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mumber of worls in a sentence equols to the

ey on ke raliuladiti U

® differing wordd orlers

-+ trosslake word-by-word

- simple reorolering rules are

} ugﬂr& ]

BFaTaa a2 2 & & @0 6 6 o DN N e 66 66 e




4

3. Noisy. chamnel model 1l CUES IR '__‘1;'.
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.we o{g{—me P(a,l e,m) O«,S,_M*

F(ql E M) _(_b_\.‘_)m ""'@s
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2. Al nwwvb ma.tnx represenﬁﬁon
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4. Phrose P‘W extraction
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O. Probabilities qur Fhmse poirs ..
We. con estmate the probability for o phrase pair ef by

. _owdt(f,©
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Lount(e)
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