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Introduction
● The  adoption  of  cloud computing  has  been  motivated  by  the  prominent  

scalability, availability  and  the  promise  for  lower  infrastructure  costs;

● Challenges arising from the need to accurately estimate the  use  of  resources  
due  to  the  unpredictable  variation  of customer’s workload patterns;

2



Introduction
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Background

● Workload prediction is one of the possibilities by which the efficiency and 
operational cost of a cloud can be improved.
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Different levels of predictions by Amiri and Mohammad-Khanli [1]



Background

Machine Learning Models

● ARIMA
● GRU
● MLP
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Background

● Cloud providers have several pricing models classified by billing period:
○  Period to every minute, hour, day, week, month, or year.

● The length of the billing period has a significant impact on the cost-efficiency 
of elasticity. 

● The shorter the billing period, the more flexible and cost-efficient it is for 
auto-scaling.
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Background

● Longer time predictions are more challenging and better fit the data with 
regular patterns or seasonality.

● Short-term predictions are more accurate in the case of workload-related 
metrics 

○ Short periods show higher correlations compared with the observations made during longer 
periods. 
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Objective

● Evaluate three prediction models ARIMA, MLP, and GRU in a proactive 
scheduling environment

● Mitigate the Quality of Services (QoS) and the resource consumption over 
short-term predictions 

○ Energy consumption
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Simulation

Setup

Proactive and reactive environment

● Cloudsim toolkit
● Prediction time steps t + 5, 10, 15...60 min
● Scaling Interval
● Billing time
● 1 week simulation
● Dataset: 

○ HTTP Requests NASA (Centro Espacial Kennedy da NASA na Flórida)
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Results

Best prediction time steps between models

● The balance between QoS and resource consumption
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Models Prediction Intervals (minutes)

ARIMA 5 35 40 60

MLP 10 15 45 55

GRU 20 25 30 50



Results

Proactive environment

● Reduced on average 184 hours 
of resource allocation
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Results

Proactive environment

● 43% less QoS violations  
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Results

● Percentage of QoS by 
prediction Models
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Conclusions

● Each prediction model fits with a given time interval.

● The shorter periods has significant impact on the cost-efficiency for 
auto-scaling

● Resource allocation reductions

● Less energy waste
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