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Smooth Representation-based Semi-supervised Classification
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Abstract Graph-based semi-supervised classification is a hot topic in machine learning and data mining. In general, this method
discovers the hidden information by constructing a graph and predicts the labels for unlabeled samples based on the structural in-
formation of graph. Thus.the performance of semi-supervised classification heavily depends on the quality of graph. In this work,
we propose to perform semi-supervised classification in a smooth representation. In particular,a low-pass filter is applied on the
data to achieve a smooth representation, which in turn is used for semi-supervised classification. Furthermore,a unified framework
which integrates graph construction and label propagation is proposed,so that they can be mutually improved and avoid the sub-
optimal solution caused by low-quality graph. Extensive experiments on face and subject data sets show that the proposed SRSSC
outperforms other state-of-the-art methods in most cases,which validates the significance of smooth representation.
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LT . 96D
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Percentage/ % k>0 k=0

10 38.00£11.91 47.33%£13.96 38.83£8.60 28.77%9.59 45.0741.30 25.87+8.54 9.841.96

YALE 30 54.13+9.47 63.08+2.20 58.25+4.25 42.58+5.93 60.92+4.03 45.13+4.80 20.50+4.79
50 60.28+5.16 69.56*+5. 42 69.00+6.57 51.22+6.78 68.94+4.57 53.33%5.59 23.61+4.49
10 92.85+7.76 96.68+2.76 97.33+£1.51 94.38+6.23 96.9241.68 98.39+0.69 94.84+£3.74
JAFFE 30 98.50+1.01 98.86+1. 14 99.25+0.81 98.82+1.05 98.20+1.22 99.51+0.51 99.87+0.27
50 98.94+1.11 99.29+0. 94 99.82+0.60 99.47+0.59 99.25+5.79 99.60+0.45 99.96+0. 20
10 87.7442.26 85.4341.40 93.57+1.59 81.10£1.69 90.09£1.15 93.71+1.26 89.38+£6.14
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10 75.89+6.16 59.49+6. 34 56.64+4.42 73.27+£7.13 69.2345.10 75.98+4.92 73.124£3.20
CMU PIE 30 82.43+2.23 74.08+3.08 78.81+6.46 86.037+0.49 82.72+3.21 91.17+1.68 86.09£1.07
50 87.34+1.08 80.08+1.20 80.15+3.98 92.15+0. 96 87.53+1.84 93.83%0.12 91.70+0.49
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Table 2 Performance Comparison of Separate and Joint
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(A2 5)
Labeled . .
Data Joint Separate
Percentage
10% 98.39%0.69 42.02412.59
JAFFE 30% 99.51+0.51 63.39+17.56
50% 99.60%£0.45 87.43+13.31
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(mean= standard deviation)
Table 3 Optimized classification ACC on YALE (mean=+
standard deviation)
CHLAL: 20
Data Labeled Original Optimized
Percentage
10% 25.87+8.54 43.53+17.77
YALE 30% 45.1344.80 57.67+4.02
50 % 53.3345.59 66.83+5. 22
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