
nology). This can be done as regular MT decoding as we can treat the CG as a regular
“translation” model in an English-to-English “translation” system.

To make sure that we produce at least one derivation for each ỹ. We first need to add
into CG the standard glue rules as in Hiero (Chiang, 2007).

S → 〈X0 , X0 〉 ,

S → 〈S0 X1 , S0 X1 〉 ,

We also need to add an out of vocabulary (OOV) rule X → 〈word, oov〉 for each word in
ỹ and set the cost of such rule at a maximum value such that the OOV rule will get used
only when the CG does not know how to “translate” the word. Note that the CG does
contain identity rules for English sides occurred in the bilingual grammar. But, this does
not guaranty the rules in CG alone are able to cover all the words in ỹ and thus we may
need use the OOV rules.

Since the CG is an SCFG, the contrastive set N (ỹ) generated for the observed ỹ is a
hypergraph, encoding not only the alternate sentences of ỹ but also the hierarchical process
(e.g., which phrase in ỹ has been replaced to what) about how the alternate sentences are
generated. The hierarchical process is represented in a derivation tree. As usual, many
different derivation trees may correspond to the same string/sentence due to spurious am-
biguity. We use D(ỹ) to represent the set of derivations in the hypergraph (that is generated
for ỹ). The set of y generated can be thought as alternative translations generated by the
SMT system if it had known the corresponding Chinese input x for ỹ. Figure 5.2 presents
an example of hypergraph, which contains four alternate strings the cat the mat, the cat ’s
the mat, the mat of the cat, and the mat on the cat that are generated by CG for the English
sentence a cat on the mat.

5.2.3 Discriminative Training

With the observed sentence ỹ and its contrastive set N (ỹ) (and D(ỹ)), we can then
perform the regular discriminative training. We use the minimum risk training (see also
Section 2.6.5 on page 34)3 that is,

θ∗ = arg min
θ

∑

i

Riskθ(ỹi) (5.5)

= arg min
θ

∑

i

∑

y∈N (ỹi)

L(y, ỹi)pθ(y | ỹi)

= arg min
θ

∑

i

∑

d∈D(ỹi)

L(Y(d), ỹi)pθ(d | ỹi)

3One can also use other discriminative training methods described in Section 2.6.
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