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Set-Up
Online Convex Optimization Problem

®m Convexset C.

B Fort=1to/l'do
o predictw; € C.

* receive convex loss function f;: C' — R.

o incurloss f;(w¢).

®m Regret of algorithm A:

Rr(A) =) fi(w:) - “iffelfCth(W)-



Set_ U p Remarks:

Online Convex Optimization Problem 1. In addition to convexity,
Lipschitz continuity Is
often assumed for f, .

B Fort = 1toTdo 2. ltis standard convex
optimization if all f,
takes the same form.

® Convexset C.

 predictw; € C.

* receive convex loss function f;: ' — R. 3 Itis also common to
o incur loss fi(wy). use [, to refer to the
| loss function. We will

L L L(x,) < f(W))
Rr(A) = Z fe(wg) — vyéfc Z ft(w). interchangeably:.
t=1 t=1



Feedback Assumptions

Full information Given f, , optimizer can evaluate f(w), Vw € C
Bandit information

First order feedback Given /, , optimizer can evaluate /(w,), V/(w,)

Zeroth order feedback Given J, , optimizer can only evaluate / (w),)



Feedback Assumptions

Full information Given f, , optimizer can evaluate f(w), Vw € C

Bandit information

First order feedback Given /, , optimizer can evaluate f(w,), V/(w,)

Zeroth order feedback Given J, , optimizer can only evaluate f.(w,)

Under different feedback assumptions, we are interested in developing no-
regret learning algorithms, I.e.,

RA(A) = o(T).



Full Information Feedback



Follow the Leader (FTL)

In the full information feedback setting, FTL could be a plausible choice:

xeC

[
X,, 1 € arg min Z [(x) . (FTL update rule)
s=1
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In the full information feedback setting, FTL could be a plausible choice:
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[
X,, 1 € arg min Z [(x) . (FTL update rule)
s=1

However, FTL has O(T) regret even for linear loss functions:

—-x/2 for t =1,
li(x)=13x if £ > 1is even,
—X if t > 11is odd.



Follow the Leader (FTL)

In the full information feedback setting, FTL could be a plausible choice:

xeC

[
X,, 1 € arg min Z [(x) . (FTL update rule)
s=1

However, FTL has O(T) regret even for linear loss functions:

—x/2 for t =1,
li(x)=13x if £ > 1is even,
—X if t > 1is odd.

FTL is too aggressive. Need to impose restrictions on {x,} to avoid jiggling.



Follow the Regularized Leader (FTRL)

Solution: introducing a regularization term A(x):

t |
X,,1 € arg min { Z [(x) + —h(x)} . (FTRL update rule)
xeC —1 4



Follow the Regularized Leader (FTRL)

Solution: introducing a regularization term A(x):

t |
X,,1 € arg min { Z [(x) + —h(x)} . (FTRL update rule)
xeC —1 4

h(x) is continuous and strongly convex, i.e., K > 0,s.1.
Ah(x) + (1= DA(x)] = B(Ax’ + (1- A)x) > §A(1 ) [« - x|

forall4A € |0,1],x,x" € C.



Regret of FTRL snaev-snwartz, 200,

If A(x) is continuous and strongly convex, and each [, is convex and Lipschitz

continuous with universal Lipschitz constant L, H = max A(x) — min /(x) is
xeC xeC

the depth of i over C. Then, the regret of FTRL can be bounded by

RAFTRL) < 2L\/(H/IK)T .



Regret of FTRL shaev-shwart, 2007

If A(x) is continuous and strongly convex, and each [, is convex and Lipschitz

continuous with universal Lipschitz constant L, H = max A(x) — min A(x) is
xeC xeC

the depth of i over C. Then, the regret of FTRL can be bounded by

RAFTRL) < 2L\/(H/K)T .

Remarks:

1. FTL and FTRL are closely related to the learning policies known in economics and game
theory as fictitious play (FP) and smooth fictitious play (SFP), respectively. These policies

correspond to playing a best response (resp. regularized or smooth best response) to the
empirical history of play of one’s opponents.

2. Our assumptions: the optimizer has full information access to the loss functions, and the
minimization sub-problem can be solved efficiently.



First-order Feedback



Online Projected Sub-gradient Descent (PSGD)

B Algorithm:
e wy € C arbitrary.

® Wiy = HC [Wt — ndft (Wt)], where

e [ is the projection over C.
o )f: (W) € Of:(wy)(sub-gradient of f; at wy).

*n > () parameter.



Online Projected Sub-gradient Descent (PSGD)

B Algorithm:
e wy € C arbitrary.

® Wiy = HC [Wt — ndft (Wt)], where

e [l is the projection over C.

¢ 6ft(wy) € Ofi(W:) (sub-gradient|of f; at wy).

*n > ( parameter. \
The sub-gradient 0f(x,) at x = X, is the set of

all the vector ¢ such that

J(xp) — f(x) < clxy — x).




Online Projected Sub-gradient Descent (PSGD)

B Algorithm:
e wy € C arbitrary.

® Wiy = HC [Wt — 7’]5ft (Wt)], where

o|ll is the projection|over C.
*\0ft(wy) € Ofi(W:) (sub-gradient|of f; at wy).

*n > (0 parameter. \
The sub-gradient 0f(x,) at x = X, is the set of

all the vector ¢ such that

In almost all cases, the projection function _ < _
in PSGD is the Euclidean projector f (XO) f (x) — C(xo x) .

[1-(x) = argmin ||x" — x||?.
x'eC



Regret of PSGD v o | 87w !
B Assumptions: - ([\7 ﬁttw& ) l’

* ||[wy — w'|| < R where w™ € argngnz:ft(w).
WE

1t £ 9. z 4
®m Theorem: the regret of online projected sub-gradient -
descent (PSGD) is bounded as follows :f )
R®  nG*T \ ]L(X)(— “1)
Rr(PSGD) < | . t

Choosing 17 to minimize the bound gives

Rr(PSGD) < RGVT.



Regret of PSGD e 200

B Assumptions: T

*||[w; — w*|| < R where w™ & argminz fr(w).
C

+ of(wo)]| < G. e

B Theorem: the regret of online projected sub-gradient
descent (PSGD) is bounded as follows

2 2
< B nGT
— 27 2

Rr(PSGD)

Choosing 1 to minimize the bound gives

Rr(PSGD) < RGVT.|— The same O(ﬁ) bound as FTRL



Proof

B The proof uses the definition of subgradient and the
property of projection:

Rr(PSGD) = Z (ft(Wt) fe(w” U @

’l

< Z Oft(Wy) - (W — (def. of subgrad.)




Application

B Application: minycco f(W).
e fixed loss function: f; = f.

®* guarantee for average weight vector:

f(%iwt) f(w?) < TZf(Wt) — f(w")

)[(wa—- f ) :cfr‘f

e thus, convergence in O (e%)




Strongly Convex Loss Functions pazneta. 200

B Theorem: assume that the functions f; are a-strongly
convex and ||df;(w)|| < Gfor allwand 0f; € 0 fi(w).

Then, the regret of onl sub-gradient descent
(PSGD) with parameter ne+1 = —t s bounded as follows
GZ

R+ (PSGD) < 2@(1 + log T').




Strong Convexity

B Definition: a convex function ® defined over a convex set C
is a-strongly convex with respect to norm || - || if the
functionw — ®(w) — &||w||* is convex or, equivalently,

o forallw,w'in Cand 6®(w) € 0P(w)
d(w') > d(w) + P(w) - (W —w) A

[




Proof < T, Llw|
Ry (PSGD) i :/J ; {i’ot/’t ~ A |
=3 (fulwe) — o) TR

(strong convexity)

T
1 * * & *x
=3 o LW = W ne N |7 = 1w — g8 () = wP] = S lwe — w2
t=1
| &
T
1 ) ) .
< [wi = w2 + 721G — [wigs —w 2| (prop. of proj.
i1 2t

(def of ’f]t_|_1)




Exponentiated Gradient (EQ) wuewmamwam on

m Convexset:simplexC ={w e RY:w >0A ||wl|i =1}

B Algorithm:
® W1 = (%7 y %)T
o Wyl = Wi exp(—n [0ft(We)]i) where

Jy = Z]il Wt,ie_"?wft(wt)]i.



Exponentiated Gradient (EQ) wuewmamwam on

m Convexset:simplexC ={w eRY:w >0A||w|:1 =1}
<[ Lef s

B Algorithm: \,—/—/\/ﬂ;
~

~

e i)
R AT A LR Y N CO LR (S XD

Zt — Z’lj,\;]_ Wt,ie_n[dft(wt)]i.

When the loss function f(w,) =1 - w,

takes the linear form, it is multiplicative
weight update algorithm.



Regret of EG

B Assumption:
0 [[0ft(Wt)|loo < Goo.

B Theorem: the regret of the Exponentiated Gradient (EG)
algorithm is bounded as follows

los N nG2.T
Ryp(BEG) < 28V | MGl

M 2
Choosing n to minimize the bound gives

Rr(EG) < 2Gs+/Tlog N.



Regret of EG .
o AssympHERE——— = $ 1wk,

(@)l < :
B Thesrem: the regfet of the Exponentiated Gradient (EG) (S:/ 0 (/’[:j >

algorithm is bounded as follows

log N G2 T
Rr(EG) < 2877 4 Moo”
n 2
Choosing 1 to minimize the bound gives Comparison between
EG & PSGD
Rr(EG) < 2Go0r/Tlog N. nEG, G, ~ O(1).

which yields the regret O(1/T log N)

In PSGD, G ~ O(/N),

< A
Rr(PSGD) < RGVT which yields the regret O(1/ TN)



Proof e ~fx ~Ex)
B Potential: ®, = D(w* || w;) Zw* log —

N Wt g
* Wit

] (I)t+1 — (I)t — izzlwz lOg —

N

= Z W, [log Zi + n[éft(wt)]z-] —llog Z; + nw™ lm
1=1
= (W ) )

[ lOg Zt — log Zwt,ie_n[(sft(wi;)]i ﬁ E e U[S f-t( 'C) v

i=1"

Wt

—log E |e M8fe(woli

_log E (6 fe(wi)li—E [[6f:(wo)li] ) —n B [[8fe(we)l]

nwWy - 0 fr (W) (Hoeffding’s ineq.).



Proof

B Potential: <I>t D(w™* || wy) Zw* log

Wtz

Wi
] q)t—|-1 (I)t E W>|< lOg L
1 Wii1.4

N
= Z W [log Zi + 77[5ft(Wt)]z'] =log Z; + nw™ - & fr(wWy).

B log Z, = log y Heoffding’s Ineq.
\ Suppose X is a real random variable such that P(X € [a, b]) = 1. Then
— lOg E _6—77[5ft(Wt)]7:- E [BS(X_E[X])] < exp(l 2(b — a)z).
—log E |e-n(5w0l—E [18:w0)])—nE [155e(wal] / g = v,
| | X:IXJLf,Wf)?q
20wy - 0 f (W) (Hoeftfding’s ineq.). [ )
b - &00 - v Gm




Proof

B Combining equality and inequality:
22
P, — P < 7 ;;OO n(w* —wy) - fi(wy)

" G?
S (W —wp) - 0fp(Wi) < == + (¢ — Py

- G2 T &, —&
:>Z(W*—wt)-5ft(wt) < 2°° 21T AT

t=1 "
PP,
2 1
e ——
B Rp(EG) = Z(ft(wt) fe(w™))

t=1

Zf: Oft(we) - (W — W) _l,

nGZT @1 nGLT  D(w* | wi) nG2 log N {) Thj/\/

2 M 2 1 2 n




Online Mirror Descent (OMD)

B PSGD and EG both special instances of a more general
algorithm: Mirror Descent.

B Mirror Descent is based on Bregman divergence:
e PSGD: B(w || w') = 2|lw — W/||3.

* EG: unnormalized relative entropy;

B(w || w') = Zil [wz log [%] — W —|—w§].

(



Online Mirror Descent (OMD)

B PSGD and EG both special instances of a more general
algorithm: Mirror Descent.

B Mirror Descent is based on Bregman divergence:
e PSGD: B(w || w') = 2|lw — W/||3.

* EG: unnormalized relative entropy;

B(w || w') = Zil [wz log [%] — W —I—wg].

7

Will dive into OMD later. Let’s first look at the zeroth-order feedback setting.



Zeroth-order Feedback



Adversarial Bandit Problem

The optimization space 2 = [n] is discrete, and the loss function f,
becomes loss vector [, = ([, 1, -+, [, ) .

At each step ¢, the adversary picks a loss vector [, .
The optimizer draws an action I, ~ p,, p, € A is a probability

distribution over [n].
The optimizer only observes the loss value /.



Adversarial Bandit Problem

The optimization space & = [n] is discrete, and the loss function 1
becomes loss vector [, = ([, 1, -+, 1, ) .

At each step 1, the adversary picks a loss vector [, .
The optimizer draws an action I, ~ p,, p, € A is a probability

distribution over |[n].
The optimizer only observes the loss value /, ;.

Remarks:
1. This is an online convex optimization problem with linear loss function under the zeroth
order feedback setting.

2. If the optimizer can observe the whole loss vector [, this is exactly the online convex
optimization setting in EG. Justlet C = A ,andw, =p,, f(w,) =, - w,
3. To achieve no-regret, we need an updated version of EG.



Exponential-weight Algorithm for
Exploration and Exploitation (EXP3)

Algorithm 1 EXP3
W1 — (1 ..... 1)
fort=1to 71 do

Define p; = ”,qu—:”

Draw I; ~ p;
Observe 4y 1, € [0, 1]
for 2. =1tod do
if ¢ # I; then
Wt41,4 — Wt 4
else

nft,i
Pt,q

Wt41,4 — Wt €
end if
end for
end for




Exponential-weight Algorithm for
Exploration and Exploitation (EXP3)

Algorithm 1 EXP3 Replace the loss vector

’U)1:(1 ..... 1) l: l l
fort—ltono 4 (fal’ ’ t,n)

by the unbiased estimator

Deﬁne pt — ” t” lf .
Draw It ~ D¢ l — (O O _1909.”90)
Observe ¢, 1, € [0, 1] Pt

for . =1 to d do
if ¢ # I; then

Wt41,4 — Wt 4
else ,
t,i
nPt,z’

Wt41,4 — Wt €
end if
end for
end for




Exponential-weight Algorithm for

Exploration and Exploitation (EXP3)

Algorithm 1 EXP3

wlz(l,...,l)
fort=1to 1 do
Define p; = —=

lwe |

Draw I; ~ p;
Observe 4y 1, € [0, 1]
for 2. =1tod do
if ¢ # I; then
Wt41,4 — Wt 4
else

Wt41,4 — Wt €
end if
end for
end for

Replace the loss vector

lt — (lt,la "y lt,n)

by the unbiased
lt

1

estimator

Z\t — (03”'909_909'”90)
Pt

Theorem

4

Regret(EXP3)

<V2TNInN



Proof

1 N [
Let @, = ; In( Z exp(—7 Z [(a))), we have

a= s=1
T T
O, —Dy= ) O —D,_, = Z - In( Z wia)exp(—nl(a))) .
=1 =1 a=1
t T N
Therefore, 7 — @ =) ~In (Zwt( ) exp(—nl(a )))
t;l a;l 1
<3 in (Y wia) [1 - @) + P(@)?])
a=1 N N

]~

o~
|
[
S| Ik Ik I+

In ( 1 — 772: we(a)ly(a) + %772 Zwt(a)lt(a)2])
N

(@l(a) + 577 > wila)h(o)’]
a=1
N

o~
|
[

VA
]~
o
S
[
£

-
|
ol

VA
]~
€
1
S
[
£

~
1
[



Proof
Let @, = % In( i exp(—7 2 [(a))), we have
a=1 s=1
T T

o,- =Y 0,0, = Y In Z wi@exp(—ni(@))).

=1 i —1 L)j 2{

P =0 ;.
E Cerp(-Y X <espls )
[ [exp(-] L) +91ﬁ°')5 e xpl % lt(a))

For any sub-Gaussian r.v. X with zero mean,




Proof

R 1
Note that @, = — In( Z 1) =—1InN, we have
" i

Pr—Pg zwt lt+nZZwt )li(a

t=1 a=1

a=1

<I>T—|—Z'wt-lt lnN—I—nLLwt lt

t=1 t=1 a=1

Also note that @ > — Z [(a), we have
=1

T n N t N
Zwt A+ P < - n Z Z wi(a)l(a)?

t=1 U t=1 a=1

T
Zwt . lt — LT(G,)
t=1

I



Proof

Replace [, with lA we obtain

T N

[Zwt lt—mlnLT( ] < | nLL )

t=1 a=1

T N

S | ULL J @] : Prl(a,) li(a)z P‘t(o‘)

t=1 a=1

T N

InLLlZ
t=1 a=1
T N

< InLLl

t=1 a=1

-l N

| /\

In N
n

I

we have E [RegretT(EXPS)] <V2TNIn N




Variants of EXP3

The regret bound for EXP3 only holds in expectation (Pseudo Regret). To derive
the high-probability bound for the true regret, we have two variants of EXP3:
1. EXP3-P [Auer, 2001]

f 5 log NT/o
pda) | NT

. L o € N log N
Biased loss estimation:p,tq) = (1 — e)w/(a) + I £ ~ —

2. EXP3 with Implicit Exploration (EXP-1X) [Neu, 2015]

[(a)
pla) + ¢

Uniform exploration: t(a) = [(a) +

log N

”{It=a}’8t ~ Nt .

Biased loss estimation: Zt(a)



OMD revisited

Bregman Divergence

m Definition: ® convex differentiable over open convex set C.
The Bregman divergence associated to ® is defined by

Bs(w | W) = &(w) — ®(W') — (VO(W'),w — w').




OMD revisited

Bregman Divergence

B Definition: ® convex differentiable over open convex set C.
The Bregman divergence associated to ® is defined by

Bs(w | W) = &(w) — ®(W') — (VO(W'),w — w').

Given any convex
function ® on C,

Bg is a ‘metric’

associated with O.

$Shocaaaa =t



Properties of Bregman Divergence

B Proposition: the following properties hold for a Bregman
divergence.

non-negativity:vw,w’ € C, Bg(w || w') > 0.
linearity: Boo+3v = aBg + [ By.

projection: for any closed convex set K C C, the
projection of Bg-projection of w'over Kis unique:
Pr (w') = argmin Bp(w || w').

weK
Triangular identity:

(VO(w) = V&(v))- (W —u)=B(u||w)+B(w | v)—B(u | v).

Pythagorean theorem:

Bg(w || w') > Ba(w || Px(W')) + Bs(Pr (W) || w).

C

w)

£



Legendre Type FunNctions e s

B Definition: a real-valued function ® defined over a non-
empty open convex set C'is said to be of Legendre type if it
is proper closed convex and differentiable over C' and if
one of the following equivalent conditions

o lim HV@( )H = +00.
w—0C ﬂ




: W)ﬁ-\
O M D AI gOrlth M [Nemirovski and Yudin, 1983] @Vg ‘%\77\27 ( Wt— )

MIRROR-DESCENT(®
1 . ( ) V")J' ,_357%
W1 < argming . gqo (W) N,
2 fort«+1to T do 7?22 Y
3 Vit < [V(I)]—l(VCD(wt) — néft(wt)) Vf{.[ — VE (. el )
4 Wil = argming c gno B(W || vy




Regret of OMD

m Theorem: let C'be a non-empty open convex setand K C C .
a compact convex set. Assume that®: C' — Ris of \ H - H
Legendre type and a-strongly convex with respect to| - || )
and f;s convex and G ,-Lipschitz with respect to || - || . Then, ‘ .
the regret of Mirror Descent can be bounded as follows: E N TP
Q=
B(w* G2
(] 20 &\c
Choosing nto minimize the bound gives
T o Xy
Ry (MD) < DgG.1/ ==, - LO L
r(MD) < Do ~ E)/N”Z # 0] / :

with B(w* || wy) < D32. - & (X/> Jrv@@[xw ¢ Zi)]x/(w



IA

IN

N
MH
A~

fr(we) — fi(
> (W) - (wi —
1 T
77 t=1
LS (3w || w)
77 t=1 t
©> " (B | wo) - B
1
n
B(w* || wy)

2*

Y [VO(wi) — VO(viq1)] - (We — w*)

) — B(Wey1 || Vig1) + B(we || vig1)]

t=1

) — B(Wii1 | Vt+1)]-

(def. of subgrad.)

(def of Vt)

(Breg. div. Identity)

(Pythagorean ineq.)

T
% 1
Bw* || w1) = Bw" [ wrn)| + 37 [ = Blwer || vers) + B(we || ves)



Proof

B(wt || ver1) = B(wess || vier)]
= Q(wy) — ®(Wip1) — VO(Viqr) - (Wi — Wep)

< (Vq)(wt) — V<I>(Vt+1)) (Wi — Wep1) — %Hwt — Wi |? (a-strong convexity)
= —ndfy(we) - (Wi = Wey1) = o[ We — Wi (def. of vi41)

< NGy ||wi — Wi || — gHwt — (G,-Lipschitzness)

< (nG*)2. (max. of 2nd deg. eq.)

- 2«

B Theorem: assume additionally that f;s are o-strongly
convex with respect to ®. Then, the regret of Mirror
Descent with parameter n:+1 = - can be bounded as
follows: 2

X

MD) <
RT( ) — 201

(14 logT).



Equivalent Description of OMD

MIRROR-DESCENT(®)

1wy ¢ argmingc o (W)
2 fort+ 1to (I'—1)do

: 1
3 Wil ¢ argming e gno 0ft(We) - W+ - B(W || wy)
linearization of f; regularization
& Proof:
Wil = argmin B(W H Vt_|_1)
weKNC
= argmin ®(w) — V®(viy1) - W (def. of Breg. div.)
weKNC
= argmin ®(w) — (V®(wy) —ndfi(wy)) - w  (def. of viiq)
weKNC
= argmin 7 df;(w;) - w + B(w || wy). (def. of Breg. div.)

we KNC



D U al AVG rag I n g (DA) [Louditski and Nesterov, 2010]

DUAL-AVERAGING(P)
1 vy <0
2 Wi < argmingcgnc B(W || v1)
fort <+ 1to T do
Vit1 < [VO]H(V®(vy) — ndfi(we))

Wil < argming c o B(W || viy1)

Ot =



D U al AVG rag I n g (DA) [Louditski and Nesterov, 2010]

DUAL-AVERAGING (D) B —
1 v+ 0 \7({)((/E>t >
2 Wi < argmingcgnc B(W || v1) -
fort <+ 1to 71 do

Vip1 < [VO] 7L (VR(ve)|— n ofe(wy))

Wil < argming c o B(W || viy1)

Ot =

A simple modification makes a big difference
MIRROR-DESCENT(P) g °

1 wy ¢ argming, . pno ®(W)

2 fort<«1to 71 do

3 Vi1 < [VO] 1 (VO(Wy)| — 1 dfe(we))
4 Wil = argming e gno B(W || viq1)



D U al AVG rag I n g (DA) [Louditski and Nesterov, 2010]

DUAL-AVERAGING () &
1 vy <0 \/
2 Wi < argmingcgnc B(W || v1)

fort«+1to 71 do

Virr < VO (VO(ve)| — ndfe(we)

Wil ¢ argming e e BW || vei1)

Ot =

Figure 2.3: Schematic representation of dual averaging.

MIRROR-DESCENT(P)

1 wy ¢ argming, . pno ®(W)

2 fort<+<1to 71 do

3 Vi1 < [VO] 1 (VO(Wy)| — 1 dfe(we))
4 Wil = argming c gno B(W || Vi)

Figure 2.4: Lazy vs. eager gradient descent.



Equivalent Description of DA

B Equivalent form:

Wii] = argmin B(W ” Vt_|_1)

weKNC

= argmin ®(w) — V®(viyq) W (def. of Breg. div.)
weKNC

= argmin ®(w) — (V®(vy) —ndfe(we)) - w  (def. of viyq)
weKNC .

= argmin 7 Z Oft(wWs) + ®(w). (recurrence)
weKNC 4

® |n particular, for linear losses, f;(w) = a; - w, Dual

Averaging coincides with regularized FL:
t

W;11 = argmin E as - w+ —P(w).
weKNC n

s=1



Comparison between OMD and DA

OMD DA
_ W11 = argmin B(wW || Vg
Wil = ‘a;vreglr{rgg B(w || vi+1) t+1 = ate e (W [| Vit1)
= argmin ®(w) — VO(vyyq) - w = argmin ®(w) — VO (viyq) - w
weKNC weKNC
= argmin ®(w) — = argmin ®(w) — (V®(v¢) — ndfi(we)) - w

KAC weKNC
= argmin pf } : = argmin |7 E Of t (W
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Regret of DA

B Theorem: under the same assumptions as for MD, the
following holds for the regret of Dual Averaging,

x\ 2

Choosing 7 to minimize the bound gives

oT
Rr(DA) < 2DaG.y/ —,

with®(w*) — ®(w;) < Dj.



Summary

Online Convex Optimization

1. Full information feedback (FTRL)

2. First-order feedback
A. OPSD/EG as incarnations of OMD
B. From OMD to DA

3. Zeroth-order feedback
(adversarial bandit problem)
C. For pseudo-regret, EXP3 as a modification of EG.
D. For true regret, EXP3-P, EXP3-IX.



