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ABSTRACT
We study kernelized bandits with distributed biased feedback. This
problem is motivated by several real-world applications (such as dy-
namic pricing, cellular network configuration, and policy making),
where users from a large population contribute to the reward of the
action chosen by a central entity, but it is difficult to collect feedback
from all users. Instead, only biased feedback (due to user hetero-
geneity) from a subset of users may be available. In addition to such
biased feedback, we are also faced with two practical challenges
due to communication cost and computation complexity. To tackle
these challenges, we carefully design a new distributed phase-then-
batch-based elimination (DPBE) algorithm, which samples users in
phases for collecting feedback to reduce the bias and employs max-
imum variance reduction to select actions in batches within each
phase. By properly choosing the phase length, the batch size, and
the confidence width used for eliminating suboptimal actions, we
show that DPBE achieves a sublinear regret of 𝑂̃ (𝑇 1−𝛼/2 +

√︁
𝛾𝑇𝑇 ),

where 𝛼 ∈ (0, 1) is the user-sampling parameter one can tune.
Moreover, DPBE can significantly reduce both communication cost
and computation complexity in distributed kernelized bandits, com-
pared to some variants of the state-of-the-art algorithms (originally
developed for standard kernelized bandits). Furthermore, by incor-
porating various differential privacy models, we generalize DPBE to
provide privacy guarantees for users participating in the distributed
learning process. The algorithm design, analyses, and numerical
experiments are provided in the full version of this paper [4].
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1 INTRODUCTION
Bandit optimization is a popular online learning paradigm for se-
quential decision-making. It has been widely used in a wide variety
of real-world applications, including hyperparameter tuning [6],
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recommendation systems [5], and dynamic pricing [7]. In such
problems, if chosen, each decision point (called an arm or action)
yields an unknown reward. The agent’s goal is to maximize the
cumulative reward by making proper decisions sequentially. An
important way to capture general (e.g., non-linear and even non-
convex) unknown objective functions is to consider a smoothness
condition specified by a small norm of a Reproducing Kernel Hilbert
Space (RKHS) associated with a kernel function. This setup is often
referred to as kernelized bandits. Thanks to the strong link between
RKHS functions and Gaussian processes (GP) [1], an extensive line
of work has exploited GP models to estimate an unknown function
𝑓 given a set of (noisy) evaluations of its values 𝑓 (x) at chosen
actions x.
Motivation. We are motivated to consider a different but com-
monly seen scenario where the value 𝑓 (x) represents an overall
effect of action x on a large population of users where it is difficult
for the learning agent to make direct observations; yet, the agent
could collect some biased feedback from the distributed users in the
population due to user heterogeneity (e.g., different preferences).
Here, the observed feedback at each user 𝑢 in the population is
associated with a local function value 𝑓𝑢 (x). Consider the dynamic
pricing problem [7]. When a company sets a pricing mechanism
x, this decision influences all the customers, and every customer,
based on her individual demand and preference, makes a choice
(purchase or not), which contributes to the total profits 𝑓 (x). With-
out knowing products’ demand curves in advance, the company
makes a sequence of pricing decisions with the goal of maximiz-
ing profits while learning. That is, the company aims to infer the
expected demand and thus the expected profits 𝑓 by collecting
feedback from customers in each decision epoch. Note that it might
be difficult for the company to collect feedback from all the cus-
tomers - since purchases may take place at many local stores at
different locations. For example, it is impractical for McDonald’s
headquarters to collect sales information from all of the nationwide
customers within each decision epoch. Instead, the headquarter
might be able to get feedback (i.e., sales information) from a subset
of the customers. However, each customer’s choice depends not
only on her own preference towards the products and their prices
but also on several other factors (location, competitors, promotion
events, etc.), which is often biased feedback for the overall profits.
Problem Statement. We introduce a new kernelized bandit prob-
lem where the unknown function represents the overall reward
over a large population containing an infinite number of users. The
unknown reward function 𝑓 : D → R is assumed to be in an RKHS
associated with kernel 𝑘 , denoted by H𝑘 . At round 𝑡 , the agent
chooses an action x𝑡 ∈ D, leading to a reward with mean 𝑓 (x𝑡 ).
This reward is unknown to the agent but captures the overall effec-
tiveness of action x𝑡 over the entire populationU, thus called global
reward. Meanwhile, each user𝑢 in the population observes a (noisy)
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local reward: 𝑦𝑢,𝑡 = 𝑓𝑢 (x𝑡 ) + 𝜂𝑢,𝑡 with mean 𝑓𝑢 (x𝑡 ), where 𝜂𝑢,𝑡 is
the noise, and 𝑓𝑢 : D → R is the local reward function, assumed
to be an (unknown) realization of a random function with mean
𝑓 . Assume 𝑓𝑢 ∼ GP(𝑓 (·), 𝑘 (·, ·)). In this setting, the exact global
reward corresponding to the entire population cannot be observed;
only biased local reward feedback is available to the agent. We refer
to this setting as kernelized bandits with distributed biased feedback.

The goal of the agent is to maximize the cumulative global re-
ward, or equivalently, to minimize the regret defined as follows:

𝑅(𝑇 ) ≜
𝑇∑︁
𝑡=1

(
max
x∈D

𝑓 (x) − 𝑓 (x𝑡 )
)
. (1)

As stated before, the agent has to learn the unknown function 𝑓

by communicating (biased) feedback from some distributed users
(i.e., learning with communication). We let the feedback communi-
cated in phases and let 𝐿 be the total number of phases in𝑇 rounds.
Communication cost, as a critical factor in general distributed sys-
tems, is measured by the total quantity of communicated numbers
(between the agent and all users). Let 𝑈𝑙 be the set of users that
report their feedback in the 𝑙-th phase and 𝑁𝑢,𝑙 be the number of
scalars in user 𝑢’s feedback for 𝑢 ∈ 𝑈𝑙 . Then, the total communica-
tion cost is 𝐶 (𝑇 ) ≜ ∑𝐿

𝑙=1
∑
𝑢∈𝑈𝑙

𝑁𝑢,𝑙 .
Challenges. The above “communicating feedback in phases” nat-
urally leads us to consider a phased elimination algorithm that
gradually eliminates suboptimal actions by periodically aggregat-
ing and analyzing the local feedback from the participants. However,
several new challenges arise in our setting compared to the stan-
dard phase elimination algorithm in linear bandits [2, 3]. First, how
to select actions for each phase? Due to the possible infinite feature
dimension of RKHS functions, it is nontrivial to adopt the so-called
near-optimal experimental design (used in standard phased elimi-
nation algorithms and related to the (finite) dimension of actions)
to kernelized bandit setting. We wonder if there is a simple and
efficient method of selecting actions in each phase for our kernel-
ized bandits setting. Second, how to use biased feedback? In order
to reduce the impact of bias, an efficient user-sampling scheme
is needed. However, how to incorporate this idea into the phase
elimination algorithm is unclear. Last but not least, how to deal
with scalability? In our setting, scalability refers to both compu-
tation complexity and communication cost. On the one hand, it
is well-known that standard kernelized/GP bandits have a poor
computation complexity (e.g., 𝑂 (𝑇 3)) due to the matrix inverse at
each step for GP posterior update. On the other hand, due to the
communication between the agent and the users, it is imperative
to ensure a low communication cost.
Contributions. In this work, we address the above challenges and
make the following contributions.

1) To the best of our knowledge, this is the first work that studies
a new kernelized bandit setting with distributed biased feedback,
where three key challenges (user heterogeneity, communication
efficiency, and computation complexity) inherently arise in the
design of sample-efficient, scalable learning algorithms. To solve
this bandits problem, we propose the learning with communication
framework where the biased feedback is communicated in phases
and design a new phased elimination algorithm that aggregates the

distributed biased feedback and eliminates suboptimal actions in a
computation-efficient manner.

2) Specifically, we design a new distributed phase-then-batch-
based elimination algorithm which is carefully crafted to address
all the aforementioned challenges. In particular, DPBE adds a user-
sampling process to reduce the impact of bias from each individual
user and selects actions according to maximum variance reduction
within each phase. Moreover, a batching strategy is employed to im-
prove both communication efficiency and computation complexity.
That is, instead of selecting a new action at each round, DPBE plays
the same action for a batch of rounds before switching to the next
one. Not only does it save the number of times one needs to compute
the next action via GP update, but it also reduces the dimensions
of the vectors and matrices involved in both communication and
computation via a reformulation.

3) We show that DPBE achieves a sublinear regret of 𝑂̃ (𝑇 1−𝛼/2 +√︁
𝛾𝑇𝑇 ) while incurring a communication cost of 𝑂 (𝛾𝑇𝑇𝛼 ) and a

computation complexity of 𝑂 (( |D|𝛾3
𝑇
+ 𝛾4

𝑇
) log𝑇 + 𝛾𝑇𝑇𝛼 ), where

𝛾𝑇 is the maximum information gain associated with the kernel of
the unknown function 𝑓 , D is the decision set, and 𝛼 > 0 is a user-
sampling parameter that one can tune. It is worth noting that DPBE
with 𝛼 ∈ (0, 1) has a better computation complexity than some
variants of the state-of-the-art algorithms (originally developed for
standard kernelized bandits without biased feedback). Specifically,
DPBE achieves three significant improvements compared to the
state-of-the-art algorithms: (i) user-sampling efficiency (𝑂 (𝑇𝛼 ) vs.
𝑇 ), (ii) communication cost (𝑂 (𝛾𝑇𝑇𝛼 ) vs. 𝑇 ), and (iii) computation
complexity (𝑂 (𝛾𝑇𝑇𝛼 ) vs. 𝑂 (𝑇 3)). We also conduct extensive simu-
lations to validate our theoretical results and evaluate the empirical
performance of regret, communication cost, and running time.

4) We generalize our phase-then-batch framework to incorporate
various differential privacy (DP) models (including the central, local,
and shuffle models) into DPBE, which ensures privacy guarantees
for users participating in the distributed learning process.
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