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Tree-Based Alignments

• Some background.

• Motivation for dependency alignments. 

• How does it work?

• How does it do?



• Syntactically motivated approach to MT

• Basic Idea

• Assign a tree structure to one or both sides of a 
sentence pair

• Model alignment process by reordering operations 
defined on tree structure itself

The Forest



Trees have advantages
• Captures the fact that syntactic constituents tend to 

move as a unit 

• Systematic differences between two grammars 
should be represented

• EXAMPLE:  English           Turkish

NP CP

DPE

the dog that i saw

DPT

gördüğüm köpek

Systematic Ordering Change of Two Constituents

CP NP



Prior work
• Wu’s Inversion Transduction Grammar, 

1997 - Presented by David

• Alshawi’s Finite State Head Transducers 
over trees, 2000 - presented by Yow-Ren

• Yamada and Knight, 2001 - presented by 
Gabriel

• Gildea’s Tree-to-tree formalism, 2003 -  
just presented by Scott



Wu 1997 
• Tree-based formalism the 

goal of which is to restrict 
word-level alignments 

• Uses simple grammar 
with a single nonterminal

• Restricts alignments to    
those allowable by 
reordering operations on 
binary branching trees

Constraint allows 
EM convergence 

in polynomial 
time!



Alshawi 2000

• Tree transduction is an interesting and 
expressive formalism

• Technique to induce hierarchical 
alignments, then probabilistically weight 
transducers to generate those alignments

• But formalism is very difficult to 
understand...  and to implement?  



Yamada and Knight 2001
• Tree-string model, taking an English parse as a “tree 

mobile”, rotating its arms in order to come up with 
the French reordering.  

• Limited by the extent to which it over restricts 
ordering options.  e.g. It cannot generate VSO from 
SVO input, assuming binary branching trees.

• Model Estimation procedure converges at O(n4), 
quartic with the size of the input sentence.



Gildea 2003
from tree to tree to alignment

• Fundamental Idea: Transform source 
language tree into target language tree 
through applying a series of operations.

• Operations in our toolbox:

Reorder a node’s children.

Insert a child node or delete one.

Translate words at leaves.

And cloning.



Gildea 2003 -- II
• A generative model.

• Calculating P(Tb|Ta) takes place from the root of the tree down, given

1. Current node ɛa might be grouped with one of its children with 

Pelem(ta|ɛa⇒children(ɛa))

2. Alignment of the children of this node is given by

Palign(α|ɛa⇒children(ta))

• Alignment α can include insertions and deletions of individual children

• If two nodes have been grouped (in 1.) their nodes are reordered in one 
step

3. Lexical items at the leaves of the tree are translated into the target language 
according to the distribution Pt(f|e)



Gildea 2003 -- III

• In order to allow 
pairings with divergent 
tree structures, cloning 
is introduced

• Takes a copy of a 
(translated) English 
subtree and inserts it at 
any point in the 
translated French 
sentence, at some cost

sentences may break down completely.

2.1 Tree-to-String Clone Operation

In order to provide some flexibility, we modify the

model in order to allow for a copy of a (translated)

subtree from the English sentences to occur, with

some cost, at any point in the resulting French sen-

tence. For example, in the case of the input tree

A

B

X Y

Z

a clone operation making a copy of node 3 as a new

child of B would produce the tree:

A

B

X Z Y

Z

This operation, combined with the deletion of the

original node Z, produces the alignment (XZY)

that was disallowed by the original tree reorder-

ing model. Figure 1 shows an example from our

Korean-English corpus where the clone operation al-

lows the model to handle a case of wh-movement in

the English sentence that could not be realized by

any reordering of subtrees of the Korean parse.

The probability of adding a clone of original node

εi as a child of node εj is calculated in two steps:

first, the choice of whether to insert a clone under

εj , with probability Pins(clone|εj), and the choice
of which original node to copy, with probability

Pclone(εi|clone = 1) =
Pmakeclone(εi)

∑
k Pmakeclone(εk)

where Pmakeclone is the probability of an original

node producing a copy. In our implementation, for

simplicity, Pins(clone) is a single number, estimated
by the EM algorithm but not conditioned on the par-

ent node εj , and Pmakeclone is a constant, meaning

that the node to be copied is chosen from all the

nodes in the original tree with uniform probability.

It is important to note that Pmakeclone is not de-

pendent on whether a clone of the node in ques-

tion has already been made, and thus a node may

be “reused” any number of times. This indepen-

dence assumption is crucial to the computational

tractability of the algorithm, as the model can be

estimated using the dynamic programming method

above, keeping counts for the expected number of

times each node has been cloned, at no increase in

computational complexity. Without such an assump-

tion, the parameter estimation becomes a problem

of parsing with crossing dependencies, which is ex-

ponential in the length of the input string (Barton,

1985).

3 The Tree-to-Tree Model

The tree-to-tree alignment model has tree transfor-

mation operations similar to those of the tree-to-

string model described above. However, the trans-

formed tree must not only match the surface string

of the target language, but also the tree structure as-

signed to the string by the treebank annotators. In or-

der to provide enough flexibility to make this possi-

ble, additional tree transformation operations allow

a single node in the source tree to produce two nodes

in the target tree, or two nodes in the source tree to

be grouped together and produce a single node in

the target tree. The model can be thought of as a

synchronous tree substitution grammar, with proba-

bilities parameterized to generate the target tree con-

ditioned on the structure of the source tree.

The probability P (Tb|Ta) of transforming the
source tree Ta into target tree Tb is modeled in a

sequence of steps proceeding from the root of the

target tree down. At each level of the tree:

1. At most one of the current node’s children is

grouped with the current node in a single ele-

mentary tree, with probability Pelem(ta|εa ⇒
children(εa)), conditioned on the current

node εa and its children (ie the CFG produc-

tion expanding εa).

2. An alignment of the children of the current

elementary tree is chosen, with probability

Palign(α|εa ⇒ children(ta)). This alignment
operation is similar to the re-order operation

in the tree-to-string model, with the extension

that 1) the alignment α can include insertions
and deletions of individual children, as nodes

in either the source or target may not corre-

spond to anything on the other side, and 2) in

the case where two nodes have been grouped

into ta, their children are re-ordered together in
one step.

sentences may break down completely.
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clone fertility of a node:

choose node to clone:



• Shown to be more consistent 
than constituent structure 
between French and English in 
Fox 2002.

• The basic finding is that head 
spans intersecting with spans 
of their modifiers are reduced 
when you use dependencies 
(in English--French)

Dependency Trees

interesting.

2 Alignments, Spans and Crossings

An alignment is a mapping between the words in a

string in one language and the translations of those

words in a string in another language. Given an En-

glish string, , and a French

string, , an alignment a can

be represented by . Each is

a set of indices into where

indicates that word in the French sentence is

aligned with word in the English sentence.

indicates that English word has no corresponding

French word.

Given an alignment and an English phrase cov-

ering words , the span is a pair where the

first element is and the second el-

ement is . Thus, the span includes

all words between the two extrema of the alignment,

whether or not they too are part of the translation. If

phrases cohere perfectly across languages, the span

of one phrase will never overlap the span of another.

If two spans do overlap, we call this a crossing.

Figure 1 shows an example of an English parse

along with the alignment between the English and

French words (shown with dotted lines). The En-

glish word “not” is aligned to the two French words

“ne” and “pas” and thus has a span of [1,3]. The

main English verb “change” is aligned to the French

“modifie” and has a span of [2,2]. The two spans

overlap and thus there is a crossing. This definition

is asymmetric (i.e. what is a crossing when mov-

ing from English to French is not guaranteed to be

a crossing when moving from French to English).

However, we only pursue translation direction since

that is the one for which we have parsed data.

3 Experiments

3.1 Data

To calculate spans, we need aligned pairs of En-

glish and French sentences along with parses for the

English sentences. Our aligned data comes from

a corpus described in (Och and Ney, 2000) which

contains 500 sentence pairs randomly selected from

the Canadian Hansard corpus and manually aligned.

The alignments are of two types: sure (S) and pos-

sible (P). S alignments are those which are unam-

situation .[ne
not vraiment la

0 1 2 3 4 5 6 7
pas][modifie]on

change

PRP AUX RB RB VB DT NN .

do not thethey really change status .

NP VP

ADVP NP

VP

S

Figure 1: Alignment Example with Crossing

biguous while P alignments are those which are less

certain. P alignments often appear when a phrase in

one language translates as a unit into a phrase in the

other language (e.g. idioms, free translations, miss-

ing function words) but can also be the result of gen-

uine ambiguity. When two annotators disagree, the

union of the P alignments produced by each anno-

tator is recorded as the P alignment in the corpus.

When an S alignment exists, there will always also

exist a P alignment such that P S. The English sen-

tences were parsed using a state-of-the-art statistical

parser (Charniak, 2000) trained on the University of

Pennsylvania Treebank (Marcus et al., 1993).

3.2 Phrasal Translation Filtering

je invoque le Règlement

I orderofpointon arise

PRP NNNNDTVBP IN IN

NPNPNP

PP

NP

PP

VP

S

Figure 2: Phrasal Translation Example

Since P alignments often align phrasal transla-

From Fox 2002

Alignment Type S S P P

Baseline 0.172 2.772 2.492

Flattened VPs 0.136 2.252 1.91

Dependencies 0.078 1.88 1.476

Table 4: Average Head Crossings per Sentence

(Phrasal Filter On)

Alignment Type S S P P

Baseline 0.048 0.516 0.362

Flattened VPs 0.06 0.86 0.694

Dependencies 0.1 1.498 1.238

Table 5: Average Modifier Crossings per Sentence

(Phrasal Filter On)

Flattening reduces the number of potential head

crossings while increasing the number of potential

modifier crossings. Therefore, we would expect to

see a comparable change to the number of cross-

ings measured, and this is exactly what we find, as

shown in Tables 4 and 5. For example, for S P

alignments, the average number of head crossings

decreases from 2.772 to 2.252, while the average

number of modifier crossings increases from 0.516

to 0.86. We see similar behavior when we look at the

percentage of crossings per chance (Tables 6 and 7).

For the same alignment type, the percentage of head

crossings decreases from 18.61% to 15.12%, while

the percentage of modifier crossings increases from

8.47% to 10.59%. One thing to note, however, is that

the total number of crossings of both types detected

in the corpus decreases as compared to the baseline,

and thus the benefits to head crossings outweigh the

detriments to modifier crossings.

Alignment Type S S P P

Baseline 1.15% 18.61% 16.73%

Flattened VPs 0.91% 15.12% 12.82%

Dependencies 0.52% 12.62% 9.91%

Table 6: Percent Head Crossings per Chance

(Phrasal Filter On)

Alignment Type S S P P

Baseline 0.78% 8.47% 5.94%

Flattened VPs 0.73% 10.59% 8.55%

Dependencies 0.61% 9.22% 7.62%

Table 7: Percent Modifier Crossings per Chance

(Phrasal Filter On)

6.2 Dependencies

Our intuitions about the cohesion of syntactic struc-

tures follow from the notion that translation, as a

meaning-preserving operation, preserves the depen-

dencies between words, and that syntactic structures

encode these dependencies. Therefore, dependency

structures should cohere as well as, or better than,

their corresponding syntactic structures. To exam-

ine the validity of this, we extracted dependency

structures from the parse trees (with flattened verb

phrases) and calculated crossings for them. Figure 9

shows a parse tree and its corresponding dependency

structure.

The procedure for counting modifier crossings in

a dependency structure is identical to the procedure

for parse trees. For head crossings, the only differ-

ence is that rather than comparing spans of two sib-

lings, we compare the spans of a child and its parent.

bewill before thecoming fall
the

will be before

fall

coming

VBGAUXMD IN DT NN

NP

PP

VP

Figure 9: Extracting Dependencies

Again focusing on the S P alignment case, we

see that the average number of head crossings (see

Table 4) continues to decrease compared to the pre-

vious case (from 2.252 to 1.88), and that the aver-

age number of modifier crossings (see Table 5) con-

tinues to increase (from 0.86 to 1.498). This time,

however, the percentages for both types of crossings

(see Tables 6 and 7) decrease relative to the case

of flattened verb phrases (from 15.12% to 12.62%

for heads and from 10.59% to 9.22% for modifiers).

The percentage of modifier crossings is still higher
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Constituent and Dependency Trees + Alignments for 
Chinese-English Bitext
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Figure 1: Constituent and dependency trees for a sample sentence

Flattening effect, moving the 
English noun phrase headed by 

“achievements” to the same level 
of the tree as its Chinese 

counterpart.

However, a more divergent 
structure is created in the 

dependency bi-tree.  Even though 
the constituent trees for 

“economic construction” locally 
similar, different heads are 

selected for each.



• Similar generative model for 
constituent trees, with some changes 
to keep in mind:

• Lexical translation takes place at 
every node of the tree, rather than 
just at the leaves.

• Lexical translation costs are then 
factored in as alignment costs for 
elementary trees.

• There is a new parameter Pswap that 
gives the probability that a child 
node will swap positions with the 
node above it.

Dependency Alignment Model

the complexity polynomial in the size of the input

sentences.

3 Dependency Tree-to-Tree Alignments

Dependencies were found to be more consistent

than constituent structure between French and En-

glish by Fox (2002), though this study used a tree

representation on the English side only. We wish to

investigate whether dependency trees are also more

suited to tree-to-tree alignment.

Figure 1 shows a typical Xinhua newswire sen-

tence with the Chinese parser output, and the sen-

tence’s English translation with its parse tree. The

conversion to dependency representation is shown

below the original parse trees.

Examination of the trees shows both cases where

the dependency representation is more similar

across the two languages, as well as its potential

pitfalls. The initial noun phrase, “14 Chinese open

border cities” has two subphrases with a level of

constituent structure (the QP and the lower NP)

not found in the English parse. In this case, the

difference in constituent structure derives primar-

ily from differences in the annotation style between

the original English and Chinese treebanks (Marcus

et al., 1993; Xue and Xia, 2000; Levy and Man-

ning, 2003). These differences disappear in the con-

stituent representation. In general, the number of

levels of constituent structure in a tree can be rela-

tively arbitrary, while it is easier for people (whether

professional syntacticians or not) to agree on the

word-to-word dependencies.

In some cases, differences in the number of level

may be handled by the tree-to-tree model, for ex-

ample by grouping the subject NP and its base NP

child together as a single elementary tree. How-

ever, this introduces unnecessary variability into the

alignment process. In cases with large difference

in the depths of the two trees, the aligner may not

be able to align the corresponding terminal nodes

because only one merge is possible at each level.

In this case the aligner will clone the subtree, at an

even greater cost in probability.

The rest of our example sentence, however,

shows cases where the conversion to dependency

structure can in some cases exacerbate differences

in constituent structure. For example, jingji and

jianshe are sisters in the original constituent struc-

ture, as are their English translations, economic and

construction. In the conversion to Chinese depen-

dency structure, they remain sisters both dependent

on the noun chengjiu (achievements) while in En-

glish, economic is a child of construction. The

correspondence of a three-noun compound in Chi-

nese to a noun modified by prepositional phrase

and an adjective-noun relation in English means that

the conversion rules select different heads even for

pieces of tree that are locally similar.

3.1 The Dependency Alignment Model

While the basic tree-to-tree alignment algorithm is

the same for dependency trees, a few modifications

to the probability model are necessary.

First, the lexical translation operation takes place

at each node in the tree, rather than only at the

leaves. Lexical translation probabilities are main-

tained for each word pair as before, and the lexical

translation probabilities are included in the align-

ment cost for each elementary tree. When both el-

ementary trees contain two words, either alignment

is possible between the two. The direct alignment

between nodes within the elementary tree has prob-

ability 1−Pswap. A new parameter Pswap gives the

probability of the upper node in the elementary tree

in English corresponding to the lower node in Chi-

nese, and vice versa. Thus, the probability for the

following transformation:

A

B

X Y

⇒ B’

A’

X Y

is factored as Pelem(AB|A⇒B) Pswap Pt(A′|A)
Pt(B′|B) Palign({(1, 1)(2, 2)}|A ⇒ XY ).
Our model does not represent the position of the

head among its children. While this choice would

have to be made in generating MT output, for the

purposes of alignment we simply score how many

tree nodes are correctly aligned, without flattening

our trees into a string.

We further extended the tree-to-tree alignment al-

gorithm by conditioning the reordering of a node’s

children on the node’s lexical item as well as its syn-

tactic category at the categories of its children. The

lexicalized reordering probabilities were smoothed

with the nonlexicalized probabilities (which are

themselves smoothed with a uniform distribution).

We smooth using a linear interpolation of lexical-

ized and unlexicalized probabilities, with weights

proportional to the number of observations for each

type of event.

4 Experiments

We trained our translation models on a parallel

corpus of Chinese-English newswire text. We re-
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Translation Probabilities

Alignment of the Children



• Lexicalized extension

• Alignment probabilities are extended so that 
reorderings are conditioned on categories of 
node’s children, as well as lexical item.

• e.g. Palign({(1,1,),(2,2)}|A⇒XY) becomes            

Palign({(1,1,),(2,2)}|A(lex)⇒XY)

• Smoothed by linear interpolation with 
unlexicalized probabilities. 

Dependency Alignment Model -- II



• Corpora

• Error Metric

• Results & Discussion

Alignment Experiments



• Trained on Xinhua newswire Chinese-English corpus. 

• Restricted to sentences of at most 25 words in either language

• Resulted in 18,773 sentence pairs.

• 276,113 (23,783 unique) Chinese Words

• 315,415 (27,075 unique) English Words

• Chinese parsed with Bikel’s 2002 Parser

• English parsed with Collins’ 2000 Parser

• Two sets were held out and hand aligned

• 48 pair set used for development

• 49 pair test used for final test, to control for overfitting

EXPERIMENTS -- Corpora



• Sentences with very high fertility nodes were 
actually not used in training, for 
computational efficiency

• at most 5 children for constituent model,  
which limited training pairs to 11,422

• at most 6 children for dependency model, 
limiting training pairs to 10,662

EXPERIMENTS -- Corpora



• For scoring alignments, the alignment error 
rate (AER) developed by Och and Ney (2000) 
was used.

•  

• A is the set of aligned word pairs generated 
by the automatic system

• G is the set of aligned word pairs indicated 
by the manually aligned data.

EXPERIMENTS -- Error Measure

Alignment
Precision Recall Error Rate

IBM Model 1 .56 .42 .52

IBM Model 4 .67 .43 .47

Constituent Tree-to-Tree .51 .48 .50

Dependency Tree-to-Tree .44 .38 .60

Dependency, lexicalized reordering .41 .37 .61

Table 2: Alignment results on Chinese-English corpus. Higher precision and recall correspond to lower

alignment error rate.

stricted ourselves to sentences of no more than 25

words in either language, resulting in a training cor-

pus of 18,773 sentence pairs with a total of 276,113

Chinese words and 315,415 English words. The

Chinese data were automatically segmented into to-

kens, and English capitalization was retained. We

replace words occurring only once with an unknown

word token, resulting in a Chinese vocabulary of

23,783 words and an English vocabulary of 27,075

words. Chinese data was parsed using the parser

of Bikel (2002), and English data was parsed us-

ing Collins (1999). Our hand-aligned test data were

those used in Hwa et al. (2002), and consisted of 48

sentence pairs also with less than 25 words in either

language, for a total of 788 English words and 580

Chinese words. The hand aligned data consisted of

745 individual aligned word pairs. Words could be

aligned one-to-many in either direction. This limits

the performance achievable by our models; the IBM

models allow one-to-many alignments in one direc-

tion only, while the tree-based models allow only

one-to-one alignment unless the cloning operation

is used. A separate set of 49 hand-aligned sentence

pairs was used to control overfitting in training our

models.

We evaluate our translation models in terms of

agreement with human-annotated word-level align-

ments between the sentence pairs. For scoring

the viterbi alignments of each system against gold-

standard annotated alignments, we use the align-

ment error rate (AER) of Och and Ney (2000),

which measures agreement at the level of pairs of

words:1

AER = 1 − 2|A ∩ G|
|A| + |G|

whereA is the set of word pairs aligned by the auto-
matic system, andG the set aligned in the gold stan-

dard. For a better understanding of how the models

1While Och and Ney (2000) differentiate between sure and

possible hand-annotated alignments, our gold standard align-

ments come in only one variety.

differ, we break this figure down into precision:

P =
|A ∩ G|
|A|

and recall:

R =
|A ∩ G|
|G|

Since none of the systems presented in this com-

parison make use of hand-aligned data, they may

differ in the overall proportion of words that are

aligned, rather than inserted or deleted. This affects

the precision/recall tradeoff; better results with re-

spect to human alignments may be possible by ad-

justing an overall insertion probability in order to

optimize AER.

Table 2 provides a comparison of results using the

tree-based models with the word-level IBMmodels.

IBM Models 1 and 4 refer to Brown et al. (1993).

We used the GIZA++ package, including the HMM

model of Och and Ney (2000). We trained each

model until AER began to increase on our held-out

cross validation data, resulting in running Model 1

for three iterations, then the HMM model for three

iterations, and finally Model 4 for two iterations

(the optimal number of iterations for Models 2 and

3 was zero). “Constituent Tree-to-Tree” indicates

the model of Section 2 trained and tested directly

on the trees output by the parser, while “Depen-

dency Tree-to-Tree” makes the modifications to the

model described in Section 3. For reasons of com-

putational efficiency, our constituent-based training

procedure skipped sentences for which either tree

had a node with more than five children, and the

dependency-based training skipped trees with more

than six children. Thus, the tree-based models were

effectively trained on less data than IBM Model 4:

11,422 out of 18,773 sentence pairs for the con-

stituent model and 10,662 sentence pairs for the de-

pendency model. Our tree-based models were ini-

tialized with lexical translation probabilities trained

using IBM Model 1, and uniform probabilities for

the tree reordering operations. The models were

trained until AER began to rise on our held-out

Alignment
Precision Recall Error Rate

IBM Model 1 .56 .42 .52

IBM Model 4 .67 .43 .47

Constituent Tree-to-Tree .51 .48 .50

Dependency Tree-to-Tree .44 .38 .60

Dependency, lexicalized reordering .41 .37 .61

Table 2: Alignment results on Chinese-English corpus. Higher precision and recall correspond to lower

alignment error rate.
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Discussion
Note that the constituent-based model significantly outperforms the dependency based 

model, and achieves higher recall rate than both IBM models

In order to investigate the differences between constituent and dependency structure, the 
authors took aligned constituents in their hand annotated data

In only 40% of cases, an English tree production is consistently aligned to a Chinese 
constituent.  For an example see slide 13.

Where alignments were consistent, heads corresponded 67% of the time.  Head swapping 
should take care of this as long as nodes are adjacent.  Are we talking about the dependency 

structure “swap” operation here?


