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» Learning time per 1 Epoch 250K cases data
Pre-training 2000 unit x 3 layers

" Deduction

Tesla K40 Xeon E5-2699v3x2
GPGPU Haswell-EP

Fine-tuning

Tesla K40 Xeon E5-2699v3x2
GPGPU Haswell-EP

+ The maximum possible number of data
Tesla K40 Xeon E5-2699v3x2
GPGPU Haswell-EP
1.25 billion 16 billion
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The Difference Between Conventional Statistical & Deep Learning
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Conventional Statistical Learning
Fealure
Extraction
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Deep Learning Feature Extraction and Recognition
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Drug Discovery

[ —_ —
« Long-term development and the low successrate

+ Virtual Screening makes it faster: the combination of high
accuracy (low-speed) and low accuracy (high-speed) method

Prediction for Interaction

> o
Screening technology ~ Compound g ‘;.‘-H’_-’:; " Protein

that is used in the drug o 3
discovery field
Research for herbal Simillar Compounds Malching Calculation
microbial .  —
4 & s
" Previous
Identifying the protein [ Search of compounds ] Maereiis of ik
; g of the | I
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p?’rsea;e ) candidate compound stage
: 2015
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Deep Learning (Deep Belief Networks)

+ Learning the neural network of the deeper layers by pre-training

= The unsupervised learning with respect to the n-stage REM
(Restricted Bolzmann Machine)

+ The final stage consists of a logistic regression

- Fine tuning the entire network (back propagation)

Input
layer Middie -
Descriptor of the ____lLayert L;'qlg:j :_;
amino acid y Middle Output
sequence of the s Layern
protein Layer

(1080-dimensions)

Descriptor of the
chemical
structure of the
compound
(894-dimensions)

’ - = o= .

Logistic regression
Ristricted Bolzmann Machines
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Proposal of CGBVS-DBN method

» Learning the 250,000 cases in a realistic time (7 hours)

« Number can be added in the future
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(2000 unit x 3 layers)
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