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Abstract

A very essential part of science of Big Data is called
streaming, and treats a very small-sized data called Stream,
and possesses real real time processing requirements. There
are several economic real world applications that make use
of this tool in order to retrieve high trending topics and
make economic decisions. Regarding the most known tech-
niques, this aggregation technique can be labeled as batch-
ing and implies in real gains on various applications fidelity
with small latency trade-offs. This work aims to test many
solutions of pre-aggregation in an initial controlled envi-
ronment and further test it on a network-stressed scenario,
towards the mission of finding the best topology configura-
tion that reduces network congestion. Every test was per-
formed in a private cluster and the results point towards
a set of values that generate real time gains on Flink’s pro-
cessing motor for given intervals of configuration variables.

Index Terms: Big Data, Stream Processing, Data Aggre-
gation.

1. Introduction

Big Data is a term in evidence in communication me-
dia such as Facebook and Twitter, which make use of this
topic in their daily activities. Current statistics found in
[7] presents data numbers estimatives: Facebook gets 4.75
billion shares, 4.5 billion likes, 420 million status updates
and 300 million photos every day. This scenario generates
tremendous amounts of data that have different types, sizes
and importances. Current Big Data solutions are divided
mainly into Stream processing and Batch processing. The

first is used for smaller pieces of information with high in-
come rates and, the second uses bigger sized data with slight
smaller input flow.

The basic unit in Stream Processing is called stream, and
may contain different purposes depending on the system
that produced it. For instance, [6] focuses a new approach
and language on airplane error calculation using streams
generated by the airplane error logs. This approach used
Streams in order to send error logs from airplane coupled
sensors to its main computer for calculations that involve
planes angle correction, altitude, temperature and others.

Even though it demands less complexity than a real time
airplane software that prevents error calculations, Twitter
still is very important in order to retrieve trending topics
and other economic tendencies, as mentioned by [1]. Also,
tweets consist of easily accessible data with very small size,
therefore it is used in this work as dataset.

There are two main strategies on streaming: sending
one tuple at a time or aggregating multiple streams into
batches and sending them for processing. Roughly, aggre-
gating streams technique show execution gain because this
strategy reduces context switch on the big data processing
engine. Also, it increases throughput and latency a priori
with increases on the applications fidelity.

Its important to explain the feature called Window, which
is an engine feature that allows its running application to
perform the operators calculations together in time inter-
vals like a physical sliding window, reducing the overhead
on the application. Allied to the window, this work proposes
a prototype that tests if there is an optimal aggregation vari-
able size that generates Flinks time reduction, also aiming
reduction of bandwidth latency and achieving an increase in
throughput.



This work is structured in background and related work,
followed by third section which specifies the methods used
in this work and the proposed solution. Section four demon-
strates results, followed by section five with discussions of
these results. Finally, there is section six with future work
trends.

2. Background and Related Work

2.1. State-of-the-art

The work contained on [2] serves as a guideline for
stream application development. It approaches 8 basic rules
that every stream processing environment must attend in or-
der to respect real time requisites. This work brings more at-
tention towards the fourth rule: The requirement of real time
stream processing is that a developed engine must guaran-
tee predictable and repeatable outcomes.

In order to attend this importance, a comparison metric
was chosen to compare final output logs from each and ev-
ery execution to maintain a certain level of repeatable out-
comes. Logically, in real world applications there is no true
way to predict stream input order, however, as [6] states,
during tests a few guidelines must be respected in order to
maintain this real time feature.

Also, as [3] points out, there is no standardized course
of action for designing a topology for streaming applica-
tions, but a priori. One of the works contribution is justi-
fied by this argument, since it provided experiments based
on empirical choices that were reassured by [8], [4] and [5].
These works also developed stream aggregation topologies
without specifying the strategy behind them. All these facts
reassure this paper work intents to run tests based on empir-
ical evaluation.

The work found at [2] reduces computational cost by us-
ing a single persistent random variable that marks the life-
time of each key on the cache memory. This work does not
intend to include either cached memory or time variables
in stake, since time management demands clock synchro-
nization and making usage of cached memory is not trivial.
Meanwhile, the cluster random access memory is a brand
resource, it must be dealt accordingly.

The work described in [10] shows how event-based
stream processing may differ from aggregation tech-
nique, expliciting that the second technique is able to
provide gain in executions whenever there are events out-
of-order from more than one source. This was used as ba-
sis for this work, mainly because singled source datasets
proved to be less afected by aggregation strategy in most of
the test case scenarios and thus, the validation of this pro-
totype might be accessed by the use of different dataset
delivery strategies.

2.2. Related Work

The work contained in [9] proposes a streaming platform
in real time. It tries to determine the optimal batching val-
ues in order to increase network transfer rates between mul-
tiple routes. It makes good usage of the fact that some big
data providers dont charge fees to provide intranodal data
transfers but charge internodal transfers.

In order to validate their hopes of reducing transfer
times, their prototype perform intranodal replications and
recalculate latency between the new nodes and distributed
applications. Its possible that some of the new replications
contain smaller latencies than the previous original data.
Therefore, tests that oscillate batching sizes are performed
for each of these new replications in order to detect the
quickest path and best batching size.

All these calculations are performed autonomously and
the system self-adapts to changes in the network, choos-
ing the new best batching size and best route based on la-
tency exhausting calculations. Our prototype differs from
this work because it seeks to find optimal values overall for
a given configuration in order to perform future tests for
generic environments. Also, the previously mentioned work
performs a series of calculations, batching reordering, repli-
cations and other techniques that dont convince their gains.

3. Materials

3.1. Methods and Model

Figure 1. Model

This works used real world dataset, pre-collected by
Twitters API in java, containing multiple tweets. Also, the
dataset received a few documents from USA criminalistic
department and AIDS statistics from health department.



3.2. Implementation

The TCP/IP protocol was used in the Python code in or-
der to stablish communication with the processing engine
and feed the dataset to it. First node of the private clus-
ter performs the data aggregation and send it for validation
job on second node. This work chose Word Count applica-
tion in order to answer a question: Is there a value for pre-
aggregation that generates execution time gain on 1Flink?

In order to perform experiments on streaming, this work
chose Apache Flink software to be used as stream pro-
cessing engine because of it’s easy to be configured and
used.The earlier implementation was performed in Java lan-
guage. Since procedures that involve high I/O operations
with stream aggregation resulted in poor outcomes, this
work moved towards a Python approach and started to show
promising results.

The pre-aggregation class was developed in Python, con-
figured to receive aggregation sizes per stream that comes
in. As a single node of the cluster was configured to be the
stream producer and the second was configured to hold the
Flink as the consumer node.

It was set a fixed number of lines as a aggregation param-
eter to prove that pre-aggregation influences Flink-window
processing time positively. For every stream that the Python
nodes receives, it aggregates a fixed number of lines un-
til the stream is all read. If the stream is over, the pre-
aggregation fetches other streams in order to fill the entire
aggregation variable.

Result: Aggregation time on Python,
Stream processing time on Flink

Initializes n aggregation size;
Initializes concatenation string;
Starts time initialization;
while has stream file do

while file has next line do
Concatenates line to String;
if String greater than n then

Send String to Flink ;
Restarts String ;

end
end

Algorithm 1: Aggregation Strategy
Finally, when this aggregation variable fills entirely, the

concatenation is sent. Concerning configurations, 33 repeti-
tions of each test were set for each possibility of variable
permutation, including different aggregation sizes, 5 sec-
ond window or not, with different sizes of parallelism, on
the two given datasets. The experiment has 6 strategies of
aggregation, 2 datasets, 2 types of window and 4 sizes of
parallelism. Permuting these factors, the entire experiment

1 https://flink.apache.org/

had 6x2x2x4=96 possibilities, which the 33 experiments ran
singularly, in order to achieve a close behaviour of the de-
sired pattern (so 96x33=3168 test case total).

3.3. Equipment

The tests were executed on a private Cluster, with 5x
Power Edge 1950 8 Cores (4 Real and 4 Virtual) contain-
ing 16GB of RAM. LAN Network bandwidth is known to
be 100 Mbps and it was used Ubuntu Server version 16.04
LTS.

4. Results

Results showed that small consistent datasets with no
Flink window had the execution time varied negatively
for all values in the training group, with one exception of
the largest aggregation size (1000 concatenation size). The
larger 1,6GB dataset showed that there is a slight advantage
when performing aggregation with 500 units of concatena-
tion in average.

Figure 2. Big Dataset Jitter

On the other hand, Flink 5-seconded window experi-
ments showed different results. For bigger 1,6GB dataset
any aggregation showed a slight gain in execution up to
750ms. About the last test, using a 121,7MB with the same
5 second Flink window, there was an increase in process-
ing time.



Figure 3. Tiny Dataset Jitter

Figure 1 points that for bigger datasets there is an opti-
mal value of 512. On the other hand there is a strong effort
to avoid high values of batching and no aggregation, since
these strategies obtained worse results. This was visible for
any value higher than 512. Figure 2 points that for smaller
datasets there is also a high tendency to increase time in
the engine when using a window regardless of the agreg-
gation strategy. However, for multiple aggregation sizes on
very small datasets the results were very insignificant and
didn’t pose to show any relative gains.

5. Discussion

At the beginning, this work tried to detect a relation be-
tween stream pre-aggregation and time gain on Flink word
count application given two real world datasets. In order
to test this work model, multiple runs were executed on a
couple of nodes of a private cluster for the given dataset
and distinctive variables of configuration. It was shown that
for greatter datasets, the engine benefited from aggregation
strategies and window, with best value of 512 for the given
problem in the given topology. For smaller datasets, there
was a gain in window use, but no significant gain in aggre-
gation strategy.

6. Conclusion and Future Work

Future work will focus on developing dynamic strate-
gies of updating variables settings which might be accom-
plished by dynamic tables. Whilst this approach focuses on
tabled methods, there is also room for insertion of proba-
bilistic models or machine learning.

Also, some changes might be done towards measurement
of throughput and latency as secondary metrics. The imple-
mentation of a simulator might accomplish more results in
this case.
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