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21° Century Con.1putc.er Architecture ( 6%A|T&§M§m$thwu) [1]

A community white paper

May 25, 2012
1. Introduction and Summary 200%
ion and ication hi (ICT) is ing our world, includi

healthcare, education, science, commerce, govemmenl defense, and entertainment. It is hard
to remember that 20 years ago the first step in information search involved a trip to the library,
10 years ago social networks were mostly physical, and 5 years ago “tweets” came from

cartoon characters. 1 5 00/
Importantly, much evidence suggests that ICT ion is ing with many lli o

visions moving from science fiction toward reality’. Appendix A both touches upon these visions
and seeks to distill their attributes. Future visions include personalized medicine to target care
and drugs to an individual, sophisticated social network analysis of potential terrorist threats to
aid homeland security, and telep to reduce the greenhouse gases spent on commuting.
Future applications will i ingly require p g on large, hy ol data sets (“Big 1000/
Data s us«r\gm:i%lzmed designs, working within ft n-fact ints, and ling rapid 0

ploy ient

Twu key—bul often invisible—enablers for past ICT lnnovanon have been semlcwductor
has d more
transistors (Moores Law) fot roughly constant power and cost per ch|p (Dennard Scaling). o
Computer architects took these rapid budget i and di 0 A’
hniques to scale p and mitigate memory system losses. 'I'hecovvixned
effect of technology and archnlecmre has provided ICT innovators with
growth at near constant

Because most tech hit ionally) invisible to
higher layers, apphcauon and other software developers could reap Ihe benefits of this progress 00/
without engaging in it. Higher performance has both made more computationally demanding o
applications feasible (e.g., virtual assistants, computer vision) and made less demanding
applications easier to develop by enabhng higher-level programmmg abstractions (e g scnptlng
languages and reusable tem

enabled value creation that could never have been |magmed by the field's founders (e.g.,

d web search ly inexp so as to be covered by advertising links).

! PCAST, “Designing a Digital Future: Federally Funded Research and Development Networking and Informaton
Technology. Dec. 2010 (http/iwww.whitehot jtrd-report-2010.pdf)

2 cee, “Challenges and Opportunities with Big Data.” Feb. 2012 (hitp-icra orgloccidocs/initibigdatahitepaper paf)

X \_ [1] The Future of the Data Centre, http://www.information- )
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AWS Auto Scaling

Q Search [Option+S] ZAN ©) N. Virginia ¥

Amazon RDS X RDS Clusters Add Auto Scaling policy

— Add Auto Scaling policy

Databases Define an Auto Scaling policy to automatically add or remove Aurora Replicas [4. We recommend using the Aurora reader

Query Editor endpoint or the MariaDB Connector to establish connections with new Aurora Replicas. Learn more [4.

Performance insights

Policy details
Snapshots
Exports in Amazon S3 :
Policy name
Automated backups A name for the policy used to identify it in the console, CLI, API, notifications, and events.
Reserved instances policy-1
. Policy name must be 1 to 256 characters.
Proxies
IAM role
The following service-linked role is used by Aurora Auto Scaling.
Subnet groups AWSServiceRoleForApplicationAutoScaling_RDSCluster

Parameter groups

Target metric

Option groups Only one Aurora Auto Scaling policy is allowed for one metric.

Custom engine versions Average CPU utilization of Aurora Replicas View metric [4

(o) Average connections of Aurora Replicas View metric A

Target value
Specify the desired value for the selected metric. Aurora Replicas will be added or removed to keep the metric close to the specified value.

Events

Event subscriptions .
20 connections

Feedback Looking for language selection? Find it in the new Unified Settings Z © 2022, Amazon Web Services, Inc. or its affiliates. Privacy Terms Cookie preferences

41

https://docs.aws.amazon.com/AmazonRDS/latest/AuroraUserGuide/Aurora.Integrating.AutoScaling.Add.html
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AWS Auto Scaling
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Q Search [Option+S] ) L (@)

N. Virginia ¥ grepgirl ¥

Amazon RDS

Dashboard
Databases

Query Editor
Performance insights
Snapshots

Exports in Amazon S3
Automated backups
Reserved instances

Proxies

Subnet groups
Parameter groups
Option groups

Custom engine versions

Events

Event subscriptions

X Target metric
Only one Aurora Auto Scaling policy is allowed for one metric.

Average CPU utilization of Aurora Replicas View metric [

O Average connections of Aurora Replicas View metric [

Target value
Specify the desired value for the selected metric. Aurora Replicas will be added or removed to keep the metric close to the specified value.

20 connections

» Additional configuration

Cluster capacity details

Configure the minimum and maximum number of Aurora Replicas you want Aurora Auto Scaling to maintain.

Minimum capacity
Specify the minimum number of Aurora Replicas to maintain.

1 Aurora Replicas

Maximum capacity
Specify the maximum number of Aurora Replicas to maintain. Up to 15 Aurora Replicas are supported.

2 Aurora Replicas

Cancel Add policy

Feedback Looking for language selection? Find it in the new Unified Settings [} © 2022, Amazon Web Services, Inc. or its affiliates. Privacy

Terms

Cookie preferences
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DeepScaler: Holistic Autoscaling for Microservices
Based on Spatiotemporal GNN with Adaptive
Graph Learning

Chunyang Meng', Shijie Song’, Haogang Tong', Maolin Pan! and Yang Yu?:*
tSchool of Computer Science and Engineering, Sun Yat-sen University, Guangzhou, China
tSchool of Software Engineering, Sun Yat-sen University, Guangzhou, China
*Author to whom correspondence should be addressed
Email: {mengchy3, songshj6, tonghg } @mail2.sysu.edu.cn, {panml, yuy} @mail.sysu.edu.cn

2023 ACM SIGSOFT ARHif iz
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Ment et al. DeepScaler: Holistic Autoscaling for Microservices Based on Spatiotemporal GNN with Adaptive Graph Learning. ASE '23
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Microservice Graph Structure

User Requests i Buy:Browse = 2:2 Buy:Browse = 3:1
I -? raph A Pattern I A
i} rans- - Change
formation : 9

checkout

(a) Dynamic spatial features in microservice

A Value < History — Forecast >
® Workload @ Instance

I I I I I I I I I
t-7 t-6 t-5 t-4 t-3 t-2 t-1 t t+1

(b) Dynamic temporal features over time
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(c) Cascading effect by workload pattern change
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* Microservices Deployment & Service Dependency Graph

u Istio Component
Kubernetes Component
[:] Microservice Instance

I Replica Set

Client Ingress 5 iieesnzroe

@ Performance Monitoring @ Adaptive Learning @ Online Scheduling

Historical

(Sec §IV-A) (Sec §IV-B) (Sec IV-D)
Cadvisor uEnvoyg Prometheus Graph Gen. & Graph/Policy learning Replica Controller
Real-time|monitoring data Learned Depenglency Graph Updated Par}ameters
v *
KF——————_———\ Y N/ GCNModel  Predict
/' Performance Indicators Affinity Matrix Value
(Sec §IV-C)

/
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Horizontal and Vertical Scaling of Container-based
Applications using Reinforcement Learning

Fabiana Rossi, Matteo Nardelli, Valeria Cardellini
Dept. of Computer Science and Civil Engineering, University of Rome Tor Vergata, Italy
{f.rossi,nardelli,cardellini } @ing.uniroma2.it
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Rossi, et al. Horizontal and Vertical Scaling of Container-Based Applications Using Reinforcement Learning. CLOUD 2019.
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Find a policy f maximizing
the total reward:
Action = f(Observation)

5F

Action
Function output

Observation
Function input

wln

Environment (Space invaders) -



Space invaders FRKBEER

OObservation (state)
v ZRIEZIRVEHE

OAction | |
v [AEEFE . B EEEEE.E.
v R . el
v X | |

OReward

v 15EIRYD %N

v RIFAETRE]

v B8]

v IFEIRITIEE

SCORE: O LEVEL: 1 LIVES: 2

https://spaceinvaders.viperfish.com.au/



https://spaceinvaders.viperfish.com.au/

Probability

0.5




Robotics and Locomotion
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Fig. 1: Architecture of Elastic Docker Swarm
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Fig. 2: Application workload used in simulation.
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Fig. 3: Workload used in the prototype-based experiments.
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SCIgsEER

Weights Policy Rmax violations | Average CPU | Average CPU | Average number | Median R | Adaptations
(%) utilization (%) share (%) of containers (ms) (%)
Wperf = 0.90, wres = 0.09, waqp = 0.01 Q-learning 27.17 62.82 61.32 3.87 15.59 88.98
Dyna-Q 25.77 63.39 62.60 3.56 15.29 92.53
Model-based 2.85 60.73 87.43 2.57 10.15 37.32
Wperf = 0.09, wres = 0.90, wagp = 0.01 Q-learning 61.18 80.95 46.62 3.08 +o0 89.38
Dyna-Q 62.58 81.89 46.32 3.70 400 94.30
Model-based 99.80 99.85 11.04 1.09 400 2.95
Wperf = Wres = Wadp = 0.33 Q-learning 39.69 69.22 53.62 3.89 25.00 85.70
Dyna-Q 35.64 65.08 54.61 4.35 20.53 91.10
Model-based 19.50 70.75 78.35 2.56 15.16 40.29
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Fig. 4. Application performance using the 5-action adaptation model and weights wyers = 0.90, wyes = 0.09, waqp, = 0.01.
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Even when power requirements scale linearly with the load, the energy efficiency of a computing system is not
a linear function of the load. When idle, a system may use 50% of the power corresponding to the full load.
Data collected over a long period of time shows that the typical operating region for the servers at a data center

is the range 10% to 50% of system utilization [55].
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