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“Enter the era of the intelligent cloud
and intelligent edge”

Satya Nadella CEO Microsoft,
Mobile World Congress (MWC) 2019

Edge Computing: A Disruptive Technology for Industrial Manufacturing, Frost & Sullivan 2018/5
Intelligence at the Edge—An Outlook on Edge Computing, Frost & Sullivan 2017/9
The Edge Will Eat the Cloud, Gartner Maverick Research 2017/9




Top 10 Strategic
Top 10 Strategic Technology Trends

Technology Trends »—@ for 2019
for 2018
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Edge Computing ?

= Computing topology where information processing and
content collection and delivery are placed closer to the
sources of this information (Gartner)

Internet Edge
of Things Computing

Realtime Data Processing




Edge Computing: Why does it matter ?

= Limitation of Cloud computing

« Centralized cloud computing is not ideal for all applications and use cases

Delay
Autonor_ngus Augmented Tactile
smarter with Gartner 1ms driving . Reality nESinet
: Virtual
What Edge Computing Means for ; Reality
Infrastructure and Operations L o | Disaster el time it person
Leaders | alert gaming video call
October 18, 2017 I
: Automotive Bi-directional
| ecall remote controlling
Currently, around 10% of enterprise-generated data o oo |@ Device .
. . L. : rempte. First responder
is created and processed outside a traditional . controlling connectivity
centralized data center or cloud. By 2022, Gartenr
M . H H | | Wirel loud
predicts this figure will reach 50% | oooms @ o based office.
Monitoring Video
| sensor networks streaming
processed outside a traditional centralized data center or cloud. By ! <1 Mbps 1 Mbps 10 Mbps 100 Mbps >1Gbps

2022, Gartner predicts this figure will reach 50%."
Bandwidth throughput

Gartner defines edge g as that facilit: data ing at or near the

source of data generation. For example, in the context of the Internet of Things (loT), the _ T
sources of data generation are usually things with sensors or embedded devices. Edge ) _ o

computing serves as the decentralized extension of the campus networks, cellular networks, : :

data center networks or the cloud.

by legacy networks

Services that could be

D Services that can be delivered . Fixed Nomadic . Onthego
\:’ enabled by 5G

M2M connectivity

Low latency and high bandwidth applications
7



Edge Computing: Why does it matter ?

= Control of computing applications, data, and services away from
central core to the edge

=) R - B
\ Storage Al enabled

Conventional Intelligent
Edge Node Edge Node

#T== rs

Edge Edge |} Computing Resources

- node node |i e
- - EE m ﬁ #

- o

mn
| End node | End node | End node

Proximity, Low latency & high bandwidth, Real-time access

Source : At=2QIE{HU B ZH (I0TF)



Edge: Where is it ?

= Edge as any computing and network resources along the path between data
source and cloud data center

= Edge where the action is (ITU-T IEC)

« A manufacturing floor, a building, a campus, a city, your house, a crop field, a wind farm, a power plant, an oil
rig, a telecommunications outpost, a sports arena, a battlefield, in your car, in the sky, or under the sea

Related to different disciplines or industries

Site Network Data center

Nodes, Data People,
Gateways

Connectivity Backbone/IP : Data Analysis
Collection Processes

Mist ¢ Fog _ < Cloud Computing
Computing omputing

Edge Computing
Dew Mist Edge Fog MEC
Computing Computing dipuele: Computing Computing

All terms share the same philosophy of edge computing

https://hitinfrastructure.com/news/edge-computing-uses-iot-devices-for-fast-health-it-analytics
https://www.capgemini.com/2017/11/want-to-avoid-data-storms-lighten-your-cloud-with-fog-and-mist-computing/



https://www.capgemini.com/2017/11/want-to-avoid-data-storms-lighten-your-cloud-with-fog-and-mist-computing/

Comparison of Computation domain

( ) Cloud Data
Edge Centres
Network
Cloud
Computing:
Fog '
Computing
L% o Ok
Edge = :
Computmgg . Eld Cloudlet
. |Eg ‘
Mobile Cloud; :
Computing i‘
L\ Edge
Mobile Edge : D.U_@ o s B
Computing ! 0 (_@ ‘ > EF\“SfI
' g ' (CORD) iy

(CORD: Central Office Re-architected as a datacenter)
Fog Computing: A Taxonomy, Survey and Future Directions, Redowan Mahmud and Rajkumar Buyya, Springer 2017



Edge Computlng Indus’mal~ Use Case

912 O (AL S HA

Optlmlzmg Manufactunng Processes Manufactrig Qualit
With Artlﬁaal Intelllgence Management Testb

AXl LA =
T(TE T ©
\ »

£ - Smart Factor Machlne Learni
Retail Video Analytics Testbed for Predlcrt)llve Mainten anceng Smart Manufacturing Connectivity

TS PLC7|Ht FH|o| ADIE XX A|H

Time Sensitive Networking
TSN (R22IE, 28 4 7/7t2, 22 H o))

A0 H|C|2 M (FofXt =214 X B4 eneAlx)

A QIE{Wl HAAM Y (IIC : Industrial Internet Consortium) Tested Working Group



Functional Requirements for Industry Needs

Need Industry sector
Smart Asset/
Manufacturing | Automotive building/ . Smart grid | Consumer loT | Entertainement | Transportation
. utility mgmt
life safety
Mobility
Ultra low
latency
(<10ms)
Autonomy “-EE--EE-
Local
network 10
bandwith
WAN
network 10 45
bandwith

Peer-to-peer
communication

Prioritization

Self-
organization
discovery

60

Artificial
intelligence/
machine
learning

100 [RNER o0 oD 4

IEC White Paper: Edge intelligence
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Edge Computing: A short history

Migrations to Cloud:

Reddit (2009), Netflix (2010)
Launch of Cloud Based Services:
Foursquare (2009), Pinterest
(2010), Instagram (2010), etc.

Open Source Cloud Platform
Eucalyptus (2008)
OpenNebula (2010)

Cloud Computing Deployment

Cloud Computing Mainstream Usage

Amazon'’s

E C2 (AWS, 2006)
Network Function Virtualization :

Enabling Deploying IT Infrastructure in Operators Networks

First version of
Content OpenFlow 1.1 (2011)

Delivery Cloudlet & Fog & Mobile Edge Computing :

Bringing Cloud Technology to the Network Edge

Network SN
(CDN)

CMU, Microsoft's Cloudlet

Akami's CDN service (2009) Sisgo's ;8193C0mputing ETSI Mobile Edge Computing Initiative
(1990) Ision (2013) (starting in 2014, first standard expected in 2016)
2005 2010 2015 2020

Blog: Cloud and edge computing for loT: a short history
13



Edge Computing: 7/

ETSI MEC

+ Standard by ETS| MEC-ISG (2014~ )

+ Mobile Edge Computing 2ot Access NetworkS
X| A3t= Multi-access Edge Computing E HHR!

¥ MEC Reference Architecture

"7 Combined with
| NFV MANO

ITU-T IEC

+ ITU-T SG11 IEC (Intelligent Edge Computing) (2017~)
- UASX XA Y ASYENZ 7|5 S

ITU-T Q5001 2S84 @ AbE 9 X
+ (ETRI, SKT, KT FE)
IETF T2TRG

+ IETF/IRTF T2TRG (Things-to-Things Research Group)
+ loT + Edge Computing B=

>

Oix] HFY LUA H2AY

Open Edge Computing Initiative

+ Led by CMU of Cloudlet (2014~ )
+ Build Open Edge API and reference implementation

(Living Edge Lab)

+  CMU, Huawei, Intel, NOKIA, Vodafone, NTT, Deusch

Telecom, Microsoft
Open Fog Consortium

Led by CISCO Fog computing (2017~)

Build OpenFog architecture (“OpenFog Reference
Architecture”, 2017)

¥ Fog Computing Reference Architecture
=]
w w v w
I “Any network edge”

80000
ECC (Edge Computing Consortium)
AREFY Y YR AM 34 2 (2016.11)
ADE WEL|/A|E[/O2 E/2 R/ 2 O/2 /L UTHR] 2OF
ICT 2HEAL A4, e 30 212 EHIAEH|E £84)
AECC (Automotive Edge Computing Consortium)

ECC (Edge Cross Consortium)
IIC (Industrial Internet Consortium)

2L T2 R&D 7|

« KISTI, ETRI, UNIST SHM ¢ 5

sHRaIst7|& | - SDN 7|8t TR M E/7HSE 20, OfX|ClH A
o
BEAFE L cencenmiz: AL EQ 3 (Science Zone) 2t

(KISTI) ABH4| E 213 (Working Zone) 2 EZf=2| S4E &g
- Olo|ef EEE 00| BlH0|E HE/S7/HT YT
E3lE NWEA|, AlAH HEo Ol HE L2 Y swEEHz3|
Jlesg Tgsl= 44
ETRI
EHZE 13x|5 7|gt x| 58 Hx| HEHYI (HEHIATEE)
SupTs
ETRI + SDN HEZZ 7|8t AEHE AH(HEHNIEZTHTY)
gxeame © OF IRARW(NSF)GENIZC| 22 S22/SDN A
FETET gz o oes/yEYI 9 HE/28 MY
WET . xme 145 A T2AA
—_ AL
o REMCH B A 78 HFE 7 HWAI A" T}
UNIST A ARsw(os, 7Hd & AEEX], 2ihEENE) HA

- TH5 TR AL Aeelx A2 ABRS
HRE 7|2 @GSN AT

A2 H|I3EHA]+ Proprietary and Confidential



Edge Computing: 7| &%

= (Cloud extension to loT Edge H
o

=  Cloud ©| 7|52 loT EdgeZ &&3}7| ?|5t0f 2Z
o & X[5t= Edge Runtime Software Hi %=

loT devices loT Edge Devices

iAzure loT Edge runtime

Azure cloud

Azure Stream
Analytics
on loT Edge

1.

= Cloud2t A&3t0 HO|H HE, 2ZNM, HO|H 5

ey s S Xty
7|31, Ot joT ZREZ, AL 2 59| 7|5

(ML, Time Series
loT Hub Azure Stream Insight, etc.)

-~ OB

Analytics
M-S -ty
o
Other loT Edge
olm L L st Ol H modules
ZXsK = ST N
Azure loT Edge
GREENGRASS GROUP
--------------------------------------------------------------------------------------------------------- Edge Device
DEVICE Data Analytics in the cloud Data usage
Cloud Update device
i
Sensors loT Edge config Cloud
o~ Functions
Reaktime analytics & ML
5‘ T Cloud
— Bigtable
Edge ML Update config
& ey pas
i Contol model Clowd Cloud Cloud
& : Edge loT Core (ot IoT Core Pub/Sub Datalab
T ows
ﬂ H @ BigQuery 29 Insights
* ; ondrgndtf;lsngs Gloud ngl - ga(:‘
o oREv Update device Datafiow -2
i 1 Cloud
@ Machine
Learnin
CPU, GPU, Edge TPU ) sl

AWS Greenglass for loT Edge Google Cloud loT Edge
15



Fdge Computing: 7| &%

Edge Computing Open Source Project

2| =2 THEF LF Edge?] OfIX|X T2, b3 20| =, O], EVE(C| )2t LE0X| ARE, LENX S

« O|FE 22| Kura®}l ioFog, MS OfX{ IoT Of|X], KubeO{|X], StarlingX &
LEgL X2 AR A 7| B @ opencage * Baidu FEE 22T E T7T, H|0IE], MH[AS Edge
E0REXFIUNDRY,  + EdgeXS JES loT GIXIS SHOE 1Y, 7] 24 > o SRR 7|7 7HX| seamlessSHH| HRSHE RE SEE Bt
AH SROIM 270, 0, AlH| M8 TEHAS Ciag) (R =AA TyHQQ3
HHHH'”U * AT&T, Intel FE2 SHAE 2/2H0f|x]| £242 TS * loT Edge =&, FEIY, 10T Edge®t loT 7|7|&
5G, 1oT, U[ES|3 7|7] x|& 2l 7k o4, TE[O] L e aEa0 clolE +3 HIELI& BAOIE, Kot
sH4S HSst=AE S8 fg 242 71|0|E-?l|0|?_| loT &2 37}X| 2 3+
HumE + Seed Codesi= &4 ZXI7t M| S50 L& S0 _
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=\ /= . 3}0|T H}O|X| (X} Xen )@} Edge ZIEO|{0f| CHE .;;

=y = + KubeEdget HE|A QIE{L|0|AE SX|}HA
EDGE UIRTUALIZATION HEIYE S, 1oT A OX| XM HALEE Girx|e_l.-_lge2-9-$;:-l7|l 5|-E-|AE-I| I'!PE|EEIFT oA
ENGINE Ed3| A4 KubeEdge =/ oo,  2EHI=F dol=
‘ « MYE loT, EYF, HIC|R HE S = MI A L
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o
S) A ZH 1 U SH MH|A HFES NS + A= XSE Xl HEHZ 7= 7/HE

A sEMH| 2 A ZEMH[ A HA|ZEMH| 2 Naa$S
cow (MNetwork Bots) (VRaa$s) (Cﬂ:'llﬁcai (Net a;a\Serwce) o
é m (['fﬁﬂ\} . Naas‘

{ 4EOIX|7|u SD-WAN &7

e xtal i

WAN olZiatp] Al 714t 2bEelx]

oLo|
MH]A 1
() (i) (0]
Nsdux Nsdax Asdudax

9 @' L]

Residential Enterprise Mobile Device

Al 7|8 &850 ofIX|7} X| 5%tk &= @ESI0] StLie| SeEl Intelligent Edge Network 7

A+ (Computing): Al 7|z& St K| X528l 22 =4 O] Zhe| e
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- 71= 7€ - DDNN

— Device, Edge, Cloud 7} 22} at&

g2&ds A=t &

1>

!
!
- B
AlexNet b= ‘ @ :‘@
(2012) '
= Qoo @ @i 0o X o
B e
8 Layers 0 ! 0 ! TR>ﬂi‘-::-‘-.
e 1 2 e
=== a. Status quo ! b. Mobile-only 4 L.
— T Approach Approach
ol Tl Feedback Input
e
! |I:I Communication [ Computalion| fm
Ll Ut
s D Y|
AV 1.0 1.0 s B>y %
4l é 3
f . — J
e 08k fomd ] 08 ] os Tl
|
- Ll CON (Y S 5SS R )] Mo { 06 Feedback Input
| S 100.0% M
[ M Y R R ¥ | S { 04 B ==
s Devices
] s 3.2% Domain
1 02 0.2 1 92 ’—‘ 590 100.0% |
ES 00 Cloud Cloud Cloud 0 Mobile Mobile Cloud Cloud Cloud Cloud Mobile Mobile
[EX: Neurosurgeon] “38¢ G4 Wik e . e —_—— e beemem—emeeee

CPU GPU GPU

(a) Communication (b) Computation

3G LTE

Wi-Fi

CPU  GPU

(¢) End-to-end

Sensing & Input

CloudOA 213 X|s XE|A| Latencyl| 90% O|40| Data &2 2 L/ (870ms)
Mobile DeviceOll Al & X 2[A| MotEl BFE X2 SHA (382ms, CPU 100%)

[7|Z DNN X 2| 4Al] [£4F DNN X 2| Al
= HEAl

19



- W8 7=

(a)

cloud exit (b

|

0

aggregator

i

- ()

H

(L

Fae'

i

m) cloud exit (© ) cloud exit

Local exit ”Local exit mm) | ocal exit

(a) Single Local Exit (b) aggregator Local Exit (c) Layered Local Exit
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 Distributed DNN - Learning Process

sz onnsaary [ DDNN BHals

------------- (2) Cloud loss function Al4H & at&

—
I

Cloud loss function

At H ets

Joint optimization problem : Z exit
point 0| A 2] loss B =2| weighted sum
= Z[235t= Wek2 2 back

propagation 2 22 E2M ot& TIH

N
L(y,y:0) = L Yexit,, » Y3 0)
cloud (9, ; } RZZIU" (ycxllﬂ.y. }

.

cloud I:A:I (1) Edge loss function A4t & oH&
Eg > Liy, y:0) = — ﬁ;y log g,
conv where ;
y = softmax(z) = Ze%r[)z}
conv cel

v and

z = fexit, (23 6),

\\\ A =
---------- poolsfc
input
conv conv+norm+relu
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_____________

F ) S 4

conv

Cloud 0| A 2]

= =

Original DNN

Y = WX

(3)Cloud 0| A{ 2]
FE A0 =9

Distributed DNN
Y=wX

(1) Edge 09
TE Z=EE

HIZ 22,

local exit O] £HEH
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 Distributed DNN - Test Environment
- MO 3742 =7 HH|O|HE 0|85t HAE =td 9
— Ubuntu 16.04, NVIDIA Geforce 1080Ti, python 3.6, pytorch 0.4.0
— DataSet(CIFAR10, Training: 50,000, Test: 10,000)

<cifar10 dataset>

SIIIIIISSS SR, ST
I S-S =
! we Emal RS ¥
! o
| of o= = xt S HEsoeen
: 5) DDNN € 12|& &2 w  EEEAEDEEE
! o L MEEEE
| ST
& ! NRLEEESnEn
: Cloud node
cloud |
i 7'y 7) &2 latency, accuracy A4t
i stagl oo x| 4-2) S HUEME [ Test node ]
g s cloud no NS S
3) DDNN|Z 2 2|&

[ Edge node

; \/< 1 2) HAE 0|0|X| £ edge nodeZ M& /

@ 2 test 217

Edge

((RJ)

@ 23 training



Single exit point model (T=0.1)

® num of local exit

Number of dataset
(4]
o
=4
o

exit point (nth)

+ Exit PointZl $1Z0| EXs5l= 2

v @8 239 ZF Ot2fF Local Exit Point 2 22| et 7t 52 7 LYEE S Exit Point 4782 TRY)
H

« Entropy Threshold7} RO}E 5

)

= Num of no exit

cliol A
2UTF

(High Threshold) Local Exit &I

Single exit point model (T=0.1)

m Edge latency(ms) mCloud latency(ms) mave latency (ms)

latency (ms)
N WO AR 00 ® N

o -

R S S o S N R
I I T
S A B NS _i_{\./ &S &S &7 57 4_{\./
R R I A
exit point (nth)
: AL K
Local Exit ¥1=34 &7}
7

= 42 Y Latency= 37t
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- Distributed DNN (Z%
7|Z2| DNN F =& multi =
MH[A latencyS 28 o U= EHQ| partition point <18 €12

A7)

QOriginal DNN model

h

AN
N

BranchyNet

S

Trained multi-exit model

(== anllmalipt H

Exit Point 4

.

e |
v

(| (eS| (S|

\FKIT Point 1 Exit Point 2 Exit Point 3 /

1) multi exit point framework
EEEREIE e

* State : S} (exit point, partition point) 2| %]
* Action : (exit point partition point) 2IX|& B3t
* Reward : =& latency @t accuracy Off 2} @& 24

Input data size
latency requirement
Network bandwidth
Computational capacity

_———— e = —— -

Stationary
environment
variables

Environment

I
|
|
|
|
|
|
|
|
|
|
get reward r, |
|
|
|
|
|
|
|
|
\

From state s, - N
take action a new state s’ artition poin
:t|_._ ol‘% 7d;_||. .
Reinforcement | (exit point, partition point)
conv
Learning [||
foent o]

2) Z3tehE 7|9H9| exit point X partition point
L S

cloud
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Model

XX J o — Image
' — jupyter —
| N N \-/
DNN
Model DNN Training
T Hub Descript (YAML)
5 S

Deployment

O PyTorch .
Descript (YAML)

Farﬁﬁiq
_ Data P

R O

y =
Model Development Tools 'A.
(SDK) Kubeflow

1

Resource allocation
For Training

Allocation
(CPU, GPU, Mem)

H e,

kubernetes

Computing Resources

POD. (X ] < —

NN
Training Model

3. 22 Y

POD QQQQQQQ
(Y XXXXX)

Serving Model (Cloud)

L

P Tréiﬁlrr_lq
_ Data |

. H cpu .mﬁ m MfU

Z/MH|A
Model
Deployment

2 ((g))

Model
Developer

IR #

Model

User &

& ' Web

@ ®® POD
00
Serving Model

¢
POD
loT G/W

Service Front

Model & Service
Deployment

: kubernetes

Computing Resources

SeniSi @ET
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ML €302|E
(pytorch,
Tensorflow...)

=EET - BEED=
CEETEswE=e
EZEM DN e

EREETNEDDE
EdcndaERT
dEGESEIOan

MH| A HYZE (Yaml) = K8S

= au =
=
o 2 A

Cloud

auEEEEE N Eg g,
us Tag,
L

1= Ol A

- it

Container Registry

Dockerfiles

@ D

Compiled
Pipeline

ML A{H|A
njo| =2}l +/d

1. Preprocess

(Ksonnet) i 2. Train
3. Inference Server
_ModelFlow | Launcher (ISL)

4. WebApp Server
Launcher (WSL)

CER

[ Kubeflow Dashboard I

* - ship dog deer

K I 1 e Er
+PoD 1 POD 2 POD 3 POD4 %, =2 B

Preprocess WsL - horse  horse  ship

] r

= : 5

TR B
gy - .

T
I
1
[
I
I
Data Store I
|
1
1
1

Store

Persisten}- Volume

GPU Worker

Kubeflow
GPU Worker GPU Worker
Node 2 Node 3

Ambassado . =

GPU Worker
Node 4
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= oF O|X] MH| 2/ A2 EL 0] 7|=

- 7= '8
- 2L OIX] HEE SBZOM SEMBIAS OO|ARAMH|A 2Z J|go R A AER 0|
=cliZE 7

(Packaging, Configuration, Deployment, Auto Scaling, Recovery) o= S &

@ Service Designing

Al-Ede - v Onboarding .
v Designing ( VE2 a Service
ageme v Verification VF1 / g > VF4 — VF5
v Policy
Op atio
] O
O Cld L0
N
e Deplo o "

v Instantiation/Termination
v" Configuration
v' Health-check/Recovery

3 Closed-loop

Automation

v Status Monitoring
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 Edge & Cloud Distribution =&
— 3 Tier 72 (Edge, Regional, Central)

E2E Delay

Around 4ms

Less than 2.5ms

>
|‘ Around 2ms Inside edge site

‘ \GW||VM1||VM2||VM3| _— ‘
(t4)) T | e
P P L

Less than 10km

Radio Access 10 ~ 50 km < 300 km
Distance between Sites and Base Station
E11 .
'—.\ E: Edge Site
/ (] R: Regional Site
R8 Edge Flock | 1 Edge Flock | C: Central Site

N

.0 - S

Central sites deploy Regional sites

o 0.
e N
R2 Edge Flack

| E3t E32

./__.\@Reglonal sites deploy Edge sites /._.\
(R Edge Flack | aﬁa Edge Fln:k,

.,

, \\\ d N\ ‘
PS N =
/"@_ - ‘9\.

e....9 Akraino Edge Stack
L

f \
( R4 Edge Flock

® o
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 Edge & Cloud Distribution 22
— 3 Tier (Edge, Regional, Central) T+==: Size, location & Role

M-Controller

- Service Orchestrator (uService + SDN)

- Centralized control & management

- Service Portal + BSS Interface

- MANO, Cloudify ... (no resource control)

Application

Orchestrator 0SS/BSS

Edge Controller(Master Controller)

A

AN AN EEEEE RN AR RN TSI N AN N EEEEEAEE RS R-Controller

Regional Controller Regional Controller - Serv!ce Orchestrator (uService + SDN)
- Service control & management

- Service Portal + M-Controller Interface
-- -_ - Full MANO (full resource control)
- Full computing resource
- (1~3 Rack: uService, Al ...)

Edge Node Edge Node Edge Node Edge Node
Edge Node
VNE Vs Contines Containers NE Vs J
g : - Remotely controlled by R-Contoller
B BT - Storage Nodes Storage Nodes - Just agent or KubeEdge, K8S

Compute Nodes Compute Nodes
Nodes Nodes

Compute Nodes MLU Nodes - computing resource: 1~3 server

30



= 2 Ol X] MH|A/XHR A A EE| 0] 7]

CIYSH 7| 59| Controller B X & ®1x50| 7|

Controller£2| S & A0l 2%0| 7h53t MSA X M &

Crefet izt 7|g2 A= ¢

Ul/UX 7|8 MH|A BEE Tz T8

2|2} Plugin 7|8t Hybrid VIM 7t %

HE 7
sot Zo ¥R 7= e
S R=a
-1 0O

Admin

Ve

L

| Platform

Platform

Service Ul/UX Ul/UX CLI
|
l .
API Server Service A
\ Orchestrator Optimizer Fault Manager
o Network Manager Hybrid VIM hMoniteing
) Manager
Central Control Platform B
S
API Server Service [ . ][ Fault ] [ Service ] [ . ][ Fault ]
[ Orchestrator ] Optimizer Manager Orchestrator Optimizer Manager
e —
m [ Network ][ Hybrid ] [ Monitoring ] [ Network ][ Hybrid ] [ Monitoring ]
Edge Control Manager VIM Manager Edge Control Manager VIM Manager

~

Edge Resources
/

(&

Edge Resources

J

S [ @ B 8

b) ff €0

Cognitive
Broker
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- Al 7|4t Auto-Scaling 7|&

— Scale-out/in to meet SLA based on prediction

Input Hidden Qutput

o lages oyer RT (Response Time)
Prediction model

-

C

Request rate

No. interrupt
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