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SDP U LPUOUOOOOOOOONO

LP: minimize —X;; —2X{5 — 55Xy
SUbjeCt tO 2X11 —I— 3X12 —|— X22 — 7, X11 —|— X12 Z 1,
X112 0, X12 20, Xop > 0.

SDP: minimize —X{; —2X, —5X9
subjectto 2X i +3X1o + Xoo =7, X171+ X2 > 1,
X112 0, X992 0, Xon >0,

X, X
R - o@oon)
X12 X22

® [1UD0OOXq, Xo, XeoUUODUOOOOOoOOO
o OO Xq, Xo, Xeo UUOOUOODOOOOUOOoOooon
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SDP U LPUOUOOOOOOOONO

LP: minimize —X;; —2X{5 — 55Xy
subjectto 2Xi; +3X1o+ X =7, X171+ X2 > 1,
X112 0, X129 20, X9 > 0.

SDP: minimize —X{; —2X, —5X9
subjectto 2X i +3X1o + Xoo =7, X171+ X2 > 1,
X112 0, X992 0, Xon >0,

( X1 Xi

-0 (@000).
X12 X22
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SDP U LPUOUOOOOOOOONO

LP: minimize —X;; —2X{5 — 55Xy
subjectto 2Xi; +3X1o+ X =7, X171+ X2 > 1,
X112 0, X129 20, X9 > 0.

SDP: minimize —X{; —2X, —5X9
subjectto 2X i +3X1o + Xoo =7, X171+ X2 > 1,
X112 0, X992 0, Xon >0,

Xll X12
X12 X22

>>0(DDDD).

Xll X12

X192 Xog
X120, X090 >0, X1 Xoo— X3, >0—000

’SDP:DDDDDD( )DDDDDDDDDD@
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SDP U LPUOUOOOOOOOONO

LP: minimize —X;; —2X{5 — 55Xy
subjectto 2Xi; +3X1o+ X =7, X171+ X2 > 1,
X112 0, X129 20, X9 > 0.

SDP: minimize —X{; —2X, —5X9
subjectto 2X i +3X1o + Xoo =7, X171+ X2 > 1,
X112 0, X992 0, Xon >0,

( X1 Xi

-0 (@000).
X12 X22
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SDP U LPUOUOOOOOOOONO

LP: minimize —X;; —2X{5 — 55Xy
SUbjeCt tO 2X11 —I— 3X12 —|— X22 — 7, X11 —|— X12 Z 1,
X112 0, X12 20, Xop > 0.

SDP: minimize —X{; —2X, —5X9
subjectto 2X i +3X1o + Xoo =7, X171+ X2 > 1,
X112 0, X992 0, Xon >0,

(X” X12>>0(DDDD).

X12 X22

o |PUHOOOOOOOOOOON Xq1,Xq9, X OO OOON
JUobl =40ttt dood
= Jdooognd

o SDPUUOUOUIOODOODOODOODOOOOOOOON
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Classification of Optimization Problems
vd Ny

Convex &— Continuous Discrete
U > U

. A Nonconvex 1 IRteaet
Linear Optimization Problem

over Symmetric Cone N r%‘ '
: - L/ — I M . - I
-emi_efinite “rogram elaxatio 5 ~olynomial
L_, ptimization
_ : § Z roblem
~econd _rder _one Frogram m
U = OF over

N

onvex . uadratic

LN (. Symmetric Cone
ptimization roblem

inear ' rogram “llinear "Jatrix
‘nequality
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Juodobobboobobbodd
s 00O0O0O0ODO —OO0OOOOoOO [e]

s 00000000
» 00000000000 4000000000
s 00000 0-10000 [24]
s 00D0DODODO [22, 35]

0000000 [4]
0000 [51]
00000000000000 [5,23]

© o o ©

000000 — Todd [39] ,Vandenberghe-Boyd [45]
000000 — Wolkowicz-Saigal-Vandenberghe [46]
000000 — Helmberg[15], Wolkowicz [47]
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sDPUOOOOOOOO

® Self-concordant O O [33]

#® Euclidean Jordan O O [10, 36]
& 0000001, 17,20, 27, 34]
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(LP) minimize ag-x

subjectto a,-x =5, (1<p<m), R">3x>0.

R . Oooooo,

R" . ndm. OO00000O0O0O0O ,

a, cR" : O0,ndim. 0000 (1 <p<m),
bye R : 0O0,00 (1<p<m),
reR" : 0O0,ndm 0000,

a, x = >  layiz;(@a,andx 0 00).
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(LP) minimize ag-x
subjectto a,-x =5, (1<p<m), R">3x>0.
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(LP) minimize ag-x
subjectto a,-x =5, (1<p<m), R">3x>0.

(SDP) minimize Aje X
subjectto A,e X =5, (1<p<m), S"> X = O.

S" > nxnUOO0O00O00O00O,
A, cS" . O0,nxn0000 (0<p<m),
bpe R . 00,00 (1<p<m),
XeS" . nxnlOO,nxnO000:;
[ Xu Xio oo Xin )
X = (X)) = .21 .22 . .2 cs
\ X1 X2 . Xon
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(LP) minimize ag-x
subjectto a,-x =5, (1<p<m), R">3x>0.

(SDP) minimize Aje X
subjectto A,e X =5, (1<p<m), S"> X = O.

.—p.14/47



(LP) minimize ag-x
subjectto a,-x =5, (1<p<m), R">3x>0.

(SDP) minimize Aje X
subjectto A,e X =5, (1<p<m), S"> X = O.

XeS & Xc§"':00u0o;
XUOoouoooodooo,
2000u' Xu >0, Vu € R”,

X>0 & X cS%, dn,

A, X = Z?:l Z?:ﬂAp]inij (4, 0 X O0O0).
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(LP) minimize ag-x
subjectto a,-x =5, (1<p<m), R">3x>0.

(SDP) minimize Aje X
subjectto A,e X =5, (1<p<m), S"> X = O.

(m=2n=2 b =17 b=09
X — X11 X9 A= —1 -1 |
Xo1 Xoo -1 -9
2 1. 2 .
A = : , Ay = 0.5 .
\ 1.5 1 0.5 3

=

minimize —Xq11 — 2X192 — 5 X9
SUbjeCt tO 2X11 —|— 3X12 —|— X22 — 7, 2X11 —|— X12 —|— 3X22 — 9,

Xll X12 i0
X12 X22
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00000 (SDP):

min. Age X
subto A, e X =0,(1<p<m), S">5X = O.
T 7
JO00000000o SbPOO (SDPY:
min A
XA+ A'X+Cf'c XB+C'D
sub. to j; JFT T+ = M,
B X+D C D'D—-1
X = —)\I.

XeS, eROO,A, B, C,DODDODO,I:0000

# (SDPY0DDDODODO (SDP)OODOOOOO?
s J000OOYes"«—= X eS"0000000000
AeX =37 S A;X,;, JA€S'0000000

o UOOOOOOOOoODoDODoOODOD O OO oo oH L
Joooooodoo tMOoooooodo
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0ot SDP:

min. r,..., 0, 0 XT(1<q¢<t)yOOODOO

subto a1,...,2, 0 X7(1<¢<#) 00000,
r,.., 00 X9 (1<¢<t)000(QO)DOODO,
r,...,x, €EROO0O),
X1-0(1<q¢<t)(000000O00).

HNERERERERERE

F(xy,...,21,X4,...,X,)— B »= O,
F:(xy,...,26,X1,...,X,) =Y eS": 000O0BeS": OO
m=10000000000000 0

Jooobobo 1x1ddddddooooooon.
ExmUdUOdobouboood v,;ddooobon.
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. 2 1 X
min :z:+<1 3>oX sub.to 1 - 0.

— LMIOO0O000000o00doodn

min x + 2y1 + 2ys + 3ys3

Ys

o O =
o O O
o = O
o O O

o O O
N
N
_|_
S - ~
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D000 A0000
00000 = min{\: \ > A
= min{\: A\ - A > O}.
00000 = max{A:A—- X > O}.

s ADDDDODO (LM)A()=0,000 ANDODDODOO
000000000000

maximize ) subjectto A(-) — AT = O.

Juooogdooodd

T T T
A(X) = XA—I;A X—;C’C’ XBT—FC'D - 0.
B " X+D C D'D—-1

0000

6] S. Boyd, L. El Ghaul, E. Feron and V. Balakrishnan, Linear
Matrix Inequalities in System and Control Theory, SIAM, Philadelphia,
1994.
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Matrix approximation problem — 1

F,0kx/(00000 (0<p<m). FoO F,(1<p<m)0O
Joooobooon,;

minimize {||F(x)||: x € R™},
000, F(x) = Fo— " Fp,forve = (21,...,2,)".

e IO UUUOOOOOO norm U U U O OO OO O

Al = max{|Ay|:1<i<k 1<j<£ (conorm) = LP
L ; 1/2

|Allp = (ZZA?J (Frobenius norm) = convex QP
i=1 j=1

|A|,, = max [|[Aul|=(A"AD0DO0O0)"

[U|2=1
(L, operator norm) = SDP

.- p.22/47



Matrix approximation problem — 2

F,0kx/(00000 (0<p<m). FoO F,(1<p<m)0O
Joooobooon,;

minimize {||F(x)||: x € R™},
000, F(x) = Fo— " Fp,forve = (21,...,2,)".

.—p.23/47



Matrix approximation problem — 2

F,0 kx(0O0O0O(0<p<m). FoO F,(1<p<m)D

Jododbdbo;
minimize {||F(x)||: x € R™},

000, F(x) = Fo— " Fp,forve = (21,...,2,)".

| Al = mex || Au] = (ATADODD0O)"
o=1

(L, operator norm) = SDP

minimize {||F(x)|,, : ¢ € R™}
4
minimize “F(z) ' F(x) OO0 OO0

. 4
minimize \ subjectto \I — F(z)' F(xz) = O
| Schur complement

I Flz) ) ~ O ( SDP)

minimize )\ subject to
: ( F(z)T Al

.—p.23/47
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LPOOOOOOOON

(P) min aq-x st. a,-x =10, (Vp), x >0.
(D) max > " by, st > ayy,+s=ay R">s>0

Juoo:
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LPOOOOOOOON

(P) min aq-x st. a,-x =10, (Vp), x >0.
(D) max > " by, st > ayy,+s=ay R">s>0

Juoo:

LP m-SZaO-w—pryPZO,VDDD (x, ¥y, s).
j=1

SDP : XeS=ApeX ) by,>0,v000 (X, y, ).
j=1
SbPO 00000000
(P) min. AjeX subto A,eX =10, (Vp), X = O.
(D) max. > " by, subto > " Ayy,+S=A, S=O.
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LPOOOOOOOON

(P) min aq-x st. a,-x =10, (Vp), x >0.
(D) max > " by, st > ayy,+s=ay R">s>0

Juoo:
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LPOOOOOOOON
(P) min aq-x st. a,-x =10, (Vp), x >0.
(D) max > " by, st > ayy,+s=ay R">s>0

O O0OO:
1000 (x, ¥y, s) (x>0, y>0) =
LP : z-5=ag-xz—)» by=0v000 (z, g, 3).

j=1

100000 (X, y, S)(X =0, S >0)=
SDP : XeS=AjeX > b,y,=0vO000 (X, y,8S).

SbPUUOOOUOon
(P) min. AyeX subto A,eX =5, (Vp), X = O.
(D) max. > " by, subto > " Ay, +S=A, S=O.

.— p.26/47
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SDP U OO OOOOn

& 0O0O000 (Primal-Dual Interior-point methods)
CSDP(Borchers[7]),
SDPA(Fujisawa-K-Nakata-Yamashita[49]),
SDPT3(Toh-Todd-Tutuncu[42]), SeDuMi(Sturm[37])

#® Dual scaling, DSDP(Benson-Ye-Zhang|[3] )

o DO UOUOOoOn
» Spectral bundle method(Helmberg-RendI[17])
» Gradient-based log-barrier method(Burer-Monteiro[9])
s PENON(Kocvara [19]) — Augmented Lagrangian
» Saddle point mirror-prox algorithm
(Lu-Nemirovski-Monteiro[26])
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SDP U OO OOOOn

& 0O0O000 (Primal-Dual Interior-point methods)
CSDP(Borchers[7]),
SDPA(Fujisawa-K-Nakata-Yamashita[49]),
SDPT3(Toh-Todd-Tutuncu[42]), SeDuMi(Sturm[37])

#® Dual scaling, DSDP(Benson-Ye-Zhang|[3] )

o DO UOUOOoOn
» Spectral bundle method(Helmberg-RendI[17])
» Gradient-based log-barrier method(Burer-Monteiro[9])
» PENON(Kocvara [19]) — Augmented Lagrangian
» Saddle point mirror-prox algorithm
(Lu-Nemirovski-Monteiro[26])

e 000 (e.g.7, m<5000)0 0000
o 100 (e.dg.,n,m > 10,0000 OO0O.

o [|[]0[:

SDPA = SDPARA(Y-F-K[49]), SDPARA-C(N-Y-F-K[31])
DSDP = PDSDP(Benson[2]), CSDP =- Borchers-Young|8]
Spectral bundle method = Nayakkankuppam|[32]

.—p.28/47
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Sensor network localization O O : s = 2 or 3.
P e R* . sensor00 0,00 O)(p=1,2,...,m),
x'=a"€¢R® : anchoOODO,00O)(r=m+1,...,n),
d, = | —x!*+e,, — OO (ODO)for(p,q) €N,
N = {(p,q):||x? — x| < p=aradiorange (0 0O)}
000 €, : noise

m =25, n=29. anchor0 0 OQO00O0O0
1,...,5. sensor VedgeOODOOOOOOO
6,7,8,9: anchor sensorJ O O0O0OOO

d oc,, =0=000000000
6—_ ., 18 -8

1 le? — z?||* = d5, ((p, q) € N),
\2/\>// x'=a" (r=m-+1,...,n)

/‘4/3~ oc,,£0="00"0000
7//&\9 minimize Y |||a* — o/|*> — 4|
(p,g)eN

e DO OUOOOOODOODLDUOUOO~=OU00OODOOON

. — p.30/47




m=sensor 00O, [0,1* 00 random O O [
400 anchor [0,1]* 000000
p =radio range = 0.1, noise ¢,, =0
DUUY N ={(p,g): 1 <p<qg<m, |a" —x|| < p},
| — x| =d, (p,q) e N—DODOOOOODODO,
x'=a" (r=m-+1,..., m+4)
= SDPUUOO0O~OOO

m 1000 2000 4000
Oodod | 11.70 25.30 4190
rmsd 4.8e-05 1.5e-05 2.6e-05

. 1/2
_ 1
# root mean square distance = (— > e — @00 )2>
m 1=1

® SDPO SDPADODODODOODOOCPU=2.7GHz Intel Core 17
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m = 1000 sensors, noise ¢,, = 0

anchor :

true: ()

computed : x

&
®%®
&

i b
@ﬁ@%d@%e@

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

&
!
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(00O000000)
= SDPO OO0

3 dim, 1000 sensors, radio range

Jood 8290

HEEEN
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O
O

\ computed

=, dev

lation

¢

e

W A
Rk

—Y
iz

‘.:‘w.v
7 Lo .&&

) ﬁ\?

A ENY

O : Sensor true locations vs *: the ones computed by SFSDP




3 dim, 1000 sensors, radio range = 0.3, noise ¢,, « N(0,0.1);
(OO0000000)dy, = (1+eq)dpg(0000)
Jootdbotdgbotdbootdgbbtdbootdbotdbood
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3 dim, 1000 sensors, radio range = 0.3, noise ¢,, « N(0,0.1);
(DO0O000000)dyg = (14 €q)dpg(0000)

Juboogtddboootdbboogtdbooogdbobobogd
=SDPUUO0O0O~000+0000 O Jood 112.0 0

anchor :
true : ()

O : Sensor true locations vs *: the ones computed by SFSDP <= P.34/47
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	Sensor network localization Œâ‚è: $s=2$ or $3$.
	
	 	extcolor {TBlue}{$m$ = 1000 sensors, noise $epsilon _{pq} = 0$}
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	3 dim, 1000 sensors, radio range = $0.3$, noise $epsilon _{pq} leftarrow N(0,0.1)$;
	
	
	
	
	
	
	
	
	
	
	
	
	



