
SoS Optimization
A computational intelligence approach to system-
of-systems architecting incorporating multi-
objective optimization



> To better understand the role of multi-objective optimization 
in system-of-systems architecting:
– How can large solution sets produced by multi-objective optimization 

be understood by decision makers?

– What are the trade-offs in employing dimensionality-reduction?

MOTIVATION



> Architecting seeks not only to meet a customer need, but to 
meet it as best possible by maximizing a set of key 
performance measures that assess the “goodness” of the 
architecture.

ARCHITECTING



> Since the architect seeks to maximize a set of KPMs, 
optimization is obviously desirable.  However, there are two 
immediate problems to address:
– Is it possible to model architectures such that the KPMs can be 

usefully estimated?

– Because of the multi-objective nature of architecting, can large 
optimal solution sets be understood by an architect?  If not, is 
reducing dimensionality useful?

OPTIMIZATION



> The SoS may be modeled as a set of systems and interfaces:
– Systems can either participate in the SoS or not.

– Interfaces can be specified between systems or nor.

– Systems are modeled by:

> Characteristics—Real-valued attributes such as cost and development 
time,

> Capabilities—Boolean values indicating whether a particular capability is 
provided by the system, and

> Interface feasibility—Boolean-values indicating whether an interface is 
possible between two systems.

SoS MODEL



> Multi-objective optimization usually depends upon Pareto 
dominance to compare solutions.  When the number of 
objectives is larger than three (the typical case for 
architecting), Pareto dominance breaks down and the 
optimal solution set (the Pareto set) contains a significant 
portion of the total solution space.  This creates a 
comprehensibility problem for the architect.  While there is a 
class of optimizers specifically designed to address 
algorithmic issues regarding Pareto break-down, the large 
solution set remains.

MULTI-OBJECTIVE OPTIMIZATION



> Two basic approaches for addressing the size of the Pareto 
set:
– Reduce the Pareto set—Retain solutions of interest.

– Eliminate the Pareto set—Reduce the problem to a single objective 
that is a function of the original objectives.

COMPREHENSIBILITY



> Two possible approaches to reducing the Pareto set are 
clustering (stochastic) and corners (deterministic).

> The approach taken here involves corners.

REDUCED PARETO SET



> Given 𝑚 objectives, if 𝑘 < 𝑚 objectives are considered at a 
time within the Pareto set, then the dominate solutions are 
called corners.  All corners in the results used  𝑘 = 1.

CORNERS



> The corners can be combined with an interior point for each 
combination of corners in two-dimensional space to show 
the operation of the trade-space within the Pareto set.

CORNER APPROACH
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> Given a set of objectives 𝑂1, 𝑂2, ⋯ , 𝑂𝑚, define a function  
𝑓(𝑂1, 𝑂2, ⋯ , 𝑂𝑚): ℝ

𝑚 ↦ ℝ,  to be the overall objective.  In 
the example problem, the function chosen was a fuzzy 
inference system.

SINGLE OBJECTIVE



> The example is a notional Intelligence, Surveillance, and 
Reconnaissance (ISR) problem.  The decision maker must 
choose a total of twenty systems selected from five different 
platforms to maximize the performance in terms of coverage 
and resilience and to minimize the cost.  Therefore, there are 
three objectives: cost, coverage, and resilience.

> The five available platforms are: satellite type 1, satellite 
type 2 , UAV type 1 , UAV type 2 , and UAV type 3.

EXAMPLE PROBLEM



OPERATIONAL VIEW OV-1



> Overall cost and coverage are the sums of the individual 
systems’ values.  Resilience is calculated using Functional 
Dependency Network Analysis (FDNA).

SYSTEM CHARACTERISTICS

System Cost Coverage

Satellite type 1 90 80

Satellite type 2 100 90

Satellite type 3 100 100

UAV type 1 5 10

UAV type 2 10 20



> The corner approach used a plain multi-objective 
evolutionary algorithm with single-point crossover and bit-
flip mutation.

> The single-objective approach similiarly used a plain single-
objective evolutionary algorithm with single-point crossover 
and bit-flip mutation.

OPTIMIZATION APPROACH
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RESULTS—CORNERS
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> The different colors on the preceding lollipop graph 
represent different runs.  From this, it can be seen that:
– The cost of the SoS is not sensitive within the Pareto set, resilience is 

moderately so, and coverage is highly sensitive.

– There is much more leeway regarding coverage, less with resilience, 
and very little with cost.

ANALYSIS—CORNERS



RESULTS—SOP
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> Comparing the single-objective solutions over numerous 
runs with the black lollipops showing the results from the 
corner approach, it can be seen that:
– The single-objective solutions are very consistent and near the 

middle of the Pareto set.

– By itself, it yields reasonable solutions, but they do not make 
anything known of the trade-space within the Pareto set.

ANALYSIS—SOP



> Despite the comprehensibility problem imposed by the 
multi-objective approach, it has the benefit of defining the 
trade-space within the optimal solution.  However, to 
understand the trade-space an additional approach must by 
applied to make it comprehensible to the architect.

> While the single-objective approach provides no insight into 
the optimal trade-space, it can be very effective at providing 
an optimal solution without any extra work imposed upon 
the architect.

Conclusion



> A major deficiency of the given approaches is that neither 
allows the architect to explore the trade-space in terms of 
the actual architecture.  To address this,  an interactive tool 
called SoS Explorer is in development that would create 
optimal solutions that the architect can interact with and 
perform “what-if” analysis.

FUTURE WORK



SoS EXPLORER


