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Estimating pointwise mutual information (PMI), a well-known co-occurrence measure between linguistic expres-
sions, leads to a trade-off between learning time and the robustness to data sparsity. We propose a new kernel-based
co-occurrence measure, named pointwise HSIC (PHSIC). PHSIC, intuitively, is a “smoothed PMI” by kernels, so
it is robust to data sparsity; furthermore, its estimator is reduced to an efficient linear-time matrix calculation. In
our experiments, we apply PHSIC to a dialogue response selection task using sparse language data. Experimental
results show that the learning speed is about 100 times faster than that of a recurrent neural network-based PMI
estimator; moreover, when the size of the data is small, its predictive performance hardly deteriorates compared
to PMI.
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n

102 103 104 105
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Total 11.7 20.6 99.2 634.3

P̂(y) 4.8 8.0 23.6 294.6

P̂(y|x) 6.9 12.6 75.6 339.7
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Total 31.3 65.5 161.5 1743.2

P̂(y) 8.6 21.7 57.4 675.6

P̂(y|x) 22.7 43.8 104.1 1067.6
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Total 33.8 49.0 162.0 1751.3

P̂(y) 10.8 16.3 57.2 671.0

P̂(y|x) 23.0 32.7 104.8 1080.3
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Total 0.02 0.2 1.4 14.5
feat map 0.0 0.1 1.3 14.0
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GPU GTX 1080 (8GB)

n

102 103 104 105

Chance Level .50; .29; .20 .50; .29; .20 .50; .29; .20 .50; .29; .20

P̂(y) 1200 fastText .51; .30; .23 .50; .29; .21 .50; .30; .21 .50; .30; .21

P̂(y|x) 1200 fastText .51; .30; .22 .50; .29; .21 .50; .30; .21 .52; .31; .23

PMI
300 random .50; .29; .18 .51; .30; .21 .51; .30; .22 .58; .35; .29

fastText .50; .29; .18 .51; .29; .20 .56; .34; .25 .66; .41; .36

1200 random .50; .29; .20 .50; .29; .20 .51; .30; .19 .57; .35; .29
fastText .50; .29; .19 .51; .30; .20 .52; .32; .23 .65; .42; .36

PHSIC fastText .57; .35; .29 .61; .38; .33 .62; .40; .34 .62; .40; .34
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