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O 1 A graphical model of LDA
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0 2 A graphical model of CorrLDA
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0 4 A graphical model of Corr-DCMLDA
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0 2 CorrLDA with datasetl

number of topics

test-set log-likelihood

5 -7.7619
10 -7.7520
20 -7.7178
40 -7.6706
80 -7.6258
1235 -7.7768

0 3 CorrLDA with dataset2

number of topics

test-set log-likelihood

40 -8.1385

80 -8.1169
160 -8.1112

0 4 DCMLDA with datasetl
number of topics | test-set log-likelihood

5 -9.8775

10 -9.5620

20 -9.3318

40 -9.1371

80 -9.0041

-7.1

0 5 Corr-DCMLDA with datasetl when the number of topics is

the same as the number of clusters

number of topics | number of clusters 2
0 0.25 0.5 0.75 1
5 5 -7.1795 | -7.2280 | -7.2325 | -7.2304 | -7.2307
10 10 -7.2013 | -7.3008 | -7.3053 | -7.3071 | -7.3063
20 20 -7.2229 | -7.3826 | -7.3876 | -7.3882 | -7.3852
40 40 -7.2481 | -7.4584 | -7.4598 | -7.4632 | -7.4693
80 80 -7.2890 | -7.5451 | -7.5415 | -7.5554 | -7.5508

0 6 Corr-DCMLDA

not the same as

the number of clusters

with datasetl when the number of topics is

number of topics | number of clusters 2
0 0.25 0.5 0.75 1
5 -7.1795 | -7.2280 | -7.2325 | -7.2304 | -7.2307
5 10 -7.2060 | -7.2652 | -7.2788 | -7.2741 | -7.2776
20 -7.2154 | -7.3191 | -7.3202 | -7.3289 | -7.3252
5 -7.1984 | -7.2490 | -7.2623 | -7.2515 | -7.2626
10 10 -7.2013 | -7.3008 | -7.3053 | -7.3071 | -7.3063
20 -7.2177 | -7.3597 | -7.3644 | -7.3566 | -7.3630
5 -7.1977 | -7.2799 | -7.2764 | -7.2773 | -7.2773
20 10 -7.2058 | -7.3186 | -7.3268 | -7.3272 | -7.3282
20 -7.2229 | -7.3826 | -7.3876 | -7.3882 | -7.3852

0 7 Corr-DCMLDA with dataset2 when the number of topics is

not the same as the number of clusters

number of topics | number of clusters A
0 0.25 0.5 0.75 1
5 -7.5880 | -7.6713 | -7.6839 | -7.6536 | -7.6648
5 10 -7.6069 | -7.7345 | -7.7565 | -7.7463 | -7.7562
20 -7.6130 | -7.7888 |-7.8018 | -7.8000 | -7.8031
5 -7.6051 | -7.6894 |-7.6825|-7.7034 | -7.7122
10 10 -7.6112 | -7.7859 | -7.7907 | -7.7826 | -7.7839
20 -7.6277 | -7.8334 |-7.8415 | -7.8395 | -7.8410
5 -7.6138 | -7.6997 | -7.7167 | -7.7052 | -7.7179
20 10 -7.6227 | -7.7920 |-7.7937 | -7.7922 | -7.7915
20 -7.6312 | -7.84430 | -7.8397 | -7.8497 | -7.8482
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