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Word-based MT

I\do \\not\\van to work
Je mne veux pas travailler

(Brown et al., 1993)




Phrase-based MT

I{do not want to work

\

Je || ne veux pas || travailler

(Koehn et al.,2003)
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Variations

tree (partial) examples

none Chiang (2007), Zollman and Venugopal (2006)
Jelligel=t | Huang et al. (2006), Liu et al. (2006), Quirk et al. (2005)
target Galley et al. (2004), Shen et al. (2008)

both Ding and Palmer (2005), Liu et al. (2009)

formally syntactical, linguistically syntactical
® dependency structure and constituency structure
® [tree,string}-to-{tree,string}

® |n this talk, we will summarize them as ‘““tree-based
MT”
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Overview

® Backgrounds

® CFG, parsing, hypergraph, deductive
system semirings

® [ree-based SMT
® Synchronous-CFG
® String-to-Tree, Tree-to-String

® Bitext parsing
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Backgrounds: CFG

® parsing = intersection of CFG with a string
(regular grammar)
9
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® parsing = intersection of CFG with a string
(regular grammar)
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Backgrounds: CFG

NP VP

- S
NP — NNP _—
NP — NP PP NP VP
/\
NP — DPNN  NNP VBD NP
NP — DT NN o = 3
Bush held NP PP
VP — VBD NP A~
NNP — Bush DT NN IN- NP
o |
VBD —  held a talk with NNP

|
Sharon

® parsing = intersection of CFG with a string
(regular grammar)
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Parsing: CKY

® O(n?d) : For each length n, for each position i,
for each rule X =Y Z, for each split point k

® (Bottom-up) topological order
10



Parsing: CKY
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® O(n?d) : For each length n, for each position i,
for each rule X =Y Z, for each split point k

® (Bottom-up) topological order
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Parsing: CKY
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Rypergraph

Y

fW\
NPO,1 VP1,6

) .
NNPg; VBD; 2 NPy g

T T
Bush  held

® Generalization of graphs: (e snd Hanning 2500
® h(e): head node of hyperedge e
® T(e):tail node(s) of hyperedge e, arity = [T(e)]
® hyperedge = instantiated rule

® Represented as and-or gq‘]aphs



Rypergraph

SO,6
fW\
NPO,1 VP1,6 c = <VP1,67{VBD1,27NP2,6}>
—— N ——
T A h(e) T(e)
NNPO,l VBDLQ NP2)6 VP1,6

T T
Bush  held
(Klein and Manning, 2001)

® Generalization of graphs: VBD; » NP, 4
® h(e): head node of hyperedge e
® T(e):tail node(s) of hyperedge e, arity = [T(e)]
® hyperedge = instantiated rule

® Represented as and-or gq‘]aphs



Deductive System

(Shieber et al., 1995)
Parsing algorithm as a deductive system

We start from initial items (axioms) until we
reach a goal item

If antecedents are proved, its consequent is proved

deduction = hyperedge]2



Deductive System

antecedents
/—/%

VBD; 2 NP3
VP 6
N——

consequent (Shieber et al., 1995)

VP[i,j] — VBZU,]{] NP[i’k]

Parsing algorithm as a deductive system

We start from initial items (axioms) until we
reach a goal item

If antecedents are proved, its consequent is proved

deduction = hyperedge]2



Deductive System

antecedents
VBDLQ NP2,6 W
\ J L2 T 20yp o — VBZ . NP,
y VP]_76 [Za.]] []7k] [Zak]
VPL@ N——"
consequent (Shieber et al., 1995)

® Parsing algorithm as a deductive system

® We start from initial items (axioms) until we
reach a goal item

® |f antecedents are proved, its consequent is proved

® deduction = hyperedge]2



Packed Forest

(Klein and Manning, 2001; Huang and Chiang, 2005)

® A polynomial space encoding of exponentially
many parses by sharing common sub-derivations

® Single derivation = tree
13



Packed Forest

VP]_,G VBD]_72 NP2,4 PP4,6

ND,,
f\j\/\ VP g =

VBDLQ NP276

i

NP4 PPy4g

(Klein and Manning, 2001; Huang and Chiang, 2005)

® A polynomial space encoding of exponentially
many parses by sharing common sub-derivations

® Single derivation = tree
13



Packed Forest

NP2 4 PP4g
f—Z-i,:(jT;\-. VB2 NPss
| \I VP1,6
VBDLQ :NPQ’G:
M/i VBD; 2 NP3 4 PPy
VPl,G

NP4 PPy4g

(Klein and Manning, 2001; Huang and Chiang, 2005)

® A polynomial space encoding of exponentially
many parses by sharing common sub-derivations

® Single derivation = tree
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Summary of Formalisms

14



Summary of Formalisms

hypergraph

vertexXx
source-vertex

target-vertex

hyperedge

(0, 1u1; U2 })

14



Summary of Formalisms

hvbereranh AND/OR
yYpergrap graph
vertex OR-node

source-vertex | leaf OR-node

target-vertex |root OR-node

hyperedge AND-node

W fuw}) ()

A

@ 14




Summary of Formalisms

AND/OR

hypergraph oraph CFG
vertex OR-node symbol
source-vertex | leaf OR-node terminal

target-vertex

root OR-node

start symbol

hyperedge AND-node production
<U, {ul, UQ}> @ UV — U1 U9
A\

@ 14




Summary of Formalisms

hypergraph AI;E:;SR CFG dijicztge
vertex OR-node symbol item
source-vertex | leaf OR-node terminal axiom

target-vertex |root OR-node| start symbol goal item

instantiated

hyperedge AND-node production deduction
(v, {ur, uz}) @ U= U1 U2 2
v
A

@ 14




Weights and Semirings

® Associate weights as in WFST

® ® :extension (multiplicative), ® : summary (additive)

15



Weights and Semirings

VP 2 VBD NP
NP =3 NP PP

® Associate weights as in WFST

® ® :extension (multiplicative), ® : summary (additive)

15



Weights and Semirings

VP 2 VBD NP

NP =3 NP PP

VP1)6 . W1 @C@d
VBDLQ . C NP2,6 . d .

AR C W
r h VP1’62UJ1®C®CZ
VBDLQ . C NPQ,G . d
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Weights and Semirings

VP 2 VBD NP

NP =3 NP PP

VP1)6 . W1 ®C®d
VBDLQ . C NP2,6 . d

AR
r h VP1’62UJ1®C®CZ
VBDLQ . C NPQ,G . d
NP2’6 : UJ2®CL®[)
A NP2 A4 - . a PP4 6 - b

( A NP26 w2®a®b
NP274 . a PP4’6 . b

. W1

® Associate weights as in WFST

® ® :extension (multiplicative), ® : summary (additive)
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Weights a Semirings

D (w(eg, Uz, Ug) @ d(usg) ® d(ug))
® The weight of a hyperedge is dependent on antecedents

(non-monotonic)

® The weight of a derivation is the product of hyperedge
weights

® The weight of a vertex is the summary of (sub-)
derivation weights 16



Semirings

K=(K, &, ®,0,1)

0

Viterbi [0, 1] max X 0

Real R + X 0
Log R logsumexp + +00
Tropical R min + +00

17




Conclusion

® Review important concepts from “parsing”

® CFG, parsing, hypergraph, deductive
system, weights, semirings

18



Overview

® Backgrounds

® CFG, parsing, hypergraph, deductive
system semirings

® [ree-based SMT
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® Bitext parsing
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Overview

® [ree-based SMT
® Synchronous-CFG
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Synchronous-CFG

B exp (vvT -h(e, D, f )) (Chiang, 2007)
C S NS exp(wT -h(e, DI\ 1)

= argmaxw ' -h(e,D,f)

e
® D:a single derivation constructed by intersecting
SCFG with input string
21
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it X %47 Xz Bush held Xz Al

5 5% T 2% a talk with Sharon
exp (vvT -h(e, D, f )) (Chiang, 2007)
argmax

€ Ze’,D’ CXp (WT ' h(elv D, f))

= argmaxw ' -h(e,D,f)

®
|

e
® D:a single derivation constructed by intersecting
SCFG with input string
21



Synchronous-CFG: Model

® We use two categories, S and X (Chiang, 2007)

® Or, borrow linguistic categories from syntactic parse
(Zollman and Venugopal, 2006)



Synchronous-CFG: Model

S —  (Sq Xz, Sq) Xg7)

S — (X, X))

X = (Xq #1T Xz, hold Xg Xrq7)
X — <% W, with Sharon>

® We use two categories, S and X (Chiang, 2007)

® Or, borrow linguistic categories from syntactic parse
(Zollman and Venugopal, 2006)



Synchronous-CFG: Model

Xpg), 91 X2>
(X, Xip)
(Xrq) 31T Xig), hold Xz Xpg))
<'%_ W with Sharon>

1
T

N
ek

p—d

INZ

X< K ! W
N

VP — (VBDg NPj, NPy VBDy)
NP — (NPq PPy, NPy PPy)
VP — (VBDq NPj PPy, NPg PPy VBDy)

® We use two categories, S and X (Chiang, 2007)

® Or, borrow linguistic categories from syntactic parse
(Zollman and Venugopal, 2006)



Rule Extraction

i 5 DRET T A

Bush .
held B

a

talk

with .

Sharon .

(Example from Huang and Chiang, 2007)
® As in phrase-based models, extract phrases then, use

sub-phrases as non-termy;als, aka Hiero (Chiang, 2007)



Bush
held
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with

Sharon

AT

Rule Extraction
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(Example from Huang and Chiang, 2007)

® As in phrase-based models, extract phrases then, use
sub-phrases as non-termizlgals, aka Hiero (Chiang, 2007)
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Rule Extraction
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(Example from Huang and Chiang, 2007)

® As in phrase-based models, extract phrases then, use
sub-phrases as non-termy;als, aka Hiero (Chiang, 2007)
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held
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Rule Extraction
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(Example from Huang and Chiang, 2007)
® As in phrase-based models, extract phrases then, use

sub-phrases as non-termy;als, aka Hiero (Chiang, 2007)



ule Extraction
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Bush [ <heﬁ_d\ a t\alﬁ\& with Sharon,
— )&jz ﬁ—é'/f_.l' I é'l;ﬁ>
held B
(with Sharon, & A7)
a
“ﬁ/_
talk . <h€1d, == ﬂ'>
with .
X = (Xq Xy ¥ 21, Xqg a talk X))
Sharon .

(Example from Huang and Chiang, 2007)
® As in phrase-based models, extract phrases then, use

sub-phrases as non-termy;als, aka Hiero (Chiang, 2007)



Syntactic Categories

T 5 APrET T ewm

Bush .
held B

a

talk

with .

Sharon .

® Borrow syntactic categories either from source/
target side, aka SAMT(Zzollman and Venugopal, 2006)
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Exhaustive Extraction

Bt 5 DREFT T Kk

Bush [
held B

a
talk B
with B

Sharon .
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Exhaustive Extraction

it 5 DrEET 7T 2%

Bush [
held B

a

talk B
with .

Sharon .

® Exhaustively extract rules as in phrase-based MT

25



1 Xig T 21 Xg a talk Xy
X Xg 2% Xy a talk Xy

Bush .

held B X Xg 2% Xpg talk X
X X 21T X5 held X5 X5
- held a X X
talk X with Sharon
with B X with Xg
Sharon .

® Exhaustively extract rules as in phrase-based MT

25



1 Xig T 21 Xg a talk Xy
X Xg 2% Xy a talk Xy

Bush .

held B X Xg 2% Xpg talk X
X 21T X5 held X5 X5
a
held a Xz X
talk X with Sharon
with B X5 X with X
S =  (Sy X, S X))
Sh
aron . g <X1,X1>

® Exhaustively extract rules as in phrase-based MT

® + glue rules .



Features from Rules

I count (3, &)
logpr(a]f) = log ZO;, count(Ba 07)
log Pr(B @) = log countif (_1)

® Collect all the rules (&, B) from the data:
® (X = source side string, B = target side string
® Maximum likelihood estimates by relative frequencies

® Employ scores in two directions
26



Remarks on Rules

® Joo many rules extracted (Chiang, 2007):
® at most two non-terminal symbols

® at least one terminal between non-terminals in
the source side

® Span at most |5 words for “holes”
® Fractional counts (Chiang, 2007):
® Fach phrases counted in phrase-based MT

® Fractional counts for rules sharing the same

source/target span
27



Other Features

Lexical weights as used in phrase-based MT
ngram language model(s)

word count: bias for ngram language model(s)
rule count: shorter or longer phrases

glue-rule counts: bias for monotonic glue rules

28



Synchronous-CFG: Parsing

bushi juxing

yu shalong| |le huitan

® Parse input sentence using the source side, and

construct a translation forest by target side
29




Synchronous-CFG: Parsing

Xo, 1 Xo,|
f |
bushi juxing Bush

yu shalong| |le huitan

® Parse input sentence using the source side, and

construct a translation forest by target side
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Synchronous-CFG: Parsing

Xao, |

f

Bush

X133
A

Xo,1| | X1.3
T A
bushi juxing
yu shalong| |le huitan

with Sharon

® Parse input sentence using the source side, and
construct a translation forest by target side
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Synchronous-CFG: Parsing

Xo,1| [X13] X34
] t
bushi juxing

Xao, |

f

X34

|

Bush

talks

X133
A

yu shalong| |le huitan

with Sharon

® Parse input sentence using the source side, and
construct a translation forest by target side
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Synchronous-CFG: Parsing

Xo1| [Xi13] X34 | Xae
T A T A
bushi juxing

Xao, |

f

Bush

yu shalong| |le huitan

X46| | X34 X3
A T A
talks
hold with Sharon

® Parse input sentence using the source side, and
construct a translation forest by target side
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Synchronous-CFG: Parsing

X133
ﬁ

X — (Xq juxing Xmg),
held X Xrq)
Xo1| | X13] [X34] [Xael [Xo1| [Xael |X34
(| 1 1 1 |
bushi juxing Bush talks
yu shalong| |le huitan hold

with Sharon

® Parse input sentence using the source side, and
construct a translation forest by target side
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Synchronous-CFG: Parsing

X, 6 X6
X — (Xq juxing Xmg),
held X Xrq)
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Synchronous-CFG: Parsing
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X =/ (Xq juxing X,
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Synchronous-CFG: Parsing

Xo0,6
r\)jgé/\\ RS
X, 6 X6
X -/ (Xq juxing X,
held X X))
Xo1| | X13] [X34] [Xael [Xo1| [Xael |X34 X3
T Il i s S e
bushi juxing Bush talks
yu sha]ong le huitan hold with Sharon

® Parse input sentence using the source side, and
construct a translation forest by target side
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Synchronous-CFG: Parsing

® Translation by SCFG = monolingual parsing
using the source side grammar

® Complexity: O(n?) as in monolingual CKY

30



Non-Local Features

X — (Xq juxing X,
held Xm Xy [ X1,6

)
- )

X34 X3

® non-local features which requires out-of-span
context, i.e. bigram LBM



Non-Local Features

X — (Xq juxing X,
held Xm Xy [ X1,6

)
- )

X34 X3

a talk

talks
meeting
meetings
® non-local features which requires out-of-span
context, i.e. bigram LBI:’I



Non-Local Features

X — (Xg juxing X
held X2 X1> X|,6

)
- )

X3,4 X|,3
a talk with Sharon
talks and Sharon
meeting Sharon with
meetings Sharon and

® non-local features which requires out-of-span
context, i.e. bigram LSI:’I



Non-Local Features
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held X Xp) X16|  held a talk and Sharon
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X3,4 X|,3
a talk with Sharon
talks and Sharon
meeting Sharon with
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® non-local features which requires out-of-span
context, i.e. bigram LSI:’I



Non-Local Features

o held a talk with Sharon
X <X1 juxing Xpg), held talks with Sharon

held X Xp) X16|  held a talk and Sharon
,A\ held meeting Sharon with

- )

X3,4 X|,3
p(tall | a) a talk with Sharon
talks and Sharon
meeting Sharon with
meetings Sharon and

® non-local features which requires out-of-span
context, i.e. bigram LSI:’I



X

Non-Local Features

— (X juxing X5
held X5 X))

X6

J

held a talk with Sharon
held talks with Sharon
held a talk and Sharon
held meeting Sharon with

-

X34

p(talk | 2) a talk

talks
meeting
meetings

!

X3

with Sharon p(Sharon | with)
and Sharon p(Sharon | and)

Sharon with Pp(with | Sharon)
Sharon and P(and | Sharon)

® non-local features which requires out-of-span

context, i.e. bigram LSI:’I



X

Non-Local Features

— (X juxing X5
held X5 X))

X6

J

-

X34

p(talk | 2) a talk

talks
meeting
meetings

held alfalk with)Sharon
CheIdCtaIks with)Sharon
held 2/ talk and)Sharon
held meetingJSharoerith

Update boundary
X,3| words only

with Sharon p(Sharon | with)
and Sharon p(Sharon | and)

Sharon with Pp(with | Sharon)
Sharon and P(and | Sharon)

® non-local features which requires out-of-span

context, i.e. bigram LSM



Bigram Features

o held * Sharon
X = (Xg juxing Xp), held * Sharon

held X5 Xq) K16 held * Sharon

T held * with
[ N

X3,4 X|,3
a * talk with * Sharon
talks and * Sharon
meeting Sharon * with
meetings Sharon * and

® We keep only bigram states
32



Language Model Updates

® Fach hypothesis keeps two contexts:
® Prefix: ngrams to be scored with antecedents

® Suffix: contexts for future ngrams (i.e. Phrase-
based MT)

e Complexity: O(n3V2(m-1)

® Very inefficient: we need to explicitly enumerate
all the hypotheses in antecedents

33



Cube Pruning

X — (X juxing X, %S\\Q’(O(\ 5\\’5(00 . a8 %,boé
held Xz X5 >~N°\<\’0 ®08>* 6\\’2’( o® 6\‘7’( o®
|.5 |.7 2.6 3.2
a*talk 1.0 2.5 2.7 3.6 4.2
talks 1.3 2.8 3.0 3.9 4.5
meeting 2.2 3.7 3.9 4.8 5.4
meetings 2.6 | 4.1 4.3 5.2 5.8

® For each rule, create a “cube” representing
combinations of anteced%nts (Huang and Chiang, 2007)



Cube Pruning

— (X juxing X, %S\\Q’(O(\ 5\\’5(00 . a8 . RIS
held Xz X5 >~x~f\<\’0 ®0é* S\"&( o® S\"Z’( o®
|.5 1.7 2.6 3.2
a*talk 1.0] 2.5 2.7 3.6 4.2
talks 1.3 2.8 3.0 3.9 4.5
meeting 2.2 3.7 3.9 4.8 5.4
meetings 2.6 | 4.1 4.3 5.2 | 5.8

® Bigrams require contexts from antecedents:
non-monotonic scoring



Cube Pruning

ueue: (0,0 Q A0
k-best: 0 A ¥ o) o
o 72N S\ A\
|.5 |.7 2.6 3.2

a*talk 1.0 3.0

talks 1.3

meeting 2.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinag@sons
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® Starting from the upper-left corner, enumerate
antecedent combinag;ons
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ueue: .
queve O.(10) o ¢
k-best: (0,0) oo W of o°

o S e S\

|.5 |.7 2.6 3.2

a*talk 1.0 3.0 3.7

tallkks 1.3 3.1

meeting 2.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinaggons



Cube Pruning

ueue: (1,0 .
1 (1.9) oy ot 2 ot 4 o * °
k-best: (0,0)(0, 1) xoF W of o°
Qi 2 e e
|.5 1.7 2.6 3.2

a*talk 1.0 3.0 3.7

tallkks 1.3 3.1

meeting 2.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinaggons



Cube Pruning

queue: (1,0)(0,2) (I, 1) o RN

Q
_best: % O S\ Qo N
k-best: (0,0)(0, 1) \ri\'(\’(\ @06* 8\@(0 S\‘Q’(O
|.5 |.7 2.6 3.2
a*talk 1.0 3.0 3.7
talks 1.3 3. 4.5

meeting 22| 4.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinag@)ons



Cube Pruning

queue: (0,2)(1,1) \\’A(Oo o IR
k-best: (0,0)(0,1) (] ,0)&\* 3 & ) RN
|.5 |.7 2.6 3.2
a*talk 1.0 3.0 3.7
talks 1.3 3.1 4.5

meeting 22| 4.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinaﬂons



Cube Pruning

queue: (0,2) (1,1)(3,0) S S
k-best: (0,0)(0,1) (] ,0)&\* 3 & ) RN
|.5 |.7 2.6 3.2
a*talk 1.0 3.0 3.7 5.1
talks 1.3 3.1 4.5

meeting 22| 4.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinaEi20ns



Cube Pruning

queue: (1,1)(3,0) " o 5\\’5(00 LS
k-best: (0,0)(0,1)(1,0) (Qﬁ) @06 5\\'5(00 S\\Q’(OQ
|.5 |.7 2.6 3.2
a*talk 1.0 3.0 3.7 5.1
talks 1.3 3.1 4.5

meeting 22| 4.2

meetings 2.6

® Starting from the upper-left corner, enumerate
antecedent combinagigons



Cube Pruning

queue: (0,4) (1,1)(1,2) (3,0)

o o O
k-best: (0,0)(0,1)(1,0) (Qi) & S S\@(oﬂ\ s\@(oﬂ\
1.5 1.7 2.6 3.2
a*talk 1.0 3.0 3.7 5.1

talks 1.3 3. 4.5

meeting 22| 4.2 4.9

meetings 2.6 | 44

® Starting from the upper-left corner, enumerate
antecedent combinaELons



Multiple Rules

® Multiple rules sharing the same span are queued
® Fach rule is associated with a cube

® hypothesis = rule + cube-position
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Multiple Rules

X6

® Multiple rules sharing the same span are queued
® Fach rule is associated with a cube

® hypothesis = rule + cube-position
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Multiple Rules

X6 *

X34

® Multiple rules sharing the same span are queued
® Fach rule is associated with a cube

® hypothesis = rule + cube-position
45



Multiple Rules

X446 Xi,3
X34

® Multiple rules sharing the same span are queued
® Fach rule is associated with a cube

® hypothesis = rule + cube-position
45



Further Faster Pruning

® Cube Growing (Huang and Chiang, 2007)

® Jop-down pruning combined with heuristic
estimates

® Faster Cube Pruning (Gesmundo and Henderson,
2010)

® Eliminate bookkeeping for inserted hypotheses by
determining the ordering of cube enumerations

® Push minimum hypotheses by looking up ancestors



Conclusion

® Synchronous-CFG
® paired CFG + shared non-terminal symbols

® Training is based on phrase-based MT by
treating sub-phrase as a non-terminal

® Decoding: monolingual parsing
® An efficient antecedent combination via

cube-pruning
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Overview

® Backgrounds

® CFG, parsing, hypergraph, deductive
system semirings

® [ree-based SMT
® Synchronous-CFG
® String-to-Tree, Tree-to-String

® Bitext parsing
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Overview

® [ree-based SMT

® String-to-Tree, Tree-to-String
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{Tree,String}-to-{Tree,String}

(Galley et al., 2004)
® Fach synchronous rule has a subtree structure

® Flat structure + sharing the same non-terminal

symbols = synchronous-CFG
50



{Tree,String}-to-{Tree,String}

-------
---------------
----
- L
. n
.« * "N
I

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

NPB VR.oooemmreem IO N g

-
. [ ]
....
L

I . u,o I ”" /\:'\
-------------------------- doT
bushi PP e VPB Bush . x5 e Ty

/\ LI“‘ /I\ L /ﬁ\ /\h\
P NPB VS AS NPB held a xg with 27
| | o | |
yu shalongjuxing le huitan talk Sharon

(Galley et al., 2004)

® Fach synchronous rule has a subtree structure

® Flat structure + sharing the same non-terminal

symbols = synchronous-CFG
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Tree-to-String Rules
PP

PP VPDB —
P NPB VS AS z::NPB | T

| | | | dang x1:IP LC
yu shalong juxing le |

— with Sharon — held a z7 hou

— when x4

NP
QP P o~
— — DNP NP
r1:CD CLP  z,:NP VP -
| — ™~ z.:NP DEG
ben ZEQZIP Q?gIVPB |
— X1 — 1 XT3 I9 de

. — X9 of 21



Rule Extraction

IP
/\
NPB VP
| /\
bushi PP VPB

‘\ /\ /I\
' P NPB VS AS NPB

1

o o

' yu shalong Juxmg le hu1tan

Bush held a talk Wlth Sharon
(Galley et al., 2004)

® Compute “spans” by propagating alignment in
bottom-up
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Rule Extraction

[P
/\
NPB(0) VP
| /\
bushi PP VPB

\ N Pl

\ P‘)(4) NPB(5) VS(I)AFQI)NPB(3)

' yu Shalong Juxmg le hu1tan

~~
~~
—

Bush held a talk Wlth Sharon
(Galley et al., 2004)

® Compute “spans” by propagating alignment in
bottom-up

52



Rule Extraction

[P
/\

NPB(0) VP
| /\

bushi ~ PP(4,5) VPB(1,3)

\ N /I\

\ P‘)(4) NPB(5) VS(I)AFQI)NPB(3)

' yu Shalong Juxmg le hu1tan

~~
~~
—

Bush held a talk Wlth Sharon
(Galley et al., 2004)

® Compute “spans” by propagating alignment in
bottom-up
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Rule Extraction

IP
/\
NPB(0) VP (1,3,4,5)
| /\
bushi  PP(4,5) VPB(I,3)
‘\ /\ /I\
g f‘)(4) NPB(5) VS(I)A%I)NPB(3)

' yu Shalong Juxmg le hu1tan

’f ~~~
‘ L L
- —y

Bush held a talk Wlth Sharon
(Galley et al., 2004)

® Compute “spans” by propagating alignment in
bottom-up
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Rule Extraction

IP(0,1,3,4,5)
/\
NPB(0) VP (1,3,4,5)
| —
bushi  PP(4,5) VPB(1,3)
‘\ /\ /I\
\ f‘>(4) NPB(S) VS()ATINPRG)

' yu Shalong Juxmg le hu1tan

’f ~~~
‘ L L
- —y

Bush held a talk Wlth Sharon
(Galley et al., 2004)

® Compute “spans” by propagating alignment in
bottom-up
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Rule Extraction

IP(0,1,3,4,5)
/\
NPB(0) VP (1,3,4,5)
| —
bushi  PP(4,5) VPB(1,3)
‘\ /\ /I\
\ f‘)(4) NPB(5) VS(I)A%IWPEQ)

' yu Shalong Juxmg le hu1tan

’f ~~~
‘ L L
- —y

Bush held a talk Wlth Sharon

® Compute “complements” in top-down
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Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0) VP (1,3,4,5)
| /\
bushi ~ PP(4,5) VPB(1,3)
\ PN /I\
\ f‘)(4) NPB(5) VS(l)A9(|WPH3)

' yu Shalong Juxmg le hu1tan

<

Bush held a talk Wlth Sharon

® Compute “complements” in top-down
53



Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5)vP (I,3,4,5)(0)
| /\
bushi PP(4 5) VPB(I 3)
\‘ /\ /I\
g f‘)(4) NPB(S) VS(I)A%IWPHD
‘\‘ yu Shalong Juxmg le hu1tan

"
~~

Bush held a talk Wlth Sharon

® Compute “complements” in top-down
53



Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5) vP (1,3,4,5)(0)
| /\
bushi  PP(4,5)(0,1,3) VPB(I,3)(0,4,5)
\‘ /\ /I\
| ONTES) VAN
‘\‘ yu shalong Juxmg le hu1tan

- T~
~~

Bush held a talk Wlth Sharon

® Compute “complements” in top-down
53



Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5)vP (I,3,4,5)(0)
| _—
bushi ~ PP(4,5)(0,1,3) VPB(I,3)(0,4,5)
P\ /I\
(0, | ,3 5) }\)(401\15)3].3215)) V|S( AS | )NPB(B)

' yu shalong Juxmg le hu1tan

- T~
~~

Bush held a talk Wlth Sharon

® Compute “complements” in top-down
53



Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5) vP (1,3,4,5)(0)
| /\
bushi  PP(4,5)(0,1,3) VPB(1,3)(0,4,5)
\ PN — T
0,1,3,5)R4)NPB(5) VS 1)AS | INPB3)(0,[,4,5
AT TN E R CATER L S

‘ . .
. yu shalong juxing ’l_e h}lltan
-~ o -

- L
- = =~ -~ o
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® Compute “complements” in top-down
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Rule Extraction
IP(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5) vP (1,3,4,5)(0)
| /\
bushi  PP(4,5)(0,1,3) VPB(1,3)(0,4,5)
\ PN el
0,1,3,5)R4)NPB(5) VS 1)AS | INPB3)(0,[,4,5
AT TN E R CATER L S

‘ . .
. yu shalong juxing ’l_e h}lltan
-~ o -

- L
- = =~ -~ o
- -y

® Compute “frontiers”: The nodes in which the
intersection of “spans™ and “complements”™ is empty



Rule Extraction
[P(0,1,3,4,5)()

/\
NPB(0)(1,3,4,5) vP(!,3,4,5)(0)
| /\
bushi | PP(4,5)(0,1,3) VPB(I,3)0,4,5)
' el
0,1,3,5)R4) NPB(5) VS(1)ASINPB3)O0,1,4,5
R (RTER TN & ) CATER L

‘ . .
. yu shalong juxing ’l_e h}ntan
-~ o -

- L
- = =~ -~ o
- -y

® Compute “frontiers”: The nodes in which the
intersection of “spans™ and “complements”™ is empty



Rule Extraction

1P
/\
NPB VP
| /\
bushi PP VPB

‘\ /\ /I\
' P NPB VS AS NPB

1

o o

' yu shalong Juxmg le hu1tan

-
- - ~~

Bush held a talk Wlth Sharon

® Extract minimum rules using frontiers



Rule Extraction

IP
T~
— r1:NPB x1:VP

bushi =~ PP VPB

‘\ /\ /I\
' P NPB VS AS NPB

1

o o

' yu shalong Juxmg le hu1tan

oo =g

-
- - ~~

Bush held a talk Wlth Sharon

® Extract minimum rules using frontiers



Rule Extraction

p NPB
|
/\ .
VP bushi
bushi PP VPB

‘\ /\ /I\
' P NPB VS AS NPB

1

o o

' yu shalong Juxmg le hu1tan

oo =g

-
- - ~~

Bush held a talk Wlth Sharon

® Extract minimum rules using frontiers



Rule Extraction

%\

s VS AS z;:NPB
| |
N]i)B VP juxing le
/\
bushi PP —> held a x1

\‘ /\ P
P NPB VS AS

1

o o

' yu shalong Juxmg le hu1tan

Bush held a talk Wlth Sharon

® Extract minimum rules using frontiers



Rule Extraction

1P VP
—— z1:PP VPB
— = VS AS mPE
bushi juxing le
“ N __— = held a zo x4

' P NPB VS AS

o o

' yu shalong Juxmg le hu1tan

~~

Bush held a talk Wlth Sharon

(Galley et al., 2006)
® Extract “‘compound rules” by combining

minimum rules (i.e. longer phrases)
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Decoding: String-{String, Tree}

I DNP ro:NP
VS AS z1:NPB T
| | r1:NP DEG
juxing le |
de

— held a x4
— T of x4

(VPB — juxing le NPB;, (NP — NP; de NPy,

r — hold a x1) r — xy of 1)
(Galley et al., 2004)

® Similar to SCFG decoding: Use the “collapsed”
source side rule to perform CKY parsing

® Construct a translation forest using the target side
59



Decoding: Tree-{String, Tree}

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP
NPB VP
| —
bushi PP VPB
/\ /I\

P NPB VS AS NPB
| | o

yu shalong juxing le huitan

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP
NPB VP Zo
| — |
bushi PP VPB Bush
/\ /I\

P NPB VS AS NPB
| | o

yu shalong juxing le huitan

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP

NPB VP X9
| — |
bushi PP VPB Bush
/\ /I\
P NPB VS AS NPB 7
| | | | | |
yu shalong juxing le huitan Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP

NPB VP X9
| — |
bushi PP VPB Bush
PN — T
P NPB VS AS NPB X6 7
| | | | | | |
yu shalong juxing le huitan talk Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP
NPB VP X9
| — |
bushi PP VPB Bush X4
P NPB VS AS NPB rg with 2~
| | | | | | |
yu shalong juxing le huitan talk Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP
NPB VP o
| — |
bushi PP VPB Bush Tr X4
O — N N

P NPB VS AS NPB held a xzg with 2~
P P |

|
yu shalong juxing le huitan talk Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP
NPB VP L9 L3
| — | /\
bushi PP | Bush Tr X4
O — N N

P NPB VS AS NPB held a xzg with 2~
P P |

|
yu shalong juxing le huitan talk Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Decoding: Tree-{String, Tree}

IP 1
/\
NPB VP T2 T3
| — | /\
bushi PP | Bush Tr X4
O — N N

P NPB VS AS NPB held a xzg with 2~
P P |

|
yu shalong juxing le huitan talk Sharon

. . . (Huang et al., 2006)
® First, an input sentence is parsed

® |nput tree is transformed into a translation forest by

tree rewriting
60



Conclusion

® {String, Tree}-to-{String, Tree} translation models

® Rules extraction by GHKM (Galley et al., 2004)
® Galley M, Hopkins M, Knight K, Marcu D, 2004

® Decoding:
® String-to-{String, Tree} by CKY

® Tree-to-{String, Tree} by tree-rewrite
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More on [ree-based Models

® Forest-based approach:instead of |-best parse, use

forest encoding k-bests (Mi and Huang, 2008; Mi et
al., 2008)

® “Binarized forest” as an alternative to represent
multiple parses (Zhang et al., 201 |)

® Fuzzy tree-to-tree as a way to overcome
“stricktness” of tree-based models (Chiang, 2010)

® Use of dependency (Mi and Liu, 2010; Xie et al., 201 |)
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State-of-the-art (?)

BLEU
dev test
English-Chinese pb 29.7 | 39.4
hier 31.7 | 38.9
bf2s 31.9 | 40.7*
English-Czech wmt best | - 15.4
pb 14.3 | 15.5
hier 14.7 | 16.0
bf2s 14.8 | 16.3*
English-French ~ wmt best | - 27.6
pb 24.1 | 26.1
hier 239 | 26.1
bf2s 24.5 | 26.6*
English-German  wmt best | - 16.3
pb 14.5 | 15.5
hier 14.9 | 15.9
bf2s 15.2 | 16.3**
English-Spanish ~ wmt best | - 28.4
pb 24.1 | 27.9
hier 24.2 | 28.4
bf2s 24.9 | 28.9*




Overview

® Backgrounds

® CFG, parsing, hypergraph, deductive
system semirings

® [ree-based SMT
® Synchronous-CFG
® String-to-Tree, Tree-to-String

® Bitext parsing
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Overview

® [ree-based SMT

® Bitext parsing
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Bitext Parsing

® Given bitext (and a synchronous grammar), compute
the best paired derivation

® Bitext parsing takes O(N3 M3) for ITG (Wu, 1997)

® For each length n and m, for each position i and j,
for each rule X => LHS, for each split point k and |

66



® |nversion Transduction Grammar (ITG) (Wu, 1997),
an instance of SCFG

® Frequently, we use an abbreviated form

o7



X=X X] | (X X) | f/e

® |nversion Transduction Grammar (ITG) (Wu, 1997),
an instance of SCFG

® Frequently, we use an abbreviated form
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Span Pruning
y

“m

.

-
Rt -

® You do not have to visit all the span pairs

® Use figure-of-merit to prune spans

® O(n* for a naive algorithm (Zhang and Gildea, 2005)
® O(n3) for a DP-based algorithm (Zhang et al., 2008)



Beam Pruning

® Re-organize the search space by the cardinality
(Saers et al.,, 2009)

® Cardinality = # of source/target words parsed

® Prune by the cardinality: Complexity O(bn3)



Beam Pruning

S
N\ Y

R

X N\
--‘---’ ------ --.---,--.--- --.---’--. ‘-- --. .--’--. .--
~_________
)
-.----’ ------ -.----’--.--- -.----’--. .--

---------- ’- ---.--’----.- ---. .-’----.- ---. '-’---. '-

--------- .-- L8 B N N N | --‘ .-- ---.--,--‘ .-- ---. .-,--‘ .--

------- ‘---- ---‘--,-‘---- --. .--’-.---- --‘ .--,.‘----
J\. VAN

~N

J

® Re-organize the search space by the cardinality
(Saers et al.,, 2009)

® Cardinality = # of source/target words parsed

® Prune by the cardinality: Complexity O(bn3)



Two Parse

® |n practice, we do not have to enumerate all the rules
for the Hiero-like grammar (Dyer, 2010)

® First, parsing using the source side rules

® Then, parse the target by the “instantiated” rules
70



Two Parse

X
/\
X X3
/N

bushi Xz juxing X

yu shalong le huitan
® |n practice, we do not have to enumerate all the rules

for the Hiero-like grammar (Dyer, 2010)
® First, parsing using the source side rules

® Then, parse the target by the “instantiated” rules
70



Two Parse

(Xiz Xz Xz Xp3))

Xz Xz, Xig) Xiz)

bushi, Bush)

X. Juxmg X., held X. X>

>
e
N

<
<
<
X 1 <X. JUXlIlg X., hold X- X>
_—— Xy (yu shalong, with Sharon)
X 5 X 3 X (yu shalong, and Sharon)
VT X5 (le huitan, a talk)
: .. X le huitan, talked
bushi Xy juxing Xg® (le huitan, talked)

yu shalong le huitan
® |n practice, we do not have to enumerate all the rules

for the Hiero-like grammar (Dyer, 2010)
® First, parsing using the source side rules

® Then, parse the target by the “instantiated” rules
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Two Parse

(Xig Xz, Xy Xig))

Xz X3, Xj3) Xig)

bushi, Bush)

X. Juxmg X. held X. X>

>
e
N

<
<
<
X 1 <X. JUXlIlg X. hold X- X> X 1
_—— X (yu shalong, with Sharon) __—" ~_
X 5 X 3 X (yu shalong, and Sharon) X 5 X 3
P, X5 (le huitan, a talk) o
bushi X4 jUXiIlg X5X (le huitan, talked) Bush held X5 X4
yu shalong le huitan a talk with Sharon

® |n practice, we do not have to enumerate all the rules
for the Hiero-like grammar (Dyer, 2010)

® First, parsing using the source side rules

® Then, parse the target by the “instantiated” rules
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| TG for Phrase Induction

® Phrasal alignment by ITG (Cherry and Lin, 2007)
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| TG for Phrase Induction

p/a? (”I“eg) \ .
Pa (tflirm) P P (1no) —
p¢(bushi/Bush) P= (reg) pe(reg)
-~ N s ~
Pz (term) p(term) p(term) P (term)

| | | |
pt(yu/with) p;(shalong/Sharon) p;(juxing le/held) p;(huitan/a talk)

® Phrasal alignment by ITG (Cherry and Lin, 2007)
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| TG for Phrase Induction

pz(Teg)

/ \ :
Pa (tflirm) P P (1no) —
p¢(bushi/Bush) P= (reg) pe(reg)
-~ N s ~
Pz (term) p(term) p(term) P (term)

| | | |
pt(yu/with) p;(shalong/Sharon) p;(juxing le/held) p;(huitan/a talk)

Bush held a talk  with Sharon

—

bushi yu shalong juxing le huitan

® Phrasal alignment by ITG (Cherry and Lin, 2007)
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Exhaustive | TG Phrases

® Recursively divide-and-conquer

® Multiple granularities are included in the model
(Neubig et al,,2011)



Exhaustive | TG Phrases

p¢(base)

I
pz(reg)
d p:(base)

p¢(bushi/Bush) |
__pa(inv) ___
p¢(base) ( pt(base)

I I
P (reg pz(Teg)
/N s ~

pt(yu/with) pt(base) p:(juxing le/held) p;(huitan/a talk)
px(base)

Dbase (Shalong /Sharon)
® Recursively divide-and-conquer

® Multiple granularities are included in the model
(Neubig et al,,2011)



BLEU*100

Compact Model

Translation Accuracy
24

23
22
21
20
19
18
17

16 .
de-en es-en fr-en ja-en

Million Phrases

S r N W B~ O O

Phrase Table Size

M GIZA++
B FLAT
HIER

de-en es-en fr-en ja-en
(Neubig et al., 201 |)



Conclusion

® Bitext parsing with ITG
® Span pruning, beam pruning, two-parse

® |TG is a simple, yet powerful grammar for
bilingual knowledge induction
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Summary

® Backgrounds

® CFG, parsing, hypergraph, deductive
system semirings

® [ree-based SMT
® Synchronous-CFG
® String-to-Tree, Tree-to-String

® Bitext parsing
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Implementations

® synchronous-CFG

® (Cdec: http://cdec-decoder.org

® Jane: http://wwwe-i6.informatik.rwth-aachen.de/jane/

® |oshua: http://joshua.sourceforge.net

® Moses: http://www.statmt.org/moses/

® {Tree,String}-to-{Tree,String}: Usually, closed source,
like my private implementation:-)

® |TG-model induction

® Pialign: http://www.phontron.com/pialign/
76
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