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When do we stop?

YISIOTERL A 2o 4, Tt g A ity S I Bt R W e SN ytemesdl e R e
® Using holdout set, if f(x) = E(fi(x) | i ~ P)
£ @ax-5)"

® Using convergence bounds (later)
» usual form is:
» Ks (f(xo) — f(x7)) [some fn of I/€]

» nheed estimates of first two terms

® For f(x"), duality (later); for Ky, properties of f:

» convex! strongly convex! Lipschitz?
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Convex sets

PR EIK s A, Tt GRS P, DA S5 =9 0 IR e SNl ek e MR e i PO A

For all x,y € C,for all t € [0, I]: Pix) € .
tx + (I-t)y e C £ o) e C

Geoff Gordon—10-725 Optimization—Fall 2012



Geoff Gordon—10-725 Optimization—Fall 2012




Do (=, €) = ?é 1 \K~51(PCC_§

....--.. Boundaries

WWW‘N’ P Tt damane - 0 2 T T O R e e P ,,V”MW

® x on boundary of C (9QC) if:
P(xfeﬁf\C:/sZS g (x, 62 C “LA

® X in interior of C if:
be (1 &) = C oo sweelt € {x||Ix]| =1}

® x in relative interior (rel int C) if:
subsprce S 2 mshadh b D g O

® Cclosedif: o, < C <%
.o 9Q/\CJC3Zé {x|x20,x1+x2=1}
® C open if: A
Rn
e C compact if: clomedl  “oonded) o
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. Convex huII
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Dual representat:on

PSRBT TR A e Ly Tt B P S AT S Tty = I B2 ST IR v e v
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Supporting hyperplane thm

WMMM,‘“ WEOET A Tty o' I S 2 SR M e hre I ek e Laaie L PISP,

® For any point Xo on
boundary of convex C:
» exist (w, b) with

b Koo = 9

) X.LA_)QH WLK& C
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Supporting hyperplane exs

ISR EIRE A e L, Tt GO Proma o AT Sty 5= N S G L IR s S5Vt mes e v

cé\
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Separating hyperplane thm

P it 3§03 PPN e, TS oy
mm‘wm’ S A T St 2004 2 TS E s L0 TR ) kel PIGTETIRN

D
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® For any convex C and D
with C AN D :/5
» exist (w, b) with
b L. €0 x o C

) uJ-KZ(? KQD

® If both C, D are closed,

and at least one compact:

S%({ggr LU
w., K &

v;J~7<$$



Separating hyperplane exs

YEPISTEIRE A B L Tt G BT oG AT S8 Ty 5= I BT A IRl b SN stk A NIV g

L/\Q\QSTDO\CK % Cown 7 (GcecT™
|
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Proving a set convex

YEPISTEIRE A B L Tt g BT P S AT A A Tty 5= N ST CAL I e SN st i e ande L PISRprIS,

® Use definition directly ¢« + (-9

® Represent as convex hull or n of halfspaces

® Supporting hyperplane partial converse

» C closed, nonempty interior, has supporting
hyperplane at all boundary points = C convex

® Build C up from simpler sets using convexity-
preserving operations
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DN — G
Convex:ty—preservmg set ops

i tans ISP P i
® Translation 7 x-b |xcC § = CC Q
® Scaling i x lx« C Hb A C e

o Affinefn ket L C)  ACTHE

» projection (e.g., dropping coords%

® |ntersection ¢ n ©

® Setsum C+D- jeql*x<C
g %cﬁyﬁ
® Perspective koq, e C oo |
12
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Ex: symmetric PSD matr:ces

L e aial, VIR

x'DN <20 \£x

® Two proofs that {A | A = AT, A = 0} is convex
» xT (tA + (1-t)B) x =
¢ A o ()T B x

» XTAX =

S
T2 X A,—}' x e AQ S P
P

> O
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Ex: condltlonals

YEPISTEIRE A B L Tt G BT oG AT S8 Ty 5= I BT A IRl b SN stk A NIV g

® Given a convex set of dist'ns P(x:7),

) P(XI:S | X6:7) = ka;jw/p(ﬂccn>
» humerator:

» denominator:

® Convex! /
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Domam

® domf-= EK/ E(U e KI5+ L(ﬂéﬁoi

e dom I/x= T - (0%

® domin(x)= = > <
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Y convet > cp'—Q T AKX

Convex functlons

WWM Q%o— ”m&” 8 Srwsnn Y b Mvml. m“'ﬂ"’“\ﬁ

x & N
1% Y CX&MQ ¢ LQ(//#’ %

Q(\t_\ 7
9
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Relatmg convex sets and fns

e f(x) convex = { x |tx)< L} convex

® Converse! L QZA ‘ / |
LN = \/ﬂ>< | s -
%J\Qb\ CO\/\L}C/% 0.; \/ ]

—

~4 2 7o Vo2 4
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Proving a functlon convex

WWWWM PPV PR L b, . £ T e

® Use definition directly

® Prove that epigraph is convex via set methods
o Cleyn §lps gD
.g., supporting hyperplanes: for all x,y, 3

» this is first-order convexity condition for fns

® 2nd order: i* C&) =2

® Construct f from simpler convex fns using
convexity-preserving ops
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Convex:ty—preservmg fn ops

PSRN i L, Tt AT P S AT ATty 5= N ST AT v e SV st ek e s, TR
. . fr(ﬁ\
® Nonnegative weighted sum k- -3) <) =4 cdb@)
® Pointwise max/sup 4 (<) = st (<)
el
® Composition w/ affine cp.i)
T oo
® Composition w/ monotone convex C oniren
, S (HNE (£(<))
® Perspective T 5O d

® f(x,y) convex in (x,Y), set C convex:

> g(y) = minkec f(x,y) is convex if g(y) > —00 . ,
ot S {?k\a L) \Jc > K(xk%\jb
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Example f(X) = ‘X

» mﬁwﬂ?m & A Tty v %ma“gn......,-:,,; mes g ke sansa

L’tﬂ-\— (|’%j‘3\ f>((2—><

- Ay ox ((,Hé > O
e (e h = A Gy € el s () (-

o/

— dx = &3?
A PANE G *3\%’

),b €k Ql-tﬁj \
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In 2 or more dimensions

YEPISTEIRE A B L Tt G BT oG AT S8 Ty 5= I BT A IRl b SN stk A NIV g

Q(,( 7/ —/C(BBA_ <7< )

® All the above but for 2nd order:

—

d° N

e
I’% /C C% HAr clxd\a S—
4 O JZ
H = O dedy T T F
eiﬁ((v\> d
® Or:reduceto ID
KD Y= J(OQ\ Xj\
\ uoykﬂ
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Ex: structured cIass:f ler

YEPISTEIRE A B L Tt g BT oS AT A A Tty 5= I S5 S Ky, i e T P

F oAV e X
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Ex: structured cIass:f ler

POSISTIIRE A s L Tt ST PG DAY S Tty 5 ON AT CAL G v e SN st A Ny TRSE
)(I PX&\§ JQ ¢ e/ (P](X|) S:quufg &K o cleu—

. (o Yur) Vo
L(x,y;vaw) = '.ng Pl EQ%'V‘Q &b

Classifier: ) = Ay e Ly,
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Learning structured classifi ler

WWW A iy o i e i3 L R T, T DU oo M“qu PO

H%%ﬁ
® Get it right if: é(?(g;u)w> > L,y )~ ~)
® So, want; LG yiv=) 2 “::ﬁ(“%““\*’w(ﬂv \)
® Whereti(y,y) ={ © 33237

> O vd:f KK
. RHS: QBTN A JI\/\)

® RHS — LHS: <onrer

® Train: lots of pairs (X&,y") T, S >

Joowo
1
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