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A Space-Mapping-based Surrogate



SMF: Optimization Flowchart



Generalized Space Mapping (GSM) Framework
(Koziel, Bandler, and Madsen, 2006)

at iteration i, a surrogate model Rs
(i) : X → Rm used

by the GSM optimization algorithm is defined as

where
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Original Rosenbrock Function (Coarse Model)
(Bandler et al., 1999, 2002)
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Transformed Rosenbrock Function (Fine Model)
(Bandler et al., 2002)

parameter transformation of the original Rosenbrock function
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Transformed Rosenbrock Function
(Mohamed et al., 2006)



Transformed Rosenbrock Function
(Mohamed et al., 2006)
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Response-Transformed Rosenbrock Function (Fine Model)
(Mohamed et al., 2006)

a response linear transformation of the original Rosenbrock 
function
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Response-Transformed Rosenbrock Function
(Mohamed et al., 2006)



Response-Transformed Rosenbrock Function
(Mohamed et al., 2006)
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Response and Parameter-Transformed Rosenbrock Function 
(Fine Model) (Mohamed et al., 2006)

a response (scale + shift) and parameter (rotation + shift) 
transformation of the original Rosenbrock function
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Response and Parameter-Transformed Rosenbrock Function
(Mohamed et al., 2006)



Response and Parameter-Transformed Rosenbrock Function
(Mohamed et al., 2006)

(15)

(15)

(15)

(15)

(15)

(15)

4.8715
0.9862 0.6372
1.8238 1.1784

0.8446
1.449

0.0
1.2718442
0.4951449

3 (4.6e 13)

f

f

A

d

R

=

−⎡ ⎤
= ⎢ ⎥−⎣ ⎦
⎡ ⎤

= ⎢ ⎥
⎣ ⎦

=

⎡ ⎤
= ⎢ ⎥
⎣ ⎦

= − −

B

c

x

( )

( )

( )

( )

*

*

2.0
1.1 0.2
0.2 0.9

0.3
0.3

3.0
1.2718447
0.4951456

3

true

true

true

true

f

f

A

d

R

=

−⎡ ⎤
= ⎢ ⎥
⎣ ⎦
−⎡ ⎤

= ⎢ ⎥
⎣ ⎦

=

⎡ ⎤
= ⎢ ⎥
⎣ ⎦

=

B

c

x



Rosenbrock Function (Low Fidelity Model with Offsets)
(Eldred, Giunta, and Collis, AIAA, 2004)

low fidelity model

high fidelity model
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Rosenbrock Function (Low Fidelity Model with Offsets) 
(Mohamed et al., 2006)

¹Eldred, Giunta, and Collis, AIAA, 2004
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Rosenbrock Function (Low Fidelity Model with Scalings)
(Eldred, Giunta, and Collis, AIAA, 2004)

low fidelity model

high fidelity model
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Rosenbrock Function (Low Fidelity Model with Scalings) 
(Mohamed et al., 2006)

¹Eldred, Giunta, and Collis, AIAA, 2004
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Multi-Fidelity Optimization (MFO) Algorithm
(Castro, Gray, Giunta, and Hough, 2006)

the MFO algorithm incorporates a derivative free optimization 
approach based on two techniques:

1. Asynchronous Parallel Pattern Search (APPS)
2. Space Mapping (SM)



Multi-Variable Rosenbrock Function (Case 1) 
(Castro, Gray, Giunta, and Hough, 2006)

high fidelity model

low fidelity model
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Multi-Variable Rosenbrock Function (Case 1, using B) 
(Mohamed et al., 2006)

six SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 2) 
(Castro, Gray, Giunta, and Hough, 2006)

high fidelity model

low fidelity model
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Multi-Variable Rosenbrock Function (Case 2, using B) 
(Mohamed et al., 2006)

eight SM parameters 

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 2, using B and E)
(Mohamed et al., 2006)

eight SM parameters
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Multi-Variable Rosenbrock Function (Case 2, using B) 
(Mohamed et al., 2006)

four SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 2, using B and E) 
(Mohamed et al., 2006)

four SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 3) 
(Castro, Gray, Giunta, and Hough, 2006)

high fidelity model

low fidelity model
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Multi-Variable Rosenbrock Function (Case 3, using B and c) 
(Mohamed et al., 2006)

five SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 3, using B and c) 
(Mohamed et al., 2006)

six SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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Multi-Variable Rosenbrock Function (Case 3, using B and c) 
(Mohamed et al., 2006)

eight SM parameters

¹Castro, Gray, Giunta, and Hough, 2006
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MIT Rosenbrock Function 
(Robinson, Eldred, Willcox, and Haimes, 2006)

high fidelity model

low fidelity model
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MIT Rosenbrock Function 
(Mohamed et al., 2006)

POD: Proper Orthogonal Decomposition

¹Robinson, Eldred, Willcox, and Haimes, 2006
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Conclusion 

we utilize SMF to solve several Rosenbrock-like test problems

we compare SMF with other SBO implementations 

within its current configuration, SMF manages to behave as well as 
or better than the other SBO implementations
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