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e scikit-learn Tutorials

https://scikit-learn.org/stable/tutorial/index.html

e Chainer Tutoria

https://tutorials.chainer.org/ja/tutorial.html
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1. training data & validation data Z1E%

2. training data ICIT CEFE I TS

3. validation data THHEBEHN H = 50K
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S1:{10, 20, 30, 40, 50}
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0
PN IO SEYS DNl >>> hash(0.123)
2836186909133284352
s, — >>> hash(100000000000000000000)
I\ 2aT7—="T) 848750603811160107

>>> hash('hasseiron')
-575303631023801467
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S1={10, 20, 30, 40, 50}
H(S1) = min(H(10), H(20), H(30), H(40), H(50))
H(S1) = min(31, 24,14, 6,8) =6

H:/\w 1B

o ZDI\Y YA —KITBMHEERND Jaccard REE—HK



MinHash & Jaccard {&%X

e SUSHS T VT AICERZ —DOEVR/IVMEET S
e INM S NS ICEEFNDESIE HS,) = H(S,)
e HRDIID

e I\ ZI<IAHAET D& Jaccard RED
LN ESNS
¢« N\ Y aFEBDINOXA =Y ZZTEIT DG E




MinHash ICES:ET 5 7)Y X I

* Nearest Neighbor
* REBTWBT—FZRUIV (BERERLKIIEXR)

e REBEICETEY 5 E0O(N2)

¢« TXKIS5EO(NIlogN) (el UERITIC EIEW)

« Approximate Nearest Neighbor
* EEETRWC EICT 5 EF/ERITTHERLLD

o Billion-scale THEIE (Johnson et al., 2017)




Random Forest



Random Forest

Random Forestid REAZ K SARBLEDLELHD
%@ﬁﬁ‘t—/ TK%DEEHH

* REN ! BEZEANESTHEIT S




* NEEDIED T

1. HHEW (Ba) ZHw/IMELT 208N 2RI
2. mElESN/cTEE T, R ex/IMET o0& 2RI
3. EEZ G U nE|ZRT

« BEXRH/ERERE

4. T—HICXINT DEEBOFIHECCFIEEZ L]
e ORICHDFEICHFERD




PRI D 77 F ZHE

o “EMZE ([O)F)

2(x; — )’)2

» TV hOE—/FHERE (9%

—2p(x)log p(x;)

e Gini fRZL (748)
2p(x)(1 — p(x;))



* RENIET —F DHABHICHU

IR
» T — 5 DHFEICBEE LT L

« YUY TINEE
« MEENZZZEZIDETIL (5FEEE) ZKTAED
TEHLED EHEN NS
s EFILONVI—3VDFHITAR. T—FDH VT
)7 - BFEHEOY YT - FILTY X LDOESE
ER

[TLL]Y




FVFLTALAK

¢ REARZLK SAE>TEEHARTRDS
« Ky OEELKRDT T

1. TS LBV TIVT
¢« T—YDNHICBEBFEITLZOEMZS
2. AT S EEFICESEREEZY T VD
s AICESBREARNZEZ I HDZHMAS




REEDEERE

1. BEBWRES VALY vy T LTHENE NS
FFNBHERS

2. NEIEEDEHZ/NSLKFTHDICENLIFTFESLTL
2N R 5

o scikit-learnl&dZ > 5




Random Forest ICEET S 7)LTU X LI

* Bagging
s VTV TT—F Yy bhalcKTAEST

7Y TILG B
e Random Forest |& Bagging + i 2D > 7 > o

* Boosting
¢ SETIE-TcEEFEEETL

T—Y DEHZIEPT

I ]
—
/\

|_|

E—(%fdh\j fc__




Hidden Markov Model



Hidden Markov Model

AT —H T BHEE
1

« BHE, BB AVT

—
—
—

FE S NFEHEAX

\/

Markov chain
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Viterbi Algorithm
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Neural Network DFES2
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Neural Network
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Neural Network
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Convolutional Neural Network

. F—H OIRERBLEETIL
. FICERHB TR Ebh
LTBENL T H T — 5 ORERZD 5 4

» “Convolution” /
 MAEBICNT BTN — S

* "Pooling”
* BMEBOBHREXEH D

-] [l




Convolutional Neural Network
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Recurrent Neural Network
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Stochastic Gradient Descent + Mini-batch
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Sensitivity map, AJfR{k
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TABLE 1
TRAINING TIME AND TOP-1 VALIDATION ACCURACY WITH RESNET-50 ON IMAGENET
Batch Processor DL Time Accuracy
Size Library
He et al. [1] 256 Tesla P100 x 8 Caffe 29 hours 75.3 %
Goyal et al. [2] 8,192 Tesla P100 x 256 Caffe2 1 hour 76.3 %
Smith et al. [3] 8,192 — 16,384 full TPU Pod TensorFlow 30 mins 76.1 %
Akiba et al. [4] 32,768 Tesla P100 x 1,024 Chainer 15 mins 74.9 %
Jia et al. [5] 65,536 Tesla P40 x 2,048 TensorFlow 6.6 mins 75.8 %
Ying et al. [6] 65,536 TPU v3 x 1,024 TensorFlow 1.8 mins 75.2 %
Mikami et al. [7] 55,296 Tesla V100 x 3,456 NNL 2.0 mins 75.29 %
This work 81,920 Tesla V100 x 2,048 MXNet 1.2 mins 75.08%

(Yamazaki et al., 2019)
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Generative Adversarial Network
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Generative Adversarial Network D4l

(Wang et al., 2018)



e Wavenet (van den Qord et al., 2016)
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e AlphaZero (David etal., 2017)
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BERT (Devlin etal., 2018)

Transformer & WS EF)L DGR

e "Attention is all you need”, Vaswani et al., 2017
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