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Abstract—With the advent of container technology, companies
have been developing microservice-based applications, converting
the old monolithic software into a group of loosely coupled con-
tainers, with the aim of offering greater flexibility and improving
operational efficiency. When users access microservices, their ini-
tial point of contact is typically a load balancer. This component is
responsible for distributing incoming traffic or requests between
multiple instances of microservices. Traditional load balancing
approaches mainly rely on round-robin, or weighted round-
robin algorithms which are inadequate to maintain the overall
performance and scalability of microservice-based applications.
Microservices are often deployed in dynamic environments need-
ing a more adaptive and efficient load balancing strategy to
optimize resources and reduce the overall latency for end users.
This paper presents a dynamic load balancer for Kubernetes
(K8s) clusters based on Reinforcement Learning (RL). It aims
to minimize the overall latency while promoting fair distribution
of requests. To achieve this goal, the load balancer considers
both current network delays and processing loads in the cluster.
The evaluation shows that our solution is effective even in
environments where both the network traffic and the processing
loads in the cluster change dynamically over time. In addition,
this study highlights the flexibility of DeepSets neural networks
in solving the load balancing challenge in diverse setups without
retraining. The results show that the DeepSets algorithms can
solve the microservice load balancing problem even in scenarios
up to 30 times larger than the trained setup.

Index Terms—Load Balancing, Reinforcement Learning, Mi-
croservices, Kubernetes, Containers

I. INTRODUCTION

In recent years, software development has witnessed a
significant shift towards microservices [1], [2]. Microservice-
based architectures involve decomposing traditional mono-
lithic applications into several loosely coupled containers that
aim to enhance flexibility and operational efficiency. Users
typically access these microservices via a load-balancer that
is responsible for distributing incoming traffic or requests be-
tween multiple replicas of a given microservice. Conventional
load balancing algorithms in popular container orchestration
platforms such as Kubernetes (K8s) [3] aim to maintain a
scalable, resilient, and high-performance architecture. How-
ever, traditional mechanisms are insufficient to sustain the
performance and scalability demanded by microservices-based
applications [4].

Most load balancing algorithms [5] favor round-robin strate-
gies, focusing on distributing the load evenly among available

microservice instances. These approaches ignore performance
properties of the underlying cloud infrastructure and the real-
time resource consumption in the cluster. This raises several
research questions: Which microservice instance to choose to
handle a request without compromising performance? Can the
selected instance provide low end-to-end latency to the user?
Should the load balancing algorithm focus on reducing the
overall latency or promoting equal distribution of requests
among deployed microservices?

Network latency poses a significant challenge in
microservice-based architectures, impacting the user
experience and application performance [6]. With
microservices distributed across various nodes within a
multi-zone K8s cluster, efficient load balancing mechanisms
are crucial for maintaining low-latency communications and
evenly distributing the load over the available microservice
replicas. While suitable for distributing traffic evenly,
traditional load balancing methods often fail to prioritize
latency reduction, resulting in suboptimal user experiences.
As users increasingly demand seamless and responsive
applications, addressing these latency issues becomes
essential for ensuring the wide adoption of microservice-
based architectures in future cloud infrastructures [7], [8].
Also, in dynamic cloud environments, microservice instances
are constantly being added or terminated based on the current
demand, which increases the need for novel intelligent load
balancing mechanisms. Modern load balancing approaches
need to consider the current resource consumption of
microservices (e.g., CPU and memory usage) but also
anticipate and adapt to fluctuations in network traffic to
reduce the overall latency (i.e., processing and network
latency) and optimize system performance.

This paper tackles these challenges by studying a Reinforce-
ment Learning (RL)-based approach for microservice load
balancing within a multi-zone K8s cluster. An RL environment
named gym-loadbalancing has been developed to provide a
scalable and cost-effective solution to train RL agents to
address this problem. Our results show that RL can find near-
optimal load balancing schemes, prioritizing overall latency re-
duction and avoiding distribution inequality compared against
heuristic-based methods. In addition, this work assesses the
ability of DeepSets neural networks [9] to generate models
that address the load balancing challenge across a range of



conditions without needing retraining. Inputs and outputs are
arbitrarily-sized sets in the DeepSets neural network, meaning
that the policy learned by the RL algorithm can be applied
to diverse multi-zone scenarios with a varying number of
available endpoints. The main contributions of the paper are
threefold:

• gym-loadbalancing framework: Implementation of an
RL-based framework for microservice load balancing in
multi-zone K8s clusters. The proposed framework1 has
been open-sourced, allowing researchers to evaluate their
algorithmic ideas. Sec. IV presents the RL approach,
including details on the observation state, action space,
and the considered multi-objective reward function. The
approach focuses on reducing the overall latency and
promoting equal distribution of requests.

• Extensive Evaluation: Our experiments considered dif-
ferent RL algorithms and several heuristic-based methods
applied in multiple multi-zone K8s scenarios under dy-
namic conditions, where processing and network latency
vary as well as the CPU usage of microservices (Sec. V).
Results show that RL can find appropriate load balancing
schemes for the selected strategy while achieving higher
performance than typical heuristics.

• RL generalization: This work also evaluates the gen-
eralization potential of the DeepSets neural network by
applying it to different problem sizes without retraining.
Results show that DeepSets algorithms can optimize
microservice load balancing in different multi-zone sce-
narios 30 times higher than the trained scenario (Sec. VI).

The paper is organized as follows: the state-of-the-art on
microservice load balancing is discussed in the next section.
Sec. III highlights the importance of efficient microservice
load balancing, describing how load balancing is currently
handled within the K8s platform. Sec. IV details the RL
approach, including observation and action spaces. Sec. V
describes the evaluation setup, followed by the results in
Sec. VI. Finally, Sec. VII summarizes our results.

II. RELATED WORK

This section reviews the most relevant works on microser-
vice load balancing, mainly focusing on algorithms for multi-
zone K8s infrastructures. The awareness of the load balancer
plays a major role in these scenarios given the differences in
network bandwidth and latency inside and between zones.

Heuristics and Theoretical Formulations have been
widely studied in the literature [4], [10]–[14]. For example,
in [4], the authors propose a chain-oriented load balancing
algorithm based on message queues. The goal is to efficiently
distribute the load among microservices to minimize their
response time. Also, in [11], Yu, R. et al. introduce a graph-
based model to represent load dependencies among microser-
vices. While their formulation can be solved optimally in
polynomial time, it does not explicitly consider the Quality
of Service (QoS) of the application. Furthermore, in [12],

1https://github.com/jpedro1992/gym-loadbalancing

the authors present a chain-based load balancing algorithm
focused on the system resource usage of each service instance.
The study evaluates three heuristics, demonstrating the efficacy
of the proposed method in reducing response time when com-
pared to existing approaches. One notable limitation of these
heuristics lies in their platform-specific design, restricting their
broader practical applicability. Moreover, theoretical models
often exhibit slow convergence and are typically challenging
to implement in production environments.

Load Balancing in K8s is an active research topic [15]–
[17]. Many proposals focus on enhancing the load balancing
mechanisms within K8s through monitoring information [15],
container migration [16], or leader-election algorithms [17].
Nonetheless, most works still do not address the underlying
cluster infrastructure topology nor do they provide a com-
prehensive study on the impact of distribution inequality in
the load balancing system. Single-zone clusters are typically
evaluated using performance metrics such as response time and
resource consumption of the application without considering
load distribution inequality or network latency.

This study introduces a novel approach based on RL,
aiming to make efficient load balancing considering both the
current status of the multi-zone K8s infrastructure and the
microservice applications. We use a multi-objective reward
function that focuses on reducing the overall latency for end
users while fostering an equal distribution of requests across
the available microservice instances. To the best of our knowl-
edge, RL techniques have not been previously proposed to
handle the microservice load balancing problem discussed in
this paper, and most works do not consider all the performance
factors evaluated in this work. RL approaches are generally
robust to dynamic demands since the algorithm adjusts the
model parameters if any notable event occurs (i.e., online
learning). However, a key drawback of RL techniques is their
high execution time to converge to a stable model, potentially
leading to inefficient actions during the learning period. To
address this limitation, the proposed approach introduces a
more scalable and cost-effective solution for RL training
through the use of the gym-loadbalancing framework, a near-
real simulation-based environment.

III. MICROSERVICE LOAD BALANCING IN KUBERNETES

K8s offers robust solutions for microservice load balancing,
providing dynamic and adaptive mechanisms to distribute
incoming traffic across microservice instances [18]. K8s intro-
duces the concept of a Service as an abstraction that defines a
logical set of Pods, the smallest working unit in K8s that can
host one or more containers, as shown in Fig.1. The Service
abstraction provides a Service Load Balancer that balances
incoming traffic across the associated Pods. This abstraction
simplifies the process of load balancing for microservices, by
hiding unnecessary complexity. Nevertheless, traditional load
balancing approaches struggle to keep pace with the dynamic
changes inherent in microservices architectures. Individual
microservices often exhibit varying workloads based on user
demand and application complexity. Efficient load balancing



mechanisms are crucial to prevent overloading of specific
instances and ensure computing resources are used efficiently.
Service meshes, such as Istio [19] and Linkerd [20], enhance
K8s load balancing by providing advanced traffic management
features, including retries and traffic shifting. These features
contribute towards a higher resilience and fault tolerance of
microservices in K8s clusters.

Load balancing in multi-zone K8s clusters is even more
challenging due to the inherent geographical distribution.
The communication between zones (i.e., inter-zone commu-
nication) incurs additional overhead compared to intra-zone
communication. The proposed load balancing approach uses
a higher network cost between zones in the K8s cluster as
outlined in [21]. Our previous work introduced the concept
of a NetworkTopology Custom Resource Definition (CRD) 2

to save network costs between regions and zones for the
underlying K8s cluster topology. In addition, the integration
of a netperf component 3 allows for the estimation of network
latency between cluster nodes at various percentiles (i.e., 50th,
90th and 99th percentile). These measurements can serve as
network costs, aligning with the expected network latency
within the cluster. In the context of the proposed RL approach,
these network costs play a pivotal role in optimizing request
routing to minimize inter-zone communication. Also, the
heterogeneous computing capacities across zones necessitate
load balancing strategies that dynamically adapt to resource
variations (e.g., CPU usage of microservices). Balancing the
load accordingly to the resource heterogeneity ensures optimal
resource utilization and prevents overloading specific zones.

End-to-end system design In our OpenAI Gym-based RL
load balancing system [22] named as gym-loadbalancing,
several RL algorithms are available for training to generate
a load balancing policy using as input static and dynamic
information about the K8s cluster (detailed further in Sec. IV).
For example, load information varies dynamically for both the
intra-zone network latency (assuming netperf is periodically
executed and measurements are available in the cluster) and
the microservices CPU usage and processing latency based
on the total number of requests assigned to the endpoint.
This information serves as input and is updated periodically
after each action selected by the RL algorithm. The gym-
loadbalancing framework has been developed to replicate
the behavior of load balancing requests in a K8s cluster,
providing the RL agent with relevant information available
within a typical K8s cluster. By emulating the behavior of a
K8s cluster, trained RL load balancing policies could then be
later validated in operational environments by retrieving real-
time information from the K8s cluster, such as our previously
developed components (e.g., NetworkTopology CRD and net-
perf), and popular monitoring platforms such as Prometheus
[23]. Though, this validation is left out of the scope of this
paper, but planned as future work since the K8s sig-network
community is currently testing and validating the implemen-

2https://github.com/diktyo-io/networktopology-api
3https://github.com/jpedro1992/pushing-netperf-metrics-to-prometheus
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tation of a pluggable framework 4 that will allow researchers
and developers to implement their load balancing algorithms
as plugins and use them in typical K8s clusters. Since this
implementation is still under review, our RL approach is
validated in the gym-loadbalancing framework, described in
detail in the next section.

IV. REINFORCEMENT LEARNING FOR MICROSERVICE
LOAD BALANCING IN KUBERNETES

The gym-loadbalancing framework has been developed to
train RL algorithms in a scalable and cost-effective manner as
illustrated in Fig. 2. These OpenAI Gym-based environments
are developed to speed up the training process of RL. During
training, dynamic load information (e.g., number of available
endpoints and its corresponding metrics) is updated based on
the chosen actions of the RL agent in the gym-loadbalancing
environment. Sec. V shows the deployment requirements used
for the RL environment based on a realistic microservice-based
application to create near-real experiments.

In addition, the proposed approach adopts the DeepSets
methodology presented in [24], [25]. Deep RL methods based
on Multi-Layer Perceptrons (MLPs) operate in fixed-length
vector spaces, which cannot support variable input or output
dimensionalities. In other words, for the microservice load

4https://github.com/kubernetes/kubernetes/pull/121060



TABLE I: The structure of the Observation Space.

Set Metric Description

Request
Zin The zone of the endpoint.
∆r The latency threshold of the request r.
Tr The expected duration of the request r.

Endpoint

Zout The zone of the endpoint e.
Πout The zone cpu capacity.
Θe The current CPU usage of the endpoint e.
ϕe The endpoint e processing latency (in ms).
δe The network latency from Zout to Zin (in ms).

TABLE II: The hardware configuration of each node based on
Amazon EC2 On-Demand Pricing [26].

Node Type Amazon Image CPU capacity Memory capacity
Cloud t4g.2xlarge 8.0 32.0

Fog Tier 2 t4g.xlarge 4.0 16.0
Fog Tier 1 t4g.large 2.0 8.0

Edge Tier 2 t4g.medium 2.0 4.0
Edge Tier 1 t4g.small 2.0 2.0

balancing problem, if an MLP-based RL agent trains on a
multi-zone setup with four endpoints, it cannot be directly
applied to another multi-zone scenario that consists of eight
endpoints. Instead, the DeepSets neural network assumes that
inputs and outputs can be arbitrarily-sized sets, so the learned
policy by the RL algorithm is not bound to a fixed number of
endpoints. Thus, a DeepSets-based RL agent can generalize its
learned policy to different multi-zone scenarios with a varying
number of available endpoints without retraining. By applying
DeepSets, this work aims to find RL algorithms that generalize
well to problem sizes larger than training, which is beneficial
since microservice replicas are frequently scaled up or down
in response to dynamic demands, meaning that the number of
available endpoints varies significantly in typical K8s clusters.
More generally, changes in the number of endpoints do not
require retraining. Retraining is only needed when new metrics
are added to the observation space.

Observation Space Table I shows the observation space
considered for the microservice load balancing problem, de-
scribing the environment at a given step. It includes two
sets of metrics: Request and Endpoint. The first set Request
corresponds to the metrics related to the endpoint generating
the request, such as the zone hosting the endpoint (Zin), the
latency threshold (∆r) of the load balancing request that the
RL agent should respect, and the expected duration (Tr) of
the request r measured in time units.

The second set Endpoint corresponds to the metrics re-
lated to the current status of all available endpoints (i.e.,
microservice replicas), such as the hosting zone (Zout), the
zone CPU capacity (Πout), the current CPU usage of the
endpoint (Θe), the processing latency of the endpoint (ϕe),
and the network latency of the endpoint determined by the
cluster topology (δe). The CPU usage and processing latency
of endpoint e are directly influenced by the current number
of requests being handled by this endpoint. As the number
of requests increases, both the CPU usage and processing
latency of the endpoint e increase. The network latency and
the endpoint’s processing latency are quantified within the
range of [1.0, 500.0] milliseconds. Inter-zone communication

TABLE III: The structure of the Action Space.

Action Name Description
Select-e The endpoint e is selected to handle the request.
Reject The agent rejects the request.

varies dynamically during the experiments within the range of
[1.0, 500.0] milliseconds, while intra-zone communication is
assumed as 1.0 ms. Table II shows detailed resource capacities
for each node based on different cluster types. The zone CPU
capacity is derived from these capacities, expressed as values
within the interval [2.0, 32.0] based on the total number of
nodes available per zone. This metric is mainly used by the
Zone-Greedy heuristic approach presented in Sec. V.

Action Space Table III shows the action space designed for
gym-loadbalancing as a discrete set of possible actions, where
a single action is chosen at each step. Given a request, the RL
agent decides to forward the request to a given endpoint, or
reject the request. The size of the action space depends on
the total number of endpoints in the scenario. Let us assume
that the setup consists of e endpoints, the action space length
is then e + 1. Rejection is allowed since the agent might
prefer to reject a request since its endpoints might be serving
several requests, though the agent is penalized in these cases.
Regarding penalties (i.e., negative reward), a simple approach
commonly followed in the literature [27] is to penalize the
agent if it selects an invalid action since these are typically
known beforehand. This penalty should align with the reward
function to ensure that the agent can achieve the predetermined
goal. This work focuses on a multi-objective reward function,
outlining two opposing strategies, as described next.

Reward Functions The purpose of a reward function is
to guide the RL agent towards maximization of accumulated
rewards by choosing appropriate actions depending on the
observation state. Our multi-objective reward function (1) con-
siders two complementary objectives: latency-aware (2), and
load inequality-aware (3). If the agent chooses an endpoint,
it receives a positive reward based on both strategies and
its corresponding weights (ωl and ωi), normalized between
[0.0, 1.0], otherwise, the agent is penalized if it decides to
reject the request (i.e., -1).

r =

{
ωl × rlatency + ωi × rinequality if req. is accepted.
−1 if req. is rejected.

(1)

rlatency = 1.0− λr where: λr︸︷︷︸
Total latency

= ϕe︸︷︷︸
Processing

+ δe︸︷︷︸
Network

(2)

rinequality = 1.0−G where: G = Gini Coefficient (3)

On the one hand, the latency-aware function aims to min-
imize the total latency of the request (λr) by reducing both
the endpoint processing (ϕe) and network latency (δe). On the
other hand, the inequality-aware function leads the RL agent



TABLE IV: The evaluated reward strategies.

Name ωl ωi

Latency 1.0 0.0
Inequality 0.0 1.0
Multi-goal 0.5 0.5

TABLE V: Load Balancing requirements of TeaStore.

Microservice Latency Threshold (∆)
webui 400 ms
registry 200 ms
image 150 ms
auth 250 ms
persistence 450 ms
db 375 ms
recommender 500 ms

to choose endpoints that evenly distribute requests across the
number of available endpoints. The reward is calculated based
on the Gini Coefficient (G) that ranges from [0.0, 1.0], where
0 means perfect equality (all endpoints serve the exact number
of requests), and 1 indicates perfect inequality (one endpoint
serves all the requests). A lower Gini Coefficient indicates
then a more equitable distribution. The Gini Coefficient is
an accurate measure of inequality in a distribution, calculated
using the formula:

G =

∑e
i=1

∑e
j=1 |Li − Lj |
2n2L̄

(4)

where:

G is the Gini coefficient.
e is the number of endpoints.
Li is the number of requests served by endpoint i.
L̄ is the average number of requests across all endpoints.

V. EVALUATION SETUP

Three reward strategies have been considered in the
evaluation of the gym-loadbalancing framework, as detailed
in Table IV. The first strategy named Latency focuses on
reducing both the processing and network latency, while the
second strategy named Inequality targets a reduction of the
Gini coefficient aiming to evenly distribute the requests across
the available endpoints. Lastly, the third strategy denoted as
Multi-goal focuses on both reducing the overall latency and
promoting a fair distribution of requests with both correspond-
ing weights set at 0.5.

Various RL algorithms have been assessed in the gym-
loadbalancing environment. Most of these algorithms have
been implemented based on the stable baselines 3 [28] library,
a set of reliable implementations of RL algorithms written in
Python. The evaluation consists mainly of four agents that
support discrete action spaces:

• Advantage Actor Critic (A2C) [29]: A synchronous,
deterministic algorithm that combines policy and value-
based algorithms. Policy-based agents learn a policy map-
ping input states to output actions (i.e., actors), and value-
based algorithms select actions based on the predicted
value of the input state (i.e., critic).

• Proximal Policy Optimization (PPO) [30]: a policy
gradient method for RL vastly used today for different
scenarios (e.g., robot control and video games).

• DeepSets PPO: Similar to PPO but with a DeepSet as
its neural network.

• DeepSets Deep Q-Network (DQN): DQN combines
the classical Q-Learning RL algorithm with deep neural
networks. It also applies the DeepSet neural network.

Both DQN and PPO have been adapted to use the DeepSets
neural network architecture by modifying their standard im-
plementations in popular RL libraries. The policy network in
PPO and the Q-network in DQN have been replaced with a
DeepSet to assess its generalization capabilities.

The TeaStore application [31] has been used as a reference
application to assess the performance of the RL algorithms.
TeaStore is a widely used microservice benchmark framework
consisting of seven workloads with distinct performance char-
acteristics, allowing the evaluation of scheduling and load bal-
ancing techniques. It emulates a Web Store for automatically
generated tea supplies and features several User interface (UI)
elements for database generation and service resetting in addi-
tion to the store itself. We argue that TeaStore is a convenient
application to test the proposed multi-zone load balancing
approach since it consists of several microservices frequently
sending requests across each other. Table V shows the TeaStore
load balancing requirements applied in the evaluation.

The gym-loadbalancing framework has been implemented
in Python to ease the interaction with both the OpenAI Gym
and the stable baselines 3 libraries. In the evaluation, an
episode consists of 100 steps where the RL agent attempts
to maximize the accumulated reward based on the current
request. If the agent selects one of the available endpoints
to serve the request, both the endpoint processing latency
(ϕe) and its CPU usage (Θcpu) increase. In contrast, if a
request is terminated based on the mean service duration
(as default one time unit), the processing latency and CPU
usage decrease by decreasing the corresponding metrics. In
addition, regarding the request, both the zone hosting the
endpoint (Zin) and the expected duration of the request (Tr)
are randomized based on the number of available zones in
the K8s cluster and the mean service duration, respectively.
This ensures the RL agents receive different requests during
training in consecutive episodes. During training, we used a
cluster with four endpoints and four zones. The RL algorithms
has been trained for 2000 episodes, a typical number used for
RL training. The RL agents have been executed on a 14-core
Intel i7-12700H CPU @ 4.7 GHz processor with 16 GB of
memory. The performance of the RL agents has been evaluated
based on the following metrics:

• Execution Time of the given RL algorithm.
• Accumulated reward during each episode. It refers to

the total sum of rewards obtained by an agent over time
as it interacts with the gym-loadbalancing environment.

• Percentage of rejected requests represented as [0, 100].
• Average CPU usage of the selected endpoint.



TABLE VI: The execution time during training.

Algorithm Execution Time
per episode (in s)

Execution Time for
2000 episodes

A2C 0.677 ± 0.007 22.56 minutes
PPO 0.476 ± 0.006 15.86 minutes

DeepSets PPO 0.897 ± 0.013 29.90 minutes
DeepSets DQN 0.576 ± 0.006 19.20 minutes

Topology-Greedy 0.114 ± 0.002 3.80 minutes
Zone-CPU-Greedy 0.132 ± 0.003 4.40 minutes

CPU-Greedy 0.115 ± 0.002 3.83 minutes

• Average Processing latency for each accepted request.
• Average Network latency for each accepted request.
• Percentage of intra-zone and inter-zone traffic repre-

sented as [0, 100].
• Gini Coefficient highlighting the inequality of the load

balancing strategy, represented as [0, 1].

Three heuristic-based baselines have also been evaluated
to compare against RL-based methods:

• CPU-Greedy: selects the endpoint with the lowest re-
source consumption (CPU usage).

• Zone-Greedy: chooses the endpoint from the zone with
the highest CPU capacity based on its cluster nodes.

• Topology-Greedy: selects the endpoint providing the
lowest network latency.

VI. RESULTS

Time Complexity has been accessed based on the training
execution time for the multiple RL agents for the latency-
aware strategy (Table VI). The results highlight that training
RL agents in near-real environments can speed up the ap-
plicability of RL methods in operational environments. Most
algorithms require on average between 15 - 30 minutes for
training during 2000 episodes. PPO is slightly faster than the
other RL methods, especially compared to DeepSets PPO. All
heuristics are significantly faster than most RL methods since
no policy training is needed. On average, heuristic algorithms
complete 2000 episodes within 3-4 minutes, whereas most RL
algorithms typically require 15-23 minutes for the same task.

Training results for 2000 episodes are shown in Fig. 3
for all applied strategies. We applied a smoothing window
of 200 episodes to mitigate spikes in the graphs. Despite fluc-
tuations, all algorithms converge around the 1400th episode,
even though some algorithms exhibit slight improvements
in rewards beyond this point. All algorithms attain accumu-
lated rewards surpassing 50 for the latency strategy, while
demonstrating difficulties in achieving higher rewards for
the Inequality strategy. This is particularly evident in the
performance of the DeepSets DQN algorithm. It is noteworthy
that all algorithms learn to minimize rejections, as evidenced
by their pursuit of higher rewards. This trend will be further
explored in our subsequent testing phase. Fig. 4 illustrates
that all algorithms successfully learn to reduce the processing
latency and the network latency during the training, achieving
similar results to the Topology-Greedy approach. Also, Fig. 5
demonstrates that for the inequality strategy, latency is not the

primary focus since average values are typically higher than
the latency strategy, especially for the network latency.

Testing was done for all algorithms during 2000 episodes
with the saved configuration after 2000 training episodes.
Table VII summarizes the obtained results during the testing
phase concerning the considered performance metrics for
the different algorithms. Regarding the latency strategy, both
DeepSets algorithms outperform A2C and PPO though the
slightly worse training. However, these algorithms signifi-
cantly reduce the expected total latency at a higher rejec-
tion rate of 2.5%. In fact, both algorithms achieve higher
performance than the Topology-Greedy strategy since this
primarily focuses on the network latency while neglecting
the impact of the processing latency in the overall expected
latency. To further assess the impact of rejection, the DeepSets
algorithms (DeepSets PPO-R and DeepSets DQN-R) have
been retrained without the option of rejecting requests by
disabling it from the action space. The aim is to evaluate
the performance of the algorithms when all requests need
to be accepted (i.e., forwarded to a given endpoint). The
final two rows of Table VII illustrate that the performance of
DeepSets experiences a minor decrease without the rejection
option, although the decline is not statistically significant.
When rejection is permitted, these algorithms prefer to receive
a penalty for 2.5% of the requests to slightly decrease the
overall latency. For the multi-goal strategy, all algorithms
demonstrate a tendency to reject fewer requests while attaining
a slightly higher total latency, as expected. Additionally, most
algorithms exhibit a lower Gini coefficient, which shows
the effort toward a more equitable distribution of requests
among the available endpoints. In the case of the inequality
strategy, latency is considerably higher than the previous two
strategies at a significantly lower Gini coefficient. Also, all
algorithms exhibit a preference for inter-zone communication,
diverging from the more balanced approach observed in the
previous strategies. This result highlights that intra-zone traffic
is preferred when latency is the primary goal. Furthermore,
it is worth noting that all tested greedy approaches fail to
provide a competitive alternative to RL methods, as these do
not take into account the dynamics of the environment and
the different aspects affecting the total latency of the requests.
Among these approaches, the Topology-greedy method stands
out as the only one capable of latency reduction, primarily by
focusing on minimizing the network latency. Fig. 6 emphasizes
this observation by presenting the CDFs for the various
methods. As shown, it is evident that the total latency varies
considerably across the learned policies of the RL algorithms,
depending on the selected strategy and associated weights.

Generalization has been evaluated for both DeepSets al-
gorithms by varying the number of available endpoints from
6 to 180. Fig. 7 demonstrates the enormous potential of the
DeepSets neural network. Both algorithms can find adequate
load balancing schemes for all strategies, even when initially
trained in a small-scale scenario. As the number of endpoints
increases, the complexity of the inequality strategy becomes
notably more pronounced compared to the latency or multi-
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Fig. 3: The accumulated reward during training for the multiple agents.

TABLE VII: Results obtained during the testing phase for 2000 episodes.

Algorithm Strategy Rejected
Requests (in %)

Processing
Latency (in ms)

Network
Latency (in ms) Gini Coeff. Inter-Zone

Traffic (in %)
Intra-Zone

Traffic (in %)
A2C Latency 0.03 ± 0.007 247.5 ± 2.9 73.4 ± 1.53 0.28 ± 0.003 44.2 ± 0.6 55.8 ± 0.6
PPO Latency 0.06 ± 0.01 297.9 ± 2.03 125.2 ± 2.03 0.48 ± 0.002 59.1 ± 0.5 40.9 ± 0.5

DeepSets PPO Latency 2.5 ± 0.3 304.4 ± 1.8 27.1 ± 0.9 0.44 ± 0.005 26.9 ± 0.7 70.5 ± 0.7
DeepSets DQN Latency 2.6 ± 0.3 233.4 ± 4.23 93.2 ± 1.89 0.37 ± 0.007 48.2 ± 0.6 49.2 ± 0.6

A2C Multi-goal 0.01 ± 0.004 247.2 ± 2.9 74.5 ± 1.5 0.25 ± 0.004 44.8 ± 0.5 55.2 ± 0.5
PPO Multi-goal 0.07 ± 0.01 278.7 ± 1.5 161.0 ± 2.1 0.28 ± 0.002 67.5 ± 0.3 32.4 ± 0.3

DeepSets PPO Multi-goal 0.36 ± 0.07 282.08 ± 2.4 82.7 ± 1.5 0.38 ± 0.006 47.2 ± 0.6 52.4 ± 0.6
DeepSets DQN Multi-goal 0.23 ± 0.04 269.7 ± 3.9 89.7 ± 2.2 0.49 ± 0.005 49.3 ± 0.6 50.5 ± 0.6

A2C Inequality 0.006 ± 0.003 262.5 ± 1.7 184.1 ± 2.4 0.13 ± 0.001 72.5 ± 0.3 27.5 ± 0.3
PPO Inequality 0.13 ± 0.01 273.8 ± 1.67 180.9 ± 2.4 0.26 ± 0.002 71.7 ± 0.3 28.1 ± 0.3

DeepSets PPO Inequality 0.03 ± 0.01 270.8 ± 1.9 120.8 ± 1.5 0.33 ± 0.004 60.1 ± 0.7 39.8 ± 0.7
DeepSets DQN Inequality 0.23 ± 0.05 287.6 ± 1.9 209.8 ± 3.5 0.50 ± 0.004 75.1 ± 0.5 24.7 ± 0.5

Topology-Greedy - 0% 339.3 ± 2.06 23.1 ± 1.4 0.56 ± 0.004 16.4 ± 0.6 83.6 ± 0.6
Zone-Greedy - 0% 392.9 ± 3.4 165.9 ± 2.73 0.83 ± 4.8 66.1 ± 0.4 33.9 ± 0.4
CPU-Greedy - 0% 393.4 ± 3.3 179.4 ± 3.02 0.83 ± 9.79 71.8 ± 0.4 28.17 ± 0.4

DeepSets PPO-R Latency 0% 295.4 ± 2.4 29.3 ± 1.5 0.48 ± 0.005 25.3 ± 0.7 74.7 ± 0.7
DeepSets DQN-R Latency 0% 240.4 ± 4.6 95.5 ± 2.1 0.44 ± 0.007 52.7 ± 0.6 47.3 ± 0.6

TABLE VIII: The average network latency for each request increases, if network costs are not updated.

Network Latency (in ms) Total Latency (in ms)
Algorithm +0% +10% +30% +50% +70% +10% +30% +50% +70%

DeepSets PPO 27.1 40.7 ± 0.9 47.9 ± 1.6 55.3 ± 1.9 62.5 ± 2.1 348.3 ± 2.2 355.6 ± 2.4 362.8 ± 2.5 370.1 ± 2.7
Topology-Greedy 23.1 33.2 ± 1.3 35.9 ± 2.0 41.3 ± 2.3 46.7 ± 2.6 372.1 ± 2.2 374.8 ± 3.2 380.1 ± 3.5 385.5 ± 3.7
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Fig. 4: The expected latency for the multiple agents during
training for the latency strategy.

goal strategies. The Gini coefficient increases throughout the
experiment, showing how difficult it is to find an even distri-
bution of requests among the available endpoints. Also, both
algorithms exhibit the ability to maintain both the processing
and network latency at a nearly constant level as the number of
endpoints increases, showing the potential of these algorithms
in being applied in operational environments without requiring
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Fig. 5: The expected latency for the multiple agents during
training for the inequality strategy.

retraining. It is also noteworthy that both agents exhibit differ-
ences in their learned policy since DQN favors the reduction
of the processing latency, while PPO prefers to minimize the
network latency, though achieving similar results for the total
latency. In conclusion, both algorithms can provide efficient
load balancing schemes in a multi-zone K8s cluster 30 times
higher than its initial trained setup.
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(a) Latency strategy.
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(b) Multi-goal strategy.
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(c) Inequality strategy.

Fig. 6: The Cumulative Distribution Function (CDF) for the total latency during testing for the multiple evaluated algorithms.
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Fig. 7: The results for the trained DeepSets agents for all strategies while varying the number of available endpoints.
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(a) 10% increase.
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(b) 30% increase.
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(c) 50% increase.
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Fig. 8: The CDF for the total latency when network costs are increased and updates are not communicated to the agent.

What if network costs are not updated? As a final step
in our evaluation, this study examines the implications of
unavailable or infrequently updated network costs in a typical
multi-zone K8s cluster. In this analysis, both DeepSets PPO
and the Topology-Greedy strategy have been evaluated over
2000 episodes, considering predetermined increases in the
range of [+10%,+30%,+50%,+70%]. Table VIII indicates
a significant increase in network latency when network costs
are not updated. For instance, with a 10% increase, DeepSets
PPO achieves an average network latency of 40.7 ms instead
of 27.1 ms, representing a 0.5x increase, while the Topology-
Greedy approach obtains an average network latency of 33.2
ms instead of 23.1 ms, representing a 0.43x increase. Both
algorithms experience a twofold increase in network latency
when network costs are increased by 70%. Fig 8 illustrates
the CDF for the total latency across all scenarios, revealing
significant differences for both algorithms when network costs
increase beyond 30%. These findings highlight the critical
importance of accurate network costs when implementing such

approaches in typical K8s clusters. This can be achieved
currently within a K8s cluster by utilizing the previously
presented NetworkTopology CRD.

In summary, this paper investigates efficient multi-zone
load balancing strategies tailored for the widely-used K8s
platform, focused on recent trends such as RL. Through
the exploration of various competing strategies, it becomes
evident that RL algorithms have the capacity to discern op-
timal actions that maximize accumulated rewards based on
predefined objectives. Validation through an RL environment
reaffirms the efficacy of this approach, with most algorithms
significantly outperforming traditional greedy methods. The
adoption of the proposed RL-based approach could enhance
the current load balancing mechanism within K8s by find-
ing an appropriate balance between latency reduction and
equitable request distribution, as evidenced by the obtained
performance during testing. Moreover, the DeepSets neural
network emerges as a pivotal component, showcasing immense
potential. These RL algorithms can seamlessly adapt to diverse



multi-zone environments with varying endpoints, thereby miti-
gating the need for extensive retraining. Without the utilization
of DeepSets, the retraining of RL algorithms for specific
endpoint configurations would entail considerable execution
time and computing resources, limiting the efficiency gains
facilitated by its integration.

VII. CONCLUSIONS

This paper studies the challenge of efficient load balancing
of microservices within a multi-zone cluster infrastructure. An
RL-based approach inspired on the OpenAI Gym library has
been proposed to enable efficient load balancing in the well-
known K8s platform. The evaluation considers three strategies
that show the feasibility of RL for the microservice load
balancing problem addressed in the paper. The results show
that generalization is attainable by incorporating the DeepSets
neural network in typical RL algorithms, achieving high
performance even in scenarios up to 30 times larger than the
trained environment. Multi-agent RL scenarios will be studied
as future work to find optimal combinations of opposing
scheduling strategies. In addition, we plan to integrate our RL
approach into the K8s ecosystem in the form of plugins to
compare our approach with existing load balancing mecha-
nisms. Moreover, our work contributes to the field by provid-
ing a framework released in open-source, allowing researchers
to evaluate load balancing concepts and potentially guide the
development of more efficient load balancing algorithms.
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