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Auto-scaling for newly deployed serverless services is challenging

Serverless services \ / User requests\ Resource |
A% -
Face ReGLgnitian ‘ | _
= " 1 INE

' N
allocation

it

W i

Have constraints on response delay / K Irregular workloads/

demand

/ Serverless platforms \ /Maintenance\
0 P E n I: H H S Resource scheduler

Resource scaler

@ Knative T
Monitoring metrics
Work in a best-effort manner / \ /

Inefficient scaling

time

How to maintain the balance
between resource efficiency
and quality of service?
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Characterizing serverless service profile to guide the scaling policy

Serverless service profile characterization Scaling policy

Reinforcement learning iterations Up-scaling policy

| | !

Symbol | Definition
S Ca I e r WO rk O a d S res The most efficient resource configuration of a single

service instance

tp The throughput of a single service instance when re- a
source allocation is res

tpm Max throughput of a single service instance when wo
resource allocation is no more than double of the res 10

v resm Resource configuration of tpm
R Concurrent workloads in requests per second _— —_—

rk
ad
Resource | State | Performance M e
allocation description evaluation amlm=in)  _[B_(s0)en]
> Combining both vertical scaling and horizontal scaling

Down-scaling policy
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Updating downscale stabilization window accordingly
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Service resource and performance profile
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Effectively ensure quality of service while achieving a reduction of cost
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