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In [6] we investigated the following algorithms: k-dimensional 
trees (k-d trees) [1], spill-trees [2], LSH (Locality-sensitive 
Hashing) [3]. We have found that k-d trees for  > 100 requires 
one or two orders of magnitude more computations than 
exhaustive search (BBF-trees (best bin first) [4] were used). As 
dimensionality grows, the error probability of the LSH 
algorithm approximates one. In the event when the working point 
coincides with a reference, the spill-tree algorithm works faster 



3. THE POINT OF THE ALGORITHM 
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4. THE PROCESS OF LEARNING 
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5. THE SEARCH ALGORITHM 
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6. EXAMPLE OF THE ALGORITHM 
OPERATION 
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Pool_Losers = [(hR; 2)]
Pool_Answer = []
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Pool_Losers = [(hR; 2) (hLL; 3)]
Pool_Answer = []
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Pool_Losers = [(hR; 2) (hLL; 3)]

Pool_Answer = [(hLRL; X3) (hLRR; X4)]
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Pool_Losers = [(hLL; 3) (hLRR; X4) (hRR; 6)]
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Pool_Losers = [(hLL; 3) (hLRR; X4) (hRR; 6)]
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Pool_Answer = [(hLRL; X3) (hLRR; X4)] Pool_Answer = [(hLRL; X3) (hLRR; X4) (hRLL; X5) (hRLR; X6)]

Step 1 Step 2 Step 3

Step 4 Step 5

X6 is answer because 
|hRLR|=|XX6|>(1-2bmax)N

X3 isn’t answer because 
|hLRL|=|XX3|<(1-2bmax)N

Figure 1. An example of the algorithm operation. 
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7. ESTIMATION OF THE ERROR 
PROBABILITY 
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Figure 2. The algorithm error probability. 

8. ESTIMATION OF THE 
COMPUTATIONAL COMPLEXITY 
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Figure 3. The speed advantage of SNN-tree over exhaustive 
search (markers - experiment; solid lines – estimation). 
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9. CONCLUSION 
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APPENDIX A 
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