
Many-­‐Objec+ve	
  Visual	
  Analy+cs:	
  

Rethinking the Design of Complex 
Engineered Systems 

Dr.	
  Patrick	
  Reed	
  
Associate	
  Professor	
  

Department	
  of	
  Civil	
  Engineering	
  
The	
  Pennsylvania	
  State	
  University	
  

preed@engr.psu.edu	
  
	
  



	
   	
   	
  Many-­‐Objec5ve	
  Visual	
  Analy5cs 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slide	
  2	
  

Acknowledgements	
  

This	
  work	
  was	
  
supported	
  by	
  the	
  Large	
  
Resource	
  Alloca+on	
  
award	
  TG-­‐EAR090013	
  
on	
  the	
  	
  NSF	
  sponsored	
  
XSEDE	
  (previously	
  
Teragrid)	
  TACC	
  Ranger.	
  
hUp://www.xsede.org	
  

This	
  work	
  was	
  also	
  
funded	
  on	
  NSF	
  CAREER	
  
grant	
  	
  CBET-­‐0640443.	
  	
  
Any	
  opinion,	
  findings,	
  
and	
  conclusions	
  are	
  
those	
  of	
  the	
  authors	
  

Matthew Woodruff, PhD Candidate 

David Hadka, PhD Candidate 

Joshua Kollat, Research Associate 

Timothy Simpson, Professor 



	
   	
   	
  Many-­‐Objec5ve	
  Visual	
  Analy5cs 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slide	
  3	
  

Key	
  Points	
  
§  (1)	
  Proposing	
  the	
  “Many-­‐Objec5ve	
  Visual	
  Analy5cs”	
  framework	
  for	
  complex	
  

engineered	
  systems	
  design.	
  

§  (2)	
  Seeking	
  to	
  avoid	
  cogni5ve	
  myopia	
  (too	
  limited	
  a	
  view	
  of	
  op.mality)	
  and	
  
cogni5ve	
  hysteresis	
  (preconcep.ons	
  limit	
  discoveries)	
  

§  (3)	
  Arrow’s	
  Paradox:	
  op+mizing	
  aggregated	
  performance	
  measures	
  does	
  not	
  
op+mize	
  individual	
  components	
  in	
  a	
  predictable	
  fashion	
  

§  (4)	
  Preferences	
  develop	
  and	
  evolve	
  opportunis5cally	
  in	
  response	
  to	
  how	
  
changing	
  formula+ons	
  provide	
  solu+ons	
  with	
  desirable	
  characteris+cs	
  (what	
  
is	
  the	
  non-­‐dominated	
  problem?)	
  

§  (5)	
  Opera+onal	
  use	
  of	
  MOEAs	
  requires	
  efficiency,	
  effec+veness,	
  reliability,	
  
and	
  controllability—proof	
  must	
  be	
  based	
  on	
  rigorous	
  algorithm	
  diagnos5cs	
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Defining	
  the	
  Problem	
  is	
  THE	
  PROBLEM	
  

§  What	
  are	
  complex	
  engineered	
  systems?	
  	
  
	
  
Systems	
  where	
  the	
  “…+ghtly	
  coupled	
  interac+ng	
  
phenomena	
  yield	
  a	
  collec+ve	
  behavior	
  that	
  cannot	
  be	
  
derived	
  by	
  the	
  simple	
  summa+on	
  of	
  the	
  behavior	
  of	
  
the	
  parts”.	
  	
  

	
  
Bloebaum*,	
  C.	
  L.	
  and	
  McGowan,	
  A.-­‐M.	
  R.,	
  2010,	
  "Design	
  of	
  Complex	
  
Engineered	
  Systems,"	
  ASME	
  Journal	
  of	
  Mechanical	
  Design,	
  132(12),	
  120301	
  
(*Bloebaum	
  USNSF	
  Program	
  Manager	
  for	
  Engineering	
  Design)	
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Many-­‐Objec+ve	
  Visual	
  Analy+cs	
  

§  Complex	
  engineered	
  systems	
  
–  Emergent	
  behavior	
  
–  Challenging	
  design	
  space:	
  constraints,	
  interac+ons,	
  discon+nui+es,	
  

nonlineari+es	
  

–  Validity	
  of	
  a	
  priori	
  preferences?	
  Goals?	
  
§  Many-­‐Objec+ve	
  Visual	
  Analy+cs	
  (MOVA)1	
  

–  Itera+ve,	
  not	
  linear	
  
–  Mutual	
  feedbacks,	
  construc+ve	
  learning2	
  

1  Woodruff et al, Structural and 
Multidisciplinary Optimization (In-
Press)  
2  Tsoukias, European Journal of 
Operational Research (2008) 
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Stakeholder	
  Interviews	
  

Iden+fy	
  Design	
  Parameters	
  

Iden+fy	
  Key	
  Objec+ves	
  

Iden+fy	
  Constraints	
  

Variables	
  
Assump+ons	
  
Constants	
  
…	
  

Requirements	
  
Goals	
  
…	
  

Explore,	
  Visualize,	
  Communicate	
  

Watch	
  designs	
  “evolve”	
  and	
  
iden+fy	
  key	
  interac+ons	
  
between	
  design	
  parameters,	
  
objec+ves,	
  and	
  constraints	
  

Provide	
  an	
  accessible	
  
visualiza+on	
  roadmap	
  of	
  key	
  
tradeoffs	
  to	
  Decision	
  Maker	
  

Applica5on	
  Program	
  Interfacing	
  (API)	
  

Iden+fy	
  exis+ng	
  modeling	
  
tools	
   Design	
  Parameters	
  

Key	
  Objec+ves	
  

Constraints	
  

Integrate	
  with	
  modeling	
  tools	
  
through	
  API	
  

Build	
  new	
  models	
  if	
  necessary	
  

Expose	
  API	
  to	
  op+miza+on	
  
tools	
  

Mul5-­‐Objec5ve	
  Op5miza5on	
  

Massively	
  parallel	
  search	
  	
  
using	
  mul+-­‐objec+ve	
  
evolu+onary	
  algorithms	
  
(MOEAs)	
  

Borg	
  MOEA	
  for	
  many-­‐
objec+ve	
  op+miza+on	
  

The	
  Sonware	
  Ecosystem	
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LET’S	
  MOTIVATE	
  “MOVA”	
  WITH	
  A	
  
REAL	
  WORLD	
  ILLUSTRATION	
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Watching	
  Convergence	
  &	
  Diversity	
  
§  Visualize	
  dynamics	
  

–  To	
  understand	
  search	
  
–  To	
  avoid	
  errors	
  or	
  

wasted	
  effort	
  	
  due	
  to	
  
arbitrary	
  termina+on	
  
choices	
  

–  Can	
  meaningfully	
  
compare	
  formula+ons	
  
or	
  algorithms	
  

§  Stakeholders	
  see	
  the	
  full	
  
context	
  of	
  what	
  was	
  
gained	
  

MOEA	
  Search	
  (Red)	
  

Target	
  Solu5on	
  Set	
  (Gray)	
  

No5ce	
  how	
  it	
  not	
  only	
  finds	
  
the	
  solu5on,	
  but	
  also	
  
distributes	
  itself	
  across	
  the	
  
solu5on.	
  

Three-­‐objec5ve	
  Test	
  Problem	
  



	
   	
   	
  Many-­‐Objec5ve	
  Visual	
  Analy5cs 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slide	
  9	
  

§  How	
  can	
  we	
  op+mally	
  
sample	
  a	
  minimum	
  subset	
  
of	
  wells?	
  

§  Tools:	
  
–  PCE	
  contaminant	
  plume	
  

–  Evalua+ons	
  based	
  on	
  Quan+le	
  
Kriging	
  

§  Objec+ves:	
  
–  Sampling	
  Cost	
  

–  Mapping	
  Error	
  
–  Risk	
  (Uncertainty)	
  
–  Mass	
  Error	
  

Cost	
  

Error	
  
Risk	
  

Long-­‐Term	
  Groundwater	
  Monitoring	
  Network	
  Design	
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The	
  original	
  low	
  cost	
  solu+on	
  
is	
  now	
  inferior	
  when	
  
considering	
  the	
  error	
  
objec+ve.	
  

§  Single	
  Objec+ve	
  
Design	
  Problem…	
  

§  Two	
  Objec+ve	
  
Design	
  Problem…	
  

§  Many-­‐Objec+ve	
  
Design	
  Problem…	
  
–  More	
  compromise	
  

solu+ons	
  

–  Considers	
  many	
  
subproblems	
  
§  Two	
  and	
  three	
  

objec+ve	
  subsets	
  

§  Difficult	
  to	
  specify	
  
manually	
  

The	
  Benefits	
  of	
  Many	
  
Objec+ves	
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§  Single	
  Objec+ve	
  
Design	
  Problem…	
  

§  Two	
  Objec+ve	
  
Design	
  Problem…	
  

§  Many-­‐Objec+ve	
  
Design	
  Problem…	
  
–  More	
  compromise	
  

solu+ons	
  

–  Considers	
  many	
  
subproblems	
  
§  Two	
  and	
  three	
  

objec+ve	
  subsets	
  

§  Difficult	
  to	
  specify	
  
manually	
  

The	
  Benefits	
  of	
  Many	
  
Objec+ves	
  

The	
  original	
  low	
  cost	
  solu+on	
  
is	
  now	
  inferior	
  when	
  
considering	
  the	
  error	
  
objec+ve.	
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§  Single	
  Objec+ve	
  
Design	
  Problem…	
  

§  Two	
  Objec+ve	
  
Design	
  Problem…	
  

§  Many-­‐Objec+ve	
  
Design	
  Problem…	
  
–  More	
  compromise	
  

solu+ons	
  

–  Considers	
  many	
  
subproblems	
  
§  Two	
  and	
  three	
  

objec+ve	
  subsets	
  

§  Difficult	
  to	
  specify	
  
manually	
  

The	
  Benefits	
  of	
  Many	
  
Objec+ves	
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§  Single	
  Objec+ve	
  
Design	
  Problem…	
  

§  Two	
  Objec+ve	
  
Design	
  Problem…	
  

§  Many-­‐Objec+ve	
  
Design	
  Problem…	
  
–  More	
  compromise	
  

solu+ons	
  

–  Considers	
  many	
  
subproblems	
  
§  Two	
  and	
  three	
  

objec+ve	
  subsets	
  

§  Difficult	
  to	
  specify	
  
manually	
  

The	
  Benefits	
  of	
  Many	
  
Objec+ves	
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§  Single	
  Objec+ve	
  
Design	
  Problem…	
  

§  Two	
  Objec+ve	
  
Design	
  Problem…	
  

§  Many-­‐Objec+ve	
  
Design	
  Problem…	
  
–  More	
  compromise	
  

solu+ons	
  

–  Considers	
  many	
  
subproblems	
  
§  Two	
  and	
  three	
  

objec+ve	
  subsets	
  

§  Difficult	
  to	
  specify	
  
manually	
  

The	
  Benefits	
  of	
  Many	
  
Objec+ves	
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Sonware	
  for	
  Visual	
  Analy+cs	
  

§  AeroVis	
  
–  Facilitates	
  efficient	
  explora+on	
  
–  Highly	
  interac+ve	
  

•  Rotate,	
  zoom,	
  pan,	
  pick	
  

•  All	
  with	
  a	
  click	
  of	
  the	
  mouse	
  

–  Customizable	
  
•  Plugins	
  for	
  interfacing	
  with	
  
external	
  sonware	
  (e.g.,	
  Matlab)	
  

–  Serves	
  a	
  wide	
  user	
  base	
  
•  Beginners	
  to	
  Power	
  Users	
  

–  “Presentable”	
  
•  All	
  visuals	
  and	
  anima+ons	
  in	
  this	
  
presenta+on	
  were	
  created	
  directly	
  
in	
  the	
  sonware	
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Long-­‐Term	
  Groundwater	
  Monitoring	
  Network	
  Design	
  

Four	
  Objec+ves	
  
and	
  33-­‐Million	
  
Possibili+es	
  

	
  
2570	
  Op+mal	
  
Alterna+ves	
  

	
  
3	
  Compromises	
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Long-­‐Term	
  Groundwater	
  Monitoring	
  Network	
  Design	
  

Compromise	
  solu+ons	
  found	
  
through	
  efficient	
  explora+on	
  
and	
  interac+on	
  with	
  Pareto	
  set	
  

Four	
  Design	
  
Objec+ves	
  and	
  
33-­‐Million	
  
Possibili+es	
  

	
  
2570	
  Op+mal	
  
Alterna+ves	
  

	
  
3	
  Compromises	
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ARROW’S	
  PARADOX:	
  THE	
  HIDDEN	
  
COSTS	
  OF	
  AGGREGATION	
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Problem Statement 
Product family for three General 
Aviation Aircraft (GAA): 2, 4, and 
6 seats.  

Balancing Commonality vs 
Performance 

9 decision variables per aircraft 

9 performance criteria per 
aircraft 

3 different formulations: 
-1 objective (yellow) 
-2 objectives (blue) 
-10 objectives (red) 
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Non-­‐preemp+ve	
  goal	
  program1:	
  minimize	
  	
  

Single	
  Objec+ve	
  Problem	
  Formula+on	
  

Goal	
  (G)	
   AUainment	
  (A)	
   Shortage	
  (S)	
  

• 	
  Responses	
  normalized	
  to	
  goal	
  level	
  
• 	
  Single	
  aggregate	
  “compromise”	
  objec+ve	
  

2	
  Seats	
   4	
  Seats	
   6	
  Seats	
  

Re
sp
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se
	
  

N
O
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W
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P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

1	
  Simpson	
  et	
  al,	
  Proc.	
  
AIAA/ISSMO	
  SMO	
  
Conference	
  (1996)	
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Two	
  Objec+ve	
  Problem	
  Formula+on	
  

2	
  
4	
  

6	
  

μ	
  

Design	
  Space	
  

Second	
  objec+ve:	
  	
  
minimize	
  PFPF	
  

First	
  objec+ve:	
  minimize	
  
Goal	
  (G)	
   AUainment	
  (A)	
   Shortage	
  (S)	
  

2	
  Seats	
   4	
  Seats	
   6	
  Seats	
  

Re
sp
on

se
	
  

N
O
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W
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P
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Product	
  Family	
  Penalty	
  Func+on	
  
(PFPF1):	
  
• 	
  Total	
  distance	
  in	
  design	
  space	
  
from	
  all	
  three	
  aircran	
  designs	
  (2,	
  
4,	
  6)	
  to	
  the	
  mean	
  design	
  (μ).	
  
• 	
  Explore	
  tradeoff	
  between	
  
performance	
  and	
  commonality.	
  

1	
  Simpson	
  et	
  al,	
  Concurrent	
  
Engineering	
  (2001)	
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Ten	
  Objec+ve	
  Problem	
  Formula+on	
  

First	
  nine	
  objec+ves:	
  min-­‐max	
  /	
  max-­‐min	
  

LD
M
A
X	
  
(2
)	
  

LD
M
A
X	
  
(4
)	
  

LD
M
A
X	
  
(6
)	
  

LD
M
A
X	
  
(m

in
)	
  

For	
  example,	
  
maximize	
  minimum	
  
LDMAX.	
  

2	
  Seats	
   4	
  Seats	
   6	
  Seats	
  

Re
sp
on

se
	
  

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

N
O
IS
E

W
EM

P
D
O
C

RO
U
G
H

PU
RC

H
W
FU

EL
RA

N
G
E

LD
M
A
X

V
CM

A
X

PF
PF

M
in
-­‐m

ax
	
  	
  

O
bj
ec
+v
e	
  

2	
  
4	
  

6	
  

μ	
  

Design	
  Space	
  

Tenth	
  Objec+ve:	
  
minimize	
  PFPF	
  

1	
  Shah	
  et	
  al,	
  Mul+-­‐objec+ve	
  
Evolu+onary	
  Op+misa+on	
  for	
  Product	
  
Design	
  and	
  Manufacturing	
  (2011)	
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Fewer	
  Objec+ves	
  Yield	
  Fewer	
  Alterna+ves	
  

All	
  27	
  responses,	
  with	
  PFPF	
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Formula+on	
  Drives	
  Design	
  Selec+on	
  

§  Single-­‐objec+ve	
  
–  One	
  op+mal	
  solu+on	
  (A)	
  w.r.t.	
  one	
  objec+ve	
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Formula+on	
  Drives	
  Design	
  Selec+on	
  

§  Single-­‐objec+ve	
  
–  One	
  op+mal	
  solu+on	
  (A)	
  	
  w.r.t.	
  one	
  objec+ve	
  

§  Two-­‐objec+ve	
  
–  One-­‐dimensional	
  Pareto	
  front	
  

–  Choose	
  a	
  compromise	
  solu+on	
  (B)	
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Formula+on	
  Drives	
  Design	
  Selec+on	
  

–  Select	
  for	
  high	
  LDMAX	
  
and	
  VCMAX	
  (C)	
  

–  Inexpensive,	
  high-­‐
performance	
  aircran	
  

–  One	
  of	
  many	
  design	
  
possibili+es	
  

§  Single-­‐objec+ve	
  
–  One	
  op+mal	
  solu+on	
  (A)	
  	
  w.r.t.	
  one	
  objec+ve	
  

§  Two-­‐objec+ve	
  
–  One-­‐dimensional	
  Pareto	
  front	
  

–  Choose	
  a	
  compromise	
  solu+on	
  (B)	
  

§  Ten-­‐objec+ve	
  
–  Many-­‐dimensional	
  Pareto	
  front	
  

–  Brush	
  for	
  low	
  DOC	
  and	
  PURCH	
  (highlighted	
  glyphs)	
  

–  Shop	
  for	
  compelling	
  design1	
  

1	
  Balling,	
  Proc.	
  Third	
  
WCSMO	
  (1999)	
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Formula+on	
  Drives	
  Design	
  Selec+on	
  
§  Single-­‐objec+ve	
  

–  One	
  op+mal	
  solu+on	
  (A)	
  	
  w.r.t.	
  one	
  objec+ve	
  

§  Two-­‐objec+ve	
  
–  One-­‐dimensional	
  Pareto	
  front	
  

–  Choose	
  a	
  compromise	
  solu+on	
  (B)	
  

§  Ten-­‐objec+ve	
  
–  Many-­‐dimensional	
  Pareto	
  front	
  

–  Brush	
  for	
  low	
  DOC	
  and	
  PURCH	
  (highlighted	
  glyphs)	
  

–  Shop	
  for	
  compelling	
  design	
  

–  Select	
  for	
  high	
  LDMAX	
  and	
  VCMAX	
  (C)	
  

–  Inexpensive,	
  high-­‐performance	
  aircran	
  

–  One	
  of	
  many	
  design	
  possibili+es	
  

§  Comparison	
  
–  Fewer	
  objec+ves,	
  a	
  priori	
  decision	
  about	
  priori+es	
  

–  More	
  objec+ves,	
  opportunis+c	
  a	
  posteriori	
  selec+on	
  of	
  
design	
  in	
  context	
  of	
  alterna+ves.	
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Arrow’s	
  Paradox	
  

§  Formally	
  equivalent	
  to	
  
engineering	
  design1	
  

–  States	
  of	
  society	
  =	
  design	
  
alterna+ves	
  

–  Voters	
  =	
  performance	
  criteria	
  

–  Social	
  welfare	
  func+on	
  =	
  
aggregate	
  objec+ve	
  func+on	
  

§  Aggrega+on—cannot	
  predict	
  
controlling	
  criteria	
  and	
  lost	
  
design	
  opportuni+es	
  	
  	
  

“If	
  there	
  are	
  at	
  least	
  three	
  alterna+ves	
  among	
  which	
  the	
  
members	
  of	
  the	
  society	
  are	
  free	
  to	
  order	
  in	
  any	
  way,	
  then	
  
every	
  social	
  welfare	
  func+on…	
  must	
  be	
  either	
  imposed	
  or	
  
dictatorial.”	
  	
   	
   	
   	
  	
  	
  	
  	
  Arrow,	
  J.	
  Poli+cal	
  Economy	
  (1950)	
  

1	
  Franssen,	
  Research	
  
in	
  Eng.	
  Design	
  (2005)	
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MOEA	
  DIAGNOSTICS	
  ON	
  THE	
  GAA	
  



	
   	
   	
  Many-­‐Objec5ve	
  Visual	
  Analy5cs 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slide	
  30	
  

General	
  Avia+on	
  Aircran	
  Problem	
  

§  Many-­‐objec+ve	
  

§  Severely	
  constrained	
  
–  Probability	
  of	
  randomly	
  
genera+ng	
  feasible	
  point	
  
=	
  0.00000714%	
  

§  Non-­‐separable	
  
–  Decision	
  variables	
  are	
  
highly	
  interac+ve	
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The	
  Borg	
  Search	
  Framework	
  

§  Favor	
  search	
  operators	
  
based	
  on	
  performance	
  
–  At	
  run+me	
  
–  Tailor	
  to	
  specific	
  problem	
  

–  Adapts	
  to	
  local	
  search	
  
landscape	
  

§  Framework	
  vs.	
  algorithm	
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Auto-­‐Adap+ve	
  Operators	
  

§  Different	
  search	
  operators	
  result	
  in	
  a	
  range	
  of	
  offspring	
  
distribu+ons	
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Example	
  

§  Two	
  valleys	
  

§  Ini+alized	
  at	
  
subop+mal	
  valley	
  

Op+mum	
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Example	
  

§  Two	
  valleys	
  

§  Ini+alized	
  at	
  
subop+mal	
  valley	
  

Found	
  	
  
Second	
  
Valley	
  

Popula+on	
  
Shins	
  To	
  
Second	
  
Valley	
  Preconverged	
  

Converged	
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Experimental	
  Design	
  

§  Eliminate	
  parameteriza+on	
  bias	
  

§  Rigorous	
  diagnos+cs	
  

§  Analyze	
  parameter	
  control	
  sensi+vi+es	
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Experimental	
  Design	
  

§  6	
  MOEAs	
  
–  Borg	
  MOEA	
  

–  ɛ-­‐MOEA	
  
–  ɛ-­‐NSGA-­‐II	
  
–  GDE3	
  
–  NSGA-­‐II	
  
–  MOEA/D	
  

§  Parameter	
  set	
  samples:	
  
–  20,000	
  

§  Replica+ons:	
  
–  50	
  

§  Total	
  evalua+ons:	
  
–  176.75	
  billion	
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Hypervolume	
  

§  How	
  well	
  do	
  we	
  capture	
  
the	
  en+re	
  op+mal	
  set?	
  

§  Volume	
  of	
  objec+ve	
  
space	
  dominated	
  by	
  an	
  
approxima+on	
  set	
  

Reference	
  Set	
  
Algorithm	
  A	
  

Reference	
  Point	
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Results	
  -­‐	
  AUainment	
  

§  How	
  reliably	
  did	
  the	
  
MOEA	
  aUain	
  high-­‐quality	
  
solu+ons?	
  

§  Borg	
  produces	
  high-­‐
quality	
  solu+ons	
  with	
  
high	
  probability	
  

Black	
  dots	
  indicate	
  the	
  best	
  
result	
  produced	
  by	
  the	
  MOEA	
  

Dark,	
  tall	
  bars	
  indicate	
  an	
  
MOEA	
  reached	
  a	
  near-­‐op+mal	
  
value	
  with	
  high	
  probability	
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Results	
  -­‐	
  Efficiency	
  

§  How	
  quickly	
  did	
  the	
  
MOEA	
  find	
  high-­‐quality	
  
solu+ons?	
  

§  Borg	
  produces	
  high-­‐
quality	
  solu+ons	
  with	
  
fewer	
  NFE	
  

Dark,	
  tall	
  bars	
  indicate	
  an	
  
MOEA	
  reached	
  a	
  near-­‐op+mal	
  
value	
  with	
  fewer	
  NFE	
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Borg	
  –	
  Operator	
  Probabili+es	
  
SBX	
  is	
  the	
  most	
  used	
  operator	
  
for	
  real-­‐valued	
  problems	
  

But	
  PCX	
  clearly	
  dominates	
  on	
  
the	
  GAA	
  problem	
  MOEAs	
  unable	
  to	
  auto-­‐adapt	
  search	
  operators	
  are	
  stuck	
  

using	
  a	
  priori	
  assump+ons!	
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Results	
  –	
  Control	
  Map	
  

Borg	
  rapidly	
  converges	
  to	
  the	
  
reference	
  set	
  

Flat	
  gradient	
  means	
  Borg	
  is	
  
insensi5ve	
  to	
  popula+on	
  size	
  

Other	
  MOEAs	
  are	
  sensi5ve	
  to	
  
parameter	
  seengs	
  and	
  require	
  
more	
  NFE	
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Quan+fying	
  Parameter	
  Sensi+vi+es	
  

§  Sobol	
  global	
  variance	
  
decomposi+on	
  
–  First-­‐order	
  
–  Second-­‐order	
  
–  Total-­‐order	
  

§  Strong	
  first	
  order	
  
sensi+vi+es	
  →	
  easy	
  to	
  
control	
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MOEA	
  Controls	
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MOEA	
  Controls	
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MOEA	
  Controls	
  

Higher-­‐order	
  interac+ons	
  
among	
  parameters	
  are	
  difficult	
  
to	
  control	
  

Strong	
  first-­‐order	
  sensi+vi+es	
  
highlight	
  controlling	
  parameters	
  

Strong	
  interac+ons	
  originate,	
  
cascade	
  from	
  key	
  parameter	
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TALES	
  FROM	
  THE	
  REAL-­‐WORLD	
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LTM	
  	
  
Test	
  Problem	
  

(Equally	
  Difficult)	
  

Control	
  maps	
  show	
  the	
  robustness	
  of	
  search	
  to	
  
parameter	
  choice.	
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LRGV	
  	
  
Test	
  Problem	
  

(Just	
  Plain	
  Difficult)	
  

Control	
  maps	
  show	
  the	
  robustness	
  of	
  search	
  to	
  
parameter	
  choice.	
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Current	
  Constella5on	
   Op5mized	
  Configura5on	
  	
  
in	
  2012	
  

Time	
  

Op5mized	
  Configura5on	
  in	
  
2018	
  

Launch	
  image	
  reprinted	
  
courtesy	
  of	
  	
  NASA	
  

Earth	
  Science	
  Satellite	
  Constella+on	
  	
  
Design	
  Challenges	
  	
  

§  Problem	
  Proper+es:	
  
–  Near-­‐term	
  decisions	
  impact	
  future	
  performance	
  

–  Adap+ve	
  observa+ons	
  to	
  capture	
  periods	
  of	
  +me	
  key	
  tradeoff	
  decisions	
  
must	
  be	
  made	
  	
  

–  	
  Build-­‐up	
  à	
  reconfigura+on	
  à	
  replenishment	
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§  Design	
  Objec+ves:	
  
–  Minimize	
  mission	
  cost	
  
–  Maximize	
  spa+al	
  coverage	
  
–  Minimize	
  revisit	
  +me	
  

Mission	
  Cost	
  

Re
vi
si
t	
  T

im
e	
  

High	
  Spa+al	
  Coverage	
  

Low	
  Spa+al	
  Coverage	
  

Earth	
  Science	
  Satellite	
  Constella+on	
  	
  
(Hypothe+cal	
  Example)	
  

Preferred 
Region 
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§  Design	
  Objec+ves:	
  
–  Minimize	
  mission	
  cost	
  
–  Maximize	
  spa+al	
  coverage	
  
–  Minimize	
  revisit	
  +me	
  

Mission	
  Cost	
  

Re
vi
si
t	
  T

im
e	
  

High	
  Spa+al	
  Coverage	
  

Low	
  Spa+al	
  Coverage	
  

Earth	
  Science	
  Satellite	
  Constella+on	
  	
  
(Hypothe+cal	
  Example)	
  

Preferred 
Region 
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Mission	
  Cost	
  

Re
vi
si
t	
  T

im
e	
  

High	
  Spa+al	
  Coverage	
  

Low	
  Spa+al	
  Coverage	
  

Earth	
  Science	
  Satellite	
  Constella+on	
  	
  
(Hypothe+cal	
  Example)	
  

§  Analyzing	
  key	
  tradeoffs	
  and	
  performance	
  differences	
  
§  Efficient	
  explora+on	
  of	
  candidate	
  designs	
  

–  Click	
  on	
  the	
  red,	
  green,	
  and	
  blue	
  solu+ons	
  to	
  visualize	
  their	
  designs	
  

Preferred 
Region 
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Earth	
  Science	
  Satellite	
  Constella+on	
  	
  
(Hypothe+cal	
  Example)	
  

Mission	
  Cost	
  

Re
vi
si
t	
  T

im
e	
  

High	
  Spa+al	
  Coverage	
  

Low	
  Spa+al	
  Coverage	
  

§  Analyzing	
  key	
  tradeoffs	
  and	
  performance	
  differences	
  
§  Efficient	
  explora+on	
  of	
  candidate	
  designs	
  

–  Click	
  on	
  the	
  red,	
  green,	
  and	
  blue	
  solu+ons	
  to	
  visualize	
  their	
  designs	
  

Preferred 
Region 



From	
  The	
  Aerospace	
  Corpora+on	
  2009	
  
Annual	
  Report*	
  

“GRIPS is currently being used in support of several National 
Reconnaissance Office programs within imagery intelligence and 
signal intelligence. As a result of the insights developed through 
GRIPS results, system-level specifications are being modified, 
and decisions that were made decades ago are being 
reconsidered.” 

“While most applications to date have been 
based on optimizing the performance of 
space systems architectures, GRIPS permits 
the explicit trade of system-level parameters 
in diverse areas, such as orbits, sensor 
characteristics, and system costs. The GRIPS 
process provides a new tool to help decision 
makers understand the impact of system-
level decisions.” 

*Source: http://www.aero.org/corporation/AerospaceAR.pdf 
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Flight	
  Network	
  Scheduling	
  

Reprinted	
  with	
  permission	
  of	
  App+ma+on	
  LLC	
  

Preferred 
Region 

§  How	
  can	
  we	
  op+mally	
  
improve	
  flight	
  network	
  
scheduling?	
  

§  Objec+ves:	
  
–  Minimize	
  Cost	
  of	
  Changes	
  

($Millions)	
  

–  Minimize	
  Schedule	
  
Disrup+ons	
  (Legs	
  Changed)	
  

–  Maximize	
  Passenger	
  
Revenue	
  ($Millions)	
  

–  Maximize	
  Daily	
  Profit	
  ($)	
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Flight	
  Network	
  Scheduling	
  

Highest	
  profit	
  is	
  very	
  disrup+ve	
  
changing	
  270	
  out	
  of	
  the	
  possible	
  391	
  
legs	
  

The	
  most	
  disrup+ve	
  schedule	
  changes	
  do	
  
not	
  translate	
  into	
  greater	
  profits	
  for	
  the	
  
airline.	
  

$350,000	
  daily	
  profit	
  increase	
  but	
  with	
  
only	
  18	
  flight	
  legs	
  out	
  of	
  the	
  possible	
  391	
  
disrupted.	
  

Reprinted	
  with	
  permission	
  of	
  App+ma+on	
  LLC	
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Airline	
  Network	
  Planning	
  

This	
  data	
  represents	
  an	
  
early	
  proof-­‐of-­‐concept	
  
and	
  is	
  not	
  associated	
  
with	
  Malaysia	
  Airlines	
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Key	
  Points	
  
§  (1)	
  Proposing	
  the	
  “Many-­‐Objec5ve	
  Visual	
  Analy5cs”	
  framework	
  for	
  complex	
  

engineered	
  systems	
  design.	
  

§  (2)	
  Seeking	
  to	
  avoid	
  cogni5ve	
  myopia	
  (too	
  limited	
  a	
  view	
  of	
  op.mality)	
  and	
  
cogni5ve	
  hysteresis	
  (preconcep.ons	
  limit	
  discoveries)	
  

§  (3)	
  Arrow’s	
  Paradox:	
  op+mizing	
  aggregated	
  performance	
  measures	
  does	
  not	
  
op+mize	
  individual	
  components	
  in	
  a	
  predictable	
  fashion	
  

§  (4)	
  Preferences	
  develop	
  and	
  evolve	
  opportunis5cally	
  in	
  response	
  to	
  how	
  
changing	
  formula+ons	
  provide	
  solu+ons	
  with	
  desirable	
  characteris+cs	
  (what	
  
is	
  the	
  non-­‐dominated	
  problem?)	
  

§  (5)	
  Opera+onal	
  use	
  of	
  MOEAs	
  requires	
  efficiency,	
  effec+veness,	
  reliability,	
  
and	
  controllability—proof	
  must	
  be	
  based	
  on	
  rigorous	
  algorithm	
  diagnos5cs	
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BorgMOEA.org	
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Many-­‐Objec+ve	
  Visual	
  Analy+cs	
  

§  High-­‐dimensional	
  
visualiza+on	
  

§  Interac+ve	
  

§  Efficient	
  design	
  space	
  
explora+on	
  

hUp://www.coe.psu.edu/water/index.php/Sonware	
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MOEA	
  Framework	
  

§  Free	
  and	
  open	
  source	
  
§  Java	
  
§  Features:	
  

–  24	
  MOEAs	
  
–  Over	
  80	
  MOPs	
  

–  Extensible	
  
–  Run	
  large-­‐scale	
  
experiments	
  

hUp://www.moeaframework.org	
  



	
   	
   	
  Many-­‐Objec5ve	
  Visual	
  Analy5cs 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slide	
  62	
  

Joshua	
  B.	
  Kollat,	
  Ph.D.	
  
Owner	
  &	
  Founder	
  

Email:	
  jkollat@decisionvis.com	
  

URL:	
  www.decisionvis.com	
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Ques5ons?	
  


