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¢ counts types of vertices
¢ vertices u, v of same type iff

« N=(u) = N~(v)

» NT(u) = N7(v)

o NE(u)\{v}=NE(v)\{u}

Observation
¢ subgraphs induced by types

form clique or independent set
¢ vertices in type inducing IS
can receive same color

Mixed Cliquewidth
combines definitions of cliquewidth for undirected and directed graphs
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¢ coloring corresponding to proper preorder respects arcs

¢ each proper coloring corresponds to at least one proper
preorder
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Algorithm L 20
foreach proper preorder do
| check if there exists a corresponding proper k-coloring

mnd log mnd)
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‘Lemma
finding a proper k-coloring corresponding to a proper preorder is FPT w.r.t.

_ mixed neighborhood diversity

Proof (ldea):

¢ arcs no longer relevant
¢ similar approach as FPT-Algo w.r.t. neighborhood diversity for COLORING
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