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Abstract

This paper presents efficient algorithms for
expected similarity maximization, which co-
incides with minimum Bayes decoding for a
similarity-based loss function. Our algorithms
are designed for similarity functions that are
sequence kernels in a general class of posi-
tive definite symmetric kernels. We discuss
both a general algorithm and a more efficient
algorithm applicable in a common unambigu-
ous scenario. We also describe the applica-
tion of our algorithms to machine translation
and report the results of experiments with sev-
eral translation data sets which demonstrate a
substantial speed-up. In particular, our results
show a speed-up by two orders of magnitude
with respect to the original method of Tromble
et al. (2008) and by a factor of 3 or more
even with respect to an approximate algorithm

and that requires no additional data or other com-
plex models is the minimum Bayes risk (MBR) de-
coding technique. This returns that sequence of the
automaton having the minimum expected loss with
respect to all sequences accepted by the automaton
(Bickel and Doksum, 2001). Often, minimizing the
loss functionL can be equivalently viewed as max-
imizing a similarity functionk” between sequences,
which corresponds to a kernel function when it is
positive definite symmetric (Berg et al., 1984). The
technique can then be thought of aseaipected se-
guence similarity maximization

This paper considers this expected similarity max-
imization view. Since different similarity functions
can be used within this framework, one may wish to
select the one that is the most appropriate or relevant
to the task considered. However, a crucial require-
ment for this choice to be realistic is to ensure that

specifically designed for that task. These re-
sults open the path for the exploration of more
appropriate or optimal kernels for the specific
tasks considered.

for the family of similarity functions considered the
expected similarity maximization is efficiently com-
putable. Thus, we primarily focus on this algorith-
mic problem in this paper, leaving it to future work
to study the question of determining how to select
the similarity function and report on the benefits of

The output of many complex natural language prdhis choice.
cessing systems such as information extraction, A general family of sequence kernels including
speech recognition, or machine translation systentge sequence kernels used in computational biology,
is a probabilistic automaton. Exploiting the full in- text categorization, spoken-dialog classification, and
formation provided by this probabilistic automatonmany other tasks is that ehtional kernels(Cortes
can lead to more accurate results than just using tiéé al., 2004). We show how the expected similarity
one-best sequence. maximization can be efficiently computed for these
Different techniques have been explored in thkernels. In section 3, we des_cri_be_more s_pe_cifigally
past to take advantage of the full lattice, some basdbe framework of expected similarity maximization
on the use of a more complex model applied td the case o_f rational kernels a_nd the correspc_)nd-
the automaton as in rescoring, others using addPd algorithmic problem. In Section 4, we describe
tional data or information for reranking the hypothe0th a general method for the computation of the ex-
ses represented by the automaton. One method f¥¢cted similarity maximization, and a more efficient
using these probabilistic automata that has been sugéthod that can be used with a broad sub-family
cessful in large-vocabulary speech recognition (Go®ff rational kernels that verify a condition of non-
and Byrne, 2000) and machine translation (Kuma@lmblgwty. This Iat_ter family mcIudes_the class of
and Byrne, 2004; Tromble et al., 2008) application&-9gram kernels which have been previously used to
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apply MBR to machine translation (Tromble et al.,
2008). We examine in more detail the use and ap-
plication of our algorithms to machine translation
in Section 5. Section 6 reports the results of ex-
periments applying our algorithms in several large
data sets in machine translation. These experiments
demonstrate the efficiency of our algorithm which
is shown empirically to be two orders of magnitude (a)
faster than Tromble et al. (2008) and more than 3

times faster than even an approximation algorithrigure 1: (a) Example of weighted transdu@eover the
specifically designed for this problem (Kumar et al.real semiring R, , +, x,0, 1). (b) Example of weighted
2009). We start with some preliminary definitionsautomatond. A can be obtained frofi by projection on
and algorithms related to weighted automata ari@e outputand’(aab,bba) = A(bba) =1x 2 x 6 x 8 +
transducers, following the definitions and terminol2 < 4 x 5 x 8.

ogy of Cortes et al. (2004).

transitions andv-multiplying this product on the left
2  Preliminaries by the weight of the initial state of the path (which
equalsl in our work) and on the right by the weight

Weighted transducerare finite-state transducers inof the final state of the path (displayed after the slash
which each transition carries some weight in addiin the figure). The weight associated by a weighted
tion to the input and output labels. The weight setransducefl” to a pair of stringgz, y) € X* x X*is
has the structure of a semiring. denoted byI'(z,y) and is obtained bys-summing
A semiring(K, @, ®, 0, 1) verifies all the axioms the weights of all accepting paths with input label
of a ring except from the existence of a negative end output labej.
ement—z for eachz € K, which it may verify or ~ For any transducef’, 7! denotes itsinverse
not. Thus, roughly speaking, a semiring is a ringhat is the transducer obtained frafby swapping
that may lack negation. It is specified by a set ofhe input and output labels of each transition. For all
valuesk, two binary operations> and®, and two 2,y € ¥*, we havel' ! (z,y) = T(y, x).
designated valugsandl. When® is commutative, = The compositionof two weighted transducefs,
the semiring is said to beommutative andT, with matching input and output alphabeéts
The real semiring(R, +, x,0,1) is used when is a weighted transducer denoted Byo T, when
the weights represent probabilities.  THeg the semiring is commutative and the sum:
semiring (R U {—o0, +00}, @1og, +,00,0) IS iso-
morphig (to th({e real seiniriné via the) negative- (Th o Io)(z,y) = Z Ti(z,2) @ Ta(z,y) (1)
log mapping and is often used in practice zex”
for numerical stability.  Thetropical semiring is well-defined and irK for all =,y (Salomaa and
(RU, {—00, 400}, min, 4+, 00,0) is derived from Soittola, 1978).
the log semiring via thé&/iterbi approximationand  Weighted automatzan be defined as weighted
is often used in shortest-path applications. transducers! with identical input and output labels,
Figure 1(a) shows an example of a weightedor any transition. Since only pairs of the form, z)
finite-state transducer over the real semiringan have a non-zero weight associated to them by
(R4, +,x,0,1). In this figure, the input and out- A, we denote the weight associated Ayto (z, )
put labels of a transition are separated by a coldpy A(z) and call it theweight associated byl to
delimiter and the weight is indicated after the slash. Similarly, in the graph representation of weighted
separator. A weighted transducer has a set of initialutomata, the output (or input) label is omitted. Fig-
states represented in the figure by a bold circle angte 1(b) shows an example of a weighted automa-
a set of final states, represented by double circles. #8n. WhenA and B are weighted automatal o B
path from an initial state to a final state is an accepis called theintersectionof A and B. Omitting the
ing path. input labels of a weighted transducgrresults in a
The weight of an accepting path is obtained byveighted automaton which is said to be thaput
first ®-multiplying the weights of its constituent projection ofT".



3 General Framework can compute a composition based on an automa-

ton accepting all sequencesih A(H). This leads

Let X be a probabilistic automaton representing thg, 5 straightforward method for determining the se-
output of a complex model for a specific query input

“-rguence maximizing the expected similarity having
The model may be for example a speech recognlthcrh

) ; _ e following steps:
system, an information extraction system, or a ma-

chine translation system (Wthh Originally motivated 1. compute the Compositio[X oT, project on
our study). For machine translation, the sequences the output and optimize (epsilon-remove, de-
aCCEpted by)( are the potential translations of the terminize, minimize (Mohri’ 2009)) and |é{2
input sentence, each with some probability given by pe the result:
X.

Let X be the alphabet for the task considered, e.g.,2. compute the compositiory = A(H) o T,
words of the target language in machine translation, . .
and letL: ¥* x ¥* — R denote a loss function 3- computeY; o Y2 and project on the input, lef
defined over the sequences on that alphabet. Given D€ the resul,
a reference or hypothesis sat C X*, minimum
Bayes risk (MBR) decoding consists of selecting a
hypothesisc € H with minimum expected loss with 5 find the maximum weight path with the label of
respect to the probability distributiol (Bickel and that path givingz.
Doksum, 2001; Tromble et al., 2008):

4. determinizeZ;

While this method can be efficient in various scenar-
ios, in some instances the weighted determinization
yielding Z can be both space- and time-consuming,
Here, we shall consider the case, frequent in praeven though the input is acyclic. The next two sec-
tice, where minimizing the los$ is equivalent to tions describe more efficient algorithms.
maximizing a similarity measurg : ¥* x ¥* — R. Note that in practice, for numerical stability, all
When K is a sequence kernel that can be represf these computations are done in the log semiring
sented by weighted transducers, it isaional ker-  which is isomorphic tgR, U{+o00},+, x,0,1). In
nel(Cortes et al., 2004). The problem is then equivparticular, the maximum weight path in the last step
alent to the followingexpected similarity maximiza- is then obtained by using a standard single-source
tion: shortest-path algorithm.
T =argmax E [K(z,2')]. (3)

veH  '~X 4.2 Efficient method for n-gram kernels
When K is a positive definite symmetric rational
kernel, it can often be rewritten d§(x,y) = (T o
T-Y)(z,y), whereT is a weighted transducer over
the semiringR U{+o0}, +, %, 0, 1). Equation (3)
can then be rewritten as

T =argmin E [L(z,2')]. (2)
zeH *'~X

A common family of rational kernels is the family
of n-gram kernels. These kernels are widely use as
a similarity measure in natural language processing
and computational biology applications, see (Leslie
et al., 2002; Lodhi et al., 2002) for instance.

T=argmax E [(ToT Y (z,z')] (4) Then-gram kernel,, of ordern is defined as
zeH T~X
= argmax [[A(z) o ToT "o X[, (5) Ku(z,y) = Y cal2)ey(2), (6)
xeH
|z|=n

where we denote byl(x) an automaton accepting
(only) the stringe and by|| - || the sum of the weights
of all accepted paths of a transducer.

wherec,(z) is the number of occurrences ofin

z. K, is a positive definite symmetric rational ker-

nel since it corresponds to the weighted transducer

4  Algorithms T, o T,;* where the transduce¥,, is defined such
thatT,,(z, z) = ¢, (2) forall z, z € £* with |z| = n.

4.1 General method

. . 1Equivalent to computing”~! o X and projecting on the
Equation (5) could suggest computisfz) o T o input.

T~' o X for each possiblec € H. Instead, we 27 is then the projection on the input @ ) oToT *o X.



Figure 2: Efficient method for bigram kernel: (a) Countingrntsducefl, for 3 = {a, b} (over the real semiring). (b)
Probabilistic automatoX (over the real semiring). (c) The hypothesis automatoH ) (unweighted). (d) Automaton
Y; representing the expected bigram countXiifover the real semiring). (e) Automatdf: the context dependency
model derived fronY> (over the tropical semiring). (f) The compositigi{ ) o Y; (over the tropical semiring).

The transducef;, for ¥ = {a, b} is shown in Fig- nal; the set of transition® contains all 4-tuple
ure 2(a). (origin, label, weight, destination) of the form:
Taking advantage of the special structurenoef

gram kernels and of the fact that(H) is an un- * (w,a,0,wa) with wa € @ andjw| < n -

) . : 2 and
weighted automaton, we can devise a new and sig- i
nificantly more efficient method for computing o (aw,b, Y (awb), wd) with Ya(awd) # 0
based on the following steps. and|w| =n —2
_ wherea,b € ¥ andw € ¥*. Observe that
1. Compute the expectedgram counts inX: We w € Q whenwa € @ and thataw, wb € Q

compute the compositio o 7', project on out- whenYz (awb) # 0. Given a stringr, we have

put and optimize (epsilon-remove, determinize,

minimize) and let; be the result. Observe that Yi(z) = Z ex (w)ex (w). 8)

the weighted automata¥y, is a compact repre-
sentation of the expectedgram counts inX,
i.e. for ann-gramw (i.e. |w| = n):

jwl=n

Observe thal; is a deterministic automaton,
henceY (z) can be computed i®(|x|) time.

Yo(w) = D X(2)ca(w)

D+ 7) 3. Computez: We compute the composition
= E |eo(w)] = ex(w). A(H) o Yy. Z is then the label of the accepting
X path with the largest weight in this transducer
and can be obtained by applying a shortest-path
2. Construct a context-dependency modeéte algorithm to—A(H ) o Y7 in the tropical semir-
compute the weighted automatofy over the ing.
tropical semiring as follow: the set of states is
Q = {w € ¥*||w| < nandw occurs inX}, The main computational advantage of this method

the initial state being and every state being fi- is that it avoids the determinization df in the
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Figure 3: lllustration of the construction &f in the unambiguous case. (a) Weighted automato(over the real
semiring). (b) Deterministic tree automatdi accepting{aa, ab} (over the tropical semiring). (c) Result of deter-
minization of©*Y; (over the tropical semiring). (d) Weighted automaigr(over the tropical semiring).

(+, x) semiring, which can sometimes be costlydependent batch rules:
The method has also been shown empirically to be € Hfr e ©)
significantly faster than the one described in the pre- =
vious section. Each such rule inserts the symb#l. immediately
The algorithm is illustrated in Figure 2. The al-after an occurrence in the input string. For batch
phabet isX. = {a,b} and the counting transducer context-dependent rules, the context of the applica-
corresponding to the bigram kernel is given in F|g.t|0n for all rules is determined at once before their
ure 2(a). The evidence probabilistic automattin application (Kaplan and Kay, 1994). Assume that
is given in Figure 2(b) and we use as hypothesitis grammar isinambiguousor a parallel applica-
set the set of strings that were assigned a non-zelign of the rules. This condition means that there is
probability by X; this set is represented by the detera unique way of parsing an input string using the
ministic finite automatom () given in Figure 2(c). Strings of X;. The assumption holds fot-gram
The result of step 1 of the algorithm is the weightededuences, for example, since the rules applicable
automatonY, over the real semiring given in Fig- are uniquely determined by thegrams (making the
ure 2(d). The result of step 2 is the weighted auPrevious section a special case).
tomatonY; over the tropical semiring is given in  Given an acyclic weighted automatdh over the
Figure 2(e). Finally, the result of the compositiontropical semiring accepting a subset¥f, we can
A(H) o Y (step 3) is the weighted automaton oveconstruct a deterministic weighted automaiqrfor
the tropical semiring given in Figure 2(f). The re-X*L(Y2) when this grammar is unambiguous. The
sult of the expected similarity maximization is theweight assigned by} to an input string is then the
string 2 = ababa, which is obtained by applying sum of the weights of the substrings acceptedhy
a shortest-path algorithm te A(H) o Y;. Observe This can be achieved using weighted determiniza-
that the stringz with the largest probability in¥ is  tion.
T = bbaba and is hence different from = ababa in This suggests a new method for generalizing Step
this example. 2 of the algorithm described in the previous section
as follows (see illustration in Figure 3):

(i) use Y, to construct a deterministic weighted
tree Yy defined on the tropical semiring ac-
cepting the same strings a§ with the same
weights, with the final weights equal to the to-
tal weight given byY> to the string ending at
that leaf;

4.3 Efficient method for the unambiguous case

The algorithm presented in the previous section for
n-gram kernels can be generalized to handle a wide
variety of rational kernels.

Let K be an arbitrary rational kernel defined by a
weighted transduceéf’. Let X, denote the regular (ii) let Y7 be the weighted automaton obtained by
language of the strings output By. We shall as- first adding self-loops labeled with all elements
sume thatXr is a finite language, though the results of ¥ at the initial state off; and then deter-
of this section generalize to the infinite case. Let  minizing it, and then inserting new transitions
3} denote a new alphabet definedBy= {#,: z € leaving final states as described in (Mohri and
X7} and consider the simple gramni@iof context- Sproat, 1996).



Step (ii) consists of computing a deterministic
weighted automaton foE*Y;. This step corre-
sponds to the Aho-Corasick construction (Aho and
Corasick, 1975) and can be done in time linear in
the size ofY.

This approach assumes that the gramm@aof
batch context-dependent rules inferredXy is un-
ambiguous. This can be tested by constructing tt}ggure 4 TransduceF,
finite automaton corresponding to all rulesin The g phapetq, ).
grammarG is unambiguous iff the resulting automa-
ton is unambiguous (which can be tested using a
classical algorithm). An alternative and more ef- The first idea is to approximate th€; g similar-
ficient test consists of checking the presence of ity measure using a weighted sum ofgram ker-
failure or default transition to a final state during nels. This corresponds to approximatihg(w) by
the Aho-Corasick construction, which occurs if and:,/(w) in (10). This leads us to the following simi-

over the real semiring for the

only if there is ambiguity. larity measure:

5 Application to Machine Translation Kyo(z,2') = 6o’ + Z 1o (1) ()

In machine translation, the BLEU score (Papineni et lwl<n

al., 2001) is typically used as an evaluation metric. = Oo|2’| + Z 0, K;(z,z")

In (Tromble et al., 2008), a Minimum Bayes-Risk e

decoding approach for MT lattices was introduéed. T (11)

The loss function used in that approach was an aptuitively, the larger the length af the less likely
proximation of the log-BLEU score by alinear func-it is that ¢, (w) # 1,(w), which suggests comput-
tion of n-gram matches and candidate length. Thifhg the contribution toKz(x,2’) of lower-order
loss function corresponds to the following similarity,-grams (w| < k) exactly, but using the approxima-

measure: tion by n-gram kernels for the higher-ordergrams
Kip(z,a') = Ool2'| + Z 9‘w|cx(w)1m, (w). S:jur\e> k). This gives the following similarity mea-
jw|<n '

(10) k A /
wherel, (w) is 1 if w occurs inz and 0 otherwise. Kngoa!) = bola'| + Y Ojujes(w)le(w)

(Tromble et al., 2008) implements the MBR de- 1<lwl<k
coder using weighted automata operations. First, + Z 0| (W) Car (w)
the set of n-grams is extracted from the lat- k<|w|<n
tice. Next, the posterior probability(w|X) of (12)
eachn-gram is computed. Starting with the un-Observe thaK]({,G = Knyg andKy, = K.
weighted latticeA(H ), the contribution of each- All these similarity measures can still be com-

gramw to (10) is applied by iteratively compos- puted using the framework described in Section 4.
ing with the weighted automaton corresponding tondeed, there exists a transducgy, over the real
W(w/ (0} p(w|X))w)* wherew = ¥* \ (X*w¥*).  semiring such thal',,(z, z) = 1,(z) for all z € ¥*
Finally, the MBR hypothesis is extracted as the besind> € ¥". The transducef’; for ¥ = {a,b} is
path in the automaton. The above steps are carrigflen by Figure 4. Let us define the similarity mea-
out onen-gram at a time. For a moderately large latsurek,, as:

tice, there can be several thousands.@frams and

the procedure becomes expensive. This leads USHR (z,2') = (TnoT,Zl)(x,a:’) - Z Cz(w) 1y (w).
investigate methods that do not require processing lo=n

then-grams one at a time in order to achieve greater (13)

efficiency. Observe that the framework described in Section 4

*Related approaches were presented in (DeNero et al., 200N still b? qpp!ied even thoudki,, is not symmet-
Kumar et al., 2009; Li et al., 2009). ric. The similarity measure&’; g, Kn¢ and K]’i,G



| I zhen I aren |
| [[ nist02 [ nist04 | nist05 | nist06 [ nist08 [[ nist02 | nist04 | nist05 [ nist06 [ nist08 |

nombr || 38.7 39.2 38.3 335 26.5 64.0 51.8 57.3 45.5 43.8
exact 37.0 39.2 38.6 34.3 27.5 65.2 51.4 58.1 45.2 45.0
approx || 39.0 39.9 38.6 34.4 27.4 65.2 52.5 58.1 46.2 45.0
ngram 36.6 39.1 38.1 34.4 27.7 64.3 50.1 56.7 44.1 42.8
ngraml || 37.1 39.2 38.5 34.4 27.5 65.2 51.4 58.0 45.2 44.8

Table 1: BLEU score (%)

| I zhen I aren |

| [[ nist02 | nist04 | nist05 | nist06 | nist08 [| nist02 [ nist04 | nist05 [ nist06 | nist08 |
exact 3560 7863 5553 6313 5738 || 12341 | 23266 | 11152 | 11417 | 11405
approx 168 422 279 335 328 504 1296 528 619 808
ngram 28 72 34 70 43 85 368 105 63 66
ngraml 58 175 96 99 89 368 943 308 167 191

Table 2: MBR Time (in seconds)

can then be expressed as the relevant linear combi- oaz Op85 (;“72
: 7 aren . . .
nation of K; and K. shen| 01 080 062

6 Experimental Results .
Table 3: Parameters used for performing MBR.

Lattices were generated using a phrase-based MT

system similar to the alignment template system de- ; :
scribed in (Och and Ney, 2004). Given a source se(r?gl_-:-zag l:;'n;’v(%;;ﬁldemztl i:vl |2r88Ile)mentatlon of the

tence, the system produces a word latticthat is a . . .
compact representation of a very lafyebest list of we |mpl_emented the following methods using the
Oé)enFst library (Allauzen et al., 2007):

translation hypotheses for that source sentence an
their likelihoods. The latticed is converted into a ¢ exact uses the similarity measud§; 5z based
lattice X that represents a probability distribution on the linearized log-BLEU, implemented as

(i.e. the posterior probability distribution given the described in (Tromble et al., 2008);
source sentence) following:

exp(aA(x))

e approx uses the approximation t&;z from
(Kumar et al., 2009) and described in the ap-

X(z) = 14 _
) > yex exp(aA(y)) (14) pendix;
where the scaling factar € [0, co) flattens the dis- e Ngram uses t_he similarity_ measudée’N(_; im-
tribution whena < 1 and sharpens it whem > 1. plemented using the algorithm of Section 4.2;

We then applied the methods described in Section 5
to the lattice X using as hypothesis séf the un-
weighted lattice obtained fron¥ .

e ngraml uses the similarity measur& }
also implemented using the algorithm of Sec-

The following parameters for the-gram factors tion 4.2.
were used: The results from Tables 1-2 show thagraml
1 1 performs as well asxacton all datasefswhile be-
o= — andf, = ———forn >1. (15) ing two orders of magnitude faster tharactand
T ATprn—1

overall more than 3 times faster thapprox

Experiments were conducted on two languag
pairs Arabic-English (aren) and Chinese-Englis
(zhen) and for a variety of datasets from the NISTyie showed that for broad families of transducers

Open Machine Translation (OpenMT) Evaluation. 7 and thus rational kernels, the expected similar-
The values oty, p andr used for each pair are given

Conclusion

- *We consider BLEU score differences of less than 0.4% not
“http://www.nist.gov/speech/tests/mt significant (Koehn, 2004).



ity maximization problem can be solved efficiently.Equation (3) can then be reformulated as:
This opens up the option of seeking the most appro-.. ,
priate rational kernel or transducét for the spe- * ~ azg,;g}?xeou |+ ZQ\WI%’ (w)p(w]X). (17)
cific task considered. In particular, the kerngl _ v o

used in our machine translation applications mighthe key idea behind this new approximation algo-
not be optimal. One may well imagine for exam-Jithm is to rewrite then-gram posterior probability
ple that somer-grams should be further emphasizedEquation 16) as follows:

and others de-emphasized in the definition of the _

similarity. This can be easily accommodated in the plwlX) Z Z fle,wma)X(@)  (18)
framework of rational kernels by modifying the tran- . . .
sition weights ofT". But, ideally, one would wish where _EX Is the set of transitions O.fX’ Tz 1S
to select those weights in an optimal fashion. Aéhe unique accepting p_ath labeled b.y!” X and
mentioned earlier, we leave this question to futurd (¢ w, ) is a score assigned to transitieron path
work. However, we can offer a brief look at how™ containingn-gramw:

reX* eeEx

one could tackle this question. One method for de- 1 ifweep(eX) > pleX),
termining an optimal kernel for the expected sim-f (e, w, ) = ande’ precedeg on

ilarity maximization problem consists of solving a 0 otherwise.

problem similar to that of learning kernels in classi- (29)
fication or regression. LeX7, ..., X,, bem lattices In other words, for each path, we count the tran-
with Ref(X7),...,Ref(X,,) the associated refer- sition that contributes-gramw and has the highest

ences and lef (K, X;) be the solution of the ex- transition posterior probability relative to its prede-
pected similarity maximization for lattic&; when cessors on the path there is exactly one such tran-
using kernelK'. Then, the kernel learning optimiza- sition on each lattice path.
tion problem can be formulated as follows: We note thatf (e, w, ) relies on the full pathr
which means that it cannot be computed based on
local statistics. We therefore approximate the quan-
tity f(e,w, ) with f*(e, w, X) that counts the tran-
sition e with n-gramw that has the highest arc poste-
sS.tK=ToT ' ANTr[K] <C, rior probability relative to predecessors in the entire
lattice X. f*(e,w, X') can be computed locally, and

whereC is a convex family of rational kernels andthe ;,-gram posterior probability based gii can be
T‘I‘[K] denotes the trace of the kernel matrix. |rdetermined as follows:

particular, we could choosk as a family of linear N
combinations of base rational kernels. Techniqueg(wm - Z Z fr(e,w, X)X (2)

1 m
in — S"LE(K, X,), Ref(X;
?é%m; (Z(K, X;), Ref(X;))

and ideas similar to those discussed by Cortes et al. rEXT ecbx
(2008) for learning sequence kernels could be di- = Z Lyeef(e,w, X) Z 1, (e)X(x)
rectly relevant to this problem. =y ren
A Appendix = EEj Luweef*(e,w, X)P(e] X),
eclux
We describe here the approximation of the (20)

similarity measure from Kumar et al. (2009). weWWhere P(e|X) is the posterior probability of a lat-
assume in this section that the lattigeis determin- {iC€ transitione € Ex. The algorithm to perform
istic in order to simplify the notations. The posterior-attic® MBR is given in Algorithm 1. For each state

probability of n-gramaw in the latticeX can be for- ¢ In the lattice, we maintain a quantity Scoret)
mulated as:

for eachn-gramw that lies on a path from the initial
state tot. Scoréw,t) is the highest posterior prob-
X) — 1, (w)P _ 1, (w)X ability among all transitions on the paths that termi-
p(wlX) Z (w)P(zs) Z (w)X () nate ont and containi-gramw. The forward pass
(16) requires computing the-grams introduced by each

where s denotes the source sentence. When usirfgnsition; to do this, we propagategrams (up to
the similarity measurds; 5 defined Equation (10), maximum order-1) terminating on each state.
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16: Assign scores to transitions (given by Equation 17).
17: Find best path in the lattice (Equation 17).
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