Quadratic programs
Cone programs
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® HW3 back at end of class
® |ast day for feedback survey

® All lectures now up on Youtube (and continue
to be downloadable from course website)

® Reminder: midterm next Tuesday | |/6!

» in class, | hr 20 min, one sheet (both sides) of notes
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Quadratic programs

YOO 4 Dt 4, For oA
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® m constraints, n vars
» AcR™"  b:R™ ¢c:R" x:R" H:RM™"
» [min or max] x"Hx/2 + c"x
» s.t. AxX<b or Ax=b [or some mixture]

» may have (some elements of) x 2 0

® Convex problem if: max 2x+x2+y? s.t.
» win Kz 0 x+ty<4
e L Z O 2x + 5y = |2
X+2y<s5
X,y 20
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For example
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Cone programs

¥ A Py " I L i o e Yt P e r o e Py, P

® m constraints, n vars
» A:R™n"  b:R™ c:R" x:R"
» Cones K CR™ L CR"

» [minor max] c'™x st. Ax+beK xelL

» convex if K L coaex

¢ Eg,K= 7o ~ B,
P’ 1 7 s
® Eg,L= joi"< B <&
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For example: SOCP
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Conic sections
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QPs are reduc:ble to SOCPs

VISP Bl Lt g W P G AT WA ety = I8 LTS I IR Vs e PV st mes et TP
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® min x'Hx/2 + c'x s.t. ... H=£ &
T B v | A TR L G
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= SOCPs that arent QPs7

YOO 4 Dt 4, For oA

PP e e gt 8 L S e 0 < T T Ay -
£ 2 -

o TRl

® QCQP: convex quadratic objective &
constraints

. e . \ Y _ Ty =
® minimize a% + b? s.t. mia X FYT Sy Zxey =Y

» a=x?% b=y?

» 2x+y=4

® Not a QP (nonlinear constraints)
» but, can rewrite as SOCP
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More cone programs: SDP

- dv. I a4
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® Semidefinite constraint:
» variable x € R"

Mo
» constant matrices Aj,Ay, ... € R™™

> constrainp -/ x Ay ~eh sqme i
L C S

e Semidefinite program: ‘min ¢ s.t.
» semidefinite constraints
» linear equalities

» linear inequalities
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Visualizing S,
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® 2 x 2 symmetric matrices w/ tr(A) = |
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What about 3 x 37

mmwm“&%" I L s SRRV ar e Vet g o PG ———

e Try setting entire diagonal to 1/3 4. //5 ,”“ 5)

a 3=
» plot off-diagonal elements (3 of them) . <

OAJ— / 0

0.4 5 empeeaas / 02
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3%X3 symmetric
psd matrices




S+ is self-dual

”‘mmﬂmm/\‘:“%‘-'“"’“&’3‘-""‘*"*““"‘&-—-""""'“""aw«;,'v“ y . TRTOTIRe

S,

o S {A|A=AT,x"Ax = 0 for all x }

e [x'Ax = 0 for all x] &
[tr(BTA) = O for all psd B]

kx—

AN:B 2O

> psA b= Zx U (8'A) - ¢ 40 (<A = gt (XL’FAK;)

= 2 x'Ax: > O

7
C

\Y,

(= K- v \—(CB"A) = < Ax O
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How hard are QPs and CPs7

VISRETEIRL A By Tt g BT P S AT WA ety = SN A= S0 st e g = v,

aa T O

® Convex QP or CP: not much harder than LP!
» as long as we have an efficient rep’n of the cone
» poly(L, I/€) (L = bit length, € = accuracy)
» can we get strongly polynomial (no 1/€)?

» famous open question, even for LP

® General QP or CP: NP-complete

» e.g., reduce max cut to QP
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QP examples

viderernsies., 2 A ety S R s e P Y et # e 6 = PTNR o 20 0 o1 e ISP Sl i S

® Euclidean projection

e [ASSO

» Mahalanobis projection
® Huber regression

® Support vector machine
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LASSO example

WMMWOAKM-"'“""'L’x'_qv_..,...--,\,.z, -'*“"’“"*&w'cv.a R SO g
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Robust (Huber) regress:on

VIRSRETRIEL A B Tt AT Prra G AT A Pty =" I S SR I ‘v,\ vvvvvv a PPN
P 5 \Tzf
e Given points (x, Y.

o TRl

» L, regression: min,, X, (y, — x,'w)?2
® Problem: overfitting! 4.« & okl

® Solution: Huber loss
» min, 2. Hu(y, — x."w)

Hu(z) = ~\ “= ]

~27 - K».w’g(

&7 KL%—\ Q
? —
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Huber Ioss as QP

PRRETEIRE . B 4y Tt GRS P S AT WA Pty &= I LT ER IRV e P Vst vt i R it s g

® Hu(z) = min, (z+a—b)*+2a+2b
» s.t. 3,b=20
A=y 20O =S 22

Ua (2 +4a —‘932 c2a 2% =

Ny
a7 vTo =S >< X
AT
a7 © 5 -o =) oC =
(t J oy 2t 2 - )
- - 2T
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Cone program examples

VISRETRIEL A s Lt AT Prrna GG DAY AR Pty =" I LSS IR v s it Lahanie [ PR SR, S T il

J <l ”6 Xz + >\Zilhuiu (H«HNU)

e SOCP

win £ P A e s 12 Ny Xl
» (sparse) group lasso

’f\ > H L...J‘q \\

» discrete MRF relaxation
» [Kumar, Kolmogorov, Torr, JMLR 2008]

» min volume covering ellipsoid (nonlinear objective)

?\( \ | Av b\ < ( X (Ax; «—55 c Soc

l

won W dee w7
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Cone program examples

VIORETIL . Do b Lt A P G TR T S P40 = “";/.‘& A S AT, e L it RPN el
CoV
M ‘\‘F(S)(}—* |o dety X+ }2\ K0
® SDP A } Lﬂ \

» graphical lasso (nonlinear objective)

» Markowitz portfolio optimization (see B&V)
» max-cut relaxation [Goemans,Williamson]
» matrix completion

» manifold learning: max variance unfolding
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Matrix completion
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