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Word-based MT

2

(Brown et al., 1993)



Phrase-based MT

3

(Koehn et al., 2003)



Hierarchical PBMT

4

(Chiang, 2007)



Syntax-based MT

5

(Galley et al., 2004)



Variations
tree (partial) examples

none

source

target

both

Chiang (2007), Zollman and Venugopal (2006)

Huang et al. (2006), Liu et al. (2006), Quirk et al. (2005)

Galley et al. (2004), Shen et al. (2008)

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

• formally syntactical, linguistically syntactical

• dependency structure and constituency structure

• {tree,string}-to-{tree,string}

• In this talk, we will summarize them as “tree-based 
MT” 6



Overview
• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-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)
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Parsing: CKY

• O(n3) : 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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Hypergraph

• Generalization of graphs:

• 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 graphs

0,6

0,1

0,1

1,6

1,2 2,6

(Klein and Manning, 2001)
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Deductive System

• 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

(Shieber et al., 1995)
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Packed Forest

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

• Single derivation = tree

(Klein and Manning, 2001; Huang and Chiang, 2005)
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Summary of Formalisms
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Summary of Formalisms
hypergraph AND/OR 

graph
CFG deductive 

system
vertex OR-node symbol item

source-vertex leaf OR-node terminal axiom

target-vertex root OR-node start symbol goal item

hyperedge AND-node production instantiated 
deduction

〈v, {u1, u2}〉
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Weights and Semirings

• Associate weights as in WFST

• ⊗ : extension (multiplicative), ⊕ : summary (additive)
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VP
w1→ VBD NP

NP
w2→ NP PP

.

.

..NP2,6 : w2 ⊗ a⊗ b

.
.
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• 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

v

u1 u2
u3 u4

e1 e2

d(v) = (w(e1, u1, u2)⊗ d(u1)⊗ d(u2))

⊕ (w(e2, u3, u4)⊗ d(u3)⊗ d(u4))

Weights and Semirings
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Semirings

17

semiring K ⊕ ⊗ 0 1

Viterbi [0,1] max × 0 1

Real R + x 0 1

Log R logsumexp + +∞ 0

Tropical R min + +∞ 0

K = �K,⊕,⊗,0,1�



Conclusion

• Review important concepts from “parsing”

• CFG, parsing, hypergraph, deductive 
system, weights, semirings
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Synchronous-CFG

• D: a single derivation constructed by intersecting 
SCFG with input string

ê = argmax
e

exp
�
w� · h(e, D, f)

�
�

e�,D� exp (w� · h(e�, D�, f))

= argmax
e

w� · h(e, D, f)

21

(Chiang, 2007)
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Synchronous-CFG: Model

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

• Or, borrow linguistic categories from syntactic parse 
(Zollman and Venugopal, 2006)
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Synchronous-CFG: Model

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

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

VP →
�
VBD 1 NP 2 , NP 2 VBD 1

�

NP →
�
NP 1 PP 2 , NP 1 PP 2

�

VP →
�
VBD 1 NP 2 PP 3 , NP 2 PP 3 VBD 1

�

→
�
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�

→
�

1 , 1

�

→
�

1 ⃍嫛 2 , 2 1

�

→
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�
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Rule Extraction

• As in phrase-based models, extract phrases then, use 
sub-phrases as non-terminals, aka Hiero (Chiang, 2007)

を⅏ ₝ 㼨爨⃍嫛 ℕ ↩店

(Example from Huang and Chiang, 2007)
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Syntactic Categories
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Exhaustive Extraction
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Exhaustive Extraction

• Exhaustively extract rules as in phrase-based MT

• + glue rules

を⅏ ₝ 㼨爨⃍嫛 ℕ ↩店
1 2 ℕ↩店 2 1
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Features from Rules

• Collect all the rules (α, β) from the data:

• α = source side string, β = target side string

• Maximum likelihood estimates by relative frequencies

• Employ scores in two directions

log pr(ᾱ|β̄) = log
count(β̄, ᾱ)�
ᾱ� count(β̄, ᾱ�)

log pr(β̄|ᾱ) = log
count(β̄, ᾱ)�
β̄� count(β̄�, ᾱ)

26



Remarks on Rules
• Too 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 15 words for “holes”

• Fractional counts (Chiang, 2007):

• Each 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

• Parse input sentence using the source side, and 
construct a translation forest by target side
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yu shalong
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le huitan
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Synchronous-CFG: Parsing

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

• Complexity: O(n3) as in monolingual CKY

30



Non-Local Features

• non-local features which requires out-of-span 
context, i.e. bigram LM
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Bigram Features

• We keep only bigram states

X1,6

X1,3X3,4

with * Sharon
and * Sharon
Sharon * with
Sharon * and

a * talk
talks
meeting
meetings

→ � 1 2 ,

2 1 �

held * Sharon
held * Sharon
held * Sharon
held * with
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Language Model Updates

• Each hypothesis keeps two contexts:

• Prefix: ngrams to be scored with antecedents

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

• Complexity: O(n3V2(m-1))

• Very inefficient: we need to explicitly enumerate 
all the hypotheses in antecedents
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Cube Pruning

• For each rule, create a “cube” representing 
combinations of antecedents (Huang and Chiang, 2007)

→ � 1 2 ,

2 1 �

2.5 2.7 3.6 4.2

2.8 3.0 3.9 4.5

3.7 3.9 4.8 5.4

4.1 4.3 5.2 5.8

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2
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Cube Pruning

• Bigrams require contexts from antecedents: 
non-monotonic scoring

→ � 1 2 ,

2 1 �
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best:

(0,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1

a * talk

talks

meeting
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with * S
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n

and * S
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n
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ith
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n * a
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1.0

1.3

2.2
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1.5 1.7 2.6 3.2
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k-best: (0,0)

(0,1)(1,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1)

(1,0)(0,2) (1,1)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1 4.5

4.2

a * talk
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meeting
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haro
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n

Sharo
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n * a
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1.3
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1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0)

(0,2) (1,1)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2

a * talk

talks

meeting
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with * S
haro

n

and * S
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n

Sharo
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n * a
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1.0
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0) (0,2)

(1,1)(3,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2 4.9

4.4

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0) (0,2)

(1,1) (3,0)(0,4) (1,2)
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Multiple Rules

• Multiple rules sharing the same span are queued

• Each rule is associated with a cube

• hypothesis = rule + cube-position
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Multiple Rules

• Multiple rules sharing the same span are queued

• Each rule is associated with a cube

• hypothesis = rule + cube-position

X4,6 X1,3
X3,4

X1,6

a talk
held
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Further Faster Pruning

• Cube Growing (Huang and Chiang, 2007)

• Top-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

• Tree-based SMT

• Synchronous-CFG

• String-to-Tree, Tree-to-String

• Bitext parsing
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{Tree,String}-to-{Tree,String}

• Each synchronous rule has a subtree structure

• Flat structure + sharing the same non-terminal 
symbols = synchronous-CFG

50

(Galley et al., 2004)



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

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

• Each synchronous rule has a subtree structure

• Flat structure + sharing the same non-terminal 
symbols = synchronous-CFG

x1

x2 x3

x5

x6

x4

x7

50

(Galley et al., 2004)



Tree-to-String Rules

x1

→ x1→

x1

→ x1

x1

→ x1

x1

x2 x3

→ x1 x3 x2

x1

x2

→ x2 x151



Rule Extraction

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

(Galley et al., 2004)
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Rule Extraction
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Rule Extraction

• Compute “complements” in top-down
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Rule Extraction

• Compute “frontiers”: The nodes in which  the 
intersection of “spans” and “complements” is empty
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Rule Extraction

• Compute “frontiers”: The nodes in which  the 
intersection of “spans” and “complements” is empty
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Rule Extraction

• Extract minimum rules using frontiers
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Rule Extraction

• Extract minimum rules using frontiers

x1 x1

→ x2 x1
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Rule Extraction

• Extract minimum rules using frontiers
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Rule Extraction

• Extract minimum rules using frontiers

x1

→ x1
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Rule Extraction

• Extract “compound rules” by combining 
minimum rules (i.e. longer phrases)

(Galley et al., 2006)

x1

x2

→ x2 x1
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Decoding: String-{String,Tree}

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

• Construct a translation forest using the target side

x1

→ x1

x1

x2

→ x2 x1

〈 → 1,
x → x1〉

〈 → 1 2,
x → x2 x1〉

59

(Galley et al., 2004)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

60

(Huang et al., 2006)



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

61



More on Tree-based Models
• Forest-based approach: instead of 1-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., 2011) 

• 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., 2011)
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to spans longer than 10. For the forest-to-string sys-

tem, we do not have such length-based reordering

constraints.

We trained two 5-gram language models with

Kneser-Ney smoothing for each of the target lan-

guages. One is trained on the target side of the par-

allel text, the other is on a corpus provided by the

evaluation: the Gigaword corpus for Chinese and

news corpora for the others. Besides standard fea-

tures (Och and Ney, 2004), the phrase-based decoder

also uses a Maximum Entropy phrasal reordering

model (Zens and Ney, 2006). Both the hierarchi-

cal decoder and the forest-to-string decoder only use

the standard features. For feature weight tuning, we

do Minimum Error Rate Training (Och, 2003). To

explore a larger n-best list more efficiently in train-

ing, we adopt the hypergraph-based MERT (Kumar

et al., 2009).

To evaluate the translation results, we use BLEU

(Papineni et al., 2002).

5.2 Translation Results
Table 2 shows the scores of our system with the

best binarization scheme compared to the phrase-

based system and the hierarchical phrase-based sys-

tem. Our system is consistently better than the other

two systems in all data sets. On the English-Chinese

data set, the improvement over the phrase-based sys-

tem is 1.3 BLEU points, and 0.8 over the hierarchi-

cal phrase-based system. In the tasks of translat-

ing to European languages, the improvements over

the phrase-based baseline are in the range of 0.5 to

1.0 BLEU points, and 0.3 to 0.5 over the hierar-

chical phrase-based system. All improvements ex-

cept the bf2s and hier difference in English-Czech

are significant with confidence level above 99% us-

ing the bootstrap method (Koehn, 2004). To demon-

strate the strength of our systems including the two

baseline systems, we also show the reported best re-

sults on these data sets from the 2010 WMT work-

shop. Our forest-to-string system (bf2s) outperforms

or ties with the best ones in three out of four lan-

guage pairs.

5.3 Different Binarization Methods
The translation results for the bf2s system in Ta-

ble 2 are based on the cyk binarization algorithm

with bracket violation degree 2. In this section, we

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 23.9 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
∗∗

Table 2: Translation results comparing bf2s, the

binarized-forest-to-string system, pb, the phrase-based

system, and hier, the hierarchical phrase-based system.

For comparison, the best scores from WMT 2010 are also

shown.
∗∗

indicates the result is significantly better than

both pb and hier.
∗

indicates the result is significantly

better than pb only.

vary the degree to generate forests that are incremen-

tally augmented from a single tree. Table 3 shows

the scores of different tree binarization methods for

the English-Chinese task.

It is clear from reading the table that cyk-2 is the

optimal binarization parameter. We have verified

this is true for other language pairs on non-standard

data sets. We can explain it from two angles. At

degree 2, we allow phrases crossing at most one

bracket in the original tree. If the parser is reason-

ably good, crossing just one bracket is likely to cover

most interesting phrases that can be translation units.

From another point of view, enlarging the forests

entails more parameters in the resulting translation

model, making over-fitting likely to happen.

5.4 Binarizer or Parser?

A natural question is how the binarizer-generated

forests compare with parser-generated forests in

translation. To answer this question, we need a

841
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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 l
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ITG

• Inversion Transduction Grammar (ITG) (Wu, 1997), 
an instance of SCFG

• Frequently, we use an abbreviated form

→
�

1 2 , 1 2

�

→
�

1 2 , 2 1

�

→ �f, e�
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Span Pruning

• You do not have to visit all the span pairs

• Use figure-of-merit to prune spans

• O(n4) for a naive algorithm (Zhang and Gildea, 2005)

• O(n3) for a DP-based algorithm (Zhang et al., 2008)
68

smaller than the possible scriptO(n4), where n is
the average sentence length. Pruning the span pairs
(bitext cells) that can participate in a tree (either as
terminals or non-terminals) serves to not only speed
up ITG parsing, but also to provide a kind of ini-
tialization hint to the training procedures, encourag-
ing it to focus on promising regions of the alignment
space.
Given a bitext cell defined by the four boundary

indices (i, j, l, m) as shown in Figure 1a, we prune
based on a figure of merit V (i, j, l, m) approximat-
ing the utility of that cell in a full ITG parse. The
figure of merit considers the Model 1 scores of not
only the words inside a given cell, but also all the
words not included in the source and target spans, as
in Moore (2003) and Vogel (2005). Like Zhang and
Gildea (2005), it is used to prune bitext cells rather
than score phrases. The total score is the product of
the Model 1 probabilities for each column; “inside”
columns in the range [l, m] are scored according to
the sum (or maximum) of Model 1 probabilities for
[i, j], and “outside” columns use the sum (or maxi-
mum) of all probabilities not in the range [i, j].
Our pruning differs from Zhang and Gildea

(2005) in two major ways. First, we perform prun-
ing using both directions of the IBMModel 1 scores;
instead of a single figure of merit V , we have two:
VF and VB . Only those spans that pass the prun-
ing threshold in both directions are kept. Second,
we allow whole spans to be pruned. The figure of
merit for a span is VF (i, j) = maxl,m VF (i, j, l, m).
Only spans that are within some threshold of the un-
restricted Model 1 scores VF and VB are kept:

VF (i, j)

VF
≥ τs and

VB(l, m)

VB
≥ τs.

Amongst those spans retained by this first threshold,
we keep only those bitext cells satisfying both

VF (i, j, l, m)

VF (i, j)
≥ τb and

VB(i, j, l, m)

VB(l, m)
≥ τb.

4.1 Fast Tic-tac-toe Pruning
The tic-tac-toe pruning algorithm (Zhang and
Gildea, 2005) uses dynamic programming to com-
pute the product of inside and outside scores for
all cells in O(n4) time. However, even this can be
slow for large values of n. Therefore we describe an

Figure 1: (a) shows the original tic-tac-toe score for a
bitext cell (i, j, l,m). (b) demonstrates the finite state
representation using the machine in (c), assuming a fixed
source span (i, j).

improved algorithm with best case n3 performance.
Although the worst case performance is alsoO(n4),
in practice it is significantly faster.
To begin, let us restrict our attention to the for-

ward direction for a fixed source span (i, j). Prun-
ing bitext spans and cells requires VF (i, j), the score
of the best bitext cell within a given span, as well
as all cells within a given threshold of that best
score. For a fixed i and j, we need to search over
the starting and ending points l and m of the in-
side region. Note that there is an isomorphism be-
tween the set of spans and a simple finite state ma-
chine: any span (l, m) can be represented by a se-
quence of l OUTSIDE columns, followed bym−l+1
INSIDE columns, followed by n − m + 1 OUT-
SIDE columns. This simple machine has the re-
stricted form described in Figure 1c: it has three
states, L, M , and R; each transition generates ei-
ther an OUTSIDE column O or an INSIDE column
I . The cost of generating an OUTSIDE at posi-
tion a is O(a) = P (ta|NULL) +

∑
b !∈[i,j] P (ta|sb);

likewise the cost of generating an INSIDE column
is I(a) = P (ta|NULL) +

∑
b∈[i,j] P (ta|sb), with



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)
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Two Parse

• In 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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• Phrasal alignment by ITG (Cherry and Lin, 2007)
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Exhaustive ITG Phrases

• Recursively divide-and-conquer

• Multiple granularities are included in the model 
(Neubig et al., 2011)
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Compact Model
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Conclusion

• Bitext parsing with ITG

• Span pruning, beam pruning, two-parse

• ITG is a simple, yet powerful grammar for 
bilingual knowledge induction
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Summary
• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-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://www-i6.informatik.rwth-aachen.de/jane/

• Joshua: http://joshua.sourceforge.net

• Moses: http://www.statmt.org/moses/

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

• ITG-model induction

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