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Abstract

Deep learning have been successfully used in computer vision, speech recognition and natural language
processing, leading to the rapid development of artificial intelligence. The key technology of deep learning
was also applied to chemoinformatics, speeding up the implementation of artificial intelligence in chemistry.
As developing quantitative structure-activity relationship model is one of major tasks for chemoinformatics,
the application of deep learning technology in QSAR research was focused. How three kinds of deep learning
frameworks, namely, deep neural network, convolution neural network, and recurrent or recursive neural network
were applied in QSAR was discussed. A perspective on the future impact of deep learning on chemoinformatics

was given.
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B TN T EM SIS —2 . JIRAE
AL A A, i LA A A — AN
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FRREAT A4, BB AR Sl 2 A FEE R B
(A, B 5 Bengio YA AIFE201 144 HY
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T Fy e NARFAIE o

o [k AR MR ARG EE R, BN
— AR A S NRFE x5 B bR Ry 2 ]
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R TS L2 5002k B 094 ) fi
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RN AR S S X S R QS ARSI,
AENY B2 NSMILESHEGSEI 1 7, HAR T
—EHTMEML K4 T2 (neural
fingerprint, NFP) #9775 . B SCHEE] Y
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) &, Bl AR Ho i A\ R ANNA, 5@
A e o SO AR B g AT Il 2, AT A4

HEQSAREIH, AN A S 5T
AN T, TR QSAR,
TRz B & E RO AR S K,
FMorgan B k109 gg i 43 1 B B A9 33
4y “Hash” “Index” “Write” #MH
“CNN” “Softmax” “Add”, ffi #&/f
AR — N IEELTF N R G BTRERT
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HIT7 5, B AT B SRAE (74P AE K2
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