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Abstract- In cloud computing services, Infrastructure as a service (IaaS) is a service model that provides virtual computing 
resources in the form of hardware, networking, and storage services to the end users as needed in an elastic manner. 
However, cloud-hosting platforms introduce several minutes delay in the hardware resource allocation. The obvious solution 
to this issue is to predict the future need of computing resources and allocate them before being requested. This paper 
represents a hybrid method for predicting multivariate workload based on the Vector Autoregressive (VAR) model and the 
Stacked Long Short Term Memory (LSTM) model. In the proposed method, two metrics are used: CPU and memory usage, 
the VAR model is used to filter the linear interdependencies among the multivariate time series, and the stacked LSTM 

model to capture nonlinear trends in the residuals computed from the VAR model. The proposed hybrid model is compared 
with other hybrid predictive models: the AR-MLP model, the RNN-GRU model and the ARIMA-LSTM model. Results of 
experiments show superior efficacy of the proposed method over the other hybrid models. 
  

Keywords- Cloud Computing, Multivariate Workload Prediction, Vector Autoregressive, VAR, Long Short Term Memory, 
Stacked LSTM. 

 

I. INTRODUCTION 

 

The most important benefits of cloud computing is 
the ability to provide flexible and fast IT resources on 

demand. Currently, the majority of cloud providers 

offer scalable services that automatically provide 

computer resources (such as CPU, memory, and 

storage). However, the scaling time mainly 

introduces a delay of several minutes, the start-up 

time to initialize a new VM. It is important to 

determine the exact amount of resources in advance 

to reduce scaling time.   

 

Consequently, workload forecasting is the key 

solution to solve this problem. 
  Many prediction methods have been used in the 

literature, Jiang et al [1] explains that the behavior of 

web and data center workloads can be modeled 

through time series models. Chen et al [2] introduces 

a new prediction method using an enhanced fuzzy 

neural network method. Islam et al [3] uses Neural 

Network (NN) and Linear Regression (LR) 

algorithms and the sliding window technique in order 

to develop a new workload prediction strategy. Liu et 

al [4] presents a novel forecasting approach, which 

classifies the workloads and selects one prediction 
model among Support Vector Regression (SVR) 

model and Linear Regression (LR) model according 

to the workload features. Calheiros et al [5] uses the 

Auto Regressive Integrated Moving Average 

(ARIMA) model to predict cloud workload for 

Software as a Service (SaaS) providers. Zhang [6] 

proposes a hybrid approach to time series forecasting 

using both ARIMA and ANN models. 

  Recently, deep neural networks have been 

intensively used in workload prediction. D. 

Janardhanan and E. Barrett introduces a hybrid 

model, Long Short Term Memory neural network 

(LSTM) and ARIMA model [7] for CPU workload 
prediction. 

  In [8], the authors indicate that the LSTM model 

could solve the issues faced by cloud systems, as it is 

fragile and costly in the event of issues such as 

dynamic scaling of resources and energy 

consumption. The authors state that if it would be 

possible to determine the precise future workload of a 

server, resources can be adjusted according to 

demand and thus maintain both quality of service and 

reduce energy consumption. 

  In this paper, we propose a multivariate workload 

prediction model based on the Vector Autoregressive 
model and Stacked LSTM neural network.  The 

Vector Auto Regressive model analyzes multivariate 

time series and predicts their future values, then the 

residues are calculated from the VAR model and used 

as inputs for the next stacked LSTM model, which 

simultaneously forecasts future resource values. 

 

The contributions of this paper are listed as follows: 

 

• We provide the fundamental definitions and 

necessary notions for building the Vector 
Autoregressive and LSTM models. 

• We present the multivariate workload prediction 

algorithm. 

• To conduct experiments and evaluate the proposed 

method, we use real world workload traces of GWA-

T-12 Bitbrains service provider [9]. The paper is 

organized as follows. Section II presents the proposed 

method. The experimental results and analysis are 

shown in Section III. Finally, Section IV concludes 

the paper. 
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II. PROPOSED METHOD 

 

In general, time series data is composed of 2 portions, 

the linear and the nonlinear portion [6]. Thus, we can 

express as follows: 

      
tttt NLx                         (1) 

 

tL Represents the linearity of data at time t, while tN   

signifies nonlinearity. The    value is the error term. 

 

The Vector Autoregressive (VAR) model is used for 

predicting multivariate time series. The model works 

decently on linear problems. Alternatively, the 

Stacked LSTM model can capture nonlinear trends in 
the dataset. Therefore, the two models are 

consecutively combined to comprise both linear and 

nonlinear tendencies in the model.  

 

First of all, we introduce some background concepts 

of the two models. After that, we describe the 

proposed model for multivariate workload prediction 

in the cloud. 

 

A. The Vector Autoregressive model 

VAR models introduced by Sims [10] is a univariate 

model extension for predicting multivariate time 
series.  The structure is that each variable is a linear 

function of past lags of itself and past lags of the 

other variables. 

 

  In this paper, we have to predict two time series 

(CPU and Memory usage) therefore the vector 

autoregressive model is as follows: 

)1()1()1()( 121211111  tetywtywaty    

(2) 

)1()1()1()( 222212122  tetywtywaty (3) 

 

Where )(1 ty   and )(2 ty  are the CPU and Memory 

usage at moment t  , )1(1 ty   and )1(2 ty  are the 

CPU and Memory usage at moment 1t   (here the 

lag value is 1) 

1a 2a  Are the constant terms, 11w , 12w , 21w  and 22w  

are the coefficients, and 
1e 2e  are the error terms. 

Note that the two variables used have to be of the 

same order of integration ( )0(I ) stationary. 

Before we can estimate a bivariate VAR model for 

the two series, we must specify the order p . 

 

VAR order selection 

The most common approach for model order 

selection involves selecting a model order that 

minimizes one or more information criteria evaluated 

over a range of model orders; Akaike Information 
Criterion (AIC), Bayesian Information Criterion 

(BIC) or Hannan-Quinn Criterion (HQC). In this 

paper, we resolve to use the AIC metric to estimate 

parameters. 

      kLAIC 2)ln(2
^

                    (4) 

  The )ln(
^

L  notation is the value of the likelihood 

function, and k  is the degree of freedom, that is, the 

number of parameters used. A model that has a small 

AIC value is generally considered a better model. 

 

VAR model estimation  

The Ordinary Least Squares (OLS) method or the 

Maximum Likelihood (ML) method can be used to 

estimate the parameters of VAR model. In this paper, 
we use The OLS estimator. The residual values are 

computed and entered to the subsequent LSTM 

model. As the VAR model has identified the linear 

trend, the residual is assumed to comprise the non-

linear features. 

      
ttt NLx                                (5) 

 

B. The Long Short Term Memory model 

Neural Networks are known to perform well on 

nonlinear tasks. Because of its versatility due to large 

dimension of parameters, and the use of nonlinear 

activation functions in each layer, the model can 

adapt to nonlinear trends in the data. 

To understand the LSTM model, the mechanism of 
Recurrent Neural Networks (RNN) should first be 

discussed. The RNN is a type of sequential model 

that performs effectively on time series data. It takes 

a sequence of vectors of time series data as input 

],......,,,[ 321 nxxxxX   and outputs a vector value 

computed by the neural network structures in the 

model’s cell, symbolized as A   in Fig. 1, Vector X   

is a time series data spanning t  time periods. The 

values in vector X  is sequentially passed through cell 

A . At each time step, the cell outputs a value, which 

is concatenated with the next time step data, and the 

cell state C  . The output value and C  serve as input 

for the next time step. The process is repeated up to 

the last time step data. 

 
Fig. 1 Structure of Recurrent Neural Network 

 

The A  cell in Fig. 1 can be substituted with various 

types of cells. In this paper, we select the standard 

LSTM cell with forget gates, introduced by F. Gers et 

al. (1999) [11]. The LSTM cell paper comprises four 

interactive neural networks, each representing the 
forget gate, input gate, input candidate gate, and the 

output gate. The forget gate outputs a vector whose 

element values are between zero and one. It serves as 

a forgetter that is multiplied to the cell state 
1tC   
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from the former time step to drop values that are not 

needed and keep those that are necessary for the 
prediction. 

)],.[( 1 fttft bxhWf                       (6) 

 

The   function, also denoted with the same symbol 

in Fig.2, is the logistic function, often called the 

sigmoid. It serves as the activation function that 

enables nonlinear capabilities for the model. 

     
xe

X



1

1
)(                           (7) 

 

In the next phase, the input gate and the input 

candidate gate operate together to render the new cell 

state 
tC , which will be passed on to the next time step 

as the renewed cell state. The input gate uses the 

sigmoid as the activation function and the input 
candidate utilizes the hyperbolic tangent, each 

outputting ti  and 
tC '  . The 

ti   selects, which feature 

in    'C should be reflected in to the new cell state
tC . 

 

)],[,( 1 ittit bxhWi                      (8) 

   )][,tanh( ,1 cttct bxhWC  
                 (9) 

 

The tanh  function in Fig.2 is the hyperbolic tangent. 

Unlike the sigmoid, which renders value between 

zero and one, the hyperbolic tangent outputs value 

between -1 and 1. 
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)tanh(                        (10) 

 
Fig.2 Inner structure of a Long Short-Term Memory cell 

 

Finally, the output gate decides what values are to be 

selected, combining to  with the tanh  applied state 

tC   as output 
th . The new cell state is a combination 

of the forget-gate applied former cell state 
1tC   and 

the new   tanh applied state 
tC   . 

)],[,( 01 bxhWo ttot             (11) 

ttttt CiCfC '.. 1  
                     (12) 

 )tanh(. ttt Coh                              (13) 

 

 The cell state 
tC and

th output will be passed to the 

next time step, and will go through a same process. 

 

Stacked LSTM architecture can be defined, as an 

LSTM model comprised of multiple LSTM layers. 

An LSTM layer above provides a sequence output 

rather than a single value output to the LSTM layer 
below (Fig.3). 

 

 
Fig.3 Stacked Long Short-Term Memory Architecture 

 

C. The proposed VAR-LSTM model 

 

Algorithm 1: VAR  model fitting algorithm 

 

       Input: Y1: CPU usage time series 

                   Y2: Memory usage time series 

                 Pmax: the max lag order 

     Output: Residual: residual values of the two series 

 

1. If  Y1 and Y2 are not stationary then  

2.          Y1=Difference (Y1) 

3.          Y2=Difference (Y2)    

4. End If 
 Grouping the two time series into an unique 

multivariate time series Y 

5. Y= concatenate (Y1, Y2) 

  Convert into input/output with the percentage of 

80% 

6. Train, Test = divide (Y, 0.8) 

7. Select_order (maxlags = Pmax) 

8.  P_lag = order lag with least AIC value 

9.  Mfit = fit VAR (P_lag) 

10. for all data in Test do 

11. Residual = Test - predict (Train, Mfit) 
12. Return Residual. 

 The input of the algorithm are the CPU and Memory 

usage time series, which are formed using the 

historical data of the workload. The stationarity of 

each time series is checked by using the augmented 

Dickey–Fuller (ADF) test; if they are not stationary, 

we differentiate them. 

In the following step, we select the lag order with the 

least   value for model fitting, then we compute the 

residual values. 

 Algorithm 2: LSTM model training algorithm 

 

Input:  Residual: Residual values of the VAR model 
             N_step: the lag step between each input and 

output 

 Output: trainPred, testPred: the predicted train and 

test data of the multivariate time series. 

{Phase1: Data preprocessing} 

1.     Normalize Residual data 

        Convert into input/output with the percentage of 

80% 
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2.    train_LSTM, test_LSTM = divide (Residual, 0.8) 

3.    X_train, y_train = split (train_LSTM, N_step) 
4.    X_test, y_test = split(test_LSTM, N_step) 

 

III. RESHAPE TRAIN AND TEST INPUTS 

DATA 

 

{Phase2: Determine model parameters} 

6.    Define model  

7.       add LSTM (units = 100, activation = 'relu',   

input_shape = (N_steps, n_features)) 

8.         add  LSTM (units = 100, activation = 'relu') 

9.         add  Dense (n_features = 2) 

 
{Phase3: Model fitting & estimation} 

11.     Repeat  

12.          Forward_propagate  model with X_train  

               Backward propagate model with y_train 

13.  Update model parameters  

14.      MSE, MAE=evaluate_model(X_train,y_train)  

15. If MSE converged: 

16.     End Repeat 

17.    MSEt, MAEt =evaluate_model (X_test, y_test)  

 

{Phase4: LSTM model prediction} 
18.         trainPred = predict (X_train) 

19.     testPred   = predict (X_test) 

20.   Return trainPred, testPred 

 

   The LSTM prediction algorithm works in four main 

phases : Data preprocessing, fixing model 

parameters, Model fitting and estimation, and model 

prediction. 

As cited before, the residual values calculated by the 

algorithm1 are entered to the LSTM model. Since 

LSTMs are sensitive to the scale of input data, the 

residual data must be normalized, and then the data is 
divided into train and test data. The LSTM input 

layer must be three dimension, then the input   data 

are reshaped into a three-dimensional array with three 

time steps for each sample, and two features at each 

time step. 

  We used a stacked LSTM network with 100 LSTM 

blocks (or neurons) where the number of timesteps 

and parallel sets (features) is specified for the input 

layer via the input_shape argument.  

The ReLu (Rectified Linear unit) activation function 

is used for LSTM blocks. 

       ),0max()( xxxf                         (14) 

Where x is the input to a neuron. 

  ReLu is less computationally expensive than tanh 
and sigmoid because it involves simpler 

mathematical operations. Moreover, the problem of 

vanishing gradient can be greatly reduced using the 

ReLU family of activation functions. 

The cross-validation tests the model’s performance to 

predict new data that was not used in estimating it, in 

order to flag problems like overfitting or selection 

bias [12]. We have used a validation split of 15%. 

ADAM optimization algorithm is used for stochastic 

gradient descent for model training. 
  The network is trained for 200 epochs with batch 

size of 1. 

 

IV. EXPERIMENTAL EVALUATION 

 

A. Experiment dataset 

The dataset contains the performance metrics of 

1,750 virtual machines in a Bitbrains distributed data 

center, a service provider specializing in managed 

hosting and business computing.  

Each file contains the performance metrics of a 

virtual machine. These files are organized according 
to traces: fastStorage and Rnd. 

In this paper, we choose the first trace; fastStorage: 

the trace consists of 1250 virtual machines connected 

to storage area network (SAN) devices. Each file 

consists of a set of lines; each line represents an 

observation of the performance metrics of a virtual 

machine every 300 milliseconds since 1970-01-01.  

  We have selected two columns "CPU usage" and 

"Memory usage" and 2800 observations for our 

workload prediction model.  

Fig.4 presents the CPU usage and Fig.5 the Memory 
usage. 

 
Fig.4  CPU usage by milliseconds 

 

 
Fig.5  Memory usage by milliseconds 

 

B. Analysis of the results 

The resulting time series Y1 and Y2 are stationary, 

then, we do not need to perform a difference 

operation. 

 In the first step, 80% of the multivariate time series 

Y is used for training and 20% for testing as indicated 

in the algorithm1. 

 By choosing Pmax = 4 as the max lag order we have 
the following table (Table 1). 
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 AIC BIC 

0 38.60 36.61 

1 36.31 36.32 

2 36.05 36.08 

3 36.00* 36.04* 

4 36.00 36.05 
Table 1 Var Model Order Selection 

 

 Where BIC stands for Bayesian Information 

Criterion, which also estimates the quality of a 

model. 

 As the third lag order has the least value of AIC then 

it will be used for fitting our VAR model. 

 
Fig.6 Residuals of VAR model 

 

The data points are generally around 0, as the input is 

a residual dataset (Fig. 6). 
 In the second step, 80% of residual data is used for 

LSTM training   and 20% for testing. 

 To evaluate our model, the Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE) values, 

and the Mean Absolute Error (MAE) values of the 

prediction were calculated. 

2

i

1

)y'(
1




n

i

iy
n

MSE                         (15)           





n

i

ii yy
n

MAE
1

'
1

                         (16) 

Where iy the output value and iy' the predicted 

value The MSE learning curve of both of the train 

and test data are close to each other, the same for the 

MAE learning curve (Fig. 7, 8).The MSE values of 

train and test data have small variations, which means 

the model has been generalized adequately (Table II)   
2).

 
Fig.7 MSE learning Curve 

 
Fig.8  MAE learning Curve 

 

 
Fig.9 Predicted train & test data of CPU usage 

 
Fig.10 Predicted train & test data of Memory usage 

 

   The proposed model indicates lower values of MSE 

and MAE compared to the ARIMA-LSTM model, 

the RNN-GRU and the AR-MLP models.       

   The RMSE value is much lesser in ARIMA-LSTM 
model.  However, the proposed model still also 

shows inferior values of RMSE compared to the 

remaining models (Table II). 

 

 
Table 2 

Var-Lstm Model Performance Results and Its Comparison 
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V. CONCLUSIONS 

 
An important feature of cloud computing is the 

ability to determine allocated resources based on 

actual usage. However, this operation requires a start-

up time for resource allocation. In order to reduce this 

time, it is essential to plan in advance the amount of 

resources needed for the future. 

  In this paper, we adopted the VAR-LSTM hybrid 

model for multivariate workload prediction in an 

attempt to first filter out linearity in the VAR 

modeling step, then predict nonlinear tendencies with 

the LSTM recurrent neural network. 

 The proposed approach was tested using actual data 
from Bitbrains data. The results are positive and show 

that the proposed method is more effective than the 

other hybrid model  

 

REFERENCES 
 

[1] Jiang, Y. et al. 2013. Cloud analytics for capacity planning 

and instant VM provisioning. IEEE Transactions on Network 

and Service Management. 10, 3 (2013), 312–325. 

DOI:https://doi.org/10.1109/TNSM.2013.051913.120278 

[2] Chen, Z. et al. 2015. Self-adaptive prediction of cloud 

resource demands using ensemble model and subtractive-

fuzzy clustering based fuzzy neural network. Computational 

Intelligence and Neuroscience. 2015, (2015). 

DOI:https://doi.org/10.1155/2015/919805. 

[3] Islam, S. et al. 2012. Empirical prediction models for 

adaptive resource provisioning in the cloud. Future 

Generation Computer Systems. 28, 1 (2012), 155–162. 

DOI:https://doi.org/10.1016/j.future.2011.05.027. 

[4] Liu, C. et al. 2017. An adaptive prediction approach based on 

workload pattern discrimination in the cloud. Journal of 

Network and Computer Applications. 80, (2017), 35–44. 

DOI:https://doi.org/10.1016/j.jnca.2016.12.017. 

 [5] Calheiros, R.N. et al. 2015. Workload prediction using 

ARIMA model and its impact on cloud applications’ QoS. 

IEEE Transactions on Cloud Computing. 3, 4 (2015), 449–

458. DOI:https://doi.org/10.1109/TCC.2014.2350475. 

[6] Peter Zhang 2003. Time series forecasting using a hybrid 

ARIMA and neural network model. Neurocomputing. 5, 

(2003), 159–175. DOI:https://doi.org/10.1016/S0925-

2312(01)00702-0. 

[7] Janardhanan, D. and Barrett, E. 2018. CPU workload 

forecasting of machines in data centers using LSTM recurrent 

neural networks and ARIMA models. 2017 12th International 

Conference for Internet Technology and Secured 

Transactions, ICITST 2017. (2018), 55–60. 

DOI:https://doi.org/10.23919/ICITST.2017.8356346. 

[8] Kumar, J. et al. 2018. Long Short Term Memory Recurrent 

Neural Network (LSTM-RNN) Based Workload Forecasting 

Model for Cloud Datacenters. Procedia Computer Science. 

125, (2018), 676–682. 

DOI:https://doi.org/10.1016/j.procs.2017.12.087. 

[9] The Grid Workloads GWA-T-12 Bitbrains: 

http://gwa.ewi.tudelft.nl/datasets. 

[10] Sims, C.A. 1980. Macroeconomics and Reality. 

Econometrica. 48, 1 (1980), 1. 

DOI:https://doi.org/10.2307/1912017. 

[11] Cummins, F. et al. 2000. Learning to Forget: Continual 

Prediction with LSTM. Neural Computation. June 2016 

(2000). DOI:https://doi.org/10.1197/jamia.M2577. 

[12] Cawley, G.C. and Talbot, N.L. 2010. On Over-fitting in 

Model Selection and Subsequent Selection Bias in 

Performance Evaluation. Journal of Machine Learning 

Research. 11, (2010), 2079–2107. 

DOI:https://doi.org/10.1016/j.biopha.2003.08.027 

 

 
 

 

 

 

 

 


