onachine translation softwat®

s-}(svo S},S{l) \¥ Three different derivation trees

S>( 'machine) s>(Jr ,translation) S>(E g, software)

S->(S0 S1. S0 S1) Another translation:

N machine transfer softwar
S->(S0 S1,S0 S1)

N

S>( 'machine) s>(Jr ,translation) S>(E q, software)

S->(S0Jr S1, SO translation S1)

o

s>(  ,machine) Iy s>(E q, software)




Maximum A Posterior (MAP) Decoding

translation MAP derivation  probability
string
0.16
0.14
blue translation — 0.14
0.13
0.12
0.11

| —_— 0.10
¥ Exact MAP decoding — 010

Y J y" Trans( X)

¥ x: Foreign sentence
ar mMax : :
e y" Trans( x) ¥ v: English sentence
¥ d: derivation

red translation

green translation




Maximum A Posterior (MAP) Decodin

translation VAP derivation  probability

string
. 0.16
red translation 0.28

¥ Exact MAP decoding
y' = arg max p(y[x)

y" Trans( X) :
! ¥ x: Foreign sentence

arg " gr]aan'é(( )  Dixy p(y, dx) ¥ v: English sentence
Y ¥ d: derivation




Maximum A Posterior (MAP) Decoding

translation MAP derivation  probability
string

0.14
blue translation 0.28 — 0.14

¥ Exact MAP decoding
y' = arg max p(y[x)

y" Trans( X) :
! ¥ x: Foreign sentence

arg " gr]aan'é(( )  Dixy p(y, dx) ¥ v: English sentence
Y ¥ d: derivation




Maximum A Posterior (MAP) Decoding

translation MAP derivation  probability
string

0.13

green translation 0.44

0.11

| _— 0.10
¥ Exact MAP decoding — 010

y: = arg max p(y|x)
y" Trans( X) :
! ¥ x: Foreign sentence

arg max p(y, d[x)
y" Trans( Xx)
d" D(x,y)

¥ v: English sentence

¥ d: derivation




Maximum A Posterior (MAP) Decoding

translation VAP derivation  probability
0.16

0.14
blue translation 0.28 —_— 0.14

green translation ‘ ——— 0.13
I 0.12

string

red translation 0.28

0.11

| _— 0.10
¥ Exact MAP decoding — 010

y arg max p(y|x)
y" Trans( X) :
! ¥ x: Foreign sentence

arg max p(y, d|x)

y" Trans( X)

o & POy L ¥ d: derivation
exponential size  NP-hard (SimaOan 1996)

¥ v: English sentence




Viterbi Approximation

translation MAP  Viterbi derivation  probability
0.16

0.14
blue translation 0.28 —_— 0.14

green translation ‘ ——— 0.13
I 0.12

string

red translation 0.28

0.11
0.10
0.10

¥ Viterbi approximation

y' = arg max max | p(y, d|x)
y" Trans( x) d™ D( X,y )

= Y(arg 5""3?&) p(y, d|x))




Viterbi Approximation

tranil_ation MAP  Viterbi derivation  probability
string

red translation  0.28 ‘ I 0.16
| 014

blue translation 0.28 0.14
green translation‘ 0.13 - 0.13

¥ Viterbi approximation

y' = arg max max | p(y, d|x)
y" Trans( x) d™ D( X,y )

= Y(arg 5""3?&) p(y, d|x))




N-best Approximation

translation MAP  Viterhi  APest derivation  probability
string crunching

red translation  0.28 ‘ I 0.16
| 014

blue translation 0.28 0.14 0.14
green translation‘ 0.13 - 0.13

0.12
0.11
0.10
0.10

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

y arg | max p(y, d[x)

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




N-best Approximation

translation MAP  Viterhi  APest derivation  probability
string crunching

red translation  0.28 ‘ 0.16 - 0.16
| | - 014

blue translation 0.28 0.14 ‘ 0.14
green translation‘ 0.13 0.13 - 0.13

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

y arg | max p(y, d[x)

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




MAP vs. Approximations

translation MAP  Viterhi  APest derivation  probability
string crunching

I _ .
1 0_14

blue translation 0.28 0.14 ‘ 0.14
green translation‘ 0.13 0.13 - 0.13

0.12
0.11
0.10
0.10

¥ Exact MAP decoding under spurious ambiguitgiisictableon HG
¥ Viterbi and crunching are efpcient, but ignore most derivations

¥ Our goal: develop anpproximationthat considersall the
derivationsbut still allowstractabledecoding




Variational Decoding

Decoding usingVariational approximation

Decoding using a sentence-specibc
approximate distribution




Variational Decoding for MT: an Overvie

Sentence-specibc decodi] MAP decoding under P is

Intractable
Three steps: |

Generate a hypergraph for

S04

the foreign sentence
SI" Xo,Xo?
Smi \

X O,4J a aaanat
5

Foreign [ o(y, d | X) |
sentence X SMT I :: X Xode X1fXoXat /k XEXo de X1,%; of
= p(y | X) I

X 102 |[the aaanat
*

X!" dianzi $hang ,the mat ?

4 the da&at

4la daxat

cat#

dianz shang




Generate a hypergraph

g* IS an n-gram mode

Estimate a model .o/ output strings.

from the hypergraph

. > gy %) |
$%ax#p(x,y) P(Y,d|X)

Decode using g*
on the hypergraph




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

y' = argmax p(y|x)
¥ Instead, we derive a simpler distributiof

P

q arg min KL( p||q)
q" Q «
*

¥Then, we will usey* as a surrogate fop in inference

y: = arg max q(y | x)




Variational Approximation

¥q*: an approximation having minimum distancégto

I — In KL : ' ' -
q argmin KL(pll9) > a family of distributions

. - Y
argmin log-—
gq!Q P gq

y! Trans( Xx)

i !
arg rglg (. ploga)

y! Trans( X)
constant
= arg max plogg
q' Q
y! Trans( x)

¥ Three questions
¥ how to parameterize)?
¥ how to estimateq*?

¥ how to useq* for decoding?




L

Parameterization ody

Q

¥ Naturally, we parameterize as am-gram model

¥ The probability of astrings a product of the
probabilities of thosen-gramsppearing in that string

3-gram model y.abcdef

aly) = a(a) aqg(bja) aq(c|ab) ag(d|bg aq(e|cd) aq(f |de)

Other ways of parameterizations are possible!




Parameterization ody

L

Q

¥ Naturally, we parameterize as am-gram model

¥ The probability of astrings a product of the
probabilities of thosen-gramsppearing in that string

3-gram model y.abcdef

aly) = a(a) aqg(bja) aq(c|ab) ag(d|bg aq(e|cd) aq(f |de)

how to estimate these n-gram probabilities?




Estimation ofy*;
¥ Variational approximation

g = argmax | PlogQ
qlI Q )
y" Trans( x)

¥ g* is a maximum likelihood estimate (MLE)
where p Is theempirical distribution

But in our casep is debPnedot by acorpus , but by
ahypergraph for a given test sentence!

0,4

S" Xo, Xo?
Sy Xo,Xo?

X 10,4 |a aaanat

AJthe Ea&at x estimate

L OXI" Xo de Xq,Xqfon X ¥

XI" X¢,de X1,Xo Ot XI Xo de X1 Xy of Xof | > b|'gram mOdeI

© ¥ brute force
X" dianzi shang ,the mat ¢ X1 mao,a‘cati ¥ dynamic programming

dianzi shang de maas 81

X 10,2
A




Estimating)* from a hypergraph: brute force

S" Xo, Xo?
Sy Xo,Xo?

— X 10,4 |a daanat
4 |the aazat -

3
L XI" Xo de X1, X 1fon Xg¥
X! X, de X1, Xo OX 1

" Xo de X1/Xo Xq#

Bi-gram estimatior

unpack the hypergraph

Xt Xo de X1,X; of Xof

X 10,2
t

I" dianzi $hang ,the mat #

4 la aadaat

X" mao, a‘cat#

dianzj shang de mao




(" Xo de X1/Xo Xq#

Estimating)* from a hypergraph: brute force

S" Xo, Xo?
Sy Xo,Xo?

Bi-gram estimatior

—— X 10,4 |a aaanat
4 |the aazat -

b S
L XI" Xo de X1,X1fon X ¥

X" Xg.de X1,Xo OX 1%

unpack the hypergraph
S XIo,Xo;f p

Xt Xo de X1,X; of Xof

X 10,2

A ]a aaaat X" Xo de Xq,Xo X7

I" dianzi

I

shang , the mat ¢ . . / \
X!" mao, afcat# p X" dianzi shang ,the mat #

X" mao,a catt

dianzi shang de maacs St Xo, Xof |

P

dianzj shang de: maa

X" Xo de X1,Xg OX 11

X" dianzishaﬁhe h the mat a Catl

| X!" mao,a catt

" Xo.Xo? dianzl shang dec maa S Xo, Xof D

X" dianzi shang ,the m

X!" X de X1,X1 on Xo? the mat CA)S a C' X! Xo de X1, Xy of Xg?
X1 dianzisha{he h

| X" mao,a cat? | X!" mao,a cat?

dianzio shang; dex  maos dianzi shang de. mao

a cat on the mal a cat of the mat|




Estimating)* from a hypergraph: brute force

icat Ob the mal p I Bi'gram eStimatiOﬁ
" unpack the hypergraph

the matOfad ) p |

the matdcaf ) p | )

accumulate thesoft-count
of each bigram

normalize the counts

g cat ofithe maf p | g*(on | cat) l

g*(</s> | cat) |

g*(of | cat) |




Estimating)* from a hypergraph:
dynamic programming

S[o Bi-gram estimatior|

SI" Xg,X ot
SY X, X ot

G LS CEIEE L " run Inside-outside on the

hypergraph

AT expectation semirings!
accumulate theoft-count of

each bigram at each hyperedge

X 10,2

X 3.4 a aaaat

t

X" dianzi $hang ,the mat #

X!" mao, a’cat#

dianz shang de:  mag " normalize the counts




Decoding using*#Q

¥ Rescore the hypergrapHG(x)

y!

arg

max

y" HG(X)

q (y[x)

g* IS an n-gram model




KL divergences under different variational mo

q arg r(g,\,ig KL(p[la) =H(p,d)! H(p)

Measure | H(p) K_(pHé)

bits/word o b o oy
MTO04 | 1.36 | 0.97 0.32 0.21 0.17
MTOO05 | 1.37 | 0.94 0.32 0.21 0.17

¥ Largern ==> 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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KL divergences under different variational mo

q arg rgig KL(p[la) =H(p,d)! H(p)

Measure | H(p) K_(pH@

bits/word o b o oy
MTO04 | 1.36 | 0.97 0.32 0.21 0.17
MTOO05 | 1.37 | 0.94 0.32 0.21 0.17

How to compute KL on ehypergraph ? |

use expectation semiring, agadin




BLEU scores when using a sin
variational n-gram model

Decoding scheme MTO04 MTO(
Viterbi 35.4 32.6
lgram 25.9 24.5
2gram 36.1 33.4
3gram 36.0 33.1
4gram 35.8 32.9

¥ unigram performs very badly
¥ bigram achieves best BLEU scores 777

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

¥ Interpolate variationah-gram approximations for
differentn
y' =arg max !, alogd,(y|x)

y"HG(X)

¥Viterbi IS yet another approximation of p,
so throw It Iin too

y' =arg max |, alog g, (y | X) + !y 8log pitersi (Y | X)

V' HG(x)




Minimum Bayes Risk (MBR)
decoding?

(Kumar and Byrne, 2004

(Tromble et al. 2008)|

(Denero et al. 2009)|

(Li etal.2009) |




Minimum Risk Decoding

¥ Maximum A Posterior (MAP) decoding

¥ Pnd the mosprobable translation string

y. = arg y,,rrglg>(<x) p(y|x)

¥ Minimum risk decoding

¥ bnd theconsensus translation string

= in Risk
y arg min RIS (y)

risk = expected loss expected error rate

92



Variational Decoding(VD) vs. MBRomble et al. 200¢

MBR  Interpolated VD
O

2
>
7P
-
o,
v
-
O
o

VD

spurious ambiguity

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

= arg max I, dlog g, (y | X) decision rule

Y HG(X)

Oh (Y | X) = g(r (w) | h(w), x)¢* ) 'n-gram model
w! W

q(r(w) | h(w),x) = 1 yc:(W()zy)F))f:)iyl Tl) n-gram probability
y' “h(w

¥ Minimum risk decoding (Tromble et al. 2008)

y* = arg max n 'naga (Y | x) decision rule

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

g(w | x) = Lw (Y)P(Y' | X) n-gram probability

y .
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¥ Variational decoding with interpolation

= arg max 1, alog g, (Y | X)

y" HG(X)

Gh (Y | X) = a(r (w) | h(w), x) %

w! W,
q(r(w) | h(w),x) = ! y' Cw(y )Py |X)

y Chew) (Y)P(Y' | X)
¥ Minimum risk decoding (Tromble et al. 2008)

*

= arg max | = a X
y gyeHG(X) n n agn (Y | X)

g (y | X) = g(w | X)Cw (Y) \_> non-probabilistic
w! W,

. J

gw|x)=  l.(p(y' [x) | veryexpensive to

! compute

. _/
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BLEU Results on Chinese-Eng
NIST MT 2004 Tasks

Decoding scheme BLEU

Viterbi 35.4
(Kumar and Byrne, 200{ MBR ( K :]_O()O) 35 8
(May and Knight, 2006 Crunching (N :10000) 35.7

Crunching+MBR ( N =10000) 35.8
New! | Variational (1to4dgram+wp+vt) 36.6

¥ variational decoding improves over Viterbi, MBR, and crunching




Variational Inference

¥ We want to do inference undep, but it is intractable
Intractable

y' = argmax p(ylx)

¥ Instead, we derive a simpler distributiof

tractable P

q arg min KL( p||q)
q" Q «
*

¥Then, we will usey* as a surrogate fop in inference

tractable |
y = argmaxq(y|x)




Summary of Variational Decodl

¥ Exact MAP decoding with spurious ambiguity |
Intractable

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

¥ We developed a variational approximation, whi
considers all derivations but still allows tractab
decoding

¥ Our variational decoding improves a state of tt
art baseline




Future directions

¥Decoding with spurious ambiguity IS a commc
problem in many other NLP applications

¥ Models with latent variables
¥ Data oriented parsing (DOP)
¥ Hidden Markov Models (HMM)




Outline

¥ Hypergraph as hypothesis space
¥ Training methods -J BOE &JTOFS

¥ Exact and approximate inference

" exact inference
' semiring framework -J BOE &JTOFS

" approximate inference

| OprincipledO ones

# variational decoding -J FU BM

# sampling and message passing methods
I heuristic-based ones

# cube-pruning $IJBOH

¥ Joshua project -J FU BM




Graphical Model for Part of Speech Tagg!
n3

V]S

] ]

fall break starts

Variablepos tags as values

Factor:encode transition or observation probabillities




Belief Propagation

¥ & sends evidence from left part of graph

¥ sends evidence from right part of graph
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Non-local dependency

starts

Loopy BP!
Variablepos tags as values

Factor:encode transition or observation probabilities




Belief Propagation for NLP

¥ Dependency parsing with non-local
Information ANJUI BOE &JTOES

¥ Word alignment $SPNJFSFT BOE ,VSPIBT

¥ String to string transducers %sFzFs BOE &J




Sampling

¥ General idea

¥ Generate a randomized n-best list

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

¥ Sampling used for MT

¥ Gibbs sampler for Bayesian inferenceMVOTPN FU

¥ Gibbs sampling for MAP decoding with spuriou
ambiguity "SVO FU BM

¥ Gibbs sampling for word alignments FOFSP FU B




Heuristic-based
Approximate Inference

¥ Beam pruning

¥ Cube pruning  $1JBOH

¥ Cube growing )VBOH BOE $1JBOH
¥ Forest re-ranking  )VBOH

¥ Oracle extraction -J BOE ,IVEBOQVS




Outline

¥ Hypergraph as hypothesis space
¥ Training methods -J BOE &JTOFS

¥ Exact and approximate inference

" exact inference
' semiring framework -J BOE &JTOFS

" approximate inference

| OprincipledO ones

# variational decoding -J FU BM

# sampling and message passing methods
I heuristic-based ones

# cube-pruning $IJBOH

¥ Joshua project -J FU BM




Conclusions

¥A hypergraph is a general way to represen
hypothesis space

¥ Minimum risk Is a promising training object

¥Semiring framework Is a general way to do
exact inference

¥ Approximate inference has great applicatio
(e.g., variational decoding) In MT




Future: machine learning for M

Current paradigm: Approximate model Exact inference

- rely on a specibc grammars (e.d., FST, ITG, Hiero, or GHKM)

- everything idocal , e.g., we canOt even enfaremslation
consistendsimilar words should get similar translations)

- rely on dynamic programs for exact inference

New paradigm: OExactO modelApproximate inference

- use a 3exible search space, each grammatr Is treated as a
feature function

- Include non-local dependency

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

- approximate inference calls dynamic programs for sub-steps
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Joshua project




Motivation

¥ Towards a general purpogeee -based MT
toolkit

¥ string to string with latent tree structures $1JB8 O H
¥ treetostring 2vJSL FU BMV FU BM
¥ stringtotree (BMMFZ FU BM

¥ treetotree &JITOFS

¥ Successor to Moses




Joshua project

An open-source parsing-based MT tooliit et al. 2009)
¥ support Hiero(Chiang, 2007and SAMT(VVenugopal et al., 2007)

¥ Team members

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

Bilingual Translation
)
Data Model

\ -— Optimal

: Weights
Monolingual Language /
. )
English odel

Unseen i Translation
Sentences Outputs

e EEE——

Only rely on Giza++ and SRI LM!

All the methods presented have been implemented in Joshua!
112




% Highlights

¥ Everything is written in Java

¥ easy to run under different platforms
iIncluding Windows

¥ Easy to extend

¥organize the code Iinto packages
¥del3ne Interfaces across packages

¥ Scalable

¥ decode a sentence with one second




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

Input sentencem ) + Hypergrah
Pruning

I {

Feature K-best
functions extraction




Sufbx-Array Grammar Extraction-p QF|

¥ Grammars are extracted using sufbx 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 probabillities for all
possible rules.

" only extracts rules actually needed to translate
sentence




%ﬁ Other functions

¥ Minimum error rate training (MERT)
¥ Parallel decoding

¥ Distributed language models

¥ Variational decoding

¥ Semiring parsing

¥ Minimum risk training

¥ Tree and hypergraph visualization




% Quick start

¥ Check out the software

" svn cohttps://joshua.svn.sf.net/svnroot/joshua/tryoghua
¥ 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 sufbPx-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!
tt!




