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A hypergraph is a compact data structure
to encode exponentially many trees.
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Minimum Risk Training on Translation Fore:
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¥ First-order quantities:
- expectation
- entropy
- Bayes risk
- Cross-entropy
- KL divergence
- feature expectations
- brst-order gradient oZ
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.
¥ 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




Outline

¥ Semiring-weighted Inside Algorithm

¥ counting semiring (Goodman, 1999

¥ expectation semirings  (Eisner, 2002)]

¥ second-order expectation semiringisew)
¥ Applications of the Semiringadw)
¥ Speed-up with Inside-outsidedgw)

¥ Minimum Risk Training ovéforests (new)
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What Is a Semiring
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Compute the Number of Derivation Trees

Counting semiringordinary integers

Inside algorithm:

-

INnputs:
- a hypergraph

- a weight for each
hyperedge

Output: k(root)
Complexity:

O(size of the hypergraphyiansi shang

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

Bottom-up
process In
computing the
number of trees ¢, e
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Compute k{): the weight at noders

Hyperedgess: k(es)! k) ! k@) =1 |

Bottom-up
process In
computing the
number of trees ¢, e
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Compute k{): the weight at noders

Hyperedgess: k(es))! k() ! kw)=1 |

Bottom-up
process In
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Compute k{): the weight at noders

Hyperedgess: k(es)! ki) k()
Hyperedgess: k(es)! ki) | k(v)

Bottom-up
process In
computing the
number of trees ¢, e
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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 ¢, e
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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 ¢, e
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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()1 k(w) I k(es) ! k() k(v)
k(vs)=k(e) ! k) I k(eg) ! k(va)

’ K(Vs)=

/1/97 68{ )
k(V3) — /Vg}l V4! k(V4) —
Bottom-up
process In
computing the
number of trees  ¢,1 16
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k(v1)= k(er) k(v2)= k(e2)
k()= k() k) ! k) I k) ! k(w)! k(v
k(va)=k(es) ! k() ! k(w) I k@) ! k()] k(w)

k(vs)= k(er) ] k() | k(es) ! k(va)
V5| k(V5):
/J_/ef " Neg 3
Summary: K(v3)= Vs |
¥input a weight for 2
each edge q

¥output: a weight L
for each node TN

00000
* L 4
.
*
S
*

¥" is used at nodes}/1| K(v1)= \1/2' k(v2)=
¥! is used at edges: 1 16
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k(v1)= k(e1) k(v2)= k(e2)

k(va)=k(ea) ! k() ! k(w) T ke ! k)l k(v)
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k(v1)= k(e1) k(v2)= k(e2)

k(va)=k(ea) ! k() ! k(w) T ke ! k)l k(v)
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Why do we want to work ontuples ?|

expectation semiring
second-order expectation semiring

useful for
parameter estimation
attraining time

Goodman (1999) debnes many oth
semirings useful até€sting O time
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First- and Second-order Expectation Semiring

First-order: | (Eisner, 2002)

¥ each member is a-tuple: 'p, T

(P, r1) ! (P2,r2) | (P1P2, P1r2 + Pora)
(P1,r1) " (P2,r2) | (Pr+ P2, 1+ r2)

Second-order,

¥ each member is &-tuple: !'p,r,s,t"

'P1, M1, 81, 11" T Ip2, 12, S2, 12" 'D1P2, P1r2 + P2r1, P1S2 + P2Si,
Pito + pPots + r1So + 125"
'P1,r1,S1, 01" " P2, 2, S, 10" | 'P1+ P2, r1+ I, S+ Sy, 1 + 1"

32
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First- and Second-order Expectation Semiring

First-order:
¥ p, r-
(P1,r1) b (P2,r2) | (P1P2, Pir2 + Para)

(D1_raY" {(Da_Ia) (D1 + Do Fa 4+ Ia)

! What doesp, 1, s, ort meanj

+ application-dependent

'P1,r1,S1, 01" ! P2, r2,So, 10" | 'p1P2, Pif2 + Para, P1S2 + P2Sy,
P1to + pPoty + 1Sy + roSy”
IP1,r1,S1, 01" " 1p2,F2, S0, 00" | 1P+ P2, r1+ 12, S1+ Sy, {1+ 1"

33
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Applications
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Compute Quantities on a Hypergraph: a Recip

Pl Three steps:

# choose a semiring

brst- or second-order
expectation semiring

diangd shang de maao

# specify a weight for each edge

# run the inside algorithm

35
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Compute
First-order Expectations
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Compute the expected translation len
using an expectation semiring

ﬂ
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Compute Expected Translation Length
# choose a semiring
expectation semiring
# specify a weight for each edge

def

Ke = !Pe, Pele"

pe: transition probability or log-linear score at edgy

re: number of English words generated at edge|

# run the inside algorithm

39
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Expectations on Hypergraphs
¥ Expectation over a hypergraph

r<Eplrl= p(d)r(d)
d! HG

¥ the distributionp(d) is debned by the hypergraph

¥ 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!

40
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Compute expectation using an expectation semiring
deft

Ke = !Pe, Pele"

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

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

| def
Bayes ”Skl e = loss at edgee (Tromble et al. 2008
Why? | entropy is arexpectation
H(p) = Ep[! logpl="!  p(d)log p(d)
d! HG

log p(d) is additivelydecomposed!

41
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Compute expectation using an expectation semiring
deft

Ke = !Pe, Pele"

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

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

' r. £ loss at edgee
Bayes ”Skl e J (Tromble et al. 2008
Why? |  cross-entropy is aexpectation
H(p,d = Ep(! logg)="!  p(d)logq(d)
d!l HG

log g(d) is additivelydecomposed!

42
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Compute expectation using an expectation semiring
deft

Ke = !Pe, Pele"

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

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

. def
Bayes ”Skl e = loss at edgee (Tromble et al. 2008
Why? | Bayes risk is aaxpectation
H(p,d = Ex(L) = —  p(d) &L (Y (d))
d HG

L(Y(d)) Is additivelydecomposed!

43
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Compute
Expectations oveProducts
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expected translation length;| 4.75

variance of translation lengtt
2/8' (4-4.75)"2+ 6/8"(5-5.75)"2% 0.56 |
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Compute the Variance In Translation Leng

# 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 = S: number of English words generated at edg

# run the inside algorithm

46




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

t2 Ey[r-s]=  p(d)r(d)s(d)
d! HG

¥ r ands are additively decomposed

r(d) = re
el d

s(d) € se
el d

r ands can be identical or different functions.

47




Applications of expectation semirings: a summs

First-order: |
Quantity Weight for edge e Value at root
Expectation (Pe, Pel e) (Z,T)
First-order gradient (Pe, " Pe) Z," L)

Second-order|

Covariance matrix | Pe, Pel e, PeSe, Pel eSe" 1Z T, 5t
Hessian matrix 1D, " Pe,” Pe," 2Pe” \zZ,"Z,"Z," %Z
Gradient of expectation | !Pe, Pele," Pe, (" Pe)fet Pe(” re)" \Z, " Z,"r
De = exp(! ¢ al) ! De = pe! e

# choose a semiring
# debne a weight for each edge
# run inside algorithm (or inside-outside for speedup)

48
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Applications of expectation semirings: a summs

First-order: |

Quantity Weight for edge e Value at root
Expectation (Pe, Pel e) (Z,T)
First-order gradient (Pe, " Pe) Z," L)

Second-order|

Covariance matrix | Pe, Pel e, PeSe, Pel eSe" 1Z T, 5t
Hessian matrix 1D, " Pe,” Pe," 2Pe” \zZ,"Z,"Z," %Z
Gradient of expectation | !Pe, Pele," Pe, (" Pe)fet Pe(” re)" \Z, " Z,"r

Entropy is an expectation!

# choose a semiring
# debne a weight for each edge
# run inside algorithm (or inside-outside for speedup)

49
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Applications of expectation semirings: a summs

First-order: |

Quantity Weight for edge e Value at root
Expectation (Pe, Pel e) (Z,T)
First-order gradient (Pe, " Pe) Z," L)

Second-order|

Covariance matrix | Pe, Pel e, PeSe, Pel eSe" 1Z T, 5t
Hessian matrix 1D, " Pe,” Pe," 2Pe” \zZ,"Z,"Z," %Z
Gradient of expectation | !Pe, Pele," Pe, (" Pe)fet Pe(” re)" \Z, " Z,"r

Bayes risk is an expectation!

# choose a semiring
# debne a weight for each edge
# run inside algorithm (or inside-outside for speedup)

50
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Inside-Outside
Speedup

51

oooooooooooooooooooo



Why Is it slow?
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Expectation Semirings witfectors
r Is a vector!
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Second-order Expectation Semirin
r ands are vectors! L)
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Inside-Outside
Speedup

£y

See the paper for details!
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Minimum RIsk Training
over Translation Forests
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Minimum RIsk Training

Finding optimal parameters]

*=argminRiskP ) ! Temperature” Entropyf)

¥ P is a probability distribution over trees,
parameterized by the parameters

58




Why Minimum Risk Training?

Min-Risk| MERT | CRF | Perceptron| MIRA
Gradient 4 )
descent N I ¢ ? ?
BLEU ° ° ! ! °
Latent ° | ° | |
variable : : :
Oracle | | o o |1 | | |
translation " " "
Model ® | ® ® °
regularizatiorf { y -

59
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Experimental Results
¥ Data set: IWSLT CN-EN 2005

Training scheme test

(Och,2002) | MERT (Nbest, small) 47.7

(Smith and Eisner, 200 MR (Nbest, small) 47.7
new MR (hypergraph, small) | 48.4

new. MR (hypergraph, large) | 48.7

Smallpve features as in regular MERT

Large two-stage forest-reranking withlk additional
target-side ngram features

60
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Summary
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Future: machine learning for M

feature second-order
Interaction § gradient desce

Semi-
SUpervisel
learning

active
learning

minimum| deterministic
annealing

semirings for parameter estimation
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Thank you!
TT
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