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Abstract: Accurate memory resource prediction can achieve optimal performance for complex
system simulation (CSS) using optimistic parallel execution in the cloud computing environment.
However, because of the varying memory resource demands of CSS applications caused by the
simulation entity scale and frequent optimistic synchronization, the existing approaches are unable to
predict the memory resource required by a CSS application accurately, which cannot take full advantage
of the elasticity and symmetry of cloud computing. In this paper, a probabilistic prediction approach
based on ensemble learning, which regards the entity scale and frequent optimistic synchronization
as the important features, is proposed. The approach using stacking strategy consists of a two-layer
architecture. The first-layer architecture includes two kinds of base models, namely, back-propagation
neural network (BPNN) and random forest (RF). The root mean squared error-based pruning
algorithm is designed to choose the optimal subset of the base models. The second-layer is the
Gaussian process regression (GPR) model, which is applied to quantify the uncertainty information
in the probabilistic prediction for memory resources. A series of experiments are presented to prove
that the proposed approach can achieve higher accuracy and performance compared to RF, BPNN,
GPR, Bagging ensemble approach, and Regressive Ensemble Approach for Prediction.

Keywords: complex system simulation; cloud computing; probabilistic prediction; memory resource;
ensemble learning

1. Introduction

Large-scale complex systems contain a large number of components with complex interactions,
such as combat system, economic system, and disease spread system [1]. Complex system simulation
(CSS) has played an important role in the study of complex systems. With the increase in the scale of
CSS applications and the complexity of interactions between the simulation entities, the demand for
simulation performance has also increased. Optimistic parallel execution can improve the simulation
efficiency, which is widely used in CSS [2]. On the other hand, the uncertainty of the interaction
between simulation entities in CSS applications has led to different memory resource requirements [3].
Traditional high-performance computing environments cannot support the efficient operation of CSS
applications [2]. The cloud computing provides a symmetric network architecture for the operation
of CSS applications. The symmetry in the cloud computing means that the simulation applications
can access the equal sharing of resources, which can make it easier to expand the resources compared
to traditional high-performance computing environments [4]. The scalability and flexibility of cloud
computing can provide dynamic and matched resources for CSS applications, which can meet the
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elastic resource requirements of simulation applications [5]. Therefore, this paper focuses on large-scale
CSS using optimistic parallel execution in the cloud computing environment (hereinafter referred to
as CSS).

In the cloud environment, the simulation entities in CSS applications will be distributed to
different groups. The interactions between the simulation entities will produce frequent communication
operations, which will lead to a large number of memory allocation and recycling operations [6].
Memory has become one of the main factors which limit the performance of CSS applications.
It is normal that the processors will spend about 60% time waiting for the completion of memory
operations [7]. If too few memory resources are allocated to CSS applications, it is difficult to support
the efficient operation of the simulation applications. If a CSS application is allocated more memory
resources than it actually needs, the excess resources will be wasted. On the other hand, the execution
efficiency of the CSS applications with excess memory resources will decrease [8]. The limited memory
resources can avoid the excessively optimistic execution of the simulation applications, thereby avoiding
the excessive rollback operations and simulation performance degradation. Memory allocation for
CSS applications in the cloud environment is a challenging and open issue. Accurate allocation of
memory resources is significant to improve the simulation performance and make use of the elasticity
and symmetry of cloud computing. For efficient memory allocation, it is critical to predict the memory
resources required by the simulation applications [9].

At present, many models have been proposed in the research of resource prediction, that are mainly
divided into two kinds: application resource prediction and host load prediction [10]. Application
resource prediction is mainly to predict the resource requirements of applications (parallel tasks,
video, etc.). Parallel tasks are decomposed into independent subtasks [11]. The resource requirements
of parallel tasks can be obtained by predicting the resource requirements of subtasks. The resources
requirements of video applications can be predicted based on the characteristics of video applications
(frames, time, etc.). Host load prediction is to predict the workload in the high-performance computing
systems [12]. However, to the best of the authors’ knowledge, the existing models, which do not take
into account simulation entity scale and frequent time synchronization, make it difficult to accurately
predict the memory resources required by the simulation applications.

To solve the above problems, a probabilistic approach based on ensemble learning is proposed
to predict memory resources of CSS applications. The proposed approach using stacking strategy
consists of a two-layer architecture. Gaussian process regression (GPR) [13] is a probabilistic prediction
approach in the Bayesian context, which can quantify the uncertainty in memory resource prediction.
Uncertainty information can help make the best decision [14]. Random forest (RF) [15] is an ensemble
algorithm based on decision trees. RF can achieve good performance with few hyper-parameters to
be adjusted. Back-propagation neural network (BPNN) [16] can present the nonlinear relationship
effectively and it is resistant to noise. The diversity between the base models is the key factor which
affects the performance of ensemble models. Considering the different features of RF, BPNN, and GPR,
RF and BPNN are used as the first-layer base models, and GPR is used as the second-layer meta
model. The predictions of the base models are applied as the input of the meta model for probabilistic
prediction. The contributions of the article are as follows:

• As the memory prediction dataset is not available, the dataset is conducted by collecting static and
dynamic information (entity scale, rollback events, simulation end time, etc.) of CSS applications
which are deployed in the cloud environment.

• A probabilistic approach is proposed to predict memory resources required by CSS applications
based on ensemble learning. A root mean squared error-based pruning (RMSEP) algorithm is
proposed to select the optimal subset of the base models, which can improve the performance of
the probabilistic approach.

• The experiments verified the effectiveness of the proposed approach for memory resource prediction.
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The remainder of this paper is as follows: Section 2 introduces the related work. In Section 3,
we briefly introduce RF, BPNN, and GPR. Section 4 describes the memory prediction framework and
the memory probabilistic prediction approach. Section 5 depicts the data which are used to evaluate the
proposed model. In Section 6, the experiments and results are described in detail, and the conclusions
and future work of this paper are presented in Section 7.

2. Related Works

2.1. Resource Prediction in Cloud Environment

2.1.1. Application Resource Prediction

Application resource prediction mainly aims at predicting future resource demand based on
the characteristics of the application. The proposed method in the paper belongs to the application
resource prediction category. Al-Rawahi et al. [17] collected the features of video applications based on
Hadoop and proposed four machine learning methods to predict the execution time of the application.
This method, which conducted bridges a gap in video prediction, is based on video applications with
important features (video resolution, file size, etc.), but prediction accuracy needs to be improved in
future work. Mukhtaj et al. [18] proposed a Local Weighted Linear Regression approach to predict the
execution time of the job based on the historical execution of the Hadoop job, and the resources would
be allocated to the job before a deadline. The accuracy rate is improved, but the method cannot adapt
to the changes of the applications. Gurleen et al. [19] deployed the scientific application Cybershake in
a cloud environment and proposed a Regressive Ensemble Approach for Prediction (REAP) to predict
the CPU utilization of Cybershake. REAP is the ensemble learning approach, which can achieve good
performance. But REAP ignores the prior knowledge of resource information. Ganapathi et al. [20]
proposed a statistical method to predict the resource requirements of data-intensive applications in the
cloud environment. The method can extract the correlation between resource and performance, and the
weakness of the method is the sensitivity to outliers. Gopal et al. [21] considered the long/short-term
resource requirements of CPU/memory-intensive applications and proposed a Bayesian method to
predict the resources required by the applications. The Bayesian method is simple, but it cannot capture
the features of the applications.

2.1.2. Host Load Prediction

Host load prediction is mainly to predict the resource demand in the next period through the
trajectory history information of the high-performance computing system. Hisham [22] considered the
seasonal and trend characteristics in time series and proposed the Swarm Intelligence Based Prediction
Approach to predict cloud resource demand. The study solves the resource prediction problem from
the perspective of the cloud consumer, but it is difficult to adapt to the changes of the workloads.
Some researchers are mainly to test the resource prediction algorithms on real workloads. For example,
Mehiar et al. [23] proposed a resource prediction algorithm to reduce energy consumption, and the
effectiveness of the algorithm is verified on the Google traces, Ali et al. [24] proposed an ensemble
algorithm based on learning automata to predict CPU load. The algorithm can dynamically adjust
weights according to the performance of the constituent models. The experiments on the COMON
dataset proved the effectiveness of the ensemble algorithm, and Mostafa et al. [25] proposed a resource
prediction method for cloud services, which combined automated computing and reinforcement
learning. ClarkNet and NASA traces were used to evaluate the effectiveness of the prediction model.
These methods study the problem from the perspective of the cloud data center, which ignores the
resource requirements of the applications.
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2.2. Ensemble Model

Recently, the ensemble model has been widely applied in many fields. Jinping et al. [26] proposed
an ensemble model of kernel extreme learning machines for network intrusion detection. A selective
ensemble method to minimize the marginal distance is proposed to ensure the effectiveness of
the ensemble model. The method integrates the homogeneous models, and the integration of the
heterogeneous models may improve the accuracy. Some methods combine heterogeneous models
to achieve good performance. For example, Ning et al. [27] proposed a deep ensemble learning
framework which is used as the Alzheimer’s disease classification algorithm. The dataset from the
National Alzheimer’s Coordinating Center proved that the algorithm can achieve better performance
than the other six ensemble algorithms, Deepak et al. [28] proposed two malware detection methods
based on ensemble learning. The first method is an ensemble model based on weighted voting.
The second method is to select the base models with good performance to improve the performance
and generalization of the malware detection method, and Tiago et al. [29] proposed three ensemble
models (gradient boosted regression trees, random forest, and adapted Adaboost) to predict short-term
load. The adapted Adaboost can achieve better performance on the electricity consumption dataset of
office buildings. However, these methods cannot select the optimal subset of the base models.

In summary, many models have been used to predict the resources required by the applications
(Parallel tasks, video, etc.). CSS applications will perform frequent synchronization and send/receive
a large number of messages during the execution. It is difficult to decompose CSS applications
into independent subtasks. The current resource prediction algorithms, which do not consider the
simulation entity scale and frequent optimistic synchronization in CSS applications, cannot predict
the memory required by the CSS applications accurately. Ensemble learning has been shown to be
excellent in many fields, and can improve the performance of the single model. Therefore, this paper
designed an ensemble model to predict memory resources for CSS applications, which considers the
characteristics of the simulation applications. RMSEP is used to select the optimal subset of the base
models to improve the performance.

3. Prerequisite

3.1. Random Forest

RF was proposed by Breiman et al. [15], and belongs to ensemble learning. RF uses bagging
strategy to integrate multiple decision trees. Furthermore, the random feature selection is applied to
train the decision trees. In other words, each independent decision tree is trained on randomly selected
samples and features. RF increases the diversity between base models through sample disturbance
and feature disturbance, which can improve the generalization of the model. Therefore, RF is widely
used to solve the classification and regression problems. For regression, the average of predictions in
the set of decision trees is used as the output of RF. The process of the RF regression model is shown in
Figure 1.
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Figure 1. The process of the random forest (RF) regression model. 

  

Figure 1. The process of the random forest (RF) regression model.
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3.2. Back-Propagation Neural Network

BPNN is a multi-layer feedforward neural network using a back-propagation algorithm in general,
which has been widely applied to solve regression problems [30]. The structure of BPNN is shown in
Figure 2.
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A typical BPNN consists of three layers, input layer, hidden layer, and output layer [31]. For each
sample, the BPNN will measure the error of the output layer, then propagate the error back to the
hidden layer, and finally adjust the weight and threshold according to the error. The training error can
be reduced through continuous iteration.

3.3. Gaussian Process Regression

GPR is a non-parametric model in the Bayesian context, which can be allowed for probabilistic
prediction [32]. The GPR model can be represented by the mean function m(x) and the covariance
function cov(x, x′).

f (x) ∼ GP(m(x), cov(x, x′)) (1)

m(x) = E[ f (x)] (2)

cov(x, x′) = E[( f (x) −m(x)) × ( f (x′) −m(x′))] (3)

Noise needs to be considered in the regression problem, so the predicted value can be expressed as:

y = f (x) + ε (4)

ε ∼ N
(
0, σ2

)
(5)

The predicted value of the test sample xt is f (xt), then the joint distribution of f (xt) and the
observation value y of the training set can be represented as:[

y
f (xt)

]
∼ N(0,

[
k cov(x, xt)

cov(xt, x) cov(xt, xt)

]
) (6)

k = cov(x, x) + σ2I (7)

Then the posterior distribution of f (xt) can be defined as:

f (xt)
∣∣∣x, y, xt ∼ N

(
f (xt)

′, cov ( f (xt))) (8)
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f (xt)
′ = cov(xt, x)k−1y (9)

cov( f (xt)) = cov(xt, xt) − cov(xt, x)k−1cov(x, xt) (10)

where f (xt)
′ is the predicted value of GPR, and cov( f (xt)) is the variance of the predictions.

4. Methodology

4.1. Cloud Memory Prediction Framework

At present, cloud computing provides an effective platform for studying CSS. The simulation
applications need to be allocated optimal memory resources to improve simulation performance [33].
Therefore, we proposed a cloud memory prediction framework based on feedback loops. The key
idea is to combine ensemble learning with feedback loops. The prediction model can learn from the
feedback data, which can ensure the continuous update and iteration of the model. The model can
predict the memory resources required by the simulation application accurately, and the predicted
memory resources will be allocated to the CSS applications.

The cloud memory prediction framework is depicted in Figure 3, which mainly includes
three modules, namely a cloud resource module, dataset module, and memory probabilistic
prediction module.
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The cloud resource module can monitor the status of the simulation applications and allocate
the memory resources required by the simulation applications. The monitor will record the execution
status of the simulation applications in real-time and return the monitoring information to the dataset
module. The allocator will allocate predicted memory to the simulation applications.

The dataset module can collect and pre-process the static and dynamic information of the simulation
applications. The static information includes the number of simulation entities and simulation run time.
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The dynamic information includes the execution information of simulation applications and cloud
resource information. The execution information of simulation applications includes CPU utilization,
memory utilization, the number of simulation event rollbacks, the execution time of the simulation
applications, network delay, and the data sent/received by the network. The collected data will be
standardized to eliminate dimensional inconsistencies for the training and testing of the memory
probabilistic prediction model.

The memory probabilistic prediction model trains on the historical data, which can solve the
problem of learning from insufficient data. The stacking strategy is applied to integrate models.
The performance of the ensemble model is related to the diversity between the base models. Therefore,
RF and BPNN are selected as the first-level base models, and GPR is the second-level meta model to
perform the final probabilistic prediction. The proposed ensemble model can predict the memory
resources required by simulation applications accurately. Finally, the predicted result will be sent to
the cloud resource module.

4.2. Memory Probabilistic Prediction Model

The structure of the proposed memory probabilistic prediction model is shown in Figure 4.
To predict the memory resources required by the simulation applications accurately, a large number of
samples need to be generated, which can indicate the characteristics of the simulation applications.
Therefore, the simulation applications are deployed in the cloud environment, and the dynamic
information is collected at intervals of 10 s by the monitor. The simulation application memory dataset
consists of dynamic information and static information. The dataset generated by different simulation
applications needs to be cleaned. We use box plots to find outliers in the dataset, and replace the
outliers with the mean of the previous sample and the next sample. At the same time, the features in
the simulation application memory dataset need to be standardized. The dataset is divided into two
parts: train set and test set. The train set is divided into train fold and validation fold. More specifically,
80% of the simulation application samples are used as the train set, 20% of the samples are used as
the test set, 80% of the train set is used as the training fold, and 20% of the train set is used as the
validation fold.

Ensemble learning has attracted the attention of many researchers. The performance of the
ensemble model is mainly affected by two factors, the diversity between the base models and the
performance of the base models [34]. To improve the diversity between the base models, we use
bootstrap sampling to increase the disturbance of the samples. To improve the performance of the
ensemble model, we need to choose the optimal base models to eliminate the negative influences
of poor base models. Therefore, the root mean squared error-based pruning (RMSEP) algorithm is
proposed to select the optimal subset of the base models according to the RMSE. Algorithm 1 shows
the RMSEP algorithm, which can be represented by the following steps:

(1) Calculate the RMSE of base models.
(2) Sort the base models by RMSE in ascending order, and the base models predict the memory

resources on the dataset.
(3) Calculate the mean of each base model as the output of the model set, and then calculate the

RMSE of the model set.
(4) Select the model set with the minimum RMSE.

4.3. Evaluation Metrics

Root mean squared error (RMSE), mean absolute error (MAE), and mean relative error (MRE)
are used to evaluate the memory prediction performance of each model, the definitions of which are
as follows:

RMSE =

√√
1
n

n∑
i=1

(
yi − ypredictioni

)2
(11)
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MAE =
1
n

n∑
i=1

∣∣∣yi − ypredictioni

∣∣∣ (12)

MRE =
1
n

n∑
i=1

∣∣∣∣∣ yi − ypredictioni

yi

∣∣∣∣∣ (13)

where yi and ypredictioni , respectively, represent the true value and predicted value of sample i, and n is
the number of samples.
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Algorithm 1. RMSEP

Input: dataset D, base models {M1, M2, . . . . . . , Mn}
Output: final model set FMS
1: for i = 1 to n
2: calculate RMSEi of base model Mi;
3: end for
4: sort the base models {M1, M2, . . . . . . , Mn} by RMSE in ascending order, and the sorted model set
can be represented by {SM1, SM2, . . . . . . , SMn};
5: for i = 1 to n
6: make memory predictions on the dataset D with the model set {SM1, SM2, . . . . . . , SMi}, the
mean of the model set {SM1, SM2, . . . . . . , SMi} is used as the output of the ensemble model,
and calculate the RMSEi of the model set;
7: end for
8: the model set {SM1, SM2, . . . . . . , SMi} which has the min RMSEi in {RMSE1, RMSE2, . . . . . . , RMSEn}
is selected as the final model set FMS;
9: return FMS;

5. Case Study

5.1. Social Opinion System

Social Opinion System (SOS) [35] is a memory-intensive simulation application, which is used
to evaluate the performance of the memory prediction algorithm. Simulation applications can be
distinguished by adjusting different parameters. Table 1 shows the parameter configuration.

Table 1. Parameter configuration.

Parameters Value

Number of individuals (NI) [50, 10,000]
Probability of leaders (PL) [5%, 20%]

Probability of interpersonal network (PIN) [5%, 20%]
Number of media 10
Number of cities 10

Number of resources 50
Simulation end time (500, 1000, 1500)

Time synchronization strategy Time warp

SOS is a typical CSS application with a large number of simulation entities, which plays an
important role in the political filed. SOS is developed to model the social opinion and study the
trend and change of social opinion, which can provide support for policy formulation. Figure 5
shows the structure of SOS. SOS mainly consists of four components, namely interpersonal network,
resources, cities, and media. We can study the spread of social public opinions through SOS. Resources
include water, electricity, energy, and so on. When the resources are destroyed, the media can release
information to influence the development of public opinion and the policies formulated by the city.
Individuals can express their opinions and cities can adjust the policies according to public opinions.
Public opinions can be affected by many factors, for example, individuals, media, and policies. On the
other hand, because of the uncertainty of the components and frequent optimistic synchronization in
the SOS, it is difficult to estimate the memory requirements accurately.

5.2. Dataset

We adjust different parameter configurations of SOS to generate different simulation application
samples. The simulation applications are deployed in a real cloud environment. Historical information
can be collected by the monitor. The simulation memory prediction dataset was generated by the static
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and dynamic information. The features we mainly consider are shown in Table 2. The target of the
dataset is the memory requirements.
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information to influence the development of public opinion and the policies formulated by the city. 
Individuals can express their opinions and cities can adjust the policies according to public opinions. 
Public opinions can be affected by many factors, for example, individuals, media, and policies. On 
the other hand, because of the uncertainty of the components and frequent optimistic synchronization 
in the SOS, it is difficult to estimate the memory requirements accurately. 
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Table 2. Features in the dataset.

Feature Description

Entities Number of the simulation entities.
Rollbacks Number of the simulation event rollbacks.

CPU Total percentage of CPU while executing the simulation applications.
Memory Total percentage of memory while executing the simulation applications.

File File usage while executing the simulation applications.
Network Data received/sent by the network.

Delay Communication delay.
Tend Simulation end time.

Pre-allocation resource Resources allocated to the simulation applications.
Runtime Execution time of the simulation applications.

6. Experiments and Results

6.1. Experimental Environment

The simulation applications were deployed in a real cloud environment, which was built by the
open container engine Docker. Docker container virtualization technology was used to build eight
nodes. Each Docker container was set up with a core of 3.40 GHz Intel Core i5-7500 CPU and 2 GB
memory. We used the discrete event simulation platform SUPE [36] to support the effective operation of
the simulation applications. The simulation application contains many simulation entities, which were
divided into multiple logical process groups, and each logical process group had the same memory
requirements. The proposed memory prediction model was evaluated on a machine with Intel(R) Core
(TM) i5-7500 and 16 GB memory by python 3.5 and PyCharm integrated development environment.
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6.2. Experimental Results

We conducted two kinds of experiments to evaluate the memory prediction approach.
(1) Parameter experiments. The performance of the approach was evaluated with different parameters.
(2) Performance experiments. The effectiveness of the proposed memory prediction approach can be
verified in the performance experiments.

6.2.1. Parameter Experiments

There are many parameters that can affect the performance of the proposed probabilistic approach.
In this paper, RMSEP is proposed to choose the first-layer base models with good performance, and the
selection of kernel function is crucial to improving the performance of GPR. Therefore, we mainly
consider the ensemble size N of the first-layer base models and the kernel function of GPR.

In the experiments, multiple base models are initialized. The RMSEP algorithm is used to select the
optimal subset of the base models. The algorithm needs to be tested many times to obtain statistically
significant results. The standard error is used to describe the deviation of the sample mean and
universal mean. When we conducted 40 experiments, the standard error was considered to be stable
and declines slowly. Therefore, 40 experiments were conducted to evaluate the performance of the
models objectively. Figure 6 depicts the performance of the first-layer base models with different
ensemble sizes.Symmetry 2020, 12, x FOR PEER REVIEW 12 of 16 
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As can be seen from Figure 6, as the ensemble size increases, the RMSE of the model will gradually
decrease at first, and then turn to be stable. Because the RMSEP algorithm can select the base models
with good performance and avoid the negative impacts of the base models with poor performance.
When the ensemble size is over 10, RMSE will remain stable in a specific range. At this time, as the
number of the base models increases, the performance is improved slowly. Therefore, in this article,
10 base models (5 BPNNs, 5 RFs) are used to generate the first-layer base models.

The kernel function in GPR can describe the correlation between the predicted value and the true
value. The kernel function has a great influence on the performance of GPR. Therefore, we need to
choose a suitable kernel function to improve the performance of the GPR model. Currently commonly
used kernel functions in GPR include exponential sine square kernel (ESS), Matern kernel (MA),
squared exponential kernel (SE), and rational quadratic kernel (RQ). Figure 7a–c depict the performance
of the GPR model with different kernel functions.
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(a) mean absolute error (MAE); (b) RMSE; (c) mean relative error (MRE).

As shown in Figure 7, the GPR using the SE kernel function can achieve the best performance.
Therefore, the SE is used as the kernel function of the GPR in the ensemble model.

6.2.2. Performance Experiments

Figure 8a–c depict the probability density function (PDF) of the predicted values on different
samples when the simulation end time is 1000. The PDF can be calculated by the mean and covariance
of the samples. It can be seen from Figure 8 that the true values of the samples fall in the 95% confidence
interval, and they are also close to the mean of the predicted values. It shows that the proposed
approach can predict the memory resources required for simulation applications effectively.Symmetry 2020, 12, x FOR PEER REVIEW 13 of 16 
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We compare the proposed probabilistic approach with RF, BPNN, GPR, bagging (RF, BPNN,
and GPR are integrated with the bagging strategy), and REAP to prove the effectiveness of this
approach. We performed 40 independent experiments to obtain the average of the models. The results
are shown in Table 3.

Table 3. Memory prediction results.

Model MAE RMSE MRE (%)

RF 0.4197 ± 0.0085 0.4384 ± 0.0148 10.1559 ± 0.4521
BPNN 0.3192 ± 0.0078 0.3660 ± 0.0105 7.8049 ± 0.3534
GPR 0.3748 ± 0.0102 0.3967 ± 0.0124 9.1980 ± 0.3845

Bagging 0.3051 ± 0.0065 0.3428 ± 0.0087 7.3660 ± 0.3354
REAP 0.2989 ± 0.0063 0.3364 ± 0.0074 7.2807 ± 0.3856

Proposed probabilistic approach 0.2665 ± 0.0042 0.2986 ± 0.0068 6.4677 ± 0.2738

As can be seen from Table 3, our proposed probabilistic approach has the best performance
compared with other models. RF cannot perform well in memory prediction. The ensemble model with
bagging strategy and REAP can achieve performance similar to the proposed probabilistic approach.
The proposed probabilistic approach achieved the lowest MAE, RMSE, and MRE. In memory prediction,
the proposed probabilistic approach can achieve better results than the other models, because the
RMSEP algorithm can eliminate the impacts of the base models with poor performance to improve
the performance of the approach. Therefore, the proposed probabilistic approach can better meet the
memory requirements of simulation applications.

7. Conclusions and Future Works

In this paper, we study the memory prediction issue in CSS applications using optimistic parallel
execution. The memory prediction dataset is conducted by collecting static and dynamic information
of CSS applications which are deployed in the cloud environment. A cloud memory prediction
framework was proposed to allocate optimal memory resources to the simulation applications, and we
proposed a probabilistic approach to predict the memory required by CSS applications in the cloud
environment. RF and BPNN are used as the first-layer base models. The RMSEP algorithm is proposed
to select the optimal subset of the base models, which can improve the performance of the proposed
probabilistic approach. GPR is used as the second-layer meta model to perform probabilistic predictions.
The outputs of RF and BPNN are applied as the input of GPR. Accurate memory prediction is critical
to improve the performance of CSS applications. Experiments show that the proposed probabilistic
approach can achieve better performance in comparison to RF, BPNN, GPR, bagging ensemble
approach, and REAP. Therefore, the proposed approach can predict the optimal resources required
by the simulation applications more accurately, which results in a great improvement in execution
efficiency and resource utilization.

In future work, the plans to extend the proposed approach are as follows:

(1) We hope to evaluate our approach on a large cloud platform and evaluate the proposed approach
on other CSS applications.

(2) Considering the limitation that the memory prediction method does not exploit the domain information
of CSS applications, we plan to build the strong correlation features of CSS applications.

(3) Commit to the investigate the correlation between the cloud resources, and provide more reliable
results for the resource allocation.
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