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minimize zern  fo(x)
subject to  fi(z) <0, i=1,...,m, (11.7)
Ax = b,

HeP fo, . fo ETHESEM, A e RPN
rank A = p < n,

= &N o TFE, p* = folz")o

® FESETTE: Az =b8 fi(z) <0,
w TR ALY Slater RU4ES5EIHE,

AsEILEAR RSB
REHXTTHBINE,

Boyd & Vandenberghe, Convex Optimization, §11.1, problem (11.1)
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TERROTIERIEEE A\ e R, v* e RP, &£
Ax* = b, fz(:r*) < Ov

A=, Vio(@") + Y NV fi(a") +ATv" =0, (m.2)
1=1

i fi(z®) =0, i=1,...,m.
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ARHBE, =* BFOUTE, FeFIER, Lagrangian 3T = B9 SN ERHRE
ERE,

—)\:fz(al‘*) =0.

TEIRARABIERT,; MWHLAR
HRFHE,

Boyd & Vandenberghe, Convex Optimization, §11.1, KKT conditions (11.2)
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Boyd & Vandenberghe, Convex Optimization, §11.1, hierarchy of convex optimization algorithms
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LP mine' 'z, Gz <h, Az =b ZHBERSHHEASEN
QP/QCQP ZRBRR, MTRAER BES Hession IR X HE
O GP log-sum-exp BIr5£R KiBMESHEE

KERA min Zj xzjlogz;, Fx<g EMXE x - 0 54 LR

EXBBEITRELRNLS

minmax(a; € +b;) <= min 7 subjectto a, x+b; <7
b3 [ A8, T

AMEAXBEMRSHHILAR, TJUERERRESE,

Boyd & Vandenberghe, Convex Optimization, §11.1, Examples

MATH6015 - FsaiE  [ERE. {RIRSEIFAIR 7/97



Rz 1: IE{EREEE

RIIHz = (1,2:) RAIWAREVATE. = PDITRAVEEER

£1:2!I}1—.’E2+1, 62:—:)314—21324—2,

RIGEAR min max{l1, b, £3} FITRLART R, SIAEE

-
TE T

min T
x,T

subject to  2z; —ax2+1< 7,
—x1 +2x2+2< T,
—x1— 22+ 6<T.

RXR=FEH ARSI LP,

A=N

£3:—:171—$2+6.
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[ PEESIRE BHRIF = SRARFAEHE

BRIEERERG; RETRBT Boyd & Vandenberghe, §11.1
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AERX fi(z) <0TTBEAB:

0, u <0,
+o0, u > 0.

min fo(z) +ZI—(fi(w))7 I-(u) = {

I_ A, A
I_(u):—%log(—u)7 u<0, t>0

EWE, TTLURR Newton ik,
=1 4

- t=3
-—--I_(u)onu <0

— :
—;/,,,/egf'/,A

Boyd & Vandenberghe, Convex Optimization, §11.2 and Figure 11.1
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EX i
- Zlog(—fi(:c)% dom ¢ = {z | fi(x) <0, Vi}. (1.5)

ch ML B AN SN L

min fo(@) + J6(@) = min tfo(@) + 6(a) me)
BHE55H

}: f Vi),
2,y Vﬁ()Vﬁ@f’ < _
Vig(z) = ; ()2 4 ; _fi(w)vzfz(a:).

FEE—BR fi(x) 1 0B, ¢(x) — +oo,

Boyd & Vandenberghe, Convex Optimization, §11.2.1, equations (11.4)-(11.5)
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min x.
x>0

BARSK f1(x) = —z <0, POMLEIRA

g¢(z) = te — logz,

gx)=t—==0 = z"(t)=

/ 1 1
T t

E3]lid .
e () ~p* =1,
IRFEF m/t, BAm =1,

t z*(t)  BiRRE

1 1 1
5 0.2 0.2
20 0.05 0.05
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BmEUERI; ZiEXIR Boyd & Vandenberghe, §11.2.2
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JTEN >0, o (t) APMEDBENE—RE, £&
{z*(t) | t > 0}

RAPOER. PO[RHE

BEEVE

m

V@ O+ m)

Vii(z*(t))+A'D =0. (1.7)

-l == “
e (1) o< ts < ts: BARHIY
B, PO AEERLDR,

Boyd & Vandenberghe, Convex Optimization, §11.2.2, central path and equation (11.7)
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X4F

mine' x subject to Gx < h,
By NGHWE T, WEsi=hi—g x>0, T

m
- Zlog Si.
i=1

PR

/ﬁ\di E ]./Sii

Vo(x) =GTd, V¢(z) = G diag(d)’G et Gld0.
¢($) - ’ (b(m) - lag( ) . J-IAEJJ:; CTQL' _ CTQ}'*(t) Egéﬁ m*(t) E"]Bﬁﬁ%l%l%ﬁ
& G w5k, W Hessian IEXE. STV

BYMARTHR— I~ d} gig ; FILBRE, WMTULEEKX,

Boyd & Vandenberghe, Convex Optimization, §11.2.2, Example 11.1
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4 LP BIPVREE

ER v

min — 3u — 2v

w,v —c=(3,2)
/

subject to u+v <4, u<3 wv<3,
u>0, v>0.

BMRER (3,1), RME 11, BIESENKEREHER 3.1)
XANEA, ’

¢ = —log(4—u—v)—log(3—u)—log(3—v)—logu—logw.

LIRRAHEREVNKE.,

BRZY LP;, BiL5/1IEES N Boyd & Vandenberghe, Example 11.1 and Figure 11.2
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A (t) = e " vi(t) = % (11.10)
FE -
V fo(z™ (1)) + Zl X (B)V fi(a" (1) + A v (1) = 0.

F B EIAER

Lagrangian 7£ x* () BXAR\
« « 1
A (O fi(@ (@) = 1.

9", V") = fo(z®) + ZA?fi(w*)~
k3 m m
g\ ") = fol" (1) —

Boyd & Vandenberghe, Convex Optimization, §11.2.2, equations (11.10) and dual points from the central path
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FHBIERES m/t

B0 R SHE R XHE R BIXIE BB 2

= EEPORER
(11.12)

BN x*(t) TRIEAIRE LR
FERSANE 1/t R’/ BEETTHER m/t T B&

EPARLHME p*. BEAHELEEMNMMEIES.

Boyd & Vandenberghe, Convex Optimization, §11.2.2, duality gap associated with the central path
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z =z (t) HEXEEE v iHRE
Az = b, fi(x) <0, XA>=0,

—)\zfl(a:):%, i:17...7m.

|45 o0 b B2 R
—Alfl(m) = l/t
= M SVAERRBHENL.

® Kt SERARONEES, FTFRIBENLRES,

KKT B #h & 4

Boyd & Vandenberghe, Convex Optimization, §11.2.2, interpretation via KKT conditions
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TInRERE

BERERENAR, B i MIRFEHRFD
Fy(x) = =V[-log(—fi(x))] = ———
BARFEERN Fo(z) = —tVfo(z)o FORFHE
Fo(x* (t)) + > _ Fi(x"(t)) = 0.

FEERBAE, ZLR
NG) HEFRDIREREOE B,

Boyd & Vandenberghe, Convex Optimization, §11.2.2, force field interpretation and Example 11.3
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iaf) 2: ZH P BIPDOSR

XBIA LP EERBPOLIEE, 5

t u*(t) v*(t) —3u* — 20"
0.5 1.8449 1.3050 —8.1447
2 2.5342 1.2304 —10.0634
10 2.8991 1.0520 —10.8012
50 2.9799 1.0101 —10.9600

LEEREE m = 5 MREAF, ELRIE

wERE

* * 5
Jo(@™ () —p" < 5. t =50 BF
4—u—v=0.00995,
Blgn + = 50 BY, SEFRIRZEZL 0.0400, EIEEFRA 3 — u = 0.02006,

0.1 u, v, 3—v > 0.

RO LT, ERDENSERIVARMEERR
I\,
BRHEITE,; RERS Boyd & Vandenberghe, §11.2.2
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Z8
min ij logz; subject to 1'z=1, x>0
j=1
MAEMRERSE,

qi(xz) = tZa:j logx; — Zlogmj.
J J

MHFRMESAR S, 2; = 1 4

* * 1
t) = =ai(t) = —.
71 (1) it =
ZB PP OBRRUEN—TR: RAEOHIRLENS
ﬁ*ﬁo 13:0
BARTLE O
2B ERNRMN R,

Boyd & Vandenberghe, Convex Optimization, §11.1 entropy example; §11.2 logarithmic barrier
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AAAREIRERAKEY ¢

ERBRERES o, AU—KE L = m/c, RERME
min " fo(x) + ¢(x).

Ax=b €

BY c RN, =" (t) |BEBR, Hession EAEA B LLHREZEREK,

BN \ HEEAEA / %48 K ¢
B AEEDR BEMESLEZ > E—hh AN RS
Newton 2 % 18 &2 Y4 s R SR BB DM

PRISENXIBARRIXKER, MEiaPORBEET—RIIFEE Newton K,

Boyd & Vandenberghe, Convex Optimization, §11.3, motivation before Algorithm 11.1
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PRSI

Algorithm 11.1

BETRTT . t=t0 >0, p>158F¢>0:
1. thiME: NZET 2 Bk, KEE

min ¢ fo(z) + ¢(2),
BEl 2*(t),
2. Bffi: x <+ 2*(t),
3. Bk B m/t < e, REIZHFIRABIIHMBIER.
4 IBREBE: ¢+ ut, BEE,

m —IRPOMEIRN—IRIMNEER
= POMERERNITEY Newton BEFRAAEER,
w BRERPOS, SIREH E—PORRER,

Boyd & Vandenberghe, Convex Optimization, §11.3.1, Algorithm 11.1
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HESAEENR

* 3
T (f"to)

SV LA thivE 2 i 3
to /Lto 2
x* (uto)
x* (to)

FNHEREE S T Newton
;, BIEZ R P OSSR,

N p FRESHEEANBRONBRAELSE, BA p IR ER,

Boyd & Vandenberghe, Convex Optimization, §11.3.1, centering steps and choice of u
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dMEET Newton 2
EURRAITE 2, ©
Hy =tV fo(z) + Vio(z), g =1tVfo(z)+ Vo(z).

AR Newton 2 H KKT RFLH:

Ht AT A-’Bnt gt
[A oHum}:*M' (.4

RIFFNTT FRIFFEAEFN

B RER%ERE s, HE|
AAzy =0 = A(x+ sAzn) =b. fi(x + sAxn) <0, Vi,
BIEERD &,

Boyd & Vandenberghe, Convex Optimization, §11.3.4, equation (11.14); §10.2
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hCMER E S HBIER
BIERR BB P OMULBIERETRKS 2*(t). LFRZIA Newton decrement {21k :

At ($)2
2

S Ent-

EEEECRED BEEANEEFRX

hOERARBERBEEN TR, EOP O HAZXRWSXfE, BEMET Newton FEIE]
SFERSEINERS, BEREDOIIRE,

EPOMEAES, BERER N = —1/(tfi(z)) BENSR—RATENMETIT; HEIMEER, sPUAEHR
EIFIMTREE.

Boyd & Vandenberghe, Convex Optimization, §11.3.1, Accuracy of centering
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288 1 NS

= HEBPOEEER/;
® FRPOME Newton 20,
= IEERREE,

= BORISE [ERE TR, ‘ ‘ ‘ ‘
B ABENBEHPORRIET; 50 100 150 200
@ 8XRPME Newton £,

SHPEIR 10-20, RECERERE

100 +

5 Newton £

Boyd & Vandenberghe, Convex Optimization, §11.3.1, Choice of w; qualitative version of Figure 1.5
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tO XK, BERPOLERMg; K\, WRBFINEER,

EERE—ETTR

AR EIERR
n=fo(x®) = g\ v),

aJEY
1@ =
1

BRP O ESMEIEBRERER,

NERR ¢, v EPOERER:

]two(w@) + Vo(e®) + ATVH2 .

min
t,v

XEXT ¢, v NR/NZFAH; BIH Hession EEMEHI ATIRAS,

Boyd & Vandenberghe, Convex Optimization, §11.3.1, Choice of ¢(©)
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ARTTRRARPOR

EZxOFR fi(xY) <0, 18 A2 £b, TUXPOMEEAMERA Lecture 05 BIARTT{TAZ S Newton 3%,

- - | _ I — R
MIZ 4 PA 35
FERA PR R EFT A Newton gy S

fz-(a:{O)) <0 =) B P& 1l KKT 5% 2= A — b
EXARETES HRBFAEARE = 5 5 1 S 8 S — B

ZRAMEBTEANTTERER, BNFNE—TLTHREAFAEX AR,

Boyd & Vandenberghe, Convex Optimization, §11.3.1, Infeasible start Newton method
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HMEIEIRER

AP OMEIE B kRO, XHBERRT

m
KBNBE « FREAERIMNPOMEIRE
1 t(©
k= [Og(m/@” . M.13)
log 11

Z
m =100, t© =1, e=10"%, u=10: SN IREBUUZAEERIEHIRIEUL K, SAZARIREUR
. FERPMEEEZ D Newton 5,
b — log10® | 8
~ | logl0o |

Boyd & Vandenberghe, Convex Optimization, §11.3.3, equation (11.13)
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Newton £ 55N KKT

MILED KKT iE 2 .
N @
fa, BEIXTF x, v BIELEMEHFTE, H Newton &6
HAz+ AT Av = —g, AAz =0,
= ) v, VAV
H=V foJr; s +¥ e
Vi

Tl t RIETFSEIRCMEIE R Newton H1E,
FEISET LURIRN: SLHERTF N\, BXIME) KKT B2EA Newton 5%, §11.7 BEAREHEZE X,

Boyd & Vandenberghe, Convex Optimization, §11.3.4, equations (11.15)—(11.17)
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A IR LP

HMERE G c R0 BURBHAZTI1T LP, #IMEXIEIEs 100, & 1EER 1076,

— |
10" | - F _520
=
—— p = 150
g 10—1 4
=
EE
=
< O107%
1075 +
0 10 20 30 40 50 60 70 80

Zit Newton &

BMERRTRPOME Newton 2, BERFR t BEMFIEBEBRIZ 1 480\, BIENBMIUROTRES,

Boyd & Vandenberghe, Convex Optimization, §11.3.2, Linear programming in inequality form; Figure 1.4
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A6 NI

Mz GP:

Ko
min log E @0k +bok
x

k=1

K;
-
subject to  log (Z ea“cmrb""’) <0, i=1,...,m.

k=1

X N PEES

m K;
¢(@) = - log {— log (Z e“’ﬂ : ® IHBEEBER T Newton HiF UL I
= = 8 u EREEEANESRPINRX;

A n = 50,m = 100, K; = 5 BIBENLSLAIELIRAR = LP 5 GP EWAEMEIINETH.
& o

Boyd & Vandenberghe, Convex Optimization, §11.3.2, Geometric programming and Figure 11.6
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#EA4150: BEIIES Newton ¥

B E AR ER S LP
min ¢' subject to Ax =b, x>0,
HLTEH n = 2p, IBERE p A 10 1I0Z) 1000,
35 & TLEMEY K 100 E0F, MWERZEIAY Newton &
AL 21 18 27,
& 1 HERANRERE
c 05 | ERREUERKEE, (B8R Newton THEMR
g FANLGMRR, FLWARREN DR/
[9) S5,
< 950
15 ‘ |
10t 102 10®

XM p

Boyd & Vandenberghe, Convex Optimization, §11.3.2, A family of standard form LPs; Figures 11.7-11.8
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SUEH 4: POIREERIRISEN

MEEH LP, HKXEXt =0.5,2,10,50, FIAE—PPOERERAT—IX Newton LS,

¢ £E  Newton# S&EH M

05 (1.5,1.5) 5 —8.1447 B ERRBEEETT;

2 izigi\ i = SHBEBR R m/t SN

50 F—thins g 109600 g %ﬁi‘%ktigﬂﬁzéii&mﬁﬁﬁﬂﬁ’i*ﬁ

HESHMRTFILEEES MRS

MATH6015 -siiE  [EfSi

RPWEREREE, MERTEESH.

BREUEITE,; EE4M23 M Boyd & Vandenberghe, Algorithm 111
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FAIFE Phase |

BESEER— MR ATER:
Az =, fi(z?) <o0.

REBBRGHAR, TEERSHXHNR, Phase | FTER—MEEA:

B 4 | Phase | Phase Il
f»(m)“< E(')' A — b % FHEBOUITR — LAz = B 5 iR S 0E
= B HFEARTTITIER T 1e fo

Phase | DIt EERABHERE: CEMARRRERRUTHATTERESIE,

Boyd & Vandenberghe, Convex Optimization, §11.4, introduction
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EZK Phase | [a)8R
% Az© — b B 2O T [, WENE, SIARE s

min s
subject to  fi(z) <s, i=1,...,m, (1.19)
Az = b.

BB IS T

®Fz =20, AEE NEE z, &=/I\aI1Ts
s > max fi (). max f;(x).
FRIFBAR fi(x) < so ELLt Phase | RIMUBRAARERE.

Boyd & Vandenberghe, Convex Optimization, §11.4.1, basic phase | problem (11.19)
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Phase | RIE{EN=f1ER

B IRARMIEN p*.

&R 30 TSI R

pr<0 [RAR™IETTIT —BHFTT (x,s) B s <0, BITEILEFHE = R4
Phase Il,

>0 BAFRET — B/ERENRMETR, BN EXIESAERET —
iIE:‘;o

=0 HRIER = 2VMEXE, HRTFERFIETT, ERKE,

ARATIT, BELRBAHESESIL,

BIERBERE |p*] <e, TS fi(z) < —e ROIT, M fi(z) < e TfT,

Boyd & Vandenberghe, Convex Optimization, §11.4.1, three cases for the phase | optimal value
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SUEH) 5: TI{TIER p* HIRE

ZEMAREEHARNLR:

z1+w2 < ¢ x> 1, z2 > 1.

Phase | 9

min s subjectto x1+z2—c<s, 1—x1<s, 1—z2<s.
T1,T2,S8

HXIRMESR 21 = 22 = o, RILKRHR

c+1 . 2—c¢
20 —c=1— . = , D = .
a—c a a 3 P 3
c=3 e=1
4,1 2,1
a—g, = 3<0 a—3, p—3>0
= (4/3,4/3) FHETIT, =RARTERIHE

BREUES; #BKIES L Boyd & Vandenberghe, §11.4.1
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=IMLEREZ

B— Phase | xR 2

min 1's
subject to  fi(x) < s;, i=1,...,m, (11.20)
Az = b, s > 0.

SERE x, si = max{fi(x),0}, FLAEGRRERERE.

BRE2A
minmax, fi(z) AOFEEREBOANIR,  miny, max(fi(2),0) BEERRER: REHR
o PR

HRAAATUTH, EEEHTIRE —PRUBKNITTHRFE,

Boyd & Vandenberghe, Convex Optimization, §11.4.1, Sum of infeasibilities
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I 1.4: FAFD Phase | K945 R

M — N ARITTERR Gz < h Blm = 100, n = 50:

RINGRERE RINEREZT
he —alx h:—alax
WE 3I9KRAR WE79RAR

BAEMECHNRRES. RPBREHIARTT, EE"MEBEMEM T IPRAR,

Boyd & Vandenberghe, Convex Optimization, §11.4.1, Example 11.4 and Figure 119
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Phase | 5 Phase Il R RHYEE

MA—NERRLR fo(e) < M:

min s
subject to  fi(x) <s, i =1,...,m, (m.21)
Jo(x) < M, Az = b.

Hoh > max{fo(w(o))yp*}o

Phase Il V&R

Phase | FI0\ER

Ts = 04t0#E Phosell; LEF¢: =
1/(M — fo(z)), FIBEIBRABE m(M — p*),

Boyd & Vandenberghe, Convex Optimization, §11.4.1, Termination near the phase Il central path and (11.22)
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AOJ{T#E = Newton BY Phase | T4
RSN S

filx)<s, Az =b, s=0.

x4
m1n t(o)fg Zlog s— fi(z subject to Az =b, s=0

EAARTITER Newton 3%,
= TRER ¢ LFHEREMXEA, FHIE s > max; fi(x).
B BRAHE s =0, BERETHRERESHIITE Newton £,
= 1/E s =0 B x ™07, EES5MERISARER.

BBR
EREEARTT, BRERFEEEERE, EALHTEARTTELEN,

Boyd & Vandenberghe, Convex Optimization, §11.4.2, Phase | via infeasible start Newton method
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Bl ol {71410 57 B 56 3

HBMERSHIRR

Gz < h + yAh.
HUBMIERN: v > 0 ™48 TEl1T, ~ < 0 B¥RE]{T, ~ = 0 BSalfHERTE,

EE v =008, BAJL+1 Newton $E0T]
WEIF=HE ol T e AT TIE R,

AETERE

XIBA R A I fTRYIEIRA AT RESE MR 2y | 0
B, SRR LT,

Newton $#{

Boyd & Vandenberghe, Convex Optimization, §11.4.3, Figures 11.10-11.12
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SREDREMRIR
§11.5 A Lecture 03 BB 1A Newton IBIGEIE: BK ¢t fF, POMLESARSHRHIE?

1 XA > 10, B

tfo+ o
=B A RE
2. RARRENKFERTR,
FETMBRIZIRIER MR #R, HEER Hessian IEXE,

= LP. QP. QCQP i#BIZESE,
B BEEEE—RIOE Mo RMBE, BEUTERHRERERRNER,

Boyd & Vandenberghe, Convex Optimization, §11.5.1, self-concordance assumption
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(B B iER S

[RiE)R
mianj logxz; subjectto Fax<g, Ax=b
j=1
NWBEZABFMNESA—EFAEBNE. EXNMAESUFAR = - 0:
mianj logz; subject to Fx=<g, Axz=>b, x==0. (11.23)
J
F£

tfo+ o= tZa:j logxz; — Zlong - Zlog(gi —fi'x).
J J i

BREL tylogy — logy £ Ry EBEWME, TRARAKZIREM, iESRERICER

Boyd & Vandenberghe, Convex Optimization, §11.5.1, entropy maximization reformulation (11.23)
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GP BB hiENE

SHENBIRT, eivetbin BIA LR yir:

.
eMkTHE <y = ajm + bix — logyir < 0.

DR GP BN b
min ZyOk
k=1
K;
subject to yie <1, +=1,...,m,
k=1
—;w + bix —logyir <0, i > 0.
R4 log-sum-exp £ BIA yie BRAZT=ENER
EiSE o A — Eht%’fi
BHhiAMEAREE WrEE S B 8 A

Boyd & Vandenberghe, Convex Optimization, §11.5.1, geometric programming reformulation
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R MERY Newton 5

AEPERONBMERE ¢, NER = REHE Newton FEEFTHR T EHIHE
q(x) — q* 1 20 — 8«

+c, —=————, c~6.

¥ v af(l-20)%

M (t) BIBEIR % (ut) B, POMEBRZETEIT R

ptfo(x™(t)) + p(a” (1) — ptfo(x™ (ut)) — d(a” (ut)) < m(p — 1 —log ).

RARSRIIEERESTE

m(p — 1 —log )
¥

™ Newton &, XPMNRE5 t, T4 » EKREBUELX,

+c

(1.24)

(11.26)

Boyd & Vandenberghe, Convex Optimization, §11.5.2, equations (11.24)—-(11.26)

MATH6015 - % BINESRE

51/97



p—1—logpu
= iR 1 BIRPOMEBES,
® puiBK: BRPOMEEIIEIS ER
27 IR,
m RBARST, ENEPPOMEEE
Z:%Bﬁ t — oo ﬁ%ﬁlo

p—1—logp

’
s

s

6 = 1BAR (4 — 1)2/2

0 f
1 2 3
"

Boyd & Vandenberghe, Convex Optimization, §11.5.2 and Figure 1113
52/97
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5 Newton %]
ESNEIRE S SR POME_E RABTR:

N = Fog("fo/éio)g))l <m(“ - 17* log 1) c) . (11.27)

%70z
E%E m, p B, w1 BIMNRIREK; p RARBRPOMERK, 2
) ERMERFEIFERE 1,
N=0 (log g> .

X3S R = DL MR RIA R
IR AT IRB U@ S HERE, AR THNSERREIL IR Newton £,

Boyd & Vandenberghe, Convex Optimization, §11.5.3, equation (11.27)
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Big ks vm SRE

BX .
=1+ T (M.28)
AR 1 log 2
p—1—logu< o, I%MZ'WE,
EIE;
N < [\/rnlogh%-l (% + c) = O(\/ﬁlog é) . (11.29)

HES SRS

p=1+1/ym RAFTHRERAR,; LREFIZPEEKRL 4, HIE0 10-20, HMREIEDHIE Newton £,

Boyd & Vandenberghe, Convex Optimization, §11.5.3, Choosing p as a function of m
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o {THEIERER S R E

PN
<

F=max fi(0) >0,  G=max|[Vfi(0)]2,

FRIRFIE YT RATHEZE R BEKP, BIRM—NTTREHEAR, T (z,s) = (0, s0) BFE Phase |
&R LE, Hip

so =mGR+ F.
% Phase | RILER p* # 0, HIETITHATITIIER Newton EHELAFER
2
10) <\/a log m‘;‘R> . (11.35)

|p*| B\, RAMIBE TARTTSATT NOR, HIEHEAME., X5 §1.4 HEAR—H.

Boyd & Vandenberghe, Convex Optimization, §11.5.4, feasibility problems and equation (11.35)
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Phase | 5§ Phase Il R EE
REPIERETHNTRLER Phase |-

HIARRT 1T, Phase | 1€ s = 0 &b# A Phase Il &R,

Phosel ________ Qehasen |

N=0 (\/m +310g (Pt 1)|(;’f|+ 2)GR> . N = O(\/m " Tlog w> .
B Ol 1T R EIESE AR T 1T, IBEIFSPEE e,

= Newton $H5IH Ny + Ny 25; @IRECI{TIHEBE RS, Phase | IIEEX,

Boyd & Vandenberghe, Convex Optimization, §11.5.5, equations (11.36)-(11.37)
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SRELSICHERTEE
IBIRHA H BIRIE HETR PR

E BRPOMESHES « TXHR—LF; ® RIFFIZE T LIRS E;
m FEEAMNIER log(1/) 1BK; ® Newton 1 E ML KRIE;
= [BHEBICSHTER vm ER, = BEEMANEEREDIE,

BENEREREARIMPER, FEEGRIEWFIN, ERENBIRBIRETHREREILS,

Boyd & Vandenberghe, Convex Optimization, §11.5.6, Summary
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I XAF a8

min  fo(x)
subject to  fi(z) =k, 0, i=1,...,q, (1.38)
Ax = b,

Hoh K; C R¥ 79 proper cone, fi 3 K 1M,

KKT &4t

Ax* = b, fi(z") <k, 0,
Al =ke 0, Vio(x*) + Zsz DA+ ATV =0, (11.39)

A fiz") =0
MEAREAR K = R, BUFKIBRZ; SOCP 5 SDP HEM#T4E,

Boyd & Vandenberghe, Convex Optimization, §11.6, problems with generalized inequalities
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I~ XIS

proper cone K LRI XX o : int K — R iHRE

Y(sx) = Y(x) + 0log s, 5> 0,
Hoh 9 > 079 degree, BXIRER o H. FAEMEBTMMELTH; BANESTRMTHER

Vi(x) € int K*,  a Vip(z) = 0. (11.40)
K T X398 o degree
R% Zle log x;
13 log(s* — [lylI3)
SE log det X D

BREERESEFTRITBNIETS —y NEEY, AR T X EXESHN—ED .

Boyd & Vandenberghe, Convex Optimization, §11.6.1, Examples 11.5-11.7
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A
X = 0
ly| £ s L EIFMEEIER
> Y
TR, AREG HFE

XSSO RA LR, FERHNHBENENRIBES,

MATH6015 -k " XAEFXNSHMAL

Boyd & Vandenberghe, Convex Optimization, §11.6.1, Examples 11.5-11.7
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I~ XIER 5O EER

S K BT X338, degree A0, EX

i RERIME
min_ tfo(z) + 6(x)

HiHE
tV fo(z* (1)) + Z Dfi(x* (1) Vi (—fi(z*(t))) + A D =0. (1.41)

S5inEER I3 R

RY EBR9(s) =Y, logs:, ENBRUAEBBNEESPOIRE,

Boyd & Vandenberghe, Convex Optimization, §11.6.1, logarithmic barrier and central path
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I~ X it RIS 8 PR
EX 1 R
N(t) = [ Ve(—fil@" @), (0=, m2)
EE CL‘TV’(/)Z(LB) = Hi,
AF@) " filz™ () = —%. (11.43)
é\ q
0=> 0
M RIE—3H{BEIFE S
0/t
HEHR \ H 4 R
FNYR degree 1 m -~ § BN HERH
&= degree m 5\ degree 0

Boyd & Vandenberghe, Convex Optimization, §11.6.1, equations (11.42)—(11.43)
63/97
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51 11.8: SOCP p&t8

SOCP
min f'@ subject to [|[A;x + b;||2 < clx+d;, i=1,...,q
FR[ELEYS] ,
d@)=->" 1og[(cjm +di)? - A+ bi||§] . (11.45)
i=1
BN MR degree B 2, B
0=2q,  fo(z"(t)) —p" < Qt—q.

TSR

Newton £¢i8 ZEWN R4S

HAZCB-F bl||2 < C;-ril: + d;.

Boyd & Vandenberghe, Convex Optimization, §11.6.1, Example 11.8
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R 6: MRiRhEE

A==
= (O O) az = (270)7 as = (07 2)

EFIRMENVE « € R?, Er/J\ﬂSE ‘_EE%

min 7 subject to [z —a;il2 <7, i=1,2,3.
@,

HXE2E=1 MR SOCP, fEi§A
3
_ z:log(r2 — |z — al||§) .
1=1

RIffE

e 5 ap /
azﬁiaﬁmLtw SRS e

cjhe Example 11.8

MATH6015 -k " XAEFXNSHMAL



5l 11.9: SDP f&t8

min ¢’z subject to  F(x) = Fy + ijpj <0,
=1

Hep F) € P MHFIEEHER logdet:
¢(x) = —logdet(—F(x)).

BE HERSER

0
893]-

=—tr(F(z)"'F)) = tr((-F)"'F)) . Zx(t) = %(—F(:c*(t)))_1 =0, gap = %

XE degree EFIEEMEL p, MARITETZEEH .

Boyd & Vandenberghe, Convex Optimization, §11.6.1, Example 119
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Sian 7. ZHFEFEIRL

R
. . zy O 1 0.6
{11’11;’12 r1 + x2 subject to [0 xJ — [0.6 1 } = 0.
FEEERGENT
x> 1, ro > 1, (z1 —1)(z2 — 1) > 0.36.
FRIMELE H 2

] = x5 = 1.6, p* =3.2.
FERE N BRRYIETS

—log((z1 — 1)(z2 — 1) — 0.36) .

B4 SDP #{Efl; FEiSS5x{@~RZM Boyd & Vandenberghe, Example 119
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I~ X[Et8%5 Phase |

EBESEPE m 2EPERN R degree 0:

(0)
1= 2 R N [%1

"M Phase | 1&# e; =, 0, KR

min s

subject to  fi(x) 2k, se;, i=1,...,q,
Az =b.

E RMENA: FETEEETITR.
® RIMENE: WEREH XAESARRNARTTIES.
m XMEREE: EREEREETHINAR,

Boyd & Vandenberghe, Convex Optimization, §11.6.2, barrier method and phase |
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Ki1E{EHI: SOCP 5 sDp

§11.6.3 XS FENLT=AE RIE—3HBTI 1789 SOCP 5 SDP {ERELS X,

n =50, ¢g=50, 8N A € R®*0, ¥AER 100, /MBIt & e RO, %E[MEME p = 100, RFIH5I
ARG p:
® FRDOMEETE Newton HEMIETE;
B > 10 RSB TR, B M 10 2 1000, F18 Newton HREBIBHEK,

minl'z subject to A+ diag(z) = 0

=[G/ LP, SOCP. SDP HIMNERMZIEIN, ZRFEMRIMERSLMHEREL,

Boyd & Vandenberghe, Convex Optimization, §11.6.3, Figures 11.15-11.20
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" XASFANERE

Eifo+o MEBWMAE. XKEEER, U

putfo(x™(t) + o(x™(t) — ptfo(x” (ut)) — d(x" (k)
<0(p—1—logpu).

(11.48)

FrLAE IR B iMERY Newton R8T

O(p—1—1
(p ogu)+

H—5ie
LTEASANERERISFIFIAT, RRBARE m B HEERBNS degree 6,
SOCP 81 H#RH 2; p x p PSD #=E# p.

2
I

Boyd & Vandenberghe, Convex Optimization, §11.6.4, complexity analysis via self-concordance
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B LB X IIH

Sy B K £ degree A0 BT X3TE, EXEIIE XIIH

83l Fenchel BIRE R,

BESHIHBNE VyY(z) =y

H BT XXTEL
1 R log(s® — ||ly||?) INEEL
HIFEH logdetY + p, 1373 log-det X

ZASRIER X OE EF (1.48) B9KH,

(11.49)

(11.50)

Boyd & Vandenberghe, Convex Optimization, §11.6.4, equations (11.49)-(11.52), Examples 11.12-11.13
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EISE5REIR— 3B HE
T v S

= SNEEH | RERPOE: = DE—ERIER:
B SPHERFFRIGTLT, = FEISEH z, A, v;
& BOMEEREEH B & tiE ST EAHE RS
= BAREDOEESERE, = BEEELER,
f . . \ B 78 5%
k Homh KKT 73 12 | — s A B

Y

RiE— X8 %
REB X, B{RM Newton LML

Boyd & Vandenberghe, Convex Optimization, §11.7, introduction
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=N KKT =

PN

N Vfi(z)"
flx)=[filz) - fu(@)], Df(x)= :
V f ()T
BN KKT 5RES B
Tdual Vio(x)+Df(x) " A+ ATv
(T, A V) = |[Teent | = | —diag(N\) f(z) — (1/t)1 (M.53)
Tpri Ax —b
B2 \ N RiamE
BREH Mo B4 &4 EH0aTH

Boyd & Vandenberghe, Convex Optimization, §11.7.1, equation (11.53)
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R — M BERA

MEE ¢, T fi(x) < 0. A= 0HIR&MKr, =0:

Vifo+ >, V23S DfT AT [Az Tdual
—diag(A\)Df —diag(f) 0 AX| = — |7cent | - (M.54)
A 0 0 Av T'pri
B e =0, M FREMKRERIRATE5RT, BWRNMFR

FHEREMESRE,
AAx =0,

FTEME IS K EMRIF LM SF A T1T,
SERRSEIERTHEE AN, BREA KT SEERERSR,

Boyd & Vandenberghe, Convex Optimization, §11.7.1, equation (11.54)
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5&E18;% Newton HEBIELER

HEANGE, RIe—XEBL@#E

{de AT} [Awpd} _ {Vfwz S ATy }

A Aupd

Tpri

B

Hpa =V fo+Z)\Vf1+Z VI (11.56)

HEfaEd—E

113

S
(=]
[=]
Z

—Aifi(®) =1/t, Vi,
BRI RIS EMNBANRMES, Hya = (1/t)Hpor, RTPRIGTIEERE,

Boyd & Vandenberghe, Convex Optimization, §11.7.1, equations (11.55)—(11.58)
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R IEXIEiE B

hiEARARGRIA. WMETT, TEERHEREXNEER. EX

e, =—f(®)' A,  f(x)<0, A>0. (11.59)
B Tpri = Tdua = 0, T 54 RN OSEE
ﬁ:fo(m)_g()‘7’/)7 tcurrent = %
bEﬁEEEE'\JJﬁ&E‘—Xﬂ%EBﬁo %ﬁfﬁﬁi%j{ﬂ'\] E*/T‘{E
m
n

21 FIMR

FEREE (|[rpril2. |ravallz 5 7; REREERFARER,

Boyd & Vandenberghe, Convex Optimization, §11.7.2, surrogate duality gap (11.59)
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R —3HBAREE

Algorithm 11.2
8% f(x) <00 A= 0. pu> 1. BE crons, € > 0:
1 H&Eh5=—Ff(x)"A, B

t = pm/1n.
2. MREMRS M.54), BEl (Az, AN Av),
3. B EREIERERLK s, B

(2, \,v) « (z, A\, V) + s(Az, AN, Av).

g
||'rpri||2 S Efeas; HTdualHQ S Efeas; ﬁg €

BHSLE,

Boyd & Vandenberghe, Convex Optimization, §11.7.3, Algorithm 11.2
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[FIg— M BZEER

SARIETRFIE:
. . Ai
Smax = mMin {1, A1§13r<10 (f AM) } , s < 0.998max.

Boyd & Vandenberghe, Convex Optimization, §11.7.3, Line search
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[FIg— M BZEER

SARIETRFIE:
. . Ai
Smax = mMin {1, A1§13r<10 (f AM) } , s < 0.998max.

BRES s+ Bs, HE
f(z+sAxz) < 0.

Boyd & Vandenberghe, Convex Optimization, §11.7.3, Line search
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[FIg— M BZEER

SARIETRFIE:

Smax = min {1, AIE\IEEO (* A)\;\l> } s S < 0-995max-
BRES s« ps, HE
f(z+sAxz) < 0.
RIGHEL, BEE
[re(y + sAy)ll2 < (1 — as)|re(y)]l2.

FTIEM }—» REXTRRE > BT RERSTE

Boyd & Vandenberghe, Convex Optimization, §11.7.3, Line search
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HUEH 8: MBERE LP BIPORS

ZE

min x, + 2x2 subject to z1+ax2=1, x>=0.
T1,T2

KKT #sh&HER
C+AT1/—)\:0, T1+ a0 =1, xiNi = 1/t.

RIS T RO RIE— MBS :

t z1 T2 AL A2 gap =2/t
1 0.6180 0.3820 1.6180 2.6180 2
10 0.9099 0.0901 0.1099 1.1099 0.2

LHit— oo, () = (1,0), BEINERARER, HFFED 1,

BmEUER; M KKT £#8 W Boyd & Vandenberghe, §§11.2.2 and 11.7
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A5 IR LP 5 GP
HMAS §11.3.2 18RI LP. GP FIEMNLRIE—IHB A IA:
w =10, a =0.01, 8 =0.5, e=10

-8

ERREBRAEAEHE, FEX

N = =1/ £ ),

EHIRCERBEBRA 100,

105 -
&
o
i
£ 1077
2
o
&
10~1? 1 1 1 1 1 |
0 5 10 15 20 25 30
IEAIREL

LB REERFE L — +RIER RIEHZEFDRIBRIEZER Use, convex Optimization, §11.74, Small LP and GP; Figures 11.21-11.22
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A6 LP MIRIGE
Xt n = 2p B9 LP R5I, AN
20 — 1, A(O) =1, 9 — g
BRI —3BE, e =10"°£l1E,

50 5 IECEUNG 15 182 35, BEAARIEIURTER
B,

ﬁ BANRTTEES. RIBESS, B
P 07 18— IHB AR EER BN S B EL T B
ﬂ —HER,
20 +
10 - {
10° 102 10°
)

Boyd & Vandenberghe, Convex Optimization, §11.7.4, A family of LPs; Figure 11.23
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KKT ZMEZRRERE A

FEI85% DMK Newton HT2E—S

H A" [Az g
41
Hop
H:N%+2Vgﬁ+zvﬁ
g:tVfo-i—val

B4R

BRI MAND B—NTEMOEE (n +p) x (n+p) B, MAMAET. BR, 5K, RYBISAIE
RREEH

[RIG—3H1B Newton FT2E AR KKT BER, UTEMEER,

4
=)
i

Boyd & Vandenberghe, Convex Optimization, §11.8, equation (11.60)
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RS PR NINEES

HRIiEIRE
B0 i REKBOERE, WHBE. Hession #ll A
i, ERRRNMAESBLETN, TBE
ImAETE,

o5 Bisf>E L1 R
£ V’fo=D RAXIMERE, fiA5, N

H=D+UCU'.
o] F4EME K S| IBIE n R NRREUHER S,

NEFBYREEITELERRTI, NIERK
BROBPEILIE,

Boyd & Vandenberghe, Convex Optimization, §11.8, Sparse problems; separable objective and few linear constraints
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RERR LP BYETT

x4

min ¢' subject to Ax=b, x>0,

PAMEBIRA te'x - 3 logz;. € X = diag(z), Newton B4R
X2 AT [Az]  [~te+X'1
A 0 v| 0 ’

Az = —tX’c+x— X*A'v,

SEEE Ax:

BfE Schur 4M &%

|AX*ATv = —tAX e+ b|
A TEITREET AX2AT - 0, TJF Cholesky; #& A ®ER, Schur #MNEE W TIMEILMIE,

Boyd & Vandenberghe, Convex Optimization, §11.8.1, Standard form linear programming
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#HEH 9: FRE LP BI—IRiETT

HY

[lid: b}

A=1[1 1], b=1, C:H, m:{o'ﬂ, t=1.

2 0.4

X? = diag(0.36,0.16), AX2AT =052,
—tAX%c+b=—(0.36 +0.32) + 1 = 0.32.

vng = 0.61538,

Ax = —X2%ct+x— XQATVM = [ 0.01846 } .

—0.01846

E AAx = 0: Newton ARIBEIRIF 1 + 22 = 1,

BREES; HETAREB M Boyd & Vandenberghe, §11.8.1

MATH6015 -siiE M
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(, B LP

min ||Az — bl
xT

SIAy eR™:
min lTy
@,y
subject to Az —b =<y,
— (Az —b) 2 y.
PAN
4

D, = diag(b — Az +y) 2, Dy = diag(—b + Az +y) >,
HEAyRE, AxiER
ATDAAz = -A'g, (M6

Hop
1

D =4D1Dy(D1 + Do)~ = 2 (diag(y)® + diag(b — Az)®) .

Boyd & Vandenberghe, Convex Optimization, §11.8.2, £, -norm approximation
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( AR M EINTF

FHF2 (1.61) IER NN E&R/NSRIVIEM S 2:

DY/? (AAQ: + D_lg) Hz .

min

Az
HEI%E EREENE . i — IR N &R /N 3R
b — Az D bEk e BE Az

m E ARHRERE., SREFHRETR, SHTUESRKIMEN_FPER,
m (1 UEHIRARETIERE N D ENELZHIERIN TR,

Boyd & Vandenberghe, Convex Optimization, §11.8.2, weighted least-squares interpretation
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RZFEI 10: RRERBIRE

FORFREN A
a=(1,2,3,4,5), b=(1.1,1.9,3.2,3.9,9.0).
RE—TMNZSHEBHRE, iR

min [|af — bz 5 min [[ad — b|s.

mfp

-
a'b 75.1

Sc—5— =l = 1. .

OLs e 55 3655, (78 0667

0 FEREE b /a; KTFANE o; I PHIE, SEEHS
SR

0 NIRRT REKRE
a'DaAd = —a'g,

MATH6015 -IRiE  SEHL

° J \ ¢
s 01, 6 =1.0667
— LS, 0 =1.3655
6 m
=
4 °
2 i
0 t t t t t
1 2 3 4 5
a

BRIRER; SLIMEEHZ M Boyd & Vandenberghe, §11.8.2

90/97



SDP B Newton &%t
x5

min ¢'x subject to  F(z) = chlFZ + G =<0,
i=1
2S5 =—F(x) -0, ROMEBIRA
te'x — logdet S.
Newton Ff& HAz = —g &

H»L'j :tr(SleiSlej), gi :tCi—‘rtr(SilFi).

ABBERNEEER

FERFIR R R ERE

max{np’, n’p®, n’}

=, HRRSAEMTILORRFIA; —fRHBH F FARIE Hessian #&E.

Boyd & Vandenberghe, Convex Optimization, §11.8.3, semidefinite programming in inequality form
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RZRBI 11: 5 E ERRT

R MERSRINREEAEME N

BRI ATRE diag(z) £
diag(x) — B = 0

FHEIME 21 + 22, XERIRRMNAE (1.6,1.6) 89 SDP,

4 BT F = -FEuq,
S = diag(x) — B.

_ H;: = (S-H%
EFERETA e — (2,2), (5i7)
BRI
g1 — L 1 0.6 _ 1.5625 0.9375 . 24414 0.8789
0.64 (0.6 1 0.9375 1.5625 H = 0.8789 2.4414|"

—/NEREY [E BT 45 HH E N Hessian,

BimiERREREITH), 1HHREMARS M Boyd & Vandenberghe, §11.8.3
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EESEMIEE, © Ac {0,117 B HER—IR REXIER:
Ay =1 = RjEIHERE 0
EFY)
max i Uj(z;) subject to Az <e¢, > 0. (1.62)

M Hession BB
H= Do+ A" DA+ Do,

Hp
Do = —tdiag(U} (x;)), D1 = diag(c — Az)~%, Ds = diag(x) .

Boyd & Vandenberghe, Convex Optimization, §11.8.4, network rate optimization
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PILEEEFR TE Hessian FRERTE

H;; 0 — Ultl.v’b VE: HERRGEK.
ERR. SENEAHOERN, HBR, Y

FARERERIES|IBEEN L x L RS, IMEBIRIDEEER
HEXFRATEETES,

RN7E n x n B REBERA M L x L N HBIRBSRAR ZEREE/N. ERRE,

Boyd & Vandenberghe, Convex Optimization, §11.8.4, sparsity patterns and matrix inversion lemma
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HiEh12: =FR. WRER
x 1 1 0 3

A= |:0 1 1:| 5 C = |:25:| 5 U]-(ﬂc]-) = logocj.
a8

max logxi + logzs +logxs subject to  z1 +x2 <3, x2+ 23 < 2.5.
x>0

ANBEARERMAITER., 21 =322, 23 =25—122, —INEHR
t 1 __ 1
3 — T2 T2 2.5 — T2

‘m* — (2.0946, 0.9054, 1.5946) \
HEFHREIEONR 2 RERINER,; HIENR A BEEFBRXMESXEA,

BRMELEIES]; 1EES Hession 545 1 Boyd & Vandenberghe, §11.8.4
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EREIRRRIER Schur #b

13 MEER RE

p<n, H' B8 p x p Schur %k HE Ax, RAPTHES

n < p 8K Schur #h&E R KKT ZH% BREHREZ AH AT

H=

AR/ RS B EMERDE RIFEEEE, BOER
Hessian

P45 o EE A Y AR A SRR A ERELE). BERRA—W
SDP HEIHREEH R R¥E S Hessian WEEEETHT, BRXAREZR

HULENBZENTEARS, REINNRBALN. BREINIRMEERE,

Boyd & Vandenberghe, Convex Optimization, §11.8 and §§9.7,10.4
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% N 205N
h AR SIES 8 5 RIa— 3B %

A — BB RIETE, —MESLERE, U
i el MR ERN NN RS R, BEEEA
w PORERERSEETR; SRETtE,

= m/t 3% 0/t AHTWIBRER
i
eSS E SARBY B EBRELM RS, LPHT. (4 &
e ———————rea s NS TU P P LL R 2

HER P OMEBIZE— A O(v/m log(1/¢)) ELEBHR
SRE,

Lecture 07: #itfdit

BRALIFA. maximum entropy. WA ZE G5 IS4 log-sum-exp. entropy. log-det & conic
models; ZS#HI primal-dual certificates 5 KKT KRS X LIS AR (T HER,

Boyd & Vandenberghe, Convex Optimization, Chapter 11, §§11.1-11.8
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