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Abstract. This paper describes joint research to accelerate Bionformatics Ap-
plications in the AWS Cloud. There were two main axes of research: parallel
sequence comparion Bioinformatics tools and cloud schedulers to execute effi-
ciently the parallel applications in the AWS cloud. Our project involved three
universities and one research institute and produced as outcome 4 papers in
prestigious international journals, 2 papers in international conferences and 5
PhD Theses. As results of scientific research, we developed (a) a cloud sched-
uler that aims to reduce both the running time and the cost of the execution;
(b) a combined model that uses statistics and neural networks to predict the
cost variation of spot instances; (c) a multiagent framework to provision and
execute cloud applications; (d) a fault tolerant strategy to execute long running
applications with GPUs in the cloud. Additionally, since the duration of the
CNPq-AWS project was from 2020 to 2021, thus during the covid-19 pandemics,
we were able to compare hundreds of thousands of SARS-CoV-2 sequences with
our cloud schedulers and parallel sequence comparison tools. Finally, members
of our group were editors of a book on High Performance Clouds, published in
2023 by Springer Nature.

1. Introduction and Goals
Biotechnology can be defined as an interdisciplinary area that involves the study of DNA,
RNA, proteins and more complex molecules; cell and tissue cultures; bioinformatics and
nanotechnology, among others [Gupta et al. 2017]. Bioinformatics is an important part
of Biotechnology because it consists of creating tools and algorithms to collect, store and
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analyze biological data [Borin et al. 2023]. Among the popular applications of Bioinfor-
matics, the analysis of biological sequences (DNA, RNA and proteins) stands out, which
determines their structure/function, playing a fundamental role in the development of
medicines and the study of diseases.

Traditionally, Bioinformatics laboratories had powerful computers, many of them
containing accelerators such as GPUs, allowing the execution of intricate algorithms that
will lead to complex analyses and scientific breakthroughs. However, many Bioinfor-
matics labs have recently moved to the cloud [Banimfreg 2023], taking advantage of its
stable, resilient and flexible platform.

Amazon AWS (Amazon Web Services) is a cloud provider that has been estab-
lished in the market for many years and offers various types of resources suitable for
a wide range of applications. Amazon EC2 (Amazon Elastic Compute Cloud) offers
computing resources using basically two pricing models: on-demand, which has a fixed
cost (USD/hour), and spot, which has a variable cost, generally much lower than the on-
demand model. While on demand instances are only freed by the user who allocates them,
spot instances may be revoked by AWS at any time, complicating their management. As
of February 27, 2026, Amazon EC2 had 259 data centers spread across 39 regions and
offered more than 750 different types of computing instances, including CPUs, GPUs
(Graphics Processing Units), and FPGAs (reconfigurable hardware)1.

Bioinformatics applications, particularly those of biological sequence com-
parison, often require high computing power. In particular, biological sequence
analysis applications are complex, composed of several tasks [Sandes et al. 2016b]
[Figueiredo et al. 2021], and can be classified as HPC (High Performance Computing)
applications. Their execution can take hours or even days to complete and, therefore, they
typically use powerful execution platforms, such as clusters of CPUs, GPUs or FPGAs.

The goal of this paper is to present the main results achieved in our BioCloud
CNPq/AWS project, which aimed to execute Bioinformatics applications efficiently in
the AWS cloud. Our project addressed the problem of resource allocation and manage-
ment in the Amazon AWS cloud for Biological Sequence Comparison HPC applications,
minimizing execution time and maximizing availability, without violating service level
agreements (SLAs), in order to run biology applications efficiently and with lower finan-
cial costs for the user. In this sense, both permanent (on-demand) and transient (spot)
instances [Portella et al. 2019b] will be considered, as well as multiple types of compu-
tational resources (CPU, GPU, and FPGA), increasing the range of alternatives explored.
The use of intelligent agents [Ralha et al. 2019] to assist in management decisions was
also investigated.

2. Overview of the BioCloud Project
In the BioCloud project, we put together a strong research team, composed of 32 re-
searchers from three universities (University of Brasilia, Federal Fluminense University
and State University of Rio de Janeiro) and one research institute (Embrapa Genetic Re-
sources and Bioechnology), with joint and complementary research skills.

Since the project took place during the Covid-19 pandemic, we had to hold fre-

1https://aws.amazon.com
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Resumo – Famílias de Instâncias EC2 Utilizadas

Seminário de encerramento do Projeto CNPq/AWS – 03 de dezembro de 2021
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Figure 1. Instance families used in the BioCloud project

quent virtual meetings and use slack to share files. We also decided to use the parallel
sequence comparison applications from the project to compare hundreds of thousands of
SARS-CoV-2 sequences, which were made available in the public genomic databases.

At the beginning of the project, we decided to use a vast number of instances from
different families, as shown in Figure 1. The instances on the top of the figure are CPU
instances, whereas the instances at the bottom are accelerator instances (GPU and FPGA).

In our project, we also used several AWS services and tools, as shown in Figure
2. The AWS lambda service was used to investigate how the sequence comparison appli-
cations benefit from the serverless computing model. The AWS Parallel Cluster tool was
used to create a dedicated HPC environment in AWS, for the applications that needed net-
work bandwidth guarantees. We also used three types of storage (S3, EFS and EBS), that
were chosen based on price, latency and capacity, according to the specific characteristics
of each research study. Finally, AWS Cloud Watch was used to monitor the execution of
the applications and infrastructure tools developed in the project.

Resumo – Ambientes e Serviços AWS Utilizados

Seminário de encerramento do Projeto CNPq/AWS – 03 de dezembro de 2021
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Figure 2. Services and tools used in the BioCloud project
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3. Results

3.1. Bibliographic outcome

In the context of the BioCloud project, the following outcomes were produced:

• Four papers in prestigious journals, addressing cloud resource managers
[Mendes et al. 2024] and schedulers [Teylo et al. 2023], function-as-a-service
parallel executions [Carvalho et al. 2023] and prediction of spot instance prices
[Portella et al. 2024];

• Two papers in prestigious international conferences, addressing fault tolerance
with spot instances [Brum et al. 2021] and bag-of-tasks scheduling in the cloud
[Teylo et al. 2021];

• One book edited by some members of the project on High Performance Com-
puting in the Clouds, published by Springer Nature in 2023 [Borin et al. 2023].
Our research team was contacted by Springer Nature because an editor from
Springer attended to our talk in the IEEE/ACM CCGRID 2021 conference
[Teylo et al. 2021];

• Five PhD Theses, addressing cloud schedulers (Luan Teylo from UFF
[Teylo 2022]), cloud spot price prediction and selection (Gustavo J. Portella from
UnB [Portella 2021]), agent systems for cloud schedulers (Aldo Mendes from
UnB [Mendes 2024]), parallel sequence comparison in CPU-FPGA systems (Car-
los A. C. Jorge from UnB [Jorge 2022]), and schedulers for federated learning
applications (Rafaela Brum from UFF [Brum 2024]).

3.2. Scientific Research results

In this section, we will briefly describe four major scientific outcomes of the BioCloud
project.

3.2.1. Selecting Low Price AWS Spot Instance with Low Probability of Revocation

Prior to the start of the project, the work [Portella et al. 2019a] was done to perform a
statistical analysis of the AWS spot pricing model. In this work, we used time-smoothed
moving averages of 12-hour periods, aiming to provide a price-availability trade-off to the
user. Depending on instance type, user’s bid could be set at 30% of the on-demand price,
with an expected availability above of 90%. This study was important for the subsequent
analyses, which used not only statistics, but also utility models and neural networks.

In the specific case of biological sequence comparison, depending on the lengths
of the sequences or the number of comparisons, the parallel applications can take sev-
eral hours, incurring in high cost. In the work [Portella et al. 2024], we investigated the
problem of executing long running parallel biological sequence comparison applications
in the AWS cloud with low price and low probability of revocation.

Our utility prediction strategy consisted of two steps: (a) short term prediction (12
hours), which used sliding windows; and (b) long term prediction (7 days), which used
Long Short Term Memory (LSTM) Neural networks to do the prediction. First, we do
the long term prediction, choosing a set of instances and then refine the prediction with
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Figure 3. Price Prediction for AWS Spot Instances [Portella et al. 2024]

sliding windows for the selected instances in the previous step. Figure 3 illustrates our
strategy.

We used our strategy in a covid-19 case study that compared 218179 pairs
of SARS-CoV-2 sequences (Alpha variant) with our MASA-OpenMP parallel tool
[Sandes et al. 2016a]. Eight different spot instances were considered and we analyzed
the cloud spot price behavior in the first eleven months of 2020. Then we run our analysis
to execute the case study at the end of January 2021. Figure 4 presents the results for
the whole study with spot instance m5.2xlarge (8 vCPUs). We can see in this figure that,
if we used the default AWS approach, our spot instance would had been revoked with 7
hours and 44 minutes of use, without being able to complete the execution. Using our
utility approach, we were able to execute for 8 hours and 49 minutes, i.e., about one hour
longer than the default approach.

in order to check if the spot price variations are so small that
setting the current price as the maximum price would allow
us to run without interruptions for a long period of time;
and (b) default: we did not set the maximum spot price,
with no constraints on the price to be paid.

Using the utility, current and default max prices, we
launched 3 executions on the same instance type, at the
same time (Table 7). The max spot price, the total cost in
USD (obtained from the spot request report), the number of
DNA comparisons done, the setup time (to prepare the
instance to run the application), the application execution
time, the average cost per comparison and the average time
per comparison are shown in columns 3 to 8.

For m5.2xlarge, our LSTM mechanism predicted an
increase in the price on 01/13/2021 (Fig. 15). For this reason,
setting the maximum price as the current spot price was not
a good choice, and the instance was revoked in less than 2
hours. As a consequence, the cost per comparison was
higher than the other two approaches and only 5,420 DNA
sequence comparisons were done. For the same instance,
the execution that used our utility max price was revoked
after executing for almost 9 hours, comparing 43,560 DNA
sequences, with a lower cost per comparison.

Our LSTM mechanism predicted few price variations for
c5n.9xlarge on 01/15/2021 and that is the reason why the util-
ity price is very close to the current price. In these cases, the cur-
rent price and the default instances were revoked after
executing for about 5 hours, possibly due to an augmentation
of the requests for this instance in the on demand model. The
utility instance was not revoked and was able to run up to the
12-hour time limit. The executions of i3.2xlarge and r5.2xlarge
took place on Saturday and Sunday, respectively. In this case,
the three executions run up to the 12-hour time limit, and the
average cost per comparison and time by comparison were
similar, considering thatwewere using a cloud environment.

Fig. 17 shows parts (cut points are shown with scissors)
of the MASA-OpenMP optimal global alignment of the
SARS-CoV-2 reference sequence with the most recent
sequence of the B.1.1.7 lineage from Italy, December 2020.
We highlight in red some mutations in the proteins Spike
and ORF8, as well as mutations at the end of the alignment.
It is worth noticing that, even though this lineage is called
UK lineage, it has also been observed in Italy in 2020 [37].

9 CONCLUSION AND FUTURE WORK

In this work, we first proposed a utility-based mechanism
that balances short-term spot instance cost and availability.
The evaluation through extensive scenarios in 2020 was
able to provide useful information about bid suggestions, as
well as instance durability. The results for the r4.2xlarge
instance type showed that the average bid suggestions were
about 35 and 38 percent of the on-demand price for Q1 and
Q2, respectively. With 95 percent of confidence, we con-
cluded that 95 percent of bid suggestions ensure at least
4.89 and 5.02 hours of instance availability, and 90 percent
of bid suggestions ensure at least 5.59 and 5.73 hours, while
68.39 and 78.26 percent of bid suggestions ensure 12 hours
or more of instance availability for Q1 and Q2, respectively.

Second, we proposed a LSTM-based framework for long
term spot price prediction. Several network architectures
and configurations were evaluated during the first semester
of 2020. Our mechanism was able to predict prices for all
scenarios with very low training and prediction errors. For
r5.2xlarge instance type in June 2020, the mechanism pre-
dicted values between 0.18 and 0.19 USD/hour, equivalent
to 37 percent of the on-demand price and close to spot varia-
tions (MSE ¼ 1:3e"7).

Fig. 15. LSTM tendency prediction for m5.2xlarge.

Fig. 16. LSTM tendency prediction for i3.2xlarge.

TABLE 7
Case Study Detailed Results

Fig. 17. One of the alignments generated by our case study.
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Figure 4. Results for the covid-19 study (m5.2xlarge) [Portella et al. 2024]

3.2.2. Reducing the Cost of AWS Executions with QoS Guarantees

One of the main objectives of the cloud users is to execute their applications in the cloud
paying a low price. However, if only the price is considered, a weak instance could be
selected, leading to extremely long execution times. This solution is clearly not appropri-
ate.

In the work [Teylo et al. 2023], a scheduler called BURST-HADS is proposed that
executes applications in the cloud considering both the price and the deadline for com-
pleting the executions. The proposed technique is composed of 2 modules. The primary
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module uses Iterated Local Search (ILS) to choose the instance and the secondary module
periodically monitors the execution, possibly choosing a more appropriate instance and
migrating the application to it. This way, it is guaranteed that the deadline is respected.

Figure 5 shows the results obtained with jobs presenting different characteristics.
We can see that, for job J100, which has 100 tasks that take about 300 seconds each, the
cost was reduced in 48%, when compared to the on-demand execution. In this case, there
was an increase in the execution time of 22% which did not violate the deadline.

Compared to both MaxMin and Greedy, the ILS presents
an average reduction in the makespan by more than 80%,
with an average increment in the monetary cost by only
6.78% when compared to MaxMin, and 13.14% when com-
pared to the Greedy heuristic. Contrarily to the MinMin
heuristic, both MaxMin and Greedy heuristics reduce the
solution’s monetary cost since they give priority to the
cheapest VMs, which increases the makespan.

It is worth noticing that both objectives were evenly con-
sidered in the ILS solutions and that the average loss in one
of the objectives was always smaller than the gain in the
other. Those results confirm the effectiveness of the pro-
posed ILS to the BoT primary scheduling problem.

4.2 Evaluation of Burst-HADS on AWS EC2
For the experiments, several synthetic tasks were created,
each one with a memory footprint between 2.81 MB and
13.19 MB, resulting in execution times which vary from 102
to 330 seconds. Then, we conceived three synthetic BoT
applications, J60, J80, and J100 by randomly selecting the
tasks. Concerning the ED application, a real embarrassingly
distributed application, the job ED200 comprises 200 tasks
solving the largest problem size (class B), taking 211 seconds
per task on average.

Table 6 shows the four jobs’ features, including their
respective number of tasks, memory footprint and tasks
runtime. In our experiments, we considered the shortest
deadline in which Burst-HADS can find a feasible solution
for all evaluated jobs, D ¼ 2700 seconds (45 minutes),
respecting the constraints. For some jobs, it was a tight
deadline, while for other ones it was not. This approach
allowed us to observe the behavior of the framework in
those different scenarios.

We have first evaluated Burst-HADS in a scenario with-
out hibernation, comparing it with (1) the schedule given by
the proposed ILS using only on-demand VMs; (2) the sched-
ule given by HADS, and (3) the schedule given by AutoBoT-
like. The aim of these experiments is to measure the impact
of including burstable on-demand VMs into the scheduling
procedure in both the monetary cost and execution time.
Table 8 presents the average of three executions of the

synthetic jobs J60, J80, and J100, and the real application
ED200, for each case.

AutoBoT-like is inspired by the work presented in [7]
(see Section 2). AutoBoT-like uses the same heuristics, pro-
cedures and parameters defined in [7], but the price history
and the spot market bid are not considered in that adapted
version. In our implementation, we use the current price
model of AWS, which is more stable.

Initially, AutoBoT-like, as in the original version, consid-
ers a critical time point beyond which it is not possible to
complete the remaining tasks without violating the deadline
constraint, in case of a spot VM revocation. Thus, when a
task, running on a spot VM, reaches this point, it is immedi-
ately migrated to an on-demand VM. The number of
launched on-demand VMs in this case is defined in accor-
dance with a sweep heuristic, based on the following
parameters: the number of available on-demand VMs, the
deadline and the total number of tasks of the application.

In the second step, along with the execution of the appli-
cation, AutoBot-like, as in the original version, takes check-
points and migrate tasks to on-demand VMs. Although the
authors propose three different strategies for checkpointing,
we adopted the optimistic one, where checkpoints are
recorded just before the critical time point, because the other
ones depended on the price history and they did not present
significant advantages.

In comparison with HADS, Table 7 shows that Burst-
HADS reduces the makespan in 44.37%, 42.09%, 28.82%,
and 11.82%, for jobs J60, J80, J100, and ED200, respectively.
However, the average monetary cost increases by 66.34%,
44.54%, 57.55%, and 33.71%, for the same comparison. It
happens because Burst-HADS already starts by using some
burstable on-demand VMs. Moreover, the ILS based pri-
mary scheduling uses more VMs to reduce the execution
time, while in HADS, the initial scheduling aims at mini-
mizing only the monetary cost.

As can also observe in in the same table, in the executions
without spot revocations, Burst-HADS presents an average
reduction of 20.92% in the monetary cost and 31.11% in the
makespan, when compared to AutoBoT-like. Such a result
is expected since AutoBoT-like launches additional on-
demand instances even without spot revocations when the
BoT execution gets the critical time point.

On the other hand, compared to the ILS on-demand strat-
egy, on average, Burst-HADS reduces the monetary cost by
more than 52.00%, with an average increase of 15% in the
makespan. The ILS on-demand strategy uses the scheduling
plan given by the ILS proposed in Algorithm 1, which
includes neither spot nor burstable VMs, but only regular
on-demand VMs. The longer makespan is due to the execu-
tion of tasks in the baseline mode of burstable VMs, which
does not occur in the ILS on-demand strategy.

TABLE 6
Characteristics of the Jobs

job # tasks memory footprint task runtime(s)

min avg max min avg max

J60 60 2.85 MB 4.69 MB 12.20 MB 102 198 323
J80 80 2.91 MB 4.71 MB 13.19 MB 103 199 322
J100 100 2.81 MB 4.49 MB 10.86 MB 107 190 330
ED200 200 153.74 MB 168.68 MB 177.77 MB 161 211 354

TABLE 7
Cost and Makespan of Burst-HADS, HADS (without hibernation), AutoBoT-like (without spot interruptions) and ILS

On-Demand Only

JOB Burst-HADS w/o
Hibernation

HADS w/o Hibernation AutoBoT-like w/o
Interruptions

ILS On-demand

cost makespan cost makespan cost makespan cost makespan

J60 $0.112 1,274 $0.067 2,290 $0.166 2,221 $0.271 1,112
J80 $0.151 1,329 $0.104 2,295 $0.199 2,266 $0.312 1,190
J100 $0.176 1,660 $0.112 2,332 $0.218 2,342 $0.371 1,462
ED200 $0.357 2,275 $0.267 2,580 $0.387 2,566 $0.698 1,887
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Figure 5. Comparative execution results of BURST-HADS [Teylo et al. 2023]

In [Teylo et al. 2021], BURST-HADS was used to compare 22560 pairs of SARS-
CoV-2 sequences (Alpha variant), organized into 60 supertasks, with our MASA-OpenMP
parallel tool [Sandes et al. 2016a]. A total of 24 EC2 instances (136 vCPUs) were used
and the comparison took about 21 minutes.

3.2.3. Comparing Huge Chromosomes in spot GPU with Fault Tolerance

Comparing huge chromosomes with exact algorithms compute large dynamic program-
ming matrices and may take hours or even days to finish [Durbin et al. 1998]. GPUs may
be used to accelerate those comparisons but the execution time remains considerable.
Moreover, it is known that GPU instances may be expensive.

In the work [Brum et al. 2021], we address the challenge of reducing the cost
of long running GPU executions. We proposed a framework that executes our MASA-
CUDAlign GPU sequence comparison tool [Sandes et al. 2016b] [Figueiredo et al. 2021]
using AWS GPU spot instances, with fault tolerance. Periodically, the last computed
row of the matrix is saved, so that execution can restart from this row. Additionally, the
framework monitors the execution. If it receives a notification from AWS stating that
the instance will be revoked in 2 minutes, the framework selects another appropriate spot
instance and restarts the execution from the last row saved.

In the experimental results, we compared the human and chimpanzee homologous
chromosomes 19, 20, 21, 22 and Y in AWS spot GPUs, considering three scenarios, that
vary depending on the probability of revocation. Five spot GPU instances were consid-
ered, ranging from the g2 family (1532 cuda cores) to the p2 family (4992 cuda cores).
Table 1 presents our results. In this table and considering chromosome 20 in scenario
S3, there was one migration (2 spot VMs). The cost was reduced from USD 3.13 (on-
demand) to USD 1.14 (our framework). In this case, the execution time was increased in
about 5 minutes. Considering that the execution takes about 6 hours, this is a small in-
crease. In Bioinformatics laboratories, the researchers may execute several chromosome
comparisons each day so a reduction in 2 dollars per comparison may lead to big savings.
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Table 1. Framework results for comparing huge chromosomes [Brum et al. 2021]

Seq. Simulated revocations On-Demand VM

Scenario Spot VMs On-Demand
VMs Exec. time Cost Exec. time Cost

chr19
S1 4 0 07:18:45 $1.39

04:56:49 $2.60S2 2 0 05:58:34 $1.18
S3 2.67 0 06:17:53 $1.31

chr20
S1 4.33 0.67 08:35:08 $2.34

05:57:15 $3.13S2 2.67 0 07:35:34 $1.44
S3 2 0 06:02:27 $1.14

chr21
S1 2 0 02:31:51 $0.46

02:31:39 $1.33S2 1.67 0 02:25:24 $0.43
S3 1 0 02:29:27 $0.39

chr22
S1 2 0 03:19:12 $0.61

02:38:30 $1.39S2 1.33 0 02:50:13 $0.49
S3 1.33 0 02:47:40 $0.49

chrY
S1 1.33 0 02:40:29 $0.44

02:45:52 $1.45S2 1 0 02:38:34 $0.41
S3 1.67 0 02:42:41 $0.49

3.2.4. Multi-Agent Reasoning for instance provisioning in the AWS Cloud

MAS-Cloud+ [Mendes et al. 2024] is a framework that uses agents to select instances
and execute applications with different characteristics in the AWS cloud, using one of
three reasoning models: (a) heuristic model based on inference rules; (b) combinatorial
optimization model solved with Integer Linear Programming (ILP); and (c) metaheuristic
model based on Greedy Randomized Adaptive Search Procedure (GRASP). The goal is
to reduce execution time, reduce resource waste and reduce cost. The framework includes
the user interface for the application submission, cloud management with time/resource
prediction, the VM provisioning/instantiation/monitoring/finish, and the application exe-
cution in a cloud provider, as shown in Figure 6.
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Fig. 2. MAS-Cloud+ execution workflow including the user interface with the
application submission, cloud management with time/resource prediction, the VM
provisioning/instantiation/monitoring/finish, and the application execution in a cloud
provider.

The services are implemented by the agents called Virtual Machine
Management (VMMgr), Monitoring (Mnt), and Adaptation (Adapt).
The application execution information stored in comma-separated val-
ues (CSV) files for agents’ decision-making permits new prediction
models. The user interface module provides interaction with MAS-
Cloud+ through workload submission using the REST API with a cloud
consumer approach. The communication between MAS-Cloud+, cloud
providers, and VMs is done through the communication API, allowing
provider independence. The architecture is modular and extensible,
allowing the absorption of new models, agents, services, and providers
as marked with red dotted lines. A future extension module in the Adapt
Agent of the MAS-Cloud+ architecture can provide SLA validation in
runtime using proactive SLA methods such as the framework Proac-
tive Resource Provisioning of SLA in Cloud Computing (PRP-RM-SLA)
proposed by [41].

Fig. 2 presents the MAS-Cloud+ execution workflow starting with
the application submission by users (workload). Then, the workload
time and resource prediction occur. VMs provisioning allows resource
instantiation in the provider. The workload execution begins at the
provider (e.g., AWS EC2), and VMs monitoring starts. To evaluate MAS-
Cloud+, we used a bioinformatics application called MASA-OpenMP
that aligns unrestricted-length of real DNA sequences [19], and a
comparative study with real case SLA-based scheduling of Spark jobs
presented in [10]. These applications are included in the submission
and execution phases of the workflow. In the sequence, we detail each
MAS-Cloud+ architectural module.

4.1.1. MAS-Cloud+ interface
The MAS-Cloud+ implements the Application Programming Inter-

face (API) using the methods presented in Table 2 following the REST
standards defined by [42,43]. The methods are implemented using the
CRUD operations including CREATE Ÿ POST, READ Ÿ GET, UPDATE
Ÿ PUT, and DELETE Ÿ DELETE to deal with the VM resources. The
variables used as input to the methods include the following ones.
The UserId is the unique identifier of the user accessing the system.
The CloudProvider indicates the selected cloud provider for VM instan-
tiation. The DecisionModel variable determines the decision-making
model employed for provisioning, which may be optimized, heuristic,
or metaheuristic. The TimeVariable represents priority based on time
constraints. ResourceUsageVariable reflects the resource usage percent-
ages priority, such as CPU and memory usage. PriceVariable represents
the financial cost of the execution. The SLATime, SLAResource, and
SLAPrice refer to time, features, and price service level guarantees,
respectively. OSimage is the selected operating system for the VM

instance. The UpdateStatusVM updates the VM status. The Command
will receive the user’s input commands to be executed in the VMs.3

4.1.2. Monitoring
As proposed in [17], the Mnt agent monitors the usage of VMs re-

sources, including processor (CPU), and memory (RAM). The monitor-
ing module considers the use of resources, performance, and execution
cost. The results are stored to create a historical usage base to serve the
agents’ reasoning.

The Mnt agent is of the simple reactive type. It records the captured
data in a vector structure at runtime and saving in a data store (text
file) at the end of the workload execution. The Dstat tool4 monitors
and obtains the VMs information. Dstat is adopted because it provides
the necessary information in a clear and organized way. It is customiz-
able to capture the desired information, allowing export data to show
runtime statistics.

The command to capture the data is dstat -cmn –noheaders –output
stats.csv. The cmnd parameter tells Dstat that the capture will have the
CPU, and Memory. The data is saved in an external CSV file called
stats.csv. The execution data is stored in data structures in the VMs’
memory to be read and processed with agility during the execution of
the submitted application.

4.1.3. Resource and time usage prediction
Prediction models can use several approaches, such as machine

learning [44,45], and statistics [46,47]. A commonly used method
in statistics is linear regression estimating a value based on input
data [48–51]. The MAS-Cloud+ proceeds with multiple linear regres-
sion (MLR) to resource estimation through application profiling as
included in the taxonomy and survey of [52] or an application-aware
scheme as cited in VM classification schemes of [53]. According to [52],
under the context of resource estimation, application performance, and
workload for regression, the use of linear regression-based methods
works adequately with application profiling, as more data is available
the predicted results become more accurate with the advantage to
converge quickly with fewer data samples.

In MAS-Cloud+, we redefined time and CPU usage equations pro-
posed in [17] by including a memory factor (QM) as a specific term for
memory usage with MLR to forecast resource usage with the application
execution captured data. The MLR estimates the relationship between
a quantitative dependent variable and two or more independent vari-
ables [54]. With MLR, it is possible to predict the resource usage to
choose the VMs instances that best meet the application requirements
according to the user needs. In Eqs. (1), (2) and (3), the parameters
may be adjusted from data obtained in initial experiments considering
time, cost, and use of resources, where time is Tx, CPU used Cx, and
memory Mx, with the MLR coefficients (e.g., T1, T2, T3, C1, C2, C3,
M1, M2, and M3), QC represents the number of CPUs, and QM the
amount of memory.

T ime = T 1 + T 2 < QM + T 3 < QC (1)
CPUUsage = C1 + C2 < QM + C3 < QC (2)
MemoryUsage = M1 +M2 < QM +M3 < QC (3)

In this work, we use these equations for all combinations of VMs.
To exemplify the MLR use for time prediction on an AWS EC2 instance,
consider a p3.2xlarge machine with 8vCPUs and 61 GiB of RAM. To
compute the expected execution time for a workload using Eq. (1):
T ime = T 1 + T 2 < 61 + T 3 < 8. To compute the CPU usage percentage
using Eq. (2): CPUUsage = C1 + C2 < 61 + C3 < 8. To compute the
memory usage percentage using Eq. (3): MemoryUsage = M1 + M2 <

3 MAS-Cloud+ API is available at https://github.com/aldo2102/mas-cloud-
plus-API.

4 http://dag.wiee.rs/home-made/dstat/

Figure 6. Workflow for application execution in MAS-Cloud+ [Mendes et al. 2024]

The parallel sequence comparison tool MASA-OpenMP [Sandes et al. 2016a]
was used in the experiments, and many organisms were compared. Figure 7 presents
the results for the human herpesvirus study (150K) and the plasmid study in the Rhizo-
bium bacteria (500K). In the graphics, the first three set of bars in the left are random
choices for VMs with different vCPUS. It can be seen that the random choices are not
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appropriate and, for these two cases, the best model was the optimization model.
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Fig. 8. The bioinformatics experimental results including three scenarios with AWS EC2 instances of Table 6, and varying workloads of Table 8. Time and cost comparison between
random choice and MAS-Cloud+ with workloads of 150k (a), 500k (b), and 1M (c). The three bars on the left present the random VM choices, while the others present the
MAS-Cloud+ VM choices using the heuristic, optimization, and metaheuristic models.

Fig. 9. The bioinformatics experiment using the MASA-OpenMP application during the
training phase of MAS-Cloud+ to gather information for reasoning models shows values
varying from the maximum of 62.16 min of average time and USD $58.20 for 1M to
3.53 min and USD $9.95 for 10k.

Table 9 presents the comparative values between the models with and
without logarithmic transformation.

T imeLog = log10(T 1) + log10(T 2) < log10(QM)

+ log10(T 3) < log10(QC) (15)

EstimatedT ime = 10T imeLog (16)

Fig. 10 depicts variance graphs of the MLR model with 65 ob-
servations of the prediction time data average with and without the
logarithmic transformation. In the prediction time data histograms, the
x-axis present time varying from zero to 50 min (a) and zero to 4 min

Table 9
Comparison of R2 for variable transformations.
MLR R2 with logarithmic

transformation
R2 without logarithmic
transformation

Time 98.65% 94.22%
CPU usage 96.85% 93.43%
Memory usage 84.28% 93.74%

(c), and y-axis with the frequency county from zero to 50. The quantile–
quantile plots present the theoretical quantiles in x-axis varying from
*2 to 2 and y-axis with the sample quantiles changing from zero to 50
(b) and from 0.5 to 4.0 (d). The distributed data appears as roughly
a straight line in the Q–Q plots, although the ends start to deviate
from the straight line. The data logarithmic transformation aims to
address potential issues of heteroscedasticity and nonlinearity in the
residuals of the linear regression model. Note transformations at Q–Q
plots maintain the statistical properties justifying its use.

Residual analyzes were performed to verify the precision of the re-
gression model (MLR). Fig. 11 shows error analysis techniques compar-
ing real and predicted values. Fig. 11(a) shows the non-relationship be-
tween the observations as they are randomly distributed. In Fig. 11(b),
the observations are spread over the normal distribution line with small
variations at the beginning and end of the tails, showing that the
regression is accurate for small to medium values. The last three graphs
(Figs. 11 c, d, and e) show the residuals randomly distributed on the
(red) line of the x-axis, indicating the residuals randomly distributed
between the quantity variables of memory and CPU. Thus, the MLR
model is validated since the errors are normal and independently
distributed with a mean close to zero.

Figure 7. MAS-Cloud+ for the Bioinformatics study [Mendes et al. 2024]

3.2.5. Other Research Works in the Project

We have also conducted research on parallel biological sequence comparison with recon-
figurable hardware, where the AWS FPGA (Field Programming Gate Array) F1 instance
was used to execute a parallel code written on High Level Synthesis (HLS) [Jorge 2022].

In addition, a scheduler for federated learning applications for execution environ-
ments composed of multiple clouds was proposed and evaluated in [Brum 2024].

Finally, we investigated the use of function-as-a-service to execute parallel biolog-
ical comparison applications in the cloud [Carvalho et al. 2023]. In this case, the AWS
Lambda service was extensively used.

4. Conclusion
In this paper, we presented the main achievements of the project CNPq/AWS BioCloud.
The project produced successful outcomes in both academic mentorship and scientific
production. Our research generated important contributions to the fields of cloud man-
agement, cloud scheduling and biological sequence analysis, with an intensive use of
parallel processing.

We would like to thank CNPq and AWS for their support of this project. AWS
infrastructure allowed us to explore various types of architectures and VM instances in
record time, greatly accelerating the acquisition of results and enabling us to advance our
research at an unprecedented speed.
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thesis, Graduate Program in Informatics, University of Brasilia. Available online:
https://repositorio.unb.br/handle/10482/49786.

Mendes, A. H. D., Rosa, M. J. F., Marotta, M. A., Araujo, A. P. F., Melo, A. C. M. A.,
and Ralha, C. G. (2024). Mas-cloud+: A novel multi-agent architecture with reasoning
models for resource management in multiple providers. Future Generation Computer
Systems, 154:16–34.

Portella, G., Rodrigues, G. N., Nakano, E., and Melo, A. C. (2019a). Statistical analysis
of amazon ec2 cloud pricing models. Concurrency and Computation: Practice and
Experience, 31(18):e4451. e4451 cpe.4451.

Portella, G. J. (2021). Precificacao em computacao em nuvem para instâncias
permanentes e transientes : modelagem e previsao. PhD thesis, Grad-
uate Program in Informatics, University of Brasilia. Available online,
https://repositorio.unb.br/handle/10482/41391.

46º Congresso da Sociedade Brasileira de Computação (CSBC 2026), Gramado/RS

1º Simpósio de Infraestrutura Digital/Nuvem para Pesquisa (Pesquisa@Nuvem 2026): Artigos Completos

9



Portella, G. J., Nakano, E. Y., Rodrigues, G. N., Boukerche, A., and Melo, A. C. M. A.
(2024). A novel statistical and neural network combined approach for the cloud spot
market. IEEE Transactions on Cloud Computing, 11(1):278–290.

Portella, G. J., Nakano, E. Y., Rodrigues, G. N., and Melo., A. C. M. A. (2019b). Utility-
based strategy for balanced cost and availability at the cloud spot market. In 9th IEEE
International Conference on Cloud Computing (IEEE CLOUD), Milan, pages 214–
218.

Ralha, C. G., Mendes, A. H. D., Laranjeira, L. A., Araujo, A. P. F., and Melo, A. C. M. A.
(2019). Multiagent system for dynamic resource provisioning in cloud computing
platforms. Future Generation Computing Systems, 94:80–96.

Sandes, E. F. O., Guillermo Miranda, X. M., Ayguade, E., Teodoro, G., and Melo, A. C.
M. A. (2016a). Masa: A multiplatform architecture for sequence aligners with block
pruning. ACM Transactions on Parallel Computing, 2(4).

Sandes, E. F. O., Miranda, G., Martorell, X., Ayguade, E., Teodoro, G., and Melo,
A. C. M. A. (2016b). Cudalign 4.0: Incremental speculative traceback for exact
chromosome-wide alignment in gpu clusters. IEEE Transactions on Parallel and Dis-
tributed Systems, 27(10):2838–2850.

Teylo, L. (2022). Scheduling Deadline Constrained Bag-of-Tasks in Cloud Envi-
ronments Using Hibernation Prone Spot Instances. PhD thesis, Graduate Pro-
gram in Computer Science, Federal Fluminense University. Available online:
http://200.20.15.38/ ic2022/teses-e-dissertacoes/.

Teylo, L., Arantes, L., Sens, P., and Drummond, L. M. A. (2023). Scheduling bag-of-
tasks in clouds using spot and burstable virtual machines. IEEE Transactions on Cloud
Computing, 11(1):964–982.

Teylo, L., Nunes, A. L., Melo, A. C. M. A., Boeres, C., de A. Drummond, L. M., and
Martins, N. F. (2021). Comparing sars-cov-2 sequences using a commercial cloud with
a spot instance based dynamic scheduler. In 21st IEEE/ACM International Symposium
on Cluster, Cloud and Internet Computing (CCGRID), Virtual, pages 247–256.

46º Congresso da Sociedade Brasileira de Computação (CSBC 2026), Gramado/RS

1º Simpósio de Infraestrutura Digital/Nuvem para Pesquisa (Pesquisa@Nuvem 2026): Artigos Completos

10


