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Abstract

We will: (i) replace the optimistic online mirror ascentE] algorithm in our target
paper, which is old, with the most updated version of this algorithm and prove that
the new algorithm’s regret matches the regret of the algorithm in the paper, (ii)
give an algorithm based on the idea of adaptive learning for dynamic environments
that matches the dynamic regret of the optimistic online mirror ascent in the target
paper, but without the need of knowing the path-length in advance which is a
violation of the adversarial input assumption happening in our target paper.

Clarification

Throughout this report by mentioning the phrase target paper, we mean the paper that we were
supposed to summarize and work on.

1 Setup

The problem of interest is online submodular maximization (OSM) via online convex optimization
(OCO). In this setting inputs X C {0,1}" represent general matroids and the reward function
f: X = R>o € F is monotone and submodular. In order to turn this problem into an OCO instant,
the integral input should be transformed to a fractional counterpart that is convex and compact and be
transformed back. By defining ) := conv(X) to be the convex hull of X and having a randomized
mapping = : Y — X to map a fractional solution y € ) and, possibly, a source of randomness back
to an integral solution x € X, these requirements are met. Also in the OCO the reward function
being optimized should be L-Lipschitz concave w.r.t to a norm over its input for some L € R but
in order to reduce an OSM problem to an OCO counterpart, more restrictions should be put on the
reward function evaluating fractional solutions ). The following assumption sums up the necessary
properties of such reward functions:

Assumption (Sandwich Property). There exists an o € (0, 1], and L € R>¢, and a randomized
rounding = : Y — X such that, for every f :€ X — R>( € F there exists a concave function
f Y — Rthatis not only L-Lipschitz but also:

fx) = f(x),vx e X

and ~
E=[fEW)] =z o f(y),Vy €Y

2 Using an instantiation of OCO to solve OSM

Having introduced the problem in Section [I] assuming a randomized rounding = and a concave
relaxed function f exist, so integral to fractional conversion and vice-versa is done straightforwardly,

'In the literature it is more common to talk about online mirror descent but since we are dealing with a
maximization problem, it turns into online mirror ascent.



in this section we investigate online mirror ascent (OMA) as an OCO method, and one of its variants,
optimistic online mirror ascent used in the target paper. The setting is as follows: inputs are in
full-information adversarially chosen configuration, the performance measure is the dynamic regret
and the problem could be in the optimistic setting and/or not.

2.1 Optimistic Online Mirror Ascent: Two-Update-Per-Step

Let the mirror map ® : X — R be strongly (thus strictly) convex, smooth and twice differentiable
and By denote the Bregman divergence with respect to ®. Then the following algorithm represents
the OMA applied on the fractional solutions of an OSM instance:

Algorithm 1: Online Mirror Ascent

Require: n € R>g /* learning rate */
d:Y—-R /* mirror map */

I: Lety; = argmaxycy, ®(y)
2: fort =1toT do
3 Play y;.

4:  Observe the reward function f; and let V; = V fi(y;)

5

6

Vi1 = argmaxyey<y’ V) — w
: end for

The Algorithm I]is proved to enjoy sublinear regret under the worst-case analysis [1} [3]; however,
Rakhlin and Sridharan [9] later introduced the optimistic online mirror ascent (OOMA) as a variant
that takes advantage of benign inputs that do not represent the worst-case scenario. So some
predictions about the input in OOMA can be made, and those predictions are assumed to be available
to the learner in advance. As a consequence obtaining zero regret is possible in this setting. Moreover
OOMA is robust enough such that if no prediction could be made, or the predictions were wrong, or
the learner was facing the worst-case scenario, it can default back to OMA and still enjoys a sublinear
regret.

Let ® and Bg be the same as they were in OMA. Now let M; denote a prediction about fi. OOMA,
as was introduced in Rakhlin and Sridharan [9] and was used in our target paper, takes the following
form to take advantage of such predictions:

Algorithm 2: Optimistic Online Mirror Ascent: Two-Update-Per-Step

Require: 1 € R>¢ /* learning rate */
®:Y—-R /* mirror map */
Ms, M3, -+, Mriq /* Sequence of predictions */

I: Lety; = z; = argmaxycy, ®(y)
2: fort =1toT do
3:  Playy;.

Observe the reward function f; and let V;, = V ft(yt)

% /* Adapt the secondary decision */

Bs (y;24+1)

Yit+1 = argmaxy ey (y, Mit1) — /* Adapt the primary decision */

4
5: 2441 = argmax,.y(z, V) —
6
7: end for

OOMA as in Algorithm [2]includes a two-update-per-step procedure. Initially an intermediate decision
called the secondary decision is computed the same way the decision is obtain in OMA; but, instead of
using this decision, the learner computes another decision called the primary decision according to the
precision of the prediction M, of the future reward f; 1 and the secondary decision that was just
computed. Note that if (M;);;" = 0, then OOMA would be equal to OMA and if (M; = V;_1), ",
we will show that static/dynamic regret would be zero.



2.2 Regret Bounds

Before starting the analysis, it is useful to revisit definitions of the static and the dynamic regrets. Let
Tw be the policy that the learner follows when it chooses actions w € W where W is some domain,
let T" be the horizon of the interaction, and let the problem be of the form of an OSM with adversarial
inputs.

Static regret (performance against the best fixed decision in hindsight) is defined as:

T T
SRr(me) = sup {glea;fox)E[th(xt)H

(f)I,eFT

where the expectation is with respect to the randomness present in the interaction.

Dynamic regret (performance against the best-per-step sequence of decisions) is defined as:

ffe]

If w;s change rapidly and radically from time to time, then it becomes notoriously hard to expect
the learner learn something meaningful as in the extreme case u;s would change like a noise. Hence
usually a limit is imposed on how much the adversary can change the comparator sequence (u;)7_;.
One such limit is known as the path length. A path length of Pr € R>( over a time horizon T'

expresses that Zt ||ut+1 — w¢|| < Pr. Hence we denote the dynamic regret for a sequence with
the path length Pr for the policy my that has actions y € Y, by DRy (my, Pr).

DRr(mx) =  sup {Z max fir(ay)

(ft)t 1€J:T

Theorem 1. Consider an OSM instance with the concave L—Lipschitz relaxed functions f € F where
the set F is chosen by the adversary and let the fractional decision set be Y = conv(X). Algorithm
configured with a p-strongly convex, smooth and twice differentiable mirror map ® : Y — R, where
p € Rug; |[VO(y)|l« < Go forally; and Dg = \/max, yey {®(z) — ®(y)} as the diameter of
Y relative to ®, enjoys the following upper bound on the dynamic regret with the path length Pr over
the horizon T':

T
D2 + 2G4 P
DRy (my, Pr) < 23 Zl\vt — My||? + (‘1’77‘”) (M

2p(D2+2G s Pr)

ST~z selected, the following holds:

And when the optimal learning rate n* =

2(D2 + 2G o Pr) i
— > |

DRT(ﬂ'y, PT) S
p t=1

Ve — M| 2

The proof can be found in the target paper.

It is useful to point out: if M; = 0 the bound holds for the setting with no predictions available, if
M; = V, obtaining zero regret is possible and if Pr = 0 we the get the static regret bound.

2.3 Optimistic Online Mirror Ascent: One-Update-Per-Step (Our Contribution 1)

Algorithm 2| was the first version of OOMA but not the last, nor the best. The target paper did not
account for the latest result in this area which is due to Joulani et al. [4] where they introduce a variant
of OOMA that only requires one update per step, and still matches the static regret bound of OOMA
proved by Rakhlin and Sridharan [9} [10].

We, with the help of Orabona [[7], use the idea of Joulani et al. [4] and give Algorithm [3that computes
only a single update. However we extend the result of Joulani et al. [4] and prove the dynamic regret
bounds that match the bounds of Eq.[T]and 2]

Theorem 2. Algorithm[3|under the same conditions stated in Theorem([I} enjoys the regret bounds of

Eq.[Ijand 2}



Algorithm 3: Optimistic Online Mirror Ascent: One-Update-Per-Step

Require: 1 € R>¢ /* learning rate */
o: Y —-R /* mirror map */
M, Mg, -+, Mr41 /* Sequence of predictions */
Lety; = argmaxy ¢y, ®(y)
fort =1to T do

Play y;.

Observe the reward function f; and let V; = V f;(y+)

Vi1 = argmaxycy(y, Vi — My + Myi1) — W
end for

AR A ol

In order to prove Theorem [3| we separately establish two supplementary lemmas to prove the dynamic
regret. They are all due to Orabona [[7, |8, |6] with the following differences: (i) Our setting is a
maximization problem so we work on online mirror ascent rather than descent (ii) Dynamic regret in
non-optimistic setting and static regret in optimistic setting were given but, no proof was given for
the dynamic regret in optimistic setting (their combination) which is our contribution.

It is useful to note that we have avoided restating assumptions that have already been given in previous
sections for convenience.

Lemma 1. The following inequality holds for OMA as in Algorithm|[I}

2
n(fi(u) = fi(ye)) < MV, u—ye) < Bo(uyyy) — Bo(u;yeqr) + %\\Vt\\iavu SN

Proof. From the optimality condition for the update rule of Algorithm [T] (Line 5) and the KKT
theorem [Hazan [2], Theorem 2.2] we have:

Ve = Vao(yi+1) + Vo (ye), yi+1 —u) > 0,Vu € Y 3)
Also form the definition of supergradients we have:

MV, u—yi) = (Va(yir1) — Va(ye) —nVe, ¥ — )

4
+(Va(ye) = Vo(yit1),Yer1 —u) + (nVe,¥e41 — ye) @
Thus using Eq. 3]

<77Vta u-— Yt> < <V<1>(Yt) - V<I>(Yt+1)7}’t+1 - U—> + <77Vta}’t+1 - Yt> )

The following is according to the definition of Bregman divergence [2]. For any a, b, c in the same
convex set that constitutes the domain of ®:

(a—b)" (V®(c) — V®(b)) = Bs(a;b) — Bs(a;c) + Bs(b;c)
Hence
MV, u—yi) < Bo(w;yt) — Bo(Wyes1) — Ba(yes13ye) + (0Ve, yer1 — ye) (6)
Also, for any a, b € R%:

— 1 2 A 2
@by = it {clal?+ SIie)

Thus by choosing A\ = p:

2
Ve, ¥i41 — yi) < ;LpHVtHi + g”)’tJrl —yiel? @)

Plugging Eq.[7]into Eq.[6}

NV, u—yi) < Bo(wyy:) — Bo(w;yir1) — Ba(Yer13¥e) + Ve, Yir1 — ye)

o 2, P , 8
< Bo(u;y¢) — Bo(w;ye41) — Bo(yir15ye) + %Hth* + iHYtH — vyl



Since ® is p-strongly convex, then By (yi41;y:) > 5llyes1 — y¢||? hence Eq. is turned into:

2
(V00 = yi) < Ba(wyi) = Bo(wyess) = Ba(yesvo) + o [VelE + Sllye = vl
772
< Bo(w;yt) — Bo(u;ye41) + 2*p||vt||3 O

Lemma 2. The dynamic regret of OMA as in Algorithm([l|is the following:

T

D2 + 2G4 P
DRy (ry, Pr) < =2 2 4 57 LIV
t=1

Proof. From Lemma |[I]we have:
2
- N 1
n(fe(ae) — fe(ye)) < MV, ue — ye) < Bo(uiye) — Bo(us yerr) + 2Lp||vt||z

2
< By (us;ye) — Ba(Wg13ye41) + Bo(Wg13y641) — Ba (g yer1) + ;LpHVtHf

By diving the sides by n and summing over time:

DRT(Wy,PT < Z Bq> llt,}’t) f@(utJrl;ytJrl) +2T: B<1>(llt+1;}’t+1)n— B<1>(llt;Yt+1)
t=1

(I) (In)
o n
+ Z ?p||vt||§
t=1
)]

Let us take care of terms (I) and (I) separately.

(D is a telescopic sum hence:

(I) = By (u1;y1) — Ba(uri1;y7+1)
n

For (II) we have:

(D) = = |$(urr) — dlur) +

M=

<V(I)(Yt+1)7 ur — Ut+1>

3

t

1

=% B(urer) — b(w) +

M=

(VO(yir1) — VO(y1) + VO(y1),u; — Ut+1>]

Il
A

= 1 1 g(u) - d(u) +
n t

] =

T
(VO(y1),u — up1) + Y (VB(yr41) — VE(y1), up — wyy1)
=1

Il
—

telescopic sum

T
= = |¢(ur1) = $(w) + (VO(y1), wi — urs1) + Y (VE(yer1) = VO(y1), w — ut+1>]
t=1

T
1
= — | Be(uri1;y1) — Be(uisy1) + Y (VO(yi41) V‘I)(Yl),ut—ut+1>]
=1




By plugging (I) and (II) into Eq. [0 we have:
Bg(ui;y1) — Be(ury1;yr+1) | Bo(urii;yi) — Be(uisyr)

_|_
n n

T
1
+EZ<V¢(Y25+1) Ve(y1),ur — upi1) +Z£HVtH2

t=1 t=1

.D]%T(ﬂ'y7 PT) S

Bs(uryi1;y1) — Bo(urss; 1 & Iy
_ be(ur413y1 o(urt13y741) +7Z (VO(yes1) V@(yl),utfut+1>+zf]||vt||2
Ui ni= —~ 2p *

(ITI)

(Iv)

Now let us take care of terms (III) and (IV) separately.
For (IIT) since the Bregman divergence is always non-negative, we have:

By (uri1;y1) — Ba(uri1;yr41)

IIT) =
(I11) ;
< Be(uri1;y1)
n
_n
n

For (IV) using Cauchy-Shwarz inequality and that || V®(y)||. < G4, we have:

T
(IV) = (V®(yi11) — VO(y1),u — wyp1)

t=1

!

Z”V(I)(Yt—H) Ve (y1)ll«|[ur — wpp ||

< 2G<I>PT
Putting everything together we have:

D2 +9GoPr <
%M_FZ

DRy (my, Pr) < 5olVell =

t=1
Now we have all the tools to prove Theorem 2]

Proof. By replacing V,; with V, — M, + M, 1, and u with u, in Eq.[6|and summing over time, we
have:
Bo(ug;yt) — Ba(u;yiv1) — Ba(Yit1;¥1)

Ui

E

— M+ My, 0 —ye) <

M)~
E

~
I
—

t=1

V) ]

M=

+ (Ve =My + M1, yi41 — ye)

-
Il

1

(V1)
Let us expand (V) and (VI) separately.
For (V) we have:

T T T
= (Vow —y) + > (Mypr — My,wg) = (Mygy — My, ye)
t=1 t=1 t=1

DRT(TFy,PT)



For (VI) we have:
T

T
(VD) = (Vi— M,y —yi) + O (M1, ¥ep1 — ve)
t=1

t=1
Putting everything together we have:
T T
DRy(my, Pr) + Z (Myy1 — My, ) — Z (Myp1 — My, yy) <
t=1

t=1

T T
+Y (Ve My =y + > (Mg, yin — yi)
=1 =1

Which implies:

T
DRy (ny, Pr) + Z (My41 — My,uy) <
=1

T T T
O+ (Vi— M,y —y) + > (M1, yern —yi) + Y (Myy1 — My, ye)
=1

t=1 t=1
Which implies:

M=

T T
DRy (my, Pr) + Z (Myp1 — My,uy) <O+ (Ve =My, yip1 —yi) + Z ((Myg1,ye41) — (M, y4))
t=1 t=1

t=1

M’ﬂ

<O+ ) (Ve—= My —ye) + (Mrgr, yre1) — (Mi,yr)
=1
Hence
T T
DRy(my, Pr) <O+ ) (Vi— My,yie1 = ye) + (Mrir,yren) — (Miyn) = Y (Mipr — My, w)
=1 =1

Given that the left-hand side is independent of M7, we can safely set it to zero [see Joulani et al.
[4], Appendix 6]:
T T
DRp(my, Pr) <O+ (Vi— My,yiin —yi) — (My,yn) = Y (Mypy — My, uy)
t=1 t=1
Mj is the prediction of the supergradients at t = 1 and y, as the optimal decision, tries to move in
the direction of M to maximize the objective thus, (M;,y1) > 0:
T T
DRy(my, Pr) <O+ Y (Vi— Myyern —yi) = (Mip1 — M, uy)
t=1 t=1
Since M, is prediction about the supergradients of f; and u; maximizes the reward function at f;,

thus Myuy < Myqug, Vi € [T] (gradient at the optimal point moves the optimal solution the least).
Hence:

T
DRy(my, Pr) <O Z = Mg,y —ye)

Bo(ug;yt) — Bo(ue; yir1) — Ba(
n
1

And similar to the procedure of Lemma 2] with the difference that instead of V, V; — M, appears on
the right hand side, we get:

MH

T
Yi+13Y
141 e) + (V= My — i)
=1

~~
Il

D2 4+2GoPr <= 1 )
DRrp(my, Pr) < er;;pllvt—MtH* O

The optimal learning rate of Eq.[2]is found by taking the derivative of the right hand side w.r.t 7).



3 Optimal Learning Rate: Without the Prior Knowledge of Path Length (Our
Contribution 2)

The optimal learning rate of Theoremis obtained when the learner knows the path length Pr; this
is a violation of the assumption on the inputs being adversarial as the learner knows how much the
adversary can change the comparator sequence. Zhang et al. [12] has given an algorithm for online
gradient ascent (OGA) which does not need the path length to be known in advance. We, with the
help of Orabona [8] who explained the the same algorlthm of Zhang et al. [[12]], give Algorlthml
which is for OOMA (as our contribution) when ® = 5 Llly||2 which is a common choice for the mirror
map [2} 5]

2p(D2+2Gs Pr)
S IVe—Me|2”
we have ||V;||. < L and since M, is the prediction about the supergradients of fi, it is reasonable
to also assume that | M;||. < L. Also since ngf llut41 — ue|| < Pp, then Pr < DT and when
® = 1|ly||3, then Dg = G¢. Hence by replacing the minimum and maximum of the parameters, n*
is in the following range:

The optimal learning rate used to be n* = by assumption that f; is L-Lipschitz

\/%D{) < \/7D<1> m

T,
So consider a grid of N = 1 + ﬂog2 V/4 4 8T| learning rates where n(") = CLDjz fori =

, N which results in n(*) = % and V) = \fo v/ 1+ 2T This grid implies that there
exists an index 4*:

n) <t < 2pl) (10)

Thus leveraging the idea of exponentially weighted average forecaster (EWA) [1]], we can run multiple
instances of OOMA with different learning rates that belong to the aforementioned grid (where Eq.
guarantees that at least one of them is the optimal), and treat each of these OOMA instances as an
expert. EWA ensures that the best expert will be eventually followed which is translated to finding
the optimal learning rate in our problem.

Algorithm 4: Optimistic Online Mirror Ascent: One-Update-Per-Step with Adaptive Learning
Rate

Require: o € R> /* learning rate */
®:Y—>R /* mirror map */
M, Mg, -+, Mr41 /* Sequence of predictions */

1: Let N =1+ [log, V4 + 8T

Letp; = [%, 7N] [0, 1] /* Uniform prior over experts */
Lety; = argmaxy¢y, ®(y)
fort =1toT do

Play y;.

Observe the reward function f; and let V; = V f3(y+)

Update each expert: ygl = argmaxyey<y, Vi— M+ Miq) — Balyive) j—1.... N

7](")
. 7 p; exp (afi(y .
9:  Update each weight: p,Ele = Sr. p;)pe)((p ((Eft( >(2))) i=1,---
10: yiq1 = Zz 1 p£+21§’521
11: end for

N

)

For proving the regret bound of Algorithm[4] it is necessary to state the following lemma of Zhang
et al. [12] which is based on EWA in Cesa-Bianchi and Lugosi [[1].



Lemma 3. Let pgi) denote the initial probability of following the expert (i) in EWA, a € R, and,

without loss of generality, assume ft() is bounded|’|in 0, c] at all time steps. The following is the
regret of expert (i) in Algorithm 4}

E aTc
max(th - ()> Zf yi) < 3

8In N
Tc?

to minimize the upper bound and the fact that pgi) = ﬁ, for all

Then by choosing o =
i1 =1,---, N we have:

T T
>R = Xl < vt

t=1
Note that if the upper bound is valid for the max member, then it is true for all members.

Proof. Let:
N . .
Z Fr (v9) Wi =3 Bt exp (aF")
i=1
Line 9 in Algorithm 4] implies that.
o oo (urt)

o7 . )
Zjv 1 pgj) €xp (O‘Ft(i)l)

> 9 (11)

Also:

N
InWpr =1In (Z pgi) exp (aF%”))

i=1
>1In (max p(1 2 exp ( F}i))) (12)
; 1 1
= amax F:,(f) — —Iln—
le% (1)
P

). For t > 2, we have:

1 1p1 exp( F(i)>
Wt 1 ] ) ng) exp (oth(])1>
Yo 1 p exp (aFt( )1) exp (aft( (‘)))

;V 1 pgj) exp (aFt(z)1>

( D exp af < U))) (Using Eq.[TT)

When t = 1, we have:

ity (S0l (0 (1))
) Zln (Z pi” exp (af, (yE“))) (13)

*Bounded reward functions is a common and necessary condition in online learning [Lattimore and Szepesvari
[5], Chapter 1 and also Szepesvari [L1], Chapter 1].

Hence

T
In Wp =InW; +Zln <
P Wit




On the other hand, Hoeffding’s inequality states that for any random variable X such thata < X < b,
and any s € R:
s2(b—a)?

In (E [exp(sX)]) < sE [X] + 5

So since 0 < ft (+) < ¢ for all t, we apply the Hoeffding’s inequality to the inner summand of Eq.

o , 22
i (S (o (517)) ) <0 S (1) +
22
< aft <Z p( ? (z ) 86 (Jensen’s inequality for concave functions)
. a2c?
= afi(ye) + 3

Substituting the above inequality in Eq.[T3] we have:

Ta2c?
8

T
InWr < ath(yt) +
t=1

Substituting the above inequality in Eq.|12{and substituting F}i) with its explicit value, we have:

A 1.1 K. Tac?
max (Z Je <Y§Z)> T o (i)> < th(}’t) + 3 O
t=1 P1 t=1

Theorem 3. Algorithm[@|matches the optimal regret bound of Theorem 2|up to some polylogarithmic
factors without the need of knowing Pr in advance.

Proof. According to Theorem the regret of expert () in Algorithmis:
T T
2 filw) =3 fivi?)
<ﬁ - ”v M||2+(D<2I>+2G<DPT)
t=1

And according to Eq[T0}

(D3 + 2G4 Pr)
2p t=1 77(1)

T
2(D2 + 2G4 P
< Z—ZHVt—MtH“M
(Z— n

By plugging the optimal learning rate of Theorem [2]for n*, we have:

T T T
- S D2 + 2G4 P
S ftw) = Y- <3 Ba 2 2P0 519, - s

t=1 t=1

10



And using Lemma [3}

9 T
(Ds +2GePr) SOV - a2+ RN v ey

2p P 2
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