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Aggressive Space Mapping (ASM) Concept
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ASM Algorithm (Bandler et al., 1995)
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Coarse Model: Rosenbrock Function
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Fine Model: Perturbed Rosenbrock Function
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Multiple Point Parameter Extraction

Instead of minimizing  
pcfc RR )()( *xx −   we will minimize a

parameter extraction objective function considering five matching points
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l1 Objective Function for the Parameter Extraction Problem

0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4
0.8

0.9

1

1.1

1.2

1.3

X1

X
2

Absolute value of error 1, ABS1

(a)   single point parameter extraction
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(b)   multiple point parameter extraction (4 additional points)



Simulation Optimization Systems Research Laboratory
McMaster University

98-27-8

l1 Objective Function for 5-point Parameter Extraction
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 l1 Objective Function for 5-point Parameter Extraction
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l1 Objective Function for 5-point Parameter Extraction
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l1 Objective Function for 5-point Parameter Extraction
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l2 Objective Function for the Parameter Extraction Problem
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(b)   multiple point parameter extraction (with 4 additional points)
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l2 Objective Function for 5-point Parameter Extraction
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l2 Objective Function for 5-point Parameter Extraction
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l2 Objective Function for 5-point Parameter Extraction
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l2 Objective Function for 5-point Parameter Extraction
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It can be visualized from the plots of 5ABS  and 5SQR  that the solution

for the parameter extraction problem is 
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Space Mapped Solution
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2nd Fine Model: Perturbed Rosenbrock Function
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First l1 Parameter Extraction
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(b)   multiple point parameter extraction (2 additional points)
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First l2 Parameter Extraction
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Space Mapped Solution
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Second l1 Parameter Extraction
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(b)   multiple point parameter extraction (4 additional points)
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Second l2 Parameter Extraction

0 0.5 1 1.5 2 2.5
0

0.5

1

1.5

2

2.5

X1

X
2

Square of error 1, SQR1

(b)   single point parameter extraction
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(b)   multiple point parameter extraction (with 4 additional points)
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Third Parameter Extraction
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(b)   single point l2 parameter extraction
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Conclusions

the Aggressive Space Mapping (ASM) algorithm with multiple point
parameter extraction was illustrated making use of two analytical
Rosenbrock functions

the improvement in the uniqueness of the parameter extraction due to
multiple point matching was graphically illustrated

the sizes and directions of the ix∆  used for multiple point parameter
extraction affects the degree of improvement in the uniqueness of the
parameter extraction solution

the ASM algorithm was executed in a step by step fashion, and the
corresponding space mapped solution was accomplished after only one
SM iteration for the case of shifting in the input parameters, and after
three SM iterations for the case of shifting, scaling and rotation of the
input parameters

the mapping calculated by the ASM algorithm is equal to the original
linear mapping between both parameter spaces


