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Abstract

We derive an algorithm that achieves the op-
timal (up to constants) pseudo-regret in both
adversarial and stochastic multi-armed ban-
dits without prior knowledge of the regime
and time horizon. The algorithm is based
on online mirror descent with Tsallis entropy
regularizer. We provide a complete charac-
terization of such algorithms and show that
Tsallis entropy with power o = 1/2 achieves
the goal. In addition, the proposed algorithm
enjoys improved regret guarantees in two in-
termediate regimes: the moderately contam-
inated stochastic regime defined by Seldin
and Slivkins [22] and the stochastically con-
strained adversary studied by Wei and Luo
[26]. The algorithm also achieves adversarial
and stochastic optimality in the utility-based
dueling bandit setting. We provide empiri-
cal evaluation of the algorithm demonstrat-
ing that it outperforms UcB1 and EXP3 in
stochastic environments. In certain adver-
sarial regimes the algorithm significantly out-
performs UcB1 and THOMPSON SAMPLING,
which exhibit almost linear regret.

1 Introduction

Stochastic (i.i.d.) and adversarial multi-armed ban-
dits are two fundamental sequential decision making
problems in online learning [24; 19; 17; 9; 10]. When
prior information about the nature of environment is

available, it is possible to achieve O( ;A <0 logA(T))

pseudo-regret in the stochastic case and O(VKT)
pseudo-regret in the adversarial case [6; 7], and both
results match the lower bounds up to constants, see
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[13] for a survey.! The challenge in recent years has
been to achieve the optimal regret rates without prior
knowledge about the nature of the problem.

One approach pursued by Bubeck and Slivkins [14] and
later refined by Auer and Chiang [8] is to start an al-
gorithm under the assumption that the environment is
i.i.d. and constantly monitor whether the assumption
is satisfied. If a deviation from the i.i.d. assumption is
detected, the algorithm performs an irreversible switch
into adversarial operation mode. This approach recov-
ers the optimal bound in the stochastic case, but suf-
fers from an additional logarithmic factor in the regret
in the adversarial case. Furthermore, the time hori-
zon needs to be known in advance. The best known
doubling schemes lead to extra multiplicative logarith-
mic factors in either the stochastic or the adversarial
regime [11].

Another approach pioneered by Seldin and Slivkins
[22] alters algorithms designed for adversarial bandits
to achieve improved regret in the stochastic setting,
without losing the adversarial guarantees. In this line
of work, Seldin and Lugosi [21] have achieved an any-
time regret of O(3-,. 1. ¢ 1ogA(7;)2 ) in the stochastic case
while preserving optimality in the adversarial case. A
related approach by Wei and Luo [26] provides an any-
time regret bound scaling with logT" in the stochastic
case, but besides a suboptimal problem-dependent fac-
tor of O(——2%—) it is also suboptimal by a loga-

mina; >0 A;

rithmic factor in the adversarial regime. Seldin and
Slivkins [22] and Wei and Luo [26] also obtained im-
proved regret guarantees in a number of intermediate
regimes between stochastic and adversarial bandits.

The question of existence of a universal trade-off pre-
venting optimality in both worlds simultaneously has
remained open for a while. Auer and Chiang 8]

1To be precise, the O i, 50 loeT)y stochastic regret

A
rate is optimal when the means of the rewards are close
to %, see [17; 15; 16] for refined lower and upper bounds
otherwise. However, the refined analysis assumes that the
means are fixed, whereas we only assume that the gaps are
fixed, but the means are allowed to fluctuate arbitrarily,

see Section 2 for details.
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Regime % Learning Rate
th Sto.™ o) 0 (A)”
a—

Adv. 0 (/1og(T)) | © ( 1gt<”>
o =3 |Sto.T & Adv. O(1) %
lim Sto. O(log(T)) © (%)
a—1 1

Adv. o( log(K)) ) (%)

Tnovel results, *oracle knowledge of A; is required

Table 1: Complete characterization of Online Mir-
ror Descent algorithms regularized by Tsallis Entropy;
a=1 corresponds to the EXP3 algorithm.

have shown that any algorithm obtaining the optimal
stochastic pseudo-regret bound cannot simultaneously
achieve the optimal high-probability adversarial regret
bound or optimal expected regret bound for adaptive
adversaries.? In addition, Abbasi-Yadkori et al. [1]
have shown that in the pure exploration setting it is
also impossible to obtain the optimal rates in both
stochastic and adversarial regimes.

We show that for the pseudo-regret it is possible to
achieve optimality in both regimes with a surprisingly
simple algorithm. Additionally, we provide improved
regret guarantees for two intermediate regimes and ex-
tend the results to utility-based dueling bandits. The
algorithm is based on online mirror descent with regu-
larization by Tsallis entropy with power . We name
it a-TSALLIS-INF or simply TSALLIS-INF, where INF
stands for Implicitly Normalized Forecaster [6]. The
proposed algorithm is anytime: it requires neither the
knowledge of the time horizon nor doubling schemes.

The paper is structured in the following way: In Sec-
tion 2 we provide a formal definition of the problem
setting, including adversarial and stochastically con-
strained adversarial environments. Stochastic environ-
ments are a special case of the latter. In Section 3
we briefly review the framework of online mirror de-
scent. We follow the techniques of Bubeck [12] to
adapt the family of algorithms based on regulariza-
tion by a-Tsallis Entropy [25; 3] to anytime setting.
Section 4 contains the main theorems. We show that
a = % provides an algorithm that is optimal in both
adversarial and stochastically constrained adversarial
regimes; the latter implies optimality in the stochastic
regime. Furthermore, we show that any o € [0,1)
could potentially achieve the optimal regret bound
against stochastically constrained adversaries, but it
requires oracle access to the (unknown) gaps for tuning

2This does not contradict our result, because we bound
the pseudo-regret, which is weaker than the expected re-
gret.

the learning rate. A summary of the results is provided
in Table 1. In Section 5 we show that %—TSALLIS—
INF also achieves the optimal regret rate in the mod-
erately contaminated stochastic regime of Seldin and
Slivkins [22]. In Section 6 we apply %—TSALLIS—INF to
dueling bandits. Section 7 contains the proofs of our
main theorems. In Section 8 we provide an empirical
comparison of TSALLIS-INF with baseline stochastic
and adversarial bandit algorithms from the literature.
We show that in stochastic environments %—TSALLIS—
INF outperforms UCB1 and EXP3, but lags behind
THOMPSON SAMPLING, whereas in certain adversarial
environments it significantly outperforms UCB1 and
THOMPSON SAMPLING, which suffer almost linear re-
gret, and also outperforms EXP3. To the best of our
knowledge, this is also the first evidence that THOMP-
SON SAMPLING is vulnerable outside stochastic envi-

ronments. We conclude with a summary in Section 9.

2 Problem setting

At time t = 1,2,..., the agent chooses an arm I; €
{1,..., K} out of a set of K arms. The environment
picks a loss vector £; € [0,1]% and the agent observes
and suffers only the loss of the arm played, ¢ r,. In
the (adaptive) adversarial setting, the adversary se-
lects the losses arbitrarily, potentially based on the
history of the agent’s actions (I, ..., I;—1) and the ad-
versary’s own internal randomization. In the stochasti-
cally constrained adversarial setting [26] the adversary
is required to pick the best arm ¢* and to sample losses
from distributions that maintain a fixed gap to the best
arm, E [, ; — £;;+] =: A; > 0. We emphasize that the
means, as well as other parameters of the distribu-
tions of all arms are allowed to change with time and
may depend on the agent’s past actions Iy,...,[;_1.
Stochastic environments are a special case of stochasti-
cally constrained adversarial setting, where the means
are fixed throughout the game.

We measure the performance of an algorithm in terms
of pseudo-regret:

T@T =E [

. [

where 4%, € argmin; E [Zthl Et,i] is defined as a best

T
et’[t‘| — mlHE [Z Et’i‘|

t=1

i

1= T

(Ce,r, — L)

1

arm in expectation in hindsight and the expecta-
tion is taken over internal randomization of the algo-
rithm and the environment. For deterministic obliv-
ious adversaries the definition of pseudo-regret coin-
cides with the expected regret defined as E[Regr] :=
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E [ming S0 (o, — 00)|-
strained adversarial setting a best arm is fixed, i, = ¢*
for all T' (if there is more than one best arm we can
pick one arbitrarily), and the pseudo regret can be
rewritten as

In the stochastically con-

T
Regr =Y Y AP =1].
t=1 =<

3 Online Mirror Descent

We recall a number of basic definitions and facts from
convex analysis. The convex conjugate® of a function
f:RX = R is defined by

f*(y) = max {(z,y) — f(x)}.

TERK

We use

oo, otherwise

0, ifzecA
IA(.’L') = {

to denote the characteristic function of a closed and
convex set A C RE.  Hence, (f + Za)*(y) =
maxgca {(z,y) — f(z)}. By standard results from
convex analysis [20], for differentiable and convex f
with invertible gradient (V£)~1 it holds that

V(f +Za)"(y) = argmax {(z,y) — f(2)} € 4.

3.1 General Framework

The traditional online mirror descent framework
[23] uses a fixed regularizer ¥, with certain reg-
ularity constraints. The update rule is w;11 =
V(- 22:1 asls), where 22:1 asls is a weighted
sum of past losses. This setting has been general-
ized to time-varying regularizers U, [18], where the
updates are given by w1 = V¥ (= Y\, £,). Note
that this formulation uses no weighting a, of the losses.
In the bandit setting we do not observe the com-
plete loss vector ¢;. Instead, an unbiased estimator

b Eppew, {ét} = {; is used for updating the cumula-
tive losses. At every step, we need to choose a proba-
bility distribution over arms w;, so we add Zax to the
regularizers W;, thereby ensuring that w; € AX.

The algorithm is provided in Algorithm 1. Note
that this framework is equivalent to what Abernethy
et al. [2] call GRADIENT-BASED PREDICTION (GBP),
where they replace V(¥, 4+ Zax)* with suitable func-
tions V®; : RX — AKX, We adopt the notation of
(I)t = (‘I]t +IAK)*.

3Also known as Fenchel conjugate.

{5 B N N

=]

Algorithm 1: Online Mirror Descent (OMD) for ban-
dits

Input: (¥;);—12....
Initialize: Lo = Ox (the zero vector of dimension K)
fort=1,...do

choose wy = V(W 4+ Zax)*(=Ly_1)

sample I; ~ wy

observe {;

construct @t

update it = IA/t—l + Et

3.2 OMD with Tsallis Entropy
Regularization

We now consider a family of algorithms that is param-
eterized by the (negative) a-Tsallis entropy: H,(z) :=
= (1—=3,22). Constant terms in ¥; do not change
the gradient V®;. We change the scaling of a-Tsallis
entropy and drop all constant terms, resulting in
the following time-dependent regularizers: ¥, ,(w) :=

o4

> alf]t - This family of algorithms is a subset of INF
[6], which we call a-TSALLIS-INF. When the learning
rate 7, ; is constant over time and arms, the algorithm
is equivalent to the GBP algorithm proposed by Aber-
nethy et al. [3].

As it has been observed earlier [3; 4], a-TSALLIS-INF
includes EXP3 and algorithms based on the log-barrier
potential as special cases. This can be easily seen by
taking the limit of the properly scaled and shifted reg-
ularizers:

. 1 o
iﬂ 1 _a(l — Zl‘z ) = Z:z:zlog(xi),
lim l(K - fo‘) = —Zlog(wi).

a—0

We use importance sampling to construct the loss es-
timates £, ; = 1,(7) i where 1+(7) is used as a short-

we,i’

hand for the indicator function 1 (I; = ).

4 Main results

In this section we present regret bounds for TSALLIS-
INF in adversarial and stochastically constrained ad-
versarial regimes. The latter also provides bounds for
the stochastic regime, since it is a special case.

4.1 Adversarial Regime

TSALLIS-INF has been previously analyzed by Aber-
nethy et al. [3] and Agarwal et al. [4]. Abernethy et al.
provide a finite-time analysis for « € (0, 1], while Agar-



An Optimal Algorithm for Stochastic and Adversarial Bandits

wal et al. analyze the case of @« = 0. The main con-
tribution of the following theorem is that it provides
a unified and anytime treatment of all o € [0, 1]. The
bound recovers the constants from Abernethy et al.
without the need of tuning the learning rate by the
time horizon T'.

Theorem 1. For any a € [0,1], and any adversar-
ial bandit problem the pseudo-regret at any time T
of TSALLIS-INF with the learning rate n.; = n =

\/(lfa)(Klfth*a)(lft*a)

at

satisfies

— 1 log(K) log(T
R@TSQV;m{ W(%(),%()}KT+L
a— o l1—«

The proof is postponed to section 7.

4.2 Stochastically Constrained Adversarial
Regime

We show that with a carefully tuned learning rate
TSALLIS-INF can achieve log(T') regret rate in stochas-
tically constrained adversarial environments. This en-
sures the same regret scaling in stochastic environ-
ments as a special case. At the moment, for any o # %
the algorithm requires oracle access to the gaps for tun-
ing the learning rates. We leave it to future research
to explore the possibility of replacing the true gaps
with gap estimates, as in Seldin and Lugosi [21]. For
a = % we provide a tuning of the learning rate that
requires no knowledge of the gaps and achieves the op-
timal problem-dependent constant of >, Six Ai in the

regret bound. '

The learning rates in this section are n,; =
O©(A}7>*t=%). Note that for & =  the learning rates
for all arms are identical, 1 ; = 7;, and do not depend
on the gaps. Therefore, taking a = % circumvents
the need of tuning the learning rates based on the un-
known gaps, which has hindered progress in prior work

[26].

The rationale behind the selection of the learning rate
is the following. The target regret of ©(3_, ;. %)
dictates that suboptimal arms should be explored at a
rate of ©(x%;) per round. Exploring more than that
leads to excessive regret from the exploration alone.
Exploring less is also prohibitive, because it leads to
an overly high probability of misidentifying the best

arm. TSALLIS-INF pulls suboptimal arms at a rate of
- - S S, - -

about (ng,;(L¢,; — Lt,%;f)) . Since E [Lt)i — Lt,%;‘:| =

A;t, it seems straightforward to use a learning rate

that ensures (m)iAit)_ﬁ = @(ﬁ). However,

previous techniques to analyze the regret faced ma-
1

jor obstacles. Since x” T-« is a convex function,

- _ _a
E [(m,i(Lt,i — L)) 1*“} > (n:,iAit)”==. There-
fore, control of the exploration rate requires control of
the variance of (L;; — L, l:) Due to importance sam-

pling, the variance of I:t,i is of order Zt —L_ where

s=1 ws,;
ws,; is the probability of pulling arm ¢ at round s. If
the suboptimal arms are pulled according to the opti-
mal rate of 5, then the variance is of order ©(A%?).
This is prohif)itively large, because the square root of
the variance is of the same order as the expected differ-
ence of the cumulative losses and standard tools, such
as Bernstein’s inequality, do not guarantee concentra-
tion of [A/m- — [A/“: around A;t. Therefore, in prior
work authors have increased the targeted rate of ex-
ploration, thereby decreasing the variance at the cost

of multiplicative log T factor(s) in the regret [22; 21].

We circumvent this challenge with a novel way of
bounding the regret. Following a refined analysis anal-
ogous to the adversarial case, we demonstrate a self-
bounding property of the regret, leading to our main
theorem that bounds the regret of %—TSALLIS—INF in
adversarial and stochastically constrained adversarial
regimes simultaneously.

Theorem 2. For learning rates n.; = n = \/%,

the pseudo-regret of %—TSALLIS—INF in any adversarial
bandit problem satisfies:

Regy < 4VKT + 1.

If the optimal arm %, is unique throughout the game
and there exists a gap vector A, such that the pseudo
regret at time T satisfies

T
uE Zzwt,iAi < Regr, (1)

i t=1

then the pseudo-regret further satisfies

— 4log(T') + 68
Regr < Z OgLA)‘—FZL\/K.
i ¢

The proof is postponed to section 7.

Remark 1. In stochastically constrained adversar-
ial environments and stochastic bandits as their spe-

cial case Regr = E [Zi#* 23:1 wmA,-] by definition
and ;. = 1. The relaxzed condition in equation (1) is

required for extension of the results to contaminated
stochastic bandits.

Remark 2. Uniqueness of the best arm is a technical
condition we had to use in our proofs, but our experi-
ments show that it can most likely be eliminated. We
leave elimination of this condition for future work.
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As a direct corollary, we obtain an asymptotic regret
bound for the standard multi-armed bandits (MAB),
which shows that %—TSALLIS—INF is optimal (up to
constants) in both stochastic and adversarial environ-
ments simultaneously.

Corollary 1. The asymptotic regret of %—TSALLIS—

INF with learning rates n, = \/g in a stochastic K-

armed MAB with a unique best arm i*

<x

it

satisfies

lim inf Regt
t— 00 log

The worst case lower bound for Stochastic MAB with
Bernoulli losses is achieved when the mean losses are
close to s. Let E[f, ;] = % + A,; and let A denote the
vector of gaps, then for any consistent algorithm

1
li —
HAlﬁgo Z A

igir ¢

-1
1
5"

This can be derived from the well known divergence
dependent lower bound [17] (see Appendix B). There-
fore, the asymptotic regret upper bound of %—TSALLIS—
INF is suboptimal by a factor of 8, which is arguably
a small price for a significant gain in robustness. We
leave it to future work to close the gap or prove that it
is impossible to do so without losing adversarial guar-
antees.

Finally, we present a full characterization of T'SALLIS-
INF with « € [0,1] in the stochastic setting. We
let ¢ = max{e,t}. For learning rates n;

— (0%
1—2a032% (1 'te ; . _
Ay (f for i # 4 and i+ =

min;;- 7¢,; we prove the following theorem.
Theorem 3. For any a € [0,1] and any stochastically
constrained adversarial regime with a unique best arm,
there exists an arm-dependent learning rate schedule,
such that the pseudo-regret of TSALLIS-INF at any
time T satisfies

_ 56 min{ ——, log(T)} log(T
RegT§Z< {MA.g( )} log(T')
i ¢

1441og(<-)?
Pt 2_
+ A +

A proof is provided in Appendix E.

Remark 3. We reemphasize that for o # % the re-
sult in Theorem 8 requires knowledge of the gaps A;
for tuning the learning rate. For a = % this knowledge
is not required. Therefore, at the moment Theorem 3
is primarily interesting from the theoretical perspec-
tive of characterization of behavior of TSALLIS-INF
in stochastically constrained adversarial environments,
whereas o = % is the only practically interesting value.

5 Moderately Contaminated
Stochastic Regime

In many real world examples the systems behave
mostly stochastically, but not all the time. In such
situations it is desirable to stay close to the log(T)
bound instead of resorting to the weaker /I' worst-
case regret guarantee. In order to model such situa-
tions Seldin and Slivkins [22] have defined the moder-
ately contaminated stochastic regime. In this regime,
the adversary picks some round-arm pairs (¢,7) (“lo-
cations”) before the game starts and assigns the loss
values there in an arbitrary way. The remaining losses
are generated according to the stochastic regime. A
contaminated stochastic regime is called moderately
contaminated after T rounds, if for all ¢ > 7 the to-
tal number of contaminated locations for each subop-
timal arm up to time ¢ is at most tﬁi and the number
of contaminated locations for the best arm is at most
. By this definition, it follows directly that

T
%E S wiithi| < Regy

t=1 i#£i*

for T" > 7. Therefore, by Theorem 2, %—TSALLIS—INF
with ny = ﬁ has O(log(T")) regret guarantee simul-
taneously with O(v/ KT) worst-case regret.

6 Dueling Bandits

In the sparring approach to stochastic utility-based
dueling bandits [5] each side in the sparring can be
modeled by stochastically constrained adversarial en-
vironment. This makes it a perfect application domain
for %—TSALLIS—INF. The problem is defined by K arms
with utilities u; € [0,1]. At each round, the agent has
to select two arms, I; and J;, to “duel”. The feedback
is the winner W; of the “duel”, which is chosen accord-
ing to PW; = I] = Hul‘% The regret is defined
by the distance to the optimal utility:

T
E ur, +uyg,)

In an adversarial version of the problem, the utilities
u; are not constant, but time dependent, u; ;, and se-
lected by an adversary. The regret in this case is the
difference to the optimal utility in hindsight:

T
Z(ut,l,, + ut,J,,)] .

t=1

T
RiegT = Z2UZ* —

t=1

T
Regr = maxz 2up; — E
K3
t=1

Ailon et al. [5] proposed the SPARRING algorithm, in
which two black-box MAB algorithms spar with each
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other. The first algorithm selects I; and receives the
loss 44,1, = I(W, # I;). The second algorithm selects
Ji and receives the loss ¢; j, = I (W; # J;). They have
shown that the regret is the sum of individual regret
values for both MABs, thereby recovering O(vVKT)
regret in the adversarial case, if MABs with O(vVKT)
adversarial regret bound are used. The stochastic case
for each black-box MAB is a system with stochastically
constrained adversary. Since no algorithm has been
known to achieve log(T") for this problem, Ailon et al.
[5] provide no analysis of SPARRING in the stochastic
case. Applying Theorem 1 and Theorem 2, we imme-
diately get

Corollary 2. SPARRING with two independent ver-

sions of %-TSALLIS-INF with learning rates 1y = %

suffers a regret of

Regr < 0 < ) 1°§T)> +O(K)

i:A; >0

in the stochastic case and
Regr <O (\/ KT)

in the adversarial case.

7 Proofs

In this section, we provide proofs of Theorems 1 and 2.
A proof of Theorem 3 along with proofs of all lemmas
in this section are provided in the Appendix.

7.1 Proof of Theorem 1

Lemma 1. For any o and any learning rate schedule
the loss of TSALLIS-INF at any time t satisfies

N, 1, T
b e () —
~ 21 — a)wy 1, + (L)

Lemma 2. For any a and any arm-independent non-
increasing learning rate schedule the sum of potential
differences of TSALLIS-INF satisfies

> @u(—Lia) -

+(1-T"

g, < By (—Ly).

(£ (-7

anr

(I)t(_i/t) <

1)IA/T,1‘*T +

ik
Proof of Theorem 1. Using Lemma 1 and Lemma 2,

we can bound the sum of the agent’s losses as
T

N (K'*-1)(1-T"%)
14
Z bl _Z 2(1 — a)wy, 1, + anr

t=1

+(1 =T YLy

K-1
ik,

Subtracting the optimal loss L;: , taking expectation

over both sides and using E[L;: | = E[IAJTJ;] leads to

T
RegT = E [(Z Etjt) — sz}
t=1

T
K> —-1)(1-T"*
<E Z Nt + ( )( )
— 2(1 = 2wy, 1,* anr
17 r! 7
+E |-T LT,;} + 1 Z Lt
i#i
The first expectation can be expressed as

T _ 1:(i)n
E |:Zt:1 2(17a73§vt,1t“:| - [Zt 1 Z’L 2(1 :1 wttI, :|
We note that the conditional expectation of 1:(7)
(conditioned on all the randomness prior to selection

of It) is wy ;. Therefore, E {Zle > %} -
Wt g I T a

{Zt 12 772(1 a) } < (Zt 177t> ﬁ, where we

use that w; = K~ maximizes ), wy;

1l—«
that 0 < E[[A/Tl] < T to obtain

T
RegT =E l(z ft,h) - LZ:}
t=1

T « - _ _ T«
<<§77t> 2(1]{_@)4-1-1-(]( na-r )

We use

Finally, we plug in the learning rate 7y =
1— Kl1—2a_ _K—a)(]1—t— a
\/( a)( )( . bound YT /1= <

S = { 2 <2/T(1 —T-2) and get

— 1
Regr < 2\/<

7Ka71 17T«
)( >KT+1.
11—« a

The first factor is bounded by ,/ﬁ and
monotonically increasing in « with the limit

\/ 171[?;71 = /log(K

the Appendix). By the same argument, the second fac-

limgy_yq ) (details in Lemma 5 in

tor is bounded by é and monotonically decreasing

in o with the limit limg_,0 /22— = \/log(T). O
7.2 Proof of Theorem 2
Lemma 3. The loss at time t of %—TSALLIS—INF with

learning rates ny = \/g satisfies

4nsw i ~ ~
b, < 30 IO 4 @y (< Lymy) — @4(—Ly).

w
Z’;éft talt
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Lemma 4. The expected sum of potentials of %—

TSALLIS-INF with learning rates 1, = \/% satisfies
T

E [Z By (—Ly 1) — Di(—Ly)
t=1

1%

t=1 i#£*

+E[L;i+] + 2VK.

Proof of Theorem 3. The adversarial part follows di-
rectly from line (2) in the previous proof. For the
second part of the theorem, we start by bounding the
expectation of 4, j,. By using Lemma 1 when I # ¢*
and Lemma 3 otherwise we have for all ¢:

4y a1, < Z ( nfz 4]115(1 )m,iwt,i)

iFEL* W, I,
+(I)t(_f/t71) - (I)t(_f/t)~

We note again that the conditional expectation of 14(4)
is wy ;. Therefore, taking the expectation and plugging

in the learning rate n; ; = %, we obtain:

Lo(i)nes  41(3% ) we
Eft;.;] <E Z( %ﬁ el wt,)
t,i t,I:

it
+E [cbt(—fit,l) - <I>t(—ﬁt)}

B VWi 4 4wy
T
ik

In the initial time period we are using Lemma 1 for
all actions, including I; = ¢*, and in the same way as

above obtain:
W5
El4. ] <E [Z V\/;

/Wt i 1
<E|Y |t A TE
i

FE[@(~Lor) ~ ®(~L0)]

i [@t(fﬁt,l) - @t(fﬁt)} :

Summing over ¢, using the first bound for t > Ty :=
[maxa,>o %1, the second bound otherwise and then

applying Lemma 4:

T T ]
E ZEtJ‘ S E lz Z \/m+}i(/tE>To)4wt’i
t=1 t=1 i#£i* |
T
+Z Vi + E Zq)t(_i/tﬂ) -
t=1

< 2,/ Wi
<MN'E =+
;[Zﬁ

®y(—Ly)

XT: 2, /Wy i + 4wm'
t=To+1 \/E =

+2y/Ty + 2VK + E[L;+].

+E [cpt(_ﬁt_l) _ @t(_ﬁt)]

We are using the inequality a/x + cx < bx + 4(1‘)17;),
which holds for all a,b,z > 0 and ¢ < b (see Lemma 8
in the Appendix). Subtracting the optimal expected
loss E[L;+] on both sides

Regr <2VK+ Y E

i#i*

+ ZT: MAiw i + 2
2 T (A — 8Vt

A JTAY; 2
:ZZE[ 5 wm—l—m +2\/§+2\/ITO

53>

i#i* t=To+1

i pA; _+i
2 ’ HAGt

t=1

+2VTy

\/gfl
V-1t

s pl; — 8Vt > “A

B (pA; —
Since for any ¢ > mina, >0 2A7

§or g
=To+ (/’LA -8 ) t=To+1 M2A3\/§
32 2

<<
AT, T opA

Bounding Ty by i a, % and using Regp >
T
MZt:1 Zi;ﬁi*E

[MAiwt,i]I

2

i

Regr 2log(T) + 34

A, +2VK.

Regr <

Subtracting %RegT on both sides and multiplying by
2 concludes the proof. O

8 Experiments

We evaluate the classical UcB1(a = 1.5) and THOMP-
SON SAMPLING* for stochastic bandit algorithms and
ExP3 as an algorithm optimized for adversarial envi-
ronments. We also evaluate BROAD and EXpP3+4+ as
state-of-the-art all-purpose algorithms. The pseudo-
regret is estimated by 1000 repetitions experiments
and we plot the standard deviation of our regret es-
timation in a shaded area. We always show the first
10000 time steps in a linear plot and then the time
horizon from 10* to 107 in a separate log-log plot.

The first two experiments illustrate the superiority of
TsALLIS-INF. In both experiments, we use the same
number of arms K = 8 and the same gap for all sub-
optimal arms A = (0.125.

4Other algorithms, such as KL-UCB and MOSS, per-
form comparably to THOMPSON SAMPLING in our experi-
ments and, therefore, omitted.
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Figure 1:
with K = 8 and A = 1/8 under a) stochastic and b)
stochasticaly constrained adversary regime. The left
side is in linear scale and the right is in log-log scale.

Comparison of several bandit algorithms

The first experiment shown in Figure 1.a) is a standard
stochastic MAB, where the mean rewards are given by
(I1+A)/2 and (1—A)/2, respectively. Unsurprisingly,
THOMPSON SAMPLING exhibits the lowest regret fol-
lowed by TSALLIS-INF and then UcBl. EXpP3+4+ is a
clear improvement over EXP3, however 7' = 107 is not
large enough to reach the log(7)? regime. BROAD suf-
fers from extremely large leading factors in the regret
and is out of question for practical applications.

The second experiment shown in Figure 1.b) is iden-
tical in the number of arms and gaps, however the
means are not fixed. The mean loss of (optimal arm,
any sub-optimal arm) switches between (1— A, 1) and
(0,A), while staying unchanged for phases that are
increasing exponentially in length. Both UcB1 and
THOMPSON-SAMPLING suffer almost linear regret. To
the best of our knowledge, this is the first empirical
evidence clearly showing that THOMPSON SAMPLING
is unsuitable for the adversarial regime. All other algo-
rithms are almost unaffected by the shifting of means,
with TSALLIS-INF being the only algorithm that ob-
tains log(T") regret with practical leading factors.

In the Appendix we provide an additional experiment
that addresses the main shortcoming of our proof,
namely, that the stochastic guarantee requires unique-
ness of the best arm. We use the same gap as before,
but only 1 suboptimal arm. The experiment is re-
peated with increasing number of copies of the best
arm, see Figure 2 in the Appendix. We observe that
the regret decreases with the growth of the number of
suboptimal arms. Therefore, we conjecture that the

requirement of uniqueness is merely an artifact of the
analysis.

9 Discussion

We have presented a complete characterization of on-
line mirror descent algorithms regularized by Tsallis
entropy. As the main contribution, we have shown that
the special case of a = % achieves optimality in both
adversarial and stochastic regimes, while being obliv-
ious to the environment at hand. Thereby, we have
closed logarithmic gaps to lower bounds, which were
present in existing best-of-both-worlds algorithms. We
introduced a novel proof technique based on the self-
bounding property of the regret, circumventing the
need of controlling the variance of loss estimates.
We have provided empirical evidence that our algo-
rithm is competitive with UCB1 in stochastic environ-
ments and significantly more robust than UCB1 and
THOMPSON SAMPLING in non i.i.d. settings. Finally,
we have shown that our results extend to two inter-
mediate settings from prior literature, stochastically
constrained adversaries and moderately contaminated
stochastic regimes, as well as the utility-based dueling
bandit problem.

A weak point of the current proof is the requirement of
uniqueness of the best arm in stochastic and stochas-
tically constrained adversarial settings. Our experi-
ments suggest that this is most likely an artifact of
the analysis and we aim to address this shortcoming
in future work.

Another open question is whether it is possible to
achieve optimality in problem-independent constants.
We have reduced the multiplicative gap with the lower
bound down to a factor of 8. There is a potential of re-
ducing the gap to a factor of 4 by using loss estimators
with smaller variance, such as ét,i = %L(i) + 2.
However, this requires careful analysis, since parts of
the proof rely on non-negative (or lower bounded)
losses. On the other hand, it might be more suitable
to compare the upper bound with the best achievable
regret in the stochastically constrained adversarial set-
ting. To the best of our knowledge, there is no refined
lower bound known for this problem.

An additional direction for future research is the appli-
cation of TSALLIS-INF to further problems. The fact
that the algorithm relies solely on importance weighted
losses makes it a suitable candidate for partial moni-
toring games.
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Figure 2: Increasing number of copies of the best arm

A Additional experiment

We use a single suboptimal arm with mean loss of %.
All other arms are optimal with mean loss %. We
run the experiment with 1000 repetions and increase
the number of arms. The figure clearly shows that the
regret does not suffer if the optimal arm is not unique.

A.1 Implementation notes

It might seem problematic that Y. w;; = >, (n:(L; —
2))~2 = f(x) = 1 does not have a closed form solu-
tion for z or w. In fact this is not a problem since
x can be easily approximated by Newton’s Method,
reaching a sufficient precision in very few iterations
(see Algorithm 2). In our experiments, TSALLIS-INF

Algorithm 2: %—TSALLISINF update procedure for w
and x

Input: x,f/t
repeat
Vi Wi 5 < (nt(Lt,i — l‘))i
3
T w— (o w — 1)/ (2m 20 wiy)

until convergence

2

is competitive with EXP3 in run-time complexity and
is significantly faster than THOMPSON SAMPLING.

B Asymptotical lower bound
Lai and Robbins [17] showed the following lower bound

for any consistent algorithm, when the optimal arm
has mean reward % and suboptimal arms have the gaps

A;
b e R—
g;o kl(3 4+ Ay, 3)
The kl term can be bounded by

1 1
VA; €0,0.5]: 2A% < kl(§ + A, 5) < 2A% +3A3,

which can be verified by taking the taylor expansion
at A; = 0. Therefore

1 1 A 1
2 N Z % 2 Z P
25 AT K+ AL L) T A 28+ 3A
3A.
PR v DI e
A0 D A ARt ea Ao D

The statement follows now from

; _1\—1
lmyjajso (Ca,s0 A7) 3K =0.
C Technical Lemmas

Lemma 5. For anyy > 0,z > 0, the function 17};%
is mon-increasing in x and has the limit
1—y=®

lim —2— =1
lim — og(y),

1—y~ %

x

therefore < min{z~!,log(y)}.

Proof. Taking the derivative and using the inequality
z<e*—1:

d (1 - y‘“”) _ log(y)y™"r — (1 -y~

Oz x z2
log(y)z _ —r _ T
< e 1)92 A-y™) _,
T
The limit by L’Hopital’s rule is
-y log(y)yT
T T T el
O
Lemma 6. Foranyz <1, y>0:
(I1—2)Y <l+yx
N y(l;y) .’E2(1 _ x)fmax{y,l} Zfl’ >0
73’(1;1’)952 ifx <0’

Proof. Assuming x > 0: Taking the Taylor series at
x = 0, we have

oo tt—18+y
:Zac l—l—yac
=0 0S5 T
oo t—1 o0 t+1
=Y [ e [
= x = X
t=2 S:()erl t=0 5705+1
t—1
:y(y+1)xzimt s+y
2 s+1
t=0  s=2
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&

t=0 s:2 t=0

The case x < 0 follows immediately from the third
derivative being positive for all x < 1. O
Lemma 7. The following inequalities hold:

—x 1

max (azx)” " = eae
z€0,1]
1 3
T — e < =
LRy =
1 1
1 =-<-
Jmaxrles(-r) =<3

Proof. The second and third inequality follow directly

from the first. The derivative of (ax)~ is (— log(ax)—

1)2~*, which is positive for z < é and negative for

T > aie Therefore the maximum is obtained for x =

(ae)~ . O
Lemma 8. For any a,b,x > 0:

a2
<b —
oz <brt

Furthermore for any ¢ < b:

a
<
aﬁ+cm_bx+4(b_c)

Proof. A simple quadratic expansion shows:

a? a?
>

a s e
42’ = 4b

b — av/E = b(VT — 3)° -

Rearranging leads to the lemma. The second part is
obtained by substituting b by b — ¢ and adding cx on
both sides. O

C.1 Properties of the potential function

Lemma 9. Denote w* = (w?, ..., wi)T = V&, (~L,)
for any s > 0. (We will set s either tot —1 ort in
later proofs.) Then w* takes the form

_1
w; = (nt,i(Ls,i + 95)) o

where for any j it holds x = —I:SJ- + nt_)jl (w;)o"l.

Proof. At the optimal value of <w, —f/s> — U, (w), the

derivative in each coordinate is equal (K.K.T. condi-
tion). That means

JwEeR Vi — Lo+ H(w)) =g,
JreR Vi w!= (nt,i(ﬁs,i + 515))ﬁ

Since this also holds for w7, we have

* A~ _1
wi = (,j(Lsj+x))oT,
:—L,j+nt]( )a 1'

O

Definition 1. Let z,(L,) € R denote the unique value

1
x that satisfies (V@t(—ﬁs))l = (nt7i(f/s,i + x)) o
ForAIA/t_l, we drop the brackets and simply use x; for
xt(Lt,l).

Lemma 10. Denote w* = V‘I)t( L) and L™ .=
)

min; Ly ;, then the potential ®,(—Ly) is

@y (-Ly) =3 LW g

2 ang i

1— i
= miAn Z ( 7 a)nt’ o ta.
e W\ Gl o + 275

Proof. Plugging the optimal value into the potential
function:

*\or— * — w; ) T
_Z< M (W))* 7wl 4 1 () )‘Hﬁt(Ls)

—Z( G (L),

O”/t 1

which concludes the first part of the proof. For the
second identity the constraint = > me ensures that
the term in the denominator is positive for all 7. The
: — (I—a)me, L71
function f(z) = (ZZ YT A
in « (which can be verified by taking the second deriva-
tive), which means that the minimum is achieved when

) + x is convex
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the first derivative is O:

9 (1—a)nei! .
O ((; a(m,i(ﬁs,i + x))&) + )
- (Z 7(77t,i(f/s,i + x))all) +1=0.

i

The equation is 0 for 2 = x,(L,), when it becomes
(% —wi) +1=0. 0

Lemma 11. For any time t let /""" = —L™" — g,
then it holds for any o and any learning rate schedule
that

by, <O (—Li 1) — By(—Ly)

{ NI, wt,1t27Q($ + gut)z

+ min 2(1—a)

02w>w3ﬁ”’”“

2—a .2
i Wt 4 X
+ Z Hat 1— max{1%-,1}
P2l 2(1 = a)(1 + nyiwe it —2x) tmar

(An equivalent expression for x"™ is x"™ =

min {x‘Vz c 1w (T + étl) > 0})

Proof. Since all losses are non-negative, we can easily
see that z¢(Ly) < x¢(L¢—1). Assume the opposite holds
w¢(Lt) > 24(L¢—1), then

1

DL+ w (L) < 3o (mi(Lai + wi(Ler)) =

K3 K2
1

< (i(Lior i+ xe(Liq))) a1 =1,

which is a contradiction since the sum must be equal
to 1. Applying Lemma 10 with the refined range, we

have

Oy(—Ly) — ©y(—Li-1)

= min {Z

@ >z>—Lpin |

(1 —A O[)nt,i_li + x
a(nei(Le + @)=

B (Z (1 - a)(we)® +xt>

f ANt i

1-— 1
min Z - ( )i - —
0>z >zmin Oz(’l]tﬂ‘ (Lt—l,i +x+x+ Et,i)) -«

(1 — a)(w,)*
+r+ x4 p — —_— —x
t} (; ant’i '
= min
021>z{”m { Z

i

(1—a)ni!
a(w; 1+ + Et,i))ﬁ

11—« Wt 4 «
- ()

K2

) (1 — a)w;* .
min 2 (T +mwe s %z
023?>%‘?”n { <Z ( nt’l e (

any ;
B nt,l

+ by y))aT — 1>> +x}. (3)

Since z < 0, for i # I;: = — lft,i =z < 0. Applying
Lemma 6, then for any ¢ # I; it holds:

1+ nt»iwtvil_a(x + gtz))ﬁ -1

B amy wy it (x4 ém)
11—«
ane 2wy ;272 (@ + Et,i>2
2(]. — Ck)z(l + nt,iwt,ﬂ*a(x + gtﬂ;))max{&,l}
(4)

+

Furthermore we have x > —I:?”" -z > —ﬁ;’”" —
Ly > —¢, q,. Therefore x + ¢, > 0. Applying
Lemma 6 again, we have

(U4 nerwer, %+ lp,))aT —1

- R
QN 1, Wt I, a(x + ft,It)
11—«

<

an? g weg, 22 (@ + Ly g, )?
2(1 — a)?

(5)
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Inserting (4) and (5) into (3) leads to

(I)t(fi-/t) (bt( Lt 1) min ) {Z —wm(x +£t,i)
0>I>w?wn Z
W 12—a x—l—é i 2
+Z M 1— ( ; ) max{+%-,1}
57200 — ) (14 mpgwe i = (@ + £y 3)) s
2—a 2
M1, we,1, 2~ (2 + Ly p,)
+ 2(1—a) +x
2—« i 2
e, Wer,” (@ + Ly 1,)
E _"_ mln At Lt Lt
bl >3:>x"”" { 2(1 — O[)
2—a,.2
nt zwt 7 x
+
g]: 1+77t zwtzl ax)max{ 1} }
Rearranging finishes the proof. O

Lemma 12. For any «, any learning rate schedule
and any v,u € AK | the sum of potential differences is
bounded by

®y(—Ly)

T « «
~ wy ;% — v

S (L) sz(w

=1 P Qani i

L wp & — v

-1 -1 ti T Yy

+E (Ut,i —MNt—1,i )7
t=2

Proof. wy ; is defined as argmax, cax { <w, —f/t,1> —
\I!t(w)} Therefore

q)t(_i/tfl) = - <wt,iai/t71> — Wy (wy,i)

=— <wt,f/t71> + Z M

Tt X

Furthermore, by the definition of the potential for any
@ € AX it holds:

— & (L) = — max { <w, —f/t> - \Ilt(w)}

< <w,1it> +Wi(w) = <“~”f“t> B Z 771:)::0/

Setting w to w41 for t < T, to u for t =T and using

Lo = 0, then the sum of potential differences is:
T
—Ly) < Z (— <wtaLt71>
) + i <<wt+1 j/t> - Z wt+1’ia)
t=1 7 U
~ us
+(udr) =30
; nr,i«
T wr
-1 _ —1y 2t
+ Z nt,z ntfl,z ) o

t=2
—u® o
+ Ui +<U,LT>.
anT,q

The proof is finished by noting that all v terms in the
Lemma telescope out to 0. O

Dy(—Ly1) —

] =

t

(03
Wt 4
+>
i

T, i

1

0”71 1

D Support Lemmas for section 7

D.1 Adversarial Case

Proof of Lemma 1. We begin by bounding the min
term in Lemma 11:

: w2 (@ + b ,)?
min
0>z>zin 2(1 — )

200

T, iWt 4 x
i+, Y1+ gwg i ey

(#=0) 77”(“%—15“)
> 2(1 — a)wt,lta .

Bounding wt’jtgt,]t = {; 1, <1 and plugging this into
Lemma 11 finishes the proof. O

Proof of Lemma 2. We use Lemma 12, where we set
v = wjp. Since the learning rate for all arms are
identical, we have: w; := argmax,cax —¥(w) =
arg maX,cAx » ; %04 Therefore ), M < 0.

The learning rate is non-increasing in time, so (7, ! —

M—1"1) > 0.
d wy,;Y —wy ¢
Py(—Li—1) — P(—Ls) < U

T « [l
W Y — wr .
—1 —1 t,2 1,2
+ E (77t —Mt—1 ) EE——



An Optimal Algorithm for Stochastic and Adversarial Bandits

For u we are following the trick of Agarwal et al. [4]
setting u;z =1 —T"" and u; = % for i # i%. The
explicit form of wy is wy; = KL

(L)
B Klfo‘ (K —1)lmer— 4 (1-T71)
anr anr
— -1\7 e
+(1-T7T )LT’1T+K_1_ .
A
It remains to bound K'~% — (K — 1)17oT~~ — (1 —
T—H%, Since z and z'~* are concave functions:
K747 <(K-1D)'"*4+(1—-a)(K—-1)"
T —1)*+ (T —1)**
SE -1+ (T-1)*+1,
where the last line uses (7' — 1)1, (K — 1) < 1.
Therefore,
Kl—a _ (K _ 1)1—OLT—(¥ _ (1 _ T—l)oz
= K T (K - ) (T - 1))
S Klfa 4 Tfoc(_Klfoz _ T + 1)
= (K" - 1)1 —=T7%).
O
D.2 Stochastic Case
Proof of Lemma 8. If wy 1, < % then
1
S wpi=1—wy, > 1

i£1,
1 3 1
= —— - > —
vV = v

and the lemma follows directly from Lemma 1:

gtyft,

Nt 1,1/ Wt, I, A A
Y 4 Dy (— L) — Pi(—Ly)

We, 1,

IN

4 Wt 4 ~ N
Z 2,1 Wi + ‘I’t(*Lt—l) - ‘I)t(*Lt)

w
i Ty 228

It remains to show that the lemma holds true if w; ;, >
%. In that case for any i # I;:

Wt,5

<

(6)

N[
N

Wy, 1,

We now apply Lemma 11. The term " is the small-
est « such that that the terms 14, /Wy ;(x+£;;) > 0

for all i. We show that z"" < —lft’ 1., by proving that
the mentioned terms are positive. For ¢ = I; this is
trivially true. Otherwise we have

1+ nt\/wt,i(_gt,lt + ‘gt z) =1—n/wyg iét I,
W 2 1

>1-mn t>1- il e

We, 1, 3 3

Having established that —gt’lt > 2" Lemma 11 with
o= % leads to

. wt z
min wer,3(@ + bp,)* +
021:>z;’”" k ¢ ; 1+ Nt/ Wt ;T
(z:,ZtJt) Mt wtfl?fl 9
<oy IV g g
i£1, 1- nt\/wt,i‘et,lt i£1,
Z 27’twt i
Z#I ty t

Rearranging finishes the proof.

O
Proof of Lemma 4. Using v = u = e;« in Lemma 12:
T
wy ;=1 1 —1¢
Zét(_Ltfl) — @y (—Lt) < 2i Wi +
t=1 A AT
T
) 2 e )
+> (e =) - >+ e, Ly
t=2
T
= 2(\/“’1,1 JFZ(\/’?* Vit — 1)\/wt,i> + L+
i t=2
We are using max,cax Y, Jw; = VK >
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MAX,e AK Y pie /Wi and Vi +1— Vit <

L
T A A
> @u(—Liy) — ®i(—Ly)
< (\/TJFQZ \/tT\[)\/m>+L:m*
i
(WHZ —Vt+1+2vt—Vt— )m)
z;ﬁ t=2
T
< <ﬁ+zfﬁ>+Lm
iti*

2\FZ —VEFT+2VE—VE—1)

wtz
t

™ ﬂ
M~

*

+LT1*
1

WKNT —VT+14+vV2-V1)

Wt 4 ~
A /% + Ly +2VK.
1

it t

*

_l’_
=)
_|_

IN

B

i£i* t

¥

E Proof of Theorem 3

The learning rate schedule in this section is n,; =
_ a 1+o . %

A; 20‘% (1%) for ¢ # ¢* and 7

N2+ g 4.

Lemma 13. For the learning rate schedule defined in

Section E, it holds for any t > max#l* o If the arm
chosen at time t is the optzmal arm Iy = i , then

Tt i We, z B 7 -
L Dy(—Ly_1) — Py(—Ly).
tIt_lia; Wo.ts + t(—Lt-1) «(=Le)

Proof. Analogous to the proof of Lemma 4, if wy j, < %
then

1
g wyg=1—wey, > - > —2
- ) s At 4 3
i#I

We assume that I, =" and 7,1, = 1+ < ¢4, SO

Z My~ > ﬁt,lt(z we,i)'

1#£L £l

and the lemma follows directly from Lemma 1:

17
e, Wer,”

2 31—a

N, I,/ W, I, S S
by, < ———— 4+ ®y(—L;_1) — Py(—Ly)
We, 1,
31 nt zwt i 7 7
O, (—Li_ 1) — Py(—L
—Z 1—aw”,+ t(=Li—1) — ®4(—Ly)

i#£1

It remains to show that the lemma holds true if wy ;, >
3
1

Step 1 We show that for w,;, > 2 and t >
-« a
max;z $%, the term (1 — np e )maxt=at} g
i e

bounded away from 0 for any arm ¢ # I;.

Wy 1—« mdx{1 avl} 11
I3 @
(1 - w) > (1 Nti~
Wy, 1, 1
4o max{ 25,1}
<1 - 77t,i3> >1-—

Plugging in  the rate
Al—2a 32 (1—?”“ ) .
i 8 t :

_ %)71+a)a

1
> I—a

Nei 4%

l—a 3°

learning N i

128« 64\ ¢
Al—Qa il
()

24
— (8g) e\ 20
A ) Q)i

1
1— A;.
l-—a 24
1 (84 )~1+a

Using Lemma 5 to bound Alfa

1
1—a max{y2g
Wt,;
1—n;—= >1—log(—)%—
( " Wy, 1, ) Og(A?) 16

1 ]
log(64) + 2;og(Ai VA S1- log(G;L) +1 < 1

and Lemma 7:

64 2

P

>1—

W~ |

We are now bounding the min term of Lemma 11

e, wer, >~ (x + le.1,)?
2(1 — «)

min
0>z>pmin
Tt,iWt 4 &x
+ axd o
v:;t 2(1 — @)(1 4y wy g1 o) dr=a 1 }
(z=—Ls,1,) nt,iwt,iQ_aé?’[t

Z 2(1 — a)(l — w0l g, )P TE

i#1,
< Z 2ny, zwt1 N _< Z 27715,2"‘”1&,1’17 '
#lt (1 - a)wy, 1,2 by (1—a)wyr,
O
Lemma 14. For n; = Al 2o 32 , the sum of initial

probabilities satisfies

wlz
<7

Proof. The initial probabilities are the argmax of

> w;n Since they need to sum up to one, the deriva-

tive must be equal according to the K.K.T. conditions.

(7)

a—1
W1,;

i

dreR:

= X.
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Since ), w1 ; = 1, the probabilities given by

1

Wy = mﬁ
= -
2imieT
Plugging this in and using 7; = A}~ 32 leads to
e’

ot Tl (oo
— i
iF£T* (Zz n; ot ) 1F£L*

11—«

Lemma 15. The expected sum of potentials satisfies
for the learning rate schedule defined in Section E:

> @y(~Li) -

By (—Ly)

_1) W1, — QWi
@

_1_77t,i

8log(T)

E[L;- 1 _
+E[L;-] + +; A,

Proof. We first extend Lemma 12. Telescoping out the
sums of v shows that for any vy, ...,vp € AK:

T &
Z (I)t(*f/t—l — Dy ( Lt < Z <w1 i
t=1

AM1,i
T @ a
Wt — U5
—1 -1 t,i i
+ E (nt,z — Mt—1, )7(1
t=2
a a
v, — U ~
i iy <u, LT>
anr,;
a T-1, « a
- 2 : Wi — Uiy + Ut s Ut+1 7 ,UT,’L U,
QMg =1 ATt 5 AN,

e}
Wt —

i v?i) 2
S . +<U,LT>.
(0%

Setting now vy = (1—¢~ = Ye+t— ~aw; and u = vy
. w
Note that v; = wy. The functions ¥, (w) = -5, e

are convex with w; as their minimizer. Therefore
> _ 1
Z’L ant i \Il( ) < \II(e'L*) - _ant?i* :
T R T—1 ,Ua‘ _ ,UOL X
D (L) @=Ly <D Y
t=1 T \i=1 i

Wy & — ez*f‘ “
+Z ntl _nt 1,7 1) Lt O[( Zi) >+<U,LT>

t=2

Bounding the first sum: We use the inequality:
(14t HTs <142t =t <(t+1)7T= +
_a —1(t + 1)‘&

(t+1)"

ANt g

a)wl’ia

« « —
Z Vi~ Vi1 Z (t—>—
an -
i Me.i i

. (1= t71 1 —wi)* — (L= (¢ + 1)1 —wi))®

QT 5%

t-I—]. T-o "‘U)l Z_a a(t-’-l)i% w1 ia
< 9 _ 9
3 et (T ) 5

i£* i£* tnl

Using Lemma 14 and observing that ¢ = 1 minimizes
the leading factor:

T—

”tz Ut+1 i 2"
<
ZZ an (1_6—1+aa¥; A;
_ 81lo g( )
S (2(1 —e 1+a)1 Oz) .
i£i* A

Finally we show that the leading term is bounded by
1. It is sufficient to show that (1 — e '+t*)1=* > 1 for
all @ € [0,1]. 1 — e® is a concave function, therefore
it holds for z € [0,1] : 1 —e™® > z(1 — e 1), since
equality holds for « € {0,1}. Therefore

1—e %)% > 1— -1 s -
(=) 2 (@l =) > s
Lem. 7 1 1 1
> ——F =eT—< > —.
el e Do 2

ey

Using z = 1 — a shows (2(1 — e~ 1To)l=o) " T-e <1,

Bounding the second sum: Since z® is con-
(03

cave, we have wy;:* = (1—2#1-* wt,i> < 1-

@) isie Weg. Using that ;-

Ne-1i ",

1 1 1
— Mt—1,i* > Mt -
we have

wt,’ia - ]I(Q,L*:Z)

Z (77t,i_1 - 77t71,¢_1) o
K2
Ke
< Z (Ut,fl - 77t—1,z‘71) L
i1 o
_ (771:,‘*_1 _ nt—l,’*_l) QWt,i
1; 7 i o
< Z (Ut,i_l - 77t—17i_1) w
o
i
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Bounding the final term:
<U, sz> < IA/T.,i* + T = Zwl,iff,z
i/T,i*+ <7t Z wll,zf/t,i
E [<uLT>} < E[Li-] + 1,

where the last step uses E[Lp;] = E[L7] < T. Com-
bining everything finishes the proof. O

Proof of Theorem 3. We start by bounding ¢; ;,. By
using Lemma 1 when [; # i* and Lemma 13 otherwise
we have for all ¢ > Ty = |min; 5% J:

1 Le(i)nes | 3103 )neiwe, ™
g, < : et
bl = 2(1 - a) ; ( Wy i * Wy i
+(I)t(_f/t71) - (Pt(_i/t)~

We note that the conditional expectation of 1;(i) (con-
ditioned on all the randomness prior to selection of I)
is wy ;. Therefore, summing over ¢ and taking expec-
tation we obtain:

2
E [ 1,] 1 E Z Mty

i}

+E {cbt(—ﬁt,l) _ @t(—ﬁt)} .

Analogously, we have for t < Ty:

a) [Z Nt,iWt,i a]

T
> @y(~Li) <I>t(—£t)1

E [€t71t] =

+E
t=1

an 1w1‘1

1—a by

+ % +E {(I)t( i/tfl) - q’t(_it)} .

Summing over ¢:

T
11—«
g E N, iWt,5

t=1 i#£i*

Z@ —Li4)

L 2
E ;zt,h] < —E
+Z ntz

— &, (—Ly)

(8)

Bounding the first expectation: Since w'™® is a

concave function of w, it can be upper bounded by the
first order Taylor approximation:

w7 < WY+ (1 — a)wt T

)

a(wt,i —w")

w' T+ (1 — a)w

32 . _ Al—2a32> [(1-F lte .
A% (with ng; = A; 77" %~ ( ; ) ):

IN

11—« Al

Finally, we bound the leading factor of the log term
with Lemma 5 and Lemma 7:

(1T ) 1—T-1re® _1y
A P 1— «
1-a “ 1-a (1=a)

3 .
< S min{;—. log(T)}.

Bounding the second expectation in (8): Ac-
cording to Lemma 15, we have
T
E > ®(—Li1) - ®4(— Lt)]
t=1
— 1\ Wir1® — QWi
Z 77t+1 i = M 1) amt amt
— e
8log(T)
+ E[L;~ —
[ ]+1+Z ~, - (10)
1F£T*
Since w® is a concave function of w it can be upper

bounded by the first order Taylor approximation:
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Taking w*

t=1

= (t+1
<E
=~ |:Z <(1 _m—l-‘ra)a

(o-o(

t=1
gAZY!
32

32

A?¢

8

)OL

Wt i — QW14
E z : +1,2 —+1,7
(”t—‘rl,i ”t,i )

«

ta

« @ i (27 (8
(with g = A} 2082 (1020,

|

T-1

t=1

+

y

(1 t_1+a)°‘)

32\ !
+a (AQt> Wit1,5 — awt+1,i>:|
i

SE[Z ((t+1)“—tz> 5 (m

(1—7

Aiwt+1,i
4toz—1

i#i*

(-(2)7)

)|

By Taylor’s approximations (¢ + 1)® <t + at®~1:

The last step follows

T-1

SE[Z

= <<1 —f‘“a)a) <8$A,f“)
(-()7))

Oéta71

+

Aiwt+1,i

4go—1

11—«

from the leading factor

(1761,_710@)& being bounded by 1. For < 0 : exp(z) <

2

l+x+ %5

11—« -«
(1 —e lta)a = (1=2)? o

(I —a— 0T
C(l—a)l-a-U2lyime (g (Z0))i-a
(1—a-H55) -
. -« o

1 1=0? 1 (1=0? !
_ 2 < 2

(1-1z0)7= i

2

Combining (10) and (11):

E

T
Z ®y(~Li—q) — q’t(—ﬁt)l

16log(T
SE[LZ-*]+1+Z%+E
i ¢

(12)

Bounding the middle term in (8) The learning
rate 74+ is by definition smaller than n;,;-. Since

Ty > 64, we can use the loose estimation erzl t—* <
2 [0 ¢ dt:

Al-2032% (11 *
Mt i* < MNt,i i 8 t

21—a) ~ 2(1—a) 2(1 — a)
% M _ i“: Al-20390(] — e
—~2(l-a) " = 16(1 — a)te
To 1—2« « _ —1l+a\«

S/ A 7243291 - T, )dt

t=1 8(1 — a)t(’(
COAITP32%(1 - Ty (T, - 1)
N 8(1 — )2

so\a (1Tt )2
apriea oy tepe ()" ()

64 -«
BAT* N1 — )2 8A(1 — )72

8log(Tp)™ —o42 1810g(Tp)?
< 2700 g a o 27007
TV ) =TA,
72log(&-)?
< _ 1
<SR (13

where the last line uses Lemma 5 and Lemma 7.

Combining everything: We put (9), (12) and (13)
into (8). Subtracting E[L;+] on both sides:

£l 12 min{ 2 log(T)} log(T)
S| < 3 (PR
t=1 i ¢

E

T

Z Aiz)t,i

t=1

T

Z Aiz)t,i

t=1

161og(T)
A

721og(£-)?
+%+ +E[L;-] + 1

+E

+E

. Regy 28 min{ 1, log(T)} log(T)
RegT S 9 + ; ( Al

72log(£)?
—_ = 1.
A n

Rearranging and multiplying by 2 finishes the proof.
O



