
Abstract

Unsupervised isolation tree-based anomaly detection methods are widely used for their
simplicity, scalability, and strong empirical performance. However, the standard partition
rule, whether drawing thresholds uniformly from feature ranges or sampling random nor-
mal vectors for oblique hyperplanes, ignores the underlying data distribution and often cuts
through dense clusters rather than sparse regions. To address this limitation, we introduce
density-aware partitioning (DAP), a unified framework that guides data partitioning ac-
cording to local data density. DAP consists of two components: density-aware split, which
replaces uniform threshold sampling with a density-aware rejection sampler guided by a
counting map, and density-aware direction, which samples a normal vector for hyperplanes
that tend to separate low-density gaps rather than dense clusters. DAP can be integrated
into various isolation tree-based models, enhancing anomaly score discrimination with min-
imal runtime overhead, as the simplified tree structure compensates for the slight increase
in construction time. Through synthetic visualizations and large-scale benchmark evalua-
tions, we demonstrate that DAP consistently improves detection accuracy without incurring
significant computational overhead. Moreover, we theoretically analyze the counting map
and establish its key properties, providing a formal justification for the tolerance parameter
and the efficiency of the rejection mechanism. Overall, DAP offers a simple yet effective en-
hancement that improves partitioning capability without altering the core design of isolation
tree-based models.


