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Abstract

We consider a good arm identification problem in a stochastic bandit setting with multi-
objectives, where each arm i ∈ [K] is associated with a distribution Di defined over RM .
For each round t, the player pulls an arm it and receives an M -dimensional reward vector
sampled according to Dit . The goal is to find, with high probability, an ϵ-good arm whose
expected reward vector is larger than ξ− ϵ1, where ξ is a predefined threshold vector, and
the vector comparison is component-wise. We propose the Multi-Thresholding UCB (Mul-
tiTUCB) algorithm with a sample complexity bound. Our bound matches the existing one
in the special case where M = 1 and ϵ = 0. The proposed algorithm demonstrates superior
performance compared to baseline approaches across synthetic and real datasets.

Keywords: Multi-objective Optimization; Good Arm Identification; Thresholding Bandit

1. Introduction

Single objective thresholding problem was proposed by Locatelli et al. (2016); Kano et al.
(2019), where the player/algorithm aims to find a subset of all arms [K] denoted as the good
arm set [K]good. An arm is good if it has an average reward that surpasses a predefined
performance threshold ξ with a high probability. This problem mainly adheres to two
mainstream directions. The first one is known as the fixed budget setting (Locatelli et al.,
2016), in which a fixed computational or sampling budget T is given. This framework
focuses on deriving a theoretical upper bound on the probability of errors associated with
the selection of the arms. The second framework, termed the fixed confidence setting (Kano
et al., 2019), aims to minimize the total sample complexity required to reliably identify the
set of arms above the threshold while adhering to a predefined confidence level specified
by an error tolerance parameter δ. In this case, it is required to ensure that the selected
set of arms is correct with a confidence level of at least 1 − δ. This setting is particularly
relevant in applications where achieving a desired level of statistical accuracy is critical
and minimizing resource consumption remains a key consideration. Both frameworks offer
valuable insights into pure exploration in decision-making under uncertainty by addressing
these distinct but complementary goals.
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Concurrently, identifying arms under specific requirements with bandit feedback has
garnered significant attention within topics on machine learning and sequential decision-
making (Zhao et al., 2023; Kano et al., 2019). However, existing works only considered a
single threshold, while in this work, we extend it into multiple thresholds with the following
two motivating examples:

Example 1 (Machine Retention in Manufacturing) Consider a factory that operates
multiple types of machines, each responsible for producing different components. The factory
manager is tasked with optimizing operational costs without necessarily identifying the single
most efficient machine. Hence, the manager implements a policy where any machine is
retained if it cannot match thresholds across multiple issues. For instance, all remaining
machines should have an energy consumption lower than ξ1, maintenance cost lower than
ξ2, labor cost lower than ξ3, etc. This approach ensures that all machines contributing
positively to the overall profit are kept in operation, even if some are not the most efficient
relative to others.

Example 2 (Internet of Things (IoT) System Deployment) In large-scale IoT de-
ployments, a network operator must choose one configuration from a pool of candidate sen-
sor node designs or communication protocols, each exhibiting uncertain performance due to
hardware variability, environmental noise, and dynamic workloads. Each candidate is eval-
uated based on multiple key performance metrics such as communication latency, energy
consumption, and data reliability. Rather than selecting the optimal configuration, the ob-
jective is to identify any one setup that satisfies minimum operational thresholds across all
metrics—for example, latency below 100 ms, packet loss under 1%, and energy usage within
a predefined budget. Due to resource constraints, it is essential to minimize the number of
evaluations required for testing each configuration.

Existing research on Multi-Objective Optimization (MOO), e.g., Pereira et al. (2022), is
not applicable to the above scenarios. Researchers on MOO typically aim to achieve Pareto
optimality, e.g., Jiang et al. (2023), in which improving one objective is impossible without
negatively affecting another. On the basis of this, finding the Pareto front under the Multi-
Armed Bandit (MAB) setting for MOO has also gathered plenty of attention (Kaufmann
et al., 2016; Kone et al., 2023), which aims to find a subset of arms that achieves the
Pareto optimality to form the front with optimal sample complexity. The Track-and-Stop
framework (Kaufmann et al., 2016; Garivier et al., 2024) has been implemented in this
problem. However, these methods are not suitable for our setting since the goal is different,
as shown in Figure 1.

We integrate the difficulties of handling multiple objectives and restrictions, and thus
we consider the case where multiple thresholds are simultaneously considered across all
K arms. Note that the concentration inequality for the single objective case, as M = 1,
cannot be applied directly to multi-objectives. We address this challenge by establishing
a new framework for good arm identification problems with multiple thresholds. At each
round t, the player pulls one arm i ∈ [K], in which [K] = {1, 2, . . . ,K}, and receives a M
dimensional reward vector zt,i sampled i.i.d. from a distribution Di. Concrete details are
presented in section 2. The player’s goal is to identify a good arm, whose expected reward
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Pareto Front

ξ1

ξ2

Our Goal

Figure 1: We compare our goal, which is to identify the arms whose expected average
rewards exceed given thresholds, with the Pareto front (Jiang et al., 2023), which
consists of the set of Pareto optimal arms.

vector is larger than ξ − ϵ1 for ϵ ∈ [0, 1]. If no such arm exists, the player selects ⊥ while
minimizing sample complexity with high probability.

Our contributions can be summarized as follows:

1. We introduce the Multi-Thresholding Good Arm Identification (MTGAI) framework,
which addresses the challenge of identifying arms that satisfy multiple thresholds
simultaneously. (i)First, we construct a reduction from the multi-thresholding prob-
lem to a single thresholding problem. However, it seems impossible to construct a
Bernoulli or sub-Gaussian random variable zt,i with

E[zt,i] = max
{
ξ1 − µ

(1)
i , ξ2 − µ

(2)
i , . . . , ξM − µ

(M)
i

}
,

and so we cannot immediately apply existing algorithms such as Locatelli et al. (2016)
and Kano et al. (2019). (ii)Instead, we construct a new estimator and derive a concen-
tration inequality for it, which implies that our modification of the single thresholding
algorithms works.

2. We propose the Multi-Thresholding UCB (MultiTUCB) algorithm for the MTGAI
problem and derive an upper bound on its sample complexity that is consistent with
existing results when M = 1 and ϵ = 0 (Kano et al., 2019). Our analysis signifi-
cantly generalizes prior work by extending the theoretical guarantees from Bernoulli
rewards to sub-Gaussian distributions and from zero accuracy (ϵ = 0) to a more prac-
tical setting with non-zero accuracy (ϵ > 0), which introduces substantial technical
complexity in the proofs. Moreover, we design a refined arm selection rule tailored
to the multi-thresholding setting, enabling more efficient exploration under multiple
constraints.

3. We establish an almost matching lower bound for the MTGAI problem when ϵ = 0,
showing the near-optimality of our approach.
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4. Experimental results on both synthetic and real datasets demonstrate that our algo-
rithm consistently outperforms three strong baselines adapted from prior thresholding
bandit methods (Kano et al., 2019; Locatelli et al., 2016; Kalyanakrishnan et al., 2012).

1.1. Other Related Work

In addition to the papers discussed in the previous part, we discuss further related work to
our settings.

Best Arm Identification (BAI) The BAI is a pure exploration problem in which
the agent tries to identify the best arm with the maximal mean reward within a limited
sample (Audibert and Bubeck, 2010). Unlike minimizing the regret for online learning,
which involves the dilemma of exploration and exploitation, BAI focuses exclusively on
exploration—gathering enough information to determine the arm that maximizes the mean
reward. In addition, it has been extended to varying reward distributions, or constraints
such as fixed confidence (Garivier and Kaufmann, 2016; Jourdan et al., 2023), making it a
versatile tool in decision-making under uncertainty.

Multi-objective Optimization As for MOO, achieving Pareto optimality is of essen-
tial importance for making in-time predictions, particularly in contexts where data explosion
poses significant challenges. Various approaches have been developed for achieving Pareto
optimality, including evolutionary methods (Murata et al., 1995), hypervolume scalariza-
tion (Zhang and Golovin, 2020), and multiple gradient-based methods (Sener and Koltun,
2018). This applies to various real applications, such as resource management (Liu et al.,
2024) and load forecasting (Xing et al., 2024). Alternatively, researchers have also studied
the problem from the perspective of regret minimization Lu et al. (2019); Cheu et al. (2018),
which serves as a different goal. In parallel, researchers in economics have considered select-
ing one arm from the Pareto front that optimizes the Generalized Gini Index (Busa-Fekete
et al., 2017).

However, all previous works do not solve our MTGAI problem, unlike our proposed
MultiTUCB algorithm, which will be explained in Section 3.

2. Preliminaries

This section presents basic tools and a formal problem formulation. First, we introduce the
definition of (µ, σ)-subgaussian random variable and its property.

Definition 1 ((µ, σ)-subgaussian) A random variable z that takes values in R is (µ, σ)-
subgaussian if µ = E[z] and for any λ ∈ R,

E[exp(λ(z − µ))] ≤ exp(λ2σ2/2).

Proposition 2 (See e.g. Lattimore and Szepesvári (2020)) Let z1, . . . , zt be i.i.d.
(µ, σ)-subgaussian random variables. Then for any ϵ ≥ 0,

P (µ̂t ≥ µ+ ϵ) ≤ exp

(
− tϵ2

2σ2

)
and P (µ̂t ≤ µ− ϵ) ≤ exp

(
− tϵ2

2σ2

)
,

where µ̂t =
1
t

∑t
s=1 zs.
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Table 1: Notation List

Ti(t) The number of times arm i is chosen until round t
â The output of Algorithm 2

Tstop Stopping time of Algorithm 2
⊥ No ϵ-good arm exists

g̃t,i = ĝt,i −
√

2σ2 ln (KMTi(t))
Ti(t)

g
t,i

= ĝt,i − α(Ti(t), δ)

gt,i = ĝt,i + α(Ti(t), δ)

i∗ = arg min
i∈[K]

gi

This paper investigates the protocol of MTGAI, which is defined between one player
and Nature as the following protocol with K as the number of arms and M as the number
of thresholds/objectives. They are given an accuracy parameter ϵ, a confidence parameter
δ and thresholds ξ = (ξ1, . . . , ξM ) ∈ [0, 1]M . For each iteration t = 1, 2, . . ., (i) the player
chooses an arm it ∈ [K] and (ii) Nature returns a reward vector zt,it ∈ [0, 1]M sampled
according to Dit . Here, Di is defined as the distribution over RM associated with arm i

such that for the random variable z =
(
z(1), . . . , z(M)

)
∼ Di, z

(m) is (µ
(m)
i , σ)-subgaussian

for some µi =
(
µ
(1)
i , . . . , µ

(M)
i

)
∈ [0, 1]M and σ ∈ R+ for each m ∈ [M ]. The player

decides when to stop and outputs an arm ı̂ ∈ [K]∪{⊥}. The stopping time is considered as
sample complexity. An arm i is ϵ-good if µi ≥ ξ − ϵ1, where the inequality is component-
wise. In particular, an arm i is good if it is 0-good. The goal of the player is to find an
arm ı̂ with P (̂ı ̸= ⊥ ∧ µı̂ ≥ ξ − ϵ1) ≥ 1 − δ if one good arm exists and to output ⊥ with
P (̂ı = ⊥) ≥ 1− δ if no ϵ-good arm exists. An algorithm that achieves this goal is said to be
(δ, ϵ)-successful. Notice that this protocol can be easily extended to finding all good arms
by repeatedly running the algorithm for at most K times. We summarize all other symbols
in Table 2 for convenience.

3. Multi-thresholding UCB algorithm

In this section, we propose the MultiTUCB algorithm to efficiently solve the proposed
problem. First, we introduce a gap vector and its estimator to handle the multiple objectives
and prepare for the algorithm. For each i ∈ [K], let

gi = g(µi) = max
{
ξ1 − µ

(1)
i , ξ2 − µ

(2)
i , . . . , ξM − µ

(M)
i

}
. (1)

Note that for any ϵ-good arm i, gi ≤ ϵ. The gap vector g is defined as g = (g1, . . . , gK).

Definition 3 (α-approx estimator) For a function α : N × (0, 1) → R+, we define α-
approx estimator of g is an oracle that satisfies the condition. For the t-th call to the oracle,
it receives input it ∈ [K] and returns ĝt = (ĝt,1, . . . , ĝt,K) ∈ RK such that

∀δ ∈ (0, 1),P (∀i ∈ [K], ∀s ∈ [t], |ĝs,i − gi| ≤ α(Ti(s), δ)) ≥ 1− δ, (2)

where Ti(s) = |{u ∈ [s]|iu = i}|.
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We claim that g satisfies the following proposition.

Proposition 4 For any i ∈ [K] and any µ1, . . . ,µK , µ̂1, . . . , µ̂K ∈ [0, 1]M

|g(µi)− g(µ̂i)| ≤ ∥µi − µ̂i∥∞.

The proof is given in Appendix A.2.
Now, we show the existence of α-approx estimator for some α. The algorithm for the

estimator is described in Algorithm 1.

Algorithm 1 Approx Estimator

for i ∈ [K] do

µ̂t,i =

∑t
s=1 1[is = i]zs,i

Ti(t)
;

end
Output: ĝt = (g(µ̂t,1), . . . , g(µ̂t,K));

Hence, we calculate the exact value of the α-approx estimator under our setting.

Proposition 5 Algorithm 1 is an α-approx estimator of g with

α(τ, δ) =

√
2σ2 ln π2KMτ2

3δ

τ
.

The proof is given in Appendix A.1.
Then, we propose the MultiTUCB algorithm to efficiently solve the proposed problem.

The detail of the algorithm is given in Algorithm 2. It uses Algorithm 1 for the α-approx
estimator as shown in Proposition 5 in the stopping criteria. We denote Tstop as the stopping
time and â as the output of Algorithm 2.

3.1. Upper Bounds with Expectation

First, we guarantee the correctness of our proposed algorithm with the following theorem.

Theorem 6 Algorithm 2 is (δ, ϵ)-successful.

Details are deferred to Appendix A.3.

Definition 7 Let ti : R+ → R+ be a function defined as follows.

For any good arm i,

ti(ϵ0) = max

{
4σ2

(ϵ− gi − ϵ0)
2 ln

(
8
√
3σ2πKM/δ

3(ϵ− gi − ϵ0)
2 ln

4
√
3πσ2

3(ϵ− gi − ϵ0)
2

)
, 0

}
.

For any non-ϵ-good arm i,

ti(ϵ0) = max

{
4σ2

(gi − ϵ− ϵ0)
2 ln

(
8
√
3σ2πKM/δ

3(gi − ϵ− ϵ0)
2 ln

4
√
3πσ2

3(gi − ϵ− ϵ0)
2

)
, 0

}
.
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Algorithm 2 Multi-thresholding UCB algorithm (MultiTUCB)

Input: Arm set [K], thresholds {ξ1, . . . , ξM}, confidence parameter δ, accuracy rate ϵ;
Init: Let A = [K];
Pull each arm once;
Compute ĝK by Algorithm 1;
for t ∈ [K + 1, . . . , ] do

Select it ∈ argmin
i∈A

g̃t−1,i with g̃t−1,i = ĝt−1,i −
√

2σ2 ln (KMTi(t−1))
Ti(t−1) ;

Receive feedback zt,it ;
Update Ti(t);
Compute ĝt by Algorithm 1;
if g

t,it
> 0 then

Delete it from A.
end
//Condition 1
if gt,it ≤ ϵ then

Output â = it, Stop.
end
//Condition 2
if A = ∅ then

Output â = ⊥, Stop.
end

end

Theorem 8 If there exists a good arm, letting i∗ = arg min
i∈[K]

gi, Algorithm 2 achieves

E[Tstop] ≤ ti∗(ϵ0) +
∑

i ̸=i∗

8σ2 ln

(
KM max

i∈[K]
⌊ti(ϵ0)⌋

)

(gi − gi∗ + ϵ0)
2

+
2(K + 1)Mσ2

ϵ02
+

K3M

2ϵ02
e4ϵ0

2
,

where ϵ0 be any number s.t. 0 < ϵ0 < ϵ − gi for any good arm i and be any number s.t.
0 < ϵ0 < gi − ϵ with any non-ϵ-good arm i.

Proof sketch of Theorem 8: The stopping time with an output â ∈ [K] can be
divided as follows: (i) the number of rounds at which the algorithm chooses â, (ii) the
number of rounds at which the algorithm chooses another ϵ-good arm, and (iii) the number
of rounds at which the algorithm chooses any non-ϵ-good arms. Bounding the expectation
of each term and combining them lead to the final result. Appendix A.4 details the full
proof.

Theorem 9 If there is no ϵ-good arm, Algorithm 2 achieves

E[Tstop] ≤
∑

i∈[K]

ti(ϵ0) +
KMσ2

ϵ20
,
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while ϵ0 be any number such that 0 < ϵ0 < gi − ϵ for any arm i ∈ [K].

Proof sketch of Theorem 9: If no good arm exists and the algorithm continues at
round t, Condition 2 is not satisfied, and thus the active set is not empty. This means
some arm it is chosen at round t with ĝt,it ≤ α(Ti(t), δ). Bounding the number of such
rounds over all arms leads to the result. The detailed proof of Theorem 9 is postponed to
Appendix A.5.

We present a more straightforward result based on the above theorems in the following
corollary.

Corollary 10 Algorithm 2 achieves the following:

1. If there exists a good arm and letting i∗ = arg min
i∈[K]

gi,

lim sup
δ→0

E[Tstop]

ln (1/δ)
≤ 4σ2

(ϵ− gi∗ − ϵ0)
2 ,

where ϵ0 be any number such that 0 < ϵ0 < ϵ− gi for any good arm i.

2. If there is no ϵ-good arm,

lim sup
δ→0

E[Tstop]

ln (1/δ)
≤
∑

i∈[K]

4σ2

(ϵ− gi − ϵ0)
2 ,

where ϵ0 be any number such that 0 < ϵ0 < gi − ϵ with any arm i ∈ [K].

4. Lower Bound

In the following part, we give a lower bound for the expectation of Tstop.

Definition 11 (Binary relative entropy) For x, y ∈ R+, the binary relative entropy is
defined as

d(x, y) = x ln(x/y) + (1− x) ln (1− x)/(1− y))

with conventions d(0, 0) = d(1, 1) = 0.

Theorem 12 There exists a bandit model s.t. the following holds for any (δ, 0)-successful
algorithm with stopping time Tstop:

1. If good arm i exists,

E[Tstop] ≥
1

max
i∈[K]good

min
m∈[M ]

d
(
µ
(m)
i , ξm

) ln
1

2δ
− δ

max
i∈[K]good

min
m∈[M ]

d
(
µ
(m)
i , ξm

) ,

where [K]good ⊆ [K] is the set of all good arms.

2. When no good arm exists,

E[Tstop] ≥
1

max
i∈[K]

min
m∈[M ]

d
(
µ
(m)
i , ξm

) ln
1

2δ
− δ

max
i∈[K]

min
m∈[M ]

d
(
µ
(m)
i , ξm

) .

Detailed proof is in Appendix A.6.
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Discussion on the tightness of the bounds By Pinsker’s inequality and Sason and
Verdú (2015), we obtain

2g2i∗

aξ
≥ max

i∈[K]good
min

m∈[M ]
d
(
µ
(m)
i , ξm

)
≥ 2g2i∗ ,

where aξ := min
m∈[M ]

min{ξm, 1− ξm}. Then we have

lim sup
δ→0

E[Tstop]

ln 1/δ
≥ aξ

2g2i∗
.

When every element of ξ is not close to 0 or 1, aξ is large enough to be considered as
a constant. On the other hand, when feedback follows Bernoulli distributions, which is
1
4 -sub-Gaussian, ϵ = 0 and a good arm exists, we have the following result for the upper
bound

lim sup
δ→0

E[Tstop]

ln 1/δ
≤ 1

g2i∗
.

Thus, we see that our upper bound for (δ, 0)−successful algorithm almost matches the lower
bound when a good arm exists.

5. Experiments

In this section, we compare our proposed MultiTUCB with three benchmarks, which are
Anytime Parameter-free Thresholding algorithm for MTGAI (MultiAPT) (Locatelli et al.,
2016; Jourdan et al., 2023), Lower and Upper Confidence Bounds algorithm for MT-
GAI (MultiLUCB) (Kalyanakrishnan et al., 2012) , Hybrid algorithm for the Dilemma
of Confidence for MTGAI (MultiHDoC) (Kano et al., 2019) in terms of stopping time. All
the algorithms are presented in Algorithm 3. As for MultiLUCB, we adopt a lower con-
fidence bound for gi, i.e., ĝi − α(Ti(t), δ) as the selection rule. Note that Algorithm 3 is
guaranteed to solve the MTGAI problem for any benchmark algorithms and ours when it
terminates by Theorem 6. However, unlike ours, the benchmark algorithms are designed
for the single thresholding problem only, and they do not have sample complexity bounds
for the multi-thresholding problem. The source codes are available at Github.

5.1. Synthetic Data

We consider the following 4 different environments with K = 10,M = 4.

1. Gaussian distribution with means µ
(1)
1:3 = 0.1, µ

(1)
4 = 0.35, µ

(1)
5 = 0.45, µ

(1)
6 = 0.55,

µ
(1)
7 = 0.65 and µ

(1)
8:10 = 0.2.

2. Gaussian distributions with means µ
(2)
1:4 = 0.4− 0.21:4, µ

(2)
5 = 0.45, µ

(2)
6 = 0.55,

µ
(2)
7:10 = 0.6 + 0.15−(1:4).

3. Gaussian distributions with increasing means µ
(3)
1:4 = (1 : 4) · 0.05, µ(3)

5 = 0.45, µ
(3)
6 =

0.55 and µ
(3)
7:10 = 0.65 + (0 : 3) · 0.05.
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Algorithm 3 MultiHDoC/MultiLUCB/MultiAPT-G

Input: Arm set [K], thresholds {ξ1, . . . , ξM}, confidence parameter δ, accuracy parameter
ϵ;
Init: Let AHDoC = [K]/ALUCB = [K]/AAPT = [K];
Pull each arm once;
Compute ĝK by Algorithm 1;
for t ∈ [K + 1, . . . , ] do

MultiHDoC: Pull arm it = arg min
i∈AHDoC

ĝt,i −
√

ln t
2Ti(t)

.

MultiLUCB: Pull arm it = arg min
i∈ALUCB

ĝt,i − α(Ti(t), δ).

MultiAPT: Pull arm it = arg min
i∈AAPT

√
Ti(t) |ĝt,i − ϵ| .

Receive feedback zt,it ;
Update Ti(t);
Compute ĝt by Algorithm 1;
if g

t,it
> 0 then

Delete it from AHDoC/ALUCB/AAPT.
end
if gt,it ≤ ϵ then

Output â = it as a good arm.
Stop.

end
if AHDoC/ALUCB/AAPT = ∅ then

Output â = ⊥, Stop.
end

end

4. Gaussian distributions with grouped means µ
(4)
1:4 = 0.4, µ

(4)
5:8 = 0.5, µ

(6)
9:10 = 0.6.

We set thresholds {ξ1, ξ2, ξ3, ξ4} = {0.6, 0.5, 0.6, 0.5} and σ is chosen as 1.2 while all dis-
tributions share the same variance for convenience. All the baselines in Algorithm 3 share
the same stopping criteria as Algorithm 2. We set a time limit of 200, 000 arm-pulls, and
passing the limitation is counted as an error. All results are averaged over 5000 repetitions.

Figure 2. exhibits the average stopping time against different values of δ from 0.005
to 0.05 for the compared schemes at ϵ = 0.005. MultiTUCB outperforms other compared
schemes since it is theoretically guaranteed. As δ increases, the difficulty of exiting the
algorithm decreases, which may result in a shorter stopping time. Additionally, the per-
formance curve of MultiLUCB is rugged, which indicates that it is more sensitive to the
change of δ and needs more rounds to be stabilized. The others are not very sensitive to the
change of δ, but we observe that the number of required rounds decreases as the confidence
parameter increases.

Figure 3 previews the stopping rounds of the compared schemes with the increasing
ϵ = {0.002, 0.004, . . . , 0.02} and δ = 0.005. Here, we notice that MultiHDoC performs close
to MultiTUCB since it is designed for finding a good arm set with a single threshold. It
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Figure 2: Stopping times w.r.t. δ with synthetic data.
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Figure 3: Stopping times w.r.t. ϵ with synthetic data.
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also indicates our modifications to the baseline algorithm are valid. The stopping time of
all algorithms decreases along with the relaxed stopping condition. Our proposed algorithm
outperforms others not only in terms of straightforward stopping time but also in stability
and less turbulence. We generalize the detailed data in Table 2 and 3 for comparison.

Table 2: Standard Deviation of Stopping Time w.r.t. δ with Synthetic Data

δ MultiAPT MultiHDoC MultiLUCB MultiTUCB

0.005 9408.58 14589.53 9640.70 7465.55
0.010 9197.93 14374.44 9464.46 7393.21
0.015 9359.25 14167.67 9371.94 7354.64
0.020 8861.37 13947.92 8785.98 7382.50
0.025 9154.26 13569.75 8885.88 7313.47
0.030 9020.14 13688.36 8389.23 7302.48
0.035 8967.06 13513.67 8278.27 7233.80
0.040 8909.38 13612.20 8022.23 7225.78
0.045 9161.23 13393.54 7816.71 7237.46
0.050 8914.17 13429.67 8034.80 7213.29

Table 3: Standard Deviation of Stopping Time w.r.t. ϵ with Synthetic Data

ϵ MultiAPT MultiHDoC MultiLUCB MultiTUCB

0.002 10213.43 15203.78 10236.82 8116.02
0.004 9704.71 14821.15 9840.27 7615.36
0.006 9035.50 14501.22 9520.23 7284.30
0.008 8803.26 14413.35 9018.05 6953.02
0.010 8610.67 14300.52 8436.28 6672.03
0.012 8188.97 14164.40 7995.11 6369.55
0.014 8227.20 14083.09 7582.54 6099.59
0.016 8126.56 14008.76 7144.09 5886.65
0.018 8042.25 13878.92 6765.63 5679.36
0.020 7956.99 13810.01 6422.68 5404.42

5.2. Dose Confirmation for Cocktail Therapy

Cocktail therapy refers to a treatment approach that combines multiple drugs or therapeutic
agents to enhance effectiveness and achieve synergistic benefits. By targeting different
pathways simultaneously, cocktail therapy can improve treatment outcomes, reduce drug
resistance, and minimize side effects compared to single-drug treatments. Our work provides
insights into confirming the dose of each medicine in cocktail therapy. Current research
shows that overweight and type 2 diabetes are related (Ruze et al., 2023), and we give
insight into determining the dose of a possible cocktail therapy on two medicines for a
better treatment. Here, we regularize all data into the range (0, 1] for convenience, and the
larger means indicate the better curative effect.
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1. (Dose finding of LY3437943 compared with Dulaglutide (1.5mg) on glycated haemoglo-
bin change w.r.t. placebo (Urva et al., 2022)): Five Gaussian distributions with mean

µ
(1)
1 = 0.36, µ

(1)
2 = 0.59, µ

(1)
3 = 0.85, µ

(1)
4 = 0.95, µ

(1)
5 = 0.79, corresponds to dose

with unit mg as {1.5, 3, 3/6, 3/6/9/12} (3/6 means prescribe 3mg for the first half of
treatments and 6mg for the next half), and threshold ξ1 = 0.48, σ = 1.0.

2. (Dose finding of cagrilintide compared with Liraglutide (3.0mg) on bodyweight change

w.r.t. placebo (Lau et al., 2021)): Five Gaussian distributions with mean µ
(2)
1 = 0.375,

µ
(2)
2 = 0.475, µ

(2)
3 = 0.7625, µ

(2)
4 = 0.8375, µ

(2)
5 = 0.975, corresponds to dose with unit

mg as {0.3, 0.6, 1.2, 2.4, 4.5} with σ = 1.0 and threshold ξ2 = 0.75.
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Figure 4: Stopping times w.r.t. δ with medical data.

We combine LY3437943 (Urva et al., 2022) and cagrilintide (Lau et al., 2021) as shown
above and put the results in Figure 4 and Figure 5. The algorithm MultiAPT has a large
stopping time compared with others in this setting, and we omit it from the figures for
clarity. The behavior of MultiHDoC, MultiLUCB, and MultiTUCB is similar to the one in
Section 5.1.

Other complementary results are listed in Appendix B.

6. Conclusion

This work introduced the multi-thresholding good arm identification framework in a stochas-
tic bandit setting, where an arm is considered good if all components of its expected reward
vector exceed given thresholds. We proposed the MultiTUCB algorithm, which achieves an
upper bound on sample complexity scaling as O(lnM) w.r.t. M > 1 in the dominant term.
Meanwhile, we derive corresponding lower bounds, and we prove that it is an almost match
when a good arm exists and ϵ = 0. Experimental results demonstrated that MultiTUCB
outperforms three baseline methods on synthetic and real-world datasets.
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Figure 5: Stopping times w.r.t. ϵ with medical data.

As a direction for future work, it would be valuable to derive a better bound for the
cases when no good arm exists or ϵ > 0. Additionally, exploring more challenging settings,
such as high-dimensional feedback, is another promising direction.
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