
• Target-rule Bigram Features (“RuleBigram”): For each confusion rule, we extract
bigram features over the target-side symbols (including non-terminals and terminals).
For example, if a confusion rule’s target side is “on the X1 issue of X2” where X1

and X2 are non-terminals (with a position index), we can extract bigram features
including: “on the”, “the X”, “X issue”, “issue of”, and “of X”. Note that the index
under the nonterminal of the rule has been removed in the features. Moreover, for
the terminal symbols, we will use their dominant POS tags (instead of the symbol
itself). We use 525 such bigram features that fire frequently.

5.4.4 Results on Monolingual Test Data

We are first interested in seeing how our contrastive language model (CLM) performs
as a language model itself. One usually uses the perplexity of the LM on some unseen
English data to measure the goodness of an LM. We are mainly interested in how the
model performs in picking a good English sentence within its neighborhood (defined by the
confusion grammar). The test is performed as follows. For each unseen English sentence
y of Set2, the confusion grammar defines a full contrastive set N (y) (i.e., an un-pruned
hypergraph). We use a contrastive model (which may or may not include the weighted CG
as a feature) to pick onebest from N (y), and then compute the onebest’s BLEU score by
using y and its 15 paraphrase sentences as references.

Table 5.2 shows the results under a regular n-gram LM and different CLMs (which vary
in the features used during contrastive training). (Note that a CLM may include the regular
n-gram LM (i.e., BLM) as a feature.) Clearly, the CLMs perform better than the regular
n-gram model (i.e., system-1), in terms of picking onebest from a neighborhood. Also,
adding more features in the CLM helps more in general. These show that our contrastive
language model performs well as a language model alone.

The CLMs (system-4 to -7) that use the CG or Arity feature perform very well (com-
pared with those systems that do not use them). This is not surprising as these features
directly look at the confusion rule in the confusion grammar (which defines the neighbor-
hood). More specifically, since the CG contains identity rules whose probabilities might
be large compared with other rules, the CLM model will learn to assign a large weight
to the CG feature in order to preserve the original English sentence as much as possi-
ble. This is also true for the Arity features as the model may learn to prefer the glue rule
S → 〈S0 X1 , S0 X1 〉 , over other confusion rules that involve in reordering, word in-
sertion, substitution, or deletion. Strictly speaking, these CLMs should not be considered
as language models (that assign a probability to an English string). Instead they are models
that assign a probability to a pair of English strings. Also, the CG feature is not accessible
during actual MT decoding. Therefore, such a CLM may not be useful in practice, but we
present their results here for comparison purpose.
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