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Algorithms for wnconstrained optimizateon on R"
F=R"
Simplex alqorithm
A simplex in R" =

—~ no C(onstraints

set &, n+d m..o«s&.”.#piﬂ
woaawm

eq. tn R : B

— not the same ag
the m&zlax im.
odn Lineor P.ouass..sm

Basic _simplex alg.

o start with wp..__‘:_vsx Q:»_wv

o refleck the point (n the
Simplex (4,2,3) whech has N 3
greatest cost (n the A
centroid of the remaLning pocnts Yo
w??@ ® new simplex (2,3,4)
“neaver" o 0, m.

* repeat for w..%%..@x (2,3,4) ete.

simple (n princcple but needs modcfica-

toons to r}v convergence to o {.m.

HM /ooc /2.2
Sea,rch %.,@o:o: algorithm
A

Xy = Xo +WoS,

* Choose xomﬁs (on estimate .% a g.m. »v

.

s Set ieration inolex j=0

1) [Heration il:

. :.»9& ..\i“o ovacloble qt x.,. , choose a search

direction 5, € RrR"

o Choose a scalar s&. >0 o

<Ax._;_(.a@.mt < V(x{)
¢ Set VI
= x~+£._mm.

j =ittt ond q0 to .C

# choose s 80 V should decrease qs one

moves Peo:m $j »ouay from X;

ut
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Remarks :
very importont J_:.\ of 95. s t can
be &ocﬂoqu& X P%%I.wm a Lok

- _Problems:
cholcr of i, wj
no:o@;n:& chotee of s
The Grodient

R case
Wnder weak conditions <—

see cond.(@)®(b)

on p. 2.4
{ M 1\ L ' [:A) \')
<:me .;m”v; = <:mvv._+ .ww\.—.xu Ix,+ .vwlxp_.xu_ 8x,
= VIx]+[2VI/9% 77 [ 8x
v<_ux..—\wx& Ahxev
./\In\\ /_l\
_ UV[x] 8x

.

v

Wro w«p%@s» of Vatx _
L.

<ﬂx+mxu.ﬂﬂv V[x]+ TV Ix1"8x
for small mL

|
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For R"case:
(3.1) Th  Constder V:R">R when

the p.ds. 8V {z]:
Bxy

(2) all exust _<~ s.t. lz-xl<¢ #
for some €20
(b) ol are continuous at z=x
Then :
V (s called differentioble ot x and,
for small Sx -

V [x+8x] £ V([x] +<<T&.Jux
J‘\

AVx] /3 %4

- v . 8 .

v<hxu\$x:

VVvix] & . R

the msp%@:ﬁ
a* V at x

# le. the p.ds. all exist @<@J§_n3
neoyr L
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Grophical «pm;»a:?io: o.m vv
X2,
X4
dvixl/ax,
Nt

VVLx] —% -V IRTRv(x] /9x,

(2.2) Fact :

Even for the R" case:
TV(x] s orthogonal to the

constant V contour .mrdo:wr X
and points er.“s

D:pﬁﬁr.we,mn on R" :

Quadvatic i. XE€R

Vix)=a +bx + L xcx .
N cR ER * mﬁ_wfwussmwz.n#.

R :o;.s? . >0

# nthe sense that a scalar ¢ can be thought of
as o [x] matrix , which s uass@mﬁ.o

Stondard m..;o.%.p&e.n om xeR":

Vix)=¢ +b'x +4x7C x
nooNon

HM/00oc/2.6

CT=c ® ¢>0

7

|

-

read as :
C (s woﬁ.&?m

.6 xTCx >0, V¥ x40

&

me.:&o % mui metric

Teste for C7=C >0

For sym metvic C:

[c>0] @ [ @>°

ﬁ—_ ﬁ-
“1>0 ;

Ca €22
Cu Gy, Cin
Cat Cy2 Ca3
Ca1 C32Cas

- = e =,

\ Icl >0

>0 ;

J
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Also: ‘ Hence :

[c 70 &= A [c]1>0 , V¢ - (25) Th:  For a standard quadvatic on R"

_ (i) V is differentiable on R"
the elgenvalues of C ; (¢e. V is deferentiable ot x, Vxe R")
since CT=C , all the Q,mps- | ..
values of C are real. | () TVIx]=beCx

Thes soys that for C to be @) VIx+8x3=V{xI+VV(x1"Sx +wa._.OMx
_oommt,cn epmme.:?m yall ks ,

a&?ﬂcgm must be %ﬁ.&a | An optimality condition for qeneval V
posuiiue ) ;

(26) Th } V:R"=R is diferentioble at o

m»uc. Lon. o+< on Eau = m<<C\~vuo._
~ .

1
Cunconstvained | hecessary condction
A
o X =0 n.:s.

By stmple &w@ra :
V{x+8x] = v[x]+ _.r+ox\._4m.x+ Wqunmx (2.4) _

T
| second ovder )

.ﬂ.ﬂ.. V[xT+Tb+cx]3x
g% smoll m.xu

Remark:
So, one way to T.sz a l.m. Cs

_.w #* . cheek b Ay A
Sa@@%m © VVIx] = b+Cx partial ké,o«ms- m solve 4<>ﬁx )=0 for x
tiation ‘ cheek f X =atm.

# because we alse have (from Th.(2.1)) .
V(x+dx) & V(x)+ TV(x)T§x




HM /00C /29 |
mho%m of Th.(26): |
contropositive (.. : ”
T [OVR)=0] = 1[X =a t.m.]

T LW=0T7 = [W(X) 4 0]

> ?< ol nsﬁpﬁosﬁa smoall real W>0
) X +w [-TV(X)] = near X
(i) <;+s~-<<§:

mm )

<Ax T<<C&4mx
VIX)—w | TV < V()

]

ED

# the main point here is that the fact that
V(Xy+TV(X)T8x < V(X)
uso%pioﬁ that
V(%+3x) < V(X) !

_ HM /00C/2.40
Application to minimization of a standard

|oTspo_.<9¢,“o
Solve <<CQ 0
© G: Cm?i
¢+ Ox
Fack : (CT=C >0) = C 'exists
Hemee = | % = — b |
Check, w = t.m. ? :
© s Th. 2.5 Gii) |
VIx)= V(% +[x-%1) =£ |
~
Sx
<3+4§:Mi; 'Cdx
NV
o 0 as C>0
> V(X) , Vxe R"

S0 »nsm.s.o*<o=.ms_ ¢
@) The a_ ¢y

LS A unque
J,FP&st..o V on R" and :
V(x) np-w%n’;

m.3. o*.. 1§
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The steepest -descent &m.

.,

More about the Search Directions Alg.

| A choie for s : | Choose X, € R". Set j=0

i m 4) [ At tevation )]

¢ Assume that V (s ozm@«oi....b\_os on R" | 4 s h lioe |
At Xi _ f.L\\ o.-zaommmPJ nos%r.os
w tn proctice , use for o Lo
IV <107¢ say

k . =TV (x; : .

: VV(x) points . (%) . . \

4 hell points downhll | ¢ Get - 5 3= Idfxﬁ

choose : $; = IQ<C£V ¢ Choose a Scalar w; >0 so

3 /._.l\

. V(x+ws) < V(x

: Steepest - descent | d ,._ 4 (%)

search direction often | w: chosen to

o £ o WS,

‘ as then S won:.f downhill Bw:mew_m:mm <Ax_ +8m._v

so that V shouwld decrease asg “ot least approximately |

we move along ¢; from x; e Set , |

i : - det ' =

= A sy

i | ji=

i * Go ko 4)
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Some vevision of linear algebra :
Consider x,x% ..., x*e R" y
A Wneay combination om these 18 X d¢ X"
L=

_ r_moe._g.m_

1 2
i x
eq. _»x +1 -
Q3 X \\ plane through 0. X', x
-~ [.-A = set o* all Wnear combinations
= {agx'edy X"t 2y, oy € R]
/

the set of vectors d, x'+d, x* that one
qets as d,, o, vary all over the set of

all real numpers
W

4 [« ]
_

the Wnear subspace %p::&
e.u xas x»..

We can say : xw:;xxm R" are :._ag.eu
vhdependent off:

o} gLx1 gL x] g - g LI¥,.. %]
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Then we say :
L [x'] has dimenston 1
LLxyx] o ~v= 2

LIx4 ] ~ue 3 ete.

Further . xmv wyx"6 R are ltnearly indep.

e L0, x" 1= R

In mmsaﬁn.e ; .
d _.x\.: ) x*]
m
the Linear w.”‘amwpon mqpssao_ £ x.i:vxx
L
{ wﬁ:xe L e eR Vi) e R
=\

W
the plane ?3;@: ch:;xx c R"
Further : xUox* e R are _‘e.:@sﬂé r.:o_o%.
| rmﬁ,. ,
2 4 x =0 = 4 =0 V¥

L=\
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Sometimes

LLeT= L0 ] 8]

But smc.sf
Lx1g L0x¥]
eq.

Vectors  x,y-€ R" are o..t.omosp_

X

“4f X'y =0




