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MATH6015 - TARMM  EESEHRRIR 9/104



ERFIISER

RIMEFES (minimizing sequence)

2@ 2z . edomf, f2®) — p*.

é
@) -y <e
Hj' R :L‘(k) A E-;)’zﬁl-:ﬁ
EAREHE 2© e dom f, FERYIBRKEE
S={zcdomf| f(z) < f(«)}
AE. B f 7 dom f IMNEHRA +oo FRFR

5, ZFEMBEMKIL; R, domf=R" B f
EELLBTARIL,

MATH6015 - TARMM  EESEHRRIR

TR EIAE BENARKTEERA,

(0)

10/104



ERFIISER

RIMEFES (minimizing sequence)

2@ 2z . edomf, f(:c(k)) — p~.

%
@) -y <e
Hj' R :L‘(k) A s—)ﬂtﬁﬂ
EAREHE 2© e dom f, FERYIBRKEE
S={zcdomf| f(z) < f(«)}
AE. B f 7 dom f IMNEHRA +oo FRFR

5, ZFEMBEMKIL; R, domf=R" B f
EELLBTARIL,

MATH6015 - TARMM  EESEHRRIR

TR EIAE BENARKTEERA,

o (0)

10/104



ERFIISER

RIMEFES (minimizing sequence)

2@ 2z . edomf, f(:c(k)) — p~.

%
@) -y <e
Hj' R :L‘(k) A s—)ﬂtﬁﬂ
EAREHE 2© e dom f, FERYIBRKEE
S={zcdomf| f(z) < f(«)}
AE. B f 7 dom f IMNEHRA +oo FRFR

5, ZFEMBEMKIL; R, domf=R" B f
EELLBTARIL,

MATH6015 - TARMM  EESEHRRIR

TR EIAE BENARKTEERA,

o (0)

10/104



ERFIISER

RIMEFES (minimizing sequence)

2@ 2z . edomf, f2®) — p*.

%
f@®)—p*<e
B, #Ra® H e RIER,

BAEHE 2©  dom f, HERVAKKTE
S={zecdomf| f(z) < fx'”)}

A&, B f 7 dom f ANESRA 400 fERHIR
5, ZFEMBEMKIL; R, domf=R" B f
EELLBTARIL,

MATH6015 - TARMM  EESEHRRIR

o (0)

TR EIAE BENARKTEERA,

Boyd & Vandenberghe, Convex Optimization, §9.1, equation (2.3)
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Boyd & Vandenberghe, Convex Optimization, §9.1.1, equation (9.4)
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Boyd & Vandenberghe, Convex Optimization, §9.1.1, equations (95) and the preceding geometric-program example
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Boyd & Vandenberghe, Convex Optimization, §9.1.1, equation (9.6)
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Boyd & Vandenberghe, Convex Optimization, §9.1.2, equations (9.7)-(98); exact one-dimensional illustration
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Boyd & Vandenberghe, Convex Optimization, §9.1.2, equation (9.11)
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Boyd & Vandenberghe, Convex Optimization, §91.2, equations (912)-(915)
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Boyd & Vandenberghe, Convex Optimization, §9.1.2, condition number of sublevel sets
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Boyd & Vandenberghe, Convex Optimization, §9.1.2, Example 91
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Boyd & Vandenberghe, Convex Optimization, §9.1.2, sublevel-set conditioning; qualitative redraw
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Boyd & Vandenberghe, Convex Optimization, §91.2, “The strong convexity constants”
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Boyd & Vandenberghe, Convex Optimization, §9.2
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Boyd & Vandenberghe, Convex Optimization, §9.2, descent direction
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Boyd & Vandenberghe, Convex Optimization, §9.2, Algorithm 9.1
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Boyd & Vandenberghe, Convex Optimization, §9.2, equation (916)
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Algorithm 9.2
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Boyd & Vandenberghe, Convex Optimization, §9.2, Algorithm 9.2
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Boyd & Vandenberghe, Convex Optimization, §9.2, Figure 91; qualitative redraw
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f(x+tAx) = f(x) +tVf(z) Az + o(t).
SHt>0RBNY, Bo<a<1, BF

f(x+tAx) < f(x) + atVf(z) Az
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%L EE x 4 tAx € dom f, BIRETED T, BN o €[0.01,0.3], 8 €[0.1,0.8],

Boyd & Vandenberghe, Convex Optimization, §9.2, backtracking-line-search discussion
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,L,\m—,zkjj 10, MEFTEBIRESNN 2510 -2, BRSNS, BIERTTEHA 2 < 2 < 8, LUE
S8 1= 0.213i&

fu(z) = %x2 +0.1(10 — z)* — 0.21log(z — 2) — 0.21log(8 — x).

T =234, (=) =0.1284, RFEABE d=~1, a=0.1. 8 =05,

‘ z® = 23, AlEld = —1
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BERA 10, BERHITEENREDIN 25 10—, BREWR 8, HIEETTHN 2 < 2 < 8, LUE
BEH 1 =021)&

fu(z) = %x2 +0.1(10 — z)* — 0.21log(z — 2) — 0.21log(8 — x).

T =234, (=) =0.1284, RFEABE d=~1, a=0.1. 8 =05,

t=15t=05258%8H 2 =13,18, BIEE ¢
BR =2, TRTFMWEIR, BEGHES, { t=1,05 BFs—=2 ENEHES J
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BERA 10, BERHITEENREDIN 25 10—, BREWR 8, HIEETTHN 2 < 2 < 8, LUE
BEH 1 =021)&

fu(z) = %x2 +0.1(10 — z)* — 0.21log(z — 2) — 0.21log(8 — x).

T =234, (=) =0.1284, RFEABE d=~1, a=0.1. 8 =05,

|

t=15t=0525%kH2=13,18, BIR=

VR 2 =2, THRIFMNEIR, EEES, { t=1,05 BFs—=2 ENEHES J
BT Armijo Rt '

t = 0.25,0.125,0.0625 ¥EFETERR: (S R ke T e 2

t = 0.03125 EIRBERS TREEM. '

{ t = .03125: "R TE &S }

BRHES, FEARBTFRAENFRES Armijo 18E
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BRSSP RE AN 2 RRE:

Az =-Vf(z), V(@) Az=—|Vf(@)]3
Y Vf(z) £ 0 BZAREEAR; BREAS, NERBRREIERMY,

\Zi
Algorithm 9.3

BE x cdom f, BEE: )
1. Az < —Vf(x);

FIfETR S RIS TRk ¢

T +— x + tAx;

5 (|Vf(x)ll2 < nBHFIE,

—Vf

F o

Boyd & Vandenberghe, Convex Optimization, §9.3, Algorithm 9.3
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’ \\
A7 \\
/ \
e 1

MATH6015 - BARMKL  BETEE 36/104



R 6: (SSEBII—SEMN

Lecture 02 B9 IR EBE=TRIE S LHIGR/IVER S

1 A v 1
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0
MNAE 2@ =y BE, EeE
0.5
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0.5
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0.2
M =2 — tVf(mm)) = 10.6],
0.2

B () =050 BZE f(=) = 0.20,

BREESI; FELE Lecture 02 B9 quadratic smoothing
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ARBENZRER

BI&mI < Vf(x) < MIF S, #&

ft) = f(x -tV f(z)).
B Hession £&, ,
Ft) < #t) 1V 7 @)1 + 25

AinXTF t NRREFE ¢t = 1/M LF), BEHREEREDKE

flah) < flz) - ﬁnw(m)ug.

IV £ ()]I3.

BE FR M }—»[ REBEHK /M ]—{ TR (V%) (2M)

(917)

Boyd & Vandenberghe, Convex Optimization, §9.3.1, equation (9.17)
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5 R L 18 RAV L 1IN SN

g B E

IVf(@)|l5 > 2m(f(z) —p").
RABRLTER: .

f@) =p < (1= 2) (@) - p")
BETIS
f®) —p* < F(f@@)—p*), e=1- % 1. (918)

KE - RV BIERREUH B

k> IOg((f(m(O)) — p*)/g) . (9']9)

- log(1/c)
H M/mBKEY, log(1/c) ~ m/M, ERIREPESHECEINLEMIEE,

Boyd & Vandenberghe, Convex Optimization, §9.3.1, equations (918)-(919)
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[E)3# £648 RAEVUXEL R

Ho<t<1/MBE, =& (Q17)4H

Ft) < 1)~ LIVI@)3 < ()~ at|]V £ (@)]B.

& L B3R ] 5
t=1 B t> e
38
fla®) < fa) - min{a, 57 L0 s @)
HEaEnE:

f@®) —p < (f@) - p),
c=1—min {Qma, 2aﬂm} < 1.

M
EMRIEL ISR, REBEARSEF.

Boyd & Vandenberghe, Convex Optimization, §9.3.1, backtracking-line-search analysis
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FHBSES

O=1 r=1 Q = diag(1,25), k = 25

[B—EXECHE E RN B9 A L4

FRLKRERN, ABERRERDL; RKESLES OERIFHANRKEE, BFEREERE.

Boyd & Vandenberghe, Convex Optimization, §9.3.2, Figures 9.2 and 9.7-98; qualitative redraw
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— ‘hrﬂ

8 .
flar,w2) = 5(:& +ra3), 2% =1, v>0
=MRA 0, FREEAH
_ max{1,~}
- min{l,7}
RABHEERRIY, BMEHAHNER:

(k) v —1\" (k) v—1\"
" = -, Ty = —— ]
! 7(VH) : ( 7+1)

) = (152) )

Hy=1R—FEX; Hy> 15y < 1 HKHEETIE,

— max{,1/7}.

Boyd & Vandenberghe, Convex Optimization, §9.3.2, quadratic problem in R?, Figure 9.2
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JEZIR ZLEBIF

BHERE

f(1717$2) _ ezl+312—0.1 + 611—312—0.1 + e—zl—O.l. (920)

EIiAZIE R a«=0.1, 3=0.7, FEtR%IEER,

B—ERT, RMAGEREMNEHINE, BRLERER, EELN—HMLANBES.

Boyd & Vandenberghe, Convex Optimization, §9.3.2, equation (2.20), Figures 93 and 9.5; trajectories redrawn from the textbook example
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HiRSEMEnRE LR

51 — Exact LS FF (920):

—— Backtracking LS m ERZ&IEERA 20 HEFHREM 10 B
ZE 1077, FHBLTRA04;

= FBHEEEN S S TEY 107,
E9EETRY 0.2;

= EXNEE R UEZ, XINIEL
I RE =R

'S S S S BRI TR AR, (BSTiF 2
Cor BB m R rpnFerseRnitEE,

log (f(z®)) — p*)

Boyd & Vandenberghe, Convex Optimization, §9.3.2, Figure 94; qualitative reconstruction
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—BHfFES8TIN

B n = 100, m = 500 BIFAH

f@) =Tz — > log(hs - al ). 921

i=1

m B 29175 RIS TR 105 JXE 107° ¥EEHT:
m FEHE: 29140 K, E BEE B =05 B «c0.2,05 BEELHF,
w JSHRLLRIERIE, REREEPEIEMKES, ® BEa=01, 8~0.5 KR,

B SHFIEESEARGEEER,

Boyd & Vandenberghe, Convex Optimization, §9.3.2, equation (921), Figure 9.6
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PRSI EREE

$z=Tz, HP

T = diag(1,7"/", 7%/, ... 470/,
= (921) K

f@®) =c'Tz — Z log(b; — a; TZ). (922)
=1
B A7 \ % 1 8 B 225 % G 1431
T r = Tz Hessian &4 # 8T

AL, WAEBHEE 10:1 FELRMEBTE 10°; + BRFRNY, EREBSHRMR Hessian F4
HERMRIK,

Boyd & Vandenberghe, Convex Optimization, §9.3.2, equation (9.22), Figures 9.7-9.8
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SRS

REBEECURLARE TR
BNEX48E LiREE L

RRGEREANE, EENE

EDN
Wl EEaR,

I 88E EE 3T Hessian 2§
Py

RKTEE
NS ES G ey
]

ck

au
EE
tlzr
Bl

]
t

1=

.
—RE=
nEE, SSREHESKER hERSHBIREEERSIENR

MATH6015 - BARMKML  BETEE

Boyd & Vandenberghe, Convex Optimization, §9.3.2, “Conclusions
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RENRTES
— AL

fl@+v)~ f(x) + V@) v
ERRH v XN, EERTERER., AEERTEH |||, EX
ATnsa = argmin Vf(:r)T'v. (923)

lvll<1

BRIERREARIFHE HEEE LS HRAE
RIMRBBEMIKE —V/f(z) FEALHHER; RE
SEEBVRAIRAR, A “&bE SRR, min

1
loll <1

Vi@) v =—|Vf@)].

Boyd & Vandenberghe, Convex Optimization, §9.4, equation (9.23)
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BAERAISTIE R

iy $lek5 G2livE s S

WERHEERR; BUNNER, XERRRETETEMZKE,

Boyd & Vandenberghe, Convex Optimization, §9.4, Figures 99-910; qualitative redraw
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RiE TiEE

BIA— 75 BRI BT LRI

Azsa = |V f(@) ||+ Aznsa. (924)
BiHE
Vi(@) Az = ||V f ()]

Algorithm 9.4
KBE xcdomf, BEE:
1. WHEFEEE T Az
2. BIIAETR ER LI RIERE ¢;
3. Bfi ¢ « = + tAwsq;
4. WBEEIEEN,

BRMLRET, HENIELFABRAZHRESL, BA—(SERZMT—ERAR,

Boyd & Vandenberghe, Convex Optimization, §9.4, equation (924), Algorithm 94
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RSB S ZIXEs

EXECSEE
= lv|l = |jvll2 B,
Ade = _vf(m)7
BENEEE T,
WV f
P =1 RAEE

ZIREH
MPest,,

Izl = (2" P2)'"2, izl = [|IP7/?2]>.
THN &R R &L 5

| Az =P V(@) | (9:25)

=

P # I 1REIRGEN

4 piEVIBARREN SR, P ESMESAS KA. BEEFEASKEK; XMSREM

(preconditioning) »

MATH6015 - BAFRMKML  —REHTHRETE

Boyd & Vandenberghe, Convex Optimization, §9.4.1, equation (9.25)
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IR T IRAIREER

A
<

z=P %z, f@) =[P 2)
TEFRALAR PR O B B
Az =-Vf(z)=—P *Vf(z).

BB R AL 42 )
Ax =P Y?Az = —P'Vf().
/ B A 45 | Tz = PV 35 84 B 1
B K S BHENKE E
BE P 'vf

Boyd & Vandenberghe, Convex Optimization, §9.4.1, “Interpretation via change of coordinates”
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( SEE S LR TIE

1% 1 i

0
V5 @)l = | 252
M ¢, BBAIER ERYERIER T & 5 [ T BY
AZpsq = —sign(%) e;,
FEPT—E R
Azsq = fmei.
Ga:i

FRAFHEEEITERAN—DLIR, E&iEHETR
i i, EEBIBITER,; XAHRE
Gauss—Southwell JEAL AR N B9 —Fh AR HR T BE%

Boyd & Vandenberghe, Convex Optimization, §9.4.2, Figure 9.10; qualitative redraw
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RZFEI 7: S4HAEE TR ARERR

R—IXEFER BRI =NRES @ LHIEHE

) 1!
Amnsd = _ﬁ —21 o
=NEERRFERTE, HESRIRRNENEEE
*O

EE ESTIYRRARE, BB 0f/0n| B

BAF?

MATH6015 - BAFRMKML  —REHTHRETE

\
\
1 x2 x3 g
FrESEXREME -V,
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RZFEI 7: S4HAEE TR ARERR

R—IXEFER BRI =NRES @ LHIEHE

‘L B2

0
HAREME—IRE; REEZLIRM— AR,

-1
IVflo =4, Azl = 10].

E ESTYRRARE, BERR 0f/0n| B

FAT?

1 x2 x3

0 NASEERABES S,

BREUER; 5 Lecture 02 B9 regression variable selection X$#&
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{51 9.2: Frobenius SEBE4EHYT
B WM &

min E M —.
d>0 & d?
i,j=1 J

T ERM 2, =2 logd;, EMr

min f(x) = log<z ije’”_mj> .

Q=1
BEHRD =0T,
f(x) = log(ar + Bre” ™" + yre®),
—HRMER
Ty — 1 log& .
2 Vi

(-RIETEN=S
WEBE,; &R (|(V)il = [V/leo: BERME & DLIMMUEHEREER.,

Boyd & Vandenberghe, Convex Optimization, §9.4.2, Example 9.2
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—REE T EYURER

ERBHEMEBHEN, FE~,7€ (0,1]1E

Izl = Yllzll2,  [lzlls = A=l
ARERTERAEOE
Mt?

22 IV (@)l (926)

flx +tAze) < f(z) —t| V()2 +

E#HRE ¢ > min{l, 8y /M}, B
f@™) = p" <c(f(m)—p"),

c=1-2ma”* min{l,ﬁ’yQ/M} <1
BB HA SRR LM, ESBEWTWEEE,

Boyd & Vandenberghe, Convex Optimization, §9.4.3, equations (9.26)-(9.27)
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WMEEFEZIREE

EMERM A Hessian WIEEIRM H - 0. H ~ V2f(z*), B
P=H

{ETHE RN RMHEL Hessian R R
Y22 @) A2 ~ 1.

IEECHY P SBABRIEEIRK TS

KECHY P: TEEINFRS
Boyd & Vandenberghe, Convex Optimization, §9.4.4, choice of norm for steepest descent; qualitative redraw
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P 5 P, BUEEER

X (920), EHFELER

P BEESKFEREE, Py EEHEKE, BEBPEEE,

Boyd & Vandenberghe, Convex Optimization, §9.4.4, Figures 9.11-9.12; reconstruction of textbook example
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log (f(=®)) —p*)

P ROk EEERE, P2 RAKEEEMK, e
n RKPREE x e RICERE REMASR P . P, 18,

mRHHBR

®iF P LR, BULBRENEDEEERENNRMGE; B—BFRRGTUEEERRmERRALTEARE
HOEHIERE.

Boyd & Vandenberghe, Convex Optimization, §9.4.4, Figures 913-915; reconstruction of textbook example
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Newton &

BRIZHFIMI B Hessian iBE V2 f(x) = 0, £ = A ZMEELERL £:

~

fl@+v)=f(x)+Vf(x) v+ %UTVQf(CC)’U. (928)

ZARBLBIIR/\ R
VQf(:E)'U = —Vf(:):),

5]

\ Az = —V2f(2) 'V /(2) \

ZIREH
L Vif(x) - 0 BHEIESH, [ ABRFTROTIRRE, “MEEEH, <8
Newton &—HEX RN =
Vf(x)" Azy < 0.

Boyd & Vandenberghe, Convex Optimization, §9.5.1, equation (9.28)
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MR 8: Z38[EJIAY Newton &

EE—HT (o IENANZIER)T:
a= (72’717172)7 y:(fl’,LLl), A =0.5,
4
flw) = Zlog(l + e Vi) 4 %wg.

i=1

£ w'® =04,

f(0) =4log2 ~ 2.773.

’
“wigm
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MR 8: Z38[EJIAY Newton &

EE—HT (o IENANZIER)T:
a= (72’717172)7 y:(fl’,LLl), A =0.5,
4
flw) = Zlog(l + e Vi) 4 %wg.

i=1

£ w® =04,
f(0) =4log2 ~ 2.773.
m Yia; = (25 17 172) 45

’
“wigm

F0)=—-3  f(0)= iZa? Fa=3.

MATH6015 - TAEMRL  Newton & 62/104



MR 8: Z38[EJIAY Newton &

ZR—4%H (, IENFNSIEOT:

a=(-2-1,1,2), y=(-1,-1,1,1), A=0.5,
4
flw) = Zlog(l + e Vi) 4 %wg.

i=1
Fow® =04,
f(0) =4log2 ~ 2.773.

B yia = (2,1,1,2) 8

’
_ =Fidl)
FO)=-3  [O=73d+r=3 “mim
S)1: %
f'(0) N -7
Awny = O 1,  f(1)~1.130. | 1| Awne ‘ | 7]
—1 1 2 3

X—SENFBEEEBEAN—ME ZMER.
BREER; BIEIRER Lecture 01B B log-sum-exp BIASIES
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BER ZIRIREY

PA—4E R 55
flz)=¢ -z
7B, Ee=14
ffy=e-1,  f'1)=¢,

Newton £/

—1 1
Ay = _¢ , T+ Axpy = —.
e e

ZIRIEETE « S5 ELRA BB ER R
B, MR,

Boyd & Vandenberghe, Convex Optimization, §9.5.1, Figure 916; self-contained quantitative example
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Hessian BB RIE T [§

L V2 f(z) » 0 BF, Newton Hth2ZHFIMULE Hessian SEEL

w2 (@) = VuTV2f(@)u
THIRETRS.
vy Hessian fES—SiRIBRMMEENER.
SRS AE,
V2 f(x) ~ VP f(a"),
Ay /Na) A% B A RN .

vy 5 §94 HIBXR

ZIREHEE FEREREIE P; Newton ik
ERBMNBEZMHE P = V2 f(x),

Boyd & Vandenberghe, Convex Optimization, §9.5.1, Figure 917; qualitative redraw
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HIE RN ERG

BHSRFE VSi(z") = 0 7F = MR K.
Vf(x+v)~Vf(x)+ Vf(x)v=0.
MRS v = Azn, —4#BY, Newton BEFRIZRA f BIELERIEMEIER,
SF f(2) = e — 2, ')
fl(z)=¢ —1.
£ =1281%R
FO)+ 1) -1),

HERN 2=1/e,

Boyd & Vandenberghe, Convex Optimization, §9.5.1, Figure 918; self-contained quantitative example
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5 AT

BT eR"EFR, fly)=f(Ty), Bx=Ty, W
Vi) =T'Vi@), Vfly)=T"Vf(@)T.
& L3 4247 T B Newton 579
Ayae = — (T V2 f(2)T) ' TV f(2)
=T 'Axy.

FR

‘ T+ Axnt = T(y + Ayns) ‘
Lo AR R E AR R — Newton &MY, X SRR EAX G55 = B SURAZ L EFEART L .

Boyd & Vandenberghe, Convex Optimization, §9.5.1, “Affine invariance of the Newton step”
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Newton decrement

AT RIS V2 f(x) = 0, BX

Mz) = /Vf()TV2f(2) 'V f(z).
EEE=NEMNER:
Az)? = Az V2 (@) Ay = —V f(2) T Au, (929-930)

—~

J(@) = min f(y) = $A@)*

Hessian SEF A 1HE — MR R e 1/ TORMEE TR 8
|Azas||2 = A2 —ViTAz, = A2 RIMMEZEEE \?/2

Boyd & Vandenberghe, Convex Optimization, §9.5.1, equations (9.29)-(9.30)
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FHfE Newton &

Algorithm 95

BRI V2 f EEXERIEE, fExcdomf 58ZE: >0, ES:
1. f# Newton 5712

Vif(x)Azn = —Vf(x), N =-Vf(x) An;
2. H)?)2<¢, 5Lk
3. BESIE TR ¢

4, x < x+ tAxnto

SCIRT

IRt EREEATRE, REXFAK Hession BNERERE, §97 e RS EMFIA,

Boyd & Vandenberghe, Convex Optimization, §9.5.2, Algorithm 9.5
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2B BRI

FEMIRIRKTE S ERIR

mI < V?f(x) < MI,
FIEAN Hessian B9 Lipschitz £&44

IV*f(x) = V*f(W)l2 < Lllz —yl2,  zy€eSs. (931)

%’J\Egi \1%ifl:llﬁ—ﬁﬁ’='—5 RAHE, RfZESKS5EE  WMEREUETHIERE; BE"
Hessian @3 , R, RAEBERNTETEE,

“REREHE L =0, ERSBIXEEEZEBEEH; FES 1/LHRRWEC L > 0,

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equation (9.31)
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PSRRI ER

FEO<n<m?/LE5~y>0, #5:

Vi@ >n = f*) - f@®) < —, (9.32)
L L 2
19 )le <n = 9 =1, SV < (wnw(m(k))nfz) 033
BENG SPESTHERE _ SNewonME: B, EEFS
(IVfllz ~=n

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equations (9.32)-(9.33)
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PREMERBY T IEE

A Hession ER5 \? > m|Aza3,

F(@ + tAzm) < (@) — X% + ]‘2“2

m

A2,
BELKt =m/M FHREWMEY, WELFRSK

pY4ES| X
2 T 2 p—1 2
N = VTV > VA,
H || VF]l2 > n B,
f@™) - f(z) < —aBn’— = —7. (9:38)

BEEMBEMESHE (f(=) - p*) /v F.

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equation (9.38)
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BB R

Hessian B Lipschitz 45 B Newton FREIBI=MRIA LR :

Fl@+ Azn) < f(@) — 2A(@)? + Az)®. (9:39)

L
2 6m3/2
=

m2

IVf(@)lz <n <3 - 2a) 7,

M=MIEE/N, HMm
flx+ Azye) < f(x) — a)\(w)z.

EIELCIENES ¢t = 1, LS Newton SARBHIERE, EiEHALL Newton FHER,

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equation (9.39)
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S2#E Newton 1% B

1
195l = | (9 (e -+ o) - 9 a) e ds
0

2

L
< SllAza: < HVf( )3

A

2
n =min{1,3(1 — 204)}%,

W—E||Vf. <n, BEBETEEUNSEET,

#HESX

HABEMRE, ERSFIOVIEUSSEE, SHREEERTHEHRTIOEIEN,

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equations (9.33)-(935)
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ZHRERER

FREMRINFHES

TR EBORE f(x) — p* < e BRBEES

log, log, (e0/e), €0 = T5

BUERIRER N o
TEV 20 4 tog, g, o) 936)
KA HIER 0, ~ DB
N M?L?/m®
afmin{l,9(1 — 2a)?}
ZSIEBR T URER, (BKEIE B AR A B REALAREEER) m, M, L, XIERZ §96 B9EIH.

(F(z@) —pY). (9.40)

Boyd & Vandenberghe, Convex Optimization, §9.5.3, equations (2.36)-(9.40)

MATH6015 - TARMRL  Newton i& 74/ 104



— 4 Newton Bk

333X (9.20) 5 Newton SESEIIZIER, o =0.1, 3=0.7,

E&AHBERREINKTESE, BEa
Newton ik, B—HHIFE IRIEEUES
B EMEERE R EME,

B 45 FHXERERE,;
B RE—HERENY 107 BE 10719
® BEIRISGEHEI I,

Boyd & Vandenberghe, Convex Optimization, §9.5.4, Figures 219-920; reconstruction of textbook example
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— B4 Newton Il F

A (921) B9 n = 100 DAL EA SHEHLIE R,

—e— [Ei%IER
—a— BRLIER

2 | |
| 6 8
2
G
s
=
20
& -0
—15 +

e

= [EHAL 8 ZIXEISHEE;
m FRRLERRRG 1S,

® B RIHSSER—IR, Z
BiOES =1,

B BHMENER o =0.01, 8 =0.5,

Boyd & Vandenberghe, Convex Optimization, §9.5.4, Figures 921-922; qualitative redraw of the reported behavior
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— 54 Newton Il F

BE—EHEE n = 10000, m = 100000 BIFHER 2R
min — Zlog(l — i) — Zlog(bi —a/ x).
i=1 i=1

HEMEH | <1(i=1,....n)5ajz<b; (j=1,...,m) AtH,

oo TR - m 413 HERB/ELMEMNER;
BA = B 4-5 BRIRERE,;

. N = SEAHABEN, EARRREA
10y 1

= BEANNBURTRREMERE,

1077 +

10712 4

Boyd & Vandenberghe, Convex Optimization, §9.5.4, Figure 9.23; qualitative redraw from the reported iteration behavior
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L EE)
X3t (922) HULEHIIE, ~ EHEDANS AR SRR RBMBIFIE, Newton KSR

a=001, B=05,

=
10-10 <A< 100

HENMEERIA ¢ RIEN KRB ESHEE.

BREAR BIREE

Newton £, decrement, #£i2ZMIZ LEERERR RGNS RIS RN EEREM;

B SR, B3 Newton FEEERL LT,
—
YRIRED: EREEHBEZ KRN R SRR

Boyd & Vandenberghe, Convex Optimization, §9.5.4, “Affine invariance of Newton's method”
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Newton jEHIENS
R

= EREUWER, BEP IR = 2B FHTEME Hessian;

= AEARTE, FRFRIGEAU; ® KBV fAx=-V/f;

= EEMEESEEID, ERIREPE4 LIS B KPS BN, HREEREA,
KSR

m XL RSHAAEK,

ZADTDIRBREEN m, M, L, BINAMISLAES Newton IF—HE5AE, BEASRMEEEHNSD
o

Boyd & Vandenberghe, Convex Optimization, §9.5.4, “Summary”
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B i

£ Newton SERVBE DTS, WEIRIKBER N EER
Hessian BY Lipschitz &%), XYEHEERT, BB
FRAEPUT NS

BiMElE (self-concordance) MU=MEEF M S8
HEXNXRZBERISBERIR, BFEK:

m {F5 AR T ARZHEY Newton decrement;
B AERMHEREHNELENSERERE,
= XEEES (log barrier) #1 — log det BIFE— 21

MATH6015 - BAFRMKL  BiHEERE

FILDRES
i ESSESIEPN

Boyd & Vandenberghe, Section 9.6
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—HERE X

EXEAFKXE dom f C R FHM=IRELTHMEEL f - dom f — RIRABME, BEXEFE « € dom f,

I (@) < 2(f" () (947)

= BARZLMRE 7] B9, MRUREEHE [ 7
RE.

E B2 BHTEER: EE> 08 |7 < k(F)Y?,
W (k2/4)f BRINVER; k=0 NERERER,

m AMSOHTXRRBEN=MNSHNET, ALENHE,

— logx

Boyd & Vandenberghe, Section 96.1, equation (9.41)
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nE—REZIRN

SFENXEFOIH dom f C R™ LRI ZIRELTHEE £ : dom f — R, BEXRWEN « € dom f MFE v,
—YERRE
ft) = f(x +tv)
£ {t| x+tv e dom f} LEBHR (941), BEULENARE RKH T A IRIHADERE,
A—UEHEIZTAL g(t) = f(at + b) JBI,
g'(t)y=a’f"(at+b),  g"(t)=a’f"(at +b).

BirBAARERRLETR |of®, BIRFAZ, X255
AT (affine invariance) .

t— x4 tv

Boyd & Vandenberghe, Section 9.6.1
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51 93: AWNMBER—LEHL

RXIE (negative logarithm)

f(z) = —loguz,
F"(z) = 2275

1
|f" ()]

2(f" ()%
AENBIFINF; XIERERRBEORKHESE

EFBEEREA,

MATH6015 - TLRK

EtHE R

f@) =272,

= I

SIBINERTEL

f(x) =zlogz — logz,

7@y = 252, () = =252,
B »
x
@i S @>0)

HEWHFAN1, HE2 - 0f BB,

Boyd & Vandenberghe, Example 93

84 /104



B 1R R & amE E AN

1. & fBWE, Ba>1, Waf BWHE;
2. gf1,f2 BirE, [ fi+ fo BiMA;
3. & BiE, Wae— f(Az +b) BE,

BIRRETFSOUMBNERNIERAS; F=FE—4% —log i
I EIZMAEXFE MBS IR,

MATH6015 - BAFRMKL  BiHEERE

Boyd & Vandenberghe, Section 9.6.2
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5l 9.4-9.6: [ETSHEAIER

KUERSFR IE RE¥E P i MR BIRSE

B ilog(bi —ajz), a;x<b. f(X) = —logdetX, X »0. q@) =" Pe+q e+,
X v B, B f(@) = =logq().
S—IRH — log SHsTREHEAT 2 —log(1 +tAi). Pe ST, BXEHR q(z) > 0;
= —HIRFI TR AT N AT EIR
Z#,

{z|afe<b;,i=1,...

sm}

Boyd & Vandenberghe, Examples 9.4-96
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Bl 97: SHHWESHIFN

gﬂ@%ﬁg:R++ %R;ﬁ&

1
1" (@)] < 24

my
f(z) = —log(—g(x)) — log=
E{z>0]|g(x) <0} LEWAE,

HHB BRI g .
-2 (0<p<1), —logz, =xlogx, i
2 (~1<p<0), @

BIMERSZRRE az® + bz + ¢ (a > 0) BIREIZFRM.

‘ ‘
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
N 5 T
| |
| |
| |
| |
| |

g(z) <0

Boyd & Vandenberghe, Section 9.6.2 and Example 97
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51 98: FERNLARIFEL
S HIAITIRE 5 & thim RS-

BigtAR R

flz,y) = —log(y® — =" x), flz,y) = —2logy f(z,y) = —logy
lzl, <y —log(y*'? — 2?), —log(logy — ),
2P <y, p>1. e’ <y.
FELE M Rt o HE —HIN ZbIE Yy
lzll, <y i

Boyd & Vandenberghe, Example 98
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BB 9: HEF-itRIBIEESERE

[E1Z Lecture O1C BI&EF=HHEI: WEEH 3u+2v, ARA 2u+v <8, u+2v <8, u,v >0, Xt >0HiE
TR FIa R

Fi(u,v) = —t(3u+ 2v) — logu — logv
—log(8 — 2u —v) — log(8 — u — 2v).

<

X R REBEE AR AT, —log lEISZFE
BiMERE, LUBBERARZ_NS=NSH, 1

FERREIATAE
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BB 9: HEF-itRIBIEESERE

[E1Z Lecture O1C BI&EF=HHEI: WEEH 3u+2v, ARA 2u+v <8, u+2v <8, u,v >0, Xt >0HiE
TR FIa R

Fi(u,v) = —t(3u+ 2v) — logu — logv
—log(8 — 2u —v) — log(8 — u — 2v).

E X R RAMATAE 1T, — log [EIRZFZ v
BiMERE, ZERERAREZMS=ZMEH, t
t=1: x, ~ (27529, 1.7734),

FERREIATAE

\4
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BB 9: HEF-itRIBIEESERE

BIZ] Lecture O1C BIEF=IEI: WEA 3u + 20, HIRA 2u+v <8, u+2v <8, u,0 >0, Xt >041iE
TR F )RR
Fi(u,v) = —t(3u+ 2v) — logu — logv

—log(8 — 2u —v) — log(8 — u — 2v).

E X R RAMATAE 1T, — log [EIRZFZ v
BiMERE, ZERERAREZMS=ZMEH, t
t=1: x, ~ (27529, 1.7734),
t =31 x ~ (2.7848,2.1858),

ES
I~
—

FERREIATAE

\4
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BB 9: HEF-itRIBIEESERE

[E1Z Lecture O1C BI&EF=HHEI: WEEH 3u+2v, ARA 2u+v <8, u+2v <8, u,v >0, Xt >0HiE
TR FIa R

Fi(u,v) = —t(3u+ 2v) — logu — logv
—log(8 — 2u —v) — log(8 — u — 2v).

E X R RAMATAE 1T, — log [EIRZFZ v
BiMERE, ZERERAREZMS=ZMEH, t
t=1: x, ~ (27529, 1.7734),
t =31 x ~ (2.7848,2.1858),

t = 10, 30 BH&KIX A (2.7129,2.4997). o
(2.6830,2.6092), FLHEIE %0
z* = (8/3,8/3). \

FERREIATAE

BREUES; FELE Lecture O1C BY production planning
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BEBSEES Newton decrement

SR OB MARE f, 7E x L&LA Hessian EX FEREEL

v, = V2 @)2 A@) = (67 V(=) )P, 9= V().

Newton decrement EBFERE (v # 0)

<\ ,
[, <@
SN, £ v = Az, BEES,
CRERRETEN—MIKE, UHFINENHERES,; HHET A
ERBRTHERE,
[vl, <1
Dikin Bk

Boyd & Vandenberghe, Section 96.3, equation (9.44)
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SEl:E i

MN—#FEROBMEARL, BERGSMNISLEH

‘ 4y <. (9.45)

dt

EZt>08(0,t) Cdom f, WTFRKIL; HBEt < (f/(0) /* 8, ERBMRIL:

/" (0) S /" (0)
— L <) < — 2 (946)
(1+t/F7(0))* (1 - t/F7(0))°
XARMET BEEMNER: REBHEEANT £(0)
(f7(0))~? BB\, ZMERRTHER AR, A
ESHIER, Bito ot v NAR—E0; FEEMEH LR
BL BRI,

TR

> 1

Boyd & Vandenberghe, Section 9.6.3, equations (9.45)-(9.46)
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LA decrement & HI sz t4iEl R

MR EERE, B (z) <1, N

P > f(z) + M) + log(1 — A(z)). (949)
% \(z) < 0.68 BY,
f@) —p* < A=)*. (950)
FELEA \(x)? < e RIEIEEN (e < 0.68%), TTEIBRIE - R1IK.
TORAERMA G A2 /2; BIMAMIREE, BERM 2 4
EEENLER, X —log(1 — )
-\

Boyd & Vandenberghe, Section 9.6.3, equations (9.49)—(9.50)
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B 1@ Newton SERIRMERTT A

% f &G, BIMABRE TR, WRKOKEEFASE;, KRB 0< a<1/2, 0 < 8 < 18 backtracking line
search, FEREKH o, 8897 € (0,1/4] 5~ >0, 5.

PEfEBER (damped phase) 2EMER (full-step phase)

EXz®)>n, W ENzP)<np, ZEREZt=1, B
F@®) — f@®) < —. 22(2* ) < (2a@™))?.
BE—SEEENREETE, decrement 2RSS,
J=p
SHEELTH
1 ZIRISK
: beavl

Boyd & Vandenberghe, Section 9.6.4, equations (251)-(92.52)
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EAERESHERN

EL—RORET, BENBRRSRE

f@®) —p*
v
®;, EAZTNERE, 21 log, log, (1/¢) ZRITRIE f(z) — p* < e
HEMARER log barrier, #H1SLIKH AR
a=01,=08,c=10"1Y; B LRITEH g LR
375(f () — p*) +6. ,:/': .
ZRRET, ERARMMERL, L.

-
“e

SERRIECEL

> f(z) - p*

Boyd & Vandenberghe, Section 9.6.4-96.5, equations (253)-(258), Figure 925 (EMELR)
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LK RAIFT R

HERRREITMNE—FL _LHIREL

fit) = f(z + tAz), t>0.

BN WEWH « + tAz FRAREN f, SEEXEUE, BIRRARNSG t TXNE, BIUMER
AN F(t) RESH.

/ \ itE L
L omhe e %*’ BRI

Boyd & Vandenberghe, Section 97.1
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FSES: CEMERERHER

& f(x) = ¢(Ax +b), AcR>*", N

A(z +tAz) +b = (Ax +b) + t(AAx).

X b MEES K ety [ Ade |
B BEITE: 4 2kpn flops; / S \
® SCIE Az + b, AAx: £ 4pn + 2kp flops,

Yk RINE n KBS, BEBRT k RSHEEBETE, [ (A +b) + H(AAz) }

Boyd & Vandenberghe, Section 97.1
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LMI e OB 1R 2R

% f(x) = —logdet F(z), ® A=F(x) =0, B=Y, Az;F;, i& Newton /[a:

P
f(t) = —logdet(A + tB) = —logdet A — Zlog(l +tA), (959)
i=1
Hip \, R L7 'BL T BSEE, A= LLT; BESKERBRE A+tB =0, EMF 1+t\ >0 (FAF i),
MtEZE, SXREHEFESHIENNE O(p): ‘ A— LIT ‘
) N L )
f(t):_;lum' A4
=i =
SEARBEEE knp? + Lp® B [ L BL }
2np® + Lp° + dkp. A

Boyd & Vandenberghe, Section 971, equation (2.59)
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Newton FHHIZ AL

R H = Vf(x). g =Vf(z)/a, Newtonsystem 5
HAx,, = —g.
SIEE H, F Cholesky 9 H = LL™:

Lw = —g, L"Azn = w, N =|w|i = -Azlg.

£ Hession ETZH LM, Newton ZEHALA He LT

F + 1n? flops, ¢
Heh F 2R H # g B9RA; Cholesky HRERES, Lw=—g

forward solve

}

LAz =w

backward solve

Boyd & Vandenberghe, Section 9.7.2
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MZA 10: A iZiTHEY Newton system

Lecture 02 BIERMBIAIRITEL N = 200, € H N&ETREME. D A—MESIER:

Hu — ydes 0.05
I~ yoeels 03 g 4 D05z

Flu) =" N+1

ZABR 2R M TIREE; XEIBIR Hession &

— TR, i

HTH Toeplitz / convolution

N+1

MATH6015 - BARMKML M
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MZA 10: A iZiTHEY Newton system

Lecture 02 IR AIZITER N = 200, € H AETRIEE. D I—MEDHERE:

|Hu — yaes||3 0.05
=127+ ||Du _—
pluy = =Yl B8 oy o 22 .
ZIRB TR TIRIARE, X EIEER Hession P& ( P )
—TREI3RS TH Toepl
I o N+1H H Toeplitz / convolution
F g I
95pTD banded
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MZA 10: A iZiTHEY Newton system

Lecture 02 BIRMBEHIAIZITEL N = 200, © H NEFREME. D I—MED5ER-E:

|Hu — yaes|3 | 0.3 , . 005
— N2 = Jdesliz 4 P20 p
sy = W0 il 08 4 090 3
ZEREMEOTIRARR, XBRIEER Hession & ( R )
—IREIRIR, N1 HTH Toeplitz / convolution
/ ¥ B R

& E IR
+I diagonal

0.1
N+
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MZA 10: A iZiTHEY Newton system

Lecture 02 IR AIZITER N = 200, € H AETRIEE. D I—MEDHERE:

|Hu — yaes||3 0.3 2 0.05 2
= 122 = ddesllz | 29 p —2 |2
flu) = PSR 1 22 Dulld 4+ o3
ZIER 2RO TIRERR,; XBIER Hession P& ( - )
—I)FiE"];Eil Vo Nil HTH Toeplitz / convolution
H Hession A ) ¥
2 0.6 0.1 B In
V3= N7+1HTH i WDTD + m[ = 0. %DT D banded
— —_, P — \, ) + )
BirEmgm IR RE, FELTE Newton &H—iX —_—
SRBBRAA; TIRRARX NS RAELILER R
= NIT gona
Newton system
VifAu = —Vf

BiRES; B Lecture 02, Boyd & Vandenberghe, Example 6.3
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IR Hessian

EHi;=0 (Hli—j| > k), Hessian BIFHEN k. HIK Cholesky S=AKBENERAN

s
TREEEN F + Lnd,
XFEMERERE ¢, £ ERRET RFMHE

2k + 1 MEEREFLMES, EENTIRITE., =
LTV RS HESUBREL,

EI
1
HEE
|
2k +1

iz

SRS FEBL =1

Boyd & Vandenberghe, Section 9.7.2
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5l 99: HEXNBETEZMALEH

BB R —» ROBZHMERM, HERE
f(x) = 1(z1,22) + Yo (w2, 23) + -+ + Yn—1(Tn-1,2n).
F—IMRBEETANEE, UV f(z) REXNAER. BT Hession IEBERX——IIRL:

{RIB$PEEEEER

I8N 1; TEFBL Hessian IR O(n) BB Hessian IEE (HAZENL) BURTIRT, #IK Cholesky K
N

%"
fi# Newton system B T{EEME n &SR, mIE O0®),

Boyd & Vandenberghe, Example 99
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WSS

#Er Hessian bap=:piIL[2#53
ATREIEIR B P, & £ D = diag(v (z:)) > 0.
- Ho = VZo(Az +b) = LoLE =0, B
H=PLL"P
B9 Cholesky Bl F B, ZHFSHBRIM—IX; f@) = i(@:) + Yo(Az + b),
S REHBEDE. i=1

W H=D+ATHyA, 3 AcR>™™ Hp < nlhd,
Y% Newton system (6 H—1 p x p BRE:

(I+LEAD "ATLy)w = —L{AD 'g.  (961)

BEEA Az = —D ' (AT Low + g) TR&E Newton
&, BMALA 2p°n, BR 0 x n FEDE,

D A e RPX™ pXp
diagonal pLn reduced system

Boyd & Vandenberghe, Section 97.2, equation (9.61)
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£ 9 BHISH

FRSES

= REAE AR,
=B RIE FEERIERTE
@ Newton &L Hession fEAEEES,

SRR

RS RRGHERE, DRSRRIATRME. =
R TE —ERN LM IRSOERE, Newton EFER
RIMREHAZ RSN R,

MATH6015 - BARMKML M

SRIR

BBIYMES Hessian BY Lipschitz 4448 B Z B 1R ;
BB ERLHEHATHNELLENSE
RER,

HHEESA
—RERBNMMER B BUR FERRBFABE A,
Fit&E. Cholesky DRRARTIR. HER. RKEH
RTE Newton iERERY BEIAMARIEZ,

Boyd & Vandenberghe, Convex Optimization, Chapter 9, §§9.1-9.7
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