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Performance trade-offs between predictive
and reactive autoscaling in stateful microservices

Abstract. The relevance of studying the trade-offs between reactive and predictive autoscaling of stateful microservices
was due to the need to improve stability, resource performance and reliability of cloud systems in dynamic conditions.
The aim of the study was to assess the effectiveness of reactive, predictive and hybrid autoscaling strategies in stateful
microservice architectures. The methodological basis of the research relied on comparative, content, systems and structural-
functional analyses, as well as modelling, which made it possible to comprehensively investigate the performance and
stability of different approaches to autoscaling in stateful microservices. Theoretical analysis showed that autoscaling in
microservice systems provides adaptive performance, and the choice of strategy depends on the nature of the workload,
latency sensitivity and consistency requirements. The review of models demonstrated that reactive autoscaling responds
quickly to changes but is accompanied by high latency, performance fluctuations and the risk of state divergence between
replicas, whereas predictive autoscaling reduces scaling delay and increases stability and resource efficiency but requires
accurate models and additional computational resources. Analysis of the results revealed that hybrid strategies integrate
the advantages of both approaches, providing both flexibility and stability, and that system efficiency is determined by a
trade-off between latency, stability, state consistency, resource efficiency and financial costs. The results of the study may
be useful for developers and architects of cloud microservice systems, IT engineers and DevOps teams for optimising scaling
strategies, increasing service stability and ensuring efficient resource use in different cloud environments

Keywords: Kubernetes; resource optimisation; cloud performance; dynamic resource allocation; system stability;
observability metrics

INTRODUCTION

Modern cloud microservice architectures require efficient
autoscaling mechanisms, especially for stateful services
with critical state consistency and high latency sensitivi-
ty. Traditional reactive approaches provide basic stability
but suffer from reaction delay and inefficient resource use,
whereas predictive models make it possible to anticipate
load peaks but require complex analytics and precise tun-
ing. In this regard, the study of performance trade-offs be-
tween reactive and predictive approaches and the develop-
ment of a conceptual model for choosing a scaling strategy
for stateful environments are relevant and make it possible
to improve stability, resource efficiency and reliability of
cloud systems in dynamic conditions.

In the modern academic discourse, research on micro-
service autoscaling increasingly focuses on adaptability,
load prediction and resource optimisation. Thus, in the
work of I. Varzhanskiy et al. (2025), approaches to load
forecasting and strategic resource analysis were consid-
ered, demonstrating the potential of applying predictive
and hybrid methods to increase system resilience and ef-
ficiency. The study showed that the integration of analyt-
ical methods and forecasting makes it possible to improve
scaling planning and reduce the risks of peak loads. In the
work of O. Romanov et al. (2024), dynamic scaling of con-
tainerised applications using Kubernetes Cluster Autos-
caler and Auto Scaling Group was analysed. The authors
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demonstrated that the combined use of horizontal and ver-
tical scaling reduces latency and increases the performance
of stateful microservices in multicluster environments. The
results of the work confirmed the relevance of combining
reactive, predictive and hybrid strategies to achieve an
optimal balance between stability, reaction speed and re-
source efficiency. At the same time, the study of T. Baben-
ko et al. (2025) focused on automated data collection and
risk assessment of digital assets using AI methods. The an-
alytical and predictive approaches used demonstrated the
possibilities of integrating machine learning to optimise
the management of complex systems. This highlighted the
prospects of applying intelligent algorithms to support
scalable and resilient microservice architectures. In the
study, B. Guntupalli & S. Vamshi (2023) analysed the de-
sign of microservices for processing high data volumes. The
results showed that the correct combination of horizontal
and vertical scaling has a critical impact on system perfor-
mance and economic efficiency. The authors emphasised
the importance of a structured approach to microservice
architecture in large cloud environments.

In studies of autoscaling for stateful microservices,
attention was also paid to increasing system stability and
resource efficiency. M. Mekki et al. (2025) proposed an ap-
proach to proactive lifecycle management in multi-clus-
ter containerised environments, which envisages load
forecasting and adaptive resource deployment. The study
showed that this approach reduces the risk of state diver-
gence between replicas and increases system resilience to
load fluctuations, demonstrating practical value in com-
plex distributed architectures. C. Meng et al. (2023) devel-
oped Deepscaler — a comprehensive horizontal and vertical
scaling model based on spatio-temporal graph neural net-
works with adaptive graph learning. The review showed that
the approach makes it possible to effectively forecast load
peaks and optimise resource distribution, which reduces
system reaction latency and increases the stability of state-
ful microservices. The results of the study demonstrated the
advantages of using deep learning for comprehensive scal-
ing, particularly in scenarios with dynamic and unpredict-
able workloads. In turn, M. Thompson et al. (2023) focused
on intelligent workload balancing in multi-cloud environ-
ments, applying adaptive algorithms for resource distri-
bution between providers. The study showed that such an
approach makes it possible to increase system performance
and fault tolerance while reducing the risk of overloading
individual components. The literature review demonstrates
that the integration of intelligent balancing strategies with
predictive scaling provides comprehensive optimisation of
stateful microservice operation in complex and distributed
cloud infrastructures. T. Prasad (2023) proposed an Al-driv-
en predictive scaling approach that uses machine-learning
algorithms to forecast workload and automatically allocate
resources. The study showed that the use of Al reduces scal-
ing latency and increases system stability, and the results
demonstrated the effectiveness of the predictive approach
in complex cloud environments with dynamic workloads.

Previous studies focused on the application of re-
active and predictive autoscaling models for cloud and
cloud-native architectures, paying attention to forecasting
efficiency, system stability and resource optimisation. At
the same time, most works leave the performance trade-
offs in stateful microservices without detailed analysis, in
particular the relationship between reaction latency, state
consistency, stability and financial costs, and do not offer
a comprehensive assessment of hybrid strategies. The aim
of the study was to examine the effectiveness of reactive,
predictive and hybrid autoscaling strategies in stateful mi-
croservice architectures, taking into account performance
trade-offs and financial feasibility. To achieve this aim, the
following objectives were set: to analyse the theoretical
aspects of these strategies in terms of the impact on la-
tency, stability, state consistency and efficiency of resource
provision, as well as to develop a generalised comparison
model for strategies in stateful microservices, enabling the
identification of key trade-offs and contextual factors for
choosing the optimal model.

MATERIALS AND METHODS

The study was an interdisciplinary analytical investigation
in which elements of theoretical, comparative, modelling
and predictive analysis were combined. The theoreti-
cal-analytical group of methods included systems analysis
and the method of analytical generalisation, which made it
possible to identify the main trends in the development of
scaling strategies in stateful environments and to classi-
fy approaches according to adaptability, type of computa-
tional load, consistency requirements and latency level. A
comprehensive source base was formed in the study, which
included 34 peer-reviewed journal articles selected as a re-
sult of searches in international scientometric databases,
in particular Scopus, Web of Science and Google Scholar.
The criteria for selecting sources were the relevance of
publications (2021-2025), the direct relevance to the re-
search topic, scientific novelty and practical significance
for assessing the effectiveness of reactive, predictive and
hybrid autoscaling strategies in stateful microservices.
The systems method assumed a comprehensive view of
the research object as an integrated structure in which all
elements were interconnected and interdependent. Its ap-
plication in this study was conditioned by the need to con-
sider the scaling process not in isolation but as a result of
the interaction of several infrastructure levels — the orches-
trator, service mesh, autoscaler and load balancer. Within
the systems analysis, key links between these components
were identified, which ensured the stability and perfor-
mance of stateful microservices. The use of this method
made it possible to reveal critical factors influencing scal-
ing efficiency and to form a generalised logical model of
interaction between infrastructure components. The use of
the method of analytical generalisation was determined by
the need to integrate disparate approaches to autoscaling
presented in contemporary academic and applied sources.
Within this method, typical decision-making scenarios in
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the scaling process were analysed and common features
among reactive, predictive and hybrid approaches were
distinguished. The application of analytical generalisation
made it possible to construct a generalised classification
of scaling strategies that reflected the logic, strengths, and
limitations in the context of stateful environments.

Comparative-structural methods involved the as-
sessment of practical scaling implementations in leading
cloud ecosystems (Amazon Web Services, Google Cloud
Platform and Azure), taking into account the architec-
tural features of each. Comparative analysis provided an
opportunity to compare mechanisms for managing con-
tainer state (stateful sets, persistent volumes, checkpoint-
ing) and to assess the impact on system stability. In turn,
structural-functional analysis made it possible to trace
the logic of interaction between infrastructure compo-
nents and to determine the features of performance moni-
toring, load forecasting and balancing between nodes. The
application of this method resulted in the identification
of patterns in the choice of scaling strategies depending
on Service Level Agreement parameters, which created the
basis for forming generalised conclusions regarding the
effectiveness of different scaling models.

Conceptual modelling methods ensured the formal-
isation of complex systemic dependencies through the
construction of logical, structural and hierarchical models.
The use in the study was driven by the need to generalise
the results of the analytical and comparative stages and
to present the process of choosing a scaling strategy as an
integrated conceptual scheme. The application of the sys-
tems-hierarchy method made it possible to form a multi-
level structure of criteria within which reactive, predictive
and hybrid approaches were compared according to the
type of workload, latency sensitivity and data-consisten-
cy requirements. As a result, conceptual modelling made
it possible to integrate the disparate analysis results into
a single formalised model that visually represented the
decision-making logic and the relationship between the
technical characteristics of the system and the effective-
ness of the choice of scaling strategy. Analytical-predictive
methods were justified by the need to forecast the effec-
tiveness of scaling strategies in stateful microservices and
to assess the potential for integrating intelligent autoscal-
ing solutions based on machine learning. The use of ana-
Iytical-predictive methods made it possible to extrapolate
the identified patterns to prospective scenarios, to evaluate
the impact of predictive strategies on resource optimisa-
tion and to determine the contribution to increasing the
stability of stateful microservices.

RESULTS
Theoretical foundations of autoscaling
in microservice architecture
Autoscaling in microservice systems acts as a key tool
for maintaining adaptive performance under dynamically
changing workloads. Theoretically, this process is based on
the principles of self-organisation and feedback control,
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which allow the infrastructure to adapt its resources au-
tomatically to current and forecast needs without operator
intervention. According to dynamic load control models,
autoscaling is a mechanism that minimises the difference
between the actual and target level of resource utilisation,
ensuring stability and efficiency in the operation of cloud
services. In a microservice architecture, each component
of the system performs a narrowly specialised function, so
scaling is carried out granularly, i.e., at the level of indi-
vidual services rather than the whole application (Quat-
trocchi et al., 2024). This creates conditions for local op-
timisation of performance but at the same time generates
complex interaction dynamics between services, which
requires theoretical modelling based on the principles of
discrete control systems and distributed coherence. In the
context of Kubernetes, autoscaling is implemented as a
multilevel control system that combines monitoring, ana-
lytics and orchestration. The main theoretical foundation is
the control loop, in which three components (observation,
analysis, and action) interact cyclically, forming a mech-
anism of continuous adaptation. This model is consistent
with the concept of cybernetic feedback control, where the
system not only reacts to changes but also predicts future
trends on the basis of historical data (which becomes the
basis for the transition from reactive to predictive autos-
caling) (Tabilo Alvarez & Ramirez-Correa, 2023). In cloud
environments such as Amazon Web Services, Google Cloud
Platform or Azure, similar mechanisms are integrated into
global Service Level Objectives policies, which set permis-
sible limits for stability and performance metrics.
Horizontal scaling consists in increasing the number
of homogeneous service instances to distribute the load.
In Kubernetes, this approach is implemented through the
Horizontal Pod Autoscaler, which continuously monitors
Central Processing Unit (CPU) metrics or custom metrics
(for example, latency or the number of requests per sec-
ond). Theoretically, horizontal scaling is based on the
model of massive parallelism, where system performance
is directly proportional to the number of available instanc-
es but is limited by Amdahl’s Law. Its main advantage is
linear scalability for stateless services, whereas the main
challenge is the coordination of load balancing and in-
ter-service dependencies. Vertical scaling, in contrast, fo-
cuses on optimising the parameters of each instance, i.e.
increasing computing power (CPU, Random Access Mem-
ory (RAM), storage) without changing the number of pods.
In Kubernetes, this approach is implemented in the form of
the Vertical Pod Autoscaler, which uses statistical methods
to assess average resource consumption and dynamically
adjusts requests and limits. From a theoretical point of
view, the Vertical Pod Autoscaler is a manifestation of the
model of adaptive parameter control, within which the sys-
tem reduces the imbalance between node capacity and cur-
rent workload. The main drawback is that pod restarts may
temporarily reduce service availability (Razavi et al., 2024).
Hybrid scaling combines the advantages of both pre-
vious approaches and uses multilevel analytics to control
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both the number of pods and the resource parameters
simultaneously. Theoretically, it relies on the model of
multiloop control, where one loop is responsible for re-
active regulation and the other for predictive optimisa-
tion of resources. This approach is particularly effective
in scenarios where there is high workload variability and

system sensitivity to latency. Comparative analy-
sis presented in Table 1 shows that the choice of
scaling type should be context-dependent — based
on the nature of the workload, latency sensitivity,
consistency requirements and the capabilities of
the Kubernetes infrastructure.

Table 1. Comparative characteristics of scaling types in Kubernetes microservice environments

Type of scaling

Horizontal Pod
Autoscaler

Theoretical model

Parallelism model

Vertical Pod Autoscaler

Adaptive parameter
control

Hybrid

Multiloop control

Main purpose Advantages Disadvantages
Load distribution ngsll]rél;ﬁé?g}w’ Not suitable for stateful
Optimisation of pod . .
capacity Efficient use of resources Requires restart
. High stability, Implementation
Performance balancing adaptability complexity

Source: created by the author on the basis of analysis of data from F. Almeida & B. Balint (2024), K. Razavi et al. (2024)

As shown in the table, each type of scaling has its own
theoretical basis, purpose, and trade-offs. Horizontal scal-
ing is the simplest to implement and provides high flex-
ibility, but it has limitations for stateful services, where
state coordination between replicas complicates parallel
operation. Vertical scaling uses resources efficiently but
requires container restarts, which may lead to short-term
system interruptions. Hybrid scaling is considered the op-
timal strategy for complex workloads, as it combines the
adaptability of reactive solutions with the stability of pre-
dictive ones, although it requires complex orchestration
and precise tuning of interaction parameters between
control layers. Scaling stateful services constitutes a sep-
arate theoretical and applied challenge, as it violates the
classical assumption of instance independence. In systems
with internal state (databases, caches, message queues,
streaming data stores), key issues become data consistency,
availability, and fault tolerance. From a theoretical point
of view, this means that the autoscaling process must be
aligned with the constraints of Consistency, Availability,
Partition tolerance (the CAP theorem), which proves the
impossibility of simultaneously ensuring full consistency,
availability, and partition tolerance. In Kubernetes, the
management of stateful components is carried out through
the StatefulSet object, which ensures persistent pod iden-
tity, a guaranteed order of start and termination, as well
as stable data storage. Unlike Deployment for stateless
components, StatefulSet preserves a pod — persistent vol-
ume map, which makes it possible to implement localised
state coherence. However, theoretically, effective scaling of
such systems requires state-synchronisation models that
include replication, latency control and cluster-stability
forecasting. Thus, autoscaling in stateful environments is
not only resource management but a complex task of dy-
namically maintaining system invariants, where a scaling
decision must take into account the topology of connec-
tions between nodes, the volume of data transferred and
synchronisation delays (Kumari et al., 2023).

The theoretical foundations of autoscaling in micros-
ervice architecture presuppose a synthesis of concepts of

feedback control, resource optimisation and coherent state
management. For Kubernetes and similar systems, autos-
caling appears as a cybernetic regulation system operating
at the intersection of three axes - type of scaling, nature of
service and observability metrics. In theoretical terms, this
creates a basis for further differentiation between reactive
and predictive approaches to scaling, which are considered
the next level in the evolution of automated control sys-
tems in cloud environments.

Review of principles, algorithms,

and architecture of reactive

and predictive autoscaling models

Autoscaling models in cloud microservice architectures
have evolved from simple reactive mechanisms to com-
plex predictive systems capable of taking into account
temporal patterns of load, correlations between compo-
nents and user behaviour patterns. In theoretical terms,
these models are based on different approaches to con-
trol — reactive, which involves a direct response to current
system metrics, and predictive, focused on forecasting
load changes using time-series prediction models or neu-
ral networks. The comparison makes it possible to reveal
the fundamental principles of building adaptive control
systems that underlie Kubernetes, Amazon Web Services
Auto Scaling or Azure Autoscale.

Reactive scaling is the most widespread paradigm of
automatic resource regulation in cloud environments.
Theoretically, it relies on a feedback-control model, within
which the system observes current metrics (for example,
CPU utilisation, memory usage, latency, throughput) and
performs scaling in response to deviations from predeter-
mined thresholds (Chilakala et al., 2024). Mathematically,
such scaling can be described in the form of a Proportion-
al-Integral-Derivative (PID-controller) type regulator,
which responds to the error between the desired and ac-
tual metric value. The advantage of reactive models lies
in the implementation simplicity, deterministic behaviour
and high predictability. However, the main drawback is re-
sponse latency, which may lead to short-term overloads or
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excessive resource use. In the context of Kubernetes, the
implementation of such an approach is the Horizontal Pod
Autoscaler, which regularly (for example, every 15 seconds)
analyses the average workload of pods and increases or de-
creases the number according to the scaling formula (1):

— Ucurrent
Ndesired - Ncurrent X (1)

Utarget
where N, ;.. — the new number of pods; U,... — the current
average workload; U, — the target value of the metric.
The formula is a clear example of the mathematical rep-
resentation of the principle of operation of the reactive mod-
el: from the measured error to resource correction, and ex-
plains how the Horizontal Pod Autoscaler system transforms
observed workload metrics into specific actions — changing
the number of pods, which ensures the maintenance of the
desired performance level. Thus, reactive scaling is a post
factum correction of the system state that supports short-
term stability but does not provide adaptive forecasting. Its
application is appropriate in systems with stable or weakly
variable workloads, where the risk of peak spikes is minimal.
Threshold models are the basic form of reactive scal-
ing (Fig. 1). The principle lies in defining hard limits of
permissible metric values: if the average CPU workload
exceeds, for example, 80%, the system adds a new pod
when the threshold is crossed. The advantage of threshold
models lies in the low computational complexity and ease
of parameterisation, which makes the mentioned models
popular in industrial systems. However, these models are
prone to oscillations — frequent changes in the number of
instances when metrics fluctuate near boundary values. To
mitigate this effect, hysteresis or moving averages are used.

[Monitoring of metrics |

Figure 1. Logic of threshold scaling in a reactive model
Source: created by the author

According to the analytical model presented in the fig-
ure, the key advantage of this approach is responsiveness —
the system quickly reacts to peak loads without the need
for complex forecasting. At the same time, such logic has a
number of structural limitations, in particular: a delay be-
tween the moment the threshold is exceeded and the actual
scaling, the risk of performance fluctuations due to frequent
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metric oscillations, as well as increased resource consump-
tion in cases of excessive scaling. Thus, the presented
scheme reflects not only the mechanism of operation of
the reactive model, but also the basis for the subsequent
transition to predictive and hybrid strategies designed to
reduce the delay between detection and system response.

The transition from reactive to predictive models
has become a key point in the development of autoscal-
ing theory. The main idea of the predictive approach lies
in forecasting future workload on the basis of historical
data and temporal patterns. Theoretically, these models
are based on time-series forecasting methods or machine
learning, which makes it possible to reduce reaction lag
and prevent overloads. Among classical statistical meth-
ods, the following are used: AutoRegressive Integrated
Moving Average (ARIMA) - for forecasting short-term
workload changes on the basis of autocorrelation; Expo-
nential Smoothing - for identifying trends and seasonal
fluctuations in resource use; Kalman Filter — for adaptive
correction of forecasts in real time (Table 2). More mod-
ern approaches are based on neural networks, in particu-
lar Long Short-Term Memory (LSTM) or Temporal Convo-
lutional Networks (TCN), which are capable of capturing
non-linear dependencies and long-term workload pat-
terns. In such models, scaling decisions are based not only
on current metrics but also on a probabilistic assessment
of the future system state. For example, if the forecast
workload exceeds current capacity by 20% over the next
five minutes, the system may pre-emptively activate new
pods, avoiding performance degradation.

As shown in the table, ARIMA models time series
and is effective for short-term, linear processes but is not
suitable for complex dynamic systems with non-linear
dependencies. LSTM, based on deep learning, can iden-
tify non-linear workload patterns, providing high accu-
racy, but requires significant computational resources
and lengthy training. Kalman Filter, in turn, combines
stochastic principles of filtering and adaptive control,
ensuring flexible response to changes in real time, but is
sensitive to noise and errors in input metrics. Thus, the
choice of forecasting model should be based on the nature
of the workload: ARIMA - for stable and periodic systems,
LSTM - for highly volatile and dynamic environments,
and Kalman Filter - for scenarios where the speed of ad-
aptation to metric changes in real time is critical. In real
cloud environments, reactive and predictive mechanisms
are often combined in a hybrid autoscaling architecture,
where short-term fluctuations are handled reactively and
medium- and long-term trends - predictively. Architec-
turally, such a system consists of three layers: monitoring
and observability - collection of metrics, logs and tracing
via Prometheus, Grafana, OpenTelemetry; analytical lay-
er — metric processing, time-series modelling, workload
forecasting; orchestration layer — implementation of deci-
sions via the Kubernetes Application Programming Inter-
face (API), Horizontal Pod Autoscaler/Vertical Pod Autos-
caler controllers or custom webhooks (Fig. 2).
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Table 2. Comparative characteristics of predictive autoscaling models in cloud environments

Type of model
ARIMA

Algorithmic basis
Linear time series

Main purpose
Short-term forecasting

Advantages Limitations

Simplicity, interpretability Does not work with nonlinear data

LSTM Deep learning Nonlinear patterns

High accuracy High computational costs

Kalman Filter | Stochastic control | Real-time adaptability

Fast response Sensitivity to data noise

Source: created by the author based on data analysis by H.S. Chilakala et al. (2024)

e Analytics/ Scaling Kubernetes ﬂ Pod
Monitoring ‘» Forecastin | *| decision | | API Scaling
Feedback

from the system

Figure 2. Architecture of a combined autoscaling approach
Source: created by the author on the basis of analysis of data from V. Rampérez et al. (2021)

This architecture corresponds to the theoretical model
of adaptive control with a double loop, in which the outer
loop performs long-term optimisation and the inner loop
short-term stabilisation. In summary, it can be argued that
the evolution of autoscaling models from reactive to pre-
dictive reflects the transition from deviation-based regu-
lation to forecast-based regulation, i.e. from the classical
cybernetic control model to an intelligent self-tuning
system. Reactive models provide basic stability but are
limited in dynamic environments; predictive models, due
to the use of machine-learning methods and time-series
models, form the basis of cognitive autoscaling capable of
self-learning and resource optimisation in real time.

Theoretical analysis of performance trade-offs
In theoretical terms, the effectiveness of autoscaling sys-
tems in microservice architectures is always assessed
through the prism of performance trade-offs. The term
performance trade-offs refers to the balance between a
number of interrelated parameters: latency, system stabil-
ity, state consistency, resource efficiency and scaling cost.
The application of different autoscaling models (reactive or
predictive) determines which aspects of performance will
be prioritised and where certain compromises are possible.
One of the priority parameters is scaling latency, i.e.,
the time from the moment overload is detected to the actual
addition of new resources. In reactive models, this latency
usually includes: the time taken to collect metrics, compute
a decision based on thresholds, initiate scaling via the Ku-
bernetes API and start a new pod. Theoretically, even with
optimal configuration, reactive systems demonstrate high-
er latency, which may lead to short-term overload and dete-
rioration of Quality of Service. In predictive models, scaling
latency is compensated by anticipatory decision-making,
when new resources are activated before critical workloads
are reached. However, forecast accuracy directly affects
the effectiveness of this approach: inaccurate forecasts
may lead to unjustified resource allocation, which in-
creases the cost of scaling without real benefit for latency.
Stability is defined as the absence of frequent and sharp
fluctuations in the number of pods or resource use. In re-
active systems, high sensitivity to thresholds often causes

“flipping”: a short-term threshold exceedance leads to the
addition of pods, and a decrease in workload to the remov-
al almost immediately afterwards. Such behaviour creates
performance oscillations and may worsen the stability of
stateful services, especially when state consistency be-
tween replicas is important. Predictive autoscaling, by con-
trast, makes it possible to smooth out fluctuations, since
scaling decisions are made on the basis of forecast trends
rather than instantaneous spikes. However, incorrect model
configuration or failure to take sudden peaks into account
may lead to systematic instability, for example when the
system allocates resources in advance, but the peak does
not occur (Kanwal et al., 2024). For stateful microservices,
a critical characteristic is state consistency between repli-
cas, since any changes in the scaling configuration — both
scale-out (adding pods) and scale-in (removal) — may dis-
rupt data synchronisation. In the absence of effective rep-
lication mechanisms such as Raft or Paxos, the system may
temporarily lose consistency, which is particularly danger-
ous for transactional or analytical services. Within reactive
autoscaling, such problems occur more often, since scaling
takes place post factum, i.e. after an increase in workload
has been detected. At this point, new pods have not yet
had time to fully synchronise state with existing instances,
which leads to asynchronous state divergence and poten-
tial data-consistency errors. Predictive autoscaling, on the
other hand, makes it possible to plan scaling in advance,
ensuring data replication before the system reaches peak
workload. This reduces the risk of state divergence but re-
quires additional computing resources and time costs for
preliminary synchronisation. Thus, there is a clear trade-
off between response speed and data consistency that
must be taken into account when designing the system.

Another aspect is resource efficiency and scaling cost.
In the reactive approach, the system often operates in a
state of under- or over-provisioning, which leads to un-
stable performance and increased financial costs. Due to
the delay in responding to workload, resources are added
with a lag, and after the activity decreases the resources
remain unused, generating economic losses — especially in
cloud environments where payment is made for allocated
resources. The predictive approach, by contrast, makes it
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possible to optimise resource provisioning, activating pods
only when necessary. However, forecast accuracy becomes
a critical factor: overly conservative or inaccurate models
may lead to suboptimal reservation and, accordingly, addi-
tional costs (Maliakel et al., 2025). Overall, the effectiveness
of predictive scaling is determined by the balance between
model accuracy, performance stability and economic fea-
sibility. The reactive approach prevails in scenarios where
rapid response is required, but temporary instability is
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acceptable, whereas the predictive approach is preferable in
environments that require stability, state consistency and
optimal resource use. Table 3 presents a structured com-
parison of the characteristics of each approach, taking into
account the impact on latency, stability, state consistency,
resource efficiency and financial costs. This format makes it
possible to clearly trace in which conditions one approach
shows advantages over the other and where trade-offs arise
between accuracy, reaction speed and economic feasibility.

Table 3. Comparative characteristics of reactive and predictive autoscaling for stateful microservices

Performance aspect Reactive autoscaling

Latency High due to post factum

Predictive autoscaling Theoretical trade-off

Reduced thanks Forecast accuracy vs.

response

to anticipatory forecasting

reaction speed

Stability

Prone to oscillations
and “flipping”

Higher stability due
to trend smoothing

Flexibility of response vs.
stability

Resource efficiency

or overprovisioned

with accurate forecasting

. Possible state divergence Planning of scaling Synchronisation time vs.
State consistency during scaling with regard to replication scaling speed
Often under- Higher Forecast accuracy vs.

resource savings

Higher due to excessive

Optimised but dependent

Forecasting vs.

Scaling cost

or delayed resource allocation

financial costs

on forecast accuracy

Source: created by the author on the basis of analysis of data from J. Karol Santos Nunes et al. (2024), A. Khaleq & I.Ra (2021)

The results obtained indicate that reactive autoscal-
ing remains more flexible in unpredictable conditions but
is characterised by increased latency and a risk of destabi-
lising state. Predictive autoscaling, in turn, provides better
stability and resource-use efficiency, especially for stateful
microservices, but requires accurate forecasting models
and additional computational costs. Thus, the choice of
optimal scaling strategy should be based on a balance be-
tween consistency requirements, Service Level Agreement,
cost constraints and workload dynamics of the system.

Conceptual model for choosing a scaling strategy

for stateful environments

In microservice systems with internal state, the choice of
an optimal scaling strategy is a complex task that requires
balancing between response speed, system stability, state
consistency and efficient use of resources. Theoretically,
this is linked to performance trade-offs, where none of the
autoscaling models - reactive or predictive — can optimise
all parameters simultaneously. The choice of approach de-
pends on the characteristics of the system: type of work-
load, permissible latency, state-consistency requirements,
resource availability and the duration of workload trends.

Reactive autoscaling is appropriate in environments
with stable or moderately variable workloads where short-
term deviations from target metrics are acceptable and re-
sponse latency is not critical. Theoretically, this approach re-
lies on a feedback-control model, in which scaling takes place
post factum, allowing rapid reaction to local changes but not
preventing peak overloads. Predictive autoscaling, by con-
trast, presupposes anticipatory resource management on the
basis of forecasts of future workload. This approach is opti-
mal for environments with highly variable workload, critical
latency and strict requirements for state consistency. The use
of time-series methods, ARIMA models, the Kalman Filter or
neural networks (LSTM, TCN) makes it possible to activate
resources in advance, reducing the risk of performance deg-
radation and consistency violations. Hybrid autoscaling com-
bines the advantages of both approaches and implements a
multi-loop architecture: the inner loop provides short-term
reaction to local changes, while the outer loop forecasts me-
dium- and long-term trends. This approach is particularly
effective in stateful environments with mixed workloads,
where stability, consistency, and resource savings must be
maintained simultaneously. Table 4 shows the key criteria for
choosing an autoscaling strategy for stateful environments.

Table 4. Comparison of scaling strategies

Criterion

Reactive autoscaling

Predictive autoscaling Hybrid autoscaling

Trade-off/notes

Type Stable or moderately Highly variable, Any, especially Reactive quickly reacts to local
of workload variable seasonal spikes medium dynamics | changes, predictive anticipates peaks
Latency Medium/high latency Low tolerance Configurable Reactive may miss peaks,
tolerance tolerance of latency dynamically predictive acts in advance
Consistency | Short-term inconsistencies High criticality Balance between Hybrid makes it possible to stabilise
requirements are acceptable of consistency speed and consistency | state and react to local fluctuations
Resource Often under- or over- Optimisation given | Medium — depends on | Reactive is less economical, predictive
efficiency provisioning accurate forecasting configuration precise, hybrid combines both
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Continued Table 4.
Criterion Reactive autoscaling  Predictive autoscaling Hybrid autoscaling Trade-off/notes
Implementation High (requires ML/ . Hybrid requires dual-loop
complexity Low analytics) Very high architecture and monitoring
Scaling cost High due to delayed Depends Optimised through Trade-off between finance
8 or excessive allocation on forecast accuracy | a combined approach and productivity

Source: created by the author on the basis of analysis of data from D. Zou et al. (2024)

Table 4 summarises the key characteristics of the
three scaling approaches — reactive, predictive and hy-
brid - in stateful microservices. Overall, reactive autos-
caling provides rapid reaction to current workload, but
is less effective with highly variable peaks and may al-
low short-term state inconsistencies. The predictive ap-
proach anticipates workload in advance, improving sta-
bility and consistency, but requires accurate forecasting
and additional resources. Hybrid autoscaling combines
the advantages of both approaches, allowing simultane-
ous reaction to local changes and forecasting of peaks,

although its implementation is more complex and re-
quires greater analytical support. Thus, the choice of
strategy depends on workload dynamics, latency and con-
sistency requirements, as well as on the system’s resource
and financial constraints. Different parameters, such as
workload variability, latency criticality, data-consistency
requirements and resource availability, determine which
approach - reactive, predictive or hybrid — will be more
appropriate. Table 5 summarises these dependencies,
demonstrating the trade-off between performance, sta-
bility and resource efficiency.

Table 5. Influence of stateful-system characteristics on the choice of autoscaling strategy

System characteristic Reactive Predictive Hybrid Comment
Workload Stable Dynamic, spikes Medium/mixed Choice depends on load variability
hgh | Medumdependson | ateney e cridal e
requirements Moderate High Hnoothing | itis important to pian replication
Reouudeet | Limite vodere | Sufent | fbrideauires more rsources
Trend duration Short Long or seasonal Any of ?ﬁg‘rti_d;}éol‘g ;g—(t:gg)isrtl?;iggies

Source: created by the author on the basis of analysis of data from T. Betti Pillippuge et al. (2025)

Table 5 shows that reactive autoscaling is effective
for stable systems with low latency criticality and moder-
ate consistency requirements, but does not provide high
stability under sharp workload spikes. The predictive ap-
proach demonstrates advantages in systems with dynamic
or seasonal workload and high requirements for latency
and state consistency, but demands significant resourc-
es for accurate forecasting. Hybrid autoscaling makes it
possible to combine reactive speed and anticipatory plan-
ning, which makes it universal for systems with medium or
mixed workload dynamics and long-term trends, although
its implementation requires dual-loop architecture and ad-
ditional monitoring. Overall, the choice of strategy should
be based on a balance between performance, consistency
and resource-use efficiency.

Choosing an optimal scaling strategy for stateful mi-
croservice environments requires a systematic analysis
of a set of interrelated factors that affect performance,
state consistency and resource-use efficiency. A hierar-
chical model of factors makes it possible to structure the
key decision-making criteria, from general requirements
for throughput and latency to specific requirements for
consistency and resource availability. Such a conceptual

approach provides a scientifically grounded basis for as-
sessing trade-offs between response speed, system stabili-
ty and economic efficiency, which is critical when choosing
between reactive, predictive and hybrid autoscaling mod-
els (Rao, 2021). Schematically, the conceptual model can
be presented as a hierarchy of factors that determine the
optimal scaling approach (Fig. 3).

On the basis of this hierarchy, the decision-making
process can be formalised as follows: if most character-
istics point to stable workload and acceptable latency,
reactive is chosen; if consistency and latency are critical,
predictive is chosen; and for mixed scenarios with suffi-
cient resources, hybrid is chosen. The conceptual model
of choosing a scaling strategy shows that there is no uni-
versal approach for stateful microservices. The choice be-
tween reactive, predictive and hybrid approaches is a com-
promise and depends on workload characteristics, latency
and consistency requirements, resource availability and
trend duration. Integration of a dual-loop architecture in
hybrid autoscaling makes it possible to maintain stability,
optimal resource use and state consistency simultaneous-
ly, which makes it the most flexible and promising option
for complex stateful environments.
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Figure 3. Hierarchy of factors for strategy selection

Source: created by the author

DISCUSSION

The review of scientific works shows a gradual shift of fo-
cus from localised technical solutions (simple horizontal/
vertical scaling) to complex, context-oriented approach-
es: self-adaptive architectures, vertically oriented resiz-
ing algorithms, solutions for serverless/ETL processes and
assessments of the impact of frameworks on scalability.
For example, S. Boyapati & C. Szabo (2022) present a de-
tailed case study of self-tuning microservice architectures,
in which the authors focus on mechanisms of dynamic
adaptation to workload changes in real time. The results
of the study confirmed the effectiveness of reactive ap-
proaches for environments with highly dynamic requests
but revealed a significant dependence on the accuracy of
metric monitoring. In the present study, similar conclu-
sions were obtained regarding the high sensitivity of the
system to threshold values in the reactive model. Meth-
ods of optimising this sensitivity through combination
with elements of predictive scaling were also proposed,
providing greater stability during peak loads. In addition,
the findings of Yu. Palamarchuk (2022) emphasise that the
effectiveness of microservice-based systems is strongly
dependent on the architectural decomposition of services
and the precision of interaction patterns between compo-
nents. It is highlighted that well-structured microservice
architectures enable more predictable scaling behaviour
and support improved resource utilisation, particularly in
environments where dynamic load variations are present.
These observations align with the patterns identified in the
present study, where architectural clarity and service mod-
ularity are shown to influence the performance and stabil-
ity of both reactive and predictive autoscaling approaches
in stateful systems. The work further reinforces the notion

that autoscaling mechanisms cannot be fully effective
without a coherent underlying architectural framework,
which remains consistent with the broader conclusions
of the current research regarding the context-dependent
nature of scaling strategies. The publication by A. Pavlen-
ko et al. (2024) presents the CaaSPER algorithm, aimed at
vertical autoscaling of monolithic applications in a con-
tainerised environment. The authors showed that even
for non-microservice architectures, the vertical approach
can significantly reduce downtime and optimise resource
use. These results partially align with the current obser-
vations: in stateful environments vertical scaling is ap-
propriate only if mechanisms of state coordination are in
place, whereas in the work of A. Pavlenko et al. the main
focus was on isolated monolithic applications. This differ-
ence explains the divergence in conclusions regarding the
effectiveness of the Vertical Pod Autoscaler — in the present
study, its application is limited by data-consistency issues.

In the study by D. Rodrigues et al. (2025), the trade-off
between execution latency and computation cost in server-
less environments is examined, where scaling is performed
on the basis of optimisation rules for ETL processes. The
authors formalised a trade-off model for decision-making,
which shows how scaling policies affect performance and
costs. This approach is close to the theoretical analysis car-
ried out here of trade-offs between latency, stability, and
costs. At the same time, the concept of adaptive selection
of a scaling policy depending on the dominant metric con-
firms the validity of the proposed model of hybrid load con-
trol. M. Islam (2025) reveals the impact of data-driven web
frameworks on the scalability and performance of modern
enterprise systems. The author found that framework fea-
tures — in particular the ORM layer, asynchronous request
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handling and caching mechanisms - directly determine the
behaviour of autoscaler algorithms. This conclusion is con-
sistent with the results obtained here regarding the role of
RAM and CPU as the main triggers for scaling and the im-
portance of taking into account characteristics of the soft-
ware stack when choosing the Horizontal Pod Autoscaler
or Vertical Pod Autoscaler.

B. Tutuncuoglu (2025) proposed the “Phoenix Stack”
architecture for self-healing microservice web applica-
tions in real time, where the key elements are automatic
failure detection and localised state recovery. The author
showed that integrating self-healing mechanisms signifi-
cantly increases availability and reduces recovery time in
the event of component failures, which directly correlates
with the current conclusion about the need to consider
fault tolerance when designing scaling strategies for state-
ful services. At the same time, the “Phoenix Stack” strong-
ly emphasises local recovery and restart patterns. In turn,
J. Prodanov et al. (2025) investigated an in-place scaling
mechanism for edge-cloud environments, implement-
ed through multi-agent reinforcement learning (MARL),
where agents coordinate decisions on local increase/de-
crease of replicas, taking into account network latency
and energy constraints. The results showed that the MARL
approach significantly improved latency and energy-con-
sumption balance compared with static policies; this cor-
relates with the present conclusions about the promise
of adaptive, intelligent controllers for hybrid autoscaling.
However, the application of MARL by the authors is orient-
ed towards edge-class scenarios with strict resource con-
straints and a different network topology, so direct transfer
of these results to traditional stateful Kubernetes clusters
requires adjustments. I. Vasireddy et al. (2025) presented
a non-linear regression predictive model of replicas com-
bined with the ORLE algorithm to improve the scalability,
energy efficiency and economy of Kubernetes clusters. In
the experiments, the authors demonstrated a reduction in
redundant replicas and improved CPU/RAM use compared
with the standard Horizontal Pod Autoscaler, which direct-
ly correlates with the current conclusion that more accu-
rate predictive models increase the efficiency of resource
provisioning. The difference is that I. Vasireddy et al. fo-
cused on specific regression models and an energy met-
ric, whereas the present study considered a broader set of
trade-offs (latency, consistency, costs). Thus, these results
complement but do not fully replace the recommendations
proposed here regarding strategy selection.

M. Yang et al. (2025) conducted a systematic review
on the optimisation of full-stack microservice architecture
and identified research gaps in the integration of network,
container, and application levels for global performance
optimisation. The review confirmed that comprehensive,
cross-stack approaches (combining optimisation at the
code, container, and orchestration levels) are the most
promising for achieving both cost-efficiency and low la-
tency, which corresponds to the current recommendation
in favour of hybrid and multi-layer strategies. At the same

time, M. Yang et al. emphasised that there is still a lack
of large-scale empirical research under production condi-
tions, which reinforces the present limitation due to the
absence of full experimental validation and indicates di-
rections for further research. In the study by A. Chaudhari
& P. Charate (2025), an approach to dynamic orchestration
of microservices in multicloud environments is proposed,
aimed at minimising latency in applications with high per-
formance requirements. The authors demonstrated that
combining container orchestration with adaptive routing
algorithms can significantly reduce latency between cloud
nodes and increase resource-use efficiency. This result
partially corresponds to the current conclusions on the
importance of adaptive scaling strategies for stateful sys-
tems, but the present study focuses on intra-cluster op-
timisation mechanisms, which explains the difference in
focus and practical recommendations.

In turn, the dissertation research by A. Baarzi (2021)
analyses the effectiveness of service deployment in public
clouds from the perspective of the cost-performance-se-
curity ratio. The author proved that optimising service de-
ployments by combining automated scaling and security
policies can reduce operational costs without significant
loss of performance. Compared with the present study, the
work of A. Baarzi is more oriented towards the macro-level
of economic parameters and overall architectural trade-
offs, while the current analysis focuses on the technical de-
tail of reactive and predictive scaling models. At the same
time, C. Oleti (2023) considered the construction of secure
scalable microservice architectures based on Spring Boot
and Amazon Web Services, paying particular attention to
the integration of artificial-intelligence modules in corpo-
rate systems. The author showed that the use of Al com-
ponents in orchestration and load-distribution processes
significantly improves request-processing efficiency and
allows peak loads to be predicted with high accuracy. This
directly correlates with the present conclusions regarding
the feasibility of the predictive approach and hybrid strat-
egies that combine reactive mechanisms with intelligent
forecasting. However, the work of C. Oleti focuses mainly
on the corporate context (enterprise-scale AI), whereas the
present study covers more universal scenarios of contain-
erised stateful services, which explains the difference in
the scope of application and the target efficiency metrics.

Thus, the synthesis of the analysed sources has con-
firmed the current conclusions regarding the context-de-
pendence of scaling-strategy choice and the feasibility of
using hybrid models that combine reactive and predictive
principles. Differences in conclusions between the works
are primarily due to differences in research subject (mon-
oliths, microservices, serverless), the level of empirical
verification and the specificity of the metrics used (laten-
cy, cost, uptime). The present study extends the existing
theoretical basis by integrating these approaches into a
generalised decision-making model for stateful environ-
ments, which forms a foundation for further experiments
in the field of adaptive scaling.

Machinery & Energetics. Vol. 16, No. 4

4



CONCLUSIONS

Autoscaling in microservice systems provides adaptive
performance through a feedback loop, while the choice of
strategy depends on the nature of the workload, latency
sensitivity and consistency requirements. Horizontal scal-
ing provides flexibility for stateless services, vertical scaling
optimises pod resources, and hybrid scaling combines both
approaches for complex scenarios. Reactive autoscaling
reacts quickly to changes but may lead to state inconsist-
encies and inefficient resource use, whereas predictive au-
toscaling forecasts needs and increases stability, requiring
additional computing resources. The choice of an optimal
strategy is always a compromise and context-dependent.

The study has shown that autoscaling models in cloud
microservice architectures have evolved from simple reac-
tive mechanisms to complex predictive systems capable of
taking into account temporal workload patterns and user
behaviour. Reactive models implemented via the Hori-
zontal Pod Autoscaler provide simplicity and predictabil-
ity, but are limited in reaction speed and resource-use ef-
ficiency. Predictive models based on time-series methods
(ARIMA, Exponential Smoothing, Kalman Filter) or deep
learning (LSTM, TCN) make it possible to reduce reaction
lag, predict workload peaks and increase system stabili-
ty, although such models require significant computing
resources and more complex implementation. Hybrid ap-
proaches combine the advantages of both strategies, pro-
viding short-term stabilisation and long-term forecasting
through a dual-loop adaptive-control architecture. Over-
all, the choice of an optimal autoscaling strategy is con-
text-dependent and involves balancing between reaction
speed, stability, state consistency, resource efficiency and
implementation complexity.

The theoretical analysis of performance trade-offs has
shown that the effectiveness of autoscaling in stateful mi-
croservice architectures is determined by the balance be-
tween reaction latency, system stability, state consistency,
resource-use efficiency and financial costs. Reactive autos-
caling provides rapid adaptation to unpredictable workload
changes, but is characterised by high latency, performance
fluctuations and a risk of replica-state inconsistencies.
Predictive autoscaling reduces scaling latency and increas-
es stability and resource provisioning efficiency through

Terletska

anticipatory forecasting, but requires accurate prediction
models and additional computing resources. Hybrid strate-
gies combine the advantages of both approaches, making it
possible to ensure short-term flexibility and long-term sta-
bility simultaneously, which makes the choice of optimal
model context-dependent and determined by workload dy-
namics, Service Level Agreement and financial constraints.

The analysis of autoscaling models in stateful micros-
ervice architectures has shown that system effectiveness is
defined by the trade-off between reaction latency, stability,
state consistency, resource efficiency and costs. Reactive
autoscaling provides rapid adaptation to unpredictable
workloads but is accompanied by high latency and a risk
of replica-state inconsistencies. Predictive autoscaling in-
creases stability and optimises resource use owing to antic-
ipatory forecasting, but requires accurate models and addi-
tional computing resources. Hybrid strategies integrate the
advantages of both approaches, providing flexibility and
stability at the same time, and the choice of optimal model
depends on workload dynamics, Service Level Agreement
requirements and financial constraints.

The limitations of the study lie in the theoretical na-
ture of the analysis, which was based on conceptual models
of reactive, predictive and hybrid scaling without experi-
mental validation in real stateful microservice environ-
ments, as well as on a limited set of forecasting algorithms
and the absence of a detailed examination of economic and
cloud-provider aspects of implementation. Prospects for
further research include empirical testing of strategies in
different cloud infrastructures, integration of modern ma-
chine-learning methods to increase forecasting accuracy
and the development of dynamic combined scaling models
that take into account Service Level Agreement, latency,
consistency and financial efficiency.
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KomMnpoMicu npoayKTUBHOCTI MXK MPOrHO3HUM
Ta peaKTUBHMM aBTOMacLUTabyBaHHSAM y CTaHO3aJIeXXHUX MiKpocepBicax

AHoTaUif. AKTyalbHICTb JOCTiIKEHHS KOMIIPOMICiB Mi>K PEAKTMBHMM Ta MPOTHO3HMM aBTOMATUUYHUM MacCIITa0yBaHHIM
CTaHO3aJIeKHMX MiKpPOCEPBiciB 3yMoBJIeHa HeOOXiAHICTIO MiABUILMUTM CTABIMBHICTD, MPOAYKTMUBHICTh PeCYpPCiB i HailiHiCTh
XMapHUX CUCTEM Y AMHAMIUYHUX YMOBaxX. MeTolo JoCtiikKeHHsI 6y/10 OLiHUTY e(eKTUBHICTh peaKTUBHMX, TPOTHO3HUX Ta
ri6pUIHMX CTpaTeriii aBTOMaTUYHOTO MaclITabyBaHHS y CTAHO3IEXKHMX MiKPOCEpPBiCHMX apxiTekTypax. MeTomosnoriuna
OCHOBA JOCTiIKeHHs CTIMpanacs Ha MOPiBHSIbHUI, KOHTEHTHUI, CUCTEMHMI i CTPYKTYpPHO-GYHKI[IOHATBHIIT aHATi3H,
a TaKOX Ha MOZETI0OBAHHS, 10 T03BOJIM/IO0 KOMIUIEKCHO JOCTIAUTY IPOAYKTUBHICTD i CTabiIbHICTD Pi3HMUX MigXOMAiB 70
aBTOMAaTUMYHOTO MacUITaOyBaHHS y CTAHO3aJIeXXHUX MiKpocepBicax. TeopeTMUHMIT aHaJIi3 ITOKA3aB, 1[0 ABTOMATUUHe
MacIITabyBaHHS B MiKpOCepBiCHMX cUCTeMax 3abe3reuye afanTUBHY MPOAYKTUBHICTh, @ BUOIP CTpaTerii 3a71eskuTh Bif,
XapaKTepy HaBaHTa)XeHHSI, Uy TJAMBOCTI 10 3aTPMMOK Ta BUMOT 10 KOHCUCTeHTHOCTi. OI/sig Mo/iesieil MpogeMOHCTPYBaB,
10 peakTMBHE aBTOMAaTHUYHe MacUITabyBaHHS UIBMIKO pearye Ha 3MiHM, aje CYyIIPOBOIKYETbCSI BUCOKOIO JTATEHTHICTIO,
KOJIMBAHHSIM MMPOAYKTUBHOCTI Ta pM3MKOM PO3PUBIB CTAHY PEIUIiK, TOAi SIK TPOTHO3HE aBTOMATMYHe MAcCIITabyBaHHS
3HIKYE 3aTPMMKY MaclITabyBaHHs Ta MiIBUIYE CTabiIbHICTD i eeKTUBHICTb pecypciB, IpoTe MOTpebye TOUHUX MOJIeneii
i OJATKOBUX 0OUMCITIOBATIBHUX PeCcypciB. AHaMi3 pe3y/ibTaTiB BUSIBUB, IO TiGPUIHI cTpaTerii iHTerpyoTh epeBaru 060x
miaxoxiB, 3a6e311euy0uM OHOYACHO I'HYYKIiCTh i CTabibHICTDb, @8 €PeKTUBHICTb CUCTEM BM3HAYAETHCS KOMIIPOMiCOM
MiX 3aTPUMKOI0, CTabi/IbHICTIO, Y3rOIKeHiCTIO cTaHy, eeKTUBHICTIO pecypciB i diHaHCOBMMM BUTpaTamMu. Pe3ynbraTtu
JOCTiIKeHHST MOKYTh 6yTV KOPUCHUMM PO3POOHMKAM i apXiTeKTopam XMapHMUX MiKpocepBicHUX cucteM, IT-iHxkeHepam
i DevOps-KoMaHgaM AJ1s1 ONITUMi3allii cTpaTeriit MaciiTabyBaHHS, TiABUIIEHHS CTa6iIbHOCTI cepBicCiB i e(heKTUBHOTO
BMKODPUCTAHHS PeCYpPCiB y Pi3HMUX XMapHUX CepeoBUIIaxX

Kniou4oBi cnoBa: Kubernetes; onTumisailis pecypciB; MPOAYKTUBHICTh XMap; AMHAMIUHMIA PO3IMOMIT pecypcis;
CTabiNMbHICTb CUCTEMM; METPUKM CIIOCTEPESKEHHST
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