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Abstract

We describe a new algorithm for the Decoding problem in
Statistical Machine Translation. Our algorithm is based on
the Alternating Optimization framework and employs dy-
namic programming. The time complexity of the algorithm
is O

�

m2 � , where m is the length of the sentence to be trans-
lated, which is the best among all known algorithms for the
problem. As the search spaceexplored by the algorithm is
large, we proposetwo pruning techniques. Empirical results
obtained by extensive experimentation on test data show
that the new algorithm's runtime grows only linearly with
m when either of the pruning techniques is employed. Our
algorithm outp erforms the best known decoding algorithms
and a comparative experimental study shows that our im-
plementation is 10 times faster than the implementation of
the Greedy decoding algorithm releasedby [15].

1 Problem Speci�cation.

We study the Decoding problem in Statistical Machine
Translation (SMT): given a French sentence f and a
probabilit y distribution Pr (ejf ), �nd the most probable
English translation of f 1 [3]:
(1.1)

ê = argmax
e

Pr (ejf ) = argmax
e

Pr (f je) Pr (e) :

Becauseof the particular structure of the distribu-
tion Pr (f je) employed in SMT, the above problem is
recastedin the following form:

(1.2) (ê; â) = argmax
e;a

Pr (f ; aje) Pr (e)

wherea is a many-to-one mapping from the wordsof the
sentencef to the words of e. In SMT parlancePr (f je),
Pr (e), and a areknown asTranslation Model, Language
Model, and alignment respectively [3].

Decoding is one of the three fundamental problems
in SMT and the only discrete optimization problem of

� IBM India Research Lab, Blo ck-1A, I IT, Hauz Khas, New
Delhi.

1Following the custom in SMT literature, we use French
and English as the language pair in our discussion. The ideas
described in this paper are applicable to any language pair.

the three [10], [1]. The problem is known to be NP-
hard even in the simplest setting [1]. In applications
such as speech-to-speech translation and automatic
webpagetranslation, the translation systemis expected
to have a very high throughput. In other words, the
Decoder should generate reasonably good translations
very quickly. Therefore, our primary goal is to develop
a fast decoding algorithm which produces good but
suboptimal translations. Another goal is to design the
decoding algorithm such that it is easy to implement
and requires nearly no tuning for best performance.

Several solutions have beenproposedfor this prob-
lem. The original IBM solution to the decoding prob-
lem employed a restricted stack-basedsearch [10] which
takesexponential time in the worst case.An adaptation
of the Held-Karp dynamic programming basedTSP al-
gorithm to the problem runs in O

�
l3m4

�
� O

�
m7

�
time

(where m and l are the lengths of the sentence and its
translation respectively) under certain assumptions[4].
For small sentence lengths, optimal solution to the de-
coding problem can be found using either the A � heuris-
tic [7] or integer linear programming [2]. The fastestand
arguably the most famous decoding algorithm employs
a greedy decoding strategy and �nds a suboptimal so-
lution in O

�
m6

�
time [2] 2. A more complex greedyde-

coding algorithm �nds a suboptimal solution in O
�
m2

�

time [6]. An implementation of the greedy algorithm
hasbeenprovided by its designerson their website [15].

In [14] we described an algorithmic framework for
solving the decoding problem. The framework is based
on alternating optimization in which the decoding prob-
lem is divided into two subproblemseach of which can
be solved e�cien tly and combined to re�ne the solution
in an iterativ e fashion.

In this paper, we develop an O
�
m2

�
algorithm in

the alternating optimization framework (Section 2.3).
The key idea is to construct a reasonablylarge subspace
of the search spaceof the problem and design a com-
putationally e�cien t search schemefor �nding the best
solution in the subspace. We show how to construct

2The conference version of the paper on greedy decoding
received a Best Paper Aw ard at the 39th Ann ual Meeting of the
Association for Computation Linguistics (A CL-2001).



a family of alignments (with � (4m ) alignments) start-
ing with any alignment (Section 3). We employ four
alignment transformation operations to build a family
of alignments from the initial alignment (3.1). We pro-
posea dynamic programming algorithm to �nd the opti-
mal solution for the decoding problem within the family
of alignments thus constructed (Section 3.3). Although
the number of alignments in the subspaceis exponen-
tial in m, the dynamic algorithm is able to compute
the optimal solution in O

�
m2

�
time. We extend the

algorithm to explore several such families of alignments
iterativ ely (Section 3.4). We look into the engineering
aspects of the algorithm and proposetwo intuitiv e and
simple heuristics to speedup the search (Section 3.5).
By caching someof the data usedin the computations,
we improve the speed further (Section 3.6). Empirical
results show that our algorithm is about 10 times faster
than the greedyalgorithm while computing better solu-
tions (Section 4).

2 The Deco ding Problem

2.1 Preliminaries Let f and e denote a French
sentenceand an English sentencerespectively. Suppose
f hasm > 0 words and e has l > 0 words. We can write
f = f 1f 2 : : : f m and e = e1e2 : : : el , wheref j (ei ) denotes
the j th (i th) word in the French (English) sentence. For
technical reasons,we prepend the null word e0 to every
English sentence 3.

Definition 2.1. (Alignmen t) An alignment, a, is a
mapping which associates each word f j ; j = 1; : : : ; m
in the French sentence (f ) to some word ea j ; aj 2
f 0; : : : ; lg in the English sentence e.

Equivalently , we can speak of a as a many-to-one
mapping from the words of f to the word positions
0; : : : ; l in e. We can write a as a = a1a2 : : : am with
the meaning f j is mapped to ea j .

Figure 1 shows an alignment a for the sentencepair
f ; e. This particular alignment associatesf 1 with e1 (i.e.
a1 = 1) and f 2 with e0 (i.e. a2 = 0). We note that f 3

and f 4 are mapped to e2 by a.

Definition 2.2. (Fertilit y) The fertility of ei ; i =
0; : : : ; l in an alignment a is the number of words of
f mapped to it by a. Let � i denote the fertility of
ei ; i = 0; : : : ; l .

In the alignment shown in Figure 1, the fertilit y of
e2 is 2 as f 3 and f 4 are mapped to it by the alignment
while the fertilit y of e3 is 0. A word with non-zero

3Null word is necessary to account for French words which are
not associated to any of the words in e.

Figure 1: Alignment

fertilit y is called a fertile word and a word with zero
fertilit y is calleda infertile word. The maximum fertilit y
of an English word is denoted by � max and is typically
a small constant.

Associated with every alignment are a tableau and a
permutation. Tableau is a partition of the words in the
sentence f induced by the alignment and permutation
is an ordering of the words in the partition.

Definition 2.3. (Tableau) Let � be a mapping from
[0; : : : ; l ] to subsetsof f f 1; : : : ; f m g de�ned as follows:

� i = f f j : j 2 f 1; : : : ; mg ^ aj = ig 8 i = 0; : : : ; l

� i is the set of French words which are mapped to
the word position i in the translation by the alignment.
� i ; i = 0; : : : ; l are called the tablets induced by the
alignment a and � is called a tableau. The kth word in
the tablet � i is denoted by � ik .

Definition 2.4. (Perm utation) Let � be a mapping
from [0; : : : ; l ] to subsetsof f 1; : : : ; mg de�ned as fol-
lows:

� i = f j : j 2 f 1; : : : ; mg ^ aj = ig 8 i = 0; : : : ; l :

� i is the set of positions which are mapped to position
i by the alignment a. The fertility of ei is � i = j� i j. We
can assumethat the positions in the set � i are ordered,
i.e. � ik < � ik +1 ; k = 1; : : : ; � i � 1. We may further
assumethat � ik = f � ik 8 i = 0; : : : ; l 8 k = 1; : : : ; � i : � is
called a permutation.

It is easy to seethat there is a unique alignment
corresponding to a tableau and a permutation.



Figure 2: Example of Tableau and Permutation

2.2 Probabilit y Mo dels In SMT, every English
sentence e is a translation of f . Some translations
are more likely than others. The probabilit y of e is
Pr (ejf ). In SMT literature, the distribution Pr (ejf )
is replacedby the product Pr (f je) Pr (e) (by applying
Bayes' rule) for technical reasons[3]. Furthermore, a
hidden alignment is assumedto exist for each pair (f ; e)
with a probabilit y Pr (f ; aje) and the translation model
(Pr (f je)) is expressedas a sum of Pr (f ; aje) over all
alignments: Pr (f je) =

P
a Pr (f ; aje).

SMT techniquesmodel Pr (f ; aje) and Pr (e) using
simpler modelswhich work at the level of words. [3] pro-
poseda set of 5 translation models,commonly known as
IBM 1-5. In practice, IBM-4 alongwith the trigram lan-
guagemodel is known to give better translations than
other models. Therefore, in the remainder of this paper
we describe our decoding algorithm in the context of
IBM-4 and trigram languagemodel only, although our
methods can be applied to other IBM models as well.

2.2.1 Factorization of Mo dels While IBM 1-5
models can be factorized in many ways, we propose
a factorization which is useful in solving the decoding
problem e�cien tly . Our factorization is along the words

of the translation:

Pr (f ; aje) =
lY

i =0

Ti D i N i ;

Pr (e) =
lY

i =0

L i ;

and therefore,

Pr (f ; aje) Pr (e) =
lY

i =0

Ti D i N i L i :

Here, the terms Ti ; D i ; N i ; and L i are associated with
ei . The terms Ti ; D i and N i are determined by the
tableau and the permutation induced by the alignment.
Only L i is Markovian.

IBM-4 employs distributions t() (word transla-
tion model), n() (fertility model), d1() (head distortion
model) and d> 1() (non-head distortion model) and the
languagemodel employs the distribution tri () (trigr am
model).

For IBM-4 and trigram languagemodel, we have:

Ti =
� iY

k=1

t (� ik jei )

N i =

(
n0

�
� 0j

P l
i =1 � i

�
if i = 0

� i ! n (� i jei ) if 1 � i � l

D i =

(
1 if i = 0
Q � i

k=1 pik (� ik ) if 1 � i � l

L i =

(
1 if i = 0

tri (ei jei � 2ei � 1) if 1 � i � l

where;

n0 (� 0 jm0) =
�

m0

� 0

�
pm 0� � 0

0 p� 0
1

pik =

(
d1 (j � c� i jA (e� i ) ; B (� i 1)) if k = 1
d> 1 (j � � ik � 1 jB (� ik )) if k > 1

� i = max
i 0<i

f i 0 : � i 0 > 0g

c� =

2

6
6
6

1
� �

� �X

k=1

� �k

3

7
7
7

:

A and B are word classes, � i is the previous fertile
English word, c� is the center of the French words
connectedto the English word e� , p1 is the probabilit y
of connecting a French word to the null word (e0), and
p0 = 1 � p1.

Although IBM-4 is a complexmodel, what is impor-
tant for us in designingan e�cien t decoding algorithm
is the fact that it can be factorized into T ; D; N and L .



2.3 Alternating Optimization Framew ork The
goal of the decoder is to solve the following search
problem:

(ê; â) = argmax
e;a

Pr (f ; aje) Pr (e)

when Pr (f ; aje) and Pr (e) have been de�ned as de-
scribed in the previous section.

In the alternating optimization framework, instead
of joint optimization, we alternate between optimizing
e and a:

(2.3) ê = argmax
e

Pr (f ; aje) Pr (e)

(2.4) â = argmax
a

Pr (f ; aje) Pr (e)

In the search problem speci�ed by Equation 2.3, we
keepthe length of the translation (l ) and the alignment
(a) �xed while in the search problem speci�ed by Equa-
tion 2.4, we keep the translation (e) �xed. We start
with an initial alignment, and �nd the best translation
for f with that alignment. Next, keepingthe translation
�xed we �nd a new alignment which is at least as good
as the previous one. In this manner, we re�ne both the
alignment and the translation iterativ ely. The frame-
work doesnot require that the two problems be solved
exactly. Suboptimal solutions to the two problems in
every iteration are su�cien t for the algorithm to make
progress.

Alternating optimization framework is useful in
designing fast decoding algorithms for the following
reason:

Lemma 2.1. Fixed Alignmen t Deco ding [14]: The
solution to the search problemspeci�e d by Equation 2.3
can be found in O(m) time by Dynamic Programming.

In addition, reasonably good suboptimal solution
to the search problem speci�ed by Equation 2.4 can be
computed in O (m) by local search [14].

3 Searching a Family of Alignmen ts

In this section,we describe how to construct a family of
alignments starting with any alignment.

3.1 Alignmen t Transformation Op erations Let
a; a0 be any two alignments. Let (� ; � ) and (� 0; � 0)
be the tableau and permutation induced by a and a0

respectively. We de�ne a relation R betweenalignments
and say that a0R a if a0 can be derived from a by
performing oneof the operations COPY, GROW, SHRINKand
MERGEon each of (� i ; � i ); 0 � i � l starting with (� 1; � 1).
Let i and i 0 be the counters for (� ; � ) and (� 0; � 0)
respectively. Initially , (� 0

0; � 0
0) = (� 0; � 0) and i 0 = i =

1. The operations are as follows:

1. COPY:
(� 0

i 0; � 0
i 0)  (� i ; � i );

i  i + 1; i 0  i 0+ 1:

2. GROW:
(� 0

i 0; � 0
i 0)  (fg ; fg );

(� 0
i 0+1 ; � 0

i 0+1 )  (� i ; � i );
i  i + 1; i 0  i 0+ 2:

3. SHRINK:
(� 0

0; � 0
0)  (� 0

0 [ � i ; � 0
0 [ � i );

i  i + 1:

4. MERGE:
(� 0

i 0� 1; � 0
i 0� 1)  (� 0

i 0� 1 [ � i ; � 0
i 0� 1 [ � i );

i  i + 1:

Figure 3 illustrates the alignment transformation
operationson an alignment and the resulting alignment.

The four alignment transformation operations allow
usto generatealignments that arerelated to the starting
alignment but have some structural di�erence. The
COPYoperations maintain structural similarit y in some
parts between the starting alignment and the new
alignment. The GROWoperations increasethe sizeof the
alignment and therefore, the length of the translation.
The SHRINKoperations reducethe sizeof the alignment
and therefore, the length of the translation. MERGE
operations increasethe fertilit y of words.

3.2 A Family of Alignmen ts Given an alignment
a, the relation R de�nes the following family of align-
ments: A = f a0 : a0R ag. Further, if a is one-to-one,
the size of this family of alignments is jA j = � (4m ).
We call a the generator of the family A .

The key idea in our decoding algorithm is to �nd
a good family of alignments A and to compute the
optimal solution in this family:

(3.5) (ê; â) = argmax
e; a2 A

Pr (f ; aje) Pr (e)

3.3 A Dynamic Programming Algorithm We
now discusshow to compute the optimal solution in a
family of alignments.

Lemma 3.1. The solution to the search problem speci-
�e d by Equation 3.5 can be computed in O

�
m2

�
time

by Dynamic Programming when A is a family of align-
ments as de�ned in Section 3.2.

The dynamic programming algorithm builds a set
of hypothesesand reports the hypothesiswith the best
score and the corresponding translation, tableau and
permutation. The algorithm works in m phasesand
in each phase it constructs a set of partial hypotheses



Figure 3: Alignment Transformation Operations

by expanding the partial hypothesesfrom the previous
phase. A partial hypothesis after the i th phase,h, is a
tuple (e0 : : : ei 0; � 0

0 : : : � 0
i 0; � 0

0 : : : � 0
i 0; C) where e0 : : : ei 0 is

the partial translation, � 0
0 : : : � 0

i 0 is the partial tableau,
� 0

0 : : : � 0
i 0 is the partial permutation, and C is the score

of the partial hypothesis. In the beginning of the �rst
phase,there is only onepartial hypothesis(e0; � 0

0; � 0
0; 0).

In the i th phase,we extend a hypothesisas follows:

1. Do an alignment transformation operation on the
pair (� i ; � i ).

2. For each pair (� 0
i 0; � 0

i 0) addedby doing the operation

(a) Choose a word ei 0 from the English vocabu-
lary.

(b) Include ei 0 and (� 0
i 0; � 0

i 0) in the partial hypoth-
esis.

3. Update the scoreof the hypothesis.

As observed in Section 3.2, an alignment trans-
formation operation can result in the addition of
0 or 1 or 2 new tablets. Since each tablet corresponds
to an English word, the expansionof a partial hypoth-
esis results in appending 0 or 1 or 2 new words to the
partial sentence:

1. COPY: An English word ei 0 is appendedto the partial
translation (i.e. the partial translation grows from
e0 : : : ei 0� 1 to e0 : : : ei 0). The word ei 0 is chosen
from the set of candidate translations of the French
words in the tablet � i . If we assume that the
number of candidate translations a French word
can have in the English vocabulary is bounded by
NF , then the number of new partial hypotheses
resulting from the COPYoperation is at most NF .

2. GROW: Two English words ei 0; ei 0+1 are appended
to the partial translation as a result of which
the partial translation grows from e0 : : : ei 0� 1 to
e0 : : : ei 0ei 0+1 . The word ei 0 is chosen from the
set of infertile English words and ei 0+1 from the
set of English translations of the French words in
the tablet � i . If the number of infertile words in
the English vocabulary is N0, then the number
of new partial hypothesesresulting from the GROW
operation is at most NF N0.

3. SHRINK, MERGE: The partial translation remains un-
changed. Only one new partial hypothesis is gen-
erated.

Figure 4 illustrates the expansion of a partial hy-
pothesisusing the alignment transformation operations.



Figure 4: Partial HypothesisExpansion

At the end of a phaseof expansion,we have a set of
partial hypotheses. These hypothesescan be put into
classesbasedon the following:

1. The last two words in the partial translation
(ei 0� 1; ei 0),

2. Fertilit y of the last word in the partial translation
(j� 0

i 0j) and

3. The center of the tablet corresponding to the last
word in the partial translation.

If two partial hypotheses in the same class are
extended using the same operation, then their scores
increaseby equal amount. Therefore, for each classof
hypothesesthe algorithm retains only the one with the
highest score.

3.3.1 Analysis The algorithm has m phasesand in
each phase a set of partial hypothesesare expanded.
The number of partial hypotheses generated in any
phaseis bounded by the product of the number of hy-
pothesisclassesin that phaseand the number of partial
hypothesesyielded by the alignment transformation op-
erations. We �rst count the number of partial hypothe-
sesclassesin phasei . There are at most jVE j2 choices
for (ei 0� 1; ei 0), at most � max choicesfor the fertilit y of
ei 0 and m choicesfor the center of the tablet correspond-
ing to ei 0. Therefore, the number of partial hypotheses
classesin phase i is at most � max jVE j2 m. The align-
ment transformation operations on a partial hypothesis
result in atmost NF (1+ N0) + 2 new partial hypotheses.
Therefore, the number of partial hypothesesgenerated
in phase i is at most � max (NF (1 + N0) + 2) jVE j2 m.
As there are totally m phases,the total number of par-
tial hypothesesgeneratedby the algorithm is at most
� max (NF (1 + N0) + 2) jVE j2 m2. It must be noted that
� max ; NF and N0 are constants independent of the
length of the French sentence. Therefore, the number
of operations in the algorithm is O

�
m2

�
. In practice

� max < 10, NF � 10, and N0 � 100.

3.4 Iterativ e Search Algorithm We can explore
several alignment families iterativ ely using the alternat-
ing optimization framework. In each iteration we solve
two problems. In the �rst problem, we start with a
generatoralignment a, build an alignment family A for
the generator, and �nd the best solution in that fam-
ily using the dynamic programming algorithm. In the
secondproblem, we �nd a new generator for the next
iteration. In order to �nd a new generator, we swap
the tablets in the solution found in the previous step
and check if that improves the score. In fact, we �nd
the best swap of tablets that improvesthe scoreof the



solution. Clearly, the resulting alignment ~a is not part
of the alignment family A . We use ~a as the generator
in the next iteration.

3.5 Pruning Although our dynamic programming
algorithm takes O

�
m2

�
time to compute the transla-

tion, the constant in the O is prohibitiv ely large. In
practice, the number of partial hypothesesgeneratedby
the algorithm is substantially smaller than the bound in
Section 3.3.1, but large enough to make the algorithm
slow. In this section we describe two partial hypothesis
pruning schemeswhich are helpful in speeding up the
algorithm.

3.5.1 Pruning with the Geometric Mean At
each phase of the algorithm, the geometric mean of
the scoresof partial hypothesesgeneratedin that phase
is computed. Only those partial hypotheses whose
scoresare at least as good as the geometric mean are
retained for the next phaseand the rest are discarded.
Although conceptually very simple, pruning the partial
hypotheseswith the Geometric Mean as the cuto� is a
very e�cien t pruning scheme as demonstrated by our
empirical results.

3.5.2 Generator Guided Pruning In this scheme,
we take the generator of the alignment family A and
�nd the best translation (and tableau and permutation)
using the O (m) algorithm for Fixed Alignment Decod-
ing. We then determine the scoreC ( i ) , at each of the
m phases,of the hypothesisthat generatedthe optimal
solution. These scoresare used to prune the partial
hypothesesof the dynamic programming algorithm. In
the i th phase of the algorithm, only those partial hy-
potheseswhosescoresare at least C ( i ) are retained for
the next phaseand the rest are discarded. This pruning
strategy incurs the overhead of running the algorithm
for Fixed Alignment Decoding for the computation of
the cuto� scores. However, this overhead is insigni�-
cant in practice.

3.6 Caching The probabilit y distributions
(n; d1; d> ; t and tr i ) are loaded into memory by
the algorithm before decoding. The data is large
and is organized in the C++ hash and map data
structures (STL). However, it is better to cache the
most frequently used data in smaller data structures
so that subsequent accessesare relatively faster.
It was observed by pro�ling the code that caching
d1; d> and tr i is more bene�cial than caching n and t.

3.6.1 Caching of Language Mo del While decod-
ing the French sentence, we know a priori the set of all

trigrams that could potentially be accessedby the algo-
rithm. This is becausethesetrigrams are formed by the
set of all candidate English translations of the French
words in the sentence and the set of infertile words.
Therefore, we can assigna unique id for every such tri-
gram. When the trigram is accessedfor the �rst time,
we store it in an array indexed by its id. Subsequent
accessesto the trigram make useof the cached value.

3.6.2 Caching of Distortion Mo del As with the
languagemodel, the actual number of distortion prob-
abilit y data valuesaccessedby the decoder while trans-
lating a sentence is relatively small compared to the
total number of distortion probabilit y data values. Fur-
ther, distortion probabilities are not dependent on the
French words but on the position of the words in the
French sentence. Therefore, while translating a batch
of sentencesof roughly the same length, the same set
of data is accessedrepeatedly. We cache the distortion
probabilities required by the algorithm in a map data
structure.

4 Exp erimen ts

4.1 Exp erimen tal Setup In this section,wepresent
the results from our experiments. We designed our
experiments to study the following:

1. E�ectiv enessof the pruning techniques.

2. E�ect of caching on the performance.

3. E�ectiv enessof the alignment transformation op-
erations.

4. E�ectiv enessof the iterativ e search scheme.

We used Fixed Alignment Decoding as the base-
line algorithm in our experiments. To comparethe per-
formance of our algorithm with a state-of-the-art de-
coding algorithm, we used the implementation of the
Greedy decoder [15]. In the empirical results from our
experiments, in placeof the translation score,we report
the logscore (i.e. negative logarithm) of the transla-
tion score. When reporting scoresfor a set of sentences,
we treat the geometric mean of their translation scores
as the statistic of importance and report the average
logscore.

4.1.1 Training of the Mo dels We built a French-
English translation model (IBM-4) by training over a
corpusof 100K sentencepairs from the Hansardcorpus.
The translation model was built using the GIZA++
toolkit [16], [19]. There were 80 word classeswhich
were determined using the mkcls tool [17]. We built
an English trigram languagemodel by training over a



corpus of 100 K English sentences. We usedthe CMU-
Cambridge Statistical LanguageModeling Tool Kit v2
for training the languagemodel [18]. While training the
translation and language models, we used the default
setting of the corresponding tools. The corpora used
for training the modelsweretokenizedusingan in-house
Tokenizer.

4.1.2 Test Data The data used in the experiments
consisted of 11 sets of 100 French sentences picked
randomly from the French part of the Hansard corpus.
The sets were formed based on the number of words
in the sentences. We chose11 sets of sentenceswhose
length was in the range 6 � 10; 11� 15; : : : ; 56 � 60.

4.2 Deco der Implemen tation We implemented
our algorithm in C++ and compiled it using gcc with
-O3 optimization setting. Methods which had lessthan
15 lines of code were inlined.

4.2.1 System The experiments were conducted on
an Intel Dual Processormachine (2.6 GHz CPU, 2GB
RAM) with Linux as the OS. No other job was running
on the machine when the decoder was running.

4.3 Starting Generator Alignmen t Our algo-
rithm requiresa starting alignment to serve as the gen-
erator for the family of alignments. We usedthe align-
ment aj = j , i.e., l = m and a = (1; : : : ; m) as the
starting alignment. This particular alignment is a nat-
ural choice for French and English as their word orders
are closely related.

4.4 E�ect of Pruning The following measuresare
indicativ e of the e�ectiv enessof pruning:

1. Percentage of partial hypothesesretained by the
pruning technique at each phase of the dynamic
programming algorithm.

2. Time taken by the algorithm for decoding.

3. Logscoresof the translations.

4.4.1 Pruning with the Geometric Mean
(PGM) Figure 5 shows the percentage of partial hy-
pothesesretained at each phase of the dynamic pro-
gramming algorithm for a set of 100 French sentences
of length 25 when the geometricmeanof the scoreswas
usedfor pruning. With this pruning technique, the algo-
rithm removesmore than half (about 55%of the partial
hypothesesat each phase).

4.4.2 Generator Guided Pruning (GGP) Figure
6 shows the percentage of partial hypothesesretained

 30

 35

 40

 45

 50

 55

 60

 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25

P
er

ce
nt

ag
e 

R
et

ai
ne

d 
(%

)

Phase (i)

Percentage of partial hypotheses retained by PGM

"PGM"

Figure 5: Percentage of hypothesesretained by pruning
with geometric mean
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Figure 6: Percentage of partial hypothesesretained by
the Generator Guided Pruning technique

at each phase of the dynamic programming algorithm
for a set of 100 French sentences of length 25 by the
Generator Guided Pruning technique. This pruning
technique is very conservative and retains only a small
fraction of the partial hypothesesat each phase. All
the partial hypotheses that survive in a phase are
guaranteed to have scoresat least as good as the score
of the partial hypothesis corresponding to the Fixed
Alignment Decoding solution. On an average,only 5%
of the partial hypothesesmove to the next phase.

4.4.3 Performance Figure 7 shows the time taken
by the dynamic programming algorithm with each of the
pruning techniques. As hinted by the statistics shown
in Figures 6 and 5, the Generator Guided Pruning
technique speeds up the algorithm much more than
pruning with the geoemtric mean.

Figure 8 shows the logscoresof the translations
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Figure 7: Pruning with Geometric Mean (PGM), Gen-
erator Guided Pruning (GGP) and Fixed Alignment De-
coding (FAD): Time

Figure 8: PGM and GGP: Logscores

found by the algorithm with each of the pruning tech-
niques. Pruning with the Geometric Mean fares better
than Generator Guided Pruning, but the di�erence is
not signi�can t.

We also compared the logscoresof the translations
found by PGM with those of the translations found by
the dynamic programming algorithm without pruning
and found that the logscoreswereidentical. This means
that our pruning techniquesare very e�ectiv e in identi-
fying and removing inconsequential partial hypotheses.
Figure 9 shows the time taken by the decoding algo-
rithm when there is no pruning.

From Figure 7 and 8, we conclude that Generator
Guided Pruning is a very e�ectiv e pruning technique.

4.5 E�ect of Caching In caching, the number of
cache hits is a measureof the repeateduseof the cached
data. Also of interest is the improvement in runtime due
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Figure 9: PGM vs No pruning: Time
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Figure 10: Trigram accesses:First hits, subsequent hits
and total hits

to caching.

4.5.1 Language Mo del Caching Figure 10 shows
the number of distinct trigrams accessedby the algo-
rithm and the number of subsequent accessesto the
cached valuesof thesetrigrams. We observe that on an
averageevery secondtrigram is accessedat least once
more. Figure 11showsthe time takenfor decoding when
only the languagemodel is cached. Caching of language
model has little e�ect on smaller length sentences. But
asthe sentencelength grows, caching of languagemodel
improvesthe speed.

4.5.2 Distortion Mo del Caching Figure 12 shows
the counts of �rst hits and subsequent hits for distortion
model valuesaccessedby the algorithm. 99:97% of the
total number of accessesare to the cachedvalues. Thus,
cached distortion model values are used repeatedly by
the algorithm. Figure 11 shows the time taken for
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Figure 12: Distortion probabilit y accesslog

decoding when only the distortion model is cached.
Improvement in speed is more signi�can t for longer
sentencesthan for shorter sentencesas expected.

Figure 11 shows the time taken for decoding when
both the models are cached. As can be observed
from the plots, caching of both the models is more
bene�cial than caching them individually . Although the
improvement in speeddue to caching is not substantial
in our implementation, our experiments do show that
cached values are accessedsubsequently . We believe
that it should be possible to speed up the algorithm
further by using better data structures for the cached
data.

4.6 Alignmen t Transformation Op erations To
understand the e�ect of the alignment transformation
operations on the performance of the algorithm we
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Figure 13: Time a. using all the operators (All Ops), b.
not using GROW, c. not using SHRINKand d. not using
MERGE

conducted experiments in which we removed each of
GROW, MERGEand SHRINKoperationsand ran the decoder
with Generator Guided Pruning.

Figure 14 shows the logscoreswhen the decoder
worked with only (GROW, MERGE, COPY) operations,
(SHRINK, MERGE, COPY) operations and (GROW, SHRINK,
COPY) operations. The logscoresare compared with
those of the decoder which worked with all the four op-
erations. Weobservethat the logscoresarea�ected very
little by the absenceof SHRINKoperation. However, the
absenceof MERGEoperation results in poorer scores.The
absenceof GROWoperation also results in poorer scores
but the loss is not as signi�can t as with MERGE.

Figure 13 shows the time taken for decoding in this
experiment. We see that the absenceof MERGEdoes
not a�ect the time taken for decoding signi�can tly . We
also seethat the absenceof either GROWor SHRINKhas
signi�can t a�ect on the time taken for decoding. This
is not very surprising becauseGROWoperations add the
highest number of partial hypothesesat each phaseof
the algorithm 3.3.1. Although a SHRINKoperation adds
only one new partial hypothesis, its contribution to the
number of distinct hypothesisclassesis signi�can t.

We note that MERGEoperation while not contribut-
ing signi�can tly to the runtime of the algorithm plays
an important role in improving the scores.

4.7 Iterativ e Search Figures 15 and 17 show the
time taken by the iterativ e search algorithm with Gen-
erator Guided Pruning (IGGP) and pruning with Geo-
metric Mean (IPGM). Figures16and 18show the corre-
sponding logscores. We observe that the improvement
in logscoresdue to iterativ e search is not signi�can t.
The results highlight the needfor a more e�ectiv e tech-



Figure 14: Logscoresa. using all the operators (All
Ops), b. not usingGROW(No Grow), c. not usingSHRINK
(No Shrink) and d. not using MERGE(No Merge)
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Figure 15: IGGP vs GGP: Time

nique for �nding subsequent generatorsin the iterativ e
algorithm.

4.8 Comparison with the Greedy Deco der Fi-
nally, we compare the performance of our algorithm
with that of the Greedy decoder. Figure 19 compares
the time taken for decoding by our algorithm and the
Greedydecoder while Figure 20showsthe logscores.We
seethat the iterated search algorithm that prunes with
the Geometric Mean (IPGM) is faster than the Greedy
decoder for sentenceswhose length is greater than 25.
However, the iterated search algorithm that usesGen-
erator Guided Pruning technique (IGGP) is faster than
the Greedydecoder for sentenceswhoselength is greater
than 10. As can be noted from the plots, IGGP is at
least 10 times faster than the greedyalgorithm for most
sentence lengths.

Our logscoresare better than those of the greedy
decoder with either of the pruning techniques (Figure
20).

Figure 16: IGGP vs GGP: Logscores
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Figure 17: IPGM vs PGM: Time

Figure 18: IPGM vs PGM: Logscores
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Figure 20: Comparison with the Greedy Decoder:
Logscores

5 Conclusions

Searching for a good translation in a family of align-
ments seemspromising asthe empirical results indicate.
It would be interesting to explore whether good gener-
ators can be determined easily from the starting gener-
ator. The result of the search in the current alignment
family may give good hints for choosing the next gener-
ator. E�cien t caching of model values is another area
that needsto be explored.
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