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(b) Reuters-21578
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Fig. 4. Runtime performance of the algorithms

TABLE 10
Coh given by the algorithms on RCV1.

F FastAnchor SPA SNPA XRAY AnchorFree-LP AnchorFree-PDS
3 -687.40 -691.36 -691.36 -488.46 -498.15 -500.26
4 -683.15 -676.45 -676.45 -493.38 -502.37 -497.97
5 -693.70 -690.41 -690.41 -498.83 -502.47 -516.96
6 -721.94 -718.68 -718.68 -515.23 -510.36 -520.10
7 -672.82 -676.64 -676.64 -498.69 -506.43 -508.39
8 -685.24 -689.27 -689.27 -511.61 -509.63 -521.11
9 -709.87 -714.10 -714.10 -518.20 -529.82 -535.34

10 -714.59 -710.33 -710.33 -539.62 -531.20 -545.60
15 -677.87 -678.97 -678.97 -545.63 -530.84 -550.42
20 -696.66 -692.97 -692.97 -575.98 -554.17 -566.06

TABLE 11
SimCount given by the algorithms on RCV1.

F FastAnchor SPA SNPA XRAY AnchorFree-LP AnchorFree-PDS
3 22.52 23.24 23.24 25.72 10.12 7.34
4 45.24 44.24 44.24 49.96 22.72 16.44
5 79.60 80.42 80.42 76.28 34.92 25.00
6 118.84 118.48 118.48 104.04 43.50 30.24
7 183.24 188.12 188.12 139.90 63.28 43.76
8 256.10 255.80 255.80 179.20 82.58 54.26
9 313.24 313.16 313.16 211.16 101.66 67.08

10 381.42 369.92 369.92 252.38 122.36 82.70
15 1043.98 1039.72 1039.72 508.80 282.28 183.02
20 1857.94 1984.46 1984.46 817.30 540.84 318.58

TABLE 12
ClustAcc given by the algorithms on RCV1.

F FastAnchor SPA SNPA XRAY AnchorFree-LP AnchorFree-PDS
3 0.65 0.65 0.65 0.63 0.79 0.79
4 0.56 0.59 0.59 0.56 0.74 0.73
5 0.54 0.53 0.53 0.50 0.69 0.68
6 0.51 0.52 0.52 0.50 0.69 0.69
7 0.46 0.46 0.46 0.50 0.65 0.66
8 0.43 0.43 0.43 0.47 0.64 0.65
9 0.41 0.41 0.42 0.46 0.63 0.62

10 0.40 0.40 0.40 0.43 0.61 0.61
15 0.33 0.31 0.31 0.37 0.57 0.57
20 0.27 0.25 0.26 0.32 0.54 0.54

6.5 Additional Experiments

In the previous example, we make use of the true labels
of the documents provided with the datasets to evaluate
the topic models learned using different methods. There
are 30∼55 different labels in the datasets we used, but the
total number of topics could be much larger due to un-
avoidable aggregation in the human-labeling process. Here,
we provide another set of experiments, where we ignore
the provided document labels and simply apply various
topic modeling methods to the entire TDT2 or Reuters-21578
dataset with number of topics up to 200. For evaluation,
we only provide the metrics of coherence and similarity
count, since the clustering accuracy cannot be evaluated
without the true labels. The results of this experiment on

TABLE 13
Coh on TDT2 (whole data).

F FastAnchor SPA SNPA XRAY LDA AnchorFree-PDS
10 -601.90 -601.90 -601.90 -486.89 -2337.23 -205.68
30 -738.04 -738.04 -738.04 -465.98 -2453.75 -143.87
50 -718.99 -714.52 -714.52 -467.56 -2426.50 -133.60
100 -699.36 -694.41 -694.41 -409.10 -2363.39 -167.56
200 -703.05 -703.39 -703.39 -363.79 -2363.94 -189.01

TABLE 14
SimCount on TDT2 (whole data).

F FastAnchor SPA SNPA XRAY LDA AnchorFree-PDS
10 13 13 13 65 1 20
30 168 168 168 209 1 48
50 340 330 330 336 15 19

100 1375 1463 1463 348 119 166
200 3866 3845 3845 471 907 225

TABLE 15
Coh on Reuters-21578 (whole data).

F FastAnchor SPA SNPA XRAY LDA AnchorFree-PDS
10 -773.51 -808.37 -808.37 -708.13 -2578.83 -291.88
30 -828.45 -810.80 -810.80 -717.65 -2554.47 -404.75
50 -816.33 -808.76 -808.76 -821.18 -2529.43 -447.74
100 -831.04 -844.00 -844.00 -838.26 -2548.76 -407.12
200 -909.66 -911.24 -911.24 -833.51 -2555.10 -438.48

TABLE 16
SimCount on Reuters-21578 (whole data).

F FastAnchor SPA SNPA XRAY LDA AnchorFree-PDS
10 234 234 234 121 1 71
30 2117 2068 2068 778 6 253
50 4760 4623 4623 1566 35 462

100 15673 15840 15840 2599 144 523
200 36548 36812 36812 4358 789 478

TDT2 are given in Table 13 and 14, and those on Reuters-
21578 are shown in Table 15 and 16. Once again, we see
that AnchorFree gives the best results, providing a good
balance between intra-topic quality (coherence) and inter-
topic quality (similarity count).

In our work, the definition of the correlation between
words P and between topics E may appear a bit vague.
We only assume that some measure of correlation between
words can be explained by a topic-word PMF matrix and
a similar measure of correlation between topics. In some
other approaches, this kind of flexibility is not supported.
For example, the argument made by Arora et al. [8], [9]
was specifically based on co-occurrence—number of times
two words both appear in a document—rather than a
general correlation measure. This kind of interpretation
cannot accommodate the popular tf-idf preprocessing of the
document data, even though researchers have consistently
reported better results using tf-idf compared to directly
using term frequency. Nevertheless, in Table 17 we show
the experimental results using the co-occurrence matrix P
constructed as in [9] on TDT2. We can see that: 1) Focusing
on Table 17, AnchorFree still works consistently among the
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TABLE 17
Study of the impact of preprocessing on TDT2.

F
Coh SimCount ClustAcc

FastAchor SPA SNPA XRAY AnchorFree FastAchor SPA SNPA XRAY AnchorFree FastAchor SPA SNPA XRAY AnchorFree
3 -592.86 -598.23 -598.23 -402.75 -423.20 19.98 19.28 19.28 34.10 16.60 0.72 0.54 0.54 0.53 0.86
4 -571.27 -582.19 -582.19 -414.37 -486.92 35.62 34.92 34.92 61.72 28.54 0.70 0.50 0.50 0.48 0.80
5 -638.89 -639.02 -639.02 -404.47 -505.67 46.08 46.16 46.16 103.86 52.76 0.67 0.47 0.46 0.43 0.76
6 -630.44 -633.55 -633.55 -425.87 -522.24 78.80 79.20 79.20 141.38 77.98 0.63 0.42 0.43 0.41 0.73
7 -626.67 -632.45 -632.45 -428.69 -542.49 108.74 108.00 108.00 211.38 117.40 0.60 0.39 0.39 0.37 0.70
8 -645.27 -646.20 -646.20 -444.80 -560.88 136.62 135.08 135.08 265.46 162.46 0.56 0.38 0.38 0.36 0.65
9 -649.66 -653.26 -653.26 -431.75 -567.65 162.42 157.52 157.52 348.96 203.00 0.59 0.38 0.38 0.35 0.64

10 -673.52 -671.08 -671.08 -470.14 -577.37 176.62 175.42 175.42 408.64 242.22 0.56 0.35 0.35 0.33 0.64
15 -648.94 -653.55 -653.60 -469.93 -624.34 410.58 417.88 417.50 887.60 715.08 0.48 0.33 0.33 0.31 0.60
20 -648.83 -649.62 -649.40 -483.11 -644.91 687.74 682.70 684.42 1403.94 1377.90 0.45 0.31 0.31 0.30 0.61
25 -644.38 -649.65 -649.65 -507.70 -648.99 1106.58 1112.92 1112.92 1962.22 2256.34 0.43 0.28 0.28 0.29 0.61

best, especially in terms of clustering accuracy; 2) Compared
to the results given in Tables 4–6, the performance of all
methods degrades. We should mention that there are so-
phisticated methods for constructing the P matrix, e.g., Lee
et al. [28]. Our experiments show that the method proposed
by Lee et al. can improve the performance of all algorithms—
and among which AnchorFree still works the best. The
implication is that with a better estimated P , the perfor-
mance of topic mining algorithms can be further improved.
However, we did not include Lee’s method here for more
comparison because the P -construction algorithm is very
costly and hard to implement for Monte-Carlo simulations
at the scale of our experiments.

7 CONCLUSION

In this paper, we considered identifiable anchor-free corre-
lated topic modeling. A topic estimation criterion based on
word-word correlation was proposed and its identifiability
conditions were proven. The proposed approach features
topic identifiability guarantees under a much milder condi-
tion compared to the anchor-word assumption, and thus ex-
hibits better robustness to model mismatch. Two algorithms
based on alternating (small-scale) linear programming and
primal-dual splitting were proposed to deal with the formu-
lated criterion. Experiments on real text corpora showcased
the effectiveness of the proposed approach.
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