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Example : Estimating the mean in k
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Example : Estimating the mean in k
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Matching Gaussian Confidence w/ only 0111 moments

• Mean estimation , lz - median of means , trimmed mean

• Mean estimation
,
Holl

• Covariance estimation

• regression
• regularized regression /sparse recovery

B) r i
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Matching Gaussian Confidence w/ only 0111 moments

in polynomial time

Mean estimation
,
la covariance , H' Hop
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similar for linear regression
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[Depersin-Lecue ‘19, Diakonikolas-Kane-Pensia ‘20, H.-Li-Zhang ‘20,...]

Connections to Robust Statistics

*

I;¥ → Y . . . . Yn→ - n"" "" "

# An
• related techniques - new notions of high -dimensional quantile

4 algorithms to compute them
• simultaneously robust and high - confidence alqos
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Setup : Xi
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Theorem : can find Is set
.
HIS-Ello ,. a-Offal . Hog Ysl"" t FEI)

Wp . I- S in time poly In ,d , log
' Is) if X is certifiably 12,81-hypercontractive.
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• products of heavy -tailed dis tins

• mixtures thereof

• affine transformations thereof

⑨
. . .



The High -Dimensional Median -of -Means Paradigm
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The High -Dimensional Median -of -Means Paradigm
"

spectral r- center
"
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(Lugosi -Mendelson , Mendelson - Zhiva?
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Hope Lr
Just need to find a spectral r-center !



Our Strategy : Man , → . . .
⇒M

• Attempt to certify that Mi is a spectral
r center

• Success → output Mi

•• Failure → witness V, update Min = Mi INT

→
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•

• Zi 's
Mic. •
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If GIVEN E and Zi
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If GIVEN E and Zi
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Variables bi . . - biogys , Vi . . - Nd Kzinti - Himmler

may
"
b ;

for 60% of Zi's and all unit v ?

b.V

s 't . bi c- {oil's , Hulk l ,

bikzisvvtl-SM.mil/xbir



If GIVEN E and Zi
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Optimization Approach can you check that
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If GIVEN E and Zi
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,Zioglls ,

Optimization Approach can you check that

Variables bi . . - biogys , Vi . . - Nd Kzinti) - Himmler
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New Goal : convex relaxation of zi-ienpi.ME
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We use Sum of Squares Semidefinite Program
-

hierarchy of convex relaxations for any
polynomial optimization problem
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Suffices to bound
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Suffices to bound

a.E.io?.o4mnaix.
SUM of ii.d . polynomials in V



Suffices to bound

# Himmat zie.mil

( svmotfiidpolynomiab in v

) Max [( (Zi -E) ① ( Zi -E ) , Y )
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Suffices to bound

HE?.gs/Min9IiiEizi-e.uui-iy( svmotfiidpolynomiab in v

¥ Max [(Ei -2) ① ( Zi -e ) , Y )
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② EH -2 Hi -Elahi -sell!
Sos Bernstein : control via HE-2 Hi -250 Hi -E5 Hs

.s
e- -

degree 8 polynomial in X

⇒ control via 12,81 certifiable

hypercontractivity :

HEX 8/1
so,
I 041



Yields covariance estimation algo . with r -- 041091
"" ft + FIH

Open : remove (log
'

1st
" " ?

Open : optimal heavy- tailed linear regression ?

Applications of
• bold . Gifts for convex programs ?

• Sos Bernstein ?
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