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Abstract

We study online meta-learning with bandit feedback, with the goal of improving
performance across multiple tasks if they are similar according to some natural
similarity measure. As the first to target the adversarial online-within-online
partial-information setting, we design meta-algorithms that combine outer learners
to simultaneously tune the initialization and other hyperparameters of an inner
learner for two important cases: multi-armed bandits (MAB) and bandit linear
optimization (BLO). For MAB, the meta-learners initialize and set hyperparameters
of the Tsallis-entropy generalization of Exp3, with the task-averaged regret
improving if the entropy of the optima-in-hindsight is small. For BLO, we learn
to initialize and tune online mirror descent (OMD) with self-concordant barrier
regularizers, showing that task-averaged regret varies directly with an action space-
dependent measure they induce. Our guarantees rely on proving that unregularized
follow-the-leader combined with two levels of low-dimensional hyperparameter
tuning is enough to learn a sequence of affine functions of non-Lipschitz and
sometimes non-convex Bregman divergences bounding the regret of OMD.

1 Introduction

Learning-to-learn [51] is an important area of research that studies how to improve the performance
of a learning algorithm by meta-learning its parameters—e.g. initializations, step-sizes, and/or
representations—across many similar tasks. The goal is to encode information from previous tasks
in order to achieve better performance on future ones. Meta-learning has seen a great deal of
experimental work [24, 49], practical impact [21, 29], and theoretical effort [11, 18, 22, 45, 20].
One important setting is online-within-online meta-learning [19, 31], where the learner performs a
sequence of tasks, each of which has a sequence of rounds. Past work has studied the full-information
setting, where the loss for every arm is revealed after each round. This assumption is not realistic in
many applications, e.g. recommender systems and experimental design, where often partial or bandit
feedback—only the loss of the action taken—is revealed. Such feedback can be stochastic, e.g. the
losses are i.i.d. from some distribution, or adversarial, i.e. chosen by an adversary. We establish the
first formal guarantees for online-within-online meta-learning with adversarial bandit feedback.

As with past full-information meta-learning results, our goal when faced with a sequence of bandit
tasks will be to achieve low regret on average across them. Specifically, our task-averaged regret
should (a) be no worse than that of algorithms for the single-task setting, e.g. if the tasks are not very
similar, and should (b) be much better on tasks that are closely related, e.g. if the same small set of
arms do well on all of them. We show that a natural way to achieve both is to initialize and tune online
mirror descent (OMD), an algorithm associted with a strictly convex regularizer whose hyperparam-
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eters have a significant impact on performance. Our approach works because it can learn the best
hyperparameters in hindsight across tasks, which will recover OMD’s worst-case optimal performance
if the tasks are dissimilar but will take advantage of more optimistic settings if they are related. As
generalized distances, the regularizers also induce interpretable measures of similarity between tasks.

1.1 Main contributions

We design a meta-algorithm (Algorithm 1) for learning variants of OMD—specifically those with
entropic or self-concordant regularizers—that are used for adversarial bandits. This meta-algorithm
combines three full-information algorithms—follow-the-leader (FTL), exponentially weighted online
optimization (EWOO), and multiplicative weights (MW)—to set the initialization, step-size, and
regularizer-specific parameters, respectively. It works by optimizing a sequence of functions that each
upper-bound the regret of OMD on a single task (Theorem 2.1), resulting in (a) interesting notions
of task-similarity because these functions depend on generalized notions of distances (Bregman
divergences) and (b) adaptivity, i.e not needing to know how similar the tasks are beforehand.

Our first application is to OMD with the Tsallis regularizer [3], a relative of Exp3 [6] that is optimal for
adversarial MAB. We bound the task-averaged regret by the Tsallis entropy of the estimated optima-
in-hindsight (Corollary 3.1), which we further extend to that of the true optima by assuming a gap
between the best and second-best arms (Corollary 3.2). Both results are the first known consequences
of the online learnability of Bregman divergences that are non-convex in their second arguments [31],
while the latter is obtained by showing that the loss estimators of a modified algorithm identify the opti-
mal arm w.h.p. As an example, our average m-round regret across 7' tasks under the gap assumption is

or(poly(m)) +2 min \/ Hgd?m/B + o(v/m) (1

where d is the number of actions and Hp is the Tsallis entropy [52, 3] of the distribution of the
optimal actions (3 = 1 recovers the Shannon entropy).' This entropy is low if all tasks are usually
solved by the same few arms, making it a natural task-similarity notion. For example, if only s < d
of the arms are ever optimal then Hz = O(s), so using S = 1/logd in (1) yields an asymptotic
task-averaged regret of O(1/smlog d), dropping fast terms. For s = O4(1) this beats the minimax
optimal rate of ©(v/dm) [5]. On the other hand, since H; » = O(V/d), the same bound recovers
this rate in the worst-case of dissimilar tasks.

Lastly, we adapt our meta-algorithm to the adversarial BLO problem by setting the regularizer
to be a self-concordant barrier function, as in Abernethy et al. [2]. Our bounds yield notions of
task-similarity that depend on the constraints of the action space, e.g. over the sphere the measure
is the closeness of the average of the estimated optima to the sphere’s surface (Corollary 4.1). We
also instantiate BLO on the bandit shortest-path problem (Corollary 4.2) [50, 30].

1.2 Related work

While we are the first to consider meta-learning under adversarial bandit feedback, many have studied
meta-learning in various stochastic bandit settings [9, 34, 47, 48, 35, 13, 15, 41, 10]. The latter three
study stochastic bandits under various task-generation assumptions, e.g. Azizi et al. [10] is in a batch-
within-online setting where the optimal arms are adversarial. In contrast, we make no distributional
assumptions either within or without. Apart from this difference, the results of Azizi et al. [10] are the
ones our MAB results are most easily compared to, which we do in detail in Section 3. Notably, they
assume that only s < d of the d arms are ever optimal across 7' tasks and show (roughly speaking)
O(+/sm) asymptotic regret; we instead focus on an entropic notion of task-similarity that achieves the
same asymptotic regret when specialized to their s < d. However, avoiding their explicit assumption
has certain advantages, e.g. robustness in the presence of o(T) outlier tasks (c.f. Section 3.3).

A setting that bears some similarity to online-within-online bandits is that of switching bandits [6],
and more generally online learning with dynamic comparators [4, 27, 38, 7, 55]. In such problems,
instead of using a static best arm as the comparator we use a piecewise constant sequence of
arms, with a limited number of arm switches. The key difference between such work and ours
is our assumption that task-boundaries are known; this makes the other setting more general.
However, while e.g. Exp3.S [6] can indeed be applied to online meta-learning, guarantees derived

'We use O,,(+) (and 0,,(+)) to denote terms with constant (and sub-constant) dependence on 7.



from switching costs cannot improve upon just running Tsallis-INF on each task [39, Table 1].
Furthermore, these approaches usually quantify difficulty by the number of switches, whereas we
focus on task-similarity. While there exists stochastic-setting work that measures difficulty using a
notion of average change in distribution across rounds [53], it does not lead to improved performance
if this average change is (7'), as is the case in e.g. the s-sparse setting discussed above.

There has been a variety of work on full-information online-within-online meta-learning [32, 12],
including tuning OMD [31, 19]. Doing so for bandit algorithms has many additional challenges,
including (1) their inherent and high-variance stochasticity, (2) the use of non-Lipschitz and even
unbounded regularizers, and (3) the lack of access to task-optima in order to adapt to deterministic,
algorithm-independent task-similarity measures. Theoretically our analysis draws on the average
regret-upper-bound analysis (ARUBA) framework [31], which observes that OMD can be tuned by
targeting its upper bounds, which are affine functions of Bregman divergences, and provide online
learning tools for doing so. Our core structural result shows that the distance generating functions g
of these Bregman divergences can be tuned without interfering with meta-learning the initialization
and step-size; tuning 0 is critical for adapting to settings such as that of a small set of optimal arms
in MAB. Doing so depends on several refinements of the original approach, including bounding the
task-averaged-regret via the spectral norm of V21 and expressing the loss of the meta-comparator
using only )y, rather than via its Bregman divergence as in prior work. Finally, applying our structural
result requires setting-specific analysis, e.g. to show regularity w.r.t. § or to obtain MAB guarantees
in terms of the entropy of the true optimal arms. The latter is especially difficult, as Khodak et al. [31]
define task-similarity via full information upper bounds, and involves applying tools from the best-
arm-identification literature [1] to show that a constrained variant of Exp3 finds the optimal arm w.h.p.

2 Learning the regularizers of bandit algorithms

We consider the problem of meta-learning over bandit tasks ¢ = 1, ..., T’ over some fixed set  C R,
a (possibly improper) subset of which is the action space .A. On eachround ¢ = 1,...,m of task t we
play action x, ; € A and receive feedback ¢, ;(x; ;) for some function ¢, ; : A — [—1,1]. Note that
all functions we consider will be linear and so we will also write ¢; ;(x) = ({; ;, x). Additionally, we
assume the adversary is oblivious within-task, i.e. it chooses losses ¢ 1, . .., ¢y »,, at time . We will
also denote x(a) to be the a-th element of the vector x € R4, KC° to be the interior of C, OK its bound-
ary, and A\ to be the simplex on d elements. Finally, note that all proofs can be found in the Appendix.

In online learning, the goal on a single task ¢ is to play actions X;1,...X;,, that minimize
the regret > " | €y ;(x¢ ;) — lp,i(Xe), where X; € argmin, > . £ ;(x). Lifting this to the
meta-learning setting, our goal as in past work [31, 19] will be to minimize the task-averaged
regret: % Zle S lri(xie) — €i(%¢). In particular, we want to use multi-task data to improve
average performance as the number of tasks 7" — co. For example, we wish to attain a task-averaged
regret bound of the form or(poly(m)) + O(V/m) + o(y/m), where V' € Rs is a measure
of task-similarity that is small if the tasks are similar but still yields the worst-case single-task
performance—O(v/dm) for MAB and O(d\/m) for BLO—if they are not.

2.1 Online mirror descent as a base-learner

In meta-learning we are commonly interested in learning a within-task algorithm or base-learner,
a parameterized method that we run on each task ¢. A popular approach is to learn the initialization
and other parameters of a gradient-based method such as gradient descent [24, 44, 36]. If the task
optima are close, the best initialization should perform well after only a few steps on a new task.
We take a similar approach applied to online mirror descent, a generalization of gradient descent
to non-Euclidean geometries [14]. Given a strictly convex regularizer ¢ : K° — R, step-size n > 0,
and initialization x; ; € X°, OMD has the iteration

Xi,i41 = Algmin B(x||xe.1) + 1Y (Ve j(xe), %) ()

xeke .

J<i
where B(x||ly) = ¢(x) — ¢ (y) — (Vi (y),x — y) is the Bregman divergence of ¢). OMD recovers
online gradient descent when ¢(x) = 3||x||3, in which case B(x||y) = i|x — yl||3; another
example is exponentiated gradient, for which ¢)(p) = (p,log p) is the negative Shannon entropy
on probability vectors p € A and B is the KL-divergence [46]. An important property of B is that

the sum over functions B(x;||-) is minimized at the mean x of the points x1, . .., X7.



Algorithm 1: Tunes OMD,, ¢ with regularizer 1)g : K° — R and step-size 7 > 0, which when run
over loss estimators 1, . . ., £y, yielding task-optima X; = arg min, c,c > v (0ei, X).

Input: compact set IC C R4, initialization x; € K, ordered subset ©; C R also used to index
interval bounds 7,7 € R’;O and hyperparameters o € R’;O, scalar hyperparameters
p > 0and A > 0, learners OMD,  : K+ R%, projections ¢y : K — Ky

for 0 € © do

0)+7(0
L w1(0) < 1and n(0) + w // initialize MW and EWOO
for taskt=1,...,T do
sample 0; from O w.p. x exp(w;) // sample from MW distribution
Xt <= OMD,, (4,),6, (Co, (X¢)) // run bandit OMD within-task
X1 %Zizl X // FTL update of initialization
for 0 € © do

fj((;)) vexp( a(@) 3, ule (XS,’U,G))dU

0) + =
nt+1( ) fnn((;)) exp( a(9) Zt U(p)(xg v 9))(11)

wii1(0) — wi(6) — )\Ut(xt,nt( ),0) // MW update of tuning parameter

// EWOO step-size update

OMD on loss estimators Kt i constructed via partial feedback forms an important class of bandit
methods [6, 2, 3]. Their regulanzers 1) are often non-Lipschitz, e.g. the negative entropy, or even
unbounded, e.g. the log-barrier. Thus full-information results for tuning OMD, e.g. by Khodak
et al. [31] and Denevi et al. [19], do not suffice. We do adapt the former’s approach of online
learning a sequence U (x, 1, 6) of affine functions of Bregman divergences from initializations x
to known points in . We are interested in them because the regret of OMD w.r.t. a comparator
y is bounded by B(y||x)/n + (’)(nm) [46, 25]. In our case the comparator is based on the estimated
optimum X; € arg mmxeK(ﬂh x), where /, = oy (t i» resulting from running OMD on task
t using initialization x € K and hyperparameters 7 and 6, which we denote OMD,, o(x). Unlike
full-information meta-learning, we use a parameter € > 0 to constrain this optimum to lie in a subset
K. C K°. Formally, we fix a point x; € K° to be the “center’—e.g. x; = 14/d when K is the
d-simplex A—and define the projection c.(x) = x; + % +61 mapping from K to KC.. For example,
c_=_ (x) = (1 — e)x + €14/d on the simplex. This projection allows us to handle regularizers v
that diverge near the boundary, but also introduces e-dependent error terms. In the BLO case it also
forces us to tune ¢ itself, as initializing too close to the boundary leads to unbounded regret while
initializing too far away does not take advantage of task-similarity. Thus the general upper bounds of
interest are the following functions of the initialization x, the step-size 7 > 0, and a third parameter
0 that is either 3 or €, depending on the setting (MAB or BLO):

By(co(%¢)[[%)

Ui(x,n,0) = +ng(0)m + f(0)m 3)
Here By is the Bregman divergence of 1y while g(¢) > 1 and f(#) > 0 are tunable constants. We

overload @ to be either 3 or € for notational simplicity, as we will not tune them simultaneously; if 6 =
B (for MAB) then cg(x) = x1 + * x1 for fixed €, while if @ = ¢ (for BLO) then By is the Bregman

divergence of a fixed ). The reason to optimize this sequence of upper bounds U, is because they di-
rectly bound the task-averaged regret while being no worse than the worst-case single-task regret. Fur-

. . e 2 T A
thermore, an average over Bregman divergences is minimized at the average X = % > i1 X, where

it attains the value V2 = % Zthl Po(co(%e)) — Ya(co(X)) (c.f. Claim A.1). We will show that this
quantity leads to intuitive and interpretable notions of task-similarity in all the applications we study.

2.2 A meta-algorithm for tuning bandit algorithms

To learn these functions U;(x, 7, #)—and thus to meta-learn OMD,, (x)—our meta-algorithm sets
x to be the projection cgy of the mean of the estimated optima—i.e. follow-the-leader (FTL) over
the Bregman divergences in (3)—while simultaneously setting 7 via EWOO and 6 via discrete
multiplicative weights (MW). We choose FTL, EWOO, and MW because each is well-suited to the
way U, depends on x, 1), and 6, respectively. First, the only effect of x on U, is via the Bregman



divergence By(co(X+)||x), over which FTL attains logarithmic regret [31]. For ), U; is exp-concave
on 7 > 0 so long as the first term is nonzero, but it is also non-Lipschitz; the EWOO algorithm is
one of the few methods with logarithmic regret on exp-concave losses without a dependence on the
Lipschitz constant [26], and we ensure the first term is nonzero by regularizing the upper bounds as
follows for some p > 0 and D3 = maxx ycrx, Bo(x||y):
o 272

01 ., ) = PLLENEILLD 40y + f0)m @
Note that this function is fully defined after obtaining X; by running OMD on task ¢, which allows us
to use full-information MW to tune 6 across the grid ©. Showing low regret w.r.t. any § € © D Oy
then just requires sufficiently large k and Lipschitzness of U; w.r.t. #. Combining all three algorithms
together thus yields the guarantee in Theorem 2.1, which is our main structural result. It implies
a generic approach for obtaining meta-learning algorithms by (1) bounding the task-averaged
regret by an average of functions of the form U, (2) applying the theorem to obtain a new bound

or(1) + ming,, =& + ng(#)m + f(6)m, and (3) bounding the estimated task-similarity V2 by an

1nterpretable quantity. Crucially, since we can choose any 1 > 0, the asymptotic regret is always
as good as the worst-case guarantee for running the base-learner separately on each task.

Theorem 2.1 (c.f. Thm. A.1). Suppose x1 = argmin, cx ¥9(x) ¥V 6 and let D, M, F, and S be

maxima over 6 of Dy, Do~/ g(0)m, f(0), and ||V>y||2, respectively. For each p € (0,1) we can set
1, M, @, and X s.t. the expected average of the losses Uy(cg, (X¢),1:(0t), 0¢) of Algorithm 1 is at most

V2 ~ %—&-Fm . M (D2 s
+ng(9)m+f(9)m+0<ﬁ+k+p2T+mm e = IO

m
0cOn>0 1)

Here V3 = T Ethl Yo(co(%t)) — Vo(co(X)) and L, bounds the Lipschitz constant w.rt. 0 at
V2 /n+ ng(0)m + f(8)m. The same bound plus (M/p + Fm),/ 7 log % holds wp. > 1 — 6.

We keep details of the dependence on S and other constants as they are important in applying this
result, but in most cases setting p = 4%/:7 yields O(T%) regret. While a slow rate, the losses U; are
non-Lipschitz and non-convex in-general, and learning them allows us to tune 6 over user-specified
intervals and n over all positive numbers, which will be crucial later. At the same time, this tuning

is what leads to the slow rate, as without tuning (k = 1, L,, = 0) the same p yields @(\/T) regret.
Lastly, while we focus on learning guarantees, we note that Algorithm 1 is reasonably efficient,
requiring a 2k single-dimensional integrals per task; this is discussed in more detail in Section A.3.

3 Multi-armed bandits

We now turn to our first application: the multi-armed bandit problem, where at each round 7 of task
t we take action a;; € [d] and observe loss ¢, ;(a;;) € [0,1]. As we are sampling actions from
distributions x € K = A on the k-simplex, the inner product (¢, ;, x; ;) is the expected loss and the
optimal arm G, on task ¢ can be encoded as a vector X; s.t. X;(a) = 1y=4,-

We use as a base-learner a generalization of Exp3 that uses the negative Tsallis entropy
s B . .
Ya(p) = %@p() for some /3 € (0, 1] as the regularizer; this improves regret from Exp3’s
O(v/dmlogd) to the optimal O(vdm) [3]. Note that —ig is the Shannon entropy in the limit
8 — 1 and its Bregman divergence Bg(x||-) is non-convex in the second argument. As the
Tsallis entropy is non-Lipschitz at the simplex boundary, which is where the estimated and
true optima %; and %, lie, we will project them using c_=_(x) = (1 — ¢)x + €14/d to the set
K = ={x € A :min,x(a) > ¢/d}. We denote the resulting vectors using the superscript (),

e.g. xf) = c_=_(%¢), and also use AE) = K = to denote the constrained simplex. For MAB we

also study two base learners: (1) implicit exploratlon and (2) guaranteed exploration. The former

Ly, ag i=a
uses low-variance loss under-estimators / ;(a) = txf)(ﬁ for v > 0, where x; ;(a) is the

probability of sampling a on task ¢ round ¢, to enable high brobability bounds [43]. On the other hand,
guaranteed exploration uses unbiased loss estimators (i.e. v = 0) but constrains the action space
to A), which we will use to adapt to a task-similarity determined by the true optima-in-hindsight.




3.1 Adapting to low estimated entropy with high probability using implicit exploration

In our first setting, the base-learner runs OMD,, 3, (x¢ 1) on y-regularized estimators with Tsallis

regularizer v, step-size 7, and initialization x; ; € A©) Standard OMD analysis combined with
implicit exploration analysis [43] shows (44) that the task-averaged regret is bounded w.h.p. by

d %) 5.
~ d 1 B d
(e+yd)ym+ O <f> + - E : ﬁf,(xtn l|x¢,1) " ndPtm ©
t=1

~T t Bt

The summands have the desired form of Uy(x¢ 1,7, 5¢). so by Theorem 2.1 we can bound their
average by

V2 B L, (4)2*§ < 1 >
. VB 77 m :
min +0 + =t (pt+—= + dv/m (7
BelB.Blm>0 1 s ( k nT P JT

where VBQ = % Zthr Vg (5(&5)) — g (fc(g)) is the average difference in Tsallis entropies between
the (e-constrained) estimated optima X, and their empirical distribution X = % ZtT 1 X¢, while L,

is the Lipschitz constant of 2 4 "dﬁm w.r.t. 8 € [, B]. The specific instantiation of Algorithm 1
that (7) holds for is to do the followrng at each time ¢:

1. sample 3; via the MW distribution o exp(wt) over the discretization ©, of [3, 3] C [0,1]

% — 1— -
2. run OMD,;, g, using the initialization x;; = ;= Zéd =sla+ ¢ s Xt (FTL) ©
3. update EWOO at each 8 € O, with loss Bs (%7 Hxnt’l)er D5 4 "dgm, where D3 = dll__ﬁB*

. e . . %(°) p
4. update py41 using multiplicative weights with expert losses 22 (% n”x“) + "dﬁm

The final guarantee for this procedure, given in full in Theorem B.1, follows by two properties of
the Tsallis entropy —5: (1) its Lipschitzness w.r.t. 5 € [0,1] (c.f. Lem B.1) and (2) the fact that
l/2 is bounded by the entropy H 5 = —1bg(X) of the empirical distribution of estimated optima (c.f.
Lem B.2), which yields our first notion of task-similarity: multi-armed bandit tasks are similar if
the empirical distribution of their (estimated) optimal arms has low entropy.

We exemplify the implications of Theorem B.1 in Corollary 3.1, where we consider three regimes
of the lower bound j on the entropy parameter: 3 = 1, i.e. always using Exp3; 8 = 1/2, which
corresponds to the optimal worst-case setting [3]; and 3 = 1/logd, below which the OMD
regret-upper-bound always worsens (and so it does not make sense to try 5 < 1/log d).

Corollary 3.1 (c.f. Cors. B.1, B.2, and B.3). Suppose 3 = 1 and we set the initialization, step-size,
and entropy parameter of Tsallis OMD with implicit exploration via Algorithm I as in Theorem B.1.

T m 2 2
1. Ifﬁ—landT> wecanensureTzz&z(x“) Oy i(%ye) <2\/ —l—(’)(d3 3) w.h.p.

t=1i=1
2.IfB=3 and T> d we can set k = [\[\/7] and ensure w.h.p. that task-averaged regret is

d5/7 5/7 d\/i
min 24/ HgdPm +(9( + ) 9
peld 1] pdm/P T2/7 VT ®
3. IfB= d and T > we can set k = [\frl and ensure w.h.p. that task-averaged regret is

d3/4m 3/4+d\/>
21/ HgdP +O( > 10
ﬁglonu \ Hpd’m/B 7T (10)

In all three settings, as T' — oo the regret scales directly with the entropy of the estimated
optima-in-hindsight, which is small if most tasks are estimated to be solved by one of a few arms
and large if all arms are used roughly equally. Corollary 3.1 demonstrates the importance of tuning

(: even if tasks are dissimilar, we asymptotically recover the worst-case optimal guarantee O(+v/dm)

in cases two and three because the entropy is at most . On the other hand, if a constant s < d
actions are always minimizers, i.e. the empirical drstr1but10n X is s-sparse, then the last bound (10)



implies that Algorithm 1 can achieve task-averaged regret op(md) + O(y/smlogd). At the same

time, this tuning is costly, with the last two results having an extra O (dé/‘/?) term because of it.

Furthermore, the bound of 8 = % has a slightly better dependence on d, m, and T' compared to that

of 8 = log - due to the ( )27@ term in the bound (7) returned for MAB by our structural result.

We can compare the s-sparse result to Azizi et al. [10], who achieve task-averaged regret
O(m/VT + /smlogT) for stochastic MAB. Despite our adversarial setting and no stipulations on
how tasks are related, our bounds are asymptotically comparable if the estimated and true optima are
roughly equivalent (ignoring their O(y/log T')-factor), as we also have O(y/sm) average regret as
T — oo. Their rate in the number of tasks is better, but at a cost of runtime exponential in s. Apart
from generality, we believe a great strength of our results is their adaptiveness; unlike Azizi et al.
[10], we do not need to know how many optimal arms there are to adapt to there being few of them.

3.2 Adapting to the entropy of the true optima-in-hindsight using guaranteed exploration

While the entropy of estimated optima-in-hindsight may be useful in some cases where we wish to
actually compute the task-similarity, it is otherwise generally more desirable to adapt to an intrinsic
and algorithm-independent measure, e.g. the entropy of the frue optima-in-hindsight. However, doing
so is difficult without further assumptions, as the optima are both hard to identify and the measure
itself may not be fully defined in case of ties. Thus in this section we focus on the setting where we
have a nonzero performance gap A > (0 between the best and second-best arms:

Assumption 3.1. For some A > 0 and all tasks t € [T], =" £y i(a) — i (ae) > AV a # ay.

This assumption is common in the best-arm identification literature [28, 1], which we adapt to show
that the estimated optimal arms match the true optima, and thus so do their entropies. To do so, we
switch to unbiased loss estimators, i.e. v = 0, and control their variance by lower-bounding the
probability of selecting an arm to be at least &; this can alternatively be expressed as running OMD
using the regularizer ¢)5 + I (), where for any C C R? the function I¢(x) = 0 if x € C and oo
otherwise. Guaranteed exploration allows us extend the analysis of Abbasi-Yadkori et al. [1] to show
that the estimated arm is optimal w.h.p.:

Lemma 3.1 (c.f. Lem C.1). Suppose for e > 0 and any 5 € (0, 1] we run OMD on task t € [T] with
regularizer g + In). If m = Q) &) then %, = %, wp. > 1 — dexp(—Q(eA%m/d)).

However, the constraint that the probabilities are at least % does lead to emn additional error on each
task, with the upper bound on the task-averaged expected regret becoming

T m () 5
1 EBg, (%X;7||x dPtm
Efzzft,z‘(at,z —lyi(a) <em+ — Z B, (X |xe.1) L (11

t=1i=1 t 1 Mt Bt

Moreover, we will no longer set £ = o (1), as this would require m to be increasing in T for the best-
arm identification result of Lemma C.1 to hold. Thus, unlike in the previous section, our results will
contain “fast” terms—terms in the task-averaged regret that are o(+/m) but not decreasing in 7" nor
affected by the task-similarity. They will still improve upon the Q(\/%) MAB lower bound if tasks
are similar, but the task-averaged regret will not converge to zero as 1" — oo if the tasks are identical.

Nevertheless, the tuning-dependent component of the upper bounds in (11) has the appropriate
form for our structural result—in fact we can use the same meta-algorithm (8) as for implicit
exploration—and so we can again apply Theorem 2.1 to get a bound on the task-averaged regret
in terms of the average difference V7 = # ST (R — wg(fc(e)) of the entropies of the

e-constrained estimated task-optlma )“(i %) and their mean %) The easiest way to apply Lemma C.1

to bound Vg in terms of Hg = # thl ¥5(%;) — 15(X) is via union bound on all T tasks to show

that &; = %; V¢t w.p. > 1 — dT exp(—Q(cA%m/d)); however, setting a constant failure probability
leads to m growing, albeit only logarithmically, in 7. Instead, by analyzing the worst-case best-arm
identification probabilities, we show in Lemma C.2 that the expectation of VB2 is bounded by

28d eA?

is enough (69) to bound the second term by . Then the final result (c.f. Thm. C. 1) bounds the
expected task-averaged regret as follows (1gn0r1ng terms that become or (1) after setting p and k):

Hs + SBM exp (— 35A2m) without resorting tom = wy(1). Assuming m > 134 log —4



Hg+ 25 if m > Bdlog 4
for hﬁ(A) — {dlljﬁlmd 1 m = X7 108 cA2 (12)

1-8

hs(A) | nd’m

em + 1L
Be[B,Blm>0 N B

otherwise

If the gap A is known and sufficiently large, then we can set ¢ = @(ﬁ) to obtain an asymptotic
task-averaged regret that scales only with the entropy Hg and a fast term that is logarithmic in m:

Corollary 3.2 (c.f. Cor. C.3). Suppose we set the initialization, step-size, and entropy parameter of

Tsallis OMD with guaranteed exploration via Algorithm 1 as specified in Theorem C.1. If [3, 8] =

[@71] and m > %log %, then setting ¢ = © (ﬁ), p =

T and k = [Vd*mT]
ensures that the expected task-averaged regret is at most

[ d dim3  dimd  dA*m®
in 24/ Hgdb — 13
BIEI%IOI,II] \/HgdPm/B+ O <A2 + T + Tz + T ) (13)

Knowing the gap A is a strong assumption, as ideally we could set £ without it. Note that if ¢ = Q(#)
for some p € (0, 1) then the condition m > 672% log EXQ only fails if m < poly(%), i.e. for gap
decreasing in m. We can use this together with the fact that minimizing over 7 and 3 in our bound
allows us to replace them with any value, even a gap-dependent one, to derive a gap-independent
setting of ¢ that ensures a task-similarity-adaptive bound when A is not too small and falls back to

the worst-case optimal guarantee otherwise. Specifically, for indicator tp = 1,,,~ 154 g _d_, setting
—eA eA

n=0 ( ;&(3)5) in (12) and using 8 = % if the condition ¢ A fails yields asymptotic regret at most

5 ~ d
em+ min Ofia Hpdm (1—1a)Wdm|< em+ Olmin{ min Hpd’m ——,Vdm
Be(0.1] b peoyl P Afe

(14)
Thus setting € = @(\/a / mg) yields the desired dependence on the entropy Hg and a fast term in m:

Corollary 3.3 (c.f. Cor. C.4). In the setting of Corollary 3.2 but with m = Q(d?) and unknown A,
using € = ©(v/d/m?3) ensures expected task-averaged regret at most

- {(d>¥m ~ [ dsm3 dims d?>m3
. . ﬁ
min {62101’11]2\/H5d m/B+ O ( A > ,8\/%} +0 ( T + pa t—7 (15)

While not logarithmic, the gap-dependent term is still o(y/m), and moreover the asymptotic regret is
no worse than the worst-case optimal O(v/dm). Note that the latter is only needed if A = o(1//m).

The main improvement in this section is in using the entropy of the true optima, which can be much
smaller than that of the estimated optima if there are a few good arms but large noise. Our use of
the gap assumption for this seems difficult to avoid for this notion of task-similarity. We can also
compare to Corollary 3.1 (10), which did not require A > 0 and had no fast terms but had a worse
rate in T'; in contrast, the O( \3/1?) rates above match that of the closest stochastic bandit result [10].
As before, for s < d “good” arms we obtain O(y/smlog d) asymptotic regret, assuming the gap
is not too small. Finally, we can also compare to the classic shifting regret bound for Exp3.S [6],
which translated to task-averaged regret is O(y/dm log(dmT)). This is worse than even running
OMD separately on each task, albeit under weaker assumptions (not knowing task boundaries). It
also cannot take advantage of repeated optimal arms, e.g. the case of s < d good arms.

3.3 Adapting to entropic task similarity implies robustness to outliers

While we considered mainly the s-sparse setting as a way of exemplifying our results and comparing
to other work such as Azizi et al. [10], the fact that our approach can adapt to the Tsallis entropy
ming Hpg of the optimal arms implies meaningful guarantees for any low-entropy distribution over the
optimal arms, not just sparsely-supported ones. One way to illustrate the importance of this is through
an analysis of robustness to outlier tasks. Specifically, suppose that the s-sparsity assumption—that
optima a; lie in a subset of [T] of size s < d—only holds for all but O(T?) of the tasks ¢ € [T'], where

p € [0, 1). Then the best we can do using an asymptotic bound of O (v/sm)—e.g. that of Azizi et al.



[10] in the stochastic case or from naively applying minge g,1) H, sdPm/B < esmlogd to any of our
previous results—is to substitute s 4+ 17 instead of s, which will only improve over the single-task
bound if d = w(T?), i.e. in the regime where the number of arms increases with the number of tasks.

However, our notion of task-similarity allows us to do much better, as we can show (c.f. Prop. D.1)

that in the same setting Hg = O(s + %) for any 8 € [@, %] Substituting this result into e.g.

Corollary 3.3 yields the same asymptotic result of O(y/sm log d), although the rate in T is a very

1o
slow O(vdm/T'? Tog d ). This demonstrates how our entropic notion of task-similarity simultaneously
yields strong results in the s-sparse setting and is meaningful in more general settings.

4 Bandit linear optimization

Our last application is bandit linear optimization, in which at task ¢ round ¢ we play x;; € K in
some convex K C R? and observe loss (¢, ;,%;;) € [~1,1]. We will again use a variant of mirror
descent, using a self-concordant barrier for ¢/ and the specialized loss estimators of Abernethy
et al. [2, Alg. 1]. More information on such regularizers can be found in the literature on interior
point methods [42]. We pick this class of algorithms because of their optimal dependence on the
number of rounds and their applicability to any convex domain /C via specific barriers 1, which will
yield interesting notions of task-similarity. Our ability to handle non-smooth regularizers via the
structural result (Thm. 2.1) is even more important here, as barriers are infinite at the boundaries.
Indeed, we will not learn a 8 parameterizing the regularizer and instead focus on tuning a boundary
offset € > 0. Here we make use of notation from Section 2, where c. maps points in K to a subset
K. defined by the Minkowski function (c.f. Def. E.1) centered at x; = arg min, cx ¥(x).

From Abernethy et al. [2] we have an upper bound on the expected task-averaged regret of their
algorithm run from initializations x; ; € K° with step-sizes 7 > 0 and offsets ¢; > 0:

T m T

. 1 & EB(c., (%
E E iy xp — %) < T g ( 8'(77Xt)|xt’1) + (3277td2 +e)m (16)
t=1 i=1 t=1 i

E

Nl =

3
We can show (88) that D? = maxy yex, B(x|ly) < %, where v is the self-concordance

constant of 1 and S; = ||[V21(x1)||2 is the spectral norm of its Hessian at the center x; of K.
Restricting to tuning € € [%, 1]—which is enough to obtain constant task-averaged regret above if
the estimated optima X, are identical—we can now apply Algorithm 1 via the following instantiation:

1. sample &, via the MW distribution o< exp(wy) over the discretization ©y, of [-L, 1]

. e . . ~ D X=X
2. run OMD,,, ., using the initialization x;; = 15 Zs<t c., (X¢) =x1 + WM (FTL)

- 3
3. update EWOO at each ¢ € O, with loss 2(z (xt)l";"l)+p2Dg + 32nd? for D? = %

4. update p;4; using multiplicative weights with expert losses w +em
(17)

Note the similarity to the MAB case (8), with the difference being the upper bound passed to EWOO
and MW. Our structural result bounds the expected task-averaged regret as follows (c.f. Thm. E.1):

V2 _(miylogy p? dm [logk dm
E min —“—4+@2nd*>+e)m+0O|-L k++mmin{,d }—i— +—
c€lE Um>0 1 320 : ( nok TR AN B
(18)
72
For p = or(1) and k = wr(1) this becomes o7 (poly(m)) + Emin ¢+ 15,50 VTE + 32nd*m +em,

where V2 = % Zthl Y(c.(%¢) — ¥(c(X¢). Then by tuning 1 we get an asymptotic (I' — 00)
regret of 4dV./2m + em for any ¢ € [-L, 1]. Our analysis removes the explicit dependence on /v

that appears in the single-task regret [2]; as an example, v equals the number of inequalities defining
a polytope /C, as in the bandit shortest-path application below.

The remaining challenge is to interpret Vg, which as we did for MAB we do via specific examples,
in this case concrete action domains C. Our first example is for BLO over the unit sphere £ = {x €
R? : ||x||2 < 1} using the appropriate log-barrier regularizer ¢)(x) = — log(1 — ||x||3):



Corollary 4.1 (c.f. Cor. E.1). For BLO on the sphere, Algorithm 1 has expected task-averaged regret

~(dmz d 1 —E|%|3
(9<mf+m>+ min 4d\/2m10g <1+|X|2)+6m (19)

T% VT c€[L 1] 2 + ¢2

The bound above is decreasing in [E||X||2, the expected squared norm of the average of the estimated
optima X;. We thus say that bandit linear optimization tasks over the sphere are similar if the norm
of the empirical mean of their (estimated) optima is large. This makes intuitive sense: if the tasks’
optima are uniformly distributed, we should expect E||X||2 to be small, even decreasing in d. On the
other hand, in the degenerate case where the estimated optima X, are the same across all tasks ¢ € [T7],
we have E||X||3 = 1, so the asymptotic task-averaged regret is 1 because we can use € = % Perhaps

slightly more realistically, if it is n}p -away from 1 for some power p > % then setting € = \/% can

remove the logarithmic dependence on m. These two regimes illustrate the importance of tuning €.

As a last application, we apply our meta-BLO result to the shortest-path problem in online
optimization [50, 30]. In its bandit variant [8, 17], at each step 2 = 1, ..., m the player must choose
a path p; from a fixed source u € V to a fixed sink v € V in a directed graph G(V, E). At the same
time the adversary chooses edge-weights ¢; € RI®! and the player suffers the sum D eep, Lile) of

the weights in their chosen path p;. This can be relaxed as BLO over vectors x in a set K C [0, 1]/Z|
defined by a set C of O(|E|) linear constraints (a, b) (a, x) < b enforcing flows from u to v; u to v
paths can be sampled from any x € /C in an unbiased manner [2, Proposition 1]. On a single-instance,

applying the BLO method of Abernethy et al. [2] ensures O(|E|2 /m) regret on this problem.

In the multi-instance setting, comprising a sequence t = 1,...,T of shortest path instances with m
adversarial edge-weight vectors ¢, ; each, we can attempt to achieve better performance by tuning the
same method across instances. Notably, we can view this as the problem of learning predictions [33]
in the algorithms with predictions paradigm from beyond-worst-case analysis [40], with the OMD
initialization on each instance being effectively a prediction of its optimal path. Our meta-learner
then has the following average performance across bandit shortest-path instances:

Corollary 4.2 (c.f. Cor. E.2). For multi-task bandit online shortest path, Algorithm 1 with regularizer
Y(x) = — Za,beC log(b — (a,x)) attains the following expected average regret across instances

- (|EP'm?  |E|Em? T Lim1 b= (@3
o (ELm2 (IEPmE) L i 4B |om > log r i b @) )L )
T VT e€lm 1] UTIE R
m a,beC =1 b— <av Ce (Xt)>

Here the asymptotic regret scales with the sum across all constraints a,b € C of the log of the
ratio between the arithmetic and geometric means across tasks of the distances b — (a, c.(X:))
from the estimated optimum flow c.(%;) to the constraint boundary. As it is difficult to separate
the effect of the offset €, we do not state an explicit task-similarity measure like in our previous
settings. Nevertheless, since the arithmetic and geometric means are equal exactly when all entries
are equal—and otherwise the former is larger—the bound does show that regret is small when
the estimated optimal flows X, for each task are at similar distances from the constraints, i.e. the
boundaries of the polytope. Indeed, just as on the sphere, if the estimated optima are all the same
then setting € = % again yields constant averaged regret.

5 Conclusion and limitations

We develop and apply a meta-algorithm for learning to initialize and tune bandit algorithms, obtaining
task-averaged regret guarantees for both multi-armed and linear bandits that depend on natural,
setting-specific notions of task similarity. For MAB, we meta-learn the initialization, step-size,
and entropy parameter of Tsallis-entropic OMD and show good performance if the entropy of the
optimal arms is small. For BLO, we use OMD with self-concordant regularizers and meta-learn
the initialization, step-size, and boundary-offset, yielding interesting domain-specific task-similarity
measures. Some natural directions for future work involve overcoming some limitations of our results:
can we adapt to a notion of task-similarity that depends on the true optima without assuming a gap
for MAB, or at all for BLO? Alternatively, can we design meta-learning algorithms that adapt to both
stochastic and adversarial bandits, i.e. a “best-of-both-worlds” guarantee? Beyond this, one could
explore other partial information settings, such as contextual bandits or bandit convex optimization.
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A Structural results

A.1 Properties of the Bregman divergence

Lemma A.1. Let v : C — R be a strictly convex function with maxycc ||[V29(x)|l2 < S over
a convex set C C R? over size maxyec ||x||2 < K, and let B(:||-) be the Bregman divergence
generated by 1. Then for any points X1, ...,xp € C the actions y; = argmin,c 1 (x) and

Yt = 75 > .o, Xs have regret

T

T
ZB(XtH}’t) B(x¢|lyr+1) Z
t=1

g 8SK%(1 +1logT) (21)

Proof. Note that

VyB(xlly) = =Vi(y) — Vy(Vi(y),x) + Vy(Vi(y),y) = diag(Vy(y))(y —x) (22)

so B(x¢||y) is 25 K-Lipschitz w.r.t. the Euclidean norm. Applying Khodak et al. [31, Prop. B.1]
yields the result (note that its assumption of strong convexity of the regularizer can be replaced with

strict convexity without changing the proof or result). O
Claim A.1. Ler ¢ : K — R be a strictly-convex function with Bregman divergence B(-||-) over a
convex set K C R? containing points X1, . .., xr. Then their mean X = % 23:1 X, satisfies
T T
> Bxllx) =Y v(x) — v(x) (23)
t=1 t=1
Proof.
T T
D UBxlR) =Y d(x) — (%) — (Vi(%),x; — %)
t=1 t=1 (24)

A.2  Tuning the step-size

Lemma A.2. Let (y,... 01 : Ryg — Ry be a sequence of functions of form ;(z) = + G?x
for adversarially chosen B; € [0, D] and some G > 0. Then for any p > 0, the actions of

EWOO [26, Fig. 4] with parameter & run on the modified losses M + G?x over the domain
["C]?, aV1i+p } achieves regret w.r.t. any x > 0 of

212
Zet ) — b <min{pf ,pDG}T+DG(1+;;§(T+1)) (25)

Proof. By Khodak et al. [31, Prop. C.1] the modified functions are % (2; -exp-concave. Then Khodak

et al. [31, Cor. C.2] with B; set to %, D to g, o =G2% ande = % yields the result. O
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Lemma A.3. For Xy,...,Xp € OK consider a sequence of functions of form

Uf,(X7 ’I’}) = M

+nG*m (26)

where B is the Bregman divergence of a strictly convex d.g.f. ¥ : K° — R and where x; =

arg min, ¢ ¥ (x) defines the projection c.(x) = x1 + 72+ for some ¢ > 0. Suppose we play

X¢+1 ¢ Ce (% 22:1 fcs) and set 1 using the actions of EWOO [26, Fig. 4] with parameter %for

B(ce(&e)||xe)+p" D2
n

some p, D. > 05.t. B(c.(%;)||x) < D?Vx € K. on the functions +nG?m over

Gym’® G
DsG\/ﬁ(%+ 1—|—p2) Vt € [T) and

the domain [ pDe_ De v/ 12”2} with 11 being at the midpoint of the domain. Then Uy(xy, ;) <

o BleElX) e

+ min p*D? oD.GVT ¢ D.G(1+log(T + 1)) n 8S.K?(1+1logT)
"7 I g 2p2
27

for K = maxyex ||x||2 and S: = maxyex. || V29 (x)]|2.

Proof. The first claim follows by directly substituting the worst-case values of 7 into U;(x, n). For
the second, apply Lemma A.2 followed by Lemma A.1:

T
ZUt (x¢,7¢)
t=1

Ble.(%
22M+nthm
t=1 nt
22 D.G(1+loo(T + 1 T g .
S mlnmln{pg,pDEG}T+ EG( + Og( + )) +Z (CE(Xt)HX) +77G2m
n>0 n 2p2 v "
D2 D.G(1 +log(T + 1 K2(1+logT
<minm1n{p E,pDEG}T—l— cG(1 +log(T + )>+855 (1+1ogT)
>0 2p2 "
T
B .
+omin S B 2
xeX. -
(28)

Conclude by noting that the sum of Bregman divergence to c. (X;) is minimized on their convex hull,
a subset of K .. O

A.3 Computational and space complexity

Algorithm 1 implicitly maintains a separate copy of FTL for each hyperparameter in the continuous
space of EWOO and the grid ©y, over the domain of 6, but explicitly just needs to average the estimated
task-optima X;; this is due to the mean-as-minimizer property of Bregman divergences and the linear-
ity of c.. Thus the memory it uses is O(d+ k), where k is size of the discretization of © and should be
viewed as sublinear in T, e.g. for MAB with implicit exploration and BLO k = O(+/d+/T). Computa-
tionally, at each timestep ¢ and for each grid point we must compute two single-dimensional integrals;
the integrands are sums of upper bounds that just need to be incremented once per round, leading to a
total per-iteration complexity of O(k) (ignoring the running of OMD). Although outside the scope of
this work, it may be possible to avoid integration by tuning n with MW as well, rather than EWOO,

but likely at the cost of worse regret because it would not take advantage of the exp-concavity of Ut(p ),
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A.4 Main structural result

Theorem A.1. Consider a family of strictly convex functions 1y : KK° — R parameterized by 0 lying
in an interval © C R of radius Rg that are all minimized at the same x1 € K°, and for X1, ... ,Xp €

OK consider a sequence of functions of form U(x, 1, 0) (3), as well as the associated regularized up-

per bounds Ut(p)

and L, the Lipschitz constant w.r.t. § € © 0f§ +ng(0)m+ f(0)m. Then Algorithm 1 with ©), C ©

(4). Define the maximum divergence D = maxgeo Do, radius K = maxxci ||X]|2,

the uni discretizati O s.t. ingco, |0 — 0] < £2, pe(0,1), n(d) = L2,
e uniform discretization of © s.t. maxgce ming co, | | <52, p€(0,1), n(0) o
=(0) — 14p? _ 2p° _ 1 log k

77(0) = D g(g)m, 04(9) = m, and )\ = (M (; + 1 + ,02) + Fm) Og leads to

a sequence (x¢,m:(0),0:) s.t. E Zthl Ui (x¢, n:(0¢), 04) is bounded by

K2(1 +1logT 2 L 2p2
E min BSK(1+ log )+<%+779(9)m+f(9)m+n:k)—i—min{p 7PM}>T
n n

60cO,n>0 n

M(1+log(T +1))
202

4M
+<p+Fm> Tlogk +
(29)
and Z;‘ll Ui(x¢,m:(0%), 0t) is bounded w.p. > 1 — 51351 by

8SK?(1+1logT V, L, Re ’D?
(1 +log )+<770 +ng(0)m + f(@)m + — O+min{pn,pM}>T

0cO,n>0 n k

AM T 1\ M(L+log(T+1
+<p+Fm> («/Tlogk+1k>1 2log§>+ ( OgQ( )

2p
(30)

Proof. In the following proof, we first consider online learning U, (-, -, §) for fixed § € ©. To tune
7, we online learn the one-dimensional losses By(co(X:)||co(xt))/n + ng(6), where cg(X;) is the
(n:(0)-independent) action of FTL at time ¢. As discussed, the corresponding regularized losses Ut(p )

are exp-concave, and so running EWOO yields O (M/p? + min {p?D?/n, pM } T) regret w.r.t. the
original sequence [31, Cor. C.2]. At the same time, we show that FTL has logarithmic regret on the
sequence By(cy(X;)||-) that scales with the spectral norm S of V2t (c.f. Lem. A.1), and that the

average loss of the optimal comparator is ‘792 (c.f. Claim A.1). Thus, since we only care about a fixed
comparator 7, dividing by n7T" yields the first and last terms (5). We run a copy of these algorithms
for each 0 € Oy; since their losses are bounded by O(M/p + F'm), textbook results for MW yield
O(+/Tlog k) regret w.r.t. § € Oy, which we then extend to © D Oy, using L, -Lipschitzness.

Formally, we have that

T
EZUt(Xtvnt(at)vot)

t=1

— acy
(
<(%

IN

M (; . f) B Fm> VAT logk + E pin Z Bz‘)”") +nu(0)g(O)m + F(O)m

— + Fm> VTlogk+E  min Z BQ(C"SW +ng(8)m + f(8)m

0€Oy,n>0,xe
k> x =1

2 D32 D 1+log(T +1 2
+ min P D(’,ng S@m\ T+ 91/ 9(0)m(1 + log(T + 1)) N 8SK?3(1+logT)
n 2p? n
(31
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where the first inequality is the regret of multiplicative weights with step-size A [46, Cor. 2.14] and

the second is by applying Lemma A.3 for each . We then simplify and apply the definition of \702
via Claim A.1 and conclude by applying Lipschitzness w.r.t. 6:

T

EZUt(xtvnt(et)70t>
t=1

4M
< ( +Fm> \/Tlogk—HEe (ranin
p €

72
T
= 4+ ng(@)mT + f(O)mT
k,m>0

2 D2 M(1+log(T +1 8SK2(1+logT
i {20 g MU 1) | SSK0 s
P n

8SK2(1+logT V, L, R 2 D2
(1+log >+<e+ng( I e+mm{p 7pM}>T
0€0,7>0 n n k n

M1 +log(T +1))
22

+ (4]\/[ +Fm) Tlogk +
p

The w.h.p. guarantee follows by Cesa-Bianchi and Lugosi [16, Lem. 4.1]. O

B Implicit exploration

B.1 Properties of the Tsallis entropy

Lemma B.1. For any ¢ € (0,1] and x € A s.t. x(a) > 5§V a € [d] the 3-Tsallis entropy
- d XB a . . .
Hs(x) = —%1&() is dlog g-LlpSChll‘Z wrt. § € [0, 1].

Proof. Letloggx = %ﬁﬂ_l be the 5-logarithm function and note that by Yamano [54, Equation 6]
we have logg x — logx = (1 — 3)(0ylogz * + logg xlogx) > 0V 8 € [0, 1]. Then we have for
B €[0,1) that

—Hg(x) — 3%, xP(a) log x(a)
1-5

|0 Hp(x)| =

-
MQ

—_
|
™

x”(a)(log x(a )—10gX(a))‘

1

p
I

I
—_
| |
=
M&

Il
_

x”(a)(logy x(a) — log x(a)) (33)

a

<a

d
Zlogﬂ —logx(a) < T il B(logﬁ g — log g) < —dlogg
where the fourth 1nequa11ty follows by Holder’s inequality, the fifth by subadditivity of x® for
a € (0,1], the sixth by the fact that 9,(loggx —logz) = 77 — 1/2 < 0V B,z € [0,1), and
the last line by substituting 8 = 0 since 9 (log"f__/;ogw) = 2(“770”6);(51 (71? )ﬁ()mf”) sz v B e
[0,1),z € (0,1/d]. For 8 = 1, applying L’Hopital’s rule yields

d

-
M~

IN

1—

B d 1-8
X(a)> (Z(bgﬁ x(a) — log X(a))11/3>

a=1

=

1

\ A

E

d
1 1
: _ L. 8 2 1 :
élgll O0pHpg(x) 5 élgll a:1x (a)log”x(a)(1 — (1 — B)logx(a ~3 ;x a) log® x(a
(34)
which is bounded on [—2d/e?, 0]. O
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Lemma B.2. Consider x1,...,x7 € A s.t. x¢(a;) = 1 for some a; € [d], and let X = % Zthl Xy
be their average. For any € € (0,1] and 3 € (0, 1] we have that for every t € [T

Hp(x¥) — Hp(x\) < Hp(x) (35)

where recall that x(¢) = c e (x)=1g/d+ (1 —-¢g)(x—14/d) = (1 —e)x + F1a

Proof. Assume w.l.o.g. that X(1) < x(2) < ... < x(d) and a; = 1, so that x(a) ega). We take the

derivative
0-Hpg ((1 —e)x+ g ) 0.Hy (e ( (5))
g =l X
5;( 1—-¢)x +s/d) - (5/d)1ﬁ>
45 1 (36)
5; < 1—¢) +a/d) ((1—5))_((d)+5/d)1—5>
d—1

+

= X(@) (((1 —OR(d) +e/d) P ((1-e)x(a) + e/dW)

a

By the assumption that X(a) is non-decreasing in a, each of the summands above become non-positive.
So for e € (0, 1] the derivative is non-positive, and for ¢ — 0T it goes to —oo. Thus the Lh.s. of the
bound is monotonically non-increasing in ¢ for all € € [0, 1]. The result then follows from the fact

that for e = 0 we have Hp ((1 —e)x + $14) — Hg (e ( (E)) = Ha(x). O

B.2 Implicit exploration bounds

Lemma B.3. Suppose we play OMDg ,, with regularizer g the negative Tsallis entropy and initial-

ization x1 € /\ on the sequence of linear loss functions {1, . .., b7 € [0,1]% Then for any x € /\ we
have
T d
Bs(x||x _
St —x) < PRI L S ) o G7)
t=1 a=1

Proof. Note that the following proof follows parts of the course notes by Luo [37], which we
reproduce for completeness. The OMD update at each step ¢ involves the following two steps: set
Vir1 € A st Vg(yer1) = Vibg(x¢) — nly and then set x4 = argmingc o Bg(X, ye1) [25,
Algorithm 14]. Note that by Hazan [25, Equation 5.3] and nonnegativity of the Bregman divergence
we have

Uy, %, — x) < Bp(x||x1)
1 7 B N

ok

T
1
+ ngﬁ(XtHYﬂrl) (38)
t=1

t

To bound the second term, note that when 1) is the negative Tsallis entropy we have

B,B(XtHYt-H)

- 8
= 75 Z <Yt+1 Xy ( ) + T()(xt(a) — ytH(a))

Yit1 @

((1ﬂ>yfﬂ<a>x5<a>+/3< e +15net<a>> xt<a>) 9

-B
( — ] (a) + nx,(a)ti(a)

I Il
- 7
iM& n

2
Il
=
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Plugging the following result, which follows from (1 +2)® < 1+ax +a(a—1)22Vz > 0,a < 0,
into the above yields the desired bound.

B-1(, £
yfﬂ(a) = xP(a) (yt+1 ( ))

X7~ (a)

xi(@ (1415 @) ) -

s —nx; P (a)l(a 77—2x2_2[3a (a)? (40)
sma)(l wel @) + Lo ()M))
= xP(a) — nxe(a)li(a) + Lx2 (a)l,(a)?

B

Theorem B.1. In Algorithm 1, let OMD,, g be online mirror descent with the Tsallis entropy regularizer
Vg over y-offset loss estimators, Oy, is a subset of |3, B] C [@, 1], and
By(%”|lx) , nd’m
U B
5 (p) R C )
(1 —e)k¢ + ely/d. Note that U" (x,n, 8) = Uy(x,n, B) + &="~+—=—. Then there

n(1-p)
exists settings of 0,7, o, A s.t. for all €, p,y € (0,1) we have w.p. > 1 — 6 that

Ut(xanvﬁ) =

(41)

where 5{%6) =

T m
Z Et,i(at,i) - et,i(&t)

t=1 i=1

dlogd

2+ =m 5 8d 5k 1+log(T +1
§(5+7d)mT+7logg+ ;)/E List T10g6+01gG(p)

~
8( 2 t10eT) [(Hs ndPm LB - >
¢ o M) TOxloeT) (Hp  ndm | Ly(8 m+dmin{p»p¢7n} T
BE[B.B],n>0 n n B 2k 2n
(42)
log 2
for L, = <0‘i5 +77m10g2d) d.

Proof. In this setting we have g(8) = d°/p, f(B8) = 0, D% = dl;j;l, D < \/d/2, M = d\/m,
F=0,5=(d/¢)* 2, and K = 1. We have that

T m
‘et,i(at,i) - gt,i(&t)
t=1 1=1
T m ) d )
= Z Z@t,th i) — e i(ae) + ’ngt,z(a)
t=1 i=1 a=1
= B (37 lxe1) | N e TN~ 2 p -
< Z +Z<€t Xy ) =l z(at)"’*Z t,i (a)ft’l(a)—l—’yZKw(a)
t=1 "It i=1 B a=1 a=1
B - e o (e
<5mT—|—Z Br(Xt ||Xt71) +Z<£t17A§ )>_<£tzaxi )>
t=1 Mt i=1
T " m d d
¢ —B, 5
D5 2o 2K @lhia) + 7Y lila)
t=1 i=1 a=1 a=1

(43)

where the equality follows similarly to Luo [37] since <Et,i7 Xei) = lri(a:) — ZZ:1 ém(a), the
first inequality follows by Lemma B.3 and the second by Holder’s inequality and the definitions of
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ét ; and &EE-) . We next apply the optimality of a, for >, lﬁt,i to get

m

Zzgtz Qi _etz(at)

t=1 i=1

B m c d R
<5mT+2:’8’77HXt1 thz ar) — Lei(ae) + EZ ti(a) = li(a)
t=1 t a=1
T e m d
LSS i 2 Y
t=1 "t i=1 a=1
1+5+2+y %)
B 5 Bp, (%{7|1x0.1)
< T = 1 e ol 2 Sl 20 L e
<eml + 2 0g6+z_; m

d
_,_Z”t Zzlxl ﬁt ‘€t2 )_’_,yzlgtﬂ_(a)
logd

i=1a
2+ \/ 4 5 Bg, (x th 1) ndPtm
SsmTJrilogéJr’ymeqLZ ! + 3
Y — Nt t

(44)
where the the second inequality follows by Neu [43, Lemma 1] applied to each of the last four terms
and the fifth by the definition of ¢; ; and using maXge[ 1 1) 0B < 4/ m Substituting into

Theorem A.1 and simplifying yields the result except with Vﬁ =1 thl w/g( ) VYp(% (E))
place of H 3, but the former is bounded by the latter by Lemma B.2. [

Corollary B.1. Let 3 = B = 1. Then w.h.p. we can ensure task-averaged regret at most

o/ Hydm + O <d‘ﬁjgm> (45)

so long as mT > d? or alternatively ensure

min{2\/Hldm+O<d4m4\/—;d\F> 2\/dmlogd +O< f)} (46)

so long as mT > d.

Proof. Applying Theorem B.1, simplifying, and dividing by 7" yields task-averaged regret at most

2+ 4/t 1+ log(T + 1 2
(e + vd)ym + 7emlog§ + (—i—og(+) —I—min{p,p}) dv/m
47)

~T ) 2p2T n/m
8d(1 + logT H
+ min w + (1 + ndm)
n>0 enT n
Sety = \/ﬁ Then sete = {/ Ti—; and p = \F, andusen =/ 7> + \3/7 to get the first result.
Otherwise, sete = /- and p = 4%/?’ and use the better of 7 = dﬂll W and 7 = /'8¢
to get the second. O

Corollary B.2. Let ﬁ = % and 8 = 1 and assume mT > d3. Then w.h.p. we can ensure
task-averaged regret at most

5 5
min 2y/HsdPm/B + O <d7Tm7 + d\;@) 48)

Be(3,1]

using k = R/Zi\/f—‘
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Proof. Applying Theorem B.1, simplifying, and dividing by 7" yields task-averaged regret at most

(e +~vd)m +

dlogd
2+ en% o § n dv/m log % 1+1log(T+1)
T & é P T 16pT

+ min

8d3 (1 +1logT H d8 d (log?
8d3(1 +logT) )+<ﬂ e m <0g5+77m10g2d + pdy/m

BE(B.Bl,n>0 einT B 4k
(49)
L ki 1 BHps 1
Sety = e €= e P= Tz and use ) = ’/W + T to get the result. O
Corollary B.3. Let 3 = loé;d and B = 1 and assume mT > d3. Then w.h.p. we can ensure

task-averaged regret at most
- _(dimi+ dv/m
min 24/ HgdPm/B+ 0O | ————=—F— 50
o2ty 2V Hod®m/B ( JT 0
using k = {{L/E\/TW.

roof. in, eorem B.1, dividin, , and simplifying yields
Proof. Applying Th B.1, dividing by 7T, and simplifying yield

dlogd
2 —"_ em

log ® 1 8dy/m [ [log 3k L Lt loa(T +1)
~T 0 p T 16pT

(e +~vd)m +
(5D

+ min
B€[B,B],n>0 e2nT

2(1+10gT)  (Hy nd®m  d [log?
8d”(1 +1ogT) (ﬁ ”6m+2k<0g5+nlog2d>+pd\/ﬁ>

1
logd’

2 8 . . . . .
Note that Hg and % are both decreasing on § < so /3 in the chosen interval is optimal over all

3

B € (0,1]. Sety = \/ﬁ,e = %,p: %ﬁ,anduse n= % + ﬁ to get the result. [

C Guaranteed exploration

C.1 Best-arm identification

Lemma C.1. Suppose for ¢ > 0 we run OMD on task t € [T with initialization x;; € A©),
regularizer g, + Ia () for some By € (0, 1], and unbiased loss estimators (v = 0). If Assumption 3.1

2
holds and m > % then %, = %; wp. > 1 — dr, where k = exp (_ 382A8dm)'

Proof. We extend the proof by Abbasi-Yadkori et al. [1, Appendices B and F] to arbitrary lower
bounds €/d on the probability. First, since 0 < ¢; ;(a) < gém(a) we have that

—g < 1< —ti(a) < b s(a) — bra(a) < (f - 1) lala) < g (52)

and so |¢; ;(a) — £i(a)| < 4. Therefore since the variance of the estimated losses is a scaled
Bernoulli we have that

Et,i(a)>2 < 7 i(a)

Xt,i(a) - Xt,i a)

Var(l?t)i(a) —{i(a)) = Var(ét’i(a)) =xy,(a)(1 —x¢4(a)) <

d
<2
9

(53)
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We can thus apply a martingale concentration inequality of Fan et al. [23, Corollary 2.1] to the
martingale difference sequence (MDS) £ (/; ;(a) — 41 i(a)) € [~5,1] to obtain

A, A,
(Z‘gtz _étz )7m2 >=Pr< Zétz _‘gtz )7Eﬂ;d )

A,
< Pr maXfZEH —y4( )_Ergd

ol > (5
> A 2 emA,
min {m(1 +e/d)?,4(em/d + =22)} | (54)
emAg \2
2 (*52*)

o <4<sm/d+ M))

oo [ 3emA2
P16 1 AL

3emA?
= exp | =gy

where A, = L |3 4 i(a) — ming/zq > iy i(a’)| is the per-arm loss gap in the last step we
apply A, < 1. For the symmetric MDS —§ < /; ;(a) — @t i(a) <1 we have

<Z€tl étz )_ ) PI‘ (Zetz gtz )_m2Aa>
2 (mpe)”
<eXP< 4(dm+mA ) (55)
3emA2/d
( 4(6 +eA, /d))

35mA2
28d

We can then conclude that
Pr ()’\(t 7& )o(t)

r <3 a# at igt,i(a) < i&,i(f%))
=1

i=1

KU o = o mA&f o = - s mAa
r (Z Em(at) Z Zét,i(at) + > -V E| a 7é ag - th,i(a) S th,i(a) — 9 >
=1 =1 i

=1

r (th,z(&t) > th,i(&t) ) + Z Pr (Zet 4 S Z&,z(Cb) — m?a)

aFay i=1 i=1

< 3emAZ 3emA?2
=P Tk + 2 e (- 28d

aFay

3emA2
<dexp | — 984
(56)

where the second-to-last line follows by substituting the bounds (54) and (55) into the left and right
terms, respectively. O

Lemma C.2. Suppose on each taskt E [T] we run OMD as in Lemma C.1. Then for any 8 € (0, 1]
1-8
we have 2E Y1, 65(R(7) — v(X7) < —vp(®) + 322 ((9)"7 1),
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Proof. We consider the expected divergence of the best initialization under the worst-case distribution
of best arm estimation, which satisfies Lemma C.1 and (56). We have by Claim A.l and the
mean-as-minimizer property of Bregman divergences that

1 .
fE;W(figs))—lﬂﬂ(i(s)) E mg?E)TZBﬁ( ||X)
< min B ZBB( lix)

o1 .
o Z ZW = a)Bs (el I1x)

t=1 a=1

= () )
- X;HA%TEZM # (el

pi(a)<2k,Vte[T|,a#a;
1-dk<pi(a),Vte[T],a=a+

IN

(57
To simplify the last expression, we define p = % Zthl p: and again apply the (weighted) mean-as-
minimizer property, followed by Claim A.1:

d d
1 (©)1x) — . (4)]1x) — ()|
in Zzpt a)By (el |Ix) = _min le(a)Bg (e11x) = (;BB (1)

= ¢(el?) — vs(p©)
(58)

By substituting into the previous inequality, we can bound the expected divergence for the worst-case
p: as follows:

T
1 (e ~(e) e
MR e I CORIN |
t=1 pt(a)fzn,\;te[T],a;édt
1—dr<pi(a),Vte[T],a=a,
(e) (e)
<yple’ )+ max —s(P'?)
( ) E?=1 Ei:l pi(a)=T (59)

S pt(a)Z(ljdﬁ)i(a)}F7Va
ST pi(a)<(2k(1—%(a))T+X(a)T),Ya
_ (s)) -~ ; —(e)
Vs (61 mn Ys(P’)
p(a)>(1-dr)x(a),¥
p(a)<2k+(1-2k)%x(a),Va

We use the shorthand h(x) = ¢ ((1 — €)x + 514). We have

~Ux(a) (¢B(X)) = aX(rz) <

= Y%(a) <

B -1 1—
:m-(x(a)’g —dh)

and therefore
IVl = max

Ontats (1= )x+ S14))|

IN
g
b
—
—~
—_

I
LY
X

Q
~—
_|_
™
~
)
ISH

—
>

(61)

IN
—
e
=
/~

24



Finally, by convexity of h we have

i h(P) > h(x) — [|[VA(X)] o p— X
mip (P) = h(x) — [VA(x)] max P — x|
p(a)>(1-dr)x(a),Va p(a)>(1-dr)x(a),Va
pP(a)<2k+(1-2k)x(a),Va pP(a)<2k+(1-2k)x(a),Ya
> (%) = 3| V()| oc (©2)
o d
> h(x) — 3drf 1 -
> (%) 3 og, (£
so we can substitute into (59) to get
£ -(0) @, , 3dsp (a7’
15 ° (€
fEZwﬁ 0 &) < —ua)+ 22 ((4) (63
Applying Lemma B.2 completes the proof. O

C.2 Guaranteed exploration bounds

Lemma C.3. Suppose we play OMDg ,, with initialization x, € A©), regularizer Vg +1Ip) for some

B € (0, 1], and unbiased loss estimators (v = 0) on the sequence of loss functions {1, ..., LT € [0, 1]d.
Then for any a € [d] we have expected regret

X (€) 8
EY i) — 6(a) < EB,(x ; <) ”dﬁm +em (64)

for X the estimated optimum of the loss estimators él, N

Proof.
Ezgt at —ft Ezft at Ztv >
S Ez&(at) — <€t,}°{(6)> +em

= EZEt(at) — <ét))°((s)> +em
(65)

| /\

Zé CLt ét, >+€m

B (E) T d
( I -
< EBs (%) HX1) n nd®m
U B

where the second inequality follows by optimality of X for the estimated losses ?,, the third by
Lemma B.3 constrained to A®), and the fourth similarly to Theorem B.1 (note both are also
effectively shown in Luo [37]). L]

I /\

+em

Theorem C.1. In Algorithm 1, let OMD;, g be online mirror descent with the regularizer 1g + Ix )
over unbiased (y = 0) loss estimators, ©, is a subset of 3, 8] C [@, 1], and

Bs(%7|[x) , nd’m

Ut(X,T],B): n 5

(66)

25



where )‘(EE) = (1 — &)Xy + €14/d. Note that Ut(p) (x,m,8) = Us(x,m,8) + "(75)). Then under

Assumption 3.1 there exists settings of 0,7, o, A s.t. for all €, p € (0, 1) we have that

f Z Z Lyiags) — yiay)

8d/m logk 1+log(T+1)
<
semt— (1’“>1 T 16pT
8(H° 21 4logT A 6 L (G — >
+  min (4)" =(1+log )+hﬂ( )+77d m (B ﬂ)+dmin{p,p\/7n}
B€[8,B]m>0 nT 7 B 2k 2n

(67)

for L, = <loig +nmlog2d) d and hg(A) = (Hg + 28)ia + dl ° 1(1 —LA) for in =
1

> 75d d_.
m225 log AT

Proof. By Lemma C.3 we have

“ Bg, x dPem
Ezzft,i(am — i) <emT + EZ . 77t ” r.1) + 2 3 (68)
=1 i=1 =1

Since we have the same environment-dependent quantities as in Theorem B.1, we can substitute the
above bound into Theorem A.1 and then apply the Lemma C.2 bound

- 3drf d\'"? 3d? 35A2m
2 < bt < ¢
EVj Hg—l—l_ﬁ((E) ) Hg—i— exp 554

3eA? d 3eA%m
= Hy+ > dlog —— — =
B+ 7 exp ( 0g SAZ 984 ) 69)

3eA?/d?

where the last line follows by assuming m > 672% log g2 If this condition does not hold, then we

apply the default bound of IEVIB2 <=1 S p(Re) — p(R) < '~ ﬁﬁ 1 0

Corollary C.1. Let 3 = 3 = 1. Then for known A and assuming m > 75d 4 Jog -& Az We can ensure
expected task-averaged regret at most

75d _[dimi  dA2m?
2/ H
1dm + 56 +A2W(75)+O< Wi +—7 ) (70)

where W is the Lambert W -function, while for unknown A we can ensure expected task-averaged
regret at most

Hodm 156 + > ¢/ 50dm log d1o ﬂﬂé @+M (71)
! A &8 1506 Tog d JT T

so long as m? > 150dlog d.

Proof. Applying Theorem C.1 and simplifying yields

8dy/m(1 4+ log(T + 1)) . 8d(1+1ogT) hi(A) dp?
d — 72
em 16p2T +I77H>HOl enT + n +odmt 2n (72)
Then substitute n = h;(A) and set p = { ﬁ and ¢ = ggan(%) (for known A) or

€= y/ % (otherwise). O
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Corollary C.2. Let 8 = 5 L and B = 1. Then for known A and assuming m > 75d d Jog & Az we can
ensure task-averaged regret at most

+

75d
. 5 75d
min 24/ (Hgm + 56/d)dP /3 + —— W (75)+(9<

dim?  dim?  dA’m3 73
Bel5:1]

JT T3 T

using k = [V d>mT], while for unknown A we can ensure expected task-averaged regret at most

min 2 (Hgm+56/d)dﬁ/ﬁ+Z</50d2m10g d

m? @ d%m% d%m% d%rn2
CEER) 15OA6Jr T + T3 + T
(74)
so long as m > 5d+/6.
Proof. Applying Theorem C.1 and simplifying yields
8d 1
J— vm [ [logk n 1+1log(T +1)
p T 16pT
8d2(1+logT)  hs(A)  nd® d (lo 7>
. 5(1+ d
4 min (1+logT) | hs(a)  nd'm  d og ¢ L4
B€[B,8],n>0 eznT U B 4k 3

Then substitute = / gféf/‘; and set p = ¢/~ \/1me and ¢ = LW (Z) (for known A) or

e = {/129% (otherwise). O

Corollary C.3. Let § = log 5 and B = 1. Then for known A and assuming m > 75d d Jog & Az We can
ensure task-averaged regret at most

75d ~ (dimi dim¢  dA*m3
min 2 (H5m+56/d)d5/6+A2W(m)+(’)< MU m) (76)

6€(0,1] 75 YT T3 T

using k = [\3/ d?>mTY, while for unknown A we can ensure expected task-averaged regret at most

Wl

3, dm? d m
in 24/(H, d)dP \/ d?>m1
gt 24/ (Hym +56/d)d%/5 + 1[50 m°g150A6+0< U Y
(77)
SO longasmz’f)d\/é.
Proof. Applying Theorem C.1 and simplifying yields
8d 1
— vm \/?+1+log(T+1)
p T 16pT
o 5 . ) (78)
8d“(1+logT hg(A d d (logt d
+  min (;-Og)+ ﬂ()+77 mo 4 flosg e 1+
pep.Blm>o €Nl U B 2k 2n

Then substitute 7 = 4/ ;ﬁiﬁ)ﬁ and set p = ¢/~ \/17TT and ¢ = LW (Z) (for known A) or
=3¢ 1;# (otherwise). O

Corollary C.4. Let 3 = d and = 1. Then for unknown A and assuming m > max{d 1,56}
we can ensure task-avemged regret at most

/ 56\ df  21dim [ dm| | x (d3mF  dimS  d*mS
i i dm, 2| H, — | 4+ ———43log —
ﬂre%r}u min {8\/ m, ( pm + d) 3 S 3log A2 +0 T + e t—F

(79)
using k = [V d2mT.
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Proof. Applying Theorem C.1 and simplifying yields

— Sdf flog k n 1+ log(T+1)
p T 16pT

(80)
8d%(1 +1logT hg(A de d g d dp?
+ _mn ( 2+ = )"' 2 ) O = fymlog®d | + 2=
seg.plm>0 €T U 2k 2n

Then substitute n = \/m and set p = and = m2 0

D Robustness to outliers

Proposition D.1. Suppose there exists a constant p € [0, 1] and a subset S C [T of size s such that

at € S for all but O(TP) MAB tasks t € [T). Then if § € [logd, 1] we have Hg = O(s + T’étl ﬁm)

Proof. Define the vector es € [0,1]% s.t. €sa] = laes. Then by Claim A.1 and the mean-as-
minimizer property of Bregman divergences we have

Hp = —5(x)
= > sl — 9s(®)

1 T
=7 > Ba(k[%)
t=1

T
1 .
= min = > Bs(k%)
t=1
1< 5
< N7 B (% 1
ity 7 228 (5 P+ 1)
T d B ° 1-65 5y (81)
1 1 1-4 § B(Xtfa) — 52 laes — §)
= min — 1 S+> — X+ :
sco) T ; 1-3 ; < s °C d tla) (1;5 lses + %)ﬁ
B <161 +5>ﬁ %10 N Bl
= min — - 1lges 3 -
se0) T &= & < d 1=8 " (1-B)(:21ees + )17
T d
< min s'78 4 58418 Lo,
< i 9P G ST

S

IN

= (1
s B(§) 7
i B J1—8 o
5g(1(1)r’11)1_6+5d +O((1—ﬁ)T1P

di-r
=0 (S + Tﬂ(l—p)>

where the last line follows by considering § = 1/77?. O
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E Online learning with self-concordant barrier regularizers

E.1 General results

Lemma E.1. Let K C R? be a convex set and 1) : K° — R? be a self-concordant barrier. Suppose
Oy, ..., 01 are a sequence of loss functions satisfying |{€;,x)| < 1V x € K. Then if we run OMD
with step-size n > 0 as in Abernethy et al. [2, Alg. 1] on the sequence of estimators ét our estimated
regret w.r.t. any x € K. for e > 0 will satisfy

T
Zw}, x; —x) < B("?L'Xl) + 32d°nT (82)

t=1

Proof. The result follows from Abernethy et al. [2] by stopping the derivation on the second inequality
below Equation 10. U

Definition E.1. For any convex set K and any point y € K, my(x) = inf t is the
t>0,y+*3¥ ek

Minkowski function with pole y.

Lemma E.2. Foranyx € K C R? and 1 : K° — R a v-self-concordant regularizer with minimum

X1 € K°, the quantity 1)(c.(x)) is vv/2-Lipschitz w.r.t. € € [0, 1].

Proof. Consider any ¢,&’ € [0,1] s.t. &’ — & € (0, 3] Note that for t = 51/_;; we have

¢ (%) — co(x) x—x; X1+ —x - I

t N 1+¢ t

=xek  (83)

/
g —€

SO Te_, (x) (ce(x)) < e < ¢’ — &. Therefore by Nesterov and Nemirovskii [42, Prop. 2.3.2] we
have

B(ee(x) —(ew (x)) < vlog (1 . ch/; = (X))) < vlog (Hl_) < v(e'—e)V2 (34)

where for the last inequality we used —log(1 — z) < 22 forz € [0, 3]. The case of ¢’ — £ € (0, 1]

_ e'+e

follows by considering £” = 5= and applying the above twice.
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Theorem E.1. In Algorithm 1, let OMD,, . be online mirror descent over loss estimators specified in
Abernethy et al. [2] with a v-self-concordant barrier regularizer ¢ : K° — R that satisfies v > 1
and |[V21(x1)||2 = S1 > 1. Let O, be a subset of [ =, 1] and

Ble-(®)[[x)

Us(x,m,¢) = +32nd* + em (85)

3
Note that Ut(p) (x,m,¢) = Us(x,1n,€) + 9”2”2%. Then there exists settings of 0,7, o, A s.t. for
all e, p € (0,1) we have expected task averaged regret at most

51202 K2S1m2(1 + log T V2 2
F min v 1m( + log )+ 7E+32nd2m+€m+m T
€[4 1].m>0 n n k
9. 3
K+/
+3uimmin{3p”4‘gl,4dp 2K\/51}T (86)
n

d
n 777” 2K /135, (7\/Tlogk: +

1+ log(T + 1))
p

Proof. Lete = . Forany ¢ € [g, 1] and x € K we have 7y, (c.(x)) < 1=, so by Nesterov and
Nemirovskii [42, Prop. 2.3.2] we have
2 2
14+ 3v 64v° 5,
2 < 2 < 87
V(e < (oot ) IVl < 22 @7

2
Thus S = maxy yex cele,1) | V(e (x)) ]2 = 64’;72& and also

DZ = max B(c:(x)|lcc(y))
x,yeX

= max ¢P(c.(x)) — (e (¥)) — (Vi(ee(y)), x —y)

x,yeK
1
] (e — /7 - )
g viog (s ) F VIO - Y g
:3 I
< ylog2 + 781“[( 51
9 9
< QV%K\/Sil
- 9

where the first inequality follows by Nesterov and Nemirovskii [42, Prop. 2.3.2] and the definition
of a self-concordant barrier [2, Def. 5]. In addition, we have g(¢) = 32d?, f(e) = ¢, M =

12d\/2Km/ev/v3S, and F = 1. We have

[M]=

m T m
EY > (livxei — %) SEY em+ > (li, X — ce, (%))
=1 i=1

t=1 i=1

T m
<E Z&em + Zwt,ia Xt — Ce, (X¢))
t=1 i=1 (89)

T m
<E Zetm + Z<‘€t,ia Xt,i — Cey (it»
t=1 i=1

EB X
< Z (CEt (Xtth,l) + (32ntd2 + €t)m
t=1 Mt

where the first inequality follows by Abernethy et al. [2, Lem. 8], the second by Abernethy et al. [2,
Lem. 3], the third by optimality of X,, and the fourth by Lemma E.1. Substituting into Theorem A.1
and simplifying yields the result. O
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E.2 Specialization to the unit sphere

Corollary E.1. Let K be the unit sphere with the self-concordant barrier 1)(x) = —log(1 — ||x||3).
Then Algorithm I attains expected task-averaged regret bounded by
~[dmz  dm 1—E||§<|2)
Ol —+ + min 4dy/2mlog 14+ ——2 ) +em 90
< Ti V@F) e[ 1] \/ g( 2 + 2 ©0)

using k = {\/T—‘

Proof. Using the fact the v = 1 and K = S; = 2, we apply Theorem E.1 and simplify to obtain

2 2 1 2 d d
E  min V+32nd2m+5m+(9(m+++mmm{p dp} m m)

e€l1n>0 1 nl'  nk k p\f
X 1)
Then substitute ) = —&=— + VI set p= and note that
4V2dm ' dVT’ \F’
. 1— e (%)|2 1— (14¢e)2|%|32
B —E |1og e (R)3 E¢bg( - 82 ﬂ?b)
T N — g)~
VI L= e o)
1 - E[X[3
<4/l 1+ ——=
- \/og ( T +e2
where we use the fact that ||X;||2 = 1 and the inequality is Jensen’s. O

E.3 Specialization to polytopes, specifically the bandit online shortest-path problem

Corollary E.2. Ler K = {x € [0,1]'Fl : (a,x) < bV (a,b) € C} be the set of flows from u to v
on a graph G(V, E), where C C RIF| x R is a set of O(|E|) linear constraints. Suppose we see T
instances of the bandit online shortest path problem with m timesteps each. Then sampling from
probability distributions over paths from u to v returned by running Algorithm 1 with regularizer
Y(x) = — > . pec log(b — (a, x)) attains the following expected average regret across instances

3 5 5 T -
@) <|E|41nz + |E|42m6> + mm 4|E|E |2m Z log %thlb_ fa, e (%)) +em
T VT ) el arce  \ YT b— (aca(x0)
(93)
using k = {\/T_‘

Proof. Using the fact that d = | E|, v = O(|E|), K = /[E], and Sy < 3", yec W“!;’j% -
O(|E|?), we apply Theorem E.1 and simplify to obtain

2

%
E  min = +329|E*m +em
e€l57,1m>0 1

7 1 94)
co (B i (R +wwm<1 +1)
— 4+ —+ —+mming ——,p —_— =+ =
nT nk —k n P vT pT
Then substitute n = - \/% + |E|\F\ﬁ, setp = ¢ L’%‘ ¥/m, and note that
bh— ; 2 1 T_ h— , A

S e e®) )y, (PEE et

arce  \ T b~ (aca(®)))  avce YT b~ (a,e.(%0)
O
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