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Abstract

We present a series of models for doing statistical machine translation based on labeled semantic
dependency graphs. We describe how these model s were employed to augment an existing
example-based MT system, and present results showing that doing so led to a significant
improvement in tranglation quality as measured by the BLEU metric.

1. Introduction

Much research of late has been devoted to the invention and implementation of statistical
machine translation (hereafter: SMT) systems of the kind originally described in (Brown et a.,
1993). What these systems have in common is that they try to predict the most likely target
language string given an input string in the source language using statistical methods.

While traditional SMT systems do not explicitly model structural linguistic properties of the
languages they are trandating, recent trends in both SMT and speech recognition research
suggest that it may be worthwhile to pay more attention to these properties when creating
language models. Language models and SMT systems that take syntactic information into
account are becoming more numerous. A representative sample includes the work of Chelba
(1997), Charniak (2001), Knight and Y amada (2001), Charniak, Knight and Y amada (2003), and
Eisner (2003). The intuition is that syntax-based models ought to be able to capture long-distance
dependencies that surface-string models are unable to capture because events that depend on each
other are often closer together in the syntax tree than they are in the surface string, in the sense
that the distance to a sibling or common parent may be significantly shorter than distance
between the same events in the surface string.

The system described in this paper is an attempt to take one step further in the same direction:
if syntactic models are good because they move events that depend on each other closer together
than they are in the surface string, then semantic models ought to be even better. A semantic
representation of a sentence ought to bring related events into nearer proximity by explicitly
representing semantic dependencies still latent in the syntactic representation.

In this paper, we show how our existing example-based MT system using labeled semantic
dependency graph trandation mappings benefited from the application of SMT techniques while
still preserving the benefits provided by rich hierarchical linguistic information.

2. Description of the baseline system and the statistical framewor k

2.1. Thebaseline system

For an overview of the example-based system to which we' ve applied these statistical techniques,
see (Richardson et al, 2001). In a nutshell, the system parses aligned source and target language
training sentences using a bottom-up, multi-path chart parsing algorithm, aligns the resulting



dependency graphs and creates a set of mappings from source language dependency graph
fragments to target language dependency graph fragments (hereafter referred to as DG
mappings). The nodes in a given dependency graph represent the lemmas of all concept words in
the corresponding sentence. A pair of nodes may be connected by a directed edge labeled by a
semantic or deep-syntactic dependency relationship. Associated with each node in the graph are
zero or more binary features which specify additional syntactic or semantic information about the
lemma of the node to which they are attached. Corresponding source and target dependency
graphs are aigned to one another with the aid of alearned transation dictionary.

At runtime, the input string is parsed and converted to a dependency graph which is then
matched against the database of learned dependency graph fragments. This process yields the set
of al (possibly overlapping) mappings whaose source dependency graph chunk matches a portion
of theinput dependency graph.

Figure 1: System diagram
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The baseline system then employs a greedy heuristic decoder to decide which set of transfer
mappings to use. The mappings are sorted by size, then by the number of binary features
matched, and finally by frequency. The first compatible set of mappings found that covers the
input dependency graph is selected. Any gaps (nodes in the input graph not covered by the
learned mappings) are filled in using a learned trandation dictionary. The target sides of the
chosen mappings are then combined into a complete target language dependency graph and
passed to a generation module which generates the target language surface string.




2.2. The statistical framework

The statistical framework described in this paper is designed as a replacement for the heuristic
decoding mentioned above. It attempts to answer the question: “Which of al of the possible
combinations of transfer mappings whose source component is covered by a portion of the input
dependency graph will yield the best target language dependency graph?” The rest of the system
components (i.e. the alignment and partitioning of the training data and the analysis and
generation components) did not have to be modified for the new system.

The traditional noisy-channel SMT modd attempts to find the highest-probability translation
for a sentence

T=agmax(P(T'|S5)), (D)
where Sis the source language sentence and T the target language sentence. By Bayes' rule,
T =argmax(P(T | S)) = argmax(P(S | T)P(T)). (2)

A target language model trained on monolingual target language data is used to compute an
estimate of P(T), and channel models of varying complexity are built to compute and estimate
P(S|T).

In our system, individual candidate mappings and combinations of mappings are scored using
a linearly interpolated combination of scores from several heterogeneous information sources.
This “kitchen sink” approach to SMT is superficially similar to the system described in (Och and
Ney, 2002), except that it works with dependency graph mappings instead of with surface strings.
Formally, then, we are looking for the set of transfer mappings T OUt Of all sets of transfer
mappings T such that:

T, =ag max{iiﬂScorem ™y, 3

where un ¢ M are the individual models, each of which assigns a score to a set of transfer
mappings.

The sources consulted for our system include a probabilistic channel model, target language
model, and simple fertility model. Additional information sources whose scores are interpolated
with the traditiona SMT models include mapping size and number of binary features matched.
We train weights for the models using Powell’s agorithm to maximize the BLEU score on the
output of the system (Papineni et al., 2001).

While the genera idea behind these approaches is not new, the innovation in both cases is to
apply these techniques at the labeled dependency graph leve rather than at the string level. We
know of no other system to date that has used statistical techniques to maximize the probability
of labeled dependency-graph-to-dependency-graph mappings for machine trandlation.

3. Moddls

3.1. Target language model

Most SMT systems use surface string n-gram models for their target language model. This has a
number of advantages, particularly in a string-to-string trandation system. Perhaps most



importantly, since n-gram models have been used in speech recognition for quite some time,
there is considerable literature devoted to the subject of smoothing and compressing them (c.f.
Stolcke, 1998; Goodman, 2000). The models are ssimple to train and to use, and it is relatively
easy to optimize the size of the models to find a good tradeoff between minimizing space
requirements and getting the precision necessary for the given task.

However, surface-string n-gram models have some limitations as well. Perhaps the greatest

limitation is their primary independence assumption, that word w; depends only on words w, ;, w;.
2 ... w,. While it's sometimes true that aword can be accurately predicted from one or two of its
immediate predecessors, a number of linguistic constructs place highly predictive words
sufficiently far from the words they predict that they are excluded from the scope of the n-gram.
(Think, for example, of extraposition or of extended adjective constructions).
We attempt to circumvent this particular shortcoming by building an r-gram model based on
dependency graphs instead of on surface strings. Our target language model is a 5-gram model
based on a vertical Markovization' of dependency graphs that have been converted to trees, in
which relations are represented as first-class events (nodes) along with the lemmas they relate.
We make the Markov independence assumption that the probability of a given tree is the product
of the probability of each of the nodes given its (n-1) previous ancestors. Thus we compute the
probahility of the target dependency graph z by the following formula:

Il

P, ()= H Pc; | ¢y gy i) 4)
where C are dl of the nodesin t, ¢;.; denotes the parent of ¢;, and » is the order of the model. The
model is pruned by removing infrequently-occurring n-grams and smoothed using interpolated
absol ute discounting.

Consider the following dependency graph:

R1 =~ B

|1
]

The probability of the graph according to atrigram DG model would be:

P(A| ROOT) * P(RL| ROOT A) * P(R2| ROOT A) * P (B| A
RI) * P(C| AR * P(D| AR2) * P (LEAF | RL B) * P(LEAF |
R2 C) * P(LEAF | R2 D)

! See Klein and Manning, 2003 for further discussion of vertical Markovization. It would have been nice to include horizonta (i.e. sibling) information
in our model aswell, but the top-down nature of our decoder (and the performance-motivated incorporation of the Markov assumption therein) made this
impractical.



Treating semantic relationships (in this example: R1 and R2) as first-class entities simplifies the
creation of the model a great deal, since it means we don’t have to train and store two separate
models for lemmas and semantic relationships.

To see why dependency graph-based models might model certain phenomena better than
string-based n-gram models or syntax trees, consider the following sentences:

1. John hit the ball.
2. The balls were hit by Lucy.

A surface-string-based 3-gram model would count the following n-grams, each n-gram getting
count 1:
Table 1. Surface string N-gram Counts

<Pr><Pr>John1l | <Pr>Johnhit1 | John hitthel hit the ball 1 the ball <POST> 1
<Pr><Pr>Thel <Pr>Theballs1 | theballswerel | balswerehitl | werehitby 1
hit by Lucy 1 By Lucy <Po> 1

Note that each of these trigrams occurs only once, even though the event (the hitting of a ball) is
the same in both cases.
If welook at syntax trees, we get a dlightly different picture:

The balls were hit by Lucy.

DECL1, NPl—_—DETP1 ADJ1* "The"
John hit the ball. NOUN1* "balls"
DECL1: NPL NOUN1* "John" AUXPL VERB1* "were"
VERB1* "hit" VERB2* "hit" b
sziDETpl ADJ1¥ the' PP1 PP2 PREPL* "by"
NOUN2* "ball” NOUNZ* "Lucy"
CHARL i HAR1

One could, asin (Chelba and Jelinek, 1998) build up a statistical grammar from a corpus of parse
trees such as these. This grammar could then be used in a syntax-tree-based SMT system in order
to assign a probability to target language syntax tree candidates. Note, however, that here, too,
the hitting of the ball would be split into two separate buckets (one set of rules for the active
voice construction and another for the passive voice), and so the system would fail to learn a
useful generalization.

The dependency graphs our system produces for the two sentences looks like this:

John hit the ball.

hitl (+Past +Proposition +T1) The balls were hit by Lucy.

N:Dsub——1Johnl (+Masc +Pers3 +Sing +PrprN +vulgar hitl (+Past +Pass +Proposition 4T1) ]
‘Dobj——halll (+Def +Pers3 +Sing +Conc +Count)  “Dsub——Lucyl (+Fem +Pers3 +Sing +PrprN +Anim +Conc
------------------------------ ‘Dobj—balll (+Def +Plur +vulgar +Conc +Count)

The dependency graph target language model would generate the following trigram counts for
this sentence pair:
Table 2: Dependency Graph N-gram Counts

<PR> <PR> hit 2 <PR> hit Dsub 2 <PR> hit Dobj 2 hit Dsub John 1

hit Dsub Lucy 1 hit Dobj ball 2 Dsub John <PL> 1 Dsub Lucy <PL>1




The DG n-gram model has captured several important generalizations here, for instance that “hit”
islikely to betransitive, and that “ball” isalikely direct object for the verb “hit.”

While the example above is trivial, we believe that phenomena similar to the one described
above contribute to the quality of the target language model.

3.2. Fertility model

One problem the target language model suffers from is the fact that it aways prefers shorter
graphs to longer ones. This can be a problem when we consider transfer mappings that delete or
insert nodes. ldedly, dependency graphs for translated sentence pairs would have similar
structures and sizes. Unfortunately, we often have to deal with free trandations (and, even more
unfortunately, we have imperfect parsers), and so thisis not always the case.

To combat this problem, we apply a simple fertility model. The parameters for the model are
calculated directly by walking through the training data and counting, for each node in each the
source graph, how often there is a corresponding node in the target graph. In order to avoid
gparse data problems, counts for the lemmas are grouped together by part of speech, while counts
for the semantic reationships (of which there are an approximately equal humber as there are
parts of speech) are all counted separately. These frequencies are then used to compute the
maximum likelihood estimate of a deletion occurring. For each part of speech or semantic
relationship constituent ¢, we insert an entry in our fertility table F' such that

Fle] = count(c e m,,c € m,)

, (5
count(c e m,) ®)
where count(x) refers to the number of times x applies in al mappings M in the training data, m;

is the source side of the individual transfer mapping m, and m;, the target. The probability of a
mapping according to the fertility model can be computed as:

P/UF (I’I’l) = Hf(c) ' (6)
where Y
)= {F[x] if 3c, e. m, : ¢, corresponds to ¢, @)
1-F[x] otherwise

In theory, we should attempt to model insertions as well, but experiments thus far have not
shown this to be useful.

3.3. Channd moded

The traditional Bayes-inspired noisy channel SMT model calls for a channel model that predicts
P(S|T).

We estimate P(S|7) of mapping m as
count(mg,m;)

(8)

count(m,)



where count(x) is the number of times x was encountered during training, m; is the source side of
the transfer mapping, and m; is the target side of the transfer mapping.

Since we alow overlapping mappings, the probability given by the model has to be
normalized so that the probability mass contributed by the mappings covering each input node is
identical. This way we avoid penalizing mappings for which there is more overlap.

The normalized probability P, for a mapping m is computed by the following formula:

new

P, (m|uc)=F,(m|pc)", (9)

where “new” is the number of constituents in the input graph that haven't already been covered
by another mapping chosen in an earlier iteration of the decoding algorithm, “fotal” is the total
number of constituentsin m,, and P, is the unnormalized probability.2

Since we are not guaranteed to have a compatible set of mappings covering any given input,
we also add default nodes of size 1 for each input lemma and relation not already covered by a
single-node mapping from the training data. For relations, the default node is simply a copy of
the input relation. For lemmas, we create a new node by trandating the input lemma using the
most likely single-word trandation according to the LLR-based word association model
described in (Moore, 2001). Then we compute word trangation probabilities over the corpus
using IBM Model 1 and assign the resulting probability to the chosen mapping.

Since the IBM Model 1 probabilities are obtained by a completely different process than the
dependency graph mappings, we have found it advantageous to train up a weight, 4;, by which
the Mode 1 probabilities are multiplied before they are combined with the other channel model
probahilities. In addition there is another free parameter, 1,4, which is the default value assigned to
the single-node semantic relationship mappings.

Presently, the handling of default mappings is somewhat insufficient for both lemmas and
semantic relationships, and in the future we hope to come up with better models in both
scenarios. For the semantic relationships, we could fairly easily obtain a list of permissible
single-node mappings by direct examination of the training data. In both cases, we should
probably add all possible trandation mappings instead of the greedily chosen “best” mapping.

3.4. Mapping size
This model assigns a score that is simply the number of input nodes covered by the mapping m,
i.e:

Score, (m) =|m | (10)
What this does, in effect, is give precedence to larger mappings on the intuition that mappings
with more context information are likely to be better. We believe that this assumption accounts

for a great ded of the quality of the heuristic match selection algorithm used by the baseline
system.

3.5. Binary features
The number of binary features that match between the input graph, i, and the source side of the
transfer mapping, ms,:

2 Thisis not the most principled normalization strategy, but it was the best one we were able to find that
was feasible given the limitations imposed by our decoding agorithm.



Score,, (m) = Z Z5(c,f,i) , (11)

cemg fec

wherefe ¢ isthe set of positive-valued features expressed on constituent ¢, and
1 & f(i

S(erfoi)= { (€& £ )

. (12)
0 otherwise

4. Decoding

The decoding process is accomplished using an optimal top-town dynamic-programming
algorithm that takes advantage of the Markov assumption in the target language model and the
context-independence of the other models. Despite the fact that it performs an optimal search
whose worst-case time performance is exponential in the number of candidate mappings, in
practice performance is acceptable in most cases. The key insight that makes the algorithm
perform tolerably well while still guaranteeing that it returns the highest-probability set of
mappings according to the model is that the target language model only cares about the previous
n-1 ancestors in the tree when scoring any given n-gram, so it can reuse results from previous
trips down the tree that resulted in the same context with different mappings. While the number
of mappings covering a given input node might be quite high, a large number of the mapping
combinations end up producing similar target dependency graph chunks, so in practice the hit
rate in the memoization table is quite high.

5. Reaults

5.1. Presentation of results

Asabasdine for our evaluation we used the heuristic system described in section 2.1. A Spanish-
to-English system was trained on 460,000 aligned sentence pairs (about 5.7M words). Weights
for the statistical models were trained using Powell’s algorithm to maximize the BLEU score on
2000 sentences of held-out training data. The test data consisted of 10000 sentences. As Table 3
shows, the trained statistical framework outperformed the baseline system by a bleu score of .02.
This number is statistically significant at 95% confidence.

The “untrained” score is the result of running the statistical system before training, using equal
weights of 0.1 for al models. The “trained” score indicates the results using the weights found by
running Powell’ s agorithm on the held-out training data.

In order to see how much each of the individual models contributed to the final results, we ran
the series of ablation experiments summarized in Table 4. Here, “S” refers to the full statistical
system, and “S-x” refers to system S with the designated mode removed. “Tgt only” is a system
with all models removed except for the target language model.

The “Untrained” row represents aflat set of weights (all weights are set to 0.1). The “Trained”
row represents the weights computed by training using al the models, but simply turning off the
model in question.

5.2. Discussion of results

It should be noted that the baseline system is quite good. Because of the greediness of the
decoding algorithm it’s fast (it translates approximately 180 sentences/min on a modern desktop



machine), and the quality of the output is quite good (Richardson et a, 2001). The system is
currently in daily use in a production environment. The “mapping size” heuristic has proved to be
an excellent predictor of high-quality mappings. This makes sense intuitively, because larger
mappings provide more context than smaller mappings.

However, the same greedy algorithm that allows the system to perform as fast as it does also

prevents it from being able to take advantage of statistica models, which make much finer
distinctions between mappings that the greedy algorithm would consider of the same quality.
The ablation experiments show that the target model clearly has the greatest impact. Removing
the rest of the individual models didn’t affect the BLEU score very much (or at all, in the case of
the binary features). However, the score for the system with only the target model shows that
their cumulative effect is indeed significant even if their individual contributions are small.

Table 3: Results of Statistical Systemsvs. Table 4: Results of removing each
Baseline.! individual model from trained and
System BLEU Score untrained systems
Baseline 0.4210 Untrained | Trained
Statistical 0.4322 S 0.4322 0.4365
12 rarpew(;l; S-size 0.4321 0.4359
untrain -
Statistical 0.4365 ?et;tn' 04322 | 04365
framework .
(trained) S— 0.4298 0.4347
channel
S—1gt. 0.3801 0.3657
Tgtonly |0.4218 0.4218

6. Conclusion

We've demonstrated the feasibility of extending an example-based, data-driven machine
tranglation system with statistical techniques and a new decoding algorithm, and that by doing so
we can gain a significant improvement in tranglation quality over the baseline heuristic system.
The performance of our statistical system, though significantly slower than that of the baseline
system, is still quite good. Despite the fact that it performs an optimal search through the set of
compatible transfer mappings, it still transglates approximately 35 sentences/min. Thus the system
is able to benefit from some of the quality improvements brought about by a statistically-based
tranglation system without having to be rewritten from the ground up and without suffering too
much performance loss.

Asfar as we know, our system is unique in that it is the only system that combines techniques
from traditional string-based SMT with a labeled dependency-graph-to-dependency-graph
tranglation model. We look forward to improving the system and extending it to more language
pairsin the near future.
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