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Abstract

In this paper, we propose a hybrid spoken
language translation method utilizing sentence
segmentation. By portioning the sentence us-
ing the result of syntax analysis, we can utilize

rule-based control of the integration of sub-

translations translated by a suitable method for
each segment.

We also report a preliminary experiment on
translation quality of our prototype Japanese-
to-English translation system. We confirmed
that our method achieved a 13.4% advan-
tage in NIST score for the individual RBMT
method, and a 6.0% advantage for the individ-
ual EBMT method.

Introduction

RBMT. However, since the domain covered strongly
depends on the example database, robustness is of-
ten inferior to that of RBMT.

SMT generates translation on the basis of statis-
tical models derived from the analysis of bilingual
corpora. It can cut development cost dramatically
compared with RBMT and generate a natural trans-
lation result for a suitable domain. But, in some
cases, well-developed RBMT outputs a more sulit-
able translation and covers a larger domain.

These strengths and weaknesses of each transla-
tion method are not only inherent properties but also
complementary properties. We propose a new hy-
brid translation method based on this complementar-
ity. A characteristic of our proposal is that it divides
the input sentence into optimum units based on its
syntactic structure generated by RBMT and selects
rlige best translation method for each segment.
g-'tis especially effective in translating spoken lan-

vantage. There are three typical approaches: Rui@-age that is often breaking off fragmental speech.

based Machine Translation (RBMT), Example-

based MT (EBMT) and Statistical MT (SMT).

RBMT uses many translation rules(Amano et a
1987): parsing, transfer, generation rules, etc. o
part of these rules is described abstractly to over-

We think the most suitable approach for spoken lan-
guage translation (SLT) is to pack such speech frag-

| ments into significant groups and translate them by

itching the translator.
In the following section, using Japanese-to-

come various linguistic phenomena, and anothgng"Sh translation as a motif, we describe a detailed

partis elaborated concretely to acquire skillful transT€thod. Next, we report on our evaluation experi-

lation. Abstract rules give robustness to a systermems' Thgn, we present a comparison _Of othgr rel-
but sometimes become a cause of lack of fluency. evant studies and conclude the paper with a discus-

EBMT is an analogical method based on humar " Of future work.
transl_ated examples(Nagao, 1984). Thpse examplgs Hybrid Translation Method
are directly used as a result or are partially replaced
to be matched to an input sentence. So transl&BMT is a powerful tool when an input sentence is
tion tends to be more natural than in the case dbng or idiomatic. But the use of an example match-
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Figure 2: Part of our grammar

d) Embed EBMT Result
e) | RB Translation Generation

< For Japanese, we use a clause as such a segment.
Target Sentence A Japanese clause is a small and significant unit

consisting of at most one subject and one predicate.

Figure 1: Process Flow of our Hybrid MT To estimate such a clause structure, we utilize the

method proposed by (Kamatani et al., 2006). They

proposed an analysis method that estimates clause
ing such an input is less frequent. If such a longtryctures by treating input utterances as a sequence
input can be translated by combination of examplegf fragmental phrases, and evaluates validities com-
those shorter examples will be used efficiently. Futhined with dependency preferences. It allows eval-
thermore, dividing an input into short units can conyation of all candidates efficiently and choosing of
tribute to computational efficiency of SMT. the totally optimum one.

Building on this concept, we design the hybrid - according to their analysis, even spoken language
SLT method. Figure 1 shows a process flow of 0Ugap he analyzed by using a grammar developed on
hybrid SLT system. The portion wrapped with & oty pasis of the following two assumptions. 1) One
ted line is the basic EBMT method, and the othefierance often consists of fragmental phrases. 2)
portion is the extended RBMT method. When some fragments are unified as a clause, its in-

1. Try EBMT for a whole sentence ternal structure is quite grammatical. By using their
2. Evaluate Conf!dence score method, we can evaluate all combinations of seg-
a) Parse an input sentence ments cyclopaedically in real time.

b) Split the sentence based on the syntax
¢) Find an optimum segments’ combination
1') Try EBMT for each segment
2') Evaluate confidence scores
d) Embed partial EBMT results
e) Generate translation of the whole senten

We develop an original grammar centered on a
clause structure. A part of our grammar is shown
in Figure 2. Figure 3 shows a parsing example by
GLR parser working with our grammar. For pur-
C%oses of illustration, the packed shared forest struc-
ture 1(Tomita, 1991)is somewhat simplified and a

In the remainder of this section, we give a detailedode has an identifier with its syntactic category. For
explanation of each splitting step. instance, the node marked (a) has a syntax category
“NP” denoting “Noun Phrase”. In the figure, the
node (e) is shared by other nodes (f) and (g), and
We regard the sentence partitioning problem as thgyde (h) packs local ambiguitgh1> and<h2>.
finding segment under the following conditions. 1) This grammar includes some special treatments
Each segment can be independently and correctly iy |assify a relation between segments. It is used
terpreted. 2) Each segment can be removed witho sensitively translate a relation between each seg-
changing a meaning of a remaining part. 3) Trannent For instance, as shown in Figure 2, we han-

lation for a whole input sentence can be generategle 5 parenthetic expression as a dependency rela-
fluently, even if it is necessary to combine partial

translations of each segment. We simply call this structure a syntax forest in this paper.

2.1 Parsing



tion between (subordinate) clauses. a basic segment by using a notatiom)”. That
means a basic segment dominated by a dominator
noden € Ny.

First, we introduce the following notations and func-_ . . .
. - Pairing segment candidates :
tions to formulate our sentence splitting method.

2.2 Sentence Splitting based on the Syntax

e The parser derives a syntax forgstvith a set Sy = {seg|seg =
of nodesV; for one input sentence. Trees(n;) N {Prt(n;) — Prt(n;)}
e One syntax forest can be divided into each in- s.t. Prt(n;), Prt(n;) € Sp
dividual syntax tree € f and its nodes set APrt(n;) C Prt(n;)}
N; C Ny.

When any given two nodes are dominator nodes of
a basic segment and one node has a structure dom-
e Cat(n) gives a syntactic category of a nodeinated by the other node as its substructure, the re-
n € Ny. mainder structure of the two syntactic structures will
e Prt(n) gives a set of nodes in a partial forestoe chosen as a segment. This structural subtraction
structure dominated by a nodec N;. stands on a supposition that even if the meaningfully
e Trees(n) gives a setof nodes in trees incmdingcomplete_ segment is removed from another segment,
anoden € Ny. the remainder is understood corre_zctly. N
Here we call a segment of this type a “pairing
Our hybrid method enumerates two types of Sp“tsegment”, the root node of the remaining segment
ting candidates. They are “basic segment” and “paity “Gominator node”, and the root node of a deleted
ing segment” which are defined as follows. substructure an “exclusive node”. In the following
Basic segment candidates : explanation, we express a basic segment by using a
notation {n;,n2)”. That means a paring segment
derived from a dominator node, € N; and an ex-

WhereC, C C is a set of syntactic categories prelusive nodeu; € Ny. O

defined to elect the splitting candidate. For JapaneseF_ 3 sh le of ¢ litti
analysis, we use syntactic category “C" and “SC’, Igure S shows ?r? t:):smp edo sen encc(ej spiitting.
shown in a Figure2. ere, we assume that the nodes markedd, e, f

Here we call this type of segment a “basic seg"fmdh satisfy the condition as a dominator node of a

ment”, and the root node of the segment a “dominatEaSiC segment. For example, .th? node(b) dominat?s

tor node”. In the following explanation, we expressa syntax structure for the partial "jpu'f morphemes
00000000 0/Because the size is largethat

can be regarded as a basic segnjéntin the figure,

spans of each basic segment are indicated by black

arrows.

All pairs of two dominator nodes of enumerated
basic segments are checked to ascertain whether
each of them satisfies a condition of a paring seg-

P e e A e S O o ment. In the example presented in Figure 3, we can

e Each node has one syntax categosy C .

Sy = {seg|seg = Prt(n) s.t. Cat(n) € Cs}

I big since ke bt quit consider 5 pairs that satisfy the condition for paring
%3 < > < > segments(f,b), (h,b), (f,c), (h,c) and(h,e). For
EE? « 3 < example, the segmented morphemes ‘0 000/l

quit buying it” are found for a pair of the nodeand

R e. Inthe figure, the spans of morphemes for each ba-
sic segment are indicated as white arrows. Clearly,

even a discontinuous sequence of input morphemes
is detected as a segment.

v |

(h)-(e)

Figure 3: Splitting an input sentence



2.3 Choose Optimum Split ANEC U e @)} =9l

We introduce two additional functions to describe a @k €O0Ptse a;i€Ap
way to find optimum splitting. ABN(( | Root(ar))
e Mrp(seg) gives a set of morphemes expressed @ EOPtec
by one segmefieg). U( |J Root(a;)) € )]
a; €A,

— If seg € Sy, Mrp(seg) gives a sequence
of morphemes dominated by
— If seg € S,, Mrp(ni,n;) gives a relative

A setSplit. represents possible segment combina-
tions for a partial input sentence that is not covered

complement of morphemes dominated b)py Oplse-
n; andn;. Opt. = argmax Z |Mrp(seg;)|
e Root(seg) gives a dominator node of a basic Ap€SPlite eq,e,,
segment and a paring segment. These two strategies extract just one combination

First, we classify the syntactic categories C;. of segments_ without evaluating a confid_ence score
Cs. C C, includes categories given to nodes whos8f €ach partial EBMT result and calculating the to-
substructures can be translated independently. Tk score of the translation for a whole utterance. Ac-
other categories € C; are classified int@.. That cordingly, it does not assure that the split sequence
meansC. = Cs — Cs.. For Japanese analysis, Wecan generate the best translation result.
use a classification’, = {“C”},Csc = {*SC”}.  Another choosing method is to consider all the
Therefore, each segment$f andsS, can be classi- ;-5 of EBMT results and calculate the total confi-

fied into two types. dence scores. But there is trade-off between calcula-

Se = {seg|seg € SL,US, tion cost and translation precision, and such a consti-
s.t. Cat(Root(seg)) € C.} tutively produced confidence score does not always

Se = {seg|seg € S,US, assure quality. Because we can consider these seg-
s.t. Cat(Root(seq)) € Cse} ments to be briefly evaluated by syntax, it leads to

o the local maximum at least. For these reasons, we
We calculate a combination of segments as the oy yse this strategy.

timum split with the following two strategies. The In the example described in Figure 3, basic seg-

first strategy chooses as many optimum segments . '

dominated by a categorye .. node as possible, Ments(b) and(c), and a paring segmefie, ¢) are

It can increase the chance of applying EBMT. elected as an optimum combination that gives the
best division of the utterance (Figure 4).

Splitse = {Ap|A, C S, s.t.
2.4 Embedding partial EBMT results
Vae A | awna)=9) gp _ _ N
aia; €Ay it] The segments composing the optimum splitting
A 3N U Root(a;) C Ny)} Opts. U Opt. are individual_ly tranglgted by E_BMT.
aiCA, Then, the EBMT result with sufficient confidence

, . _score is used as a partial translation.
A setSplit,. represents possible segment combina-

tions for a whole input sentence.

Opts. = argmax g |segil
ApeSplitse segi€A,

The second strategy chooses optimum segments
to maintain the interpretation for the whole utterance

and translatability by RBMT. Bl HAX K KEL 0T EWEAS k2 HE  o»  FT
Spl,ttc _ {Ap‘Ap g SC S.t. 1 size big since like but quit
Va; € Ap(( U a; Naj) = §) Figure 4: Optimum Splitting

a;,aj EApv'L'?éj



We utilize an EBMT method proposed by (Wu
et al., 2005). They improved quality and example
coverage of a translation memory system by taking
advantage of sentence-level matching, subsentential
matching and pattern-based MT methods.

Their proposed method also includes input sen-
tence splitting as a subsentential matching. But seg- be s e ot
ments are estimated statistically and the whole sen- Ljust can’t buy it
tence is translated by a single EBMT method. We
use a translation result generated by the sentence-Figure 5: Embedding EBMT Result to the Tree(1)
level matching method to embed, because we want
to acquire a partial translation of as high quality as

possible and evaluate individual performances.

We also used the confidence score of EBMT by
using sentence similarity defined by them and tri-
gram language moddi((7")) of a target language.

1

a
F(T) = ( H p(ti|ti—2;ti—1)) 1)

i=1...|T|

H4ZX M KEN 0T RITA 2 HE

It’s so big for me. Ljust can’t buy it.

where thel’ is a target sentence and thes a mor-
pheme in it. Figure 6: Embedding EBMT Result to the Tree(2)

Score = p1-Sim(X,Y)+ 52 F(T) (2)

where Sim(X,Y) is similarity between an input ut- 2. Delete the syntactic structure that has the dom-
terance X and an source sentence Y of an example inator node as a root node and depends on only
pair, 3, and3; are weights which are experimentally the morphemes in this segment.

given, and) < Score < 1.0. The detailed definition 3. Add a special terminal node that denotes the
of Sim(X,Y) is given in their paper. EBMT result. The new terminal node will be

EBMT results with sufficient confidence scores unified to a parent node of the dominator node.
will be elected and embedded as a partial transla- If the dominator node a|ready has other nodes,
tion of the whole utterance. Two embedding styles  the order of these nodes follows the order of
are defined and switched by the segment kind. morphemes in the input sentence.

Basic segment : We define these processes so as to regard them as

1. Delete the syntactic structure that has the dorre)—ne of the transfers in the RBMT system. So, even
inator node as a_root_node and depends on On!a}fter embedding, the syntax tree keeps translatability
the morphemes in this segment. by RBMT.

2. Add a SpeCiaI terminal node that denotes the Now, we assume that a paring Segm(dn'[e) gets
EBMT translation result. The new terminalthe EBMT result f just can't by it with a sufficient
node will be unified to a parent node of theconfidence score, and a basic segment (b) also ac-
dominator node. If the dominator node already]uires the EBMT resultit's so big for mé&. Figure
has other nodes, the order of these nodes fokand Figure 6 show examples of the embedding pro-
lows the order of input morphemes. cess. The order in which segments are embedded is

Pairing segment : unrestricted.

1. Move the exclusive node to the dominator node _ )
as a new parent node. If the dominator node a?-> Integration and Generation
ready has other nodes, the order of these nodEsen after embedding an example to a syntax struc-
follows the order of input morphemes. ture, it keeps its characteristics as a syntax tree. So,



it is only necessary to develop new rules that hanl:able 2: Evaluation for Japanese-to-English Translation

dle such a partially translated structure. It is quite 8¢ the Balanced Sentences Set
natural task for RBMT. System [ NIST [ BLEU |

_ EBMT 4.9372] 0.2403
3 Experiment RBMT 4.4644| 0.1885
Hybrid MT || 5.0474 | 0.2511

3.1 Experimental Settings

We evaluate three systems: individual EBMT(Wu et

al., 2005) and RBMT, and hybrid SLT system. TheTable 3: Evaluation for Japanese-to-English Translation
performance of EBMT and RBMT can be a baselinef the Relatively Long Sentences Set

for our proposed hybrid method. Here, we use only | System [ NIST | BLEU |

the sentence-level matched EBMT result with con- EBMT 3.8798| 0.1351
fidenceScore > 0.6 in equation (2) for the hybrid RBMT 3.8191] 0.1252
SLT system. The result of EBMT is just to choose Hybrid MT || 4.1127] 0.1597

a translation with the highest confidence score, re-

gardless of its absolute value. On the other hand, ) o
we allow subsentential matched translation resuffYPrd SLT method scored higher than each individ-
as a result of individual EBMT. Introducing a sub-yal translation method. This result proves the effect

sentential matching as a result makes it possible f ©Ur method. The result of hybrid MT consists of
compare the splitting method between the statistic&22 Sentences by individual EBMT, 363 sentences
method and ours. by individual RBMT, and 15 sentences by compos-
Because we don't have enough bilingual travel’d Partial EBMT and RBMT results. _

domain corpora that we can use freely, we developed The evaluation res_ult for long sentences is shown
123,819 Japanese-English translation pairs as an &-Table 3. The hybrid method outputs the 44 trans-
ample base of EBMT. We prepare two types of tedfions by EBMT, the 125 translations by RBMT,
set aside from examples. One is a set of balanc&fd the 31 translations composed by both EBMT
travel domain sentences, and the other is a set of ré\[‘d RBMT' _

atively long sentences. As mentioned in section 2, AS an input sentence gets longer, it becomes
since our hybrid method divides an input sentencgarder to find an example translation matching it,

into several parts, it works only for the sentences th&1d more complex to parse it. Both EBMT and
have a certain level of length. RBMT get lower scores than the balanced test set.

For evaluation. we use NIST score(DoddingtonThe score of the hybrid SLT is also reduced, but it

2002) and BLEU score(Papineni et al., 2002). Eacl still higher than that of the individual MT method.

sentence in the test set has one translation referend8IS result highlights the advantage of our method.
Table 4 shows some translation results for the sec-

ond test set, which are translated by composing the

The evaluation result for the balanced test set Rartial results of EBMT and RBMT. Three trans-
shown in Table 2. Since the DB for the Saméatlon results are shown in the table. The row la-

travel domain is used. both NIST and BLEU scord€led “Ref” means the translation reference that
higher for EBMT thar’1 for RBMT. Moreover. the Was translated manually and used for the evaluation.

And there are three translation results generated by
each method for each source sentence (Src.).

3.2 Evaluation Result

Table 1: Test set specification
P 4 Related Work

Number of | Japanese English . .

Sentences| Source | Referencel N the spoken language domain, research is often fo-
Balanced 1000 49372 02403 cused on determining the end of an utterance and
Long Sentencd 500 4:4644 0:1885 subsentence punctuation predication, such as (Ma-

tusov et al., 2007). Such approaches are useful for



Table 4: Sample Japanese-to-English translations model is given as a probability of insertion of seg-

T)Src. 00O0o00000000000 ment start and end.
oooooooon H _
ReT— | T71ES Rotmuich OBl CarTpaty ' (Lavie et al'., 1996) anq (Langley et al., 2002) de
seat back a little? fined semantic dialog units that roughly correspond
EBMT Qngoymgv may [ lower my seat a lit] to a speech act and can be translated independently.
e’ . . . .
RBMT | As long as it /s not roublesoma, The dialog units are _estlmated by acoustic cues and
may | push down a little seat? a pre-learned statistical model. Consequently, our
Hybrid | If it's not too much trouble. | may :
push down a litle seat, method keeps_ totality between each segment based
AR Joooooooooooooo on a syntax given by the RBMT method. It allows
: DID o DE oooo . A finding discontinuous segmentation and translates a
Ref. Please change my room because the . :
people next door are noisy, relation between segments appropriately.
EBMT i\/lar}y people next door room noisy, (Furuse et al., 1998) also proposed input-splitting
0O give room. .
RBMT | The person of the mext Toom i metho_d for translating spoken language. _It can ex-
noisy. Please change the room. clude ill-formed expressions from a raw input. It
Hybrid | People room next door is so noisy. ; : iri i
Would you me a different room? a_lmed to f|r_1d the best spllttmg to be translated effi
3)SiC, Joooooooooooooo ciently by single translation method.
ooooon (Mellebeek et al., 2006) and (Rosti et al., 2007)
Ref. Would you wake me up at meal . . . .
time, please? combine translation results from multi-engine MT
EBMT tT_rain?S wake be dinner at the same and find an optimum combination as a final transla-
ime . . . .
RBMT | Would you Start, ¥ the time of a tion resuI'F. But each chunl_< of tr_anslatlon is given
__| meal comes? for a continuous sequence in an input sentence. So,
Flybric | f the fime of & meal comes Excuise a dependency between non-continuous morphemes

is sometimes missed in a final translation result.

cutting out a segment to parse, but they are detéb- Future Work

ministic and do not supply preference of a relation
in each segment. Our hybrid SLT method utilizes a Japanese clause

From the viewpoint of hybrid machine transla-as & unit to switch translation methods. A Japanese

tion, (Akiba et al., 2006) and (Nakamura , 2006¢lause is small enough to understand a meaning, but
proposed the multi-engine translation method thdt seems a rather big structure to increase a chance
evaluates target sentences individually generated B applying EBMT. In particular, some short utter-
each engine, and chooses the best one. Howeverdfaces do not fully benefit from our method, because
evaluation target is a whole sentence. We think i Simple sentence usually consists of just one clause.
can be used at our estimating step of optimum split. For the next step, we are studying use of a phrase.
(Bond et al., 2003) introduced a hybrid rule andBut it is more difficult to embed a phrase transla-
example-based method for MT. Their system trangion than a clause translation, since a phrase exhibits
lates an input sentence using the most typical trangiverse behavior and other dependent are usually
lation example that is similar to the input. Here, ameeded in order to determine translation. Among
example pair is chosen that both matches the inpauch segments that are somewhat awkward as units,
sentence and has a translation similar to other eg-noun phrase is comparatively easy to handle.
amples. However, the selection method still uses a While we are expanding coverage of the hybrid
whole-sentence translation as a unit. method, we are also examining a method of calculat-
(Doi et al., 2004) proposed a sentence splittingng the confidence score for each EBMT result and
method that generates splitting candidates based the final translation. For the first step, we have to
an N-gram model and selects the best one by calcavaluate using a monolingual language model trans-
lating sentence similarity between the part and alation for the whole utterance and check whether it
example in the database for EBMT. The splittinggets a corresponding bless in calculation cost.
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