
Bartolomeo Stellato — Fall 2024

ORF522 – Linear and Nonlinear Optimization
9. Introduction to nonlinear optimization



Today’s lecture
[Chapter 2-4 and 6, CO][Chapter 1, LSCOMO][Chapter A and B, FCA]
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• Nonlinear optimization


• Convex analysis review: sets and functions


• Convex optimization



What if the problem is no longer linear?



Nonlinear optimization
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x = (x1, . . . , xn)

<latexit sha1_base64="LLntmws9UiDijDE3N/MU9MDxj1o="></latexit>

f : Rn → R

<latexit sha1_base64="EqVgSbp/wu4xEYC05hBTPQl4rk0="></latexit>

gi : R
n → R

<latexit sha1_base64="ZdMHF9HMYj//4we8nYlArkaRb2o="></latexit>

Variables

Nonlinear objective function

Nonlinear constraints functions

TPUPTPaL f(x)

Z\IQLJ[ [V gi(x) ≤ 0, i = 1, . . . ,m

<latexit sha1_base64="3dFOyHb0z/+Q1qJNI6PNX5X5Nmk="></latexit>

<latexit sha1_base64="d+xFyLpjyc6DWTN0oDJRepnhw70="></latexit>

C = {x | gi(x) ≤ 0, i = 1, . . . ,m}
Feasible set



Small example
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<latexit sha1_base64="IJ4q+Ly6DZdjM18a7YU3FiPTOs0="></latexit>

x!

Feasible set is  
no longer a polyhedron

<latexit sha1_base64="Fj645zYLaxMp07YM5gJZPmST2wE="></latexit>

C

Contour plot has curves 
(no longer lines)

<latexit sha1_base64="Ftkq4+TPzCLgj2r89ONAfiFenoQ="></latexit>

TPUPTPaL 0.5x2
1 + 0.25x2

2

Z\IQLJ[ [V ex1 − 2− x2 ≤ 0

(x1 − 1)2 + x2 − 3 ≤ 0

x1 ≥ 0

x2 ≥ 1



Integer optimization
It’s still nonlinear optimization
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<latexit sha1_base64="Ezv0s0C3taSMXIIKjjspnUu126M="></latexit>

TPUPTPaL f(x)

Z\IQLJ[ [V x ∈ Z

TPUPTPaL f(x)

Z\IQLJ[ [V sin(πx) = 0

<latexit sha1_base64="8/ysatmc77ov7Sm6JFXh+lBI/ZE="></latexit>
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Portfolio optimization
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<latexit sha1_base64="O2Mq3sCi00+BtoFOV3ltmKQ/Yww="></latexit>

pi PZ [OL YLSH[P]L WYPJL JOHUNL VM HZZL[ i
Returns

<latexit sha1_base64="Ek28bVWqCeVg4jBKMdEW/eKfWTs="></latexit>

pTx

<latexit sha1_base64="6csAjKbW7hmKD2+5fyK0ohM0Z/0="></latexit>

p YHUKVT ]HYPHISL! TLHU µ� JV]HYPHUJL ⌃

Portfolio optimization
<latexit sha1_base64="VogGWAwsF1JWbmXk/TsKJzzA+gY="></latexit>

TH_PTPaL µTx− γxTΣx

Z\IQLJ[ [V 1Tx = 1

x ≥ 0

Expected 
return

Risk

Risk-aversion  
parameter

<latexit sha1_base64="FaAZeKm/J5b8DzVpmOLMNI9sc7A="></latexit>

xi PZ MYHJ[PVU VM TVUL` PU]LZ[LK PU HZZL[ i

<latexit sha1_base64="VyJjwYwM1KdpEJNtlnndtcEdTA0="></latexit>

>L OH]L H [V[HS VM n HZZL[Z



We cannot solve most nonlinear 
optimization problems

8



Convex analysis review
Sets



Convex set
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αx+ (1− α)y ∈ C

<latexit sha1_base64="HVp2+y++UwIx80CeeBDjJdV9cMY="></latexit>

-VY HU` x, y 2 C HUK HU` ↵ 2 [0, 1]

<latexit sha1_base64="3jBFVtbNU9fwWJb27JezHXmIvPw="></latexit>

Definition
24 2 Convex sets

Figure 2.2 Some simple convex and nonconvex sets. Left. The hexagon,
which includes its boundary (shown darker), is convex. Middle. The kidney
shaped set is not convex, since the line segment between the two points in
the set shown as dots is not contained in the set. Right. The square contains
some boundary points but not others, and is not convex.

Figure 2.3 The convex hulls of two sets in R2. Left. The convex hull of a
set of fifteen points (shown as dots) is the pentagon (shown shaded). Right.
The convex hull of the kidney shaped set in figure 2.2 is the shaded set.

Roughly speaking, a set is convex if every point in the set can be seen by every other
point, along an unobstructed straight path between them, where unobstructed
means lying in the set. Every affine set is also convex, since it contains the entire
line between any two distinct points in it, and therefore also the line segment
between the points. Figure 2.2 illustrates some simple convex and nonconvex sets
in R2.

We call a point of the form θ1x1 + · · · + θkxk, where θ1 + · · · + θk = 1 and
θi ≥ 0, i = 1, . . . , k, a convex combination of the points x1, . . . , xk. As with affine
sets, it can be shown that a set is convex if and only if it contains every convex
combination of its points. A convex combination of points can be thought of as a
mixture or weighted average of the points, with θi the fraction of xi in the mixture.

The convex hull of a set C, denoted conv C, is the set of all convex combinations
of points in C:

conv C = {θ1x1 + · · · + θkxk | xi ∈ C, θi ≥ 0, i = 1, . . . , k, θ1 + · · · + θk = 1}.

As the name suggests, the convex hull conv C is always convex. It is the smallest
convex set that contains C: If B is any convex set that contains C, then conv C ⊆
B. Figure 2.3 illustrates the definition of convex hull.

The idea of a convex combination can be generalized to include infinite sums, in-
tegrals, and, in the most general form, probability distributions. Suppose θ1, θ2, . . .

Convex Not convex

Examples Examples
<latexit sha1_base64="XqaZMOV+JBiCEZsY8Lx4xjX6+B8="></latexit>࠮ Rn

࠮ /`WLYWSHULZ
࠮ /`WLYZWOLYLZ
࠮ 7VS`OLKYH

<latexit sha1_base64="GnLLrTGvkx8ds6EzQKws4cReQyY="></latexit>

࠮ *HYKPUHSP[` JVUZ[YHPU[ card(x)  k
࠮ Zn

࠮ (U` KPZQVPU[ ZL[

intersection 
of convex sets is 

convex



Convex combinations
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Convex combination
↵1x1 + · · ·+ ↵kxk MVY HU` x1, . . . , xk HUK ↵1, . . . ,↵k

<latexit sha1_base64="DR6UO1IZWco3FokYftIQgzpOGB4="></latexit>

Z\JO [OH[ ↵i � 0,
Pk

i=1 ↵i = 1

<latexit sha1_base64="IXS2ebO/tp5jhHedt7zBj3Jm6OA="></latexit>

Convex hull
<latexit sha1_base64="V9sQclH9jmB6dLQpyiyaOCTasM4="></latexit>

convC =

{
k∑

i=1

αixi | xi ∈ C, αi ≥ 0, i = 1, . . . , k, 1Tα = 1

}



Cones
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Cone
<latexit sha1_base64="CbZEpYUwNTCIcd7+x06vlPLE8gs="></latexit>

x 2 C =) tx 2 C MVY HSS t � 0

Convex cone (a cone that is also convex)
<latexit sha1_base64="t5lDK2VIdgURnGcii/v4/Qk5xzE="></latexit>

x1, x2 2 C =) t1x1 + t2x2 2 C MVY HSS t1, t2 � 0

<latexit sha1_base64="2LOuxMJFE/EfrazBdvaGOPzTiMI="></latexit>x1

<latexit sha1_base64="qrcVLED28e6h6OZEp4/pDYhJAro="></latexit>x2<latexit sha1_base64="tzgX9+0fCWPv4fwpevnbhEFQEho="></latexit>

0

Norm-cone
<latexit sha1_base64="FPhdTu+E/EBzBXLO9noGRwC0A9U="></latexit>

{(x, t) | ‖x‖ ≤ t}
<latexit sha1_base64="FiR1KyEImovKiof9WzgHnd0Wxa0="></latexit>

�PM 2�UVYT� ZLJVUK�VYKLY JVUL�

Positive semidefinite cone
<latexit sha1_base64="I/yfAbQOOZl+Zn51lFM0CNLQfrU="></latexit>

Sn
+ = {X ∈ Sn | zTXz ≥ 0, MVY HSS z ∈ Rn}

Nonnegative orthant
<latexit sha1_base64="uVo1aOySLsrvPXMmq0jfSKaIfLs="></latexit>

Rn
+ = {x ∈ Rn | x ≥ 0}

Examples



Conic combinations
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Conic combination
↵1x1 + · · ·+ ↵kxk MVY HU` x1, . . . , xk HUK ↵1, . . . ,↵k

<latexit sha1_base64="DR6UO1IZWco3FokYftIQgzpOGB4="></latexit>

<latexit sha1_base64="XwaeasvGZ+1A/keCBPmBCLoQKRg="></latexit>

Z\JO [OH[ ↵i � 0

Conic hull

26 2 Convex sets

0

x1

x2

Figure 2.4 The pie slice shows all points of the form θ1x1 + θ2x2, where
θ1, θ2 ≥ 0. The apex of the slice (which corresponds to θ1 = θ2 = 0) is at
0; its edges (which correspond to θ1 = 0 or θ2 = 0) pass through the points
x1 and x2.

00

Figure 2.5 The conic hulls (shown shaded) of the two sets of figure 2.3.

<latexit sha1_base64="PS+4YFpjjJC4Hsjkb033YELj0p4="></latexit>{
k∑

i=1

αixi | xi ∈ C, αi ≥ 0, i = 1, . . . , k

}



Supporting hyperplanes
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<latexit sha1_base64="7hf4StGHQC0jDT9ej/uILmD0Exk="></latexit>

.P]LU H ZL[ C WVPU[ x H[ [OL IV\UKHY` VM C
H O`WLYWSHUL {z | aT z = aTx} PZ H Z\WWVY[PUN O`WLYWSHUL PM

aT (y � x)  0, 8y 2 C

<latexit sha1_base64="329RPDWFo+S+ETEx111xqQHdpDU="></latexit>

C

<latexit sha1_base64="gX9asBgx7vfDa24ygw4K78x9Z7w="></latexit>x

<latexit sha1_base64="JOkZAmAtNC0MlFcmmqpSjEAdGPA="></latexit>a



Normal cone
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<latexit sha1_base64="B/wZpwSgsr6Z3iNfeb44wrKT8QA="></latexit>

-VY HU` ZL[ C HUK WVPU[ x 2 C� ^L KLÄUL
<latexit sha1_base64="nD4xtTw6lo75kYyKxnpEYegj0Fg="></latexit>

NC(x) =
{
g | gT (y − x) ≤ 0, MVY HSS y ∈ C

}

<latexit sha1_base64="icz1uaBw5CjJN4q/mpWQmKPwQPc="></latexit>

NC(x) PZ HS^H`Z JVU]L_

<latexit sha1_base64="ZXqjuIA0izeTNF6VJCUO1TszS28="></latexit>x<latexit sha1_base64="ZXqjuIA0izeTNF6VJCUO1TszS28="></latexit>x

<latexit sha1_base64="oUxVCtGAHUTnpXbW2ZrWRInHjhA="></latexit>

NC(x)
<latexit sha1_base64="oUxVCtGAHUTnpXbW2ZrWRInHjhA="></latexit>

NC(x)
<latexit sha1_base64="nCDvhHGc7COVJREYkWwNb/FIYYc="></latexit>

C

Proof
<latexit sha1_base64="nhKxHtySmnWvT1/4XvyXCfM9RoI="></latexit>

For g1, g2 ∈ NC(x),
<latexit sha1_base64="TuhPHgUuUG6IE5c0fdVdfIiHPKg="></latexit>

(t1g1 + t2g2)
T (y − x) = t1g

T
1 (y − x) + t2g

T
2 (y − x) ≤ 0

<latexit sha1_base64="keuL9rqxw1hv1iZ5TCaxnlJDxcM="></latexit>

for all t1, t2 ≥ 0

How does it relate to supporting hyperplanes?



Convex analysis review
Functions



Convex functions
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Convex function
<latexit sha1_base64="kgPuRPIXZsEURbO+0Wt18CIyzoc="></latexit>

-VY L]LY` x, y 2 Rn, ↵ 2 [0, 1]
<latexit sha1_base64="9LK/4DeUJV0rY3JggQusaf+bat4="></latexit>

f(αx+ (1− α)y) ≤ αf(x) + (1− α)f(y)

<latexit sha1_base64="cX8H4Se/dPEEwfZRG+Rnii7Gw5s="></latexit>

f(αx+ (1− α)y)

<latexit sha1_base64="0Wrey/YngVHx6UEpjMgQBsNrYcY="></latexit>

αf(x) + (1− α)f(y)

<latexit sha1_base64="agZSb3Cyd4sVe8phz+jVLeSUIvE="></latexit>

(x, f(x))

<latexit sha1_base64="RSLpldtlP8BCiRA1k8apjFiAzCY="></latexit>

(y, f(y))

Concave function
<latexit sha1_base64="3A9GSjj4N6cUyHhlJNjYm++BhuM="></latexit>

f PZ JVUJH]L PM HUK VUS` PM �f PZ JVU]L_

<latexit sha1_base64="keY609ysdIVlBfQAwilsmYWi6Gk="></latexit>

Extended-value functions map Rn to the extended real line R ∪ {±∞}
<latexit sha1_base64="fQLLkg8zrWlFx4IO8jZloN6qEok="></latexit>

Effective domain of f :
<latexit sha1_base64="ur0poVsE0vHU8v+u63KPYSaL3zI="></latexit>

dom f = {x ∈ Rn | f(x) < ∞}



Gradient
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<latexit sha1_base64="z1sLYwycuoKSWPuCxVOP14OK16E="></latexit>

Df(x)ij =
∂fi(x)

∂xj
, i = 1, . . . ,m, j = 1, . . . , n

Derivative

First-order approximation

<latexit sha1_base64="JZEiKfRlppXsLay6vwcCjm9IwwQ="></latexit>

�HɉUL M\UJ[PVU VM y�

<latexit sha1_base64="IYglJoWK7ALaUIa+bRbmipIfS1c="></latexit>

f(y) ≈ f(x) +∇f(x)T (y − x)

Gradient

<latexit sha1_base64="aghP6PvDoYOK/Qcmhiu3kdZml8M="></latexit>

∇f(x) = Df(x)T

<latexit sha1_base64="J4I/EYS8aMnXRM9AsPLF909o6rM="></latexit>

0M f : Rn ! R� ^L KLÄUL
Example

<latexit sha1_base64="A9Fb+A6gyJ6wb0eUGCbyPkvul6Y="></latexit>

f(x) = (1/2)xTPx+ qTx

rf(x) = Px+ q

<latexit sha1_base64="eq0ZSDlF16mtVdaFsL8jsqirW6k="></latexit>

0M f(x) : Rn ! Rm JVU[PU\V\ZS` KPɈLYLU[PHISL� ^L KLÄUL



Hessian

19

Hessian matrix (second derivative)
<latexit sha1_base64="rbgbJah1Q44iyvVT5JbUd+LRJNc="></latexit>

0M f(x) : Rn ! R ZLJVUK�VYKLY KPɈLYLU[PHISL� ^L KLÄUL

Second-order approximation
<latexit sha1_base64="fy23B5wQ9HLroOZZZIhaRqtA7ZI="></latexit>

f(y) ≈ f(x) +∇f(x)T (y − x) + (1/2)(y − x)T∇2f(x)(y − x)
<latexit sha1_base64="sQEilU1M6v/j7B7BNj1qiJqrTQE="></latexit>

�X\HKYH[PJ M\UJ[PVU VM y�

Example
<latexit sha1_base64="PfUfGgI9zLKXhUXl2As1qqZDPo8="></latexit>

f(x) = (1/2)xTPx+ qTx

r2f(x) = P

<latexit sha1_base64="ub2Xsh9xoCxreUHK1soHnQt67Wk="></latexit>

∇2f(x)ij =
∂2f(x)

∂xi∂xj
, i, j = 1, . . . , n



Convex conditions
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First-order

<latexit sha1_base64="HVhJfc16Lxcp3FK/Gra7fqAxmMI="></latexit>

f(y) ≥ f(x) +∇f(x)T (y − x)
<latexit sha1_base64="6e8E85zgHZFI4JBatGx9quTo/6Y="></latexit>

MVY HSS x, y 2 domf

<latexit sha1_base64="P4PE7HiaYrCl8CDJulZggHMWiIo="></latexit>

(x, f(x))

<latexit sha1_base64="/DnJG8OVprOTeveAco+QmbVEfgw="></latexit>

f(x) +∇f(x)T (y − x)

<latexit sha1_base64="X5HvsnUBJOSZzjQXnyF6VqC/mHc="></latexit>

f(y)

<latexit sha1_base64="wnn+8lyHdt8BIyreypcO7Y/asvU="></latexit>

3L[ f IL H JVU[PU\V\Z KPɈLYLU[PHISL M\UJ[PVU� [OLU
P[ PZ JVU]L_ PM HUK VUS` PM domf PZ JVU]L_ HUK

Second-order

<latexit sha1_base64="TLAbg/gMcNUORgoSl1P5+lNTEkw="></latexit>

∇2f(x) " 0
<latexit sha1_base64="0OSkWxffy8QYnDzOszR6NRKeC1U="></latexit>

MVY HSS x 2 domf

<latexit sha1_base64="1LKUVz73pth6rXKjek8yfHg9Oow="></latexit>

0M f PZ [^PJL KPɈLYLU[PHISL� [OLU f PZ JVU]L_ PM
HUK VUS` PM domf PZ JVU]L_ HUK



Convex domain requirement
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<latexit sha1_base64="K60tYd9KYFx83iUICxihm05S3C8="></latexit>

f(x) = 1/x2

<latexit sha1_base64="tYaBuLlEo32Ls5ZVe2Y/CA3d/xg="></latexit>

domf = {x ∈ R | x "= 0}

<latexit sha1_base64="l81o/sPUPuLBlnztjLLdvm2wFrI="></latexit>

∇2f(x) > 0 MVY HSS x ∈ domf

°10.0 °7.5 °5.0 °2.5 0.0 2.5 5.0 7.5 10.0
x

0

2

4

6

8

10

f
(x

)

Non convex!



Function epigraph and sublevel sets
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<latexit sha1_base64="4bQR3iaTQ73ny3hzJ2vSkKyGgEs="></latexit>

epi f = {(x, t) | x ∈ dom f, f(x) ≤ t}

<latexit sha1_base64="K5TRoHFgEnG2AGN5VYeVkk9QDyI="></latexit>

epi f

<latexit sha1_base64="kiwrewb6d2wcUZfng6Y3GHb3ZtI="></latexit>

f

function epigraph

sublevel sets
<latexit sha1_base64="aKgqWD8nAreq44vyuotERI7+oAA="></latexit>

Cα = {x ∈ dom f | f(x) ≤ α}
<latexit sha1_base64="PS7qlwaKkbi2e2AWD8TRJLVojuo="></latexit>

Cα



Closed convex proper functions
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<latexit sha1_base64="YpsIu1wCp9xXDR7QNXBfxJTexjk="></latexit>

JSVZLK epi f PZ H JSVZLK ZL[
<latexit sha1_base64="J0XilFVULYfUcLzW2qQ4rqs6uTs="></latexit>

JVU]L_ f(↵x+ (1� ↵)y)  ↵f(x) + (1� ↵)f(y), ↵ 2 [0, 1]
If not otherwise 

stated, we assume 
functions to be CCP

Properties
<latexit sha1_base64="luqCoVmhDFtmHDfzyWbBsZbaZ20="></latexit>

f is convex ⇐⇒ epi f is convex

<latexit sha1_base64="O7slGTZv+5kV5jepUUjA+VvlSqo="></latexit>

f is CCP ⇐⇒ epi f is nonempty, closed, convex, without vertical line

<latexit sha1_base64="cpdE51Ji2WNmM+2m/6Eej52+Esw="></latexit>

proper dom f is nonempty and f = −∞ never

<latexit sha1_base64="5QaH29hiNl72LGMC6R9BoDK1+VI="></latexit>

For proper f , f is closed ⇐⇒ all sublevel sets closed (f lower semicontinuous)

<latexit sha1_base64="zrAhwXqkRA1eDZcOxv/+HHQEuNg="></latexit>

f is convex ⇒ Cα is convex ∀α (converse not true, e.g., f(x) = −ex)

<latexit sha1_base64="rCPowAt4+/dvKAejb6EeLs/FN+k="></latexit>

A function f is called CCP if it is



CCP function example
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CCP function example

Closed convex function Convex but not closed

The dashed line denotes the function value of 1.

Preliminaries 19

CCP function example

Closed convex function Convex but not closed

The dashed line denotes the function value of 1.

Preliminaries 19

closed convex function convex but not closed

<latexit sha1_base64="F6sQqcelHemm0RYSe8hLGpbJGEk="></latexit>

f(x) = ∞

<latexit sha1_base64="H7w2VTlFhaciDpI3R5k3yFdh1nM="></latexit>

whether convex function f is closed depends on its behavior
<latexit sha1_base64="IjQx49YVdZ2T6IkJRNHZVyn/Q6k="></latexit>

on the boundary of dom f



Indicator functions
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<latexit sha1_base64="uFzPblfuxVwVjyG2HMP2DXgWCmw="></latexit>

TPUPTPaL f(x)

Z\IQLJ[ [V x ∈ C

Constrained form Unconstrained form

<latexit sha1_base64="uHc1HhrGRqmi9n6o3zomH4De2pQ="></latexit>

IC(x) =
{
0 x ∈ C

∞ x /∈ C

<latexit sha1_base64="Aluo0wu8DfCBGqlGGLvKHjJ/mho="></latexit>

TPUPTPaL f(x) + IC(x)

<latexit sha1_base64="MImv0LzUypdXlwEJurRncq5rSVs="></latexit>

If C is convex, closed and nonempty, then IC is CCP

<latexit sha1_base64="JWBU6prx8ITO5lsEAKoVtER906k="></latexit>

For C ⊆ Rn, define the indicator function as



Convex optimization



Convex optimization problems
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f : Rn → R

<latexit sha1_base64="EqVgSbp/wu4xEYC05hBTPQl4rk0="></latexit>

gi : R
n → R

<latexit sha1_base64="ZdMHF9HMYj//4we8nYlArkaRb2o="></latexit>

Convex objective function

Convex constraints functions

TPUPTPaL f(x)

Z\IQLJ[ [V gi(x) ≤ 0, i = 1, . . . ,m

<latexit sha1_base64="3dFOyHb0z/+Q1qJNI6PNX5X5Nmk="></latexit>

<latexit sha1_base64="d+xFyLpjyc6DWTN0oDJRepnhw70="></latexit>

C = {x | gi(x) ≤ 0, i = 1, . . . ,m}
Convex feasible set



Verifying convexity
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Basic definition (inequality)

First and second order conditions (gradient, hessian)
Hard!

Convex calculus (directly construct convex functions)

• Library of basic functions that are convex/concave

• Calculus rules or transformations that preserve convexity Easy!



Disciplined Convex Programming
Convexity by construction

29

General composition rule

Only sufficient  
condition

More details and examples in ORF523

Check your functions at https://dcp.stanford.edu/

<latexit sha1_base64="APVOfxOT+zEpWGlpR58xiWLtvgg="></latexit>

h(f1(x), f2(x), . . . , fk(x)) PZ JVU]L_ ^OLU h PZ JVU]L_ HUK MVY LHJO i

࠮ h PZ UVUKLJYLHZPUN PU HYN\TLU[ i HUK fi PZ JVU]L_� VY
࠮ h PZ UVUPUJYLHZPUN PU HYN\TLU[ i HUK fi PZ JVUJH]L� VY
࠮ fi PZ HɉUL



Modelling software for convex optimization
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Modelling tools simplify the formulation of convex optimization problems 


• Construct problems using library of basic functions


• Verify convexity by general composition rule 


• Express the problem in input format required by a specific solver

Examples
• CVX, YALMIP (Matlab)

• CVXPY (Python)

• Convex.jl (Julia)



Local vs global minima (optimizers)
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<latexit sha1_base64="uFzPblfuxVwVjyG2HMP2DXgWCmw="></latexit>

TPUPTPaL f(x)

Z\IQLJ[ [V x ∈ C
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Optimality and convexity
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For a convex optimization problem, any local minimum is a global minimum

Theorem

<latexit sha1_base64="2hfuLDQV5r8N8+HVlldiQLUXxPM="></latexit>

f(y) ≥ f(x), ∀y ∈ C

<latexit sha1_base64="pwLEWXYlQV+abkgi9m88KKuhm0E="></latexit>

.SVIHS VW[PTPaLY x
<latexit sha1_base64="nNkFWYo22TJ+W2foipiFQZWJ22U="></latexit>

f(y) � f(x), 8y
Z\JO [OH[ kx� yk2  R
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3VJHS VW[PTPaLY x



Optimality and convexity
Proof (contradiction)
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which contradicts the local optimum definition.

<latexit sha1_base64="GCmSFbvN+pXywXKN8oP/DiOF6v0="></latexit>

)` JVU]L_P[` VM f ^L OH]L f(y)  (1� ↵)f(x) + ↵f(z) < f(x)�
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2kz � xk2
�
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<latexit sha1_base64="W58nGouYje6vaLPPoJTdyFjG564="></latexit>z

<latexit sha1_base64="DiDQMDBDoE/3x8gJ6DJxyxu+dpQ="></latexit>y

<latexit sha1_base64="7nBHm5Jj2s++nuzE9NuXS0lSJBY="></latexit>

R



R. Tyrrell Rockafellar, in SIAM Review, 1993

"...in fact, the great watershed in optimization 
isn't between linearity and nonlinearity, but 
convexity and nonconvexity."
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Introduction to nonlinear optimization

Today, we learned to:


• Define nonlinear optimization problems


• Understand convex analysis fundamentals (sets, cones, functions, and 
gradients)


• Verify convexity and construct convex optimization problems


• Understand the importance of convexity vs nonconvexity in optimization
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Next lecture

• Optimality conditions in nonlinear optimization

36


