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ABSTRACT

System combination is a technique which has been shown
to yield significant gains in speech recognition and machine
translation. Most combination schemes perform an alignment
between different system outputs in order to produce lattices
(or confusion networks), from which a composite hypothesis
is chosen, possibly with the help of a large language model.
The benefit of this approach is two-fold: (i) whenever many
systems agree with each other on a set of words, the combi-
nation output contains these words with high confidence; and
(i1) whenever the systems disagree, the language model re-
solves the ambiguity based on the (probably correct) agreed-
upon context. The case of machine translation system combi-
nation is more challenging because of the different word or-
ders of the translations: the alignment has to incorporate com-
putationally expensive movements of word blocks. In this
paper, we show how one can combine translation outputs effi-
ciently, extending the incremental alignment procedure of [1].
A comparison between different system combination design
choices is performed on an Arabic speech translation task.

Index Terms— Machine Translation, System Combina-
tion, Confusion Networks, Alignments with reordering

1. INTRODUCTION

System combination has had a long tradition of being a very
useful technique for improving ASR performance. Two ap-
proaches, recognizer output voting error reduction (ROVER)
[2] and confusion network combination (CNC) [3], are very
common in ASR systems, as they are able to combine the
strengths of individual systems, or complementary versions
of the same system [4]. In both schemes, an alignment of
the hypotheses/confusion networks needs to be performed.
Since there is no efficient way of doing multi-string align-
ment that optimizes a combined edit metric!, various heuris-
tics have been developed for combining more than two sys-

This work was partially supported by the DARPA GALE program (Con-
tract No HR0011-06-2-0001
Multi-string alignment heuristics are very common in biology for align-
ing together gene sequences; [5] describes an algorithm that does that.

tems together. For instance, in ROVER, a system output is
used as the “skeleton”, and all other outputs are aligned with
it in a greedy manner, minimizing the average edit distance
(between confusion network and new string) at each step.
Once all system outputs have been aligned together into a
single confusion network, the path with the maximum pos-
terior (with respect to the number of systems outputting each
of its words, and the probability assigned by a large language
model) is finally selected as the output of the combination.

The above procedures use the output of monotone align-
ments, which are appropriate in speech recognition. On the
other hand, non-monotone alignments, where blocks of words
(or confusion network bins) are allowed to move arbitrarily,
are needed in machine translation (MT): it is very common
for different MT systems to output translations with differ-
ent word orders, and monotone alignments, such as the ones
minimizing regular edit distance, may not produce meaning-
ful results.

One approach for generating non-monotone alignments is
to try to minimize the number of insertions, deletions, substi-
tutions and block moves needed to convert one system output
to another. The minimum number of such operations is called
Translation Error Rate (TER), and its computation is an NP-
hard problem [6]. A number of algorithms (e.g., tercom [7],
or invWER [8]) try to approximate TER, but it is unknown if
the approximation error can be bounded. Tercom is currently
used by NIST as the official program for computing TER.
Its computational efficiency is based on the constraint that a
block of words can be moved only if it does not have a perfect
match in its original position, but it has a perfect match in its
new position. invWER’s complexity is of the order of O(kS)
(where £ is the length of the longest string to be aligned) and
it only allows nested block moves; this restriction corresponds
to a synchronous parse tree under a simple ITG [9] that has
one nonterminal and whose terminal symbols allow insertion,
deletion, and substitution. A comparison between tercom and
invWER was done in [10].

System combination with non-monotone alignments has
been shown to be a very effective method for improving the
quality of machine translation [11, 12, 13, 1, 14], both in



terms of TER and BLEU?. The pairwise alignment algorithm
of BBN [13] has been used extensively under the GALE pro-
gram, as well as in the 2008 NIST MT evaluation. The same
BBN group published a more recent incremental alignment
combination algorithm [1] which has given significant gains
compared to the pairwise algorithm. Here, we extend the in-
cremental alignment work of [1] in three directions: (i) we
show that it is not necessary to use a word reordering proce-
dure (such as tercom) in order to align together the N-best
list of a system; edit distance can be equally effective; (ii)
we use a “soft” cost function for confusion bins, instead of
the 0/1 cost used in [1]; and (iii) we show how to combine
several confusion networks generated from all alignment per-
mutations, and select a path from the ensemble.

The paper is organized as follows: Section 2 presents the
basic incremental algorithm of [1]; a description of our ex-
tensions to that algorithm appears in Section 3; experimental
results from Arabic speech translation are presented in Sec-
tion 4 and concluding remarks are given in Section 5.

2. INCREMENTAL CONFUSION NETWORK
GENERATION FOR MT

This section describes the algorithm of [1] for confusion net-
work generation. The basic steps of this algorithm are as fol-
lows:

1. One system output (usually the 1-best of a system with the
best word order or performance) is chosen as the “skele-
ton”, whose words are used as anchors for aligning all
other machine translation outputs together. An initial “con-
fusion network™ is thus created, where each “bin” has only

one arc with a translation output word as its label.

2. One-by-one, the system outputs get aligned with respect
to the confusion network. The cost of aligning a confusion
bin with a system output word is O if the bin has at least one
arc with that word as its label, and 1 otherwise. The align-
ment is done using tercom, which allows the system out-
put words to get re-ordered with respect to the confusion
network. The 0/1 cost function is appropriate for the ter-
com constraints on block movements, which include that
a block should match perfectly in its new location; here, a
match between a word string and “bin string” is defined as
a match between the word string and any path in the “bin
string”.

3. If a word gets inserted into the confusion network, a new
bin is created with two arcs: one with the inserted word
for its label, and one with the special token “NULL” (ep-
silon/empty transition). If a bin gets “deleted”, then a
“NULL” arc is simply inserted into the bin. All other
words get inserted into the bins they are aligned to.

2See [15] for the definition of BLEU.

4. The cost of each arc is set equal to the negative log (poste-
rior) probability of its label in the bin. Words which come
from an N-best list get discounted as 1/(m + 1), where m
is the rank of the hypothesis contributing the word.

5. The final confusion network is then rescored with a 5-gram
language model; this results in a re-assignment of arc costs
according to a linear combination of the costs (as com-
puted above) and the probability assigned by the language
model. The weights in the linear combination are deter-
mined through a development set.

One detail of the above procedure which needs to be de-
termined is the order with which the different systems get
aligned together. According to [1], the order did not make
a big difference in their experiments, but the best results are
reported with an order that corresponds to increasing TER on
the development set.

3. OUR EXTENSIONS

We extended the algorithm of [1] in three ways. Specifically,

1. Since the alignment step using fercom is computationally
expensive, especially when each system contributes a large
enough N-best list, we defer its use until all N-best hy-
potheses of the same system have been aligned together
using regular edit distance (Levenshtein cost). One would
expect such a scheme not to affect performance signifi-
cantly, because, usually, the hypotheses in an N-best list
do not differ dramatically from each other, especially the
neighboring ones in the list. After the per-system confu-
sion networks are created, they get aligned together, using
one of them as the skeleton.

2. Instead of fixing the order with which the different systems
get aligned together, as was done in [1], we consider all
possible permutations of the s systems and we thus gen-
erate s! confusion networks. Each one of the confusion
networks is rescored and weighted appropriately (based on
performance on a development set), and the path with the
lowest cost in the ensemble is finally chosen.

3. Instead of the 0/1 cost function used in [1], that favors
alignments of confusion network bins even when they only
share one common word, we use the following “soft” cost
function

1
c(bibe) = == Y > L(wi # ws),
|b1|‘b2‘ w1 €b1 w2 Eb2

which calculates the probability that a word from bin b, is
not included in bin b,.

3Note that we only use an N (e.g., 50) which is typically a small fraction
of the total (exponentially large) number of hypotheses at the output of an
MT system.



4. EXPERIMENTAL SETUP AND RESULTS

We tested our algorithms for system combination on the de-
velopment corpora of Arabic speech that were made available
under Phase 2 of the GALE program (DEV-07), and we used
MTO06 broadcast conversations for tuning parameters. Three
systems generated translations; a fourth system was also con-
sidered for the combination, but its performance was signif-
icantly lower than that of the other three, and degraded the
combination (on the tuning set) when it was combined with
them. For this reason, it was discarded. These systems were
used by the Rosetta team in the GALE program.

An ASR system generated the automatic transcriptions
that were subsequently translated by the three systems. The
ASR system had a cross-adapted architecture between unvow-
elized and vowelized speaker-adaptive trained (SAT) acoustic
models. The distinction between the two comes from the ex-
plicit modeling of short vowels, which are pronounced in Ara-
bic but almost never transcribed. Both sets of models were
trained discriminatively on approximately 500 hours of su-
pervised data and 2000 hours of unsupervised data. More de-
tails about the training of the Arabic models can be found in
[16]. The ASR decoder that was used to generate the lattices
is described in [17].

The language model used in the rescoring of the confu-
sion networks was a 5-gram modified Kneser-Ney, trained on
roughly 180 million words of the English side of the parallel
data used in GALE for training the Arabic systems, resulting
in roughly 50 million distinct n-grams. The rescoring also in-
volved a small “deletion” penalty, expressed as an extra cost
(usually between 0 and 1) added to the cost of the “NULL”
transitions in the confusion networks. This was used in order
to control the amount of deleted words in the output.

Two sets of experiments were conducted: (i) In order to
understand the impact of various system combination design
choices, such as 0/1 vs. “soft” bin cost function, and /N-best
list alignment method (Levenshtein vs. fercom) for various
N, a number of confusion networks were created, each with
the same alignment order to the skeleton. The order was in
terms of increasing (TER-BLEU)/2; the system names used
throughout the paper (“system 17, “system 2 and “system 3”)
reflect that order. (ii) To see whether the order (in which sys-
tems get aligned together) plays a significant role, all system
permutations were considered when aligning the /N-best lists
together. The resulting confusion networks were then com-
bined according to the following scheme: for each sentence,
the id of the permutation that resulted in the best performance
was recorded, and the normalized costs (that is, cost divided
by the number of words) of all permutation outputs were used
to create a feature vector for that segment. Then, a discrimi-
native scheme, Quadratic Discriminative Analysis, was used
to learn a model that predicts the id of the permutation based
on the features. The model was trained on the tuning set and
applied on DEV-07.

BC BN
System/method TER | BLEU | TER | BLEU
System 1 53.93 | 25.13 | 48.54 | 30.39
System 2 55.33 | 26.04 | 49.70 | 31.31
System 3 54.96 | 24.60 | 50.51 | 29.67
Alignment of 10-best using tercom
0/1 cost 52.59 | 25.85 | 47.23 | 31.28
“soft” cost 5293 | 26.40 | 47.35 | 31.59
Alignment of 10-best using Levenshtein dist.
0/1 cost 5249 | 26.02 | 47.22 | 31.44
“soft” cost 52.84 | 2642 | 47.33 | 31.79
Alignment of 20-best using tercom
0/1 cost 5248 | 25779 | 47.12 | 31.40
“soft” cost 52.68 | 25.73 | 47.17 | 31.27
Alignment of 20-best using Levenshtein dist.
0/1 cost 5246 | 2641 | 47.28 | 31.86
“soft” cost 5246 | 26.00 | 46.94 | 31.53
Alignment of 50-best using tercom
0/1 cost 52.86 | 2548 | 47.12 | 31.34
“soft” cost 5249 | 26.60 | 47.37 | 31.88
Alignment of 50-best using Levenshtein dist.
0/1 cost 5249 | 25.61 | 47.02 | 31.66
“soft” cost 5245 | 2597 | 46.98 | 31.52
“all-permutations” | 52.39 | 26.86 | 47.18 | 32.02
oracle permutation | 51.96 | 27.26 | 47.16 | 32.42

Table 1. Combination results for Arabic broadcast news
and broadcast conversations. The best non-oracle result in
each column (minimum for TER and maximum for BLEU) is
shown in bold.

Table 1 shows the average TER, BLEU of each individual
system, as well as of the output of the combinations that re-
sulted with the different competing methods. As can be seen
from this table, the “soft” cost function appears more effec-
tive than the 0/1 cost for both genres, while fercom and Lev-
enshtein alignments appear equally effective. The second-to-
last line in the table shows the performance of the permutation
experiment described above, while the last line shows the per-
formance of the oracle alignment permutation.

Finally, a number of other experiments, which involve
tuning the shift costs, calculating a letter-based similarity
between words in the bin cost function, and discounting
“NULL” arcs when merging two bins, did not result in signif-
icant improvements.

5. CONCLUDING REMARKS

System combination for MT is definitely an area that needs
to be explored further, as it consistently offers gains on top
of state-of-the-art performance. Confusion network genera-
tion using monolingual (target) resources is currently being



used by an increasing number of researchers, in order to com-
bine the strengths of complementary systems. As we demon-
strated on an Arabic speech translation task, consistent gains
(both in terms of TER and BLEU) can be obtained, as long
as the system combined are of comparable quality. We are
currently investigating alternative techniques for determining,
automatically, which systems are worth combining on a per-
segment basis. A cascaded approach, where the systems are
first ranked using a diverse set of features, and then the top-
ranked ones are selected for confusion network generation
and rescoring, is currently underway.
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