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General Lower Bounds

Theorem
Fix any 6y, let S(X) be the score function of (pg) around 6 = 6y:

0
log ps(X)

S(X) = 2 o

Assuming mild regularity conditions,

inf supEg|l0 — 0]|3 > d Y @ \Y i
schemes g- " 2~ WVar(S(X)) * m2Var(S(X)) * nk[IS(X)I,’
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Examples
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Examples

Statistical Model Centralized MSE | Distributed MSE

Py = N (1, l4) d d_ d
(ZDJW’'13, GMN'14) n n -k
Py = (01, ,6q) 1 1.4
(HMOW'18) n n’ 2k
Py = [1{_, Bern(6), d d.d
0; € [0,1] (ZDJW'13) n nk
Py = Hfi:l Bern(6;), 1 1 d
S n 4
Product Bernoulli model:
_ 1. d*/ 1 1\ _ d?
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Geometric Inequalities
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Geometric Inequalities

> Let X = (Xl,'” ,Xd) be
a random vector with
independent and Theorem

zero-mean entries . max;c( Var(X;) < o2,
» Given P(A) = t, aim to
maximize ||E[X]|A]||2

Ar

IE[X|A][I3 < o2 - 1;};‘)

> If max;¢q) HX,-H?Z}2 < o2,
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Thank you!



