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those clear classified points still have large weights in total and contribute a
lot to the second term in the objective function

yi1 = 0.9 v, = 0.1 y2 = 0.81 y2 = 0.01

For boundary points, however, y/71 and y/2 would
be more likely equal

Yip = 0.5 Yiz = 0.5 y% = 0.25 y% = 0.25

If r is too large, the y;, will tend to be zero, and the unsupervised
information is lost. So r can not be too large. That’s why 7 1s
suggested to vary in [1,2] (Consider the class number is often larger
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Table 1: Data Sets Descriptions

# sample # feature # class
AR 840 768 120
YALE-B 2414 1024 38
MSRC-V1 1799 1024 12
CMU-PIE 3329 1024 68
FERET 1400 1296 200

ORL 400 644 40




Table 3: Classification accuracy and standard deviation for running different semi-supervised learning methods 20 times on YALE-B

Data Set.
YALE-B kl=5
Unlabeled Testing Unlabeled Testing Unlabeled Testing
LGC 4247+2.11 NA 60.42+2.42 NA 68.16+1.48 NA
RW 43.98+2.43 NA 61.37+2.38 NA 68.69+1.42 NA
GFHF 43.75£1.96 NA 63.05£1.71 NA 70.32+£2.12 NA
LapReg 51.36+2.88 50.884+3.11 86.09+1.73 86.51+1.92 94.90+0.82 95.02+1.07
FME 51.24+2.01 50.904+3.17 85.7042.55 85.54+2.92 94.61+£2.03 94.83+2.11
ASL 59.35+2.91 58.98£8.08 96.06+1.86 96.13+1.92 99.14+0.54 99.00+0.85

Table 4: Classification accuracy and standard deviation for running different semi-supervised learning methods 20 times on MSRC-

V1 Data Set.
MSRC-V1 kl=5
Unlabeled Testing Unlabeled Testing Unlabeled Testing

LGC 62.381+3.46 NA 88.34+5.38 NA 95.194+3.58 NA

RW 60.05+3.78 NA 88.98+£5.29 NA 96.88+2.94 NA

GFHF 55.73£6.01 NA 89.73+4.39 NA 97.07+2.72 NA
LapReg 81.91+4.44 81.83+£4.65 97.54+2.08 97.55£1.90 98.69+1.69 98.61+1.61
FME 80.72+t4.34 80.45+4.50 97.17+2.64 97.28£2.57 99.291-0.88 99.221+0.98
ASL 82.551-3.64 82.29+3.74 98.391+1.92 98.4511.82 99.36+1.25 99.42+1.15
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i
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(a) AR (b) YALE-B (c) MSRC-V1
(d) CMU-PIE (e) FERET (f) ORL

Figure 5: The classification accuracy using different r values on the six data sets. One labeled data point is used from each class.
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