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ABSTRACT More and more use cases require fast, accurate, and reliable processing of large volumes
of data. To do this, a distributed stream processing framework is needed which can distribute the load
over several machines. In this work, we study and benchmark the scalability of stream processing jobs
in four popular frameworks: Flink, Kafka Streams, Spark Streaming, and Structured Streaming. Besides
that, we determine the factors that influence the performance and efficiency of scaling processing jobs with
distinct characteristics. We evaluate horizontal, as well as vertical scalability. Our results show how the
scaling efficiency is impacted by many factors including the initial cluster layout and direction of scaling,
the pipeline design, the framework design, resource allocation, and data characteristics. Finally, we give
some recommendations on how practitioners should undertake to scale their clusters.

INDEX TERMS Apache spark, structured streaming, apache flink, apache kafka, kafka streams, distributed
computing, stream processing frameworks, scalability, benchmarking, big data.

I. INTRODUCTION

Near real-time processing has become increasingly important
with the rise of new domains such as IoT. The use cases
in these domains often require processing large volumes of
data at a high velocity. To do this, a single machine is not
sufficient or becomes increasingly expensive. Consequently,
it becomes necessary to distribute processing over several
machines. This heavily increases the complexity of an appli-
cation in many aspects, e.g. fault recovery [1], accuracy [2],
state management [3]. To make abstraction of this complex-
ity, several stream processing frameworks were developed.
These frameworks can be used as a generic system to imple-
ment a large range of use cases in a distributed fashion. The
ability of a system to spread work across several machines is
called scalability [4]. A system is considered scalable when
an increase in resources leads to a (near) linear increase
in throughput. Scalability is often mentioned in relation to
networks, systems, or processes [5]. It is also used to describe
whether a distributed system can be deployed efficiently in
a wide range of scales [6]. A system can be scaled either
horizontally or vertically [7]. Horizontal scaling implies an
increase in the number of workers, while vertical scaling
implies an increase in the resources assigned to the workers.
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It is important to keep in mind that distributed pro-
cessing introduces significant overheads that vary based
on the use case and implementation, as shown by
McSherry et al. [8]. These overheads are mainly due to
increased scheduling, communication, and bookkeeping.
McSherry et al. [8] computed the Configuration that Outper-
forms a Single Thread (COST) metric to a set of use cases and
found that the use of a single thread often leads to significant
advantages.

Multiple benchmarks have studied performance differ-
ences between stream processing frameworks, e.g. [9]-[14].
Most of these benchmarks focus on latency and throughput
metrics and do not incorporate a scalability analysis. The
papers that study scalability often only include horizontal
scaling and assume the framework is the main influenc-
ing factor of scalability. In contrast, previous work within
the general field of distributed systems attributed a large
part of scalability issues to the resource bottleneck of the
system [5], [6], [15]. In a distributed stream processing frame-
work, the resource bottleneck is the resource that is saturated
when the peak throughput is reached and is either related to
memory, CPU, or network. We define a throughput bottleneck
as a task, aspect, or characteristic of the pipeline which
contributes largely to the resource bottleneck. There may
be multiple significant contributors. Some common through-
put bottlenecks are incessant garbage collection (GC) cycles
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due to memory pressure, CPU-intensive state management,
network saturation, etc. Scaling alleviates some bottlenecks
better than others. In this paper, we evaluate the hypothesis
that the scalability of a processing job is influenced by many
factors that together create the throughput bottleneck. To do
this, we designed two pipelines with different characteristics
regarding e.g. state size, output frequency, shuffle operations,
and window length. Due to these differences, we expect them
to stress different parts of the system and have different bottle-
necks. Both pipelines are described in detail in Section III-B.
For each pipeline, we determine the throughput bottlenecks
for four popular frameworks and analyze the influence scal-
ing has on them.

Most previous benchmarks studied one or a combi-
nation of the following frameworks: Spark Streaming,
Storm, Flink, Kafka Streams and Structured Stream-
ing [9]-[14], [16]-[20]. Additionally, these frameworks are
often included in surveys on distributed stream processing
(e.g. [21]-[23]) and are used as a basis for further research
in the area (e.g. [24]-[27]). In this work, we include Spark
Streaming and Flink due to their superior performance in
previous benchmarks (e.g. [12]-[14]). We also include Kafka
Streams and Structured Streaming because they are more
recent and their performance has not been thoroughly ana-
lyzed yet. Moreover, both of them have a rapidly increasing
user base. Apache Flink [28] has gained widespread adoption
in many large companies and is considered to be one of the
front runners in stream processing at the moment. Apache
Spark is a popular distributed analytics framework, primarily
used for its batch processing capabilities. It has two APIs for
stream processing: Spark Streaming and Structured Stream-
ing. When Spark Streaming was released, it quickly gained
traction and became a popular alternative for frameworks
such as Storm [29] and Samza [30], mainly for use cases
where a slightly higher latency is acceptable. In 2016, Apache
Spark announced a more high-level stream processing API
called Structured Streaming, which integrates more tightly
with its batch API. Finally, we include Kafka Streams [31],
which targets processing data residing on Kafka [32]
clusters. Apache Kafka is a widely used, distributed mes-
sage broker [33]. Kafka Streams integrates closely with
Kafka and uses the cluster for communication, fault toler-
ance, and parallelization. Kafka Streams is used by com-
panies such as Zalando and Pinterest and is backed by
Confluent.

The two processing pipelines, that are included, have
very different characteristics and underlying algorithms and,
therefore, stress different parts of the system. We give an
in-depth analysis of this throughout this work.

In general, the contributions of this paper are:

1) Extensive analysis of the scalability of distributed

stream processing jobs.

2) Discussion on throughput bottlenecks based on a wide

variety of metrics.

3) Analysis of how scalability is influenced by the

throughput bottleneck, which in turn is influenced by
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multiple factors such as scaling direction, framework
design and processing pipeline operations.

4) Analysis of vertical and horizontal scalability for dis-
tinct jobs and cluster layouts for the frameworks:
Flink, Kafka Streams, Spark Streaming, and Structured
Streaming.

5) Guidelines on scaling clusters and optimal cluster lay-
outs for different job complexities.

The rest of this paper is organized as follows. The next
section gives an overview of related work in this area.
Section III describes the setup and metrics we use to
do performance evaluations. Here, we also describe our
methodology for measuring scalability. We base ourselves on
OSPBench of which the codebase and documentation have
been published at https://github.com/Klarrio/open-stream-
processing-benchmark. We give an overview of the results
in Section IV. In Section V, we outline current and future
research directions with regards to scaling and cluster sizes.
Finally, we draw conclusions on these results in Section VI
and list up some limitations in Section VIIL.

Il. RELATED WORK

Research on the scalability of stream processing jobs and
frameworks is very limited. Table 1 shows an overview of
this. Previous work investigated horizontal scalability, i.e.
increasing the number of workers. Karimov et al. [10] com-
pared the performance of clusters with 2, 4, and 8 workers,
while Karakaya et al. [11] investigated performance for 1,
2, 4, and 6 workers. We take a similar approach for our
horizontal scaling experiments. A more recent work [19]
takes a different approach and determines the number of
processing instances required to process a specific load. They
gradually add instances to see if it covers the load. Each
instance has 1 CPU and 4 GB memory which is small for
industry deployments. Incrementally adding instances leads
to large jumps in the available resources. Instead of measuring
the required cluster size for a certain throughput, we argue
that measuring the peak throughput for a certain cluster
size gives a more precise view of the evolution of through-
put for specific cluster sizes. In their work, Henning and
Hasselbring [19] also investigated the effect of vertical scal-
ing. Similar to them, we also evaluate both scaling directions.
Additionally, we adapt the instance configuration along with
the instance size to ensure optimal use of resources and to get
a complete view of the scalability, as we will elaborate in our
results.

All of these works [10], [11], [19] concentrate on
describing the throughput levels that can be sustained at
different cluster sizes for each framework. We also measure
the throughput level for different cluster sizes but evaluate the
results from the perspective of the job characteristics with the
selected framework as one of these. This gives readers useful
information on the scalability of their proper use case, which
is what matters most. To do this, we compare scalability for
two pipelines with distinct characteristics (see Section III-B).
Our pipelines resemble the pipelines of previous
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TABLE 1. Scalability workloads in previous benchmarking work.

Reference Workload Frameworks Operations Metrics
Karimov horizontal scalability Spark Streaming 2.0.1, Windowed aggregation, Event and processing time
etal., 2018 [10] (2, 4, and 8 workers) Flink 1.1.3, Storm 1.0.2 join, large windows latency, sustainable throughput
Karakaya horizontal scalability Spark Streaming 1.5.0, End-to-end pipeline (parse - filter - Saturation level, scale-up ratio,
etal., 2017 [11] (1,2, 4, and 6 workers) Flink 0.10.1, Storm 0.10.0  project - join - window) resource consumption
Henning horizontal scalability Kafka Streams 2.6.0 map + foreach, join + aggregation  Queue size
etal., 2020 [19]  (up to 100 workers), with feedback loop, tumbling
vertical scalability window, aggregation
(0.5, 1, and 2 CPU) with sliding window
This study horizontal scalability Flink 1.11.1, stateful enrichment pipeline, Scaling efficiency, latency,
(1,2, 4, and 6 workers), Kafka Streams 2.6.0 stateful aggregation pipeline throughput, memory,
vertical scalability Structured Streaming, CPU, GC, network 1I/0,
(1,2,4, and 6 CPU; Spark Streaming 3.0.0 filesystem and disk I/0

5GB memory per CPU)

work [9], [12]. Similar to Karimov et al. [10], we analyze
different window lengths and window aggregations. The
enrichment pipeline, which we present in Section III-B, has
a similar sequence of operations as [11].

Different metrics were used to evaluate scalability.
Both [10] and [19] report sustainable throughput of differ-
ent cluster sizes. Karakaya er al. [11] express scalability
by the scale-up ratio which is the percentage increase in
throughput of a specific cluster size compared to a cluster
with one worker. We define a scaling efficiency metric that
expresses the percentage of expected throughput increase
that was realized as compared to a base cluster. Previous
benchmarks on other aspects of stream processing [9], [10],
[12],[17], [18] included a much broader set of metrics. These
extra metrics were used to gain a better understanding of
the performance and behavior of the framework. The most
popular ones are latency, throughput, and CPU and memory
utilization. We also include these metrics in our work to do a
more in-depth analysis.

Previous work [10] benchmarked Storm 1.0.2, Spark
Streaming 2.0.1 and Flink 1.1.3. They found that for larger
cluster sizes, Flink’s sustainable throughput was bounded
by the network bandwidth. The sustainable throughput of
Storm and Spark was comparable and did not increase lin-
early with the number of nodes. The throughput of Spark
increased by 70% when going from 2 to 4 nodes and increased
by 140% when going from 2 nodes to 8 nodes for
the windowed aggregation. Henning and Hasselbring [19]
only evaluated Kafka Streams and found that configura-
tion has a large effect on performance. They only tune
a few parameters and do not adapt the configuration to
the cluster scale and layout. Similar to [9] and [20],
we include recent releases of four frameworks: Flink 1.11,
Kafka Streams 2.6 and Spark Streaming and Structured
Streaming 3.0.

Several studies and modeling exercises have been con-
ducted on the scalability of batch analytics workloads,
e.g. [34]-[41]. Since batch and streaming workloads function
quite differently, we will discuss the relevant parts of these
studies throughout the results section.

VOLUME 9, 2021

IIl. BENCHMARK DESIGN

To do scalability tests, we need a benchmarking setup with a
set of capabilities. First of all, the system needs to be able
to automatically run several processing pipelines for a set
of frameworks. These pipelines should stress different parts
of the system, e.g. CPU, memory, network. On top of that,
the system needs to run different throughput levels and cluster
sizes in an automated manner. The relevant configuration
parameters should change based on the cluster size. Addition-
ally, the setup should collect a broad range of metrics that can
be analyzed to generate insights. Ideally, there would exist
a single benchmarking suite that incorporates workloads to
test several aspects of stream processing frameworks: latency,
throughput, fault tolerance, scalability, etc. Currently, no such
suite is available. To work to this goal, we prefer extend-
ing an existing benchmark over implementing a new suite
from scratch. We choose to extend Open Stream Processing
Benchmark (OSPBench) [9], [20]. It offers recent imple-
mentations of several pipelines in the most popular frame-
works. It already includes extensive latency and throughput
workloads [9] and fault tolerance workloads [20], but lacks
scalability workloads. By extending OSPBench with addi-
tional pipelines, metrics, and scalability workloads, we are
one step closer to having a single comprehensive suite for
testing frameworks on the most important aspects of stream
processing. In this section, we explain how we used OSP-
Bench to do scalability experiments and how we extended it
to cater to our use case.

A. DATA

The pipelines within OSPBench analyze national traffic data
of the Netherlands, i.e. Nationaal Dataportaal Wegverkeer
(NDW) [42]. We have two streams: one with speed measure-
ments and one with vehicle counts from a set of measurement
points in the Netherlands. The messages in both streams
are in JSON format and contain approximately 10 fields.
Each record has a measurement ID and lane ID, specifying
the measurement point and road lane. These are the fields
on which joins and aggregations will be done. The size of
one message is around 200 bytes. Each stream is sent to
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a dedicated Kafka topic. The throughput of both streams is
equal and configurable in the data generator and data is sent at
a constant rate, without bursts. The number of measurement
IDs increases linearly with the throughput. The number of
lanes per measurement ID remains the same as throughput is
increased and there are on average 1.58 lanes per measure-
ment ID.

B. PROCESSING PIPELINE

To do our scalability tests, we needed two pipelines with
very different characteristics that might influence scalability.
Most of these characteristics are related to state and shuffling.
The first pipeline has been depicted in Figure 1. We refer to
this pipeline as the enrichment pipeline because it contains a
join operation. This pipeline was already included in previous
versions of OSPBench [9]. The second pipeline is shown
in Figure 2. We call this the aggregation pipeline.

Kafka Stream processing framework

| Flow |'->:| Ingest |:->,‘| Parse
1 !
| Speed I""rl Ingest |}—"r| Parse

1
}oon
1

Tumbling
Window
T

v |

Kafka || Stats

FIGURE 1. Enrichment pipeline adapted from [9] and [43].

Kafka

Flow |-->| Ingest |—>| Parse |—>

Stream processing framework

Sliding
Window

' |

Kafka || Stats

FIGURE 2. Aggregation pipeline.

The enrichment pipeline ingests two streams: one contain-
ing speed measurements and the other containing vehicle
counts at a configurable number of measurement locations.
The data is in JSON format and subsequently parsed into
Scala case classes. Both streams are then joined together at
one-second intervals. Similar to [9], we do this with interval
joins for Flink, Kafka Streams, and Structured Streaming.
Spark Streaming does not support this, so here we use a
tumbling window join. For its join and aggregation win-
dows, Spark uses a multiple of the batch interval. Flink and
Kafka Streams offer more efficient event-driven implementa-
tions. Structured Streaming allows defining an interval join,
although this will still be executed on a microbatch basis.
At this point, the joined stream contains events for every lane
of every measurement location. In the next step, we aggregate
all lanes of a similar measurement location and compute the
average speed and total count. The aggregation is done with
an incremental reduce function over a window of one second.

The characteristics of the enrichment pipeline are listed
in Table 2. The pipeline does a join and tumbling
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TABLE 2. Processing pipeline differences.

Characteristic Enrichment Aggregation
pipeline pipeline
Input streams 2 1
Stateful operations 2 1
State small large
Shuffles 2 1
Window length short long
Keyspace quickly changing static
Key-value ratio few values per key | many values per key
Output trigger frequent infrequent

window operation. The joining key is different from the
aggregation key leading to shuffling in between the stages.
These frameworks apply shuffling for every key change and
grouping operation (e.g. join, window) to make sure that data
of the same key or group is present on the same worker.
Shuffling leads to a higher network load and higher CPU
utilization from serialization and deserialization. Both keys
contain the timestamp rounded down to second-level. This
leads to many different keys and a quickly changing keyspace.
The windows in this pipeline are very short (one second) and
trigger output frequently. This affects the behavior of the jobs,
as will be explained in the Results Section. The tumbling
window does its computations incrementally via a reduce
function. Hence, the pipeline does not need to hold state for
long periods and has a very small base state. This makes
the pipeline lighter on memory requirements. We expect this
pipeline to be mainly CPU- and network-intensive due to
shuffling and the management of the windows and state.
The second pipeline is the aggregation pipeline (Figure 2).
It ingests only one stream of data. The data is also in JSON
format. The stream is parsed into Scala case classes. After-
ward, it computes a sliding window aggregation with a slide
duration of one minute and a window duration of five min-
utes. This operation aggregates all the lanes of a measurement
ID over the entire window duration and computes the average
speed and accumulated count of the cars that passed by.
It only does a single stateful operation, leading to less shuf-
fling than for the enrichment pipeline. The aggregation can be
done incrementally with a reduce function. However, we take
a non-incremental approach to stress the state management
of the system. We keep all events as state and trigger com-
putation when the window times out. The state accumulates
to a few gigabytes for the larger throughput levels. A larger
state makes state management heavier. It increases memory
requirements and takes longer to checkpoint and to perform
garbage collection. The key of the sliding window is the
measurement ID. The keyspace does not change since the
measurement IDs are a static set of values. We have fewer
keys for this pipeline than for the enrichment pipeline and
each key has many more values to be kept in state. Output
is generated every minute and is, therefore, infrequent com-
pared to the enrichment pipeline. This affects the behavior of
the jobs, as explained in the Results Section. We expect this
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pipeline to be heavy on memory and CPU utilization due to
state management and GC.

C. INFRASTRUCTURE

To make our experiments realistic and reproducible, we run
on cloud infrastructure with state-of-the-art technologies.
We use AWS EC2 to provide underlying computing power.
We allocate six to nine m5n.4xlarge instances. The number of
instances grows with the framework cluster size that we are
testing. Each instance has 16 vCPUs, 64 GiB memory, and
a network bandwidth of up to 25 Gbps. Each instance has an
EBS volume of 500 GB with a bandwidth of up to 4750 Mbps.

On top of the EC2 instances, we deploy a DC/OS [44]
cluster. DC/OS provides an abstraction layer on top of the
EC2 instances and facilitates the deployment of benchmark
components as Docker [45] containers. First of all, we deploy
a Kafka [33] cluster as a message broker and intermediary
between data producers and consumers. We collect met-
rics of Docker containers with cAdvisor [46] and via JMX.
HDFS [47] is used to store the state of processing jobs. When
we do a benchmark run, we deploy a framework cluster and
a data stream generator that publishes one or two streams of
data onto Kafka. When the run has finished, we use a separate
component to read the output data from Kafka and save and
calculate metrics.

To make sure that the runs are not influenced by an over-
loaded DC/OS cluster, we only allocate up to 90% of the
CPUs and memory of each slave. We also closely monitor
the EC2 instances and core components of the benchmark
(e.g. Kafka broker, HDFS) to ensure that they are not the
bottleneck. Additionally, we execute each benchmark run
three times to check for consistent, reproducible results.
We relaunch the DC/OS cluster in between runs to exclude
the influence of the bad-performing EC2 instances on the
performance.

D. METRICS

OSPBench originally only monitored four metrics: latency,
throughput, total CPU utilization, and heap memory utiliza-
tion. To do our bottleneck analysis, we heavily increased the
number and depth of metrics that are gathered. OSPBench
now scrapes detailed metrics on CPU and memory utilization,
garbage collection (GC), network utilization, and filesystem
and disk I/O. In this section, we describe each of the metrics
and how we collect and compute them.

1) LATENCY

The first metric is latency. Latency is the time required to
generate an output message from an input message. In this
study, we use latency as an indicator of delays in processing
and sustainability of throughput. Latency is computed by
subtracting the Kafka message timestamps of the input and
output events. When multiple events are required to do a
computation, we count latency starting from the last input
event. Because the clocks of the different machines of the
Kafka brokers are not synchronized, we need to make sure
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that the input and output events end up on the same brokers,
as per [43]. We do this by using the same partitioning key for
the input and output.

2) THROUGHPUT

The second metric is throughput. The output throughput is
the number of messages per second that the framework emits
at its sink. The peak sustainable throughput [9] is defined
as the maximum throughput that can be sustained for a pro-
longed period without leading to instability of the framework.
A system is considered to be stable when three conditions
are met: (1) the queues on the input buffer and latency are
not continuously increasing, (2) the average CPU utilization
remains lower than 80% to keep a buffer for maintaining
running processes and (3) the median latency remains below
10 seconds for the enrichment pipeline, and below 60 seconds
for the aggregation pipeline. A system is considered to
be instable when any of the three conditions are not met.
The latency requirement is mainly important for Structured
Streaming, since it uses a dynamic batch interval for the
enrichment pipeline. As throughput increases, the batches
become larger and hence, we require latency to remain below
10 seconds to still consider it as stream processing. For the
aggregation pipeline, the batch interval of Spark Streaming
and Structured Streaming is set at 60 seconds and therefore,
we require the latency to remain below 60 seconds as well.

3) CPU UTILIZATION

We use the metric CPU utilization to determine the load
on the framework. It has a linear relationship with through-
put. Constantly elevated CPU utilization can lead to job
instability. It is acceptable for CPU levels to occasionally
reach 100% as long as this does not persist for longer periods.
We collect CPU metrics of each running container by using
cAdvisor [46]. CPU cycles can be spent on a wide variety of
tasks such as fetching data, (de)serialization, data copying,
data management operations within the JVM or kernel, etc.
Therefore, we track not only the total CPU usage but also
whether it was spent in user or system mode. Previous work
in batch analytics has shown that high total CPU utilization
does not always mean that compute is the bottleneck of the
system. The amount of time waiting on disk I/O requests
can form an important part of CPU utilization [48], [49].
We approximate the I/O wait time by subtracting the system
and user CPU utilization from the total CPU utilization. In our
visualizations, we report the total CPU usage.

4) MEMORY UTILIZATION

The second resource metric is memory utilization. Mem-
ory utilization is subject to the configuration settings of the
framework. Memory pressure can induce heavy GC cycles
which put load on the CPUs. Workers fail when GC cycles
become ineffective and memory grows out of bound. We use
memory utilization to check whether it is not monotonously
rising and to check whether garbage collection has the desired
effect. We use JMX to collect metrics on the heap and
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off-heap memory utilization and the size of each of the
memory pools: G1 Eden, G1 Survivor, and G1 Old Genera-
tion. With cAdvisor, we collect extra metrics on RSS memory,
swap memory, cache memory, page faults, and major page
faults because they can give us confirmation on whether
memory is a bottleneck of the process. In the figures included
in this paper, we report heap memory. We report on the other
metrics when informative.

5) GARBAGE COLLECTION

All frameworks make use of JVMs and therefore rely on GC
algorithms to clean up heap memory. We use the G1 garbage
collector for all frameworks, as explained in Section III-E.
Some stages in the collection process require threads to stop
processing which has a high performance cost. We use JMX
to scrape metrics on the different phases of the GC cycle.
More specifically, we monitor (1) the collection time and
collection counts of minor and major collections and (2) the
duration and change in used memory of the last G1 Young
Generation and G1 Old Generation collections.

6) NETWORK UTILIZATION

Previous work on batch analytics does not agree on
the influence of network bandwidth on performance.
Qusterhout et al. [50] state that network I/O does not have
a large effect on performance, even with 1 Gbps of network
bandwidth. On the contrary, when Trivedi ez al. [35] improved
the network of Spark and Flink workers from 1 to 10 Gbps,
they saw query response times speed up by a factor of two
and more. When improving the network further to 40 Gbps
they saw marginal improvements in performance because
the CPU had become the new bottleneck. In the field of
stream processing, network bandwidth has often proved to
be a bottleneck for frameworks such as Flink. Therefore,
we use instances that are designed for network-intensive
applications and provide up to 25 Gbps. In our runs, we ensure
that we do not use more than 4-5 Gbps to prevent network
bottlenecks. Additionally, we monitor the bytes that are
transmitted and received to identify irregularities and com-
pare shuffling behavior among frameworks. Also, we track
whether packages are dropped since this is an impor-
tant indicator of network congestion. On the level of the
EC2 instances, we monitor the CloudWatch metrics for net-
work in and network out. We do not report these metrics
throughout the paper because they are only used to check
whether or not network bandwidth was becoming a bottle-
neck for the EC2 instance. When network bandwidth was a
bottleneck, we increased the number of EC2 instances.

7) FILESYSTEM AND DISK 1/0

As mentioned before, I/O operations can have a significant
performance impact. We monitor filesystem usage and the
serviced bytes while reading and writing to disk. During
normal operations, frameworks only use filesystem or disk
if they use a RocksDB state backend [51]. This is only the
case for Kafka Streams. For other frameworks, the use of
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filesystem and disk can indicate that there is memory pressure
and that the framework is swapping data between memory
and disk. This leads to performance degradation because disk
access is slow.

E. FRAMEWORKS

We implement pipelines in four frameworks in this paper.
Using the right configuration settings for each job and adapt-
ing the configuration for each cluster size is paramount for
reliable, generalizable results, as was pointed out by previous
work [9], [13], [19]. In this section, we shortly describe each
of the frameworks and their most important configuration
parameters. The parameters in this work are tuned based on
previous experiments with OSPBench [9], [20], the recom-
mendations in the framework documentation, expert advice,
and extensive experimentation. The final set of parameters
follow standard practices and had optimal performance in our
tuning experiments, as we will explain.

We do runs with different cluster sizes to test scalability.
To use all the resources allocated to a cluster, some con-
figuration parameters need to scale along with the cluster
size, as listed in Table 3. These settings scale linearly with
the number of cores per worker. Many of these settings
appear in every framework, e.g. instance counts, and CPU,
memory, and disk allocation. For vertical scaling, we run
the worker containers with a higher allocation for CPU and
memory in the Marathon definition. Additionally, we adapt
the configuration of the framework to ensure that it uses
the additional resources. With these two prerequisites, the
frameworks manage the scheduling of tasks across all cores
out-of-the-box. The framework configuration that is adapted
for vertical scaling is described in Table 3. For Spark frame-
works, we increase the setting for the number of worker cores
and executor cores. We set the parallelism of the processing
jobs equal to the number of cores in the cluster. The paral-
lelism per worker is equal to the number of task slots for
Flink and the number of threads for Kafka Streams. This is
the recommended setting for pipelines with no data skew [52].
We also adapt the memory settings of each worker, as listed
in Table 3. For horizontal scaling, the individual worker
settings remain the same but we adapt the total parallelism
of the job. For Spark frameworks, we also need to request a
higher number of executors when submitting the job.

Another group of parameters is set based on the use case.
They do not influence whether or not the added workers are
used or not. Therefore, we keep them equal across all cluster
sizes. This also ensures that performance differences can be
attributed to the increased cluster size and not to configuration
differences. These parameters were listed in Table 4. Many
settings apply to all frameworks. One of the more important
settings is the time characteristic. Stream processing frame-
works need to have a notion of time to be able to assign events
to time windows and to discard late events. Events can be late
due to various reasons such as network delays. To assign these
late events to their correct earlier windows, some frameworks
support event time processing. With event time processing,
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TABLE 3. Cluster configuration parameters.

Parameter [ Setting
a. Apache Flink
JobManager count 1
TaskManager count 1,2,4,0r6
JobManager CPU 2
JobManager process memory 8 GB
JobManager Flink memory 7GB
JobManager disk 20 GB
TaskManager CPU 1,2,40r6
TaskManager memory 5,10, 20 or 30 GB
TaskManager Flink size memory - 2 GB
Memory managed fraction 0.05
TaskManager disk 20 GB

Number of task slots CPU of container
Default parallelism total cluster CPUs
b. Apache Kafka Streams

Instances count 1,2,4,0r6
Instance CPU 1,2,40r6
Instance disk 20 GB

Instance memory 5,10, 20 or 30 GB

Java heap memory * 0.7
Streams thread count CPU of container
Kafka parallelism total cluster CPUs
¢. Spark Streaming and Structured Streaming
Master count 1
Worker count 1,2,4,0r6
Master CPUs 2
Master memory 8 GB
Master disk 20 GB
Worker CPUs 1,2,40r6
‘Worker memory 5, 10, 20 or 30 GB
Worker disk 20 GB
Driver cores 2
Driver heap 6 GB

CPU of container
(memory — 1) ¥ 0.9
worker count
total cluster CPUs
total cluster CPUs

Executor cores
Executor heap
Nb executors
Default parallelism
SQL shuffle partitions

the framework bases processing on the timestamps within the
events. A detailed explanation of this mechanism has been
given in [2]. Most use cases require this time characteristic
to ensure correctness in case of late data. Therefore, we use
this time characteristic in our experiments when possible.
The only exception is Spark Streaming, which only supports
processing time. In that case, the event is assigned to windows
based on the moment it entered the framework.

When you use event time processing, most frameworks
request a tolerance interval for late data. Data is only incorpo-
rated in the results if it is not later than this threshold. We set
the tolerance interval for late data to 50 ms. This refers to the
out-of-orderness bound for Flink and the watermark setting
of Structured Streaming. These settings increase the latency
of events. It attaches an extra buffering period to the end of
the window operations. For Flink, we also set the watermark
interval which describes the interval at which the water-
mark is computed. Kafka Streams makes use of a different
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TABLE 4. Job configuration parameters. Specific pipeline parameters are
noted with S1 for the enrichment pipeline and S2 for the aggregation
pipeline.

a. Apache Flink (v1.11.1)

Parameter Value Default
Time characteristic event time processing time
Watermark interval 50 ms /
Out-of-orderness bound 50 ms /
State backend FileSystem InMemory
Checkpoint interval 60s None
Object reuse enabled disabled
b. Apache Kafka Streams (v2.6.0)
Parameter Value Default
Commit interval ms S1: 1s, S2: 60s 30 000
Grace period Ss 0 ms
Producer compression 1z4 none
Producer batch size 200 KB 16 KB
Buffer memory bytes 48 MB 32 MB
Fetch min bytes 10 KB 1 byte
Topology optimization optimize none
Window changelog retention 10 min 1 day
Garbage collector G1GC Parallel GC

c. Spark Streaming and Structured Streaming (v3.0.0)

Parameter Value Default
Serializer Kryo Java
Garbage collector G1GC Parallel GC
Initiating heap occupancy 35% 45%
Parallel GC threads total cores /
Concurrent GC threads 50% of cores /
MaxGCPauseMillis 200 200
Micro-batch interval (sp.) S1: 1s, S2: 60s /
Trigger interval (str.) S1:0, S2: 60s /
Block interval ms 1000/parallelism 200
Locality wait ms 100 3000
Min. batches to retain 2 100
‘Watermark ms (str.) 50 /
Watermark policy (str.) max min

((str.) refers to Structured Streaming; (sp.) refers to Spark Streaming)

mechanism because of its Dual Streaming Model [53]. Win-
dow operations in Kafka Streams immediately send out an
update for each incoming record. These records can then be
filtered for completeness. The grace period in Kafka Streams
describes the lateness limit for sending out updates. It has,
therefore, no direct influence on the latency so we can put it
at a higher value of 5 seconds.

Finally, we tuned the GC algorithms of the frameworks.
We compared CMS and GIGC for Kafka Streams and
found lower CPU utilization with G1GC. Further tuning of
the G1GC configuration parameters did not lead to further
improvements so they were left at the defaults. For Spark and
Structured Streaming, we compared Parallel GC and G1GC.
Based on [54], we adapt the parallel and concurrent GC
threads of G1GC to fit the size of the cluster and reduce the
initiating heap occupancy to 35% to trigger more frequent but
less heavy garbage collection cycles. Also in our sensitivity
analysis, we found the best performance for this combination
of parameter settings. Flink has its own memory management
system and does not require advanced GC tuning [55].
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1) APACHE FLINK

Apache Flink [56] is an open-source stream processing
framework that positions itself as a fast, in-memory, scalable,
distributed processing system for unbounded and bounded
data [28]. Since its first release in 2014, it has gained
widespread adoption by companies such as Alibaba, AWS,
Uber and Zalando.

Most processing pipelines need to store the state of inter-
mediate computations, which are updated as data comes in.
This state is stored in a state backend. Flink offers three state
backends [28]. The memory state backend is recommended
purely for development purposes. The file system backend
can be used for production systems with state that fits on the
heap. The RocksDB backend should be used for production
systems with a large state that cannot fit on the heap. The state
of our pipelines fits on the heap and, therefore, we use the file
system state backend backed by HDFS for persistent storage.

The interval at which the state is backed up on HDFS
is set by the checkpoint interval. A high interval leads to
longer recovery periods in case of a failure. When a job
fails, Flink restarts it from the last successful checkpoint. The
older the checkpoint, the longer the recovery period will be.
A low checkpoint interval leads to high processing overheads
because checkpointing can become heavy for larger state
sizes. Based on this trade-off, we checkpoint every 60 seconds
which is not too high and not too low.

The file system backend stores the state on the heap mem-
ory. To store as much state as possible, we maximize the heap
memory by setting the managed memory fraction to a very
low value. Managed memory is not used in our pipeline and
this memory can, therefore, be allocated as heap memory. The
documentation of Flink recommends this setting [28].

Finally, we enable object reuse since this is recommended
by the Flink documentation for production workloads. The
setting enables reusing objects for better performance. The
setting is not enabled by default because it can cause issues
when the user code is not able to handle this [28].

2) APACHE KAFKA: KAFKA STREAMS
Apache Kafka [32], [33] is a distributed message broker,
which forms a reliable, scalable, robust intermediary between
data producers and data consumers [33], [53]. The develop-
ers of Apache Kafka, implemented a library called Kafka
Streams [31] that allows data transformations on top of data
residing in a Kafka cluster. To run a Kafka Streams appli-
cation, we spin up one or multiple containers with the same
application logic and consumer ID. Each instance of the
application connects to the Kafka cluster and relies on Kafka
to distribute partitions over threads and for fault tolerance.
This means that Kafka Streams applications do not require
a pre-deployed processing cluster such as Flink and Spark,
which greatly simplifies deployment.

One of the most important parameters of Kafka Streams
is the commit interval. This setting manages how frequently
records are committed. It, thereby, influences how often
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output is emitted [31]. Therefore, we set the commit interval
equal to the slide intervals of the windows in our pipeline. The
commit interval is one second for the enrichment pipeline and
60 seconds for the aggregation pipeline.

We base ourselves on [57] for optimizing our job settings
for different objectives such as throughput, latency, and scal-
ability. To reduce the number of requests, we increase the
batch size of the producer to 200 KB. This reduces the load on
the producers and brokers. We use 1z4 compression to reduce
the size of messages. We increase the buffer memory and the
number of bytes that are fetched per request to the broker,
as per [57].

Merely following the recommendations of [57] did not lead
to sufficiently good performance. We also had to set fetch
min bytes, which determines the minimum amount of data
the server should return for a fetch request. The request is
only answered when the buffer is full, leading to increased
latencies. When we set the parameter to the recommended
100 KB the average CPU utilization decreased 17 percent but
the median latency increased from 800 to 1800 ms and the
P99 latency rose to 7300 ms. When we leave the parameter
at the default value the maximum sustainable throughput is
much lower because the CPU threshold of 80% is reached
much sooner. Therefore, we put this value to 10 KB which
guards our latency performance but still reduces the load on
the CPU.

For higher throughput levels, we noticed that the job
became unstable after 20 minutes when it started cleaning
state. The load of cleaning the state was so high that it
made the framework unstable. To mitigate this, we shortened
the retention time of state in windowing operations to ten
minutes. Now, the job remained stable and state cleanup
happened more promptly.

We can conclude that Kafka Streams requires tuning of a
broad range of parameters. Many of these parameters have
large effects on latency, throughput, and resource utilization.
Even though a highly tunable system is an advantage for
some use cases, it is still a lengthy process to go through
all documentation and find a parameter set that gives good
all-round performance.

3) APACHE SPARK: SPARK STREAMING AND STRUCTURED
STREAMING
The last two frameworks are part of the Apache Spark ecosys-
tem [58]. They were developed by Databricks and have a
strong and active community. Spark Streaming [52] is the
older API and is based on the DStream and RDD API [59].
Structured Streaming [60] was released more recently and
offers a high-level processing API. Structured Streaming uses
the Spark SQL engine to do pipeline optimizations. The
Spark SQL and Structured Streaming APIs are unified and
can run batch and streaming workloads with minimal code
changes.

A Spark cluster runs as a master-slave architecture [58].
The application running on the cluster exists of a driver and
executors. The driver runs the application and connects to
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the Spark master to request resources for the executors. The
executors execute the tasks scheduled by the driver. Spark
applications can run in either client mode or cluster mode.
In cluster mode, the driver of the application runs on the work-
ers. In client mode, the driver runs as a separate container.
We use client mode to fully use the resources of the workers
for processing.

As recommended by the Spark documentation [58], we use
Kryo serialization since it is faster than the default Java serial-
izer. This setting is not the default because it requires manual
registration of classes within the pipeline. We register all
classes for both Spark Streaming and Structured Streaming.

Spark Streaming and Structured Streaming are micro-batch
frameworks. This means that they buffer data at the pipeline
source and trigger processing at specified intervals. Spark
Streaming uses a fixed micro-batch interval. We set this
equal to the window slide interval which is one second for
the enrichment pipeline and one minute for the aggregation
pipeline. Within a batch interval, data is split into partitions
based on the block interval. Therefore, we set the block
interval equal to the batch interval divided by the desired par-
allelism. Structured Streaming works with a fixed or dynamic
batch interval. With a dynamic batch interval, the framework
processes batches as fast as possible. The batch interval is
then equal to the processing time of the preceding batch [61].
We use this setting for the enrichment pipeline and enable
it by setting the trigger of our sink operation to zero. For
the aggregation pipeline, we set the trigger of Structured
Streaming at a fixed interval of one minute. By setting the
batch intervals equal to the window durations, we trigger
output for each window as quickly as possible which would
be desired in a real-world scenario.

Structured Streaming infers the minimum and maximum
event time of a batch after the computation has finished.
By default, Structured Streaming uses the minimum times-
tamp as its internal time notion. This means that the water-
mark is lower than the event time of most events in the
batch and that most events are buffered for multiple intervals
before they are emitted. This causes high latencies for stateful
operations. To speed up the emission of output, we use the
maximum timestamp of the batch as the time notion of the
system. Events are then buffered for fewer trigger intervals.
However, events of slower streams get dropped aggressively.
The streams in our use case were not delayed so we did not
experience any message loss.

The scheduler of Spark takes into account several factors
when scheduling tasks on executors. One of these factors is
data locality. The executor tries to schedule tasks as close
to the data as possible, preferably within the same JVM.
When there is no core is available in that JVM, it waits
a specified time interval before scheduling the task further
away. This period is set by the locality wait time parameter.
By default, this is set to three seconds, which is too high for
streaming jobs because most tasks are small and often take
less than a second. Therefore, we reduce the locality wait
time to 100 ms to avoid unnecessary delays in the scheduling

VOLUME 9, 2021

of tasks. For scalability runs with workers with 6 CPUs
and 30 GB, we further lower the locality wait to O ms for
Spark Streaming because we noticed an uneven distribution
of tasks over executors. Finally, to reduce memory pressure,
we decrease the minimum number of batches to retain to two.

F. SCALABILITY WORKLOAD

The main selling point of distributed stream processing
frameworks is their built-in scalability. In practice, a cluster
is scaled up when it needs to sustain higher throughput.
Scaling a cluster implies increasing its resources, i.e. CPU
and memory (Table 3). These extra resources are either added
to the existing workers or via additional workers. To make
use of these extra cores, the parallelism of the job also needs
to increase. The third type of resource used by the frame-
work is network bandwidth. In our experiments, the network
bandwidth available to the cluster is not explicitly scaled but
we ensure that the EC2 instances are not using their entire
bandwidth, as explained in Section III-D6. Because we make
sure that the network bandwidth is not the bottleneck of the
processing job, it does not influence the scalability. Moreover,
we do not experiment with network saturation in relation to
scalability because it is hard to control. Network saturation
happens at the level of the EC2 instance. Since we run on
public cloud infrastructure, the available maximum network
bandwidth can fluctuate and has no stable limit. Additionally,
we have multiple components running on the same DC/OS
cluster. When the network is saturated, all components suffer,
e.g. the data generator which publishes data onto Kafka,
the Kafka brokers themselves, etc. Therefore, it is hard to
attribute performance degeneration to the right component.
Because of this, we focus on studying CPU and memory
bottlenecks. These can be easily controlled via resource allo-
cations to the framework containers. At an instance level,
we allocate less than 90% of its available CPU and memory.
We do this to make sure that the cluster components are
always able to fully use their allocated resources.

The analyzed cluster layouts are listed in Table 5. We study
two types of scaling: horizontal and vertical. Horizontal
scaling implies an increase in the number of workers while
the resources per worker remain equal. This form of scal-
ing drives parallelism and is often cheaper because smaller
instances are often cheaper than very large instances. On the
contrary, it is also the most complex direction for scaling
since it increases overheads related to coordination and data
transfer. For horizontal scaling, we analyze clusters with 1, 2,
4, and 6 workers. Each worker has 6 CPUs and 30 GB mem-
ory. In vertical scaling, the available resources per worker
are increased, while keeping the number of workers equal.
We experiment with workers with 1 CPU and 5GB memory,
2 CPUs and 10 GB memory, 4 CPUs and 20 GB memory
and 6 CPUs and 30 GB memory. By evaluating both types
of scalability we can infer the optimal cluster layout for a
processing job, i.e. many small instances versus fewer large
instances.
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TABLE 5. Results for scalability: maximum sustainable throughput in
messages per second for each cluster size. Cells with similar colors show
clusters with similar total resources but a different cluster layout. The
percentages in between the rows represent the scaling efficiency. 100 %
indicates perfect scaling, a higher number indicates superlinear scaling,
a lower number indicates sublinear scaling.

a. Enrichment pipeline
l [ Flink [ Kafka [ Spark [ Struct.

Horizontal scaling (6 CPU; 30 GB per worker)

1 worker 180 40K 220K 80K
2 workers 310K 80K 370K 160K
86% 100% 84% 100%
4 workers 610K 160K 680K 300K
98% 100% 92% 94%
6 workers 800K 245K 880K

102% 86%
Vertical scaling (6 workers)

1 core; 5 GB 140K 40K 230K 40K
2 cores; 10 GB 350K 95K 410K 160K
125% 119% 89% 200%
4 cores; 20GB | 610K 160K 770K 310K
87% 84% 94% 97%

6 cores; 30 GB

102% 76% 82%
b. Aggregation pipeline
[ Flink [ Kafka [ Spark [ Struct.
Horizontal scaling (6 CPU; 30 GB per worker)

1 worker 40K / 160K 140K
2 workers 80K / 330K 310K
100% / 103% 111%
4 workers 180K / 590K | 590K
113% / 89% 95%
6 workers /

Vertical scaling (6 workers)

1 core; 5 GB 40K / 110K 100K
2 cores; 10 GB 90K / 290K 290K
/ 113% / 132% 145%

4 cores; 20 GB 160K / 690K 590K
89% / 119% 102%

6 cores; 30 GB / 900K
/ 102%

With the cluster sizes that are tested, some frameworks
can process up to 800 000 messages per second (see Results
Section). This number is far above the requirements of most
use cases. Therefore, we consider these cluster sizes to be
large enough and representative of most real-world deploy-
ments for our pipelines.

In our experiments, workers run on different machines and
are never colocated. This is the most challenging scenario for
scalability because it increases the number of data shuffles
over the network. We also consider this to be the most realistic
scenario because, in practice, these clusters run on large
infrastructures where the chances are high that workers are
not colocated on nodes.

For each cluster layout, we determine the peak sustain-
able throughput and the resource bottleneck. We follow the
same approach as OSPBench [9] to measure peak sustain-
able throughput. We inflate the input stream to increas-
ing throughput levels and analyze the latency and resource
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utilization to determine whether the framework can handle
the throughput.

Because a throughput increase is the main objective of
scaling, we define the scaling efficiency as the percentage
of intended throughput that was realized. To compute this,
we compare the throughput with that of a base cluster. The
base cluster is the cluster that is one step smaller in the same
scaling direction. We first compute the throughput increase
factor (TIF) as the percentage of throughput increase as a
result of the scaling, TIFp = TITJIZ ; - and the resource increase
factor (RIF) as the percentage of resource increase due to
scaling, RIFp = R}ZCZ - with P as the increased cluster scale.
The scaling efficiency can then be computed by dividing the
TIF and RIF.

TIFp  TPp * Rpgse
" RIFp  TPpuse * Rp

We compare each cluster size with the cluster one step
smaller because we believe this gives the most detailed infor-
mation on how scaling efficiency evolves as the cluster grows.
Additionally, these frameworks are not meant to run on small
instances. Comparing the performance of large clusters to
clusters that are too small, gives a tainted view of high scaling
efficiency.

Multiple studies on the scalability of distributed sys-
tems [6], [62] state that additional quality-of-service metrics
should be taken into account, besides scaling efficiency. Even
though the goal of scaling is to increase throughput, it must
not harm other performance metrics. Therefore, we also take
into account the effect on latency, which is the second-most
important metric for stream processing jobs.

Effp

IV. RESULTS

In this section, we discuss the results of our experiments.
The scalability results have been summarized in Table 5 and
Figures 3 and 4. In Table 5, you can find the peak sustain-
able throughput for each cluster layout and the scaling effi-
ciency. These results are translated into throughput per CPU
in Figures 3 and 4. First, we determine the peak sustainable
throughput and resource bottleneck of every cluster layout,
pipeline, and framework. Afterward, we link these results to
the scaling efficiency and describe its influencing factors.

A. PEAK SUSTAINABLE THROUGHPUT AND RESOURCE
BOTTLENECK

Before we evaluate scalability, we briefly discuss the behav-
ior and throughput bottleneck of each pipeline and frame-
work.

1) APACHE FLINK

When we execute the enrichment pipeline for Flink, we notice
that latency remains at a similar level for all sustainable
throughput levels. When the peak throughput is reached,
the buffers on the input queues start increasing and latency
starts rising. When this happens, CPU utilization is between
60% and 70% so this is not the limiting factor. Once the
job becomes unsustainable, the CPU utilization jumps to
nearly 100 %. For the aggregation pipeline, CPU utilization
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FIGURE 4. Aggregation pipeline: throughput per CPU for each resource
increase factor (RIF) for horizontal and vertical scaling.

increases gradually until it passes 80% and the job becomes
unstable.

For the unsustainable runs of both pipelines, we notice
that CPU utilization in user mode is above 80%. When
we compare the metrics of sustainable and unsustainable
runs, we notice that this is mainly due to heavy garbage
collection. For example, the garbage collection time of the
enrichment pipeline rose by 250% (to more than 6 minutes)
when the throughput was increased from 38K to 48K msg/s.
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A throughput of 38K msg/s was still sustainable, while
48K msg/s was unsustainable. The time spent on GC starts
increasing when RSS memory hits the container limits,
i.e. 5 GB for the smaller containers and 28 GB for the larger
ones. Flink makes use of GIGC. By default, this algorithm
tries to keep the duration of minor GC cycles below 200 ms.
When we look at the duration of the G1 Young Generation
collection, we notice that this is getting out of control with
peaks above 2 and 5 seconds. When we increase the load
further, we see major GC (G1 Old Generation) kicking in with
stop-the-world pauses of up to 8 seconds. This means GC is
losing its effectiveness and the system is becoming unstable.

As expected, the base state of the enrichment pipeline
is much smaller than that of the aggregation pipeline.
The aggregation pipeline buffers each incoming event for
5 minutes. The enrichment pipeline can discard state after
one second, so the used heap memory after a GC cycle is
only a few MBs large. This makes GC very efficient and fast.
The G1 Young Generation duration remains below 200 ms
at all times for sustainable runs. For the aggregation pipeline,
GC is much heavier. The G1 Young Generation duration often
takes more than one second when a new window has been
processed, even for sustainable runs.

To conclude, memory pressure and heavy GC cycles are
the cause of unsustainability for both Flink pipelines. GC is
heavier for the aggregation pipeline. Therefore, the sustain-
able throughput of the aggregation pipeline is much lower
than that of the enrichment pipeline for Flink.

2) APACHE KAFKA: KAFKA STREAMS
Kafka Streams becomes unsustainable when CPU utilization
passes the 80% threshold. These CPU cycles are mainly spent
in user mode. The GC collection time over the entire run
is not high enough to be the main culprit of this. When we
do more detailed profiling, we notice that tasks related to
state management are the main CPU hotspot. Kafka Streams
uses RocksDB to keep state and CPU time is mainly spent
on flushing, seeking, putting, and getting data, etc. We did
several experiments to see if we could alleviate the load.
In version 2.6, the flushing of the state stores is tight to the
commit interval (one second). This gives a high load on the
state store when it needs to process considerable amounts of
state. When we raise the commit interval to ten seconds, peak
throughput increases, confirming the results of [19], but the
median latency grows to almost 6 seconds and p99 latency
becomes more than 10 seconds. In a future version of Kafka
Streams, the flush interval will be decoupled from commit-
ting results so that latency and cache/ RocksDB performance
are not linked anymore. Also, RocksDB spills to disk which
is a very expensive operation. As an experiment, we used
the in-memory window stores but the load remained high.
Mainly because there are many small windows in our job,
which causes methods such as the one for registering new
window stores to consume a lot of CPU time.

As explained, Kafka Streams had difficulties with state
management for the enrichment pipeline. The aggregation
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pipeline requires much more state to be kept and Kafka
Streams is not able to reach reasonable performance. The
aggregation pipeline is designed to stress the state manage-
ment aspects of the framework. The same pipeline can be
implemented with incremental windows which would alle-
viate the issues for this specific use case but would fail the
objective of this experiment. Because of this, we left Kafka
Streams out of the comparison for the aggregation pipeline.

3) APACHE SPARK: SPARK STREAMING

Spark Streaming is a micro-batch framework. This influ-
ences its behavior. For both pipelines, latency does not
remain constant as throughput increases because the size of
a batch becomes larger and it takes longer to process it.
CPU utilization increases linearly with throughput, as for
the event-driven frameworks. Both pipelines have different
throughput bottlenecks.

For the enrichment pipeline, Spark Streaming becomes
unsustainable as soon as it cannot get through the processing
delay at startup. The first batches always take longer due to
the heavy initialization overhead of Spark. If there is no spare
CPU capacity to catch up with this delay, the system becomes
unstable. In the last sustainable run, it took the framework
almost 15 minutes to catch up. Previous work argues that
Spark is not very CPU efficient, e.g. [39], [41]. Due to
inefficiencies in their micro-batch approach, Spark Streaming
and Structured Streaming do not reach 100% CPU utilization.
When we look at the DAG of the enrichment pipeline, we see
that the job gets split into four stages. The first two stages
are parallel stages for the ingest of the flow records and the
speed records. The third stage is the joining stage and the final
stage is the aggregation stage. When the batch interval times
out, the batch is processed stage by stage and the framework
waits for a stage to finish before continuing with the next
one. This means that when one task takes longer than another
task, all the other cores remain idle until the task finishes and
they can continue to the next stage. This idle time leads to
resource inefficiency and increased latencies because each
stage is as slow as its slowest task. This can be improved
by increasing the number of (shuffle) partitions. However,
this didn’t improve performance for our use case because it
increased scheduling overheads and other delays.

The aggregation pipeline behaves differently. The process-
ing of the initial batches is much lighter because the batch
interval is much larger and not much state has accumulated
yet. Every minute the window is triggered and we see a
peak in latency, CPU, and memory. Eventually, the mem-
ory becomes the bottleneck. For cluster layouts with small
instances memory fills up, while for cluster layouts with large
instances the memory management overheads become too
large.

In the beginning of unsustainable runs with small
instances, memory usage increases and page faults show
peaks. When memory limits are hit, Old Generation GC is
triggered which sets off a train of effects. CPU utilization
is 100% for the instance doing the Old Generation GC but
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is 0% for the other instances. Once Old Generation GC is
triggered, latency starts increasing continuously. To reduce
memory pressure, the job also occasionally starts writing to
disk. The final sustainable runs also triggered Old Genera-
tion GC but did not yet write to disk. When the job starts
writing to disk, the GC collection time soars, and eventually,
the executor dies.

When we run the aggregation pipeline with one large
instance, we see slightly different behavior when throughput
becomes unsustainable. The job does not run out of memory
but GC starts taking so much time that CPU becomes the
bottleneck. The CPU utilization is continuously above 80% to
process the batches in time and clean up memory. The peaks
in the duration of G1 Young Generation GC go far above
the 200 ms pause threshold, up to 2 seconds, and the total
GC collection time is above 8 minutes for a run of 30 minutes.
There is no writing to disk yet and all three memory pools
clean up well after a GC cycle. The heavy GC cycles cause
a high load on the CPU cores. When throughput is increased
further, the CPU utilization remains constantly at 100% and
the job becomes unstable and eventually fails.

To conclude, the enrichment pipeline became unstable
because the batch processing time did not leave enough buffer
to catch up with the startup delay. The aggregation pipeline
was memory-intensive and failed either because the executor
went out-of-memory or because GC started consuming too
much CPU time.

4) APACHE SPARK: STRUCTURED STREAMING

The behavior of Structured Streaming is quite similar to that
of Spark Streaming. For the enrichment pipeline, the frame-
work becomes unsustainable when there is not enough CPU
buffer to catch up with the startup delay. The final sustainable
run was only able to get through the startup period after
25 minutes. The initialization overhead of Structured Stream-
ing is larger than that of Spark Streaming because it is based
on Spark SQL and does more optimizations under-the-hood
at startup. This leads to a lower sustainable throughput for
Structured Streaming than for Spark Streaming in the enrich-
ment pipeline.

The aggregation pipeline requires heavy state manage-
ment. Since it takes a while for the state to build up and
since the batch interval is quite large, the startup period
is easier and is not the cause of unsustainability. For this
pipeline, memory management becomes the bottleneck. Dur-
ing the first minutes of an unsustainable run, we see a steep
increase in heap memory usage. After six to seven minutes,
G1 Young Generation GC duration starts peaking and G1 Old
Generation GC is triggered. However, GC is not effective
at cleaning up memory. The collection time skyrockets. The
executors start writing to disk and eventually they fail. For the
final sustainable runs, the duration of Young Generation GC
surpasses the 200 ms pause goal and Old Generation GC is
frequently triggered, but the job still shows stable latency and
memory patterns.
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Besides the different throughput bottlenecks, we also
notice some other differences in behavior between the two
pipelines. The enrichment pipeline processes as fast as possi-
ble with a dynamic batch interval which grows as throughput
increases. The median latency is around 10 seconds when the
framework becomes unsustainable. At this point, the batch
interval is around 3 to 4 seconds. Events are buffered for mul-
tiple intervals due to the mechanism of Structured Streaming
for watermark propagation, as described earlier. This happens
for both the join and the window operation. The aggregation
pipeline, on the contrary, only has one stateful operation.
Also, we manually set the processing trigger at one minute,
which leads to a very different latency pattern that is similar
to that of Spark Streaming. The batching mechanism now
works very similarly for both frameworks and the sustainable
throughput is also approximately equal. Structured Stream-
ing benefits more from longer batch intervals than Spark
Streaming. Two reasons for this are that Structured Streaming
checkpoints every batch interval and that the overhead from
event-time processing is larger. Further CPU and memory
utilization differences between the pipelines are similar as for
Spark Streaming.

In summary, we notice different causes of unsustain-
ability for different pipelines. The enrichment pipeline is
CPU-bounded, while the aggregation pipeline suffers from
memory pressure.

5) CONCLUSION

The enrichment pipeline has two chained stateful opera-
tions that require shuffling, short windows with frequent
output, and a quickly changing state. The shuffling and
the managing of the short windows, make this pipeline
CPU-intensive. Due to this, Kafka Streams, Spark Streaming
and Structured Streaming are CPU-bounded. The bottleneck
of Kafka Streams is in the maintenance of its RocksDB state
backend. Due to the short windows and commit interval, a lot
of CPU cycles are spent on flushing, seeking, and putting
data into the state backend. Spark Streaming and Structured
Streaming mainly have difficulties with catching up with the
startup delays. Both frameworks have a heavy initialization
overhead, and if there is not enough spare CPU capacity per
batch interval, delays start accumulating and the framework
becomes unstable.

The aggregation pipeline uses only one stateful operation
with a larger window, a larger base state, and less frequent
output. This causes memory and memory management (GC)
to become the bottleneck. To stress the state management
system of the framework, we use a non-incremental window
implementation that requires a large state to be kept to com-
pute the window results. With small instance sizes, jobs go
out of memory and fail. With larger instances, GC starts tak-
ing up a lot of the CPU capacity. Eventually, the framework
does not have enough CPU cycles left to process all events
and becomes unstable. We see this happening for Flink, Spark
Streaming, and Structured Streaming. For Kafka Streams,
the management of the RocksDB state backend becomes so
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heavy that it is incapable of reaching reasonable throughput
so we left it out of the results for this pipeline.

Because both pipelines have very different characteris-
tics, the peak sustainable throughput also varies significantly
(Table 5). Flink, Kafka Streams, and Spark Streaming reach
much higher throughput with the enrichment pipeline than
with the aggregation pipeline. The only exception is Struc-
tured Streaming which suffers from the chained stateful oper-
ations of the enrichment pipeline because of its watermark
propagation mechanism. It also benefits from the large batch
interval of the aggregation pipeline because it has a signifi-
cant processing overhead for each batch (e.g. checkpointing,
watermark propagation, etc). The large batch interval and
small state at the beginning of the run make it easier to get
through the startup period.

Finally, we want to stress again that the largest cluster
sizes of some frameworks can process over 800 000 messages
per second. We consider this to be more than would be
required for most real-world use cases. Therefore, we do not
further increase our clusters.

B. SCALING EFFICIENCY

Before we discuss the scaling efficiency, we want to remind
the reader that throughput is measured by step-wise increases
in throughput while checking for sustainability. Sustain-
able throughput is therefore only precise up to the step
size, which is around 10K for smaller cluster sizes and
around 20K for larger cluster sizes. This means that the
throughput and scaling efficiency are approximations and
should not be seen as precise up to a percentage level. Mea-
suring the exact peak sustainable throughput is impossible
because it is not a static number. Every run is subject to
some external uncontrollable factors such as a momentary
increase in network delay. These factors differ across runs
and can cause runs on the edge of sustainability to some-
times succeed and other times fail. Additionally, it would
take a very large number of runs to determine throughput
at a fine-grained level. A single run needs to last at least
30 minutes which makes it very time-consuming with little
extra gains. Therefore, we opted for a precision of 10K-20K.
Most runs have a sustainable throughput above 150K so this
gives us satisfactory precision. Finally, we only consider a
throughput level sustainable if all three runs for that level
were sustainable.

When we look at the results, we can determine some
interesting patterns. These patterns help us determine the
influencing factors of scalability. Since scalability is tightly
related to peak throughput, these factors also influence the
throughput bottleneck. Based on our experiments, we deter-
mine five factors that influence the scalability of processing
jobs.

1) INFLUENCE OF INITIAL CLUSTER LAYOUT AND SCALING
DIRECTION ON SCALING EFFICIENCY

When looking at the results, we notice that the efficiency of
scaling depends for a large part on the initial cluster layout
and the scaling direction.
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First of all, we often see a superlinear throughput increase
when scaling from one core to two cores. We see an increase
in throughput per CPU when going from one core to two
cores for most frameworks in Figures 3 and 4, and in Table 5
we see efficiency numbers above 100%. The frameworks
themselves create an overhead that is significant for small
cluster sizes. A part of this overhead is fixed and is equally
large for small and large instances. An example of this is the
heap memory of Spark frameworks. The formula for heap
memory is (memory — 1GB) % 0.9. This leads to an overhead
of 28% for an instance with 5 GB memory but only an
overhead of 13% for an instance with 30 GB. Consequently,
the overhead is especially large for a cluster with many small
instances (6 workers, 1 CPU, 5 GB). The heap size of one
instance with 30 GB memory is 26 GB. The total heap
size of six instances with 5 GB is only 21 GB. Therefore,
the superlinear throughput increase when scaling up from the
smallest worker sizes can be contributed to the superlinear
scaling of available resources for the pipeline computations.
Additionally, using many small instances increases the over-
head in communication, coordination, and data transfer. This
overhead is much smaller for a few large instances.

On a side note, it is important to keep in mind that mul-
tiple smaller workers increase fault tolerance. When one
worker fails, there are multiple other workers available to
take over. This is not the case when there are just one or two
workers.

Scaling horizontally or vertically leads to a trade-off
between GC time and communication overhead. Using multi-
ple smaller workers increases communication costs between
workers and between the workers and the master. With larger
workers, the heap size increases and GC becomes more
costly. For our pipelines, vertical scaling works better for
smaller instances. As instance size grows, the relative over-
head per instance reduces. When instances have reached
2 to 4 cores, the efficiency of horizontal and vertical scaling
converges. Once instances are large enough to suffer less from
the overheads, we see slightly better performance for more
smaller instances than for fewer large instances. This can be
seen in Figures 3 and 4 by the vertical scaling line which is
often slightly higher than the horizontal scaling line.

2) INFLUENCE OF PIPELINE DESIGN ON SCALING
EFFICIENCY

The second influencing factor is pipeline design. The char-
acteristics and complexity of the pipeline operations heav-
ily influence the throughput bottleneck. Independent of the
framework, an inefficient pipeline definition can induce bot-
tlenecks and limit scalability.

For the enrichment pipeline, we observe a diminishing
efficiency for increasing cluster sizes for all frameworks
except for Kafka Streams. We see a clear diminishing slope
in Figure 3 and a decrease in the scaling efficiency in Table 5.
Scaling from 1 to 2 cores or from 1 to 2 workers has the
highest return in terms of scaling efficiency. As more cores
or workers are added, the extra gains diminish. These results
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are consistent with Amdahl’s law [63] which, in simple terms,
states that the efficiency of scaling diminishes for larger
cluster sizes due to sequential tasks that do not benefit from
the extra parallelism. This phenomenon has been consis-
tently proven and confirmed for batch workloads in literature,
e.g., [35], [37]-[39], [41]. Amannejad et al. [41] describe the
increased shuffling overhead that comes with larger cluster
sizes. This leads to more (de)serialization operations, network
latencies, delays, synchronizations between threads, blocking
I/O operations, etc. The inefficiencies caused by this have
been confirmed by [35] and [39]. Most of this overhead is
related to shuffling and is more demanding for CPU than
memory. The enrichment pipeline is mainly CPU-bounded so
this causes a sublinear throughput increase.

The scaling efficiency of the aggregation pipeline is
approximately constant when scaling up higher than 2 work-
ers or 2 cores (Figure 4). This pipeline is mainly heavy on
memory usage and management and much less on CPU and
shuffling. As the cluster size increases, overheads reduce and
scaling stays fairly efficient.

We conclude that different processing pipelines stress dif-
ferent parts of the computing system and, thereby, influence
the efficiency of scaling. In this section, we did not yet discuss
the combined effects of framework design decisions and
certain characteristics of the pipeline (e.g., frequent output,
multiple stateful operations, large state, etc.). This will be the
topic of the next section.

3) INFLUENCE OF FRAMEWORK DESIGN ON SCALING
EFFICIENCY

The framework design also influences the scaling efficiency.
Figure 3 and Table 5 show that Kafka Streams scales approx-
imately linearly as cluster size increases and the difference
between horizontal and vertical scaling is marginal. This
can be attributed for a large part to the framework design.
The Kafka Streams job becomes unsustainable due to CPU
pressure from maintaining the state in the RocksDB back-
end. As we explained in the previous section, the commit
interval and flushing interval are coupled. When we trig-
ger frequent output, this causes heavier state management.
Since CPU is the bottleneck, doubling CPU power doubles
the peak throughput. However, for most frameworks, this
would also increase communication costs and therefore lead
to a sublinear throughput increase. This is not the case for
Kafka Streams because shuffling does not happen directly in
between instances or threads but is done by channeling all
data through intermediate Kafka topics. This means that the
shuffling cost of an event remains the same for all possible
cluster layouts and sizes. For example, we measure the same
network transfer for a cluster with a few large instances
(1 worker, 6 CPU, 30 GB) as for a cluster with many small
instances (6 workers, 1 CPU, 5 GB). This mechanism leads
to a lot of redundant shuffling. Because of this, the peak
throughput is low compared to other frameworks, but we
do not notice a diminishing efficiency when scaling. Our
results give more nuance to the only previous study [19] on
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the scalability of Kafka Streams. This previous study did not
adapt the configuration parameters to the cluster size. When
investigating instances of different sizes (0.5 CPU with 2GB,
1 CPU with 4 GB, and 2 CPU with 8GB), each instance
still had only one processing thread configured. Therefore,
no substantial performance difference was noted between
using 1 CPU and 2 CPUs. When going from 0.5 CPU to
1 CPU, they found that they could handle more than double
the amount of throughput. Here, the single processing thread
was able to benefit from the increase in resources. We also
found that Kafka scales linearly when it makes full use of its
resources. We also show that Kafka Streams is still able to
benefit from vertical scaling as instance sizes get larger than
2 CPUs. Even though it was not explicitly mentioned in [19],
their results also show no signs of diminishing efficiency,
similar to ours.

Additionally, in the previous section, we described the
superlinear throughput increase of vertical scaling of very
small instances. Structured Streaming shows the highest
superlinear throughput increase and this is related to its
design. It has a scaling efficiency of 200% for the enrich-
ment pipeline and 145% for the aggregation pipeline. This
is also visible in Figures 3 and 4 because the vertical scaling
line is often slightly higher than the horizontal scaling line.
When we use a cluster with six small instances, there is not
enough memory to ingest the first batches of data. To avoid
overflowing memory, we set the maximum number of offsets
per trigger to the equivalent of 20 seconds of input data. This
increases the maximum throughput that can be sustained.
Nonetheless, it is still much less than the throughput of
Spark Streaming for the enrichment pipeline. We described
the differences between Spark Streaming and Structured
Streaming in Section IV-A. We explained how Structured
Streaming does not perform well on stateful pipelines with
short micro-batch intervals due to high startup delays, state
management overhead, and its watermark mechanism. For
larger cluster sizes, the peak throughput of Structured Stream-
ing is reached when latency crosses the threshold. The rea-
son for these high latencies is mainly due to is watermark
mechanism, as explained earlier. Spark Streaming does not
offer event time processing which simplifies processing and
reduces the overhead. It also keeps its latency low and,
thereby, increases its peak throughput.

The aggregation pipeline only contains one stateful opera-
tion and uses infrequent triggers. This is a much better match
for Structured Streaming because the overhead is lower, due
to larger batches and less stateful operations. We now see
approximately similar throughput and scaling efficiency as
Spark Streaming.

Spark Streaming has the most stable behavior across both
pipelines. The throughput of both pipelines does not differ
very much. The performance of the aggregation pipeline
degrades more when we use small instances, while the enrich-
ment pipeline leads to a stronger diminishing efficiency. The
scaling efficiency of Spark Streaming drops when going from
4 cores to 6 cores for both pipelines. This confirms the study
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of Awan et al. [34] who found that for batch jobs Spark
scales almost linearly up to 4 cores per executor and does
not benefit from more than 12 cores per executor. Beyond
four cores, the speed-up was sublinear. As the input data size
or throughput increases, the wait time during I/O operations
and garbage collection increases as well. GC becomes a
bottleneck since GC time increases superlinear with data size.

4) INFLUENCE OF RESOURCE ALLOCATION ON SCALING
EFFICIENCY

When we scaled our cluster, we didn’t change the ratio of
CPU cores to GBs of memory. However, jobs that are espe-
cially heavy on either CPU or memory, may benefit from
different ratios. This should be taken into account when scal-
ing. If a processing job is limited due to a specific resource,
increasing only that resource may be enough to alleviate the
bottleneck and scale most efficiently.

5) INFLUENCE OF DATA CHARACTERISTICS ON SCALING
EFFICIENCY

Finally, we briefly discuss the influence of data character-
istics on scaling. Data characteristics can induce processing
bottlenecks in the pipeline. For example, data skew is known
to have very large performance implications, mainly for join
operations [64]. Data skew occurs when the load is not evenly
distributed over all partitions. Some partitions contain much
more data than others. In some cases, this can become quite
extreme with over 80% of the load on the same partition.
The cores which need to process these partitions will often
become the bottleneck of the pipeline. A job with high data
skew does not scale well since adding more cores does not
alleviate the load on the core which needs to process the
heavy partition. To make the job scalable, the heavy partition
needs to be split into smaller partitions via techniques such
as salting. In our experiments data was uniformly distributed
over keys so we do not suffer from skew and scaling is
effective.

V. CURRENT AND FUTURE RESEARCH DIRECTIONS
Improving the scalability and optimizing the cluster size
of stream processing jobs are active areas of development
and research. In this section, we touch upon some areas
of improvement related to scalability and we introduce the
concept of elasticity which is closely related to scalability.

A. IMPROVING JOB PERFORMANCE
A lot of effort has been done to make these frameworks
performant. These efforts relieve throughput bottlenecks and,
thereby, influence the required cluster size for a process-
ing load. Framework development has focused on several
topics such as memory management, checkpoint efficiency,
the networking stack, etc. In this section, we address a few
substantial ones.

The Spark community put substantial effort into improv-
ing the efficiency of memory and CPU utilization. This
umbrella project existed of several smaller improvements and
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was called Project Tungsten [65]. One of the initiatives was
to enable binary processing and improve memory manage-
ment. The main objective here was to leverage application
semantics to manage memory explicitly and eliminate the
overhead of the JVM object model and garbage collection.
This comes from the idea that Spark should understand the
lifecycle of memory blocks much better than the standard
GC algorithms which base themselves on heuristics and esti-
mations. Besides that, Java objects have a significant mem-
ory overhead. To tackle this, an explicit memory manager
was implemented which can work directly on the binary
data [65]. A second initiative under Project Tungsten was
to make more effective use of the L1/L2/L3 CPU caches to
improve processing speed. Keeping data in the CPU cache
reduces the wait time of fetching data from the main memory.
A third initiative was whole-stage code generation and was
centered around improving code generation for SQL query
evaluation and optimization.

Similar to Tungsten, Flink also operates on binary
data [55]. Since its early releases, Flink has been focusing
on keeping memory representations as efficient as possible
and reducing GC pressure. It has a custom memory man-
agement model. Flink v1.10 contained some improvements
to its memory management model and extra configuration
options [66]. It now allows both high-level and fine-
grained tuning of memory components. This makes it
easier to manage and debug Flink applications. However,
fine-grained tuning requires expert Flink knowledge and is
a laborious trial-and-error process.

Since memory and GC are often the bottlenecks, several
academic studies also aimed to improve these mechanisms.
Some studies propose new GC algorithms tailored to big
data applications or improve their memory management,
e.g., [67]-[69]. In [25], a set of GC algorithms are evaluated
for big data applications in Spark. A few efforts have been
done to reduce the GC overhead in Spark, e.g., [70], [71].
Finally, the reader can find a comprehensive overview of
GC algorithms for big data systems in [72].

We can conclude that the performance of these frameworks
is improved with every release. Improvements may allevi-
ate certain bottlenecks and introduce others. Therefore, it is
important to continuously evaluate how they evolve and how
these improvements influence our results.

B. ELASTICITY

In our experiments, we scaled the cluster by either adding a
worker or by increasing the size of a worker. Both approaches
took manual intervention and a relaunch of the cluster. The
resources of the cluster were also fixed at a certain size.
This means that there is over-provisioning during off-peak
hours and, possibly, under-provisioning during peak hours.
An active area of study is adapting the resources auto-
matically based on demand. This is called autoscaling [7].
Autoscaling is closely related to the concept of elasticity [21].
Elasticity is the ability of the framework to respond to
increased or diminishing resource demands by adding or
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removing workers from the cluster. Most framework commu-
nities have been working on this because it is an important
characteristic for many use cases.

The Spark framework includes a feature called Dynamic
Resource Allocation, which allows a job to adapt the number
of executors based on the number of pending tasks. Executors
are released when they are idle and new ones are added when
there are pending tasks. Scaling up happens exponentially
to make sure applications can react promptly to resource
demands. In the first round, only one executor is added. When
this is not enough two more executors are added, then four
executors, and so on. Since this feature allows increasing the
number of executors and not the number of workers, it is
mainly useful for large clusters with multiple processing jobs,
where jobs can share resources more efficiently based on their
current processing load.

Kafka Streams currently does not include autoscaling
capabilities. A solution is to use the autoscaling features of
the underlying infrastructure. For example, when running on
Kubernetes, the Horizontal Pod Scaler feature [73] could be
used. This allows scaling the number of instances of a service
based on monitoring metrics such as CPU load. This feature
could also be used to scale up the number of workers of a
Spark cluster.

In May 2021, Flink released a new experimental feature
called Reactive Mode [74]. This feature allows automatically
adjusting the parallelism of a Flink job. The system still relies
on an external system to scale the number of task managers
based on metrics. Flink will then increase the parallelism of
the job as more task slots become available. To scale the
number of task managers, features such as Kubernetes Hor-
izontal Pod Scaler or AWS autoscaling groups can be used.
Currently, Reactive Mode is only supported for standalone
cluster deployments and not for deployments with active
resource providers such as Kubernetes, YARN, or Mesos.
At the moment, adjusting the job parallelism still requires a
job restart which leads to processing delays and may not be
acceptable for all use cases.

Finally, improving the automatic scaling of stream process-
ing frameworks is an active area of academic research. For
more information on this topic, we refer the reader to the
following literature: [75]-[84].

VI. CONCLUSION

Scalability is the ability of a system to spread work across
several machines. The scalability of stream processing jobs is
of utmost importance in production deployments but has been
overlooked in benchmarking literature. It is measured as the
increase in peak throughput induced by an increase in cluster
resources. Previous benchmarking work mostly studied scal-
ability as a framework feature. Many frameworks claim to
be scalable. However, we assume that the eventual scalability
of a processing job is much more complex and impacted by
several additional factors. Of course, it is a prerequisite that
the framework can distribute work over several machines.
But once it has this capability, the scaling efficiency of
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a processing job in that framework is influenced by a set
of factors. In this paper, we list and study these factors.
Therefore, the goal of this paper was twofold: benchmark the
scalability of processing jobs in four popular frameworks and
investigate framework-related and non-framework-related
factors which influence this scalability.

To this end, we contribute a broader framework of
what should be analyzed when benchmarking scalabil-
ity. We implemented two pipelines with very distinct
characteristics in four popular distributed stream process-
ing frameworks: Flink, Kafka Streams, Spark Streaming,
and Structured Streaming. We see differences in the height
of throughput, throughput bottleneck, and the efficiency of
scaling. The scaling efficiency varies greatly for different
combinations of a framework, pipeline, and cluster layout.
We determined five main factors which influence scalability.

The first influencing factor is the initial cluster layout and
scaling direction. When choosing between horizontal and
vertical scaling, there is an important performance trade-off
between communication costs and the cost of GC when scal-
ing up. When instances are small, vertical scaling leads to
much higher scaling efficiency because it creates fewer over-
head. As instances become larger, the efficiency of horizontal
and vertical scaling converges, as we notice for Flink, Spark
Streaming, and Structured Streaming. Once the instances are
large enough to suffer less from the overheads, we notice
slightly better performance for more smaller instances than
for fewer large instances.

Secondly, the characteristics of the processing pipeline
influence the throughput bottleneck and scalability of the
framework. For Flink, Spark Streaming, and Structured
Streaming, we see different scaling behavior for the differ-
ent pipelines. The enrichment pipeline is heavier on shuf-
fling and CPU usage and the scaling efficiency diminishes
more. The aggregation pipeline is heavier on state man-
agement and memory, and the scaling efficiency is more
constant.

Thirdly, the design of the framework has an influence.
An example of this is the shuffling behavior of Kafka
Streams which is independent of its cluster layout and there-
fore, the efficiency diminishes less. Its inefficient shuffling
mechanism and eager state management cause heavy load
on CPU and the network and lead to low peak sustain-
able throughput for our pipeline. Also, the batching behav-
ior of Structured Streaming leads to different bottlenecks
for both pipelines which in turn affects scalability. Spark
Streaming was able to reach high throughput and showed the
most stable performance across both pipelines. However, this
can be contributed partly to the fact that Spark Streaming
does not support event time processing which significantly
simplifies its processing mechanism and reduces the batch
overhead.

Another factor that influences the scaling efficiency is the
resource allocation. When scaling, the ratio between CPU and
memory should be evaluated and adapted to fit the perfor-
mance characteristics of the pipeline.
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The final factor is the input data characteristics. Here,
mainly data skew is known to be detrimental for the scaling
efficiency.

From our experiments, we conclude that the scaling effi-
ciency of a certain stream processing job is determined by
a complex interplay of factors. We also showed that the
scalability of frameworks differs over pipelines and that one
framework cannot be deemed more scalable than another.
Each framework has a distinct design with varying advan-
tages and disadvantages for different pipelines and processing
scenarios. Because of this, it is difficult to make recommen-
dations that are generally applicable. A practitioner with a
specific use case should start with evaluating the throughput
bottleneck and its relation to the current cluster layout. Once
this has been determined, the resource which limits through-
put should be increased. Possibly, this shifts the throughput
bottleneck and saturated resource. Ideally, scaling is first done
in a vertical direction. Horizontal scaling can be applied when
vertical scaling is not possible anymore or when the efficiency
of this reduces because instance sizes become too large to
manage. Of course, it should be kept in mind that minimal
horizontal scaling is required for fault tolerance. When choos-
ing a scaling direction, the pipeline characteristics play a role
as well. A pipeline with many shuffle operations will suffer
more from a diminishing efficiency than a pipeline with only
one or no shuffle operations.

VII. LIMITATIONS AND FURTHER RESEARCH

An interesting direction for further research is to develop
a broader set of pipelines to investigate further how these
pipeline characteristics influence scalability. Furthermore,
it would be interesting to see how scaling efficiency evolves
for very large clusters. Although, we believe very few
use cases require a throughput above 800000 messages
per second.
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