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Study on Supervised Learning Model for Optimal Histogram Solution

CHEN Yunliang. LIU Hao,ZHU Guishui, HUANG Xiaohui, CHEN Xiaodao and WANG Lizhe
School of Computer Science, China University of Geosciences, Wuhan 430070, China

Abstract The dynamic programming binning algorithm is currently used to realize the optimal histogram. However, its time
complexity is too high. A supervised learning model based on ProbSparse self-attention is proposed in this paper to learn the dy-
namic programming binning algorithm. It can be used as an alternative to the dynamic programming binning algorithm. The pro-
posed model consists of three parts:1)mapping the numerical input sequence into the corresponding vector sequence through the
embedding and position coding layer;2)capturing the dependence between input sequences through the ProbSparse self-attention;
3)the dependency is mapped to the subscript information of the binning “bucket” boundary through the feedforward neural net-
work. Experimental results on six data sets indicate that the proposed model based on ProbSparse self-attention outperforms the
dynamic programming binning algorithm. The accuracy of the proposed method is greater than 83. 47 % . Meanwhile,its time cost
in the prediction stage is no more than 1/3 of the compared method.

Keywords Optimal histogram,Dynamic programming binning algorithm, Supervised learning model
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Table 1 Data set for training supervised learning model based on

probSparse self-attention
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Average accuracy and average near-3 accuracy

Table 2

3R A 3o A F 3 near-3 M F
m100n5-Optimal 0.8658 0.9088
m100n10-Optimal 0.8806 0.9311
m100n15-Optimal 0.9005 0.9610
m200n5-Optimal 0.8580 0.8935
m200n10-Optimal 0.8442 0.8862
m200n15-Optimal 0.8348 0.8710
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Table 3 Predictive grouping error vs. real grouping error
Wk e ?M@ﬁﬁ%%fﬁ% ﬁ%fﬁﬁ%#?ﬁ%
AU IR Z IR K E 4R 2 8K B B
m100n5-Optimal 1848 1152
m100n10-Optimal 831 2169
ml100n15-Optimal 716 2284
m200n5-Optimal 853 2147
m200n10-Optimal 801 2199
m200n15-Optimal 766 2234
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K-
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Table 4 Statistical information of relative error

AR B A & A E & /ANME T E e
m100n5-Optimal 0.1489 0.00012 0.0167 0. 0062
m100n10-Optimal 0. 1488 0.00012 0.0168 0. 0062
m100n15-Optimal 0.3506 0.00016 0.0442 0.0329
m200n5-Optimal 0.1667 0.00012 0.0584 0. 0570
m200n10-Optimal 0.2977 0.00052 0.0529 0.0510
m200n15-Optimal 0.3048 0.00069 0.0628 0.0554

R T LA B 23 28 AE 55 B TTAN 98 45 5 20 4L R 22 BT 48
P ok ok B TR A B i 18V R0 A MR R A ST AL R AT AT A
A A EE IR H BT i Y ) BN 53 201 6 1] 5 gl 2 0 ) o0 2 )
), PY & B 0F LE A5 SR AN 2 1 3 T

02496
025 | —e— dynamic programming binning
—a supervised learning model

020

01513

< o
3
E
S oo
0634
005
00207 0024 4 00196
hm——————————— Tt
5 10 15
B

B 2 A BE A 100 B A4 I ] 8 #E X e
Fig. 2 Comparison of time consumption when the sequence

length is 100
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