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This Worlke

o OF?EE,ME,.Z.@. a rate regiown

o Show thalt a Gaussian aux&iiar:j
variable is optimal for Gaussion
setting



This Worlke

o X,Y,U jointly Gaussian (given)
o V is a\u,xili;ar:j: X-(UV)-Y

R 2z I(X;0V)
Ro 2 I”(X;\/;\j!0>



Conbkext

o Svm&ke&ic Noise
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[Cuff, “Distributed Channel Synthests,’ 13]
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[Schieler-Cuff, “Rate-Distortion Theory for Secrecy Systems,’ 14]
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[Schieler-Cuff, “Rate-Distortion Theory for Secrecy Systems,’ ‘14.]
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‘Proper&es

o U™ is s&o\ﬁsﬁtali{j %PE‘C&L

o X1 Y1|U" is indistinguishable from
memc:rrvtess chawnnel
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Craussitann Case -
Conkrol Appiicaﬁom
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[ Tatikonda-Mitter-Sahai, “Data-Rate Theorem,” 9% ]



Craussitann Case -
Conkrol Appiicaﬁom
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Semsors
Rate-distortion theory (Graussian channel): same fundamental Limik

[ Tatikonda-Mitter-Sahai, “Data-Rate Theorem,” 9% ]



O‘Fv&mazaﬁom
Problem
o X,Y,U jointly Gaussian (given)
o V is auxiliary: X=(U,V =Y 5 122 tog (/-0
i

R 2 IX0VY) = I(X0) + I(XV][0)
Ko 2 l(X,‘fC’\”U)

X,7|U ~ Gaussian with covariance ¥x v
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o X,V jaimﬂv Graussian (Ixyu)

o V is auxiliary: X=y/-Y
R 2z I(X;V)
>

Ko I(X ;5/;\;)
Without Loss 0{ gemerod.&j:
Sy = I Process X and Y (mver&btv):
Sv = 1 Whiken: ¥y 12X

Zxy is diagonal SVD of P = Ix /2 Syy Ty 12



Collection of
Iv\c{epemd@\% Pairs

o X, jomﬂv Graussian scalars
o mu&uo\uy im&ependemﬁ pairs

o V is auxiliary: XK—\/—=yK

R £ I(X* v
Ro 2 I(XK, Y%,V

Use an Lmde[pe.mdemﬁ Vi for each pair of scalars



Collection of
Imdepemdemﬁ Pairs

o X, jomﬂv Graussian scalars
o mu&u&ﬁv im&ependemﬁ pairs

o V is auxiliary: XK—\/—=yK
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Use an Lmde[pe.mdemﬁ Vi for each pair of scalars



Scalar ‘P&Emiz&% LOWN

o X,Y joimﬂv Graussian scalars

o V is auxiliary: X—V-

R 2z I(X;V)
Ko 2 I(X,Y;\a’)

Claim: Opﬁmiz.ed bv jamﬂv Craussian V



vaer’s Commoin
Information

o X,Y joimﬂv Graussian scalars

o V is auxiliary: X=y/-Y
Ko 2 I(X,Y;\a’)

Claim: Opﬁmiz.ed bv jamﬂv Craussian V

[Xu-Liu-Chen, 13]



Vector aussian
Common Information

CX;Y) = I(X;Y) + ¥ log (2+0)

where o are sinqular values of Ix /2 ¥y ¥y 272



Scalar ‘P&Emiz&% LOWN

o X,Y joimﬂv Graussian scalars

o V is auxiliary: X—V-

R 2z I(X;V)
Ko 2 I(X,Y;\a’)

Claim: Opﬁmiz.ed bv jamﬂv Craussian V



Sai’s Proot

o Consider the weighted combination:

o 2I(X;V) + I1(X,¥;V)
= O+D)YIXV)Y + I(,V) - 100D

o Cownsider QPELMQL eskimabtion error
o Dx=1 - E[E[X|V]*]

o D, = 1~ E[E[ VIS



Sai’s Proot

o Consider the weighted combination:

o 2I(X;V) + I1(X,¥;V)
2 Qr1IR(DL) + R(DY) = I(X; )

o Cownsider QPELMQL eskimabtion error
o Dx=1 - E[E[X|V]*]

o D, = 1~ E[E[ VIS



Upper bound on
Aistortion
o Claim: *< (1-DX(1-Dy)

o Prook (Ca\wthj*SCkwomz.):

o* = E[XY ]2 2 E[E[XY|V ]

= e[E[X|VIE[YIV]]? < Markovity
< e[E[X|VIR] e[eE[ Y|V ]

= (1-DxX(1-Dy)




Two RBounds

o Rate-distortion function for
quadratic Gaussian

o C&uakvﬂgakwarﬁz

o Or%kogomo&&v ?rimc’:i?i@.



Two RBounds

o Rate-distortion function for
qu&draEE€ Gaussian  (maximum entropy)

o Or%kogamai&v ‘Primc:ipie



Other Proof

@ Jun Chen:

Consider the four variables:

X, E[X|V], elYIV], ¥

Consktruct Gaussian with same covartance:

X; \;O\; Vb; Y

‘Prcrper&ies Used:
- Maxinium en&rotfav
- Orthogonality Principle: X=(Va, Vb)Y



SNR. = SNRaSNRp/(SNRa+SNRp+1)

N 2

I(X; V) = CSNRL)
I(X,Y;V) = C(SNR.) + C(SNR/(SNR,~SNR))



Vecktor ¢Graussian




