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Abstract

This paper compares the performance of a
Tree-to-string (TTS) transducer with automat-
ically generated/gold-standard parse trees and
semantic roles. Experimental results show that
improving the parsing quality can lead to sig-
nificant improvement in MT performance and
adding semantic roles in the syntax tree labels
does not improve the TTS transducer. Another
approach of using semantic roles: skeleton
template extraction, is proposed and shown
to be better than extracting straight long tem-
plates down to a certain depth.

1 Introduction

Syntax-based statistical ~machine translation
(SSMT) has achieved significant progress during
recent years, with two threads developing simul-
taneously: the synchronous parsing-based SSMT
(Galley et al., 2006; May and Knight, 2007) and
the tree-to-string (TTS) transducer (Liu et al.,
2006; Huang et al., 2006). Synchronous SSMT
here denotes the systems which has a plain source
sentence as the input and generates the translation
and the syntactic structure for both the source and
the translation simultaneously. Such systems are
sometimes also called TTS transducers, but in this
paper, TTS transducer refers to the system which
starts with the syntax tree of a source sentence and
recursively transforms the tree to the target language
based on TTS templates.

In synchronous SSMT, TTS templates are used
similar to the context free grammar used in the stan-
dard CYK parser, thus the syntax is part of the output
and can be thought of as a constraint on the transla-
tion process. In the TTS transducer, since the parse

tree is given, syntax can be thought of as an addi-
tional feature of the input to be used in the transla-
tion. The idea of synchronous SSMT can be traced
back to Wu (1997)’s Stochastic Inversion Transduc-
tion Grammars. A systematic method for extract-
ing TTS templates from parallel corpora was pro-
posed by Galley et al. (2004), and later binarized
by Zhang et al. (2006) for high efficiency and ac-
curacy. In the other track, the TTS transducer orig-
inated from the tree transducer proposed by Rounds
(1970) and Thatcher (1970) independently. Graehl
and Knight (2004) generalized the tree transducer
to the TTS transducer and introduced an EM al-
gorithm to estimate the probability of TTS tem-
plates based on a bilingual corpus with one side
parsed. Liu et al. (2006) and Huang et al. (2006)
then used the TTS transducer on the task of Chinese-
to-English and English-to-Chinese translation, re-
spectively, and achieved decent performance. ?) fur-
ther improved the TTS transducer by using differ-
ent template normalization and incorporating an n-
gram-based tree decomposition model.

Inspired by the progress made in SSMT, its natu-
ral extension, semantics-based SSMT is an interest-
ing approach to explore. ?) attempted this by re-
placing the syntax tree labels in a TTS transducer
with the shallow semantics-based labels of Prop-
Bank (Palmer et al., 2005). Using semantic roles
in a TTS transducer is quite straight-forward: first,
semantic role labeling (SRL) is done for the syn-
tax trees; then, the syntax tree labels are replaced
with the semantic role-based labels; at last, the
semantics-based trees are used in both template ex-
traction and decoding. Nothing except the input data
needs be changed for a TTS transducer to adapt it-
self to a semantics-based TTS transducer. With a



synchronous SSMT, it is not obvious how to inte-
grate the semantic roles into the system except the
re-ranking of the top-k outputs based on semantic
role features, because the reliable semantic role la-
beling consumes the sentence-wide features which
cannot be obtained before the whole syntax tree is
present (Xue and Palmer, 2004; Ward et al., 2004;
Toutanova et al., 2005). ?)’s approach showed some
but not always positive effects of the semantic roles
based on a test set of 500 sentences, leading us
wonder about the significance of the improvement
brought by semantic roles.

This paper implements a more systematic ver-
sion of the semantics-based TTS transducer, where
the semantics-based template probabilities are
smoothed with and backed-off to the syntax-based
template probabilities if necessary. Also N-fold
cross validation and re-sampling based statistical
significance test (Koehn, 2004) is used to examine
the effect of semantic roles on MT performance. Un-
fortunately, semantic roles does not bring any im-
provement over the syntax-based TTS transducer.
To find out whether this is due to the low accuracy
of the automatic SRL, a parallel corpus with gold-
standard parses and semantic roles is used to con-
duct the following comparison experiments:

1. Automatic parse vs. gold-standard parse in
terms of MT performance.

2. semantics-based TTS transducer vs. syntax-
based TTS transducer with gold-standard parse
and semantic roles.

The results indicate that parsing accuracy has a
strong impact on the MT performance: the better
the parses are, the better performance of the TTS
transducer; and the semantic roles do not improve
much even with the gold-standard parses and se-
mantic roles. By comparing the distribution of the
right hand-sides (RHS) given the same left hand-side
(LHS) with or without the semantic roles, we find
out that only a small portion of the semantics-based
templates have very different distribution from their
syntactic counterparts, which is why the semantics-
based TTS transducer does not get very different
outputs from the syntax-based ones.

To make full use of the correspondence of the
verbs and their roles, an approach is proposed to ex-

tract skeleton templates based on the semantic roles.
Skeleton templates contain a verb and all its se-
mantic roles, and are meant to address the major
re-ordering of a sentence. Skeleton templates are
shown to be better than template going all the way
down to depth 6 with gold-standard parses/semantic
roles, but they are not very robust against automatic
parses/semantic roles.

The remainder of the paper is organized as fol-
lows: Section 2 describes the TTS transducer we
experiment with; Section 3 describes the two ap-
proaches utilizing semantic roles in a TTS trans-
ducer; Section 4 presents the experimental results
with autmatic/gold-standard parses and semantic
roles; Section 5 discusses some other ways of using
semantic roles, and Section 6 gives the conclusion.

2 A Basic Tree-to-string Transducer for
Machine Translation

A TTS transducer receives a syntax tree as its input
and, by recursively using TTS templates, generates
the target string. A TTS template is composed of a
left-hand side (LHS) and a right-hand side (RHS),
where LHS is a subtree pattern and RHS is a se-
quence of the variables and translated words. The
variables in the RHS of a template correspond to
the bottom level non-terminals in the LHS’s subtree
pattern, and their relative order indicates the per-
mutation desired at the point where the template is
applied to translate one language to another. The
variables are further transformed, and the recursive
process goes on until there are no variables left.
The formal description of a TTS transducer is given
by Graehl and Knight (2004), and our baseline ap-
proach follows the Extended Tree-to-String Trans-
ducer defined by Huang et al. (2006). Figure 1
gives an example of the English-to-Chinese TTS
template, which shows how to translate a skeleton
YES/NO question from English to Chinese. N P!
and V P? are the variables whose relative positions
in the translation are determined by the template
while their actual translations are still unknown and
dependent on the subtrees rooted at them; and the
English words Is and not are translated into the Chi-
nese word MeiYou in the context of the template.
The superscripts attached to the variables are used to
distinguish the non-terminals with identical names
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Figure 1: A TTS Template Example

(if there are any). For a given derivation (decom-
position) of a syntax tree, the translation probability
is computed as the product of the templates which
generate both the source syntax trees and the target
translations. In theory, the translation model should
sum over all possible derivations generating the tar-
get translation, but in practice, usually only the best
derivation is considered:

Pr(S|T,D*) = [] Weight(t)
teD*

Here, S denotes the target translation, 7" denotes the
source syntax tree, and D* denotes the best deriva-
tion of 7. The implementation of a TTS trans-
ducer can be done either top down with memoiza-
tion to the visited subtrees (Huang et al., 2006), or
with a bottom-up dynamic programming (DP) algo-
rithm (Liu et al., 2006). This paper uses the lat-
ter approach, and the algorithm is sketched in Fig-
ure 2. For the baseline approach, only the translation
model and n-gram model for the target language are
used:

S* = argmax Pr(T|S) = argmax Pr(S)Pr(S|T)
S S

Since the n-gram model tends to favor short transla-
tions, a penalty is added to the translation templates
with fewer RHS symbols than LHS leaf symbols:

Penalty(t) = exp(|t. RHS| — [t.LHS Leaf|)

where |t.RH S| denotes the number of symbols in
the RHS of ¢, and |t.LH S Leaf| denotes the num-
ber of leaves in the LHS of £. The length penalty is
analogous to the length feature widely used in log-
linear models for MT (Huang et al., 2006; Liu et al.,
2006; Och and Ney, 2004). Here we distribute the
penalty into TTS templates for the convenience of
DP, so that we don’t have to generate the N-best list

and do re-ranking. To speed up the decoding, stan-
dard beam search is used.

In Figure 2, BinaryCombine denotes target-size
binarization (Huang et al., 2006). The translation
candidates of the template’s variables, as well as its
terminals, are combined pair-wise in the order they
appear in the RHS of the template. f; denotes a com-
bined translation, whose probability is equal to the
product of the probabilities of the component trans-
lations, the probability of the rule, the n-gram proba-
bility of connecting the component translations, and
the length penalty of the template. «, (3 and -y are the
weights of the length penalty, the translation model,
and the n-gram language model, respectively. Each
state in the DP chart denotes the best translation of a
tree node with a certain prefix and suffix. The length
of the prefix and the suffix is equal to the length of the
n-gram model minus one. Without beam pruning,
the decoding algorithm runs in O(N*"~VRPQ),
where NV is the vocabulary size of the target lan-
guage, n is the length of the n-gram model, R is
the maximum number of templates applicable to one
tree node, P is the maximum number of variables in
a template, and @ is the number of tree nodes in
the syntax tree. The DP algorithm works for most
systems in the paper, and only needs to be slightly
modified to encode the subtree-based n-gram model
described in Section 3.3.

3 Semantics-Based Approaches for
Tree-to-string Transducer

3.1 Semantics From PropBank

There are two semantic standards with publicly
available training corpus: PropBank (Palmer et al.,
2005) and FrameNet (Johnson et al., 2002). Prop-
Bank defines a set of semantic roles for the verbs
in the Penn TreeBank using numbered roles. The
roles are defined individually for each verb. For ex-
ample, for the verb disappoint, the role name argl
means experiencer, but for verb wonder, role name
argl means cause. FrameNet is motivated by the
idea that a certain type of verbs can be gathered to-
gether to form a frame, and in the same frame, a set
of semantic roles are defined and shared among the
verbs. For example, the verbs boil, bake, and steam
will be in frame apply_heat, and they have the se-
mantic roles of cook, food, and heating_instrument.



function DECODE(T)
for tree node v of T in bottom-up order do
for template r applicable at v do

{c1, ca, ..., ¢; }=Match(v, t); > Match(v, t): the descendant tree nodes of v, which match the variables in

template ¢

{f1, f2, -, fm} = BinaryCombine(c; .sk, c3.8k, ..., ¢y 8k, 1);

for i=1:m do

> c.sk: the stack of tree node ¢

Pr(f;) = Hé.:lPr(In(cj7 f) - Weight()?- Lang(v, t, f;)"- Penalty(t)*; > In(c;, f;): the translation

candidate of c; which is chosen to combine f;
Add (f;, Pr(f;)) to v.sk;
end for
end for
Prune v.sk;
end for
end function

Figure 2: Decoding Algorithm

Of these two semantic standards, we choose Prop-
Bank over FrameNet for the following reasons:

1. PropBank has simpler semantic definition than
FrameNet and thus is easier for automatic la-
beling.

2. PropBank is built upon Penn TreeBank and
more consistent with the automatic parsers,
most of which are trained upon Penn TreeBank.

3. PropBank is a larger corpus than FrameNet,
which indicates that classifiers trained upon
PropBank are expected to have better perfor-
mance than trained upon FrameNet.

4. There is an English-to-Chinese parallel corpus
with human annotated parse trees and semantic
roles available which follows PropBank stan-
dard, making it possible for us to experiment
with gold standard parse trees and semantic
roles in a TTS transducer.

The type of semantic standard/corpus is not crucial
to the semantics-based TTS transducer algorithm
described in this paper. As long as the standard can
be used to obtain the set of roles of a verb, it can
work with our approaches.

3.2 Backing-off Model for semantics-based
Tree-to-string Transducer

There are two ways of adding the semantic roles into
the syntax trees: one is to generate a set of general
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Figure 3: A tree example with refined labels
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Figure 4: A tree example with general labels

labels by replacing the syntax labels with the seman-
tic roles; the other way is to generate a set of refined
labels by combining the syntax labels with the se-
mantic roles. The motivation of doing this is that
the subtrees, with different roles attached, may have
different re-ordering in the TTS transducing. Fig-
ure 4 and Figure 3 shows the examples of the tree
fragments with general/refined labels.

For the approach of using refined labels, when a
semantic role-based subtree cannot be matched by
any semantic template, it is necessary to see if the
subtree, after removing all the semantic roles, can
be matched by the syntax-based templates. This
backing-off model for semantics-based TTS trans-
ducer can be integrated into the decoder by defining
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Figure 5: An example of the skeleton template

template applicable at v in Figure 2 as:

1. The semantic templates matching subtrees
rooted at v, or

2. The syntactic templates matching subtrees
rooted at v which are not matched by the se-
mantic templates.

Since the semantic templates with refined labels
could be sparse in the training data, it is useful
to smooth their probabilities with probabilities of
syntax-based templates using interpolation, as de-
scribed below:

PT(Rrefine) X 0+ Pr(Rsyntax)

Pr(Rrefine’) = 1+0

The interpolation weight 6 can be tuned based on the
development data. When a tree node is labeled with
different semantic roles for different verbs, those se-
mantic roles will not be used.

3.3 Skeleton Templates

One drawback of the approach using general/refined
tree labels is that the bond of the verb and its roles
is not used. Further adding verbs into the tree labels
is a way to use such bonds but might cause the tem-
plates to be too sparse to be useful. Here we propose
another way called Skeleton Template Extraction to
utilize such information. Skeleton here denotes, for
a certain verb, the minimum subtree containing the
verb and all its identified semantic roles. The skele-
ton templates thus address the re-ordering of the sen-
tence skeleton centered by the verb. Figure 5 shows
an example of a skeleton template. The skeleton
templates are not necessarily (and usually not) the
minimum templates which can be extracted using

function EXTRACT_SKELETON(T)
for verb v in a sentence 1" do
lca = the lowest common ancestor of v and all
its roles
while /ca '= NULL AND I[ca is not a frontier
node do
lca = lca’s parent
end while
EXPAND(lca, v)
end for
end function

function EXPAND(t, v)

MARK ¢; > tree node ¢ will be in the extracted
template
for all children c of ¢t do

if c is not a frontier node OR ¢ or ¢’s descen-
dants are v or v’s roles then
EXPAND(c);
end if
end for
end function

Figure 6: Algorithm for extracting skeleton templates

GHKM (Galley et al., 2004). To get the skeleton
templates, we first find the lowest common ancestor
of a verb and all its roles. If the lowest common an-
cestor is not a frontier tree node (Galley et al., 2004),
we ascend until a frontier node is met. Down from
the lowest frontier common ancestor, the minimum
TTS template containing the verb and all its roles is
extracted as the skeleton template. The formal de-
scription of the template extraction algorithm is in
Figure 6.

4 Experiments

4.1 Data Preparation And Evaluation

To obtain the syntax trees and semantic roles for the
TTS transducer, an automatic parsing and semantic
role labeling system is required to pre-process the
input sentences. We use Charniak (2000)’s parser
and an in-house maximum entropy classifier with
features following Xue and Palmer (2004) and Ward
et al. (2004) for role labeling, and they are trained
on sections 2-21 of Penn TreeBank and PropBank
respectively. The parallel corpora used to train
the translation model and language model have two
parts: one is 73,597 English-Chinese sentence pairs
in FBIS corpus, and the other is a small bilingual



Trained on auto FBIS | Trained on auto/gold SBC

avg BLEU 95% avg BLEU 95%
Tested on auto SBC 6.78 5.57-8.39 5.68 4.66-7.09
Tested on gold SBC 7.09 5.88-8.87 9.76 8.60-11.89

Table 1: Comparison of MT performance with automatic/gold-standard parses.

corpus with gold-standard parses and semantic roles
obtained from the University of Colorado. The small
bilingual corpus is aligned at the article level, but
not at the sentence level. To be able to use it in the
MT experiments, the article pairs are further divided
and aligned to form 3,200 English-Chinese sentence
pairs. For convenience, SBC (small bilingual cor-
pus) is used to denote this corpus with gold standard
parses and semantic roles.

The evaluation of the parsing and the SRL follows
the standard bracket-based F-score and role-based
F-score respectively. The weights of the MT com-
ponents including the interpolation weight of the
semantics-based TTS transducer are tuned based on
the selected development set using a grid-based line
search. The metric used to evaluate the MT system
is the word-based BLEU-4 (Papineni et al., 2002),
based on the single reference of the selected test set
from FBIS or SBC. The templates of TTS transducer
are normalized using the first-level expansion-based
method described in ?).

4.2 Performance of the Automatic Parsing and
Semantic Role Labeling

A lot of work has been done to improve the per-
formance of statistical parsing and semantic role
labeling (Collins, 2000; Charniak, 2000; Xue and
Palmer, 2004; Ward et al., 2004; Toutanova et al.,
2005). Charniak (2000)’s parser represents the state-
of-art and achieves a F-score of 89.5% in section 23,
the standard test set of Penn TreeBank, with sen-
tences of length 100 and less. The best SRL results
on PropBank’s standard test set is around 91.2%
in F-score with gold-standard parses (Toutanova et
al., 2005), and the performance drops to around
80% if the automatic parses are used (Toutanova
et al., 2005). Our in-house built SRL system got
an F-score of 88.3% with the gold-standard parses,
which is not as good as, but close to, the state-
of-art. It seems that both parsing and SRL have
achieved decent performance based on Penn Tree-

| <01 | 02-050.5-0.8 | 0.8-0.9 | 0.9-1
FBIS | 95.52% | 2.51% | 1.66% | 0.18% | 0.13%
SBC | 93.30% | 3.87% | 2.37% | 0.38% | 0.08%

Table 3: Distribution of L1 scores of the refined templates
and their syntactic counterparts.

Bank, but will they perform as well in the non-Penn-
TreeBank data? We will experiment with automat-
ically parsed and labeled FBIS corpus, so it is im-
portant to know how reliable the automatically gen-
erated syntax trees and semantic roles are. To find
out the answer, SBC is used as the test set, and the
F-scores of automatic parsing and SRL (with au-
tomatic parses) are 74.0% and 69.1% respectively.
SBC is actually the same type of news-wire corpus
as Penn TreeBank, though from Chinese news agen-
cies. We can see a big decrease in the performance
in both parsing and SRL. It shows that for non-Penn-
TreeBank data (including our MT experiments data),
the statistical parser and SRL system might not work
as well as they do for the Penn TreeBank data.

4.3 Automatic Parsing vs. Gold Standard
Parsing

We have shown the poor performance of automatic
parsing on non-Penn-TreeBank data, but is the pars-
ing quality really going to affect the performance
of a syntax-based MT system such as a TTS trans-
ducer? To find out the answer, experiments are con-
ducted with gold-standard/automatic parses. In the
first experiment, the FBIS corpus with automatic
parses is used as the training set, and the SBC with
automatic/gold-standard parses is used as the test
set. To make the results comparable with the n-fold
cross validation, SBC is divided into 8 folds of 200
development/test sentences and the averaged BLEU
score of the 8 folds, as well as the 95% confidence
interval based on 2,000 times re-sampling (Koehn,
2004) of the 8 folds, are shown in Table 1. We
can see that trained on automatic parses, the TTS



Auto FBIS Auto FBIS (SRL > 0.9) Gold SBC
avg BLEU 95% avg BLEU 95% avg BLEU 95%
Syntax Labels 11.17 10.19-12.07 - - 9.76 8.60-11.89
PropBank General Labels 11.06 10.13-12.08 11.00 10.02-12.13 9.85 8.63-11.97
PropBank Refined Labels 11.18 10.20-12.13 11.04 10.10-12.08 9.92 8.66-11.90
Semantic Refined Labels 11.06 10.04-11.99 10.92 10.01-12.02 9.67 8.55-11.67

Table 2: Comparison of MT performance with syntax/semantic trees.

transducer works little bit better on the test set with
gold-standard parse than the test set with automatic
parses.

The second experiment does cross-validation with
SBC so that we can both train and test on gold-
standard parses. Table 1 shows that there is a sig-
nificant improvement when the TTS transducer is
trained and tested upon gold-standard parses vs.
trained and tested upon automatic parses. It in-
dicates that improvements in statistical parsing are
likely to lead to the improvement of TTS transducer.
Since the two sets of experiments use the same test
set, their results are also comparable. Comparing the
first row of Table 1, we can see that trained on auto-
matic parses, FBIS beats SBC indicating that more
data wins. If we compare the second row, smaller
SBC with gold-standard parses beats automatically
parsed FBIS, indicating that higher quality wins over
larger amount.

4.4 Syntax Trees vs. Semantic Trees

?)  reported preliminary results by using the
semantics-based refined/general labels described in
section 3.2, here more reliable results based on N-
fold cross validation will be presented. For the ap-
proach of using refined labels, the back-off model
with interpolation described in Section 3.2 is used.
To compare the results based on different quality of
SRL, 3 sets of data are used including automatically
parsed and labeled FBIS, automatically parsed and
labeled FBIS which only keeps the semantic roles of
probability higher than 0.9 based on the SRL classi-
fier, and SBC with gold-standard parses and seman-
tic roles. The averaged scores over 10-folds and the
95% confidence intervals based on 2,000 times re-
sampling are shown in Table 2. We can see that with
gold-standard SBC, the semantic labels are little bit
better than the syntax labels, and with automatically
parsed and labeled FBIS, syntax labels are little bit

better than semantic labels. Overall their difference
is very small and not statistically significant. Retain-
ing only those semantic role labels classified with
high confidence by the SRL system does not im-
prove the semantics-based TTS transducer.

Role names in PropBank have different meanings
for different verbs, and such information is not used
in our semantics-based approach. To see if this is the
reason that the semantic trees are not working better,
we use the role mapping table associated with Prop-
Bank to map the core role names (e.g., arg0, argl) to
a set of 58 thematic roles (e.g. Agent, Patient) based
on verbs and their most common senses. The results
are shown in the Semantic Refined Labels row of Ta-
ble 2, but unfortunately this doesn’t make much dif-
ference either. It seems that replacing the syntax la-
bels with semantics-based labels does not change the
output of TTS transducer very much, and we cannot
help but wonder: do the semantic roles really make
any difference for a TTS transducer?

4.4.1 Are Syntax/semantics-based TTS
Templates Really Different?

As mentioned in Section 3.2, the motivation of re-
placing tree label with semantics-based labels is that
the subtrees, with different roles attached, may have
different re-ordering in the TTS transducing. The
similar results we got on semantic/syntactic TTS
transducer lead us question the validity of this as-
sumption. To compare the difference of semantic
templates and their syntactic counterparts, we can
compare the distribution of the RHS given the LHS
with and without the semantic roles. Here we con-
sider the RHS distributions as vectors, and compare
them based on L1 distance. To make the scores fall
in between 0 and 1, the L1 scores are divided by 2.
Table 3 shows the distribution of the L1 scores of the
refined templates and their syntax counterparts, ex-
tracted from both automatically processed FBIS and



Gold SBC Auto FBIS
# templates avg BLEU 95% # templates avg BLEU 95%
Minimum Templates 30k 9.76 8.60-11.89 350k 11.17 10.19-12.07
+ Long Templates 60k 9.94 8.70-12.06 780k 11.40 10.38-12.29
+ Skeleton Templates 35k 10.06 9.04-11.83 415k 11.16 10.19-12.15

Table 4: Performance of straight long/skeleton templates.

the gold-standard SBC. The statistics based on FBIS
and SBC are similar and show that most templates
with refined labels are actually very similar to their
syntactic counterparts, which, we speculate, is why
the semantic roles do not improve the syntax-based
TTS transducer.

4.5 Skeleton Templates vs. Straight Long
Templates

Using the skeleton templates is a way to extend
the template set beyond the minimum templates de-
fined in GHKM. Usually having more templates in
the system will not hurt the performance, so to see
if the skeleton templates are really better than the
randomly chosen long templates, another approach,
which extracts the long templates all the way down
to depth 6, is used to compare with it. Table 4
shows the BLEU-4 scores based on both automat-
ically processed FBIS and gold-standard SBC as
well as the resulting number of templates for the
two approaches. We can see from the first column
that with gold-standard SBC, skeleton templates, al-
though they still do not have significant improve-
ment over the minimum templates, outperform the
straight long templates with a much smaller tem-
plate set. It indicates that extracting skeleton tem-
plates is a good way to select long templates. Un-
fortunately, for the automatically parsed and labeled
FBIS data, adding in skeleton templates doesn’t im-
prove the performance over the minimum templates
and not as good as adding in the straight long tem-
plates. We speculate it is the high error rate of the
parsing/semantic role labeling that makes the ex-
tracted skeleton templates not as accurate as those
extracted based on gold-standard parses and seman-
tic roles.

5 Discussion And Future Work

We have shown that adding semantic roles into the
syntax tree labels is not a good way of utilizing
the semantic features. One alternative might be a
two-layer translation model: the first layer is the
translation based on skeleton templates, the second
layer is the translation of the leaves of the skele-
ton templates, i.e., verbs and their roles. The two-
layer model can become more semantic by using
a semantics-based flat tree instead of a full syn-
tax tree for the skeleton templates. A semantics-
based flat tree is an one-level tree formed by ig-
noring the internal syntax structure of the original
syntax subtree and only keeping the root and the
leaves. This leads to a verb-centered hybrid system
featuring both the semantics-based hierarchical re-
ordering and the phrase-based translation. Semantic
roles can also be used as features in discriminative
models for MT. For example, they might be use-
ful to help select the proper translation for source
words.

6 Conclusion

This paper first compares the performance of a TTS
transducer with automatically generated and gold-
standard parse trees, and finds that improving the
parsing quality can lead to significant improvement
in MT performance. Then the approach of adding
semantic roles into the syntax tree labels is shown
not to improve the TTS transducer and reason is
the syntax/semantics-based templates are not very
different in terms of the RHS distribution. We fi-
nally demonstrate some promise of the skeleton tem-
plates extraction approach and discuss how to make
a semantic flat-tree-based transducer along the di-
rection.
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