e

O AR ad4s. ks X4y, 6, K5, HAE, Wit #
2%, L2 3BAA RS A RGRA]; RRTLE
FknaAREEA, A EARELANGQEMTEZF
. FITHAASIIMHARKTESLA. 4. 72 PY
£l &, BABRG— B SR EFRE RS L X GRF .

[ R4 # 45 % &0
B HMEART: I %
B g7 4§: ChinaHadoop
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To A R4 o) E
T RAEALIE R ( unconstrained optimization )

| &
D @ L
f:R"™ - R JXEBZEL ( smooth function )

M NERBRRAER , MRf(x) gﬂ@)@ %.é,éﬁ

B DRBREA MR~ BN 8] () < s
f(x),VxeN X
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TSR]

% ot

Figure 2.2 illustrates a function with many local minimizers. It is usually difficult
to find the global minimizer for such functions, because algorithms tend to be “trapped”
at local minimizers. This example is by no means pathological. In optimization problems
associated with the determination of molecular conformation, the potential function to be
minimized may have millions of local minima.

Figure 2.2 A difficult case for global minimization.
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TSR]

Theorem 2.2 (First-Order Necessary Conditions).

If x* is a local minimizer and f is continuously dzéerentiable in an open neighborhood

of x*, then % 0.

Theorem 2.3 (Second-Order Necessary Conditions).

Ifx* is a local minimizer of f and V? f exists and is continuous in an open neighborhood
* * 2 ~ \J. . .
of x*, thenV f(x*) = 0 and V-~ f (x*) is ive semidefinite.
V

Theorem 2.4 (Second-Order Sufficient Conditions).
Suppose that V* f is continuo@n open neighborhood of x* and that V f(x*) = 0

and V? f (x*) is positive definite. Th astrict local minimizer of f .

Theorem 2.5. ,E /ﬂ
When f is convex, any loWrx* is a global minimizer of f. If in additio@
differentiable, then Wis a global minimizer of f.

7\C ->3/
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ChinaHadoop.cn



TSR]

% FEF % (line search)

e —
ma‘f—%auu&ﬁszrﬁszﬂu;im S, ST T 4 ETHR
1t

@ﬁmmmnpk RS K | BefEE &
min f(x;, + apy) 7(\(' -

a>0
Huae XA )
BS54 ( trust region )

T ML IE — MEEBIEL ( model function NftEx, Mt

EH—MET, IRXNMETT RBEERFR LRI , WA ERE

R F a1 ER A
-
mlnmk(xk W ere x,+p n the trust region

I A £ B8 L W& 5Pz

ChinaHadoop.cn
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ZIEE

~.
<)
FE&E E(line search) F3ER | TEMNERR K)\,\'

Xk+1 = Xk
I L IE R EBURT 5 6 [ p, F1 & K (step ;ength)akE’JliFFo
SHEEREED |, EXRp, T&E_AI@ (descent direction) ,
Blplvf X 0,—fMS, BER&ERNAEE FRER \ /\
D

< ) _ MR

< KWV :\_(Q*\ ® pk:_ L
HA B, = — M PHH KR ( symmetric and nonsingular ), |

(OO

1>
3=

« steepest descent method: I

Newton’s method: the exact Hessia

e
*  Quasi-Newton method: an approximation-te-the Hessian that is

updated at every iteration by means of a low-rank formula.
IR HHOR (L S NEEJ:
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ZIEE

LINESEARCH METHODS

\, 7

® ensure that this direction is a descent direction, i.e.,

® calculate a search directio

grpp <0 if gg #0
g

so that, for small steps along pg, the objective function
will be reduced

® calculate a suitable steplength\a; 3 0 so that

Yoo T flak+ opr) < fi

g

® computation-efar 5 the linesearch—may itself be an iteration

® generic linesearch method:

Tkt+1 = Tk + OkPk
—

A A e i T
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$K

EHRETERGOpMNERT , BIRTCBRAN S K, , BRVBERE

MAEH FAREHREIR ) o
(@)= [ + ape)
EERE ERERNRMEN S AUMEREER  ATTXEERRAR
—_—
WS, PRUARAT— R A I BILIRR (inexact line search) [}
. EHRNARSNTH
- HFERAEKRD

o (@)

point global minimizer
E—————

Figure 3.1 The ideal step length is the global minimizer.
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STEPS MIGHT BE TOO LONG

f(z) 3

25

@\1 :f(ml)

(z3,f(®3) 4o
(mS)f(:ES) ——————— iy ——— (11:4,f($4)

e

0.5F

1 1 1 Il 1 1 1
-2 -1.5 -1 -0.5 (’ 0.5 1 1.5 2 T

The objective function f(z) = z* and the iterates z341 = Tx + axpx
generated by the descent directions py = (—1)¥*! and steps aj =
2 + 3/2F from zg = 2

A A e i T
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$K

STEPS MIGHT BE TOO SHORT

f(z) s

251

(z2,f(z2) ]

1.51

0.5

The objective function f(z) = z? and the iterates zp,1 = T + axpi
generated by the descent directions pr = —1 and steps ay = 1/2F*!
from zy = 2

IR 1 A 7 S I & 5 PR
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Armi jo conditions

B% , RNFLEFEREASEEBHTH

f e+ ape) <\f O '@ Q,g \1{\;

BBic, € (0,1) 15 ERFEFAAMioR S FEXWEBITNI(a) , 2
—M@%i{\ Cy kaTp§ < o%éﬁﬁ@@)\ﬁﬁﬁm}ﬂ\%ﬂ*%/‘*

ent decrease )

2,

d(a) < l(a)
SSRRRIAH | BAT— e, BER/ |, Hltc, = 1074,
\ \_/

AR RE BORAE LR R S ==
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Armi jo conditions

\ J’\ l/\;L\ , N
§ 0(0) =fix +apk C i 2 'E v Q\(, LA
\ ~ - l((x) g '\(

R

acceptable . acceptable

Figure 3.3 Sufficient decrease condition.
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curvature condition

AT, HaEERDHEHME , AmioRMHRIL , EREXHATREE
HE K, Fﬁﬂﬁﬁ]%l)\curv?urec ndition , B
1§ (L2 3
VfCud+ ap) )= 27y
=W, € (¢ 1) Tﬁwﬁut AT HBIE
¢'(@)BIZEKRTFc, 150 (0)o & L& 7 (~ },\L“\
c, =09
when search direction is chosen by-N-ewtormorquasi —Newton
c, =0.1

when search direction is obtained fremnonlinear caonjugate grdient
methoed

AR RE BORAE LR R S ]Jl. 5 2 pa
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curvature condition

| o) =f(x;+oupy)

| s (9 6v)

) AN
S N
N .
™ .
D Ak\_/ desired
tangent :

7 o

N iR <

~ :
{ acceptable (I acceptable (

Figure 3.4 The curvature conditios

l.

AR RE BORAE LR R S
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¥&Lol_ie conditions

The sufficient decrease and curvature conditions are known collectively as the Wolfe
conditions. We illustrate them in Figure 3.5 and restate them here for future reference:

.6 7 fa +axpr) < ) + oV L pr, _ (3.6a)
VG + ape)” pe = eV f pre (3.6b)
with0 < ¢ < ¢ < 1. A
—

& It is not difficult to prove that there exist step lengths that satisfy the Wolfe conditions
or every function f thatissmooth and bounded belo

I A £ B8 L W& 5Pz
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Wolfe conditions

¢ (o) =fCx, +op, )

S Ka)

line of sufficient
decrease

-

acceptable

acceptable

Figure 3.5 Step lengths satisfying the Wolfe conditions.
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Wolfe conditions

Algorithm 3.5 (Line Search Algorithm).
Set g < 0, choose o,y > 0and o € Qé. amgz);
I < 1 T T
repeat
Evaluate ¢ («; );
if p(ai) > ¢(0) + c1i ¢’ (0) or [p(@i) > Pp(j—1) and i > 1]

o, <—zoom(a;_1, @;) and stop;

Evaluate qb’(om ; .

if |¢'(a;)| < —c20'(0) “ \ y
set o, < «; and stop;

if ¢'(ct;) > 0
set o LQQ.m(ﬂH-m\L) and stop;

Choose oj11 € (o, Amay);

I < i+ 1;
end (repeat)
R HR 1 2 U & 5 P



Wolfe conditions

Algorithm 3.6 (zoom).
&
repeat
Interpolate (using quadratic, cubic, or bisection) to find
a trial step length «; between o), and ap;

Evaluate ¢ (o ;); T~
if p(aj) > ¢(0) + c10t;¢°(0) or p(e) > P(atso)
Uhi < ;5
else
Evaluate ¢'(« );

if |¢'(aj)| < —c29'(0)
Set ar,, <— ¢ and stop;
if ¢/ (o) (o —agp) > 0

Ohi < Ulps
Al < aj;
end (repeat)
IR SR A S 5t = Pz



Goldstein conditions

5Wolfe conditionsZ:fi , Goldstein conditions & —## AT LAfRUE
sufficient decreaseFH B Ka L&KW IEE , B

fx) + (A =aVfil i < f(xx + apy) < f () + calV i py
HA0<c<05

A disadvantage of the Goldstein conditions vis-a-vis the Wolfe conditions is that the
first inequality in (3.11) may exclude all minimizers of ¢. However, the Goldstein and Wolfe
conditions have much in common, and their convergence theories are quite similar, The
Goldstein conditions are often used in Newton-type methods but are not well suited for

quasi-Newton methods that maintain a positive definite Hessian approximation.

AR RE BORAE LR R S ==
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Goldstein conditions

o (o) =f(xk+apk)

o

acceptable steplengths

Figure 3.6 The Goldstein conditions.
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Backtracking line search

EXRFRMAF , RMNATRSHE , 2EEMWHFEWolfe
conditionsBV £ —/N& 4 , R{F Asufficient decrease conditions3 3R NG 1%

F , B A/ B ENbacktracking methods,
—
Algorith 1 Backtracking Line Search). O&
Choos £(0,1),c€(0,1); Setax < a;

repeat‘ﬁtﬂ-ff %+ ap) < foaT+ caV fi p KOL

o < po;

end (repeat) 6 \OZ

Terminate with o = «.

—pn §\ , > . , S PSP =
%M E , £ Newton’s method#lquasi-Newton’s methodF E A 1iEFBa =1 |,

FEsteepest descentMconjugate gradient 5 &R EA A sE B H MM LR,
pVEEFFRERARHVTIMEL , RIVFERILED € [p1p, pril, 0 < prp <

pni < 1.
R 1 LB chhlg.??'f’“




Steepest descent

EHIET &% ( steepest descent method ) A |, LkiBR TR

Pr = Vi
WETWEAAR K R ’\&ie

ﬁky:xk——\@ %M

2 Steepest descent

/

2.1 The algorithm
Step 0 Give\é, set k := 0. \\3}&: \‘L\\é Q/ Q
Step 1 ik = =V f(xF). Ihen stop. 1‘(‘\(’\”> f:_//
Step 2  Solve miny h()) := f(x* + Ad¥) for the (/

step-length A\*, perhaps chosen by an exact
or inexact line-search.

Step 3 Set zFt! — xF + \fd® k — Kk + 1.
Go to Step 1.

AR RE BORAE LR R S ==
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Steepest descent

STEEPEST DESCENT EXAMPLE

1.5

os5F W\

-0.5

Contours for the objective function f(z,y) = 10(y — z2)? + (x — 1)?,
and the iterates generated by the Generic Linesearch steepest-descent
method

A A e i T
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Steepest descent

° Y |

\_\.
Advantages and disadvantages of steepest descent: J\[\/

@ Globally convergent (converges to a local minimiser from any
starting point z9).

@® Many other methods switch to steepest descent when they
do not make sufficient progress.

© Not scale invariant (changing the inner product on R™ changes
the notion of gradient!).

© Convergence is usually very (very!) slow (linear).
\ —=

© Numerically it is often not convergent at all.

AR RE BORAE LR R S chhliﬁaif?ﬁ



Newton’'s method

FEHWE ( Newton’s method ) A |, &R F [@N

P =—(V2f (i) ) Vi
XEZRRAEZ RS Ex, TN =M EERITIELN , NTIH

1
fG) = flxp) + Vi (x —xi) + f@lvzf(xk)(x — Xp)

N ERXABKRZ/ME , N Al |
Vi +V2f(x)(x —x,) = 0
M, EEERART —
Xirr = X — (V2 f () )7 VA &

—

\ g

AR RE BORAE LR R S ==
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Newton’'s method

The algorithm

Step 0 Giveet k:=0.

Step 1 dF := —(V2f(x*)) "1V f(z*). d\
If ||d¥|| < e, then stop.

B==—————

k+1 k k 1
Step 2 Set x —x"+d . k—k+ /)

Go to Step 1. (9\
\—~

Comments

¥ The method assumes tha s nonsingular at each iteration

%
o herei}u.o_gna.nameee.t.ha.t_ﬂ:ﬁH) < flzF) —

e We can augment the algorithm with a line-search: /( ﬂ\f';

m/\in f(xF +2d¥)

I A £ B8 L W& 5Pz

ChinaHadoop.cn



Newton’'s method

Wt . BE = RE

Theorem 5 (Local Convergence of Newton's Method). Let the Hessian H of
f € C? be uniformly Lipschitz continuous on R". Let iterates z* be generated
via the Generic LSM with B-A steps using ajnit = 1 and 8 < % and using

the Newton search direction n*, defined by H*n*F = —gk. If («*)y has an
accumulation point z* where H(xz*) = 0 (positive definite) then

i) ok =1 for all k large enough,

i) liMyg_ o xk = *,

iii) the sequence converges Q-quadratically, that is, there exists k > 0 such
that

[ — 2|

im —— < «&.
SN

The mechanism that makes Theorem 5 work is that once the sey

and quadratic convergence to * commences.

Note that this is only a local convergence result, that is, Newton’'s method is
not guaranteed to converge to a local minimiser from all starting points.

(z*)n enters a certain domain of attraction of z*, it cannot escape an/t

R 15 4 S

I F PR
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Newton’'s method

The fast convergence of Newton’'s method becomes apparent
when we apply it to the Rosenbrock function:

1.5

05F \\

-0.5

-012 (I) Oi2 0i4 0|6 - 018 ‘;
Contours for the objective function f(z,y) = 10(y—z2)?+4 (z—1)?, and the iterates generated
by the Generic Linesearch Newton method.

A A e i T
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Newton’'s method

M BAHFEIEREV2 f(x, ) FIEE , BRAL4 UL A 85 LR T
B HE 2 TRITEHHER | BB EEEZ BT 75
—NEE4ERE  EEREFENT -

-—/\

Algorithm 3.2 (Line Search Newton with Modification).
Given initial point x;
for k=0,1,2,...

Factorize the matrix By = V? f(x;) + Ej, where E; = 0if V2 f(xy)
is sufficiently positive definite; otherwise, Ey is chosen to
ensure that By is sufficiently positive definite;

Solve By pr = =V f(x);

Set xy1 < Xx; + oy pr, where o, satisfies the Wolfe, Goldstein, or
Armijo backtracking conditions;

end
R R T chhlg.??'f’r-"



Newton’'s method o e

—MEIEREMT -
v2foo) +) 77

v

Algorithm 3.3 (Cholesky with Added Multiple of the Identity).
Choose 8 > 0;
if min; a;; > 0
set 79 < 0;

else _
@= —min(a;;) +
end (i —

fork=0,1,2,...
Attempt to apply the Cholesky algorithm to obtair@ = A+ nl;
if the factorization is completed successfully -
_stop and retur&&_

else N
Tk+1 aX(2 ’ ﬁ);
end (iH— g =103
end (for)
IR ARAE 2R S ]thl_”%':ai';f?:



232 ) B

H 348 E 7% (conjugate gradient method) 2 —fh B TR S RAR

AT E | IREM S TRAN *\\%)
Ly 0w
I \
ML LRABEN T RFRATE N7 d\a Q/%
1 —
ming (x) = ExTAx —bTx
~— <
%13 AR Lo
Gy v - AN
\ . S —— e %
éx = kaT.l- ) 1E v
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FHE 75 X

BN —RISEEOE(py, py, ..., I}BR BFASLHRRY |, IR

e ] -
&g : 1_ @

plTApj =0,foralli #]

SRR HBADREMELRNEBA, N L
e——

&Y‘ s 'Y\L»{)\\f'q/ Y'T"?‘J‘-O

Bﬂ@“ 3
g
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FHE 75 X

HEHEEREN THAER ﬁ@ € H@—%EIJ?EHZIEE%EEA#{EJEE’\HF
A

Xpp1 = xk M

Hia, RESERS (1) —leAx—bTin/J‘ﬂf.E’J"F‘lﬁ FIT L
P

AR BAER |, W T ESRRR Lﬁiiﬁm%k}ﬁﬁzﬁﬂﬂﬁﬁ

DR RE A = DR B P REES Qﬁﬂ&ﬁ o
U N/

AR RE BORAE LR R S ==

ChinaHadoop.cn



FHE 75 X

Figure 5.1 Successive minimizations along the coordinate directions find the

minimizer of a q TR agonal Hessian 1T ions.
A L S el



FHE 75 X

Figure5.2 Successive minimization along coordinate axes does not find the solution
in n iterations, for a general convex quadratic.
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Ak A (

@ FEBHX R REE - RIX T EEERARRNFEORA
{po,py i} #\mﬁrgsﬁxﬁéa@%@—mﬂ@aaﬁﬁ—/mgruq
pre—1 A8, BIRIR -

@@ >
B A RS E G Bpr—1 < TREFAFLH , MM H

TE——

\1 FRv " B = AP
Q P—14Pk- )2’0
1 (‘V\*_\ﬁ« e

% T W
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232 ) B

Algorithm (CG-Preliminary Version).
Given o

Set ro ¥ Axg — by(pg)|<— —ro, k < 0; %
while Fro—— \i 0\ %7»\} .
ol L,
o «— — 7‘. : \,:/
— )
Xk+1 < Xg + O P’

— v ¢

ris1 < Axgyr — b

Pi APk ’
@ —Ti+1 + Br+1 Pk

k < k+1;

end (while)

IR 1 A 7 S I & 5 PR

ChinaHadoop.cn



232 ) B

Algorithm (CG). _ < é
Given xp; Lﬁ&q ’

Setryg <« Axg — b, pg < —rg, k < 0;

while I ;é 0
o — d\\L
Xk+1 < Xg + O Py,
C
Fis1 < x FoAp
'A Tk+T
Pr+1 < +l
" rL
m+m "k:
k < k+1;
end (while)
AR HORAE 230 jcjhl.,;%aﬁf?ﬁ



232 ) B

Remark: @ /\Y/'b
HREEZEEEHEREEATANER. — REBETENER
o\R) FEHIH %R & Cholesky S H A BE A,
/- A LU , MRAR TR IEE , REMHEER S Er AN

4o «
(\J/b/

@ .

e
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232 ) B

Algorithm 5.4 (FR). \ A k) — Sg\;
0

Given x; - . ~L/46>
Evaluate f, = f(xo) VL@, ‘6\'\&' L

!
Set po «— —V fo, k < 0; J(\ - k\S(

while V fi # 0 Jc\_d\/‘iw)
Canpuf oo s = 5 (s V)

\
Evaluate V fi+1; \/\) )

T
C 9\\\' B < Vlev-ka;
— Vf[&fk”
\ b\v Pr+1 < =V frs1 + By Prs
/ —k —k +1;

end (while)

IR 1 A 7 S I & 5 PR
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WHBUE

ELVF W% ( quasi-Newton method ) 2 E T4 WUEEM EAY— R 5 o
FiE, NTEBLUEMS

e = (72 C)) 7 G

EEHRIERERE ,
BB EE fe D

PAPURN ER B 2 A BN A BEEMNE.

AR RE BORAE LR R S ==

ChinaHadoop.cn



WHBUE

E%ﬁmﬁ{ﬁ%@@m:M$%ﬁﬁﬁM@@,%ﬂ

mi@) = fi + VfTp + 577 By

o7 RBBIE N =ML, ROERES —RRRFH 81
# , RIBFUE | BRI A TARTH

P = =By 'Vfk

o —

o

T—=MRER
Xk+1 = Xp T APk

XFTR—=MRES , EANEH T Z =8 RIT RIEMRER

1
My1(P) = frr1 + VP + 5P Bics1p

AR RE BORAE LR R S ==
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*uq:iﬁﬁi% A M g

BB LEXHEND
BIER .
W\
ABri1Dre = Viirr = Ve N
A
oE)
Sk = Xk+1 — Xk = APk, Yk = ka_|_1 — ka
— /_

B4 = A%

o
Bk+1% iég)’k )
MRICH, = B, " BAH AT BBEEBFENE , HFABEXRR

AR RE BORAE LR R S ==

ChinaHadoop.cn



*uq:lmﬁ% N * \)\w\ = \du = @

N 2\ -
BNABEH,, 502850 "R XFENECZAE | FibH, kL

= AR

min||H — H||

t.H=HT,Hy, - Sk
AR |, He  SHMNEFRE T RXR

Hi+1 = (1 — prseyve )Hi(1 — peyisi) + prSkSk

— — e e ——

Hefip = o LAEHARHHBFGSEH A,

——

AR RE BORAE LR R S ==
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WHBUE

Algorithm 6.1 (BFGS Method).
Given starting point@ convergence toleranc@> 0,
inverse Hessian approximatior@
k < 0;
while ||V fill > ;.
Compute search direction

Pk = ‘@ka:

Set xp4+1 = X + oy pr where oy 1s computed from a line search
procedure to satisfy th&Wolftz)nditions (3.6);
Deﬁn Xk+1 — Xk and yx = V fr4 TJ‘L,\
Compute Hy,
k <—ll)< + -1’\
end (while)

IR 1 A 7 S I & 5 PR
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WHBUE

Global result

if fis strongly convex, BFGS with backtracking line search (EE236B, lecture 10-6)
converges from any =%, Hy > 0

Local convergence

if fis strongly convex and V2 f(x) is Lipschitz continuous, local convergence is
superlinear: for sufficiently large k,

25+ — 2*|ls < exlla™ - 2*|l2 — 0

where c;. — ()

(cf., quadratic local convergence of Newton method)
>

I A £ B8 L W& 5Pz
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A JEIXEE

ORI BRZEEE
http://www.xxwenda.com/
B a[iEEEaE Bt ARE R
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EXZR 3T

INEF e . BEANFIRA S EEINE
- WIEARS: PR

- FRHE: ChinaHadoop

-

"ﬁiﬁ"‘ ""‘3' § ""°

.A ;A l‘ H‘ “‘ \‘ 5‘ N‘ ‘

nq
JJJJJJ g;u i»j

-l

.x_J
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e

O AR ad4s. ks X4y, 6, K5, HAE, Wit #
2%, L2 3BAA RS A RGRA]; RRTLE
FknaAREEA, A EARELANGQEMTEZF
. FITHAASIIMHARKTESLA. 4. 72 PY
£l &, BABRG— B SR EFRE RS L X GRF .

[ R4 # 45 % &0
B HMEART: I %
B g7 4§: ChinaHadoop
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2\ =1 ‘I:I =
2 R 1Lin)ER \\/;9/5\, .
YR EF LA ( constrained optimization ) Ilﬂx’@ﬂ’ﬂﬁ}’;%(

ci(x)=0,i€

M Qct(x) >0,i €]

E@[@ S {E BN ,@@eWAiﬁ$ﬁ$ , BN () N BFRE
¥ ( objective function ) , #rc;(x) = 0,i € £ jjiiﬁﬁjﬁ ( equality
constraints ) ﬂ'\cl\(x) > 0,i € TATFERAR (inequality constraints ) o
ﬁﬁ]i)‘(iﬁﬂﬁﬁﬁ é’\ﬁﬁ%ﬁﬂ’\]ﬁﬂﬁ[ﬁjﬁ« feasible point ) , FTERI{TR
¢H PO RY BE 1718 ( feasible set ) 18A :

-'L‘“ > o
TR AT A % Jllé*&?'—ﬁﬁ'

ChinaHadoop.cn



2 R LLie)EE

EX (BUEE) FIEEFRNARMFERARMENE R N BE
& (active set) , 18R/

A@) = (i € gl = 0) \L%fo

EX (LICQEAH) 3 F ExFEEEA(Y) , MRBEENRED

il v\ T \
fgayoi e o) W

MK, BBAFRLICQ(linear independence constraint qualification)
SR AL.

il

AR RE BORAE LR R S jcjhl}gi?oif?ﬁ



KKT &4

T £ SRR BB 1A B B B 7
L

L(x, ) = f(x)Q;)liCi (x)
o S
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KKT &4

Theorem 12.1 (First-Order Necessary Conditions).

Suppose that@ is a local solution of (12.1), that the functions f and c; in (12.1) are
continuously differentiable, and that the LICQ holds at@. Then there is a Lagrange multiplier
vector A, with components AY, i € £ UZ, such that the following conditions are satisfied at

V. L(x*,1*) =0, 7}; ’7
Ci(X*)=6, foralli € £, Q‘ (_Y >O
— s
ci(x*) >0, foralli eZ,
* ™ . . L/\
AF >0, foralli €Z, X J
& aei(x) =0, for all@ ST 7
BRE— N RAENEMEES  CHEHRMALABNE | 5

=
T, S SRR A
FLIR T S ARAE LR B H ST ]thl_”%':ai'zf?:



A=r—r o,\,\’)‘
, 3\* 1\* 1—x; + x;
mn (x;—=] +(x,— = s.t. - — 1 > 0.
. 2 2 14+ x; —x
| 1+ X1+ x; N

It is fairly clear from Figure 12.11 that the solution § x* = (1, 0)’). The first and second
constraints in (12.36) are active at this point_Denoting them by ¢, and ¢, (and the inactive
constraints by ¢3 and ¢4), we have

Vfx*) = 1 =[ : ]
—L ]

Therefore, the KKT conditions (12.34a)—(12.34¢) are-satisfied when-we set

A*O.AO')—T.

IR 1 A 7 S I & 5 PR
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KKT &4

Q: WF—ITHEMLETS , [HNENLRMTAL?

Bt QRXX -3, B4
_—elVa M) = ¢i(x*(€)) — i (x") & (x*(e) = x")" Ve (),
0=rcj(x*(e)) — ¢;(x*) ~ (x*(e) —x*)" Ve,;(x*),
forall j € A(x*)with j #1i.

f(x*(€)) — f(x*) & (x*(e) — x*)TV f(x*)
ﬁ /
= E k;(.\'*(e)—x*)(,\'*) v

JEA(x*) . - )(
R 2 =evawm. “

By taking limits, we see that the family of solutions x*(¢) satisfies

LD _ G IVei ()]

I A £ B8 L W& 5Pz
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X =)

28 A TERLRIOER P D
;Erel]}@% f(x) s.t. c;(x)=0,i€1,2, .. m
% — h

C(.X') gt (Cl (x), ) (x), 1 Cm (x))T

AR R E N
min f(x) s.t. ¢(x) =0 2

x€ER
iICE N EA B RN ‘ —
L, AD)=f(x)— @x)
e
IR R AR 2 2 S jcjhl%?;fﬂ



X =)

E M B R BRY B By \C
qg1) & me X, M \z\{— ‘(:l ) 7

D (lg(A) >~} 7§7
M R LAY 8] A9 3T 43 R &R
e o5y (N

Heg(1) ME SN

AR RE BORAE LR R S ==
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X =)

oS \l: - ¥y ‘
(’SL -V
A § -\ SN
Z 5. n] B \!t;\ \'_\0 8
‘%-\'/70 ’
\/
min_0.5(x% +x3) s.t.x;—1=0

(x1,X2)

L.L’{\U'f\\,,J\): Q.g(d\\ g ?(\’) — \(’7(\ \>

0\>\-’>\ + )

CGIN) =
Ol/‘%) ~ \\N( LUK, %) e e
t‘\a“" é\_ 6 B
o g I a V\
ll’ - N R AN . \)*L\' =

>t 5 . N
Y M-St 7 \J\/\/
v . /
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X =)

LMHK (linear programming )
P:. minc’x s.t. Ax—b =0
D: mabe/lstA/l—C/1>0
L= ¥ —>T(A"’U
: (CT- N/& 37< Y
s

@O‘\ > =P (,T— >\TA~ ~0 >\
— —_— - T~>\TA:O )/0
[1,\!!\) "3\\}3 S'Jf‘ C -

A A e i T
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http://www.xxwenda.com/
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