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♦ coloring corresponding to proper preorder respects arcs
Lemma

♦ each proper coloring corresponds to at least one proper
preorder
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Theorem
MixedColoring is FPT w.r.t. mixed neighborhood diversity

Algorithm

foreach proper preorder do
check if there exists a corresponding proper k-coloring

2O(mnd log mnd)

finding a proper k-coloring corresponding to a proper preorder is FPT w.r.t.
mixed neighborhood diversity

Lemma

=⇒ FPT w.r.t. mixed neighborhood diversity

Proof (Idea):
♦ arcs no longer relevant
♦ similar approach as FPT-Algo w.r.t. neighborhood diversity for Coloring
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Conclusion

♦ mixed variants
♦ complexity

Further Parameters

Meta Theorems
♦ Courcelle’s Theorem

Variants of Coloring
♦ ListColoring
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