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Machine Learning

“Machine learning can be broadly defined as

computational methods using experience to
improve performance or to make accurate [ Data } h
predictions” [ ] — mam Program
“Machine Learning represents the field of study [OUtPUtJ N o
-

that allows computer programs to learn
without being explicitly programmed”

Src:Mohri M, Rostamizadeh A, Talwalkar A. Foundations of
Machine Learning Cambridge, MA: MIT Press; 2012.
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Machine Learning

Input

Supervised
Learning
Machine Unsupervised |
Learning Learning

Reinforcement
Learning
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Development Lifecycle

Next evolution
of SE practices

* Scale in model construction
* Efficiency in design space
exploration

How Al can enhance the
systems engineering lifecycle
for engineered systems, across
the various lifecycle phases &

human driven engineering
practices?

Interactions

System Lifecycle
Processes

System Design Development

Concept Architecture Implementatl Integration/ Production/ Ope_rat!on/ Disposal/
Requirements . Utilization/
Development Design Test Deployment Maintenance Retirement

SYSTEM DEVELOPMENT LIFECYCLE STAGES




Challenges in complex engineered systems

Electronics + software +
networking + data-driven

Mechanical
Engineering

Reviews, coverage analysis,
Verification, Tests, Validated Reuse.... a Human Factors

Space Electronics
transportation system ) ;
Engineering
1
: Solid Software
Orbiter
ket boost: : :
roc er Engineering
| | | H .
External pmmn Avionics Environmental = Multiple Nets Electrical
structure system system control system o5 - < 4 E ng| neeri ng
| | |
Communication| |Instrumentation| Command & dat Displays & S Structural
system system handling system controls = En g| neerin g

But many new failure areas are appearing ...beyond just those driven by component failure

()]
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Electronics + software +
networking + data-driven

Failure Prone Areas for complex systems

Mechanical
Engineering
Electronics
Engineering
Space
transportation system
Software
1 Engineering
External . Solid
Orbiter
tank rocket booster E| ectrica |
[ I I : ” Engineering
External pmg“ﬁa‘:n Avionics Environmental - - S % -
structure system system control system Structural
I T T 5 . Engineering
Communication| |Instrumentation| Command & dat Displays & Et ] N ]
system system handling system controls o
= Human Factors
Failure prone areas — layers/ Failure prone areas —
interactions that are not seen interdisciplinary “cracks”

No components would have failed, but failure is due to the complexity in
interactions & emergent behavior, as driven by the system design
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Decision Scenario

~7 «7 N N\ N\

. Tasting/ . Operation
Concept Reguirements Design/ Verification/ Production/ Utilization,
Development Implement . Relezse
Walidation Support

o
>

Period where most critical architecture/ design
decisions are made

SYSTEM DEVELOPMENT LIFECYCLE STAGES

Knowledge

to make the
Ability to right
implement optimal decisions

decisions within
constraints such as
budget and
schedule
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Architecting Systems

* The view of architecture, as a set of relevant
decisions and corresponding decision based views &
decision models, has been well established

 The architectural/ design decisions comprise the
specific choices and selections made from the set of
all known alternatives of arrangements, themes and
principles pertaining to the architecture/ design of
the system.

 Arriving at the architecture can be viewed as a string
of decisions to be taken, with each decision having
one or more alternatives

 Decision making techniques typically involve
evaluating the alternatives in terms of how well each
meet the requirements, thereby requiring tradeoffs

Decision

Architecture

Decision

Arrangement, theme, and
principles behind the various
ﬁ subsystems/ elements and
their interactions to meet the
system requirements and non-
functional/ quality attributes

PREVALENT
KNOWLEDGE

The knowledge available with the design teams on
the relevant knowledge areas for applying to the
constituent systems and SoS design problem at hand

Ramakrishnan Raman, 2021 10



Uncertainty in Architecture Design Decisions

For complex systems, architects
encounter significant uncertainty
in deducing the implications of

decisions on the system’s MOEs

result in defects, rework

Suboptimal Wrong decisions

loopbacks, undesired emergent
behavior in complex System

Architects

Decision

PREVALENT
KNOWLEDGE

8q8

Decision

Prevalent knowledge is the knowledge
available with the design teams for
applying to design problem at hand

Complexity associated with the architecture design of complex systems:

(a) multiplicity of the number of decisions
(b) diversity of the knowledge areas pertaining to the decision

(c) Significant interdependencies and multiple implications of the decision

Ramakrishnan Raman, 2021

Architecture
of Complex
System
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Knowledge Value Stream

All knowledge that is available at the point
in time that is relevant towards making a
decision (can be tacit or explicit)

PREVALENT
KNOWLEDGE

[T ,"’
O w P
.......... o~ " > w -~
_________ - '8 E -
- p— - -
A - e 5 Knowledge Value Stream - 2= - .
_________ -] » 2 ' DECISION .
- O e E ’p‘
---------- @ MAKINV ”’
4”"

-
-

Typical Wastes

= Unclear/ Re-visited Decisions

= Re-invention/ Re-learning

= Sub-optimal decisions

= Confusion / incorrect understanding
= Longer feedback cycles
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Learning Cycles

e LEARNING CYCLE (days) . __________ .
Decision Impact Of Decision
Made Realized

O Yes, that is the right decision

Q It’s ok, though suboptimal, we can proceed
U No, we need to patch up (surgery)

U No, we need to redo/ rework (loop back)

Ramakrishnan Raman, 2023 13



Organizational Scenario - Decisions

Knowledge gained on using specific
alternatives is prone to loss. Similar
lessons might be learnt by different

Decision making fidelity varies
across teams, and across specific

System A System C
R knowledge areas. Some areas

teams in different points in time. T — == might be more prone to rework
=== =
—m=Ee )| | IS

System B

e =
= | | \&=
L____-: N

Architecture Design
Decisions is made by
Team Z for System C

Architecture Design
Decisions is made by

Team X for System A

Different teams/ architects undergo
various experiential learnings at different
points in time. Architects/ Designers

- might also move across different teams.

Architects of varied
competency levels are
involved in making
decisions

Architecture Design
Decisions is made by
team Y for System B
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ML Model Approach

Capture the experienced architecture
design decisions, and label “good”
and “not good” decisions

@ Train ML Models

Architects

8q8

DECHIEN Architecture
of Complex

System

Decision

N
—
_—

@ Predict & Assess
@ Arrive at means to represent Decision Uncertainty
decisions — in terms of attributes
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Progress in Architecture Design of

system S,

Decision D j
is made

Implication of
D; realized

Decision Dj
is revised

Minor
adjustments are
made to D;

Learning Cycle
Duration (Days)

Time

LCC-1

The decision is the optimal decision, and
does not inhibit any of the requirements or
expected behaviors of the system

LCC-2

The decision is not the optimal one, but
nevertheless, can be “lived with”, i.e. does
not impact any critical requirements or
behaviors of the system

LCC-3

The decision is not optimal, and it might
require some amount of rework, minor
correction or “surgery”

LCC-4

The decision needs to be significantly
reworked, requiring a loop-back to the point
where the decision was taken. In extreme
cases, the budget or resources required for
the rework might be far in excess of what is
available or allowable for development

Learning Cycle Consequence




ML Model — Learning & Prediction Phase

Feedback the architecture
design decision experiences

Learning Phase

VI

Prediction Phase

»Codify architecture design
decision experiences

[machine learning]
*Formulate Uncertainty Model

=Analyze Learning Cycle Space
=Train the Learning Cycle Model

=For new architecture design decision, codify the
alternatives considered

=Use Learning Cycle Model to predict potential learning
cycles

»Use Uncertainty Model to assess uncertainty and factor in
decision for choosing a specific alternative

»*Monitor & reassess decision uncertainty with time

Provide Learning Cycle Model
& Uncertainty Model

Ramakrishnan Raman, 2021
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Codification of Decision Experience

Decision (#2)
OS Middleware

Alternative Alternative
(#1) (#2)
<<h1=2, h2=3, <<h1=1, h2=2,
h3=1, h4=2>> h3=1, h4=2>>

Alternative #1 was used in a system with \

complexity measure 4. There was 8
knowledge gaps that existed when the
decision was made. The decision was found to
be optimal (LCC-1) and this was realized after

Decision #2: OS Middleware : Alternatives - Attributes
h1 Scheduling: co-operative = 1, rate monotonic=2,...
h2: NVM writing: periodic = 2. on demand = 3,...

h3: Buffer: fixed = 1, variable=2, ring buffer=3,...

h4: thread life management: ....

Codification of Learning Cycle Experiences pertaining to
Architecture Design Decisions

Decision Sys
ID Comp K-Gaps LC C
2 2 3 1 2 4 8 1 3
1 1 2 2 1 3 12 3 2
3 2 3 1 2 1 5 3 2
1 1 2 2 1 2 6 2 1
2 1 2 1 2 3 11 4 3

Q long duration /

Ramakrishnan Raman, 2021
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PCA of Decisions

/ e decisions \ *
ﬁ':ll:(g:l pdertaining ol * ﬁ = g 0 = * g 0

to Communication
Protocol Stack
manifest as five -1 o 0 _ 1

distinct clusters (- Principal Component Axis

0.81, 0.14, 0.54, o ® _
1.57, 1.82 on the 0 Communication Protocol Stack Power Supply Design

Principal _ _ M T | Desi
\Component Axis), ¥ real Time OS/ Middleware ermal Design

1 PCA adopted to reduce the dimensionality of the multi-dimensional decision space
[ Clustering of the decision points along the reduced single dimension of the decision space enables
easy visualization and analysis in terms of distinct clusters and characteristics
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Learning Cycle Space

Decisions N\ O Provides insights
pertaining to into the
Enclosures: architecture design
Alloys/ decision-making
Bending have o & o £ o K .
mostly 0 P _o g o experience
Q ° Long & o, &
experienced § B . & .90
o o ° $
LCC-3 and g o % 2 4 | L Represents the
- [e] o ° & 3 ° 5 2 . .
LCC;‘-, across iq)) . L 2 3 .° 4 | expenent'al
awi Ff\ range : P e v c 13 ; ¢ . & knowledee
of varied - ° A ) & /. Q\@\ g
system g A < e ° & i o pertaining to the
. @ s o © o e - Q . .
Cog‘p'ex'ty 5 Sy s A e’ S /o & 4 o various architecture
an % &% ;. e . . .
knowledge ) /. /. <1/ o /S L S S /. deS|gn deCI.SIOI’]S
gaps (IOW and -10 -0s 00 os 10 15 20 -0 05 00 os 10 15 20 ta ken for dlffe re nt
hi h) Decisions Decisions
\ gn). . . systems
O Enclosures: Alloys/Bending/ Fasteners O 0s Middleware: Scheduling, Buffer () Thermal: Heat pipes inclination/flow rate
(O Communication Protocol: Frame management Redundancy: active-passive
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ML Model

 Machine Learning methods
adopted to train the Learning
Cycle Model

|

Activation

Function
sigmoid(z) = g(z) =

) 1+ e? U The past decision experiences
8(2) =4, 8(2) =8(2)(1:8(2) form the Training Set

{

Input Layer: a® =x
Hidden ;@) = 61 g O The Learning Cycle Model

Layer: a® = g(z@) learns about the learning
cycles experienced, pertaining
to various decisions taken over
the period of development and
evolution of various systems in

|

Probabilistic prediction of
LCC-1, LCC-2, LCC-3,
LCC-4

Output Layer:z®) = 6(2) g
a® = g(z0) = hy(x)

Codified Decision attributes, system
complexity, knowledge gaps

Input Hidden Output o
Layer Layer Layer the organization
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ML Model Performance

PREDICTION

LCC-1

LCC-2

LCC-3

LCC-4

25

15

Cost

96.8% os

96.9% o

0% 0.4% 0.4% 300
98.6% | 94.0% | 97.6% | 98.4%
1.4% 6.0% 2.4% 1.6% 3.1%
LCC-1 LCC-2 LCC-3 LCC-4
TARGET

Ramakrishnan Raman, 2021

000

3000
Iteration/ Epoch
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Decision Experience pertaining to architecture design decisions
DecisionID hl h2 h3 h4 SysComp K-Gaps LCC
2 2 1 1 2 3 11 4
3 2 1 1 1 5 1
3 3 1 2 2 3 6 4
1 1 2 2 1 3 9 3
2 2 3 1 2 4 9 2

Learning Cycle Model

Probabilistic predictions of Learning Cycle Consequences

LCC-1
0.0016817217

LCC-2
0.0061270562

LCC-3
0.0000796866

LCC-4
0.9549523432

0.9999969555

2.3560401E-11

2.2714304E-06

0.0000422213

0.0000170234

1.2163202E-11

1.24950132E-10

0.9997/610606

0.0004465759

0.0008018442

0.9963371391

0.0072283499

0.0342013134

0.9708418369

6.1549942E-07

0.0001666969

Ramakrishnan Raman, 2021

O Learning Cycle
Consequence prediction:
Validation is in terms of
the highest probability
prediction for the
specific learning cycle
conseqguence, in tandem
with the actual
experience

O Similar approach is done
to predict learning cycle
duration, categorized as
short-moderate-long

25



Uncertainty Model

[ Built as a surface that is formulated based on

Uncertainty

the Learning Cycle Consequences and
Learning Cycle Duration

Higher uncertainty (maxima point on the
uncertainty surface) is associated for LCC- 4
with long Learning Cycle Duration

O The lowest uncertainty (minima point on the

Uy 102, 7 oot

uncertainty surface) is associated with LCC-1
with short Learning Cycle Duration

A team or organization to appropriately
calibrate the uncertainty surface based on
factors such as knowledge areas, culture,
performance of the teams and organizational
stage gate processes

Ramakrishnan Raman, 2023 26



Prediction of LCC

O For architecting the system, various
decisions and corresponding feasible
alternatives are enlisted, along with the

0.8 corresponding knowledge gaps

—

0.6
L O The decision-making process requires the

N Q0 Ny architects to analyze the set of possible
‘ AR 0.2 alternatives pertaining to each decision

= =
o @

NE Bl

Probability of
occurrence

=

O The ML Model is used to predict the
potential learning cycles for the
shortlisted alternatives
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Uncertainty Assessments

(J Based on the learning cycle
consequence and duration
probabilities for the selected
alternative, the Uncertainty
Model formulated in [L3] is used
for assessment of the
corresponding uncertainty

Mar’'18

O As the development progresses,
the uncertainty is to be re-
assessed since there will be
changes in the knowledge gaps
associated with the decision

R Q¢
2 o <
& i oo e s Oct'17
Al o S
o & < o° e
Os, 5 o o
%/ ¢ W 2 <
s e i
N S
& \ s\'ﬁ
s
R
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Benefits

Embodies architecture design decision

making experience across organization.
Model re-trained as and when new

decision experiences are reported back /\

System A

o s | 1

Architecture Design
Decisions for System C

N,

Decision

Unicertainty Architects of varied

AsSessaenits competency levels
can leverage the

Potential experience of other

Learning Cycle architects on using

Predictions

\various alternatives /

Learning
Cycle
Trends

Learning Cycle Model
& Uncertainty Model

,//f Decision making fidelity can be monitored
across the organization and trends
analyzed (e.g. fidelity of decisions
pertaining to specific knowledge areas)

N
7ONY
4 @

7 = N

i
e

AR
SN\

38

Decision
Uncertainty
Assessments

Architecture Design
Decisions for System B

Potential
Learning Cycle
Predictions

Ramakrishnan Raman, 2021

System C

Architecture Design
Decisions for System A

>y
Decision Potential
Uncertainty || Learning Cycle
Assessments || Predictions
N\

Specific interventions (e.g. SME
deep dive reviews) can be
planned for those decisions that
have typically encountered late
rework across the organization
\and have high uncertainty

~\

)
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Quality of the engineered system

Assist in arriving at various
corner test cases during
verification

Advise system architects on the
various architecture design
decisions options based on
intelligence built from collective
prior experience of decisions
taken in earlier systems.

Cycle time for the various life cycle activities

Digital/synthetic environments (e.q.,
digital twins) being leveraged to
understand various lifecycle
operation scenarios and providing
better insights to systems engineers
on understanding the implications of
architecture design decisions on the
engineered systems
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Best Papers of 2019

https://doi.ora/10.1002/sys.21517 Virtual Issues | First published: 14 March 2021 | Last updated: 16 March 2021

Each year, the International Council on Systems Engineering (INCOSE) selects a Best Paper award from

among the papers published the previous year in Systems Engineering. The Editorial Board considers
b g the papers in this virtual issue to be among the best from those published in 2019. We hope this
November 2019 virtual issue will provide some insight into the latest research and developments in systems

SYSTEMS ENGINEERING ,NCOSE Volume 22 Issue §

The Jounal of The Intemational Council on Systems Engineering

REGULAR PAPER Pages 538-560 engineering.
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complex systems and system-of-systems »* Export Citation(s) Download PDF(s) SYSTEMS ENGI NEER'NG INCOSE
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Decision learning framework for architecture design decisions of complex systems and
system-of-systems

Ramakrishnan Raman, Meenakshi D'Souza

Systems Engineering | First Published: 07 November 2019

doi: 10.1109/TEMSCON.2017.7998412 Abstract | Full text \ PDF | References | Request permissions

2017 IEEE Technology & Engineering Management Conference (TEMSCON)

Knowledge value stream framework for architecting
complex products

Ramakrishnan Raman ; Meenakshi D'Souza
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Conclusions

 Exponentially increasing complexity of systems, exacerbated by new technologies

* Increasingly difficult to analyze various implications of operational scenarios on the
system design - Unhandled system states, Unhandled operational scenarios/ conditions,
Incomplete/ wrong assumptions

 Opportunity to leverage Al-ML to advise on the appropriate decisions upstream: learn
from the decision learning cycles experienced
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