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Abstract

Microservices architecture, especially after its adoption of cloud computing and
integration into a wide range of applications, has become a significant focus for
developers and investors due to its flexibility, scalability, and high compatibility with
deployment operations in the cloud environment. This research aims to study how load
prediction can be used to build an effective proactive autoscaler. An Online learning
methodology has been proposed as an independent approach, irrespective of the nature of
microservice or the mechanism measuring its performance for load prediction. This
proposal was tested on a real data set and compared with the literature that uses deep
learning methodologies. The results showed a decrease in the average measurement error
(MSE) of 27.18% when using the proposed methodology using Euclidean distance
compared with MLP deep learning methodology used in the literature. Also, what was
reached in the previous proposal was integrated to benefit from it in building a scaler in a
Kubernetes cluster built as a new part developed in the open source scaler KEDA that
supports the proposed proactive scaling with an online learning methodology. The
performance of the implemented scaler was tested against reactive scalers that do not
utilize load prediction, demonstrating its effectiveness and improved performance. The
error rate in responding to requests decreased by 24.67%, productivity increased and
response time decreased by 21.72%. The proposed scaler stands out for its easy
integration with any cloud application, requiring no modification to the application itself.
The work has been thoroughly documented, whether in the realm of research and
investigation or within the framework of building the new scaler in a project that outlines
the steps of research and development.
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apiVersion: vl
kind: Pod
metadata:
name: nginx-demo
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:
- containerPort: 80
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apiVersion: apps/vl
kind: Deployment
metadata:
name: nginx-deployment
spec:
selector:
matchLabels:
app: nginx
replicas: 2 # tells deployment to run 2 pods matching the template
template:
metadata:
labels:
app: nginx
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:

- containerPort: 80
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.(Max Integer)

if len (time_series) > orig_r * orig_c:

time_series = time_series| - orig_r * orig_c:]

else :

max_integer = sys.maxsize

sparse = np.full((orig_r * orig_c) - len (time_series), max_integer)
time_series = np.concatenate((sparse, time_series))

time_series = update_matrix(time_series, 0).reshape(orig_r, orig_c)

e ) Akl 0 A5 S ghaal) g gl (2
-ac"“‘j"\ aledod) P A QLBM 9\-&3? gjz.:ﬁ sdal r\MM\ = A

submatrices = extract_submatrices(time_series, wind_r, wind_c)
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main_series = submatrices| -1]
for submatrix in submatrices[: -1]:
for key in similarity_distances:

distance = key(main_series]: - 1], submatrix(: -1])
similarity_distances[key].append(distance)
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.DTW 4l Cosine ,f Euclidean ,f Manhattan
mst_similar = {}
for key in similarity_distances:
if key !=cosine_similarity:
opt_dist= min(similarity_distances[key])
else :
opt_dist= max(similarity_distances[key])

idx_of _mst_similar = similarity_distances[key].index(opt_dist)
mst_similar[key] = submatrices[idx_of _mst_similar][ -1]

Glas S Lt Bsinall gyl (5

return  mst_similar[distance_func]
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Mean squared error: MSE =1/n¥" (Y; — Y;)?,

Mean absolute error: MAE = 1/nY",|Y; — Yi|, and
Mean absolute percentage error: MAPE = 1/n ", (Y; — Y;)/Y,,
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MAPE Interpretation
<10 Highly accurate forecasting
10-20 Good forecasting
20-50 Reasonable forecasting
>50 Inaccurate forecasting

Source: Lewis (1982, p. 40)
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Online Forecasting Using manhattan_distance
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Online Forecasting Using euclidean_distance
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Online Forecasting Using cosine_similarity
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Online Forecasting Using fast_dtw

Time

100000 1 — Original Time Series \\,
fast_dtw T J A\
- \ LN

80000 - v

\,,\
60000
40000
20000

\‘h-.-/\
T T T T T T T T
0 25 50 75 100 125 150 175

(anssil] ol mo &ledl] o 2, L3s) Wiki_de 10 & DTW &lall jLex Y iz 16 S

s 3 Ogehe o Rotuds milidl) 3V sl Jo Leanils il MSE/MAE/MAPE ¢33 lal 2l
196~ 1)l MSE

DataSet Manhattan Euclidean Distance DTW Distance Cosine Similarity
Distance

Wiki_jp_10 | 7.44m/2083.05/4% 6.88m/2045.05/4.1% | 6.54m/1966.44/3.7% | 110.85m/2548.73/5.7%
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Machine Learning Strengths Weaknesses/Challenges

and Statistical Techniques

LR, AR, Simplicity Continues retraining to adapt to
. workload changes

ARIMA, ARMA Interpretability

Assumption of being
Independent data

Assumption of the linearity of
application behavior

Selecting the order of the
model

Bayesian Theory

Simplicity

Simple interpretation

Independence of features
describing application
behaviour

Inability to adapt to workload
changes

NN

Simple implementation

Modeling nonlinear behavior of
application

Picking the correct topology

The long time and a lot of data
for training

Non-interpretable results for
resources manager

Inability to adapt to workload
changes

Not being effective for
extrapolation

SVM

Modeling the nonlinear
behavior of application

Inability to incorporate
knowledge of resource

63




3>

dged) d sl B Byl jad feall o adg

Multi-step ahead prediction

manager

Non-interpretable results for
resources manager

High algorithmic complexity

Inability to adapt to workload
changes

Speed of training and testing

Markov Model

Simple

Providing a general overview
of application behavior

Invalid assumptions for many
application workloads

Much train data to provide
reliable result

Selecting the order

Inability to adapt to workload
changes

Clustering

Reduction of cost and time of
prediction

Capturing correlation among
VMs or resources

Efficient algorithmic
complexity

Fixed number of clusters

The number of clusters

String Matching

Linear time for matching

Selecting the length of pattern

Requiring a way to discrete
time series of workload

Loss of efficiency by
increasing the number of
alphabet symbols

Evolutionary Algorithm

Finding the appropriate
structure of prediction methods

Time consuming for
convergence

Local optimum

KCCA

Extracting correlation among
resources

and performance metrics

Sensitivity to outliers

Selecting the Kernel
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Fuzzy logic

Modeling uncertainties and
ambiguities

Determining fuzzy rules and
membership functions

Hurst Exponent

Simple

Exhibiting predictability of
time series of workload

Not computable for all
applications

RL

Adaptability to the behavioral
changes of workload

No need for domain knowledge

Poor scalability in the large
state space

Initial policies

Random Forest

Simple
Not expecting linear features

Handling high dimensional
spaces

Very fast to train

Slow to provide real-time
predictions

Not being effective for
extrapolation

Difficult to interpret the
prediction result

Size of model

KNN

No training phase
No assumptions about data

Simple

Slow and Computation cost

Selecting the value of
parameter K

Selecting the type of the
distance metric
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