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History and Background

Linear programming by George Dantzig in the |€34's

— Intensive labor in translation from model to solve

— Human labor alone
Matrix generator (till early 1980’s)

— A computer code to generate coefficient matrices

— Translation task divided between human and compute
Modeling Language (mid 1980’s till now)

— GAMS, AMPL, LINDO, AIMMS, MPL, OPL, MOSEK

— Translation entirely shifted to computer

— Separation of data from model

— Separation of modeling language form solver

— Verifiable, modifiable, documentable, independsimple
Optimization server (mid 1990’s)

— Optimization web pages

— Online optimization solvers

— NEOS
Optimization Services (current)

— Registry

— Decentralization (peer to peer)

— XML and Web Services

— Standards
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Optimization Systems

Terminology

Modeling system (?)
Modeling language environment (MLE)
- Model language
- Compiler
— Auxiliary tools
Optimization system
— All the components discussed next
- Including solvers
— Local or distributed

Library, system and framework

OR OR OR
OR Application Sofiware Library

|
|
|
|
|
Library |
|
|
|
|
|
|

Cptimization Services Framewark

OR Application, Saoftware, Library
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User

Optimization Systems

Design and Architecture

5. Server
(or Registry)

___.* 3. Instance Representations,
and Interfaces

develo
modeler

B. Analyzer

T 2 Modeling

Modeling '\ Language
Language 2
(MLE core) / ENvironment

N (MLE)

4 Communication
Agent [or Interface)

8, Simulation
(or Function
Evaluator)
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System Components

Different forms

minimize
X

Flowchart

Graphics

Mathematical program

CX

subjectto Ax=b

x=0

Different variation

Language variation
Algebraic variation
Type variation

Model

5. Server
* 3 Instance Representations,

and Interfaces
- m

8, Simulation
{or Function
Ewvaluator)

Continuous

With
Special

Constraint and
Logic

Integer

Mixed Integer Linear

Type of Variables
N

Discrete
including Integer)

™ Mi

Nonlinear

xed Integer

Linear
Programming

Combinatorial

Progr Progr
Integer nconstraine
. rogramming Bound
Constrained

{Nonlinaar Equations,
Nonlinear Least

Squargs, elc}

N

sonadoud |eioads

Functions

Nondifferentiable

Network Stochastic
Programming | |Programming

Global
Optimization

Nondifferetiable
Optimization

NS

Linear

Bound
Constrained

SJUIBISUOY) Jo adA |

Generally
Constrained

Nonlinear
PProgramming

Nonlinear

Type of Functions

Symbolic
General
Concise
Understandable
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System Components
Modeling Language Environment (MLE)

Language design =
(Z(JrT1r)i|£1ti()r1 i (or Registry)

Auxiliary tools

— Analyzer

_ Preprocessor o ,c

- GUI
8, Simulation

i r—.\ 2. Modeling
Modeling \ | anouage
Language %
[MLE cors) /| Environment

N (MLE)

ion Demao (=] |

Ele Edit Wiew Data Run Settings Tools Window Help

5 | = o - B {or Function
iR AT CEEEGBFRFMO L SESEHE DN 2 Evaluator)

;5, @ Zomposition  ComponentFlow ‘ CompositionsAddUpToCne 4k x

el DataReconciliationhadel

BIC oo we e #l slelsle vielalal

= @ Reconciliation Model Identifier #:| ComponentFlaw
E-ER Flow variadles
= Component Variables and Constraints

Index domain ﬁ (£,c in MappedFlowConponents(£))

Text
+ Compositioninmi,c) Range ﬁ nonnegative
mponentFlo Unit %] tmo1/m
CGompositionsAddUpToCne(nmf) Default
Process Unit Balances Property =
MassBalance(nu) Nonvar status #|
Companent8alancelpu o) Definition CompozitioniMappedFlow(f),c) * Flow(f) / MolarFlowNass (MappedFlow(£))

Reactor Unit Variables and Balances
Environment Balances

Etror Contral

Flow Etrors

Camposition Errors

Reconciliation Programs AI M M S
[Pl InitializeModel
[Pl SolveTheMarel

[ Q Relative Errar Support

- @ Checks for Measurement Redundancy

- @ GUI support

- @ Reporting Support

- @ Example Initialization

o

i Model Explorer %Identifier Selectar Comment |The conponent flow of component ¢ in flow £

|Data Reconciliation. pri ‘A:t.Case: ‘ v READY

Low-level instance generation
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System Components

Instance Representation

Characteristics
explicit rather than symbolic
specific rather than general
redundant rather than concise
convenient rather than understandable

minimize  —Xx, + 1/2(2x> — 3x,X, + 4xZ +5x?)

subjectto  6x, +7X, —8x, =29
X; 20, %, 20, X5 20x

NAME qpEx
ROWS
N obj
G cl
COLUWS
x1 cl 6
X2 obj -1
X2 cl 7
X3 cl -8
RHS
rhs cl 9
QSECTI ON obj
x1 x1 2
x1 X3 -3
X2 X2 4
X3 X3 5
ENDATA

5. Server

* 3 Instance Representations,

and Interfaces

[7 ~ ™~ 2 Modeling
Madeling \ | 5nauage
Language E

(MLE core) / Environme!

N (MLE)

8, Simulation
{or Function
Ewvaluator)

Equation 22
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System Components

Instance Representation

Linear Programming MPE, «WP5 LP, CPLEX, GMEP,

Chadratic Programming GLFP, PulF, MLE instances

5. Server

nstance Representations,
and Interfaces

Mized Integer Linear Programming

Neonlinearly Constrained Optimization MLE instances
Bounded Constrained Optimization 2IF (only for Lancelot solwver)
Mixzed Integer Nonlinearly Constrained Optimization

Complementarity Problems

MNendifferentiable Optimization

&, Simulation
{or Function
Ewvaluator)

Global Optimization

Semidefinite & Second Order Cone Programming Sparse SDPA SDPLE Loualion 22
Linear Networl: Optimization HETGEN, METFLO, DIMNMACE,
EEL A4
Stochastic Linear Programming sIIPE
stochastic Monlinear Programming Mone
Combinatorial Optimization Mone (except for TSP input,

only intended for solving

Traveling Sales Person

probletms.
Constraint and Logic Programming Mone
Optimization with Distributed Data Mone
Optimization wa Simulation Mone
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System Components

Interface(Local)/Communication Agent (Distributed)

. Interface

— Between any two components

— Compatibility (language, format etc.)
. Communication agent (agent)

Protocol
Compatibility (platform, protocol, system etc.)

ModelData

Mo all Solver
Parzer
Interface

Modeling

Language
Ervironment

Complle

Emvronmenrt

Modeling
Language

Instanca

Compile

network |

e e e e e ™ ™

Instance
. Parser % Solver
Interface !

* 3 Instance Representations,

and Interfaces

.\ 2. Modeling
LM:dehng Language
(WLE ) J Environment

" (MLE)

5. Server
(or Registry),

¢
X
“

AN

8, Simulation
{or Function
Ewvaluator)

Solver

Jun Ma, Northwestern University February 02, 2005

10




System Components

Server and Registry
. Server N
— Centralized
— Heavy weighted
. Registry
— Decentralized
— Light weighted

5. Server
* 3 Instance Representations,

and Interfaces
#_f 4 Communication “

- m

8, Simulation
{or Function
Ewvaluator)

i ’—.\ 2. Modeling
Modeling \ | anouage
Language %
(MLE core) / Environment

N (MLE)

Data in HTML

Thin Client Communication via HTTP Diptimization
(Browser) Server

= . Optimization
Thick Client

[modeling ieisiry
language

ernironment)

=

Thick Client Optirnization

imodeling Sarver
languane
erdranment)
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System Components

Analyzer

Analyzer:Modeling Language ::
Debugger:Programming Language i

Analyze low-level instance, NOT high-
level modeling

Some analysis are easy and involves
only parsing

5. Server
or Registry),

b N 2. Modeling
Madeling Language
Language E

(MLE core) / Environment
N (MLE)

Some involves computational
analysis but can generate definite

answer (e.g. network flow problem, - T
1 ~Wariables -~ Constraints
quad ratIC prObIem) “ariables (totall Constraints (total)
Some are hard and uncertain (e.g. T famar )
. Binarn. __4 Inequalities __2
ConveX|ty) Other integers F’xang%s
- Dbjectives gyﬁ;::,;:es
. Obje.ctives Hot=d Inegualities
Analyzer is a separate e o
Component iIN an Gther noniinsar B ]
. . . Lot _MNonzeras Inequalities __3
optimization system; It inoijacives Rengss [ 7]
In constraints Equalities

plays a key role in
automation (no human

Interaction).
12
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System Components

Solver

The “contents” of an optimization system
Solver discovery — FULLY automatic
Solver registration — NOT automatic

- Entity information

- Process information

- Option information

- Benchmark information

Right now the issues are NOT computation,

but communication

OSiL input instance

OSiLReader

solver class

objecis or data

This ks an siruciures
expression created by
Trea OSiLReadar
i accepied
5 rclass

5. Server

* 3 Instance Representations,
and Interfaces

[7 ~ ™~ 2 Modeling
Madeling \ | 5nauage
Language %

[MLE cors) /| Environment

N (MLE)

& _J 4. Communication
Agent {or Interface)

8, Simulation
{or Function
Ewvaluator)

Sl Writer Q8L result instange
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System Components

Simulation
. Any function evaluation
—  Function pointer: local, closed R —— or Regis)
form
— Simulation: remote, non-closed
fOI’m [/ T ™ 2. Modeling “
. . . L";:;i‘;’;i Language [ 4. communication
. Other properties of simulation (too 08/ Eroment [\ e i
complex, proprietary, multiple
services, hard to move (7
{or Function
Ewvaluator)
- — _—
input » Simulation ——»  output . .
minimize mySmulation
—_— EEEEEEE— X
subjectto 2x, +3x,2=9
address X, 20,% 20
minimize x* +2x2 mySimul ation{
subjectto 2x +3x, > 9 éddre?s = http : // somesitecom/ mySimulation
X, 20,%20 MLt
a=Xx
8 ——————=  mySimulation ! b=2
; (with hidden e C=X,
e tion:
'32';1”;? EJ,‘,}? —————— confidence output :
¥ - value + confidence* 0
}

W Asnmesite.conmy S imulation

14
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AMPL-NEQOS System

ampl: model diet.mod;
ampl: data diet.dat;
ampl: option solver minos;

X*pression . .
i ampl: solve;

AMPL Model

diet.mod
diet.dat

Invoke

.nl

AMPL Command
Environment
ampl: model diet.mod;
ampl: data diet.dat ;
ampl: solve;

sol

: model diet.mod;

: data diet.dat;

: option solver kestrel;

: option kestrel_options ‘solver=minos’;
: solve;

AMPL Model

diet.mod
diet.dat

AMPL Command
Environment
ampl: model diet.mod;
ampl: data diet.dat;
ampl: option solver kestl
ampl: aption
migp | solve

-> NEOS

sol server

15
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Motorola Intelligent Optimization System

Data Flow and Knowledge Flow

min f(y,(x%)., ¥, X), .... ¥, (X))
st. g (x) <= Oforall j=1,...n

Optimization Engine

V1(X) J'IYQ(X)
= Igl(}o 1 e

yn(X)
gn(X)
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Motorola Intelligent Optimization System

simulation
T =T,xLF(t)+DT

T, = Service time for a given server;

LF(t) = Load factor as a function of time (t);

DT= Down time.

Three kinds of services with typical behaviorsidentified:

Service A:

T, = Uniform distribution [6, 30] seconds;

LF(t) = 2.0 from 0800 to 1700 hours; 1.0 otherwise;

DT = 5% probability of the service going down fdr Seconds.

This service has automatic “crash detection” andvexy; therefore, the maximum down time is 30 seeon
Service B:

T, = Uniform distribution [30, 60] seconds;

LF(t) = 1.25 from 0600 to 1400 hours; 1.0 otherwise

DT = Insignificantly small;

Service C:

T, = Uniform distribution [30, 90] seconds;

LF(t) = 2.0 from 0800 to 1700 hours; 1.0 otherwise;

DT = 1% probability of the service going down faryavhere between 15 minutes and 16 hours.
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Motorola Intelligent Optimization System

optimization

. MFD

. MFD+

. Direct MMFD
. Direct MMFD+

Optimizer

Solver
Architecture

l ‘ ‘

‘Real Orptf} Opt Storage Surrogate Opt Thread

Store Iretrleve

/
¥

¥ .

v (ashTeble ) . Learner Thread || Estimator |
| global ‘ local | | global ‘ local |
‘‘‘‘‘‘‘ S Central ‘ Processed Dala ‘ 3

_____
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Motorola Intelligent Optimization System

learning and approximation

Simple fitting

3-Layer neural network

Gene expression programming
Generalized neural network
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Motorola Intelligent Optimization System
ISsues

1) Initial Design Generation

2) Common Variable Resolution
3) Objective Construction

4) Constraint Enforcement

5) Result Interpretation

6) Process Coordination

7) Queue/Sequence Arrangement
8) Input Parsing/Output Reporting

min f(y,(X). y; (%), .... ¥, (X))
st. g (x) == Oforall j=1,..n

Optimization Engine

V1i(X) J' Yo%) J' V(X
XJ. Tgl(x) x Tgi(x) x gn<x)
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Motorola Intelligent Optimization System

benchmark
service type MFD MFD + Direct MMFD Direct MMFD+

A X X X X

B 623 137 310 110
C X X X X
A+B X X X X
A+C X X X X
B+C X X X X
A+B+C X X X X

intelligent optimization flow (w/ simple 3-layer neural netowrk learning)

service type MFED MFED+ Direct MMFD Direct MMFD+
A 619 132 376 78
B 645 287 389 172
C >1500 >1500 422 192
A+B 641 212 358 142
A+C 1231 >1500 401 >1500
B+C 9208 333 385 180
A+B+C 1147 324 >1500 202
intelligent optimization flow (w/ gene expression programming learning)
service type MFD MFD + Direct MMFED Direct MMFD+
A 343 71 210 40
B 360 160 215 91
C >1500 >1500 230 106
A+B 361 118 190 79
A+C >1500 190 210 92
B+C 480 846 202 93
A+B+C 647 165 273 114

intelligent optimization flow (w/ an advanced generalized neural network learning)

service type MFD MFD + Direct MMFED Direct MMFD+

A 182 66 93 49

B 204 87 108 42

C >1500 1452 105 54

A+B 165 87 92 37
A+C 1002 487 145 49
B+C 229 132 123 45
A+B+C 293 145 123 67
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Motorola Intelligent Optimization System

benchmark
Without “Intelligence” (learning + approximation) : slow or crash.

Optimization takes longer when simulations take longer, but usually
correlates with the simulation that takes the longest, not the number of
simulations.

Direct methods works.

Intensive linear search helps even more significantly, because it takes much
less time than finding direction.

Direct methods + intensive line search is the best.
With “Intelligence”: erratic but robust.

Leaning helps: function behavior of simulation not as irregular as benchmark
problems.

Speed and quality of learning algorithms matter significantly.
Combination of simulation may sometimes help.

Quality of solutions does not matter too much, partly due to final stage fine
tuning and safeguard for convergence, partly due to “good” behavior of
simulation function forms, and partly due to high tolerance for termination.

Curse of dimensionality is still an issue (variable number is around 10-15):
good learning algorithms robust in high dimension can help. @
25
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Conclusion

Optimization system history and background (linear programming, matrix
generator, modeling language, optimization server, optimization services)

System architecture and components (model, MLE, representation,
interface/agent, server/reqgistry, analyzer, solver, simulation)

AMPL standalone and AMPL-NEOS architectures (You can still do your
homework with 300+ variables in AMPL — “Kestrel Solver”)

Motorola Intelligent Optimization System (real world is different from text
book)

System approach to simulation optimization
Direct methods help
Accurate line search help
Learning algorithm can help
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