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Abstract. At this work modern approaches are being explored
to optimization of computational resources in multi-cloud architec-
tures using intelligent orchestration systems. The main challenges
which associated with managing heterogeneous cloud environments
are considered and also the benefits of applying AI/ML-methods to
automate workload placement and scaling. Was suggested a for-
mal mathematical model of the optimization problem taking into
account resource costs, network delays, SLA requirements and mi-
gration costs. It was shown that using of predictive models and RL-
agents allows to increase the efficiency of resource allocation, reduce
financial costs and ensure resilience to load changes. This work con-
tains of analysis modern research, practical recommendations, and
outlines directions for further scientific developments in the field of
multi-cloud infrastructures.
Keywords: multi-cloud architecture, resource optimization, intelli-
gent orchestration systems, cloud computing.
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Анотацiя. У роботi дослiджується сучаснi пiдходи до оптимi-
зацiї обчислювальних ресурсiв у багатохмарних (multi-cloud) ар-
хiтектурах iз використанням iнтелектуальних систем оркестрацiї.
Розглянуто основнi виклики, пов’язанi з управлiнням рiзнорiд-
ними хмарними середовищами, а також переваги застосування
AI/ML-методiв для автоматизацiї розмiщення та масштабування
робочих навантажень. Запропоновано формальну математичну
модель задачi оптимiзацiї з урахуванням вартостi ресурсiв, мере-
жевих затримок, вимог SLA та витрат на мiграцiю. Показано,
що використання прогнозних моделей та RL-агентiв дає змогу
пiдвищити ефективнiсть розподiлу ресурсiв, зменшити фiнансовi
витрати та забезпечити стiйкiсть до змiн навантаження. Робота
мiстить аналiз сучасних дослiджень, практичнi рекомендацiї та
окреслює напрями подальших наукових розробок у сферi багато-
хмарних iнфраструктур.
Ключовi слова: багатохмарна архiтектура, оптимiзацiя ресурсiв,
iнтелектуальнi системи оркестрацiї, хмарнi обчислення.

1.Introduction
The modern digital space requires from organizations unprecedented flexibil-

ity, scalability, and financial gain. These challenges have led to widespread use
of multi-cloud structures, where workloads are distributed across multiple pub-
lic cloud providers (AWS, Microsoft Azure, Google Cloud Platform, and others).
Strategic multicloudiness allows to reduce the risk of being tied to a single man-
ufacturer, using the best services from each provider, and, most importantly,
optimize costs through constant cost monitoring. However, managing a het-
erogeneous environment that contains of different application programming in-
terfaces (API), different tariffs and controls, is extremely difficult. Traditional
management systems (such as standard Kubernetes or simple scripts) where
apply fixed guidelines which are unable to respond flexibly to market dynamics
(changing Spot Instance prices) and load changes (unpredictable traffic spikes).
Inefficient allocation of resources and suboptimal capacity increases lead to sig-
nificant financial losses, which, according to some researchers, can reach 30% of
the cloud budget. To overcome these difficulties, it is necessary switchover to
methods of Intelligent Control Systems (ICS), which use artificial intelligence
(AI) and machine learning (ML). These systems are able to predict, learn, and
automatically make multi-objective decisions about workload placement and
migration, balancing cost, performance, and regulatory compliance.

2. Literature review
The issue of multi-cloud environments in modern research occupies one of

the leading positions in the field of cloud computing, which is due to the grow-
ing complexity of digital infrastructures, increasing requirements for reliability,
performance, and economic feasibility of using computing resources.

The fundamental definitions and conceptual principles of cloud computing
were formulated in the works of the US National Institute of Standards and
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Technology (NIST) where proposed a unified classification of service models
and methods of deploying cloud infrastructure. These provisions have become
the theoretical basis for the further development of multi-cloud computing ap-
proaches [1].

In Gholami’s research, multi-cloud architecture is viewed as an evolution-
ary stage in the development of cloud technologies, aimed at overcoming the
limitations inherent in using a single service provider. The authors identify
the key motivations for implementing Multi-Cloud with a Best-of-Breed ap-
proach is need to comply with regional and regulatory requirements for data
placement and the reduction of risks associated with dependence on a single
provider [2]. Similar conclusions are confirmed in works devoted to the analysis
of network challenges and prospects for the development of multi-cloud envi-
ronments, where attention is focused on the growth of inter-cloud delays and
the complexity of distributed resource management processes [3]. An impor-
tant place in scientific literature is occupied by the problem of multi-criteria
resource normalization in Multi-Cloud environments. In particular, the work
of Wang, Li shows that simultaneous optimization of cost, performance and
reliability indicators has a conflicting nature and requires used of formalized
models of support making decision [4]. Further development concept of the
AIOps has led to increased interest in intelligent cloud infrastructure manage-
ment systems capable of automating the processes of monitoring, analyzing,
and orchestrating resources. In the work of Shukla and Purbey summarizes
modern approaches to the application of artificial intelligence methods in the
management of cloud environments and substantiates the role of AIOps as a key
technology for the transition from reactive to proactive management models [6].
In this context, particularly relevant become reinforcement learning methods.
Research results of Alipour and Mohsenzadeh, also Lu, demonstrate the effec-
tiveness of using reinforcement learning for dynamic resource allocation and
scaling tasks in cloud and multi-cloud environments. The application of RL-
approaches allows agents to adapt to changes in resource costs, load levels and
network characteristics without need for pre-labeled training samples, which is
especially important in resource utilization scenarios [7, 8]. A separate direction
of scientific research is related to predictive scaling and deployment of services
in multi-cloud environments. In particular, Zhang proposes a cost-aware ap-
proach to service placement with guaranteed SLA realization, which combines
load forecasting methods with cost optimization in a multi-cloud infrastruc-
ture [9]. The obtained results confirm the feasibility of integrating demand and
cost forecasting models into intelligent resource orchestration systems. Sum-
marizing the results of the analysis of modern scientific sources, we can make
conclusion that the effective functioning of multi-cloud environments requires
using of complex intellectual approaches to resource normalization.

The combination methods of multi-criteria optimization, reinforcement learn-
ing and predictive analytics are considered by the scientific community as a
promising direction for increasing the performance, reliability and cost-effective-
ness of cloud infrastructures.
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3. Purpose

The purpose of the research is to develop and substantiate approaches that
will allow for more efficient use of computing resources in multi-cloud architec-
tures. For this we proposed using intelligent orchestration systems based on
methods of artificial intelligence and machine learning.

The main focus is on creating a mathematically formalized and practically
applicable model of multi-criteria management. Such model should help to
optimize space and scale workloads, balancing cost, performance, reliability
and compliance requirements.

Ultimately, this will allow to minimize operating costs and increase the effi-
ciency of multi-cloud infrastructure in conditions of constantly changing load
and pricing models of different cloud providers.

4. Methodology

The formation of a multi-cloud infrastructure is cause by several key fac-
tors: using best-of-breed approach for using specialized services from different
providers; necessity to comply with regional and regulatory requirements for
data placement; and also the desire to minimize the risks of vendor dependence
and ensure the competitiveness of pricing models. But optimization in multi-
cloud environments is a multi-criteria task that includes economic, performance,
reliability, and regulatory aspects.

Reducing the cost of resources often lead to worsening of latency indicators
or stability, while productivity increases are accompanied by rising costs.

This necessitates of using intellectual methods for searching compromise solu-
tions. And here comes on help intelligent orchestration system, which functions
as a superstructure over heterogeneous cloud resources and consists from data
collection levels, resource abstraction, an analytical and decision-making core
based on ML/AI and an execution level.

Such architecture provides an unified representation of resources and cen-
tralized decision-making.

In such systems, reinforcement learning is considered as a key method of
dynamic resource management.

The agent interacts with the multi-cloud environment, receiving rewards or
penalties which depend on the effectiveness of the decisions made.

This allows to adapt orchestration strategy to changes in load and pricing
patterns in real time.

Unlike reactive approaches, predictive scaling is based on analysis of load
time series and resource costs.

Using LSTM or Prophet models allows for early allocation of resources in
the most economically viable clouds, reducing delays and financial losses.

But the problem of optimal workload placement in a multi-cloud environment
is formalized as a multi-objective discrete optimization problem. Let given the
set of workloads :

W = {W1,W2, . . . ,WN}
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and a multitude of cloud providers:

C = {C1, C2, . . . , CM}.

Each load Wi is described by the parameters

(cpui,memi, ioi, slai, regi),

where regi ⊆ R are the permissible regions of placement.
Each provider Cj is characterized by

(pj(t), cap
cpu
j , capmemj , regionj).

Let us introduce a binary assignment variable:

xij(t) =

{
1, if Wi is placed in Cj at time t,
0, otherwise.

Single placement of each load:
M∑
j=1

xij = 1, ∀i ∈W.

Computing resource limitations:
N∑
i=1

cpui xij(t) ≤ capcpuj ,

N∑
i=1

memi xij(t) ≤ capmemj .

Regional restrictions:

xij(t) = 0, if region(Wi) /∈ region(Cj).

The overall objective function at time t has the form

minZ(t) =
N∑
i=1

M∑
j=1

xij(t)
(
α costij(t) + β latencyij(t) + γ migij(t)

)
,

where
α, β, γ ∈ [0, 1], α+ β + γ = 1.

Here costij(t) is the maintenance cost ofWi in Cj , latencyij(t) is the expected
delay, migij(t) denotes migration costs (egress, downtime).

Delay for load:

latencyi(t) =

M∑
j=1

latencyij(t)xij(t).

To guarantee the SLA, a penalty function is introduced:

penaltyij(t) = max
(
0, latencyij(t)− SLAi

)
.
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Migration cost:

Migi(t) =

{
costmigab (Wi), if Wi : Ca → Cb,

0, otherwise.

System state:
St = {load(t), prices(t), latency(t)}.

Agent action:

At ∈ {migrate(Wi, Cj), scale(Wi),∅}.
Reward function:

Rt = −Z(t)− λ
∑

penaltyij(t),

where λ is the penalty coefficient.
Therefore, the task is reduced to a Markov decision process.
The optimal strategy is defined as

π∗ = argmax
π

E

[ ∞∑
t=0

δtRt

]
, δ ∈ (0, 1).

5. Discussion
Approach which proposed facilitates the transition from manual financial

and operational management to an autonomous AIOps model.
The expected effect is to significantly reduce the cost of using cloud resources

and increase the stability of services.
Promising areas of further research is an integration of edge and fog-computing,

development of explanatory decision-making models and application of quan-
tum optimization methods.

6. Conclusions
Intelligent orchestration systems play a key role in the development of multi-

cloud infrastructures.
The combination of AIOps, predictive analytics and multi-criteria optimiza-

tion creates the prerequisites for proactive, efficient and cost-effective resource
management, which is critical for today’s digital ecosystems.

The authors declare that there is no conflict of interest concerning the publication of this
article.
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