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Research on kd-tree Cache Optimization Based on Particle Index Sorting Algorithm
ZHANG Ting, LIN Zhenhuan, YANG Dingying , WANG Zongkai, CHEN Yifan

(College of Civil Engineering, Fuzhou University, Fuzhou 350116, China)
Abstract:

Objective When utilizing a kd-tree for large-scale random particle nearest neighbor search, particles with closely aligned index values within the
computational domain can become spatially distant, resulting in significant variations in the kd-tree search path over a short time frame. There-
fore, this divergence reduces the efficiency of accessing node data and ultimately impedes the effectiveness of kd-tree nearest neighbor searches.
This inefficiency becomes particularly evident in non-uniform or randomized particle distributions, where traditional cache optimization strate-
gies show limited effectiveness. Maximum dispersion dimensionality reduction in principal component analysis (PCA) is introduced to address
this issue. It employs the mean absolute difference (MAD) as the dispersion measure and proposes a novel cache optimization strategy named
MAD-index-sort. MAD-index-sort improves cache utilization and enhances the overall performance of kd-tree-based nearest neighbor searches
by dynamically reordering particle index values based on spatial distribution.

Methods The MAD-index-sort strategy introduced in this study utilized the dimensionality reduction principles found in PCA to achieve optimal
data reordering. Specifically, the method employed MAD as a dispersion measure, which served as the key metric for determining the most appro-
priate dimension along which the particle data should be reordered. By calculating the dimension with the highest MAD value, identifying the
axis along which particle distribution exhibited the greatest variance, the algorithm ensured that particles with closer spatial proximity were as-
signed similar index values, thus optimizing data access during kd-tree searches. This reordering process, in turn, enabled more efficient cache us-
age because it minimized cache misses and increased the likelihood of retrieving relevant data from faster memory. The proposed approach was
then integrated with the automatic termination criterion for the kd-tree framework, which further streamlined the nearest neighbor search process
by automatically halting the search once optimal criteria were met, reducing unnecessary computations. A series of rigorous experimental trials
was conducted using various particle distribution models, including uniform, random, and clustered configurations to comprehensively evaluate
the effectiveness of this approach. Key performance metrics, such as cache miss rates, search path divergence, and total computational time, were
carefully monitored and compared against baseline methods, including Z-index-sort, which was traditionally employed for uniform grid methods,
and the standard unsorted kd-tree approach.

Results and Discussions The experimental results revealed that the MAD-index-sort strategy consistently surpassed both traditional unsorted kd-
tree methods and alternative sorting strategies such as Z-index-sort across various particle distribution scenarios. Specifically, MAD-index-sort
improved search efficiency by dynamically adjusting to particle dispersion characteristics, which led to a marked reduction in cache misses and
overall computational time. When applied to randomized particle distributions with high spatial divergence, MAD-index-sort significantly de-
creased the cache miss rate. Compared to the unsorted kd-tree, the cache miss rate was reduced by 24.2%, while compared to Z-index-sort, the re-
duction was 18.6%. In addition, the improved performance was particularly evident in computational fluid dynamics (CFD) simulations, where
particle positions frequently shifted irregularly due to external forces. In this context, MAD-index-sort dynamically adapted to the shifting par-
ticle arrangement, reduced cache miss rates by 20%, and simultaneously cut the total computational time by 15% compared to the unsorted kd-
tree method. The algorithm was versatile enough to handle both static and dynamic conditions, making it highly reliable for real-time applications
where particle distributions tended to change unpredictably. In addition, the results indicated that MAD-index-sort performed exceptionally well

in scenarios involving highly dispersed particle clusters. In these cases, the search time was shortened by 28.5% compared to the unsorted kd-tree
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and by 22% compared to Z-index-sort. This efficiency was attributed to MAD-index-sort’s ability to reorder particles based on the dimension
with the greatest variance, ensuring that spatially close particles were assigned similar index values. Therefore, the cache access pattern was opti-
mized, which led to fewer cache misses and improved search times. In addition, MAD-index-sort demonstrated a significant performance boost,
achieving search times 32.8% faster than unsorted kd-tree methods, with a 30% reduction in cache miss rates. These findings indicated that MAD-
index-sort was effective in handling irregular particle distributions and further demonstrated its versatility and adaptability. Further analysis re-
vealed that MAD-index-sort consistently improved the cache hit rates across all tested particle distribution models. For example, in scenarios
characterized by extreme spatial variance, the strategy attained an average 27.3% reduction in computational time, coupled with a 17% improve-
ment in cache hit rates, compared to traditional methods. This broad applicability of the MAD-index-sort strategy highlighted its effectiveness in
a wide range of computational tasks that required efficient data access, particularly in systems where memory hierarchy played a crucial role in
performance. Accordingly, the experimental results validated the efficiency and flexibility of the MAD-index-sort strategy, showing that it signifi-
cantly reduced cache misses and improved search performance across a wide variety of particle distribution scenarios. MAD-index-sort optimized
cache utilization and minimized computational overhead by dynamically adjusting the index sorting process based on particle dispersion, making
it a practical tool for kd-tree-based nearest neighbor searches in different environments.

Conclusions The introduction of the MAD-index-sort strategy represents a meaningful enhancement in kd-tree-based nearest neighbor search op-
timization, particularly for scenarios involving random or highly dispersed particle distributions. The strategy improves cache efficiency, reduces
computational overhead, and enhances overall search performance by incorporating PCA-inspired dimensionality reduction and using the MAD
metric to dynamically reorder particle indices. The experimental results indicate that MAD-index-sort can improve search efficiency by up to
30.3% compared to unsorted kd-tree searches, making it a highly adaptable and versatile tool for a wide range of computational applications. The
implications of this research extend beyond kd-tree nearest neighbor searches, as the underlying principles of dynamic index reordering and cache
optimization can be applied to other computational problems where data access efficiency is critical. Future work can investigate integrating
MAD-index-sort with advanced cache management techniques, such as predictive caching algorithms or hybrid data structures, to enhance perfor-
mance. In addition, further research on reducing the computational complexity of distance calculations, particularly in high-dimensional spaces,
can yield greater efficiency gains and make kd-tree-based methods more suitable for large-scale, real-time applications.

Key words: kd-tree; particle nearest neighbor search; cache optimization; particle index value sorting
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