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concentration inequalities

Sn = 1√
n

(X1 + · · ·+ Xn)

F (X ) = F (X1, . . . ,Xn), F : Rn → R 1-Lipschitz

X1, . . . ,Xn independenty standard Gaussian

P
(
F (X ) ≥ E

(
F (X )

)
+ t
)
≤ e−t

2/2, t ≥ 0

0 ≤ Xi ≤ 1 independent, F 1-Lipschitz and convex

P
(
F (X ) ≥ E

(
F (X )

)
+ t
)
≤ 2 e−t

2/4, t ≥ 0

M. Talagrand (1995)
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E(ŝNM) ∼
√
b(ρ)

correct large deviation bounds (t ≥ 1)



measure concentration tool

(Gaussian) Wishart matrix Y Y t

λNM = max
1≤k≤M

λNk = sup
|v |=1

|Y v |2

sNM =
√
λNM Lipschitz of the Gaussian entries Yij

Gaussian concentration

P
(
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