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Abstract

Regret minimization in stochastic non-
stationary bandits gained popularity over
the last decade, as it can model a broad
class of real-world problems, from adver-
tising to recommendation systems. Exist-
ing literature relies on various assumptions
about the reward-generating process, such as
Bernoulli or subgaussian rewards. However,
in settings such as finance and telecommuni-
cations, heavy-tailed distributions naturally
arise. In this work, we tackle the heavy-
tailed piecewise-stationary bandit problem.
Heavy-tailed bandits, introduced by Bubeck
et al., 2013, operate on the minimal assump-
tion that the finite absolute centered mo-
ments of maximum order 1+ ϵ are uniformly
bounded by a constant v < +∞, for some
ϵ ∈ (0, 1]. We focus on the most popular non-
stationary bandit setting, i.e., the piecewise-
stationary setting, in which the mean of
reward-generating distributions may change
at unknown time steps. We provide a novel
Catoni-style change-point detection strategy
tailored for heavy-tailed distributions that re-
lies on recent advancements in the theory of
sequential estimation, which is of indepen-
dent interest. We introduce Robust-CPD-

UCB, which combines this change-point de-
tection strategy with optimistic algorithms
for bandits, providing its regret upper bound
and an impossibility result on the minimum
attainable regret for any policy. Finally,
we validate our approach through numeri-
cal experiments on synthetic and real-world
datasets.
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1 INTRODUCTION

In a Multi-Armed Bandit (MAB, for short, Lattimore
and Szepesvári, 2020), a decision-maker (also called
learner) is faced with a sequence of repeated decisions
among a fixed number of options (or actions or arms),
observing a reward drawn from a probability distribu-
tion after each decision. MABs gained popularity over
the last two decades, as they allow for strong theo-
retical guarantees over algorithms’ performance while
maintaining the model’s generality. However, the most
traditional MAB model relies on demanding assump-
tions that are rarely met in the real world. The major-
ity of the research effort in the MAB literature focused
on progressively overcoming these limitations to cover
richer scenarios.

In this work, we focus on a broad class of problems that
relaxes, at the same time, two core assumptions of the
standard MAB problem: heavy-tailed non-stationary
MABs. Our framework allows for a general class
of reward-generating probability distributions without
relying on parametric assumptions and with a possi-
bly infinite variance, called heavy-tailed distributions.
This setting gained popularity over the last decade due
to its applications in finance and telecommunications,
and it overcomes the assumption of subgaussian re-
ward distributions, which is customary in the MAB lit-
erature. In such application domains, the assumption
that reward-generating distributions are fixed along
the whole time horizon is too limiting. It is natural
to consider settings, such as finance, characterized by
non-stationary reward processes. We address, with a
single algorithm, named Robust-CPD-UCB, the prob-
lem of learning in non-stationary environments where
the noise of the observations can be heavy-tailed. We
prove theoretical guarantees on the performance of R-
CPD-UCB and show that they are nearly optimal under
some mild assumptions. To the best of the authors’
knowledge, this is the first work to address the prob-
lem of regret minimization in non-stationary bandits
under infinite-variance reward distributions. In par-
ticular, we face the technical challenge of developing
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the first change-point detection strategy with proven
theoretical guarantees for such types of distributions.

2 PROBLEM FORMULATION

In this section, we recall the definitions of heavy-tailed
and piecewise-stationary bandit. Then, we introduce
the heavy-tailed piecewise-stationary bandits, the fo-
cus of this work. We formally define the problem of
regret minimization and provide a novel regret lower
bound.

2.1 Bandit Settings

Every round t ∈ [T ] := {1, . . . , T}, a decision It ∈ [K]
is undertaken (possibly at random) and a reward XIt,t

is sampled from a probability distribution νIt . We
call the set ν = {νi}i∈[K] of reward-generating dis-
tributions an instance of the MAB (from now on,
just MAB). Most of the literature deals with reward-
generating distributions either subgaussian or with
bounded supports.

Heavy-Tailed Bandits. In heavy-tailed bandits
(Bubeck et al., 2013), the probability distributions
{νi}i∈[K] are heavy-tailed. In this work, we use the
same definition of heavy-tailed MAB (HT MAB, for
short).

Definition 2.1 (Heavy-Tailed MAB). Let X ∼ ν be
a random variable with support on R. Then, we call
X a heavy-tailed random variable if it satisfies

Eν [|X − Eν [X]|1+ϵ] ≤ v, (1)

for ϵ ∈ (0, 1] and v ∈ R+. Let ν be a MAB. Then, if
ν ∈ HK

(v,ϵ), where H(v,ϵ) is the set of probability dis-

tributions satisfying Equation (1), we call ν a heavy-
tailed bandit (HT MAB, for short).

Note that Equation (1) implies that the variance of
the rewards-generating distributions may be infinite
(when ϵ < 1). Most of the technical tools employed for
subgaussian rewards are ineffective for HT MABs. We
address readers to Genalti et al. (2024a) for a recent
literature review on HT MABs.

Piecewise-Stationary Bandits. In standard
MABs, the reward-generating distributions are as-
sumed to never change during learning. In non-
stationary bandits, instead, the reward-generating dis-
tributions are dynamic in time, i.e., the rewards of the
same arm are sampled from different distributions de-
pending on the pull time t ∈ [T ]. However, if there
is no constraint on how many times the distributions
may change, then the problem may quickly become
non-tractable. Thus, in this work, we consider the
most popular non-stationary MAB setting, i.e., the

piecewise-stationary bandit (PS MAB, for short) from
Yu and Mannor (2009), where the distributions of
rewards remain constant for a certain period, called
epoch, and then abruptly change at some unknown
time points, called breakpoints. We assume that the
total number of breakpoints Υ ∈ [T ] is fixed before
the trial. We define a PS MAB as follows.

Definition 2.2 (Piecewise-Stationary Bandit). Let

{ν(j)}j∈[Υ] be a set of ΥMABs. Then, let {t(j)c }j∈[Υ] ⊂
[T ] be the set of breakpoints and call Ej the set of in-

dices {t(j−1)
c , . . . , t

(j)
c }, where t

(0)
c = 0 and t

(Υ+1)
c =

T , by convention. If ν
(j)
i is the reward-generating

distribution of arm i ∈ [K] when t ∈ Ej , then

({ν(j)}j∈[Υ], {t
(j)
c }j∈[Υ]) defines a piecewise-stationary

bandit (PS MAB, for short).

Ej is called the j-th epoch of the PS MAB, and t
(j)
c

to the j-th breakpoint. To simplify notation, we de-

fine µ
(j)
i := E

ν
(j)
i

[Xi,t] as the mean of the reward-

generating distribution of action i during epoch j.
Note that the reward-generating distribution of an ac-
tion is fixed during an epoch, and so is the mean re-
ward (and every other distribution parameter). We

call δ
(j)
i := |µ(j)

i −µ
(j−1)
i | the magnitude of the change

in the mean of arm i ∈ [K] from epoch Ej−1 to the

next one, Ej . By convention, E0 = ∅ and δ
(0)
i = ∞ for

every i ∈ [K]. In Appendix B, we review the literature
on PS MABs.

Piecewise Non-stationary Heavy-Tailed Ban-
dits. The general definition of piecewise non-
stationary MABs allows for any family of reward-
generating distributions, including heavy-tailed ones.
In this work, we deal with piecewise non-stationary
bandits where the reward-generating distributions sat-
isfy Equation (1). We call this setting the heavy-tailed
piecewise-stationary setting (HTPS MAB, for short).

Definition 2.3 (Heavy-Tailed Piecewise-Stationary

Bandits). Let ({ν(j)}j∈[Υ], {t
(j)
c }j∈[Υ]) be a PS bandit.

If ν(j) ∈ HK
(v,ϵ) for every j ∈ [Υ], we call it a heavy-

tailed piecewise-stationary bandit (HTPS MAB, for
short). We denote the set of such HTPS MABs as
B(v,ϵ,Υ).

Definition 2.3 introduces the novel bandit setting, as
the intersection between HT and PS MABs. To the
best of the authors’ knowledge, this setting has not
been studied in previous literature.

2.2 Learning Goal

A policy is a (possibly randomized) map π(t) : Ft−1 7→
It that receives the filtration up to time t − 1 (com-
posed of past actions and rewards) and returns an
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action It ∈ [K] to play. We define ∆
(j)
i as the sub-

optimality gap of arm i ∈ [K] during epoch j ∈ [Υ],

i.e., ∆
(j)
i := |maxk∈[K] µ

(j)
k − µ

(j)
i | and Nπ

i,j(t) as the
number of times action i has been chosen during epoch
j by policy π up to time t ∈ [T ]. The goal of a learner is
to minimize the expected cumulative regret E[Rπ(T )],
i.e., the cumulative performance gap w.r.t. to the best
policy over a learning horizon.

Definition 2.4 (Expected Cumulative Regret). Given
a policy π, we define the expected cumulative regret
of π as:

E[Rπ(T )] =
∑
j∈[Υ]

∑
i∈[K]

∆
(j)
i E[Nπ

i,j(T )],

where the expectation accounts for both the random-
ness of reward generation and policy π.

This performance index is also called dynamic regret
and is the standard choice for PS MABs. The opti-
mal policy corresponds to choosing the best action in

every epoch j ∈ [Υ], i.e., i∗j ∈ argmaxi∈[K] µ
(j)
k . We

also define some quantities that govern the statistical

complexity of the instance. δmin := mini∈[K],j∈[Υ] δ
(j)
i

is the minimum change between any two break-

points, ∆
(j)
min := min

i∈[K],∆
(j)
i >0

∆
(j)
i and ∆

(j)
max :=

maxi∈[K] ∆
(j)
i are the minimum and maximum sub-

optimality gap during an epoch j ∈ [Υ], respectively.

Intuitively, the smaller δ
(j)
min is, the more difficult it is

to detect breakpoints, and the smaller ∆
(j)
min is, the

more difficult it is to distinguish the best action. On
the other hand, the larger these quantities are, the
larger the regret potentially incurred with an error.
When (j) is omitted, we refer to the quantity mini-
mized/maximized over all epochs.

2.3 Lower Bound

In this section, we provide a lower bound to the ex-
pected cumulative regret that any policy π must incur
in an HTPS bandit.

Theorem 2.5 (Regret Lower Bound for the HTPS
Bandit Problem). For any fixed policy π, we have

sup
ν∈B(v,ϵ,Υ)

Eν [R
π(T )] ≥ 1

25
(KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ . (2)

Results of this type are known as minimax lower
bounds. Indeed, the result states that, for every pol-
icy, there exists at least one instance in which the ex-
pected regret grows at a certain rate. The bound is
consistent with the known lower bounds for the HT
and PS MAB problems. Indeed, in HT MABs ev-
ery policy has its expected regret lower bounded by

Ω(K
ϵ

1+ϵT
1

1+ϵ ) (Bubeck et al., 2013), while in PS MABs
the lower bound is Ω(

√
KΥT ) (Garivier and Moulines,

2011). Thus, Equation (2) is a natural combination
of these two results that can be recovered by either
setting Υ = 1 or ϵ = 1, respectively. We refer to Ap-
pendix A for the proof.

3 TECHNICAL PRELIMINARIES

In this section, we introduce the technical tools we
employ in our proposed solution. First, we discuss
the mean estimation for HT random variables and de-
scribe the Catoni estimator. Then, we formalize the
change-point detection (CPD) problem and discuss a
technique based on confidence sequences.

3.1 Mean Estimation for Heavy-Tailed
Random Variables with Catoni Estimator

Mean estimation for HT variables can be quite a deli-
cate task. Empirical mean has been proven to achieve
sub-optimal concentration (Bubeck et al., 2013). How-
ever, alternative estimators enjoying optimal rates
have been proposed. We focus on the Catoni estimator
(Catoni, 2012), defined using a Catoni-type influence
function ϕϵ : R → R. The Catoni estimator µ̂c for a
sequence of variables {Xi}ni=1 is the solution of:

n∑
i=1

ϕϵ(λi(Xi − µ̂c)) = 0, (3)

where ϕϵ(x) = log
(
1 + |x|+ |x|1+ϵ

1+ϵ

)
, and {λi}ni=1 is a

predictable process. Remarkably, for a proper choice
of {λi}ni=1, this estimator enjoys an optimal concen-

tration of order O
((

v
1
ϵ log(δ−1)

n

) ϵ
1+ϵ
)
with probability

1− δ (Bhatt et al., 2022).

3.2 Confidence Sequences and Change Point
Detection

The PS MAB is often addressed by resorting to
change-point detection (CPD) strategies, e.g., CUSUM-
UCB (Liu et al., 2018). The idea is to actively adapt to
environmental changes and tackle the problem as a se-
quence of stationary MABs. These strategies are often
restricted to subgaussian rewards and do not scale on
heavy-tailed variables. We propose an alternative ap-
proach to tackle this family of problems using a CPD
strategy based on confidence sequences.

Confidence Sequences. Suppose {Xt}t∈N ∼ P for
some P ∈ Pµ where Pµ is the set of distributions
on
∏

t∈N R such that E[Xt|Ft−1] = µ for each t ∈ N,
where Ft−1 is the filtration. A confidence sequence
(CS) for the mean is a sequence of confidence intervals
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{CIt}t∈N holding at arbitrary data-dependent stopping
times. Formally:

P(∀t ∈ N+ : µ ∈ CIt) ≥ 1− γ. (4)

The random intervals {CIt}t∈N+ that satisfy prop-
erty (4) are called (1 − γ)-CS, where 1 − γ is the
confidence level. For a CS defined on R, we for-
mally introduce its width after t samples defined as
w(t, P, γ) := supµ1,µ2∈CIt |µ1 − µ2| ≤ w(t, P, γ), for all
P ∈ Pµ and γ ∈ (0, 1].

Change-Point Detection. Consider a data-
generating process composed of infinitely-countable
distributions {Pt}t∈N and let tc ≥ 1 be an unknown
breakpoint, i.e., Pt = Q0 for every t ≤ tc and Pt = Q1

for every t > tc. The goal of a CPD algorithm is to
detect, as soon as possible after tc, that a change in
the data-generating distribution happened. In other
words, given the (stochastic) stopping time τ ∈ N
in which the CPD system detects a change, the ob-
jective is to minimize the detection delay Etc [τ − tc],
where the expectation Etc is taken over an environ-
ment having a change-point after tc rounds. A trivial
CPD system yielding a signal at every round would
minimize this quantity. On the other hand, we also
desire to reduce the false alarm rate (FAR), i.e., the
probability that a signal is produced when no change
happens. This translates into minimizing P∞(τ < ∞),
where P∞ is the probability measure of the environ-
ment where there is no change-point. Moreover, the
average run length (ARL), defined as E∞[τ ], repre-
sents the expected number of rounds before a change
is erroneously detected. However, when ARL is too
large (e.g., the trivial CPD that never yields a signal),
the system is too conservative, impacting the detec-
tion delay. This highlights a crucial trade-off between
detection delay and ARL. Recent literature (Shekhar
and Ramdas, 2023a,b) sheds light on the possibility of
reducing CPD to a sequential estimation, i.e., produc-
ing sequential testing via confidence sequences. We
focus on the repeated-FCS-detector framework, in-
troduced in Shekhar and Ramdas (2023b). repeated-
FCS-detector is a meta-algorithm that requires a CS
computation strategy as a black-box tool, defined as:

Definition 3.1 (repeated-FCS-detector, Shekhar
and Ramdas (2023b)). Let {Xt}t∈N be a sequence of
observations. At every round t, we receive a new sam-
ple Xt and initialize a new (1 − γ)-CS for the mean

CS(t) := {CI(t)n }n≥t, formed using samples Xt, Xt+1,
Xt+2, and onwards. Moreover, we update all previ-
ously initialized CS {CI(i)}i<t using Xt. We define
the stopping time, τ , as the first time at which the
intersection of all initialized CS becomes empty, i.e.,
τ = inft∈N{

⋂t
n=0 CS

(n) = ∅}.

Provided an oracle capable of computing a (1 − γ)-

CS at every round, this strategy is distribution agnos-
tic, as it requires no additional information about the
data-generating distribution nor the change point. In
Shekhar and Ramdas (2023b), theoretical guarantees
on both the ARL and the detection delay of repeated-
FCS-detector are provided in terms of the width of
the (1−γ)-CS provided to the detector. We now report
the theoretical guarantees.

Theorem 3.2 (Guarantees of repeated-FCS-detec-
tor, Shekhar and Ramdas (2023b)). Consider a CPD
problem with observations {Xt}t∈N i.i.d. from Q0∈
Pµ0 for t≤tc and from Q1∈Pµ1 for t>tc. Let δ :=|µ1−
µ0|. Suppose we construct (1−γ)-confidence sequences
with pointwise width w(t,Q0,γ) and w(t,Q1,γ) for pre-
and post-change mean, respectively. Then, we have:
(i) When there is no changepoint, the repeated-

FCS-detector satisfies E∞[τ ]≥ 1
γ ; (ii) Suppose tc<

∞ and large enough to ensure that w(tc,µ0,γ)<

δ. Define the event E :={µ0∈
⋂tc

t=1CI
(1)
t }, and note

that P(E)≥1−γ by construction. Then, for γ∈
(0,0.5), we have Etc [(τ−tc)

+|E ]≤ 3u0(µ0,µ1,tc)
1−γ , where

u0(µ0,µ1,tc):=minn∈N{w(n,µ1,γ)+w(tc,µ0,γ)<δ}.

Point (i) provides a lower bound on the ARL of
repeated-FCS-detector, while (ii) upper bounds the
expected detection delay. While ARL only depends
on the desired confidence level, the detection delay de-
pends on the width of the CSs. Indeed, the width of
the CS must decrease fast enough to make the change
detectable. This assumption is standard in CPD, as
enough samples before the change are needed to model
the null hypothesis correctly.

4 ROBUST REGRET
MINIMIZATION IN
PIECEWISE-STATIONARY
HEAVY-TAILED BANDITS

In this section, we describe our strategy for regret min-
imization in HTPS MABs. We start by providing a
CPD strategy suited for heavy-tailed random variables
together with its theoretical guarantees. Then, we
leverage it to build a meta-algorithm named Robust-

CPD-UCB, which uses a regret minimizer for the sta-
tionary setting and the CPD strategy to tackle non-
stationarity.

4.1 Catoni-FCS-detector

We start by introducing a novel CPD strategy for
HT random variables, which we name Catoni-FCS-

detector, based on a repeated-FCS-detector us-
ing a special type of CS. We can define Catoni-FCS-

detector as a special instantiation of repeated-FCS-
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detector.

Definition 4.1 (Catoni-FCS-detector). An in-
stance of repeated-FCS-detector is a Catoni-FCS-

detector if the (1− γ)-CS {CIϕt }t∈N is defined as:

CIϕt =

{
m ∈ R : −

v
∑t

i=1 λ
1+ϵ
i

2
− log

(
2

γ

)
(5)

≤
t∑

i=1

ϕϵ(λi(Xi −m)) ≤
v
∑t

i=1 λ
1+ϵ
i

2
+ log

(
2

γ

)}
,

where ϕϵ is the Catoni-type influence function (Equa-
tion 3).

From now on, we call Catoni CS the confidence se-
quence defined as in Equation (5). Catoni CS have
been introduced for the first time in Wang and Ram-
das (2023). While a Catoni CS does not admit a triv-
ial closed-form representation, it can be proven (see
Appendix A) that Equation (5) represents a proper
(1 − γ)-CS for the mean, attaining an optimal width
(Bhatt et al., 2022). To use Catoni-FCS-detector in
a bandit problem, however, we need specific types of
guarantees, different than the ones provided for the
general repeated-FCS-detector framework. We now
provide two novel contributions of independent inter-
est. First, we show how the width of the Catoni CS
can be narrowed further w.r.t. to the one presented in
previous works in the case of infinite variance. Second,
we provide a finite-time bound on the detection delay
of Catoni-FCS-detector, a crucial property for using
a CPD in a bandit.

Proposition 4.2 (Detection Delay of Catoni-FC-

S-detector). Consider a CPD problem with obser-
vations {Xt}t∈N drawn i.i.d. from Q0 ∈ Hϵ,v ∩ Pµ0

for t ≤ tc and from Q1 ∈ Hϵ,v ∩ Pµ1 for t > tc. Let
δ := |µ1 − µ0|. Suppose that there exists a known up-
per bound T of the change point (tc ≤ T ). Let nmin :=

68 log(T
1+ϵ
ϵ ) and suppose tc ≥ nmin large enough s.t.

w(tc, Q0, γ) ≤ δ
2 . Set γ = 2

T 3 . Then, there exists a pre-
dictable sequence {λi}Ti=1 s.t. Catoni-FCS-detector

enjoys (i) Ptc

(
(τ − tc)

+ ≤ O
(
v

1
ϵ
log(T )

δ
1+ϵ
ϵ

))
≥ 1 − 14

T

and (ii) Ptc (τ < tc) ≤ 14
T .

We point out the importance of this specialized re-
sult. Since the guarantees of Theorem 3.2 are very
general, this result is aimed at providing a finite-
time, high-probability bound on the detection delay
when using Catoni CS. In particular, we make the
term u0(µ0, µ1, tc) from Theorem 3.2 explicit by us-
ing the properties of Catoni CS. Due to space reasons,
the proof is postponed to Appendix A. Note that the
rate of this detection delay cannot be improved as the
lower bound for the detection delay of any distribution
change is Ω(log(γ−1)) (Lorden, 1971), where γ the con-
fidence parameter that we set to O(1/T ). Moreover,

Algorithm 1: Robust-CPD-UCB

Input : Number of actions K, time horizon T ,
uniform exploration η, a policy πs.

1 Initialize t← 0, t′ ← 0, Ni,t ← 0 ∀i ∈ [K].

2 Set γ ← 2
T3 .

3 for t ∈ [T ] do
4 if t′ mod ⌊K/η⌋ ≤ K then
5 Select and play It ← t′ mod ⌊K/η⌋.
6 end
7 else
8 Update πs with the history of the last t′

rounds.
9 Select and play It according to πs.

10 end
11 Receive Xt and update NIt,t ← NIt,t + 1 and

t′ ← t′ + 1.
12 if NIt,t ≥ nmin then

13 Start a new (1− γ)-CS CS
(t′)
It

for action

It, according to Equation (5).

14 if ∃a, b ∈ [t′] : CS
(a)
It
∩ CS

(b)
It

= ∅ then
15 Reset t′ ← 0, Ni,t ← 0 ∀i ∈ [K].
16 Remove all initialized CS.
17 end
18 end
19 end

the dependencies on δ, ϵ and v may also be tight, as
they embed the log-likelihood ratio of the test for the
means of heavy-tailed random variables. We leave the
answer to this question for further investigations. We
conclude this section with two important remarks.

Remark 4.3 (Comparison with Existing CPDs).
Catoni-FCS-detector is, to the best of authors’
knowledge, the first CPD strategy for the mean of HT
random variables with infinite variance enjoying such
guarantees. Thus, we consider our analysis an inter-
esting standalone contribution. In bandit literature,
however, many CPD strategies have been employed,
(e.g., CUSUM (Liu et al., 2018) and GLR Test (Besson
et al., 2022)). However, they do not cover the HT sce-
nario and often rely on strong parametric assumptions
on the sample-generating distribution, e.g., only work-
ing on Bernoulli variables.

Remark 4.4 (On the a priori knowledge of Catoni-FC-
S-detector). Catoni-FCS-detector does not rely, in
principle, on any prior knowledge of the magnitude of
the change or on the means. The confidence param-
eter γ is set based on the time horizon T , which is
standard in MABs. Moreover, the sequence {λi}ti=1

can be set in advance for every t ∈ [T ], only relying on
the knowledge of T .

4.2 Robust-CPD-UCB

In this section, we present Robust-CPD-UCB (R-CPD-
UCB, Algorithm 1), an algorithm for PS HT bandits
that adapts to environmental changes. It consists of
three parts: (1) a sub-algorithm suited for the sta-
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tionary HT MAB problem, that aims to minimize the
regret in the stationary segments, we call this policy
πs; (2) the Catoni-FCS-detector strategy for CPD;
and (3) a cyclic uniform exploration that ensures the
availability of enough samples for every action to per-
form the CPD test. Algorithm 1 proceeds as follows:
every ⌊K/η⌋ rounds, it tries all the actions once (lines
4-5), which ensures that CPD can happen efficiently
even when underrepresented actions in the history are
the only ones changing. In the other rounds, a ban-
dit sub-routine (e.g., Robust-UCB) plays according to
all the history since the last reset (lines 8-9); once the
new reward is obtained, it is fed to the Catoni-FCS-

detector that verifies if a change occurred (lines 12-
14), in this case, everything is reset (line 15-16).

Remark 4.5. (Connection to Monitored-UCB from Cao
et al. (2019)) Robust-CPD-UCB borrows the idea of
cyclic uniform exploration from the Monitored-UCB

(Cao et al., 2019). Like most of the algorithms for
the PS setting, ours shares the usage of a stationary
bandit sub-routine. However, a crucial difference lies
in the type of CPD strategy employed. Monitored-

UCB leverages a sliding-window type of CPD strategy
that checks if the average of the first half of the slid-
ing window is significantly different from that of the
second half. This type of CPD strategy requires two
hyperparameters, the window size and the threshold,
respectively. Tuning these parameters may be diffi-
cult, even though, in practice, the algorithm works
well even under misspecification. Finally, Monitored-
UCB only deals with rewards bounded in [0, 1], while
Robust-CPD-UCB deals with HT rewards.

Remark 4.6. (Priori Knowledge of R-CPD-UCB) Algo-
rithm 1 receives as inputs the time horizon T , the uni-
form exploration coefficient η, and a regret minimizer
for the stationary setting πs only. Assuming that it
is possible to choose a regret minimizer that does not
require additional parameters other than T (which is,
as we will show in the next section, rather natural),
then the only knowledge that R-CPD-UCB requires on
the environment is the time horizon T . In practice,
this property ensures that no tuning must happen.

4.3 Theoretical Guarantees of Robust-CPD-UCB

As customary in the literature of PS MABs, we in-
troduce a technical assumption regarding the length
of any epoch, ensuring that exploration is frequent
enough to detect for every action.

Assumption 4.7. For every epoch j ∈ [Υ], let

δ̃
(j)
min := min{δ(j−1)

min , δ
(j)
min}, and let |Ej | be its length

and Lj := 6(236)
1+ϵ
ϵ v

1
ϵ

log
(
log

(
1/δ̃

(j)
min

))
+log(T )

(δ̃
(j)
min)

1+ϵ
ϵ

. Let

nmin := 68 log(T
1+ϵ
ϵ ). Then, the learner can se-

lect η such that, for every j ∈ [Υ], it holds that

|Ej | ≥ 2nmin + 2 ⌈LjK/η⌉.

This ensures that proper learning can be performed
in such an environment Indeed, we enforce that every
epoch j ∈ [Υ] is large enough so that, due to the forced
exploration only, the algorithm chooses every action at
least Lj times. This kind of assumption is ubiquitous
in the piecewise-stationary bandits literature. Notable
examples include Assumptions 4 and 7 in Besson et al.
(2022), Assumptions 1 and 2 in Cao et al. (2019) and
Assumption 1 in Liu et al. (2018). Some are equivalent
to ours, while others are neither weaker nor stronger.
Alternative assumptions, such as the monotonicity of
the mean change, also allow for theoretical tractability,
e.g., Assumption 1 in Seznec et al. (2020), which forces
expected rewards to evolve in a decreasing manner.
Note that Algorithm 1 can operate regardless of this
assumption, as shown in Section 5. We are now ready
to present our main result.

Theorem 4.8 (Regret Upper Bound of R-CPD-UCB).
Under Assumption 4.7, R-CPD-UCB suffers an expected
cumulative regret bounded as:

E[RπR-CPD-UCB

(T )]≤O

(
v

1
ϵ

Υ∑
j=1

log(T )(
δ̃
(j)
min

) 1+ϵ
ϵ

⌈
K

η

⌉
∆(j)

max

︸ ︷︷ ︸
(A) Detection Delay Contribution

+

+

Υ∑
j=1

E[Rπs(|Ej |)]︸ ︷︷ ︸
(B) Stationary Policy Regret

+ η

Υ∑
j=1

|Ej |∆(j)
max︸ ︷︷ ︸

(C) Uniform Exploration

)
. (6)

The regret can be decomposed into three contributions
due to: the detection delay (part (A)), the regret-
per-epoch of the stationary policy (part (B)), and the
rounds of uniform exploration (part (C)).

Uniform Exploration Trade-off. The uniform ex-
ploration parameter η appears in both (A) and (C).
Setting aside part (B), it is clear that η creates a trade-
off between these two: the larger η is, the quicker the
algorithm can detect a change, and the smaller is (A);
on the other hand, excessive uniform exploration in-
flates the regret of R-CPD-UCB and the contribution
from (C). Finding the optimal value for η would re-
quire extensive prior knowledge, which is, in general,
not available. A good trade-off is to set η =

√
Υ/T ,

which impose both (A) and (C) to be Õ(
√
ΥT ). How-

ever, it is possible to define a forced exploration strat-
egy that does not require any knowledge of Υ, making
the algorithm more versatile while keeping the same
order of performance. In particular, we leverage the
methodology developed in Besson et al. (2022) and
obtain the following result.

Corollary 4.9. Let {ηj}j∈N where ηj =
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η0
√
jK log(T )/T for some η0 > 0 be an increas-

ing sequence. R-CPD-UCB using ηj+1 after the j-th
detection satisfies:

(A) ≤
v

1
ϵ

√
KΥT log(T )

η0δmin

1+ϵ
ϵ

∆max, (7)

(C) ≤ η0
√

K(Υ + 1)T log(T )∆max. (8)

Note that, if δmin is known, setting η0 = δ
− 1+ϵ

2ϵ
min can

further reduce the regret bound.

Choosing πs. The choice of the inner regret mini-
mizer πs determines the magnitude of part (B). The
best choice is to select a policy that has a regret
upper bound matching the known lower bound of

Ω(K
ϵ

1+ϵT
1

1+ϵ ). We can instantiate R-CPD-UCB using
the Robust UCB policy with median-of-means estima-
tor from (Bubeck et al., 2013, Section 2.2). As a result,
we get the following bounds.

Corollary 4.10. Let πs be the Robust UCB policy with
median-of-means estimator (Bubeck et al., 2013, Sec-
tion 2.2). Under Assumption 4.7, R-CPD-UCB suffers
an expected cumulative regret bounded as:

E[RπR-CPD-UCB

(T )] ≤

O

(
(A) +

Υ∑
j=1

∑
i:∆

(j)
i >0

v
1
ϵ log (|Ej |)(
∆

(j)
i

) 1
ϵ︸ ︷︷ ︸

(B1) Robust UCB Regret
(Instance Dependent)

+(C)

)
. (9)

Moreover, if log(|Ej |) ≥ 5(∆(j)
max)

1+ϵ
ϵ

2v
1
ϵ

for every j ∈ [Υ],

we have

E[RπR-CPD-UCB

(T )] ≤ Õ

(
(A)+ (KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ︸ ︷︷ ︸

(B2) Robust UCB Regret
(Instance Independent)

+(C)

)
.

(10)

Equation (9) is a direct consequence of Theorem 4.8
and Theorem 3 of Bubeck et al. (2013). Equa-
tion (10) follows from Theorem 4.8, Proposition 1 of
Bubeck et al. (2013), and Jensen’s inequality. Robust
UCB enjoys both instance-dependent and instance-
independent guarantees: part (B1) depends on the

sub-optimality gaps ∆
(j)
i and the individual lengths

of the epochs, while part (B2) does not, as it accounts
for a worst-case scenario of the sub-optimality gaps.
We can now combine all and get the following.

Corollary 4.11. Let πs be the Robust UCB pol-
icy with median-of-means estimator from (Bubeck
et al., 2013, Section 2.2). Let {ηj}j∈N where ηj =

η0
√

jK log(T )/T for some η0 > 0. Under Assump-
tion 4.7, R-CPD-UCB using ηj+1 after the j-th detection
suffers an expected cumulative regret bounded as:

E[RπR-CPD-UCB

(T )]≤

O

(
v

1
ϵ

√
KΥT log(T )

η0δmin

1+ϵ
ϵ

∆max+
KΥv

1
ϵ log(T/Υ)

∆
1
ϵ
min

)
. (11)

Moreover, if log(|Ej |) ≥ 3(∆
(j)
max)

1+ϵ
ϵ v−

1
ϵ for every

j ∈ [Υ], and δ
1+ϵ
ϵ

min ≥ v
1

ϵ(1+ϵ) (ΥK/T )
1−ϵ

2(1+ϵ)
√
log(T ), we

have

E[RπR-CPD-UCB

(T )] ≤ Õ
(∣∣∣∣∣(KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ

)
. (12)

Equation (11) depends on both the minimum mean
change δmin, and the extreme sub-optimality gaps
∆min and ∆max, along the whole trial. We consider
this bound an instance-dependent guarantee over the
performance of R-CPD-UCB. Equation (12), instead,
does not contain any of these quantities. The second
assumption fundamentally states that δmin can be as-
sumed to be a constant w.r.t. the other quantities,
in particular T . In this case, an instance-independent
bound can be obtained. Equation (12) matches, up to
constants, the lower bound presented in Theorem 2.5.
Thus, the performance guarantees of R-CPD-UCB are
nearly-optimal w.r.t. T , Υ, v, and K

5 NUMERICAL EVALUATION

We now provide a numerical evaluation of Robust-

CPD-UCB (πs chosen as Robust UCB with median-of-
means estimator). We refer to Appendix C for addi-
tional details and experimental campaigns.

5.1 Casting Real-World Data to HTPS
MABs

We model a real-world scenario as an HTPS MAB and
use a real dataset to build an instance on which R-CPD-

UCB is tested.
Setting. We study profit maximization in financial
trading, where data are heavy-tailed (Panahi, 2016).
A natural application is selecting the most profitable
cryptocurrency among K options: each day, an in-
vestor invests in the currency with the highest closing
price. This problem has been explored in HTMABs by
Yu et al. (2018); Lee and Lim (2022). We use the same
dataset (Kaggle link) as Lee and Lim (2022). Figure
1 shows closing prices of four top-10 cryptocurrencies
with a piecewise-constant fit minimizing squared error.
Two observations follow: (i) this fit outperforms any
constant approximation (where rewards were assumed
stationary in previous HT MAB works); (ii) strong

https://www.kaggle.com/datasets/sudalairajkumar/cryptocurrencypricehistory?select=coin_Ethereum.csv
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Figure 1: Rescaled closing prices of four selected cryptocurrencies (blue) with a piecewise-constant approximation
(red). Each time step is a day starting in April 2016. Source: Kaggle Dataset.
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Figure 2: Cumulative regrets on
HTPS built from cryptocurrency
dataset. 20 trials, mean ± std.
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(b) Pareto rewards.

Figure 3: Cumulative regrets. 20 trials, mean ± std.

fluctuations yield high errors in certain segments. Fol-
lowing Panahi (2016), we model each segment with
a Pareto distribution centered on the segment mean,
with ϵ < 1 and v = 3. Thus, cryptocurrency profit
maximization is an HTPS MAB. From the piecewise-
constant fit, we construct an HTPS MAB environ-
ment and test R-CPD-UCB against Sliding Window

UCB (Garivier and Moulines, 2011) and MR-APE (Lee
and Lim, 2022), the latter already evaluated on this
dataset under stationarity.
Results. Figure 2 reports cumulative regrets averaged
over 20 trials (rescaled x-axis). R-CPD-UCB outper-
forms both, being the only algorithm handling heavy-
tailedness and non-stationarity.

5.2 Regret Minimization in Highly
Non-Stationary Environments

We now evaluate R-CPD-UCB in highly dynamic scenar-
ios with closely spaced changes.
Setting. We compare R-CPD-UCB with two baselines,
Monitored UCB (Cao et al., 2019) and Sliding Win-

dow UCB (Garivier and Moulines, 2011), on two PS
MABs: Gaussian rewards with σ = 1 and Pareto re-
wards with ϵ < 1

2 . In both cases, K = 3, T = 1500,
and Υ = 6. We set δmin = 0, so some actions may
not change after a change point, but at least one arm

always does, with the optimal arm switching at least
four times. These instances violate Assumption 4.7.
Results. Figure 5 shows cumulative regrets. In both
settings, R-CPD-UCB achieves lower regret than com-
petitors, with smaller uncertainty and more stable per-
formance, especially with infinite variance (Figure 5b).
Remarkably, R-CPD-UCB also outperforms both base-
lines on Gaussian rewards, due to frequent, closely
spaced change points where median-of-means stabi-
lizes learning in data-scarce regimes. Although As-
sumption 4.7 is violated, R-CPD-UCB (and Monitored

UCB) still perform well, confirming observations from
Cao et al. (2019) that this assumption is not restrictive
in practice.

6 CONCLUSIONS

We presented the first study of regret minimization in
heavy-tailed piecewise-stationary bandits, establishing
a lower bound and proposing Robust-CPD-UCB, whose
regret nearly matches it. Leveraging recent advances
in change-point detection, we introduced Catoni-FCS-

detector, a strategy for distributions with infinite
variance. Numerical experiments show that R-CPD-

UCB outperforms baselines from the literature. A fu-
ture direction is to study HTPS MABs when v and ϵ
are unknown (Genalti and Metelli, 2025).

https://www.kaggle.com/datasets/sudalairajkumar/cryptocurrencypricehistory?select=coin_Ethereum.csv
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Appendix

A Proofs

Theorem 2.5 (Regret Lower Bound for the HTPS Bandit Problem). For any fixed policy π, we have

sup
ν∈B(v,ϵ,Υ)

Eν [R
π(T )] ≥ 1

25
(KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ . (2)

Proof. The proof of this theorem combines techniques from Lemma 5 of Seznec et al. (2020), Theorem 4 of
Genalti et al. (2024a), and Theorem 6 from Garivier et al. (2019).

Consider the following prototype of reward distribution, defined for y ∈ (0, 1) and ∆ ∈ (0, 1):

ρy =
(
1− v−

1
ϵ y

1+ϵ
ϵ

)
δ0 +

(
v−

1
ϵ y

1+ϵ
ϵ

)
δ
v

1
ϵ ∆− 1

ϵ
.

It is easy to verify that ρy ∈ H(1,ϵ) for every y ∈ [0,∆].

Consider a set of of instances belonging to B(v,ϵ,Υ) indexed by a vector i∗ ∈ [K]Υ in a way that, for every j ∈ [Υ]
and every t ∈ Ej , we have

ν
(j)
i =

{
ρ
2

ϵ
1+ϵ ∆

, if i = i∗j
ρ∆, if i ̸= i∗j

.

It follows that µ
(j)
i∗j

− µ
(j)
i = ∆ for every j ∈ [Υ] and i ̸= i∗j . Let |Ej | = T

Υ for every j ∈ [Υ], assuming w.l.o.g.

that T is divisible by Υ. Thus, all epochs are of the same length. For every fixed policy π, we write the average
expected regret among the instances indexed by i∗:

1

KΥ

∑
i∗∈[K]Υ

Ei∗ [R
π(T )] =

1

KΥ

∑
i∗∈[K]Υ

Υ∑
j=1

∆Ei∗

[
|Ej | −N

(j)
i∗j

]

= ∆

T − 1

KΥ

∑
i∗∈[K]Υ

Υ∑
j=1

Ei∗

[
N

(j)
i∗j

]
= ∆

T −
Υ∑

j=1

1

KΥ−1

∑
i∗−j∈[K]Υ−1

1

K

K∑
i=1

E(i∗−j ,i)

[
N

(j)
i

] , (13)

where i∗−j equals to i∗ where the j-th coordinate is set to 0 and (i∗−j , i) equals to i∗ where the j-th coordinate
is set to i, for i ∈ [K].

Let DKL(P,Q) be the Kullback-Leibler divergence between P and Q, then we have:

DKL

(
ρ
2

ϵ
1+ϵ ∆

, ρ∆

)
=
(
1− 2v−

1
ϵ∆

1+ϵ
ϵ

)
log

(
1− 2v−

1
ϵ∆

1+ϵ
ϵ

1− v−
1
ϵ∆

1+ϵ
ϵ

)
+ 2v−

1
ϵ∆

1+ϵ
ϵ log

(
2v−

1
ϵ∆

1+ϵ
ϵ

v−
1
ϵ∆

1+ϵ
ϵ

)
≤ 2v−

1
ϵ∆

1+ϵ
ϵ log (2) ,

where the inequality follows by upper bounding the first addendum with 0. Using Pinsker Inequality and the
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previous bound on the KL divergence, for every j ∈ [Υ], we get

2

(
1

K

K∑
i=1

E(i∗−j ,i)

[
N

(j)
i

|Ej |

]
− 1

K

K∑
i=1

E(i∗−j ,0)

[
N

(j)
i

|Ej |

])2

≤ DKL

(
P(i∗−j ,i)

,P(i∗−j ,0)

)
≤ 1

K

K∑
i=1

E(i∗−j ,i)

[
N

(j)
i

]
DKL

(
ρ
2

ϵ
1+ϵ ∆

, ρ∆

)
≤ log(2)

2K
|Ej |v−

1
ϵ∆

1+ϵ
ϵ ,

that implies

1

K

K∑
i=1

E(i∗−j ,i)

[
N

(j)
i

]
≤ |Ej |

K
+

√
log(2)

2K
|Ej |

3
2 v−

1
2ϵ∆

1+ϵ
2ϵ . (14)

Combining Equation (13) and Equation (14), we get

1

KΥ

∑
i∗∈[K]Υ

Ei∗ [R
π(T )] ≥

(
T

2
−

Υ∑
k=1

√
log(2)

2K
|Ej |

3
2 v−

1
2ϵ∆

1+ϵ
2ϵ

)
∆

≥ 1

2

(
2 log(2)

16

) ϵ
1+ϵ

K
ϵ

1+ϵΥ
ϵ

1+ϵT
1

1+ϵ ,

by setting ∆ = v
1

1+ϵ

(
2 log(2)KΥ

16T

) ϵ
1+ϵ

.

Remark A.1. In the proof of Theorem 2.5, we do not impose any condition on T . Moreover, the length of every
epoch is equal to T/Υ. This means that in principle one can choose a large enough T , i.e., T ≥ 2Υ⌈Lj

K
η ⌉, such

that Assumption 4.7 holds. This proves that our assumption does not make the problem easier from a regret
minimization perspective.

Proposition 4.2 (Detection Delay of Catoni-FCS-detector). Consider a CPD problem with observations
{Xt}t∈N drawn i.i.d. from Q0 ∈ Hϵ,v ∩ Pµ0 for t ≤ tc and from Q1 ∈ Hϵ,v ∩ Pµ1 for t > tc. Let δ := |µ1 − µ0|.
Suppose that there exists a known upper bound T of the change point (tc ≤ T ). Let nmin := 68 log(T

1+ϵ
ϵ ) and

suppose tc ≥ nmin large enough s.t. w(tc, Q0, γ) ≤ δ
2 . Set γ = 2

T 3 . Then, there exists a predictable sequence

{λi}Ti=1 s.t. Catoni-FCS-detector enjoys (i) Ptc

(
(τ − tc)

+ ≤ O
(
v

1
ϵ
log(T )

δ
1+ϵ
ϵ

))
≥ 1− 14

T and (ii) Ptc (τ < tc) ≤
14
T .

Proof. Due to its length, we divided this proof into several steps. In Steps 1-3 we extend Theorem 10 of Wang
and Ramdas (2023) to the case of heavy-tailed random variables. In Step 4 we apply the sticthing technique to
the resulting CS, tightening its width. Then, in Step 5 we define the CS hyper-parameters and define a set of
good events, under which we are able to properly bound the detection delay in Step 7. The proof is concluded
by showing that no false alarm occurs under the good event (Step 8).
Step 1 (Building a nonnegative supermartingale) First, we observe that

Mt :=

t∏
i=1

exp

{
ϕϵ(λi(Xi − µ))− λ1+ϵ

i

v

1 + ϵ

}
,

Nt :=

t∏
i=1

exp

{
−ϕϵ(λi(Xi − µ))− λ1+ϵ

i

v

1 + ϵ

}
,
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are nonnegative supermartingales. To prove this for Mt (all steps are analogous for Nt), we bound

E
[
exp

{
ϕϵ(λt(Xt − µ))− λt

v

1 + ϵ

} ∣∣∣∣Ft−1

]
≤

≤ E
[
1 + λt(Xt − µ) + λ1+ϵ

t

(Xt − µ)1+ϵ

1 + ϵ

∣∣∣∣Ft−1

]
exp

{
−λ1+ϵ

t

v

1 + ϵ

}
≤
(
1 + λ1+ϵ

t

v

1 + ϵ

)
exp

{
−λ1+ϵ

t

v

1 + ϵ

}
≤ 1,

and, subsequently,

E
[
Mt

∣∣∣∣Ft−1

]
= Mt−1E

[
exp

{
ϕϵ(λt(Xt − µ))− λ1+ϵ

t

v

1 + ϵ

} ∣∣∣∣Ft−1

]
≤ Mt−1.

Step 2 (Building a CS for ϕϵ) Then, we can leverage Ville’s inequality to construct a CS around ϕϵ(λ(X−µ)):

P
(
∃t ≥ 1 : Mt ≥

2

γ

)
≤ γ

2
,

which implies

P

(
∃t ≥ 1 :

t∑
i=1

ϕϵ(λi(Xi − µ)) ≥
v
∑t

i=1 λ
1+ϵ
i

1 + ϵ
+ log

(
2

γ

))
≤ γ

2
.

Analogous calculations for Nt and a union bound, yield a (1−γ)-CS where the intervals have the following form:

CIϕt =

{
m ∈ R : −

v
∑t

i=1 λ
1+ϵ
i

1 + ϵ
− log

(
2

γ

)
≤

t∑
i=1

ϕϵ(λi(Xi −m)) ≤
v
∑t

i=1 λ
1+ϵ
i

1 + ϵ
+ log

(
2

γ

)}
.

Step 3 (Bounding the width of the CS for µ) We are now required to provide a bound on the width of the
previously derived (1 − γ)-CS. To do so, we derive high-probability lower and upper bounds over the random
solution of ft(m) :=

∑t
i=1 ϕϵ(λi(Xi −m)) = 0. For all m ∈ R, let

Mt(m) = exp

{
ft(m)−

t∑
i=1

(
λi(µ−m) +

λ1+ϵ
i

1 + ϵ
(v + (µ−m)1+ϵ)

)}
,

then, with steps analogous to Step 1, we observe that Mt(m) is a nonnegative supermartingale. Note that
Mt(µ) = Mt, and an analogous definition leads to the nonnegative supermartingale Nt(m). We define:

B+
t (m) =

t∑
i=1

(
λi(µ−m) +

λ1+ϵ
i

1 + ϵ
(v + (µ−m)1+ϵ)

)
+ log

(
2

θ

)

B−
t (m) =

t∑
i=1

(
λi(µ−m)− λ1+ϵ

i

1 + ϵ
(v + (µ−m)1+ϵ)

)
− log

(
2

θ

)
,

and using Markov’s ineqality we get:

∀m ∈ R, P
(
ft(m) ≤ B+

t (m)
)
≥ 1− θ

2

∀m ∈ R, P
(
ft(m) ≥ B−

t (m)
)
≥ 1− θ

2
.

Since B+
t upper bounds ft(m) with probability at least 1− θ

2 , any m̃t s.t.

B+
t (m̃t) = −

t∑
i=1

vλ1+ϵ
i

1 + ϵ
− log

(
2

γ

)
= ft(max{CIϕt }) (15)
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also satisfies

P
(
ft(m̃t) ≤ ft(max{CIϕt }

)
≥ 1− θ

2
, (16)

where m̃t is a non-random quantity as it’s the solution to a deterministic equation. As ft(m) is a non-increasing
function of m, Equation (16) implies that:

P
(
m̃t ≤ max{CIϕt }

)
≥ 1− θ

2
.

Note that Equation (15) admits solutions if and only if

(
t∑

i=1

λ1+ϵ
i

) 1
ϵ
(

t∑
i=1

λi

)− 1+ϵ
ϵ
(

t∑
i=1

5λ1+ϵ
i

v

1 + ϵ
+ 2 log

(
2

γ

)
+ 2 log

(
2

θ

))
≤ ϵ

1 + ϵ
. (17)

Finally, we conclude this step by bounding

m̃t ≤ µ+

∑t
i=1 10vλ

1+ϵ
i + 2(1 + ϵ) log

(
2
γ

)
+ 2(1 + ϵ) log

(
2
θ

)
∑t

i=1 λi

,

which yields the upper CS on µ in the following form:

P

max{CIϕt } ≤ µ+

∑t
i=1 10vλ

1+ϵ
i + 2(1 + ϵ) log

(
2
γ

)
+ 2(1 + ϵ) log

(
2
θ

)
∑t

i=1 λi

 ≥ 1− θ

2
.

Repeating all the previous steps for B−
t (m), and by applying a union bound, yields a two-sided (1 − γ)-CS for

µ. The width w(t, µ, γ) = max{CIϕt } −min{CIϕt } of such CS concentrates as

P

w(t, µ, γ) ≤ 2

∑t
i=1 10vλ

1+ϵ
i + 2(1 + ϵ) log

(
2
γ

)
+ 2(1 + ϵ) log

(
2
θ

)
∑t

i=1 λi

 ≥ 1− θ. (18)

Step 4 (Stitching) We now discuss the choice of the sequence {λt}t≥1. The idea is to partition time in an
exponential grid, and then fix the same value of λt inside the same cell. Moreover, the confidence level is modified
and set to a cell-specific value γj . This idea, called stitching, first appeared in Howard et al. (2021). In particular,

set tj = ej , γj =
γ

(j+1)2 , and Λj =
(
log
(

2
γj

)
e−jv−1

) 1
1+ϵ

. Then, for every tj < t ≤ tj+1, we set λi = Λj for every

i ∈ [t]. Assume θ = γ
4 . For every tj < t ≤ tj+1, we have

∑t
i=1 10vλ

1+ϵ
i + 2(1 + ϵ) log

(
2
γj

)
+ 2(1 + ϵ) log

(
2
θ

)
∑t

i=1 λi

= v
1

1+ϵ

10tvΛ1+ϵ
j + 2(1 + ϵ) log

(
2
γj

)
+ 2(1 + ϵ) log

(
2
θ

)
tΛj

≤

≤ v
1

1+ϵ (1 + ϵ)

10v
1+ϵ tΛ

1+ϵ
j + 4 log

(
2
γj

)
tΛj

≤

≤ 34v
1

1+ϵ (1 + ϵ)

 log
(

2
γ

)
+ 2 log(log(e2t))

t


ϵ

1+ϵ

.

Noting that
∑∞

j=1 γj < γ, this yields a tight bound over the width of the (1− γ)-CS for µ.
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Step 5 (Good event characterization) As the width derived in the previous steps is not deterministic, we
now characterize a favorable event in which such bound hold simultaneously for all (1−γ)-CS. For any (1−γ)-CS
of length t, we have that

P

w(t, µ, γ) ≤ 68v
1

1+ϵ (1 + ϵ)

 log
(

2
γ

)
+ 2 log(log(e2t))

t


ϵ

1+ϵ
 ≥ 1− γ

4
.

Thus, considering a stream of T samples, the probability of this to be violated for at least one interval of the
(1− γ)-CS is bounded as

1− P(WT ) = P

∃t ≤ T : w(t, µ, γ) > 68v
1

1+ϵ (1 + ϵ)

 log
(

2
γ

)
+ 2 log(log(e2t))

t


ϵ

1+ϵ


≤
T∑

t=1

P

w(t, µ, γ) > 68v
1

1+ϵ (1 + ϵ)

 log
(

2
γ

)
+ 2 log(log(e2t))

t


ϵ

1+ϵ


≤ T
γ

4
.

The event WT , defined above, represents a good event in which the (1 − γ)-CS starting from t = 1 have the
widths of the single CIs deterministically bounded up until horizon T . Now, we note that if we have t different
(1−γ)-CS of lengths 1, . . . , t, we define W1:t :=

⋂t
i=1 Wi. This event describe the scenario in which all (1−γ)-CS

starting sequentially before t have the widths of all of their CIs bounded. Using another union bound argument,

we can see that P(W1:t) ≥ 1 − t(t+1)γ
8 . Finally, note that Wa:b ⊂ Wa′:b′ , for every a′ > a and b′ < b. Thus

P(Wa:b) ≥ 1 − T (T+1)γ
8 for every a, b ∈ [T ]. Characterizing this event is necessary since Catoni-FCS-detector

requires that CS widths well behave, i.e., they possess a deterministic upper bound.

We also introduce the event ET
t =

{
∀i ∈ {t, . . . , T},∀t′ ∈ {i, . . . , T} : µ ∈ CI

(i)
t′

}
, that represents the scenario in

which every (1− γ)-CS starting from a timestamp greater or equal than t never miscovers the true mean up to
time T . By the definition of (1 − γ)-CS, we have P(ET

t ) ≥ 1 − (T − t)γ. From now on, we continue by setting
γ = 2

T 3 .

Step 6 (Verifying condition (17)) For every t ∈ [T ], we use the previously defined values for {λi}ti=1, γ and

θ, and solve inequality (17). We obtain that it is satisfied for every t ≥ 68 log
(
T

1+ϵ
ϵ

)
= nmin, which is always

true under the theorem’s assumptions.

Step 7 (Bounding the detection delay) We are now ready to bound the detection delay of Catoni-FCS-
detector after a change of magnitude δ happened after tc samples. Note that we assume tc to be large enough
to satisfy Equation (17). To do so, we leverage the width of the (1− γ)-CS that has just been derived. Suppose,
without loss of generality, that a change point is detected after at most T overall samples. Thus, we work under
the events W1:T , Etc

1 , and ET
tc , defined in Step 5, which hold simultaneously with probability at least 1− 14

T , and
guarantee that the CS widths are always properly bounded and the pre-change mean µ0 and the post-change
mean µ1 are never miscovered. By assumption, tc is large enough to ensure

w(tc, µ0, γ) ≤ 68v
1

1+ϵ (1 + ϵ)

(
3 log (T ) + 2 log(log(e2tc))

tc

) ϵ
1+ϵ

≤ δ

2

and we have to find an n s.t.:

w(n, µ1, γ) ≤ 68v
1

1+ϵ (1 + ϵ)

(
3 log (T ) + 2 log(log(e2n))

n

) ϵ
1+ϵ

≤ δ

2
.

We first bound 2 log(log(e2n)) ≤ 3 log(log(n)), that holds under the trivial requirements that log(n) ≥ 2 and

T ≥ 2. Moreover, we define c̃ := 136(3)
ϵ

1+ϵ (v)
1

1+ϵ and δ̃ = δ
c̃ . Thus, we can find an upper bound on the expected
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detection delay n0 by solving the following:

n0 = min
n≥1

{(
log (T ) + log(log(n))

n

) ϵ
1+ϵ

≤ δ̃

}
.

If δ̃ ≥ 1, then n0 ≤ log(T ). Else, for δ̃ ≤ 1, we define

n1 = min
n≥1

{(
log(log(n))

n

) ϵ
1+ϵ

≤ δ̃

2

}
and n2 = min

n≥1

{(
log(T )

n

) ϵ
1+ϵ

≤ δ̃

2

}
,

and note that n0 ≤ n1 + n2. We can thus upper bound them separately. It is trivial to observe that

n2 = 2
1+ϵ
ϵ

log(T )

δ̃
1+ϵ
ϵ

= (2c̃)
1+ϵ
ϵ

log(T )

δ
1+ϵ
ϵ

.

Upper bounding n1 requires additional effort. We start by identifying a value n3 which satisfies(
log(log(n3))

n3

) ϵ
1+ϵ

≤ δ̃

2
.

Let n3 =
(

4

δ̃2

) 1+ϵ
ϵ

, and ỹ :=
(

δ̃
2

) 1+ϵ
ϵ ≤ 1, then

(
2

δ̃

(
log(log(n3))

n3

) ϵ
1+ϵ

) 1+ϵ
ϵ

=

(
2

δ̃

) 1+ϵ
ϵ
(
log(log(n3))

n3

)

=

(
δ̃

2

) 1+ϵ
ϵ

log

(
log

((
4

δ̃2

) 1+ϵ
ϵ

))

=

(
δ̃

2

) 1+ϵ
ϵ

log

(
log

((
2

δ̃

)2 1+ϵ
ϵ

))

= ỹ log

(
log

(
1

ỹ2

))
≤ 0.27 < 1.

Since n3 is an upper bound on the expected detection delay, we have

log(log(n1)) ≤ log(log(n3))

= log

(
log

((
4

δ̃2

) 1+ϵ
ϵ

))

= log

(
2
1 + ϵ

ϵ
log

(
2

δ̃

))
= log

(
2
1 + ϵ

ϵ

)
+ log

(
log

(
2c̃

δ

))
≤ log

(
2
1 + ϵ

ϵ

)
+ log(log(2c̃)) + log

(
log

(
1

δ

))
= log

(
2 log(2c̃)

1 + ϵ

ϵ

)
+ log

(
log

(
1

δ

))
.

As a consequence, we can rewrite:

(
log(log(n1))

n1

) ϵ
1+ϵ

≤

(
log
(
2 log(2c̃) 1+ϵ

ϵ

)
+ log

(
log
(
1
δ

))
n1

) ϵ
1+ϵ

,
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which immediately implies that

n1 ≤
(2c̃)

1+ϵ
ϵ log

(
2 log(2c̃) 1+ϵ

ϵ

)
+ (2c̃)

1+ϵ
ϵ log

(
log
(
1
δ

))
δ

1+ϵ
ϵ

.

Under the events defined above and that hold with probability at least 1− 14
T , the detection delay is bounded as

(τ − tc)
+ ≤ (2c̃)

1+ϵ
ϵ

log
(
2 log(2c̃) 1+ϵ

ϵ

)
+ log

(
log
(
1
δ

))
+ log(T )

δ
1+ϵ
ϵ

≤ 6(472)
1+ϵ
ϵ v

1
ϵ
log
(
log
(
1
δ

))
+ log(T )

δ
1+ϵ
ϵ

.

Step 8 (Bounding the probability of false alarm) The bound on the probability of false alarm is a trivial
consequence of the definition of event Etc

1 . Under this event, it is impossible by construction for the detector to
raise a false alarm, as all the CS always intersect at least on µ0. Thus, the probability of false alarm is bounded
by P

(
(Etc

1 )C
)
≤ 1

T .

Lemma A.2. Let GT :=
{
∀j ∈ [Υ] : τj ∈

{
t
(j)
c , . . . , t

(j)
c +

⌈
Lj

K
η

⌉}
and t

(Υ+1)
c > T

}
be the event in which R-

CPD-UCB restarts exactly Υ times without false alarms and excessive delays. Then, we have P
(
GC
T

)
≤ 15KΥ

T .

Proof. Note that, by construction of the algorithm, each action is sampled at least Lj times after
⌈
Lj

K
η

⌉
timesteps have passed since the last detection point. Thanks to Assumption 4.7, the length of every epoch is at

least 2
⌈
Lj

K
η

⌉
.

Let L(j) :=
{
∀m ≤ j : τm ∈

{
t
(m)
c , . . . , t

(m)
c +

⌈
Lm

K
η

⌉}}
be the event in which all detections happened without

false alarms and excessive delays up to the j-th epoch. Then, by a union bound and by Proposition 4.2, we have:

P
(
GC
T

)
≤

Υ+1∑
j=1

P
(
τj ≤ t(j)c | L(j−1)

)
+

Υ∑
j=1

P
(
τj ≥ t(j)c +

⌈
Lj

K

η

⌉
| L(j−1)

)
≤ K(Υ + 1)

T
+

14KΥ

T
≤ 15KΥ

T
.

Theorem 4.8 (Regret Upper Bound of R-CPD-UCB). Under Assumption 4.7, R-CPD-UCB suffers an expected
cumulative regret bounded as:

E[RπR-CPD-UCB

(T )]≤O

(
v

1
ϵ

Υ∑
j=1

log(T )(
δ̃
(j)
min

) 1+ϵ
ϵ

⌈
K

η

⌉
∆(j)

max

︸ ︷︷ ︸
(A) Detection Delay Contribution

+

+

Υ∑
j=1

E[Rπs(|Ej |)]︸ ︷︷ ︸
(B) Stationary Policy Regret

+ η

Υ∑
j=1

|Ej |∆(j)
max︸ ︷︷ ︸

(C) Uniform Exploration

)
. (6)

Proof. Let GT :=
{
∀j ∈ [Υ] : τj ∈

{
t
(j)
c , . . . , t

(j)
c +

⌈
Lj

K
η

⌉}
and t

(Υ+1)
c > T

}
be the event in which R-CPD-UCB

restarts exactly Υ times without false alarms and excessive delays.

We start by decomposing the regret in the following way:

E[RπR-CPD-UCB

(T )] ≤ E[RπR-CPD-UCB

(T ) | GT ] + E[RπR-CPD-UCB

(T ) | GC
T ]P

(
GC
T

)
≤ E[RπR-CPD-UCB

(T ) | GT ] + 15KΥ,
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where the second inequality follows from Lemma A.2. We can now focus on bounding the first addendum. We
decompose it as follows:

E[RπR-CPD-UCB

(T ) | GT ] = E[RπR-CPD-UCB

(T )−RπR-CPD-UCB

(t(1)c ) | GT ] + E[RπR-CPD-UCB

(t(1)c ) | GT ]

≤ E[RπR-CPD-UCB

(T )−RπR-CPD-UCB

(t(1)c ) | GT ] + ηt(1)c ∆(1)
max + E[Rπs(t(1)c )],

where the inequality follows by upper bounding the contribution to the regret given by the forced exploration in

the first t
(1)
c rounds, the remaining term is the expected regret accrued by the policy πs up to t

(1)
c . We prosecute

by bounding the first addendum as follows:

E[RπR-CPD-UCB

(T )−RπR-CPD-UCB

(t(1)c ) | GT ] = E[RπR-CPD-UCB

(T )−RπR-CPD-UCB

(τ1) | GT ]+

+ E[RπR-CPD-UCB

(τ1)−RπR-CPD-UCB

(t(1)c ) | GT ]

≤ E2[R
πR-CPD-UCB

(T − τ1) | GT ] + E[(τ1 − t(1)c ) | GT ]∆
(1)
max,

where E2 is the expectation according to an environment starting from the second segment. Putting all together,
we can write

E[RπR-CPD-UCB

(T ) | GT ] ≤ E2[R
πR-CPD-UCB

(T − τ1) | GT ] + E[(τ1 − t(1)c ) | GT ]∆
(1)
max + ηt(1)c ∆(1)

max + E[Rπs(t(1)c )],

which yields, by a recursive application:

E[RπR-CPD-UCB

(T ) | GT ] ≤
Υ∑

j=1

E[(τj − t(j)c ) | GT ]∆
(1)
max +

Υ∑
j=1

E[Rπs(|Ej |)] + ηT∆(1)
max

≤
Υ∑

j=1

⌈
Lj

K

η

⌉
∆(1)

max +

Υ∑
j=1

E[Rπs(|Ej |)] + ηT∆(1)
max,

where the second inequality follows from the definition of GT . The proof is concluded by substituting Lj with
its definition.

Corollary 4.10. Let πs be the Robust UCB policy with median-of-means estimator (Bubeck et al., 2013, Section
2.2). Under Assumption 4.7, R-CPD-UCB suffers an expected cumulative regret bounded as:

E[RπR-CPD-UCB

(T )] ≤

O

(
(A) +

Υ∑
j=1

∑
i:∆

(j)
i >0

v
1
ϵ log (|Ej |)(
∆

(j)
i

) 1
ϵ︸ ︷︷ ︸

(B1) Robust UCB Regret
(Instance Dependent)

+(C)

)
. (9)

Moreover, if log(|Ej |) ≥ 5(∆(j)
max)

1+ϵ
ϵ

2v
1
ϵ

for every j ∈ [Υ], we have

E[RπR-CPD-UCB

(T )] ≤ Õ

(
(A) + (KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ︸ ︷︷ ︸

(B2) Robust UCB Regret
(Instance Independent)

+(C)

)
. (10)

Proof. The proof of this theorem trivially follows from plugging the regret bounds of Robust UCB with MoM
estimator (Theorem 3 and Proposition 1 of Bubeck et al. (2013)). Equation (10) necessitates an additional step
using Jensen Inequality:

Υ∑
j=1

K
ϵ

1+ϵ (vT )
1

1+ϵ ≤ Υ(K)
ϵ

1+ϵ

(
vT

Υ

) 1
1+ϵ

= (ΥK)
ϵ

1+ϵ (vT )
1

1+ϵ .
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Corollary 4.11. Let πs be the Robust UCB policy with median-of-means estimator from (Bubeck et al., 2013,
Section 2.2). Let {ηj}j∈N where ηj = η0

√
jK log(T )/T for some η0 > 0. Under Assumption 4.7, R-CPD-UCB

using ηj+1 after the j-th detection suffers an expected cumulative regret bounded as:

E[RπR-CPD-UCB

(T )]≤

O

(
v

1
ϵ

√
KΥT log(T )

η0δmin

1+ϵ
ϵ

∆max+
KΥv

1
ϵ log(T/Υ)

∆
1
ϵ
min

)
. (11)

Moreover, if log(|Ej |) ≥ 3(∆
(j)
max)

1+ϵ
ϵ v−

1
ϵ for every j ∈ [Υ], and δ

1+ϵ
ϵ

min ≥ v
1

ϵ(1+ϵ) (ΥK/T )
1−ϵ

2(1+ϵ)
√
log(T ), we have

E[RπR-CPD-UCB

(T )] ≤ Õ
(∣∣∣∣∣(KΥ)

ϵ
1+ϵ (vT )

1
1+ϵ

)
. (12)

Proof. First, note that the proof of Theorem 4.8 can be conducted in the exact same way by substituting η with
the sequence {ηj}j∈[Υ+1]. Note that, thanks to event GT the algorithm restarts exactly Υ times. Equation (8)
is a trivial consequence of the fact that ηΥ+1 ≥ ηj for every j ≤ Υ, due to the monotonocity of the sequence.

Moreover, we bound ∆
(j)
max ≤ ∆max.

To prove Equation (??), we need an additional step. In particular:

Υ∑
j=1

1

ηj
=

1

η0

√
T

K log(T )

Υ∑
j=1

1√
j
≤ 1

η0

√
ΥT

K log(T )
.

Plugging this in (A), and bounding δ̃
(j)
min ≥ δmin for every j ∈ [Υ], concludes the proof.

B Additional Related Works on Non-Stationary MABs

In this appendix, we discuss more in detail the related works on non-stationary MABs.

B.1 Piecewise-Stationary MABs

The most common definition of piecewise-stationary MABs in the literature is the one introduced by Yu and
Mannor (2009). In this work, the authors deal with the PS MAB problem as it is defined in this work, and consider
both a scenario in which side-observations are available, and an agnostic scenario in which they are not, which
corresponds to the one that we study in this work. In the latter scenario, they show that every algorithm must
suffer at least Ω(

√
T ) regret. In Garivier and Moulines (2011), the authors analyze two algorithms to tackle

the PS MAB problem, namely Discounted UCB (introduced in Kocsis and Szepesvári (2006)) and Sliding

Window UCB. Contrary to ours, these algorithms don’t rely on any CPD strategy but rather passively adapt
to the changes in the environment. In practice, actively adapting algorithm, e.g., algorithm based on CPD
strategies like ours, hence show better performances. The idea of actively adapt to changes first appeared in
Hartland et al. (2007). More recent works, such as Liu et al. (2018) and Cao et al. (2019), paved the way
for the analysis of actively adaptive algorithms, which were considered tougher to analyze from a theoretical
perspective w.r.t. to their passive counterparts. Recently, with Auer et al. (2019) and Besson et al. (2022),
there has been focus on removing the prior knowledge on Υ from the algorithms. In the former, the AdSwitch

algorithm they propose does not require any additional assumptions, but it is not optimized for tractability or
numerical efficiency. Indeed, as shown in Besson et al. (2022), AdSwitch enjoys poor empirical performance. In
the latter, the authors propose an algorithm that performs well in practice and has tight theoretical guarantees
without any need for Υ to be known beforehand, however they rely on an assumption which is nearly the same
as ours. All of the aforementioned works don’t account for the heavy-tailed setting, as their scope is restricted to
rewards with bounded support or subgaussian. The only work that accounts for non-stationarity in heavy-tailed
settings is Bhatt et al. (2023), where the authors consider a general framework to allow for more general risk
measures (linear being the case considered here), and consider the same setup of piecewise-stationary bandits
and heavy-tailed rewards, and establish upper and lower bounds on the regret under special assumptions on the
risk measures and distributions. However, there are multiple reasons for why our approach is better suited in
the regret-minimization scenario:
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• Assumption 1 (Stability): since their paper focuses on achieving strong regret guarantees with heavy-tailed
rewards, the stability assumption plays a crucial role in the analysis, where the rate functions on the decay
of the empirical and truncated distributions are assumed to be known. While the assumption is not strong
in and of itself, the knowledge of these parameters play a crucial role in the change detection and regret
minimization procedures, and also appear in the regret bounds. Robust-CPD-UCB, on the other hand,
requires no knowledge of such functions, relies on novel analysis of Catoni estimators that do not necessitate
truncations, and is simpler to run online in practice.

• The CPD routine used in Bhatt et al. (2023) is based on a sliding window method requiring specification of
both widow size and threshold. Robust-CPD-UCB is based on the newly developed CPD method based on
Catoni estimator that runs online only with the same assumption on the distributions.

• The regret minimization algorithm in Bhatt et al. (2023) uses a data-driven truncation of the rewards that
depends on the policy, and the knowledge of the decay rate functions to compute the exploration bias for
the arm index. Our work, on the other hand, requires no such methods and uses a simple combination of
the novel Catoni-CPD and any policy suited for the stationary heavy-tailed regret minimization.

For the most common case of linear risk/ regret in mean, Robust-CPD-UCB establishes stronger guarantees with
the CPD procedure requiring weaker assumptions. Finally, it is easier to implement owing to not requiring
distributional knowledge or thresholds.

B.2 Bounded Variation and Monotonically Non-stationary MABs

Another setting of interest is non-stationary MABs with bounded variations. In this setting, the rewards’ dis-
tributions changes are less restricted, and the focus moves from the number of changes to the total amount
of change VT . In Besbes et al. (2014), the authors propose Rexp3, an algorithm that leverages tools from the
adversarial MAB problem to deal with non-stationarity in stochastic settings. The regret upper bound that they

provide is in the order of O(V
1
3

T T
2
3 ). Over the last years, there has been increasing interest in monotonically

non-stationary MABs, i.e., non-stationary MABs where the mean rewards are only allowed to decrease (rot-
ting bandits, Seznec et al. (2019, 2020)) or to increase (rising bandits, Metelli et al. (2022)), some works focus
on both settings Heidari et al. (2016); Genalti et al. (2024b). The monotonicity assumptions substitutes the
need for piecewise-stationarity, as it is a strong enough assumption to allow for strong theoretical characteriza-
tions. In such settings, regret bounds depend in general on the total variation of the distributions’ means and
instance-dependent-type of results are common in this literature. Moreover, the additional structure added by
this assumption, put the accent on the difference between restless bandits (a proper non-stationary setting) and
rested bandits, where the evolution of rewards depends on learner’s actions rather than just time.

C Additional Numerical Evaluations

In this appendix, we provide additional details on the experimental evaluation of Section 5 and additional
experimental campaigns in synthetic environments.

C.1 Detection Delay Analysis

We evaluate how reactive is Catoni-FCS-detector to changes of data-generating distribution, and comparing it
repeated-FCS-detector with Empirical Bernstein CSs from Shekhar and Ramdas (2023b), Section 2.2, which is
suited for distributions with finite variance. We consider two distribution-shift scenarios: Gaussian distributions
with σ = 1 and Laplace distributions with scale equal to 1. The change happens after tc = 400 steps, and
the total horizon is T = 1000. The magnitude of change is δ = 1. In Figure 4, we report the distribution of
the detection delay of both algorithm over 20 trials. We can see how, in general, Catoni-FCS-detector has a
smaller detection delay w.r.t. repeated-FCS-detector. Moreover, no false alarm is raised along the 20 trials.

C.2 Regret Minimization in Highly Non-Stationary Environments

In this section, we evaluate how R-CPD-UCB behaves in highly dynamic scenarios where change-points are close.
Setting We confront R-CPD-UCB with two of the most popular algorithms from the literature, Monitored UCB
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Figure 4: Distribution delay distribution over 20 trials.
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(a) Gaussian rewards.
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(b) Pareto rewards.

Figure 5: Cumulative regrets of the considered algorithms. We performed 20 trials for each instance and reported
mean ± std. The 6 change-points are indicated by the vertical lines.
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Cao et al. (2019) and Sliding Window UCB Garivier and Moulines (2011). We consider two PS MABs: Gaus-
sian rewards with σ = 1 and Pareto rewards with ϵ < 1

2 and v < 3. In both MABs, we have K = 3, T = 1500
and Υ = 6. Also, we have δmin = 0, i.e., and some actions may not change their means after a change-point.
However, at least one arm has its mean change, and the optimal action changes at least 4 times. Interestingly,
these instances violate Assumption 4.7. We use σ = 1 and the means reported in Table 6a for the Gaussian
scenario. The optimal actions change 4 times. For the Pareto scenario, we use ϵ = 1

2 , v = 3, and the means
reported in Table 6b. The optimal actions change 4 times. In Figure 7 we report the means of every action in
every epoch.

E1 E2 E3 E4 E5 E6 E7

µ1 1.2 1.5 1.5 2 1.8 1.2 1.2
µ2 1 1.8 2.4 1.8 1 1.8 1
µ3 0.5 0.5 0.5 0.5 1 0.5 1, 7

(a) Gaussian instance.

E1 E2 E3 E4 E5 E6 E7

µ1 1.2 1.5 2 2 1.2 1.2 0.8
µ2 1 2.4 1.8 2.8 1 1.5 2
µ3 0.5 0.5 0.5 0.5 1.7 1.7 2.9

(b) Pareto instance.

Figure 6: Mean rewards per epoch. Cells highlighted in yellow contain the optimal reward for the corresponding
epoch.

Results In Figure 5, we report the cumulative regrets suffered by the considered algorithms. For each instance
and algorithm, we performed 20 trials and reported the average cumulative regrets with their aleatoric uncer-
tainties. R-CPD-UCB achieves, in both instances, a smaller cumulative regret than competitors. Moreover, it
shows a smaller uncertainty and more stable performances across the trials, especially when rewards have infi-
nite variance (Figure 5b). Interestingly, R-CPD-UCB can outperform both Monitored UCB and Sliding Window

UCB even when the rewards are Gaussian. This is probably because the change-points are frequent and very
close. Robust mean estimation using median-of-means stabilizes the algorithm’s behavior in data-scarce regimes.
Finally, we remark that Assumption 4.7 is violated by these two instances; however, R-CPD-UCB performs well
(and so is Monitored UCB, which relies on a similar hypothesis). This phenomenon was already observed in Cao
et al. (2019), and shows how Assumption 4.7 is, in practice, is not very limiting.
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(a) Gaussian rewards.
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(b) Pareto rewards.

Figure 7: Average rewards per epoch.

C.3 Sensibility to δ

In this section, we study the sensibility of R-CPD-UCB to different magnitudes of changes.

Setting We consider four HTPS MABs with Pareto rewards (ϵ < 1, v = 1), K = 3, T = 500, and Υ = 1. The
starting means are µ1 = 1, µ2 = 0.8 and µ2 = 0.5, and a change occurs at tc = 200. We let δ1 = 1, δ3 = 0 (thus,
δmin = 0) and δ2 ∈ {1, 2, 5, 10}, respectively. In the first PS MAB, the first action remains optimal from the
start to the end of the trial; in the others, the second action becomes optimal after the change. In Figure 8, we
report the means of every action in every epoch for the four HTPS MABs.

Results In Figure 9, we report the cumulative regrets suffered by R-CPD-UCB in the four HTPS MABs. For
each instance, we performed 20 trials and reported the average cumulative regret (on the right), together with its
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Figure 8: HTPS MABs with different magnitudes of change. For all instances: Υ = 1, K = 3, δ ∈ {1, 2, 5, 10}.
Pareto noise with ϵ < 1 and v = 3.

µ1 µ2 µ3

Instance 1 1 0.5 0.1
Instance 2 1 0.8 0.7
Instance 3 1 0.9 0.1
Instance 4 1 0.5 0.5

Table 1: Mean rewards per epoch in four stationary HT MABs. For all instances: Υ = 0, K = 3. Pareto noise
with ϵ < 1 and v = 3.

standard deviation. Moreover, the dashed vertical lines indicate the average detection time and their standard
deviations. As the four instances differ in terms of magnitude (e.g., in the first instance, the maximum mean
is 2, and in the fourth is 10.8), we also reported the rescaled cumulative regrets (on the left). R-CPD-UCB can
detect the change with a reasonable delay, and all cumulative regrets show sublinear growth. As δ grows, the
cumulative regret is larger, but the detection delay decreases. Intuitively, a larger change yields a larger regret
but is also easier to detect. From the rescaled cumulative regrets, we can observe how a large δ w.r.t. to the
mean does not deteriorate the performance of R-CPD-UCB.

C.4 Stationary Environments

In this section, we study the empirical behavior of R-CPD-UCB in stationary HT MABs.

Setting We consider four HT MABs with Pareto rewards (ϵ < 1, v = 1), K = 3, T = 300, and Υ = 0. We
compare R-CPD-UCB with two gold standards from the literature: Robust UCB Bubeck et al. (2013) and MR-APE

Lee and Lim (2022).

Results We remark that, in a stationary environment, the behavior of R-CPD-UCB diverges from the one of
Robust UCB in only two cases: (i) when there is a false detection (happens with probability smaller than T−1)

and (ii) R-CPD-UCB performs a forced exploration (once every O(T− 1
2 ) rounds). In both cases, the contribution

to the regret is small compared to the dominant term, adding a constant factor at most. In Figure 10, we report
the cumulative regrets suffered by the algorithms in the four HT MABs. For each instance, we performed 20
trials and reported the average cumulative regret, together with its standard deviation. R-CPD-UCB raises only
one false alarm in one trial of the fourth instance, and the average cumulative regret is thus slightly larger than
the one Robust UCB, which is suited for the stationary setting. R-CPD-UCB suffers cumulative regrets comparable
to the ones of algorithms suited for the stationary case. All cumulative regrets show sublinear growth.
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(a) Cumulative Regret.
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Figure 9: Cumulative regrets of R-CPD-UCB in the four HTPS MABs represented in Figure 6. We performed
20 trials for each instance and reported mean ± std. The purple vertical line indicates the change-point. The
dashed vertical lines indicated the average detection time in the corresponding instance (± std). On the left,
we report the cumulative regrets of Robust-CPD-UCB. On the right, we have the same quantity rescaled by the
maximum mean reward.

D Computational Complexity of Robust-CPD-UCB

In this section, we characterize the computational complexity of R-CPD-UCB and provide a simple modification to
the algorithm that allows for quicker computation while keeping similar theoretical guarantees. For the sake of
traceability, we assume that all means belong to the set [−M,M ]. We start by upper bounding the computational
complexity of R-CPD-UCB.

Proposition D.1. Let M̃ = O
(
M + v

1
1+ϵ log(T )

ϵ
1+ϵ

)
. Let ξ be the machine tolerance. Then, R-CPD-UCB takes

at most O
(
KT 4 log2

(
M̃
ξ

))
steps with probability at least 1− 1

T .

Proof. Using the bisection method with a tolerance of ξ, and searching in the interval [−M̃, M̃ ], we can solve the

two root-finding problems implied by Equation (5) in at most O
(
T log2

(
M̃
ξ

))
. Note that, by Theorem 3.2 from

Bhatt et al. (2022), the solution lies in the search interval with probability at least Ω
(
1− 1

T

)
. Then, we observe

that R-CPD-UCB, at each round t ∈ [T ], for every action i ∈ [K], runs a step of the Catoni-FCS-detector which
computes t CS of lengths t, t − 1, . . . , 2, 1. Computing a CS of length t′ ≤ T requires to compute t′ CIs, which

requires O
(
t′ log2

(
M̃
ξ

))
steps at most for each of them. Note that a solution always exists as the number of

samples is always greater than nmin when the CPD routine is executed. The result follows by upper bounding
t, t′ ≤ T .

Proposition D.1 states that the computational complexity of R-CPD-UCB is polynomial in T .



Gianmarco Genalti, Sujay Bhatt, Nicola Gatti, Alberto Maria Metelli

0 50 100 150 200 250
t

0

1

2

3

4

5
Instance 1

0 50 100 150 200 250
t

0

1

2

3

4

5
Instance 2

0 50 100 150 200 250
t

0

1

2

3

4

5
Instance 3

0 50 100 150 200 250
t

0

1

2

3

4

5
Instance 4

R-CPD-UCB
R-UCB
MR-APE

Figure 10: Cumulative regrets of R-CPD-UCB, Robust UCB (Bubeck et al., 2013), and MR-APE (Lee and Lim, 2022)
on the four HT MABs defined in Table 3. We performed 20 trials for each instance and reported mean ± std.


