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Abstract

I present empirical comparisons between a standard statistical translation model and
an equivalent Maximum Entropy model. Results show that the Maximum Entropy

model is promising, but highly sensitive to the method of feature selection.

1 Introduction

The technique of Maximum Entropy (ME) statistical modeling is a fairly recent and increasingly
popular addition to the empirical toolkit of computational linguists. It has been successfully
applied to a wide variety of problems, including language modeling (Beeferman et al., 1997a;
Berger and Printz, 1998; Rosenfeld, 1996), machine translation (Berger et al., 1996), pars-
ing (Ratnaparkhi, 1997; Skut and Brants, 1998), sentence boundary identification (Reynar
and Ratnaparkhi, 1997), part-of-speech tagging (Ratnaparkhi, 1996), and text segmentation

(Beeferman et al., 1997b).

The basic ME concept is easy to grasp and intuitively appealing: the modeler picks certain char-
acteristics of the data which are considered to reflect the true distribution, then automatically
derives the highest entropy model which possesses those characteristics. The idea is to avoid

unwarranted assumptions by using the most “random” of the distributions that conform to the



known facts. As a means of creating a statistical model of natural language, this seems more

elegant and less constraining than traditional techniques based on independence hypotheses.

I am interested in the problem of creating a statistical translation model for use in an inter-
active machine translation system (Foster et al., 1997). The main challenge is to combine two
very different sources of predictive information about upcoming target text: the source text
under translation and the part of the target text which has already been established. The
classical solution to this problem is a noisy channel setup involving separate translation and
language models to capture each of these sources of information (Brown et al., 1993). One
drawback of a noisy channel is that it makes searching for the most likely target text compli-
cated and expensive! for my application, where real-time performance is crucial, this is highly

undesirable.

ME provides an attractive solution to this problem, due to its ability to combine disparate
sources of information in a principled way within a single homogeneous framework. My ulti-
mate goal is to evaluate a ME replacement for the noisy channel model. The work described in
this paper is a first step toward this goal: 1 evaluate a ME translation model which is directly
comparable to the IBM model 1 (Brown et al., 1993). To my knowledge this is the first imple-
mentation of a full-scale ME translation model, and the first attempt at a rigorous comparison
between a ME model and an equivalent non-ME model based on exactly the same sources of
information.?

!Basically, this is because the translation model is used “backward” to predict source text given target text. This
precludes efficient dynamic-programming search techniques unless special measures are taken, eg (Wu, 1996; Tillmann
et al., 1997).

2Rosenfeld (1996) reports a greater perplexity reduction (23% versus 10%) over a baseline trigram language model due
to long-distance word-pair predictions in a ME framework compared with the same predictions incorporated using linear
interpolation. However, since the two models tested apparently differed in other aspects, it is impossible to determine
how much of this gain can be attributed to the use of ME.



2 Description of Models
In this section I describe three basic translation models used in my experiments.

2.1 IBM Model 1

The first model is the IBM model 1 (IBM1) (Brown et al., 1993). This gives an estimate of the
probability p(t|s) that a segment of source text s in one language will translate to a segment
of target text t in another language. A major assumption of this model is that tokens in the
target text are independent, ie that p(t|s) can be expressed as a product of terms p(¢/s) which
give the probability that the word ¢ will appear somewhere in the translation of s.> The latter
distribution is the one I will focus on in this paper. IBM1 models it using a two step generative
process: 1) pick a token s at random in s; 2) choose t according to a word-for-word translation

probability p(t|s). Summing over all choices for s gives the complete model:

p(tls) =D _p(t]s:)/n (1)

where s; is the ith token in s.* The translation parameters p(t|s) can be estimated from a
bilingual corpus of aligned segment pairs using the EM algorithm, as described in (Brown et

al., 1993).

®Ignoring the term needed to ensure that p(t|s) is normalized over all lengths of t, which is irrelevant here.
‘IBM1 as originally defined includes a “null” source token to account for target words with no clear 1-1 link to the
source text. I have omitted this from my version for the sake of simplicity.



2.2 An Empirical Baseline Model

As a baseline for comparison, I used a model (E1) whose structure is identical to that of IBM1,
but whose parameters were derived directly from co-occurrence counts in the training corpus
instead of being estimated iteratively with the EM algorithm. The conditional probability of
each word pair was calculated from its joint relative frequency among the token pairs generated
by taking the Cartesion product over each aligned segment pair in the corpus. The theoretical
properties of E1 are dubious, but it is useful as a baseline because any reasonable model ought

to be able to do better.

2.3 A Maximum Entropy Translation Model

Since the ME method has been well described elsewhere, eg (Berger et al., 1996), I will assume

a basic familiarity on the part of the reader and not reproduce all the details here.

The starting point for any ME model is a set of features: functions over the event space of
interest whose expected values with respect to the true distribution are known. To create ME
models based on the same information as IBM1, I used features which pick out occurrences of

bilingual word pairs. For a particular word pair st, the corresponding feature is:

/ # of times s occurs in's, t=1
fst(t ) S) -

0, else

This directly mirrors the way IBM1 uses a contribution from each source token to predict a

target word in (1).

The next step in the modeling process is to determine the “true” expected value for each



feature. Following standard practice, I derived these from the training corpus. Each aligned
segment pair t,s in the corpus was split into pairs of the form ¢,s, one for each target token
t in t. Defining the empirical probability p(t,s) to be the relative frequency of ¢, s among all

such pairs, the expected value of feature f; is:

ﬁ(fst) - ’Zﬁ(tla S)fst(tla S)'

The last step in creating a model is parameter estimation, to obtain the maximum entropy
model for which the expected value of each feature fy; is p(fs). According to ME theory, this

takes the form:

p(t',s) = exp(z Natfst(t',8))/ 7 (2)

st
where Z is a normalization constant (the sum over all #', s of the numerator), and each Ay is a
parameter which gives a weight for the corresponding feature. To find the parameter settings
for which the model has the desired expected values, I used the IIS algorithm (Berger et al.,
1996), along with the usual marginal constraint p(s) = p(s), Vs, to avoid having to sum over

all ¢,s when calculating 7.

The final translation model (ME1) is the conditional distribution derived from (2):

p(tls) = exp(D_ Aut) /Z(s) (3)

sEs

where the sum is over all tokens in s, with the convention that Ast = 0 if no feature f,; exists.
Z(s) is the analog of Z for the joint distribution, fortunately a much more tractable sum over

just the words in the target vocabulary. It is interesting to compare equations (1) and (3) if



normalization is ignored, IBM1 and ME1 have identical structure except for the fact that ME
uses its sum over word-pair scores as an exponent, which will tend to amplify the effect of both

high and low scores.

3 Experiments

I conducted a series of experiments with the three basic models described in the previous section
on the Canadian Hansard corpus, with English as the source language and French as the target
language. After tokenization and segmentation into sentences, the corpus was aligned using the
method described in (Simard et al., 1992), then, to improve its quality, filtered to retain only
1-1 sentence alignments containing 40 or fewer words per side. The results comprised about
30M words in English and 33M words in French. Three separate Hansard files containing a

total of approximately 70k words in each language were reserved for testing.

To evaluate the models’ performance, I used the perplexity measure common in speech recog-
nition. This is a geometric average over tokens, P~/ where P is the total probability the
model assigns to a text containing 7" tokens. Perplexity is a good indicator of performance for

my interactive translation application, where the task is to predict upcoming target text.

To control for out-of-vocabulary words, each model uses a finite vocabulary (in each language)
consisting only of words which appeared in its training corpus, plus one special unknown word
UNK. During training, any word with frequency 1 in the corpus was mapped to UNK. During
testing, any word not found in the vocabulary was mapped to UNK, and the probability of
each UNK token was divided by the total number of out-of-vocabulary words in the text. To
deal with a few rare zero-probability tokens, IBM1 and E1 were smoothed by interpolating

them with a uniform distribution, with a coefficient of .9999; this did not significantly alter the



results on texts which did not contain zero-probability tokens.

3.1 Tests with “Full” Models

In section 2.3 it was left unspecified which bilingual word pairs st would have corresponding
features f,; in ME1. For exact parity with IBM1 the obvious choice is to use all pairs which co-
occur within aligned segments in the training corpus. Unfortunately, the resulting model takes
much too long to train on any realistic-sized corpus; on a Sparc Ultra, I estimate my current
implementation would take about 50 days to train on the whole Hansard corpus, compared
with less than one day for IBM1. It is not clear that this can be improved upon significantly.
The basic problem is that there are too many features active for each target token; this defeats
techniques like cluster expansion (Lafferty and Suhm, 1995) for speeding up IIS. It may be
possible to factor out computations common to many source segments, but the algorithm to

do this is not obvious.

Because of this difficulty, I limited my tests of the “full” ME1 model to a small corpus, as
shown in table 1. The large discrepancy between the scores assigned to the training and test
texts shown here is a classic symptom of overtraining, which is corroborated by the fact that
the weakest model, E1, does best on the test set. This is hardly surprising given the size of the
training set. What is interesting is that ME1 does significantly better on the training set than
IBM1. Since these two models have exactly the same number of parameters, it is quite likely
that ME1 is in fact a more powerful model, and that, given a sufficiently large training corpus,
its performance on the test set would be better than that of IBM1. Figure 1 contains a plot of
performance versus corpus size for all three models. Unfortunately, in the very small range of

corpus sizes tested here, no significant difference appears between IBM1 and MEL1.



model | training corpus | test corpus
E1 184 361
IBM1 70 367
ME1 48 764

Table 1: Perplexities for “full” models trained on 10-file-pair corpus (token counts: 352k En-
glish, 391k French).
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Figure 1: Test set perplexities versus training corpus size for “full” models.



3.2 Tests with Reduced Models

The version of ME1 described in the previous section is an unusual ME model in that it includes
all available features rather than relying a small subset of particularly informative ones. To
compare a more typical ME model, as well as to be able to use all of the training text available,

I ran a second set of tests using two versions of ME1 with reduced feature sets.

The usual approach to feature selection involves a heuristic search over the feature space (Berger
and Printz, 1998). Instead of doing this, I simply chose the most likely translations for each
source word according to IBM1. As table 2 shows, these translations are fairly good, so intu-
itively this strategy is a reasonable one. For two different values of a threhold 7 .05 and .02 1
created ME1 models whose feature sets were limited to word pairs st for which p(t|s) > 7 ac-
cording to IBM1. This resulted in average numbers of target words per source word of 5.1 and
12.5 respectively, compared to 681.1 for an unfiltered model. Both models were then trained
on the whole training corpus. To ensure a fair comparison, I created parallel versions of E1 and

IBM1 with renormalized distributions limited to these sets of word pairs.

The results are shown in table 3, with results from the unfiltered E1 and IBM1 models in the
last column for comparison. Although the restrictions to highly probable translations hurt all
three models, ME1’s performance suffered most. This is somewhat surprising in light of the
fact that it was the only model specifically trained with the reduced feature sets (rather than
just being truncated and renormalized); even more surprising is the fact that performance on
the test set was actually worse than the version from the previous section despite the fact that

the latter was trained on a corpus that is almost 100 times smaller.



the le/0.16 1a/0.14 de/0.11 I'/0.07 ./0.06

walk se/0.08 marcher/0.07 promener/0.04 pied/0.03 aller/.03

same | méme/0.59 mémes/0.11 chose/0.04 1a/0.03 aussi/0.02

car voiture/0.27 automobile/0.14 automobiles/0.07 voitures/0.05 d’/0.04

canada | canada/0.618526 du/0.10212 au/0.0969796 le/0.0443898 canadienne/0.0170081

Table 2: Top 5 translations according to IBM1 for randomly selected source words.

model threshold

.05 .02 0
E1l 1877 | 710 | 287
IBM1 | 1629 | 578 | 121
ME1 | 2037 | 1269 -

Table 3: Test corpus perplexities for reduced models. The threshold headings indicate the
minimum probability thresholds used with IBM1 to compile lists of valid translations for each
source word.

4 Discussion

The results in section 3.2 are striking. I have not yet had time to analyze the cause of ME1’s
poor performance in detail, but it seems most likely to be due to a bad choice of features. In
fact, excluding the possibility of a bug, the only other alternative is that the ME method is
inherently weak on this problem, which the results in section 3.1 would seem to contradict.
Nevertheless, the size of the discrepancy between ME1 and both TM1 and E1 is surprising.
The lesson to be learned seems to be that ME performance is very sensitive to the choice of
features, at least for translation models. In future research, I plan to investigate this using a

more standard method of feature selection.

5 Conclusion

I have presented a comparison between the IBM model 1 and an equivalent ME translation
model for two different sets of word-pair parameters. On the full set of parameters normally

used by model 1, the ME model assigned significantly lower perplexity to a small training

10



corpus, which indicates that it may be a more powerful model than model 1, despite assigning
significantly higher perplexity to a test corpus. On a reduced set of parameters obtained by
truncating model 1 with a probability threshold, the ME model trained on a large corpus
performed much worse than model 1. Taken together with the previous result, this seems to

indicate that the ME method is very sensitive to feature selection.
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