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Abstract

Machine Translation (MT) is seen as a mapping from
a source language string into a target language string
via an internal representation. I restrict the inter-
nal representations to derivation trees that can be
generated from context-free grammars (CFG). Tt is
shown that there are more than n! possible repre-
sentations for an input string of length 1 < n < 20.
Given this untractable complexity of internal CF-
representations, all MT systems which rely on such
representations implement a strategy or heuristic to
reduce the search space. The paper discusses the
Generalized Exemplar-Based MT-system which se-
lects among the possible representations a subset at
runtime. An analysis of the computational effort is
provided.

1 Complexity of CF-Representation

I assume a universal context-free grammar (CFG)
G that produces all possible representations for a
given string s. I will examine the number of different
representations that can be derived from the input
string s given the universal grammar G. In the next
section, I shall discuss the generalized examplar-
based MT-systems and analyse its way to tackle the
problem of representational complexity. I shall show
that this approach has the potential to generate a
universal grammar.

A string of length 1 (i.e. the string consists of one
word only) may either fit a grammar rule in G or
else it remains unrecognized. Only in the former
case the sting can be reduced and an internal repre-
sentation can be generated. To examine the num-
ber of different derivation trees that can be gen-
erated from a string of length n > 1, I shall as-
sume that the context-free grammar G is sufficiently
large such that the whole input string can be re-
duced into one node only. I will henceforth denote
the set of possible representations for a string of
length n as R(n) and the cardinality of that set as
R#(n). The ith element in the set R(n) is denoted
by Ri(n). If a special string s is under consideration
I shall write R(s), R#(s) and R’(s) with the same
meaning. A string s of length 1 has thus exactly

Figure 1: Four possible representations of the string
ab of length 2 that a CFG can generate. Each deriva-
tion tree T; may be generated by an appropriate
grammar G; shown in the lower part of the picture.
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R#(s) = R#(|s|) = R¥(1) = 1 possible representa-
tion.

The string ab has R#(ab) = 4 possible representa-
tions which are shown in the Figure 1. The gram-
mars required to reduce the string ab into the deriva-
tion trees T; to T, are given in the G; to Gy, in Fig-
ure 1. The union of the grammars G; to G4, contains
six rules and is the universal grammar for the string
ab which generates all its possible representations.
A string of length n = 3 has R#(3) = 24 possible
representations. The derivation trees for the string
abc are shown in Figure 2.

In order to see how the number of possible CF-
representations can be computed consider the follow-
ing. In the tree representation Ty; the whole string
fits one grammar rule and is reduced into one node.
The top most node is not shown in the derivation
trees in Figure 2. The three derivation trees Ty
to T14, each contains one reduction, each of which
reduces a chunk of length [ = 1, while the trees Ts;
to Ty;; contain two reductions each reducing one
chunk of length I = 1 and derivation Ty;, contains
three such similar reductions.

The remaining trees contain reductions which reduce



Figure 2: 24 possible representations for the string abc of length 3 that a CFG can generate. The upper
part shows possible bracketing and the lower part shows the respective derivation trees. Each bracket in the
upper part is replaced by a variable in the lower part of the figure.
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The derivation tree Ti; has depth 0, Ty; to Ts;, have depth 1 and Ty4; to T have depth 3. The
top-most node is omitted. The derivation trees Ty;; to Ts;, contain variables which reduce chunks of length
[ = 1. The trees T3; to Tg;, contain variables which reduce chunks of length | = 2. The shape of the par-
tial derivation trees which reduce a chunk of length [ = 2 are similar to the representations shown in Figure 1.
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chunks of length [ = 2. Each of the trees T4, Ts,,
are variants of the respective representation Ts .
Thus, Tj;; for instance, contains two reductions: the
leftmost reduction X reduces the chunk ab and the
rightmost reduction X reduces the chunk c¢. The
trees T3, T4, Tsii and Ty, differ with respect to
how the the chunk ab is reduced where the sub-trees
reducing the chunk ab are similar to the derivation
trees shown in Figure 1. Any chunk of length [ =

i,i < n has thus R¥ (i) different representations.
The trees T3; T4;, Ts; and Tg; are similar to the
trees T3;; to Tg;i;, respectively, with the difference
that the chunk ¢ is not reduced. In the derivation
trees Ts;i; to Tgii; a different chunking takes place.
Here the top-most bracketing is (a (bc)) and in the
derivation trees Ts;, to Tg;, the bracketing corre-
sponds to ((a) (bc)).

The table in Figure 3 puts these considerations into



Figure 3: Calculating the number of possible representations R#(3) for the string abc of length [ = 3. The
second column shows the decomposition of the string abc where the brackets indicate reductions on the

top-most level.

The first column points to the respective derivation trees plotted in Figure 2. The third

column indicates the number and length of the topmost bracketed chunk and the fourth column shows for a
string of length | = 3 how many of such chunk combinations can be generated. The fifth column shows the
partial generalizations abstracting away from any particular value n.
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Figure 4: In (1) below, the number of bracketings [(i) are rewritten in terms of number of representations

R#(i).

To avoid recursion, the sum on the right-hand side counts from 1 to n — 1. The number of CF-

represenations for n > 0 can be computed according to equation 2.
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a more formal context. For a string of length n
there are () = n possibilities to chose one bracketed
chunk of length [ = 1; there are ("] ") possibilities to
chose one bracketed chunk of length I = 2 plus there
ar ("]?) possibilities to chose one chunk of length
Il = 3 plus ... plus there is (1) = 1 possibility to
chose one bracketed chunk of length [ = n.

In brief we have

() # L =m + ()« LU= (n = 1)+
+(" ) xL=2)+ (1)« LA =1)
=2 1 1l+1)

possibilities to chose one bracketed chunk of length



Figure 5: The table puts into relation possible CF-tree representations R#(n) for a string of length n and
the number of permutations n!. At n = 20 the number of permutations exceeds the number of possible

representations R¥(n).

n R¥(n) n! R¥(n) —n!
1 1 1 0
2 4 2 2
3 24 6 18
4 176 24 152
) 1440 120 1320
6 12608 720 11888
7 115584 5040 110544
8 1095424 40320 1055104
9 10646016 362880 10283136
10 105522176 3628800 101893376
11 1062623232 39916800 1022706432
12 10840977408 479001600 10361975808
13 111811534848 6227020800 105584514048
14 1163909087232 87178291200 1076730796032
15 12212421230592 1307674368000 10904746862592
16 129027376349184 20922789888000 108104586461184
17 1371482141884416 355687428096000 1015794713788416
18 14656212306231296 6402373705728000 8253838600503296
19 157369985643577344 121645100408832000 35724885234745344
20  1696975718802522112  2432902008176640000  -735926289374117888

1 <1 < n out of a string of length n as shown in the
table in Figure 3.

In addition, chosing two chunks of length I; and I3 we
will have the following bracketing possibilities which
amount to:

n n—Il
3 Zl1l2<n_l1;l2+2>

[1=11x=1

To obtain the overall number of representations,
these partial results are summed up as shown in
equation 1 in Figure 4. Since for each chunk of
length I; = i,0 < i < n there are R¥(i) differ-
ent representations, I(i) can be replaced by R¥ (i)
in equation 2.

For each string of length n there is exactly one rep-
resentation of a chunk of length [ = n i.e. the whole
string is recognized as one chunk only, e.g. T}; in
Figure 2. Therefore, the expression on the left-hand
side in the implication (1) (Figure 4) can be rewrit-
ten in terms of 1 + Z?;ll where all 7 < n . In the
recursive equation 2 we can be sure that for any
n > 0 the number of representations R# (n) is com-
puted based on the number of representations R# (i)
and i < n.

The table in Figure 5 plots the values of R#(n), n!
and R#(n) —n! for n = 1...n = 21. The third
column shows that the number of representations

R#(n) > n! for 0 < n < 20.

2 Representational Complexity in
Generalized Exemplar Based
Machine Translation

Machine Translation can be considered as the per-
mutation of word translations from a source lan-
guage string into the target language via some in-
ternal representation. Shake-and-bake translation
(Whitelock, 1992) implements this strategy in a di-
rect manner: permutations of target language words
are parsed with a target language parser and the best
fitting permutation is considered the best transla-
tion.

Almost every available MT system works on a sen-
tence level and, probably, most of the sentences to
be translated in an automatic system do not exceed
the length of 20 words. Assuming that any CF rep-
resentation can be mapped into any target sentence
permutation, we can state that machine translation
has at least the complexity of the internal represen-
tations R(n) > n! for an input string of length n.
Example-Based Machine Translation (EBMT) seek
to infer from a corpus of reference translations a
context-free bi-grammar. This bi-grammar is used
to map a source language string into a target lan-
guage. However, the inferred grammars differ drasti-
cally in the various approaches. The ReVerb EBMT



system (Collins, 1999; Collins and Cunningham,
1997), for instance, only computes trees of depth
1 while it allows an arbitrary number of chunks.
The optimal length of each chunk is calculated by
statistic means. ReVerb thus generates trees similar
to Ty -..T34 as depicted in Figure 2. In EDGAR
(Carl, 1999), in principle, all derivation trees can be
generated. The bi-grammar inference mechanism,
however, seeks to generate only maximally invert-
ible grammars (cf. (Carl and Wu, 1999)).

In this section, yet a different approach shall be ex-
amined. In (Giivenir and Cicekli, 1998; Giivenir and
Tunc, 1996) translation templates i.e. bi-production
rules containing non-terminals are inferred from a
set of reference translations. There are no restric-
tions on the shape of the inferred translation tem-
plates such that for a sentence s to be translated,
as many as R(s) representations may be generated.
I shall first outline how translation template infer-
rence is achieved in their so-called Translation Tem-
plate Learner (TTL) algorithm. I will give evidence
for its potential to generate a universal grammar at
least for some strings. I will then discuss their pro-
posed heuristics to tackle the problem.

An initial example translation base consists of a set
of translation examples E of the form E : aj., ¢
b1.n, where aq.,,,1 < m is a sequence of source lan-
guage words and is a sequence of target language
words.

For each pair of translation examples
E9 :af,, ¢ bl,, and E" :al b g #h

source language sub-strings S? "

: ai’:’z,k < mI,m
and target language sub-strings S? : bi’jlh,l < nd, nh
are sought which appear in both translation exam-
ples E9 and E". For instance, the two English ¢
Turkish translation examples E' and E® contain

two pairs of identical substrings:

E': T1took a ticket from Mary <
Mary’den bir bilet aldim

E®: TItooka pen from Mary <
Mary’den bir kalem aldim

Translation templates are inferred by substitut-
ing differences in the translation examples by
non-labeled, linked variables. Thus, if a pair of
translation examples E9 and E" contain equal sub-
strings S} and Si on their source language side and
equal sub-strings S7 and S2 on the target language
sides such that E9 and E" can be re-written as
follows.

E9: S}, DY S} <+ S? DY, S2
Eh: St Dh S2 ++ S2 Dh S2

where
DY # D{L and Dj # DQL

A translation template of the form (S}, X1, S) «
S2,x2,87 if X' « X?) can be generated and
the dissimilar sub-strings (D{, D3; D, D}) are
replaced by the non-labeled variables X' and X'2.
In addition to this, the translation rules DY + D
and D! « D% are extracted. In the example above
this procedure yields the translation template and
translation examples:

E'/E5: 1tooka X! from Mary <
Mary’den bir A2 aldim
if X1+ A2

ticket <> bilet
pen < kalem

The TTL-algorithm fails, when a different number
of dissimilarities in the source and target language
strings are encountered or if the number of dissim-
ilarities is greater than one. In order to handle
such translation examples, an iterative algorithm
is described, which successively reduces the num-
ber of dissimilarities based on the translation exam-
ples extracted in former iterations. Provided that
there is one different dissimilarity between each pair
of example translations (and at least one identi-
cal substring), the algorithm generates maximally
((m —1)? + (m — 1))/2 non-terminal bi-production
rules, where m is the number of example translations
in the initial example base.

To give an example, consider the translation exam-
ples E! to E7 in Figure 6. By applying the TTL
algorithm to each pair of the seven translation ex-
amples, (6% + 6)/2) = 21 translation templates are
generated, provided that the target language exam-
ples map in a similar way. By adding further exam-
ples to the base, one can easily see that a universal
grammar can be generated. For instance, adding the
translation example “You steal one pen from Mary”
generates further 7 translation templates.

There is no discussion in (Giivenir and Cicekli, 1998;
Giivenir and Tunc, 1996; Oz and Cicekli, 1998) on
how consistent the inferred bi-production rules are
and how consistency could be achieved. The authors
propose a top-down translation heuristic where only
the most specific bi-production rules are chosen, con-
taining the greatest number of terminal symbols. By
this heuristic, only the flattest among the possible
derivation trees are selected. In another paper (Oz
and Cicekli, 1998) by Oz and Cicekli it is recognized
that this heuristic needs further refinement. For a



Figure 6: From the 7 translation examples E' to
E" the TTL algorithm generates 21 translation tem-
plates as shown in the lower part of the picture.

E! I took a ticket from Mary
E? You took a  ticket from Mary
E? I steal a ticket from Mary
E* I  took one ticket from Mary
E5 | took a pen from Mary
ES I took a ticket for Mary
E7 I took a  ticket from John
E'/E? X, took a ticket from Mary
EY/E3 1 X, a  ticket from Mary
E'/E* 1  took X; ticket from Mary
E'JE5 1  took a X,  from Mary
El/E® I took a  ticket A}  Mary
E'/E™ 1 took a ticket from A&

E?/E3 X, Xo a  ticket from Mary
E?/E* X, took X, ticket from Mary
E?/E> X, took a X from Mary
E?/E® X, took a ticket X, Mary
E?/E" X, took a ticket from X,

E3/E* I X Xp  ticket from Mary
E3/E® I pel a Xo from Mary
E3/ES I pel a ticket X,  Mary
E3/E" I pel a  ticket from A%

E*/E® I took X} Xo from Mary
E*/E® I took X; ticket A,  Mary
E*/E" I took A; ticket from A,

E5/E® I took a X X  Mary
E5/E" I took  a pel from A%

ES/E" I took a  ticket A X

small example base containing 488 translation ex-
amples, the TTL algorithm generates as much as
4723 translation templates. The most specific bi-
production rule heuristic seems no more appropri-
ate. Instead, bi-production rules are now weighted
and translations are ordered according to their con-
fidence value. However, this does not reduce the
number of generated trees, it only gives a means to
select those with the highest confidence values. In
addition the authors admit that there are more than
100,000 weights (50,000 for each translation direc-
tion) to be managed, and this number is likely to
increase at least linearly with the number of trans-
lation templates generated.

3 Conclusion

The paper discusses the complexity of represen-
tations which can be derived from unrestricted
context-free grammars. It is shown that there are

more than n! possible derivation trees for a string of
length 1 < n < 20. Given this untractable repre-
sentational complexity, all computer systems which
make use of such representations, need to use some
heuristics to handle the amount of generated deriva-
tion trees. One basic solution to approach this prob-
lem is examined on the basis of the Generalized
Examplar-Based Machine Translation system as de-
scribed in (Giivenir and Cicekli, 1998; Giivenir and
Tunc, 1996; Oz and Cicekli, 1998). It is shown, that
this system has the potential to generate all possi-
ble representations. Two heuristics are proposed in
their papers (Glivenir and Cicekli, 1998) and (Oz
and Cicekli, 1998) to tackle the problem at runtime.
The soundness of this method is doubted.
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