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Spherical embedding algorithm based on
Kullback-Leibler divergence and distances betweén, nearest neighbor points

ZHANG Bianlan, LU Yonggang ‘/\ZHANG Haitao
( School of Information Science and Engineering, Lanihoty Uhiversity, Lanzhou Gansu 730000, China)

Abstract: Aiming at the problem that the existing sphéeri¢alembedding algorithm cannot effectively embed the data into
the low-dimensional space in the case that the distanees between points far apart are inaccurate or absent, a new spherical
embedding method was proposed, which can také“the distances between the nearest neighbor points as input, and embeds high
dimensional data of any scale onto the unit sphere, and then estimates the radius of the sphere which fit the distribution of the
original data. Starting from a randomly generated spherical distribution, the Kullback-Leibler (KL) divergence was used to
measure the difference of the normalized distance between each pair of neighboring points in the original space and the
spherical space. Based on the difference, the objective function was constructed. Then, the stochastic gradient descent method
with momentum was used to optimize the distribution of the points on the sphere until the result is stable. To test the
algorithm, two types of spherical distribution data sets were simulated: which are spherical uniform distribution and Kent
distribution on the unit sphere. The experimental results show that, for the uniformly distributed data, the data can be
accurately embedded in the spherical space even if the number of neighbors is very small, the Root Mean Square Error
(RMSE) of the embedded data distribution and the original data distribution is less than 0. 00001, and the spherical radius of
the estimated error is less than 0. 000001; for spherical normal distribution data, the data can be embedded into the spherical
space accurately when the number of neighbors is large. Therefore, in the case that the distance between points far apart are
absent, the proposed method can still be quite accurate for low-dimensional data embedding, which is very helpful for the
visualization of data.
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Tab. 1
simulated data by the proposed embedding algorithm

Processing results of two kinds of

BaE RS an RE - ®kK Bk
NN_RMSE 1.90E-10 1.93E-10 1.96E-10
2000 RMSE 1.90E-10 1.93E-10 1.96E-10
R_Emor 4.05E-15 4.03E-14 1.90E - 14
NN_RMSE 2.24E-10 2.19E-10 3.65E-02
1500 RMSE 1.95E-10 1.91E-10 4.19E-02
R_Emor 1.18E-14 1.74E-14 2.24E -04
R NN_RMSE 2.72E-10 2.72E-10 2.68E-10
¥A 1000 RMSE 1.94E-10 1.94E-10 1.91E-10
pagi R_Emor 7.88E-15 2.57E-14 1.45E-13
NN_RMSE 6.30E -10 3.79E-10 3.74E-08
500 RMSE 5.58E-10 1.91E-10 4.19E-08
R_Emor 3.50E-13 4.16E-13 1.48E-10
NN_RMSE 2.48E -05 2.14E-05 6.09E —07
100 RMSE 9.80E-05 9.09E-05 2.64E —06
R_Emor 1.25E-06 9.55E-07 2.99E-08
NN_RMSE 6.89E -02 2.81E-10 3.12E-02
913 RMSE 6.89E-02 2.81E-10 3.12E-02
R_Emor 5.43E-04 2.71E-10 3.62E-05
NN_RMSE 5.69E -02 1.27E-01 9.90E -02
700 RMSE 5.81E-02 1.28E-01 1.01E-01
}*E R_Emor 3.07E-04 4.75E-04 6.31E-04
6}% NN_RMSE 7.08E -02 1.06E -01 8.33E -0
500 RMSE 7.92E-02 1.26E-01 9.400n02
R_Emor 9.90E-03 1.30E -02 < ™4E -02
NN_RMSE 1.13E-01 6.28E-02 1.10E-01
300 RMSE 4.02E-01 3.31E-01 4.02E-01
2 1.76E -01 2.56E -01

(2) BB B ARECA3000,  (b) FIASGRE 4 A
BN BATERT A9 25 51

1 BRI ERAR KB

Fig. 1 Data of spherical normal distribution
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