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Abstract. As the rising of the Internet of Things (IoT), edge computing
is widely adopted in numerous applications. However, current autoscaling
tools are not designed for edge applications and can not utilize the het-
erogeneous resources of edge nodes efficiently. In this paper, we propose
a proactive hybrid autoscaler specifically optimized for edge computing
scenario. With the Bidirectional Long Short Term Memory (Bi-LSTM)
based load prediction model, the proposed autoscaler is able to predict
the future workload and perform scaling operation before it arrives. In
addition, a overload compensation algorithm is implemented to mitigate
the Quality of Service (QoS) decreasing due to under-prediction. Then, a
hybrid scaling method is applied to simultaneously modify the number of
pods and their resource quotas without restarting. Experimental results
with a real-world workload dataset shows the proposed load prediction
model has better accuracy compared with the Long Short Term Memory
model and the state-of-the-art statistical analysis model, Autoregressive
Integrated Moving Average (ARIMA), which is also more than 350 times
slower than our model in prediction speed. Finally, evaluation in a real
Kubernetes cluster shows that the proposed proactive hybrid autoscaler
outperforms the default Horizontal Pod Autoscaler (HPA) of Kubernetes
in terms of both QoS and resource utilization efficiency.

Keywords: Kubernetes · Edge Computing · Autoscaling

1 Introduction

Over the last few decades, cloud computing has gained significant attention from
the industry. A countless number of applications we use everyday are powered
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by cloud service providers. However, cloud computing faces latency issue caused
by geographic limitations [27], which is crucial for latency-sensitive applications
(e.g. live streaming, IoT applications).

Edge computing provides a promising solution to this issue through exploiting
computing resources located closer to users, due to which it is getting increasingly
popular [13,23]. Not only is the latency issue solved but also the computing work-
loads are dispatched, further reduced the pressure on cloud services [18,24,25].
Featuring low start-up time, running overhead and image size, container-based
virtualization is widely used in edge computing. One of the advantages of con-
tainerization is elasticity, which allows changing the resources allocated to appli-
cations. In real world scenarios, the workload of both cloud-based and edge
applications is unstable, so autoscaling is essential for both cloud computing
and edge computing. However, how to appropriately scale is a significant chal-
lenge. Over-provisioning, allocating excessive resources, leads to reduced resource
utilization, while under-provisioning, allocating insufficient resources, results in
rising latency and degraded Quality of Service (QoS).

In this paper, we propose a proactive hybrid autoscaler which combines both
horizontal and vertical scaling. It makes scaling decisions based on the prediction
of future workloads and performs simultaneous horizontal and vertical scaling
based on the current resource. Moreover, when there is a significant deviation
between predicted and actual workloads, the approach switches to threshold-
based scaling as compensation. The main contributions of this paper include:

– Proposed a Bi-LSTM based load prediction model which outperforms tradi-
tional prediction methods.

– Proposed a overload compensation algorithm which scales up when system is
overloading, preventing QoS from decreasing.

– Proposed a hybrid scaling method which scales both horizontally and verti-
cally, refining the granularity of resource allocation.

The rest is organized as follows: In Sect. 2, previous studies of autoscaling
approaches are reviewed. Section 3 presents some background of the research.
Section 4 introduces the system design of the proactive hybrid autoscaler. The
load prediction model, overload compensation algorithm and the hybrid scaling
method are discussed in Sect. 5. In Sect. 6, the experiment conducted to evalu-
ating the proposed autoscaler is presented. Section 7 concludes the paper.

2 Related Work

Currently, mainstream cloud service providers have all introduced their own
container auto-scaling services. Amazon was the first to provide dynamic creation
and termination of cloud server instances in its Amazon EC2 cloud computing
service in 2006. In 2009, it introduced the Autoscaling service, allowing users to
specify thresholds or schedule scaling at specific time points [3]. Microsoft Azure
provided its threshold-based auto-scaling service for the first time in 2013 [4].
In 2015, Kubernetes released version 1.1, which included container horizontal
scaling capabilities based on thresholds [16]. Google also offers similar features
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in Google Kubernetes Engine [11]. Alibaba Cloud introduced elastic scaling in
2014, supporting both threshold-based and schedule-based auto-scaling [7], while
Tencent Cloud provided a similar auto-scaling solution in 2016 [8]. These auto-
scaling solutions are all based on setting thresholds or time points for horizontal
scaling, resulting in mature implementations with low risk. In response to these
auto-scaling solutions, some researchers have proposed methods to improve auto-
scaling performance by determining appropriate scaling thresholds [2]. Others
have suggested using multiple-level thresholds to enhance performance [12].

However, reactive autoscalers are unable to handle scenarios where applica-
tion workloads experience rapid changes. This calls for a proactive autoscaler
that can perform scaling actions before the workload arrives. As a result, some
researchers have proposed using machine learning to predict future workloads
or the number of container instances for proactive scaling. H. Zhao et al. used
the double exponential smoothing prediction algorithm to forecast the required
number of container instances in advance [28]. M. Chen et al. employed the
weighted random forest algorithm to predict data center workload demands [6].
Meanwhile, D.-H. LUONG et al. used Linear Regression (LR) and Autoregres-
sive Integrated Moving Average (ARIMA) models to predict future workloads
and determine the scaling strategy [19]. With the advancement of Deep Learning
(DL) technology, various deep learning-based prediction methods have also been
proposed. F. Qiu et al. used Deep Belief Network (DBN) combined with a regres-
sion layer to predict CPU utilization [20]. MT. Imam et al. utilized Time Delay
Neural Network (TDNN) for load prediction [14]. Although these proactive scal-
ing approaches allow scaling actions to be taken before the workload arrives,
the predicted values can never be perfectly accurate. When the predicted val-
ues are lower than the actual workload, the autoscaler may make wrong scaling
decisions, leading to a significant reduction in Quality of Service (QoS).

In addition, horizontal scaling itself has some drawbacks. For instance, when
the workload is low, the resources allocated to a container instance cannot be
fully utilized, resulting in reduced resource utilization. Furthermore, horizontal
scaling can only change the number of container instances, and the granular-
ity of controlling resource quotas is relatively coarse. To address this issue, some
researchers have proposed using Checkpoint/Restore In Userspace (CRIU) [9]for
non-disruptive vertical scaling of containers [1,21]. However, the CRIU technol-
ogy is not perfect and has several serious flaws. For example, after several rounds
of generating and restoring snapshots of containers, an error may occur when
generating a new snapshot [21].

3 Background

3.1 Container

Containers are an operating system-level virtualization technology used to run
multiple isolated instances of applications on a single host. Each container con-
tains the application and all its dependencies, such as libraries, runtime envi-
ronments, and system tools. The container runtime is responsible for creating,
running, and managing containers. The implementation of container runtime
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leverages various resource isolation mechanisms in the Linux kernel, such as
namespaces, control groups (cgroups), and Union File System (UnionFS). Based
on the above, the container runtime isolates the application and its dependencies
in a separate user space, providing an independent environment similar to a vir-
tual machine. Compared to traditional virtual machines, containers do not need
to fully simulate an entire operating system. Instead, multiple containers share
the same operating system kernel, resulting in reduced resource consumption.
Additionally, containers do not require the operating system to start during their
launch, making them faster to start compared to virtual machines.

3.2 Kubernetes

Kubernetes is an open-source platform for automating container deployment,
scaling, and management. It provides a powerful container orchestration and
management system that helps developers efficiently manage large-scale con-
tainerized applications. Initially developed by Google and built on top of
Google’s internal Borg system, Kubernetes was open-sourced and released in
2014. The primary goal of Kubernetes is to simplify the deployment and man-
agement of containerized applications while providing a highly scalable platform.
Today, Kubernetes has become the de-facto standard in the container orchestra-
tion field, gaining widespread support and adoption.

4 System Design

Fig. 1. System architecture
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The system architecture is shown in Fig. 1. Requests coming from Internet are
firstly received by the reverse proxy and then evenly dispatched to the cor-
responding pod in worker nodes. In this paper, we use Envoy [10], which is
a high-performance reverse proxy developed in C++, providing functionalities
such as data monitoring, traffic forwarding, and application discovery. Worker
nodes host pods and manage them according to the command of the master
node, which is responsible of organizing the cluster and keep it stable. There
can be multiple master nodes in a cluster for high-availability in practice [17].
The proposed hybrid autoscaler dynamically modify the allocated resource of
the application in response to the workload and the status of the cluster, which
forms the monitor-analyze-plan-execute (MAPE) loop.

4.1 Monitor

The monitor system periodically collects various types of application metrics,
such as the distribution of response latency, the queries per second (QPS) and
the request error rate from the reverse proxy. Besides these, the resource usage
is also collected from the kubernetes metrics server. Kubernetes metrics server
is a component of Kubernetes that provides resource utilization data from nodes
and pods in a cluster, from which our monitor system collects these metrics. All
metric data is saved to a time-series database. In this paper, we use InfluxDB,
which is an open-source time-series database designed for efficiently storing and
analyzing high volumes of time-stamped data from various sources. It provides
an intuitive and versatile data query API, which is used by the autoscaler.

4.2 Analysis

Based on the application workload collected before, the proposed autoscaler
predicts the future workload using an Bi-LSTM based load prediction model,
which is discussed in Sect. 6.1. In addition, the overload compensation algorithm
runs periodically, checking the current status of the application using the col-
lected metrics. Once it determines that the application is overloaded, the scaling
decision will be made by an reactive scaling algorithm specifically designed for
overload situation, until the application is not overloaded anymore. The overload
compensation algorithm is discussed in Sect. 6.2.

4.3 Planning

The proposed hybrid autoscaler uses a hybrid scaling method which generate the
target pod count and resource quota simultaneously from the target workload
by modeling the application and thus the resource efficiency is increased. The
hybrid scaling method is discussed in Sect. 6.3.

4.4 Execution

The scaling decisions are performed in this phase. The changes of pod count
are carried out using the API provided by Kubernetes API server. The changes
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of resource quota are carried out using the container runtime on worker nodes
real-time, which doesn’t require restarting pods.

5 Proposed Autoscaler

5.1 Load Prediction Model

Recurrent Neural Network(RNN) is widely used in time-series prediction tasks
due to its recurrent architecture which enables it to remember dependencies in
the input sequence. However, a simple RNN can only learn short-term dependen-
cies because of the problems of gradient explosion and disappearance. To address
the problem, Long Short Term Memory(LSTM), an variant of RNN, introduces
gate functions, which enhances its ability to learn long-term dependencies.

Gate functions of the LSTM consist of the forget gate, the input gate and
the output gate. The forget gate ft controls how much information needs to be
discarded from the previous state through a sigmoid function. The input gate it
also includes a sigmoid function, determining how much information the current
state should learn, and it uses a tanh function to generate the information to be
learned. Then, the current status of cell Ct is updated by discarding old informa-
tion and learning new information. Finally, the output gate ot similarly contains
a sigmoid function and a tanh function, producing the output ht through the
same mechanism as the input gate. Gate functions allow the model state Ct to
be calculated through accumulation, thereby avoiding the problems of gradient
explosion and disappearance. The equations of gate functions is listed below:

ft = σ(Wf · [ht−1, xt] + bf ) (1)

it = σ(Wi · [ht−1, xt] + bi) (2)

˜Ct = tanh(WC · [ht−1, xt] + bC) (3)

Ct = ft ∗ Ct−1 + it ∗ ˜Ct (4)

ot = σ(Wo · [ht−1, xt] + bo) (5)

ht = ot ∗ tanh(Ct) (6)

In the basic LSTM model, the model learns only in one direction of the input
sequence, which may result in some deep-level dependencies not being extracted
by the model. Consists of a forward LSTM and a backward LSTM, Bidirectional
LSTM(Bi-LSTM) [22] traverses the input sequence from two directions simulta-
neously, and then combines the outputs of both models during the output phase,
which allows the model to learn long-term dependencies from both directions of
the input sequence, contributing to the improvement of the model’s accuracy.

The proposed model is shown in Fig. 2, which has one Bi-LSTM layer which
contains two opposite layers and one fully connected dense layer. The output
tensor of Bi-LSTM is used as the input to the dense layer which then generates
the prediction value.
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Fig. 2. Proposed Bi-LSTM model architecture

5.2 Overload Compensation Algorithm

It’s impossible for any prediction methods to achieve 100% accuracy, which
means that there will always be under-prediction, causing under-provisioning
and Quality of Service (QoS) degrading. To alleviate this problem, we propose
a overload compensation algorithm that automatically determines the status of
application by analyzing its metrics and increases the resource quotas, thereby
avoiding prolonged degradation of QoS.

The status of application is measured by the average request error rate eavg
in t seconds, which directly reflects the QoS status of application. A user-defined
request error rate threshold x is introduced. When eavg > x, it is determined
that the application is overloaded, and the overload compensation algorithm
starts resource provision. Likewise, when eavg < x, the application is running
normally, and the algorithm stops provisioning.

The resource provision is based on three metrics. First, traditional reactive
scaling method is used to calculate Radd based on current CPU utilization. Sec-
ond, Rhistory is calculated by the latest queries per second (QPS) value collected
in the time-series database. Third, the predicted workload generated by the load
prediction model is used to calculate Rpred.

When the application is in a normal state, the proposed autoscaler uses
Rpred as the scaling target Rnext. When the application is in an overloaded
state, the overload compensation algorithm takes the maximum value among
Radd, Rhistory, and Rpred as Rnext, as the Eq. 7. The algorithm is depicted in
pseudo code in Algorithm 1.

Rnext = max(Radd, Rhistory, Rpred) (7)
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Algorithm 1. Overload Compensation Algorithm
Require: Request statistics in t seconds Q [N ]
Ensure: The scaling target Rnext

E [N ] = errorRateCalc(Q [N ])
isOverload = true
for i = 0 to N do

if E [i] < x then
isOverload = false

end if
end for
if isOverload then

Rnow = getResource()
Radd = addResourceCalc(Rnow)
Rhistory = historyResourceCalc(E [−1] )
Rpred = predictResourceCalc()
Rnext = max(Rnow, Rhistory, Rpred)

else
Rnext = predictResourceCalc()

end if
return Rnext

5.3 Hybrid Scaling Method

In previous research on container scaling methods, researchers typically opti-
mized for either horizontal scaling or vertical scaling, without attempting to
combine both approaches. In this paper, we establish a mathematical model of
a test application based on the load test data, revealing the relationship of CPU
usage, pod count and the queries per second (QPS). Hybrid scaling is enabled
through this model, which greatly enhances the efficiency and flexibility of con-
tainer scaling.

David et al. [5] has attempted to find the optimal upper limit of the CPU
quota of each pod by plotting the graph of QPS and CPU usage. They discovered
a linear relationship between these two factors. Building upon this finding, we
conducted an experiment to investigate how the QPS relates to CPU usage and
pod count.

Our test application is a simple HTTP service that extracts some string
parameters from the request and concatenate them as return value. In terms
of load simulating, we use k6 [15], an open-source load testing tool designed
for developers to assess the performance and scalability of web applications by
simulating virtual users and generating concurrent HTTP requests. The experi-
mental results are shown in Fig. 3. It can be observed that the number of QPS
and the CPU usage exhibit a linear relationship for each Pod count. As pod
count increases, the number of QPS at the same CPU usage decreases. Based
on the experimental data, the model is as follows:

qps = a ∗ cpu ∗ bpod count + c (8)
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Fig. 3. The experiment result

In this model, a, b and c are model parameters obtained in experiment data.
With the target QPS or total CPU quota known, the pod count and CPU quota
of each pod can be calculated using this model to achieve hybrid scaling.

6 Experiment

In this section, we evaluate the proposed system design presented in Sect. 5.
First, the proposed load prediction model is evaluated and its accuracy and
prediction speed are compared with both the statistic-based ARIMA model and
the original LSTM based model by using a real-world dataset. Subsequently, a
complete proposed system in Sect. 5 is simulated and evaluated in a practical
Kubernetes cluster to evaluate the performance in terms of provision accuracy
and QoS improvement.

6.1 Dataset

The Wikipedia page view dataset [26] has been collected by Wikipedia since May
2015, containing hourly view counts per-article and per-project of all Wikimedia
Foundation projects. The reason why we choose this dataset is that it’s generated
all by real web users. In the experiment, we used the view counts of the main
page of Wikipedia in English and selected the view counts from September 8,
2022, 00:00:00 to September 30, 2022, 23:00:00 (23 days total) as our experiment
dataset. Then we scaled the value to fit our experiment setup. The preprocessed
dataset is shown in Fig. 4.

6.2 Experiment Setup

All parameters of the proposed Bi-LSTM based model are listed in Table 1. The
parameter of compared LSTM model is the same as the proposed model except
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Fig. 4. The experiment dataset

Table 1. Parameters of the Proposed Model

Parameters Value

Input size 16

Number of LSTM layers 2 (Forward and Backward)

Number of Dense layers 1

Units in hidden layers 128

Batch size 128

Epochs 640

Loss function MSE

Optimizer Adams

Activation function tanh

the number of LSTM layers. We selected the request counts from September 8,
2022, 00:00:00 to September 28, 2022, 23:00:00 (3 weeks) as the training set, and
the request counts from September 29, 2022, 00:00:00 to September 30, 2022,
23:00:00 (2 days) as the test set. Before training, the dataset is normalized by Z-
score normalization to a range of [−1, 1]. The equation of Z-score normalization
is:

zt =
xt − μ

σ
(9)

where xt represents the request count sequence, μ represents the mean of x
and σ represents the standard deviation of x. The paramaters p,d,q of ARIMA
prediction model are chosen by grid searching.

In the second experiment, we have built the proposed hybrid autoscaler
described in Sect. 5 on a realistic kubernetes cluster and compared it with the
Kubernetes Horizontal Pod Autoscaler (HPA), the default autoscaler of Kuber-
netes. The target CPU Utilization of HPA is set at 80%. The cluster consists of
one master node and two worker nodes, all of which shares the same hardware.
The hardware configurations of each node in the cluster is listed in Table 3. The
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proposed autoscaler runs on the master node. K6 is used for load simulation,
similar to the tool discussed in Sect. 5.3. The reverse proxy continues receiving
requests from k6 and dispatches them to all pods evenly. The test application
in Sect. 5.3 runs in all pods. The monitor system collects hardware-level and
application-level metrics and stores them in the time-series database InfluxDB.
The hybrid autoscaler retrieves the data through InfluxDB’s data query API,
and then generates scaling decision with algorithms discussed in Sect. 6. Finally,
the scaling operation is made through Kubernetes API server and the container
runtime on worker nodes.

6.3 Evaluation Metrics

We use four metrics as Eqs. 10–13 respectively to evaluate the performance of
the proposed model. Equation 10 computes the mean square error (MSE) by
taking the average of the squared differences between predicted and observed
values. The root mean square error (RMSE) in Eq. 11 represents the square root
of twice the differences between the predicted and observed values. Equation 12
presents the mean absolute error (MAE), which is the average absolute difference
between the predicted and actual observations, with equal weights for individ-
ual differences within the test sample. These metrics, MSE, RMSE, and MAE,
serve as evaluation tools for model prediction errors, where lower values indicate
higher prediction accuracy, and vice versa. Furthermore, we have the coefficient
of determination, represented as R2 in Eq. 13, which serves as a goodness-of-fit
measure for linear regression models. R2 is the square of the coefficient of mul-
tiple correlations between the predicted and observed values. A higher R2 value
indicates a better fit of the model to the data.

MSE(y, ŷ) =
1
n

n
∑

i=1

(yi − ŷi)
2 (10)

RMSE(y, ŷ) =

√

√

√

√

1
n

n
∑

i=1

(yi − ŷi)
2 (11)

MAE(y, ŷ) =
1
n

n
∑

i=1

|yi − ŷi| (12)

R2 = 1 −

n
∑

i=1

(yi − ŷi)
2

n
∑

i=1

(yi − yi)
2

(13)

In addition, to evaluate the performance of the proposed hybrid autoscaler, we
use the accumulative request error rate e, the 95% tail latency t95% and the total
cpu usage rcpu. Both the request error rate and 95% tail latency are Quality
of Service (QoS) oriented metrics that are often used to measure the service
quality of an application, and the total cpu usage means the resource utilization
efficiency of an autoscaler (Table 2).
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6.4 Experiment Results

Table 2. Model Performance Comparison

MSE RMSE MAE R2 Prediction Time

ARIMA 0.074 0.27 0.22 0.91 498 ms

LSTM 0.065 0.26 0.20 0.92 1.35 ms

Proposed Model 0.042 0.20 0.14 0.95 1.39 ms

Load Prediction Model. Result of the first experiment is shown in Table 3.
The proposed load prediction model achieves smaller MSE, RMSE and MAE
values compared with the ARIMA model, which means the prediction accuracy
of the proposed model is higher. Besides, the R2 value of the proposed model
is also higher than the ARIMA model. This means the proposed model fits the
data better than the ARIMA model. In addition, the proposed model has much
faster prediction speed, which is more than 350 times faster than ARIMA. A
comparison of the actual workload value and the predicted workload value of
the ARIMA model, the original LSTM model and the proposed model is shown
in Fig. 5, Fig. 6 and Fig. 7 respectively. As demonstrated, the ARIMA model
can’t obtain a stationary form of the historical workload, and thereby gener-
ates inaccurate prediction values. The LSTM based model can exploit temporal
information to help prediction, resulting in reduced error. The proposed model
utilizes Bi-LSTM architecture to extract long-term dependencies, which further
enhances prediction accuracy.

Hybrid Autoscaler. The ARIMA model is not used in this experiment due
to its slow prediction speed. The request loads are generated according to the
test set mentioned above, with time interval scaled from one day to one minute,
forming a 48-minute long experiment. The proposed hybrid autoscaler is com-
pared with HPA in Table 3. It can be seen that our autoscaler achieves higher
resource utilization efficiency while maintains QoS. Figure 8 and Fig. 9 shows
the resource allocation and accumulative request error rate of our autoscaler
and HPA respectively. By default, HPA only performs downscaling when the
predefined metric values are below the threshold for at least 5 min, which is
called cooldown delay [16]. It is shown in Fig. 9 that there’s a lot of waste of
resources due to belated downscaling operations.
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Fig. 5. Prediction result of the ARIMA model

Fig. 6. Prediction result of the LSTM model

Fig. 7. Prediction result of the proposed model

Table 3. Autoscaler Performance Comparison

e t95% rcpu

Proposed Autoscaler 2.79% 45.08 ms 4701950 m

HPA 6.54% 99.62 ms 5253960 m
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Fig. 8. The experiment result of the proposed autoscaler

Fig. 9. The experiment result of HPA
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7 Conclusion

Autoscaling in edge computing is as essential as it is in cloud computing. In
this paper, we present a proactive hybrid autoscaler based on the Kubernetes
container orchestration platform. A Bi-LSTM based load prediction model is
used to forecast future workload and provide resources ahead of time. To alle-
viate overload caused by under-prediction, a overload compensation algorithm
periodically check the status of application and increases resuorce quota when
overloaded. Finally, a hybrid scaling method combines horizontal and vertical
scaling, providing finer granularity of resource provision. The results of exper-
iments evaluating the load prediction model and the autoscaler indicate that
the proposed model is not only faster than the ARIMA model but also more
accurate than both the LSTM based model and the ARIMA model. In addition,
the proposed autoscaler achieves higher Quality of Service (QoS) while reduces
resource cost than the default autoscaler, horizontal pod autoscaler (HPA) of
Kubernetes.
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