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Many-Objective Optimization
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 Formulation

PS: Pareto optimal set PF: Pareto optimal front

演示者
演示文稿备注
the collection of all  Pareto optimal solutions is the Pareto optimal set.
the image of  the PS in the objective space.



Many-Objective Optimization
 Difficulties for solving MaOPs

 The loss of selection pressure--- unable to distinguish non-
dominated solutions 

 Diversity maintenance--- “curse of dimensionality”

Ishibuchi H, Tsukamoto N, Nojima Y. Evolutionary many-objective optimization: A short review. IEEE congress on evolutionary computation. 
2008: 2419-2426.
Li M, Yang S, Liu X. Shift-based density estimation for Pareto-based algorithms in many-objective optimization. IEEE Transactions on 
Evolutionary Computation, 2014, 18(3): 348-365.

Evolutionary trajectories of the convergence metric (CM) for a run of the 
original NSGA-II and the modified NSGA-II without the density estimation 
procedure on the 10-objective DTLZ2.
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Many-Objective Optimization





Many-Objective Optimization
 Existing Diversity Maintenance Strategies

 Crowding degree estimation based on the distances to 
neighboring solutions, e.g., crowding distance computation in 
NSGA-II and weighted distance computation in KnEA.

 Region division based strategies, e.g, the region-based 
approach in PESAII and the grid division in GrEA.

 Reference information based strategies, e.g., reference points 
in NSGA-III and reference vectors in RVEA.
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Radial Projection
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Radial Projection
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Radial Projection

Assume                             , then

where 
Hence,
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Radial Projection

“Part I”

is linearly approximate to

“Part II” effects less on      than “Part I” as                     .
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Radial Projection

 Analysis
 On continuous hypersurfaces 
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To take a closer look at the differences between the high-dimensional visualization and the radial visualization by radial projection, several examples with different structures of Pareto fronts are given to verify the ability of radial projection on reflecting the distribution of high-dimensional space in the radial space.
The distribution of solutions on the complete convex, flat, and concave Pareto fronts are displayed in Fig. \ref{fig:plotcompare} (a), (b), and (c), respectively.



Radial Projection

 On discontinuous hypersurface 
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To take a closer look at the differences between the high-dimensional visualization and the radial visualization by radial projection, several examples with different structures of Pareto fronts are given to verify the ability of radial projection on reflecting the distribution of high-dimensional space in the radial space.
The distribution of solutions on the complete convex, flat, and concave Pareto fronts are displayed in Fig. \ref{fig:plotcompare} (a), (b), and (c), respectively.



Radial Projection

 On degenerated curves
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To take a closer look at the differences between the high-dimensional visualization and the radial visualization by radial projection, several examples with different structures of Pareto fronts are given to verify the ability of radial projection on reflecting the distribution of high-dimensional space in the radial space.
The distribution of solutions on the complete convex, flat, and concave Pareto fronts are displayed in Fig. \ref{fig:plotcompare} (a), (b), and (c), respectively.



Radial Projection

 Conclusion
 The relationship of the crowding degree information 

between the original space and the radial space
(diversity information remains)

 The missing of the curvature information of the Pareto front 
(convergence degree is lost)
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The Proposed AREA
 General Idea

 Adopt a similar framework as NSGA-II
 Radial space division for diversity enhancement
 Diversity-first-convergence-second[1]

[1] Jiang S, Yang S. A strength Pareto evolutionary algorithm based on reference direction for multi-objective and many-objective 
optimization. 2016.
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The idea of Diversity-first-convergence-second come from SPEAR




The Proposed AREA
 General Framework
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The Proposed AREA
 Mating Selection

 Crowding degree: 
The number of solutions
in the same rectangle

 Convergence degree:
The distance to ideal point

( ) =|S|.sCrowd G
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The mating selection in AREA employs a binary tournament selection strategy using two tournament metrics, namely, the grid crowding degree (in the radial space) and the convergence degree (in the objective space).
The mating selection begins with the rectangle crowding degree tournament selection, where $N$ nonempty rectangles are selected based on the crowding degree of each rectangle.

Then the better converged solution in each rectangle is selected to the mating pool by binary tournament selection, where the convergence degree of a solution is defined as the Euclid length of the normalized objective vector



The Proposed AREA
 Environmental Selection

 Extreme solutions
 Least crowded rectangles
 Better fitness

( , ) ( )
     min || ( ) ( ) ||
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First, current population is sorted by the efficient non-dominated sorting proposed in \cite{ENS}, and the solutions before and belongs to the last Pareto front (the size is equal to $N$ or for the first time exceeds $N$) are selected to form population $P$.
Second, the solutions in $P$ are projected to the 2-dimensional radial space and their coordinates in the radial space as well as their locations in the divided grid are worked out by Algorithm \ref{al:div}.
Thirdly, $m$ extreme solutions of population $P$ are selected to population $Q$ and the corresponding crowding degrees are updated, where $m$ is the number of objectives.
Fourthly, $N-m$ remaining solutions in $P$ are selected one by one according to the crowding degrees of their locating rectangles and their fitness values as illustrated in Algorithm 



The Proposed AREA
 Example of Environmental 

Selection
 Select the six extreme solutions 
 Select solution s4

 Select solution s1

 Select solution s6
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The mating selection in AREA employs a binary tournament selection strategy using two tournament metrics, namely, the grid crowding degree (in the radial space) and the convergence degree (in the objective space).
The mating selection begins with the rectangle crowding degree tournament selection, where $N$ nonempty rectangles are selected based on the crowding degree of each rectangle.

Then the better converged solution in each rectangle is selected to the mating pool by binary tournament selection, where the convergence degree of a solution is defined as the Euclid length of the normalized objective vector
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Experimental Results
 Results on DTLZ1 to DTLZ7



Experimental Results
 Results on DTLZ1
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Experimental Results
 Results on DTLZ7



Experimental Results
 Results on WFG1 to WFG9



Experimental Results
 Results on WFG4
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WFG1, 2, and 3 are designed with irregular PFs, WFG4 to WFG9 are designed with the difficulties in decision space, e.g., multimodality for WFG4, landscape deception of WFG5 and non-separability for WFG6, 8, and 9, though their PFs are of the same convex structure.



Experimental Results
 Results on ParetoBox Problems
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There are two important characterizes in the Pareto-Box problem. The first one is that its PS in the decision space corresponds to a two-dimensional closure. The second one is that the crowding in objective space is closely related to the crowding in its decision space.




Experimental Results
 Impact of the permutation of the projection vectors
 AREA with fixed projection vectors (AREA)
 AREA with varying projection vectors (AREA*)
 AREA with fixed and inverted projection vectors (AREAT)



Experimental Results
 Sensitivity of the parameter r
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Experimental Results
 Runtime Performance

 Computational Complexity (O(GMN2))

Settings of population size  for the 
six compared algorithms 
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Conclusion

 Diversity-first-convergence-second mechanism can be 
used for solving MaOPs

 The proposed AREA is competitive with other 
MaOEAs on many-objective optimization

 The proposed AREA is efficiency
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