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Word Alignment with Synonym Information

HIrROYUKI SHINDO,™! AkINORI Fujinof!
and MASAAKI NAGATAT!

We present a novel framework for word alignment that incorporates monolin-
gual synonym knowledge to improve word alignment performance. We expect
synonym information is helpful to overcome the data sparseness problem of word
alignment since there are various lexical forms represent the same meaning in
a bilingual corpus. However, O synonym relations depend heavily on context
or domain since a word in natural language is ambiguous. We design a syn-
onym probabilistic model with a topic model, which uses synonym information
according to the context. Moreover, we propose a word alignment framework
that jointly trains our synonym model and conventional bilingual model. The
experimental results show that our proposed method obtained better results
compared to cases where synonym or context information is not used.
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Fig.1 Graphical model of HM-BiTAM
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Fig.2 Graphical model of synonym pair model
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Fig.3 Graphical model of proposed method
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10k Precision|Recall|F-measure| AER
GIZA++ |standard | 0.856 |[0.718 0.781 0.207
with SRH| 0.874 |0.720 0.789 0.198
HM-BiTAM| standard | 0.869 |0.788 0.826 0.169
with SRH| 0.884 |0.790 0.834 |0.160
Proposed 0.941 |0.808| 0.870 |0.123

()

50k Precision|Recall|F-measure| AER
GIZA++ |standard | 0.905 |[0.770 0.832 0.156
with SRH| 0.903 |0.759 0.825 0.164
HM-BiTAM| standard | 0.901 |0.814 0.855 0.140
with SRH| 0.899 |0.808 0.853 0.145
Proposed 0.947 |0.824| 0.881 [0.112

(b)

100k Precision|Recall|F-measure| AER
GIZA++ |standard | 0.925 |[0.791 0.853 |0.136
with SRH| 0.934 |0.803| 0.864 |[0.126
HM-BiTAM| standard 0.898 |0.851 0.874 0.124
with SRH|| 0.909 |0.860 0.879 0.114
Proposed 0.927 |0.862| 0.893 |0.103

(c)

01 00000000000000000000000000000000 (a) 10k3 (b) 50k0 (¢) 100kO
Table 1 Comparison of word alignment accuracy. The best results are indicated in bold type. The
training data set sizes are (a) 10k, (b) 50k, (c) 100k.
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# vocabularies 10k 50k 100k
English standard 8578 16924 22817
with SRH 5435 7235 13978

French standard 10791 21872 30294
with SRH 9737 20077 27970

0 2 10k0O 50k0 100k

ooooooooooooono

Table 2 The number of vocabularies in the 10k, 50k and 100k data sets.

# synonyms 10k 50k 100k
English 7756 17273 23187
French 1677 2524 2980

0 38 10kOs0kO100k OO0 OOOOODOOOOOOOODOO
Table 3 The number of synonym pairs in the 10k, 50k and 100k data sets.
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