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Semi-supervised Learning Algorithm Based on Maximum Margin and Manifold Hypothesis

DAI Wei,CHAI Jing and LIU Yajiao

School of Information Science and Engineering, Yunnan University, Kunming 650500, China
Abstract Semi-supervised learning is a weakly supervised learning pattern between supervised learning and unsupervised lear-
ning. It combines a small number of labeled instances with a large number of unlabeled instances to build a model during the
process of learning,hoping to achieve better learning accuracy than supervised learning using only labeled instances. In this lear-
ning pattern,this paper proposes a semi-supervised learning algorithm that combines the maximum margin with manifold hypo-
thesis of the instance space. The algorithm utilizes the manifold structure of instances to estimate the labeling confidence over un-
labeled instances,at the same time utilizes the maximum margin to derive the classification model. And alternating optimization is
adopted to address the quadratic programming problem of the model parameters and the labeling confidence in an iterative man-
ner. On 12 UCI datasets and 4 datasets generated by the MNIST database of handwritten digits,in semi-supervised transductive
learning, the proposed algorithm’s performance outperforms the comparison algorithms for 60. 5% of the configurations in semi-
supervised inductive learning,the proposed algorithm’s performance outperforms the comparison algorithms for 42. 6% of the
configurations.

Keywords Semi-supervised learning, Maximum margin, Manifold hypothesis,Labeling confidence,Support vector machine
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Table 2 Classification accuracy of MA3H and each comparison algorithm on 10 labeled instances(/=10) in transductive learning

HAE & SVM LGC LNP S3VM SIVM MA3H
house 0.918=+0.030 0.89740.014 0.901+0.018 0.85140.063 « 0.919%0. 026 0.914=+0.027
haberman 0.6347+0.068 0.6194+0.122 0.601+0.119 0.6137+0.058 0.646+0.067 0.636+0.121
isolet 0.87140.071 - 0.84640.085 0.86940.053 « 0.86040.110 0.89040.098 0.9900. 006
australian 0.686=+0.167 0.64640.096 « 0.64540.103 « 0.7017+0.184 0.684=+0.173 0.709%0.119
german 0.63940.038 « 0.660+0.041 0.64640.037 « 0.61240.046 « 0.64040.038 « 0.667%0.032
optdigits 0.93140.058 « 0.90040.101 0.94040.051 0.896+0.095 0.941+0.073 0.976£0. 025
digitl 0.764740.082 « 0.72140.097 « 0.746740.087 « 0.8257+0.055 0.764740.082 « 0.83340.049
ethn 0.694=+0.057 0.606=+0.063 0.666+0.067 0.77740.096° 0.72940.089 0.687+0.185
sat 0.98240.023 » 0.98940.007 » 0.99040.007 » 0.90140.089 0.946+0.060 » 0.99540. 001
spambase 0.609740.074 « 0.686%0. 069 0.687=+0.062 0.60240.123 « 0.60040.119 « 0.6707+0.084
mushroom 0.769+0.116 0.69740.096 « 0.77240.083 0.73140.122 0.73540.119 « 0.783%0.103
mnist4vs9 0.67540.094 0.61840.094 0.64840.086 0.692+0.084 0.691+0.098 0.737%£0.129
mnist3vs8 0.76340.077 « 0.72740.064 « 0.754740.073 « 0.778740.067 « 0.786740.079 « 0.840%0. 061
mnist7vs9 0.76940.055 « 0.70840.053 « 0.754740.047 « 0.76440.069 « 0.77240.083 « 0.83720. 046
mnistlvs? 0.903740.046 0.89740.106 0.9344+0.035 0.876+0.094 0.89040.090 0.945%0. 021
magic 0.576740.150 « 0.6547+0.122 0.637+0.127 0.6427+0.131 0.6377+0.156 0.666%0.123

# 3 MA3H 55X LLHIEAE 100 A FRIC R 6] ((=100) B #2045 ) 772 1y 43 S o 2
Table 3 Classification accuracy of MA3H and each comparison algorithm on 100 labeled instances(/=100) in transductive learning

HoE % SVM LGC LNP S3VM S4VM MA3H
house 0.92540.038 « 0.93040.022 « 0.92940.025 « 0.91940.032 « 0.92540.034 « 0.95040. 024
haberman 0.7397+0.043 0.68640.039 « 0.66240.041 « 0.6987+0. 045 0.725%+0.033 0.74310.032
isolet 0.9894+0.005 0.97140.011 0.973240.008 « 0.93840.039 » 0.982+0.019 0.99310. 005
australian 0.80540.022 « 0.783740.024 « 0.77340.023 « 0.79640.025 « 0.81340.026 « 0.848+0.011
german 0.64540.032 « 0.6837+0.015 0.680+0.018 « 0.65840.027 « 0.65040.030 « 0.699%0.015
optdigits 0.99240.002 » 0.99340.004 0.99440.003 » 0.95540.026 « 0.99140.008 0.99710.001
digitl 0.89740.013 « 0.926=+0.016 0.93340.014 0.89940.015 « 0.90040.011 « 0.92940.018
ethn 0.88440.022 « 0.82440.038 « 0.85840.036 « 0.909+0.024 0.886+0.021 0.919%0. 030
sat 0.99710. 002 0.99540.001 0.99540.002 » 0.96140.031 0.996+0.004 0.996+0.001
spambase 0.76040.043 « 0.80640.019 « 0.807=+0.021 0.82740.016 0.823740.013 0.8247+0.015
mushroom 0.926=+0.024 0.940+0.010° 0.961%0.013° 0.9214+0.024 0.9224+0.020 0.9204+0.012
mnist4vs9 0.91040.013 » 0.84340.025 0.85640.023 « 0.89740.017 » 0.91640.013 » 0.931£0.010
mnist3vs8 0.919=+0.010 0.9207+0.012 0.924£0.010° 0.908=+0.016 0.926%0.009° 0.914=+0.012
mnist7vs9 0.911+0.011 0.90140.017 « 0.90840.017 « 0.89240.040 « 0.909+0.035 0.919%0. 007
mnistlvs7 0.979=+0.006° 0.976+0.006° 0.97940. 005° 0.963+0.027 0.967+0.021 0.969=+0.004
magic 0.749740.024 « 0.76040.013 « 0.74740.016 « 0.774=+0.011 0.773£0.014 0.775%0. 006

F 4 MASH 5% LBk B S 0 LRk / /g it
Table 4 Win/tie/loss counts between MA3H and each comparison

algorithm in transductive learning

32 7 ] MA3H 3f t,
# B SVM LGC LNP S3VM S4VM
=10 11/5/0 11/5/0 9/7/0 10/5/1 9/7/0
=100 9/6/1 11/3/2 11/2/3 9/7/0 7/8/1
B3 20/11/1  22/8/2  20/9/3  19/12/1 16/15/1
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Table 5 Classification accuracy of MA3H and each comparison algorithm on 100 labeled instances(/=10) in inductive learning
#fE SVM S3VM S4VM S4VM
house 0.92740.057 0.840+0.096 0.92740.053 0.936%0.049
haberman 0.6314£0.113 0.63140.098 0.64440.105 0.653+0.112
isolet 0.860+0.112 « 0.852+0.113 - 0.885+0.117 0.988%0.016
australian 0.658+0.170 0.65740.186 0.65440. 180 0.6847+0.126
german 0.652+0.058 0.638+0.052 0.655+0.059 « 0.68810.054
optdigits 0.940+0.042 0.897+0.093 0.95340.052 0.973%0. 030
digitl 0.7587+0.086 0.829%0. 061 0.75940.086 0.81940.059
ethn 0.68720.069 0.7860.097- 0.71140.107 0.67140.185
sat 0.983+0.019 0.9007+0.090 0.96140.046 0.995%0. 005
#* 6 MA3SH 55X IWHIETE 100 DA BRI 7R 0 (=100) T4 327 ) O5 b 19 23 S i o JEE
Table 6 Classification Accuracy of MA3H and each comparison algorithm on 100 labeled instances(/=100) in inductive learning
HAE SVM S3VM S4VM S4VM
house 0.922+0.044 « 0.905+0.082 « 0.922740.044 0.961%0. 038
haberman 0.74420.096 0.67540.112 « 0.72840.087 0.744740.079
isolet 0.9957+0.008 0.95240.058 0.997%0.007 0.995+0.008
australian 0.803£0.057 « 0.801£0.063 0.82640.059 0.8510. 050
german 0.659740.061 0.655+0.053 « 0.65140.047 « 0.701%0. 039
optdigits 0.990=£0.009 « 0.962+0.028 0.99440.008 0.99710. 004
digitl 0.905%+0.026 0.903+0.031 « 0.91140.023 0.92340.023
ethn 0.89240.038 0.915%0.038 0.89240.038 0.90840. 029
sat 0.99740.003 0.958+0.035 « 0.997%0.002 0.99540.004
# 7 MA3H 5% B SAE A 2% 2 0y L iy /7 /gt it 7E house.german Fl sat X 3 A EHi 4E I 43 5247 A [ bR ic 4K
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Fig. 1 Classification accuracy of MA3H and each comparison algorithm changes as numbers of labeled instances(/) in transductive learning
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Fig. 2 Classification accuracy of MA3H and each comparison algorithm changes as numbers of labeled instances({) in inductive learning
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Fig.3 Convergence curves of w and Fy on sat and german
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Table 8 Comparison of running time of each algorithm

(s)

datasets  SVM LGC LNP S3VM  S4VM  MA3H
house 0.001 0.002 0.023 0.621 1.079 9.058
german 0.004 0.004 0.123 3.198 103.300 35.180

sat 0. 003 0. 005 8.011 13.650 145.900 104. 200

total 0. 008 0.011 8. 157 17.470 250.300 148.400
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