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Introduction

e EPIframework
o Secure connection

o Setup bridging function

o Horizontal

e Scaling bridging functions

00
o Vertical
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Research Question

What is the impact of varying k8s autoscaling thresholds for bridging
functions on end-user application traffic?

e \What metrics should trigger the scaling?
e \Whatistheimpact of the bridging functions horizontal scaling on application traffic?

e \Whatisthe impact of reconfiguration on in-transit traffic?
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Related Work

e Duc-Hungetal explained the autoscaling mechanisms available in existing container orchestrators in

the I'T domain, with special focus on the mobile core elements.

e Salman laherizadeh and Marko Grobelnik, proposes three key factors which should be considered for

auto-scaling methods in Kubernetes

e Steven Van Rossem et al points out that predicting the performance of a VNF chain based on the

performance of the discrete network functions is not accurate.

e AdelNadjaran Toosietal research produces a tool called ElasticSFC, which shows that their

auto-scaling techniques based on the VNF chain can reduce cost.


https://ieeexplore.ieee.org/document/8417602/
https://www.sciencedirect.com/science/article/abs/pii/S0965997819304375
https://www.sciencedirect.com/science/article/abs/pii/S1389128620311178
https://www.sciencedirect.com/science/article/abs/pii/S0164121219300421
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Methodology

Xc: DXc: Do DX PYG

PoC Identification Experiment Plotting Conclusion
Build Proof of |dentify scaling Define and do Create graphs that Answer the
Concept on top of possibilities experiments based will answer our research question
the EPI framework on the scaling research question based on the plots

possibilities
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Setup - Topology

AN .

Testing machine
Locust load balancer
Socks5 proxy
Bridging function
Httpbin server

Kubernetes %
Cluster

/g EPI Namespace

1. Testing
Machine

4.Bridging

\;\ Functions

i Metallb Redirector Proxy  / Server 5.httpbin
i Service Service Server
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| Generator ¢ Proxy

5 -

| * Service




UNIVERSITY OF AMSTERDAM
X

Setup - Locust Load Generator

HOST STATUS WORKERS RPS FAILURES
Q LOCUST http://epi-server RUNNING 1 5 0% E
X ]:.ql:lSefS STOP

e Loadtests:
o Number of users
o Spawn rate
o Tasks

e Locust metrics:
o RPS
o Users

o Response time
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Kubernetes autoscalers implementations

- HPA

desiredReplicas = ceil[currentReplicas * (currentMetricValue/desiredMetricValue)]

- VPA

Desired value calculation
- Recommender

- Updater
- Admission plugin

- Metric server
- Custom metrics

Prometheus

@stom metrics gatherer

ocks5

ServiceMonitor

1080
proxy

L

prometheus-ur
config map

@s autoscaling

BF instances |«

ScaleTargetRef
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Experiments

e NoVPA
e Increasing HPA threshold for CPU utilization
e Increasing number of users in locust load generator
e Data collected:
o Response time
o CPUusage
m 1CPU-=1s=1000 milicore =1000 000000 n
m CPUinnanoseconds/1 000 000 = CPU in milicore
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Test Scenarios

Test # # of Users Spawn rate Run time (Sec) :Epslll\g:)s( HPA Utilization CPU Limit Memory Limit
1 10 1 100 5 30 1000m 500Mi
2 10 1 100 5 50 1000m 500Mi
3 10 1 100 5 80 1000m 500Mi
4 10 1 100 5 90 1000m 500Mi
5 100 10 100 5 30 1000m 500Mi
6 100 10 100 5 50 1000m 500Mi
7 100 10 100 5 80 1000m 500Mi
8 100 10 100 5 20 1000m 500Mi
9 1000 100 100 5 30 1000m 500Mi
10 1000 100 100 5 50 1000m 500Mi
11 1000 100 100 5 80 1000m 500Mi
12 1000 100 100 5 20 1000m 500Mi
13 10000 1000 100 5 30 1000m 500Mi
14 10000 1000 100 5 50 1000m 500Mi
15 10000 1000 100 5 80 1000m 500Mi
16 10000 1000 100 5 20 1000m 500Mi
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Setup - Automated Deployment and Testing

a Load Test usecase

Test Automation
Script

iy
— ~HELM

Deploy Setup

~NA

Helm Charts

csv

Test Use Cases

| >—

Plot
Data

Plotting

|

Trigger Load Test

Locust Load HPA

@0@@@

Proxy

Server

PY | ©

Data Collector Script

Generator l
- >
| Metrics gathering
Collect Data

11



UNIVERSITY OF AMSTERDAM
X

Results - Initial Test

Initial BF CPU Outscaling Events
(Load not distributed)
e By default, Locust uses an HTTP CPU usage /
mme RKilization, @ N @ | #|jreoses s em = I - Scale Qut event - 400
persistent connection (keep-alive). et st s |
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single Bridging Function. 600 - : '|| .
. L g l ‘ s
e Theloadis notdistributed after g : | .
| '
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I
i
e 'Connection': 'close’ can be used to N : i \ oo
. EON W T e g
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Results - Horizontal Scaling: CPU

e Bridging function CPU is more balanced
with short lived sessions.

e The HPA operateson aratio between
desired and current metrics.

e [hescaleouteventismore aggressive if

the threshold is low.

o Bursty traffic
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Results - Horizontal Scaling: Memory

e CPU isthe primary metric used
during testing.

e T[hetested bridging function
consumed steady memory.

e Memory usage not decreasing

after scaling out.

Memory (MiB)

32.2 1

32.1 1

32.0 1

31.9 1

31.8 1

Memory usage

= Memory epi-bf-856958b4f6-6nj8I
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Results - Horizontal Scaling: Response Time

Response time Increase

e [he locustload generator records the Response time /
- Scale Out event
response time of the HTTP requests. 3000 - —— Fesponsg Time
e Response time increases after the 2500 -

autoscaling events due to the

T A

1500 -

load-balancing overhead.

response time (ms)

e Bridging function high CPU is not

causing an increase inresponse time. "

e [heprocessinglogic of the bridging 500

function used is very insignificant. : 5 - @ &

Timestamp
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Conclusion

e The metric for triggering Autoscaling is highly dependant on the
bridging function logic.

o CPU.
o Memory.

o Custom Metrics.
e Longlived sessions doesn’t benefits from Horizontal Scaling.
e Thereisnosingle optimum threshold to trigger autoscaling.
e Overhead added by autoscaling can impact application traffic.
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Future Work

e Use data analysis and machine learning to find the best threshold
for different metrics and traffic use cases.

e Test with different application traffic.

e Use production grade bridging function.

e Research the impact of bridging function chaining.
e Vertical Pod Autoscaling.
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Thank You

https://github.com/mohanadelamin/rp2-epif
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