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This project explores an application of representation learning by deep learning toward drug discovery.
Specifically, we reproduce Neural Finger Print (NFP), which learns the finger print of compounds from
data, and propose the randomized algorithm of NFP, called Drop Edge. We apply these two methods to
the activity prediction task of 72 assays and find that Drop Edge can reduce the time complexity,
especially when the radius is large, by approximately 10%. On the other hand, prediction accuracy is
also reduced by approximately 10%. So there remains the trade-off between time complexity and

accuracy.
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Algorithm 1 Circular fingerprints Algorithm 2 Neural graph fingerprints
1: Input: molecule, radius R, fingerprint 1: Input: molecule, radius R, hidden weights
length S H{ ... H}, output weights W, ... Wg
2: Initialize: fingerprint vector f < Og 2 Imllalue ﬁnkcrprml vector f « Og
3: for each atom a in molecule

3: for each atom a in molecule

4: T, + g(a) > lookup atom features  4: r, + g(a) > lookup atom features
5:forL=1to R > foreach layer 5: for L =1to R © for each layer
6 for each atom a in molecule 6 for each atom a in molecule

7 ry...ry = neighbors(a) 7 ry...ry = neighbors(a)

8: V ¢ [rq,Ty,...,rN] Dconcatenate 8: VéeTa+Y LT > sum
9: r, + hash(v) o hash function 9; re < o(vH})  ©smooth function
10: i+~ mod(r,, S) > convert to index 10: i ¢ softmax(r, W) b sparsify
11: fi 1 > Write 1 atindex 11: fef+i > add to fingerprint
12: Return: binary vector f 12: Return: real-valued vector
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