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Abstract The stochastic extension of formal translations constitutes a
suitable framework for dealing with many problems in Syntactic Pat-
tern Recognition. Some estimation criteria have already been proposed
and developed for the parameter estimation of Regular Syntax-Directed
Translation Schemata. Here, a new criterium is proposed for dealing
with situations when training data is sparse. This criterium is based on
entropy measurements, somehow inspired in the Maximum Mutual Infor-
mation criterium, and it takes into account the possibility of ambiguity
in translations (i.e., the translation model may yield different output
strings for a single input string.) The goal in the stochastic framework
is to find the most probable translation of a given input string. Experi-
ments were performed on a translation task which has a high degree of
ambiguity.

Keywords Machine translation, stochastic finite-state transducers, prob-
abilistic estimation.

1 Introduction

A translation is a process that maps strings from a given language (the input
language) into strings which belong to another language (the output language).
If both the input and the output languages are formal, then the formal de-
vices that implement such translations (formal translations) are known as formal
transducers and have been thoroughly studied in the theory of formal languages
[3]. Formal translations of many kinds were initially proposed for compiling
programming languages [1] and as a framework for a concise presentation of
error-correction models in syntactic pattern recognition [14].

Regular Translations constitute an important class of formal translations that
have recently become of great interest as a model in some practical Syntactical
Pattern Recognition problems in which the classification paradigm is not ade-
quate [19] since the number of classes could be large or even infinite. In this case,
the most general paradigm of interpretation seems to be a better framework and
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can be tackled through formal translations. For example, many tasks in Auto-
matic Speech Recognition can be viewed as simple translations from acoustic
sequences to sub-lexical or lexical sequences (Acoustic-Phonetic Decoding), or
from acoustic or lexical sequences to sequences of commands to a data-base man-
agement system or to a robot (Semantic Decoding). A more complex application
in the same line is the translation between natural languages (e.g., English to
Spanish) [18,2]. Formal transducers can be learned automatically from exam-
ples [16,5]. This opens a wide field of applications based on the induction of
translation models from parallel corpora.

However, the application of formal transducers to Syntactic Pattern Recog-
nition needs a stochastic extension due to the noisy and distorted patterns which
make the process of interpretation ambiguous [12]. The statistical parameters of
the extended models define a probability distribution over the possible trans-
lations that help decide what is the best translation of a given input sentence.
A common way of setting these parameters is to learn them from examples of
translations.

A Maximum Likelihood algorithm for learning the statistical parameters of
Stochastic Regular Syntax-Directed Translation Schemata from examples has
recently been proposed [6,8]. This algorithm estimates the parameter set by
maximizing the likelihood of the training data over the model. The Maximum
Conditional Entropy estimation criterion which is presented in this paper (see
Section 2) is based on some ideas from Maximum Mutual Information (MMI)
[4,10] and can be particularly useful when the training data is sparse.

On the other hand, a learning algorithm based on the MMI criterion had been
proposed in a previous paper [8]. We have found this criterium to be inadequate
for translation. A discussion about this matter is given in Section 2.

2 The Translation Schema

Let Σ be an input alphabet and ∆ be an output alphabet. A Formal Translation
T can be defined as a subset of Σ? × ∆?. Note that respectively naming Σ and
∆ as the input and output alphabets is an arbitrary decision. We will use the
terms input and output whenever it helps to make the presentation clearer.

A Regular Syntax-Directed Translation Schema (RT) is defined as a tuple
T = (N, Σ, ∆, R, S) in which N is a finite set of non-terminal symbols, Σ and
∆ are finite sets of input and output terminal symbols and S ∈ N is the initial
symbol of the schema. R is a set of rules A → aB, zB or A → a, z, where
A, B ∈ N , a ∈ Σ and z ∈ ∆?.

A natural extension of the RT is given by the Stochastic Regular Syntax-
Directed Translation Schema (SRT). An SRT is a pair (T, P ), where T is an RT
and P : R →]0, 1] is a function that assigns probability 1 values to the rules of
1 For the sake of simplicity, in the remainder of the paper we will denote Pr(X = x)

as Pr(x) and Pr(Y = y|X = x) as Pr(y|x) where X and Y are stochastic variables
and x and y are two possible values of X and Y , whenever the correct meaning can
be deduced from context.
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the schema in such a way that the sum of probabilities of all rules rewriting a
non-terminal A is equal to 1 (proper SRT [14]). Formally, for any non-terminal
Ai, the set {Ai → β1, Ai → β2, . . . , Ai → βn} of all rules that rewrite Ai must
satisfy the following condition of stochasticity:

n∑
j=1

P (Ai → βj) = 1. (1)

A finite sequence of rules tf = (r1, r2, . . . , rn) such that

(S, S) r1⇒ (x1A1, y1A1)
r2⇒ (x1x2A2, y1y2A2) · · · rn⇒ (x, y)

is known as a translation form for the translation pair (x, y) ∈ Σ? ×∆?. We will
denote x as input(tf), and y as output(tf).

Each translation form is given a probability in the model. This probability is
defined as the product of probabilities of all rules that are used in the translation
form. I.e., given an RT T and a set of probabilistic parameters Φ(T ) given by
some function P , and given a translation form tf = (r1, r2, . . . , rn):

Pr(tf |Φ(T )) = P (r1)P (r2) · · ·P (rn). (2)

Remark that a translation pair (x, y) ∈ Σ?×∆? may be derived in T through
more than one translation form (there may exist tf , tf ′ in T so that input(tf) =
input(tf ′) = x and output(tf) = output(tf ′) = y and tf 6= tf ′.) Thus, the
probability of a translation (x, y) must be defined as the sum of probabilities of
all translation forms that produce (x, y):

Pr(x, y|Φ(T )) =
∑

∀tf/input(tf)=x
∧ output(tf)=y

Pr(tf |Φ(T )). (3)

Given a sentence x in the input language, how can we obtain a translation
of x in the output language? Note that since the SRT can be ambiguous, a
single input sentence may be mapped by the model into more than one output
sentence. This is one of the reason why we need a stochastic extension of the
models: we will use the statistical information in the model for deciding which
of the many possible translations of an input sentence is the best one. Following
this idea, we define the stochastic translation of an input string x ∈ Σ? in a SRT
T as the string y? ∈ ∆? into which x is translated with the highest probability:

y? = argmax
y∈∆?

Pr(y|x, Φ(T )), (4)

where

Pr(y|x, Φ(T )) =
Pr(x, y|Φ(T ))
Pr(x|Φ(T ))

.



420 D. Picó and F. Casacuberta

Given that the probability Pr(x|Φ(T )) does not depend upon the maximization
index y, we can rewrite (4) as:

y? = argmax
y∈∆?

Pr(x, y|Φ(T )). (5)

Computing the stochastic translations of the input sentences is the proper
way to make a translation with an SRT. However, the calculation of (5) has
been demonstrated to be an NP-hard problem [9]. The only possible algorithmic
solution is the use of some variant of the A? algorithm (e.g., the Stack-Decoding
[15]), which presents exponential computational costs in the worst case and,
therefore, may not be feasible for some real applications.

A computationally cheaper approximation to the stochastic translation can
be defined. Instead of defining the probability of a translation as shown in (3), we
will work with the so-called Viterbi probability of a translation. This is defined
as the probability of the translation form that most probably yields (x, y):

P̂ r(x, y|Φ(T )) = max
∀tf/input(tf)=x
∧ output(tf)=y

Pr(tf |Φ(T )). (6)

The approximate stochastic translation y?? of an input sentence x is com-
puted as an approximation to the stochastic translation defined in (5). Here, the
Viterbi probability is used instead of the standard probability:

y?? = argmax
y∈∆?

P̂ r(x, y|Φ(T )). (7)

There exists a polynomial algorithm for calculating (7). This algorithm sear-
ches for the maximum probability translation form tf for a given input string x
so that input(tf) = x.

2.1 Estimation through Entropy Measurements

The stochastic translation schema introduced in the previous section is a sta-
tistical model which can describe probability distributions over the universe of
all possible pairs of input-output strings, Σ? × ∆?. The shape of these distribu-
tions depends both on the structure of each particular schema and on the set of
probability parameters associated with the set of rules. Therefore, the process
of building one of these schemata as a model of a certain probability distribu-
tion may be performed in two separate phases. First, a non-stochastic schema is
generated, and second, a set of probability values for the rules in the schema is
chosen. The generation of the structure can be done either manually or automat-
ically (there are techniques for inferring RTs from examples; see [16,5]). Once a
set of rules is given, the set of parameters will often need to be estimated from a
representative sample2 of translation pairs. This way we can obtain a stochastic
schema that approximates the empirical probability distribution.
2 A sample is any finite collection of translations with repetitions allowed (a multiset

drawn from Σ? × ∆?.)
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The problem of estimating the parameters of a model from a finite set of
data has been thoroughly studied in Statistics. A well-known, general-purpose
method for this is the so-called Expectation-Maximization method [11]. Here we
will use the Baum-Welch algorithm, a more specific version of the Expectation-
Maximization method which is suitable for estimating the probabilities of rules
in a SRT. Thus, our process of estimation of the parameters of an SRT will be
as follows. First of all, we define a function that depends both on the statistical
parameters that we want to estimate and on the pairs of sentences in the training
data. This function is designed to be sensitive to the relevant information in the
sample, in such a way that higher values of the function correspond to better
approximations of the model to reality. We will use the Baum-Welch algorithm
or some variation of it for finding the optimal value of this function.

Maximum Likelihood Estimation (MLE) was proposed in [6] for estimating
the statistical parameters of an SRT. It is based on the following assumption: it is
supposed that the sample has been generated by a model that describes perfectly
the real probability distribution. Under this assumption, the maximization of the
likelihood of the training sample tends to make the distribution converge to the
real one for increasingly large samples. The likelihood function to be maximized
is:

RMLE(Φ(T )) =
∏

(x,y)∈TS

Pr(x, y|Φ(T )), (8)

where Φ(T ) is the set of parameters of SRT T and TS is a training sample.
In real applications, however, the amount of available data is far from being

“large” in the theoretical sense, and MLE shows up to be a very poor method for
estimation. The method that we are presenting in the next section is designed
to make a better use of sparse data than MLE, and it is based on concepts such
as conditional entropy and information channels.

The entropy H(X) is a measure of the number of bits that are needed to
specify the outcome of a random event X [17]. Intuitively, entropy can be un-
derstood as a plausible measure of the level of uncertainty in the event. It is
defined follows:

H(X) = −
∑

x

Pr(x) log Pr(x)

Similarly, the conditional entropy of the random event X given the random event
Y is a measure of the uncertainty in X given the outcome of Y :

H(X|Y ) = −
∑
x,y

Pr(x, y) log Pr(x|y)

A statistical translation system can be interpreted as a bidirectional channel,
where two sources or random events produce sentences in each of the languages
involved, respectively, following the real probability distribution of sentences in
either language. The translation channel performs a probabilistic mapping: it
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sets the probability Pr(x, y) for each pair (x, y) of sentences where x belongs to
one of the languages and y to the other.

If we assume that a real translation between two languages can be properly
described as one of these statistical translation systems, then our goal is to obtain
a statistical model m which is as close as possible to the theoretical real system.
Let Hm(X|Y ) stand for the conditional entropy of X given Y with respect to
the probability distributions in model m. It has been demonstrated in [4] that
the inequality Hm(X|Y ) ≥ H(X|Y ) always holds. Furthermore, the smaller the
value of Hm(X|Y ), the more the distribution in model m resembles the real
distribution. Hm(X|Y ) and H(X|Y ) are equal when the two distributions are
the same. Therefore, we want to choose some model m that minimizes Hm(Y |X).
On the other hand, note that channel models are symmetrical with respect to
the direction of translation. Hence, we might also want the model to minimize
Hm(X|Y ). These two simultaneous goals can be achieved by looking for a model
that minimizes the sum of both values, Hm(X|Y ) + Hm(Y |X).

Maximum Conditional Entropy Estimation. The criterium just mentioned
can be used to estimate the parameter set of an SRT. First, notice that:

H(X|Y ) + H(Y |X) = −
∑
x,y

Pr(x, y) log
Pr2

m(x, y)
Prm(x)Prm(y)

.

For a given RT T together with a parameter set Φ(T ), Prm(x, y) is equal to
Pr(x, y|Φ(T )). Since we do not know the real probability distribution, Pr(x, y),
we must instead assume that the pairs (x, y) in our sample TS are representative
and choose Φ(T ) to minimize

−
∑

(x,y)∈TS

log
Pr2(x, y|Φ(T ))

Pr(x|Φ(T ))Pr(y|Φ(T ))
. (9)

Hence, Maximum Conditional Entropy Estimation (MCEE) is the estimation
algorithm consisting in maximizing the following function:

RMCEE(Φ(T )) =
∏

(x,y)∈TS

Pr2(x, y|Φ(T ))
Pr(x|Φ(T ))Pr(y|Φ(T ))

(10)

The reestimation formulae for this function will be obtained through the
application of an extension of the Baum theorem to rational functions due to
Gopalakrishnan et al. [13]. Let QMCEE

TS be a transformation from the space Φ(T )
into itself. Then, ∀(A → aB, zB) ∈ R we have:

QMCEE
TS (P (A → aB, zB))

=
P (A → aB, zB)

(
∂ log PMCEE(Φ(T ))

∂P (A→aB,zB) + C

)

∑
a′,z′,B′ P (A → a′B′, z′B′)

(
∂ log PMCEE(Φ(T ))
∂P (A→a′B′,z′B′) + C

) (11)
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where the numerator can be expanded using

P (A → aB, zB)
∂ log PMCEE(Φ(T ))
∂P (A → aB, zB)

=
∑

(x,y)∈TS

(
2

Pr(x, y|Φ(T ))
P (A → aB, zB)

∂Pr(x, y|Φ(T ))
∂P (A → aB, zB)

− 1
Pr(x|Φ(T ))

P (A → aB, zB)
∂Pr(x|Φ(T ))

∂P (A → aB, zB)

− 1
Pr(y|Φ(T ))

P (A → aB, zB)
∂Pr(y|Φ(T ))

∂P (A → aB, zB)

)
(12)

and C is an admissible constant [13].
The first term in the sum is proportional to the expected number of times

that the rule is used in the training set in the Maximum Likelihood reestimation
approach and can be computed as in [6]. The second term is proportional to
the expected number of times that the rule of the input grammar of T is used
for parsing the set of inputs of the training translations. This input grammar
is Gi = (N, Σ, Ri, S, Pi), where, if (A → aB, zB) ∈ R, then (A → aB) ∈ Ri

and Pi(A → aB) = P (A → aB, zB). The formulae obtained for a MLE with
Stochastic Grammars can be used to compute this term [7]. Similarly, the third
term is proportional to the expected number of times that the rule of the output
grammar of T is used for parsing the set of outputs of the training translations.
This grammar is Go = (N, Σ, Ro, S, Po), where, if (A → aB, zB) ∈ R, then
(A → zB) ∈ Ro and Po(A → aB) = P (A → aB, zB). As for the second term, a
simple modification of formulae in [7] can be used to compute the third term.

Discussion about Maximum Likelihood Estimation. A different method
based on entropy measures was proposed in [8]. It was a straight-forward appli-
cation of the Maximum Mutual Information Estimation (MMIE) by Brown [4]
to stochastic translation schemata. In Brown’s MMIE it is claimed that mini-
mizing the conditional entropy H(Y |X) is equivalent to maximizing the mutual
information, I(X;Y ), since

H(Y |X) = H(X) − I(X;Y ).

H(X) represents the entropy of the source X and is supposed to be determined
by some known language model and, therefore, fixed. However, this approxima-
tion is not adequate if (as it is our case) the language model that is being used
is not independent from the translation model. When dealing with SRTs the
probabilities of sources X and Y given by the model, Prm(x) = Pr(x|Φ(T )) and
Prm(y) = Pr(y|Φ(T )), are a function of the set of parameters of the SRT, Φ(T ).
Therefore, they are not fixed during the estimation process and MMIE cannot
be applied as proposed in [8].

MMIE could be used if an independent model for the probabilities of the
input and the output sentences were given. Such a model could be, for instance,
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a probabilistic model that represented information about the context of appear-
ance of sentences within a line of discourse.

3 Experiments

Some experiments were carried out to compare MCEE with MLE. The selected
task was the translation of Spanish sentences into English, as defined in project
EuTrans-I [2]. The semantic domain of the sentences is restricted to tourist
information, consisting in sentences that a hotel guest would address to a hotel
receptionist at the information desk. A parallel corpus of paired Spanish-English
sentences was artificially generated.

The structure of an SRT was inferred from the corpus by means of a new
method for building finite-state transducers using regular grammars and mor-
phisms [5]. The inferred SRT contained 490 non-terminal symbols and 1438
rules.

Training was done with 5 different series of training sets. Each series was
composed of 10 mutually including sets of increasing size, containing 25, 50, 75,
100, 125, 150, 175, 200, 250 and 300 pairs, respectively. A set containing 500
different translation pairs was used for testing. The test set is disjoint to all
training sets. All results were averaged over the 5 series of experiments.

The test set perplexity for these experiments is shown on the left of figure
3 and word error rate (WER) is shown on the right. Both measures turned up
to be significantly better for MCEE for the smaller training sets, while ML get
better results when training sets are greater.
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Figure 1. Test set perplexity and word error rate vs. size of the training set, respec-
tively.

4 Conclusions

A new method for estimating the probabilistic parameters of an SRT with sparse
training data has been presented in this paper. The method is based on the MMI
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criterium, although it is different one, since direct application of MMI to SRTs
is not adequate. Experiments on real data have been reported. MCEE exhibited
better performance both in perplexity and word error rates for small training
samples, while ML was better when the available amount of data was greater.
This seems to point that MCEE is a good estimation criterium for the stochastic
parameters of SRTs and may be specially useful when training data is scarce.
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