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Abstract—This study explores how to improve Kubernetes auto-scaling using artificial intelligence based
forecasting. The authors emphasize the limitations of traditional, reactive auto-scaling methods that lag
behind rapid changes in demand and propose a proactive approach that predicts future resource
requirements. The paper presents a framework for integrating artificial intelligence based predictions
into the Kubernetes ecosystem to improve operational efficiency and resource utilization. To address the
main challenges, the authors focus on improving workload forecasting and mitigating the impact of
random fluctuations in Kubernetes performance. To address this issue, they use time-series forecasting
models combined with data preprocessing techniques to predict future CPU utilization and thus inform
scaling decisions before peaks or troughs in demand occur. The results show that artificial intelligence
based forecasting can significantly improve scaling accuracy, reduce latency, and optimize resource
utilization in Kubernetes environments. Time-series models are developed and evaluated using real CPU
utilization data from a Kubernetes cluster, including RNN, LSTM, and CNN-GRU. The study also
explores new architectures such as Fourier Analysis Network and Kolmogorov—Arnold Network and their
integration with the transformer model. In general, the proposed approach aims to improve resource

efficiency and application reliability in Kubernetes through proactive automatic scaling.
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I. INTRODUCTION

Modern  cloud-native  applications  require
dynamic resource management to remain both
performant and cost-efficient under variable
workloads. While Kubernetes offers built-in
autoscaling mechanisms, these systems are typically
reactive, often lagging behind sudden changes in
demand. This paper explores a proactive approach to
autoscaling by incorporating Al-driven forecasting
into the Kubernetes ecosystem, with the goal of
improving responsiveness and resource utilization.

II. PROBLEM STATEMENT

Kubernetes provides robust yet reactive
autoscaling strategies through its Horizontal Pod
Autoscaler (HPA) and Vertical Pod Autoscaler
(VPA) [2] (Fig. 1). The HPA monitors real-time CPU
or memory usage and adjusts the number of running
pods accordingly, while the VPA adjusts each pod’s
resource requests based on observed utilization
patterns. These autoscalers operate under the
assumption that current or recent resource
consumption is an adequate predictor of immediate
future demand. In many real-world scenarios,
however, this assumption breaks down — leading to

delayed reaction to demand surges, cold-start
penalties, and inefficient resource use during idle
periods.
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Fig. 1. Reactive vs Proactive autoscaling

Another key limitation lies in the threshold-based
nature of these autoscalers. Predefined target values
(e.g., 70% CPU utilization) do not dynamically adapt
to workload patterns or trends, and tuning them
manually is both error-prone and non-scalable across
large clusters or microservice architectures [3].

To mitigate these issues, proactive autoscaling
has emerged as a promising alternative, aiming to
anticipate workload changes and scale resources
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before thresholds are breached. Integrating artificial
intelligence — specifically, time-series forecasting via
deep learning — into the Kubernetes autoscaling loop
can provide more responsive and efficient scaling
strategies. However, this approach presents its own
challenges: Kubernetes metrics are inherently noisy
and traditional models may struggle with short-term
variability [1].

The core problem addressed in this work is the
lack of proactive, data-driven autoscaling.

Based on the above, the following problems need
to be solved:

1) Predict workload changes before thresholds
are breached to implement proactive autoscaling.

2) The metrics (e.g., CPU, memory, latency, etc.)
collected by Kubernetes have a lot of random
fluctuations (so-called noise), which makes it
difficult to identify stable patterns.

By predicting future resource needs rather than
reacting to current ones, the system aims to reduce
latency in scale-up events, minimize resource
overuse, and improve application reliability.

III. PROBLEM SOLUTION

To solve this problem, we propose to utilize
time-series forecasting models, enhanced by data
preprocessing techniques, to predict future CPU
usage and inform scaling decisions before demand
spikes or drops occur. The proposed solution can be
presented as follows (Fig. 2).
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Fig. 2. Proactive autoscaling diagram

A. Data Preparation and Preprocessing

We used the anonymized CPU usage dataset
collected from a production Kubernetes cluster
between January 10, 2022, and January 25, 2022 [4].
This real-world data exhibits the typical
characteristics of cloud-native application workloads,
including variability, seasonality, and noise.

The dataset underwent a series of processing steps
to extract relevant features and improve signal
quality.

Timestamp Handling. The raw timestamp data
was converted into a standard datetime format. This
allowed for the creation of temporal features crucial
for capturing cyclical patterns. Specifically, we

derived an is weekend binary feature and a
time of day categorical feature, later encoded
numerically. A normalized timestamp representing
elapsed seconds was also included.

One-Hot Encoding. The categorical time of day
feature was transformed using one-hot encoding,
creating distinct binary columns for each time
category (morning, day, evening, night). This
prevents the models from assuming an ordinal
relationship between the categories.

Resampling. The data was resampled to a fixed
hourly frequency. For the continuous cpu_usage, the
median value within each hour was taken as the
aggregate. Median can extract a clean signal
reflecting normal behaviour which is suitable for
modeling or anomaly detection, where high outliers
would affect learning or inference. For the newly
created features (is weekend, one-hot encoded
time_of day, and timestamp norm), the first value
within the hour was used.

Normalization. A normalized version of the
timestamp (timestamp norm) was calculated based
on the elapsed seconds from the beginning of the
dataset. This provides a continuous, scaled
representation of time.

Denoising. In order to handle outliers and noises,
we made use of denoising approaches to provide a
more smooth forecast. Since we have data that is not
periodic in nature, we suggest applying the empirical
mode decomposition (EMD) to the cpu usage time
series. Treating the raw CPU usage as a one-
dimensional signal, we decomposed it into K
intrinsic mode functions (IMFs) and then
reconstructed a denoised trace by omitting the first
two high-frequency components. This procedure
effectively suppresses rapid fluctuations while
preserving the underlying trend. The original and
denoised signals (first 150 samples) are compared in
Fig. 3, demonstrating a noticeably smoother input for
our forecasting models [14], [15].
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=



0.0.Tkhai, N.V. Shapoval

Optimizing Kubernetes Autoscaling with Artificial Intelligence 11

Unknown Periodicity Handling. Empirical mode
decomposition is a method that breaks down a signal
— like CPU usage — into several underlying patterns,
called IMFs, without needing to assume specific time
cycles such as hourly or daily trends. Empirical mode
decomposition works by repeatedly separating the
signal into components that each represent different
types of fluctuations, from quick variations to slower,
longer-term changes. By analyzing how much energy
is present in each of these components, we can
identify and retain important repeating patterns that
occur at any time scale. This helps forecasting
models discover and use hidden timing patterns in
the data that don't necessarily follow regular
calendar-based cycles.
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Fig. 4. Seasonal decomposition of CPU usage time series
using a 24-hour period

Rolling Statistics. To provide the models with
context about recent workload trends and variability,
rolling statistics were calculated for the cpu usage
using a 6-hour window. This included the rolling
mean, standard deviation, minimum, and maximum
CPU usage. These features help the models capture
short-term dynamics and volatility.

B. Model Architectures

We implemented and tested a range of time-series
forecasting models. The goal was to compare their
forecasting accuracy and suitability for proactive
autoscaling. We focused on such neural network
architectures that have proven to be good at time
series forecasting, such as recurrent neural networks
(RNN, LSTM, GRU). We also explored such newer
architectures as Fourier analysis network (FAN) and
Kolmogorov—Arnold network (KAN). These
networks show promising results in predicting
complex periodic and non-periodic dependencies

Recurrent Neural Network (RNN). The model
utilized a standard RNN architecture. While simple,
RNNs are capable of modeling sequential data by
maintaining a hidden state across time steps [6].

Long short-term memory (LSTM). The LSTM
network extended the RNN by introducing memory
cells and gating mechanisms, enabling the model to
capture long-range temporal dependencies more
effectively [7].

Gated recurrent units (GRU). The GRU model
provided a more compact alternative to LSTM by
combining the forget and input gates into a single
update gate, reducing computational overhead while
preserving the ability to model long-term
dependencies [8].

CNN _GRU. To enhance feature extraction, we
combined a 1D convolutional neural network (CNN)
with a GRU layer. The CNN component acted as a
local feature extractor, identifying short-term patterns
in CPU usage. The extracted features were then
passed to a gated recurrent unit (GRU) layer to
model temporal dependencies [9].

Convolutional fourier analysis network (CFAN).
The model extends traditional forecasting
architectures by integrating CFAN [11] with a GRU
layer to better capture complex CPU usage patterns.
The model has three components: CNN for local
pattern extraction, a FAN [10] for frequency-domain
representation learning, and a GRU for sequential
modeling. ConvFAN blocks — convolutional layers
with GELU, sine, and cosine activations to extract
both nonlinear and periodic features from input
sequences. These features are passed to a GRU layer
that models temporal dependencies. Static time-based
features (e.g., time of day) are processed through
FAN layers, which apply linear projections followed
by sine, cosine, and GELU activations to encode
periodicity. The outputs of the GRU and static
branches are concatenated and passed through
another FAN-based fully connected layer to produce
the final CPU usage prediction.

Transformer FAN. The model integrates FAN
with Transformer architecture to capture both
periodic and non-periodic patterns. A Transformer
encoder analyzes temporal dependencies in CPU data
using multi-head attention, identifying critical
patterns (e.g., spikes, trends). Instead of standard
multi layer perceptron (MLP) layers, the model uses
FAN layers (Fig. 5). At its core, the FAN layer
decomposes computations into periodic components
(sine and cosine transformations) and non-periodic
components (GELU activation). The Transformer
FAN processes sequential metrics via multi-head
attention to identify temporal dependencies,
enhanced by positional encoding to preserve time-
step relationships. After all layers, the final dynamic
representation is concatenated with static features
and again passed through a final FAN layer.
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Fig. 5. MLP vs KAN vs FAN architecture

By integrating Fourier-based components, the
model explicitly learns recurring patterns while
retaining  flexibility  for  irregular  events,
outperforming generic neural networks.

Transformer KAN. In this design, the standard
Transformer feed-forward sublayers are replaced by
modules from the KAN, a spline-enhanced
architecture that learns both smooth trends and sharp
nonlinearities [18]. Each encoder layer begins with
multi-head self-attention over the embedded CPU
usage sequence, followed by a residual connection
and layer normalization. After all layers, the time-
step embeddings are averaged into a summary
vector, concatenated with static features (encoded via
a small feed-forward network), and passed through a
final head to predict CPU usage. By embedding
spline-based nonlinear components into each layer,
the Transformer KAN explicitly captures complex,
nonperiodic dynamics alongside smooth variations -
providing richer expressivity than purely periodic or
generic neural approaches [12].

C.  Experiment Results

The results of the experiment are presented in
Tables 1 and 2 and in Figs. 6 and 7.

TABLE . PREDICTION ON ORIGINAL DATASET

Model MAE RMSE
LSTM 0.0431 0.0548
RNN 0.0386 0.0523
GRU 0.0413 0.0532
CNN GRU 0.0394 0.0508
Transformer FAN 0.0386 0.0498
Transformer KAN 0.0385 0.0503

TABLE II. PREDICTION ON DENOISED DATASET

Model MAE RMSE
LSTM 0.028 0.0339
RNN 0.0212 0.0251
GRU 0.015 0.0188
CNN GRU 0.0074 0.0095
Transformer FAN 0.0069 0.0084
Transformer KAN 0.004 0.0052
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Fig. 6. CPU Predictions of Transformer KAN on original
dataset
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Fig. 7. CPU Predictions of Transformer KAN on denoised
dataset

The denoising process enhanced performance of
all models. On the original dataset, models like
LSTM and GRU struggled with noise, yielding
modest MAE scores (> 0.04). On the denoised
dataset, the Transformer KAN dominated with near-
perfect metrics (MAE = 0.004). Notably, simpler
models like the GRU achieved exceptional gains
(MAE =0.015 vs. 0.0413).

IV. CONCLUSION

The study investigated the potential of using
artificial intelligence to optimize Kubernetes
autoscaling by forecasting future resource usage. We
developed and evaluated a range of time series
models, incorporating EMD-based denoising, feature
engineering, and rolling statistics. These methods
improved prediction accuracy, with the Transformer
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KAN model achieving MAE score of 0.004 on the
denoised dataset.

These predictions can serve as a foundation for
proactive autoscaling strategies within Kubernetes.
Instead of reacting to threshold breaches, a system
informed by forecasted resource demands can
initiate scale-out or scale-in actions in advance,
reducing latency during traffic spikes and avoiding
unnecessary over-provisioning during idle periods.
This approach enables more efficient resource
utilization, potentially reducing the infrastructure
cost.
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0. O. Txaii, H. B. llanoBaxa. Ontumizauisi aBrockeistinry B Kubernetes 3a 10oMoroi mry4Horo iHTejaeKkTy

VY poboti nocinipKeHo, sIK NOKPALIMTH aBTOMaTHYHE MaciuTa0yBaHHs Kubernetes 3a ONOMOIoOIO MPOTHO3yBaHHs Ha
OCHOBI IITYYHOT'O IHTENEKTY. ABTOPH MiJAKPECIIOIOTE OOMEXEHHS TPAAULIHHUX PEaKTHBHUX METOJIB aBTOMAaTHYHOTO
MacIuTaOyBaHHs, SIKi BIJICTAIOTh BiJ| MIBUAKHX 3MIiH IOMHUTY, 1 MPOMOHYIOTh NMPOAKTHBHUN MiIXill, SKHA Hependadae
MaiOyTHI moTpedH B pecypcax. Y cTaTTi mpeicraBieHO (GpeHMBOpPK Ul 1HTEerpamii IpOrHO3iB Ha OCHOBI IITYYHOTO
iHTeNeKTy B exocuctemy Kubernetes jaist migBUIIEHHS ornepamiiHoi e(eKTUBHOCTI Ta BHUKOpUCTaHHA pecypcis. 1106
BUPIIINTH OCHOBHI NPOOJIEeMHU, aBTOPH 30CEPEIKYIOThCS Ha MOKPAIEHH] NPOrHO3YBaHHs poOOYOro HAaBaHTaKCHHS Ta
ITOM’SIKIIICHHI BIUTMBY BHITAJKOBUX KOJHBaHb HAa MPOAYKTHBHICTH Kubernetes. st BupimieHHs 1iei mpoOieMu BOHH
BHKOPHUCTOBYIOTh MOJIENI MPOTHO3YBAaHHS YaCOBUX PSAIB Y TIOEAHAHHI 3 METOJAMH TOTNEPeIHL01 00poOKH JaHMX, M00
nependaunT MaiOyTHE 3aBaHTAKECHHSI MPOIIECOPIB 1, TAKUM YHHOM, 1HPOPMYBATH PO PIIICHHS MIOI0 MAcIITaOyBaHHS
IO TOTO, K BUHUKHYTH MKW ab0 CIlaJy MONHTY. Pe3ynpTaTd MOKa3yroTh, IO MPOTHO3YBAaHHS HA OCHOBI INTYYHOTO
THTEJIGKTY MOYKE 3HAYHO ITiIBUIUTH TOYHICTh MAcIITa0yBaHHS, 3MEHITUTH 3aTPUMKH Ta ONTHUMI3yBaTH BUKOPHUCTAHHSI
pecypciB y cepenoBut Kubernetes. Mojeni 4acoBuX psiB po3po0JieHi Ta OIliHeH] 3 BUKOPUCTAHHSIM PEATbHAX JaHUX
PO BUKOpHUCTaHHS mpouecopiB kiactepa Kubernetes, Brrrouaroun RNN, LSTM ta CNN-GRU. JocmipkeHHs TaKox
JIOCIIZKYE HOBI apXiTEKTYpH, Taki sik Mepeka aHanizy @yp’e ta mepexa KonmoropoBa—ApHoipaa, Ta iX iHTErpamuito 3
TpaHcopMaToOpHOIO MOAEI0. B mizomy, 3amponoHOBaHMH MiAXiJ CHPSIMOBaHUI Ha MiABUIIEHHA e(EKTHBHOCTI
BUKOPDHCTaHHS pecypciB Ta HaziiHocTi noxarkiB B Kubernetes 3a paXyHOK NPOaKTHBHOTO aBTOMAaTHYHOTO
MacuTadyBaHHs.

KuarouoBi ciaoBa: aBromacmraOyBanHs, Kubernetes; mepesxa KommoropoBa—ApHonbnaa; Mmepexka aHamizy Dyp’e;
TpaHchoMep; MPOrHO3YBAHHS YaCOBHX PSiB; JOBra KOPOTKOYACHA ITAM ’SITb.
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