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7.1 Introduction

Discriminative training methods have recently led to significant advances in the
state of the art of machine translation (MT). Another promising trend is the
incorporation of syntactic information into MT systems. Combining these trends
is difficult for reasons of system complexity and computational complexity. This
study makes progress toward a syntax-aware MT system whose every component
is trained discriminatively. Our main innovation is an approach to discriminative
learning that is computationally efficient enough for large statistical MT systems,
yet whose accuracy on translation subtasks is near the state of the art.

Our approach to predicting a translation string is to predict its parse tree, and
then read the string off the tree. Predicting a target tree given a source tree is equiv-
alent to predicting a synchronous tree (bitree) that is consistent with the source tree.
Our method for training tree transducers was to train an inference engine to predict
bitrees. The inference engine employs the traditional AI technique of predicting a
structure by searching over possible sequences of inferences, where each inference
predicts a part of the eventual structure. Thus, to train a model for predicting bi-
trees, it is sufficient to train it to predict correct inferences. However, unlike most
approaches employed in natural language processing (NLP), the proposed method
makes no independence assumptions: the function that evaluates each inference
can use arbitrary information not only from the input but also from all previous
inferences.

Let us define some terms to help explain how our algorithm predicts a tree. An
item is a node in the tree. Every state in the search space consists of a set of items,
representing nodes that have been inferred since the algorithm started. States whose
items form a complete tree are final states. An inference is a (state, item) pair, i.e.,
a state and an item to be added to it. Each inference represents a transition from
one state to another. A state is correct if it is possible to infer zero or more items
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to obtain the final state that corresponds to the training data tree. Similarly, an
inference is correct if it leads to a correct state.

Given input s, the inference engine searches the possible complete trees T'(s) for
the tree ¢ € T(s) that has minimum cost Cg(t) under model ©:

It|

t = argmin Cg(t) = arg min Zce(z’j) . (7.1)

teT(s) teT(s) j=1
The i; are the inferences involved in constructing tree ¢. ce(i) is the cost of
an individual inference i¢. The number of states in the search space is typically
exponential in the size of the input. The freedom to compute cg (i) using arbitrary
nonlocal information from anywhere in inference i’s state precludes exact solutions
by ordinary dynamic programming. We know of two effective ways to approach
such large search problems. The first is to restrict the order in which items can be
inferred, for example, bottom-up. The second is to make the simplifying assumption
that the cost of adding a given item to a state is the same for all states. Under
this assumption, the fraction of any state’s cost due to a particular item can be
computed just once per item, instead of once per state. However, in contrast to
traditional context-free parsing algorithms, that computation can involve context-
sensitive features.

7.2 Related Work

A probabilistic treatment of Eq. (7.1) uses Co(t) = Pr(¢|s), the probability that a
text s in a source language will translate into a text ¢ in the target language. Brown
et al. (1993) used Bayes’s rule to decompose this posterior into a language model
Pr(¢) and a translation model Pr(s|t):

Pr(t) Pr(s|t)
> Pr(t) Pr(s|t)
The problem with this model is that finding the maximum probability tree is

difficult. Foster (2000) instead directly modeled the posterior Pr(¢|s) using a chain-
rule expansion:

Pr(t|s) = x Pr(t) Pr(s|t). (7.2)

1t
Pr(t|s) = [[ Pr(tilti—1, ... .11, 5), (7.3)
i=1

which is a special case of Eq. (7.1). In Foster (2000), each inference t; adds the ith
token in ¢. Hence, the translation text was predicted one word at a time, where each
prior word in the translation text was known at the point of guessing the next. Foster
was the first to build a large-scale log-linear translation model. More specifically,
Foster modeled the probability of individual decisions Pr(¢;|t;—1,...,t1, s) using an
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unregularized locally normalized log-linear model (Berger et al., 1996). There are
several differences between our approach and Foster’s:

® His learning method was unregularized. Unregularized models tend to overfit,
especially in the presence of useful features that always occur with a certain target
output. Our learning approach uses ¢;-regularization.

® To reduce overfitting, Foster performed automatic feature selection as a separate
step before training. This approach can inadvertently remove important features.
In contrast, our learning method does automatic feature selection during training.

® Foster’s model is induced over just the atomic features he defined. Our approach
achieves more powerful modeling by combining atomic features in useful ways.

® Foster’s model was locally normalized, i.e., there was conservation of mass among
the candidate inferences at each state. Local normalization can cause label bias
(Lafferty et al., 2001). Our models are unnormalized, which avoids label bias
(Turian, 2007, sections 4.1 and 7.1).

® The inference process of Foster is to infer tokens in the target string, one by one.
Our inference process is to build a target-side syntax tree bottom-up, one node at
a time, which can be viewed as translation by parsing (Melamed, 2004).

Och and Ney (2002) described a generalization of the approach of Brown et al.
(1993), which allowed different information sources in the form of features. Och
and Ney’s approach was to perform minimum error-rate training (MERT), using
the loss function of one’s choice. One such approach was that of Koehn et al.
(2003), who built a phrase-based statistical MT system that worked by calculating
the probability that one phrase would translate to another and compiling those
probabilities into a phrase table. In their model, discriminative methods were
used to tune a handful of metaparameters, namely the parameters of (1) the
log probability of the output sentence ¢ under a language model, (2) the score
of translating a source phrase into a target phrase based on the phrase table
just described, (3) a distortion score, and (4) a length penalty. Several authors
have even applied this method to syntax-aware systems (Chiang, 2005; Quirk
et al., 2005). However, while MERT was a significant step forward in applying
discriminative training to statistical MT, it can be performed reliably on only a
small number of parameters. For this reason, it cannot be used with approaches
like that of Foster (2000), in which there are tens of thousands of features, let alone
approaches like ours involving millions of features. Another limitation of MERT is
that the submodels may or may not be optimized for the same objective as the
metaparameters. On a task like machine translation between common languages,
where training data is abundant, a more elegant and more accurate system might
be obtained by training all parts of the system with a single regularized objective.

More recent attempts to take full advantage of discriminative methods are the
perceptron-based approaches of Tillmann and Zhang (2005) and Cowan et al.
(2006), and the perceptron-like approach of Liang et al. (2006). All of these took
advantage of discriminative methods to learn parameters for models with millions
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of features. All of them were limited by the instability of the perceptron algorithm.
Tillmann and Zhang (2006) used a more principled approach, involving stochastic
gradient descent over a regularized loss function in a reranking framework. From
a machine-learning point of view, this latter work was perhaps the most advanced
(Bottou and Bousquet, 2008). However, all of these recent efforts were applied only
to finite-state translation models.

Our work is the first, to our knowledge, to apply principled discriminative learning
directly to the millions of parameters of a tree-structured translation model.

7.3 Learning Method

The goal of learning is to induce cg, which is the cost function for individual
inferences. cg is used in Eq. (7.1) to find the minimum cost output structure. An
important design decision in learning the inference cost function cg is the choice
of feature set. Given the typically large number of possible features, the learning
method must satisfy two criteria. First, it must be able to learn effectively even if
the number of irrelevant features is exponential in the number of examples. It is
too time-consuming to manually figure out the right feature set for such problems.
Second, the learned function must be sparse. Otherwise, it would be too large for
the memory of an ordinary computer, and therefore impractical. In this section, we
describe how cg is induced.

7.3.1 Problem Representation

The training data used for translation initially comes in the form of bitrees. These
gold-standard trees are used to generate training examples, each of which is a
candidate inference: starting at the initial state, we randomly choose a sequence of
correct inferences that lead to the (gold-standard) final state.! All the candidate
inferences that can possibly follow each state in this sequence become part of the
training set. The vast majority of these inferences will lead to incorrect states,
which makes them negative examples. More specifically, the training set I consists
of candidate inferences. Each inference ¢ in the training set I can be expanded
to a tuple (X (i),y()). X (7) is a feature vector describing i, with each element in
{0,1}. We will use X (i) to refer to the element of X (i) that pertains to feature f.
y(i) = +1if ¢ is correct, and is y(i) = —1 if not.

An advantage of this method of generating training examples is that it does
not require a working inference engine and can be run prior to any training. A

1. The order of inferences is nondeterministic, so there may be many paths to the gold-
standard final state. Although the monolingual experiments of Turian (2007, section 6.4)
indicate that having a deterministic inference logic is preferable, for the task of tree
transduction it is not clear if there is a sensible canonical ordering.
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disadvantage of this approach is that it does not teach the model to recover from
mistakes. This is because example generation does not use the model in any way.
Our training set is identical to the inferences that would be scored during search
using an oracle cost function. The oracle cost function é(i) is oo if y(i) = —1 and
0 if y(i) = +1. If we wanted to improve accuracy by teaching the inference engine
to recover from its mistakes, we could use inference during example generation
and iterate training. With a deterministic logic, using the oracle cost function to
generate training examples is similar to the first iteration of SEARN (Daumé et al.,
2005, 2006).

7.3.2 Objective Function

The training method induces a real-valued inference evaluation function he (7). We
will describe how to transform heg(i) to ce(i) in Eq. (7.5). In this chapter, he is
a linear model parameterized by a real vector ©, which has one entry for each
feature f: ho(i) = © - X(i) = >°,©y - Xy(i). The sign of he(i) predicts the y-
value of ¢ and the magnitude gives the confidence in this prediction. The training
procedure adjusts © to minimize the expected risk Rg over training set I. Rg is the
objective or risk function, which is the sum of loss function Lg and regularization
term Qg. The loss measures the extent to which the model underfits the training
data. The regularization term is a measure of model complexity, and is used to
avoid overfitting the training data. We use the log-loss and ¢;-regularization, so we

have
Re(I) = L@(IH—Q@:lZle(i) + Qe
el
= [Z[ln(l—i—exp(—ﬂe(i)))] + A ey - (7.4)
icl f

A is a parameter that controls the strength of the regularizer and pg(i) = y(i)-ho(i)
is the margin of example i. The tree cost Cg (Eq. (7.1)) is obtained by computing
the objective function with y(i) = +1 for every inference in the tree, and treating
the penalty term 2o as constant:

co(i) = lo({(X(i),y = +1)) = In(1 + exp(—he(7)))- (7.5)

The experiments in section 7.4.2 motivate the use of ¢; regularization instead of /5
regularization.

7.3.3 Minimizing the Risk

We minimize the risk Rg using a form of forward stagewise additive modeling,
a procedure Guyon and Elisseeff (2003) refer to as embedded feature selection. At
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each iteration in training, we pick one or more parameters of the model to adjust
(feature selection), then adjust these parameters (model update).

Feature Selection

We want to choose parameters that allow us to decrease the risk quickly. We define
the gain of a feature f as

Go(I; f) = max(decrease in risk as we increase f’s parameter value,
decrease in risk as we decrease f’s parameter value,

decrease in risk if we leave f’s parameter value unchanged).
(7.6)

More specifically, we pick the features with the steepest gradients (Mason et al.,
1999, 2000; Perkins et al., 2003):

0 —Re 0 —Re
Go(I; f) = max | lim Of+¢€), lim Of+¢€), 0). (7.7
o1s) = max i 22510 @ +0). I 5252 (©;+. 0). (1)
The limits are taken from above and below, respectively. This analysis technique
allows us to determine the gain for any continuous function, regardless of whether
it is continuously differentiable or not. To determine the gain function in Eq. (7.7)
for a particular risk, we consider two cases:

= If we are using the ¢; penalty (e = > ;¢ |©y]) and ©y = 0, then we are at the
gradient discontinuity and we have

Olo| _ o). (7.8)

Ge(I; f) = max (‘a—ef

Observe that unless the magnitude of the gradient of the empirical loss [0Le(I)/00 |
exceeds the penalty term A, the gain is zero and the risk increases as we adjust
parameter ©; away from zero in either direction. In other words, the parameter
value is trapped in a “corner” of the risk. In this manner the polyhedral structure of
the ¢1 norm tends to keep the model sparse (Riezler and Vasserman, 2004). Dudik
et al. (2007) offer another perspective, pointing out that ¢; regularization is “truly
sparse”: if some feature’s parameter value is zero when the risk is minimized, then
the optimal parameter value will remain at zero even under slight perturbations of
the feature’s expected value and of the regularization penalty. However, if the gain
is nonzero, Ge([; f) is the magnitude of the gradient of the risk as we adjust Oy
in the direction that reduces Rg.

® If we are using the £ penalty (Qe =3 cp 0/%), then we have

oL
Go(I; f) = 8—@‘?+A.2.@f . (7.9)
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The ¢>-regularization term disappears when ©; = 0, and so—for unused features—
lo-regularized feature selection is indistinguishable from unregularized feature se-
lection. The only difference is that the fo-penalty term reduces the magnitude of the
optimal parameter setting for each feature. This is why fs-regularization typically
leads to models where many features are active (nonzero).

Let us define the weight of an example 7 under the current model as the rate at
which loss decreases as the margin of ¢ increases:

Ole(i) _ 1

we (1) = — < = —. 7.10
1) = = Bholi) ~ T+ (o) (7.10)
To determine ’gLT‘?, the gradient of the unpenalized loss Lg with respect to the
parameter @f of feature f, which is used in Eq. (7.8) and (7.9), we have
8L9 Z 819 Z 8l9 8/19 (Z)
5‘@f P 00y 8#@ 00y
o (7.11)
= —Zwe ) Xp(i)] == D weld) y(i).
icl i€l
Xg(i)=1

Turian (2007, section 4.2) contains detailed derivations of the gain functions in this
section, as well as more discussion and comparison to related learning approaches.

Compound Feature Selection

Although he is just a linear discriminant, it can nonetheless learn effectively
if feature space F' is high-dimensional. Features encode information about the
inference in question. A priori, we define only a set A of simple atomic features
(sometimes also called attributes or primitive features).

Feature construction or induction methods are learning methods in which we
induce a more powerful machine than a linear discriminant over just the attributes,
and the power of the machine can be data-dependent.

Our learner induces compound features, each of which is a conjunction of pos-
sibly negated atomic features. Each atomic feature can have one of three values
(ves/no/don’t care), so the compound feature space F has size 34/, exponential
in the number of atomic features. Each feature selection iteration selects a set of
domain-partitioning features. Domain-partitioning features F' cover the domain and
are nonoverlapping for every possible inference ¢ in the space of inferences:

cover : 3f € Fs.t. Xs(i) =1

nonoverlapping : Vf, f' € F, if Xy¢(i) =1and Xy (i) =1 then f = f".

In other words, F' partitions the inference space if for any i, there is a unique feature
f in the partition F' such that X (i) =1, and X (i) = 0 for all other features.

One way to choose a set of domain-partitioning compound features is through
greedy splitting of the inference space. This is the approach taken by decision trees,
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for some particular splitting criterion. Since we wish to pick splits that allow us to
reduce risk, our splitting criterion uses the gain function. In particular, assume that
we have two different two-feature partitions of some subspace of the inference space.
The features f; and f, are one partition, and f;” and f," are the other. We treat
the gain of each partition as Go(f1) + Ge(f2) and Ge(f1') + Ge(f2'), respectively,
and prefer the partition with higher gain. The work of Mason et al. (1999, 2000),
who studied a related problem, motivate this choice theoretically using a first-order
Taylor expansion.

Model Update

After we have selected one or more high-gain features, we update the model.
Parallel update methods can adjust the parameter values of overlapping features
to minimize the risk. Stagewise or sequential update methods adjust the parameter
values of nonoverlapping features to minimize the risk, each of which can be
optimized independently, e.g., using line search. Since domain-partitioning features
are nonoverlapping, we use sequential updates to choose parameter values.

Boosting Regularized Deciston Trees

To summarize, our approach to minimizing the risk is divided into feature selection
and model update. Feature selection is performed using gradient descent in the
compound feature space through a greedy splitting procedure to partition the
inference space. Model update is performed using a sequential update method.

Our specific implementation of this risk minimization approach is to boost an
ensemble of confidence-rated decision trees. This boosted ensemble of confidence-
rated decision trees represents ©. We write AO(t) to represent the parameter values
chosen by tree ¢, and for ensemble 7" we have © =}, ., AO(t). Each internal node
is split on an atomic feature. The path from the root to each node n in a decision
tree corresponds to a compound feature f, in which case we write ¢(n) = f. An
example i percolates down to node n iff X,y = 1. Each leaf node n keeps track of
delta-parameter value A©,(t). To score an example i using a decision tree, we
percolate the example down to a leaf n and return confidence A©,(,,)(t). The score
he(i) given to an example i by the whole ensemble is the sum of the confidences
returned by all trees in the ensemble.

Figure 7.1 presents our training algorithm. At the beginning of training, the
ensemble is empty, © = 0, and A is set to co. We grow the ensemble until the
risk cannot be further reduced for the current choice of A. So for some choice of
penalty factor X, our model is the ensemble up until when A was decayed below
X'. We then relax the regularizer by decreasing A and continue training. We use the
decay factor n = 0.9 as our learning rate. In this way, instead of choosing the best
A heuristically, we can optimize it during a single training run. This approach of
progressively relaxing the regularizer during a single training run finds the entire
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Algorithm 7.1 Outline of the training algorithm.

procedure TRAIN(])
ensemble « ()
regularization parameter A «— oo
while not converged do

g <« maxqecA(|0Le/00y|,|0Le/00.|,|0Le /0O -4|) > Find the best
> unpenalized gain of any root split
A« min(\, 7 g) > Maybe decay the penalty parameter

> so that training can progress
AO(t) « BUILDTREEe (A, I)

if Roraer) < Re + ¢ then > If we have reduced loss by some threshold
O — O+ AO(t) > Then keep the tree and update the model
else > Otherwise, we have converged for this choice of A
Ae—mn-A > Decay the penalty parameter

procedure BUILDTREEg (A, I)
t < root node only
while some leaf in ¢ can be split do > See Eq. (7.13)
split the leaf to maximize gain > See Eq. (7.12)
percolate every i € I to a leaf node
for each leaf n in ¢t do
ABy(m)(t) —argminge o) (Retae,,, ) Iem)) > Choose ABy(m)(t) to
> minimize R using a line search
return AO(t)

regularization path (e.g., Hastie et al., 2004) and is a form of continuation method
for global optimization (e.g., Chapelle et al., 2006).

Each invocation of BUILDTREE has several steps. First, we choose some com-
pound features that will allow us to decrease the risk function. We do this by build-
ing a decision tree whose leaf node paths represent the chosen compound features.
Second, we confidence-rate each leaf to minimize the risk over the examples that
percolate down to that leaf. Finally, we return the decision tree. TRAIN appends
it to the ensemble and update parameter vector © accordingly. In this manner,
compound feature selection is performed incrementally during training, as opposed
to a priori.

The construction of each decision tree begins with a sole leaf node, the root node,
which corresponds to a dummy “always true” feature (). By “always true”, we mean
that Xy(i) = 1 for any example i. We recursively split leaf nodes by choosing the
best atomic splitting feature that will allow us to increase the gain. Specifically, we
consider splitting each leaf node n using atomic feature a, where f = p(n) and

a =argmax [Go(l; f Na)+ Ge(I; f A—a)]. (7.12)
acA

(We use f to mean an actual feature, not a feature index.) Splitting using @ would
create children nodes ny and ng, with ¢(n1) = f Aa and p(n2) = f A —a. We split
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Table 7.1 Data sizes in 000’s

sent. | English words | French words
pairs | types | tokens | types| tokens
trainingl | 10 11 210 14 232
training2 | 100 29 2100 38 2300
tuning 1 3.5 21 4.2 23
devel 1 3.5 21 4.1 23
test 1 3.5 21 4.1 23

node n using a only if the total gain of these two children exceeds the gain of the
unsplit node, i.e., if

Go(I; f Na) + Ge(I; f N —a) > Ge(I; f). (7.13)

Otherwise, n remains a leaf node of the decision tree, and ©,(,) becomes one of
the values to be optimized during the parameter update step.

Parameter update is done sequentially on only the most recently added compound
features, which correspond to the leaves of the new decision tree. After the entire
tree is built, we percolate each example down to its appropriate leaf node. As indi-
cated earlier, a convenient property of decision trees is that the leaves’ compound
features are mutually exclusive, so their parameters can be directly optimized in-
dependently of each other. We use a line search to choose for each leaf node n the

parameter © that minimizes the risk over the examples in n.

w(n)

7.4 Experiments
7.4.1 Data

The data for our experiments came from the English and French components
of the EuroParl corpus (Koehn, 2005). From this corpus, we extracted sentence
pairs where both sentences had between 5 and 40 words, and where the ratio of
their lengths was no more than 2:1. We then extracted disjoint training, tuning,
development, and test sets. The tuning, development, and test sets were 1000
sentence pairs each. For some experiments we used 10,000 sentence pairs of training
data; for others we used 100,000. Descriptive statistics for these corpora are in
table 7.1.

We parsed the English half of the training, tuning, development, and test bitexts
using Dan Bikel’s parser (Bikel, 2004), which was trained on the Penn treebank
(Marcus et al., 1993). On each of our two training sets, we induced word alignments
using the default configuration of GIZA++ (Och and Ney, 2003). The training set
word alignments and English parse trees were fed into the default French-English
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hierarchical alignment algorithm distributed with the GenPar system (Burbank
et al., 2005), to produce binarized tree alignments.

7.4.2 Word Transduction

Our first set of experiments evaluated our approach on the task of translating
individual words from English to French. The input was a single English word,
which we’ll call the “focus” word, along with a vector of features (described below).
The output was a single French word, possibly NULL. The proposed translation
was compared to a gold-standard translation.

The gold-standard word pairs that we used for this task were extracted from
the tree alignments described above. Thus, the gold standard was a set of GIZA++
Viterbi word alignments filtered by a tree cohesion constraint. Regardless of whether
they are created manually or automatically, word alignments are known to be highly
unreliable. This property of the data imposed a very low artificial ceiling on all of our
results, but it did not significantly interfere with our goal of controlled experiments
to compare learning methods. To keep our measurements consistent across different
training data sizes, the word alignments used for testing were the ones induced by
GIZA++ when trained on the larger training set. The number of trials was equal
to the number of source words for which GIZA++ predicts an alignment.

In contrast to Vickrey et al. (2005), we did not allow multiword “phrases” as
possible translations. Our hypothesis, based on some evidence in section 7.4.3 and
in Quirk and Menezes (2006), is that the best MT systems of the future will
not need to deal in such objects. In our study, phrases might have raised our
absolute scores, but they would have confounded our understanding of the results.
Our experiment design also differs from Vickrey et al. (2005) in that we trained
classifiers for all words in the training data.? There were 161K word predictions in
the smaller (10,000 sentence pairs) training set, 1866K in the larger training set,
17.8K predictions in the tuning set, 14.2K predictions in the development set, and
17.5K predictions in the test set.

Using the smaller training set and guessing the most frequent translation of each
source word achieves a baseline accuracy of 47.54% on the development set. With
this baseline, we compared three methods for training word transducers on the
word alignments described above. The first was the method described in section 7.3
for inducing ¢;-regularized log-linear models over the compound feature space. The
second method was similar to Vickrey et al. (2005): induce ¢s-regularized log-linear
models over the atomic feature space.3 The third method was LaSVM (Bordes
et al., 2005), an online SVM algorithm designed for large data sets.

2. David Vickrey (personal communication) informed us that Vickrey et al. (2005) omitted
punctuation and function words, which are the most difficult in this task.

3. We do not induce {¢2-regularized log-linear models over the compound feature space
because Turian (2007, section 6.4) found that these models were too large even for
monolingual parsing experiments. To induce f>-regularized log-linear models over the
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Table 7.2 Percent accuracy on the development set and sizes of word-to-word clas-
sifiers trained on 10K or 100K sentence pairs. The feature sets used were (W)indow,
(D)ependency, and (C)o-occurrence. ¢ size is the number of compound feature types.

| W | wi+D | W+C | WHD+C |

10,000 training sentences — baseline = 47.54

Uy 54.09 | 54.33 52.36 52.88
I 53.96 | 54.13 53.29 53.75
LaSVM 53.38 | 51.93 | 49.13 50.71
pruned /s 47.37 46.01 46.68 45.01
ly size 54.1K | 41.7K | 378K 38.7TK
Uy size 1.67M | 2.51M | 5.63M 6.47TM

pruned /3 size | 54.1K | 41.7K | 37.8K 38.7TK

100,000 training sentences — baseline = 51.94
I 62.00 | 62.42 61.98 62.40
0 size 736K 703K 316K 322K

For each training method, we experimented with several kinds of features, which
we call “window,” “co-occurrence,” and “dependency.” Window features included
source words and part-of-speech (POS) tags within a two-word window around
the focus word, along with their relative positions (from —2 to +2). Co-occurrence
features included all words and POS tags from the whole source sentence, without
position information. Dependency features were compiled from the automatically
generated English parse trees. The dependency features of each focus word were
e the label of its maximal projection (i.e., the highest node that has the focus word
as its lexical head, which might be a leaf, in which case that label is a POS tag);
e the label and lexical head of the parent of the maximal projection;

e the label and lexical head of all dependents of the maximal projection;

e all the labels of all head-children (recursively) of the maximal projection.

The window features were present in all experimental conditions. The pres-
ence/absence of co-occurrence and dependency features yielded four “configura-
tions.”

Using each of these configurations, each training method produced a confidence-
rating binary classifier for each translation of each English word seen in the training
data. In all cases, the test procedure was to choose the French word predicted with
the highest confidence. All methods, including the baseline, predicted NULL for
source words that were not seen in training data.

Table 7.2 shows the size and accuracy of all three methods on the development
set, after training on 10,000 sentence pairs, for each of the four configurations. The
best configurations of the two logistic regression methods far exceed the baseline,

atomic feature space, we used MegaM by Hal Daumé, available at http://www.cs.utah.
edu/~hal/megam/
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but otherwise they were statistically indistinguishable. The accuracy of LaSVM was
similar to the regression methods when using only the window features, but it was
significantly worse with the larger feature sets.

More interesting were the differences in model sizes. The fs-regularized models
were bigger than the f;-regularized models by two orders of magnitude. The f5-
regularized models grew in size to accommodate each new feature type. In contrast,
the £1-regularized models decreased in size when given more useful features, without
significantly losing accuracy. This trend was even stronger on the larger training
set, where more of the features were more reliable.

The size of models produced by LaSVM grew linearly with the number of
examples, because for source words like “the,” about 90% of the examples became
support vectors. This behavior makes it infeasible to scale up LaSVM to significantly
larger data sets, because it would need to compare each new example to all support
vectors, resulting in near-quadratic runtime complexity.

To scale up to 100,000 sentence pairs of training data with just the window
features, the ¢5 classifiers would need about 25 billion parameters, which could not
fit in the memory of our computers. To make them fit, we could set all but the
largest feature parameters to zero. We tried this on 10,000 training sentence pairs.
The number of features allowed to remain active in each ¢5 classifier was the number
of active features in the /1 classifier. Table 7.2 shows the accuracy of these “pruned”
{o-regularized classifiers on the development set, when trained on 10,000 sentence
pairs. With the playing field leveled, the ¢; classifiers were far more effective.

In preliminary experiments, we also tried perceptron-style updates, as suggested
by Tillmann and Zhang (2005). However, for reasons given by Tewari and Bartlett
(2005), the high-entropy decisions involved in our structured prediction setting often
prevented convergence to useful classifiers. Likewise, Christoph Tillmann informed
us (personal communication) that, to ensure convergence, he had to choose features
very carefully, even for his finite-state MT system.

Regularization schemes that don’t produce sparse representations seem unsuit-
able for problems on the scale of machine translation. For this reason, we used only
{1-regularized log-loss for the rest of our experiments. Table 7.2 shows the accuracy
and model size of the ¢1-regularized classifier on the development set, when trained
on 100,000 sentence pairs, using each of the four configurations. Our classifier far
exceeded the baseline. The test set results for the best models (window + depen-
dency features) were quite close to those on the development set: 54.64% with the
smaller training set, and 62.88% with the larger.

7.4.3 Bag Transduction

The word-to-word translation task is a good starting point, but any conclusions
that we might draw from it are inherently biased by the algorithm used to map
source words to target words in the test data. Our next set of experiments was on
a task with more external validity — predict a translation for each source word in
the test data, regardless of whether GIZA++ predicted an alignment for it. The
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difficulty with this task, of course, is that we have no deterministic word alignment
to use as a gold standard. Our solution was to pool the word translations in each
source sentence and compare them to the bag of words in the target sentence. We
still predicted exactly one translation per source word, and that translation could
be NULL. Thus, the number of target words predicted for each source sentence was
less than or equal to the number of words in that source sentence. The evaluation
measures for this experiment were precision, recall, and F-measure, with respect to
the bag of words in the test target sentence.

We compared the four configurations of our ¢;-regularized classifiers on this task
to the most-frequent-translation baseline. We also evaluated a mixture model, where
a classifier for each source word was chosen from the best one of the four configu-
rations, based on that configuration’s accuracy on that source word in the tuning
data. As an additional gauge of external validity, we performed the same task using
the best publicly available machine translation system (Koehn et al., 2003). This
comparison was enlightening but necessarily unfair. As mentioned above, our long-
term goal is to build a system whose every component is discriminatively trained
to optimize the objective function. We did not want to confound our study with
techniques such as “phrase” induction, word-class induction, nondiscriminatively
trained target language models, etc. On the other hand, modern MT systems are
designed for use with such information sources, and cannot be fairly evaluated
without them. So, we ran Pharaoh in two configurations. The first used the default
system configuration, with a target language model trained on the target half of
the training data. The second allowed Pharaoh to use its phrase tables but with-
out a target language model. This second configuration allowed us to compare the
accuracy of our classifiers to Pharaoh specifically on the subtask of MT for which
they were designed.

The results are shown in table 7.3. The table shows that our method far exceeds
the baseline. Since we predict only one French target word per English source word,
the recall of our bag transducer was severely handicapped by the tendency of French
sentences to be longer than their English equivalents. This handicap is reflected in
the one-to-one upper bound shown in the table. With a language model, Pharaoh’s
recall exceeded that of our best model by slightly less than this 13.7% handicap.
However, we were surprised to discover that the bag transducer’s precision was much
higher than Pharaoh’s when they compete on a more level playing field (without
a language model), and higher even when Pharaoh was given a language model.
Table 7.4 shows the accuracy of the best models on the test set. These results closely
follow those on the development set.

This result suggests that it might not be necessary to induce “phrases” on the
source side. Quirk and Menezes (2006) offer additional evidence for this hypothesis.
After all, the main benefits of phrases on the source side are in capturing lexical
context and local word reordering patterns. Our bag transducers capture lexical
context in their feature vectors. Word order is irrelevant for bag transduction.

The main advantage of phrase-based models on this task is in proposing more
words on the target side, which eliminates the one-to-one upper bound on recall.
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Table 7.3

Table 7.4

| P | R | F
training on 10,000 sentence pairs
baseline 48.09 | 41.26 | 44.42
window only 53.93 | 42.81 | 47.73
dependency 53.97 | 42.72 | 47.69
co-occurrence 53.31 | 42.45 | 47.26
co-oc. + dep. 53.58 | 42.67 | 47.50
mixture model 54.05 | 42.95 | 47.87
training on 100,000 sentence pairs
baseline 51.91 | 40.79 | 45.68
window only 58.79 | 44.26 | 50.50
dependency 59.12 | 44.57 | 50.82
co-occurrence 59.06 | 44.36 | 50.67
co-oc. + dep. 59.19 | 44.60 | 50.87
mixture model 59.03 | 44.55 | 50.78
Pharaoh w/o LM | 32.20 | 54.62 | 40.51
Pharaoh with LM | 56.20 | 57.49 | 56.84
1-to-1 upper bound 100.00 | 86.31 | 92.65

(P)recision, (R)ecall, and (F)-measure of bag transducers on the test set

[ p R [F

training on 10,000 sentence pairs

dependency 54.36 | 42.75 | 47.86

mixture model 54.27 | 42.81 | 47.86
training on 100,000 sentence pairs

co-oc. + dep. 59.49 | 44.19 | 50.71

mixture model 59.62 | 44.38 | 50.88

Pharaoh w/o LM | 32.55 | 54.62 | 40.80

Pharaoh with LM | 57.01 | 57.84 | 57.45
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(P)recision, (R)ecall, and (F)-measure for bag transduction of the develop-
ment set. The discriminative transducers were trained with ¢; regularization.

Another advantage is that phrase-based models require no parsing, and thus require

no hand-annotated treebank to be available for training a parser for the source
language. Note, however, that when training on 100,000 sentences, our best model
not relying on parse tree information (the co-oc. model) was only a tiny bit less

accurate than the best model overall (the co-oc. + dep. model).

7.4.4 Tree Transduction

We experimented with a simplistic tree transducer, which involves only two types
of inference. The first type transduces leaves; the second type transduces internal
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nodes. The transduction of leaves is exactly the word-to-word translation task
described in section 7.4.2. Leaves that are transduced to NULL are deterministically
erased. Internal nodes are transduced merely by permuting the order of their
children, where one of the possible permutations it to retain the original order. This
transducer is grossly inadequate for modeling real bitext (Galley et al., 2004): it
cannot account for many kinds of noise and for many real translingual phenomena,
such as head-switching and discontinuous constituents, which are important for
accurate MT. It cannot even capture common phrasal translations such as there is
/ il y a. However, it is sufficient for controlled comparison of learning methods. The
learning method will be the same when we use more sophisticated tree transducers.
Another advantage of this experimental design is that it uses minimal linguistic
cleverness and is likely to apply to many language pairs, in contrast to other
studies of constituent/dependent reordering that are more language-specific (Xia
and McCord, 2004; Collins et al., 2005).

To reduce data sparseness, each internal node with more than two children was
binarized, so that the multiclass permutation classification for the original node
was reduced to a sequence of binary classifications. This reduction is different from
the usual multiclass reduction to binary: in addition to making the classifier binary
instead of multiclass, the reduction decomposes the label so that some parts of it
can be predicted before others. For example, without this reduction, a node with
children (A, B, C) can be transduced to any of six possible permutations, requiring
a six-class classifier. After binarization, the same six possible permutations can
be obtained by first permuting (A, B), and then permuting the result with C, or
by first permuting (B, C) and then permuting the result with A. This reduction
eliminates some of the possible permutations for nodes with four or more children
(Wu, 1997).

Our monolingual parser indicated which node is the head-child of each internal
node. Some additional permutations were filtered out using this information: two
sibling nodes that were not the head-children of their parent were not allowed to
participate in a permutation until one of them was permuted with the head-child
sibling. Thus, if C' was the head-child in the previous example, then (A, B) could
not be permuted first; (B, C) had to be permuted first, before permuting with A.

We search for the tree with minimum total cost, as specified in Eq. (7.1). We
compared two models of inference cost—one generative and one discriminative.

The generative model was based on a top-down tree transducer (Comon et al.,
2002) that stochastically generates the target tree given the source tree. The
generative process starts by generating the target root given the source root. It
then proceeds top-down, generating every target node conditioned on its parent
and on the corresponding node in the source tree. Let 7 be the function that maps
every node to its parent, and let 17 be the function that maps every target node to
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Table 7.5 (P)recision, (R)ecall, and (F)-measure of transducers using 100,000 sentence
pairs of training data
Source Transduction Exponent 1 Exponent 2
parser model P R F P R F
generative generative 51.29 38.30 43.85 22.62 16.90 19.35
generative discriminative 59.89 39.53 47.62 26.94 17.78 21.42
discriminative generative 50.51 | 37.76 | 43.21 22.04 | 16.47 | 18.85
discriminative discriminative 62.36 | 39.06 | 48.04 || 28.02 | 17.55 | 21.59
Pharaoh (w/o LM) 32.19 | 54.62 | 40.51 12.37 | 20.99 | 15.57

its corresponding source. If we view the target tree as consisting of nodes n with
ng being the root node, then the probability of the target tree ¢ is

Pr(t) = Pr(noln(no)) - [ Pr(nlx(n),n(n)). (7.14)
n#ng€t

For the generative model, the cost of an inference ¢ is the negative logarithm of
the probability of the node n(i) that it infers: {(i) = —log Pr[n(i)|m(n(i)), n(n(7))].
We estimated the parameters of this transducer using the Viterbi approximation
of the inside-outside algorithm described by Graehl and Knight (2004). Following
Zhang and Gildea (2005), we lexicalized the nodes so that their probabilities capture
bilexical dependencies.

The discriminative model was trained using the method in section 7.3, with the
inference cost computed as described in Eq. (7.5). A separate classifier was in-
duced for each possible translation of each source word seen in training data, to
evaluate candidate transductions of leaf nodes. Additional classifiers were induced
to confidence-rate candidate permutations of sibling nodes. Recall that each per-
mutation involved a head-child node and one of its siblings. Since our input trees
were lexicalized, it was easy to determine the lexical head of both the head-child
and the other node participating in each permutation. Features were then compiled
separately for each of these words according to the “window” and “dependency”
feature types described in section 7.4.2. Since the tree was transduced bottom-up,
the word-to-word translation of the lexical head of any node was already known
by the time it participated in a permutation. So, in addition to dependents on the
source side, there were also features to encode their translations. The final kind of
feature used to predict permutations was whole synchronous context-free produc-
tion rules, in bilexical, monolexical, and unlexicalized forms. We cannot imagine a
generative process that could explain the data using this combination of features.
Our hypothesis was that the discriminative approach would be more accurate, be-
cause its evaluation of each inference could take into account a great variety of
information in the tree, including its entire yield (string), not just the information
in nearby nodes.

For both models, the search for the optimal tree was organized by an agenda, as
is typically done for tree inference algorithms. For efficiency, we used a chart, and
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pruned items whose score was less than 10~3 times the score of the best item in the
same chart cell. We also pruned items from cells whenever the number of items in
the same cell exceeded 40. Our entire tree transduction algorithm can be viewed as
translation by parsing (Melamed, 2004) where the source side of the output bitree
was constrained by the input (source) tree.

We compared the generative and discriminative models by reading out the
string encoded in their predicted trees, and comparing that string to the target
sentence in the test corpus. In pilot experiments we used the BLEU measure
commonly used for such comparisons (Papineni et al., 2002). To our surprise, BLEU
reported unbelievably high accuracy for our discriminative transducer, exceeding
the accuracy of Pharaoh even with a language model. Subsequently, we discovered
that BLEU was incorrectly inflating our scores by internally retokenizing our French
output. This behavior, together with the growing evidence against using BLEU
for syntax-aware MT (Callison-Burch et al., 2006), convinced us to use the more
transparent precision, recall, and F-measure, as computed by GTM (Turian et al.,
2003). With the exponent set to 1.0, the F-measure is essentially the unigram
overlap ratio, except it avoids double-counting. With a higher exponent, the F-
measure accounts for overlap of all n-grams (i.e., for all values of n), again without
double-counting.

During testing, we compared two kinds of input parse trees for each kind of tree
transducer. The first kind was generated by the parser of Bikel (2004). The second
kind was generated by the parser of Turian and Melamed (2006), which was trained
in a purely discriminative manner. Table 7.5 shows the results. The discriminatively
trained transducer far outperformed the generatively trained transducer on all
measures, at a statistical significance level of 0.001 using the Wilcoxon signed ranks
test. In addition, the discriminatively trained transducer performed better when it
started with parse trees from a purely discriminative parser.

7.5 Conclusion

We have presented a method for training all the parameters of a syntax-aware
statistical machine translation system in a discriminative manner. The system
outperforms a generative syntax-aware baseline. We have not yet added all the
standard information sources that are necessary for a state-of-the-art MT system,
but the scalability of our system suggests that we have overcome the main obstacle
to doing so.

Our next step will be to generalize the tree transducer into a bitree transducer,
so that it can modify the target side of the bitree after it is inferred from the source
side. In particular, we shall add a new type of inference to predict additional words
on the target side, starting from words that are already there, and from all the
information available on the source side (cf. Toutanova and Suzuki, 2007). This
kind of inference will enable the transducer to translate strings with fewer words
into strings with more words. Item costs assigned by a target language model will
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likely be an important source of information for this kind of inference, just as it is
in most other kinds of MT systems.
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