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Our Results Part 1
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Our Results Part 2
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Search M LWE with secret noise distr D
and leakage f leftseright

is as hard as standard M LWE

as long as
samples of D are short

D has sufficient min entropy
conditioned on leakage f
not too

many but still enough
samples areprovidedLimitations

practical parameters not covered

only search variant



Wrapping UP

Search M LWE with secret noise distr D
and leakage f leftseright

is as hard as standard M LWE

as long as
samples of D are short

D has sufficient min entropy
conditioned on leakage f
not too

many but still enough
samples areprovidedLimitations

practical parameters not covered

only search variant


