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De facto Measure: Pointwise Mutual Information

PMI(𝑥, 𝑦) = log 𝐏௑௒(𝑥, 𝑦)
𝐏௑(𝑥)𝐏௒(𝑦)
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Proposed Measure for Computing Co-occurrence Strength: Pointwise HSIC

Requires very short learning time
1000 times faster than RNN-based PMI

Applicable to sparse objects
PHSIC allows various and available similarity metrics to be plugged in as kernels 

Kernels
%: ' ×' → ℝ
ℓ: , × , → ℝ

MI(𝑋, 𝑌) = KL[𝐏௑௒‖𝐏௑𝐏௒]

= E(௫,௬)ቈ log
𝐏௑௒(𝑥, 𝑦)
𝐏௑(𝑥)𝐏௒(𝑦)

቉
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HSIC(𝑋, 𝑌; 𝑘 , ℓ ) = MMDଶ
௞,ℓ[𝐏௑௒, 𝐏௑𝐏௒]

= 𝐄(௫,௬)ቂ (𝜙(𝑥) − 𝑚௑)ୃ𝐶௑௒(𝜓(𝑦) − 𝑚௒) ቃ

= 𝐄(௫,௬)ቂ 𝐄
(௫ᇲ,௬ᇲ)
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ෟPHSIC(𝑥, 𝑦; 𝑘 , ℓ )

= 1
𝑛෍௜

ෝ෥𝑘(𝑥, 𝑥௜)ො෤ℓ(𝑦, 𝑦௜)
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