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Abstract

This paper presents a translation model that is
based on tree sequence alignment, where atree
sequence refers to a single sequence of sub-
trees that covers a phrase. The model leverages
on the strengths of both phrase-based and lin-
guistically syntax-based method. It automati-
caly learns aligned tree sequence pairs with
mapping probabilities from word-aligned bi-
parsed parallel texts. Compared with previous
models, it not only captures non-syntactic
phrases and discontinuous phrases with lin-
guigtically structured features, but also sup-
ports multi-level structure reordering of tree
typology with larger span. This gives our
model stronger expressive power than other re-
ported models. Experimental results on the
NIST MT-2005 Chinese-English trandation
task show that our method statistically signifi-
cantly outperforms the baseline systems.

1 Introduction

Phrase-based modeling method (Koehn et a.,
2003; Och and Ney, 20044a) is a simple, but power-
ful mechanism to machine tranglation since it can
model local reorderings and trandations of multi-
word expressions well. However, it cannot handle
long-distance reorderings properly and does not
exploit discontinuous phrases and linguistically
syntactic structure features (Quirk and Menezes,
2006). Recently, many syntax-based models have
been proposed to address the above deficiencies
(Wu, 1997; Chiang, 2005; Eisner, 2003; Ding and
Palmer, 2005; Quirk et al, 2005; Cowan €t al.,
2006; Zhang et a., 2007; Bod, 2007; Y amada and
Knight, 2001; Liu et al., 2006; Liu et a., 2007;
Gildea, 2003; Poutsma, 2000; Hearne and Way,
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2003). Although good progress has been reported,
the fundamental issues in applying linguistic syn-
tax to SMT, such as non-isomorphic tree align-
ment, structure reordering and non-syntactic phrase
modeling, are still worth well studying.

In this paper, we propose a tree-to-tree transla-
tion model that is based on tree sequence aign-
ment. It is designed to combine the strengths of
phrase-based and syntax-based methods. The pro-
posed model adopts tree sequence’ as the basic
trandation unit and utilizes tree sequence aign-
ments to model the trandlation process. Therefore,
it not only describes non-syntactic phrases with
syntactic structure information, but also supports
multi-level tree structure reordering in larger span.
These give our model much more expressive
power and flexibility than those previous models.
Experiment results on the NIST MT-2005 Chinese-
English trandation task show that our method sig-
nificantly outperforms Moses (Koehn et al., 2007),
a state-of-the-art phrase-based SMT system, and
other linguistically syntax-based methods, such as
SCFG-based and STSG-based methods (Zhang et
a., 2007). In addition, our study further demon-
strates that 1) structure reordering rules in our
model are very useful for performance improve-
ment while discontinuous phrase rules have less
contribution and 2) tree sequence rules are able to
model non-syntactic phrases with syntactic struc-
ture information, and thus contribute much to the
performance improvement, but those rules consist-
ing of more than three sub-trees have amost no
contribution.

The rest of this paper is organized as follows:
Section 2 reviews previous work. Section 3 elabo-

L A tree sequence refers to an ordered sub-tree sequence that
covers a phrase or a consecutive tree fragment in a parse tree.
It isthe same as the concept “forest” used in Liu et a (2007).



rates the modelling process while Sections 4 and 5
discuss the training and decoding algorithms. The
experimental results are reported in Section 6. Fi-
nally, we conclude our work in Section 7.

2 Reated Work

Many techniques on linguistically syntax-based
SMT have been proposed in literature. Yamada
and Knight (2001) use noisy-channel model to
transfer a target parse tree into a source sentence.
Eisner (2003) studies how to learn non-isomorphic
tree-to-tree/string mappings using a STSG. Ding
and Palmer (2005) propose a syntax-based transla-
tion model based on a probabilistic synchronous
dependency insertion grammar. Quirk et al. (2005)
propose a dependency treelet-based trandation
model. Cowan et al. (2006) propose a feature-
based discriminative model for target language
syntactic structures prediction, given a source
parse tree. Huang et al. (2006) study a TSG-based
tree-to-string alignment model. Liu et al. (2006)
propose a treeto-string model. Zhang et a.
(2007b) present a STSG-based tree-to-tree tranda
tion model. Bod (2007) reports that the unsuper-
vised STSG-based trandation model performs
much better than the supervised one. The motiva
tion behind al these work is to exploit linguisti-
cally syntactic structure features to model the
trandation process. However, most of them fail to
utilize non-syntactic phrases well that are proven
useful in the phrase-based methods (Koehn et al.,
2003).

The formally syntax-based model for SMT was
first advocated by Wu (1997). Xiong et a. (2006)
propose a MaxEnt-based reordering model for
BTG (Wu, 1997) while Setiawan et al. (2007) pro-
pose a function word-based reordering model for
BTG. Chiang (2005)'s hierarchal phrase-based
model achieves significant performance improve-
ment. However, no further significant improve-
ment is achieved when the model is made sensitive
to syntactic structures by adding a constituent fea
ture (Chiang, 2005).

In the last two years, many research efforts were
devoted to integrating the strengths of phrase-
based and syntax-based methods. In the following,
we review four representatives of them.

1) Hassan et a. (2007) integrate supertags (a
kind of lexicalized syntactic description) into the
target side of trandation model and language

model under the phrase-based trandation frame-
work, resulting in good performance improvement.
However, neither source side syntactic knowledge
nor reordering model is further explored.

2) Gadley et a. (2006) handle non-syntactic
phrasal trandations by traversing the tree upwards
until a node that subsumes the phrase is reached.
This solution requires larger applicability contexts
(Marcu et a., 2006). However, phrases are utilized
independently in the phrase-based method without
depending on any contexts.

3) Addressing the issues in Galley et al. (2006),
Marcu et al. (2006) create an XRS rule headed by a
pseudo, non-syntactic non-terminal symbol that
subsumes the phrase and its corresponding multi-
headed syntactic structure; and one sibling XRS
rule that explains how the pseudo symbol can be
combined with other genuine non-terminals for
acquiring the genuine parse trees. The name of the
pseudo non-terminal is designed to reflect the full
realization of the corresponding rule. The problem
in this method is that it neglects alignment consis-
tency in creating sibling rules and the naming
mechanism faces challenges in describing more
complicated phenomena (Liu et a., 2007).

4) Liu et al. (2006) treat all bilingual phrases as
lexicalized tree-to-string rules, including those
non-syntactic phrases in training corpus. Although
the solution shows effective empirically, it only
utilizes the source side syntactic phrases of the in-
put parse tree during decoding. Furthermore, the
tranglation probabilities of the bilingual phrases
and other tree-to-string rules are not compatible
since they are estimated independently, thus hav-
ing different parameter spaces. To address the
above problems, Liu et a. (2007) propose to use
forest-to-string rules to enhance the expressive
power of their tree-to-string model. As is inherent
in a tree-to-string framework, Liu et a.’s method
defines a kind of auxiliary rules to integrate forest-
to-string rules into tree-to-string models. One prob-
lem of this method is that the auxiliary rules are
not described by probabilities since they are con-
structed during decoding, rather than learned from
the training corpus. So, to balance the usage of dif-
ferent kinds of rules, they use avery simple feature
counting the number of auxiliary rules used in a
derivation for penalizing the use of forest-to-string
and auxiliary rules.

In this paper, an alternative solution is presented
to combine the strengths of phrase-based and syn-
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Figure 1: A word-aligned parse tree pairs of a Chi-
nese sentence and its English trandation
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Figure 3: Two examples of trandlation rules

tax-based methods. Unlike previous work, our so-
lution neither requires larger applicability contexts
(Galley et al., 2006), nor depends on pseudo nodes
(Marcu et al., 2006) or auxiliary rules (Liu et al.,
2007). We go beyond the single sub-tree mapping
model to propose a tree sequence alignment-based
tranglation model. To the best of our knowledge,
this is the first attempt to empiricaly explore the
tree sequence alignment based model in SMT.

3 Tree Sequence Alignment M odel

3.1 TreeSequence Trandation Rule

The leaf nodes of a sub-tree in a tree sequence can
be either non-terminal symbols (grammar tags) or
terminal symbols (lexical words). Given a pair of
source and target parse trees T(f,’)and T(€) in
Fig. 1, Fig. 2 illustrates two examples of tree se-
guences derived from the two parse trees. A tree
sequence translation rule r isapair of aligned tree

sequences r =<TS(f2) , TS(g?) , A >, where
o TS( fjiz) is a source tree sequence, covering
thespan|[ j,, j,]1inT(f,’), and
° TS(qilz) is a target one, covering the span
[i,,i,]inT(¢g),and
e Aare the alignments between leaf nodes of
two tree sequences, satisfying the following
condition: (i, j)e A:i, <i<i, <> j, < j < ],
Fig. 3 shows two rules extracted from the tree pair
shown in Fig. 1, where r, is a tree-to-tree rule and
r,is a tree sequence-to-tree sequence rule. Obvi-
oudly, tree sequence rules are more powerful than
phrases or tree rules as they can capture all phrases
(including both syntactic and non-syntactic
phrases) with syntactic structure information and
allow any tree node operations in a longer span.
We expect that these properties can well address
the issues of non-isomorphic structure alignments,

structure reordering, non-syntactic phrases and
discontinuous phrases translations.

3.2 TreeSequence Trandation Model

Given the source and target sentences f,’ and €

and their parse trees T(f’) andT(€]) , the tree
seguence-to-tree  sequence trandation model is

formulated as:
Pr(ell | f1J)= z Pr(ellvT(ell)vT(flj)l flJ)
T(1)).T(e)

"
T(f)T(a)
PrT(E) IT(1), )

Pr(e [T(e),T(f,), f,"))
In our implementation, we have:

(Pr(T(£) 1 1) R



1) Pr(T(f,”) ] f,’) = 1since we only use the best
source and target parse tree pairsin training.
2) Pr(e |T(e), T(f’), f’)=1since we just
output the leaf nodes of T (€] ) to generate €
regardless of source side information.
Since T(f,’) contains the information of f’,
now we have:

Pr(ell | flj) = Pr(T(ell) |T(f1J)’ f1J)
=Pr(T(e) IT(f,"))

By Eg. (2), translation becomes a tree structure
mapping issue. We moddl it using our tree se-
guence-based trandation rules. Given the source

parse tree T(f,’), there are multiple derivations
that could lead to the same target treeT(€]), the
mapping probability Pr(T (e ) | T(f,’))is obtained
by summing over the probabilities of al deriva
tions. The probability of each derivation@is given

as the product of the probabilities of al the rules
p(r.) used in the derivation (here we assume that

aruleis applied independently in a derivation).
Pr(e | f,)) =Pr(T(e})IT(f,)))
=>"T1 p(r < TS(e?), TS(f2), A>) ©

6 reé

Eg. (3) formulates the tree sequence alignment-
based trandation model. Figs. 1 and 3 show how
the proposed model works. First, the source sen-
tence is parsed into a source parse tree. Next, the
source parse tree is detached into two source tree
sequences (the left hand side of rules in Fig. 3).
Then the two rules in Fig. 3 are used to map the
two source tree sequences to two target tree se-
guences, which are then combined to generate a
target parse tree. Finaly, a target trandation is
yielded from the target tree.

Our model is implemented under log-linear
framework (Och and Ney, 2002). We use seven
basic features that are analogous to the commonly
used features in phrase-based systems (Koehn,
2004): 1) bidirectiona rule mapping probabilities;
2) bidirectional lexical rule tranglation probabilities;
3) the target language model; 4) the number of
rules used and 5) the number of target words. In
addition, we define two new features. 1) the num-
ber of lexical wordsin arule to control the model’s
preference for lexicalized rules over un-lexicalized

)

rules and 2) the average tree depth in arule to bal-
ance the usage of hierarchical rules and flat rules.
Note that we do not distinguish between larger
(taller) and shorter source side tree sequences, i.e.
we let these rules compete directly with each other.

4 RuleExtraction

Rules are extracted from word-aligned, bi-parsed
sentence pairs <T(f,’),T(e/),A>, which are
classified into two categories:
e initial rule, if al leaf nodes of the rule are
terminals (i.e. lexical word), and
e abstract rule, otherwise, i.e. at least one leaf
node is anon-terminal (POS or phrase tag).
Given an initial rule <TS(f?),TS(e?),A>,
its sub initial rule is defined as a triple
<TS(f4),TS(g!), A> if and only if:

o <TS(fl),TS(€!), A>isaninitial rule.

3
o V(i,j)e Ali,<i<i, > [,<j<], . ie
Ac A
o TS(f/*)is a sub-graph of TS(fjiZ) while

TS(g?) isasub-graph of TS(e?).

Rules are extracted in two steps:

1) Extractinginitial rulesfirst.

2) Extracting abstract rules from extracted ini-

tial rules with the help of sub initial rules.

It is straightforward to extract initial rules. We
first generate al fully lexicalized source and target
tree sequences using a dynamic programming algo-
rithm and then iterate over all generated source and
target tree sequence pairs< TS(f?), TS(e?) >. If
the condition “ V(i, j) € Ali, <i<i, <> j;<j< )"
is satisfied, the triple <TS(f2),TS(¢?), A> is
an initial rule, where A are alignments between
leaf nodes of TS( fjjlz) andTS(g?) . We then de-

rive abstract rules from initial rules by removing
one or more of its sub initial rules. The abstract
rule extraction algorithm presented next is imple-
mented using dynamic programming. Due to space
limitation, we skip the details here. In order to con-
trol the number of rules, we set three constraints
for both finally extracted initial and abstract rules:
1) The depth of a tree in a rule is not greater



thanh.
2) The number of non-terminals as leaf nodes is
not greater thanc.
3) Thetree number in aruleis not greater than d.
In addition, we limit initial rules to have at most
seven lexical words as leaf nodes on either side.
However, in order to extract long-distance reorder-
ing rules, we aso generate those initial rules with
more than seven lexical words for abstract rules
extraction only (not used in decoding). This makes
our abstract rules more powerful in handling
global structure reordering. Moreover, by configur-
ing these parameters we can implement other
trandlation models easily: 1) STSG-based model
whend =1; 2) SCFG-based model whend =1
andh=2; 3) phrase-based translation model only
(no reordering model) when c=0 andh =1.

Algorithm 1: abstract rules extraction

Input: initial rule set r, ,
Output: abstract rule set 1,

do
2. putal subinitial rulesof r, intoaset r,

3. for each subset® c r*"" do

4. if there are spans overlapping between
any two rulesin the subset ® then

1: foreach r e,

ini ?
subini

Algorithm 2: Tree Sequence-based Decoder

Input: T(f,) Output: T(g})

Data structures:
hj., j,] Tostoretransationstoaspan [J;, j,]

1. for s=0to J-1do // s spanlength
2. for j,=1to J-s, |,=],+s do

3 for each rule r spanning [ j;, j,] do

4: if r isaninitial rulethen

5: insert rinto h( j,, J,]

6: else

7 generate new trangations from
I by replacing non-terminal leaf
nodes of r with their correspond-
ing spans' trandlations that are al-
ready translated in previous steps

8: insert theminto h[ j,, j,]

9 end if

10: end for

11: endfor

12: end for

13: output the hypothesis with the highest score
in h[1,J] asthefinal best trandation

5 continue //gotoline3

6: end if

7. generate an abstract rule by removing
the portions covered by © fromr, and
co-indexing the pairs of non-terminals
that rooting the removed source and
target parts

8: add them into the abstract rule set r_,

9. enddo

10: end do

5 Decoding

Given T(f,”), the decoder is to find the best deri-
vation @ that generates<T(f,’),T(g])>.
é=argmax Pr(T(e)) | T(f,"))
: @
~argmax [ | p(r)

91|x9 red

The decoder is a span-based beam search to-
gether with a function for mapping the source deri-
vations to the target ones. Algorithm 2 illustrates
the decoding agorithm. It trandates each span it-
eratively from small one to large one (lines 1-2).
This strategy can guarantee that when translating
the current span, all spans smaller than the current
one have aready been trandated before if they are
trandatable (line 7). When trandating a span, if the
usable rule is an initial rule, then the tree sequence
on the target side of the rule is a candidate transla-
tion (lines 4-5). Otherwise, we replace the non-
termina leaf nodes of the current abstract rule
with their corresponding spans trandlations that
are aready translated in previous steps (line 7). To
speed up the decoder, we use severa thresholds to
limit search beams for each span:

1) o, the maximal number of rules used

2) [, theminimal log probability of rules

3) ¥, themaximal number of translationsyield

It is worth noting that the decoder does not force
a complete target parse tree to be generated. If no
rules can be used to generate a complete target
parse tree, the decoder just outputs whatever have



been translated so far monotonically as one hy-
pothesis.

6 Experiments

6.1 Experimental Settings

We conducted Chinese-to-English translation ex-
periments. We trained the translation model on the
FBIS corpus (7.2M+9.2M words) and trained a 4-
gram language model on the Xinhua portion of the
English Gigaword corpus (181M words) using the
SRILM Toolkits (Stolcke, 2002) with modified
Kneser-Ney smoothing. We used sentences with
less than 50 characters from the NIST MT-2002
test set as our development set and the NIST MT-
2005 test set as our test set. We used the Stanford
parser (Klein and Manning, 2003) to parse hilin-
gual sentences on the training set and Chinese sen-
tences on the development and test sets. The
evaluation metric is case-sensitive BLEU-4 (Pap-
ineni et al., 2002). We used GIZA++ (Och and
Ney, 2004) and the heuristics “grow-diag-final” to
generate m-to-n word alignments. For the MER
training (Och, 2003), we modified Koehn's MER
trainer (Koehn, 2004) for our tree sequence-based
system. For significance test, we used Zhang et d’s
implementation (Zhang et al, 2004).

We set three baseline systems: Moses (Koehn et
a., 2007), and SCFG-based and STSG-based tree-
to-tree translation models (Zhang et a., 2007). For
Moses, we used its default settings. For the
SCFG/STSG and our proposed model, we used the
same settings except for the parameters d and h
(d=landh=2for the SCFG; d =1andh=6 for
the STSG; d =4 and h=6 for our model). We
optimized these parameters on the training and de-

velopment sets: ¢=3, o =20, =-100 and ¥ =100.

6.2 Experimental Results

We carried out a number of experiments to exam-
ine the proposed tree sequence alignment-based
trandlation model. In this subsection, we first re-
port the rule distributions and compare our model
with the three basdline systems. Then we study the
model’s expressive ability by comparing the con-
tributions made by different kinds of rules, includ-
ing strict tree sequence rules, hon-syntactic phrase
rules, structure reordering rules and discontinuous

phrase rules”. Finally, we investigate the impact of
maximal sub-tree number and sub-tree depth in our
model. All of the following discussions are held on
the training and test data.

Initial Rules Abstract Rules
Rule L P U Total
BP 322,965 0 0 322,965
TR 443,010 144,459 | 24,871 | 612,340
TSR 225,570 103,932 | 714 330,216

Table 1: # of rules used in the testing (d =4, h= 6)
(BP: bilingual phrase (used in Moses), TR: tree rule
(only 1 treg), TSR: tree sequence rule (> 1 tree), L: fully
lexicalized, P: partially lexicalized, U: unlexicalized)

Table 1 reports the statistics of rules used in the
experiments. It shows that:

1) We verify that the BPs are fully covered by
theinitial rules (i.e. lexicalized rules), in which the
lexicalized TSRs model al non-syntactic phrase
pairs with rich syntactic information. In addition,
we find that the number of initial rules is greater
than that of bilingual phrases. This is because one
bilingual phrase can be covered by more than one
initial rule which having different sub-tree struc-
tures.

2) Abstract rules generaize initial rules to un-
seen data and with structure reordering ability. The
number of the abstract rule is far less than that of
the initial rules. This is because leaf nodes of an
abstract rule can be non-terminals that can repre-
sent any sub-trees using the non-terminals as roots.

Fig. 4 compares the performance of different
models. It illustrates that:

1) Our tree sequence-based model significantly
outperforms (p < 0.01) previous phrase-based and
linguistically syntax-based methods. This empiri-
caly verifiesthe effect of the proposed method.

2) Both our method and STSG outperform
Moses significantly. Our method aso clearly out-
performs STSG. These results suggest that:

e Thelinguisticaly motivated structure features
are very useful for SMT, which can be cap-
tured by the two syntax-based models through
tree node operations.

2T0 be precise, we examine the contributions of strict tree
sequence rules and single tree rules separately in this section.
Therefore, unless specified, the term “tree sequence rules’
used in this section only refers to the strict tree sequence rules,
which must contain at least two sub-trees on the source side.



e Our modd is much more effectivein utilizing
linguistic structures than STSG since it uses
tree sequence as basic trandation unit. This
alows our model not only to handle structure
reordering by tree node operations in a larger
gpan, but aso to capture non-syntactic
phrases, which circumvents previous syntac-
tic constraints, thus giving our model more
expressive power.

3) The linguigtically motivated SCFG shows
much lower performance. This is largely because
SCFG only alows sibling nodes reordering and fails
to utilize both non-syntactic phrases and those syn-
tactic phrases that cannot be covered by a single
CFG rule. It thereby suggests that SCFG is less
effective in modelling parse tree structure transfer
between Chinese and English when using Penn
Treebank style linguistic grammar and under word-
alignment constraints. However, forma SCFG
show much better performance in the formally syn-
tax-based trandation framework (Chiang, 2005).
This is because the formal syntax is learned from
phrases directly without relying on any linguistic
theory (Chiang, 2005). As a result, it is more ro-
bust to the issue of non-syntactic phrase usage and
non-isomorphic structure alignment.
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Figure 4: Performance comparison of different methods

Rule TR TR TR+TSR_L| TR
Type (STSG) | +TSR L +TSR P | +TSR
BLEU(%)| 24.71 25.72 25.93 26.07

Table 2: Contributions of TSRs (see Table 1 for the
definitions of the abbreviations used in this table)

Table 2 measures the contributions of different
kinds of tree sequence rules. It suggests that:

1) All the three kinds of TSRs contribute to the
performance improvement and their combination
further improves the performance. It suggests that
they are complementary to each other since the

lexicalized TSRs are used to model non-syntactic
phrases while the other two kinds of TSRs can
generalize the lexicalized rules to unseen phrases.

2) The lexicaized TSRs make the major
contribution since they can capture non-syntactic
phrases with syntactic structure features.

Rule Type BLEU (%)
TR+TSR 26.07
(TR+TSR) w/o SRR 24.62
(TR+TSR) w/o DPR 25.78

Table 3: Effect of Structure Reordering Rules (SRR:
refers to the structure reordering rules that have at least
two non-terminal leaf nodes with inverted order in the
source and target sides, which are usually not captured
by phrase-based models. Note that the reordering
between lexical words and non-terminal leaf nodes is
not considered here) and Discontinuous Phrase Rules
(DPR: refers to these rules having at least one non-
terminal leaf node between two lexicalized leaf nodes)

in our tree sequence-based model (d =4 andh = 6)

RuleType | #ofrules | #of rulesoverlapped
(Intersection)
SRR 68,217 18,379 (26.9%)
DPR 57,244 18,379 (32.1%)

Table 4: numbers of SRR and DPR rules

Table 3 shows the contributions of SRR and
DPR. It clearly indicates that SRRs are very effec-
tive in reordering structures, which improve per-
formance by 145 (26.07-24.62) BLEU score.
However, DPRs have less impact on performance
in our tree sequence-based model. This seems in
contradiction to the previous observations® in lit-
erature. However, it is not surprising simply be-
cause we use tree sequences as the basic trandlation
units. Thereby, our model can capture all phrases.
In this sense, our model behaves like a phrase-
based model, less sensitive to discontinuous
phrases (Wellington et al., 2006). Our additional
experiments also verify that discontinuous phrase

3 Wellington et al. (2006) reports that discontinuities are very
useful for trandational equivalence analysis using binary-
branching structures under word alignment and parse tree
constraints while they are almost of no use if under word
alignment constraints only. Bod (2007) finds that discontinues
phrase rules make significant performance improvement in
linguistically STSG-based SMT models.



rules are complementary to syntactic phrase rules
(Bod, 2007) while non-syntactic phrase rules may
compromise the contribution of discontinuous
phrase rules. Table 4 reports the numbers of these
two kinds of rules. It shows that around 30% rules
are shared by the two kinds of rule sets. These
overlapped rules contain at least two non-terminal
leaf nodes plus two terminal leaf nodes, which im-
plies that longer rules do not affect performance
too much.

26.5 - 25.94 26.14 26.02 26.07
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Figure 5: Accuracy changing with different
maximal tree depths (h=1to 6 when d = 4)
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Figure 6: Accuracy changing with the different maximal
number of treesin atree sequence (d =1 to 5), the upper
lineisfor h=6 whilethelower lineisfor h=2.

Fig. 5 studies the impact when setting different
maximal tree depth ( h') in a rule on the
performance. It demonstrates that:

1) Significant performance improvement is
achieved when the value of h is increased from 1
to 2. This can be easily explained by the fact that
when h=1, only monotonic search is conducted,
while h=2 alows non-terminals to be leaf nodes,
thus introducing preliminary structure features to
the search and allowing non-monotonic search.

2) Internal structures and large span (due to h
increasing) are also useful as attested by the gain
of 0.86 (26.14-25.28) Blue score when the value of
h increases from 2 to 4.

Fig. 6 studies the impact on performance by
setting different maximal tree number (d) in arule.
It further indicates that:

1) Tree sequence rules (d >1) are useful and
even more helpful if we limit the tree depth to no
more than two (lower line, h=2). However, tree
seguence rules consisting of more than three sub-
trees have admost no contribution to the
performance improvement. This is mainly due to
data sparseness issue when d >3.

2) Even if only two-layer sub-trees (lower line)
are alowed, our method still outperforms STSG
and Moses when d>1. This further validates the
effectiveness of our design philosophy of using
multi-sub-trees as basic translation unitin SMT.

7 Conclusionsand Future Work

In this paper, we present a tree sequence
alignment-based translation model to combine the
strengths of phrase-based and syntax-based
methods. The experimenta results on the NIST
MT-2005 Chinese-English translation task demon-
strate the effectiveness of the proposed model. Our
study also finds that in our model the tree sequence
rules are very useful since they can model non-
syntactic phrases and reorderings with rich
linguistic structure features while discontinuous
phrases and tree sequence rules with more than
three sub-trees have less impact on performance.
There are many interesting research topics on
the tree sequence-based translation model worth
exploring in the future. The current method
extracts large amount of rules. Many of them are
redundant, which make decoding very sow. Thus,
effective rule optimization and pruning agorithms
are highly desirable. Ideally, a linguistically and
empirically motivated theory can be worked out,
suggesting what kinds of rules should be extracted
given an input phrase pair. For example, most
function words and headwords can be kept in
abstract rules as features. In addition, word
adignment is a hard constraint in our rule
extraction. We will study direct structure
alignments to reduce the impact of word alignment
errors. We are also interested in comparing our
method with the forest-to-string model (Liu et al.,
2007). Finaly, we would also like to study unsu-
pervised learning-based bilingual parsing for SMT.
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