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Background: Project CGET1 Unsupervised Machine Iranslation (UM'T)
I Shared morphefogy/syntax
Similar semantic domains
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Given unlabeled samples, x4, x5, ..., V1, V>, ...
learn fy: X — Y with small error L(8) = xIE [4(f (), fo(x))]
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MACHINE > et e Hypothetical ground-truth translator f,: X - Y
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Main "Tool: Prior over Iranslations Sample-complexity bounds for UM'T with a prior
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Samples x1, ..., X, ~ U Translator fg: X » Y
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ource Iangua \ Theorem: For any , f,, p such that x € O,(p), and 8,y € (0,1).
With probability = 1 — §, givenm = lln@ samples from u, and prior p,
“Translated” Ianguagef U Y o)
J & &? N\ n a) MLE outputs 8 with £L(8) < &y (p).
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D@D Comparable to Supervised MT: m > élnl%l Information-theoretic bound!

Optimizing 8 may be hard...

S (Occam’s Razor) for error ¢

Setup. Assume access to prior over translations p = f, o u ‘\,\\ L(é)ﬂgo(p)
Definition (y-ambiguities). @y(p) = {9 EO: P [p(fe (x)) = O] < y}, gy(p) — . é%a%( )( L(G)) “Best translator (up to ambiguities)”
xX~U y\p

Assumption (Realizability). x € 0,(p)

Studying translatability in two stylized models of language

Syntactic: Random sentence trees Semantic: Random knowledge graphs

mysidacea sharks eat salmon.
a: Source “perplexity” herrin salmon eat herring.
;l CU> = n: Text lensth sharks eat sharks.
— a b ) 5 4_Q herring eat mysidacea.
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p ~ ’Ll(Tree) a € (0,1): Agreement (a-correlated ErdGs—Rényi graphs)
Full version
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