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Balanced Clustering-based Index for Approximate
Nearest Neighbor Retrieval
LU Hongwei, Li Bo, Liu Pufan,Liu Shi,Li Jiwei,Liu Junjian
(Big Data Center of StateGrid Corporation of China, Nanjing 210023, China)

Abstract:In the era of big data,deep learning has been widely applied in recommendation systems, user profiling, and
data management by representing complex objects as high-dimensional feature vectors and evaluating their similarities
based on vector distance measurements. However, with the continuous growth of data scale ,the retrieval of similar feature
vectors from massive data faces significant challenges such as large memory consumption of retrieval models and low
recall rates of feature retrieval algorithms. It is crucial to design compact index graph structures and reduce memory
consumption in feature retrieval to improve the efficiency of nearest neighbor search in large-scale data systems while
ensuring retrieval accuracy. Therefore, a balanced-aware distributed K-means clustering-based user feature binning
approach and a compact index design algorithm for graph structures are proposed. Firstly, fast balanced-aware K-means
clustering algorithm is designed to achieve balanced binning of massive feature data during graph index construction,
compressing high-dimensional vectors into lightweight and compact graph index structures. Subsequently, quantization
operation is conducted to further compress high-dimensional vectors sample and improve its nearest neighbor search speed
in dataset. Experimental results on benchmark datasets demonstrate that the proposed method can effectively accelerate
index construction speed while ensuring high accuracy,thus enabling efficient indexing and retrieval of massive data.

Key words : big data retrieval and analysis,nearest neighbor search,balanced perception
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Table 1 Comparison of retrieval accuracy and efficiency of each algorithm in different datasets

SIFTIM GISTIM
Algorithm
Recall/ % Time/ms Recall/ % Time/ms

KGraph 0.946 0.12 0.765 0.85
NSG 0.994 0.31 0.897 1.82
Efanna 0.990 0.23 0.865 2.01
HNSW 0.991 0.30 0.851 1.95
LB-ANNR 0.993 0.21 0.903 1.72

33 REMEBEINEXRMNESH
Bl A SO G T 2 5 | AE A 303 D SRR Y B T 3K, S 1 i W) 3.2 9 A [R], 45 N8k 1y 45 1
nzk 2 prk.
*2 SAEERIKNSHEHERLE

Table 2 Comparison of the size and construction time of retrieval index of each algorithm in different datasets

SIFTIM GISTIM
Algorithm

Index Size/MB Time/s Index Size/MB Time/s

KGraph 398 156 398 1235
NSG 120 329 87 3084
Efanna 444 148 451 392
HNSW 141 115 141 551
LB-ANNR 76 53 58 372
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Table 3 Comparison of the size and construction time of retrieval index of each algorithm in different datasets

GridCorpus01 GridCorpus02
Algorithm
Recall/ % Time/ms Recall/ % Time/ms

KGraph 0.825 3.83 0.803 2.57
NSG 0.902 9.04 0.924 6.23
Efanna 0.873 7.91 0.879 5.79
HNSW 0.886 8.86 0.891 5.85
LB-ANNR 0.904 7.52 0.922 5.48
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