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Lower bound: construct hard instances

To pack more candidate circles to perturb:

Put the “needle” farther away

❌ second moment > M

Main contribution: use better base distribution

✅ narrower and log-smooth

Use a taller, narrower “needle”

❌ not -log-smoothL

As a result, we can construct  such distributions.( LM
dϵ )

Ω(d)

Gaussian with a lifted ring
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Thank you!
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