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Big Data Stream Processing Engines
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Stream Processing Scalability Benchmarking

* Several performance benchmarking studies for

stream processing engines
[Karimov 2018, van Dongen 2020, Hesse 2021]

- Throughput, latency, resource efficiency, ...

e Evaluation of performance attributes for different
cluster sizes [Akidau 2013, Kulkarni 2015]

* Need for scalability benchmarking
[van Dongen 2020,Hesse 2021]
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Theodolite Benchmarking Tool

[Henning 2021]




Distributed Stream Processing
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Distributed Stream Processing
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Scalability in Cloud Computing

‘ ‘ Scalability is the ability of [a]
system to sustain increasing
workloads by making use of
additional resources [...].

[Herbst 2013]



Scalability in Cloud Computing

‘ ‘ Scalability is the ability of [a]
system to sustain increasing
workloads by making use of
additional resources [...].

[Herbst 2013]

Load intensity is the input variable a system is

subject to. Scalability is evaluated within a range of
load intensities

Service levels objectives (SLOs) are

measurable quality criteria that have to be fulfilled
for every load intensity.

Provisioned resources can be increased to
meet the SLOs if load intensities increase.

[Weber 2014]



Scalability in Stream Processing

Load intensity LCL

Provisioned resources R

Service levels objectives (SLOs)

Vs € S: slog: L X R — {false, true}

Messages per second
Message frequency
Different message types (keys)

Instances (e.g., Kubernetes Pods)
Threads
VMs / configurations (S > M > L)

Lag Trend (next slide)



Lag Trend Metric as SLO
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Lag Trend Metric as SLO
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Scalability in Stream Processing

Load intensity LclL «  Messages per second
 Message frequency

e Different message types (keys)

Provisioned resources R * Instances (e.g., Kubernetes Pods)
* Threads

* VMs / configurations (S> M > L)

Service levels objectives (SLOs) * Lag Trend

Vs € S: slog: L X R — {false, true}



Scalability Metrics
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based on [Henning 2021]

Resource demand metric

V1€ L:demand(l) = min{l € R | Vs € S:slog(l,7) = true}

Load capacity metric

V r € R: capacity(r) = max{l € L | Vs € S:slog(l, ) = true}
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Scalability as a Function

1 —— Kafka Streams
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Scalability as a Function
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Scalability as a Function

number of instances
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How to rank different systems?

* Visual comparison
* Clustering similar functions
* Derivative or axis intersection

* Universal Scalability Law [Gunther 2015]

> Derive non-linear rational function

> Contention and coherency coefficients

- Applicable to stream processing?
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Function of Load vs. Function of Resources

More common in literature
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Function of Load vs. Function of Resources

More common in literature
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Function of Load vs. Function of Resources
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Function of Load vs. Function of Resources

More common in literature
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Resources as a Function of Load
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Azure

Ideal

No binary decision on SLOs but
instead evaluating the service level
as a function of load

Only feasible when auto-scaled in
the background

=» Contains evaluation of elasticity
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Theodolite Measurement Method

linear search

assumption:

resource demand
monotonically
increasing
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Capacity as Discrete Values

Measure throughput as continuous value?
A load intensity )
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Capacity as Discrete Values

Measure throughput as continuous value? Alternative 1: [Karakaya 2017], [Nasiri 2019]

e Generate constant load
* Measure throughput

load intensity

load intensity

generated load

observed throughput

>

resources
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Capacity as Discrete Values

Measure throughput as continuous value? Alternative 1:

e Generate constant load
* Measure throughput
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load intensity
generated load

What constant
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load intensity

observed throughput

>

resources
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Capacity as Discrete Values

Measure throughput as continuous value?
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Capacity as Discrete Values

Measure throughput as continuous value?
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Capacity as Discrete Values

Measure throughput as continuous value? Alternative 2: [Karimov 2017]

» Steadily increase load
e Determine when SLOs are not met
anymore

load intensity

load intensity

generated load

observed throughput

>

resources
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Capacity as Discrete Values

Measure throughput as continuous value? Alternative 2:

» Steadily increase load
e Determine when SLOs are not met

Even with constant load anymore

A . .
load intensity load intensity

generated load

observed throughput

[Henning 2021]



Capacity as Discrete Values

Measure throughput as continuous value? Alternative 2:

» Steadily increase load
e Determine when SLOs are not met
anymore

load intensity

generated load

observed throughput

optimized here A



Conclusions

Resource demand metric
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Outlook: Theodolite Benchmarking Tool

—————————————————————————————————————
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Theodolite’s Benchmarks
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Example:
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6 Scalability Benchmarking

Messages In Per Second

200K

150K
100K
30K

S il

== Messages In Per Second

Record Lag

40 Mil

30 Mil
20 Mil
10 Mil

u ——
0730

(04:00

= input
Records Consumed

&0 Mil
40 Mil

20 Mil
lr xr
0 /;’x’/f/'.f"" ff!'f"ff
0730 08:00

AV
,f,"f s f .f I;:f' /]
08:30 09:00

= input

T

0
0730 08:00 §a:30 5:00Q 093

LS

1

04:30

/ /I f ]

10:00

I _I_/ I|II

L

0:30

10030

L
1

10:30

E £ @ 2020-05-12 07:18:18 to 2020-05-12 10:47:13 ~ i
Messages Out Per Second
150 K
i A llII
100 K f 11
r] )j| -"||'| | IIII
S0 K — .-"‘. f i ' |
B B I-" i .. IIII Wl |};—I | | | I |II‘I\-|-\1 | |
0 =i Irrllrl 17 I |I ! I | | !
07:30 0800 08:30 0900 09:30 10:00 10:30
== Messages Out Per Second
Number of Instances
g
E — ) —
| [
4 - ‘ [ , ’7 M | —‘ _ [
s ] Hn B .
[ i |
1]
0730 (800 a0 0900 g :3'E| 10:00 10:30
== jnstances
Number of Partitions
B0
0 eEEEET! . | BN T
| |
» | ‘ | e | ‘
[
]
0730 08:00 08:30 09:00 09:30 10:00 10:30
= input

Dl sl

Henning and Hasselbring 2020

43



Theodolite’s Scalability Measurement Method
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Theodolite’s Scalability Measurement Method

resources sufficient resources for load?

lag increase over time?

lag = queued messages

O

load intensity
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Theodolite’s Scalability Measurement Method

resources sufficient resources for load?
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Theodolite’s Scalability Measurement Method
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Theodolite’s Scalability Measurement Method

resources sufficient resources for load?

lag increase over time?
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Theodolite’s Scalability Measurement Method

resources sufficient resources for Ioad?m
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Theodolite’s Scalability Measurement Method
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Theodolite’s Scalability Measurement Method
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Theodolite’s Scalability Measurement Method
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Theodolite’s Scalability Measurement Method




