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Lecture 14
.

Gordon 's inequality .

① Gordon 's inequality .

Theorem [ Gordon 't inequality ] Let S , T be two finite set
.
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Remark 1 : 151=1 , this reduces to Stephen / Sukakov - Fermi que .

Remark 2 : S
, T are compact sets of Euclidean space

Qlsit) are continuous .



Proof of ② :

Take fcx ) = stets [ I - ¥,L{ xst-QG.tk T }]

⇒ ECFCX) ]= IP ( Fein mfexqcxst-QG.tl/7t ) .
Want to apply Kahane 's inequality .
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Apply Kahane 's Lemma ( see Lecture 13 )
.
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② Example ( smallest singular value Gaussian R -Ml
.
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③ Convex Gaussian minimax theorem ( CG MT)
.

[ Seojnic , 2013]
[Thrermpoulidis ,
Oymak ,
Hassi bi , 2015 ] .

Many problems can be written as

# (g) = min Max Lu , Gu > -14 ( u , u )
.

U Esu VE Su

m n G E RMM
, Gijriid N toil) .where Su EIR

,
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.

Example : LASSO problem
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The Gaussian process to be compared with .
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Simpler to analyze .

Thm ( CANT)
.

Let Su ERM , Su ER
" be compact sets , 4 be

continues on Su x Su
,
and G C- RMM

, g EIR
"

,
h C- IRM

,

with Gij , gj , hi vii.d N lo . I)
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and 4 is convex -concave on Suxsv ( Strong duality hold )
Then for all e EIR .
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.
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04 Example : LASSO problem . d
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⑤ Technical steps in applying ( GMT .

(A) Figure out how to transform the original
problem to primary problem .

(B) Figure out the auxiliary optimization problem
.

(C) Calculate the auxiliary problem .

(D) Extract information from the auxiliary problem .


