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Distributed Multi-Task Learning for Stochastic
Bandits With Context Distribution and

Stage-Wise Constraints
Jiabin Lin and Shana Moothedath

Abstract—We present conservative multi-task learning in
stochastic linear contextual bandits with heterogeneous agents.
This extends conservative linear bandits to a distributed setting
where M agents tackle different but related tasks while adhering to
stage-wise performance constraints. The exact context is unknown,
and only a context distribution is available to the agents as in many
practical applications that involve a prediction mechanism to infer
context, such as stock market prediction and weather forecast. We
propose a distributed upper confidence bound (UCB) algorithm,
DiSC-UCB. Our algorithm dynamically constructs a pruned action
set for each task in every round, guaranteeing compliance with
the constraints. Additionally, it includes synchronized sharing of
estimates among agents via a central server using well-structured
synchronization steps. For d-dimensional linear bandits, we prove
an ˜O(d

√
MT ) regret bound and an O(M1.5d3) communication

bound on the algorithm. We extend the problem to a setting where
the agents are unaware of the baseline reward. We provide a
modified algorithm, DiSC-UCB-UB, and show that it achieves the
same regret and communication bounds. We empirically validated
the performance of our algorithm on synthetic data and real-world
Movielens-100 K and LastFM data and also compared it with some
existing benchmark algorithms.

Index Terms—Distributed learning, online learning, multi-arm
bandits, constrained contextual bandits.

I. INTRODUCTION

IN CONTEXTUAL Bandits (CB), an agent engages in a
series of interactions with an environment over multiple

rounds. At the start of each round, the environment presents
a context, and in response, the agent selects an action that yields
a reward. The agent’s objective is to choose actions to maximize
cumulative reward over a time horizon of T . CB algorithms find
applications in various fields, including robotics, clinical trials,
communications, and recommender systems. This paper extends
the standard CB problem in three ways.

First, the standard CB model assumes precise context obser-
vation, which does not always hold in real-world applications.
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For instance, contexts can be noisy measurements or predic-
tions, like weather forecasting or stock market analysis [1]. In
recommender systems, privacy constraints might limit access
to certain user features, but we can infer a distribution over
these features [2]. To address context uncertainty, motivated by
the prior work [1], we study a scenario where the environment
provides a context distribution. The exact context is treated as
a sample from this distribution and is hidden. Second, given
the increasing demand for safe learning in various real-world
systems, particularly those with safety-critical applications, this
paper delves into the impact of stage-wise safety constraints
on the linear stochastic bandit problem. Drawing inspiration
from prior works [3], [4], [5], our approach builds upon the
safety constraint introduced by [6] and later studied in [7]. In
our scenario, the agent has a baseline policy suggesting actions
with guaranteed expected rewards derived from historical data
or legacy policies. We enforce a safety constraint that requires
the agent’s chosen actions to yield expected rewards no less than
a predetermined fraction of those recommended by the baseline
policy. Third, multi-task learning enables models to simultane-
ously tackle multiple related tasks, leveraging common patterns
and improving overall performance [8], [9], [10], [11], [12]. By
sharing knowledge across tasks, multi-task learning can lead
to more efficient and effective models, especially when data is
limited or expensive to acquire. Multi-task bandit learning has
gained interest recently [13], [14], [15], [16], [17], [18], [19],
[20]. In this paper, we consider heterogeneous multi-task linear
stochastic CB problem with hidden contexts and stage-wise
performance constraints. A set ofM agents collaborate to solve
related but different tasks jointly; while the exact contexts are
hidden, only a context distribution is known to the agents,
and the agents are subject to performance constraints at every
decision round. The problem addressed in this work applies to
various bandit learning scenarios, such as recommender systems
and personalized medical treatments, where tasks are related
but not identical. While movies and TV shows share features,
some may be irrelevant across domains. Additionally, context
(e.g., user or patient data) can be noisy due to profile errors or
shared accounts. Often, a baseline policy guides recommenda-
tions based on past data, but platforms may impose constraints,
ensuring daily viewership remains above a threshold to maintain
revenue stability. These applications can significantly benefit
from our approach, as demonstrated in our empirical analysis in
Section VI.
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A. Our Contributions

The paper makes four key contributions.
1) We formulate the constrained multi-task contextual bandit

problem with hidden contexts and propose a distributed
UCB algorithm. A key aspect of our approach is the
construction of a safe action set at each learning round to
filter out actions that fail to meet performance constraints,
which is rather challenging since the contexts are un-
known. The unsafe action elimination method in existing
work [7], which assumes known contexts, is not directly
applicable to our setting with unknown contexts. Lemma 3
proves that our safe action set meets the performance
constraints, while Lemma 5 proves that the optimal action
in each round remains within the pruned set and is not
eliminated.

2) We show in Theorem 1 that the regret can be decomposed
into three terms: (i) an upper bound for the regret of the
distributed linear UCB algorithm, (ii) a term that captures
the loss since the contexts are unknown and (iii) a term
that accounts for the loss for being conservative to satisfy
the performance constraint. A key aspect of our analysis is
bounding the number of rounds the learner’s actions (NT )
and the conservative actions (N c

T ) are played, which we
establish in Theorem 2.
In Theorem 3, we provide an Õ(d

√
MT ) regret bound

and an O(M1.5d3) communication bound on the algo-
rithm, where d is the dimension of the feature vector. Our
proposed approach significantly outperforms the naive
method of solving the M tasks independently, which
results in a regret of Õ(dM

√
T ) [7], [21], thereby demon-

strating the effectiveness of multi-task learning.
3) We extend the problem to a setting where the agents

are unaware of the baseline reward value. We show that
the algorithm can be modified slightly to address this
case, and regret and communication bounds remain the
same.

4) We conducted numerical experiments using both synthetic
and real-world datasets (MovieLens and LastFM) to val-
idate our algorithms. Our methods consistently outper-
formed benchmark algorithms across all evaluations.

B. Related Work

Multi-task bandit learning: Collaborative bandit learning
has been explored in both homogeneous and heterogeneous
settings [10], [11], [12], [22], [23], [24], [25], [26]. In the
homogeneous setting, all tasks are identical, whereas in the
heterogeneous setting, tasks are distinct yet share underlying
similarities. In the homogeneous setting, distinct agents solve
a common task collaboratively using a shared reward param-
eter θ� [10], [11], [23], [25], [27]. Our work, on the contrary,
introduces a multi-task bandit learning in which heterogeneous
agents perform distinct tasks governed by heterogeneous reward
parameters Θ = {θ�i }i∈[M ]. This model finds relevance in var-
ious real-world scenarios where agents, possessing distinct yet
interrelated objectives, function within a collaborative setting.
[12], [22], [24] considered tasks with unique feature vectors.

However, their scenario treats each agent as a user/context,
resulting in a time-invariant situation. In contrast, our work
addresses a time-varying case. Another related line of work is
multi-task representation learning of bandits [13], [14], [15],
[16], [17], [19], [20] that focuses on learning a shared low-
dimensional representation between the tasks. Bandit problems
with sparsity constraints are studied in [18], [28]. None of these
works consider constrained learning or unobserved contexts.
Contextual bandits with partial observations have been studied
in [1], [10], [11]. A related line of work is partial monitoring,
where the rewards for the chosen actions are unobserved [29],
[30], [31]. Instead, the learner receives indirect feedback that
correlates with the rewards.

Constrained bandits: Constrained bandits have been well
studied, including [32], [33], [34], [35], [36], [37] under various
modeling assumptions. The two primary types of constraints
are: (i) budget constraints, where each arm incurs a random
resource consumption, and (ii) safety/performance constraints,
which ensure that the reward in each round meets or exceeds a
specified fraction of a baseline performance.

Refs. [3], [4], [37] considered a cumulative performance
constraint, which ensures that the total reward over the learning
horizon meets or exceeds a specified threshold, in contrast to
stage-wise constraints that must be satisfied in every round.
[32] considered linear constraint of the form x�Bθ� � C,
where B,C > 0 are a known matrix and a positive constant,
respectively. The most related works are [6], [7], which also
considered stage-wise performance constraints, however, in
a single task setting with observable contexts. In the multi-
task setting considered in our paper, each task is associated
with a distinct constraint, resulting in M constraints. Con-
strained Markov Decision Process (CMDP) extends traditional
MDPs by incorporating a cost function to ensure compliance
with constraints [38]. The safety specifications in the majority
of the CMDP methods are expected discounted cumulative
costs, and the goal is to maximize the expected performance
while minimizing the cost incurred from constraints. Con-
strained restless bandits, as studied by [39] addresses scenar-
ios where resource availability varies over time, necessitating
adaptive strategies to optimize decision-making under dynamic
constraints.

II. STOCHASTIC LINEAR CONTEXTUAL BANDITS

In this section, we will first introduce the standard linear
bandit, then the stochastic stage-wise constrained setting, and
finally, the distributed stochastic stage-wise constrained setting.
Let A be the action set and C be the context set.

Stochastic linear CBs: In linear bandits, at round t ∈ N, the
agent observes a context ct ∈ C and selects an action xt ∈ A.
The context-action pair (xt, ct) is mapped onto a feature vec-
tor φxt,ct ∈ Rd. Based on this feature vector φxt,ct , the agent
receives a reward yt ∈ R from the environment, where yt =
φ�xt,ct

θ� + ηt, with θ� representing an unknown reward param-
eter, and ηt is a σ−Gaussian noise with zero mean. Thus the
expected reward r(xt, ct) = E[yt]. The goal of the linear bandit
problem is to maximize the cumulative reward or, equivalently,
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minimizes the cumulative (pseudo) regret [21], as

minRT =

T∑
t=1

φ�x�
t ,ct

θ� −
T∑

t=1

φ�xt,ct
θ�. (1)

Here x�t is the optimal/best action for context ct, and xt is the
action chosen by the agent for context ct. [21], [40] showed that
the UCB policy achieves sublinear regret Õ(d

√
T ).

Stochastic linear CBs with stage-wise constraints: Here, the
agent is provided with a baseline policy. The baseline action
xbt has an expected reward rbt = φ�xbt ,ct

θ�. The agent’s ac-
tions are subject to the stage-wise conservative constraint rt =
φ�xt,ct

θ� � (1− α)rbt , where α ∈ [0, 1], such that the agent’s
action will be chosen only if it satisfies the constraint, otherwise,
the baseline action will be performed [6], [7]. This guarantees
that the expected reward for the agent at any round t remains
at least a pre-defined fraction (1− α) of the baseline reward.
The goal is to maximize the cumulative reward while satisfying
the stage-wise constraint. Formally, minimize the cumulative
(pseudo) regret while meeting the constraint

minRT such that φ�xt,ct
θ� � (1− α)rbt , for all t ∈ [T ]. (2)

For this setting, [6] presented an algorithm, referred to as SEGE
with regret bound Õ(d

√
T ) when the actions are constrained

to be from an ellipsoid, and [7] presented a UCB algorithm,
referred to as SCLUCB, and a Thompson sampling algorithm,
referred to as SCLTS, with regret bounds Õ(d

√
T ).

III. PROBLEM FORMULATION AND NOTATION

Notations: The norm of a vector z ∈ Rd with respect
to a matrix V ∈ Rd×d is defined as ‖z‖V :=

√
z�V z.

Further, � denotes matrix or vector transpose. Ft =
(F1, σ(x1, η1, · · ·xt, ηt)) be the filtration (σ−algebra) that rep-
resents the information up to round t. For an integerZ, we denote
[Z] = {1, 2, . . . , Z}.

Problem Formulation: In this work, we study multi-task
stochastic linear CBs with stage-wise constraints and context
distribution. We consider a set of M heterogeneous agents
performing different but related tasks such that their reward
parameters θ�i ∈ Rdi , for i ∈ [M ], satisfy a sparse structural con-
straint. Our problem models a joint multi-tasking bandit prob-
lem, where the set Θ = {θ�1 , θ�2 , . . . , θ�M} satisfies the sparse
structural constraints described below.

Constraint 1: (Sparse structural constraint on Θ) We define
an index set for tasksI = {I1, I2, . . . , IM}, where |Ii| = di. For
i ∈ {1, . . . ,M}, Ii is the index set of features that are relevant
to agent i. Without loss of generality, we assume d1 � d2 �
· · · � dM . Thus, Ii = {k ∈ {1, 2, . . . , d1} : kth feature of θ�1 ∈
θ�i }, where θ�i := θ�1 |Ii .

Further, we consider that at round t, the context ct is un-
observable and only a distribution of the context denoted as
the agents observe μt. At round t, the environment chooses
a distribution μt ∈ P(C) over the context set and samples a
context realization ct ∼ μt. The agents observe only μt and not
ct and each agent selects an action, say action chosen by agent
i is xt,i, and receive reward yt,i, where yt,i = φ�xt,i,ct

θ�i + ηt,i.
Moreover, each agent possesses a baseline policy, πbt,i, shaped

by their past experiences and domain expertise. This baseline
policy guides the derivation of a baseline action xbt,i aligned
with the specific context ct. This interplays with the performance
constraint, wherein each agent i is bound to select an action
meeting the condition defined πbt,i as described below.

Constraint 2: (Performance constraint on agent i w.r.t πbt,i)
Given a context ct and the baseline policyπbt,i, agent i can select
an action xt,i only if φ�xt,i,ct

θ�i � (1− α)rbt,i, where rbt,i is the
baseline action derived from πbt,i for ct.

Our aim is to maximize the cumulative reward,∑M
i=1

∑T
t=1 yt,i, while simultaneously satisfying constraints 1

and 2. Formally, our aim is to minimize the cumulative regret

RT =
M∑
i=1

T∑
t=1

(φx�
t,i,ct

−φxt,i,ct)
�θ�i s.t constraints1 & 2 hold.

(3)

Here x�t,i = arg maxxt,i∈AEc∼μt
[rxt,i,c] is the best action pro-

vided we knowμt, but not ct, andT is the total number of rounds,
and (1− α) ∈ (0, 1) is the maximum fraction of loss in the
performance compared to the baseline policy the decision maker
is willing to accept during learning. Letκbt,i = φ�x�

t,i,ct
θ�i − rbt,i

be the difference between the expected reward of the optimal
action x�t,i and the baseline action xbt,i at round t.

To solve the multi-task problem, we first transform the prob-
lem as follows. We transform the distributed multi-task problem
with feature vector φxt,i,ct ∈ Rdi and heterogeneous reward pa-
rameters θ�i ∈ Rdi for each agent into a distributed linear bandit
model with the heterogeneous feature vectors φi(xt,i, ct) ∈ Rd

and shared reward parameter θ�. We perform the mapping
of the feature vector φxt,i,ct ∈ Rdi to a new feature vector
φi(xt,i, ct) ∈ Rd1 . Henceforth for notational brevity, we define
d := d1 after dropping the subscript. This is achieved by retain-
ing the features corresponding to the index set Ii and setting
the value to zero for features not in the index set Ii resulting a
d-dimensional feature vector φi(xt,i, ct). We elaborate on this
process in the example given in Section A. Henceforth, our
analysis use heterogeneous features and shared θ�.

Assumption 1: Each element ηt,i of the noise se-
quence {ηt,i}∞,M

t=1,i=1 is conditionally σ−subGaussian, i.e.,

E[eληt,i |Ft−1] � exp( λ2σ2

2 ), for all λ ∈ R.
Assumption 2: For simplicity, we assume φ�xt,i,ct

θ�i ∈ [0, 1],
‖φxt,i,ct‖2 � 1, and ‖θ�i ‖2 � 1, for all i ∈ [M ] and all x ∈ A.

Assumption 3: There exist constantsκl � κh � 0, rh � rl �
0 such that at each round t, κl � κbt,i � κh, rl � rbt,i � rh.

IV. DISTRIBUTED STAGE-WISE CONTEXTUAL BANDITS WITH

CONTEXT DISTRIBUTION

A. Proposed Algorithm

In this section, we introduce our proposed UCB algorithm,
referred to as distributed stage-wise contextual bandits with
context distribution algorithm (DiSC-UCB). We present the
pseudocode in Algorithm 1.

Given the distribution μt, as in [1] we first construct the het-
erogeneous feature vectors Ψt,i = {ψi(x, μt) : x ∈ A}, where
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{ψi(x, μt) := Ec∼μt
[φi(x, ct)]} is the expected feature vec-

tor of action x under μt. We use Ψt,i as the feature set
at round t. DiSC-UCB is based on the optimization in the
face of the uncertainty principle. In each round t ∈ [T ], each
agent i ∈ [M ] maintains confidence set Bt,i ⊆ Rd that con-
tains the unknown reward parameter θ� with high probabil-
ity and constructs a pruned action set Xt,i by eliminating a
subset of the actions that violate the constraints. After Xt,i

is determined, agents derive the corresponding pruned fea-
ture set Ξt,i = {ψi(x, μt) : x ∈ Xt,i}, which is a subset of
Ψt,i. Each agent then chooses an optimistic estimate θ̃t,i ∈
argmaxθ∈Bt,i

(maxx∈Xt,i
ψi(x, μt)

�θ)) and chooses an ac-
tion x′t,i ∈ argmaxx∈Xt,i

ψi(x, μt)
�θ. Equivalently, the agent

chooses (x′t,i, θ̃t,i) ∈ argmax(x,θ)∈Xt,i×Bt,i
ψi(x, μt)

�θ.
If the optimization is feasible, the agents choose their respec-

tive optimistic action x′t,i and get the feature vector ψi(x
′
t,i, μt)

under a certain condition; otherwise, the agents choose their
baseline action xbt,i and get the conservative feature vector
ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i. This approach, in-
troduced in [6] and later applied in [7], [41], ensures the agents
learn even when not satisfying the performance constraint in a
round. We assume the agents know the baseline action xbt,i and
its corresponding expected reward rbt,i [6], [7], [41]. Here, α is
a known parameter, similar to [3] and [4]. After receiving their
reward yt,i, agents update their local parameters, which are then
used as the basis for updating their respective confidence set and
pruned action sets.

In the synchronization phase, at predetermined time intervals,
agents exchange all the latest gathered estimates. We refer to
the rounds between these synchronization points as epochs.
Such a synchronization method was introduced in [23], de-
signed based on the observation in [21] that the change in the
determinant of V̄t,i = λI + ψi(xt,i, μt)ψi(xt,i, μt)

� is a good
indicator of the learning progress. Specifically, synchronization
happens only when agent i recognizes that the log-determinant
of V̄t,i has changed by more than a constant factor since the last
synchronization. This method reduces the communication cost
of the algorithm. Next, we will explain the construction of the
confidence set and the pruned action set.

Construction of the Confidence Set Bt,i: After obtaining the
estimate θ̂t,i of the unknown parameter θ�, we construct the
confidence set Bt,i as follows.

Bt,i =
{
θ ∈ Rd : ‖θ̂t,i − θ‖V̄t,i

� βt,i

}
, where

βt,i=βt,i(σ, δ)=σ

√
2 log

(
det(V̄t,i)1/2det(λI)−1/2

δ

)
+ λ1/2

and V̄t,i = λI +Wt,i, θ̂t,i = V̄ −1
t,i Ut,i. (4)

In Lemma 1 we show that by setting βt,i = βt,i(
√
1 + σ2, δ/2),

we can construct the confidence set Bt,i such that the reward
parameter θ� will always be contained within the confidence set
Bt,i with a high probability.

Construction of Pruned Action Set Xt,i: In standard con-
strained bandit settings [7], verifying whether an action satisfies

Algorithm 1: Distributed Stage-wise Contextual Bandits
with Context Distribution (DiSC-UCB).

1: Initialization: B = (T logMT
dM ), λ = 1, Wsyn =

0, Usyn = 0,Wt,i = 0, Ut,i = 0, tlast = 0, Vlast = λI
2: for t = 1, 2, . . . , T do
3: Nature chooses μt ∈ P(C) and agent observes μt

4: Set Ψt,i = {ψi(x, μt) : x ∈ A} where
{ψi(x, μt) := Ec∼μt

[φi(x, ct)]} for each agent i
5: for Agent i = 1, 2, . . . ,M, do
6: V t,i = λI +Wsyn +Wt,i, θ̂t,i =

V̄ −1
t,i (Usyn + Ut,i)

7: Construct confidence set Bt,i using V t,i, θ̂t,i
8: Compute pruned action set Xt,i using

ψi(x, μt), θ̂t,i
9: Construct feature set Ξt,i = {ψi(x, μt) : x ∈ Xt,i}

10: if the following optimization is feasible:
(x′t,i, θ̃t,i) = argmax(x,θ)∈Xt,i×Bt,i

〈ψi(x, μt), θ〉
then

11: Set F = 1, else F = 0
12: end if
13: if F = 1 and λmin(V̄t,i) � (

2βt,i

αrbt,i
)2 then

14: Choose xt,i = x′t,i, get the feature vector
ψi(x

′
t,i, μt), and receive the reward yt,i

15: else
16: Choose xt,i = xbt,i, get conservative feature

vector
ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i and
ybt,i

17: end if
18: Update Ut,i = Ut,i + ψi(xt,i, μt)yt,i,

Wt,i =Wt,i + ψi(xt,i, μt)ψi(xt,i, μt)
�,

Vt,i = λI +Wsyn +Wt,i

19: if log(det(Vt,i)/det(Vlast)) · (t− tlast) � B then
20: Send a synchronization signal to the server to

start a communication round
21: end if
22: Synchronization round:
23: if a communication round is started then
24: All agents i ∈ [M ] send Wt,i, Ut,i to server
25: Server computes Wsyn =

Wsyn +
∑M

i=1Wt,i, Usyn = Usyn +
∑M

i=1 Ut,i

26: All agents receive Wsyn, Usyn from server
27: Set Wt,i = Ut,i = 0, tlast = t, for all i,

Vlast = λI +Wsyn

28: end if
29: end for
30: end for

the constraints is straightforward because the context is known.
As a result, the safe action set is typically constructed by directly
checking each action against the constraints and eliminating
those that fail to meet them. However, in our setting, the context
is unknown, making such a direct approach to constructing
the safe action set infeasible. Since the agents only observe
the context distribution and the exact contexts are unknown,
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we need to use estimated feature maps to construct a feasible
action set. We now present our approach to tackling this issue
by constructing a pruned action set, Xt,i, to eliminate unsafe
actions.

In every iteration, each agent refines its action set by ex-
cluding actions that fail to satisfy the baseline condition. This
is further complicated by the unknown nature of the actual
context, rendering the utilization of the feature vectorφi(xt,i, ct)
impractical for constructing the pruned action set. Our approach
utilizes θ̂t,i, V̄t,i, and ψi(xt,i, μt). The pruned action set aims to
eliminate actions violating the baseline constraint, necessitating
criteria for excluding unsafe actions. While constructing the
pruned action set, we analyze two cases. 1) φi(xt,i, ct)�θ̂t,i �
ψi(xt,i, μt)

�θ̂t,i and 2)φi(xt,i, ct)�θ̂t,i � ψi(xt,i, μt)
�θ̂t,i. We

address case 1) first and explain the process of constructing a
subset of actions that satisfy the constraint for all v ∈ Bt,i. We
provide alternate sufficient conditions for deriving the safe ac-
tion set. We use the symbol ‘⇐’ to show that a certain condition
implies another. Define

X 1
t,i := {xt,i ∈ A : φi(xt,i, ct)

�v � (1− α)rbt,i, ∀ v ∈ Bt,i}
(5)

⇐ {xt,i ∈ A : φi(xt,i, ct)
�(v − θ̂t,i) + ψi(xt,i, μt)

�θ̂t,i

+(φi(xt,i, ct)− ψi(xt,i, μt))
�θ̂t,i � (1− α)rbt,i, ∀v ∈ Bt,i}

⇐ {xt,i ∈ A : ψi(xt,i, μt)
�θ̂t,i �

βt,i√
λmin(V̄t,i)

+(1−α)rbt,i}
(6)

where the last step follows from φi(xt,i, ct)
�θ̂t,i � ψi(xt,i,

μt)
�θ̂t,i and φi(xt,i, ct)

�(v − θ̂t,i) � − βt,i√
λmin(V̄t,i)

from

Lemma 2. All actions that meet the conditions in (6) also fulfill
the requirements of (5), thus ensuring safety.

Now we consider case 2), where φi(xt,i, ct)
�θ̂t,i �

ψi(xt,i, μt)
�θ̂t,i. In this case, our approach is to first identify

actions that violate the baseline constraint, X̄ 2
t,i, and then elim-

inate those actions from the action set A.

X̄ 2
t,i := {xt,i ∈ A : φi(xt,i, ct)

�v � (1− α)rbt,i, ∀v ∈ Bt,i}
(7)

⇐ {xt,i ∈ A : φi(xt,i, ct)
�(v − θ̂t,i)

+φi(xt,i, ct)
�θ̂t,i � (1− α)rbt,i, ∀v ∈ Bt,i}

⇐ {xt,i ∈ A : ψi(xt,i, μt)
�θ̂t,i �

−βt,i√
λmin(V̄t,i)

+(1−α)rbt,i}
(8)

where the last step follows from φi(xt,i, ct)
�θ̂t,i �

ψi(xt,i, μt)
�θ̂t,i and φi(xt,i, ct)

�(v − θ̂t,i) � βt,i√
λmin(V̄t,i)

from Lemma 2. Note that, all actions that meet the conditions
in (8) also fulfill the requirements of 7, consequently rendering
them unsafe. By taking the difference between A and X̄ 2

t,i, we

determine X 2
t,i = A \ X̄ 2

t,i

={xt,i∈A : ψi(xt,i, μt)
�θ̂t,i �

−βt,i√
λmin(V̄t,i)

+(1− α)rbt,i}.

Given X 1
t,i and X 2

t,i, we obtain the pruned action set by taking
the intersection between X 1

t,i and X 2
t,i, given by

Xt,i =

{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i

� βt,i√
λmin(V̄t,i)

+(1− α)rbt,i

}
.

At round t, each agent chooses a pair (x′t,i, θ̃t,i), where x′t,i ∈
Xt,i and θ̃t,i ∈ Bt,i that jointly maximizes the current reward
while ensuring that the baseline constraint is met. That is,

(x′t,i, θ̃t,i) = argmax
(x,θ)∈Xt,i×Bt,i

〈ψi(x, μt), θ〉 .

The pruned action set Xt,i is constructed by considering all
θ ∈ Bt,i, not just θ�. If the pruned action set is non-empty and
satisfies a constraint λmin(V̄t,i) � (

2βt,i

αrbt,i
)2, the agent chooses

x′t,i and get the feature vector ψi(x
′
t,i, μt); otherwise, the agent

chooses the baseline action xbt,i and get the conservative fea-
ture vector ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i, which is
detailed below. We consider the constraint on λmin(V̄t,i) �
(

2βt,i

αrbt,i
)2, as it ensures that, with high probability, the best

action x�t,i always belongs to the pruned action set. We will
provide detailed proof for this claim later in Lemma 5. A similar
condition on the smallest eigenvalue of the Gram matrix is used
in [7], yet our proof approach is different from [7] due to the
reliance on known feature vectors (contexts), which contrasts
with our scenario. We note that since X̄ 2

t,i is a subset of the
actions that are unsafe, X 2

t,i may contain some unsafe actions.
We will demonstrate in Lemma 3 that when the agent’s action
is played, the chosen action from the pruned set will not violate
the baseline constraint with high probability.

Conservative feature vector: In our problem, each agent i
is assigned a baseline policy, and in each round t, a baseline
action xbt,i is recommended based on that policy. The agent’s
objective is to carry out explorations, ensuring that the rewards
achieved from exploratory action xt,i remain reasonably com-
parable to the rewards from the baseline action. Our approach
draws inspiration from [6] and [7], where the conservative
feature vectors for the baseline actions are combined with
random exploration while maintaining adherence to stage-wise
safety constraints. We construct a conservative feature vector
ψi(xt,i, μt) to be a convex combination of the baseline action’s
feature vector ψi(xbt,i, μt) and a random noise vector ζt,i,
expressed as ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i, where
ζt,i is a sequence of independent random vectors with zero
means, and we assume that ‖ζt,i‖2 = 1. ρ is a constant value in
the range (0, αrl

1+rh
], and we can ensure that when ρ ∈ (0, αrl

1+rh
],

the conservative feature vector is always in the feature vector set
Ξt,i (Lemma 4). By identifying the conservative feature vector
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through this convex combination, we can guarantee that the
agent continues to learn in every round.

B. Theoretical Analysis on Safety Guarantees

In this section, we establish safety guarantees for the DiSC-
UCB algorithm. We begin with two preliminary results in Lem-
mas 1 and 2. Then, in Lemmas 3, 4, and 5, we prove that the
pruned safe action set satisfies the performance constraints while
ensuring the optimal actions are preserved.

Lemma 1: For any δ > 0, with a probability of 1−Mδ, θ�

will always exist inside the confidence set Bt,i defined by (4)
where βt,i = βt,i(

√
1 + σ2, δ/2) for all value of t and i.

Proof: Drawing inspiration from Theorem 1 in [1], we imple-
ment a similar approach to analyze the reward yt,i, In particular,
we observe that the reward yt,i = φi(xt,i, ct)

�θ� + ηt,i can be
alternatively represented as

yt,i = ψi(xt,i, μt)
�θ� + ξt,i + ηt,i,

where ξt,i = (φi(xt,i, ct)− ψi(xt,i, μt))
�θ�. In this representa-

tion, (ξt,i + ηt,i) serves as the noise component associated with
ψi(xt,i, μt)

�θ�. Given that |ξt,i| � 1, ξt,i is a 1-subgaussian.
Therefore, yt,i can be viewed as an observation of reward
obtained from ψi(xt,i, μt)

�θ� with the presence of noise pa-
rameterized by

√
1 + σ2. Thus, we can define the confidence

bound for the least squares estimator of ψi(xt,i, μt) while guar-
anteeing that θ� is always present within it with probability
1− δ, using updated parameters. The parameter ρ for βt,i is
given by

√
1 + σ2. Further, when considering the upper bound

of cumulative regret, we use the Azuma-Hoeffding inequality
to determine the upper bound of the regret gap term from
the context distribution with probability 1− δ. By using the
union bound, the probabilities can be combined, providing a
resulting probability of 1− 2δ. We propose a substitution such
that δ′ = 2δ. Therefore, the parameter δ for ourβt,i is changed to
δ′
2 . Finally, our proof is completed by considering the presence
of M agents and using the union bound.

According to Lemma 1, with a probability of 1−Mδ, θ� is
always included inside the confidence set Bt,i for all values of t
and i. Thus, Lemma 1 guarantees that for each round t, θ� ∈ Bt,i

holds for every agent iwith probability at least 1−Mδ. We have
the following result for Algorithm 1.

Lemma 2: In the DiSC-UCB algorithm, Algorithm 1, all
values of v ∈ Bt,i, satisfy the following two inequalities.

− βt,i√
λmin(V̄t,i)

� φi(xt,i, ct)
�(θ̂t,i − v) � βt,i√

λmin(V̄t,i)
and

− βt,i√
λmin(V̄t,i)

� ψi(xt,i, μt)
�(θ̂t,i − v) � βt,i√

λmin(V̄t,i)
.

Proof: We begin by noticing that V̄t,i is a symmetric semi-
positive definite matrix thus, it can be decomposed by eigenval-
ues. From this, we can derive the inequality as follows.

‖φi(xt,i, ct)‖V̄ −1
t,i

=
√
φi(xt,i, ct)�V̄ −1

t,i φi(xt,i, ct)

�
√
φi(xt,i, ct)�(QΣQ�)−1φi(xt,i, ct)

�
√
φi(xt,i, ct)�QQ�φi(xt,i, ct)

λmin(V̄t,i)

=

√
φi(xt,i, ct)�φi(xt,i, ct)

λmin(V̄t,i)
=

‖φi(xt,i, ct)‖2√
λmin(V̄t,i)

� 1√
λmin(V̄t,i)

.

Then, by using the Cauchy–Schwarz inequality, we can write

φi(xt,i, ct)
�(θ̂t,i − v)

� ‖φi(xt,i, ct)‖‖θ̂t,i − v‖
= ‖V̄ 1/2

t,i φi(xt,i, ct)‖V̄ −1
t,i

‖V̄ −1/2
t,i (θ̂t,i − v)‖V̄t,i

� ‖V̄ 1/2
t,i ‖V̄ −1

t,i
‖φi(xt,i, ct)‖V̄ −1

t,i
‖V̄ −1/2

t,i ‖V̄t,i
‖(θ̂t,i − v)‖V̄t,i

= ‖φi(xt,i, ct)‖V̄ −1
t,i

‖(θ̂t,i − v)‖V̄t,i
� βt,i√

λmin(V̄t,i)

Similarly, we derive the second condition. �
In the next lemma, we show that an action chosen by the

learning agent in line 14 of Algorithm 1 satisfies the baseline
constraint. Let us define x̄�t,i = arg maxx̄�

t,i∈Arxt,i,c.
Lemma 3: In the DiSC-UCB algorithm, Algorithm 1, with

probability 1−Mδ, any action chosen by the agent from the
pruned action set Xt,i satisfies the performance constraint if
λmin(V̄t,i) � (

2βt,i

αrbt,i
)2.

Proof: Let x̄ denote an arbitrary action in the pruned action
set Xt,i that does not meet the performance constraint. Our goal
is to show that when the agent’s action is played, an action in
Xt,i that satisfies the performance constraint will be selected,
i.e., x̄ is not selected. Based on the definition of x̄�t,i, it can be
observed that x̄�t,i is always contained within the pruned action
set Xt,i and meets the performance constraint. To this end, if we
show

max
θ1∈Bt,i

ψi(x̄
�
t,i, μt)

�θ1 > max
θ2∈Bt,i

ψi(x̄, μt)
�θ2,

it ensures that actions within Xt,i that violate the baseline con-
straint are never selected. Since x̄ does not satisfy the baseline
constraint, we know φi(x̄, ct)

�θ� < (1− α)rbt,i which leads to

ψi(x̄, μt)
�θ� = E[φi(x̄, ct)

�θ�] < (1− α)rbt,i. (9)

Moreover, we have

ψi(x̄
�
t,i, μt)

�θ� − rbt,i = E[φi(x̄
�
t,i, ct)

�θ� − rbt,i] � 0.
(10)

To show maxθ1∈Bt,i
ψi(x̄

�
t,i, μt)

�θ1 > maxθ2∈Bt,i
ψi(x̄, μt)

�

θ2, based on Lemma 1, it is sufficient to demonstrate
that with probability 1−Mδ, ψi(x̄

�
t,i, μt)

�θ� > maxθ2∈Bt,i

[ψi(x̄, μt)
�θ� + ψi(x̄, μt)

�(θ2 − θ̂t,i) + ψi(x̄, μt)
�(θ̂t,i −

θ�)]. By using (9), (10) and Lemma 2, we prove the afore-
mentioned inequality always holds if λmin(V̄t,i) � (

2βt,i

αrbt,i
)2.

Therefore, we conclude that with probability1−Mδ, any action
chosen by Algorithm 1 from the pruned action set Xt,i satisfies
the performance constraint if λmin(V̄t,i) � (

2βt,i

αrbt,i
)2.
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Lemma 4: At each round t, given the fraction α, for any
ρ ∈ (0, ρ̄], where ρ̄ = αrl

1+rh
, the conservative feature vector

ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i is safe.
Proof: To demonstrate the safety of the conservative feature

vector ψi(xt,i, μt) = (1− ρ)ψi(xbt,i, μt) + ρζt,i, we need to
show that ((1− ρ)φi(xbt,i, ct) + ρζt,i)

�θ� � (1− α)rbt,i al-
ways holds. This can be shown by verifying the following
condition

rbt,i − ρrbt,i + ρζ�t,iθ
� � (1− α)rbt,i,

which is equivalent to ρ(rbt,i − ζ�t,iθ
�) � αrbt,i By applying

Cauchy Schwarz inequality, we deduce

ρ � αrbt,i
1 + rbt,i

. (11)

Consequently, by setting a lower bound for the right-hand side of
(11) with the assumption rl � rbt,i � rh, ρ � αrl

1+rh
. Therefore,

for any ρ � αrl
1+rh

, the conservative feature vectorψi(xt,i, μt) =

(1− ρ)ψi(xbt,i, μt) + ρζt,i is safe. �
Remark 1: Lemma 3 and Lemma 4 thus jointly prove that

all the actions chosen by the proposed DiSC-UCB algorithm
guarantees safety constraints.

Next, we show optimal action x�t,i always exists within the

pruned action set when λmin(V̄t,i) � (
2βt,i

αrbt,i
)2. We extend the

approach in Lemma C.1 in [7] to the unknown context case.
Lemma 5: Let λmin(V̄t,i) � (

2βt,i

αrbt,i
)2. Then, with probability

1−Mδ, the optimal action x�t,i lies in the pruned action set Xt,i

for all M agent, i.e., x�t,i ∈ Xt,i.
Proof: To prove the optimal action x�t,i always exists in the

pruned action set under the condition on the smallest eigenvalue
of the Gram matrix, we need to show

ψi(x
�
t,i, μt)

�θ̂t,i �
βt,i√

λmin(V̄t,i)
+ (1− α)rbt,i,

which is equivalent to demonstrating ψi(x
�
t,i, μt)

�(θ̂t,i −
θ�) + ψi(x

�
t,i, μt)

�θ� � βt,i√
λmin(V̄t,i)

+ (1− α)rbt,i. By using

Lemma 1, it can be determined that with probability 1−
Mδ, θ� lies within the confidence set Bt,i. Subsequently,
applying Lemma 2, we recognize that with probability 1−
Mδ, ψi(x

�
t,i, μt)

�(θ̂t,i − θ�) � − βt,i√
λmin(V̄t,i)

, and it is also

known that ψi(x
�
t,i, μt)

�θ� − rbt,i � ψi(x̄
�
t,i, μt)

�θ� − rbt,i =

E[φi(x̄�t,i, ct)
�θ� − rbt,i] � 0. Hence, the sufficient condition

for our result is λmin(V̄t,i) � (
2βt,i

αrbt,i
)2. Thus, the above analysis

verifies that with probability 1−Mδ, the optimal action x�t,i is
always present in the pruned action set with probability 1−Mδ

under the condition λmin(V̄t,i) � (
2βt,i

αrbt,i
)2. �

C. Regret Analysis

In this section, we derive regret and communication bounds
for DiSC-UCB. Let |Nt−1| denote the set of rounds j < t
where our algorithm chooses the safe action, and similarly,
|N c

t−1| = {1, . . . , t− 1} − |Nt−1| represents the set of rounds
j < t where our algorithm selects conservative actions.

In Theorem 1, we decompose our cumulative regret into
three terms. The first two terms reflect the regret of choosing
the agents’ suggested actions. Term 2 is due to the agent’s
limitation of only observing the context distribution μt with-
out accessing the exact context ct. To quantify this term, we
reduce it to a martingale difference sequence and then apply the
Azuma-Hoeffding inequality. Term 3 results from selecting the
conservative feature vector whenever the actions suggested by
the agents do not meet the constraints.

Theorem 1: The regret of the DiSC-UCB algorithm, Algo-
rithm 1, can be decomposed into three terms as follows

RT � 4βT
√
M |NT |d log(M |NT |)(1 + log(M |NT |))︸ ︷︷ ︸

Term 1

+ 4

√
2M |NT | log

(
2

δ

)
︸ ︷︷ ︸

Term 2

+

M∑
i=1

∑
t∈|Nc

T |
(κh + ρrh + ρ)

︸ ︷︷ ︸
Term 3

.

Proof: Let τ be the last round in which Algorithm 1 plays
the agent’s action, τ = max{1 � t � T | xt,i = x′t,i}. By the
definition of cumulative regret, we have

RT =

M∑
i=1

T∑
t=1

(φi(x
�
t,i, ct)

�θ� − φi(xt,i, ct)
�θ�)

=
M∑
i=1

∑
t∈|NT |

(φi(x
�
t,i, ct)

�θ� − φi(xt,i, ct)
�θ�)

+

M∑
i=1

∑
t∈|Nc

T |
(φi(x

�
t,i, ct)

�θ� − φi(xt,i, ct)
�θ�)

=

M∑
i=1

∑
t∈|NT |

(φi(x
�
t,i, ct)

�θ� − φi(xt,i, ct)
�θ�)

+
M∑
i=1

∑
t∈|Nc

T |
(φi(x

�
t,i, ct)

�θ� − (1− ρ)φi(xbt,i, ct)
�

× θ� − ρζ�t,iθ
�)

�
M∑
i=1

∑
t∈|NT |

(φi(x
�
t,i, ct)

�θ� − φi(xt,i, ct)
�θ�)

︸ ︷︷ ︸
Agents′ term

+

M∑
i=1

∑
t∈|Nc

T |
(κbt,i + ρrbt,i + ρ) (12)

� 4βT
√
M |NT |d log(MT )+4βT

√
MTd logMT log(MT )︸ ︷︷ ︸

Term 1

+

√
2M |NT | log 2

δ︸ ︷︷ ︸
Term 2

+

M∑
i=1

∑
t∈|Nc

T |
(κh + ρrh + ρ)

︸ ︷︷ ︸
Term 3

, (13)
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where (12) follows from definition of κbt,i := φi(x
�
t,i, ct)

�θ� −
rbt,i, and −ζ�t,iθ� � |ζ�t,iθ�| � ‖ζt,i‖‖θ�‖ � 1. Equation (13)
is derived through the analysis of the Agents’ term ‘in (12)
and κbt,i � κh, rbt,i � rh. The Agents’ term captures the un-
constrained case studied in our earlier work [10] (see Theo-
rem 4.1, [10], presented in Proposition 3 in Appendix˜B in arXiv
version.). Given that |NT | = T − |N c

T |, the remaining section
of our proof focuses on determining the upper bound and lower
bound for |N c

T |. �
Consider any round t during which the agent plays the

agent’s action, i.e., at round t, both condition F = 1 is
met and λmin(V̄t,i) � (

2βt,i

αrbt,i
)2 is satisfied. By Lemma 5, if

λmin(V̄t,i) � (
2βt,i

αrbt,i
)2, it is guaranteed that x�t,i ∈ Xt,i. Con-

sequently, λmin(V̄t,i) � (
2βt,i

αrbt,i
)2 is sufficient to guarantee that

Xt,i is non-empty. To this end, our analysis of Algorithm 1 will
henceforth only focuses on the conditionλmin(V̄t,i) � (

2βt,i

αrbt,i
)2.

Lemma 6: The smallest eigenvalue of the Gram matrix
λmin(V̄t,i) satisfies λmin(V̄t,i) is upper bounded by

(λ +MT ) + 2Mρ(ρ− 1)|N c
T |

+

√
32Mρ2(1− ρ)2|N c

T | log
(
d

δ

)
.

Proof: We start with the definitions of V̄t,i,Wsyn,Wt,i

V̄t,i = λI +Wsyn +Wt,i

= λI +
M∑
i=1

tlast∑
t=1

ψi(xt,i, μt)ψi(xt,i, μt)
�

+

T∑
t=tlast

ψi(xt,i, μt)ψi(xt,i, μt)
�

� λI +

M∑
i=1

T∑
t=1

ψi(xt,i, μt)ψi(xt,i, μt)
�

� λI +
M∑
i=1

∑
t∈|NT |

ψi(xt,i, μt)ψi(xt,i, μt)
�

+

M∑
i=1

∑
t∈|Nc

T |
((1− ρ)ψi(xbt,i, μt) + ρζt,i)

× ((1− ρ)ψi(xbt,i, μt) + ρζt,i)
�

� λI +
M∑
i=1

∑
t∈|NT |

I +
M∑
i=1

∑
t∈|Nc

T |
((1− ρ)2I

+ ρ(1− ρ)ψi(xbt,i, μt)ζ
�
t,i

+ ρ(1− ρ)ζt,iψi(xbt,i, μt)
� + ρ2I), (14)

where (14) follows by substituting the feature vectors corre-
sponding to the rounds in which the learner’s chosen action is
played and those in which the conservative action is played. The
last step follows since ψi(xt,i, μt)ψi(xt,i, μt)

� � I are rank-1

matrices with ‖ψi(xt,i, μt)‖2 � 1, and thus their eigenvalues are
either 1 or 0. By considering the above relationships and using
|NT | = T − |N c

T |, we obtain

V̄t,i � λI +M(T − |N c
T |)I +M |N c

T |(2ρ2 − 2ρ+ 1)I

+
M∑
i=1

∑
t∈|Nc

T |
Ut,i,

where Ut,i = ρ(1− ρ)ψi(xbt,i, μt)ζ
�
t,i + ρ(1−

ρ)ζt,iψi(xbt,i, μt)
�. By applying Weyl’s inequality,

λmin(V̄t,i) � (λ +MT ) + 2Mρ(ρ− 1)|N c
T |

+ λmax

⎛⎝ M∑
i=1

∑
t∈|Nc

T |
Ut,i

⎞⎠ . (15)

Next, we use the matrix Azuma inequality to determine the upper
bound of λmax(

∑M
i=1

∑
t∈|Nc

T | Ut,i). From the definition ofUt,i,
it follows that E[Ut,i|Fs−1] = 0 and

max
‖u‖2=‖v‖2=1

u�Ut,iv = ρ(1− ρ)(u�ψi(xbt,i, μt))(v
�ζt,i)�

+ ρ(1− ρ)(u�ζt,i)(v�ψi(xbt,i, μt))
� (16)

� ρ(1− ρ)‖ψi(xbt,i, μt)‖‖ζt,i‖
+ ρ(1− ρ)‖ζt,i‖‖ψi(xbt,i, μt)‖

� 2ρ(1− ρ), (17)

where (16) follows from Cauchy-Schwarz inequality, (17) fol-
lows from ‖ψi(xbt,i, μt)‖ � 1 and ‖ζt,i‖ = 1. Further, we uti-
lize the property that for any matrix A, we have A2 � ‖A‖22I ,
where ‖A‖2 is the maximum singular value of A given by
σmax(A) = max‖u‖2=‖v‖2=1 u

�Av. Thus

U2
t,i � σmax(Ut,i)

2I � 4ρ2(1− ρ)2I.

Moreover, by using the triangular inequality, we can express

‖
M∑
i=1

∑
t∈|Nc

T |
U2
t,i‖ �

M∑
i=1

∑
t∈|Nc

T |
‖U2

t,i‖ � 4Mρ2(1− ρ)2|N c
T |.

Now, by applying the matrix Azuma inequality, for any c � 0,

P

⎛⎝λmax(

M∑
i=1

∑
t∈|Nc

T |
Ut,i) � c

⎞⎠
� d exp

(
− c2

32Mρ2(1− ρ)2|N c
T |
)
.

Thus we have, with probability 1− δ,

λmax

⎛⎝ M∑
i=1

∑
t∈|Nc

T |
Ut,i

⎞⎠ �
√

32Mρ2(1− ρ)2|N c
T | log

(
d

δ

)
.

Combining the above result with (15), we obtain

λmin(V̄t,i) � (λ +MT ) + 2Mρ(ρ− 1)|N c
T |
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+

√
32Mρ2(1− ρ)2|N c

T | log
(
d

δ

)
. (18)

This concludes the proof of Lemma 6, which demonstrates the
upper bound for λmin(V̄t,i) based on the stated inequalities. �

Lemma 7: For any, a, b, c > 0, if ax+ c �
√
bx, then the

following holds for x � 0

b− 2ac−√
b2 − 4abc

2a2
� x � b− 2ac+

√
b2 − 4abc

2a2
.

Proof: Let a, b, c > 0, and consider the inequality ax+ c �√
bx. We can square both sides and rearrange them to obtain

the quadratic inequality a2x2 − (b− 2ac)x+ c2 � 0. Since
a2 > 0, we can apply the solution formula for quadratic in-
equalities to express the solution for x b−2ac−√

b2−4abc
2a2 � x �

b−2ac+
√
b2−4abc

2a2 . �
To determine the upper bound of the cumulative regret in

Theorem 1, we determine the upper bounds of |NT | and |N c
T |.

Given that |N c
T | = T − |NT |, we compute the upper and lower

bounds for |N c
T |. This is given in Theorem 2.

Theorem 2: In the DiSC-UCB algorithm, Algorithm 1, the
upper bound and lower bound of |N c

T | are given by

|N c
T | �

4

M
log

(
d

δ

)
−

(
2β0,i

αrl

)2

− (λ +MT )

2Mρ(1− ρ)

−

√√√√√ 16

M2
log2

(
d

δ

)
−

4

((
2β0,i

αrl

)2

− (λ +MT )

)
log

(
d
δ

)
M2ρ(1− ρ)

|N c
T | �√√√√√√(
4
√
6

M
log

(
d

δ

))2

−
16

((
2β0,i

αrl

)2

− (λ +MT )

)
log

(
d
δ

)
M2ρ(1− ρ)

,

where β0,i = σ
√
2 log 1

δ + λ
1
2 and T � 1

M

[(
2βτ,i

αrl

)2

− λ

]
.

Proof: Recall that τ is the last round in which Algorithm 1
plays the agent’s action. Given any round t that the agent’s action
is played, we have λmin(V̄t,i) � (

2βt,i

αrbt,i
)2. By using rbt,i � rl,

it follows that λmin(V̄t,i) � (
2βt,i

αrl
)2. From (18), we derive(

2βτ,i
αrl

)2

� (λ +Mτ) + 2Mρ(ρ− 1)|N c
τ |

+

√
32Mρ2(1− ρ)2|N c

τ | log
(
d

δ

)
By setting the gradient of 2ρ(ρ− 1) to zero, 2ρ(ρ− 1) ∈
[0, 12 ]. Moreover, it is obvious that |N c

T | − |N c
τ | =

T − τ . Consequently, we can obtain the inequalities
(
2βτ,i

αrl
)2 � (λ + MT ) + 2 Mρ(ρ − 1)|N c

T | +√
32 Mρ2(1 − ρ)2|N c

T | log(dδ )2 Mρ(1 − ρ)|N c
T | +

(
2βτ,i

αrl
)2 − (λ +MT ) which is

�
√

32Mρ2(1− ρ)2|N c
T | log

(
d

δ

)
. (19)

By using the substitution |N c
T | = T − |NT |, we have the fol-

lowing equivalent inequality

(
2βτ,i
αrl

)2 � λ +MT (2ρ2 − 2ρ+ 1) + 2Mρ(1− ρ)|NT |

+

√
32Mρ2(1− ρ)2(T − |NT |) log

(
d

δ

)
.

By rearranging the terms of these inequalities we get,√
32Mρ2(1− ρ)2(T − |NT |) log

(
d

δ

)

� −2Mρ(1− ρ)|NT |+
(
2βτ,i
αrl

)2

− (λ +MT (2ρ2 − 2ρ+ 1)). (20)

If |N c
T | = 0, it implies that the agent’s action will be played in

every iteration and the baseline constraint is not active. In this
case, cumulative regret follows with the findings in Proposition 3
in Appendix˜B in arXiv version (Theorem 4.1, [10]), making
this a trivial case. Hence, the focus of this paper is when |N c

T | �=
0. Recognizing that (20) is not always true for every round,
we must have ( 2βτ,i

αrl
)2 − (λ +MT (2ρ2 − 2ρ+ 1)) � 0. Given

1
2 � 2ρ2 − 2ρ+ 1 � 1, it follows that ( 2βτ,i

αrl
)2 − (λ +MT ) �

0. Recall (19). We know

a := 2Mρ(1− ρ) � 0 and b := 32Mρ2(1− ρ)2 log(
d

δ
) � 0.

From Theorem 2, we know c := ((
2βτ,i

αrl
)2 − (λ +MT )) � 0.

Using this (19) can be rewritten as a|N c
T |+ c �

√
b|N c

T |,
which gives a2|N c

T |2 − (b− 2ac)|N c
T |+ c2 � 0. Recognizing

the existence of a solution for this inequality and since |N c
T | �

0, it implies that b− 2ac � 0. By using Lemma 7, we get
b−2ac−√

b2−4abc
2a2 � |N c

T | � b−2ac+
√
b2−4abc

2a2 .
First, we analyze the upper bound. Given the fact that

b− 2ac � 0 and using the identity
√
x+

√
y � √

2x+ 2y

for any x, y � 0, it follows that b− 2ac+
√
b2 − 4abc =√

(b− 2ac)2 +
√
b2 − 4abc �

√
4b2 − 16abc+ 8a2c2 �√

6b2 − 16abc. Thus the upper bound can be simplified as

b− 2ac+
√
b2 − 4abc

2a2
�

√
3

2

(
b

a2

)2

− 4bc

a3
.

Subsequently, when considering the partial derivative with re-

gard to c for b−2ac−√
b2−4abc

2a2 and
√

3
2 (

b
a2 )2 − 4bc

a3 , the gradient
of the former is non-negative, while the gradient of the latter is
non-positive. Given the fact that βt,i is an increasing sequence,
we choose to replace βτ,i with β0,i in both the upper and lower
bounds. Based on the above analysis and the given definition of
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β0,i = σ
√
2 log 1

δ + λ
1
2 , we obtain the lower and upper bounds

for |N c
T | as given in Theorem 2.

Remark 2: We note that in the proof of Theorem 2 we getT �
1
M [(

2βτ,i

αrl
)2 − λ]. This ensures that the lower bound is always

smaller than the upper bound in Theorem 2.
Combining Theorem 1 and Theorem 2, we get the following

bound for the cumulative regret for Alg. 1 (DiSC-UCB).
Theorem 3: The cumulative regret of DiSC-UCB algorithm,

Algorithm 1, with βt,i = βt,i(
√
1 + σ2, δ/2) is bounded at

round T with probability at least 1−Mδ by

RT � 4βT
√
dc′ log(MT ) + 4βT

√
MTd logMT log(MT )

+

√
2c′ log

(
2

δ

)
+ c′′(κh + ρrh + ρ),

where c′, c′′ > 0 are given by c′ = O(MT ) and c′′ = O(
√
MT ).

Further, for δ = 1
M2 T , Algorithm 1 achieves a regret of

O(d
√
MT log2 T ) with O(M1.5d3) communication cost.

Proof: From 13, we know cumulative regret is bounded

RT � 4βT
√
M |NT |d log(MT )

+ 4βT
√
MTd logMT log(MT )

+

√
2M |NT | log 2

δ
+M |N c

T |(κh + ρrbt,i + ρ).

From Theorem 2, we get the upper and lower bound for |N c
T |.

Therefore, the cumulative regret is bound by

RT � 4βT
√
dc′ log(MT ) + 4βT

√
MTd logMT log(MT )

+

√
2c′ log

(
2

δ

)
+ c′′(κh + ρrh + ρ),

where c′ and c′′ are as given in 1. Furthermore, given

that c′ = O(MT ), c′′ = O(
√
MT ), and βT = O(

√
d log T

δ ) =

O(
√
d logMT ), for δ = 1

M2 T , the cumulative regret RT can
be bounded as

RT � 4βT
√
dc′ log(MT ) + 4βT

√
MTd logMT log(MT )

+

√
2c′ log

(
2

δ

)
+ c′′(κh + ρrh + ρ)

1 The constants c′, c′′ > 0 is given by

c′ =MT − 4 log(
d

δ
) +

( 2
αrl

(σ
√

2 log 1
δ + λ

1
2 ))2 − (λ +MT )

2ρ(1− ρ)

+

√
16 log2(

d

δ
)−

4(( 2
αrl

(σ
√

2 log 1
δ +λ

1
2 ))2 − (λ+MT )) log( dδ )

ρ(1− ρ)

c′′ =√
(4
√
6 log(

d

δ
))2 −

16(( 2
αrl

(σ
√

2 log 1
δ + λ

1
2 ))2 − (λ +MT )) log( dδ )

ρ(1− ρ)
.

= O(d
√
MT logMT ) +O(d

√
MT log2MT )

+O(
√
MT logM2T ) +O(

√
MT )

= O(d
√
MT log2MT ) = Õ(d

√
MT ),

where the last step is followed by the condition T > M .
Communication: The communication cost for our algorithm

follows the approach in [23]. �
Remark 3: A naive adaptation of solving the M tasks sepa-

rately would result in Õ(dM
√
T ) regret. In contrast, our pro-

posed method achieves a sublinear regret of Õ(d
√
MT ) which

validates the effectiveness of the proposed approach.

V. UNKNOWN BASELINE REWARD

This section considers the unknown baseline reward setting.
Such a setting was first studied in [3] for conservative CB with
cumulative performance constraint and in [7] for CB with stage-
wise constraints. We extend the model in [7] to the distributed
setting with unknown contexts. We assume the agents know the
lower bound r
 in Assumption 3. We describe the modifications
to the DiSC-UCB algorithm to handle the unknown baseline
(DiSC-UCB-UB). Then, we prove that the regret and commu-
nication bounds for DiSC-UCB-UB are in the same order as
DiSC-UCB. The approach is primarily based on the observation
that θ� lies in Bt,i with high probability. Hence we use the upper
bound to replace the value of rbt,i

max
v∈Bt,i

ψi(xbt,i, μt)
�v � ψi(xbt,i, μt)

�θ�

= E[φi(xbt,i, ct)
�θ�] = rbt,i.

Hence, the safety constraint can be formulated as

min
v∈Bt,i

φi(xt,i, ct)
�v � (1− α) max

v∈Bt,i

ψi(xbt,i, μt)
�v.

Given the agent’s lack of knowledge regarding the reward pro-
vided by the baseline policy and its only knowledge of the lower
bound rl we can construct the pruned action set as

Zt,i =

{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i �
βt,i√

λmin(V̄t,i)

+(1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
. (21)

It can be observed that when the condition

λmin(V̄t,i) �
(
2(2− α)βt,i

αrl

)2

(22)

is satisfied, the optimal action x�t,i is contained within the pruned
action set Zt,i with high probability. The details of these two
derivations are presented below. The necessary modifications
to the DiSC-UCB algorithm can be made by updating lines 8
and 13 with Eqs. (21) and (22), respectively.

Construction of the Pruned Action Set Zt,i: We ana-
lyze two cases. 1) φi(xt,i, ct)

�θ̂t,i � ψi(xt,i, μt)
�θ̂t,i and

2) φi(xt,i, ct)�θ̂t,i � ψi(xt,i, μt)
�θ̂t,i. Let us first address case

1), and explain the process of constructing a subset of actions
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that satisfy the constraint for all v ∈ Bt,i. Define Z1
t,i

:= {xt,i ∈ A : min
v∈Bt,i

φi(xt,i, ct)
�v

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v} (23)

⇐
{
xt,i ∈ A : min

v∈Bt,i

φi(xt,i, ct)
�(v − θ̂t,i) + ψi(xt,i, μt)

�θ̂t,i

+ (φi(xt,i, ct)− ψi(xt,i, μt))
�θ̂t,i

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}

⇐
{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i �
βt,i√

λmin(V̄t,i)

+(1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
(24)

where the last step follows from φi(xt,i, ct)
�θ̂t,i �

ψi(xt,i, μt)
�θ̂t,i and φi(xt,i, ct)

�(v − θ̂t,i) � − βt,i√
λmin(V̄t,i)

from Lemma 2. All actions that meet the conditions in (24) also
fulfill the requirements of (23), thus ensuring safety. Now we
consider case 2), where φi(xt,i, ct)�θ̂t,i � ψi(xt,i, μt)

�θ̂t,i. In
this case, our approach is to first identify actions that violate the
baseline constraint, Z̄2

t,i, and then eliminate those actions from
the action set A.

Z̄2
t,i :=

{
xt,i ∈ A : min

v∈Bt,i

φi(xt,i, ct)
�v

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
(25)

⇐
{
xt,i ∈ A : min

v∈Bt,i

φi(xt,i, ct)
�(v − θ̂t,i) + φi(xt,i, ct)

�θ̂t,i

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
⇐

{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
(26)

where the last step follows from φi(xt,i, ct)
�θ̂t,i �

ψi(xt,i, μt)
�θ̂t,i. Note that all actions that meet the conditions

in (26) also fulfill the requirements of (25), consequently
rendering them unsafe. By taking the difference between A and
Z̄2

t,i, we determine Z2
t,i = A \ Z̄2

t,i

=
{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i

� (1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
.

Given Z1
t,i and Z2

t,i, we obtain the pruned action set by taking
the intersection between Z1

t,i and Z2
t,i, given by

Zt,i =

{
xt,i ∈ A : ψi(xt,i, μt)

�θ̂t,i �
βt,i√

λmin(V̄t,i)

+(1− α) max
v∈Bt,i

ψi(xbt,i, μt)
�v

}
.

We describe the modifications to the DiSC-UCB algorithm to
handle the unknown baseline case. We refer to the modified algo-
rithm for the unknown case as DiSC-UCB-UB. DiSC-UCB-UB
differs from DiSC-UCB only in two lines, mainly in the pruned
action set construction. In the modified algorithm, DiSC-UCB-
UB, we replace line 8 of Algorithm 1 with the new pruned action
set Zt,i and line 13 as If F = 1 and λmin(V̄t,i) � (

2(2−α)βt,i

αrl
)2.

Then, we prove that the regret and the communication bounds
for DiSC-UCB-UB are in the same order as those of DiSC-UCB.

Next, we present the key result that bounds the cumulative
regret and communication cost for DiSC-UCB-UB.

Theorem 4: The cumulative regret of DiSC-UCB-UB (Un-
known baseline setting) with βt,i = βt,i(

√
1 + σ2, δ/2) is

bounded at round T with probability at least 1−Mδ by

RT � 4βT
√
dc̄′ log(MT ) + 4βT

√
MTd logMT log(MT )

+

√
2c̄′ log

(
2

δ

)
+ c̄′′(2ρ+ 1− rl),

where c̄′, c̄′′ > 0 are given by c̄′ = O(MT ) and c̄′′ = O(
√
MT ).

Further, for δ = 1
M2 T , DiSC-UCB-UB achieves a regret of

O(d
√
MT log2 T ) with O(M1.5d3) communication cost.

The proofs of DiSC-UCB-UB results follow a similar ap-
proach to DiSC-UCB. We present all the proofs for DiSC-UCB-
UB in Appendix D in arXiv version (supplementary material).

VI. NUMERICAL EXPERIMENTS

In this section, we validate the performance of our DiSC-UCB
algorithm on synthetic and real-world movielens and LastFM
datasets and compare it with the SCLTS algorithm proposed
in [7] and with the unconstrained distributed algorithm DisLin-
UCB in [23], DisLSB [22], [23], and Fed-PE [12], [24]. While
SCLTS implements the Thompson algorithm for stage-wise con-
servative linear CB, DisLinUCB, DisLSB, and Fed-PE considers
unconstrained distributed linear CB problem. We note that all the
baselines assume contexts are known and M = 1, single agent.

A. Datasets

Movielens data: We used movielens-100 K data [42] to
evaluate the performance of our algorithm. We first get the
rating matrix rx,c ∈ R943×1682. The entries of the rating are
between 0 and 5, which we normalized to be in [0,1]. We
randomly choose a set of 50 movies and a set of 100 users for
our analysis, i.e., |C| = 100 and K = 50. We then performed
a non-negative matrix factorization of rx,c =WH , where
W ∈ R100×3, H ∈ R3×50. To construct the feature vector φ for
the gth user and jth movie, we choose the gth column of matrix
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Fig. 1. Comparison of cumulative regret and cumulative violation of DiSC-UCB with SCLTS [7], DisLinUCB [23], DisLSB [22], and Fed-PE [24] modified for
unknown context Fed-PECD using [12]. Synthetic data: In (a), (b) we set the parameters as λ = 1, d = 2, R = 1, K = 40, M = 1, θ� = [0.9, 0.4], and noise
variance = 2.5× 10−3, and the baseline action is set by the 10th best action. In (c), (d), we set the parameters as: λ = 0.1, R = 0.1, d = 2, number of contexts
|C| = 100, number of actionsK = 10, and number of agentsM = 3. We considered a noise with a mean of 0 and a variance of 0.01 to obtain ψ from φ. The true
parameters are θ�1 = [0.9, 0.4], θ�2 = [0.9, 0], and θ�3 = [0, 0.4]. The baseline is the 2nd best action, and α = 0.25. All plots were averaged over 100 independent
trials.

Fig. 2. Synthetic data: In (a), we set the parameters as λ = 1, d = 2, R = 1, K = 40, M = 1, θ� = [0.9, 0.4], and noise variance = 2.5× 10−3, and the
baseline action is set by the 10th best action. In (b), the parameters are set as R = 0.1, K = 90, M = 3, θ� = [1, 1], noise variance = 10−4, and the baseline
action of a particular round is set as the 80th best action of that round. The α values are varied as α = {0.1, 0.3, 0.5}. In (c), R = 1, K = 90, M = {3, 5, 10},
θ� = [1, 1], the reward parameters for the different tasks θ�i ∈ Θ = {[1, 1], [1, 0], [0, 1]}, noise variance = 10−2, and baseline is the 30th best action. Movielens
data: In (d), (e), and (f),R = 0.1,K = 50, noise variance= 10−2, θ� = 1√

3
[1, 0, 0, 0, 1, 0, 0, 0, 1], and the baseline action is set as the 40th best action. LastFM

data: In (g), (h), (i), R = λ = 0.05, K = 50, noise variance= 10−3, θ� = 1√
3
[1, 0, 0, 0, 1, 0, 0, 0, 1], and the baseline action is set as the 5th best action.
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W ,Wg ∈ R3 and the jth row ofH ,H�
j ∈ R1×3. We perform the

outer productWgH
�
j to obtain a3× 3matrix. We vectorized this

matrix to obtain φ ∈ R9. We considered a noise with a mean of 0
and a variance of 0.01 to obtain ψ from φ. We set the number of
agents as M = 3, and the θ�1 = (1/

√
3)[1, 0, 0, 0, 1, 0, 0, 0, 1],

θ�3 = (1/
√
3)[1, 0, 0, 0, 0, 0, 0, 0, 1], and θ�3 = (1/

√
3)

[1, 0, 0, 0, 1, 0, 0, 0, 0]. We transformed the multi-task problem
with heterogeneous reward parameter Θ = {θ�1 , θ�2 , θ�3} to
a distributed CB problem with common reward parameter
θ� = θ�1 and heterogeneous feature vectors φi for agent i by
setting the respective feature in φ to zero.

LastFM data: The LastFM dataset is derived from the online
music streaming service Last.fm [43] and includes data from
1892 users and 17632 artists. We consider each artist as an
individual action. The reward is 1 if the user has listened to
an artist at least once, and 0 otherwise. We keep only those users
who have received at least 30 interaction rewards. Consequently,
we get a rating matrix rx,c ∈ R741×538. Following that, we per-
formed non-negative matrix factorization on the rating matrix,
denoted as rx,c =WH , where W ∈ R741×3 and H ∈ R3×538.
To construct the feature vector φ for the gth user and jth artist,
we choose the gth column of matrix W , Wg ∈ R3 and the jth

row of H , H�
j ∈ R1×3. We perform the outer product WgH

�
j

to obtain a 3× 3 matrix. We vectorized this matrix to obtain
φ ∈ R9. We considered a noise with a mean of 0 and a variance
of 10−3 to obtain ψ from φ. The baseline action is set as the 5th

best action and λ = R = 0.05.

B. Comparison of DiSC-UCB With Existing Constrained and
Distributed Approaches

In Figs. 1(a), 1(b), we set M = 1 and compare the perfor-
mance of DiSC-UCB with SCLTS and DisLinUCB. SCLTS
studied the constrained bandit problem with a single-agent and
known contexts. To this end, we set M = 1 in this comparison.
We report the cumulative expected regret and the cumulative
number of constraint violations. SCLTS is the constrained ap-
proach developed in [7] for single-bandit problems with a known
context. Since the contexts are unknown SCLTS algorithm uses
the noisy feature vectors for constructing the safe action set,
which will lead to constraint violations as demonstrated in the
toy example in Section A and in Fig. 1(b). DisLinUCB does
not cater to constraints and, hence, will have more violations.
On the other hand, SCLTS and DisLinUCB present smaller re-
grets given that they are loosely constrained and unconstrained,
respectively, and hence perform more explorations in the ini-
tial stage. DiSC-UCB plays conservative actions in the initial
rounds, resulting in a comparatively larger regret, however, zero
violations as expected as shown in Fig. 1(a) and 1(b). In Fig. 1(c)
and 1(d), we compared our proposed DiSC-UCB algorithm with
three other benchmark distributed/federated approaches. Fig-
ures show that the three benchmarks, which are unconstrained,
result in large constraint violations, and hence, these approaches
are unsuitable for the hard-constrained problem considered in
this paper.

Fig. 3. An example demonstrating how an unsafe action x′′1 under true context
appears to be safe under noisy context observation leading to incorrect conclu-
sions about safe actions.

C. Regret Versus System Parameters

In addition to the results reported in the main paper, we plot the
regret by varying α and the reward at every round of learning to
ensure that the constraints are met. We present the plots showing
the variation of the cumulative regret with respect to round t
for different values of α for the synthetic data in Fig. 2(b). We
observe that as the value of α increases, the cumulative regret
decreases, which is expected since a larger value of α implies
less strict performance constraint. In Fig. 2(a), we represent the
reward plot. From the plot, we observe that the per-step reward
is always larger than the baseline reward shown in the dotted
line, which validates that our proposed algorithm DiSC-UCB
satisfies the performance constraint at every stage of learning.
It also shows the improvement in the reward as the learning
round progresses. Fig. 2(c) demonstrates how agent collabora-
tion improves the per-agent cumulative regret. For movielens
data, Fig. 2(d) shows the reward plot at each round verifying
constraints are met at every round. Fig. 2(e) and 2(f) provide the
cumulative regret as M and α are varied. For the LastFM data,
Fig. 2(g) presents the reward plot and Fig. 2(h) and 2(i) rovide
the cumulative regret as M and α are varied.

VII. CONCLUSION

We studied the multi-task stochastic linear CB problem with
stage-wise constraints when the agents observe only the context
distribution and the exact contexts are unknown. We proposed
a UCB algorithm, referred to as DiSC-UCB. For d-dimensional
linear bandits, we prove an O(d

√
MT log2 T ) regret bound

and anO(M1.5d3) communication bound on the algorithm. We
extended to the setting where the baseline rewards are unknown
and showed that the same bounds hold for regret and com-
munication. We empirically validated the performance of our
algorithm on synthetic data and on real-world movielens-100 K
and LastFM data and compared with benchmarks, SCLTS and
DisLinUCB. As part of the future work, we plan to investigate
budget constraints where the goal is to minimize the regret before
using the total budget.

APPENDIX

TOY EXAMPLE

We present a toy example in Fig. 3. Consider M = 3
agents with reward parameters θ�1 = [1, 2]�, θ�2 = [1], and
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θ�3 = [2], and α ∈ [0, 1]. The corresponding index set is I =
{{1, 2}, {1}, {2}}. That is, the number of features is 2, and we
consider 3 tasks. While all three features are relevant to task 1,
only the first feature is relevant to task 2, and only the second
feature is relevant to task 3. For a context c ∈ C, let each agent i
has three actions, denoted by A = {xi, x′i, x′′i }. Let the feature
vector set Φi for agent i is

Φ1 =

[ φx1,c φx′
1
,c φx′′

1
,c

1
3 1 1
1
4 0 − 1

10

]
,Φ2 =

[ φx2,c φx′
2
,c φx′′

2
,c

1
3 1 1

]
,

Φ3 =
[ φx3,c φx′

3
,c φx′′

3
,c

1
4 0 − 1

10

]
.

Using the index set I and appending zero elements, we map the
reward parameter θ�i and feature vector sets Φi to a common
reward parameter θ� and heterogeneous feature vector sets Φ′

i

as given below, where θ� = θ�1 = [1 2]�.

Φ′
1 =

[ φ1(x1,c) φ1(x
′
1,c) φ1(x

′′
1,c)

1
3 1 1
1
4 0 − 1

10

]
,

Φ′
2 =

[ φ2(x2,c) φ2(x
′
2,c) φ2(x

′′
2,c)

1
3 1 1
0 0 0

]
,

Φ′
3 =

[ φ3(x3,c) φ3(x
′
3,c) φ3(x

′′
3,c)

0 0 0
1
4 0 − 1

10

]
For context c, action x′1 is the optimal action for agent 1.
Consider a scenario, such as weather prediction or stock market
prediction, where agents only observe a context distribution μ
and the true context c is unknown. Let c′ := Eμ[C] and let feature
vectors for c′ for agent 1 is

Φ′′
1 =

[ φ1(x1,c
′) φ1(x

′
1,c

′) φ1(x
′′
1,c

′)
1
4

6
5

4
5

1
3 − 1

5
1
10

]
.

Let action x1 be the baseline action, i.e., x1 = xb. x′′1 do not
satisfy the performance constraint for context c. Similarly, x′1
does not meet the performance constraint for c′. Consequently,
the feasible action set for c isAc = {x1, x′1}, whereas for context
c′ it is Ac′ = {x1, x′′1}. Given that performance constraints are
considered in the exact context c, the selection should have been
made from Ac and not Ac′ . As x′′1 is not within the feasible
action set Ac, the agent will choose the baseline action xb to
ensure it meets the performance constraint. Although the feasible
action set Ac includes x′1, it is not present in Ac′ , hence limiting
the agent’s exploration capability and preventing the selection
of the optimal action x′1. This violates Lemma C.1 proposed
in [7], which claims that the optimal action is always present
in the feasible action set. This demonstrates the significance of
a new approach when the agent can only observe the context
distribution.
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