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Orchestrating apps (content) and network.
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Network diversity, complexity,
& need for efficiency, flexibility and automation.




Orchestration for E2E & Network Edge

* Stringent SLAs.
* Sensitive

workloads.

*+ Complex

chaining.

* Dense packing.
* Distribution.

* Heterogeneity.
* Scale.
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high-precision orchestration.

Apex Lake: Intel Labs

Orchestration Research Platform.

Automating generation of usable insights for intelligent,
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Virtualised network & edge.

Cloud Computing disrupts IT consumption and

operations

* On-Demand, Self-Service, Elasticity, Pay-as-you-
Go, Remote Access.

* Infrastructure- Platform- Software-as-a-Service
(laaS/PaaS/SaaS) -> EPCaasS.

* Fine grained view of Virtualisation & Cloudification
resources and services. brings network as-a-service.
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FP7 Mobile Cloud Networking (2013-2016) was a
collaborative research project focused cloud-style

* Resource constraints at

Cloud Computing - service enabler
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Service Function Chaining.

Workflow 1: e DPI QoS Transformation
REg: AP Workflow 2: QoS Streaming
= |
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H2020 RECAP is a collaborative research project focused on
capacity planning of heterogeneous Cloud to the Edge via
infrastructure optimization, modelling, simulation and automated
self-adaption

pasestation_3

Service chain components and distributed resource placement
options as a directed acyclic graph..




Toward Network Functions -aaS.

Appliance Era VM/Hypervisor cemielines Faas Service Lifetime
A
Years
Fixed-Function.
100% manual
deployment and
operation
Months
Virtualisation.
consolidation.
Minutes
Self-service, -
auto-scalind I
I
|
: I Seconds +—
: N
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Service Instantiation weeks days minutes seconds ms

Next stage of progress.

* Micro-services with

millisecond
instantiation times,
sub-second billing.

« Tight packing.

* Fully Automated.



Emerging edge use cases.

Indust Transport / V2X
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-> dynamic resource topologies.
-> hard constraints on data processing.
-> additional constraints: data timeliness and provenance, security and privacy.




Resource Allocation: Prescription.

Descriptor metadata

NFV Management and
Orchestration
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https://osm.etsi.org/wikipub/images/2/26/0SM_R2_Information_Model.pdf Source: ETSI specifications documents circa 2013..




Resource Allocation: Learning.

Infrastructure setup

Scene0
Monitoring + Analytics + Automation e
Design and connectivity setup
Goals:
- Tight Packing, system design | >
- Platform Awareness,

_ ReSOU rce Aff|n|t|es, _ — Initial services /applications setup
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Overall scaling edge cloud thee - )
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Decision Tree automatically guides Orchestrator to select SR-IOV H2020 Superfluidity is a collaborative research project targeting a
enabled NIC based on service characterization.. super-fluid, cloud-native, converged edge system.




Machine Learning in context.

Goal — automating precise and efficient placement & adjustment, driven by service objectives.

- What are the usable key metrics, attributes,
and expressions of constraints and objectives ?

- How can we automatically discover these in context ?

Approach: Techniques: Metrics:
* Full-stack, adaptive * Service performance,
telemetry, «  Utility Theory, * Resource allocation
* Background and « Cost Functions, rightsizing,
foreground analytics »__Machine Learning, * Resource utilization,
loops, «  Evolutionary Algorithms, * Accuracy of predictions,
*  Workload fingerprinting, «  Hybrid Algorithmes. « Confidence of

* Automation. maintaining SLA.




Example: dynamic placement.

D ROV PR I
Resource : g TR
B Static Infrastructure Resource
[ Moving Edge Resource
[ Current Placement Solution
[ Pre-Placement Option A
[J Pre-Placement Option B
[] Roadway
— Physical Network Connection
Test bed emulation of mobile urban environment. A: Baseline B: 100k endpoints  C: 140k endpoints
. . Max scale16k Headroom and Gateway saturation,
> . - .
20 ggteways VYIth overlapping. coverage, >100k endpoints, utilization balanced,
6/20 gateways over- 7ms compute placement.
Nearest fit / current utilisation as baseline. subscribed, placement.

Hybrid multi-attribute utility function + evolutionary 14ms to compute
algorithm formulates capacity and endpoint
trajectories.

placement.




AUTOMATED PERFORMANCGE OPTIMIZATION
VIA MACHINE LEARNING
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Standard (eg: Openstack)
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:

Standard (eg: Openstack)

r T T
ceu i wme 3] osk ceu i wme 3] osk
'

Can we predict the behavior of an incoming workload if it's placed on a resource which
is already in use?

Using this, can we pack the workloads to maximize utilization of all resources, while
avoiding overload?




PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:

Can we predict the behavior of an incoming workload if it's placed on a resource which

is already in use?

Using this, can we pack the workloads to maximize utilization of all resources, while

avoiding overload?

Experimentation:
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:

Standard (eg: Openstack)

Can we predict the behavior of an incoming workload if it's placed on a resource which o | | R .
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:
Can we predict the behavior of an incoming workload if it's placed on a resource which

is already in use?
Using this, can we pack the workloads to maximize utilization of all resources, while

avoiding overload?

Standard (eg: Openstack)
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:
Can we predict the behavior of an incoming workload if it's placed on a resource which

is already in use?
Using this, can we pack the workloads to maximize utilization of all resources, while

avoiding overload?

Standard (eg: Openstack)
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PREDICTION OF HETEROGENEQUS WORKLOAD BEHAVIOR:

Research Questions:
Can we predict the behavior of an incoming workload if it's placed on a resource which

is already in use?
Using this, can we pack the workloads to maximize utilization of all resources, while

avoiding overload?

Standard (eg: Openstack)
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INTEGRATED ML APPROACH TO ORCHESTRATION

net_interfaces_network utilization
net_interfaces_receive bytes
net_interfaces_transmit_packets
net_receive bytes
proc_stat_meminfo_slab
proc_stat_meminfo_sunreclaim
net_interfaces_receive packets
net_tx_mb

net_transmit_bytes

net_tx

Efficient resource allocation

proc_stat _meminfo_active_file
proc_stat _meminfo_sunreclaim

. . roc_stat meminfo cached
‘ L Selected cores active bros A Fo At
proc_stat_meminfo_active
Rest powered down

- -

\ . ( proc_stat _meminfo_active_anon

DDDODDD proc_stat _meminfo_ anonpages
proc_stat meminfo memavailable

GDDDDGD proc_stat _meminfo_anonhugepages

DDDDDDD proc_stat meminfo_sreclaimable
proc_stat _meminfo_ free

Optimal placement of chained workloads

Energy management

SLA assurance

processing_0

service chain )
rnalytlcs_o

Optimal
placement
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INTEGRATED ML APPROACH TO ORCHESTRATION




INTEGRATED ML APPROACH TO ORCHESTRATION

D@DU




INTEGRATED ML APPROACH TO ORCHESTRATION
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INTEGRATED ML APPROACH TO ORCHESTRATION
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INTEGRATED ML APPROACH TO ORCHESTRATION
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INTEGRATED ML APPROACH TO ORCHESTRATION
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INTEGRATED ML APPROACH TO ORCHESTRATION

workload DDDDDD
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updates and improves
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INTEGRATED ML APPROACH T0 ORCHESTRATION
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SLA awareness

Continuous learning of shared behavior updates and impreve:
] y
! ! { Provisioning decision [ [ Reinforcement Learning
: I NEW class!! A
| ey
L] - _J L
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UNEXPECTED L JU _JU _JUL _JU_JL_J Continuous learning of
BEHAVIOUR ) ) ) ) ) ) )| useforprovisioning
—J_Ju_Ju_J_J_J_J decisions
Continuous learning of () ) ) W ) ) )| Experience of common
new workloads G | D | G | G | G | G | S anomalies
) A Monitoring Ability to deal with Ability to share insights

changes in environment with other machines...
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