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Abstract

In this article, a framework called DGD-MOEA/D is presented, which is designed with the goal
of developing a density-aware adaptive MOEA/D. The main idea is to inject population-density
feedback in the objective space into the three key modules of MOEA/D—namely subproblem
decomposition, neighborhood graph, and selection/replacement policy—in an online, in-loop
manner. To achieve this, at the end of every few generations, DBSCAN or HDBSCAN is executed
on the population points in the objective space (or the joint objective/decision space) to extract
clusters, core points, boundary points, and local density estimates. Based on this feedback: in high-
density regions, weight vectors that are very close to each other are softly merged or redistributed
to prevent crowding and redundant subproblems; in underrepresented regions, new weight vectors
are injected and/or existing weights are shifted to improve the coverage of the front in low-density
areas; the size and structure of the neighborhood are adaptively adjusted according to density; and
the selection and replacement of individuals are performed using a combination of fitness and
density to control the balance between exploration and exploitation. Experimental results on the
ZDT, DTLZ, and WFG families, as well as multimodal multi-objective problems with 2 to 15
objectives, show that DGD-MOEA/D significantly improves performance compared to baseline
algorithms such as MOEA/D-DE, MOEA/D-ANA, MaOEA/D-AEW, and NSGA-IIl, increasing
the Hypervolume metric by approximately 5-12% and reducing IGD by about 9-26%. Moreover,
the coverage of low-density regions of the Pareto front and the mode-recovery rate in multimodal
problems are noticeably enhanced. Time-complexity analysis indicates that the overhead of in-
loop clustering, with an appropriately chosen reconfiguration frequency, remains only a few
percent relative to the fitness evaluation cost in MaOO problems. Overall, these findings
demonstrate that the direct, online integration of density estimation into decomposition and
topology provides an effective pathway for simultaneously improving both diversity and
convergence in multi-objective evolutionary algorithms.
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1. DBSCAN-guided decomposition
2. MMOP: Multi-objective optimization problem
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1. MOEAs: Multi-objective evolutionary algorithms
2. Multi-objective evolutionary algorithm based on decomposition
3. DBSCAN-guided decomposition
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