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Abstract—Content Delivery Networks (CDNs) are experiencing
rapidly growing demand due to the proliferation of large-scale
video streaming and interactive multimedia applications. To im-
prove scalability and reduce infrastructure costs, recent systems
have begun adopting Peer-to-Peer Content Delivery Networks
(PCDNs) to complement or replace traditional centralized CDNs.
PCDNs utilize excess compute and storage capacity of edge
IoT devices (e.g., routers, smart home appliances) to deliver
content to end users. In this architecture, a client connects
to multiple edge servers simultaneously, receiving data streams
in parallel to improve throughput and reliability. While prior
work has focused on transport-layer scheduling—i.e., how to
distribute packets across multiple paths—little attention has
been given to the problem of distributed server selection at
each client. To address this gap, we formulate decentralized
server selection as an online learning problem, where each client
must repeatedly choose a subset of servers under uncertain and
time-varying performance. We model this as a combinatorial
multi-armed bandit (CMAB) problem and develop a simulation
framework to evaluate representative algorithms across stochastic
and adversarial settings, including EXP3, Thompson Sampling,
and BROAD. We show through extensive simulations that (i)
in stationary settings, distributed learning algorithms converge
to allocations with total throughput close to the Nash equilib-
rium outcome, with EXP3 achieving the best trade-off between
convergence speed, efficiency, and fairness, (ii) Under network
dynamics, EXP3 maintains the highest fairness and stability with
near-capacity throughput, and (iii) At the application level, video
rebuffering is driven more by throughput stability than average
throughput, highlighting a trade-off between adaptability and
smooth playback across all algorithms.

Index Terms—Edge Computing, Peer-to-Peer CDNs, Multi-
Armed Bandits, Multipath Parallel Data Download

I. INTRODUCTION

The demand for large-scale content delivery continues to
grow rapidly, driven by the proliferation of video streaming
platforms, social media applications, and immersive multi-
media services. Content Delivery Networks (CDNs, Fig. 1a)
are the primary infrastructure supporting this demand by de-
ploying geographically distributed servers to cache and deliver
content to end users. However, the rising cost of provisioning
and operating large-scale CDN infrastructures [1], [2] has
motivated the exploration of alternative, cost-effective archi-
tectures that leverage resources at the network edge.

One promising approach is the Peer-to-Peer Content De-
livery Network (PCDN) architecture (Fig. 1b), where content
is distributed using the excess storage and compute capacity
of edge IoT devices (peers), such as home routers and smart
appliances. A PCDN can be deployed either independently or

(a) (b)

Fig. 1: (a) CDNs typically use a hierarchical structure with origin
servers at the core and regional servers in the middle, (b) PCDNs
use spare capacity of edge IoT devices. Clients query a tracker
entity to discover peers and download content from multiple
devices simultaneously to improve bandwidth and robustness. In
the example shown here, three IoT devices serve the client.

alongside a CDN to reduce the load on the underlying CDN
infrastructure [3]. In a PCDN, when a client requests content,
it first contacts a tracker entity that maintains a directory of
available peers and their stored content. The client/tracker then
selects the set of peers that will serve the client.

Recent deployments, such as ByteDance’s Swarm sys-
tem [4], demonstrate that PCDNs can significantly reduce
infrastructure costs while maintaining acceptable performance
by serving each client in parallel through multiple servers
(peers). This parallel (i.e., multi-server-to-single-client) data
transmission increases aggregate bandwidth, reduces latency,
and improves robustness to link or server failures. Over the
past few years, several multipath transport-layer scheduling
algorithms have been proposed for PCDN architectures to
optimally distribute packets from multiple servers to each
client [3], [4], [5], [6]. However, little attention has been given
to the problem of server selection for each client.

One approach to addressing the server selection problem is
to use a centralized algorithm at the tracker entity to assign
servers to each client. While this method simplifies resource
management, it introduces scalability challenges and creates
a single point of failure. Furthermore, maintaining accurate,
up-to-date knowledge of peer capacity and load becomes
increasingly difficult as the number of participating devices
grows and network conditions fluctuate.
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An alternative approach is to allow each client to au-
tonomously select peers in a fully distributed manner. How-
ever, designing such a system presents several challenges. Peer
bandwidth is highly variable and often unknown to clients in
advance. Multiple clients may simultaneously connect to the
same peer, causing congestion and reducing throughput. Ad-
ditionally, clients typically act selfishly, seeking to maximize
their own performance without coordinating with others.

In this work, we investigate whether distributed decision-
making combined with online learning can achieve efficient re-
source allocation in PCDNs without centralized coordination.
Specifically, we formulate peer selection as a distributed Multi-
Armed Bandit (MAB) problem1, where each peer corresponds
to an arm and the observed download bandwidth serves as the
reward signal. Within this framework, clients can gradually
identify high-performing peers while adapting to dynamic
network conditions and fluctuations in peer capacities.

To evaluate the effectiveness of this approach, we conduct
extensive simulations using a custom PCDN simulation frame-
work implemented using SimPy [11]. We study several on-
line learning algorithms, including Thompson Sampling [12],
EXP3-based methods [13], and other bandit-based approaches
(e.g., BROAD [14]), and analyze their performance in terms
of throughput, fairness, convergence behavior, and switching
cost. Our results demonstrate that distributed online learning
algorithms can achieve performance comparable to central-
ized scheduling while maintaining scalability and robustness
to network dynamics. Specifically, our contributions can be
summarized as follows:

• Simulator Development: We develop a custom simulator
in Python to evaluate distributed learning-based peer
selection in PCDNs under varying network conditions and
with support for capturing video streaming performance.
We plan to publicly release the software upon acceptance
of this paper to enable the community to extend it and
compare additional AI-based peer selection algorithms.

• Performance Evaluation: We conduct extensive simu-
lations to evaluate the performance of different online
learning algorithms as a function of server capacities,
network dynamics, and traffic type (e.g., short videos
and file downloads). We show that (i) Stationary En-
vironments: distributed learning algorithms converge to
allocations with total throughput close to the Nash equi-
librium outcome, with EXP3 achieving the best bal-
ance between convergence speed, efficiency, and fairness;
(ii) Dynamic Environments: under network dynamics,
all methods sustain near-capacity throughput, but EXP3
provides superior robustness in terms of fairness and
stability; and (iii) Video Performance: At the application
level, video playback quality—measured by rebuffering
ratio—is governed more by throughput stability than aver-
age throughput, revealing a trade-off between adaptability
and smooth viewing experience across all algorithms.

1Multi-armed bandits are a class of online learning problems characterized
by partial (bandit) feedback, where the learner observes outcomes only for
the selected actions [7], [8], [9], [10].

The rest of this paper is organized as follow. We discuss
the related work in Section II. We present our system model
and assumptions in Section III. Section IV describes the online
learning algorithms studied in this paper. We present the results
of our extensive performance evaluation in Section V. Finally,
we conclude the paper in Section VI.

II. RELATED WORK

Content Delivery Architectures. Modern content delivery
relies on a spectrum of architectures that balance performance,
cost, and scalability. Traditional CDNs, such as Akamai Tech-
nologies [15] and Cloudflare [16], deploy geographically dis-
tributed server infrastructures to serve content from locations
close to end users, thereby reducing latency and improving
availability. In contrast, PCDNs [4], [5], [6] augment or
partially replace dedicated infrastructure by incorporating end-
user devices into the delivery process, enabling more scalable
and cost-efficient content distribution through resource sharing
at the network edge. Hybrid CDN architectures [17], [18],
[19] combine these two paradigms, leveraging the reliability
and control of centralized servers alongside the elasticity
of peer-to-peer overlays, allowing systems to better handle
flash crowds and operate effectively in regions with limited
infrastructure. Further, PCDNs and hybrid CDNs leverage
excess capacity of edge IoT devices and employ a multi-
server-to-single-client transport layer to increase communica-
tion throughput and reliability.

Combinatorial Multi-Armed Bandits (CMAB). The
CMAB framework has been studied under both stochastic
and adversarial settings to address the exploration–exploitation
trade-off under partial feedback. In stochastic environments,
Thompson Sampling (TS) [12], [20], [21] is a Bayesian
approach that samples actions according to their posterior opti-
mality and achieves strong empirical performance. In contrast,
adversarial algorithms such as EXP3 [13], [22] use exponential
weighting to ensure sublinear regret even under worst-case
rewards. More recently, mirror-descent-based methods such
as BROAD [14] provide adaptive, data-dependent guarantees
in adversarial and combinatorial semi-bandit settings. These
methods span stochastic, adversarial, and adaptive regimes,
making them natural baselines for CMAB problems with non-
stationarity and interaction effects across arms.

III. SYSTEM MODEL

In this section, we describe the system model used through-
out the paper and outline the assumptions underlying our
algorithms and simulations. We consider a PCDN architec-
ture in which clients download content from multiple peers
simultaneously. Peer selection is modeled as a decentralized
decision problem, where clients independently choose peers
based solely on locally observed performance. To capture
uncertainty in peer capacity and the lack of coordination
among clients, we formulate peer selection as a distributed
combinatorial Multi-Armed Bandit (CMAB) problem with
shared-resource rewards.



Fig. 2: There are N clients and M peers in the system. For
each chunk, a given client selects A peers and concurrently
downloads the chunk from the peers leveraging a multipath
transport protocol such as MPRD [3].

A. PCDN Model

We consider a PCDN swarm consisting of N clients (play-
ers) and M peers. Each client attempts to download a file
divided into T chunks, which are downloaded sequentially. At
the beginning of each chunk download, the client receives a
set of candidate peers that store the required chunk2.

Each client maintains simultaneous connections to A peers,
and we refer to each connection as an arm. This multi-server-
to-single-client parallel data download increases communica-
tion bandwidth and improves robustness [3], [5].

At the beginning of each chunk download, client i selects
a set of A peers, denoted by Si, where |Si| = A. These
connections remain active for the duration of the chunk
download. Each peer j has a capacity Cj , representing the
maximum total bandwidth it can provide to connected clients.
We assume that each peer divides its capacity equally among
all connected clients (arms).

B. Strategy Space and Payoff

We model peer selection as a strategic interaction among
clients. Let M = {1, 2, . . . ,M} denote the set of available
peers. The strategy space of client i is

Si = {S′ ⊆M | |S′| = A} (1)

A strategy profile for all clients is denoted by

S = (S1, S2, . . . , SN ), (2)

where Si ∈ Si is the peer set selected by client i.
Let Nj(S) denote the total number of client connections

(arms) assigned to peer j under strategy profile S. Since peer
j shares its capacity equally among all connected clients, each
connection to peer j receives a bandwidth equal to Cj

Nj(S) . The
payoff of client i, defined as its total throughput across all its
arms under strategy profile S, is therefore

ri(S) =
∑
j∈Si

Cj

Nj(S)
. (3)

2In practice, chunks are not necessarily available at every peer. A
lightweight tracker entity or selector service typically maintains metadata
indicating which peers store each chunk. Clients query this service to obtain
the set of candidate peers containing the desired chunk.

Note that as peer capacity is shared among all connected
clients (arms), the payoff of each client depends on the peer
selections of other clients.

C. Connection Constraints and Assumptions

We impose the following assumptions throughout the paper.

• Multiple Connections. Each client maintains A simulta-
neous connections to peers.

• Distinct Peers. No two arms of the same client may
connect to the same peer.

• Equal Capacity Sharing. Each peer divides its capacity
(bandwidth) equally among all connected clients.

• Limited Information. Clients do not know the peer
capacities Cj or the number of other clients connected to
a given peer. They only observe the bandwidth obtained
from a peer after connecting to it.

• Selfish Behavior. Clients act independently and attempt
to maximize their own throughput.

D. Combinatorial Multi-Armed Bandit Problem Formulation

The peer selection problem can be viewed as a distributed
online learning problem, where each client acts as a bandit
agent that repeatedly selects peers and observes the resulting
throughput from each selected peer. The client then uses this
feedback to update its future decisions. The objective for
each client is to maximize cumulative reward over time (e.g.,
throughput), while balancing exploration (trying less-known
servers) and exploitation (choosing currently high-performing
ones).

Specifically, each chunk download defines a decision round.
At the beginning of each round, a client selects A peers
and observes the bandwidth obtained from each selected peer
(semi-bandit feedback). Importantly, the reward obtained from
a peer is not independent: since multiple clients may select the
same peer simultaneously, the achieved throughput depends on
the (unknown and time-varying) level of contention induced
by other clients’ actions. This introduces coupling across
agents and makes the reward process non-stationary from the
perspective of any single client.

This problem naturally falls under the framework of online
learning because decisions are made sequentially, feedback is
revealed only after actions are taken, and the system dynamics
are initially unknown. More specifically, it is a combinatorial
multi-armed bandit (CMAB) problem. Here, instead of select-
ing a single arm per round, the client selects a subset of A arms
simultaneously. The action space is therefore combinatorial,
consisting of all

(
M
A

)
possible subsets. The reward depends

on the joint selection (e.g., additive under ideal conditions or
sub-additive due to shared bottlenecks), and the learner must
infer the quality of individual peers and their interactions from
partial feedback. This combinatorial structure, together with
bandit (or semi-bandit) feedback and inter-agent coupling,
distinguishes the problem from classical single-play bandits
and motivates algorithms tailored to CMAB settings.



IV. ONLINE LEARNING ALGORITHMS

In this section, we describe the algorithms studied in this
paper. We focus on three prominent online learning algo-
rithms, adapted to match our problem setting: EXP3 [13],
BROAD [14], and Thompson Sampling [12]3. We also in-
clude two baseline methods: Random and Centralized Nash,
the latter representing a centralized load balancer with full
knowledge of peer capacities. Note that the online learning
algorithms operate without knowledge of peer capacities or
the number of clients.

EXP3. EXP3 [13] is an adversarial multi-armed bandit
algorithm that maintains a weight wj(t) for each peer j. The
selection probability is computed as

pj(t) = (1− γ)
wj(t)∑M
k=1 wk(t)

+
γ

M
(4)

where γ ∈ (0, 1) controls exploration. Each client i samples
A distinct peers according to pj(t).

Let Si(t) denote the set of selected peers by client i. After
observing the reward rj(t) for each j ∈ Si(t), we form an
importance-weighted estimate:

r̂j(t) =
rj(t)

pj(t)
, ∀j ∈ Si(t) (5)

and update the weights as

wj(t+ 1) = wj(t) exp

(
γr̂j(t)

M

)
, ∀j ∈ Si(t) (6)

while weights for j /∈ Si(t) remain unchanged.
In our setting, EXP3 enables each client to adaptively favor

peers that yield higher throughput while maintaining explo-
ration, making it robust to contention and non-stationarity.

BROAD. BROAD [14] is an optimistic adversarial bandit
algorithm based on log-barrier mirror descent. It maintains
a probability distribution over peers, along with a prediction
vector mt ∈ RM that estimates the next round’s losses,
a reference distribution w′

t ∈ ∆M where ∆M is the M -
dimensional probability simplex4, and a learning rate vector
ηt ∈ RM with an element for each peer.

At each round, the client computes the selection distribution
wt by solving the following log-barrier regularized optimiza-
tion problem:

wt = arg min
w∈∆M

⟨w,mt⟩+
M∑
j=1

1

ηt,j

(
wj

w′
t,j

− 1− log
wj

w′
t,j

)
(7)

The resulting distribution is then mixed with a small uni-
form exploration component to obtain w̄t, from which each
client samples A distinct peers without replacement.

3Upper Confidence Bound (UCB) [23] was also evaluated, but its perfor-
mance was inferior to the other algorithms and is therefore omitted from the
results due to the page limitations.

4The M -dimensional probability simplex describes the space of all prob-
ability distributions over M discrete options. More specifically it is the set
of points ∆M where for every point x ∈ ∆M ,

∑M
i=1 xi = 1 and xi ≥ 0

∀i ∈ {0, 1, 2, ...,M}.

In our setting, the feedback corresponds to observed
throughput. Since BROAD is formulated in terms of losses,
we define the loss for peer j as the negative reward:

ℓj(t) = −
Cj

Nj(t)
. (8)

After observing the selected peers, the client constructs an
importance-weighted loss estimate ℓ̂j(t) based on the sampling
distribution. BROAD then computes a correction term at that
captures the discrepancy between the predicted losses mt and
the observed estimates. The learning rates are also updated. In
the PCDN setting, BROAD produces smooth updates to peer
selection probabilities, leading to lower switching behavior
and more stable allocations. However, due to its gradual
updates, it may adapt more slowly to rapid changes in peer
load and network conditions.

Thompson Sampling. Thompson Sampling [12] models
each peer as an uncertain reward source and represents that
uncertainty with a posterior distribution. At each round, the
client samples one value from each peer’s posterior and selects
the A peers with the largest sampled values. This implements
probability matching: peers with higher expected performance
are selected more often, while uncertain peers are explored.

In the classical formulation, Thompson Sampling assumes
bounded rewards and models each arm using a Beta distribu-
tion. Specifically, with normalized rewards r̃j ∈ [0, 1], each
peer is associated with a posterior Beta(αj , βj), updated as

αj ← αj + r̃j , βj ← βj + 1− r̃j . (9)

However, in our PCDN setting, rewards correspond to
throughput values, which are continuous, unbounded, and
exhibit variability due to contention and network dynamics.
To better capture this behavior, we adopt a Gaussian model
and maintain a posterior of the form

µj ∼ N (µ̂j(t), σ
2
j (t)). (10)

At each round, we sample

µ̃j(t) ∼ N (µ̂j(t), σ
2
j (t)), (11)

and select the A peers with the highest sampled values.
After observing throughput, posterior parameters are up-

dated using standard Gaussian [12]. This formulation is better
suited for our setting as it models continuous rewards and
captures uncertainty arising from fluctuating peer loads.

Random. In the Random policy, at each round, each client
selects A peers from a total of M available peers uniformly
at random. This baseline does not use feedback.

Centralized Nash. As a centralized benchmark, we con-
sider a global allocation computed with full system knowledge
of peer capacities and client assignments. The objective is to
reach a stable allocation in which no client can improve its
throughput through unilateral deviation. The resulting alloca-
tion corresponds to a (pure-strategy) Nash equilibrium, where
the maximum deviation gain is zero. This solution requires
centralized coordination and full knowledge of the system
at each round, making it impractical for large-scale dynamic
PCDN architectures.



V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of distributed
online learning algorithms for peer selection in PCDNs under
a variety of system conditions. We consider both stationary
and dynamic environments, as well as application-level per-
formance in video streaming scenarios.

A. Simulation Framework

Simulator Development. We develop a custom simulation
framework in Python to evaluate distributed learning-based
peer selection algorithms in a peer-to-peer content delivery
network (PCDN). The simulator follows a time-driven (round-
based) design, where the system evolves in discrete time
steps. At each round, each client independently selects a set
of A peers and observes the resulting throughput based on
current network conditions, and update their internal learning
parameters. This round-based abstraction aligns naturally with
bandit algorithms, where actions and rewards are observed
sequentially over time.

The simulator supports both stationary and dynamic op-
erating conditions. In the stationary setting, key system pa-
rameters such as peer capacities and the number of active
clients remain fixed throughout the simulation, allowing us
to study convergence properties and equilibrium behavior in
stable environments. In contrast, the dynamic setting captures
realistic network variability by allowing either peer capacities
or the client population to evolve over time. These dynamics
are modeled through stochastic processes (e.g., Poisson pro-
cesses to model client arrivals and departures), creating a non-
stationary environment that requires continuous adaptation
from the online learning algorithms.

At each round, the interaction between clients and peers
is modeled at an aggregate flow level. Each peer has a finite
capacity that is shared equally among its connected clients, and
the throughput of each client is computed as the sum of rates
obtained from its selected peers. The simulator updates system
states including allocations, loads, and capacities at every
round, enabling the analysis of both efficiency and stability
under varying conditions. To ensure statistical reliability, we
perform Monte Carlo simulations over 30 independent runs. In
each run, environmental dynamics are kept consistent across
algorithms, while their internal stochastic decisions evolve
independently. Performance metrics such as total throughput,
Jain’s fairness index, switching cost and maximum deviation
gain are recorded over time and averaged across runs, provid-
ing a comprehensive evaluation of algorithm behavior under
both stationary and dynamic scenarios.

Network Settings. We consider a PCDN system with M =
6 peers and N = 20 clients. Unless otherwise specified, each
client is equipped with A = 2 arms (i.e., representing a
common dual-connectivity architecture). This setting satis-
fies N > M and M > A, reflecting practical scenarios where
many clients compete over limited heterogeneous resources
with a non-trivial combinatorial action space.

We evaluate two representative capacity configurations to
capture different levels of system heterogeneity. In the first

setting, peers exhibit highly heterogeneous capacities spanning
several orders of magnitude, given by

C = [10000, 1000, 100, 30, 10, 1] Mbps,

with an aggregate system capacity of 11141 Mbps. This con-
figuration models realistic PCDN environments where peers
have widely varying bandwidth capabilities. In the second
setting, we consider a near-homogeneous configuration where
peer capacities are within the same range,

C = [500, 450, 480, 420, 510, 460] Mbps,

resulting in an aggregate capacity of 2820 Mbps. This setting
isolates the effects of contention and learning dynamics un-
der reduced resource disparity. Together, these configurations
enable evaluation across both highly skewed and balanced
network conditions.

We compare five algorithms in this framework. The first
three algorithms, namely EXP3, Thompson Sampling, and
BROAD, are online learning methods that enable clients to
adaptively select peers based on observed rewards without
coordination. In addition, we include two baselines: a Random
policy, where clients select peers uniformly at random, and a
Centralized Nash solution, which assumes full system knowl-
edge and computes a load-balanced allocation corresponding
to a Nash equilibrium. These baselines serve as reference
points for comparison, representing uncoordinated behavior
(Random) and an ideal centralized allocation (Centralized
Nash), thereby enabling a clear evaluation of the efficiency
and fairness of distributed learning approaches.

Impact of the Number of Arms. In addition to the above
configurations, we investigate the impact of the number of
arms by varying A ∈ {1, 2, 3, 4} under the heterogeneous
capacity (first) setting. Increasing A expands the combinatorial
action space and introduces additional coupling between client
decisions due to shared resources. This experiment allows
us to evaluate how action space complexity affects learning
dynamics, convergence behavior, and the throughput–fairness
trade-off. We focus on the EXP3 algorithm in this particular
analysis, as it demonstrates strong performance relative to
other online learning algorithms in the heterogeneous setting
(as shown later).

B. Temporal Behavior in Stationary Environments

In this section, we investigate the temporal behavior of
the considered algorithms in terms of stability, switching
cost, throughput and fairness. For the learning algorithms, we
use the following parameters: EXP3 is configured with an
exploration parameter γ = 0.07, BROAD uses a learning rate
η = 0.05, and Thompson Sampling assumes a Gaussian prior
with initial mean 0.5, initial precision 1, and observation noise
variance σ2 = 0.05 [12]. These parameter choices provide
a balanced trade-off between exploration and exploitation,
allowing the algorithms to adapt efficiently to the underlying
system dynamics while maintaining stable learning behavior.
All time-series results are smoothed using a moving average



with a window size of 200 to reduce short-term fluctuations
and highlight long-term trends.

Maximum Deviation Gain. To evaluate the convergence
behavior of the system, we adopt the maximum deviation gain
as a metric to quantify how close the system is to a stable
operating point. Intuitively, this metric captures the maximum
improvement any client can achieve by unilaterally changing
any of its selected peers while all other clients keep their
strategies fixed. Formally, let ϵ(t) denote the maximum de-
viation gain at round t. It is defined as the maximum increase
in throughput that any client can obtain by deviating from its
current allocation to an alternative feasible action. A system
is said to be in an ϵ-equilibrium if no client can improve its
throughput by more than ϵ through unilateral deviation. As ϵ(t)
approaches zero, the system converges to a stable state close
to a Nash equilibrium. We use this metric to characterize the
convergence time of each algorithm. Specifically, convergence
is declared when ϵ(t) stabilizes below a small threshold and
exhibits negligible variation over a sustained time window.
This approach captures both the magnitude and stability of
deviation gains, ensuring that the system has reached a steady
operating regime rather than a transient fluctuation.

Fig. 3a illustrates the evolution of the maximum deviation
gain ϵ(t) in the heterogeneous capacity setting. The vertical
dashed lines represent the convergence time for each algo-
rithm, where variation in ϵ(t) falls below a fixed threshold.
EXP3 exhibits a clear and consistent convergence trend, with
ϵ(t) decreasing rapidly over time and stabilizing at a relatively
low value. Thompson Sampling also converges, but at a slower
rate and to a higher steady-state deviation compared to EXP3.
In contrast, BROAD shows little to no convergence, with
ϵ(t) remaining relatively high and fluctuating over time. The
Random policy exhibits the worst behavior, maintaining a
consistently large deviation gain, indicating a lack of stability.
As expected, the Centralized Nash solution achieves zero
deviation gain throughout, confirming that it corresponds to
a Nash equilibrium allocation.

Fig. 3b shows the convergence behavior in the near-
homogeneous capacity setting. Notably, BROAD achieves
a lower ϵ compared to the heterogeneous setting. This is
because, under near-homogeneous capacities, the reward dif-
ferences between peers are small, reducing the penalty of sub-
optimal selections and enabling BROAD’s smoother, gradient-
based updates to maintain more balanced allocations across
peers. As a result, the incentives for unilateral deviation are
reduced, leading to a lower deviation gain. Moreover, the
performance gap between algorithms is significantly reduced
compared to the heterogeneous setting, highlighting the critical
role of capacity diversity in enabling efficient learning. Fig. 3c
presents the impact of the number of arms on convergence for
EXP3. Increasing A significantly accelerates convergence and
reduces the steady-state deviation gain. In particular, larger
values of A allow clients to exploit multiple peers simulta-
neously, improving load balancing and reducing incentives
for unilateral deviation. As a result, the system approaches
equilibrium more rapidly as the action space expands.

Findings: Convergence to stable and near-equilibrium states
strongly depends on both network heterogeneity and action
space size. EXP3 consistently achieves faster convergence and
lower deviation gains compared to other distributed algo-
rithms, particularly in heterogeneous environments. Moreover,
increasing the number of arms improves both convergence
speed and stability by enabling more efficient resource uti-
lization and reducing contention-induced imbalance.

Switching Cost. To evaluate the stability of client decisions
over time, we consider the switching cost, which captures
how frequently clients change their selected peers across
consecutive rounds. Specifically, the switching cost at each
round is defined as the average number of changes in selected
peers per client, normalized by the total number of arms
(N×A). This normalization ensures that the switching cost is
independent of the system size and directly comparable across
different settings. A lower switching cost indicates more stable
and consistent peer selections, while a higher value reflects
frequent reconfiguration and increased system overhead.

Fig. 3d shows the evolution of the average switch rate
in the heterogeneous capacity setting. EXP3 exhibits a clear
decreasing trend over time, indicating that clients progres-
sively stabilize their peer selections as learning converges.
Thompson Sampling also reduces its switching rate, but more
gradually and to a higher steady-state value compared to
EXP3. In contrast, BROAD maintains a relatively constant
switching rate after a brief initial drop, suggesting limited
stabilization in its decisions. The Random policy exhibits
persistently high switching, reflecting the absence of learning,
while the Centralized Nash solution achieves zero switching
as it corresponds to a fixed allocation.

Fig. 3e presents the switching behavior in the near-
homogeneous capacity setting. In this case, EXP3 and Thomp-
son Sampling maintain relatively high and nearly constant
switching rates over time, indicating that clients continue to
explore due to the lack of strong reward differentiation among
peers. BROAD, however, achieves a lower and more stable
switching rate, as its smoother updates promote more consis-
tent selections in environments with similar peer capacities.
The Random and Centralized Nash policies exhibit behavior
consistent with the heterogeneous case.

Fig. 3f illustrates the impact of the number of arms on
switching cost for EXP3 under the heterogeneous capacity
setting. Increasing A significantly reduces the switching rate
and accelerates stabilization. With more arms, clients can
distribute their traffic across multiple peers, reducing the need
for frequent reconfiguration and enabling more stable alloca-
tions. As a result, both the convergence speed and steady-state
switching cost improve as A increases.

Findings: Switching cost is strongly influenced by both
network heterogeneity and action space size. EXP3 achieves
the lowest switching cost in heterogeneous environments due
to effective learning and stabilization, while BROAD performs
better in near-homogeneous settings due to its smoother up-
dates. Increasing the number of arms reduces switching by
enabling more flexible and stable resource allocation.
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Fig. 3: (a) Evolution of the maximum deviation gain ϵ(t) in the heterogeneous capacity setting. The vertical dashed lines represent
the convergence time for each algorithm, where variation in ϵ(t) falls below a fixed threshold, (b) Evolution of the maximum
deviation gain ϵ(t) in the near-homogeneous capacity setting, (c) Impact of the number of arms on the convergence of EXP3 under
the heterogeneous capacity setting. Increasing A (number of arms) accelerates convergence and reduces the steady-state deviation
gain, (d) Average switching cost over time in the heterogeneous capacity setting. EXP3 exhibits a clear reduction in switching rate as
learning progresses, (e) Average switching cost over time in the near-homogeneous capacity setting. EXP3 and Thompson Sampling
maintain relatively high and stable switching rates, BROAD achieves a lower and more stable switching rate, (f) Impact of the
number of arms on switching cost for EXP3 under the heterogeneous capacity setting.

Jain Fairness Index. We evaluate the fairness performance
of all algorithms using the Jain fairness index over time under
the same settings. In the heterogeneous setting (Fig. 4a), EXP3
and Thompson Sampling achieve significantly higher fairness
compared to BROAD and Random. EXP3 converges rapidly
to near-optimal fairness (close to 1), indicating its strong
ability to balance load across highly uneven peer capacities.
Thompson Sampling follows a similar trend but converges
slightly slower and to a marginally lower fairness level. In con-
trast, BROAD stabilizes at a substantially lower fairness value
(around 0.6), suggesting that its update mechanism struggles to
properly distribute load in highly skewed environments. The
Random policy yields the lowest fairness due to its lack of
adaptation, while the Centralized Nash solution provides the
optimal fairness benchmark.

In the near-homogeneous setting (Fig. 4b), all learning-
based algorithms achieve relatively similar fairness levels, with
only minor differences between them. Since peer capacities
are close in value, the system naturally tends toward bal-
anced allocations even without sophisticated learning. As a
result, the fairness gap between algorithms diminishes, and
all approaches operate near a high fairness regime. BROAD
performs slightly better in this setting compared to the het-
erogeneous case, reflecting its stability in environments with
reduced resource disparity. Finally, when varying the number
of arms (Fig. 4c), increasing A significantly improves fairness
for EXP3. With more arms, each client can distribute its
traffic across multiple peers, reducing congestion imbalance

and accelerating convergence toward fair allocations. As A
increases from 1 to 4, fairness improves both in terms of
convergence speed and final steady-state value, approaching
near-optimal fairness for larger A.

Findings: EXP3 consistently achieves high fairness, es-
pecially in heterogeneous environments, and increasing the
number of arms significantly enhances fairness by enabling
better load distribution across peers.
Throughput–Fairness Trade-off at Convergence. We evalu-
ate the trade-off between total system throughput and fairness
by comparing the steady-state performance of all algorithms
after convergence. Specifically, the reported values correspond
to time-averaged throughput and Jain fairness index computed
after the convergence time Tc, indicated by the vertical colored
dashed line in Figs. 3a, 3b, 3c, ensuring that the system
behavior reflects stable operating conditions.

In the heterogeneous capacity setting (Fig. 4d), a clear
trade-off between throughput and fairness is observed in the
steady state. EXP3 achieves a near-optimal balance, with
high throughput and close to the optimal fairness. Thompson
Sampling achieves slightly higher throughput than EXP3 but
at the cost of reduced fairness. In contrast, BROAD achieves
high throughput but suffers from significantly lower fairness,
indicating an imbalanced allocation of resources even after
convergence. The Random policy performs poorly in terms
of fairness. The Centralized Nash solution achieves optimal
fairness; however, since it selects the first Nash equilibrium
it identifies and remains fixed at that point over time, the
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Fig. 4: (a) Jain fairness index over time in the heterogeneous capacity setting. EXP3 and Thompson Sampling achieve high fairness.
BROAD stabilizes at a lower fairness level, (b) Jain fairness index over time in the near-homogeneous capacity setting. All algorithms
achieve similar fairness levels. BROAD performs comparatively better than in the heterogeneous case, (c) Impact of the number of
arms on fairness for EXP3 under the heterogeneous capacity setting. Increasing A significantly improves both convergence speed
and steady-state fairness, (d) Throughput–fairness trade-off at convergence in the heterogeneous capacity setting. EXP3 achieves the
best balance between throughput and fairness, (e) Throughput–fairness trade-off at convergence in the near-homogeneous capacity
setting, (f) Impact of the number of arms on the throughput–fairness trade-off for EXP3 under the heterogeneous capacity setting.

resulting allocation does not necessarily have the highest
throughput. These results demonstrate that EXP3 offers the
best balance between efficiency and fairness under stable
conditions in highly heterogeneous environments.

In the near-homogeneous setting (Fig. 4e), the trade-off be-
comes less pronounced at convergence. Due to the similarity in
peer capacities, all algorithms achieve comparable throughput
and fairness levels in the steady state. The performance gap
between algorithms diminishes, and even the Random policy
performs reasonably well. BROAD slightly improves fairness
compared to other distributed algorithms, while EXP3 and
Thompson Sampling remain competitive. Overall, the system
naturally operates near a fair and efficient regime once conver-
gence is reached. Finally, in the multi-arm setting (Fig. 4f),
increasing the number of arms A improves both throughput
and fairness in the steady state for EXP3. As A increases,
clients can simultaneously utilize multiple peers, leading to
better load distribution and higher aggregate throughput. The
results show a consistent shift toward the upper-right region
of the plot after convergence, indicating simultaneous gains in
both metrics. This highlights that increasing decision flexibility
reduces the inherent trade-off between throughput and fairness
in stable network conditions.

Findings: At convergence, EXP3 achieves the best through-
put–fairness balance in heterogeneous environments, while
increasing the number of arms improves both metrics and
effectively mitigates the trade-off between them.

C. Impact on Video Performance

PCDN architectures are increasingly adopted in short-video
applications [3], [4], [5], [6], as they leverage edge IoT
resources to improve scalability and reduce latency. Thus, in
addition to transport statistics such as throughput and fairness,
we also evaluate the impact of peer selection algorithm choice
on video streaming performance. We find that video streaming
favors stability over higher, less stable throughput.

Video Simulation Setting. To evaluate the algorithms stud-
ied in this paper, we design an MPEG-DASH simulator which
uses an Adaptive Bitrate (ABR) Strategy to control the quality
of the video as it is played back. We provide a short description
of both MPEG-DASH streaming and the ABR strategy which
we evaluate here below.

In MPEG-DASH streaming, a video is provided to a client
in segments, short portions of that video a few seconds long.
Each segment is downloaded sequentially and placed into the
client’s buffer for playback. Segments are made available at
multiple encoding qualities (and thus multiple file sizes) so
that the client can balance high quality video playback and
low rebuffering ratio, i.e. the time spent not playing the video
while waiting for the next segment to download. By choosing
a lower quality segment, the client can speed up download
time at the expense of quality and vice-versa.

The client policy used to select the quality of the next
segment is known as an ABR strategy. In this evaluation, we
focus primarily on BOLA [24] as our ABR strategy as it was



capable of achieving the lowest rebuffering ratios out of others
evaluated while still keeping quality high.

We simulate video playback by assuming that each client
chooses which peers to download from at the start of each
segment, meaning that each throughput trace value represents
the throughput available to the client for the next segment.
The client does not know these values ahead of time.

We evaluate a standard reference video known as Big Buck
Bunny [25], with a bitrate ladder matching that of the same
video encoded at 60fps as hosted on YouTube. The ladder
includes segments at 3, 5, 14, and 28 Mbps and the segments
are 5 seconds in length each.

Video Performance. In this section we present the results
of our video evaluation. We focus primarily on rebuffering
ratio, i.e. the portion of time spent stalled downloading the
next segment while not playing back the previous segment.
Rebuffering ratio is computed by

rebuffering time
total playback time + rebuffering time

.

We focus on throughput traces from the first setting, where
peer bandwidths are highly heterogeneous. In the second
setting, all algorithms allow BOLA to achieve both zero
rebuffering and consistently high quality, picking the highest
quality 97% of the time.

In the first setting, we find that rebuffering ratio requires
significantly larger quality sacrifices in order to improve:
Using only the lowest quality segments allows for near-zero
(with the worst 5% of stalls making up 0.8%) rebuffering ratio,
while using only the 14 Mbps segments resulted in a mean
rebuffering ratio of 11-21%, and in some cases as high as 53%.
Using BOLA, which allowed for the lowest rebuffering ratios
out of all ABR strategies evaluated, mean rebuffering ratio
sits between 27% (using BROAD) and 41% (using Random),
while 95th percentile stall times vary between 48% (using
Thompson Sampling) and 55% (using BROAD). The results
are shown in detail for BOLA in Fig. 5a.

That BROAD achieves both the best average case perfor-
mance and the worst worst case performance can be explained
by its tendency to stick with the same peers for long periods of
time. BROAD has one of the lowest average switch rates and
thus provides a stable, if relatively low, bandwidth for the ABR
strategy to work with. However, if a client associates with low
quality peers, it is effectively stuck with them, resulting in
higher worst-case rebuffering ratio.

Findings: High rebuffering ratio indicates that while dif-
ferent algorithms can result in different performance, the
core issue is buffer depletion downstream of changing client
bandwidths. This instability is one of the largest hurdles to
decentralizing peer selection in PCDNs, however, this effect
is most pronounced when peer bandwidths differ significantly.

D. Impact of Network Dynamics

In practical PCDN systems, network conditions are inher-
ently dynamic due to user arrivals and departures. Such dy-
namics introduce non-stationarity into the environment, which

directly affects the robustness of online learning algorithms. In
particular, client churn continuously alters the load distribution
across peers, thereby changing the reward structure observed
by clients over time. As a result, algorithms must not only
learn an efficient allocation but also adapt to evolving system
conditions. This creates a fundamental challenge: maintaining
both high throughput and fairness while reacting to stochastic
changes in network topology.

To capture this behavior, we model network dynamics
through client churn using stochastic processes. Specifically,
client arrivals are modeled as a Poisson process with rate
λ, while client session durations follow an exponential dis-
tribution with mean T . This modeling choice reflects well-
established assumptions in network traffic analysis, where ar-
rivals are memoryless and session durations exhibit variability.
We consider three representative churn regimes: low churn
(λ = 0.0025, T = 8000), medium churn (λ = 0.004, T =
5000), and high churn (λ = 0.01, T = 2000). The choice
of these parameters ensures that the expected number of
active clients remains constant across all scenarios, given by
E[N ] = λT = 20, which is consistent with the client popula-
tion considered in the stationary setting. While the average
number of clients remains the same, different (λ, T ) pairs
result in distinct churn characteristics: low churn corresponds
to infrequent arrivals with long session durations, leading to a
relatively stable population, whereas high churn corresponds
to frequent arrivals and short-lived sessions, resulting in rapid
turnover of clients. This allows us to isolate the impact of
network dynamics on algorithm performance while controlling
for the average system load.

Fig. 5b illustrates the average total throughput of dif-
ferent algorithms under these churn conditions. From the
throughput perspective, all algorithms achieve comparable
average throughput across different churn levels, indicating
that the system operates close to its capacity despite network
dynamics. However, notable differences arise in terms of
variability. BROAD and Thompson Sampling achieve slightly
higher average throughput in some scenarios, but this comes
at the cost of significantly larger variance—particularly for
Thompson Sampling—as reflected by the error bars. This
higher variability indicates less stable performance over time,
likely due to their more aggressive adaptation to instanta-
neous reward fluctuations, which makes them sensitive to
the continuous changes in client population caused by churn.
In contrast, EXP3 demonstrates more consistent throughput
with lower variability, highlighting its robustness to stochastic
network dynamics. This stability stems from its balanced
exploration–exploitation mechanism, which prevents overreac-
tion to transient changes in peer loads. The advantage of EXP3
becomes even more pronounced when considering fairness
(Fig. 5c). EXP3 consistently achieves the highest fairness
across all churn scenarios, followed by Thompson Sampling.
In comparison, BROAD exhibits significantly lower fairness–
only slightly above 0.5 in terms of Jain fairness index–despite
achieving comparable throughput. This indicates that BROAD
tends to favor certain clients over others, leading to imbalanced
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Fig. 5: (a) Average and 95th percentile rebuffering ratio under BOLA [24]. BROAD has the lowest average but worst tail performance,
reflecting its low switching behavior, while Thompson Sampling and EXP3 are more balanced. Random performs worst on average,
highlighting the impact of bandwidth instability, (b) Average total throughput under different churn regimes. All methods achieve
similar throughput, but EXP3 shows lower variability, while Thompson Sampling and BROAD exhibit higher variance due to
sensitivity to network dynamics, (c) Jain fairness index under different churn levels. EXP3 consistently achieves the highest fairness,
followed by Thompson Sampling, while BROAD shows significantly lower fairness, indicating imbalance under dynamic conditions.

resource allocation under dynamic conditions.
Findings: Network dynamics primarily impact fairness and

stability rather than average throughput. EXP3 offers the best
trade-off between fairness and robustness, consistently main-
taining high fairness with relatively low variability. Thompson
Sampling provides competitive but slightly inferior perfor-
mance, while BROAD, despite achieving high throughput,
suffers from poor fairness and high variability, making it less
suitable for dynamic PCDN environments.

VI. CONCLUSION

In this paper, we studied distributed server selection in
PCDNs as a combinatorial multi-armed bandit problem. Sim-
ulations show that distributed online learning achieves perfor-
mance comparable to centralized solutions while remaining
scalable and robust to network dynamics. EXP3 offers the best
balance of convergence, efficiency, fairness, and robustness.
At the application level, video performance depends more on
throughput stability than average throughput, highlighting a
trade-off between adaptability and playback consistency.
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