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ABSTRACT

Alegal text usually long and complicated, it has some characteristic that make it different from other daily-
use texts.Then, trandlating a legal text is generally considered to be difficult. This paper introduces an
approach to split a legal sentence based on its logical structure and presents selecting appropriate
translation rules to improve phrase reordering of legal transation. We use a method which divides a
English legal sentence based on its logical structure to segment the legal sentence. New features with rich
linguistic and contextual information of split sentences are proposed to rule selection. We apply maximum
entropy to combine rich linguistic and contextual information and integrate the features of split sentences
into the legal trandation, tree-based SMT system. We obtain improvements in performance for legal
translation from English to Japanese over Moses and Moses-chart systems.
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1. INTRODUCTION

Legal trandation is the task of how to trandate texts within the field of law. Trandating legal
texts automatically is one of the difficult tasks because lega trandation requires exact precision,
authenticity and a deep understanding of law systems. Because of the meticulous nature of the
composition (by experts), sentences in legal texts are usually long and complicated. When we
trandate long sentences, parsing accuracy will be lower as the length of sentence grows. It will
inevitably hurt the trandation quality and decoding on long sentences will be time consuming,
especidly for forest approaches. So splitting long sentences into sub-sentences becomes a natural
way to improve machine trandation quality.

A lega sentence represents a requisite and its effectuation [10], [17], [23]. Dividing a sentence
into shorter parts and trandating them has a possibility to improve the quality of trandation. For a
legal sentence with the requisite-effectuation structure (logical structure), dividing a sentence into
requisite-and-effectuation partsis smpler than dividing the sentence into its clauses because such
legal sentences have specific linguistic expressions that are useful for dividing. We first recognize
the logical structure of a legal sentence using statistical learning modd with linguistic
information. Then we segment alega sentence into parts of its structure and apply rule selection
to trandate them with statistical machine trandation (SMT) models.

In the phrase-based model [11], phrase reordering is a great problem because the target phrase
order differs significantly from the source phrase order for several language pairs such as English-
Japanese. Linguistic and contextual information have been widely used to improve trandation
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performance. It is helpful to reduce ambiguity, thus guiding the decoder to choose correct
trandation for a source text on phrase reordering. In this paper, we focus on selecting appropriate
trandation rules to improve phrase reordering for the tree-based statistical machine trandation,
the model operates on synchronous context free grammars (SCFG) (Chiang [4], [5]). SCFG rules
for trandation are represented by using terminal (words or phrases), non-terminals and structural
information. SCFG consists of a left-hand-side (LHS) and a right-hand-side (RHS). Generaly,
there are cases that a source sentence pattern-matches with multiple rules which produce quite
different phrase reordering as the following example:

R — far X;of X7 | AL &0 &Y
R — fatXjo0f X5 TX 0 X5
R — fatrX;of X5 | IZ X DX

During decoding, without considering linguistic and contextua information for both nonterminals
and terminals, the decoder may make errors on phrase reordering caused by inappropriate
trandation rules. So rule selection is important to tree-based statistical machine trandation
systems. This is because a rule contains not only terminals (words or phrases), but aso
nonterminals and structural information. During decoding, when aruleis selected and applied to a
source text, both lexical trandations (for terminals) and reorderings (for nonterminals) are
determined. Therefore, rule selection affects both lexical trandation and phrase reorderings.

We propose trandating split sentence based on the logica structure of a legal sentence and rule
selection for legal trand ation specifically:

*  Wedivide alega sentence based onitslogical structureinto thefirst step
We apply a datigtical learning method - Conditiona Random Fields (CRFs) with rich
linguistic information to recognize the logical structure of alegal sentence and the
logical structure of alegal sentenceis adopted to divide the sentence.
¢ We use a maximum entropy-based rule selection model for tree-based English-Japanese
statistical machinetrandation in legal domain. The maximum entropy-based rule
selection model combines local contextua information around rules and information of
sub-trees covered by variablesin rules.
¢ We propose using rich linguistic and contextual information of split sentences for both
non-terminals and terminals to select appropriate trandation rules.
* We obtain substantial improvements by BLEU over the Moses and Moses-chart baseline
system.
This paper is organized as follows. Section Il gives related works. Section 111 describes our
Method : how to segment legal sentence to the logical structure and how to use rich linguistic and
contextual information of split sentences for rule selection. The experiment results are discussed
in Section 1V, and the conclusion and future work are followed in Section V.

2. PREVIOUSWORK

Machine trandation can work well for simple sentences but a machine trandation system faces
difficulty while trandating long sentences, as aresult the performance of the system degrades.
Most legal sentences are long and complex, the translation model has a higher probability to fail
in the analysis, and produces poor trandation results. One possible way to overcome this problem
is to divide long sentences to smaller units which can be trandated separately. There are several
approaches on splitting long sentences into smaller segmentsin order to improve the trandation.

Xiong et a., [25] used Maximum Entropy Markov Models to learn the trandation boundaries
based on word alignments in hierarchical trees. They integrated soft constraints with beginning
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and ending trandation boundaries into the log linear model decoder. They proposed a new
feature: trandation boundary violation counting to prefer the hypotheses that are consistent with
the tranglation boundaries.

Sudoh et a., [22] proposed dividing a source sentence into smaller clauses using a syntactic
parser. They used a non-terminal symbol served as a place-holder for arelative clause and

trained a clause tranglation modd with these symbols. They proposed a clause alignment method
using a graph-based method to build the non-terminal corpus. Their model can perform short and
long distance reordering simultaneoudly.

Goh et d., [7] proposed rule-based method for splitting the long sentences using linguistic
information and trandated the sentences with the split boundaries. They used two types of
Congtraints : split condition and block condition with “zone” and “wall” markers in Moses.

Each of these approaches has its strength and weakness in application to sentence partitioning.
However, in order to develop a system for splitting legal sentences, dividing a legal sentence
based onitslogica structureis preferable. Dividing a sentence into requisite-and-effectuation
parts (logical structure) is smpler than dividing the sentence into its clauses because such lega
sentences have specific linguistic expressions that are useful for dividing.

Our approach is different from those of previous works. We apply the logical structure of alega
sentence to split legal sentences. We use characteristics and linguistic information of legal texts

to split legal sentences into logica structures. Bach et al., [1] used Conditional Random Fields
(CRFs) to recognize the logical structure of a Japanese legal sentence. We use the same way as
in[1], [9] to recognize the logical structure of a English legal sentence. We propose new features
to recognize its logical structure. The logical structure of alegal sentence by the recognition task
will be used to split long sentences. Our approach is useful for legal trandation.It will reserve a
lega sentence structure, reduce the analysis in deciding the correct syntactic structure of a
sentence, remove ambiguous cases in advanced and promise results.

Linguistic and contextual information were used previously. They are very helpful for SMT
system. There are many works using them to solve the selection problem in SMT.Carpuat and
Wu, [2] integrated word-sense-disambiguation (WSD) and phrase-sensedisambiguation (PSD)
into a phrased-based SMT system to solve the lexica ambiguity problem.Chan et a., [3]
incorporated a WSD system into the hierarchical SMT system, focusing on solving ambiguity for
terminals of trandation rules. He et a., Liu et al., extended WSD like the approach proposed in
[2] to hierarchical decoders and incorporated the MERS mode! into a state-of-the-art syntax-based
SMT model, the tree-to-string aignment template model [8], [16].Chiang et d. [6], used 11,001
features for statistical machine trandation.

In this paper, we propose using rich linguistic and contextual information for English-Japanese
legal trandation, specificaly:

* Werecognizethelogical structure of alegal sentence and divide the legal sentence
based onitslogical structure asthefirst step.

e We use rich linguistic and contextua information for both non-terminals and
terminals.Linguistic and contextua information around terminals have never been used
before,we see that these new features are very useful for selecting appropriate trandation
rulesif we integrate them with the features of non-terminals.

*  Wepropose asmple and sufficient algorithm for extracting featuresin rule selection.

We classify features by using maximum entropy-based rule selection mode and
incorporate this model into a state-of-the-art syntax-based SMT model, the tree-based
model (Moses-chart).
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e Our proposed method can achieve better results for English-Japanese legal trandation
based on the BLEU scores.

English Legal Sentences
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Figure 1. The diagram of our proposed method

3. PROPOSED METHQOD
The method of trandating legal sentence by segmentation and rule selection follows in two
steps:
¢ Lega sentence segmentation
* Ruleselection for legal trandation
The diagram of our proposed method is shown in Fig. 1.
3.1. Legal sentence segmentation

To segment legal sentence to its structure, at the first we recognize the logical structure of lega
sentence. Most law sentences are the implication and the logical structure of a sentence defining
aterm is the equivalence type. An implication law sentence consists of alaw requisite part and a
law effectuation part which designate the legal logical structure described in [10], [17], [23].
Structures of a sentence in terms of these parts are shown in Fig. 2.

The requisite part and the effectuation part of alegal sentence are generally composed from three
parts: atopic part, an antecedent part and a consequent part. In alega sentence, the partusualy
describes a law provision, and the antecedent part describes cases in which the law provision can
be applied. The topic part describes a subject which is related to the law provision.There are four
cases (illustrated in Fig. 2) basing on where the topic part depends on: case 0 (no
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[a law sentence]
|

l |
[Antecedent part] [Consequent part]

|
[Requisite part] [Effectuation part]
(Case 0)
[a law sentence]
| l |
[Topic part] [Antecedent part] [Consequent part]
[Rec_lﬁi_s ite part] [Effectuation part]
(Case 1)
[a law sentence]
I ' I
[Topic part] [Antecedent part] [Cons E-q1|.lent part]
[Reqlﬁ_-:ire part] - Eacﬁmricn part]
(Case 2)
[a law sentence]
| | |
[Topic part] [Antecedent part] [Consequent part]
[Rje_ciu.i_s_i;e part] - _[EE‘eguati on part]
(Case 3)

Figure 2. Four cases of the logical structure of alegal sentence

topic part), case 1 (the topic part depends on the antecedent part), case 2 (the topic part depends
on the consequent part), and case 3 (the topic part depends on both the antecedent and the
consequent parts). Let us show examples of four cases of the logical structure of alega sentence.
The annotation in these examples and in the test corpus was carried out by a person who was an
officer of the Japanese government, and persons who were students of a graduate law school and
alaw school.

. Case0:

<A> When a period of an insured is calculated, </A>

<C> it is based on amonth. </C>

. Case 1:

<T1> For the person </T1>

<A>who isqudified for the insured after she was disqualified, </A>

<C> the terms of the insured are added up together. </C>

. Case 2:

<T2> For the amount of the pension by thislaw, </T2>

<A> when thereis aremarkable change in the living standard of the nation of the other situation,
</A>

<C> arevision of the amount of the pension must be taken action promptly to meet the

situations. </C>

. Case 3:

<T3> For the Government, </T3>

<A> when it makes a present state and a perspective of the finance, </A>

<C> it must announce it officialy without delay. </C>
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In these examples, A refersto the antecedent part, C refersto the consequent part, and T1, T2, T3
refer to the topic parts which correspond to case 1, case 2, and case 3.

We use sequence learning model described in [13], [15] to recognize the logical structure of a
legal sentence. We model the structure recognition task as a sequence labeling problem, in which
each sentence is a sequence of words. We consider implication types of lega sentences,and five
kinds of logical parts for the recognition of thelogical structure of alegal sentence, as

follows:

" Antecedent part (A)

Conseguent part (C)

Topic part T1 (correspond to case 1)

Topic part T2 (correspond to case 2)

Topic part T3 (correspond to case 3)

in the 10B notation [13], [15], we will have 11 kinds of tags. B-A, I-A, B-C, I-C, B-T1, I-
T1,BT2, I-T2, B-T3, I-T3 and O (used for an element not included in any part). For example, an
element with tag B-A begins an antecedent part, while an element with tag B-C begins a
consequent part.
We use Conditiona Random Fields (CRFs) [13], [15] as a learning method because the
recognition task of the logical structure of a legal sentence can be considered as a sequence
learning problem, and CRFs is an efficient and powerful framework for sequence learning tasks.
We propose some new features to recognize the logical structure of a English legal sentence
based onits characteristics and linguistic information. We designed a set of features:
*  Word form: phonological or orthographic appearance of aword in a sentence.
» Chunking tag: tag of syntactically correlated parts of wordsin a sentence.
e Part-of-Speech features: POS tags of the wordsin a sentence
»  The number of particular linguistic el ements which appear in a sentence as follows:
+ Relative pronouns (e.g, where, who, whom, whose, that)
+ Punctuation marks (., ; :)
+ Verb phrase chunks
+ Relative phrase chunks
+ Quotes
We parse the individual English sentences by Stanford parser [20] and use CRFs tool [13] for
sequence learning tasks. Experiments were conducted in the English-Japanese trand ation corpus.
We collected the corpus using Japanese Law Trandation Database System (available at
http://www.japanesel awtranglation.go.jp/). The corpus contains 516 sentences pairs. Table 1
shows statistics on the number of logical parts of each type.

We divided the corpus into 10 sets, and conducted 10-fold cross-validation tests for recognizing
logica structures of the sentencesin the corpus. We evaluated the performance by precision,
recall, and F1 scores as.

# correct  parts

precizion = - -
# predicted parts
# corvect  paris
recall =
# actual  paris
F 2 * precision * recall

precizion + recall

Experimental results on the corpus are described in Table 2.
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Table 1. Statistics on logical parts of the corpus

Logical Part
C A Tl | T2 | T3 | Total
376 | 561 0 4 130 | 1271

Table 2. Experimental results for recognition of the logical structure of alegal sentence

Precision Recall F1

@) | b | (%)
C 84 89 82.85 83.86
A 86.03 85.03 85.56
T2 89.10 85.64 87.34
T3 78.08 36.12 635.30
Owverall 84.64 8324 8393

v Case():
=A>= When a period of an insured 15 caleulated, /A=
=C= 1t 15 based on a month. </C=
The sentence will be split as:
[When a period of an inswred is calculated]
[it 1z based on a month ]
v Casel:
=T1>= Far the person <T1
=A>= who is qualified for the insured after she was disqualified </A
=C= the terms of the insured are added up together. </C=

The sentence will be split as:
[Far the person, who i qualified for the insured after s'he was disqualified]
[the terms of the insured are added up together ]

v Case:

=T2= Faor the amount of the pension by this law, </T2X

=A= when there is a remarkable change in the living standard of the nation of the other
situation, </A=

=C= a revision of the amount of the pension mmst be taken action prompily to meet the
situations. </C=

The sentence will be split as:
[When there is a remarkable change in the iving standard of the nation of the other situation]
[For the amount of the pension by this law, a revision of the amount of the pension must be
taken action prompily to meet the situations. ]

v Cased:

=T3= Far the Government, </T3

=A>= when it makes a present state and a perspective of the finanee, </A
=C= it mmst announce it officially without delay. =/C=

The sentence will be split as:

[Far the Government, when it makes a present state and a perspective of the finance]
[Faor the Government, it nomst annowmee it officially without delay. ]

Figure 3. Examples of sentence segmentation

After recognizing the logical structure of alegal sentence, we segment a sentence to its structure.
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According to the logical structure of alegal sentence (Fig. 1), a sentence of each caseis divided
asfollows:
. Case0:

Requisite part: [A]

Effectuation part: [C]

. Case 1.
Requisite part: [T1 A]
Effectuation part: [C]

. Case 2:
Requisite part: [A]
Effectuation part: [T2 C]

. Case 3:
Requisite part: [T3 A]
Effectuation part: [T3 C]
The examples of the sentencesin section 3.1 are separated as shown in Fig 3.

3.2. Rule Selection for Legal Trandation

Rule selection isimportant to tree-based statistical machine trandation systems. Thisis because a
rule contains not only terminas (words or phrases), but aso nonterminals and structura
information. During decoding, when arule is selected and applied to a source text, both lexical
trandations (for terminals) and reorderings (for nonterminals) are determined. Therefore, rule
selection affects both lexica trandation and phrase reorderings. However, most of the current
tree-based systems ignore contextual information when they select rules during decoding,
especidly the information covered by nonterminals. This makes the decoder hardly to
distinguishrules.  Intuitively, information covered by nonterminds as wel as
contextualinformation of rules is believed to be helpful for rule selection.Linguistic and
contextual information have been widely used to improve trandation performance. It is helpful to
reduce ambiguity, thus guiding the decoder to choose correct trandation for a source text on
phrase reordering. In our research, we integrate dividing a legal sentence based on its logica
structure into the first step of the rule selection. We propose a maximum entropy-based rule
selection model for tree-based English-Japanese statistical machine trandation in legal domain.
The maximum entropy-based rule selection model combines local contextual information around
rules and information of sub-trees covered by variables in rules. Therefore, the nice properties of
maximum entropy model (lexical and syntax for rule selection) are helpful for rule selection
methods better.

3.2.1. Maximum Entropy based rule selection model (MaxEnt RS model)

The rule selection task can be considered as a multi-class classification task. For a source-side,
each corresponding target-side isalabel. The maximum entropy approach (Berger et al., 1996)
isknown to be well suited to solve the classification problem. Therefore, we build a maximum
entropy-based rule selection (MaxEnt RS) model for each ambiguous hierarchical LHS (left-hand
side).

Following [4], [5] we use (a, y) to represent a SCFG rule extracted from the training corpus,
where o and y are source and target strings, respectively. The nontermina in o and y are
represented by Xk , where k is an index indicating one-one correspondence between nonterminal
in source and target sides. Let us use e(Xk ) to represent the source text covered by Xk and f(Xk)
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to represent the trandation of e(Xk ). Let C(a) be the context information of source text matched
Table 3. Lexical features of nonterminals

Side Tvpe Name Description
Source- | Lexical features Wy The source word immediately to the left of o
side Wy -1 The source word immediately to the nnght of &

WL, x, The first word of e

HfRP(_‘_” The last word of e(A:)

Pos features P, POS of W, _;
P POS of W,
PL‘,(_“} POS of WL, )
PR POS of WR

e Xy)

Length feature LEN, ., Length of source subphrase e(Xg)
el X,
The first word of f1A%)

Target- | Lexical features W,

side LX)
}TfR‘fr - The last word of fiA})
Lk
Length feature LEN Length of target subphrase fiA;)

FOED

by a and C(a) be the context information of source text matched by y . Under the MaxEnt
model, we have:

exp[ 3 A A (C(r).Cla)e(X,) (X,

P (rle,e(X,) FfiX, 0= E_, exp] E_:"-.Ff.(‘?{:’ ). Cla) e(X,). F(X ]

Where h; abinary feature function, A the feature weight of h;. The MaxEnt RS model combines
rich context information of grammar rules, as well asinformation of the subphrases which will
be reduced to nonterminal X during decoding. However, these information isignored by
Chiang’s hierarchical model.

We design five kinds of featuresfor arule (a, y): Lexical, Parts-of-speech (POS), Length, Parent
and Sibling features.

3.2.2. Linguistic and Contextual Infor mation For Rule Selection
A. Lexical Featuresof Nonterminal

In the each hierarchical rules, there are nonterminals. Features of nonterminal consist of Lexical
features, Parts-of-speech features and Length features:

Lexical features, which are the words immediately to the left and right of a, and boundary
words of subphrase e(X,) and f(X);

Parts-of-speech (POS) features, which are POS tags of the source words defined in lexical
features.

Length features, which are the length of subphrases e(X,) and f(X).

Table 3 shows lexical features of nonterminals. For example, we have arule, source phrase,
source sentence and alignment as following:

Rule:

X (X itofficially X, | Xy 1% X))
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Table 4. Lexical features of nonterminal of the example

Type Features
Lexical Features W, =it
I'T"Ie(_,;]) = must WR&(X-_J = announce WL, ) =without /R, )
= delay
WL x, =NF Ry, = Lt e s80n WL, =i
i .
i Ry, =721
POS Features P, 1 =NP
PL,x)=V PR,x=V PLy,=P PR, y,=
atures T _ T =
LengthFeatwes | LEN, =2 LEN, =2 LEN, =2 LEN, =2
Table 5. Lexical features around nonterminal
Side Type Name Description
Source-side | Lexical WL, x - The first word immediately to the left of (X}
feature o
R, x » The first word immediately to the right of e(X})
e Xy )]
POS PL, x4 POS of WL,
Features - .
PRe:X___) " POS of HR?(X;] "
Target-side | Lexical WL, vy The first word of /iX;)-1
features S
TRz The last word of i) +1

Source Phrase:

must announce it officially without delay

EE < S e iadk LT ER bR X1 must aiouiice
X, without delay
Xy A LARTHER G20
Source sentence: X, Bt <
. - . 7
It must announce it officially without delay e A
B Zheaf Loy
Alignment of English-Japanese sentence pair:
NP N Vv NP | ADV P N
It Must Announce It officially | without | Delay
M [ 2< [ zh | % [ % | LadEibin

Features of this example are shown in Table 4.
b. Lexical featuresaround nonter minals

These features are same meaning as features of nonterminal.
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Lexical features, which are the words immediately to the left and right of subphrase e(X,) and
f(X);

Table 6. Lexical features around nonterminal of the example

Side Type Features
Source-side | Leical feature | T = remarkeble HRH'X-]-] =in
1 !

WL,y = standard IR, | = the
POS Features JDL?I:I: 14 =ADJ pRg(_mH =p
Pj‘el’l’: =k N P Re(;‘.’: ! =DET

Target-side | Lexical featwes | jT e L

HI_;’(_&';)—I =[EE PR () =1

S

gihh“hvp

DET N \Y X NP
N
DET N
AP N
this  law makes a present state

Figure 4. Sub-tree covers nonterminal X1

Parts-of-speech (POS) features, which are POS tags of the source words defined in lexical
features.

Table 5 shows lexical features around nonterminal .

Example: with arule:

X — (aremarkable X; in the living standard X, the nation |
BB X ATRICKEDFFIFICE LN X))

We have lexica features around nonterminal shown in Table 6.
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c. Syntax features

Let R - <a, y~> isatrandation rule and e(a) is source phrase covered by a.
X¢isnonterminal in a, T(X,) is sub-tree covering X.

Parent feature (PF):
The parent node of T(X,) in the parse tree of source sentence. The same sub-tree may have

different parent nodes in different training examples. Therefore, this feature may provide
information for distinguishi ng source sub-trees

r--
T~ vp
DET N v A NP
| \\\
DET N

™~

AP N
this law  makes a present state

(a)

Figure 5. (a) S Parent feature of sub-tree covers nonterminal X1
5

ﬁ-..__‘k.

5/ %

DET N v XiNP

N
DET N
-‘\P N
tlhus law  makes a present  state

(b)

(b) NP: Sibling feature of sub-tree covers nonterminal X1
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R={R;}={sef of Rules}, P={PJ-,PJJ} ={set of English-Japanese phrase alignmentsy,
S={S,E1}={set of sentence pairs}, S'={S}={set of tagged English sentences},

S"={S |} ={set of parsed English split sentences}.

Input: Rules. English-Japanese phrase alignments. sentence pairs. tagged English
sentences, parsed English split sentences,

Output: Features of non-terminals: Features around non-terminals and Syntax features

1 Fori=1tondo

2 Xy =Non-terminal of LHS of R

X'k = Non-terminal of RHS of R

Y=LHS of Rj
Z=RHS of R;
3 For j=1tomdo
4 Iy EPjA VA= P'i then
5 Xy = phrase (English phrase)
X'y, = phrase’ (Japanese phrase)
6 For I=1tovdo
7 features of non-terminal
8 features around non-terminal
9 syntax features
10 endfor
11 endif
12 endfor
13 endfor

Figure 6. Algorithm for extracting features
Sbling feature (SBF)

The sibling features of the root of T(Xk). This feature considers neighboring nodes which share
the same parent node.Fig. 4 shows the subtree covers non terminal X1, Fig. 5(a) shows Snodeis
the Parent feature ofsubtree covering X1 and NP node is the Sibling feature shown in Fig. 5(b).
Those features.Lexical feature, Parts-of-speech features, Length features, Parent features and
Sibling featuresmake use rich of information around a rule, including the contextual information
of a rule andthe information of sub-trees covered by non terminals. These features can be
gathered accordingto Chiang’s rule extraction method. We use Moses-chart [12] to extract
phrases and rules,Stanford Tagger toolkits and Cabocha [14] to tag, tokenize English and
Japanese sourcesentence, Stanford parser [20] to parse English test sentence, after that we use
algorithmin Fig.6 to extract features.

In Moses-chart, the number of nonterminal of arule are limited up to 2. Thus arule may have

36 features at most. After extracting features from training corpus, we use the toolkit
implemented in [24] to train aMaxEnt RS model for each ambiguous hierarchical LHS.

3.2.3. Integrating Maxent RS Model Into Tree-Based M odel

We integrate the MaxEnt RS model into the tree-based model during the trandation of each
source sentence. Thus the MaxEnt RS models can help the decoder perform context-dependent
rule selection during decoding.
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In Chiang, [4] the log-linear model combines 8 features: the trand ation probabilities (v / o)
AndP(a|y), thelexica weights Pw(y | o) and Pw(a | y ), the language model, the word penalty,
thephrase penalty, and the glue rule penalty. For integration, we add two new features:

(1) P (e, e(Xx,) f(X,)

Thisfeature is computed by the MaxEnt RS model, which gives a probability that the model
selecting atarget-side y given an ambiguous source-side a, considering context information.

(2) Prsn = exp(1).

Thisfeatureis similar to phrase penalty feature. In our experiment, we find that some sourcesides
are not ambiguous, and correspond to only one target-side. However, if a source-side a’ is not
ambiguous, the first features Prs will be set to 1.0. In fact, these rules are not reliable since

they usually occur only once in the training corpus. Therefore, we use this feature to reward the
ambiguous source-side. During decoding, if an LHS has multiple trandations, this feature is set

to exp(1), otherwiseit is set to exp(0).

Chiang [5] used the CKY (Cocke-Kasami-Y ounger) algorithm with a cube pruning method for
decoding. This method can significantly reduce the search space by efficiently computing the
top-n itemsrather than all possible items at a node, using the k-best algorithms of Huang and
Chiang (2005) to speed up the computation. In cube pruning, the trandation model is treated as
the monotonic backbone of the search space, while the language model score is a nonmonotonic
cost that distorts the search space. Similarly, in the MaxEnt RS model, source-side featuresform a
monotonic score while target-side features congtitute a non-monotonic cost that can be seen as
part of the language model.

For translating a source sentence E’,, the decoder adopts a bottom-up strategy. All derivations
are stored in a chart structure. Each cell c[i, j] of the chart contains all partial derivationswhich
correspond to the source phrase e’; . For trandating a source-side span [i , j], wefirst select all
possible rules from the rule table. Meanwhile, we can obtain features of the MaxEnt RS model
which are defined on the source-side since they are fixed before decoding. During decoding, for
asource phrase e'i, supposetherule X — (eX X1 e, f*" X, f’") is selected by the decoder,
where I =k < =] and k+1 < t, then we can gather features which are defined on the target-
side of the subphrase X; from the ancestor chart cell c[k+1, t-1] since the span [k+1, t-1] has
already been covered. Then the new feature scores P,s and P,s, can be computed. Therefore, the
cost of derivation can be obtained. Finally, the decoding is completed. When the whole sentence
is

Table 7. Statistical table of train and test corpus

Corpus #words #sentences

Training corpus English 990.011 40,000

Japanese | 935.467
Development English 45150 1.400
corpus

Japanese | 45.020
Test corpus English 17.475 516

Japanese 17.753
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Table 8. Statistics of the test corpus

Name of Law Number of sentences
Act on General Rule for Application of Law 78
Act on Land and Building Leases 120
Adnunistrative Procedure Act 99
Foreign Exchange and Foreign Trade Act 219
Total 516

Table 9. Number of requisite part, effectuation part in the test data

Sentence 516
#of requisite part 436
#of effectuation part 513
#of segment 949

covered, and the best derivation of the source sentence E’, is the item with the lowest cost in cell

c[l,]].

The advantage of our integration is that we need not change the main decoding agorithm of a
SMT system. Furthermore, the weights of the new features can be trained together with other
features of the trandation model.

4. EXPERIMENTS

We conducted the experiments on the English-Japanese translation corpus provided by Japanese
Law Trandation Database System. The training corpus consisted of 40,000 English-Japanese
origina sentence pairs, the development and test set consisted of 1,400 and 516 sentence pairs,
respectively. The statistics of the corpusis shown in Table 7. We tested on 516 English- Japanese
sentence pairs. Table 8 shows statistics of the test corpus. The test set is divided by the method
described in Section 3.1. Table 9 shows the number of sentences, the statistics of the requisite
parts, the effectuation parts and the logical parts after splitting in the test set. Then, we applied
rule selection for the split sentence in the test sef.

To run decoder, we share the same pruning setting with Moses, Moses-chart [12] baseline
systems. To train the trandation model, we first run GIZA++ [18] to obtain word aignment in
both trandation directions. Then we use Moses-chart to extract SCFG grammar rules. We use
Stanford Tagger [20] and Cabocha [14] toolkits to token and tag English and Japanese sentences.
We parse the split English test sentence by Stanford parser [20] and gather lexical and syntax
features for training the MaxEnt RS models. The maximum initial phrase length is set to 7 and the
maximum rule length of the source sideis set to 5.

Lex= Lexica Features, POS= POS Features, Len= Length Feature, Parent= Parent Features,
Sibling = Sibling Features.
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Table 10. BLEU-4 scores (case-insensitive) on English-Japanese corpus.

System BLEU
MM 0.287
MC 0.306
MS 0.318
MR (MaxEnt RS)
Lexical features of nonterminal 0.326
(Lex+POS+Len)
Lexical features around nonterminal 0.320
(Pos+Lex)
Syntax features 0.325
(Parent and sibling)
Lexical features of nonternunal + 0.327
syntax features
All features 0.329

We use SRI Language modeling toolkit [21] to train language models. We use minimum
error rate training integrated in Moses-chart to tune the feature weights for the log-linear
model. The trandation quality is evaluated by BLEU metric [19], as calculated by
mteval-v12.pl with case insensitive matching of n-grams, where n=4. After using Moses-
chart to extract rules, we have a rule-table, then we insert two new scores into the rules.
We evaluate both original test sentence and split test sentence with Maxent RS model.
We compare the results of four systems. Moses using original test sentence (MM),
Moses-chart using original test sentence (MC), Moses-chart using split test sentence (MS)
and Moses-chart using split test sentence and applying rule selection or our system (MR).
The results are shown in Table 10.

As we described, we add two new features to integrate the Maxent RS models into the

Moses chart: P, (7 la.e(X,). f(X,)) and P,;, .We do not need to change the
main decoding algorithm of a SMT system and the weights of the new features can be
trained together with other features of the translation model.

In Table 10, Moses system using origina test sentence (MM) got 0.287 BLEU scores, Moses
chart system using origina test sentence (MC) got 0.306 BLEU scores, Moses-chart system
using split sentence (MS) got 0.318 BLEU scores, using al features defined to train the MaxEnt
RS models for Moses-chart using split test sentence our system got 0.329 BLEU scores, with an
absolute improvement 4.2 over MM system, 2.3 over MC system and 1.1 over MS system. In
order to explore the utility of the context features, we train the MaxEnt RS models on different
features sets. We find that lexical features of non terminal and syntax features are the most useful
features since they can generalize over dl training examples. Moreover, lexical features around
non termina aso yields improvement. However, these features are never used in the basdline.
When we used M S system to extract rule, we got the rules as shown in Table 11. Table 12 shows
the number of source-sides of SCFG rules for English-Japanese corpus. After extracting grammar
rules from the training corpus, there are 12,148 source-sides match the split test sentence, they are
hierarchical LHS's (H-LHS, the LHS which contains non terminals). For the hierarchical LHS's,
52.22% is ambiguous (AH-LHS, the H-LHS which has multiple trandations). This indicates that
the decoder will face serious rule selection problem during decoding. We aso noted the number
of the source-sides of the best trandation for the split test sentence. However, by incorporating
MaxEnt RS models, that proportion increases to 67.36%, since the number of AH-LHS increases.
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The reason is that, we use the feature Prsn to reward ambiguous hierarchical LHS’s. This has
some advantages. On one hand, H-LHS can capture phrase reordering

Table 11. Statistical table of rules

Name Number
The number of rules 1.480.741
The number of rules contain nonterminal 1.126.440
The number of rules don’t contain nonterminal 354.298
The number of glue grammar rules 3

The number of rules match test 12.148

Table 12. Number of possible source-sides of SCFG rule for English-Japanese corpus and
number of source-sides of the best trandation.
H-LHS = Hierarchical LHS, AH-LHS = Ambiguous hierarchical LHS

System Rule NO of H-LHS | NO of AH-LHS
MS 12,148 6.541 3.416

Our system 12,148 7.741 5.214
(MR.. all features)

Table 13. Trandation examples of test sentencesin Case 3in MS and our systems (MR, al
features) The Japanese sentence in Japanese-English trandation is the origina sentence. The
English sentence in English-Japanese trandation is the reference trandation in the government
web page

Sentence <C> Notwithstanding the preceding paragraph, </C> <T3> the formalities
</T3> <A> that comply with the law of the place where said act was done
</A> <C> shall be valid. </C>

Split Sentence | the formalities notwithstanding the preceding paragraph. shall be valid.

the formalities that comply with the law of the place where said act was done

MS FIEOREIZ»AD LT, Faxlt, gt oThidniEl s
W, TRAMMTHON TN LR STEBErOER 28T B s
Our system AIEOBEICH b O, F=Uk, AaThiThEes an

(MR. all featwes) | 5513 U3EIT A TON BT OEFOMT LT,

phrase reorderings. On the other hand, AH-LHS is more reliable than non-ambiguous LHS,

since most non-ambiguous LHS occurred only once in the training corpus. In order to know
how the MaxEnt RS models improve the performance of the SMT system, we study the best
trandation of MS and our systems. We find that the MaxEnt RS models improve trand ation
quality in two ways.

Better Phrase reordering
Since the SCFG rules which contain nonterminal's can capture reordering of phrases, better rule
selection will produce better phrase reordering.

Table 13 shows trandation exampl es of test sentencesin Case 3 in MS and our systems, our
system gets better result than MS system in phrase reordering.
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Better Lexical Trandation

The MaxEnt RS models can also help the decoder perform better lexical translation than
M Ssystem. This is because the SCFG rules contain terminals. When the decoder selects a
rule for a source-side, it also determines the translations of the source terminals. The
examples of our system get better result than MS system in lexical translation shown in
the underlined parts of Table 13.

The advantage of the proposed method arises from the translation model based on the
logical structure of a legal sentence where the decoder searches over shortened inputs.
Because we use the logical structure of a legal sentence to split sentence, the split
sentence reserves its structure and the average length of split sentence is much smaller
than those of no split sentence. They are expected to help realize an efficient statistical
machine translation search.

The syntax features and lexical features of non-terminals are the useful features since
they canbe generalized over al training examples. However, the lexical features around
non-terminals also yield improvement because translation rules contain terminals (words
or phrases), nonterminals and structural information. Terminals indicate lexical
trandation, and non-terminal and structural information can capture short or long-
distance reordering. Therefore, rich lexical and contextual information can help decoder
capture reordering of phrases. Since the rules which contain non-terminals can capture
reordering of phrases, better rule selection will produce better phrase reordering. The
Maximum entropy models can also help the decoder perform better lexical translation
than the baseline. This is because the rules contain terminals, when the decoder selects a
rule for a source side, it also determines the translations of the source terminals.

5. CONCLUSION AND FUTURE WORK

We show in this paper that translating legal sentence by segmentation and rule selection
can help improving legal translation. We divided a legal sentence based on its logical
structure and applying the split sentence into rule selection. We use rich linguistic and
contextual information for both non-terminals and terminals and integrate them into
maximum entropy-based ruleselection to solve each ambiguous rule among the
translation rules to help decoder know which rules are suitable. Experiment shows that
this approach to legal translation achieves improvements over tree-based SMT (Moses-
chart) and Moses systems.

In the future, we will investigate more sophisticated features to improve legal
sentencesegmentation and the maximum entropy-based rule selection model. We will
apply our proposed method into training and test the performance on a large scale corpus.
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