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HYBRID METHOD FOR HORIZONTAL AND VERTICAL COMPUTATIONAL RESOURCE SCALING

Background. Increasing the efficiency of cluster computing resources while maintaining the established QoS levels is a
critical task in IT infrastructure management. Dynamic management of computing resources, in particular vertical and horizontal
scaling, are tools that allow automating the processes of adapting applications to dynamic loads. The aim of the work is to improve
the efficiency of existing scaling methods by combining them.

Methods. A hybrid scaling method using the coordination module is proposed. This module coordinates the operation of
vertical and horizontal scaling components based on the given constraints, priorities, and the current state of the system. The
coordination module aims to increase efficiency of the both components and prevents inconsistency in the combination of the
number of instances and resource requests for each instance.

Results.To achieve the given objective, a hybrid method of vertical and horizontal scaling using priority-based component
coordination was developed. Priority configuration affects the order of components operation. In the case of horizontal-vertical
order, the non-prior vertical component does not affect configuration of the prior horizontal component. The developed method is
evaluated based on modeling the operation of an application with a load containing a constant seasonality. The experiments
demonstrate a 65% reduction in the unprofitable reservation of cluster computing resources compared to static requests.

Conclusions. The developed method can be used to increase the efficiency of resource utilization in clusters under
dynamic loads compared to basic scaling methods. In further research, it is necessary to evaluate the method using real
infrastructure. It is also necessary to investigate the work of a hybrid method using a predictive approach.

Keywords: information technologies, information systems, resource management, scaling, IT-infrastructure, vertical scaling,
horizontal scaling.

Background

The dynamic allocation of computational resources for cloud applications enables the delivery of the agreed level of quality
of service (QoS) to customers. An increasing number of enterprise informational systems (IS) rely on existing solutions for
the management of computational resources (Rolik, Telenik, & Yasochka, 2018).

Horizontal and vertical scaling of applications in a cluster is one of the most effective tools for automating these processes
in clusters (Lorido-Botran, Miguel-Alonso, & Lozano, 2014). Horizontal scaling is more versatile than vertical scaling because
it provides fault tolerance, is not limited to the resources of a single physical machine, and allows flexible management of the
amount of resources allocated (Al-Dhuraibi et al., 2017). In practice, vertical scaling is used when an application cannot be
distributed, such as databases (Omelchenko, & Rolik, 2022). Although horizontal scaling is a flexible way of dynamically
allocating resources, this process takes place within the limits of defined requirements. If the amount of computing resources
allocated to the application and the actual load on each resource are not balanced, then part of this resource is not used. By
adjusting the volume of requests within an application, its instances can be placed on more specialized VMs, reducing financial
costs while maintaining the same level of QoS (Rochman, Levy, & Brosh, 2014).

The limitations of standalone scaling methods and the high demands on modern IS resulted in the emergence of hybrid
methods (Straesser et al., 2022). In particular, vertical-horizontal and reactive-proactive methods combine the advantages of
existing approaches to improve overall performance (Singh et al., 2019). However, the main disadvantage of hybrid methods
is the complexity of coordinating individual components.

This work aims to increase the efficiency of computing resource utilization while maintaining the established level of QoS
in dynamic resource management. To achieve this goal, a combined scaling method is proposed, which includes coordination
of horizontal and vertical scaling components.

Problem statement. Horizontal scaling is the process of increasing or decreasing the number of application instances to
ensure QoS levels within the agreed SLA and to increase the efficiency of the use of the cluster's compute resources (Rolik,
& Omelchenko, 2024). This type of scaling can work with either a single resource type or multiple resources. In the case of
scaling a single resource at a time, the scaling of the I-th application can be described as follows:
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where m is the number of applications, Wi(t) is the utilization of the target compute resource, X is the request for the target
resource type. This is the level of utilization of other types of computing resources, which can lead to both denial of service
and significant unprofitable redundancy (Omelchenko, & Rolik, 2022).

In the case of scaling using a set of resources, the one with the highest utilization percentage in relation to the target value
is selected:

W, (1)

k, (t) = max(| ),I=1..,my=1..h,

ly
where m is the number of applications, Wiy(t) is the usage of the y-th computing resource, and Xy, is the request for the

y-th type of resource. Accordingly, only one of the resources is taken into account and the others may be unbalanced.
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The horizontal scaling model described has the disadvantage of insufficient utilization of non-priority resource types.
A non-priority resource does not affect the amount of resources allocated for scheduling in general or at any particular time
(Sedaghat, Hernandez-Rodriguez, & Elmroth, 2013). Fig. 1 shows an example of unbalanced resource allocation for an
application where CPU time utilization is kept at a configured level of 90% but other resource utilization is relatively low.
Reducing the number of instances is impossible due to the need to ensure a given level of QoS, and partial adjustment of the
application's resource volume cannot be performed by the horizontal scaling component. To solve this problem, it is necessary
to manually adjust the configuration of requests and horizontal scaling to current needs, which is a difficult task in large IS.
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Fig. 1. Unbalanced utilization of computing resources during horizontal scaling

This paper proposes a hybrid scaling method to automate this process, which is derived from horizontal scaling but is
more efficient in terms of computing resources utilization. The proposed method is designed to solve the following problems
when operating horizontally scaled applications:

= increasing the level of utilization of resource types that are not a priority for horizontal scaling, in order to increase the
efficiency of their use;

= resolving situations where the current instance usage of one of the resource types exceeds the set request for that
resource type, in particular out-of-memory (OOM) errors leading to denial of service.

Methods

The topic of combining vertical and horizontal scaling is increasingly appearing in scientific papers (Qu, Calheiros, &
Buyya, 2018). Most approaches are based on forecasting; in the paper (Dutta et al., 2012) an approach using predictive
model management is proposed. The paper proposes a model with a given number of parameters that are determined based
on the cluster capacity, the predicted volume of the task queue, and the application's request for computing resources. Based
on the constraints and predictions, the task of optimizing resource allocation is solved. The QoS metrics of the combined
method obtained as a result of experiments show an increase compared to horizontal scaling, but the evaluation of the
efficiency of the use of computing resources is not examined. In the next paper (Incerto, Tribastone, & Trubiani, 2018), another
approach is proposed in which the virtual machine is scaled vertically until the limit of the physical machine is met, then
horizontal scaling is applied. In this work, it is assumed that horizontal scaling can provide the required level of QoS, so
considerable attention is paid to the efficiency of using the cluster's computing resources. In addition, the proposed method
can use both historical data and predictive models in its work. In the paper (Quattrocchi et al., 2024), the authors propose a
system model based on load and response time data using queueing theory. Using the built model of the system, the solution
performs an optimization task to determine the minimum amount of resources (e.g., CPU) required to provide the target
response time under the current load. Another work (Millnert, & Eker, 2020) proposes a novel approach based on control
theory. The authors propose using "feedback" vertical controller and "feedforward" horizontal controllers that are coordinated
by calculated time delays for applying control signals.

For a successful co-operation of horizontal and vertical scaling, it is necessary to coordinate their work (Calheiros et al., 2012).
The coordination should be such that the changes made by each component are fully consistent. Unprocessed conflicting
changes can lead to QoS degradation and denial of service. Fig. 2 shows the coordination module containing data about the
characteristics and capabilities of each scaling method.

In the coordination module, it is proposed to use the principle of priority to coordinate the work of the components when
one of the components is secondary and should in no way affect the current decisions of the higher priority control component,
but only adapt to the decisions provided. Uncoordinated decision making can lead to incorrect scaling of the application and
a drop in QoS. The coordination module ensures that the configurations of the scaling components are compatible as follows:

B H(xV(x,null)),R, >Ry,
S0 _{V(X,H(V, null)), Py > R,

where S(X) is the scaling function, H(x,c) and V(x,c) are the scaling functions of the horizontal and vertical components respectively,
taking as input the historical data and the current configuration, Py and Py are the priorities of the respective components.
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The coordination module prefers horizontal scaling, as this type is not limited by the resources of a single physical machine
and is more flexible for use in modern microservices architectures. Fig. 3 demonstrates the comparison of the vertical and
horizontal scaling methods.

Collect resource utilization metrics Apply new configuration

Cluster ™
Transmit resource . i
utilization data Horizontal scaling
method
Update instance count
F Y
Coordination
¥ ¥
Transmit resource
Monitorin utilization data Coordination
Ly g » Kubernetes APT —
module module
Y [y
Coordination
¥
Transmit resource U{?:na_éem
utilization data Vertical scaling
module

Fig. 2. Component diagram of the hybrid scaling method
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Fig. 3. Comparison of characteristics of scaling types

To implement this method, both sources of historical data on application utilization and data obtained as a result of
forecasting models can be used. The data is transferred to the horizontal management module, where a decision is made on
whether to increase or decrease the number of instances. This module also receives information about current resource
requests )?ly, I=1,..,my=1..h where h—the number of resource types, m — the number of applications, and Ty, 0 < Ty < 1,
is the target value of utilization for each resource type. The output of the module operation is the number of instances of the
I-th application ki. An example of such a module is HPA.
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In the vertical scaling module, the first step is to determine the level of utilization of each of the computing resources:

X
U, = Y =1 my=1..h,
ly

where Uy — utilization of the I-th application of the y-th resource type. Using the set level of target utilization Ty, priority
resource type is found, which is used for horizontal scaling calculations:

U,
y
Ypivot = arg max(—=>),1 =1,...m,y=1,...,h,
T|y
where VYpivet i the index of the resource type with the maximum relative utilization of the I-th application of the y-th type of computing
resource. The next step is to estimate the required quantities of non-priority resources using the target utilization levels Tjy:

Xiy = £ (X, (to), Xpy () Xpy (t)1.Ty), 1 =1m, y=1..h, n=1..N,
y# ypivotv

where XAly is the optimal values of requests for computing resources at the current iteration calculated on the basis of historical
data or forecasts, for Xj,(t) there is a transition from a scalar value to a function, since to calculate requests, it is necessary
to take into account a segment of historical data or obtained forecasts, and f(x,y) is a function for calculating requests.
Depending on the configuration, different optimizations can be applied to this function.

When scaling using all available computing resources, it is proposed to use a generic function, the result of which
guarantees the correct operation of applications and scaling components:

f(x,u)

where X is a vector of values for the utilization of a computing resource, and u is a target value of its utilization. If Ypivot is a
fixed value, there is potential for optimization based on the resource type.

Each type of computing resource has its own management specifics. In this paper we propose to divide them into two
groups. The first group includes resource types whose excessive usage does not lead to a complete denial of service, as the
shortage is amortized in subsequent application cycles (Rodriguez, & Buyya, 2018). These types of computing resources can
be artificially limited to meet defined requirements. For example, in the case of a CPU resource, the application is only given
the specified amount of time to operate on the processor core, and any operations that exceed this time are performed in the
next period of operation (Al-Haidari, Sgalli, & Salah, 2013). A network resource has a similar operating flow, where a queue
of packets is created before transmission. For computing resources from the first group, it is proposed to use a set percentile

when calculating requests:
fl(X! p) = Xsorted Hy% : (n _1)—‘:|l

where X is a vector of values of the utilization of a certain computing resource, n is the length of the vector X, and p is target
utilization percentile. This optimization can be useful for cases with short term peaks in application workload. The percentile
allows you to calculate requests that cover most of the present workload scenarios and avoid resource over-provisioning.

Fig. 4 shows the integration of hybrid scaling components in a Kubernetes cluster. The monitoring components metrics-
service and Prometheus provide data for horizontal scaling. The usage either predictive or reactive scaling methods is
determined in the decision module. After the planned number of instances is determined, this data is passed to the vertical
scaling component, which optimizes requests for computing resources based on the data received.

The apply module is responsible for passing the new deployment configuration to the Kubernetes API. After that, the next
monitoring and scaling cycle is performed.

Results

To evaluate the effectiveness of the proposed method, simulation of the operation of an application that scales both
horizontally and vertically is performed. Conducting experiments on a Kubernetes infrastructure is complicated by the fact
that in order to update an application's requests, all of its instances need to be restarted. On a real infrastructure, this is
achieved by gradually restarting each instance, which does not require significant additional computing resources and does
not affect QoS levels. The simulation is done using Python and the Pandas library. The horizontal scaling model is similar to
HPA and a reactive approach is used. Target utilisation levels for CPU time and memory are set and requests are reevaluated
at 100 second intervals, reflecting the frequency of metric collection and aggregation in a real cluster.

The first experiment allows us to test the work when the priority resource for horizontal scaling is CPU time. Accordingly,
memory is scaled vertically. In this study, the total load with a periodicity of 1000 seconds ranges from 200 millicores to
1200 millicores, and the CPU time requirements are set at 250 millicores with a target utilization of 90%. So the application
scales from two to five instances. Fig. 5 shows a graph of the workload and the number of instances to process it. Also in Fig.
5, there is ascaling delay when the load appears and, accordingly, the delay before reducing the number of instances, which
corresponds to the behaviour of the HPA.

Fig. 6 demonstrates scaling of the memory resource in the first experiment. The initial configuration of memory requests
is not optimal and set to 100 megabytes. The model takes into account that each instance has a constant component of
memory usage and another one that depends on the load. Accordingly, during the first two periods of operation, memory
utilization is 50%. After the component has received a sufficient amount of data, namely 2000 seconds, it scales down memory

_ max(X)
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requests to the target level of 90%. In the fourth period of operation, an atypical peak in memory usage appears and the
vertical scaling component responds by increasing memory requests accordingly. After two periods of low utilization, the
memory scales down again to 90% utilization during the last two periods of operation.
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Fig. 4. Structural diagram of a cluster containing hybrid scaling
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Fig. 5. Horizontal scaling of the application using CPU time
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Fig. 6. Vertical scaling of memory requests

The next experiment is intended to evaluate the method's performance when horizontal scaling is performed using memory
and CPU time is vertically scaled. Fig. 7 shows the application load and the number of application instances.

1000 + —— Total memory request
—— Total memory usage

900

800 - - - -

700 A

600 - - - -

Memory, megabytes

500 +

400

hJ

T T T T
0 2000 4000 6000 8000
Time, seconds

Fig. 7. Horizontal scaling of the application using memory

Fig. 8 shows the results of the vertical scaling. The 95th percentile is used to calculate the CPU time requirements. In
Fig. 8, there is a similar pattern of operation for downscaling and upscaling. The difference with the first experiment is the
higher level of resource utilization for the vertical scaling.

The last experiment is focused on evaluating the efficiency depending on the length of historical data taken into account
during vertical scaling. Horizontal scaling is performed from memory at 1000-second intervals, as shown in Fig. 9.
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1000 - — — — — — — — — —— Total memory request
—— Total memory usage

NN NEEEEEE

800 4 F L L - L |. L

700 A

600 - ’- - ; ; - - A N

500 - |

N U.J | \.A_J L.I.,.‘J N ¥
T T T T T T T

5000 10000 15000 20000 25000 30000 35000

Time, seconds

Memory, megabytes

300 A

[~

Fig. 9. Horizontal scaling of the application using memory

Fig. 10 shows the results of the vertical scaling component operation. The size of the historical data taken into account is
1000 seconds. The target CPU time utilization is 95%.

A similar experiment is shown in Fig. 11, but the size of the historical data is increased to 4000 seconds:

The results show that scaling occurs with a much shorter period, which, on the one hand, leads to lower resource efficiency
and, on the other hand, to better QoS performance at peak loads. This experiment demonstrates the possibility of adapting
the developed method to the set SLA requirements.

Further, Fig. 12 compares CPU time utilization for static and dynamic requests. The ratio of resource utilization to requests
for dynamic requests ranges from 80% to 120%. In this case, the level of QoS depends on many other factors, including the
level of the set limits. At the same time, the use of static requests, at the 95th percentile level, leads to a low utilization rate of
30% to 90% in the given conditions.
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The amount of allocated CPU time for dynamic requests is 65% less than for static ones. The conducted experiments are
simulations and the results may differ significantly on real infrastructure, but they allow us to evaluate the theoretical possibility

of applying the developed method.
Discussion and conclusion

The paper proposes a hybrid scaling method that includes both a horizontal and a vertical component. An optimization
method is proposed for resources such as CPU time and network bandwidth. The simulation results show that vertical scaling
can increase the efficiency of using cluster computing resources and prove the feasibility of developing a full-featured solution
for use in Kubernetes and other orchestration solutions. The developed method proposes reactive management based on
current state of the system, but it is possible to use forecasts to manage resource allocation in advance.
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Fig. 11. Vertical scaling of the application by CPU time with 4000 seconds of historical data
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rEPUAHUA METO[ FOPU3OHTANBHOIO | BEPTUKANIBHOIO MACLUTABYBAHHA
OB4YUCIIOBAJIbHUX PECYPCIB

BcTyn. [lideuweHHsa eghekmusHocmi eaukopucmaHHs o64yucoeanbHUX pecypcie knacmepa npu dompuMaHHi ecmaHoesneHux pieHie QoS e
KpUMUYHO eaxsiueum 3aedaHHsIM y kepyeaHHi IT-iHgppacmpykmyporo. [JuHamidHe KepyeaHHs 064uc/Ii08aIbHUMU pecypcamu, 30KpemMa eepmukanbHe
ma 2opu3oHmanbHe MacwmabyeaHHsi, € iHCmpymeHmom, wo Ao3eosisie aemomamu3syeamu npouyecu adanmauyil 3acmocyHkie Ao OuHamidHuUX
HasaHmaxeHb. Memoto yiei po6omu € nidsuweHHs1 e¢hekmueHocmi icHyro4ux memodie MacwmabyeaHHsi 3a A0MOMO20H0 iXHbL020 KOM6iHYy8aHHS.

MeToawu. 3anponoHogaHo 2i6pudHuli Memod macwmabyeaHHs1 3 euKkopucmaHHsM Modynsi koopduHauil. Ljeli modynb y3200Xye po6omy
KOMIMOHeHmie eepmukasbHO20 ma 20pU30HManbHO20 MaclmabyeaHHs Ha OCHO8Ii 3adaHux o6MexeHb, npiopumemie i MOMOYHO20 cMaHy cucmemu.
Modynb koopduHauii eidnoeidae 3a nideuweHHs1 egpekmueHocmi o60x KomrioHeHmie MacwmabyeaHHsi i 3anobizac Hey32odxeHocmi y npouyeci
KOoHgbi2ypauii kinbkocmi ek3emnnsipie 3acmocyHKy ma 3anumie Ha 064ucnroeanbHi pecypcu.

Pe3ynbTaTtu. [nsadocsazsHeHHs nocmaesneHoi Memu po3pobieHo 2i6pudHuli Memod eepmukanibHO20 Ima 20pU30HManbHO20 MacuwmabyeaHHs!
3 sUKOpUCMaHHAM KOOpOUHauyii komrnoHeHmie Ha ocHoei npiopumemis. [piopumemHa KoHgi2ypauis euzHa4yae nopsidok po6omu KomrnoHeHmie nid 4ac
Y3200)KeHHs1 IxHbOI po6omu. Y eunadky 20puU3oHMasnibHO-eepmMuKabLHO20 MopsiGKy HenpiopumemHuli eepmukasibHUli KOMIMOHEHM He ensiueac Ha
KOHgbi2ypauyito npiopumemHo20 20pU30HManbHO20 KOMMoHeHma. [IpoeedeHo oyiHrO8aHHs1 po3pobrieHo20 Memody Ha OCHO8i Modeslto8aHHs po6omu
3acmocCyHKy 3 HasaHMa)KeHHsIM, W0 Micmume nocmiliHy ce3oHHicmb. EkciepumeHmu AeMoOHCMPYOmMb 3MeHWEHHS 36UMmKoeo20 pe3epeyeaHHs
o6yucroeanbHUX pecypcie knacmepa Ha 65 % nopieHsiHo 3i cmamu4YHUMU 3anumamu.

BucHoBku. Po3pobneHuli Memod MoxHa 3acmocyeamu Onsi nideuwieHHs1 egpekmueHocmi eukopucmaHHsl pecypcie y knacmepax nid Jac
OuHaMiYHUX HaeaHMa)KkeHb MopieHsIHO 3 6a3oeuMu Memodamu MacwmabyeaHHs. Y nodanbuiux docnidxeHHsIX He06XiOHO oyiHuUMu Memod Ha peasnbHill
iHgppacmpykmypi. Takox eapmo docnidumu po6omy 2i6pudHo20 Memody 3 8UKOPUCMAaHHSIM MPedUKMUBHO20 Midxody.

Knwo4yoBi cnoBa: iHgpopmauyilini mexHonozii, iHgpopmauyiliHi cucmemu, KepyeaHHsI pecypcamu, macwmabyeaHHsi, |T-iHgppacmpykmypa,
eepmukanbHe MacwmabyeaHHsl, 20pu3oHmarnbHe MacumabyeaHHs.

ABTOpPU 3asBNAIOTb NPO BiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopu He Gpanu yyacTi B po3pobneHHi 4ocnimxeHHs; y 36opi, aHanisi umn
iHTepnpeTauii AaHWX; y HaNnMCaHHiI PyKONuCy; B pilleHHi Npo nybnikauitio pedynbTaris.
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