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Abstract: Matrix Factorization is an effective and efficient method to solve clustering problems in machine
learning. However, for most traditional which factorization based models in clustering, there are two
necessary steps to get the final assignments. First, original data can be decomposed to a basis matrix and a
coefficient matrix through a certain model. Second, the learned coefficient matrix is fed into K-means to
make discretization. This two-step paradigm causes extra computational burden and may have some side
effect on the final results due to the sensitivity to initialization of K-means. To this end, a novel model
termed fuzzy local coordinate concept factorization with graph regularizer (FLCCF-G) is proposed. Which
avoids using K-means by enforcing the sum of each row of the non-negative coefficient matrix to equal to
one. Then the final clustering results can obtained directly by checking the maximum value of each row of
the coefficient matrix. In addition, through this constraint, our proposed model changes is a fuzzy
clustering model rather than hard clustering, indicating that the model has better interpretability to data
points in boundaries of different clusters. Extensive experimental results on synthetic and Benchmark data
sets indicate the better performance of FLCCF-G on data clustering.
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Fig. 1 The visualization of Synthetic Gaussian distributed data
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Tab.1 The benchmark data sets for experiments
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Tab. 2 Clustering results of different models on Yale data set

¢ K-means NMF CF NCut LCF LCF-G FCM FLCCF FLCCF-G
accuracy (%)
2 80.23%+16.37 66.14414,93 67.50+13.93 82.05+11.84 87.594+12,08 90.83+5.35 71.36+13.36 82.73+10.70 90.9117.37
4 58.64+9.17 58.64+7.89 56.5949.06 66.3610.57 69.98+10.20 70.43%+9.25 54.7749.47 62.274+7.89 69.55+8.58
6 46.521+6.95 48.6447.92 46.29+6.15 51,97+8.37 55.791+6.34 56.28%6.53 46.36+6.49 50.23+6.03 54,6216, 60
8 45.1744.99 47.1044.99 43.6446.96 49.4344,97 53.154,12 53.14%3.15 45,23£4.26 49.94£4.70 53.47%4.68
10 45.594£5.75 44.1444,38 43.6444.93 49.18+4.51 50.24+4,16 49.5245.07 46.27+5.79 46.77+5.26 50.4514.55
12 42.7743.62 40.2344.06 36.7044,03 44.36%+3.69 46,43%2,72 44,26+3.67 41,10£3.63 42,46+3.20 46.36+3.01
15 38.79 37.58 40. 00 39. 39 45. 35 41. 50 43.03 46. 06 48. 48
Avg. 51.10 48.92 47.77 54, 68 58. 36 57.99 49.73 54.35 59.12
normalized mutual information (%)
2 42.05+30.70 16.49424.74 17.30+24. 41 41.50427.51 55.98+28.54 59.49+18.24 21.74+24.98 40.85+25.52 62.13+23.24
4 40,42411.93 40.78411.57 36.46413.37 46.29410.55 50.24+13.05 50.26+13.08 35.84+14.91 42.95+14.33 50.45%12.90
normalized mutual information (%)
6 35.76+8.39 37.2948.68 34.32+£7.26 41.2549.75 44,21+7.50 44.28+8.49 35.55+9.21 37.85+9.11 43.5448.35
8 40.8746.01 41.7845.12 37.0646.80 44.1645.19 47.53%4.46 45.98+5,28 41.07£4.07 43,704£5.24 47,20£5.70
10 44.73£5.86 43.46+3.28 41.954+4.92 48.01£4.67 46.15+£4.03 47.4145.31 46.46+4.84 45.43£5.98 47.95+5.55
12 45.024+4.32 42.8943.12 39.5843.33 46.85+3.39 48.9243.25 44.73+3.26 44.12+4.01 43.59+3.25 47.3942.48
15 44,88 44,42 42.56 48. 60 49.99 43.01 51. 06 49. 88 51.23
Avg. 41,96 38.16 35.60 45.24 49.00 47.88 39. 41 43. 46 49.98
purity (%)
2 80.23+16.37 66.14414.93 67.50+13.93 82.05411.84 87.59+12.08 90.83+5.35 73.86+12.15 82.73+10.70 90.91%7.37
4 59.7749.15 59.66+8.24 57.27+9.26 67.05+9.71 69.98+10.20 71.00£8.43 68.524+10.79 62.73+8.26 69.55+8.58
6 48.1146.56 49.5547.39 47.2045.88 53.1148.14 55.254+6.07 57.25+7.09 58.11%6.15 50.68+6.11 54.92+6. 88
8 46.991+4.85 48.3544.77 44.20£6.46 50,68+5.49 53.63+4.51 53.4843.51 54.83%£4.27 49.94+4.70 53.5844.68
10 46.7745.39 45.7344.02 44.5544.69 49.8644.51 49.53+4,58 50.08+4,28 54.82%5.46 47.14+£5.16 50.55%4.53
12 44.05£3.66 41.89+3.38 38.4843.51 45.53£3.63 47.78£2.73 45.2943.19 48.3014.42 43.03£3.28 46.82+3.15
15 41. 21 38.79 40. 00 40. 00 46.76 41,17 50. 30 48. 48 49.09
Avg. 52.45 50. 02 48. 46 55. 47 58. 65 58. 44 58. 39 54. 96 59.35
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Tab. 3 Clustering results of different models on Caltech101 data set
c K-means NMF CF NCut LCF LCF-G FCM FLCCF FLCCF-G
accuracy (%)
2 67.86+23.11 67.954+10.17 70.32+14.23 74.83+16.28 75.68+11.25 84,88+8.43 67.44+09.82 75.29+12,00 87.07£7.97
3 60.49£19.86 59.40+14,26 61.24+13,95 66.23+16.22 67.29415.20 72.96412,76 60.85414,40 67.63+14.08 77.08£12.26
4 56,90%17.50 54,61410.83 59.83412,89 64.20411.79 61.32+11.56 69.54£8.46 54.64+9.86 66.35+E11.70 64,7614, 89
5  57.87+14.25 54.84%9.67 51.66+10.59 57.64+10.04 58.104+10.73 65.2246.21 57.21+11.19 62.75+10.00 73.85%8.50
6  51.14+10.26 50.004+7.13 46.731+8.26 49.86+6.96 52,68+7.22 56,2743.08 51.83+6.45 53.83+6.66 62.74+5.73
7 49.6649.67 45.1548.45 43.4247.58 52.754+8.09 46.42+7.39 53.01%+5.19 50.81+7.31 54.38%7.67 52.08=+6.76
8 48.351+6.86 46.5643.35 42.61+6.33 51.52+4.85 47.3943.89 50.39+4.37 50.70+4,83 53.9845.95 57.52%2.94
9 45,144+2,68 43.8942.43 39.01+4.25 46,25+3.43 45.53+3.10 45.13+2.04 49.33+5.25 50.96+3.48 51.54%3.15
10 46.91 42. 81 31.54 43.53 42.01 44,57 50. 07 54. 63 55.72
Avg. 53. 81 51.69 49. 60 56. 31 55. 16 60. 22 54,76 59. 98 64.71
normalized mutual information (%)
2 1218423, 11 11.47421. 94 19.83+24.09 28.49+31.65 15.78+22.59 23.61431.17 12.14+22.58 23.45+25.19 35,01£31.59
3 23.014+19.86 21.38419.26 27.37+19.08 33.64+22.87 31.89424.10 30.79420.01 22.56+19.96 33.15+21.21 39.131+21.78
4 27.31£17.50 23.91415.31 35.05413.55 38.35412.41 33.59416.25 34,24+17.88 23,05+14.69 39.23£13.21 36.91+21, 96
5 35.424+14.25 31.35413.57 33.97+12.43 36.72+12.20 37.10414,59 26.08+15.67 34.63+15.03 41. 11+10. 64 41.23x12.67
6 30.00£10.26 28.73£9.66 31.1147.84 33.5747.75 29.21413.56 24.10414.35 30.50+8.72 34.45%8.38 33.78£9.76
normalized mutual information (%)
7 35.1049.67 30.0449.95 33.2548.16 37.79£9.09 33.98+9.59 24.51+14.22 35.91+8.85 37.00+8.30 33.8649.10
8 36.3946.86 35.1843.52 34.40+4.63 38.77+4.30 36.0246.45 26.37+£13.95 37.63+4,04 38.9014.67 41.38%2.34
9 35.8042.68 33.6943.90 32.3243.07 36.514+2.98 36.54+2,26 31.53+11.04 37.72+3.56 37.43+2.36 38.60%2.41
10 36. 66 32.38 28. 84 35.83 34,99 37.16 39.74 38.75 39. 61
Avg. 30. 21 27.57 30. 68 35.52 32.12 28.71 30. 43 35.94 37.72
purity (%)
2 79.20£9.41 79.10£9.44 81.95+7.84 84.67+9.88 81.8847.59 84.88+8.43 80.22+10.50 82.70+8.21 87.60%7.76
3 67.87+16.07 67.21416.27 72.03+12.63 74.70+13.98 72,35+14.79 73.12412.73 77.00+10.45 74,41+13.23 77.93%11. 86
4 65.77£12.18 63.3949.25 70.754+8.18 72.17%+9.12 69.994+11.26 71.45+9.51 70.50+7.36 72.82£9.49 66.30+15.42
5 69.64+9.12 66,80%8.08 70.91£8.08 71.70%£9.08 70.5047.56 67.0948.09 69.3948.13 74.60+7.71 74.86%7.57
6 64.0045.83 63.44+5.56 66.89+4,.77 67.774+5.05 64.0046.32 63.51+£7.18 65.29+5.88 69.00k4.70 63.49+4,87
7 63.58+£7.07 59.16%E7.40 64,20£7.17 67.61£7.93 62.10%6.69 59.93+8.25 61.7546.54 67.03%6.55 65.14+5,95
8 61.62£5.62 60.13£3.17 63.32£4.00 65.93+3.73 61.0944.65 58.5749.34 59.1143.62 66.1443.72 67.21%3.65
9 60.0242.55 57.79+1.49 60.05+2.15 62,98+2.34 60.454+2.15 59.18+8.26 56.89+3.98 63.594+1.94 64.11%1.24
10 59. 95 55. 68 54.53 59. 86 57.55 64. 50 56.8 63. 67 66. 10
Avg. 65. 74 63.63 67.18 69. 71 66. 66 66. 91 66. 33 70. 44 70. 86
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Tab. 4 Clustering results of different models on TDT2 data set
c K-means NMF CF NCut LCF LCF-G FCM FLCCF FLCCF-G
accuracy (%)
6 94.68+7.69 94.32+7.57 86.88+9.62 93.194+7.61 95.46+7.05 90.34+9.14 93.39410.96 99.5240.30 99.61%0.41
8 92.5147.00 85.4749.32 82.46+12,61 85.274+5.31 91.5946.59 89.15+6.43 90.66+9.52 99.4940.40 99.52%1.15
10 91.3646.30 85.7447.95 85.69+8.30 82.68+6.55 90,0046.23 85.73£6.27 89.35+7.01 99.4440.36 99.48%0.62
12 87.74+4.72 80.1945.93 75.554+7.39 79.79+6.34 86.12+5.54 80.9245.43 88.61+8.19 97.18+3.61 97.2512.15
14 86.79£4.63 83.01%+5.61 77.8246.54 78.66+£4.59 83.59+£5.26 78.6945.13 88.12+£8.31 92.20£3.50 95.0513.02
16 87.98+3.65 79.64+6.80 74,98+6.18 75.71£4.18 82.5444.57 77.84%4.72 86.4944.06 92.1942.95 93.62%2.58
18 85.51+4.36 73.61+5.80 73.1043.89 77.7245.55 82.10+4.32 77.23+4.15 84.19+5.08 91.29+2.79 92.31%2.26
20 85.76 80.19 80.13 70. 95 79. 59 74.21 85.50 94.38 92.16
Avg. 89. 04 82. 77 79.58 80. 50 86. 37 81.76 88. 29 95.71 96.13
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c K-means NMF CF NCut LCF LCF-G FCM FLCCF FLCCF-G
normalized mutual information (%)
6 94,1545.47 93.6446.18 90.0045.70 93.3845.27 94.36+6.23 89.88+7.54 93.63+7.38 98.51+0.85 98.62+1.01
8 93.9444.71 89.0746.22 87.9247.28 88.64+3.04 91.78+6.49 88.99+5.06 92.71+6.17 98.65+1.02 98.41+2.39
10 92.84+4.03 88.41+6.43 88.24+5.29 87.39£4.56 91.00+5.26 88.43+4.89 92.30+4.26 98.681+0.88 98.32+1.12
12 90.3143.38 86.4543.59 83.2244.72 85.0744.35 89.52+3.31 85.06+4.21 91.82+4.52 96.79+2.59 97.23+1.73
14 90.24+3.28 88.02+2.76 84.5243.54 84.65+3.45 87.31+3.76 84.79+4.30 91.00£4.58 92.134+2.95 94.99+2.00
16 91.46+2.28 86.10+3.76 83.5113.66 83.94+3.60 86.77+2.45 84.2543.57 90.28+2.82 92.74+2.82 93.84%2.06
18 89.68+2.44 82.66+3.46 82.67+2.37 84.27+3.82 87.21£3.29 84.10+3.26 88.96+2.08 92.23£1.69 93.21+1.11
20 89.17 85. 27 85. 83 80. 75 85.22 85. 81 89. 00 94. 65 92.78
Avg. 91.47 87.45 85.74 86.01 89. 15 86. 41 91.21 95.55 95.93
purity (%)
6 96.0345.17 95.6045.54 91.3345.94 94.8745.43 95.994+5.16 92.4846.10 96.50+5.32 99.524+0.30 99.6110. 41
8 94,8344.66 89.9746.15 88.9947.23 88.7443.70 93.78+5.89 91.2644.28 95.30+4.33 99.49+0.40 99.52+1.15
10 93.5644.40 89.4745.78 89.6045.42 86.724+5.12 92.45+4.67 89.571+4.22 94.49+3.50 99.44+0.36 99.4810.62
12 90.6243.39 86.27+3.48 82.6844.95 84.77+4.42 90.11+3.92 86.24+4.81 94.03+3.97 97.61+2.78 97.73%+1.97
14 90.13+3.60 87.31+3.70 83.814+3.78 83.58£3.60 88.23+3.98 83.97+3.93 93.36+3.78 93.26+2.73 95.62%2.33
16 91.1542.38 85.1744.32 81.8244.03 81.8543.32 86.54+2.90 83.484+3.05 92.03+2.26 93.31+2.60 94.61%2.05
18 89.06+2.82 80.60+t4.00 80.44+2.44 82.46+4.52 86.32£3.59 83.30£3.00 91.11£2.27 92.59£1.78 93.64%1.59
20 87. 56 85. 04 83.13 77.66 84,12 82.13 91.12 95. 41 93. 40
Avg. 91.62 87.43 85. 23 85.08 89. 69 86. 55 93. 49 96. 33 96.70
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Fig.4 Convergence curves of FLCCF-G
on four benchmark data sets
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Tab. 5 Clustering results of different models on digl-10 data set
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Tab. 5 Clustering results of different models on digl-10 data set

c K-means NMF CF NCut LCF LCF-G FCM FLCCF FLCCF-G
normalized mutual information (%)
93.4846.55 89.60+12.03 90.06+12.26 90.18428.53 92.8247.43 95.41£5.82 89.114+21.86 92.54+7.63 97.55%3.06
81.13410.76 76.16411.96 70.86+18.35 83.92+18.74 80.69410.87 84.8748.72 79.62+14.46 80.13+11.61 85.15£8.11
79.544+11.63 71.29413.71 68.84+14.19 87.64+11.94 77.64412,43 80.93+11.59 77.35+12.69 78.58+11.17 84.0318.09
78.08411.04 70,26410.56 70.91+£10.09 81.48+9.44 76,98410.83 80.25+11.09 75.72+10.89 77.40+10.54 82.631+9.92
77.6319.96 69.9849.36 67.67+8.46 84.05+6.43 76.2448.47 77.00£10.24 74.88+9.81 76.5949.95 82.08%8.16
74,1945.17 67.70£5.16 66.51+4.68 82.66+5.94 73.2943.51 72.06+6.32 73.81+5.14 72,474+5.19 78.24%4.29
74.9046.16 67.3444.70 66.2145.28 82.4945.85 72.51+5.28 73.15+6.71 73.73+5.16 72.95+5.52 77.39+%6.55
73.10+2.56 66.4943.49 66.47+£3.46 81.74£2.59 71.57+4.01 72.39£5.20 72.64£3.49 71.68+3.54 76.0413.11
70.91 70.07 67.45 74,24 70. 89 70. 21 72.11 71.97 75.03
78.11 72.10 70. 55 83.16 76.96 78.47 76.55 77.15 82.02
purity (%)
99.054+1.04 98.18+2.49 98.26+2.49 95, 614+13.34 98.964+1.56 99.41+0.98 97.86+5.68 98.894+1.25 99.70%0.33
94.3043.91 92.59+4.19 86.68413.02 90.12413.64 94.3743.69 95.26+3.24 93.51+6.61 93.974+4.21 96.02%2.41
90.6148.18 86.53+9.55 83.21+10.97 90.004+11,11 90.5747.48 92.87+4.95 90.11+7.73 91,424+5.80 94.58%3.58
88.16+8.95 82.1049.05 83.99+7.97 83.47+8.43 87.9948.77 90.66+6.05 88.32+6.54 89.03+7.16 92.67%4.16
86.12+8.94 80.7248.86 77.73£7.59 84.73+6.07 86.7947.54 86.35+E8.16 86.00+7.32 86.931+8.01 91.24%5.29
81.1045.60 77.2545.32 75.8744.16 83.68+7.15 84.24+3.81 86.14+4.22 84.69+4.09 81.58+5.56 88.39+%2.05
81.76+6.81 76.2844.86 74.64+5.45 81.98+6.47 80.3745.34 82.08+5.82 83.40+4.55 81.9045.22 87.09%+4.79
78.6542.92 74,0343.63 74.1544.60 80.33%3.73 79.15+4.21 80.45+4.31 82.03£2.71 79.49+4.07 83.11%3.08
72.95 77.69 75. 74 70. 28 78.00 75.39 81.02 77.69 82. 06
Avg. 85. 86 82.82 81.14 84. 47 86. 72 87.62 87. 44 86.77 90. 54
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Fig. 5 Clustering performance of FLCCF-G with different A and ¥
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