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Q. What can we learn from noisy images alone”?
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A. Depends on knowledge about the noise distribution
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Q. What loss should | minimize? Q. Why these losses?
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d) Other models ...
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A. Consistency with constraints A. Because of SURE

— y||* s.t. constraint f = 0 min Ey[|f(y) — y[|* + 20" ) E,(y)

a) Gaussian noise unknown o

Q. What's the performance?
A. Almost as supervised

b) Poisson Gaussian unknown (o, )

a) Generalization of Tweedie
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b) Expected performance
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c) Upper bound noise level
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Q. Implementation?
A. Lagrange multipliers
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min max E, || f(y) — yl|* + ZtI(Ena—ZJ;(y))
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Divergence approximation
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Algorithm 1 UNSURE loss.

Require: step size o, momentum /.
residual < || fo(y) — y||?
b~ N(0,1)

-
div + Z220 (fo(y + 7b) — fo(y))
loss < residual + div

g < pug + (1 —p) %dg Added lines
return loss(0)
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