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Abstract. We study automata for capturing the transformations in prac tical
natural language processing systems, especially those thatranslate between human
languages. For several variations of nite-state string an d tree transducers, we survey
answers to formal questions about their expressiveness, madularity, teachability, and
generalization. We conclude that no formal device yet captu res everything that is
desirable, and we point to future research.
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1. Introduction

Many problems in natural language processing (NLP) consisbf trans-
forming one string (or structure) into another. These include trans-
lation, summarization, question answering, speech recogtion, speech
synthesis, semantic interpretation, and language generan. Mapping
inputs to their proper outputs amounts to capturing a mathem atical
relation, i.e, capturing a possibly in nite set of input/ou tput pairs.
Given such a relation, we can ask the question: for input x, wiht is the
set Y of all possible outputs? Due to incomplete knowledge abut these
complex domains, we usually need to reason under uncertaipt so we
often add numerical weights to the relation. We then ask: forinput x,
what is the highest-scoring output y?

In a case like machine translation, the relation is in nite. We cannot
capture it just by creating a nite list of sentence pairs <x,y> that are
acceptable translations. Automata theory provides numerais frame-
works and formalisms for concisely capturing such in nite relations.
NLP practitioners are frequently interested in making use d standard
automata, in order to exploit their formal properties and associated
(e cient) algorithms. Of course, they only want to do thisto the extent
that the formalism is a good t for the problem they are workin g on.
In this paper we look at some desirable properties of automat, from
an NLP and machine translation perspective, and investigaé whether
the properties hold or not, across a range of formalisms. In articular,
we look at:

Expressiveness: can we can express the required linguistkmowl-
edge in the formalism?
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Modularity: can we break a complex problem down into pieces,
model those pieces, and assemble them into a solution?

Inclusiveness: in moving from simpler to more expressive fmalisms,
do we lose the ability to express the simpler things?

Teachability: can linguistic knowledge be obtained e ciently from
sample input/output pairs?

For each of these broad topics, we select a single speci c, pvable
formal property to investigate. Because we want to bridge béveen
automata theory and NLP practice, we have written this paper in a
style accessible to both. We conclude with some open issues tonsider.

2. String transducers

This section gives an overview of string transducers for NLP For a
fuller overview, see (Mohri et al., 2000).

A nite-state string transducer (FST) proceeds through its input
string from left to right in discrete steps. At each step, sone number of
input-string symbols (possibly zero) are consumed, and somnhumber
of output-string symbols (possibly zero) are emitted. In addition, each
step takes the machine from one state to another. A string pai < x,y>
is considered an element of the FST's modeled relation if thenachine
(1) begins in some designated start state, (2) after a seriesf steps
consumes all of input string x, (3) emits string y as a result ¢ those
same steps, and (4) ends in some desighated nal state. Becae FSTs
are non-deterministic, a given input string may map to many outputs.

An FST can be dened as a 6-tuple <Q; ; ;q;fo;P>, where
Q is a nite set of states, is an alphabet of input symbaols, is
an alphabet of output symbols, p is a distinguished initial state, fg
is a distinguished nal state, and P is a set of transitions which are
themselves 4-tuples. A transition like <q, r, A, BC> allows the FST,
when in state g, to consume symbol A, emit symbols B and C, and
move to state r.

There are several variations for the transition map. Drawing transi-
tions from Q x Q X X means that a single transition step can
consume zero or more symbols and emit zero or more symbols. Eh
choice provides exibility, and in addition, it admits a use ful normal
foomQx Qx( [ )x( [ ). The generalized sequential machine
(GSM) variation is restrictedto Q x Q x X , requiring that each
transition consume exactly one input symbol. A GSM cannot geerate
unbounded output|that is, given an input string of length n, any
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output string will have a maximum length kn, for somek dependent
on the GSM's transition map.

Weighted FSTs add a numerical weight to each transition. Fran
these transition weights, we can compute an overall weight dr any
string pair <x, y>, allowing us to prefer one output over another.

FSTs have nice computational properties, one of which is ckeure un-
der composition (Schutzenberger, 1961; Mohri et al., 2000)This means
that a pipeline of FSTs can always be re-built as a single FSTallowing
a system designer to break a complex problem down into simplpieces,
and to assemble those pieces automatically. Composition cahappen
o -line (e.g., D = A 0 B 0 C), and the resulting composed machine can
be applied to the input | (e.g., best-path(l o D)). ! Alternatively, we can
wait until we have the input, then perform a synchronized seach using
all of the FSTs in the pipeline simultaneously (e.g., best-@th-synch(l
0 A o B o Q)). In this case, a node in the synchronized search sga
is taken to be an n-tuple of states drawn from the input and pipelined
FSTs (e.g., <i4, al, bl7, ¢3). This lazy composition (Mohri et al.,
2000) is practical in memory usage, and search beams can bemied
to make for an e cient approximation to the best-path comput ation.
The search is integrated, in that input x is processed simulaneously
by all of the FSTs in the pipeline, rather than being passed fom one
to the next sequentially. Closure under composition allowsall of these
types of inference.

FSTs are also e ciently trainable. Exposed to a corpus of input/output
string pairs of maximum length n, the forward-backward algorithm
(Baum and Eagon, 1967) can determine weights for the transibns
that locally optimize the corpus probability in time O( n?).

Portable implementations of weighted FST compaosition, bes path,
and training can be found in software toolkits such as (Mohriet al.,
2000; Graehl, 1997). Mohri et al (2000) provide an excellenbverview
of weighted FSTs for speech and NLP, and (Kumar and Byrne, 208;
Knight and Al-Onaizan, 1998) describe statistical machinetranslation
systems based on weighted FSTSs.

! The \o" operator indicates composition. A o B is the FST that ¢ aptures the
set of all string pairs <x, y> where there exists a z such that<x, z> is captured by
A and <z, y> is captured by B. The \best-path" operator nds the best-cos t <x,
y> in the FST it is applied to, then prints y. | is the input string  x converted to an
identity FST which captures the relation <x, x>.
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/T\ | /S\
1 [5) i3 to /VP\
t1 i3

f8t1;tot3: < >g

Figure 1. Arabic-to-English translation example. We want to capture all in-
put/output pairs of this form, where subtrees t;, t», and t; are identical in the
input and output.

f8ty;tojts: <

/S\ | /l\
t1 /VP\ t> t
to ta3

S >9
1 ts

Figure 2. English-to-Arabic translation example. This is the invers e of the relation
in Figure 1.

3. Tree transducers

String-based FSTs are a good t for NLP problems that are char

acterized by stateful left-to-right substitution, for exa mple, acoustic
modeling for speech recognition (Mohri et al., 2000) or trarsliteration of

names across language pairs with di erent orthographies ad sound sys-
tems (Knight and Graehl, 1998). However, their expressiverss breaks
down for more complex problems, such as machine translatignwhere
there is a great deal of re-ordering, and where many operatits are
sensitive to syntactic and semantic structure.

Figure 1 shows an example of Arabic-to-English translationin which
the translation of the Arabic verb (at the beginning) must be moved to
the middle of the English output sentence. Figure 2 shows theaeverse.

The utility of hierarchical tree structure was noticed early by Chom-
sky, and as a result, automata theorists devised tree accepts and
transducers (Doner, 1970; Rounds, 1970; Thatcher, 1970), vose math-
ematical aim was to generalize the previously-developed shg au-
tomata. Recently, NLP practitioners have been constructing weighted
syntax models for machine translation and other problems, s it it has
become important to understand the match between practicalproblems
and automata formalisms.
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Atop-down tree transducer? can be de ned as atuple<Q; ; ;qo;P>,
whereQ is a nite set of states, is an alphabet of input symbols, is
an alphabet of output symbols, ¢y is a distinguished initial state, and
P is a set of productions (or rules). Here is a sample transduceaule:

qSs ! S
x0 x1 X2 r x1 VP
s x0 q x2

This rule is useful for capturing the relation in Figure 1. In state q,
it consumes an input tree node S, outputs a tree fragment withnew S
and VP nodes, and recursively processes the three childrerf the input
S node. Note that this rule re-orders the input children as it creates
the output. In computer-readable format, the same rule lools like:

g S(x0, x1, x2) !  S(r x1, VP(s x0, g x2))

Tree transducer rules in the literature (Gecseg and Steinly, 1984)
have a one-level LHS (left hand side) with a state, an input-tee symbol,
and (optionally) a sequence of variables x0, x1 ... xn. The RI$ (right
hand side) shows what the rule emits. The RHS may be multi-leeled,
containing both output-tree symbols and labels x0, x1 ... xn the latter
of which are labeled with states for recursive top-down proessing.

There are di erent classes of tree transducers based on the/pes of
rules that are allowed. A rule is said to bedeletingif its LHS contains a
variable that does not appear on the RHS. The RHS in acopying rule
will contain at least two instances of some LHS variable. A tansducer
is hon-copying (linear) and non-deleting if all of its rules are likewise.
The class of non-copying, non-deleting transducers is cad LNT (L
for linear, N for non-deleting, T for top-down). If we allow d eleting, we
wind up with the class LT, and if we allow both deleting and copying,
we wind up with the class T of top-down transducers. T can expess
more relations than LT, which can express more relations tha LNT
(Gecseg and Steinby, 1984).

LNT is described in the literature as a generalization of sting trans-
duction, in the following sense. If we write strings verticdly as non-
branching trees, then we can view string transduction as tre trans-
duction, albeit on skinny trees. We can automatically convet any
normal-form FST into an LNT transducer. For each transition in the

2 For a fuller overview of tree transducers for NLP, see (Knigh t and Graehl, 2005).
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FST, we construct a corresponding LNT rule. There are four caes of
interest:

<g,,AB> qA(x0) ! B(rx0)

<qg,r,A, > gqAXO0)! rx0 \output- "
<q,, ,B> gx0! B(rx0) \input- "
<q,, , > gx0! rx0

In each case, we substitute the LNT rule on the right for the FST
transition on the left. We must also apply a technical x to ac count
for the FST's nal state by adding an END token to the bottom of the
skinny trees that represent strings.

In this paper, we refer to the second kind of rule above as an dput-

rule, and the third kind as an input- rule, in analogy to FSTs, even
though there are no literal symbols in the LNT rules. Note that none
of the four rules above aredeleting rules|to be deleting, the rules
would have to omit x0 from the RHS.

4. Properties

Now we re-visit the four desirable properties from Section lassigning
to each a particular formal property to investigate. Each topic is po-
tentially quite broad, so we pick speci c issues that arise fequently in
practice:

Expressiveness. Can the transducer class express the maahitrans-
lation transformations in Figures 1 and 2?

Modularity. Is the transducer class closed under compositin?
Inclusiveness. Does the transducer class generalize FST?

Teachability. Does the transducer class admit an e cient algorithm
for optimizing rule weights based on a set of input/output tr aining
pairs?

Once these questions are considered in detail, we concludetiva
diagram showing which automata classes possess which pragies.

4.1. Basic and Extended Transducers

LNT is closed under composition (Gecseg and Steinby, 1984)but it
is not expressive (in the sense above), because it cannot erde the
transformation in Figure 2. An LNT rule matching Figure 2 must have
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the form g S(x0, x1) ! ??7?. There is no way for the RHS to insert x0
into the middle of x1.

By contrast, T is expressive, despite the fact that it also has a single-
level LHS (Shieber, 2004; Knight and Graehl, 2005). We accopilish this
with a copying rule:

qs ! S
x0 x1 gleft x1 g x0 gright x1
followed by two deleting rules:
gleftvp ! ax0 gright v ! axl
x0 x1 x0 x1

However, T is not closed under composition (Rounds, 1970).

The fact that LNT can express the transformation in Figure 1 but
not Figure 2 is unsatisfying. As a result, Graehl and Knight (2004)
de ne the class xLNT, which allows rules with a multi-level LHS. XLNT
is shown to be expressive by the simple rule

qs ! S
x0 /VP\ qxl g x0 q x2
x1 X2

Maletti et al (2008) show that XLNT, xLT, and XT are strictly m ore
powerful than LNT, LT, and T, respectively. They also show that xLT
and xT are not closed under composition. Interestingly, eva XLNT is
not closed under composition. This is illustrated by the folowing two
relations, ; and ».
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1= f8tijtytsri 1 < f , f >g
AN N
g t3 f t3
| N
f t1 to
N
t] £,
2 = f81ty;tota;i 1 < f , e >g
SN I
f t3 t1 to ts3
N
t] £,

g refers to a non-branching tree withi number of g symbols. It is easy
to model each of ; and , by XLNT transducers. ( 1 requires the use of
output- rules). However, no single XLNT transducer can capture the
composition 3:

3= f81ty;tot3;0 1 < f , e >g
AN TN
g t3 t1 t2 t3
|
f
/N
t1 153

This is becauset, t, and t3 are separated by an unbounded number
of g's, and no single rule can grab all three subtrees at oncerlhis
is interesting because XLNT does preserve regularity (Maletti et al.,
2008). That is, we can send an input tree (or forest) through ; and
send the resulting tree (or forest) through », yielding another forest.
However, it is not possible to do composition, which means tat we
cannot employ FST-like lazy algorithms for e cient inferen ce.

Synchronous tree substitution grammar (STSG) (Eisner, 208) is
slightly less powerful than XLNT, only because XLNT uses st&es that
are separate from the input-symbol vocabulary.
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4.2. -Rules

Now we ask which of the above formalisms is inclusive, i.e., kch
generalize FST. The answer is that none of them do. As de nedri the
literature, LNT allows output- rules, but not input- rules like:

gx0! A

r x0

While FSTs can generate unbounded amounts of output given rite
input, LNT does not allow this, so it is not a generalization of FST.
Rather it is a generalization of string-based GSMs, which cosume
exactly one input symbol per transition. The same holds for te vari-
ation of XLNT as de ned in (Maletti et al., 2008). However, XL NT as
originally de ned in (Graehl and Knight, 2004) allows both o utput-
and input- rules, and so generalizes FST.

How important are -rules in practice? We rst consider examples
from the string transduction. One of the most widely adopted machine
translation models is IBM Model 3 (Brown et al., 1993), which casts
translation as a word substitution/permutation process. Knight and
Al-Onaizan (1998) give a reconstruction of this model as a pieline
of FSTs, and both types of -transitions appear. Output- transitions
eliminate \zero-fertility" input words that should not be t ranslated,
such as the word \do" in English/Spanish translation. Likew ise, input-

transitions generate target function words that have no coresponding
source word, such as the Spanish object marker \a". Intereshgly, IBM
Model 3 bounds the latter by the number of English words, so tlese
input-epsilons could be eliminated in theory.

In many current phrase-based models of translation, by contast,
phrasal chunks are substituted one-for-one, with no deletn or spu-
rious generation|thus, the 2-word phrase \sees Victoria® m ight be
substituted by the 3-word phrase \ve a Victoria". Kumar and B yrne
(2003) present a practical phrase-based translation systa built from
generic FST tools. Because there is no unbounded generatiarf output
(or unbounded consumption of input), this model can be encodd as
an -free FST (though 's are required for the normal form).

Similar variations exist in tree-based translation models For ex-
ample, the system of (Galley et al., 2004) acquires XLNT rule from
bilingual text corpora. These include rules of the form:
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qA ' gxo0

N

B x0

Such rules model the non-translation of words like B = \pleae" (in
travel corpora) or B = \the" (in English/Chinese translatio n).

Likewise, Knight and Graehl (2004) employ -rules to better param-
eterize an English/Japanese translation model, e.g.:

gx0! qglx0

g x0! INS(i x0, g1 x0)

gx0! INS(gl x0, i x0)

gl NP(x0, x1) ! NP(qg x0, g x1)
gl NP(x0, x1) ! NP(g x1, g x0)
ix0! wa

ixX0! ga

Before consuming an input tree node, the model makes a 3-way-sfate

decision about whether/where to generate target-languagefunction

words (such aswa or ga). The g-state rules decide whether to insert
a target function word to the left of the node being processedto the

right of the node being processed, or not at all. The probabities of the
three g-state rules sum to one. The i-state rules decide whicfunction

word to insert. Both g-state and i-state rules are input- rules.

Hence, -transitions are used frequently in practice, though it is
not obvious that system designers really need generation afnbounded
output, or consumption of unbounded input. Unbounded output does
appear in n-best lists, where a translation like \please X" is accom-
panied by lower-scoring alternatives \please please X", \pease please
please X", and so on.

4.3. Generalizing FST

To make LNT a generalization of FST, we need to add input- rules like
gx0! A(r x0). Unfortunately, this destroys closure under compostion.
A relevant example is:
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/N A
A
QA

= 1f8i:< /\C |
A
A
A AT

C C

7

1 and » can both be captured; , uses |nput- rules to generate
an unbounded number of g's. However, 3 cannot be captured. This
example is simpler than the previous example for XLNT, as thec
symbols are atomic and do not stand for whole subtrees. The pctical
signi cance is that general LNT composition is impossible,so a general
FST composition algorithm may still be needed for the string case.

The example above also covers XLNT. Therefore, while XLNT ha
expressiveness that seems to be a good match for NLP problemsoth
input- and output- rules independently cause non-closure under com-
position. Because practitioners may be able to re-work theimodels into
-free versions, it is worth asking whether -free XLNT is closed under

composition. The answer is shown to be no in (Arnold and Daucht,
1982), with the following example:
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h(ty, t2, h(ts, ts, h(..g(th 1, tn)))) 5 *
g(ts, o(tz, 9(...9(th 1,tn)))) ; 2
g(ts, h(tz, t3, h(ts, ts, h(...h(ty 2, th 1, tn)))))

Here, , is any relation that maps its above-speci ed input to a set
that includes its above-speci ed output; it may non-deterministically
produce other outputs as well. While both relations can be madeled
individually with  -free XLNT, it is impossible for one XLNT to make
the entire leap.

We can summarize the e ects on top-down tree transducers of la
combinations of: (1) extended LHS, (2) input- rules, and (3) output-
rules:

x-LHS input- output- | expressive composable inclusive
no no no no yes no

no no yes no yes no

no yes no no no no

no yes yes no no yes
yes no no yes no no

yes no yes yes no no

yes yes no yes no no

yes yes yes yes no yes

4.4. Teachability

Finally, we look at whether e cient parameter training proc edures exist
for various classes. Given input/output trees of maximum seen, Graehl
and Knight (2004) present an expectation-maximization algoprithm for
XT transducers with rules, which covers all of the top-down classes in
this paper. This algorithm runs in O(n?) time, which is the same asymp-
totic behavior as the forward-backward algorithm for FSTs (Baum and
Eagon, 1967). Like forward-backward, it guarantees a set oparameter
values that locally optimize the probability of the trainin g corpus.

5. Conclusion

Figure 3 summarizes the top-down transducer classes analgd in this
paper, plus some of the bottom-up transducer classes (su xd with B),
together with their properties.

Immediately, we can see that no transducer class has all of #
desirable properties we laid out. Classes of interest inclde LNT (which
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Expressive for 7

; T B

local rotation (output-)  (output-e)
(output-g) P

T :.:. B ..... E

I (output-g) (output-g) *.,

xLT A

( Output_ 8) ............ | ............ g LIB /

\ LT /:_:?—(output-e) -

(output-g) L

Closed under
composition

Generalizes FST

/

xLNT ~ / LNT . LNT ™. FST

5. (e-free) (input-g) (output-g) .

R U N

_____ A7 LNT GSM
(e-free) (output-¢)

......

Figure 3. Classes of tree transducers and their properties.

o ers closure under composition), XLNT (which o ers expressiveness
and generalizes FST), and xT (which oers copying, deleting and

teachability). Due to LNT not generalizing FST, it is still t he case that
string software toolkits (Mohri et al., 2000) and tree software toolkits

(May and Knight, 2006) o er overlapping capabilities.

Future problems include exploring more automata frameworls. For
example, it appears that bottom-up transducers are not expessive,
even with copying and deleting power. However, within the batom-up
family, Maletti (2007) has recently analyzed non-determinstic multi-
state transducers (MLB in Figure 3), which can remember multiple
output tree fragments as they crawl up the input tree. These nmachines
can carry out the transformation of Figure 2, and their non-copying
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version is closed under composition (though, like LNT, theydo not
generate unbounded output and do not generalize FST).

Another future direction is to propose other desirable formal prop-
erties from a machine translation perspective, and to see wdther more
powerful, non- nite-state formalisms (e.g., (Shieber andSchabes, 1990))
have those properties. Translation models based on dependey gram-
mars have also been proposed (e.g., (Shen et al., 2008)), atttese may
also be formalized.

Finally, it would be useful to be able to test, for two tree transducers
(both in some class), whether the composition of their trangormations
can be captured by a third transducer that lies within the same class.
There may be no algorithm for this test|for example, there ca n be no
algorithm to tell whether the intersection of two context-f ree languages
(represented by two context-free grammars) is itself contgt-free. If
there were such a composability test, however, most pairs ofNLP
transducers would be detected as composable, and when apgdi to
string FSTs, tree-based composition would work appropriagly.
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