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Kernel Multi-view Privileged Random vector functional link net-work

and its incremental learning method

Wu Tianyu, Wang Shitong’

(School of Artificial Intelligence and Computer Science, Jiangnan University , Wuxi, 214122, China)

Abstract: In many practical application scenarios, how to effectively use the multi perspective data obtained from different
levels and different angles to obtain the feature data of the same object is a problem worthy of study. Compared with
traditional single perspective learning, multi perspective learning shows certain advantages in the ap-plication of multi-source
data. An important problem in multi-view learning (MVL) is how to keep the consistency of perspectives while satisfying the
complementarity of different perspectives. To solve problems above, a new kernel multi - view privileged random vector
functional link network (KMPRVFL) is proposed to effectively solve the multi view classification problem. The basic idea is
to combine the extra information of redundant perspective with the privileged information of average perspective to supervise
the classification task of the current perspective. The multi-view data is combined into a comprehensive second view by
weighted linear combination after kernel. At the same time, an incremental learning method is designed to effectively reduce
the amount of calculation. Experimental results on real datasets show that KMPRVFL is more powerful than traditional multi-
view learning methods. The average test accuracy of KMPRVFL algorithm is better than that of comparison methods.
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1 K-RVFL R4 #2524
Fig.1 The architecture of the K-RVFL network
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2000-D . (Histogram of Oriented Gradient, HOG)
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Tablel Characteristic of datasets used in experiments

AR S Bk JEm %L FEAE 1 FFAE 2 RT3 FFAT 4
NUS-wide 4089 7 CMS55 (225) WT (128) EDH (73) COPR (144)
AwA2 5560 6 SURF (2000) HOG(252) CHF (2600) ISS (2000)
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Fig.3 Performance of KMPRVFL with different parameters in dataset NUS-wide
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Table 2 Binary classification performance of KMPRVFL and other algorithms on NUS-wide dataset
KMPRVFL KRVFL MED-2C PSVM-2V
Datasets-A Datasets B

Accuracy STD Accuracy STD Accuracy STD Accuracy STD

1 buildings computer 83.86% 0.021 71.93% 0.015 77.17% 0.015 78.36% 0.012
2 buildings elk 86.57% 0.022 81.01% 0.017 81.04% 0.017 82.23% 0.015
3 buildings fox 90. 64% 0.013 82.28% 0.035 83.41% 0.035 84.30% 0.029
4 buildings horses 85.35% 0. 030 76.42% 0.011 78.87% 0.011 79.82% 0.015
5 buildings moon 83.59% 0.023 75.16% 0.009 81.65% 0. 009 78.52% 0.020
6 buildings plants 85.98% 0.015 79.19% 0.013 81.34% 0.013 82.25% 0.007
7 buildings road 72. 68% 0.013 63.93% 0. 026 62.08% 0. 026 65.22% 0.027
8 computer elk 86.12% 0.033 77.21% 0. 025 77.47% 0.025 78.66% 0.025
9 computer fox 85.41% 0.031 76.39% 0.030 75.18% 0.030 76.92% 0.024
10 computer horses 89. 04% 0.022 78.11% 0.012 81.52% 0.012 82.90% 0.016
11 computer moon 83.10% 0.028 76.45% 0.026 74.64% 0.026 77.99% 0.029
12 computer plants 87.00% 0.012 80.68% 0.014 79.90% 0.014  81.34% 0.013
13 computer road 81.36% 0.021 74.51% 0.034 70.62% 0.034 76.17% 0.033
14 elk fox 75.45% 0. 030 68.95% 0.023 68.57% 0.023 70.65% 0.026
15 elk horses 78. 88% 0.021 76.67% 0.023 75.73% 0.023 76.74% 0.024
16 elk moon 87.77% 0.029 82.68% 0.013 83.98% 0.013 84.53% 0.025
17 elk plants 84.77% 0.033 82.21% 0. 009 83.75% 0. 009 83.09% 0.012
18 elk road 82.60% 0.022 78.90% 0.032 79.24% 0.032 79.28% 0.032
19 fox horses 83.80% 0.021 76.65% 0.018 77.68% 0.018 79.99% 0.019
20 fox moon 86.22% 0.023 81.94% 0. 044 82.25% 0. 044 83.92% 0.045
21 fox plants 79.83% 0. 057 79.73% 0.014 73.88% 0.014 82.31% 0.004
22 fox road 84.16% 0.033 78.81% 0.033 81.67% 0.033 79.65% 0.031
23 horses moon 88.18% 0.033 82.56% 0.028 83.76% 0.028 84.59% 0.032
24 horses plants 89.15% 0.011 85.05% 0.012 85.12% 0.012 86.73% 0.015
25 horses road 80.14% 0.012 73.94% 0.035 74.57% 0.035 75.67% 0.039
26 moon plants 86.90% 0.028 81.11% 0.033 82.40% 0.033 83.03% 0.027
27 moon road 81.34% 0.027 74.71% 0.015 75.23% 0.015 76.67% 0.029
28 plants road 82.13% 0.017 76.43% 0.031 77.68% 0. 030 78.97% 0.030
Average 84. 00% 0.023 77.63% 0.018 78.23% 0.221 79.66% 0.024
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Table 3 Classification performance of KMPRVFL and other algorithms on AwA2 dataset

KMPRVFL KRVFL MED-2C PSVM-2V
Datasets-A Datasets B
Accuracy STD Accuracy STD Accuracy STD Accuracy STD
1 chimps panda 91.01% 0.009 87.14% 0.027 86.93% 0.027 90.92% 0.023
2 chimps leopard 92.50% 0.01 86.84% 0.018 82.80% 0.04 87.61% 0.043
3 chimps cat 92.18% 0.023 86.65% 0.034 82.07% 0.049 86.52% 0.067
4 chimps pig 89.15% 0.05 82.09% 0.05 82.86% 0.033 83.81% 0.056
5 chimps hippo 89.05% 0.014 86. 84 % 0.022 82.82% 0.043 84.45% 0.063
6 chimps rat 89. 78 % 0.023 82.36% 0.041 75.12% 0.035 81.16% 0.082
7 chimps seal 91. 90 % 0.012 81.46% 0.035 83.07% 0.026 87.76% 0.016
8 panda leopard 92.83% 0.016 88.84% 0.014 84.31% 0.026 90.46% 0.012
9 panda cat 95. 05% 0.015 90.04% 0.026 88.03% 0.02 89.53% 0.067
10 panda pig 90.53% 0.014  83.62%  0.025  78.83%  0.042  83.46%  0.035
11 panda hippo 93.89% 0.013 87.69% 0.018 87.47% 0. 009 91.13% 0.05
12 panda rat 91.75% 0.02 85.92% 0.043 82.25% 0.025 86.57% 0.064
13 panda seal 92. 62% 0.024 89.10% 0.017 86.89% 0.033 89.63% 0.026
14 leopard cat 91.74% 0.015 86.94% 0.021 86.15% 0.033 90.69% 0.045
15 leopard pig 85.56% 0.037 82.62% 0.028 78.53% 0.027 84.11% 0.057
16 leopard hippo 91.13% 0.01 83.10% 0.028 82.54% 0. 037 88.49% 0.092
17 leopard rat 87.58% 0.014 84.53% 0.033 80.17% 0.04 85.21% 0.082
18 leopard seal 90. 78 % 0.019 86.47% 0.027 87.83% 0. 045 88.00% 0.091
19 cat pig 84.87% 0.037 79.27% 0.044 73.92% 0.061 76.80% 0.055
20 cat hippo 89.57% 0.016 87.08% 0.029 85.07% 0.037 86.29% 0.074
21 cat rat 77.01% 0.029 74.17% 0.04 62.40% 0.025 68.46% 0.043
22 cat seal 86.52% 0.023 76.55% 0.044 82.60% 0.038 83.68% 0.06
23 pig hippo 82.20% 0.019  77.21%  0.055  71.42%  0.037  74.49%  0.066
24 pig rat 73.18% 0.029 69.21% 0.032 70.52% 0.025 74.31% 0.08
25 pig seal 84.59% 0.021 78.27% 0. 045 71.86% 0.037 77.08% 0.092
26 hippo rat 85.17% 0.02 82.92% 0.019 72.94% 0. 035 75.23% 0.056
27 hippo seal 81.41% 0.026 70.45% 0.034 67.08% 0.03 69.48% 0.053
28 rat seal 80. 59 % 0.036 77.32% 0.042 71.96% 0.02 75.69% 0.017
Average 87.41% 0.019 82.58% 0.031 79.78% 0.034 83.59% 0.054
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