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Introduction Bilingual LM Growing
Background: How to construct efficient large LM Is an _
important topic in SMT. Most of the existing LM growing Connecting Phrases wj If :
methods n_eed an extra mc_)nollngual corpus, where additional (1) wk is the right (rear) part of one phrase Sw’ in the phrase
LM adaption technology Is necessary.
table, or
Main Contributions: We propose a novel neural network (2) wi, , is the left (front) part of one phrase w}, ¥ in the
based bilingual LM growing method, only using the bilingual phrase table.
parallel corpus in SMT. The results show that our method can
Improve both the perplexity score for LM evaluation and Ranking the Connecting Phrases (Grown N-grams ):
BLEU score for SMT, and significantly outperforms the
existing LM growing methods without extra corpus. Prarget(€) = z P.ource (f) X P(e|f)
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Calculating Probabilities of Grown N-grams Using CSLM:
P(w;j=1|h;) P(w;=tlh;) P(wj=n|h;)
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B 1 & 1 e Experiments and Results
Wji—n+1 Wj—n+2 wj—1 COerSZ
P.(wilh) (1) NTCIR-9: 1 million sentences from Chinese to English
C l l . . . - - .
P(wlh) = T P.(o]) Ps(h;),  if w; € shortlist (2) TED : 186K sentences from Chinese to English (additional
C l . - -
P,(w;|h;),  otherwise monolingual corpus Is hard to obtain)
SMT Results:
LMs | N-grams | PPL | BLEU LMs | N-grams | PPL | BLEU
Existing CSLLM COnverting Methods BNLM 73.9M| 108.8(32.19 BNLM 7.8M| 87.1| 12.41
CSLM-RE N/A| 97.5/32.42 Wang2013 7.8M| 85.3| 12.73
e BNLM Wang2013 | 73.9M| 104.4|32.60 BI-1 231IM| 79.2) 12,92
2-gram CSLM ¢ m \\\\ 2-gram BNLM o = =
T e CSPlit D) el N Arsoy-1 217.6M| 103.3(32.55 BI-2 49.7M| 78.3| 13.16
g . 2| 12| |2| |2 Arsoy-2 | 4585M| 103.0/32.39 | |BI-3 73.4M| 77.6| 13.24
R S — : G 5 S S Arsoy-3 12.2M| 102.532.49
gt |+ gamon 5 vl [e] [2] [@ BI-1 223.5M| 101.9|33.02+
TR S 5 _‘é_ _‘g_ _‘g’_ HE BI-2 464.5M| 100.6|33.25++
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3-gram CONV - BNLM
Renormali_zed back-off weights _ Append (Elé-rElgli}e:) N TC I R = 9 T E D
g CONV _ _
g Gl §———> Comaring Decoding Time on Test Data:
LLMSs Decoding Time (sec.)
BNLM 15.3
Arsoy et. al.’s Method Wang et. al.’s Method C_SI!-M | ; 182'5
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