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V1 esa Today’s Topics ESD.77

 Information Flow and Coupling

« MDO frameworks

— Single-Level (Distributed analysis)
— Multi-Level (Distributed design)

« Collaborative Optimization
« Analytical Target Cascading
 (Hierarchical Decomposition & Multi-Domain Formulation)
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MIlda Standard Optimization Problem 3%

Given XO ‘_ X*
Xe R
J:R" > R’
Optimization Engine
g:R" > R" ‘_

J (X

Solve the problem X ( )

i g(x)

min J(X)

s.t. g (X) >0 Function Evaluator

. Thatis, find X s.t. J(x) < f(x), VYxedom(J) ~ndom(g)
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M lésa Information Flow ESoTt
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M lésa Information Flow Lk:
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MlIﬂ Information Flow
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W | dsa Advantages of Decoupling ES0.77

Computation of g(x) can be very time consuming, want
to divide the work and compute in parallel.

For example, if x=(x,X,), where x, elR™, X, elR"
and g(x) = (gl(xl)’ gz(xz))

Then g, and g, can be computed in parallel. Graphically,

Optimizer Optim 5%
X g 1g 2 Xy g SS1
A 4 A 4 1 A 4
SS1 SS2 g SS2
2
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The decoupled constraints assumption is not general. Subsystems
can be coupled and loops can arise. For example,

Optimizer

A A

Wl W/?/

X

SS1 SS2

U U,

X: decision variables

w: SS outputs (constraint, cost)
u: SS input (dependent)
Computation of w, and w, requires an iterative method.

Optim

A

A

W,

W,

Loop

vline: SS input
hline: SS output
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W |l ésa Coupling ESD.77

« An example where such a loop happens is as follows:
min J (X, X,)

W, = 0,(%, 9,(%,, W) =20

W, = 0, (X,, 9, (%, W,)) =0

where x, eR™, x, elR", g, : X xU. > W,,i=12

S.1.

W, and w, satisfy coupled relations at each optimization iteration.
At each constraint evaluation, nonlinear equations must be solved
(e.g. by Newton’s method) in order to obtain w, and w,, which can
be time consuming.

Want a way to return to the situation of decoupled constraints.
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M | dsa Surrogate Variables (“Tearing”) b7

Information loop can be broken by introducing surrogate variables.

min J(x;, X,)

minJ(xl,xz) S.t.
o =004 0,00, w) >0 I 000,020
W, = gz(X2’ g1(X11W2)) >0 gz(xziuz) >0

u, — gl(xl’ul) =0
u1_gz(xziu2) =0

* U, and u, are decision variables acting as the inputs to
g1(SS1) and g2 (SS2). Introducing surrogate variables
breaks information loop but increases the number of
decision variables.
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M | sa Numerical Example ESD.77

minJ, +J 2,2 2 2
N decoupled ~ MiNX +X; +(X; —3)" +(x, —4)
st. w, =0 s 3
st. w=x =X +2%x. =20
w, >0

3 3
W, =X —X+2X. >0
where J, = X© + X; 2 = Xg T Xy T X

J,=(%—3)" +(x,—4)°

oyl 3
W, =X — X, +2W,

3 3
X; =X, +2X% —X%; =0

X; — X, + 2%, — % =0

w3 3
W, = X; — X, +2W,

Solution:
Jowed | x=(004312,24%)
min X2 + X2 + (X, — 3)? + (X, — 4)? MATLAB® 5.3
S.t. W, =0,(X, Xy, %5, X,) =0 coupled: 356,423 FLOPS 4.844s
uncoupled: 281,379 FLOPS 0.453s
W, = G, (X1, X5, %5, %) 20
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MII(] Single-level and Multi-Level Frameworks ES0 11

12

Single-level

(Distributed Analysis)
-disciplinary models provide
analysis

-all optimization done at
system level

Multi-level

(Distributed Design)
-provide disciplinary
models with design tasks
-optimization at
subsystem and system
levels

non-hierarchical
decomposition

hierarchical
decomposition
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MII(] Single-level (Distributed Analysis) ESD 19

* Disciplinary models provide analysis

« Optimization is controlled by some overseeing code

or database
e.g.

System
Optimizer

Shared data

L7

Structures

Local data

13

ISight (Optimizer)

iSight

Optimizer
design variables
constraints

Aero

Local data

X \ ‘J(X),Q(X),h(x)

subsystem
analyses
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MII(I Single-level (Distributed Analysis) e

Optimizer
objective
design variables
constraints

g(X)

X g (X) X J (X) h (X)

h(x) X

aerodynamic performance structural
analysis analysis analysis

 During the optimization, the overseeing code keeps track of the
values of the design variables and objective
» The values of the design variables are changed according to

the optimization algorithm

L Disciplinary models are asked to evaluate constraints/objective
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MII{] Multi-level (Distributed Design) ESD. 79

15

* Multi-level Optimization methods distribute decision
making throughout the system

« Subsystem level models are provided with design
tasks

* Optimization is performed at a subsystem level in
addition to the system level

* Provide some autonomy to design groups and
reduces communication requirements.
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Ml Multi-level (Distributed Design) £SO

command/result command/result
command/result

SS1 SS2 SSN
analyzer analyzer analyzer
\ Subsystem /
16
%Iﬁa%léagusettg Instlt2|te of Technology - Prof. de Weck and Prof. Willcox



16 888

| s Collaborative Optimization ESD.77

Collaborative Optimization (CO)
» disciplinary teams satisfy local constraints while
trying to match target values specified by a
system coordinator

 preserves disciplinary-level design freedom.

e CO is used typically to solve discipline-based
decomposed system optimization problems.

17
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Ml&ka Collaborative Optimization ESD.77
~ OPTIMIZER
TARGET STATE
Coupled
Uncoupled
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| s Collaborative Optimization ESD.77

Two levels of optimization:
» A system-level optimizer provides a set of targets.

— These targets are chosen to optimize the system-level
objective function

* A subsystem optimizer finds a design that minimizes the
difference between current states and the targets.

— Subject to local constraints

19
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Mldsa Collaborative Optimization ES0. 77

min Jg

wrt: X, = target variables performance

analysis

s.t.J, =0 V subproblems,

g \\

2
- target local
minJ, = a9s 1 minJ, = ‘arget _ local
variables variables variables variables
X = local variables X = local variables
S.t. local constraints S.t. local constraints
X I computed X 1 I computed
results results

analysis for analysis for

subsystem k

subsystem 1
20
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MlId CO - Subsystem Level

min J, =

X =

s.t.

target _ local
variables variables

local variables

local constraints

* The subsystem optimizer modifies local variables to
achieve the best design for which the set of local
variables and computed results most nearly matches the

system targets

* The local constraints must also be satisfied

21
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M ldsa CO - System Level ESD 1

min Jg .

wrt: X, = target variables

s.t.J, =0 V subproblems,

« System-level optimizer changes target variables to
improve objective and reduce differences J,

—J,=0 are called compatibility constraints

— compatibility constraints are driven to zero, but may
be violated during the optimization

22
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Ml&ga CO Example: Aircraft Design 55

Consider a simple aircraft design problem:
maximize range for a given take-off weight by choosing
wing area, aspect ratio, twist angle, L/D, and wing weight.

wing area, S
aspect ratio, AR

daero LD .4
L struct wing weight, o
twist angle, 0 W
perf » range, R
modified from Kroo et al. AIAA 94-4325

23
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Ml&ga co Example: Aircraft Design ES0.77

max R,
=[Ry Sy AR, 65 L/Dy W,]'
s.t. J,=0, J,=0, J5;=0

// o [ WSS

min J,

Ji= (S-Sp)? + (AR-AR,)*+
(0-0,)? + (L/D-L/D,)?

X =[AR 0]

X\ ‘L/D

24

m|n Js
= (S-Sp)? + (AR-AR,)? +
(0-0,)2 + (W-W,)2

X =[S AR]T

min Jg

J;= (L/D-L/Dy)%+ (W-W,)?
+ (R-Ry)?

X = [L/D W]T

| Ton

perf analysis
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Ml&ka Collaborative Optimization ESD.77
min J

wrt: X, = target variables
s.t.J, =0 V subproblems,

performance

analysis

2

- target local -
minJ, = @9e + minJ = ‘arget _ local
variables variables k variables variables
. 2 _ 2
coupling _ local Y . coupling _ local
variables variables variables variables
X = local variables « X = local variables
_ Y1
S.t. local constraints S.t. local constraints
computed X 1 Icomputed
resu'ts I‘eSU|tS

analysis for

analysis for
subsystem k

subsystem 1

25
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| s Collaborative Optimization ESD.77

Xy = system-level target variable values
X = subsystem local variables

y; = coupling functions

* y; =outputs of subsystem | which are needed as inputs to
subsystem |.

« Coupling equations must also be satisfied, so coupling
variables are included in subsystem objective.

« Used to reduce the number of system-level parameters.

26
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W | dsa Analytical Target Cascading ES0.77

« ATC was initially developed as a product development
tool to cascade system-level product targets through a
hierarchy of design groups

« ATC is typically used to solve object-based decomposed
system optimization problems

* The ATC paradigm is based on hierarchical organizational
and analysis structures

« ATC approach is to take a high-level system analysis and
use more detailed subsystem analyses at the lower levels.

27
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M|Iu Analytical Target Cascading ESD. 17
RT]]
Y]]T
Level 1 SS1 +
X711
/N
Ro; R
Yzfr YzzJr
Level 2 SS2 SS3
Xz[r XzzT
Il N e X
R3; R;3> R33 R34
/ AN / AN
Level N
28 Image by MIT OpenCourseWare.
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W | dsa Analytical Target Cascading ES0.77

29

* ATC’s mathematical formulation is similar to CO
although they were developed with different motivations.

* Bottom level problems have the most design freedom.
Many possible solutions can exist that both match
targets while satisfying local design constraints.

* At higher levels design freedom is progressively
reduced, until it is a minimum at the top level.
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Analytical Target Cascading ESD.71

Top Level Problem

Psu-p
min R.n— T +ep+¢
o sup:{xsup.yTs.Rs ,ER-Ey} | | SUpP s'LtjD| | y

subject to Z |Rse — Rl < er

kecsup
L

Y It —vhall<e

kecsup

gsu-p(xsupa RS) S 0
hsup(xsup: Rs) S D
Intermediate Level Problem
B
HRs.j i jo“ 5 Hys,j ok V?j” +E€nR +Ey

st.j:{xs‘jeyts__? syisseRsstR-Ey_}

subject to Z [|Rssk — Rf&kH <ep
kel ;
L
Z ||yTss,k - y.l-ss,kH g Sy
kel ;
gs,j(xs,ja yTs,ja Rs._j) g 0
hs.j(xs.j? yTs,j? RSJ) S 0
Bottom Level Problem
Pss.j
. u U
: _7{111111_ : ||RSS,j o Rss,jH W HyssJ [ yss,j”
X 55,7 XSS,J !y SS‘j
SU—bjeCt to gs.j(Xs.j= y%s,j: Rs,j) <0

h'S,j(XS,ja yis.j'- Rs.j) = 0
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W | dsa Analytical Target Cascading ES0.77

31

* Linking variables y: Quantities that are input to more than one
subspace. These could be either shared variables or coupling
variables.

 Local decision variables x: Variables that a particular subspace
determines the value of.

* Responses R: Values generated by subspaces required as inputs
to respective parent subspaces.

 Targets T: Values set by parent subspaces to be matched by the
corresponding quantities from child subspaces.

« ER and ty: allowable compatibility tolerance.
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MII Hierarchical Decomposition & 16,988
i Multi-Domain Formulation ES0.7

Decomposition

Enables Beds 00 pteecReseaiwinen

Requirements
Set

SVSSte?m Affects’ i Set

L | Functional
— Set

Behavior
Set

O Fé’gt" l System
m Form

Attribute

Behavior

A Attribute

Functional Enables
Operation J
BP m

Courtesy of Anas Alfaris. Used with permission.

Behavior  JO———— Component

FP
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MII Hierarchical Decomposition & 16 898
il Multi-Domain Formulation ES0.73

Decomposition
L1
City Enables City Affects Gy &
Requirements System Affects — ' Context ——
l Set Set ‘ ' Set g
— Functional City Behaviors City Form
R 1 i
T A
| (Accommodation Systems > Building Abu Dhabi
Operation Utility Set System Urban System
(' Transport Land Abu Dhabi
Operation Consuming Trans. System
| Water T ADEWA
i rans. Energy System
Operation Consuming Transportation
System
L Energy ADEWA
Operation Water Water System
Consuming
Energy
Consuming < Z > Svyvsatteerrn
Energy
System

Courtesy of Anas Alfaris.Used with permission.
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MII Hierarchical Decomposition & 16299
L Multi-Domain Formulation ESD.71

Decomposition
Building System

System Type # of FPs | # of BPs
Mod 1 14
Building oce
™ Network 12 ]
= Mod 19 10
3 |Water oce
- Network 17 13
a
S [ener, Made 21 10
& Network 14 13
. Mode 18 16
Transportation
Network 21 11
— A 5 o
(,7 7:\ Procming A Exhibit <G> e
A

34 Courtesy of Anas Alfaris. Used with permission.
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Multi-Domain Formulation

Formulation

DMM(T-B)

Courtesy of Anas Alfaris. Used with permission.
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S O = = O

e e i e e =)

— o O O O

_ o O O O

Hierarchical Decomposition &
Multi-Domain Formulation

(1)

(W X2)

v v

(4 ’j ( _5_ )
00 0 0 0 0 0 0 00 0 0 0
0 00 0 00 0O 0 00 0O
0 0 0 A*={0 0 0 0 O A=10 0 0 0 0
1 0 0 1 00 0 O 0 00 0O
00 0] 10 0 0 0] 0 0 00 0

Where:
000 _iﬁ m; is an indicator of the fraction of
0 00 T = y= total elements to which element j
= provides input,
0 00 N d; is the fraction of total elements
1 0 0 5:i2a.. on which element i depends, and
SN a; is an element of a matrix that

0 0 0] ' can be the DSM, a power of the

DSM, or the V matrix.
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Formulation
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Hierarchical Decomposition &
Multi-Domain Formulation

Building W — Matrix

1] 0
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20 [ e s =02 ssssssess 2 sss ss o 20 jepeeenen -e LIl I L] "8 &8
g - -e [ X X ] [T ] T} E (1 I T T 1] -e LLL L B L ] HEE &8
L] - 8w -e
o o o H SN e
o
_E e L] LE] g 25 = l..‘:" -e
=} - L] - - L] =y - aaw LL] - as L]
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3 - [ .e (1] "ew - - SR S8 -e -l .e e &8
m 30 - ee eses H anfjepes sew - s Ssas anE o8
e se o & sss e AR B8
s ow Eﬂ F B S8S L1 aEs 88
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L] . 88 -e -
a5 . : 35 : - e - -
- Ir " aee - L]
- L] . 8w -e -
40 40 f=
: :
.- - - ap & ses Beshe @ [ ]] [T T Y
10 15 20 25 30 35 40 i 5 15 20 25 a0 5 a0

Buliding Paramater # Building Parameter #

Courtesy of Anas Alfaris. Used with permission.
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Multi-Domain Formulation

Formulation

Parameters Set for Cyde 1 l

-1 Speed (Mode & Network)
JTt-2__ Specifications (Mode)
[Tr-3 Avg SystemLife (Mode)
[Tr- 4 AvgTravel Distance (Mode & Network)
[Tr-5  #of travelersirp (capaciy) Mode

ITr-6 #of cars / Frequency

[Tr-7 Reliabiity of System (Mode & Network)
[Tr-8 Cost/Trip or Distance (Mode)

Er-s Emissions per unt (Mode)

r-14  Avg System Life (Network)

[Tr-15 Guidance (Network)

[Tr- 16 Specifications (Network)

Tr-17 Level

|Tr-18  Station Locations

[Tr-13  Stations Size

[Tr-10 Land Use/System (Mode)

|BS- 22 Total Area Generated Type

IBS-23 #of Floors Generated

IBS-26 Land Cons./Demand Buiding G

IBS- 17 Densty at locatons

IBS- 18 Total Occupants / Bidg Type

IBS-27 Water Cons./Demand Buiding Generation
|BS-28 _Energy Cons.Demand Buiding Generation
|BS-28 Trans. Cons./Demand Buiding Generation
IBS-34 Custer Size
I8S - 35 Logical Attraction
IBS-26  Architectural Attraction
IBS-38  Logical Repulsi
IBS- 39 Architectural Repuision
[Tr- 27 Number of Stations
(Tr-28 Average Travel Time
[Tr-32 Avg Walking Distance to Station
Tr-33 Avg Travel Distance
ITe-39 MNatwarklenathIvoe  —

Courtesy of Anas Alfaris. Used with permission.
© Massachusetts Institute of Technology - Prof. de Weck and Prof. Willcox

I
1
1
1
1
1
1
1
1
1
-4
1
1
1
1
1
1
1
1
1
1
1
1
L

16 888
ES0. 73



MIi&q References £SO

|.P. Sobieski and |.M. Kroo. Collaborative Optimization Using Response Surface
Estimation. AIAA Journal Vol. 38 No. 10. Oct 2000.

Erin J. Cramer et al. Problem Formulation for Multidisciplinary Optimization.
SIAM Journal of Optimization. Vol. 4, No. 4 pp. 754-776, Nov 1994.

Kim, H.M., Michelena, N.F., Papalambros, P.Y., and Jiang, T., "Target Cascading
in Optimal System Design," Transaction of ASME: Journal of Mechanical
Design, Vol. 125, pp. 481-489, 2003

39
© Massachusetts Institute of Technology - Prof. de Weck and Prof. Willcox



MIT OpenCourseWare
http://ocw.mit.edu

ESD.77 / 16.888 Multidisciplinary System Design Optimization
Spring 2010

For information about citing these materials or our Terms of Use, visit: http://ocw.mit.edu/terms.


http://ocw.mit.edu
http://ocw.mit.edu/terms

