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[ Abstract] This article presents a new graph—based method for approximate nearest neighbor search ( ANNS) on datasets of high
dimensional feature vectors. Most graph—based methods focus on improving the quality of graph construction, but our work focuses
on the performance of graph search. We report the results using approximate k—nearest neighbor (kNN) graph, and there are many
existing methods for constructing approximate kNN graphs, such as NN-descent, KGraph or Faiss. In the construction stage of the
graph, we first initialize an approximate kNN graph, and then filter the neighbors by the angle among the neighbors of each point on
the graph. During the query stage, we use the greed-search algorithm, which walks over the graph and tries to reach the query
greedily. To improve the query performance, we only compare a part of its neighbors by angle information. We show in the
experiment how to achieve lower query time and query cost with high precision.
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Fig. 1 Neighbor and Graph Network
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Fig. 2 Neighbor set clustering process
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Fig. 3 Greedy-search algorithm based on angle
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Fig. 4 The recall-cost curves of three algorithms
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Fig. 5 The recall-cost curves of three algorithms
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