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Abstract

Weintroduce (1) anovel stochasticinversiontrans-
duction grammar formalism for bilingual language
modeling of sentence-pairs, and (2) the concept
of bilingual parsing with potentia application to
avariety of paralldl corpus analysis problems. The
formalism combines three tactics against the con-
straintsthat render finite-state transducers less use-
ful: it skips directly to a context-free rather than
finite-state base, it permits a minimal extra degree
of ordering flexibility, and itsprobabilisticformula-
tion admits an efficient maximum-likelihood bilin-
gua parsing algorithm. A convenient normal form
isshown to exist, and we discuss anumber of exam-
ples of how stochastic inversion transduction gram-
mars bring bilingual constraintsto bear upon prob-
lematic corpus analysistasks.

1 Introduction

We introduce a generd formalism for modeling of bilingual
sentence pairs, known as an inversion transduction grammar,
with potential applicationin avariety of corpusanalysisareas.
Transducer models, especialy of the finite-state family, have
long been known. However, finite-state transducers impose
identical ordering constraints upon both streams, confining
their applicability to NLP tasks to narrowly restricted do-
mains outside of which transduction has received relatively
little attention. The inversion transduction grammar formal-
ism skipsdirectly to acontext-freerather than finite-state base
and permits one extradegree of ordering flexibility, whilere-
taining propertiesnecessary for efficient computation, thereby
sidestepping the limitations of traditional transducers.

In tandem with the concept of bilingual language model-
ing, we propose the concept of bilingual parsing, where the
input isasentence-pair rather than a sentence. Though inver-
sion transduction grammars remain inadequate as full-fledged
trandation models, bilingual parsing with simple inversion
transduction grammars turns out to be very useful for parallel
corpus analysis when the true grammar is not fully known.
Paralld bilingual corpora have been shown to provide arich
source of constraintsfor statistical analysis (e.g., Brownet al.
1990; Gale & Church 1991; Gale et al. 1992; Church 1993;
Brown et al. 1993; Dagan et al. 1993; Fung & Church 1994,
Wu & Xia1994; Fung & McKeown 1994). The primary pur-

pose of bilingua parsing with inversion transduction gram-
marsis not to flag ungrammatical inputs; rather theaim isto
extract structure from the input data which is assumed to be
grammatical, in kindred spirit with robust parsing. Sample
applications to segmentation, bracketing, phrasal alignment,
and parsing are surveyed later in this paper. The formal-
ism’s uniform integration of various types of bracketing and
alignment constraintsis one of itschief strengths.

We begin below by laying out the basic formalism, then
show that reduction to anormal formispossible. Afterwards
we introduce a stochastic version and give an algorithm for
finding the optimal bilingual parse of a sentence-pair. The
formalism is independent of the languages; we give exam-
plesand applicationsusing Chinese and English, because lan-
guagesfromdifferent families provideamorerigoroustesting
ground.

2 Inversion Transduction Grammars

As a stepping stone to inversion transduction grammarss,
we first consider what a symmetric context-free transduction
grammar (CFTG) would look like. The utility of finite-state
transducers is well-known for narrow tasks such as nominal,
number, and tempora phrase normalization, text-to-speech
conversion, and analysis of inflectional morphology (Gazdar
& Mélish 1989), but for general corpus analysis FSTs are
inadequate.

By transduction wemean that two output streamsare gener-
ated, onefor each language. (Transducers are often presented
as having one input and one output stream, but this view
works better for deterministic finite-state machines than for
the non-deterministic models we are using here. Moreover
for our application the two languages role is symmetric.)
In a CFTG, every termina symbol is marked for a partic-
ular output stream. Thus, each rewrite rule emits not one
but two streams. For example, a rewrite rule of the form
A — Bzyy,C'z; meansthat theterminal symbolsz and = are
symbols of the language L, emitted on stream 1, while y is
asymbol of the language L, emitted on stream 2. It follows
that every nonterminal standsfor aclass of derivablesubstring
pairs.

We can use a CFTG to modd the generation of bilingual
sentence pairs. Asamnemonic convention, we usually usethe
aternative notation A — B z/y C z /¢ to associate matching
output tokens. Though this additional information has no
forma generative effect, it reminds us that z/y must be a



@ S — [SPStop
P - [NPVP] | INPVV] | [NPV]
PP — [PrepNP
NP  — [DetNN]J|[DetN] | [Pro] | [NPConj NP]
NN — [AN]|[NNPP]
VP — [AuxVP]|[AuxVV]|[VV PP
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Conj — and/f
Aux —  will/i§&
Cop — bee
Stop — /s
() VP — (VVPP)

Figure 1: (a) A context-free transduction grammar. (b) An
inverted-orientation production.

valid entry in the trandation lexicon. We cal a matched
terminal symbol pair such as z/y a couple. The null symbol
¢ means that no output token is generated. We call z/¢ an
Li-singleton, and ¢/y an L,-singleton.

Consider the simple context-free transduction grammar
fragment shown in Figure 1(a). (It will become apparent
below why we explicitly include brackets around right-hand
sides contai ning nonterminal s, which are usually omitted with
standard CFGs.) The transduction grammar can generate, for
instance, the following pair of English and Chinese sentences
in trandation:

(1) al[ll[The [Financial Secretary]nn Ine and [llne Ine
[Wi” [be accountable]vv ]Vp]sp Ao
b. [[[[[#E & ]nn Ine FT [F]ne Ine [HE [EE ]V Ve
Ise /o 1s
Notice that each nonterminal derives two substrings, one in
each language. The two substrings are counterparts of each
other. Infact, itisnatural to writethe parse treestogether:

(2) [[[[Thele [Financia/Bf ¥ Secretary/l]nn Ine and/Al
[1/3]np Ine [Will/i4 & [bele accountable/& & vy Jvp

lep /o Is

Of course, in general context-free transduction grammars
are not very useful, precisely because they require the two
languages to share exactly the same grammatical structure
(modulo those distinctions that can be handled with lexical
singletons). For example, the following sentence pair from
our corpus cannot be generated:

(3) a The Authority will be accountable to the Financia
Secretary.
b. EHEGEHMMEFEAR.

To make transduction grammars truly useful for bilingual
tasks, we must escape therigid parallel ordering constraint of
context-free transduction grammars. At the same time, any
relaxation of constraints must be traded off against increases
in the computational complexity of parsing, which may eas-
ily become exponential. The key is to make the relaxation

reaidively IToucsl bul sl fididie a wide raige ol Oracting
variations.

The inversion transduction grammar (ITG) formalism only
minimally extends the generative power of a context-free
transduction grammar, yet turns out to be surprisingly effec-
tive. The productions of an inversion transduction grammar
are interpreted just as in a context-free transduction gram-
mar, except that two possible orientations are allowed. Pure
context-free transduction grammars have theimplicit charac-
teristic that for both output streams, the symbols generated
by the right-hand side constituents of a production are con-
catenated in the same |eft-to-right order. Inversion transduc-
tion grammars also alow such productions, which are said
to have straight orientation. In addition, however, inversion
transduction grammars allow productions with inverted ori-
entation, which generate output for stream 2 by emitting the
constituents on a production’s right-hand side in right-to-1 eft
order. We indicate a production’s orientation with explicit
notation for the two varieties of concatenation operators on
string-pairs. The operator [] performs the “usua” pairwise
concatenation so that [AB] yields the string-pair (C1, C2)
where ¢y, = A1 B; and C2 = Ay By. But the operator ()
concatenates constituents on output stream 1 whilereversing
themon stream 2, sothat Cy = A, B; but Cy = By A5, Since
inversionis permitted at any level of rule expansion, aderiva
tion may intermix productionsof either orientation withinthe
parsetree. For example, if theinverted-orientationproduction
of Figure 1(b) isadded to the earlier context-free transduction
grammar, sentence-pair (3) can then be generated asfollows:

(4) a [[[The Authority]ne [will [[be accountable]yy [to
[the [[Financia Secretary]nn Innn Ine Jee Jve Jve

lse 1o s
b. [EER]ne [FE [[I7 [T & Inn Inn Ine Jep

[B&]w]velvelse /o s

We can show the common structure of the two sentences
more clearly and compactly with the aid of the () notation:

(5) [[[Thele Authority/E 8 R ne [WillllGE ([bele
accountable/& & vy [to/iE] [the/e [[Financial/Bf
Secretary/®}Inn Innn Ine 1ee Jve lve lse o s

Alternatively, agraphical parse tree notation is shownin Fig-
ure 2, where the () level of bracketing is indicated by a hor-
izonta line. The Englishisread in the usua depth-first left-
to-right order, but for the Chinese, a horizontal linemeansthe
right subtree istraversed before the | ft.

Parsing, inthe case of an 1 TG, means building matched con-
stituents for input sentence-pairs rather than sentences. This
means that the adjacency constraints given by the nested lev-
els must be obeyed in the bracketings of both languages. The
result of the parse yields labelled bracketings for both sen-
tences, as well as a bracket alignment indicating the parallel
constituents between the sentences. The constituent aign-
ment includes aword alignment as a byproduct.

! The expressivenessof CFTGs is equivalent to pushdown trans-
ducers(Savitch 1982). ITGsare of greater expressivenessand can be
seenin terms of syntax-directed transduction (Lewis & Stearns1968)
but thisview istoo general to be of much help. Also notethat parsing
is bilingual with ITGs, whereas the pushdown and syntax-directed
transduction frameworks are designed for monolingual parsing in
tandem with generation.
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Figure 2: Inversion transduction parse tree.

Clearly, the nonterminals of an ITG must be chosen in a
somewhat different manner than for a monolingual grammar,
since they must simultaneously account for syntactic patterns
of both languages. Moreover, certain phenomenawith under-
lying structure that is not context-free—particularly, elipsis
and coordination—fall outside the expressiveness of ITGs if
the surface structures of the two languages do not parallée
each other. Nevertheless, a wide range of ordering variation
between the languages can be accommodated by appropriate
decomposition of productions (and thus constituents), in con-
juctionwithintroductionof new auxiliary nonterminalswhere
needed. In fact ITGs can generate all 34 possible aignments
between subsequences of length 3, and 207 out of the 209
possible alignments between length 4 subsequences.? Messy
alignments such as that in Figure 3 can be handled by inter-
leaving orientations:

(6) [((WherefiE# is/fe) [[thele (Secretary/®l [of/e
Finance/ B4 E¢])] (when/B needed/ G E)]) 77

We stress again that the primary purpose of 1TGs is robust
analysisrather than grammaticality determination, and there-
fore writing grammars is made much easier since the gram-
mars can be minimal and very leaky. We consider elsewhere
an extreme specia case of lesky ITGs, inversion-invariant
transduction grammars, in which all productions occur with
both orientations (Wu 1995a). As the applications below
demonstrate, the bilingual lexical constraints carry grester
importance than the tightness of the grammar.

2Seealso Section 7. Theanalysisof ordering flexibility isomitted
for spacereasons, but is given elsewhere (Wu 1995b).

3 A Normal Form for ITGs

We show here that every inversion transduction grammar can
be expressed as an equivalent grammar in anormal form that
simplifies algorithms and analyses on ITGs. In particular,
the parsing a gorithm of the next section operates on ITGs in
norma form. Thelemmas' proofs are omitted.

Lemmal For any inversion transduction grammar G, there
existsan equivalent inversion transduction grammar G’ where
T(G) =T(G"), such that:

1 Ife € L1(G) ande € Ly(G), then G’ containsa single
production of the form S’ — ¢/¢, where S’ is the start
symbol of G’ and does not appear on theright-handside
of any production of G/;

2. ese G’ containsno productionsof theform A — ¢/e.

Lemma?2 For any inversion transduction grammar G, there
existsan equivalent inversion transduction grammar G’ where
T(G) = T(G"), T(G) = T(G"), suchthat theright-hand side
of any production of G’ containseither a singleterminal -pair
or alist of nonterminals.

Lemma 3 For any inversion transduction grammar G, there
existsan equivalent inversion transduction grammar G’ where
T(G) = T(G"), suchthat G’ doesnot contain any productions
of theform A — B.

Theorem 1 For anyinversiontransductiongrammar GG, there
exists an equivalent inversion transduction grammar G’ in
which every production takes one of the following forms:

S — /e A — zfe A — [BC(C]
A — zfy A — ¢y A — (BCO)
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Finance
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Figure 3: A permissible complex aignment.

Proof By Lemmas 1,2, and 3, we may assume G contains
only productionsof theform S — ¢/e, A — z/y, A — z /e,
A — G/y, A — [Ble], A — <BlBQ>, A — [Bl Bn],
and A — (B;...B,) wheren > 3. Includein G’ al pro-
ductions of the first six types. The remaining two types are
transformed as follows.

For each production of theform A — [B; ...B,] wein-
troduce new nonterminals X ... X,_o in order to replace
the production with the set of rules A — [B1X;], X1 —
[B2Xs],...,Xn—g — [Bn_2Xn_3],Xn_2 — [Bn_1Bx].
Let (E,C) be any string-pair derivable from A —
[B: ...B,],where E isoutput on stream 1 and C' on stream 2.
Define £ asthesubstring of £ derived from B;, and similarly
defineC?. Then X; generates(E+! ... gn Ci+1...Cn) for
al 1 < i < n, sothenew production A — [B1X] aso gen-
erates (£, ). No additiona string-pairs are generated due
to the new productions (since each X; isonly reachable from
X;_1 and X isonly reachable from A).

For each production of theform A — (B, ... B,) were-
placetheproductionwiththesetof rules A — (B; X, ), X1 —
(BaXs),..., Xn_3 — (Bn_2Xn_2), Xn_2 — (Bn_1By).
Let (E,C) be any string-pair derivable from A —
(B ...By), where E isoutput on stream 1 and C' on stream
2. Again define £ and C' as the substrings derived from the
B;, butinthiscase (E,C) = (E'---E™ ,C™---C"). Then
Y; generates (£t .. Er it CYfordl 1 < i< n,
so the new production A — (B;Y;) dso generates (£, C).
Again no additiond string-pairs are generated due to the new
productions. O

Henceforth al transduction grammars will be assumed to
beinnorma form.

4 Stochastic Inversion Transduction
Grammars

In a stochastic ITG (SITG), a probability is associated with
each rewrite rule. For example, the probability of the rule

NN 22 [A N] isann_any = 0.4. The probability of alexica
rue A “2' 2/y is ba(z,y) = 0.001. Let Wy, W5 be the
vocabulary sizes of the two languages, and V' be the set of

nonterminalswithindices1,... , N. Thenforevery 1 < <
N, the production probabilities are subject to the constraint

that
Z (@imfir) + @imgin)) + Z bi(z,y) =1
1<j k<N 1<o< W,
1293Ws

We now introduce an agorithm for parsing with stochas-
tic ITGs, that computes an optimal parse given a sentence-

pair using dynamic programming (DP). In bilingua parsing,
just as with ordinary monolingual parsing, probabilizing the
grammar permits ambiguities to be resolved by choosing the
maximum likelihood parse. Our algorithmissimilar in spirit
to the recognition algorithm for HMMs (Viterbi 1967) and to
chart parsers (Earley 1970).

Let the input English sentence be e;,...,epr and the
corresponding input Chinese sentence be ¢;,...,cy. AS
an abbreviation we write e, ; for the sequence of words
€+1,642,-..,€, and smilarly for ¢, ,. It isconvenient
to use a 4-tuple of the form q = (s, ¢, u, v) to identify each
node of the parsetree, wherethe substringse; ; and c,, ., both
derivefrom the node q. Denote the nonterminal label on ¢ by
£(q). Then for any node ¢ = (s, t,u,v), define

8g(1) = bspun(i) =
max P[subtreeof ¢, ¢(q) =i, = €.¢/Cu u]
subtrees of ¢
as the maximum probability of any derivation from ¢ that
successfully parses both e; ; and ¢, ,. Then the best parse
of the sentence pair has probability 6o 7.0,v(S).

The agorithm computes 6 7 0,v(S) using the following
recurrences. Note that we generalize argmax to the case
where maximization ranges over multipleindices, by making
it vector-valued. Alsonotethat [] and () aresimply constants,
written mnemonically. The condition (S — s)(t — .S) 4+ (U —
u)(v —U) # 0 isaway to specify that the substring in one
but not both languages may be split into an empty string ¢ and
the substring itself; this ensures that the recursion terminates,
but permitswordsthat have no match in the other language to
map to an ¢ instead.

1. Initialization

brnemial) = b@/a) ZLET
foreenl) = We/a,  SLEY
Situ—10(i) = bi(e/Cy), ?;iég
1<i<N
2.Recursion For al i,s,t,u,v such that{ eI
t—st+v—u>2

Ssrun(i) = max([sl),, (i), 8%, (9)]
; fé[tu’u > 6‘511“1
Botun(i) - = { %% IothierW|(se) ¥
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6£1uu(l) = 12325\, al—>[jk] 6sSuU(j) 6Sth(k)
1<k<N
s<S5<t
u<U<vw

(S=8)(1=$)F(U—u)(v=U)0

= argmax a;_[j] 6ssuv(J) Osivv (k)
1<j<N
158N
s<S<t
u<U<v
(S—8)(1=8)F(U-u)(v-U)0
50

stuv(i) = max al—r(]k) 6sSUv(j) 6StuU(k)

1<j<N

1<k<N

<5<t

u<U<v
(5=8)(t=$)H(U=u)(v=U)%0

(, = argmax a;_. (jx) 655U (J) Osturr (k)
wn (D) 1<G<N
) 1<Kk<N
( s<5<t
u<U<wv

(5—9)(1=8)H(U—u)(v~U)20

3. Reconstruction Initiaize by setting the root of the parse
treetoq; = (0,7,0,V) and itsnontermina label to £(¢1) =
S. The remaining descendants in the optimal parse tree are
then given recursively for any ¢ = (s, ¢, u, v) by:

LEFT(q) =
NIL if t—stv—u<2
{ (s, 00 (¢(q)), u, v (€(a))) i 0,(6(q)) = []
(5,08 (0()), v (4(0)))  F0,((q)) = ()
RIGHT(q) =
NIL if t—s+v—u<2
{( <f<q>>,t,vq<<q>>,) if 0,(¢()) = []
(o} ((a)),t,u, v ((g))) iF6,(6(0)) = ()

ULEFT(q)) = 15U (4(q))
URIGHT(q)) = rha“(@)(¢(q))

The time complexity of this algorithm in the general case is
O(N3T3V3) where N isthe number of distinct nonterminals
and 7' and V' are the lengths of the two sentences. This is
afactor of V2 more than monolingual chart parsing, but has
turned out to remain quite practical for corpusanaysis, where
parsing need not be real-time.

5 Applications. Trandation-Driven
Segmentation

Segmentation of the input sentences is an important step in
preparing bilingual corpora for various learning procedures.
Different languages realize the same concept using varying
numbers of words; a single English word may surface as
a compound in French. This complicates the problem of
matching the words between a sentence pair, since it means
that compounds or collocations must sometimes be treated as

1exiCd uriits. 1 he ralaalon 1exiCor 15 asaditicu 10 COritdri
collocation trandations to facilitate such multi-word match-
ings. However, the input sentences do not come broken into
appropriately matching chunks, so it is up to the parser to
decide when to bresk up potential collocationsinto individual
words.

The problem is particularly acute for English and Chinese
because word boundaries are not orthographically marked in
Chinese text, so not even a default chunking exists, upon
which word matchings could be postulated. (Sentences (2)
and (2) demonstrate why the obvious trick of taking sin-
gle characters as words is not a workable strategy.) The
usual Chinese NLP architecture first preprocesses input text
through a word segmentation module (Chiang et al. 1992;
Chang & Chen 1993; Lin et al. 1993; Wu & Tseng 1993;
Sproat et al. 1994; Wu & Fung 1994), but clearly bilingua
parsing will be hampered by any errors arising from segmen-
tation ambiguities that could not be resolved in the isolated
monolingual context because even if the Chinese segmenta
tion is acceptable monolingualy, it may not agree with the
words present in the English sentence. Matters are made still
worse by unpredictable omissions in the trandation lexicon,
even for valid compounds.

We therefore extend the algorithm to optimize the Chinese
sentence segmentationin conjunctionwiththe bracketing pro-
cess. Notethat the notion of a Chinese“word” isalongstand-
ing linguistic question, that our present notion of segmentation
doesnot address. We adhere here to apurely task-driven defi-
nition of what a correct “segmentation” is, namely that longer
segments are desirable only when no compositiond transla
tion is possible. The agorithm is modified to include the
following computations, and remains the same otherwise:

1. Initialization

. 0<s<t<LT
Sorun (i) = bi(es. 1/Cuv), 0<u<v<V
2. Recursion
6stuv(i) == maX[éguu(i), 6§%uv( )7 6gtuu( )]

[ 1 852y (8) > 800, (1)
and 6511“)( ) > 6gtuv()

if 850, (1) > 611 (0)
and (Ssiuv( ) > 6sotuv()

gstuv(i) = <>

0 otherwise
3. Reconstruction

LEFT(q) =
NIL if t—s+v—u<2
(5,00 (U(q)),u, v (4(q))) if 0,((q)) =[]
(5,09 (£(q)), v (4()))  iF 0,06(0)) = ()
NIL otherwise

RIGHT(q) =
NIL if t—stv—u<2
(e (0(9),t, v (0(9)), v) i 6,(0(q)) =]
(78 (g)). 1w, 0 (€(g))) i 6,(¢(q)) = ()
NIL otherwise




11T OUl eEXpericrice s Imetnod ras Pproverl exurericly clici-
tive for avoiding missegmentation pitfalls, essentially erring
only in pathological cases involving coordination construc-
tions or lexicon coverage inadequacies. The method is also
straightforward to employ in tandem with other applications
such as those bel ow.

6 Applications. Bracketing

Bracketing is another intermediate corpus annotation, useful
especialy when afull-coverage grammar with which to parse
acorpus is unavailable (for Chinese, an even more common
situation than with English). Aside from purely linguistic
interest, bracket structure has been empirically shown to be
highly effective at constraining subsequent training of, for ex-
ample, stochastic context-free grammars (Pereira & Schabes
1992; Black et al. 1993). Previous algorithms for automatic
bracketing operate on monolingual texts and hence require
more grammatical constraints; for example, tacticsemploying
mutual information have been applied to tagged text (Mager-
man & Marcus 1990).

Our method based on SITGs operates on the novel prin-
ciplethat lexical correspondences between parallel sentences
yields information from which partial bracketings for both
sentences can be extracted. The assumption that no grammar
is available means that constituent categories are not differ-
entiated. Instead, a generic bracketing inversion transduction
grammar isemployed, containing only one nontermina sym-
bol, A, which rewrites either recursively asapair of A'sor as
asingletermina-pair:

A % [AA]

A 2 (AA)

A M w/v;  fordli,jlexica trandations
A Y /e fordliEnglishvocabulary
A 2 ¢/v;  fordl j Chinesevocabulary

Longer productionswith fanout > 2 are not needed; we show
in (Wu 1995g) that this minimal transduction grammar in
normal formisgeneratively equivaent to any reasonable I TG
for bracketing. Moreover, we aso show how postprocessing
using rotation and flattening operations restores the fanout
flexibility so that an output bracketing can hold more than
two immediate constituents, as shown in Figure 4.

The b;; distribution actually encodes the English-Chinese
trandation lexicon. We have been using a lexicon that was
automatically learned from the HKUST English-Chinese Par-
alel Bilingua Corpus viastatistical sentence alignment (Wu
1994) and statistical Chinese word and collocation extraction
(Fung & Wu 1994; Wu & Fung 1994), followed by an EM
word-trandation learning procedure (Wu & Xia 1994). The
latter stage gives us the b;; probabilities directly. For the
two singleton productions, which permit any word in either
sentence to be unmatched, a small e-constant can be chosen
for the probabilities ;. and b.;, so that the optimal brack-
eting resorts to these productions only when it is otherwise
impossibleto match words.

An experiment was carried out as follows. Approximately
2,000 sentence-pairs with both English and Chinese lengths
of 30 wordsor lesswere extracted from our corpusand brack-
eted using the algorithm described. Several additional criteria
were used tofilter out unsuitablesentence-pairs. If thelengths

Or e pall O SEet1Ces differed Dy Mmorce tlidai a .1 1dlo, e
pair was rejected; such adifferenceusually arises astheresult
of an earlier error in automati c sentence alignment. Sentences
contai ning morethan oneword absent fromthetransl ationlex-
iconwere al so rejected; the bracketing method is not intended
to be robust against lexicon inadequacies. We aso rejected
sentence pairs with fewer than two matching words, since
this gives the bracketing algorithm no discriminative lever-
age; such pairs accounted for less than 2% of the input data.
A random sample of the bracketed sentence pairs was then
drawn, and the bracket precision was computed under each
criterion for correctness. Examples are shown in Figure 4.

The bracket precisionwas 80.4% for the English sentences,
and 78.4% for the Chinese sentences, as judged against man-
ual bracketings. Inspection showed theerrorsto beduelargely
to imperfections of our trandation lexicon, which contains
approximately 6,500 English wordsand 5,500 Chinese words
with about 86% trandation accuracy (Wu & Xia1994), so a
better lexicon should yield substantial performance improve-
ment. Moreover, if the resources for a good monolingual
part-of-speech or grammar-based bracketer such as that of
Magerman & Marcus (1990) are avail abl e, itsoutput can read-
ily beincorporated in complementary fashion as discussed in
Section 8.

7 Applications: Phrasal Alignment

Phrasal Alignment The parsing algorithm can be used to
identify phrasal trandlations within sentence pairs. This is
useful especially where the phrases in the two languages are
not compositiona ly derivable sol ey from obviouswordtrans-
lations, such as [have acquired/e ¢/Z2%] new/#H; skills/§%AE]
in Figure 4. This principle applies to nested structures also,
such as ([ /89T who/ A ] [ have acquired/e e/ %] new/Hi
skills/#%5E 1), on up to the sentence level. These examples
were found using the minimal bracketing transduction gram-
mar, arelatively wesk strategy; we evaluated the precision at
72.5%, which isuseful but rather low. Higher precision could
be achieved without great effort by employing asmall number
of broad nonterminal categories.

Word Alignment Under the ITG model, word aignment
becomes simply the special case of phrasa aignment at the
parse tree leaves. However, this gives us an interesting a-
ternative perspective, from the standpoint of agorithms that
match the words between paralldl sentences. By themselves
wordaignmentsareof littleuse, but they provide potential an-
chor pointsfor other applications, or for subsequent learning
stages to acquire more interesting structures.

Word alignment is difficult because correct matchings are
not usualy linearly ordered, i.e, there are crossings. Without
some additiona constraints, any word position in the source
sentence can be matched to any positionin thetarget sentence,
an assumption which leads to high error rates. More sophisti-
cated word alignment algorithms therefore attempt to model
theintuitionthat proximate constituentsin close rel ationships
in one language remain proximate in the other. The later
IBM models are formulated to prefer collocations (Brown
et al. 1993). In the case of word_align (Dagan et al. 1993;
Dagan & Church 1994), a pendlty is imposed according to
the deviation from an ideal matching, as constructed by linear



monetary/ 4l stability/fS;€ in the yearsto come/e]) /. |

[TheseliEE % arrangementsZ HF willle ¢/m] enhance/fn5E our/FR{MT ([/fg ability/FE /1] [tole /H#E maintain/ZEF

Thele Authority/Z = will/#% & ([bele accountable/& &] [to thele e/Ta] Financia/Bf e Secretary/w]]) /. ]

They/f0 7 { arele right/iE#E /% tole do/fi e/3E#: sole )

7]

e/ taent/ AA ] /s

([ Evene more/s important/= & | [,/ however/TH ]y [/e /f9, iSE to make the very best of our/e (/E &G oWnVAE |

/5]

[173% hopele e/<>ZE employers/{g T will/& make full/e /7273 & use/TH [of/e those/REE] ({[e/BI T who/ A] [have acquired/e
/2% new/Fi skillg#55E ) [through/iE i this/iE {# programme/zHEl]) /o

(177 have/ & <> at/e Tength/=F2H { on/e how/E R welFR{M e/z83E) [can/mI L] boost/e /{EHE our/A i /i prosperity/ZEEg] ||

Figure 4: Bracketing output examples. (<> = unrecognized input token.)

interpolation.?

From this point of view, the proposed techniqueis a word
alignment method that imposes a more redlistic distortion
penalty. The tree structure reflects the assumption that cross-
ingsshould not be penalized aslong asthey are consistent with
congtituent structure. Figure5 givestheoretical upper bounds
on the matching flexibility as the lengths of the sequences
increase, where the constituent structure constraints are re-
flected by high flexibility up to m = 4 and a rapid dropoff
thereafter.® In other words, ITGs appeal to a language uni-
versals hypothesis, that the core arguments of frames, which
exhibit great ordering variation between languages, are rel-
atively few and surface in syntactic proximity. Of course
this assumption over-simplistically blends syntactic and se-
mantic notions. That semantic frames for different languages
sharecommon coreargumentsismore plausi blethan syntactic
frames. In effect we are relying on the tendency of syntactic
argumentsto correl ate closely with semantics. If in particular
cases this assumption does not hold, however, the damage is
not too gresat in that the model will simply drop the offending
word matchings (dropping as few as possible).

In experiments with the minimal bracketing transduction
grammar, thelarge majority of errorsinword alignment were
caused by two outside factors. First, word matchings can
be overlooked ssimply due to deficiencies in our trandation
lexicon. This accounted for approximately 42% of the er-
rors. Second, sentences containing non-litera trandations
obviously cannot be aligned down to the word level. This
accounted for another approximate 50% of the errors. Ex-
cluding these two types of errors, accuracy on word aign-
ment was 96.3%. In other words, the tree-structure constraint
is strong enough to prevent most false matches, but almost
never inhibitscorrect word matches when they exist.

8 Applications: Bilingual Constraint Transfer

Monolingual Parse Tree A parse may be available for one
of the languages, especially for well-studied languages such
asEnglish. Sincethiseliminatesall degrees of freedom inthe
English sentence structure, the parse of the Chinese sentence
must conform with that given for the English. Knowledge
of English bracketing is thus used to help parse the Chinese
sentence; thismethod facilitatesakind of transfer of grammat-

?Direct comparisonwith word_align should be avoided, however,
since it is intended to work on corpora whose sentences are not
aligned.

ical expertise in onelanguage toward bootstrapping grammar
acquisitionin another.

A parsing agorithm for this case can be implemented very
efficiently. Note that the English parse tree aready deter-
minesthe split point .S for breaking ey 7 into two constituent
subtrees deriving ey, s and es. 7 respectively, as well as the
nonterminal labels j and & for each subtree. The same then
appliesrecursively to each subtree. We indicate thisby turn-
ing S, j, and k into deterministic functions on the English
constituents, writing Ss:, js:, and ks to denotethe split point
and the subtree labelsfor any constituent e, ;. The following
simplifications can then be made to the parsing agorithm:

2.Recursion For all English constituentse; ; andal 7, u, v
1<i<N
such that {OSE<71§V

[ G) = ist) 8 k
63tuu(l) ugl[?}é az—»[J 1ksi] 65,SS¢,U,U(]st) Sst,t,U,v( st)
[l

U.stuu(i) = argmaX(SS,Sst,U;U(jSt) 6Sst,f,U7’U(k3t)

u<U<v
6,§)tuv(l) ugl[?)é al—><] tkst) 63,531,U,v(jst) 6Sst,t,u,U(kst)
Vi (1) = argmaxy s.,,0,0(ist) 8.0,t,0,0(kst)

u<U<v

3. Reconstruction

_ [ 5.Sun, vq Je()) it 0,(6(0)) = []
LeTl) = {( Sl () it 6,(0(0)) = {
RGHT(y) = {w,t,vq((q))w) i 6,(¢(q)) = []
(Setstyu, ol (U))) i 8,(£(q)) = ()
LLEFT(q)) = Jst
URIGHT(q)) = ks

The time complexity for this constrained version of the algo-
rithm dropsfrom O(N373V?3) to O(TV?).

Partial Parse Trees A more redistic in-between scenario
occurs when partial parse information is available for one
or both of the languages. Specia cases of particular interest
includeapplicationswhere bracketing or word alignment con-
straintsmay be derived from external sourcesbeforehand. For



m 1 2 3 4 5 6

7 8 9 10 11 12

% | 100 100

100 99.04 9483 8607 7335 5851 4370 3062 20.18

12.55

Figure 5: Proportion of alignment configurations generable by 1 TGs between length-m sequences.

example, a broad-coverage English bracketer may be avail-
able. If such constraints are rdliable, it would be wasteful to
ignore them.

A straightforward extension to the original algorithm in-
hibits hypotheses that are inconsistent with given constraints.
Any entries in the DP table corresponding to illegal sub-
hypotheses—i .e., those that would violate the given bracket-
nesting or word-aignment conditions—are pre-assigned neg-
ative infinity values during initialization indicating impossi-
bility. During the DP phase, computation of these entriesis
skipped. Sincetheir probabilitiesremain impossiblethrough-
out, the illegal sub-hypotheses will never participate in any
ML bi-bracketing. The running time reduction in this case
depends heavily on the domain. We have found this strategy
to be useful for incorporating punctuation constraints.

9 Conclusion

The twin concepts of bilingual language modeling and bilin-
gua parsing have been proposed. We have introduced a new
formalism, theinversion transduction grammar, and surveyed
a variety of its gpplications to extracting linguistic informa
tion from parallel corpora. Its amenability to stochastic for-
mul ation, useful flexibility withleaky and minimal grammars,
and tractability for practical applicationsare desirable proper-
ties. Varioustasks such as segmentation, word alignment and
bracket annotation are naturally incorporated as subproblems,
and ahigh degree of compatibility with conventional monolin-
gual methodsisretained. In conjunction with automatic pro-
cedures for learning word trandation lexicons, SITGs bring
relatively underexploited bilingual constraints to bear on the
task of extracting linguistic information for languages less
well-studied than English.

A current direction is to investigate automatic training of
SITGs. We derivein Wu (1995c¢) an EM-based re-estimation
method for SITGs, and describe preliminary experiments.
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